
Helsinki Universityof Technology, ElectronicCircuit DesignLaboratory

Report38,Espoo2003

Mixed-ModeCellularArray Processor
Realizationfor AnalyzingBrain
ElectricalActivity in Epilepsy

Mika Laiho

Dissertationfor thedegreeof Doctorof Sciencein Technologyto bepresentedwith duepermis-

sionof theDepartmentof ElectricalandCommunicationsEngineeringfor public examination

anddebatein AuditoriumS4atHelsinkiUniversityof Technology(Espoo,Finland)onthe28th

of June,2003,at 12o’clock.

Helsinki Universityof Technology

Departmentof ElectricalandCommunicationsEngineering

ElectronicCircuit DesignLaboratory

Teknillinenkorkeakoulu

Sähkö-ja tietoliikennetekniikanosasto

Piiritekniikanlaboratorio



Distribution:

Helsinki Universityof Technology

Departmentof ElectricalandCommunicationsEngineering

ElectronicCircuit DesignLaboratory

P.O.Box3000

FIN-02015HUT

Finland

Tel. +3589 4512271

Fax: +3589 4512269

ISBN 951-22-6597-4

ISSN1455-8440

OtamediaOy

Espoo2003



Abstract

This thesisdealswith the realizationof hardwarethat is capableof computingalgo-

rithmsthatcanbedescribedusingthetheoryof polynomialcellularneural/nonlinear

networks (CNNs). Thegoal is to meetthe requirementsof analgorithmfor predict-

ing the onsetof an epileptic seizure. The analysisassociatedwith this application

requiresextensive computationof datathat consistsof segmentsof brain electrical

activity. Dif ferent typesof computerarchitecturesareoverviewed. Sincethe algo-

rithm requiresoperationsin whichdatais manipulatedlocally, specialemphasisis put

on assessingdifferentparallelarchitectures.An arraycomputeris potentiallyableto

performlocal computationaltaskseffectively andrapidly.

Basedon therequirementsof thealgorithm,a mixed-modeCNN is proposed.A

mixed-modeCNN combinesanaloganddigital processingso that the couplingsand

the polynomialtermsareimplementedwith analogblocks,whereasthe integratoris

digital. A/D andD/A convertersareusedto interfacebetweentheanalogblocksand

the integrator. Basedon the mixed-modeCNN architecturea cellular arrayproces-

sor is realized. In the realizedarrayprocessorthe processingunits arecoupledwith

programmablepolynomial(linear, quadraticandcubic) first neighborhoodfeedback

terms. A 10mm2, 1.027million transistorcellular arrayprocessor, with 2 � 72 pro-

cessingunitsand36 layersof memoryin eachis manufacturedusinga0.25µm digital

CMOSprocess.Thearrayprocessorcanperformgray-scaleHeun’sintegrationof spa-

tial convolutionswith linear, quadraticandcubicactivationfunctionsfor 72 � 72 data

while keepingall I/O operationsduringprocessinglocal. OnecompleteHeun’s itera-

tion roundtakes166.4µs,while thepowerconsumptionduringprocessingis 192mW.

Experimentalresultsof statisticalvariationsin themultipliersandpolynomialcircuits

are shown. Descriptionsregardingimprovementsin the designare also explained.

The resultsof this thesiscanbeusedto assessthesuitability of themixed-modeap-

proachfor implementinganimplantablesystemfor predictingepilepticseizures.The

resultscanalsobeusedto assessthesuitabilityof theapproachfor implementingother
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applications.

Keywords: Mixed-ModeIntegratedCircuits,AnalogArithmeticCircuits,

(Polynomial)CellularNeural/NonlinearNetworks,CMOS,Discrete-TimeSystems,

CellularArray Processors
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Chapter 1

Intr oduction

1.1 Moti vation

The minimum featuresizesof advancedsilicon processeshave decreasedin a pre-

dictableway for decades.Accordingto the ITRS, this developmentis predictedto

continuefor several years. For example,it is estimatedthat the printedgatelength

in microprocessor-unit (MPU) productswill be35nmin 2007[1]. This scalingdown

affectsthedesignof digital processorsin severalways: thenumberof transistorsthat

canbefitted into a die increases,themaximumclock rateincreases,andthedynamic

power consumptiondecreases.Anotherway of improving processorperformanceis

by moving towardsparallelarchitectures.Dueto architecturalimprovementsin serial

dataprocessors,severalinstructionscanbeprocessedduringoneclockcycle.

In someapplications,the algorithmis either inherently(for exampleimagepro-

cessingtasks),or canbeconvertedinto a form that is suitablefor computationin an

arrayprocessor. In anarrayprocessor, theprocessingunitsandmemoryaredistributed

in a regularparallelformationandlocal computationis performed.Theregularity of

the array makes the predictionof delayseasierand reducesmemoryaccesstimes.

This allows thefull potentialof advancedsiliconprocessesto beutilized moreeasily.

Array processorscanbe realizedusingdigital or analogcomputationalblocksor by

combiningboth. The parallelcomputingpower of an arrayprocessormayact asan

enablingtechnologyfor new applications.

Cellularneural/nonlinearnetwork (CNN) theorycanreadilydescribeconvolution-

basedlocal operations;it alsoproposesan architecturefor realizinga parallelcom-

puting device. The stateof a cell in a CNN is updatedby using initial data,con-

trol termsandcontinuous-timespatio-temporalconvolutionsthatarecontrolledby a
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nonlinearactivation function (conventionallya PWL function) of the cell state.The

useof a CNN hasbeenproposedfor variousapplicationsin which the capabilityof

manipulatingdatalocally at a high speedis required. Examplesof potentialCNN

applicationsare low-bit ratevideo coding[2], [3], visual computerswith combined

sensingandprocessing[4] anddigital errorcorrection[5]. In a polynomialCNN, the

activation function is a polynom. The useof polynomialCNNs hasbeenproposed

for displacementvectorestimation[6], for 3D modelingof soil [7] andfor analysis

of brain electricalactivity in epilepsy[8]. The realizationof the polynomial terms

introducesnew challengesto the implementation.In this thesis,realizationof a cel-

lular arrayprocessorfor computingalgorithmsthatcanbedescribedusingthetheory

of polynomialCNNs is studied. The realizationseeksto meetthe needsof the al-

gorithm for analyzingbrain electricalactivity in epilepsy. The algorithm hasbeen

developedby Prof. Tetzlaffs groupin JohannWolfgangGoethe-Universityin Frank-

furt. A long-termgoal is to implementan implantablesystemthat canpredict the

onsetof anepilepticseizureandpossiblypreventit by usingautomaticpharmacolog-

ical means.An arraycomputermaybesuitablefor doing thecomputationaltasksof

thealgorithmeffectively andrapidly. Algorithm developerscanusetheresultsof this

thesisto assesstheapplicabilityof therealizedcellulararrayprocessor.

1.2 Research Contrib ution

Theresearchin this thesisfocuseson thehardwarerealizationof a cellulararraypro-

cessorfor analyzingbrainelectricalactivity in epilepsy. Sincetheweights(couplings

betweenprocessors)are programmable,a similar type of designcan be appliedto

otherapplicationsthataremodeledwith theaid of a polynomialCNN. Thework to-

wardscompletionof this thesisproceededso that, first, the specialfeaturesof the

epilepsypredictionalgorithmwerehighlightedandpotentialrealizationalternatives

wereassessedand,second,a realizationarchitecturewaschosenanda cellulararray

processorwasdesignedandmanufactured.Finally, the performanceof the individ-

ual circuit blocksalongwith the system-level performancewasmeasured.Most of

the measurementswerecarriedout usinga PCB measurementboard. All the work

towardsthis thesiswascarriedout independentlyby theauthorundertheguidanceof

Prof. Ari Paasioandsupervisionof Prof. Kari Halonen.

Themainresearchcontributionof this thesisis theintroductionof a mixed-mode

CNN that canbeusedto realizeanautonomouspolynomialCNN. Themixed-mode

CNN storesdata robustly in digital domainand usesanalogarithmeticcircuits to

performthe multiplication andto generatethe polynomial terms. In a mixed-mode
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CNN, thepolynomialtermscanberealizedusingone-quadrantcircuits,while a four-

quadrantoperationcanbeachievedby digitally steeringthecurrentinto a positive or

negative sumnode. Anotherresearchcontribution of this thesisis its descriptionof

how a mixed-modeCNN canbe realizedso that global interactionis possibleeven

whenprocessingpartitioneddata. Somebuilding blocksof analogarraycomputers

weredescribedin Reference[9] andananalogpolynomialCNN wasinvestigatedin

References[10] and[11]. Thetheoryof polynomialmixed-modeCNNswasdescribed

in References[12]- [16]. Selectedcircuit blocksandmeasurementresultsof the im-

plementedcellular arrayprocessorwerereportedin References[17]- [19]. A large

portionof theimplementationandmeasurementresultsof thecellulararrayprocessor

(Chapters5 and6) hasnot beenreportedoutsidethis thesis. However, with regard

to this, two papershave beenacceptedfor publication(References[20] and[21]) and

onehasbeensubmitted(Reference[22]). Thework towardsthis thesishasalsocon-

tributedto thepublicationsof References[3] and[23]- [31].

1.3 Organization of the Thesis

This thesisis organizedinto seven chaptersas follows. Chapter1 servesasan in-

troductionto the topic, while Chapter2 reviews selectedprocessorarchitecturesand

demonstratesa trendtowardsparallelarchitectures.

Chapter3 describeshow analysisof brain electricalactivity in epilepsycan be

usedto predictan epilepticseizure,andshows how sucha seizurecanbe predicted

usinga polynomialCNN. Therequirementsof hardwarethatcouldbeusedto realize

thealgorithmareidentified.

Chapter4 depictsthemixed-modeCNN architecture.It describeshow thearchi-

tecturecancopewith therequirementsof theepilepsyapplication.Thechoiceof the

integrationmethodandtheresolutionsof theADCsandDACsarestudied.Thischap-

ter alsoshows how a mixed-modeCNN canbedesignedso thatpartitioneddatacan

interactglobally.

Thenetwork level designof theimplementedcellulararrayprocessoris shown in

Chapter5, which alsodescribesthedesignof thedigital partsandthe layoutdesign.

The designof the analogarithmeticcircuits andthe dataconvertersis alsocovered,

andmeasurementresultsareshown.

Chapter6 describeshow theperformanceof themixed-modeCNN couldbe im-

provedwhenmoreadvancedsiliconprocessesareused.Finally, Chapter7 concludes

thethesis.
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Chapter 2

Towards Parallel Ar chitectures

Therearebasicallytwo waysof increasingthe computingspeedof a processingde-

vice: eitheran individual operationis executedfasteror several operationsareex-

ecutedsimultaneously(in parallel). Naturally thesetwo methodscanbe alsocom-

bined:simultaneousimprovementsin architectureandtechnologyhave yieldedgreat

improvementsin processingpower. This chapteroverviewsdifferentprocessorarchi-

tecturesthat utilize parallelcomputing. The purposeis to illustrate,on the basisof

the brief descriptions,the diversityof the differentapproaches.Theprocessortypes

describedin thischapteraremeantto dodifferenttasksandthey handledifferenttypes

of data.Therefore,comparisonsbetweentheapproachesarenot made.

Section2.1.2shows thatgeneral-purposeprocessorsalsoutilize parallelcomput-

ing. However, increasingthe numberof operationsthat are executedin parallel is

ratherinvolved. In applicationsin which the datais manipulatedso that only local

operationsareperformedon the data,processingin parallel is easier. In this case,

theprocessorscanbearrangedin anarrayandthememorycanbedistributedamong

the processors.Sections2.3-2.6describedifferentarchitecturesthat arehighly par-

allel and in which mostavailableoperationsare limited so that datais manipulated

only locally. In applicationsin which datacanbeprocessedwith a massively parallel

system,andin which theaccuracy requirementsaremoderate,it maybebeneficialto

utilize analogparallelprocessing[1]. Sections2.4and2.5show examplesof proces-

sorarchitecturesthataredesignedfor analogand/ormixed-modecomputing.Section

2.6 overviews thecellularneural/nonlinearnetwork (CNN) paradigmandCNN real-

izations.CNN theorycanbeusedto describemany local processingtasksbut it also

proposesanarchitecturefor realizinganarrayprocessor.
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2.1 Computing Speedof General PurposeProcessors

This sectiondescribessomeof the efforts that designersare taking to improve the

processingspeedof generalpurposeprocessors(e.g. microprocessorsand DSPs).

Thedevelopmentof silicon processesandtheintroductionof new logic gatesarekey

factorsin improving theexecutiontime of a singleoperation.Architecturalimprove-

mentsareessentialwhenparallelismof computingis increased.In Subsection2.1.3,a

new conceptcallednetwork on chip (NoC) is described.An NoCis anetwork of pro-

cessingresourcesandmemorythatcommunicateasynchronouslyusingastandardized

protocol.

2.1.1 Computing Speeddue to Developmentof Technology

Thescalingdown of minimumtransistorsizesthathasbeenongoingfor decadeshas

enabledthe useof higherclock frequencies,dueto, for example,reducedparasitic

capacitances.Consequently, theexecutiontimeperoperationhasshortened.Together

with architecturalimprovements,this hasalmostguaranteedgreatimprovementsin

processingperformance.Today, the maximumclock speedsallowed by processes

aredifficult to achieve. Processordesignersaredevoting a lot of effort to planning

a clock distribution thatguaranteessynchronousoperation[2]. De-skew circuits, for

example,areusedlocally to adjustthe skew to copewith processingor temperature

variations[3], while on-chipRC-filtersareusedto reduceclock jitter [4]. As ASIC

designersmaynot have themeansor resourceswith which to plantheclock distribu-

tion so precisely, it is gettingmoreandmoredifficult to fully utilize the promiseof

theimproving siliconprocesses.

2.1.2 Parallel Operation in GeneralPurposeProcessors

Generalpurposeprocessorsaretraditionally basedon serialdataprocessing.How-

ever, severaldifferentmeansareusedto maketheinherentlyserialprocessingdevices

moreparallel.An importantconceptutilized is thedesignof instructionsetstowards

high instructionlevel parallelism.In sucha designmethod,theappearanceof control

operationsanddataaccessesarepredictedandspeculatedandexecutedin parallel.

In IA-64, six instructionsperclock canberun in parallel[5]. If the instructionlevel

parallelismis low, chip multiprocessingcanbeused.In Reference[6], a single-chip

multiprocessingsystemwith eight processorcoreswasdescribed.A protocol-based

interconnectwasusedto connectthe partsof the multiprocessingsystem.In Refer-

ence[7], a two-processorSIMD-typechip utilizing chip multiprocessingwasshown
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with a shareddual-portcache.In thechip multiprocessorsystems,a lot of effort has

to beput into memorysharing.In supercomputers,a very largenumberof processors

is usedin parallel. In Reference[8], a supercomputeris composedof two-processor

SoCsthatareassembledin athree-dimensionalformationwith six bi-directionallinks

betweeneachcomputingnode. The architecturetargetsprocessorcountsof 10000-

100000persystem.In inherentlyserialgeneral-purposeprocessors,theapplications

andinstructionsetsmustbecodedsothatfull usecanbemadeof thepermittedparallel

operations.

2.1.3 Network on Chip

2.1.3.1 Moti vation

Globalcommunicationonchip is gettingmoreexpensivein termsof processingspeed

andpower consumption.This is becausethe delaysof global interconnectsarebe-

comingmoreandmoresignificantrelative to gateor local interconnectdelaywhen

proceedingtowardssmallergatedimensions[9]. Thedesignof synchronoussystems

with highglobalclockspeedsis alsobecomingincreasinglydifficult becausetheTOF

of a signal is upperbounded[10]. The global interconnectscan be madefasterif

repeatersareusedbut this increasesthe power consumption.Therefore,it would be

beneficialto useparallelprocessingunitsthatavoid communicatingglobally.

2.1.3.2 Network on Chip Platforms

Network on chip (NoC) is a platform-baseddesignmethodfor building systemson

chips[11]. It is an attemptto bring the potentialof the developmentof technology

andthe promiseof massive parallelprocessingmoreeasilyavailable. In a platform

basedNoC designdifferentabstractionlevels (layers)areusedto describethe com-

municationamongcomputingresources.Oncea platform hasbeenconstructed,the

designercan rely on the pre-determinedlayers. Comparedto an ad hoc approach,

the designtask is greatlysimplified. The processingresourcesandcommunication

resourcescanbebuilt on a mesh,for example,leadingto a scalablearchitectureand

predictableelectricalproperties. In [12] a packet switchedplatform is usedfor the

communicationbetweencomputingresources.In thisdesignacommunicationswitch

is connectedto a computingresourceandfour neighborswitches.Differentnetwork

topologiesandmemoryarrangementsareunderactivestudyandperformancemodels

are being developedto compare,for example,different memorymoduleorganiza-

tions [13]. Theconceptof NoC is still quitea new researchtopic, but, in additionto
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many conceptualpropositions,hardwarerealizationsalsoexist. In Reference[14], for

example,anNoCwith anARM8 processorand21parallelsatelliteprocessorswasre-

alizedonaPleiadesplatform[15]. Theprocessorsarelocally synchronousandglobal

communicationis asynchronous.Thecommunicationbetweentheresourcesis based

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

scratchbut on a platformthatmakestheutilization of silicon resourcesanddesignof

datatransfereasierfor thedesigner.

2.2 Bit-Serial Processing

In bit-serialprocessing,wordsof differentlengthsaremanipulatedserially. Thead-

vantagesof bit-serialprocessingarethat theword lengthis not fixedandthat it only

requireshardwareto computebit operationswith one-bitoutput.Therefore,compared

to anALU of full word lengththeamountof hardwareis greatlyreduced.However,

thehardwareis reducedat thecostof processingspeed.Thespeedreduceswith the

word lengthbecauseprocessingwordswith a lengthlargerthanonebit takesseveral

clock cycles. Also, evenif therangeof availableoperationsis broad,themorecom-

plex operationstakemany moreclock cyclesto execute.Multiplication, for example,

takesa lot longerthanaddition.

2.2.1 Computational RAM

In a computationalRAM (C� RAM)1, theprocessingelementsaredistributedwithin

memory[16]. The basicidea is to utilize the high internal bandwidthof a digital

memoryby insertingprocessingelementsto oneor morecolumnsof memory. This

leadsto asmallareapenaltycomparedto aconventionalmemory. Thisway, acompact

SIMD-typecomputercanbeconstructed.Figure2.1showsabit-serialprocessingunit

in a C� RAM 2.1. Eachmemorycanaccessa certainaddressspace,in this casea

columnof memory. TheALU is madeof a multiplexer in which an eight-bit global

instructionis multiplexedto a one-bitoutputusingthecontentsof registersX, Y and

the output of the memory. The output of the ALU can be written to write-enable

registerZ, to memoryand/orit canbeshiftedleft or right. Thewrite-enableregisteris

usedto write thememoryconditionallyandtheshift left andright operationsenable

communicationwith neighboringprocessingelements.Theapplicationsof aC� RAM

arein, for example,DSP, imageprocessingandcomputergraphics.Currently, more

1Also known asDSP-RAM
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Figure2.1 Bit-serialprocessingunit in a C� RAM [16].

computingpowerin amorecompactareais beingsoughtby considering3D C� RAMs

in which individualC� RAMs arestackedandconnectedwith 3D vias[17].

2.2.2 Near SensorBit-Serial ImageProcessing

Nearsensorimageprocessing(NSIP)[18] aimsto performcomputationallyintensive

processingoperationsnext to thesensor. This way only thesignificantimagedatais

conveyedout of thechip asfeaturevectorsandtheI/O bandwidthis greatlyreduced.

Also in NSIP, the imageacquisitioncanbelocally controlledby the logic, i.e. adap-

tiveexpositiontimesarepossible.In theNSIPimageprocessorof [18], eachsensoris

accompaniedby abit-serialprocessingunit. Thecoreof thebit-serialNSIPis thesen-

sor, theoutputof which is comparedto a thresholdvalueandonebit of informationis

conveyedto thelogic. Sincethereadoutis nondestructive,consecutivebinaryreadouts

arepossible.Consecutive samplesof binarydatayield gray-scaleinformation. Each

processingelement(PE)is 4-connectedto its nearestneighbors2. Maskedlogic AND

operationscanbe performedfor the neighborhood.The logic allows for fast intra-

PEasynchronouspropagation.In additionto this, eachPEhasa bit-serialprocessor

anddigital memory. Usingthecombinationof thesensorandPE,variousimagepro-

cessingoperationsarepossible.Availableoperationsincludegrayscalemorphology,

histogramequalization,globalOR,pixel-level A/D conversionandadaptiveexposure

time.

2SeeSection2.6 for definitions.
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Figure2.2 Searchoperationin a contentaddressablememory.

2.3 Content AddressableMemory

In aconventionalmemorydatais accessedonthebasisof address,independentlyfrom

thedatastoredin thememory. A contentaddressablememory(CAM) worksso that

givena dataword asinput, a CAM providesoneor moreaddressesin which a fully

or partially matchingdatais located.Thesearchoperationof a CAM, explained,for

example,in [19], is illustratedin Figure2.2. Theargumentregistercontainsthedata

to bematchedwith contentsof the memory, while themaskregisteris usedto iden-

tify which bits take part in thecomparison.Thecontentsof thememoryarematched

andtheresponsesarestoredin a register. If therearemultiple hits,a resolverdecides

whichhit is chosen.Thematchingcanbeperformedfully parallelfor eachdataword,

serially, or, by software.Naturally, thefully parallelrealizationis thefastest.A CAM

is a convenientway of realizing, for example,lookup tables. Also, they have been

designedfor high speedswitching/routingin communicationsapplications.In [20], a

fully parallel2.5MbCAM, for example,wasrealizedfor usein a 2.5Gb/sATM. In a

contentaddressablememory, parallelwrite functionscanalsobeincludedto comple-

mentthe CAM searchfunctions. Thesefeaturesextendthe rangeof applicationsof

theseassociativeprocessorsto differentimageprocessingapplications[21]. DTCNN

(seeSection2.6) andmorphologicaloperations,for example,canbe performedby

combiningsearch,read,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)betweentheprocessingunits[22]. Artificial neuralnetworks(ANNs)

areman-maderealizationsof neuralnetworks. Most commonlyANNs arerealized

with softwarethat is run in conventionalcomputers,but dedicatedhardwarecanalso
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be used. The definition of neuralnetworks shown above is rathergeneraland ap-

plies to many differentparallelprocessingarchitectures,suchasthosein Section2.6

(CNN), for example,if theweightsareselectedby learning.As thenumberof synaptic

connectionson chip increases,sodoesthenumberof weightsthathave to belearned

andstored. This impedesanalogimplementationsespecially, becauseof the lack of

compactanalogmemorieswith fastwrite operations.Mixed-modeimplementations

arepotentialalternativesto digital realizations.In [23], thecontrolaswell asthelong-

termstorageof weightsis digital. Thecomputationis analogandtheanalogweights

areperiodicallyrefreshedusingD/A converters.The learningof weightscanbeper-

formedeitheroutsidethechip or on chip. In [24], for example,thebackpropagation

algorithmwasrealizedonchip. ANNs areapowerful tool in, for example,theanalysis

of outputsof sensoryarrays.Dueto theirability to generalize,real-timeclassification

of multi-channeldatais possible.

2.5 Analog/Mixed-SignalArray Processing

Thissectionoverviewssomeanalog/mixedsignalarrayprocessortypesthathavebeen

proposedfor realtimeprocessing.In anarrayprocessoramultipleof processingunits

is arrangedinto anarray. Usually thearrayis two dimensional.A largespectrumof

differentapproacheshasbeenproposed.Theprogrammability, for example,andthe

type of datathat canbe processed,varies. This makesa direct comparisonof these

arraycomputersdifficult.

2.5.1 SIMD Array Composedof Analog Micr oprocessors

An analogmicroprocessor(AµP) attemptsto combinedigital programmabilitywith

analogarithmetic. The elementaryinstructionsare as in a digital µP, but they are

realizedusinganalogmeans. In Reference[25], analogregisters,analogALU and

analogcomparisonoperationswererealizedusinganalogswitched-currentmemories

andprocessingelements.A SIMD-type processorcanbe constructedby arranging

AµP unitsin anarray. References[26] and[27] describea 21 � 21SIMD arraycom-

posedof AµPs. An individual AµP cantransferdatato/from its nearestneighbors.

Also, a digitally programmablemultiplier basedon binary weightedcurrentsis in-

cludedin eachAµP. Therefore,convolution-typeoperationsarepossible.TheSIMD

arrayalso featureseasydigital programmabilityandan imagesensoris includedin

every AµP. Consequently, the AµP 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 given in [28]. In this designan 80 � 78 sensorarrayis partitionedinto four sub-

arraysof 40 � 39. Eachsub-arrayof sensorscanbereadsimultaneously, eachsensor

hasthreeoutputs. Oneprocessingunit is allocatedfor eachsub-array. Convolution

operationswith 3 � 3 masksarecomputedby shiftinganactivepixelareaoverthesub-

array. Selectedcurrentsof thepixelsin theactiveareaaresummedin row andcolumn

directions. The processingunit performssimultaneouslyfive differentoperationsto

theinputcurrentsthatareprovidedby thesub-array. Largeconvolutionmaskscanbe

processedusinga combinationof 3 � 3 convolution masks. However, the elements

of the convolution maskscannotbe independentlyprogrammed.Independentof the

masksize,theprogrammabilityis limited to two differentsub-fieldsof coefficients.

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

Reference[29] depictsamixed-modearrayprocessorin whicheachprocessingunit is

4-connectedto its nearestneighborswith ananalogbus.A processingunit resembles

that of the AµP. An ALU, a sampleandhold unit andswitchesare included. What

is differentin this designis thattheALU performsmultiplicationanddivision with a

combinationof A/D andD/A converters.By changingthe referencevoltagesof the

ADC andDAC, programmablemultiplicationanddivision arepossible.Thefact that

the ALU in this designonly hasonemultiplier/divider slows down the convolution

operations.

2.5.4 Mixed-Mode Array Processorfor Vector Matrix Multiplica-

tion

A mixed-modearrayprocessorfor performingvector-matrixmultiplicationwasshown

in [30]. In thisdesign,thedatais storedin DRAM cellsin abit-parallelform, i.e. one

row of datain the matrix is representedby the word lengthof rows of the DRAM.

In this design,the datais storeddigitally, analogone-bitmultiplicationsandcharge

summationsareperformedandtheresultsarecombinedwith anADC. Thevectoris

unarycoded.Thecomputationis basedonaccumulatingthechargethatresultsfrom a

multiplicationof two one-bitbinarynumbers.Thechargeoneachrow is accumulated

asa resultof a multiplication with a unaryvector. A delta-sigma(∆Σ) modulatoris

usedto combinethepartialresultsof theunaryvectors.Thefinal resultis obtainedby

combiningtheresultsof the∆Σ ADCs.
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2.5.5 Mixed-Mode Nonlinear Oscillator Networks

Reference[31] proposedanonlinearoscillatornetwork hardwarefor performingresis-

tivefusecomputingtoextractregionsof image.The8-connected3 nonlinearoscillator

cellsarearrangedinto agrid, eachcorrespondingto a pixel of image.A regionof im-

ageis identifiedby coherentfiring of theoscillators.Eachoscillatorcell is provided

with nonlinearlymodulatedcurrentsources.Usingpulsewidth andphasemodulation

techniquesto switchthenonlinearlymodulatedcurrentsourcesON andOFF, aninput

voltageis nonlinearlymappedinto an outputvoltage. Reference[31] alsosuggests

theuseof pulsemodulationtechniquesto realizetheprogrammableweights. Refer-

ence[32] describesa nonlinearoscillatornetwork realizationwith 50 � 50oscillators

in parallel.In therealizedcircuit, theweightswererealizedusingdigital hardware.

