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Abstract

A mixed-signalparadigmis presentedfor high-resolutionparallelinner-
productcomputationin very high dimensions,suitablefor efficient im-
plementationof kernelsin imageprocessing.At thecoreof theexternally
digital architectureis ahigh-density, low-poweranalogarrayperforming
binary-binarypartialmatrix-vectormultiplication.Full digital resolution
is maintainedevenwith low-resolutionanalog-to-digitalconversion,ow-
ing to randomstatisticsin theanalogsummationof binaryproducts.A
randommodulationschemeproducesnear-Bernouilli statisticseven for
highly correlatedinputs.Theapproachis validatedwith realimagedata,
andwith experimentalresultsfrom aCID/DRAM analogarrayprototype
in 0.5 � m CMOS.

1 Introduction

Analogcomputationalarrays[1, 2, 3, 4] for neuralinformationprocessingoffer very large
integrationdensityandthroughputasneededfor real-timetasksin computervision and
patternrecognition[5]. Despitethesuccessof adaptivealgorithmsandarchitecturesin re-
ducingtheeffect of analogcomponentmismatchandnoiseon systemperformance[6, 7],
the precisionand repeatabilityof analogVLSI computationunderprocessandenviron-
mentalvariationsis inadequatefor someapplications.Digital implementation[10] offers
absoluteprecisionlimited only by wordlength,but at thecostof significantlylargersilicon
areaandpowerdissipationcomparedwith dedicated,fine-grainparallelanalogimplemen-
tation,e.g., [2, 4].

Thepurposeof this paperis twofold: to presentaninternallyanalog,externallydigital ar-
chitecturefor dedicatedVLSI kernel-basedarrayprocessingthatoutperformspurelydigital
approacheswith a factor100-10,000in throughput,densityandenergy efficiency; andto
provideaschemefor digital resolutionenhancementthatexploitsBernouilli randomstatis-
ticsof binaryvectors.Largestgainsin systemprecisionareobtainedfor high inputdimen-
sions.Theframework allows to operateat full digital resolutionwith relatively imprecise
analoghardware,andwith minimal cost in implementationcomplexity to randomizethe
inputdata.

Thecomputationalcoreof inner-productbasedkerneloperationsin imageprocessingand



patternrecognitionis thatof vector-matrixmultiplication(VMM) in highdimensions:�����	��
�������� � ����� (1)

with � -dimensionalinputvector��� , � -dimensionaloutputvector
���

, and����� matrix
elements� � � . In artificial neuralnetworks, the matrix elements� � � correspondto
weights,or synapses,betweenneurons.The elementsalsorepresenttemplates� � � �
� � � in a vectorquantizer[8], or supportvectorsin a supportvectormachine[9]. In
whatfollowsweconcentrateonVMM computationwhichdominatesinner-productbased1

kernelcomputationsfor highvectordimensions.

2 The Kerneltron: A Massively Parallel VLSI Computational Array

2.1 Internally Analog, Externally Digital Computation

Theapproachcombinesthecomputationalefficiency of analogarrayprocessingwith the
precisionof digital processingandtheconvenienceof a programmableandreconfigurable
digital interface.

The digital representationis embeddedin the analogarrayarchitecture,with inputspre-
sentedin bit-serialfashion,andmatrixelementsstoredlocally in bit-parallelform:
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Thekey is to computeandaccumulatethebinary-binarypartialproducts(5) usinganana-
log VMM array, andto combinethequantizedresultsin thedigital domainaccordingto (4).
Digital-to-analogconversionat theinput interfaceis inherentin thebit-serialimplementa-
tion, androw-parallelanalog-to-digitalconverters(ADCs) areusedat theoutputinterface
to quantize

��� %
� 2 * ' . A 512 � 128 arrayprototypeusingCID/DRAM cells is shown in

Figure1 (a).