2.5.6 DedicatedAnalog Computing Arrays for Image Processing

Reference[33] suggeststhatanarrayprocessorcanbebuilt of processingunitswith

severaldedicatedcomputingcores.Theprocessingtasksareseparatedinto different

categoriesanddedicatedcircuitry is optimizedfor eachcategory. Accordingto [33],

using this approachis more likely to lead to more compacthardware than usinga

general-purposeanalogcomputationalcore,sincedifferentprocessingtasksmay re-

quiredifferentqualitiesfrom thehardware.Convolution operationswith bipolar I/O,

for example,requirelessaccuraterealizationsthancircuits for computinggray-scale

convolutions. When using separatecores,the accuracy of the core for processing

bipolardatacouldberelaxedanda higherprogrammingandcomputingspeedcould

be obtainable.Circuit realizationscouldalsobeoptimizedby reducingprogramma-

bility. Even, for example,if the programmabilityof a convolution maskwereto be

reduced,many importantoperationscouldstill becomputed.In Reference[33], differ-

entcomputingcoresweresuggestedfor bipolarI/O convolutions,linearspatialfilters,

rankedorderspatialfiltersandnonlinearfuzzy-typeprocessing(for example,gradient

andtent map). If all thesecomputingcoreswereincludedin a processingunit, the

areawould grow considerebly. Therefore,the typeandquantityof computingcores

shouldbedefinedby therequirementsof theparticularapplicationto beused.In Ref-

erence[34], processingunitscomposedof dedicatedcomputingcoresweresuggested

for performingvideosequencesegmentation.Dedicatedprocessingcorescanbemade

of simpleanalogprimitives.Consequently, low operatingvoltagescanbeused.

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

The cellular neural/nonlinearnetwork [35] paradigmis a hardware-orientedtheory

that can very convenientlydescribemany operationsin which datais manipulated

locally. CNNsarecomposedof locally connectedprocessingunits(cells)arrangedin

aregulargrid. Thedefinitionof aneuralnetwork givenin Section2.4appliesto CNNs

if theweightsarechosenby learningmethods.Otherwiseit is customaryto refer to

cellular nonlinearnetworks. This sectiongivessomebasicdefinitionsusedin array

computing,followedby CNN theoryandrealizations.

2.6.1 Definitions

In this section,somegeneraldefinitionsrelatingto arrayprocessingaregiven. The

definitionscanbeusedin thecontext of CNNs,but they canbeappliedto othertypes

of arraycomputersaswell. An individual processorthat the processorgrid is com-

posedof canbe called,for example,a cell, a processingunit or an elementarypro-

cessingunit, dependingon therealization.In thissection,it is denotedacell.

2.6.1.1 Array Dimensionand Type

The cells in arrayprocessorsareusuallyarrangedin one-or two-dimensionalgrids

becauseplanarsilicon processesarenot well suitedfor grids of higherdimensions.

Cellsin two-dimensionalarrayscanbearrangedin gridsof differenttypologies,such

asrectangularandhexagonal. Out of these,it is mostcommonto arrangethe cells

in rectangulargrids. In this thesis,only rectangulargridsareconsidered.Therefore,

an individual cell amongan M � N network of cells canbe identifiedby Ci � j where

i 	�� 1 � M � ; j 	�� 1 � N � . M is thenumberof rowsandN is thenumberof columns.

2.6.1.2 Neighborhoodand ConnectionsBetweenCells

The cells in an arrayprocessorcanusuallyinteractdirectly only with selectedcells

in their closeproximity, i.e. neighborhoodcells. The neighborhoodof cell Ci � j is

a collection of cells that arewithin a sphereof influenceof cell Ci � j , the radiusof

influencebeing Rn. The Rn-neighborhoodof cell Ci � j consistsof cells Cm� p where

m � i 
 k � � Rn 
 1� , p � j 
 l � � Rn 
 1� , k 	�� 1 � 2Rn 
 1� and l 	�� 1 � 2Rn 
 1� . If

cell Ci � j is directly connectedto all cells in the neighborhood,it is 8-connected.In

a 4-connectednetwork cell Ci � j is connectedto thoseneighborhoodcells that arein

thesamerow and/orcolumnascellCi � j . Otherconnectivity patternsarealsopossible.
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a)� b)
�

Figure2.3 Figure2.3a)shows a first-neighborhood,8-connectednetwork. Figure2.3b)shows
a network in which thecellsare4-connectedto cellsin a secondneighborhood.Thegraycells
aredirectly connectedto theblackcell. Thedashedrectanglesarebordercells.

Figure2.3a)shows a network in which the cells are8-connectedto the first neigh-

borhood.Theblackcell, for example,is directly connectedto thegraycells. Figure

2.3b)depictsa 4-connected,second-neighborhoodnetwork. Again, thegraycellsare

directlyconnectedto theblackcells.LookingatFigure2.3b)it canbeseenthatdirect

connectionsto a large neighborhoodleadto problemsin the wiring. In additionto

theM � N activecells,conditionsat theborderof thecell grid haveto bedetermined.

The dashedrectanglesin Figures2.3a)andb) denotethe bordercells (virtual cells).

Boundarycellsareactive grid cells thataredirectly connectedto bordercells,while

edgecells areboundarycells that arelocatednext to bordercells. Active-grid cells

thatarenot boundarycellsaredenotedregularcells.Thebordercellsareusedto cre-

atea correctboundaryconditionfor edgecells. Cellscanalsohave anindirecteffect

on eachother. Thisoccursin operationsin which informationpropagatesthroughthe

directly connectedcells. Global interactionis possiblethroughpropagationof local

eventsthatcanproceedin theprocessorgrid.

2.6.1.3 Convolution-TypeOperations

Many arraycomputerscanperformconvolution-typeoperationsin which thesizeof

the convolution maskis definedby the direct connectionsto the neighborhood.The

convolutionmask(template)for an8-connected,first-neighborhoodnetwork is
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A i � j � �� A1 � 1 A1 � 2 A1 � 3
A2 � 1 A2 � 2 A2 � 3
A3 � 1 A3 � 2 A3 � 3

!#"$ � (2.1)

whereAk � l aretheinterconnectionstrengths(weights).Theweightscanbeprogrammable

or fixed. If A i � j is the samefor all i � j, the convolution maskis said to be space-

independent.In hardwarerealizations,space-independency of thecoefficientsis de-

sirablebecause,in thatcase,collectiveprogrammingof 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 collectionof regularly

arrangedidenticalanalogprocessingelements(cells).Thecellsaredirectlyconnected

to selectedcellsin theneighborhood.EachcellCi � j hasastatexi � j andaconstantinput

ui � j . These,togetherwith directlyconnectedneighborhoodcells,definetheoutputof a

cell, namelyyi � j . Assumingfirst neighborhoodandthatthetemplatesareprogrammed

space-independently, the dependenceof the cell stateon the outputsand inputs of

neighborhoodcellscanbeexpressedby thecell stateequation[35]

C
dxi % j � t �

dt �&� 1
Rxi � j � t �'
 ∑3

k ( 1 ∑3
l ( 1Ak � l ym� p � t �
 ∑3

k( 1 ∑3
l ( 1Bk � l um� p � t �'
 I

� (2.2)

wherem � i 
 k � 2, p � j 
 l � 2. TermsAk � l ym� p � t � andBk � l ym� p � t � describethe

strengthby which cell Cm� p affectscell Ci � j . A andB arespace-independentfeedback

and feedforward templates.If the feedforward templateis zero, the CNN is called

autonomous.Also shown in Equation2.2 areconstanttermsC andR anda constant

biasingterm I . In [35], theactivationfunction(relationshipbetweenxi � j andyi � j ) is a

piecewiselinearfunction

yi j
�
t �)� f

�
xi � j � t �*�+� 1

2 ,.-- xi j
�
t �'
 1 -- � -- xi j

�
t �/� 1 -- 021 (2.3)

In analogcircuit realizations,theoutputnonlinearityresemblesa unity gainsigmoid

yi j
�
t �)� f

�
xi � j � t �*�+� 2

1 
 e3 4xi % j � t � � 1 � (2.4)

which is a continuousfunctionthatapproximatesEquation2.3. Commonlyusedbor-

derconditionsfor anM � N network with i 	
� 1 � M � , j 	�� 1 � N � aredefinedasfollows:



2.6Cellular Neural/Nonlinear Networks 19

If the states,inputs and outputsof the bordercells are fixed, the bordercondition

is denotedfixed (Dirichlet) boundarycondition. The border-cell statesin a cyclic

(toroidal)boundaryconditionaredefinedasxi � 0 � xi �N, xi �N 4 1 � xi � 1, x0 � j � xM � j and

xM 4 1 � j � x1 � j . The inputsandoutputsof the bordercells are definedsimilarly. In

zero-flux (Neumann)boundarycondition the statesof border cells are xi � 0 � xi � 1,

xi �N 4 1 � xi �N, x0 � j � x1 � j and xM 4 1 � j � xM � j . Again, the inputs and outputsof the

bordercellsaredefinedsimilarly; for example,yi � 0 � yi � 1.

2.6.2.2 CNN Universal Machine

In a CNN universalmachine(CNNUM) [36] the capabilitiesof the original CNN

are improved by addingnew functionalitiesto the cell andby introducinga global

analogicprogrammingunit (GAPU).Digital memory, Booleanlogic andcontrollogic

areaddedto the cell. Also, analogmemoriesandthe meansto performfunctionsto

the contentsof the analogmemoriesare includedin the cell. The GAPU contains

meansto storedifferenttemplatesandlogic programs.It alsostoresdifferentswitch

configurationsandcontainsa unit thatcontrolsall globaloperations.TheGAPU can

beprogrammedto run setsof templatesandlogic operations.Therefore,a CNNUM

canbeusedto runcompleteCNN algorithms.

2.6.2.3 Polynomial CNN

In a polynomialCNN, thecouplingsbetweencellscanalsobepolynomialfunctions

of cell input andoutput[37]. For example,thestateof a polynomialCNN with first-

andsecond-orderpolynomialtermsof activationfunction f
�
xi j � is definedas

C
dxi j � t �

dt �5� 1
Rxi j

�
t �'
 ∑3

k( 1 ∑3
l ( 1 6 A � 1�k � l ym� p � t �7
 A � 2�k � l y2

m� p � t �98
 ∑3
k ( 1 ∑3

l ( 1 6 B � 1�k � l ym� p � t �'
 B � 2�k � l y2
m� p � t � 8 
 I

� (2.5)

whereA � 1� , B � 1� , A � 2� andB � 2� arethefirst andsecondorderpolynomialfeedbackand

feedforwardtemplates.

2.6.2.4 Full SignalRangeCNN

Reference[38] proposedaCNN to berealizedsothatboththestateandoutputof acell

aretruncatedbetween-1 and1. Theuseof thisfull signalrange(FSR)CNNsomewhat

changestheCNN dynamics.TheFSRmodelhasacoupleof importantbenefitswhen

it comesto therealizationof CNNs.Firstly, thedissipativeterm � 1
Rxi � j � t � in Equation

2.2canberealizedby subtractingtheself-feedbacktermA2 � 2 byunity. Secondly, since
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thestateandoutputareequal,thereis only onetimeconstantin thecell. Furthermore,

thewholestateswingcanbereservedfor statesbetween-1 and1.

2.6.2.5 DiscreteTime CNN

Reference[39] proposeda discrete-timeCNN (DTCNN). It wasdefinedashaving

continuouslyvaluedinputsandweightsanda bipolar output. A CNN thatperforms

discrete-timeintegrationcanbedefinedalsoin amoregeneralway. Thetime-discretized

rateof changestateof a first-neighborhoodFSRDTCNN cell canbedefinedas

∆xi � j � n�+� 3

∑
k( 1

3

∑
l ( 1

�Ak � l xm� p � n�7
 Bk � lum� p � n�9�:
 I 1 (2.6)

Thestatex
�
n 
 1� is determinedby updatingx

�
n� with a fractionof ∆xi � j � n� . Thiscan

berealizedin ananalogdiscrete-timeCNN or in a digital CNN. In a digital DTCNN

the statecanbe updatedusingseveral differentdigital integrationmethodssuchas

Euler’smethod,Heun’smethodor Runge-Kuttamethod4.

2.6.3 CNN Realizations

2.6.3.1 Analog CNN

CNNshave beenrealizedon thebasisof boththeoriginalmodelandtheFSRmodel.

Reference[40] describesa20 � 20analogCNN thatis realizedusingtheoriginalCNN

model. The first-neighborhood,4-connectedcells interactvia differential transcon-

ductancemultipliers. However, the largestrealizationsso far arebasedon the FSR

model.Reference[41] describesaCNN realizationwith 128 � 128cells.Onetransis-

tor, four-quadrantmultipliersareusedto realizethe couplingsbetweencells. Image

sensorsarealsoincludedin the cellsandthereforethe chip is capableof NSIP-type

computing.Therearealsomoreexotic CNN realizations.An analogCNN realization

thathastwo layersof active cells is describedin Reference[42]. Thelayersarecou-

pledandthetime-constantof theotherlayercanbeprogrammed.Thecombinationof

thetwo coupledlayerscanmodelcomplex spatio-temporaldynamics.

2.6.3.2 Digital Emulated CNN

A CNN canalsoberealizeddigitally. In digital realizations,thecellsarelesscompact,

andthereforethenumberof cells is smallerthanin analogrealizations.Thebenefits

of digital realizationsaretheir suitability for mainstreamdigital technologies,good
4SeeSection4.1.2for moredetailson theseintegrationmethods.
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accuracy androbustdigital storage.An exampleof adigital CNN realizationis shown

in Reference[43]. It emulatestheFSRCNN by integratingspatialconvolutionswith

Euler’s method. Twenty four cells are includedon chip. Someon-chipmemoryis

includedin the emulatedCNN so that the I/O bottleneckbetweenthe memorychip

andCNN chip is eased.Dueto variableprecision,thecomputingspeedcanbetraded

for precision.

2.6.3.3 PositiveRangeHigh Gain CNN

A positive rangehigh-gainCNN usesa positive rangehigh-gainsigmoid(threshold

function) asthe activation function. Cells in this kind of CNN have bipolar I/O, but

thetemplatesarecontinuouslyprogrammable.It cancomputethresholdlogic opera-

tionsfor neighborhoodcells. If thereis no needfor gray-scaleoperations,having the

thresholdfunctionastheactivation functiongreatlysimplifiestheanalogdesign. A

multiplier, for example,canbecomposedof acurrentsourceandswitches[44].
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Chapter 3

Algorithm for Analyzing Brain

Electrical Activity in Epilepsy

3.1 Background

Epilepsyis a chronicdiseasein which the patientsuffers from seizuresthatweaken

awarenessandsensationandcauseinvoluntarymovementsandspasms.About one

percentof all peoplein theworld have epilepsy[1]. Theseizuresarecausedby tem-

porary electricaldisturbancesin the brain. Epilepsydoesnot influencea person’s

intelligence;betweenseizuresmostpeoplethathave epilepsycan,in principle,live a

normallife. However, surgical therapy andanti-epilepticdrugsdonotprovidecontrol

overepilepsyfor 25%of patients[1]. A suddenepilepticseizurewhile thepatientis in

adangerousplaceor driving acar, for example,mayleadto seriousinjury. If theonset

of anepilepticseizurecouldbepredictedminutesbeforetheseizure,thepatientwould

begivenanopportunityto seekasafeplace.A portable,possiblyimplantable,device

mightalsohelpmitigateor preventanepilepticseizureby automaticpharmacological

or electrotherapeuticmeans.

3.1.1 Prediction of the Onsetof an Epileptic Seizure

Variousdifferentmethodsthatcouldbeusedto predicttheonsetof anepilepticseizure

arebeingactively researched.Someof the researchactivity is overviewedin [1]. A

commonfactor in thesemethodsis that they requirecomputationof demandingal-

gorithmsfor a large setof data. The datasethasto be large becauseit is difficult

to distinguishmeaningfulandreliablecharacteristicsfrom shortdatasegments.Fig-



28 Algorithm for Analyzing Brain Electrical Activity in Epilepsy

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
−1

−0.5

0

0.5

1

Sample #

N
or

m
al

iz
ed

 a
m

pl
itu

de

Figure3.1 A segmentof EEGwith 5000samples.

ure3.1 shows a segmentof 5000samplesof EEGduringa seizure-freeinterval. The

taskof predictingan epilepticseizurecould be characterizedasextractingessential

informationfrom amongnoisydatawithoutknowing exactlywhattheessentialinfor-

mationis. Thefollowing descriptionshowsoneprominentanalysismethodthataims

at predictingtheonsetof anepilepticseizure.

Recentadvancesin researchof epilepticseizureshave shown that,by performing

nonlineartimeseriesanalysisfor invasively recordedsamplesof single-channelEEG,

changesin brainelectricalactivity canbecharacterizedandusedfor thepredictionof

theonsetof anepilepticseizure[2], [3]. Theanalysisis basedontheobservationthat,

minutesbeforetheseizuretakesplace,theepilepticareaof thebraingoesinto a lower

complexity state.Thestateis characterizedby a measurecalledeffective correlation

dimensionDef f
2 . In Reference[2], samplesof EEG ( fs � 173Hz) were invasively

recordedfrom theepilepticarea,convertedto digital, andlow-passfiltered. Dimen-

sionDef f
2 wasdeterminedfrom half-overlappingsegmentsof EEGwith 30sduration.

Thenumberof samplesMN thatDef f
2 is determinedfrom affectsthemaximumobtain-

abledimensionsothatD2 �max ; 2log10
�
MN � . In [2], thenumberof samplesMN was

over 5000. This numberof sampleswaschosenasa compromisebetweenreliability

of thedimensionandcomputationaleffort. VectorsXm
�
i � of lengthm, m 	<� 1 � 30� were

formedfrom samplesof EEGv
�
i � ; i 	�� 1 � MN � , usingthemethodof delays

Xm
�
i �+�=� v � i � � v � i 
 τ � � v � i 
 2τ � � 1>1>1 � v � i 
 � m � 1� τ �9� (3.1)

with afixeddelayτ. Thevectorswereusedto computecorrelationintegral

Cm
�
r �+� 1

MN2

MN 3 1

∑
i ( 1

MN

∑
j ( i 4 1

H
�
r ��? Xm

�
i �@� Xm

�
j �A? ∞ � � (3.2)
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whereH is the Heaviside (threshold)function and r is a radiusthat is assignedNr

valuesbetweenlower boundr l andupperboundru. The maximumnorm wasused

to describethe differencebetweenvectorsXm
�
i � and Xm

�
j � . The derivative of the

correlationdimension

CB
m � r � � d log2Cm

�
r �

d log2 r
(3.3)

wasusedto computeanestimatorof Def f
2 , theestimatorbeing

D � � 1
Nr

ru

∑
r ( r l

CB
m � r �DC (3.4)

The upperand lower boundr l and ru wereselectedon the basisof the derivatives

of the correlationdimensionwith differentvaluesof m. Using the estimatorD � the

effectivecorrelationdimensionwasdeterminedwith

Def f
2 �FE D � �

Du � if D � ; D2 �max andNr G 5

else 1 (3.5)

Consecutivevaluesof theeffectivecorrelationdimensionwererecorded.Thedimen-

sionprofile obtainedwascomparedto a threshold.If thedimensionremainedbelow

a thresholdvaluefor a certainnumberof samples,this wasinterpretedasa low com-

plexity of thedimension,and,furthermore,aprecursorof anepilepticseizure.

The correlationintegral of Equation3.2 is computationallydemandingsincea

doublesummationof thresholdedvectornormsneedsto becomputed.Effectivecom-

putationof thecorrelationintegralusingaworkstationwasdiscussedin [4]. However,

in orderto build aportablesystemthatcouldbeusedfor onlinepredictionof epileptic

seizures,a compact,low-powerprocessingdevice is needed.

3.2 Analysis of EEG in Epilepsyusinga CNN

Researchinto theanalysisof EEGwith a CNN is motivatedby the fact thata CNN-

basedrealizationcould potentially be usedfor predictingthe onsetof an epileptic

seizureusingalow-power, physicallysmallsystem.Reference[5] proposedapolyno-

mial CNN for analyzingbrainelectricalactivity in epilepsy. Thebenefitsof describing

the EEG analysisalgorithmusingCNN theoryarethat the theoryprovidesa conve-

nientway of describingnonlineardynamicsandthat thearchitectureis suitablefor a

parallelprocessorimplementation.Also, fusionof informationfrom severalchannels
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is possibleusingCNN-typecomputers.This maybehelpful in someanalysismeth-

ods. Furthermore,many of the analysismethodsneedto be tunedfor eachpatient

individually; tuning may also be neededto copewith different levels of vigilance.

Tuningcanbeperformedby alteringtheCNN templates.

3.2.1 CNN-BasedAlgorithm for Prediction of Epileptic Seizures

References[5], [6] and [7] useda polynomial CNN to estimateDef f
2 with CNN-

dimensionDCNN. The resultsshowed that a CNN could producereliableestimates

of Def f
2 . In Reference[5], theCNN stateequationwaslike thatof Equation2.5,but

thefeedforwardtemplateswerezero

C
dxi � j � t �

dt
�&� 1

R
xi � j � t �'
 3

∑
k( 1

3

∑
l ( 1

6 A � 1�k � l ym� p � t �'
 A � 2�k � l y2
m� p � t �98H
 I 1 (3.6)

In Equation3.6,symbolsA � 1� andA � 2� denotethelinearandsecondorderpolynomial

feedbacktemplates.In References[6] and[7], the useof higherpolynomialorders

andthesecondneighborhoodwasalsoinvestigated.Reference[5] usedtheunity gain

sigmoidof Equation2.4astheoutputnonlinearity, whereas,in [6] and[7], thepiece-

wise linearoutputnonlinearity(Equation2.3) wasused.Differentborderconditions

werealsousedin [5] and[6]. In all cases,CNN-dimensionDCNN wasdeterminedwith

datasegmentsthatcontained5184samplesof EEG.Thedatawaswrittenastheinitial

cell statesof a72 � 72CNN.Consequentsampleswereloadedto thenetwork pixel by

pixel, row by row. After applyingatransientwith theCNN, theaverageof theoutputs

of thecellsyieldedtheCNN-dimensionDCNN. The taskof theCNN in determining

DCNN can be describedas an extraction of essentialinformation from amongdata

in which thedataunitsarenot topographicallyarranged.Therefore,no input/output

mappingis available for the determinationof the weights. Othermethods,suchas

evolutionarylearning[8], werethereforeusedto determinethe weights. The DCNN

templateshave to be determinedindividually for eachpatient. In [7], it wasshown

that the learningof DCNN templatescantake morethana hundredthousanditeration

rounds.To keepthis time short,the hardwarehasto becapableof computingDCNN

rapidly.

3.2.2 SystemRequirements

Figure3.2a)depictsa systemthat is composedof a processorarray (CNN), a data

acquisitionunit includingalow passfilter, apost-processingunit andamicrocontroller
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Figure3.2 Completesystemwith processorarrayandadditionalcomponents

for controlling the system.Theprocessorarrayhasaccessto voltagereferencesand

to memoriesthat containtheweights. Thedataacquisitionunit providesdatato the

processorarray. CNN-dimensionDCNN is computedonceeveryfifteensecondssince

half-overlappingsegmentsof 30sdurationareprocessed.Thepost-processingunit is

usedto averagetheoutputsof thecellsandto interprettheresultingdimensionprofile.

A long-termgoalis to integratethewholesystemonasinglechip. However, currently

the focus of the investigationsis on the realizationof the CNN processor. Based

on the experimentsof [5], [6] and[7], the realizationof the CNN processortargets

a capability of processing72 � 72 data,linear, second-and third-orderpolynomial

feedbackterms8-connectedto first-neighborhoodandprogrammabletemplates.The

biasvalueI is chosento bezero.Therefore,27 multipliersareneededin eachcell to

realizethe couplings. The cells areto have continuouslyvaluedstatesandoutputs.

The boundaryconditionis left a free designparameter. Also, the requiredaccuracy

is not specified.A miniaturizedimplementationof a processorwith thesequalitiesis

studiedin therestof this thesis.

3.2.3 Characteristics of the Polynomial CNN

Whena CNN is consideredfor the determinationof DCNN, it is importantto stress

someissuesthat affect the realization. Due to the many feedbackconnections,it

is importantthat the dynamicbehavior of the network is correct. Both delaysand

noisecanaffect this. Also, long retentiontimesin thememoriesarerequired.In the

following thesecharacteristicsarebriefly overviewed.
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Figure3.3 Feedbackstructurewith delays.

3.2.3.1 Effect of Delays

Reference[9] shows how the stability of an ideal polynomialCNN dependson the

feedbackcoefficients. In a physicalrealization,thestability mayalsobeaffectedby

delaysdue to parasiticcapacitances.Figure3.3 depictsthe feedbackstructureof a

polynomial type CNN with linear, second-orderpolynomialandthird-orderpolyno-

mial feedbackterms.In Figure3.3,τa R 1 S , τaR 2S andτa R 3S areusedto describedelaysin

the feedbackpathsof the first-, second-andthird-orderterms. Cell stateis marked

by x, cell outputby y andA � 1�2 � 2 , A � 2�2 � 2 andA � 3�2 � 2 arethe first-, second-andthird-order

feedbackcoefficients. Blocksy2 andy3 producesecond-andthird-orderpolynomial

termsof thecell output.

Ideally, the amountof feedbackshouldbe a function of cell outputat any given

time. However, thereis a delayin thefeedbackpathintroducedby themultiplier and

by the blocks that producethe polynomial terms. Considerthat only onefeedback

templateis usedata time,for example,A � 3�2 � 2. In thiscase,all multipliersarecontrolled

by thethird-orderpolynomialfunctionof cell output.Therefore,a first-orderapprox-

imationcanbemadesuchthat thedelaysareequalin all feedbackpaths.This is be-

causethefeedbacksof all termsareconnectedthroughsimilarpathsandit is assumed

that thedelaysof individual pathsareequal.In reality, differencesbetweendelaysof

same-orderfeedbacktermsexist dueto mismatchesbetweentransistorparametersthat

arecausedby processingvariations.In practice,thesedifferencesin delaysaresmall

comparedto a typical timeconstantof aCNN; thereforethefirst-orderapproximation

workswell.

Whendifferentordertermswith dissimilarfeedbackpathsarecombined,feedback

termscanhave significantdifferencesin delays. A first-orderapproximationof the

statecurrentof a cell is

Ix
�
t �)� Ioc 
 IaR 1S � t � τaR 1S �7
 IaR 2S � t � τa R 2S �'
 Ia R 3 S � t � τa R 3 S � � (3.7)
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whereIOC is thesumof currentsfrom othercells,IaR 1S is a linearfeedbackcurrent,Ia R 2 S
is a secondorderpolynomialfeedbackcurrent,IaR 3S is a third orderpolynomialfeed-

backcurrentandτa R 1 S , τaR 2S andτa R 3S arethecorrespondingdelays.If thedifferencesof

thedelaysarecomparableto thetime constantof theCNN, thedynamicbehavior of

thenetwork canchangedramatically. Thestability of neuralnetworkswith different

delaysin thefeedbackpathshasbeenstudiedin References[10] and[11], for exam-

ple. Oneway of avoiding theproblemof differentdelaysis to increasetheCNN time

constantby usinga largerstatecapacitor. Reference[12] useda CNN time constant

thatwas10timeslargerthantheparasitictimeconstant.A factorof 10wasconsidered

largeenoughto maketheparasitictimeconstantsinsignificant.In apolynomialCNN,

theCNN timeconstantshouldprobablybeat least10timeslargerthanthedifferences

of delaysin the feedbackpaths. This would requirea lot of die area. Also, the de-

laysof differentorderfeedbacktermscouldbematchedusingsuitabledelayelements.

This alternative may not be straightforward to realize. In this thesis,the problemis

solvedby usingdiscrete-timeintegrationasdescrebedin Chapter4.

3.2.3.2 Transient Noise

Whendesigninga largearrayof cellsfor gray-scaleprocessing,noisein theoperating

voltagemayalsocauseproblems.At thestartof transient,high currentpeaksmaybe

drawn from the power sourceandthe voltagelevel canfluctuatesignificantly. Such

fluctuationcan deflectthe stateevolution into a path that leadsto a wrong energy

minimum. Stability of thenetwork mayalsobea problem.Therefore,theoperating

voltagesshouldbedesignedto beasstableaspossible.Thiscanbeachievedby using

a high-performancevoltagesourceandby designingthe power distributing network

sothathigh-frequency currentcomponentscanbedelivered.In aminiaturizedsystem

this may not be trivial. In this thesis,discrete-timeintegration (seeChapter4) is

applied.Whendiscrete-timeintegrationis used,transientsareallowedto settlebefore

eachiterationsothatthetransientsdo notaffect theintegration.

3.2.3.3 Memory RetentionTime

Sinceasamplingfrequency of 173Hzisusedfor loadingtheinitial statesto the72 � 72

network, an initial statehasto bestoredfor up to 30 seconds.In orderto storegray-

scaleinformationfor sucha long time in theanalogdomain,thesizeof thememory

elementbecomeslarge. Data canalsobe storeddigitally outsidethe cell grid, but

loading a large statecapacitorto its initial statebeforethe start of processingis a

time- andcurrent-consumingtask. In this thesis,thememoryretentiontime is not a
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problemsinceamixed-modedesignwith staticdigital memoriesis used(seeChapters

4 and5 for details).

3.3 Choiceof ProcessorHardware

Therealizationof apolynomialCNN for analysisof EEGis notaneasytask.It should

behighlightedherethatevenif thealgorithmis describedusingCNN theory, thetype

of hardwarethat is usedfor therealizationis left open.In this section,selectedreal-

izationalternativesof processorsfor determiningDCNN arediscussed.Theprocessor

architecturesto beconsideredareoverviewedin Chapter2. Thetaskis to find a good

compromisebetweenspeed,diearea,powerconsumptionandaccuracy.

3.3.1 Analog Alter natives

It is possibleto includepolynomialfeedbacktermsto ananalogCNN. In Reference

[13], circuits for producinglinearandsecond-orderpolynomialtermswereincluded

in theCNN cell. However, if ananalogpolynomialCNN with 72 � 72cellsis built, the

powerconsumptionanddieareagrow large.Thepowerconsumptionof the128 � 128

analogCNN of [14] is about4W. Also, thedie areaof thechip is 145mm2. A cell in

the circuit of [14] has12 analogmultipliers,whereasa CNN with threepolynomial

ordersof feedbacktermscontains27 multipliers. Therefore,the power anddie area

figuresof the CNN of [14] anda 72 � 72 polynomialCNN arecomparable.If the

72 � 72 datawasto bepartitionedinto blocksandprocessedusinga cell arraywith a

downscalednumberof cells, thepower consumptionanddie areawould bereduced.

However, the determinationof DCNN requiresglobal interactionof the whole input

data.

Sincethecollectionof 5124samples(a segment)of EEGwith fs of 173Hz takes

30 seconds,andDCNN is determinedfrom half-overlappingsegments,DCNN is deter-

minedevery15seconds.Therefore,evenif thepowerconsumptionduringprocessing

were4W, the averagepower consumptionwould be ratherlow. However, a 72 � 72

analognetwork is unnecessarilyfast for the application. Even if a high computing

speedis beneficialin learningthe weights,somewhat slower approacheswould be

adequate.Delaysandtransientnoisemay affect the operationof a continuous-time

CNN. Furthermore,amajorproblemis thelimited retentiontimeof analogmemories.

In practice,samplesof EEGwouldprobablyhave to bewritten into a digital memory

and,prior to processing,beconvertedto analogandtransferredto theanalognetwork.
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Theanalogmicroprocessor[15] performsdiscretetime computationssothetran-

sientnoiseanddelayswouldnotbeaproblem.However, it sharestheproblemsof the

retentiontime,powerconsumptionanddieareawith theanalogCNN. Sincethetem-

peratureof an implanteddevice staysat body temperature,the requiredtemperature

rangeis small.This facilitatesthedesignof analoghardware.

3.3.2 Digital Solutions

ProcessingDCNN digitally is potentiallyagoodalternative. Onecouldusemainstream

alternativessuchasa DSP, an FPGA or an ASIC. Alternatively, a digital bit-serial

processoror adigital CNN couldbeused.Robustdigital storageanddiscretetime in-

tegrationwouldyield goodresultsandasufficient computingspeedcouldmostlikely

beobtained.However, theDCNN algorithmrequiresmany multiplications.Therefore,

realizationof the digital multiplication shouldbe carefully plannedin orderto keep

the power consumptiondown. The characteristicsof a digital CNN realization[16]

aresummarizedin Table5.4.

3.3.3 Mixed-Mode Realizations

Mixed-moderealizationsbenefitfrom robust storageand compactanalogmultipli-

cation. Differentmixed-modearchitectureswereshown in Section2.5, but noneof

themis directly suitablefor realizationof a chip for determiningDCNN. Thenetwork

of Reference[17] is interesting,sinceit realizesnonlinearweightfunctions.Thenon-

linearweightfunctionswereimplementedusingglobalnonlinearlymodulatedcurrent

sourcesand PWM and PPM modulationtechniques.The cell statewas expressed

by oscillations. It is very likely that dueto transientandswitchingnoisethe design

of a 72 � 72 oscillatornetwork would be very challenging. In any case,combining

analoganddigital computingunits in someway may prove a viable approach.The

limited temperaturerangeof an implanteddevice is alsobeneficialin mixed-mode

realizations.
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Chapter 4

Mixed-Mode CNN

This chapterdescribesthe structureandoperationof a mixed-modeCNN. A cell in

a mixed-modeCNN is composedof a digital integrator(including digital memory),

analogcircuitsfor multiplying andgeneratingthepolynomialtermsandA/D andD/A

convertersto interfacebetweenthem.An algorithmfor predictinganepilepticseizure

usinga CNN wasdescribedin Chapter3. Differentrealizationconstraintswerealso

identified. A mixed-modeCNN is a prominentcandidatefor analysisof brain elec-

trical activity in epilepsy. Sinceit performsdiscrete-timeintegration,it successfully

dealswith the problemof delaysandtransientnoise;beforesampling,time is given

for thesumof currentsat theintegrationnodeto settledown. Therefore,samplingis

performedeffectively underDC-conditions.Also, theinitial statesof thecellscanbe

robustly storedin thedigital domain.

In a mixed-modeCNN, thesignof cell stateis known at all times.Consequently,

one-quadrantanalogoperationis requiredfrom thearithmeticcircuits(multiplication,

polynomialterms)andextensionto four quadrantscanbeperformedby steeringthe

outputcurrentof a one-quadrantcircuit into a positive or negative sumnode. This

facilitatesthe designof the polynomial termsin particular. This is importantin the

epilepsyapplicationbut alsoin otherapplicationsthatutilize polynomialCNNs. For

example,the useof a polynomialCNN hasbeenproposedfor displacementvector

estimation[1] andfor 3D modelingof soil [2].

In many cases,it would bebeneficialto tradethecomputingspeedof a CNN for

a smallerdie areaandlower power consumption.Sucha tradeoff is possibleif the

numberof cells in a CNN canbedownscaled.In a mixed-modeCNN, theinput data

canbepartitionedinto fractions(blocks)thatareprocessedseparately. Theseblocks

of datacanthenbeprocessedwith a CNN, thesizeof which is downscaledto match
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Figure 4.1 Mixed-modeCNN cell with linear, secondandthird orderpolynomial feedback
terms.

thatof a fractionof input data.Section4.2 shows that, if theblocksof input dataare

written into thenetwork in parallel,datain differentblockscaninteractandonly local

I/O operationsarenecessaryduringprocessing.

4.1 Characteristicsof a Mixed-Mode CNN

4.1.1 Operating Principle and Definitions

A mixed-modeCNNisaneffort to combinerobustdigital storagewith compactanalog

multiplicationin thesameprocessingelement.Figure4.1showsa mixed-modeCNN

cell with linear, second-andthird-orderpolynomialfeedbackterms.In amixed-mode

CNN, analogmultipliersareusedto realizethecouplings.Thesumof currentsIsum

thatentersthe cell at the sumnodedescribesthe rateof changeof cell state. Isum is

convertedto digital usingan ADC. The result is integratedwith a digital integrator.

Sincethefull signalrange(FSR)model[3] is used,thecell outputequalsthedigitally

limited cell state.The analogoutputof a cell is representedby currentsavailableat

the DAC outputs. Oneoutputcurrentis allocatedfor eachpolynomial term. Block

I � V is a current-to-voltageconverterthatcontrolsthemultipliersthatareusedfor the

linearcouplings.BlocksI2 � V andI3 � V producesquareandcubictermsof cell output

currentandconvert it to voltage. Thesevoltagesareusedto control the multipliers

associatedwith thesecond-andthird-orderpolynomialfeedbackterms.

A CNN cell is a device that performscontinuous-timeintegrationof the sumof

cell input currentsIsum� i � j � t � . WhentheFSRmodel[3] is used,Isum� i � j � t � is integrated

in thestatecapacitor. Thiscurrentdefinestherateof changeof cell statetogetherwith

thestatecapacitorCx. Therateof changeof thestateof acell in ith row and jth column

(i 	
� 1 � M � , j 	
� 1 � N � ) in acontinuous-timeFSRCNN with linear, quadraticandcubic

couplingsis
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dVi � j � t �
dt

� Tunit

Cx

3

∑
k( 1

3

∑
l ( 1

Vm� p � t �UT A � 1�k � l 
 A � 2�k � l V Vm� p � t �
Vunit W 2 
 A � 3�k � l V Vm� p � t �

Vunit W 3 X � Isum� i � j � t �
Cx

�
(4.1)

wherem � i 
 k � 2, p � j 
 l � 2 andVi � j is the statevoltage. The statevoltage

is boundedby unit voltageVunit accordingto --Vi � j -- ; Vunit . Also shown in Equation

4.1 is unit transconductanceTunit . Theunit transconductanceis neededto transform

the contributionsof the feedbacktemplatesA � 1� , A � 2� andA � 3� into currents. In a

conventionalCNN, the unit currentis definedusinga stateresistor. Sincean FSR

CNN doesnot have a stateresistor, the unit currentcan be definedusing the unit

transconductanceso that Iunit � Tunit Y Vunit . WhenEquation4.1 is time-discretized,

the stateVi � j � n 
 1� is iteratively determinedby appendingVi � j � n� with a fraction of

Isum� i � j � n�Z� Cx. In a mixed-modeCNN, thesumcurrentIsum� i � j � n� is digitizedandthe

resultingdigital rateof changeof stateri i � j � n� is digitally integrated.The digitizing

of Isum� i � 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,namely Imax, is upper

boundedby thesumof all weightsmultipliedby Tunit . Thedigitizedrateof changeof

stateis representedwith bA bits sothat ri i � j � n�[	\� 0 � 2bA � 1� . Hereit is assumedthat

theresultof thedigitizing is representedin signandmagnitudeform. WhenIsum� i � j � n�
is positive,themaximumamplitudeis assignedto ri i � j � n� accordingto

ri i � j � n�]� 2bA 3 1 � 1 if Isum� i � j � n� G kA Y Iunit � (4.2)

wherekA is aconstantscalingfactorthattogetherwith Iunit definesthemaximumrate

of changeof statethat is representeddigitally. Similarly, whenIsum� i � j � n� is negative,

themaximumamplitudeof ri i � j � n� saturatesto

ri i � j � n�+� 2bA � 1 if Isum� i � j � n� ; � kA Y Iunit 1 (4.3)

Therefore,if kA Y Iunit ^ Imax themaximumamplitudeof thedigital rateof changeof

stateis boundedby thedigitizing process.Also, since

ri i � j � n�+� 0 if -- Isum� i � j � n� -- ^ kA _ Iunit
2bA ` 1 � (4.4)

thechoiceof kA is atradeoff betweenrepresentingsmallcurrentsaccuratelyandupper

boundingthedigital rateof changeof state.Theresolutionof thedigital stateof the

integrator(andthe ADC) is bD bits. Hereit is assumedthatbD G bA. Beforebeing
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fed to the integrator, thedigital rateof changeof stateri i � j � n� is shiftedtowardsmsb

by bD � bA bit positions,i.e.

r i � j � n�+� ri i � j � n� Y 2bD 3 bA � (4.5)

wherer i � j � n� is theshifteddigital rateof changeof state.Thisway, themostsignificant

bits of r i � j � n� andtheintegratorareof equalvalue.Theintegrationstepis definedas

h � 1
kA Y 2kD

� (4.6)

wherescalingparameterkD is a positive integer thatdefineshow many bit positions

r i � j � n� is shiftedtowardslsbbeforeit is fedto theintegrator. ThescalingparameterkA

is arealnumberthatcanbetunedwith areferencecurrent/voltageof theADC andsoit

alsoaffectstheintegrationstep.Therefore,theintegrationstepdoesnotneedto bean

integerpower of two. Whena mixed-modeCNN is designed,theintegrationmethod

andscalingparameters,alongwith theresolutionsbA andbD, mustbeselected.

4.1.2 Choiceof Integration Method and Converter Resolutions

Whentwo or moresetsof feedbacktemplatesareusedin a largeautonomouspoly-

nomial CNN, it is importantthat the dynamicevolution of the statesof the cells is

correct. Consequently, it is importantthat the stateintegration in the mixed-mode

CNN is carefullyplanned.Thelimited resolutionsof thedataconvertersaffect thein-

tegration. Evenwhenknown digital integrationmethodsareused,their performance

with nonidealconvertershasto be investigated.Also, thecell-level realizationof an

integrationmethodis a factorthataffectsthechoiceof themethod.In Reference[4],

aCNN wassimulatedusingEuler-Cauchy, Heun’s1 andfourth-orderRunge-Kuttain-

tegrationmethodsandthe resultswerecompared.Herethe integrationmethodsare

comparedtaking into accountthenonidealityof theconverters.Comparisonis made

in termsof convergencetime andaspectsof cell-level realization. The comparison

processis suchthat,on thebasisof simulationswith differentintegrationalgorithms

andconversionaccuracies,thebestcombinationcanbeselected.

4.1.2.1 Considered Integration Algorithms

The threeintegrationalgorithmsconsideredin this sectionarebriefly reviewed. The

Euler-Cauchymethodfor solvingnonlineardifferentialequationscanbedescribedby

1Heun’s methodof integrationis alsoknown asImprovedEulerintegrationmethod.
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xi � j � n 
 1�2� xi � j � n�'
 h Y r i � j � n� � (4.7)

wherexn is thestateof acell at timeindex n; n �a� 0 � 1 � 1>1b1 � , h is theintegrationstepand

r i � j � n� is thedigital derivativeof thestate.

Heun’s (predictorcorrector)integrationmethodis suchthatfirst predictedstate

x�i � j � n 
 1�c� xi � j � n�'
 h Y r i � j � n� (4.8)

is determined.Thedigital derivative of stateat thepredictedstater �i � j � n 
 1� is then

computedandthecorrected(final) stateobtainedusing

xi � j � n 
 1�2� xi � j � n�7
 1
2

h � r i � j � n�'
 r �i � j � n 
 1�9� 1 (4.9)

In theRunge-Kuttamethod,four auxiliarycomponentsk1 � k4 arecomputed.For

example,the auxiliary rate of changeof stater � k1�
i � j � n 
 1� is computedat auxiliary

statex � k1�
i � j � n 
 1� in orderto determinek2. At time n 
 1, thestatexi � j � n 
 1� canbe

obtainedby combiningtheauxiliary termsanddividing by six, asshown in Equation

4.10.

x � k1�
i � j � n 
 1�d� xi � j � n�'
 h Y r i � j � n� � xi � j � n�'
 k1

x � k2�
i � j � n 
 1�d� xi � j � n�'
 h

2 Y r � k1�
i � j � n 
 1� � xi � j � n�'
 k2 � 2

x � k3�
i � j � n 
 1�d� xi � j � n�'
 h

2 Y r � k2�
i � j � n 
 1� � xi � j � n�'
 k3 � 2

k4 � h Y r � k3�
i � j � n 
 1�

xi � j � n 
 1� � xn 
 1
6

�
k1 
 2 Y k2 � 
 2 Y k3 
 k4� (4.10)

4.1.2.2 Heuristic Comparisonof the Integration Algorithms

In orderto choosethe integrationsteph, accuraciesof the ADC, DAC andthe inte-

grationmethod,aheuristicmethodfor analyzingthedifferentcombinationswasused.

The methodwassuchthat first the network wasinitialized to sucha statethat small

errorsin the integrationled to convergenceinto wrongfinal states.Theevolution of

thestatesof thecells in the idealcase(very smallh, idealconverters)wasrecorded.

Then,for eachintegrationmethod,differentcombinationsof integrationstepandcon-

verteraccuraciesweretriedandthedynamicevolutionof thestateswasrecorded.The

heuristicmethoddoesnot provide accuratequantitative results,but is usefulin com-

paringthedifferentalternativesfor realizinganintegratorfor amixed-modeCNN cell.

In Reference[4], similar typesof experimentswereperformedwithout thenonideali-
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ties.

In thefirst simulation,theeffectof thenonidealADC wasinvestigated.Thereso-

lution of theADC wassevenbits andtheDAC wasideal. Sincetheresolutionof the

ADC is limited, a decisionhasto bemadewhetherto detectsmall ratesof changeof

stateaccuratelyandomit fastchanges(small kA) or show small changeswith rough

resolutionandalsodetectfastchangesof state(largekA). In thefirst simulation,the

maximumrateof changeof statethatcanbedetectedwastwo timestheunit current

(kA � 2). Also, in this simulation,thescalingparameterkD wasallowedto bea real

number. Figure 4.2 shows Matlab simulationsof the evolution of a selectedcell’s

stateasa function of the integrationstep. The simulationwasperformedwith four

cells having linearandsecond-orderpolynomialfeedbackandzeroboundarycondi-

tions. The solid curvesin the figuresrepresentthe correctbehavior of the cell. The

dashedline representsthecasewhentheintegrationstephasbeenmadetoo largeand

thestateevolvesto a wrongenergy minimum.

The top curvesof Figure 4.2 were simulatedwith Euler-Cauchymethod. Two

hundredsixty five iterationswereneededto obtainasteadystate.Thelargestintegra-

tion steph thatgave thecorrectbehavior was0.045.If theintegrationstepwasmade

larger, theoutputfollowedthedashedcurve. Themiddlecurveswereobtainedwith

Heun’smethod.Beingatwo-stepalgorithm,theconvergencetimehasto bemultiplied

by two in orderto be ableto compareit with the Euler-Cauchymethod. Therefore,

a stableoutputwasobtainedafter 74 steps.Correctbehavior wasobtainedwith an

h of 0.265. Finally, the curveson the bottomweresimulatedwith the Runge-Kutta

algorithm. Becauseit is a four-stepalgorithm,it resultsin a convergencetime of 48

steps.Thelargesth thatgavea correctbehavior was0.8.

In the secondsimulationthe limited resolutionof the DAC wasalso taken into

account.The resolutionof theADC (bA � waskeptat sevenbits. Thesimulationar-

rangementwassimilar to the previoussimulation,but now both the integrationstep

andDAC resolutionbD werevaried.In this simulation,only integerswereallowedin

the scalingparameterkD. The maximumrateof changeof statewaslimited to four

timesunity current(kA � 4). The Euler-Cauchymethodconvergedinto the correct

final statewhenthe DAC resolutionwasten bits with integrationstep1� 32. It took

195 iterationstepsto converge. Similarly, Heun’s integrationmethodconvergedin

54 stepsinto the correctfinal statewhenthe DAC resolutionwaseight bits andthe

integrationstepwas1 � 4. The simulationof Runge-Kutta methoddemonstratedro-

bustperformance.Integrationsteph wasfixedto 1� 2 andDAC resolutionof six bits

gave a correctfinal statein 76 steps.On thebasisof thesesimulationsit seemsthat

Heun’s method,andespeciallyRunge-Kuttamethod,cantoleratethe nonidealityof
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Figure4.2 Simulationfor finding theintegrationstepandconvergencetime.

theconvertersmuchbetterthantheEuler-Cauchymethod.

4.1.2.3 Implementation Aspects

Whentheresolutionof anADC is improved,theconversionspeeddecreasesandthe

die areagrows rapidly. The 7-bit ADC usedin the simulationmentionedin Section

4.1.2.2is potentially a good compromisebetweendie areaand resolution. In the

previoussimulations,themaximumrateof changeof statewaslimited to two or four

timestheunit current.Someof this nonidealitymaybeeliminatedif templatevalues

arechosenby learningmethodsasin the caseof determiningDCNN. Larger ranges

of the ratesof changeof statecould be representedif a nonlinearADC [11] were

used.In anonlinearADC, largevaluesof thestatederivativearerepresentedwith less

accuracy thansmallones.However, theuseof anonlinearADC wouldcomplicatethe

integratordesign.

The Euler-Cauchymethodshowed desiredperformancewhena 7-bit ADC with

kA � 4 andbD � 10andtheintegrationsteph was1 � 32. Thedownsideis thatrealiza-

tion of a10-bitDAC to eachcell is notpractical.TheRunge-Kuttamethodconverges

fastandtoleratesconverternonidealitieswell, 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 thedigital domain. Also, sincememoryneedsto be allocatedfor four
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auxiliary terms,a cell-level implementationof an integratorbasedon Runge-Kutta

algorithmseemsimpractical.

Accordingto thesimulationsandaspectsof implementation,Heun’smethodseems

like themethodof choice.Simulationsdemonstratedgoodperformancewhena 7-bit

ADC andan8-bit DAC wereused,themaximumrateof changeof statewaslimited

to four timestheunit currentandtheintegrationstepwas1 � 4. Designof a7-bit ADC

and8-bit DAC to eachcell is challenging,but, nevertheless,within thelimits of what

canbedesignedin apracticalrealization.

4.2 ProcessingData in Blocks

This sectiondescribeshow datacaninteractglobally in a mixed-modeCNN evenif

thedatais processedblockwise.Thedatablocksarewritten to thecells in layersso

thateachlayerof datain thecell memorycorrespondsto a block of data.Therefore,

thenumberof cells is downscaledbut theamountof memoryin a cell is increasedin

thesameproportion.This way, all I/O operationsduringprocessingarelocal (within

thesamedie). This sectionalsodiscussesdifferentwaysof partitioningthedataand

connectingdataunits in differentblocks.Also, theeffect of downscalingthenumber

of processorsto processingspeed,dieareaandpowerconsumptionis described.

4.2.1 Division of Data into Blocks

Figure4.3 shows the initial M � N data.Dataunit
�
i � j � , i 	e� 1 � M � ; j 	e� 1 � N � , repre-

sentstheinitial datain ith row and jth column. If thedatais partitioned,thesizeof a

datablock is M � Ry
� N � Rx whereRy andRx arepositive integerslargerthan,or equal
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to, one.Additionally, Ry is anintegermultipleof M sothatM � Ry is anintegerandRx

is anintegermultipleof N sothatN � Rx is aninteger. Therefore,thedatais partitioned

into Rb � Ry Y Rx blocks.Sinceall datais storedin thepartitionednetwork, thememory

in eachcell hasRb layers.Theorientationof thedatablockscanbechangedduring

the partitioning. This affectsthe way datain differentblockscanbe coupled. If the

orientationsof thedatablocksarenot alteredduring thepartitioning,the initial data

is choppedinto blocksso that dataunit
�
i � j � , is mappedinto dataunit

�
iic � j jc � kk� ,

iic 	�� 1 � M � Ry � ; j jc 	
� 1 � N � Rx � ; kk 	�� 1 � Rb � sothat

iic � �
i � 1� mod M

Ry

 1

j jc � �
j � 1� mod N

Rx

 1

kk � Rx
�
i � iic � Ry � M 
 � j � j jc � Rx � N 
 1 1 (4.11)

Anotherway of partitioningconsideredhereis folding. In the folding approach,the

originalM � N datais foldedinto Rb blockssothatdataunit
�
i � j � is mappedinto data

unit
�
ii f � j j f � kk� , ii f 	�� 1 � M � Ry � ; j j f 	�� 1 � N � Rx � accordingto

ii f � E iic if � i 3 iic � Ry
M mod2 � 0

M
Ry
� iic 
 1 if � i 3 iic � Ry

M mod2 � 1

j j f � E j j f if � j 3 j jc � Rx
N mod2 � 0

N
Rx
� j jc 
 1 if � j 3 j jc � Rx

N mod2 � 1
1 (4.12)

Figure4.4b)shows theresultof partitioningthedataof Figure4.4a)usingEqua-

tion 4.11 (chopping). Figure4.4c) resultswhenthe datais partitionedusingEqua-

tion 4.12(folding). In bothcasesRx � Ry � 4. A combinationof thesepartitioning

methodsis alsopossible;for example,thedatacanbechoppedvertically andfolded

horizontally. The partitioneddatais written to the initial statesof the mixed-mode

CNN. For example,if thedatais folded,
�
ii � j j � kk�[� � ii f � j j f � kk � andtheinitial state

of layerkk of a cell in ii th row and j jth columnis xii � j j � kk � � ii � j j � kk� .
4.2.2 Realization of Intra-Block Couplings

Whetheror not the orientationof the datablocksis changedduring the partitioning

affectstherealizationof couplingsbetweenblocks.If thedatais chopped(theorienta-

tionsof datablocksareleft unaltered),datahasto betransferredbetweentheopposite

sideedgecells. If thedatais folded,no intra-celldatatransferis neededto convey the

boundaryinformation.A downsideto thefolding methodis thattheorientationof the

templatealsohasto beflippedduringprocessing.Whendatais choppedor foldedin

two dimensions,therealizationof intra-blockcouplingsbecomesmoredifficult.
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Figure 4.4 An illustration of two examplesof partitioninganM p N network into 16 blocks
(Rx q Ry q 4). a)Originaldata.b) Datapartitionedby chopping.c) Datapartitionedby folding.

4.2.2.1 ProcessingData with a Partitioned Network

Theproblemin processingtheinputdatain blockslies in achieving globalinteraction

for thedata:in general,in orderfor thewholeinput datato beableto interactsimul-

taneously, all dataunitsneedto be locally connectedto their neighboringcells. This

problemhasbeenidentifiedpreviously in, for example,digital CNN realizations[5].