2.2 CID/DRAM Cell and Array

The unit cell in the analogarraycombinesa CID computationalelement[12, 13] with a
DRAM storageelement. The cell storesone bit of a matrix element# � � %

�3'
, performs

a one-quadrantbinary-binarymultiplicationof # � � %
�('

and + � % *
'

in (5), andaccumulates

1Radialbasiskernelswith 687 -normcanalsobeformulatedin innerproductformat.
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Figure1: (a) Micrographof the Kerneltron prototype,containingan arrayof >/?  �@?  BACID/DRAM cells,anda row-parallelbankof ?  �A flashADCs. Die sizeis CEDFDG�HC�DFD
in 0.5 � m CMOStechnology. (b) CID computationalcell with integratedDRAM storage.
Circuit diagram,andchargetransferdiagramfor activewrite andcomputeoperations.

the resultacrosscells with common I and J indices. The circuit diagramandoperation
of the cell aregiven in Figure1 (b). An arrayof cells thusperforms(unsigned)binary
multiplication (5) of matrix # � � %

�('
andvector + � % *

'
yielding

� � %
� 2 * ' , for valuesof J in

parallelacrossthearray, andvaluesof K in sequenceover time.

The cell containsthreeMOS transistorsconnectedin seriesasdepictedin Figure1 (b).
TransistorsM1 andM2 comprisea dynamicrandom-accessmemory(DRAM) cell, with
switchM1 controlledby Row Select signal L&M � %

�('
. Whenactivated,thebinaryquantity# � � %

�('
is written in the form of charge (either NPO or 0) storedunderthe gateof M2.

TransistorsM2 andM3 in turncompriseachargeinjectiondevice(CID), whichbyvirtueof
chargeconservationmoveselectricchargebetweentwo potentialwellsin anon-destructive
manner[12, 13, 14].

Thechargeleft underthegateof M2 canonly beredistributedbetweenthetwo CID tran-
sistors,M2 andM3. An active chargetransferfrom M2 to M3 canonly occurif thereis
non-zerochargestored,andif thepotentialon thegateof M2 dropsbelow thatof M3 [12].
Thisconditionimpliesa logicalAND, i.e., , unsignedbinarymultiplication,of # � � %

�('
and+ � % *

'
. Themultiply-and-accumulateoperationis thencompletedby capacitively sensing

theamountof chargetransferredonto theelectrodeof M3, theoutputsummingnode.To
this end, the voltageon the output line, left floating after beingpre-chargedto QSRTR�U  ,is observed. Whenthe charge transferis active, the cell contributesa changein voltageNPQ�VXWZY � NPO[UB\�]_^ where \�]_^ is the total capacitanceon the output line acrosscells.
The total responseis thusproportionalto thenumberof actively transferringcells. After
deactivating the input + � % *

'
, the transferredcharge returnsto the storagenodeM2. The

CID computationis non-destructiveandintrinsicallyreversible[12], andDRAM refreshis
only requiredto counteractjunctionandsubthresholdleakage.

The bottomdiagramin Figure1 (b) depictsthe charge transfertiming diagramfor write



andcomputeoperationsin thecasewhenboth # � � %
�3'

and + � % *
'

areof logic level 1.

2.3 System-Level Performance

Measurementsonthe512 � 128-elementanalogarrayandotherfabricatedprototypesshow
a dynamicrangeof 43dB, anda computationalcycleof 10 � swith powerconsumptionof
50nW percell. Thesizeof theCID/DRAM cell is 8̀a� 45̀ with ` �	b 4 C��I .

Theoverall systemresolutionis limited by theprecisionin thequantizationof theoutputs
from theanalogarray. Throughdigital postprocessing,two bitsaregainedover theresolu-
tion of theADCs used[15], for a total systemresolutionof 8 bits. Largerresolutionscan
beobtainedby accountingfor thestatisticsof binary termsin theaddition,thesubjectof
thenext section.

3 Resolution Enhancement Through Stochastic Encoding

Sincetheanaloginnerproduct(5) is discrete,zeroerrorcanbeachieved(asif computed
digitally) by matchingthequantizationlevelsof theADC with eachof the �dce? discrete
levelsin theinnerproduct.Perfectreconstructionof

� � %
� 2 * ' from thequantizedoutput,for

anoverallresolutionof fgcihjclk(mBn 0Bo �	ca?qp bits,assumesthecombinedeffectof noiseand
nonlinearityin theanalogarrayandtheADC is within oneLSB (leastsignificantbit). For
large arrays,this placesstringentrequirementson analogprecisionandADC resolution,rts k(mBn 0 o �ucv?qp .
The implicit assumptionis that all quantizationlevels are (equally)needed.A straight-
forwardstudyof thestatisticsof the innerproduct,below, revealsthat this is pooruseof
availableresources.