In the analogrealizationsof References[6], [7], [8], a template-dependentsolution

for connectingpixels in differentblockswasused.Overlapwasaddedto the image

fractionssuchthat, afterprocessinga block, a certainoverlapregion wasdiscarded.

This worksfor templateslike resistive filtering template[9] wherethespatialinterac-

tion of pixelsdecaysasa functionof their distanceandcorrecttemporalbehavior is

not important. In general,whenfeedbacktemplateslike holefiller [10], which need

globalinteraction,areused,theoverlapmethodis notsufficient. Whenthedatais pro-

cessedblockwise,correctspatialandtemporalinteractionof datain differentblocksis

needed.Theintegratortakescarethatdatais updatedsothatthetemporalinteraction

is correct.In thefollowing, realizationof thecorrectspatialinteractionbetweendata

blocksis described.

4.2.2.2 CouplingsBetweenChoppedData Blocks

Figure4.5demonstratesthepartitioningof an8 � 4 datainto four 2 � 4 blocksusing

Equation4.11 with Ry � 4 andRx � 1. The dashedarrows in the figure illustrate

thevirtual connectionsbetweendatablocks. For example,whenprocessingblock 2,

statex2 � 3 � 1 is availableat thetop boundaryof statex1 � 3 � 2 andstatex1 � 3 � 3 is broughtto

the bottomboundaryof statex2 � 3 � 2. Therefore,intra-cell transferof datain different

blockshasto berealized.
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Figure 4.5 An 8 p 4 datapartitionedinto four 2 p 4 blocksusingEquation4.11. Thedashed
arrows describeconnectionsbetweendatablocks.

Figure 4.6 shows a combinationof a top row edgecell C
�
1 � j j � and a bottom

row edgecell C
�
M � Ry � j j � whendatais partitionedusingEquation4.11with Rx � 1.

Therefore,the partitionednetwork hasM � Ry
� N cells. Simplified cells areshown

in the figure; the ADC andDAC, for example,arenot shown. The elementsof the

templatein useareAk � l , k �s� 1 � 3� ; l �t� 1 � 3� . Thestatesof cellsaredescribedbyxii � j j � kk.

Whenprocessingblock kk, the top row edgecellsprovide thebottomrow edgecells

with xii � j j � fN � kk� . Similarly, thebottomrow edgecellsprovide the top row edgecells

with xii � j j � fS � kk� . Theseintra-block/cellcouplingsarerealizedby wiring. If M � Ry u 2,

thewireshave to go eitherthroughor aroundcellsC
�
ii � j j � , ii �v� 2 � M � Ry � 1� ; j j �� 1 � N � . Thetop andbottomrow mappingfunctionsare

fN
�
kk�+� kk 
 1 (4.13)

and

fS
�
kk�]� kk � 1 1 (4.14)

Theborderconditionof thebottomrow edgecellsis thereforestoredto x1 � j j �Ry 4 1 and

theborderconditionof thetop row edgecellsis storedto xM w Ry � j j � 0.

If bothRx andRy arelargerthanone,intra-blockconnectionsbecomemorediffi-

cult to realize.Cellsthatarein thecornersof theactivecellgrid (8-connectednetwork)

haveto beprovidedwith theboundaryinformationof threeotherblocks.Figure4.7a)
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Figure 4.7 Partitioningof an8 p 8 datainput datainto blocks4.11usingEquation4.11with
Rx q Ry q 2. a) Original 8 p 8 data.b) partitioneddata.Thedashedarrows show thatduring
processingof block2, thecornercellsneedboundaryinformationfrom threeotherblocks.

shows an 8 � 8 data. The difficulty of connectionsbetweenthe blocksis illustrated

in Figure4.7b). In Figure4.7b)theinput datais partitionedto blocksusingEquation

4.11with Rx � Ry � 2. Thecornercellsneedboundaryinformationfrom threediffer-

entblocks.For example,duringtheprocessingof block2, thestatex4 � 1 � 2 of thebottom

left cornercell needsto beprovidedwith x4 � 4 � 1 , x1 � 4 � 3 andx1 � 1 � 4. Processingdatathat

hasbeenpartitionedhorizontallyandvertically wasproposedin a digital CNN [5].

Edgecellson differentsidesof thenetwork wereconnectedwith a busanddatain all

blockswasupdatedsimultaneously. This couldalsobedonein a mixed-modeCNN,

but heredivision in onedirectionis assumedsufficient.

4.2.2.3 CouplingsBetweenFoldedData Blocks

Figure4.8 demonstratesthe partitioningof an 8 � 4 datausingEquation4.12 with

Ry � 4 and Rx � 1. Again, the datais divided into four 2 � 4 blocks; the dashed

arrows in the figure illustratethe virtual connectionsbetweendatablocks. Because

thedatawaspartitionedby folding, no intra-cellconnectionsareneeded.

Figure4.9 shows a combinationof a top row edgecell C
�
1 � j � anda bottomrow

edgecellC
�
M � Ry � j � whenanM � N datais partitionedinto Ry blocksusingEquation

4.12with Rx � 1. Again, thecellsshown in thefigurearesimplified,with theADC

andDAC, for example,notbeingshown. Thetemplateis composedof Ak � l , k �5� 1 � 3� ;
l �v� 1 � 3� andthestatesof thecellsaredescribedby xii � j j � kk. Whenprocessingfolded
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Figure 4.8 An 8 p 4 datapartitionedinto four 2 p 4 blocksusingEquation4.12. Thedashed
arrows describeconnectionsbetweenblocks.

data,oddandevendatablockshaveto bedistinguished.Figure4.9a)showsedgecells

duringtheprocessingof a datablock kk whenkk is odd. Thetop row edgecellshave

accessto x1 � j j � kk andx1 � j j � fS � kk� . Similarly, the bottomrow edgecellshave accessto

xM w Ry � j j � kk andxM w Ry � j j � fN � kk� . Figure4.9b)shows theedgecellsduringtheprocessing

of a datablock kk whenkk is even. In this case,the mappingfunction of Equation

4.14 is usedin the bottomedgecell, while the mappingof Equation4.13 is usedin

top row edgecells. Furthermore,thetemplateis flippedvertically. If Ry is even, the

boundaryconditionof thetop of thedatais storedto x1 � j j � 0 andthebottomboundary

conditionis storedto x1 � j j �Ry 4 1. If Ry is odd,thebottomboundaryconditionis stored

to xM w Ry � j j �Ry 4 1. Therefore,only inter-cell datatransfersarenecessaryfor conveying

boundaryinformation.

Again, if bothRx andRy arelargerthanone,andthedatais partitionedby folding,

thecornercellshave to beprovidedwith borderinformationof threeotherblocks.In

additionto this, themappingis muchmorecomplicatedthanin the 1D folding and,

sincethedatain theblockshasfour possibleorientations,thetemplatealsohasto be

flippedto four differentorientationsduringprocessing.

4.2.3 Characteristics of a Partitioned Network

In order to decidethe numberof blocks Rb, the effect of processingin blocks has

to be evaluatedin termsof differentmetrics. In the following, performancemetrics

for processingspeed,die areaandpower consumptionareshown. The metricsare
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givenasfunctionsof Rb. Themetricsarenot intendedto provideaccuratequantitative

resultsbut to revealqualitative trendsasa functionof thenumberof blocks.

4.2.3.1 Computing Speed

Theprocessingtime of anM � N datawith a mixed-modeCNN in which thenumber

of cellsis downscaledto M � N � Rb canbeapproximatedby

Tf � Rb ��� s � nri �Rb � ts � tl � tsett � � kt � tt �� twd � trd � tlt � (4.15)

wheres andnri arethe numberof stepsin the integrationmethodof choiceandthe

numberof iterations,respectively. If Heun’s method,for example,is usedfor inte-

gration,s is two. Also, ts is the ADC samplingtime, tl is the time consumedby the

digital in-cell logic andtsett is thesettlingtime of theanalogpartsof thecell. These

delaysoccurduringprocessingof everyblockandthereforethey aremultipliedby Rb.

Additionally, tt is thetime it takesto changetheorientationof a templateandkt is the

numberof changesof templateorientationduringoneiterationcycle. Finally, global

write time twd, global readtime trd andtemplateloadtime tlt areaddedto theresult.

If theorientationof thetemplateis changedglobally, tt andtlt areequal.

4.2.3.2 Die Ar eaand Power Consumption

Thereductionin diearearesultingfrom partitioningthenetwork canbeelucidatedby

the ratio of theareaof thepartitionednetwork andthe areaof the full-size network.

This ratio is approximatedby

Ra � Rb �+� � Ao � Rb � Am� M � N� Ao � Am� M � N � Ao � Rb � Am

Ao � Am � (4.16)

whereAm is the areaoccupiedby the statememoryof a cell in a full-size network

andAo is the areaof othercircuit blocksin a cell. Equation4.16 is derived on the

assumptionthat thetotal amountof memoryon chip doesnot decreaseasa function

of partitioning.As Rb increases,theareaoccupiedby othercircuit blocksAo becomes

lesssignificant.

Theinstantaneouspowerconsumption(powerconsumptionduringprocessing)of

a cell asa functionof Rb canbeapproximatedby

Pc � inst � Rb �+� Palg � Pconv � Plogic � Pmem � Rb � (4.17)

wherePalg andPconv arethepowersconsumedin theanalogcomponentsandthedata
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convertersof a cell, respectively. Plogic is the power consumptionof the cell digital

logicandPmemis thepowerconsumptionof thememoryof acell in afull-sizenetwork.

Theamountof statememoryin a cell increasesasa functionof partitioning. Hereit

is assumedthat the power consumptionof the memoryPmem increasesin the same

proportion.Therefore,Pmemis multipliedby Rb.

The reductionof instantaneouspower consumptionat network level canbe esti-

matedby theratio of theinstantaneouspower consumptionsof a partitionednetwork

anda full-sizenetwork accordingto

RP� inst � Rb �+� Pc � inst � Rb � � Rb

Pc � inst � 1� � (4.18)

Eventhoughtheratio of theinstantaneouspower consumptionsis reducedasa func-

tion of Rb, theaveragepowerconsumptionduringprocessingacertainamountof data

is muchmorestable. Sincea partitionednetwork computesslower thana full-size

network, the full-size network can be turnedoff for time Tf � Rb �)� Tf � 1� to do the

sametask.Therefore,theratioof theaveragepowerconsumptionscanbeobtainedby

scalingtheinstantaneouspowerconsumptionsby thecorrespondingprocessingtimes.

4.2.3.3 Choiceof the Number of Blocks

It is evidentthatpartitioningthenetwork tradesinstantaneouspowerconsumptionand

die areafor computingspeed.In the following, the choiceof the numberof blocks

Rb is examinedby way of example. The examplemixed-modeCNN (built with a

0.25µm CMOS process)is able to processa 72 � 72 datawith first-, second-and

third-orderpolynomialtemplates.Figure4.10shows Tf � Rb � � Tf � 1� asa function of

Rb with differentnumbersof iterationsnri. Whennri is small, the effect of Rb on

the computingspeedis small, sinceglobal I/O andtemplateloadingdominatesthe

computingtime. Whennri is large,theI/O andtemplateloadingarelesssignificant.

Thecurvesin Figure4.10aresketchedwith valuesof Table4.1. Thesamplingtime,

time of logic operationsand analogsettling time are taken from measurementsof

Chapter5. It is assumedthatthesettlingof theweightvoltagestakes5µs. Moreover,

theglobalI/O timesaredeterminedassumingthatonecell statecanbereador written

in 100nsandthesizeof thedatais 72 � 72.

Figure4.11shows Ra � Rb � andRP� inst � Rb � asa functionof Rb. TheRa � Rb � curve

canbe interpretedso that large savings in the network areaasa function of Rb are

obtaineduntil thecurve saturatesto Am � � Ao � Am� . Similarly, RP� inst � Rb � saturatesto

Pmem� RP� inst � 1� . However, sincePmem of a digital memoryis small, the power con-

sumptionscalesdown very well. Table4.2shows thevaluesthatwereusedin Equa-
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Figure4.10 Tf � Rb ��� Tf � 1� asa functionor Rb with differentnumbersof iterationsnri.

symbol description value

s # of stepsin theintegrationmethod 2
nri # of iterations 1,10,25,50
ts samplingtime 1400ns
tl time of logic operations 710ns

tsett analogsettlingtime 200ns
tt changeof templateorientation -
kt numberof orientationchanges 0

duringaniterationround
tlt templateloadtime 5µs
twd globalwrite time 520µs
trd globalreadtime 520µs

Table4.1 Explanationof symbolsin Equation4.15andvaluesusedto producecurvesof Figure
4.10.
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Figure4.11 Ra � Rb � andRP� inst � Rb � asa functionof Rb.

symbol description value

Am theareaoccupiedby thestatememoryof a cell 560µm2

in a full-size network
Ao areaof othercircuit blocksof acell 22000µm2

Palg+ powerconsumptionof analogpartsof a cell 1.3mW
Pconv+ powerconsumptionof dataconvertersof a cell
Plogic powerconsumptionof digital logic of acell
Pmem powerconsumptionof digital memoryof a 1.9µW

cell in a full-size network

Table 4.2 Explanationof symbolsin Equations4.16 and4.17 andvaluesthat wereusedto
producecurvesof Figure4.11.

tions 4.17 and4.18 to producethe curvesof Figure4.11. The power consumption

figuresarebasedon the measurementsreportedin Chapter5, while the areafigures

arecharacteristicsof themeasuredchip.
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Chapter 5

Mixed-Mode Cellular Array

ProcessorRealization

In this chapter, a mixed-modecellular arrayprocessorrealizationis depicted. The

realizationis targetedto meettherequirementsof theepilepsypredictionapplication

describedin Chapter3. Thechip implementationis basedon the mixed-modeCNN

architecturedepictedin Chapter4. Theobjectivesof this chapterarethefollowing:

1. Demonstratethe realizability/performanceof the mixed-modeCNN architec-

turewith a proof-of-conceptchip targetedtowardstheepilepsyapplication.

2. Show measureddatathatcanbeusedtoassesstheeffectof processingvariations

to theaccuracy and,furthermore,to theapplicabilityof thedesign.

This chapteris organizedso that Section5.1 providessomegeneralcharacteristics

of the realization,depictsthe processorarray and supportinghardware and shows

connectionsbetweenPUs1 anddetailsof theintegrator. Section5.2 describesdesign

of the analogarithmeticcircuits andSection5.3 shows the dataconverters. Design

of peripheraldevicesandlayoutareoverviewedin Section5.4.2,while experimental

resultsof the implementedparallelprocessorarepresentedin Section5.5, together

with adiscussionof someof theimportantpoints.

1Insteadof using“cell”, in this chapter, aprocessingunit is denotedby “PU”.
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5.1 Systemand Integrator Implementation

Theimplementedcellulararrayprocessorrealizesthefunctionalitiesof amixed-mode

CNN. Easeof testabilitywasanimportantguidelinein thedesignof thechip. In order

to relax the speedrequirementsof the evaluationsetup,all memorieson chip were

implementedas SRAMs. The ADC and DAC resolutionsbA and bD were chosen

to be seven andeight bits, respectively. Therefore,the stateof the PU xii � j j � kk � n� is

truncatedbetween-128and127. Programmable8-connected,first-neighborhoodlin-

ear, quadraticandcubic feedbacktemplatesareavailablesimultaneouslyandHeun’s

integrationmethodis used. The chip canprocess72 � 72 datawhile keepingall I/O

operationslocal. The72 � 72 datais processedwith a 2 � 72 network (Rb � Ry � 36� .
This choiceof Rb scalesdown the die areaandreducespower consumptionsignifi-

cantly comparedto a full-size network. The fact that the physicalnetwork hasonly

two rows is advantageousin therealizationof thePU (only edgecellsareused).This

is becauseonly six differentweightsoutof a3 � 3 templateneedto bebroughtinto an

edgecell. This canbe verified from Figures4.6 and4.9. The datais partitionedby

choppingmainly for two reasons.Firstly, whenprocessingchoppeddata,themapping

function is thesamefor oddandevendatablocks. Secondly, sincethereareno reg-

ular cells in the network, conveying the borderinformationbetweentop andbottom

row edgecells is easy. Furthermore,theorientationof thetemplatesdoesnot have to

bechangedwhenprocessingchoppeddata.Changingtheorientationof a templateis

time consumingwhenanalogmultipliersareused.

5.1.1 ProcessorArray and Supporting Hardware

Theimplementedmixed-modecellulararrayprocessoris depictedin Figure5.1.Cou-

pling strength(weight)memories,ADC controlsignalgenerator, decodersanda pro-

cessorarraycomposedof 2 � 72 identicalcoupledprocessingunits (PUs)areshown.

An externalcontrolunit is usedto controlthechipvia acontrolbusandabi-directional

databus.Thecontrolinterfaceto thechip is completelydigital. Theweightmemories

aredigital (SRAMs).TwentysevenD/A convertersareincludedto producetheanalog

weightvoltagesthatarefedto themultipliers.Theweightsaredigitally programmable

with eightbits. An asynchronouscontrolsignalgeneratoris usedto producethecon-

trol signalsfor the ADCs in the PUs. The signalsaregeneratedasynchronouslyon

chip so that fastconversionspeedscanalsobeobtainedwith a slow externalcontrol

unit. Theactualconversionspeedcanbemeasuredfrom outsidethechip via testsig-

nals. With aid of the row andcolumnactivation signalsproducedby the decoders,
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eachprocessingunit canberandomlyaccessedfor I/O operations.

Odd rows of input dataarewritten to top row PUsandeven rows of input data

to bottomrow PUs(partitioningby chopping).Thememoriesin the2 � 72 PUshave

Rb=36layersin orderto storethedatablocksassuggestedin Chapter4. Solidarrows

betweenthe PUs in Figure5.1 denotethe currentsthat areusedfor coupling. The

couplingsto theleft sideof theleftmostPUsandto theright sideof therightmostPUs

areconnectedasshown in Figure5.18.EachPU is composedof two parts:mainunit

C andborderunit B. Theborderinformationbetweentop andbottomrow edgecells

is exchangedassuggestedin Section4.2.2.2:theborderunit alongwith registercon-

nectionsrgi � 7 � 0� andrgo� 7 � 0� betweenthe main andborderunits of top andbottom

rows(dashedarrowsin Figure5.1)realizethevirtual spatialconnections.Theregister
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connectionstransferdatafrom differentlayersof PU memoryto theborderunits. As

statedearlier, only six weightsout of each3 � 3 convolutionmaskhave to bebrought

to a PU. Furthermore,currentsto only five directionsareconveyedoutsidethe PU,

sincetheself-feedbackcurrentis usedwithin thePU.This facilitatestheinterconnec-

tion wiring. The PUsin the top andbottomrows are identical,but the orientations

aredifferent(the top row PU is vertically flipped comparedto the bottomrow PU).

Theborderconditionis cyclic in thehorizontaldirectionsothat(xii � 0 � kk � xii � 72� kk and

xii � 73� kk � xii � 1 � kk). In the vertical direction,the borderconditionis zero(x1 � j j � 37 � 0

andx2 � j j � 0 � 0).

5.1.2 Structure of a Mixed-Mode ProcessingUnit

ThePU workssothat input currentsprovidedby analogmultipliersof theneighbor-

hoodPUsaresummedandA/D converted.Thedigitizedsumof currentsrepresents

the rateof changeof state(r i � j � n� or r �i � j � n � 1� ) andis usedto digitally integratethe

stateof thePU usingtheintegrator. Digital integratoroutputsareD/A convertedand

usedto producetheanaloglinear, quadraticandcubicactivationfunctionsthatcontrol

themultipliers.

Figure5.2shows thecontentsof a mixed-modePU drawn with bottomrow deno-

tations.Themainunit (denotedby C in Figure5.1) is composedof theintegratorand

blocksDAP1, MC18 andADC. Theborderunit (denotedby B in Figure5.1)consists

of blocksDAP2 andMB9. Also shown areregisterconnectionsrgi � 7 � 0� andrgo� 7 � 0� .The DAP blocksconvert a digital input into analoglinear, quadraticor cubicactiva-

tion functionswhich control the multipliers. The multiplier blocksMC18 andMB9

contain18 and9 analogmultipliers,respectively, which areusedto realizecouplings

betweenthe processingunits. Thearrows in the top partof thePU denotethe input

andoutputcurrents.For example,Ic33 equalsA � 1�33 x � A � 2�33 x2 � A � 3�33 x3 andis takento

a PU in NW direction. The integratorhastwo outputs:outputrgC (x � 7 � 0� ) controls

theD/A converterin DAP1 andrg B controlsintra PU busrgo� 7 � 0� . Furthermore,the

multipliers in MC18 arecontrolledwith outputsof DAP1 andx � 7� . Similarly, register

input rgi � 7 � 0� controlstheborderunit (DAP2 andMB9).

5.1.3 Integrator Realization

5.1.3.1 Structur eof the Integrator

Figure5.3 shows thestructureof the integratorthat is usedin thecellulararraypro-

cessor. It realizesHeun’s methodof integration. The timing diagramsof Figure5.3
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areusedin Section5.1.3.3.The integratorcontainsthreeSRAM memories(REG 1,

REG 2 and REGY), eachwith 36 ¥ 8 bits of storagecapacity(36 layers),and one

8-bit register(REGCMB). In additionto the memories,the integratorcontainsa 9-

bit full adder, switchesanda digital nonlinearblock. SinceFSRmodelis used,the

digital nonlinearblock limits thestatebetween-128and127. The integrationsteph

equals1 ¦ kA sincekD § 1 (seeEquation4.6). As indicatedin Equation4.5, the7-bit

datathat comesfrom the ADC is multiplied by two beforeit is fed to the integrator

sincebD ¨ bA § 1. Two’scomplementarithmeticis used.Consequently, thedatathat

comesfrom the ADC is in two’s complementform. Decoderoutputsignalsact © kkª ,
kk «¬© 1 ­ 36ª determinewhich datablock is beingprocessed.Signalswr 1, wr 2, wr y

andwr cmb(active HI) arethewrite signalsof registersREG 1, REG 2, REGY and

REGCMB, respectively. Signalsrg2 ct, add ct andout ct control the switchesthat

selectthe input of REG 2, the input of theadderandtheoutputof the integrator, re-

spectively. Theswitchesin thefigurearedrawn to their positionwhencontrolsignals

rg2 ct, add ct andout ct areHI.
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Figure5.4 SRAM with simultaneousoutputsfrom two layers(top row orientation).

5.1.3.2 Memory and Logic

Figure5.4 shows thestructureof SRAMsREG 1 andREGY which canbeaccessed

simultaneouslyfrom two layers. SRAM REG 2 is like REG 1 andREGY but with

only oneoutput.Only onebit perlayeris shown in thefigurefor thesakeof simplicity.

Input signalsa � L � ; L À � 1 � 36� , selecttheactive layerof memory. In thefigure,a � 1� is

active and thereforethe contentsof rg 1 and rg 2 are written to outputsrg � L � and

rg � L � 1� , respectively. Whena � 36� is active,outputrg � L � 1� is connectedto ground,

which is the real bordercondition. In a top row PU a � 1 � 36� � act � 1 � 36� , datablock

kk is written to layerL � kk andoutputrg � L � 1� containsthe dataof block kk � 1.

Thebottomrow PU(andtheintegratorwith it) is flippedvertically in contrastto a top

row PU,but theactivationsignalsarekeptin thesameorder(act � 1� beingthehighest).

Therefore,a � 1 � 36� � act � 36� 1� anddatablock kk is written to layerL � 36 � kk � 1.

Consequently, output rg � L � 1� containsdataof block kk � 1. This mappingis as

desiredin Section4.2.2.2. A pre-charging logic is usedto setthe voltagesat rg � L �
and rg � L � 1� to midpoint beforereading. The pre-charging logic is not shown in

Figure 5.4. The operatingvoltageof the integratorand the memoriesis 2.5V. The

switchesin Figures5.3 and 5.4 are realizedwith one transistorpass-gatesthat are

controlledby 3V control signals. The 2.5V outputsrg B and rgC arescaledto 3V

beforethey arefed to the DACs. The nonlinearblock is a conditionalpass-gate.If

themagnitudeof theinput to thenonlinearblock is largerthanallowed,anoutputof
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maximummagnitudeis passedthrough. Otherwise,the input datais passedto the

outputof thenonlinearblock.

Thefull adderthatwasusedin thechip realizationis shown in Figure5.5. Input

signalsA, B andC (carry)areadded,which yieldsoutputbits BIT OUT andC OUT

(carry). The full adderis realizedasa pseudoNMOS gate[1], sincetransistorsM7

and M12 are usedfor pull-up all the time. The bias voltagePU 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 consumesstaticpower. In orderto eliminatethestaticpower

consumption,this gatecaneasilybeturnedinto a latcheddominologic gate[2]. This

is accomplishedby addingkeepertransistors(shown dashedin the figure) and by

replacingPU BIASwith a clock signalandby increasingthe driving capabilitiesof

transistorsM7 andM12.

5.1.3.3 Processingof Data

The cellular array processorcanprocesslinear, quadraticand cubic feedbacktem-

platessimultaneouslywith theaidof Heun’sintegrationmethod.Theprocessorworks

asdescribedin thefollowing procedure.Theprocedureis carriedout sothat items3-

5 arerepeatedfor all datablocksbeforeenteringthe next item. The corresponding

timing diagramsareshown in Figure5.3. Thedurationsof thecontrolsignalsin the

figurearenot drawn to proportion.

1. Write initial statedatato registerREGY, settime index n to 1.

2. LoadthefeedbacktemplatesA Ä 1Å , A Ä 2Å andA Ä 3Å .
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3. UseregisterREGY to controlrgC andrg B (whichcontroltheDACs).Convert

the resultof the analogcomputationto digital (r i � j � n� ) andstoreit to REG 2.

Thenaddthecontentsof REGY andREG 2 andstoretheresultto REG 1.

4. UseREG 1 to controlrgC andrg B andperformanalogcomputing.Next, con-

vert the sum of currentsto digital (r �i � j � n � 1� ) and add it to the contentsof

REG 2. Divide the resultby two andstoreit to REGCMB. Write contentsof

REGCMB to REG 2.

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

to REGY.

6. Incrementn by unity, returnto item3 if n Æ nri; nri is thenumberof iterations.

7. Readtheresultof theprocessingfrom registerREGY.

All input-outputoperationsduringtheintegrationarelocal becausethememoriesare

locatedin the PUs. In orderto performa temporallycorrectintegration,datain all

blocks always hasto correspondto the sameiteration step. This holds for Heun’s

methodbecausewhendeterminingthe predictedstatex�i � j � n � 1� , REGY is usedto

control the DAC andresultsarewritten to REG 1. Similarly, whendeterminingthe

correctedstatexi � j � n � 1� , REG 1 controlstheDAC 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 thesimulationtime, for ex-

ample.Thesystemlevel simulationof themixed-modecellulararrayprocessorwould

beverytimeconsumingif ananalogsimulationtool, suchasHSPICE,wouldbeused.

In thefollowing, themeansthatwereusedto simulatethecellulararrayprocessorare

summarized.

First, thequantitativeperformanceof individualcircuit blocks,suchasmultipliers

andlogic gates,wassimulatedwith HSPICE.Then,thequantitativesimulationswere

extendedto combinationsof circuit blocksto anextendthatwasreasonablein termsof

computingtime. A lot of effort wasdevotedto verify thecorrectinteractionbetween

groupsof circuits.After theoperationof aPUwasverifiedusingsimpletests,amodel

of the wholenetwork wasprogrammedusingMATLAB. Then,network level simu-

lationswereperformedusingtheMATLAB model. This simulationstrategy worked

well in thesimulationsof this thesis.
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5.2 Analog Arithmetic Cir cuits

This sectiondealswith designof the analogarithmeticcircuits of the cellular array

processor. An overview of theaspectsthataffect theaccuracy of thecircuitsis given.

This is followedby descriptionsof theanalogmultiplier andthecircuitsthatareused

to producethequadraticandcubicterms.Sinceadigital integratoris used,thesignof

thestateof aPUis knownatall times.Consequently, analogmultiplicationandanalog

quadraticandcubictermscanbeproducedquitestraightforwardlyin onequadrantand

four-quadrantoperationis obtainedby digitally steeringthecurrentinto a positive or

negativesumnode.Therefore,thecomplexity of analogcircuitsis reducedat thecost

of increaseddigital hardware. Experimentalresultsof the analogarithmeticcircuits

areshown in Section5.5.2.

5.2.1 Accuracy

Theaccuracy of analogcircuits relatesdirectly to theaccuracy of thesemiconductor

modelsthat areusedto describethe circuits. In addition to this, randomtemporal

fluctuations(noise)in the performanceof a circuit have an effect on the accuracy.

Furthermore,randomdifferencesin nominallyidenticaltransistorsaffecttheaccuracy.

Theaccuracy of theanalogcircuitsanddataconvertersaffectsthedigital rateof

changeof stateri i � j � n� (seeSection4.1) and, furthermore,the systemlevel perfor-

manceof thenetwork. Whenthe nonlinearity, mismatchandnoiseof the circuit are

known, theerrorin ri i � j � n� canbestatisticallymodeled[4] andusedto modelthenet-

work level performance.Theaccuracy of theanalogcircuitsanddataconverterscan

beobservedfrom themeasurementresultsof Section5.5.2.

5.2.1.1 Effect of Transistor Models

Theaccuracy of analogcircuit designis affectedby themodelsandmodelparameters

(obtainedfrom the processvendor)that areusedto describethe devices. The basic

characteristicsof MOS transistorsin saturationandlinear regionscanbe described

using simple equationsthat are well suitedfor handcalculations. However, when

usingprocesseswith small gatelengths,several deviationsfrom the simplemodels

needto beconsideredin thedesignprocess.In thefollowing, someimportantsecond-

ordereffectsarebriefly reviewed.A descriptionof theseeffectsis availablein [5], for

example.Ç
Thethresholdvoltageof a transistordecreasesasthechannellengthdecreases.

This is becausethedepletionregionsof the sourceanddrainextendunderthe
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gateandtake part in inverting the channel.The larger the channellength,the

lesssignificantthis phenomenon,andthelargerthethresholdvoltage.Ç
Thethresholdvoltageof a transistordecreasesasa functionof thedrain-source

voltage. This is becausea large drain voltagedraws minority carriersto the

conductingchannelin a similar fashionasthegatevoltage.This phenomenon

is denotedasdrain-inducedbarrierlowering (DIBL). Again, for largechannel

lengthsthiseffect is lesssignificant.Ç
Themobility of carriersin thechannelof a MOS transistordegradesasa func-

tion of the electricfield that is appliedperpendicularto the channel(vertical

field). High verticalfieldsattractminority carriersinto a thin layernext to the

oxideandcollisionsreducethespeedof thecarriers.Ç
Themobility of carriersin thechannelof a MOS transistordegradesasa func-

tion of the electricfield that is appliedin the directionof the channel(lateral

field). Theaveragespeedof carriersin thechannelis a productof themobility

andthelateralelectricfield. However, themaximumaveragespeedis bounded

below speedssmallerthanabout107cm/s.Therefore,whenusingdeviceswith

shortgatelengths,themobility is degradedwith rathersmalldrain-sourcevolt-

ages.Ç
High lateralfieldstendto increasethespeedof a carrier. Evenif themaximum

averagespeedof carriersin the channelis bounded,individual electronscan

reachhigh speedsand,consequently, obtainhigh kinetic energies. Thesehigh

energy (hot) electronscollide with silicon atomsand the collisions extricate

electron-holepairs(impactionization),which contributeto drainandsubstrate

currents.Someof thehot electronsmayacquireenoughenergy to go through

theoxideyielding a nonzerogatecurrent. The presenceof hot carriershasan

impacton thelong-termreliability of thedevices.Ç
The effective channellengthof a transistorreduceswith drain-sourcevoltage

sincethepinch-off point movesfurther into thechannel.Theshorterthechan-

nel, themoresignificanttheeffect on theeffective gatelength. Becauseof the

short-channeleffect the,outputimpedanceof a transistorincreaseswith drain-

sourcevoltage.However, asdrain-sourcevoltageis furtherincreased,theDIBL

andhotcarriereffectstendto lower theoutputimpedanceof thedevice.

Theanalogcircuitsin this thesisweredesignedsothatfirst thecircuitsweredescribed

usingsimpleequationsin handanalysis.The impactof the second-ordereffectson
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thebehavior of thecircuitswasconsideredqualitatively. Thenthecircuitsweresim-

ulatedusingHSPICEwith level 50 parameters(Chapter5) or ELDO with level 59

parameters(Chapter6). Theseparametersallow an accuratecharacterizationof the

second-ordereffectsof the transistorsalso. The circuits in Sections5.2.4and5.2.5

arebiasedto weakinversionregion. Therefore,alsotheEKV modelthatcanmodel

thedraincurrentof a transistorin weak,moderateandstronginversionregionsusing

oneequationwasusedin the handanalysis. Despiteof carefulprocesscharacteri-

zationandcircuit design,the realcharacteristicsof a circuit canonly berevealedby

measuringanimplementedchip.

5.2.1.2 Noiseand Interfer ence

Reference[6] showedthatnoisedoesnot limit theaccuracy of ananalogCNN. How-

ever, if precautionsarenot taken, this may not be the casein a mixed-modedesign.

This is because,even if the noiseof the analogdeviceswerenegligible, noise(in-

terference)causedby the digital gatesmay be significant. In many digital CMOS

processes,n-typetransistorsarenot built in a well. Also, a low resistivity substrateis

requiredto preventlatch-up.Sincethedrainof anNMOS is coupledto thesubstrate

via thedrain-bulk capacitance,andthesubstrateis connectedto globalgroundvia an

inductor(bondingwire), switchingdigital gatesintroducenoiseto thesubstrate.Also,

high currentpeaksdrawn by standarddigital gatesduringswitchingfurtherintroduce

noiseto the analogground/substrate.Additionally, capacitive couplingbetweenfast

switchingdigital signallinesandanalogsignalsintroducenoiseif precautionsarenot

takenduringthelayoutphase.Therearemethodsto reducesubstratenoise,for exam-

ple, isolationwith guardrings[7]. Also, low noisecurrentmodelogic [8] canbeused

in thedigital gatesto reducethetransientcurrents.Thegoodthing in a mixed-mode

CNN is that,duringanalogcomputation,theonly digital logic thatis allowedto switch

is in theA/D converters.In thefollowing, it is assumedthatwith a carefuldesignof

thedigital partsin theA/D converters,noiseis notanaccuracy-limiting factor. In this

thesis,layouttechniqueswereusedto reducetheinterference(seeSection5.4.2).

5.2.1.3 Mismatch

Processingvariationsintroducerandomvariationsto transistorparameters.Therefore,

theeffectof devicemismatchonaccuracy is amajorissuewhenit comesto sizingthe

devices. In this thesis,thresholdvoltageandcurrentfactormismatchareconsidered

andtheaccuraciesof theanalogcircuitsarederivedwithin thepresenceof thesenon-

idealities. Device mismatchdueto distanceof devicesis omitted. The variancesof
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thethresholdvoltageandcurrentfactormismatchesweredefinedin [9] as

σ2 � ∆Vt �+� A2
Vt

W � L � 2σ2 � Vt � (5.1)

and È
σ � ∆β �

β É 2 � A2
β

W � L � 2

È
σ � β �

β É 2 � (5.2)

whereAVt andAβ areprocess-dependentconstants.σ2 � ∆Vt � is the varianceof the

thresholdvoltagebetweentwo nominally identicaldevicesandσ2 � Vt � is thevariance

of thresholdvoltageof anindividualdevice. Thevariationsof thedevicesareassumed

normallydistributedandindependent.Thevariancesof thecurrentfactoraredefined

similarly.

Evenif themismatchof theanalogtransistorsin this thesisis describedwith the

modelof Reference[9], it is usefulto acknowledgethatthemodelhassomeshortcom-

ingswhentransistorsof differentgeometriesandoperatingpointsaredescribed.Re-

searchis ongoingin orderto improvethesimplemismatchmodelof Reference[9]. In

Reference[10], theeffectof theaspectratioof thetransistorchannelfor themismatch

wasinvestigatedandReference[11] demonstratedamismatchmodelthatcanbeused

in all operatingregionsof a transistor. Themismatchmodelsin References[9], [10]

and[11] usethresholdvoltageandcurrentfactormismatchesto characterizethetran-

sistormismatch.Reference[12] proposeda mismatchmodelthat is basedon varia-

tionsof processparameters.It is saidthataprocessparameter-basedmismatchmodel

givesmoreaccuracy in predictingthematchingof devicesof differentgeometriesand

biasingconditions.

Oncethe mismatchof an individual transistoris known, the effect of transistor

mismatchto thecircuit performanceneedsto besought.Differentmethodsfor identi-

fying whichtransistorsin acircuit areleasttolerantto mismatchhavebeendeveloped.

Reference[13], for example,describesanalgorithmfor identifyingmismatch-relevant

transistorpairs. In Reference[14], theeffect of a mismatchof individual transistors

to circuits, and,furthermore,to systemswasderivedanalytically. In this thesis,the

analogcircuits arerathersimpleandsingle-ended.Therefore,it is quite straightfor-

ward to apply the methodof Reference[14]. Sincea currentmirror is extensively

usedin thecellulararrayprocessor, themismatchof a currentmirror is shown in the

following.

The differenceof drain-sourcecurrentsin a currentmirror with two nominally

identicaltransistorscanbederivedto [14]



72 Mixed-Mode Cellular Array ProcessorRealization

M_out

VSS
Ê

M_in

Iin+ Iout +σ(Ë I in) σ(Ë Iout)

Figure5.6 Currentmirror.

∆Ids � ∂Ids
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∆β � ∂Ids

∂Vt
∆Vt � Ids

∆β
β � gm � ∆Vt � (5.3)

Thecorrespondingstandarddeviationof thecurrentof anindividual transistoris

σ � Ids �]� 1Ì
2 Í

È
Ids

σ � ∆β �
β É 2 � È

Ids
gm � σ � ∆Vt �

Ids É 2 � (5.4)

Now considerthe currentmirror shown in Figure5.6. Assumethat input transistor

M in is composedof Uin identical(unit) transistorsin parallelandthatUout parallel

unit transistorsareusedto constructtheoutputtransistorM out. In Figure5.6,σ � Iin �
andσ � Iout � arethestandarddeviationsof theinput andoutputcurrentsof thecurrent

mirror. Themirror factor(gain)of the currentmirror is A � Uout � Uin. Thestandard

deviationof thecurrentthrougha unit transistoris simplifiedto

σ � Ids� unit �+� 2Iin � AVtÌ
2 � W � L � � Vgs � Vt � � (5.5)

Equation5.5 is simplified comparedto Equation5.4, underthe assumptionthat the

effectof thecurrentfactormismatchis insignificantcomparedto thethresholdvoltage

mismatch.This assumptionis reasonableif relatively small gateoverdrive voltages

areused.In thatcase,theeffectof thresholdvoltagemismatchis dominantcompared

to the effect of the current factor mismatch[14]. This assumptionis utilized also

elsewherein this thesis. The standarddeviation of the outputcurrentof the current

mirror canbedeterminedto

σ � Iout �)� Í A
Uin

� σ � Ids� unit �Î� 2 � A2 Ï � σ � Iin �*� 2 � 1
Uin

� σ � Ids� unit �*� 2 Ð � (5.6)

wherethe first term is due to the variancesof the parallel output transistors. The

secondandthird termsin Equation5.6correspondto thevariancesof theinputcurrent

andtheinput transistors,respectively.



5.2Analog Arithmetic Cir cuits 73

The mismatch-relevancy of individual transistorscanbe reasonedfrom the mis-

matchmodelsof thecircuits.MismatchparametersAVt andAβ werenot availablefor

the processthat wasused. However, suggestive quantitative estimatesof mismatch

werecomputedfor thecircuitsof Sections5.2.3,5.2.4and5.2.5. In thecalculations,

themismatchparametersAVt andAβ wereestimatedto 6mVµm and1.8%µm, respec-

tively. TheseestimatesarebasedonReferences[6] and[9]. Themismatchparameters

of p- andn-typetransistorswereassumedequal.

5.2.2 Choiceof Multiplier for a Mixed-Mode CNN

5.2.2.1 Commonly UsedMultipliers in ProgrammableCNNs

In CMOSrealizationsof programmableCNNs,multiplierswith themultiplying tran-

sistoroperatingin the linear region arecommonlyused.Even if the linear region is

selected,a choicebetweenmany differenttypesof multipliers still exists [15]. The

20 � 20CNN [16] useda two-quadrantdifferentialtransconductancemultiplier multi-

plexedto four-quadrantoperation.Being capableof effectively suppressingsecond-

ordernonlinearcomponents,this multiplier provideshigh linearity at thecostof low

signalto biasratio andlargesize. In mostcases,suchhigh linearity is not neededin

a CNN, soit is worth investigatingotheralternatives.A one-transistor, four-quadrant

multiplier [17] was usedin, for example,circuits of References[18] and [19]. It

highlightsa compactsize,rathergoodsignalto biasratio, sufficient linearity andan

inherentfour-quadrantoperation.Thedownsidesarethatacurrentconveyor is needed

in eachcell andthatresistivevoltagedropsaffect theweightdistribution.

5.2.2.2 Multiplication in a Mixed-Mode CNN

In a mixed-modeCNN, analogcircuitsareusedto carrythemaincomputationalbur-

den; thesearecomplementedwith digital circuits. The emphasisis on usingsimple

analogcircuitsto makethedesignefforts leadingtowardslow operatingvoltageseas-

ier. Also, if the analogcircuits are simple, it may be possiblethat designscould

be re-usedin different silicon processeswithout major modificationsin the circuit

topologies.In additionto this, compactsizeandlow powerconsumptionareobvious

requirements.Whenthemultiplicationschemeis consideredfor amixed-modeCNN,

it is importantto noticethatthesignof cell outputis known atall times.Consequently,

aone-quadrantmultiplier canbeusedandfour-quadrantoperationcanbeobtainedby

steeringtheoutputcurrentof theone-quadrantmultiplier to apositiveor negativesum

node.This mayleadto a goodcompromisebetweencompactness,signalto biasratio
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andaccuracy. A one-quadrantmultiplier is alsoeasyto usewith one-quadrantcir-

cuitsusedto producethepolynomialterms.A one-quadrantanalogtransconductance

multiplier waschosenfor thecellulararrayprocessorrealization.It is a single-ended

variantof themultiplier usedin [16].

5.2.3 Multiplier Structure

Figure5.7depictsafour-quadrantmultiplier thatusesananalogone-quadranttranscon-

ductancemultiplier, currentsteeringswitchesanddigital logic. Theonequadrantmul-

tiplier is composedof analogtransistorsMR, M1 andM2. TransistorMR is usedto

convert currentIin to voltage. TransistorM1 is biasedto the linear region andtran-

sistorM2 (in saturation)setsvoltageVds� 1 (drain-sourcevoltageof transistorM1) to a

valuethatcorrespondsto thedesiredweight.BiasvoltageVr is usedto setthechannel

resistanceof transistorMR to a desiredlevel andbiasvoltageVc setsthebiascurrent

of transistorM1. Multiplier biasvoltagesVr andVc areglobally denotedasVRESX1

andVCMX1 (seeTableB.8). BecausetheweightvoltageVw is connectedto thegate

of transistorM2, it doesnot draw any current. However, biasvoltageVc is attached

to the sourceof transistorMR. Therefore,the driver of voltageVc hasto be strong

enough,while resistivedropsin thedistributionof voltageVc haveto beminimizedin

thelayoutphase.VoltagesVc, Vr andVw arereferencedto VSS.

Four-quadrantoperationis obtainedusing transistorsM3-M6 that steercurrent

Id to oneof four scalingnodes. In thesescalingnodes,the currentis scaledby 1,

4, -1 or -4 using currentmirrors, and the scaledcurrentsare combined. The bias

currentcomponentof thecombinedcurrentis removedby sampling(seeSection5.3).

Thecurrentscalingcircuits1X, 4X, � 1X and � 4X aresharedby severalmultipliers.

SignalsS� , S4� , S� andS4 � control the currentsteeringtransistorsM3, M4, M5

andM6. Thedigital control logic usesthesignbit of input data(x � 7� or rgi � 7� ), sign

bit of weightWsign andmsbof weightWmsbasinputs.Thecontentsof controlblocks

CT1-CT4 areshown in Figure5.7 surroundedby a dottedline. Pull-down transistor

MC is biasedto weak inversionso that a low static power dissipationis obtained.

Inputsa andb areconditionalpull-up signals.Laterin thissection,simulationresults

of theone-quadrantmultiplier areshown. Thesimulationswerecarriedout by using

HSPICElevel 50 parametersof a standard0.25µmdigital CMOS processanda 3V

operatingvoltage.
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Figure 5.7 One quadrantmultiplier, currentsteeringswitchesandcontrol logic. The sizes
(W Ú L, in µm) of theanalogtransistorsarealsoshown.

5.2.3.1 Input-Output Characteristics

Theone-quadrantmultiplier of Figure5.7is composedof anI/V converterandavari-

ablegainV/I converterin cascade.Thetransfercurveof theI/V converter(transistor

MR) is obtainedby notingthatVgsÛ 1 Ü VdsÛR Ý Vc. SincetransistorMR is biasedto the

linearregion,voltageVgsÛ 1 canbederivedto

VgsÛ 1 Ü Vr Þ Vt ÛR Þ�ß à Vrc Þ Vt ÛR á 2 Þ 2Iin
βR â (5.7)

whereβR Ü µnCoxWR ã LR is the current factor of transistorMR andVrc Ü Vr Þ Vc.

Thechannelresistanceof transistorMR, namelyRR, is definedas∂VgsÛ 1 ã ∂Iin. It can

be verified that ∂RR ã ∂Iin and ∂2RR ã ∂I2
in are positive. Therefore,RR increasesas a

functionof Iin sothat thespeedof increaseof RR alsoincreaseswith Iin. This canbe

observedfrom thedashedcurvein Figure5.8thatshowsVgsÛ 1 asa functionof current

Iin.

As a first-orderapproximation,thecurrentthroughtransistorsM1 andM2 is

Id Ü β1 à VgsÛ 1 Þ Vt Û 1 á VdsÛ 1 Þ β1
V2

dsÛ 1
2 â (5.8)

where

VdsÛ 1 Ü Vw Þ Vt Û 2 Þ¬ä 2Id ã β2 å (5.9)

Therefore,voltageVdsÛ 1 decreaseswith currentId . Thefact thatVdsÛ 1 is a functionof

Id causesnonlinearitybecausereductionin VdsÛ 1 is equivalentto loweringtheweight.
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Whatfurtherdecreases∂Id ã ∂VgsÛ 1 with Id is thatthemobility of electronsof transistor

M1 is reducedasa functionof gatevoltagedueto theverticalelectricfield. However,

the nonlinearityof the I/V converter counteractsthis and somelinearizationtakes

place.Figure5.8showssimulationsof Id vs. Iin with weightvoltagesVw rangingfrom

0.55Vto 0.75Vwith incrementsof 50mV.

TransistorM1 is in the linear region if VgsÛ 1 æ VdsÛ 1 Ý Vt Û 1. SinceVdsÛ 1 increases

with Vw, transistorM1 is closerto saturationregion thelargertheweightandsmaller

the input. Closeto saturation,thecurrentthroughtransistorM1 is a combinationof

characteristicsof thelinearregion (Equation5.8)andsquarelaw characteristics.The

squarelaw term counteractsthe effect of the term Þèç Id in Equation5.9 andsome

linearizationtakesplace. This canbe seenfrom the top solid curve (corresponding

to largestweight,closestto saturation)in Figure5.8. First the curve bendsupwards

(effect of thesquarelaw term)and,whenIin é 1µA, theeffect of thesquarelaw term

becomeslesssignificantthanthesquareroot termof Equation5.9andthecurvestarts

to turn downwards. Even if somelinearizationtakesplace,in someapplicationsthe

linearity of this multiplier maynotbeadequate.

Thesignalto biasratioof thesimulatedone-quadrantmultiplier increasesapprox-

imatively linearly with the weight, being0.6 with Vw Ü 0 å 55V and3.8 with weight

Vw Ü 0 å 75V. In orderto keepthe signalto biasratio aslargeaspossible,the weight

rangeis extendedby scalingthecurrentconditionallyupby four. If comparedto atwo

quadrantmultiplier, theinputvoltagerangeof theV/I converteris effectively doubled

becausetheinput rangeis folded. Thatis becauseonly half of thetotal input voltage

rangehasto fit into thelinearregionof theV/I converter. Also, whena four-quadrant

multiplier is formedby multiplexing a one-quadrantmultiplier, thenonlinearitiesare

odd-symmetricaroundorigin.

5.2.3.2 Accuracy

Next, theaccuracy of themultiplier is determined.Theaccuracy of theI/V converter

is assessedby usingasimplifiedexpressionfor thevoltageovertransistorMR, namely

VdsÛR Ü Iin
βR à Vrc Þ Vt ÛRá'â (5.10)

whereVrc Ü Vr Þ Vc. Variationof VdsÛR in two nominally identicaltransistorsMR due

to mismatchis determinedto

∆VdsÛR Ü ∂VdsÛR
∂βR

∆βR Ý ∂VdsÛR
∂Vt ÛR ∆Vt ÛR Ý ∂VdsÛR

∂Iin
∆Iin â (5.11)
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Figure5.8 Multiplier transfercurvesandVgsê 1 vs. Iin.

which yields

∆VdsÛR Ü VdsÛR ë Þ ∆βR

βR
Ý ∆Vt ÛR

Vrc Þ Vt ÛR Ý ∆Iin
Iin ì å (5.12)

Thestandarddeviationof voltageVdsÛR is thus

σ à VdsÛRá+Ü VdsÛRç 2
ß ë σ à ∆βRá

βR ì 2 Ý ë σ à ∆Vt ÛR á
Vrc Þ Vt ÛR ì 2 Ý ë σ à ∆Iin á

Iin ì 2 å (5.13)

Thisispresentatthegateof transistorM1. Therefore,theaccuracy of theI/V converter

is optimizedby using a large gateoverdrive voltage. The differenceof current Id
betweentwo identicalmultipliersis describedby

∆Id Ü ∂Id
∂β1

∆β1 Ý ∂Id
∂VdsÛ 1 ∆Vt Û 2 Ý ∂Id

∂VgsÛ 1 ∆VdsÛR å (5.14)

The thresholdvoltagemismatchof transistorM1 is not consideredbecauseit affects

thebiascurrentof themultiplier andis removedby sampling.Also, thecurrentfactor

mismatchof transistorM2 is omittedsinceVgsÛ 2 is small (β2 is large). The relative

standarddeviationof currentId canbeapproximatedusing

σ à Id á
Id

Ü ß ë σ à β1 á
β1 ì 2 ÝFë σ à Vt Û 2 á

VdsÛ 1 ì 2 Ýíë σ à VdsÛRá
VgsÛ 1 Þ Vt Û 1 ì 2

(5.15)
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wherethe first andthird termsaredeterminedusingEquation5.8 andby assuming

thatVdsÛ 1 î VgsÛ 1 Þ Vt Û 1. Thus,the relative standarddeviation of Id is minimizedby

usinglargeweights.Also, therangeof VgsÛ 1 shouldbeaslargeaspossible.However,

therangeof VgsÛ 1 is constrainedby linearity requirements.

CurrentId is mirroredonceor twice dependingon thesignof themultiplication.

Assumingthat Uin is unity and that identical (unit) transistorsare usedin parallel,

accordingto Equation5.6,therelativestandarddeviationsof theoutputcurrentof the

multiplier with scalingfactors1, 4, -1 and-4 are

σ à Iout Û 1 á
Iout Û 1 Ü 1

Iout Û 1 ï à σ à Id áÎá 2 Ý 2 à σ à IdsÛ P áÎá 2 â (5.16)

σ à Iout Û 4 á
Iout Û 4 Ü 1

Iout Û 4 ð 16 ñ à σ à Id áÎá 2 Ý à σ à IdsÛ P á*á 2 ò Ý 4 à σ à IdsÛ P áÎá 2 â (5.17)

σ à Iout Û ó 1 á
Iout Û ó 1

Ü 1
Iout Û ó 1 ï à σ à Iout Û 1 á*á 2 Ý 2 à σ à IdsÛN áÎá 2 (5.18)

and

σ à Iout Û ó 4 á
Iout Û ó 4

Ü 1
Iout Û ó 4 ï à σ à Iout Û 4 áÎá 2 Ý 2 à σ à IdsÛN á*á 2 â (5.19)

respectively. Termsσ à IdsÛ P á andσ à IdsÛN á in Equations5.16- 5.19arethestandardde-

viationsof currentsin p- andn-typeunit transistorsin saturation.Usingtheequations

provided,theaccuracy of themultiplier canbeestimated.

Table5.1 shows numericalestimatesof relative standarddeviationsof theoutput

currentof themultiplier andvoltagesthatwereusedin theestimation.Thestandard

deviationsweredeterminedusingthe largestweightandthemaximuminput current

that wereusedin the simulationof Figure5.8. The estimationsarebasedthe equa-

tionsaboveandthevoltagelevelsareobtainedfrom thesimulationof Figure5.8.The

currentmirrors in thesumblock of Figure5.13arecomposedof p- andn-typetran-

sistors,the sizes(W ã L, in µm) of which are6/2.5and5/3. Using thesedimensions

andagateoverdrivevoltageof 250mV, standarddeviationsσ à IdsÛ P á andσ à IdsÛN á were

computed.In Section5.5.2,therelativestandarddeviationat theoutputof amultiplier

wasmeasuredto 4.4%. Theestimatedandmeasuredresultscannotbecompareddi-

rectly becausethemeasuredfiguresalsoincludethedeviationsof thedataconverters.

However, they arein thesameorderof magnitude.
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Voltageor Ratio Value@ maximumIin
Vrc Þ Vt ÛR 1500mV

VdsÛR 420mV
σ ô ∆Iin õ

∆Iin
0

σ à VdsÛRá 1.8mV
VdsÛ 1 70mV

VgsÛ 1 Þ Vt Û 1 510mV
σ ô Id õ

Id
3.62%

σ ô Idsö P õ
Idsö P 0.88%

σ ô Idsö N õ
Idsö N 0.88%

σ ô Iout ö 1 õ
Iout ö 1 3.82%

σ ô Iout ö 4 õ
Iout ö 4 3.75%

σ ô Iout ö ÷ 1 õ
Iout ö ÷ 1

4.02%
σ ô Iout ö ÷ 4 õ

Iout ö ÷ 4
3.95%

Table 5.1 Relative standarddeviationsof theoutputcurrentof themultiplier andvoltagesthat
wereusedin theestimation.