3.1 Bernouilli Statistics

In what follows we assumesigned,rather than unsigned,binary valuesfor inputs and
weights, + � % *

' �xw ? and # � � %
�3' �Gw ? . This translatesto exclusive-OR(XOR), rather

thanAND, multiplicationontheanalogarray, anoperationthatcanbeeasilyaccomplished
with theCID/DRAM architectureby differentiallycodinginputandstoredbitsusingtwice
thenumberof columnsandunit cells.

For input bits + � % *
'

that areBernouilli distributed(i.e., fair coin flips), the (XOR) prod-
uct terms # � � %

�3'
+ � % *

'
in (5) areBernouilli distributed,regardlessof # � � %

�3'
. Their sum��� %

� 2 * ' thusfollowsa binomialdistributiony!z o � %
� 2 * '� �  |{~} ?qp ��� � {

����� o ? } � p ��
 � (6)

with

� ��b 4 > , which in theCentralLimit ���5� approachesa normaldistribution with
zeromeanandvariance� . In otherwords,for randominputsin high dimensions� the
active range(or standarddeviation) of the inner-productis � �X��0 , a factor � �X��0 smaller
thanthefull range� .

In principle, this allows to relax the effective resolutionof the ADC. However, any re-
ductionin conversionrangewill resultin a smallbut non-zeroprobabilityof overflow. In
practice,therisk of overflow canbereducedto negligible levelswith a few additionalbits
in theADC conversionrange.An alternative strategy is to usea variableresolutionADC
whichexpandstheconversionrangeon rareoccurencesof overflow.2

2Or, with stochasticinputencoding,overflow detectioncouldinitiateadifferentrandomdraw.
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Figure2: Experimentalresultsfrom CID/DRAM analogarray. (a) Outputvoltageon the
senseline computingexclusive-or inner productof 64-dimensionalstoredandpresented
binary vectors. A variablenumberof active bits is summedat different locationsin the
arrayby shifting thepresentedbits. (b) Top: Measuredoutputandactualinnerproduct
for 1,024samplesof Bernouilli distributedpairsof storedandpresentedvectors. Bottom:
Histogramof measuredarrayoutputs.

3.2 Experimental Results

While the reducedrangeof the analoginner productsupportslower ADC resolutionin
termsof numberof quantizationlevels,it requireslow levelsof mismatchandnoisesothat
thediscretelevelscanbeindividually resolved,nearthecenterof thedistribution. To verify
this,weconductedthefollowing experiment.

Figure2 showsthemeasuredoutputsononerow of 128CID/DRAM cells,configureddif-
ferentiallyto computesignedbinary(exclusive-OR)innerproductsof storedandpresented
binaryvectorsin 64 dimensions.Thescopetracein Figure2 (a) is obtainedby storingallc~? bits,andshiftingasequenceof inputbits thatdiffer with thestoredbitsby C  w¬ bits.
The left andright segmentof the scopetracecorrespondto differentselectionsof active
bit locationsalongthearraythataremaximallydisjoint, to indicateaworst-casemismatch
scenario. The measuredandactualinner productsin Figure2 (b) areobtainedby stor-
ing andpresenting1,024pairsof randombinaryvectors.Thehistogramshows a clearly
resolved,discretebinomialdistribution for theobservedanalogvoltage.

For very largearrays,mismatchandnoisemayposea problemin thepresentimplementa-
tion with floatingsenseline. A senseamplifierwith virtual groundon thesenseline and
feedbackcapacitoroptimizedto the � �®��0 rangewouldprovidea simplesolution.

3.3 Real Data

Althoughmostrandomlyselectedpatternsdo not correlatewith any chosentemplate,pat-
ternsfrom therealworld tendto correlate,andcertainlythosethatareof interestto kernel
computation3. Thekey is stochasticencodingof theinputs,asto randomizethebits pre-
sentedto theanalogarray.

3This observation,andthebinomialdistribution for sumsof randombits (6), formsthebasisfor
theassociative recallin a Kanerva memory.