5.2.4 Cir cuit for Producing the Quadratic Term

Sinceone-quadrantanalogoperationis requiredfrom the circuit for producingthe

quadraticterm,thebiascurrentsarelow comparedto, for example,thetwo-quadrant

currentsquarerof [21]. In the following, the currentsquarerthat was usedin the

cellulararrayprocessoris analyzedandsimulationresultsareshown.

5.2.4.1 Curr ent Squarer

Thequadratictermwasrealizedusinga circuit shown in Figure5.9. TransistorsMR

(I/V converter)andM1 (nonlinearV/I converter)producethesquareof theinput cur-

rent andtransistorsM2 andM3 mirror the outputcurrentIx2 to a multiplier. P-type

transistorMR is biasedto thelinearregionsothatVr Þ Vc ø Vt ÛR. Thecurrentthrough

transistorMR is

Iin Ü βR ù V2
sdÛR
2 Ý à Vcr Ý Vt ÛRá VsdÛRú â (5.20)

whereβR Ü µpCoxWR ã LR is thetransconductanceparameterof transistorMRandVcr Ü
Vc Þ Vr . ThebiasvoltagesVr andVc arechosensothatVcr Ý Vt ÛR is muchlargerthan

VsdÛR, sothattheI/V converteris approximatelylinear. TransistorM1 is biasedinto the

weakinversionregionusingbiasvoltagesVc andVss2. BiasvoltagesVr , Vc andVss2
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Figure5.9 Thecircuit for generatingthequadratictermof cell outputcurrent.Thesizes(W Ú L,
in µm) of thetransistorsarealsoshown.

of thecurrentsquareraregloballydenotedasVRESX2,VCMX2 andVSS2. They are

referencedto VSS(bulk). Thecurrentthrougha transistorcanbeaccuratelymodeled

by theEnz-Krummenacher-Vittoz(EKV) transistormodel[22], but theEKV modelis

alsousefulin handcalculations.Thatis becauseoneequationcanbeusedto describe

thecurrentof a transistorin weak,moderateandstronginversionregions.Thecurrent

throughtransistorM1 is

IM1 Ü IS � ln ë 1 Ý exp � Vp Þ VsÛ 1
2UT �7ì�� 2 â (5.21)

whereUT is the thermalvoltage,VsÛ 1 Ü Vvss2, IS is a specificcurrentproportionalto

slopefactorns andVp is the pinch-off voltageproportionalto Vg Ü VsÛR. The slope

factoris

ns Ü 1 Ý γä Vp Ý 2ΦF â (5.22)

whereγ is thebodyeffectfactorandΦF is thebulk Fermipotential.In theEKV model

all voltagesarereferencedto bulk.

Equation5.21shows thatasvoltageVg (andconsequentlyVp) increases,thecur-

rent characteristicsof transistorM1 shift continuouslyfrom the exponentialcurrent

growth of weakinversionto squarelaw characteristicsof stronginversion.Thevolt-

agerangeof Vg hasto becarefullyselectedin orderfor IM1 to obtaincloseresemblance

to aquadraticcurrent.TransistorM1 is biasedinto weakinversionsothatδIM1 ã δIin at

Iin Ü 0 wouldbeassmallaspossible,while with Iin æ 0 thecurrentwouldhaveaclose

resemblanceto anidealquadraticterm.BecausetransistorM1 is biasedinto theweak

inversionregion, the operatingpoint currentis small. Comparisonof the HSPICE-

simulatedandidealquadratictermsof Figure5.10shows thatthesimulatedquadratic
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Figure5.10 Simulatedandidealquadraticandcubicterms.

termapproximatesfairly well to theidealquadraticterm.In thesimulations,a3V op-

eratingvoltageandlevel 50parametersof a0.25µmdigital CMOSprocesswereused.

Thevoltagerangeof Vg Û 1 wasfrom 600mVto 920mV(referencedto bulk) andVss2

was0.1V. Thenominalthresholdvoltageof ap-typetransistorin theprocessis 0.55V.

Themeasuredandidealquadratictermsareavailablein Figure5.23for comparison.

5.2.4.2 Accuracy

Next, the accuracy of the currentsquareris determined.The standarddeviation of

VsdÛR of transistorMR is

σ à VsdÛR á+Ü VsdÛRç 2
ß ë σ à ∆βRá

βR ì 2 Ý ë σ à ∆Vt ÛR á
Vcr Ý Vt ÛR ì 2 Ý ë σ à ∆Iin á

Iin ì 2 å (5.23)

It wasderivedusingEquation5.20by assumingthatVsdÛR î Vcr Ý Vt ÛR. LikeEquation

5.13,Equation5.23alsois minimizedwith largegateoverdrive voltages.The stan-

darddeviationof currentIM1 of thecurrentsquarerwasdeterminedsothatthecurrent

factormismatchof transistorM1 wasdiscardedandthresholdvoltagemismatchwas

used.That is becauseVg Û 1 is smallandthe thresholdvoltagemismatchcannotbere-

movedby samplingbecauseof thenonlinearV/I characteristicsof transistorM1. The

squarelaw equationof the stronginversionregion wasusedin computingthe stan-

darddeviation of IM1 sincethe transistoroperatesmostly in this region. Therelative

standarddeviationof thecurrentwith largevaluesof Iin canbeapproximatedby
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Voltageor Ratio Value@ maximumIin
Vcr Ý Vt ÛR 950mV

VsdÛR 320mV
σ ô ∆Iin õ

∆Iin
, currentsquarer 0
σ à VdsÛR á 1.5mV

VgsÛ 1 Þ Vt Û 1 260mV
σ ô Ix2 õ

Ix2
2.02%

σ ô ∆Iin õ
∆Iin

, multiplier
σ ô Ix2 õ

Ix2
σ ô Iout ö 4 õ

Iout ö 4 4.1%
σ ô Iout ö ÷ 4 õ

Iout ö ÷ 4
4.29%

Table5.2 Relativestandarddeviationsof theoutputcurrentof acurrentsquarerandtheoutput
currentof a multiplier thatis controlledby a currentsquarer. Also shown arethevoltagesused
in computingtheestimate.

σ à IM1 á
IM1

Ü 2à VgsÛ 1 Þ Vt Û 1 á ï à σ à Vt Û 1 á*á 2 Ý à σ à VsdÛRá*á 2 â (5.24)

whereVgsÛ 1 Ü Vc Ý VsdÛR Þ Vss2. Sincetheoutputcurrentof transistorM1 is sensitive

to the gateoverdrive voltage,the swing of VgsÛ 1 shouldbe aslarge aspossible.The

standarddeviation at the outputcurrentof the currentsquarerσ à Ix2 á is obtainedby

addingthecontributionsof transistorsM2 andM3 to σ à IM1 á . Whena currentsquarer

is usedto control a multiplier, the standarddeviation of the output currentof the

multiplier increases.Table5.2 shows theestimatedrelative standarddeviation of the

currentsquarer. It also shows an estimateof the relative standarddeviation of the

output currentof a multiplier that is controlledby a currentsquarer. The voltages

usedin theestimatesarefrom thesimulationshown in Figure5.10. In Section5.5.2,

themeasuredrelativestandarddeviationof a multiplier thatis controlledby a current

squarerwasdeterminedto 7.3%. Evenif themeasuredfigure includesthedeviations

of the dataconverters,the estimateproducedanalytically is too optimistic. This is

probablybecausetransistorM1 in the currentsquareris biasedto weak inversion

regionandthesimplesquarelaw modelof Equation5.24is notaccurateenough.It is

alsopossiblethatin themeasurementtheinternalsignalrangesof thecurrentsquarer

werenot thesameasin thesimulations.

5.2.5 Cir cuit for Producing the Cubic Term

Figure5.11shows the circuit usedfor producingthe cubic term of input currentIin.

The circuit is otherwisesimilar to that usedfor the quadraticterm but in this case
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Figure5.11 Thecircuit for generatingacubictermof inputcurrentIin. Thesizes(W Ú L, in µm)
of thetransistorsarealsoshown.

the input currentIin is convertedto a voltagewith ann-typetransistorMR andVsÛ 1 is

connectedto ground. Bias voltagesVr andVc of the circuit areglobally denotedas

VRESX3 andVCMX3. In Section5.2.3,it wasshown that thechannelresistanceof

n-typetransistorMR increasesasa functionof Iin, sothat thespeedof theincreaseis

fasterthe largerVdsÛR is. This providesextra boostto ∂IM1 ã ∂Iin at large Iin andhelps

theoutputcurrentgainresemblanceto theidealcubicterm.Thiscanbeverifiedfrom

Figure5.10,which shows theHSPICEsimulatedandidealcubicterms.Again,since

theoperatingpointof transistorM1 is biasedinto theedgeof thesubthresholdregion,

the biascurrentis very small. The voltagerangeof VgÛ 1 extendedfrom 460mV to

780mV. Thenominalthresholdvoltageof ann-typetransistoris 0.56V. Theaccuracy

of the circuit canbe definedasfor the circuit for producingthe quadraticterm. An

estimatewascomputedfor the relative standarddeviation at theoutputof thecircuit

for producingthecubictermandfor amultiplier thatwascontrolledby suchacircuit.

Table5.3 shows theresultsandthevoltagesusedin thecomputation.Themeasured

relative standarddeviation of a multiplier that is controlledby a circuit for producing

thecubictermis 7.4%.This is shown Section5.5.2.As in caseof thecurrentsquarer,

thecomputationalestimateof theaccuracy givestoo optimisticfigures.

5.3 Data Converters

A/D andD/A convertersare neededin this designto interfacebetweenthe analog

arithmeticcircuits and the digital integrator. In addition to this, A/D conversionis

also utilized in subtractingthe bias currentfrom the input currentof a PU. There-

fore, theA/D converterblock containstwo converters,namelyADCQ that is devoted

to eliminatingthe biascurrentsandADCD to samplethe statederivative. Sincethe
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Voltageor Ratio Value@ maximumIin
Vrc Þ Vt ÛR 1540mV

VdsÛR 320mV
σ ô ∆Iin õ

∆Iin
, cubiccircuit 0
σ à VdsÛR á 1.4mV

VgsÛ 1 Þ Vt Û 1 220mV
σ ô Ix3 õ

Ix3
2.29%

σ ô ∆Iin õ
∆Iin

, multiplier
σ ô Ix3 õ

Ix3
σ ô Iout ö 4 õ

Iout ö 4 4.20%
σ ô Iout ö ÷ 4 õ

Iout ö ÷ 4
4.38%

Table 5.3 Relative standarddeviationsof the outputcurrentof the circuit for producingthe
cubictermandtheoutputcurrentof amultiplier thatis controlledby suchacircuit. Also shown
arethevoltagesusedin computingtheestimate.

integratoroperateswith two’scomplementnumbers,theoutputof ADCD is converted

to two’scomplementform beforeit is fedto theintegratorandtheD/A converterstake

two’s complementnumbersasinputs.In themixed-modeCNN architecture,theA/D

andD/A convertersareusedto determineintermediateprocessingvaluesalso,instead

of just the final processingresult. Therefore,a relatively high conversionspeedis

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

must occupy a small die areaand have a low power consumption. A 7-bit binary

weightedcurrentD/A converteris usedin this design.Theeighthbit (signbit) of the

D/A conversionis realizedby the currentsteeringswitchesof the multipliers. The

A/D converterusedhereis asuccessiveapproximationregister(SAR)ADC with 7-bit

resolution.

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

An A/D converterin amixed-modeCNN mustoccupy asmalldieareaandhavea low

powerconsumption.Simultaneously, arelatively fastconversionspeedis requiredbut

theaccuracy requirementismoderate(around7-8bits). Thesamekindof performance

metricsarerequiredfrom convertersin pixel-levelA/D converters.In [23], anareaef-

ficientsingleslopeADC wasusedin whichaglobalanalogrampvoltageis compared

to sensoroutput.Whenthecomparatorswitches,aglobalgraycodethatchangeswith

the analogrampis latchedinto the in-sensormemory. In [23], the conversiontime

was20µs.A similar typeof converteris multi-channelbit-serialA/D converter, which

in [24] achieveda 10µsconversiontime. Thedifferencefrom a mixed-modeCNN is
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that,in thesensorapplication,theconverteris notusedin thecomputationof interme-

diatevaluesbut just for convertingthefinal result.Therefore,thespeedrequirements

arenotsostrict. Theconversiontimeusingapproacheslike[23] or [24] cannotbesig-

nificantly reducedbecausethedeterminationof onebit takesseveralclock cycles. A

fasterA/D convertershouldbeusedin a mixed-modeCNN. In a flashA/D converter

the whole conversionis performedduring oneclock cycle. However, flashconvert-

ersoccupy too muchareaandthe power consumptionis too high, evenat moderate

accuracies.

A goodcompromisebetweenspeedanddie areacanbeachievedwhena succes-

sive approximationregister(SAR) ADC or algorithmic(cyclic) ADC is used[25]. A

SAR-typeADC, for example,is capableof convertingonebit duringoneclockcycle.

Thesetypesof converterscanbebuilt eitherin currentor voltagemode.Currentmode

convertersarethe preferredchoicefor a mixed-modeCNN: couplingsbetweenPUs

arerepresentedusingcurrentsthataresummedat theADC input andlinearresistors

(for I/V conversion)aredifficult to build usinga digital CMOS process.In Refer-

ence[26], currentmodealgorithmicconvertersareanalyzedandin Reference[27] a

currentmode,SAR-typeconverteris presented.Theoperationof SAR andalgorith-

mic convertersrely on the sameprinciples: the conversionis determinedbit by bit

startingfrom themostsignificantbit (msb). In thecellulararrayprocessorrealization,

a currentmodeSAR-typeADC wasusedbecauseit providesa goodcombinationof

speed,dieareaandaccuracy.

ThecurrententeringtheA/D convertermaycontainbiascurrents(operatingpoint

currents)or offset currents(due to device mismatch),which have to be eliminated

beforethe actualsumof currentscanbe converted. Thesecanbe eliminatedwith,

for example,currentsamplingtechniquesusinganalogcurrentmemories.The hold

time of thecurrentmemorysetsconstraintsto the speedof the control circuitry that

is usedto control themixed-modeCNN. Heretheoffset/quiescentcurrentsareelimi-

natedby samplingwith anotherADC. Sincetheresultof theA/D conversionis stored

into astaticmemory, this is a time-independentmethod.Therefore,thespeedrequire-

mentsof thecontrol/evaluationsetuparerelaxed. It turnedout thatthis facilitatedthe

debuggingandevaluationphasesignificantly.

5.3.2 AsynchronousControl Signal Generator

The control signalsof the A/D convertersare generatedasynchronouslyon chip.

Therefore,fastconversionspeedsareavailableevenif thecontrolsetupis slow. The

realizationof the asynchronouscontrol signalgeneratoris depictedin Figure5.12.



86 Mixed-Mode Cellular Array ProcessorRealization

delay_1 delay_2 delay_1 delay_2

sample

ct 5ct 6

Figure5.12 Asynchronouscontrolsignalgenerator.

Thedelayblock consistsof a current-starvedinverter[28] (currentin pull-down path

is limited) anda regular inverterin cascade.The fall time of the current-starvedin-

verter is controlledby an adjustableNMOS currentsource.Whensignalsample is

turnedHI, signalct � 6� turnsHI for a time determinedby block delay1. Whenthe

signalhaspropagatedthroughthedelayblock, ct � 6� turnsLO. Thenthesignalstarts

to propagatethroughblockdelay2. Thisdelayblock is includedin orderto guarantee

that the control signalsdo not overlap. After the delay, control signalct � 5� is acti-

vatedandthe signalgenerationproceedssimilarly for all subsequentcontrol signals

ct � 4 â 0� . Control signalct � 0� is alsodrivento a padandcanbe measuredoutsidethe

chip. Therefore,theactualconversiontime andpulseratiocanbemeasured.

5.3.3 Curr ent Mode SAR A/D Converter Block

Figure5.13shows thecontentsof theADC block. It containstwo currentmode7-bit

SAR-typeA/D converters(ADCQ andADCD). ADCQ is composedof registerblock

reg Q andblock csQ thatcontainsbinaryweightedcurrentsources.Similarly, ADCD

is composedof blocks reg D andcsD. Furthermore,the converterssharethe asyn-

chronouslygeneratedcontrolsignalsct � 6 â 0� andusethesamecurrentcomparator. The

sumblockremovespartof thebiascurrentusingcurrentsourcetransistorsM Ý , M4Ý ,

M Þ andM4 Þ . Theremainingcurrentsat nodesI 	 , I ó , I4	 andI4 ó arescaledusing

currentmirrorswith mirror factorsof +1, -1, +4 or -4, respectively. Themagnitudes

of VC 	 , VC4	 , VC ó andVC4 ó aredeterminedin a dummyPU outsidethe processor

grid. The dummyPU is shown in Figure5.17 of Section5.4.2. The W/L ratiosof

transistorsM Ý , M4 Ý , M Þ andM4 Þ werechosento be87%of thewidth/lengthra-

tios of transistorsM1-M4 in Figure5.17.Only thebiascurrentscorrespondingto the

quadratictermsaresubtractedusingthesecurrentsourcesbecausethe biascurrents

dueto linearandcubic termsaresignal(sign)dependent.Theamountof biascurrent

in theresultingcurrentIsum is approximately

Iq Û sum Ü 3

∑
k
 1

3

∑
l 
 1

ñ���� � Iq à A ô 1õk Û l á Ý Iq à A ô 3õk Û l � ��� Ý 0 å 13 ��� Iq à A ô 2õk Û l á ��� ò â (5.25)
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Figure5.13 Block-level descriptionof theSARtypeA/D converter.

whereIq à A ô 1õk Û l á , Iq à A ô 2õk Û l á andIq à A ô 3õk Û l á arethebiascurrentcomponentsof Iq Û sumdueto

linear, quadraticandcubiccouplings.Iq Û sum is thebiascurrentthatis left for ADCQ to

remove.

Registerblock reg Q in ADCQ is composedof logic gatesandsevenSRAMs.The

logic AND gatesareusedto control the writing of the SRAMs usingcontrol signal

wr Q andtheasynchronouscontrolsignalsct � 6 â 0� . Theoutputsof reg Q aredefined

by a logic OR functionof SRAM outputsandtheasynchronouscontrolsignals.The

conversionproceedsbit by bit towardslsb ascontrol signalscorrespondingto lower

bits activate. OutputQ � 6� of reg Q (the sign bit of the conversion)is usedto setthe

directionof theoutputcurrentof currentsourceblockcsQ. OutputsQ � 5 â 0� areusedto

controlthebinaryweightedcurrentsources.ADCD workssimilarly to ADCQ. If out � 6�
is HI, the outputsout � 5 â 0� areinvertedandappendedby unity beforethey aretaken

to the integrator(conversionfrom sign andmagnitudeto two’s complementnumber

representation).Half addersareusedto performtheadditionby unity. Thehalf adder

is constructedin asimilar fashionto thatof thefull addershown in Figure5.5.Figure
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Figure5.14 Currentcomparator.

5.14depictsthecurrentcomparator. As in Reference[29], transistorsM1 andM2 are

includedto reducethevoltageswingof theinputnodeI in. Thisway, fasteroperation

is obtained.Dependingon which oneof signalswr D andwr Q is active, oneof the

signbitsQ � 6� or D � 6� is usedto choosethepolarityof thecomparatoroutput.

Thecurrentsourcesof blockscsD andcsQ areasdepictedin Figure5.15(drawn

with denotationsof csD). Outputcurrentsof binaryweightedcurrentsources(transis-

torsM1-M6) aresteeredeitherto transistorM7 or to theoutput.This way thecurrent

throughthecurrentsourcesstaysmorestableduringconversion.Thecurrentsources

arescaledso that the W/L ratiosof transistorsM1-M6 in csD aretwice aslarge as

thoseof csQ. Therefore,scalingparameterkA (in Equation4.6)of ADCD is twice as

largeasthatof ADCQ. Becauseof this,ADCQ canconvertsmallcurrentswith abetter

resolutionthanADCD.

5.3.4 D/A Converter

Figure5.16shows the 7-bit binary weightedcurrentD/A converterusedin this de-

sign.Theeighthbit (signbit) of theD/A conversionis realizedby thecurrentsteering

switchesof themultipliersshown in Figure5.7. Sincethedigital integratoroperates

with two’scomplementnumbers,theD/A converteris ableto usethemasinputs.The

binary weightedcurrentsourcesM1-M7 arecontrolledwith ci � 6  0� . ci � 6  0� equals

the digital cell output (x � 6  0� or rgi � 6  0� ) if the sign bit S� 7� (x � 7� or rgi � 7� ) is LO.

Otherwiseci � 6  0� equalsthe inverteddigital cell output. The conversionfrom two’s

complementto signandmagnituderepresentationis completedsothata currentcor-

respondingto lsb is addedto theD/A converteroutputcurrent.This is performedby

controlling currentsourcetransistorM8 with the sign bit S� 7� . Analog additionof

unity is morecompactthanwhenhalf addersareused.Becauselinear, quadraticand
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Figure5.15 Thecurrentsourceblock in theADC (drawn with denotationsof csD).

cubiccouplingsareusedin this design,theconverterhasthreeequaloutputcurrents

Ix, Iout2 and Iout3. OutputcurrentIx is taken directly to multipliers. Outputcurrents

Iout2 andIout3 areforwardedto thecircuitsthatproducethequadraticandcubicterms,

respectively.

5.4 Peripheral Devicesand Layout Design

As Figure5.1shows,thearrayof PUsis complementedby decoders,digital memories

for storageof weights,D/A convertersfor converting the digital weightsto analog

voltagesandanADC controlsignalgenerator. Also includedonchip is adummyPU.

Thedecoderswereincludedin orderto distinguishthe row, columnandthe layerof

a PU in a randomaccessfashion. Furthermore,a decoderwasput into the chip to

controlthewriting of theweights.The27D/A convertersthatareusedto producethe

analogweightvoltageswerebuilt usingbinaryweightedcurrentsources.Thecurrent

wastransformedto voltageusinga similar one-transistorI/V converterthatwasused

in themultiplier. Thecontrolsignalgeneratoris depictedin Section5.3. Therestof

this sectionshows thedummyPU thatwasincludedoutsidethearrayof PUs. Also,

thelayoutarrangementof PUsandthelayoutof onePU areshown.

5.4.1 Dummy ProcessingUnit

Figure5.17depictsthedummyPU thatwasplacedto theperipheryof thechip. The

purposeof the dummyPU is to provide the sumblock shown in Section5.3.3with
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Figure5.16 CurrentmodeD/A converter.

voltagesVC 	 , VC4	 , VC ó andVC4 ó . It canalsobeusedto testtheanalogarithmeticcir-

cuitsandtheDAC. ThedummyPUcontainsregisterREG B thatis usedto controlthe

DAC andthemultipliers. Thethreeoutputcurrentsof theDAP block areturnedinto

voltagesby the I/V convertersof the multipliers. The correspondingvoltagesV x1,

V x2 andV x3 canbemeasuredfrom outsidethechip. As canbereviewedfrom Fig-

ure 5.7, eachmultiplier hasfour outputcurrents.In the dummyPU, the four output

currentsof all 27 multipliers areaddedtogetherandmirroredusingtransistorsM1-

M4. The I 	 outputcurrentcanbemeasuredfrom outsidethechip via transistorM5,

thedrainof which is connectedto a pad. During processing,voltagesV x1 andV x3

areconnectedto groundandzerois written to REG B. This way, only the biascur-

rentscorrespondingto thequadratictermaremirroredand,consequently, contribute

to voltagesVC	 , VC4	 , VC ó andVC4 ó . This is asrequiredin Section5.3.3.

5.4.2 Arrangement and Layout of PUs

A prototypechip asdescribedin Sections5.1,5.2 and5.3 wasmanufacturedusinga

standard6-metal,singlepoly digital 0.25µm CMOSprocess.Thechipcontains2 & 72

PUsarrangedin four rowsof 2 & 18PUs.Figure5.18illustratesthearrangementof the

PUsby showing a 2 & 4 network arrangedin two rows of 2 & 2 PUs. Theorientations

of adjacentPUsaredifferent,for examplePU à 1 â 1á is horizontallyflippedcompared

to PU à 2 â 1á . The left andright edgesof the2 & 4 network areconnectedbecausethe

borderconditionis cyclic in thehorizontaldirection.
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Figure5.17 Dummyprocessingunit.

A microphotographof thechip is shown in AppendixA. Theaspectratio of the

implementedPU is relatively small sothata rectangulardie is obtained.Figure5.19

showsthelayoutof onePUwithout theglobalwiring. Thewidth andlengthof thePU

are131µm and320µm, respectively. Differentcircuit blocksarecircumscribedand

identifiedin thefigure. EachPU has7092transistorsin anareaof 0.042mm2 andthe

processorcoreof 144 processingunits occupies6.1mm2. The total transistorcount

is 1.027million andwith pads,templatememoriesandothersupportinghardwarethe

designoccupiesanareaof 10mm2. Thewholelayoutwasmanuallydrawn in orderto

minimizethearea.

In order to reduceinterference,guardrings wereusedto isolatethe analogand

digital partsof thedesign.In additionto this,theanaloganddigital operatingvoltages

andgroundsweredistributedto thechip usingseparatewires. In orderto reducethe

inductanceof thebondingwires,severalpinswereusedto bringtheoperatingvoltages

andgroundlevelsto thechip. Eight pinswereusedfor boththe3V digital operating

voltageand the digital 2.5V operatingvoltage,while seventeenpins wereusedfor

digital ground.Eight pinswerealsousedfor the3V analogoperatingvoltage,while

ninepinswereusedfor theanalogground.

5.5 Experimental Results

In this section,measurementresultsof thechipareshown. Thechip usesthreepower

supplies,3V in analogparts,2.5V in thedigital integratorand3V in the logic of the
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Figure 5.18 Illustrationof thearrangementof thePUsby showing a 2 , 4 network arrangedin
two rows of 2 , 2 PUs.
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Figure5.19 Layoutof a mixed-modeprocessingunit.
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A/D andD/A converters.Thethree36 & 8-sizedSRAMswithin eachprocessingunit

canberandomlyaccessedfor I/O operations.Also, theSRAMsin ADCQ of eachPU

canberead.Thefunctionaltestingof thechipwascarriedoutby usingameasurement

boardthat wasattachedto a PC. The power consumptionandspeedmeasurements

werecompletedby usingapatterngeneratorfor controllingthefastsignals.

5.5.1 MeasurementArrangement

AppendixB lists thedigital controlsignalsandbias/referencevoltagesthatareneeded

to usethechip. ThecontrolandI/O of thechip is completelydigital. Sinceall mem-

orieson chip areSRAMs,andthefastcontrolsignalsof theADC areproducedasyn-

chronouslyon chip, functionalmeasurementscanbecarriedout usinga slow control

setup.AppendixC depictsthemeasurementboardthatwasconstructedfor themea-

surements.A PCwasusedto controlthechipvia themeasurementboardandto show

the measurementresults. This provided a flexible, easily programmable,measure-

mentenvironment. The speedandpower measurementswerecompletedso that the

fastswitchingintegratorsignalsweregeneratedusingapatterngenerator.