¯ ° ± ± ± ¯ ² ± ± ± ² ± ± ° ± ± ±±° ± ±
³ ± ±´ ± ±
µ ± ±² ± ±
¶ ± ±

· ¸ ¸ ¹ º » º ¼ ½ ¾ ¿ À
Á ÂÃÄÅ

¯ ° ± ± ± ¯ ² ± ± ± ² ± ± ° ± ± ±±° ± ±
³ ± ±´ ± ±
µ ± ±² ± ±
¶ ± ±

· ¸ ¸ ¹ º » º ¼ ½ ¾ ¿ À
Á ÂÃÄÅ

Æ Ç È È È Æ É È È È É È È Ç È È ÈÈ ÇÊ Ë
ÌÉ Í Î
ÏÐÇ È
Ç Ç

Ñ Ò Ò Ó Ô Õ Ô Ö × Ø Ù Ú
Û ÜÝÞß

Æ Ç È È È Æ É È È È É È È Ç È È ÈÈ ÇÊ Ë
ÌÉ Í Î
ÏÐÇ È
Ç Ç

Ñ Ò Ò Ó Ô Õ Ô Ö × Ø Ù Ú
Û ÜÝÞß

Figure 3: Histogramsof partial binary inner products
� %
� 2 * ' for 256 pairs of randomly

selected32 � 32 pixel segmentsof Lena. Left: with unmodulated8-bit imagedatafor
bothvectors. Right: with 12-bitmodulatedstochasticencodingof oneof thetwo vectors.
Bottom: all bit planesJ and K . Bottom: mostsignificantbit (MSB) plane,J � K �eb .
Randomizingan informative input while retainingthe information is a futile goal, and
we arecontentwith a solution that approachesthe ideal performancewithin observable
bounds,andwith reasonablecostin implementation.Giventhat“Ideal” randomizedinputs
relax theADC resolutionby àâáZã 0 �äU  bits, they necessarilyreducethewordlenghtof the
outputby thesame.To accountfor thelostbits in therangeof theoutput,it is necessaryto
increasetherangeof the“ideal” randomizedinputby thesamenumberof bits.

Onepossiblestochasticencodingschemethatrestorestherangeis � �®��0 -fold oversampling
of theinputthrough(digital) delta-sigmamodulation.This is aworkablesolution;however
we proposeonethat is simplerandlesscostly to implement.For eachf -bit input compo-
nent � � , pick a randominteger å � in therange

w o � �®��0 } ?qp , andsubtractit to produce
a modulatedinput æ�F� � ��� } å � with àçáZã 0 ��U  additionalbits. It canbe shown that
for worst-casedeterministicinputs ��� themeanof thedistributionof æ��� is off atmostbyw � �®��0 from theorigin. Thedesiredinnerproductsfor ��� areretrievedby digitally adding
theinnerproductsobtainedfor æ� � and å � . Therandomoffset å � canbechosenonce,so
its innerproductwith thetemplatescanbepre-computeduponinitializing or programming
the array. The implementationcostis thuslimited to component-wisesubtractionof ���
and å � , achievedusingonefull adder, onebit register, andROM storageof the è � %

�3'
bits

for everycolumnof thearray.

Figure3 providesa proof of principle, using imagedataselectedat randomfrom Lena.
12-bit stochasticencodingof the8-bit image,by subtractinga randomvariablein a range
15timeslargerthantheimage,producesthedesiredbinomialdistributionfor thepartialbit
innerproducts,evenfor themostsignificantbit (MSB) which is mosthighly correlated.



4 Conclusions

We presentedan externallydigital, internallyanalogVLSI arrayarchitecturesuitablefor
real-timekernel-basedneuralcomputationandmachinelearningin very largedimensions,
suchasimagerecognition.Fine-grainmassiveparallelismanddistributedmemory, in anar-
rayof 3-transistorCID/DRAM cells,providesathroughputof  �&? b �X0 binaryMACS(mul-
tiply accumulatespersecond)perWatt of power in a 0.5 � m process.A simplestochastic
encodingschemerelaxesprecisionrequirementsin theanalogimplementationby onebit
for eachfour-fold increasein vectordimension,while retainingfull digital overall system
resolution.
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