5.5.2 Analog Parts and Data Converters

Figure 5.20 shows measuredA/D outputcodesvs. D/A input codeswith different

weightscontrollingthemultiplier. Themeasurementwascarriedout sothatA ô 1õ22 was

alteredandall otherweightswerezero. First the biascurrentwaseliminatedwith

ADCQ andthenDAP1 wasusedto controlamultiplier within aPU.Theresultingcur-

rentwassampledwith ADCD. Thevoltageswingat theinput of theanalogmultiplier

was0.28V, while the analogweightsin this examplerangedfrom 0.56 to 0.68V. It

shouldbe notedthat the currentsenteringa processingunit aresummedbeforethe

A/D conversion. Consequently, the contribution of small weightsis alsosignificant.

Figure5.21shows thesignalto biasratio with 17 differentweights,namely0, - 0.4 ,- 0.55, - 0.75, - 1, - 1.6, - 2.3, - 3 and - 4. In this measurement,the magnitudeof

the stateof theprocessingunit (D/A input) wasat maximum. Theratio canbeused

to assessthepowerefficiency. If nocurrentscalingwereperformedin themultipliers,

thepowerefficiency with smallweightswouldbeworse.

Thenext measurementwascarriedout to assesstheaccuracy of theA/D andD/A

convertersandthelinearity of themultiplier with differentweights.A DAC wasused

to controla multiplier andtheresultwasA/D converted.Thesamewasrepeatedfor

weights1.6,2.3,3 and4. For eachweight,theADC referencecurrentwassetsothat

themaximumDAC input codecorrespondedto themaximumADC outputcode.The
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Figure5.20 MeasuredA/D outputcodesvs. D/A inputcodeswith differentweightscontrolling
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−4 −3 −2 −1 0 1 2 3 4
0

0.5

1

1.5

2

2.5

3

3.5

4

weight

si
gn

al
 / 

bi
as

Figure5.21 Measuredsignalto biasratioof themultiplier with weightsrangingfrom -4 to 4.



96 Mixed-Mode Cellular Array ProcessorRealization

−150 −100 −50 0 50 100 150
−4
−2

0
2
4
6

IN
L,

W
=

4

−150 −100 −50 0 50 100 150
−4
−2

0
2
4
6

IN
L,

W
=

3.
2

−150 −100 −50 0 50 100 150
−4
−2

0
2
4
6

IN
L,

W
=

2.
4

−150 −100 −50 0 50 100 150
−4
−2

0
2
4
6

IN
L,

W
=

1.
6

Figure 5.22 Differenceof measuredA/D outputanddesiredA/D outputvs. D/A input codes
for weights1.6,2.3,3 and4.

aim was to keepthe referencecurrentas large aspossiblein order to maintainthe

conversionspeed.Therefore,in thismeasurement,ADCD wasusedto removethebias

current,while ADCQ wasusedto samplethestatederivative. Figure5.22shows the

ADCQ outputcodessubtractedby the desiredA/D outputcodevs. D/A input codes

for weights1.6,2.3,3 and4. This differs from standardINL because,in additionto

nonidealitiesof theA/D converter, themultiplier andD/A converteraffect theresult.

Sincethe largeweightsareformedby scaling,thenonlinearitiesof weights1 and4,

for example,arethesame.

Figure5.23 shows the quadraticandcubic couplingsmeasuredwith the largest

positive weight from a multiplier within a processingunit. The bias current was

eliminatedwith ADCQ, while DAP1 was usedto generatethe quadraticand cubic

activation functions. The resultingcurrentwassampledwith ADCD. First, the mul-

tiplier connectedto the quadraticself-feedbackterm wascontrolledwith the largest

positive weight (four), while the cubic term was controlledwith zeroweight. The

A/D-convertedresultappearsasthe dashedcurve in the figure. The procedurewas

repeatedfor thecubic term(solid curve). Idealquadratic(dash-dotcurve) andcubic

(dottedcurve) termsareincludedin thefigurefor comparison.

Datafor assessingtheaccuracy of theanalogcouplingswasmeasuredsothat the

D/A convertersin all PUswerecontrolledwith maximummagnitude.Also, weight

A ô 1õ22 wasatmaximummagnitude(four) andall otherweightswerezero.Themultiplier

outputcurrentwasmeasured(with theADCs of thePUs)from all four quadrantsand
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Figure 5.23 MeasuredA/D outputcodesvs. D/A input codeswith quadraticandcubic cou-
plings.

all processingunits of a chip. The samewas repeatedwith weightsA . 2/22 andA . 3/22 .

The ratio of standarddeviation andabsolutevalueof meanfor linear couplingswas

4.4%,for squarecouplings7.3%andfor cubiccouplings7.4%.Thesefiguresinclude

the dataof 144 processingunits measuredfrom the samechip. In all other cases,

the samplingtime in the measurementsof this sectionwas 3.3µs, except the INL

measurementwith weight1.6wasmeasuredwith asamplingtimeof 5.9µs.

5.5.3 Integrator

Theevolutionof thestateof anindividualPUcanbeeasilytracked.Thefollowing ex-

ampleis includedin orderto demonstratethisfeature.Figure5.24showstheevolution

of thestateof a PU whenr ii 0 j j 0 kk 1 n2 increaseswith n. Themeasurementwascarried

out sothatthestatexii 0 j j 0 kk 1 n2 wasinitialized to 70 (theallowedrangeextendsfrom -

128to 127).Thenatemplatewith positivecubicself-feedbackwasrunandintegration

wasperformed.Thesolid line representsthestateevolution whenHeun’s methodof

integrationis usedandthedashedline is measuredusingEuler’s integrationmethod.

Theslopeof thesolidcurveincreasesfasterbecauseof theprediction/correctionprop-

erty of Heun’smethod.
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Figure 5.24 Measuredstateof a processingunit vs. iterationround. Thesolid curve is inte-
gratedwith Heun’s methodandthedashedcurve with Euler’s method.

5.5.4 Processingof Data

Evenif thechip is designedto processnon-topographicallyarrangeddata,in orderto

illustratetheoperation,it is meaningfulto show measuredexamplesof dataprocessing

in which the resultscanbevisually verified. As Equation4.6 shows, the integration

steph canbealteredwith theaid of kA. Furthermore,kA canbescaledwith theADC

referencecurrent.In thismeasurement,theintegrationstepwasscaledto 0.1(kA 3 104
andthesamplingtimewas700ns.Herea fastersamplingtimewaspossiblethanwith

the measurementsof Section5.5.2 becausethe higher ADC referencecurrentalso

speedsuptheA/D conversion.A patterngeneratorwasusedto producetheintegration

signals;the time of performingonecompleteiterationroundwith Heun’s methodof

integrationwas166.4µs. Figure5.25shows the 72 5 72 datathat wasobtainedafter

220iterationswith linearandcubicpositivecouplingto SEneighborwhentheinitial

datawassuchthat onepixel (5,67) was initialized to black (-128), pixel (55,60)to

white (127)andtherestof thepixelswereinitialized to gray (zero). Theprocessing

exampleshown in Figure 5.25 demonstratesthat couplingsbetweendifferent data

blocks(datais processedin blocksof 2 5 72)andthehorizontalcyclic boundarywork.

Thenext processingexampledemonstratestheuseof thequadraticandcubicacti-

vationfunctions.In thefollowing,thepreviousprocessingresultwasusedastheinitial

stateof thenext operation.Pixels,(65,68)and(66,68)wereinitializedto white,pixels

(69,68)and(70,68)to blackandtherestto gray. Figure5.26a)presentsa 10 5 9 data
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Figure5.25 Dataaftergrowing 220iterationsto SEdirection.

showing thesepixels. Figure5.26b)shows thedataafter runningfive iterationswith

a linear negative couplingto W andE directionsanda cubic positive self-feedback.

Figure5.26c)shows the dataafter runningfive iterationswith a negative cubic self-

feedbackanda weaklinearpositive self-feedback.This reducesthecontrast.Figure

5.26d)shows thedataafterfive iterationswith a positive quadraticself-feedbackand

a weakpositiveself-feedback.Thismakesthewhiteareaswhiter.

A problemwith theimplementedchip is thatthebiasvoltagesVRESX1,VRESX2

andVRESX3 of themultiplier andthepolynomialcircuitsweredeliveredto thePUs

a) b) c) d)

Figure 5.26 Processingof data:a) initial state,b) growing to W andE directions,c) contrast
reduction,d) whiteningof white pixels.
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a) b)

Figure5.27 Initial 72 6 72 data.Measuredlow passfiltereddata.

using too narrow wires. Therefore,when therearea lot of nonzerostatesof PUs,

thebiasvoltagesdo not stayconstant.This resultsin thesubtractionof biascurrents

not workingproperly. Theproblemcanbeovercomeby scalingdown theDAC refer-

encecurrentsandby increasingtheresistancesof theI/V converters.Theresistances

canbe increasedby loweringgatevoltagesVRESX1, VRESX2 andVRESX3 of the

transistorsthatareusedfor I/V conversion.However, this slows down thespeedand

degradesthequality of thepolynomialterms.

Figure5.27demonstratestheprocessingof a 72 7 72datain which therearea lot

of nonzerostates.It wasmeasuredwith downscaledDAC referencecurrentsandthe

slow control setup.The processorwasinitialized with datashown in Figure5.27a).

A low passfiltering templatewasprogrammedto the network. Five iterationswith

Heun’s methodwere processed.The measuredlow-passfiltered data is shown in

Figure3b).

5.5.5 ProcessingSpeedand Power Consumption

The maximumprocessingspeedandpower consumptionweremeasuredby usinga

patterngeneratorfor controlling the fastswitchingintegratorsignals.As mentioned

above, the time of performingonecompleteiterationroundwith Heun’s methodof

integrationwas166.4µs. Thesamplingspeedof ADCQ andADCD was700ns.Prior

to conversionwith ADCQ or ADCD, 100nswasallocatedfor analogcomputation.Re-

memberingthat thesamplingof thebiascurrentis performedbeforeevery sampling

of signalcurrentandthatHeun’s integrationmethodis a two-stepprocess,the sam-

pling of bothADCQ andADCD takes1600nsduringtheprocessingof onedatablock,
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togethercontributing 72.2%of the total time of an iterationround. Thechangingof

thelayerstakes1020nsperdatablock which contributes22%of thetotal time of the

iterationround. Therestof the166.4µsgoesto digital integration. Two thingsmade

thespeedslowerthanexpected.Changingthelayertookalongtimebecausetooweak

driverswereusedin thedecoders.Also, the700nssamplingspeedwasworsethanthe

simulated200ns;the degradationwasprobablydueto too weakdriversof the A/D

control signalgenerator. It shouldbe notedthat herethe biascurrentwassampled

beforeeachsamplingof thesignalcurrent.If ananalogcurrentmemorywereusedto

samplethebiascurrent,thespeedwouldincrease.Thecomputingspeedof thecellular

arrayprocessorcanalsobedescribedusingmultiplicationandadditionoperationsper

second(XOPS)[30]. Sincethecomputingtime of oneHeun’s iterationfor a 72 7 72

datais 166.4µs, thepeakcomputingspeedis 72 8 72 8 29 8 2 8 2 9 166: 4µs ; 3 : 6GXOPS.

It wascalculatedby assumingthatall 27 multipliers andboth polynomialtermsare

used.

The power consumptionduring processingwasmeasuredby settingthe magni-

tudesof all weightsto unity andby initializing the 72 7 72 datarandomlyto have a

valuebetween-128and127. ThentheHeun’s integrationalgorithmthatwasusedin

the previousprocessingexampleswasmodifiedso that contentsof REGY werenot

updated.Otherwisetheintegrationalgorithmremainedthesameandthebiassettings

were the sameas in the processingexamplesof Figures5.25and5.26. The power

consumptionwas measuredwhile the integrationalgorithm was running in a loop.

The measuredanaloganddigital power consumptionswere154.2mWand37.7mW,

respectively, yieldingatotalpowerconsumptionof 191.9mW. Therefore,thechipcan

perform18.7GXOPS/W.

5.5.6 Discussion

The proof of conceptcellular array processordescribedin this chaptergivessome

insight into thepotentialcomputingcapabilitiesof this typeof design.Thechip was

designedto enhancetheeaseof testing;all memorieson chip arestatic,for example.

Thefirst objective of this chapterwasto demonstratethat thecomputingcapabilities

requiredby theepilepsyapplication(seeChapter3) canberealizedwith themixed-

modeCNN architecture.Evenif a lot of optimizationscanbeperformedto improve

thedesign,themeasuredchip showedgoodperformance.

Thesecondobjective wasto give datafor assessingthe accuracy andapplicabil-

ity of a mixed-modeCNN, in otherwords,to indicatewhetherreliableresultscanbe

obtainedeven if analogprocessingis used. The statisticaldataprovided in Section
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5.5.2canbe usedfor this purpose.Theaccuraciesof the linear, quadraticandcubic

couplingsweredescribedby showing themeasuredstandarddeviationovermeanval-

ues. If moreaccuracy is needed,thematchingof analogtransistorscanbe improved

by scalingup their sizes.

Thesizes(W 9 L, in µm) of transistorsM1 andM2 in the multiplier of Figure5.7

are1.5/1.5and4/0.75,respectively. Noting that transistorsM1 andM2 occupy only

25%of theareaof themultipliers,accuracy canbe improvedwithout a largepenalty

in termsof thearea.Also, ascanbeobservedfrom thefigures,thesizesof transistors

in Figures5.9 and5.11aswell asthesizeof transistorMR1 in Figure5.7 aresmall.

Sincethetotalareaof aPUis 0.042mm2, thesetransistorscanalsobeincreasedwith-

out a largeeffect on the total area.However, in any case,the accuracy is ultimately

limited by processingvariationsandthispreventstheuseof thiskind of amixed-mode

architecturefor applicationsrequiringhigh accuracy. The analogtransistorsoccupy

roughly 17% of the total areaof a PU. Therefore,the designscalesdown relatively

well with theprocess.

5.5.7 Summary of Characteristics

In this section,characteristicsof theimplementedcellulararrayprocessor(CAP) are

summarized.Also providedis thecorrespondinginformationof selectedarraycom-

puter realizationsof otherresearchgroups. Sincethe CAP is the first implemented

CNN chip with polynomial feedbacktemplates,a direct comparisonof the chips is

not meaningful. However, Table5.4 summarizessomecommoncharacteristicsthat

canbeusedto assesstheCAPdesignwith respectto thestateof theart. Only realiza-

tions that canprocessgray-scaleinformationandhave programmabletemplatesare

includedin thetable.

Thedigital emulatedCNN (CASTLE[31]) realizationholds24PUsonchip. Each

PU hasanarithmeticunit includinga digital multiplier. A sectionof datais storedon

chip,while themainmemoryis outsidethechip. Euler’s integrationmethodis usedto

updatetheFSRstatedata.Thethreeanalogrealizationsshown in Table5.4all employ

continuous-timeanalogintegrationto updatethecell stateanduseanalogmultipliers.

TheAPAP chip [16] is theonly onethatrealizestheCNN dynamicsaccordingto the

original CNN theory, while theACE chipsrely on theFSRmodel. Thevirtual array

sizeshown in Table5.4 is usedto describehow large the datacanbe for the array

to processit without having to rely on global I/O operations.The I/O of CASTLE,

ACE16kandCAP is digital, whereasAPAP andACE4ktransmitandreceive datain

analogform. Theweightsareconveyedin analogform to theAPAP, whereastherest
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Design CASTLE
[31]

APAP
[16]

ACE4k
[18]

ACE16k
[19]

CAP

Technology 5M 0.35 2M 0.7 3M 0.5 5M 0.35 6M 0.25
Array Size 24 20 7 20 64 7 64 1287 128 2 7 72
Virtual Array Size N/A N/A N/A N/A 72 7 72
# of Transistors N/A N/A < 106 3 : 75 8 106 1 : 027 8 106

# of Transistorsper
PU

N/A N/A 172 198 7092

Array Areain mm2 N/A 24 51 91 6.1
Die Sizein mm2 100 N/A 87 130 10
PUs/mm2 N/A 16.7 81 180 23.6
State Representa-
tion

digital analog analog analog digital

StateDynamics FSR CNN FSR FSR FSR
IntegrationMethod Euler CT ana-

log
CT ana-
log

CT analog Heun

Number of Multi-
pliers/PU

1 10 20 12 27

I/O digital analog analog digital digital
# of bits to repre-
sentstate

12 N/A N/A N/A 8

weightprogramma-
bility

digital analog digital digital digital

PolynomialOrder 1 1 1 1 1,2and3
Available Tem-
plates

A,B,I A,B,I A,B,I A,B,I 3 7 A

Powerconsumption N/A 150mW 1.2W 4W 192mW

Table5.4 Summaryof characteristicsof selectedarrayprocessors.

of thechipshavedigitally programmableweights.
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Chapter 6

Developmentof Futur eArray

Processors

Whenhardwareis selectedfor a certainprocessingtaskin a commercialproduct,the

manufacturerchoosesthe bestpossiblealternative. The underlyingcriteria that the

decisionis basedon caninclude,for example,power consumption,speed,accuracy,

size,cost,yield andlong andshorttermreliability. Otheraspectsarere-usabilityin

differentdesignsandprocessesandtheprogrammabilityof thedevice. Evenif a par-

ticularhardwarealternativewereto yield thebestcombinationof qualitiesatacertain

moment,the developmentof technologymight quickly changethe situation. What

makes thingseven morecomplicatedis that combinationsof different technologies

may yield the besttotal performance.Totally new technologieshave to be superior

to existing onesin orderto becomecommerciallyappealing.This is becauseof, for

example,the risks associatedwith new technologiesandthe lack of circuit design-

ersthathave competencein theareaof thenew technology. Anyhow, if anemergent

technologyhaslargeadvantagesin termsof characteristicssuchascomputingspeed,

it mayactasanenablingtechnologyfor a wholenew rangeof applications.Whenit

comesto arrayprocessors,analogrealizationsmayhave,for example,a speedadvan-

tageover their digital counterparts,whereasdigital realizationsarelessrisky. Section

6.1highlightssomeaspectsregardingthechoiceof hardwarefor futurearrayproces-

sors. Section6.2 describeshow the cellular arrayprocessordescribedin Chapter5

couldbeimproved.



108 Developmentof Futur eArray Processors

6.1 Choiceof Hardware for Futur e Array Processors

Sofarcommercialarrayprocessorshavemostlybeendigital realizations;for example,

C= RAMs have beenusedin graphicsacceleratorcardsandCAMs in lookup tables.

Also, chipsthatcombinesensingandprocessing(NSIPtypeprocessors[1]) arecom-

mercially available. In additionto this, commercialanalog/mixed-moderealizations

arebeingpursued.Commercializationof analogCNN chips,for example,is ongoing.

Sincethedevelopmentof technologyduringthenext coupleof yearscanbepredicted

quitewell [2], sometrendsof building futurearrayprocessorscanalsobeformed.In

therestof this section,estimatesaregivenasto how technologicaldevelopmentmay

affect thechoiceof hardwarein futurearrayprocessors.

6.1.1 Digital Array Processors

It is obviousthatdigital arrayprocessorswill beappealingalsoastechnologydevel-

ops. This is becausedigital arrayprocessorscanreadily utilize denseprocessesby

packingmoretransistorsinto the chip. Also, the reductionof parasiticcapacitances

allows fasterclock speeds.Thedownscalingof thresholdvoltagesandmaximumop-

eratingvoltagessomewhat complicatesthe design,but alsoenableslarge savings of

powerconsumptionfor competentdesigners.Furthermore,astheinterconnectionca-

pacityhasincreased,theinterconnectionhasbecomeeasier.

Multiplication continuesto requirea lot of computationaleffort from digital hard-

ware. Therefore,digital hardwaremaynot be the optimal way to realizealgorithms

that requirea lot of multiplications. Oneway to overcomethis is to revise thealgo-

rithm so that multiplicationsdo not needto be performed. Oneexampleof this is

videocodingstandardH.26L. Insteadof usingDCT, H.26L usesa transformin which

only multiplications/divisionswith apowerof two areallowed[3]. Thesecanbevery

convenientlyrealizeddigitally by usingshiftsandadditions.

6.1.2 Analog and Mixed-Mode Array Processors

Thedevelopmentof siliconprocessesis governedby theneedsof digital designs.This

is becausedigital circuits,microprocessorsandmemories,for example,occupy alarge

die areaandaremanufacturedin largequantities.Analogdesignersthatusethelatest

digital processeshave to livewith whatis available.

Thebenefitsof thediminishingminimumfeaturesizesfor building largeanalog/mixed-

modecomputationalarraysarenotasobviousasthebenefitsfor digital designs.Ana-

log processingunits cannotbe significantlyscaleddown with the minimum feature
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sizes.This is becauseeven if the thresholdvoltagemismatchimprovesasprocesses

advance[4], themismatchrelativeto theoperatingvoltagestaysmorestable[5]. Also,

ashighlightedin [6], thecurrentfactormismatchdoesnotseemto scaledown with the

process.Furthermore,thedecreasingoperatingvoltagesmaketheanalogdesignmore

challenging.However, the increasingnumberof metallayersis a significantbenefit

also in the designof analog/mixed-modearraycomputers.Also, dueto the scaling

down of contacts,viasandminimumdistancesbetweendevices,the total areaof an

analogtransistorscalesdown.

Oneapproachis to choosenot to usethe latestsilicon processes.This approach

is suitablefor analogdesignsas[7], for example,shows. Anotherapproachis to use

dedicatedor mixed-modedesigns.In this approach,simpleanalogcomponentsare

usedto carrythemaincomputationalburdenandthesearecomplementedwith digital

circuits.Sincetheanalogpartsarecomposedof simpleunits(for example,acombina-

tion of currentmirrors),re-useevenin differentprocessesmaybepossiblewith minor

modifications. An importantobservation is that the sizesof digital memoriesscale

down with the technology. This makesit appealingto replaceat leastsomeanalog

memorieswith a combinationof anSRAM andanA/D/A converter.

Whencommercialanalog/mixed-modearrayprocessorsareto bebuild, their per-

formancein the intendedoperatingconditionshasto be verified; for example,some

temperaturecompensationof bias/referencevoltagemaybenecessaryin orderto ob-

tain correctoperationin thewholetemperaturerange.In theepilepsyapplicationthat

wasdescribedin Chapter3, an implanteddevice is targeted.Therefore,thetempera-

turerangeof theenvironmentis limited to changesof humanbodytemperature,which

is limited to a few degrees.If anacceptableyield andreliability in differentenviron-

mentscanbeobtainedwith ananalog/mixed-modearrayprocessorhardware,in some

commercialapplicationsthedominanceof digital hardwarecouldbethreatened.

6.2 Impr ovementsin the Mixed-Mode Cellular Array

Processor

In this section,someimprovementsthatcouldbeappliedto thecellulararrayproces-

sor realizationof Chapter5 areshown. Sincethe transitionto processesof smaller

minimumfeaturesizesis associatedwith thedownscalingof operatingvoltages,it is

beneficialto designanalogcircuitsusingsimplecircuit primitives. Section6.2.1de-

scribeshow binaryweightedcurrentsourcescouldbeusedasmultipliersin acellular

arrayprocessor. Section6.2.2shows an exampleof an improvedpolynomialcircuit
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for producingquadraticand cubic terms. The simulatedDC characteristicsof the

improvedpolynomialcircuit follow theidealquadraticandcubic termsmoreclosely

thanthe characteristicsof the polynomialcircuits of Chapter5. In Section6.2.3, it

is assumedthat a fastcontrol setupis availableto control the chip. This opensnew

possibilitiesfor realizingtheprocessingunits. Section6.2.3shows a combinationof

top andbottomrow PUs in which currentmemoriesareusedto convey the border

information.

6.2.1 Multiplication with Binary ProgrammableCurr ent Sources

6.2.1.1 Description of Operation

Figure6.1showsamultiplier composedof binaryweightedcurrentsources.Theinput

currentis first mirroredusingtransistorM in to binaryweightedtransistorsM1 > M6.

Control signalsB1 > B6 control the currents,the sum of which builds up the sum

currentIsum. Dependingon the sign of the multiplication, this currentis condition-

ally mirroredusingcurrentmirror transistorsM7 andM8. The useof this kind of

a multiplier hasnot beenfavoredin CNN implementationsso far, mainly becauseit

requiresa lot of global digital control signalsto determinethe weight. However, in

a mixed-modeCNN, this mayturn out to betheoptimalmultiplier becausehigh end

digital processeshave six or moremetallayersavailablefor routing. Thecellularar-

ray processor, for example,realizedwith a 6-metal0.25µmCMOS process,utilizes

the multiplier describedin Section5.2.3. Threeglobal signalsper multiplier (sign,

msb, Vw) wereroutedto eachPUandmorecouldhaveeasilybeenfittedby decreasing

theaspectratioof thePU.

Thebinaryweightedcurrentmultiplier hassomevery attractive qualities.Firstly,

theweightsarevery fastto programdigitally. Also, themultiplier doesnotneedto be

biased.Consequently, no autozeroing/samplingof thebiascurrentis neededbecause

the output currentat zero input current is inherentlyzero. Furthermore,sincethe

structureis simple,it performswell with low operatingvoltages.

6.2.1.2 Accuracy

The standarddeviation of the outputcurrentof the programmablemultiplier of Fig-

ure 6.1 canbe determinedusingEquation5.6. Assumethat input transistorM in is

composedof Uin identical (unit) transistorsin parallel, and transistorsM1-M6 are

composedof 2nm > 1 unit transistorsin parallel, then the numberof unit transis-

tors connectedto the output is Uout ?A@ 0 B 2nm > 1C . nm is the numberof magnitude
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Figure6.1 Multiplier thatutilizesbinaryweightedcurrentsources.

bits of the weight (nm is six in Figure 6.1). Therefore,the input currentis multi-

plied by gainA ; Uout 9 Uin. Thestandarddeviation at theoutputof themultiplier is

σ 1 Iout 2 ; σ 1 Isum2 for negativeweights,while for positiveweightsit is obtainedfrom

σ 1 Iout 2 ;GF 2 1 σ 1 Ids0 7 0 8 2H2 2 I 1 σ 1 Isum2H2 2 : (6.1)

6.2.2 Impr oved Polynomial Cir cuits

Figure6.2 shows a circuit that canbe usedto produceeithera quadraticor a cubic

term.Theparallelcombinationof transistorsM6 (in thelinearregion)andM7 (in sat-

uration)convertscurrentIR ; IB1
I Iin to voltageVg0 1. Thecurrentsthroughtransistors

M6 andM7 are

IM6 ; β6 1 Vr > Vt 0 6 2 Vg 0 1 > β6V2
g0 1

2
(6.2)

and

IM7 ; β7

2 1 Vg0 1 > Vt 0 7 2 2 B (6.3)

respectively, which yield

IR ; 1 β7 > β6 2 V2
g 0 1
2
I @ β6 1 Vr > Vt 0 6 2 > β7Vt 0 7 C Vg0 1 I β7

2
V2

t 0 7 : (6.4)
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Figure6.2 Improvedcircuit for generatingthequadraticandcubicterms.

VoltagesVr andVg 0 1 arereferencedto VSS. If the currentfactorsarechosenso that

β7 ; β6, the I/V converter is approximatelylinear. This is the scalingthat is used

for producingthequadraticterm. Theslopeof theI/V converteris R6 0 7 ; ∂Vg0 1 9 ∂IR.

Whenβ6 O β7, theslopeof theI/V converterincreaseswith IR. Thiskind of scalingis

usedin orderto obtainI/V characteristicsthatresemblethecubicterm.Thebenefitsof

this I/V convertercomparedto theone-transistorI/V convertersshown in theprevious

sectionsarethatnocurrentdrawing commonmodevoltageis neededandonly n-type

transistorsareused.TransistorsM1 > M5 arebiasedto saturation.Theoutputcurrent

Iout is

Iout ; β1

2 @R6 0 7 8 IR > Vt 0 1 C 2 > β4

β3
Iin > IB2 : (6.5)

CurrentIB2 is chosensothat Iout at zeroIin is zero.Alternatively, theoperatingpoint

currentcanbesubtractedby sampling.Theslopeof Equation6.5,namely

∂Iout

∂IR
; R6 0 7 8 β1 @R6 0 7 8 IR > Vt 0 1 CP> β4

β3
B (6.6)

shouldbezerowhenIin is zero(IR ; IB1) . This holdsif

R6 0 7 8 β1 1 R6 0 7 8 IB1 > Vt 0 1 2 ; β4

β3
: (6.7)

Simulationresultsof thequadraticandcubic termsareshown in Figure6.3. The

simulationwascarriedout usingELDO with level 59 parametersof a 0.18µmCMOS

process.Theoperatingvoltagein thesimulationswas1.8V. Biascurrents(IB2) in the

simulationswere1.1µAfor thequadratictermand0.5µAfor thecubicterm.Compared

to thequadraticandcubictermsshown in Figure5.10,thecurvesin Figure6.3follow
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Figure6.3 Simulatedandidealquadraticandcubictermsusingcircuit shown in Figure6.2.

theidealquadraticandcubictermsmoreclosely.

Thestandarddeviationof theoutputvoltageVg0 1 of theI/V converteris determined

using

∆Vg0 1 ; ∂Vg 0 1
∂IR

∆IR
I ∂Vg0 1

∂Vt 0 6 ∆Vt 0 6 I ∂Vg 0 1
∂Vt 0 7 ∆Vt 0 7 B (6.8)

wherethe currentfactormismatcheshave beenomitted. The partial derivativesof

Equation6.8 canbe obtainedby turningEquation6.4 into implicit form andby dif-

ferentiatingthe implicit function. The resultingstandarddeviation canbe obtained

from

σ 1 Vg0 1 2 ;RQ S σ 1 IR 2
gm0R T 2 I S β6 8 Vg0 1 σ 1 Vt 0 6 2

gm0R T 2 I S β7 1 Vg0 1 > Vt 0 7 2 σ 1 Vt 0 7 2
gm0R T 2 B (6.9)

wheretransconductancegm0R is definedasgm0R ; ∂IR 9 ∂Vg0 1. Thevarianceof current

IR is obtainedfrom thesumof variancesof transistorsM2 andM3. Thestandarddevi-

ationsof thecurrentsof transistorsM2-M5 canbecomputedusingEquation5.4.Fur-

thermore,thestandarddeviation of thedrain-sourcecurrentof transistorM1, namely

σ 1 Ids0 1 2 canbe computedsimilarly to Equation5.24. The varianceat currentIout is

obtainedby appendingvariancesof thecurrentsof transistorsM4 andM5 to σ2 1 Ids0 1 2 .
Equation6.9showsthatthestandarddeviationof voltageVg0 1 maycauseaccuracy

problems.SincetransistorM1 is biasedusingcurrentIB1, the sizeof transistorM2

needsto belarge.It is alsoimportantthattransistorsM6 andM7 aresizedsothetheir
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thresholdvoltagevariationsaresmall. TransistorM5 canbemadesmall sinceIB2 is

small. If theoperatingpoint cannotbedefinedaccuratelyenoughusingcurrentbias-

ing, transistorsM2, M6 andM7 canbereplacedwith, for example,an I/V converter

suchasthatof Figure5.9or 5.11.

6.2.3 Intra-Block Couplings Using Curr ent Memories

If a fast control environmentis available for chip measurements,the couplingsbe-

tweendatablockscanberealizedby utilizing currentmemories.This way, only one

D/A converteris neededin aPUandthedigital memoriesin theintegratordonotneed

to beaccessiblefrom two layerssimultaneously. Figure6.4shows thetopandbottom

row PUsof column j j whena 72 7 72 datais processedand the datais partitioned

usingEquation4.11with Ry ; 36 andRx ; 1. The PUsaresimplified in the figure

sothattheA/D converteris not shown andonly thedigital memorywithin thedigital

integratoris shown. Also, no polynomialcircuitsareshown in thefigure. Dataunit1 1 B j j B 372 is the bottomrow borderconditionanddataunit 1 2 B j j B 02 is the top row

bordercondition.Theswitchesin thefigurearedrawn to their positionwhencontrol

signalct is HI (andcontrolsignalct is LO). Write signalsφ1 andφ2 areusedto sam-

ple currentmemoriesc mem1 andc mem2. Thelayerbeingprocessedis identifiedby

L ?U@ 0 B 36C , while signalS is usedto identify themomentat which a sampleis taken

with theA/D converter. Thecontrolsignalsasa functionof time duringoneiteration

roundareshown in thebottomof Figure6.4. Theprocessingproceedssothatfirst L

equalszeroandcontrol signalct is HI. Next, currentmemoriesc mem1 in bothPUs

arewritten usingφ1. ThenL ; 1, ct is turnedLO andmemoriesc mem2 in bothPUs

arewrittenusingφ2 andthestatederivativeis sampledwith theaidof controlsignalS.

After that,L is consecutively incrementedby unity andct is HI for evenL andLO for

oddL. Furthermore,c mem1 is written usingφ1whenL is evenandc mem2 is written

usingφ2 whenL is odd. This way, the dataavailable for the multipliers is what is

requiredin Equations4.13and4.14.
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Chapter 7

Conclusions

In this thesis,therealizationof anarrayprocessorfor computingalgorithmsthatcan

be describedusing the theoryof polynomialCNNs wasdescribed.The array pro-

cessorwas to meetthe needsof an algorithmfor analyzingbrain electricalactivity

in epilepsyin order to predict the onsetof an epilepticseizure. The work towards

completionof this thesisproceededso that first the characteristicsof the epilepsy

predictionalgorithmwerehighlightedandpotentialrealizationalternativeswereas-

sessed.A mixed-modeCNN that could be usedto realizea polynomialCNN was

introduced.Themixed-modeCNN storesdatarobustly in thedigital domainanduses

analogarithmeticcircuitsfor multiplicationandfor generatingthepolynomialterms.

In a mixed-modeCNN, thepolynomialtermscanberealizedusingone-quadrantcir-

cuits, while four-quadrantoperationcanbe achievedby multiplexing. Furthermore,

this thesisdescribeshow amixed-modeCNN canberealizedsothatdatacaninteract

globallyevenif partitioneddatais processed.

Basedontherequirementsof theepilepsyalgorithmandthemixed-modearchitec-

ture,amixed-modecellulararrayprocessorwasrealized.In therealizedarrayproces-

sor, theprocessingunitsarecoupledwith programmablepolynomial(linear, quadratic

andcubic) first-neighborhoodfeedbackterms. The processorcombinesanalogand

digital processingso that the couplingsand the polynomial termsare implemented

with analogblocks,whereastheintegratoris digital andA/D andD/A convertersare

usedto interfacebetweenthem.A 10mm2, 1.027million transistorcellulararraypro-

cessorwith 2 7 72processingunitsand36layersof memoryin eachwasmanufactured

usinga 0.25µm digital CMOS process.The arrayprocessorcanperformgray-scale

Heun’s integrationof spatialconvolutionswith linear, quadraticandcubicactivation

functionsfor a 72 7 72 datawhile keepingall I/O operationsduringprocessinglocal.
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One completeHeun’s iteration round takes 166.4µs, while the power consumption

duringprocessingis 192mW. Experimentalresultsof statisticalvariationsin themul-

tipliers andpolynomialcircuitswereshown.

Therealizedmixed-modecellulararrayprocessorshowsthatit is possibleto real-

ize a polynomialCNN usingthemixed-modeCNN architecture.Themeasuredpro-

cessingvariationscanbeusedto assesstheobtainableaccuracy, andfurthermore,the

applicabilityof themixed-modedesignto theepilepsypredictionalgorithmandother

algorithmsdescribedusingpolynomialCNN theory. Descriptionsregardingpotential

improvementsin theimplementedcellulararrayprocessorweredescribed.

Beingacombinationof analoganddigital processingunits,themixed-modeCNN

is an attemptto combinethe benefitsof the continuouslydiminishing digital gates

and the compactnessof analogcomputing. The world of electronicsis becoming

increasinglydigital. However, when it comesto devices that have to processlarge

quantitiesof sensoryinformation, in someapplicationstheremay be a demandfor

analog/mixed-signalarrayprocessingalsoin thefuture.
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Chip Micr ophotograph

FigureA.1 Microphotographof thechip.



This pageis intentionallyleft blank.



Appendix B

Description of Control Signals

The following tablesshow thecontrolsignalsof the implementedcellulararraypro-

cessor. Thechip is bondedinto aPGA-144package.Thecontrol,biasandtestsignals

aregroupedso that TablesB.1 andB.2 are integratorcontrol signalsandsignalsin

TableB.3 control the global I/O. TableB.4 shows the two leastsignificantrow ad-

dresssignalsandthe columnactivation signals. TableB.5 shows the addressesthat

areusedto identify thelayerandweightaddresses,msbof row addressandwrite sig-

nalof weights.TableB.6showsthe8-bit globalI/O bus.Thebuscanbewrittenusing

3V signals,but the outputHI level of the bus is 1.8V. TableB.7 describestestpins

thatcanbeusedto measuretheteststructuresof thedummyPU andtheA/D control

signals.TableB.8 describesthedifferentbiasandreferencevoltagesandcurrentsthat

areneededon chip. TableB.9 shows the operatingvoltagesandcorrespondingpins

usedin this design.Finally, TableB.10shows typical valuesof thebiasandreference

voltages.
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signalname pin # explanation

SAMPLE 98 ADC samplesignal,risingedgestartsA/D conversion
WR_1 131 write signalof REG_1,activeHI
WR_2 129 write signalof REG_2,activeHI
WR_Y 130 write signalof REG_Y, activeHI
WR_CMB 118 write signalof REG_CMB,activeHI
ADD_CT 120 controlswhetherREG_Y or from_A/D controlsthe

bottominputof theadder(whenHI, from_A/D is cho-
sen)

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

WR_Y 122 controlswhetherREG_1or REG_Ycontrolsintegra-
tor outputsrg_Candrg_B (whenHI, REG_1is cho-
sen)

TableB.1 Integratorcontrolsignals,byte1. Denotedby INTEG1 X 8 Y 1Z in FigureC.1.

signalname pin # explanation

Z_AD 115 zeroSRAMsin A9 DD

Z_PRT 116 zeroSRAMsin A9 DQ

WR_D 114 enableswriting of SRAM in ADCD togetherwith
CT[6]-CT[0], activeHI

WR_Q 113 enableswriting of SRAM in ADCQ togetherwith
CT[6]-CT[0], activeHI

N_GATE 83 pass-gatecontrol,HI connectsvoltageV_MID to data
bus(precharge)

SW 132 HI opensa conditionalpull-down pathin the output
driverof theSRAM (LO duringprecharge)

COL_EN 140 columndecoderenable,activeHI
EN_DEC_W 48 enabledecoderthatproduceslayeractivationsignals

act[36]-act[1]or weight activation signalsWR[27]-
WR[1], activeHI

TableB.2 Integratorcontrolsignals,byte2. Denotedby INTEG2 X 8 Y 1Z in FigureC.1.

signalname pin # explanation

RD_GBRG1 125 globalreadof SRAM REG_1,activeHI
RD_GBRG2 128 globalreadof SRAM REG_2,activeHI
RD_GBRGY 127 globalreadof SRAM REG_Y, activeHI
RD_GB_OFF 117 globalreadof SRAM in A9 DQ, activeHI
WR_GBRG1 123 globalwrite of registerREG_1,activeHI
WR_GBRG2 124 globalwrite of registerREG_2,activeHI
WR_GBRGY 126 globalwrite of registerREG_Y, activeHI
WR_BIAS 3 write SRAM in dummyPU,activeHI

Table B.3 GlobalI/O controlsignals.Denotedby GBIO X 8 Y 1Z in FigureC.1.
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signalname pin # explanation

ROW_A1 97 row addressbit (lsb), whenrow addressis address0H
thehighestrow is activated

ROW_A2 96 row addressbit
COL_A6 139 columndecoderaddressbit (msb), address00H acti-

vatestheleft column
COL_A5 138 columndecoderaddressbit
COL_A4 137 columndecoderaddressbit
COL_A3 136 columndecoderaddressbit
COL_A2 135 columndecoderaddressbit
COL_A1 134 columndecoderaddressbit (lsb)

TableB.4 Columnactivationsignalsandtwo leastsignificantrow addresssignals.Denotedby
DEC1 X 8 Y 1Z in FigureC.1.

signalname pin # explanation

WR_W 55 write signal of SRAMs that are used to store the
weights,activeHI

ROW_A3 89 row addressbit (msb)
AD6 49 decoderaddressbit (msb) identifieslayer activation

signalsact[36]-act[1] and weight activation signals
WR[27]-WR[1]

AD5 50 decoderaddressbit
AD4 51 decoderaddressbit
AD3 52 decoderaddressbit
AD2 53 decoderaddressbit
AD1 54 decoderaddressbit (lsb)

Table B.5 Layerandweightdecoderaddresses,msbrow addressandwrite signalof weights.
Denotedby DEC2 X 8 Y 1Z in FigureC.1.

signalname pin # explanation

GB_BUS8 43 globalinput/outputbus(msb)
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(lsb)

Table B.6 Globaldigital I/O bus.OutputHI level is 1.8V. Denotedby GBBUSX 8 Y 1Z in Figure
C.1.
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signalname pin # explanation

WX1_SW 67 pin that allows the weight voltagecorrespondingto

A [ 1\1 0 3 to bemeasuredoutsidethechip
V_X1 143 voltagecorrespondingto linear term in dummyPU,

connectedto groundduringprocessing
V_X2 141 voltage correspondingto quadraticterm in dummy

PU
V_X3 142 voltagecorrespondingto cubic term in dummy PU,

connectedto groundduringprocessing
I_1P_OUT 144 I ] output current of dummy PU, from a p-mirror

(scaledup by two)
I_TO_1P 44 externalcurrentto I ] input of leftmostPU in second

row for testingof ADC, dividedby 6 beforeconver-
sion

SW1_OUT 82 ADC controlsignalCT[0] drivenoutsidethechip, in-
cludedin orderto find outconversiontimeandlength
of pulse(pulseratio)

V_MID 88 precharge voltage,generatedon chip, canbe driven
alsoexternally

TableB.7 Testvoltagesandcurrentsthatcanbemeasuredoutsidethechip.
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signalname pin # explanation

VRESX1 74 gatebiasof n-typeI/V convertercorrespondingto lin-
earterm

VRESX2 111 gate bias of p-type I/V converter correspondingto
quadraticterm,negative,unprotectedpad

VRESX3 75 gatebiasof n-typeI/V convertercorrespondingto cu-
bic term

VCMX1 70 biasvoltageof n-typeI/V convertercorrespondingto
linearterm

VCMX2 69 biasvoltageof p-typeI/V convertercorrespondingto
quadraticterm

VCMX3 73 biasvoltageof n-typeI/V convertercorrespondingto
cubicterm

VSSA_X2 68,
112

sourcevoltageof transistorM1 in thecircuit for pro-
ducingthequadraticterm

BIAS_W 56 biasvoltageof the I/V converterusedin the genera-
tion of weights

DELAY_BIAS 81 controlsdelayof currentstarvinginverterin A/D gen-
erationblock,connectedto acurrentmirror

BI_PULLD 133 pull-down biasof multiplier, connectedto gate
BI_PU 119 pull-up biasof full adderandhalf adderin integrator,

connectedto gate
V_I_DAC 45 referencevoltage/currentof in-cell DACs,thecurrent

is dividedby 2 in theconverter
NOTE: V_I_DAC is connectedto VSS if WR_Q is
active (HI)
if WR_Qis LO, V_I_DAC is atbiasvoltage,seetyp-
ical valuesin TableB.10

V_I_AD 46 referencevoltage/currentof ADCs, the currentis di-
videdby 2 in theconverter

V_I_W 47 referencevoltage/currentof the ADC that is usedto
generatetheweights,inputcurrentis dividedby 2

Table B.8 Biasandreferencevoltages.
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signalname pin # explanation

VDD 77,78,85,86,93,94,
101,102

3V digital operatingvoltage

VDD25 76,79,84,87,92,95,
100,103

2.5V digital operatingvoltage

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

digital ground

VDDA 5, 10, 13, 18, 21, 26,
29,34

3V analogoperatingvoltage

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

analogground

VDD_MEM 57 3V operatingvoltageof weight mem-
ory andregisterREG_Bin dummyPU

Table B.9 Operatingvoltages.

signalname voltage(andthecorrespondingcurrentif applicable)

BI_PU 1.807(fast)-1.945(slow)
BI_PULLD 0.352
VSSAX2 0.224,theloadcurrentis up to 1.7mA
VCMX1 0.617,theloadcurrentis up to 5mA
VCMX2 0.615,theloadcurrentis up to 1.7mA
VCMX3 0.502,theloadcurrentis up to 1.7mA
VRESX1 2.347
VRESX2 -0.795
VRESX3 2.053
BIAS_W 0.265
V_I_W 0.941,correspondingcurrent14.2µA
V_I_AD 0.746, correspondingcurrent 3.7µA, 0.776, corresponding

current5.2µA.
V_I_DAC 0.685, correspondingcurrent 2,1µA, 0.713, corresponding

current2.75µA
DELAY_BIAS 0.454,correspondingADC samplingtime ts is 3.3µs. 0.527,

correspondingADC samplingtime ts is 700ns

TableB.10 Typicalbiasvoltages/currents.
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MeasurementSetup

Thefunctionalmeasurementsof thechip werecarriedout usinga PCBmeasurement

boardthatwasdesignedspecificallyfor theimplementedchip. Sincethespeedof the

measurementboardis limited, the speedandpower measurementswerecompleted

usinga patterngenerator. In this appendix,the measurementsetupthatwasusedin

thefunctionalmeasurementsandthespeed/powermeasurementsis explained.

C.1 MeasurementBoard

A PCB measurementboardwas built using discretedigital logic circuits, latches,

buffers (74HC series)and SRAMs. The parallel port of a PC was usedto control

themeasurementboard.Theport wasprogrammedusingC programminglanguage.

The PC wasalsousedto provide the datato/from the chip andto display the data.

The parallelport of a PC is composedof threeports,namelydataport, control port

andstatusport. In the measurementboardthe eight bits of the dataport serve asa

bi-directionaldatabus,while the control port is usedto provide the boardwith four

controlsignals.

FigureC.1shows a block diagramof themeasurementboard.Theboardis com-

posedof five SRAMs,latches,buffersandlogic circuits. Thebi-directionaldataport

of the PC is connectedto busPC IO 1 8 B 12 in themeasurementboard. Bi-directional

databusGBBUS1 8 B 12 interfacesbetweenthemeasurementboardandthechip. When

datais transferredfrom PCto thechip,resistorsR1 andR2 divide the5V outputvolt-

agesof buffer B1 sothat3V signalsareconveyedto thechip throughbuffer B2. The

outputHI voltageof databusGBIO 1 8 B 12 is 1.8V whenthechipdrivesit. Theoperat-

ing voltageof buffer B3 is 3V andtheoperatingvoltageof buffer B1 is 5V. Therefore,
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the outputHI voltageis scaledup beforewriting it to the PC.Latches7 and8 con-

trol chip inputsDEC1 1 8 B 12 andDEC2 1 8 B 12 while SRAMs 3-5 control chip inputs

INTEG1 1 8 B 12 , INTEG2 1 8 B 12 andGBIO 1 8 B 12 .
Ten control signals(shown on the left sideof FigureC.1) areneededto control

the measurementboard. However, the parallelport only providesfour control sig-

nals. Therefore,a logic part is alsoincludedin themeasurementboard.This is used

to turn the four parallel port signalsinto ten control signals. The logic part of the

measurementboardis shown in FigureC.2.

C.1.1 Control of the Board

C.1.1.1 Control Signals

TableC.1 shows thebits of thecontrolport thatareusedto control themeasurement

board.Bit5 (ena_bidir) is usedinternally in theparallelport of thePC.It determines

whetherthedataport is in transmitor receive mode.Signalspcr/w, D, A andpc_clk

arecontrolledby controlportbitsbit3, bit2, bit1 andbit0. Signalsprc/w, A andpc_clk

areinvertedin theparallelport. For example,whenHI is written to bit3, pcr/w is LO.

Signalpcr/w is usedto controlthedriversof thebi-directionaldatabuson theboard.

control
port bit

inverted signal
name

explanation

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

bit3 yes prc/w When pcr/w is LO, data is 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
(shown in FigureC.2)

bit1 yes A mode bit, controls decoder DEC M
(shown in FigureC.2)

bit0 yes pc_clk clock signalof theboard

Table C.1 Bits of thePCcontrolport andcorrespondingsignals.

C.1.1.2 Operating Modes

Themeasurementboardhasfour operatingmodesthatareselectedby decodingsig-

nalsA andD. Thesemodesareexplainedin TableC.2.Themeasurementboardworks



C.1 MeasurementBoard 129

pclsb^

address bus

pc_IO(8,1)_

/W
E

/O
E

SRAM1
`

A
D

D
R

E
S

S

D
A

T
A

dec_a(1)

/W
E

/O
E

A
D

D
R

E
S

S

D
A

T
A

/W
E

a/O
E

a

A
D

D
R

E
S

S

D
A

T
A

/W
E

a/O
E

a

A
D

D
R

E
S

S

D
A

T
A

/W
E

a/O
E

a

A
D

D
R

E
S

S

D
A

T
A

dec_a(2)
dec_a(3)

dec_a(4)
dec_a(5)

SRAM2
`

SRAM3
`

SRAM4
`

SRAM5
`

/O
E

a

IN

O
U

T

LATCH

LE

VSS

/O
E

a

IN

O
U

T

LATCH

LE

VSS

/O
E

a

IN

O
U

T

LATCH

LE

VSS

ena_procb
/O

E

a

IN

O
U

T

LATCH

LE

/O
E

a
IN

O
U

T

LATCH

LE

ena_procb

/O
E

a

IN

O
U

T

LATCH

LE

/O
E

IN

O
U

T

LATCH

LE

pcmsb^
LE2

LE1 VSS
c

a0 a1ena

a2

OUT
d D

E
C

_A

ena_dec

ad(15)
ad(14)
ad(13)

/O
E

IN

O
U

T

LATCH

LE

VSS
c

/O
E

IN

O
U

T

LATCH

LE

VSS
c

dec_a(7)
dec_a(8)

pcr/w_
LO

LO

/OE
e

/OE
epcr/w

/pcr/w

a

sram
_/O

E
sram

_/O
E

sram
_/O

E
sram

_/O
E

sram
_/O

E

buf_/OE
f

buf_/OE
f

buf_/OE
f

buf_/OE
f

buf_/OE
f

LE3

1

2
g

3
h

4

5
i

7

8
j

_lsb

_msb

GB_BUS(8,1)
k

dec_a(8,1)

GB_IO(8,1)

DEC1(8,1)

DEC2(8,1)

INTEG2(8,1)

INTEG1(8,1)

ad(8,1)
ad(16,9)

ad(16,1)

nxt_ad(16,1)

LE3

LE3

R1

R2

LE3

LE1
LE2

ena_proc

VSS
c

buf_/OE
l

sram_/OEm
ena_dec

B1

B2
n

B3
n

LE3

LE3

pc_lsb_pc_msb_

FigureC.1 Block diagramof themeasurementboardwithout controllogic.
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FigureC.2 Controllogic of themeasurementboard.

sothatfirst modebit pc_msbis activatedandmsbaddressis written to LATCH_msb.

Similarly, lsb addressis written to LATCH_lsb. Thentheoperatingmodeis switched

to ena_dec. In this mode,addressad z 16{ 1| is provided to the SRAMs anddecoder

DEC_A. Theoutputsof DEC_Aidentify which SRAM or latch is written. TableC.3

shows the addressesof the latchesandSRAMs. EachSRAM hasa 12-bit address

space(bits ad z 12{ 1| ) andcanthereforestore4096eight-bitwords. TheSRAMsare

groupedasshown in TableC.4. SRAM 1 storesthenext msbaddressesnxt ad z 16{ 9| ,
SRAM 2 storesthenext lsb addressesnxt ad z 8 { 1| andSRAMs3-5 storethedataof

the control chip inputs INTEG1 z 8 { 1| , INTEG2 z 8 { 1| andGBIO z 8 { 1| . By storing

thesedatalinesto theSRAMs,themeasurementboardcanbeprogrammed.

After theSRAMsandlatchesarewritten, theoperatingmodeis switchedto pro-

cessingmode(ena_proc is activated).WhenlatchenablesignalLE3 is HI (LE1 and

LE2 areLO), theoutputdataof theSRAMs is storedto latches1-5. ThenLE1, LE2

andLE3aretoggledandtheoutputdataof latches1 and2 (next addressnxt ad z 16{ 1| )
is storedto LATCH_msbandLATCH_lsb. Therefore,whenthe latch enablesignals

aretoggled,the SRAMs arereadfrom addressesthat areprogrammedto SRAMs 1

and2.

C.2 Carrying out the Measurements

Sincethemeasurementboardcanstorecontrolsequencesof thechipinputsINTEG1 z 8 { 1| ,
INTEG2 z 8 { 1| andGBIO z 8 { 1| , theI/O bottleneckof theparallelport is somewhatre-
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D A activemodesignal explanationof theoperatingmode

LO LO pc_msb PCwritesthemsbaddressto LATCH_lsb
LO HI pc_lsb PCwritesthe lsb addressto LATCH_lsb
HI HI ena_dec decoderDEC_Ais enabled,AD(15,13)are

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

HI LO ena_proc processingmode

Table C.2 Measurementboardoperatingmodes.

ad z 15{ 13| activeSRAM or latch

0x00 SRAM1 (msb)
0x10 SRAM2 (lsb)
0x20 SRAM3
0x30 SRAM4
0x40 SRAM5
0x50 -
0x60 latch7
0x70 latch8

Table C.3 ProgrammingtheSRAMs.

laxed. Datafor chip inputsDEC1 z 8 { 1| andDEC2 z 8 { 1| is storedin the PC because

decoderinputsignalsareeasyto produceby programmingwith C languagein thePC.

Thedownsideis thatchangingDEC1 z 8 { 1| or DEC2 z 8 { 1| takesarelatively longtime.

However, thespeedis sufficient for functionalmeasurements.

The speedandpower measurementswerecarriedout so that first the datato be

processedwas loadedinto the chip, then the control of chip inputs INTEG1 z 8 { 1| ,
INTEG2 z 8 { 1| andDEC2 z 8 { 1| wasgiven for a patterngenerator. The patterngen-

eratorprovided the fastswitchingsignalsfor the chip and the integrationsequence

wascompleted.Thenthe control of chip inputs INTEG1 z 8 { 1| , INTEG2 z 8 { 1| and

DEC2 z 8 { 1| wasgivenbackfor themeasurementboard,anddatareadfrom thechip

to thePC.



132 MeasurementSetup

SRAM # 1 2 3 4 5

dataline nxt ad z 16{ 9| nxt ad z 8 { 1| INTEG1 INTEG2 GBIO

TableC.4 Contentsof onecontrol line in a program.


