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Abstract

A mixed-signaparadigmis presentedor high-resolutiorparallelinner

productcomputationin very high dimensionssuitablefor efficientim-

plementatiorof kernelsn imageprocessingAt thecoreof theexternally
digital architectures a high-densitylow-power analogarrayperforming
binary-binarypartialmatrix-vectormultiplication. Full digital resolution
is maintainedevenwith low-resolutionanalog-to-digitatonversion,ow-

ing to randomstatisticsin the analogsummatiorof binary products.A

randommodulationschemeoroducesearBernouilli statisticseven for

highly correlatednputs. Theapproacthis validatedwith realimagedata,
andwith experimentatesultsfrom a CID/DRAM analogarrayprototype
in 0.5um CMOS.

1 Introduction

Analogcomputationabrrays[1, 2, 3, 4] for neuralinformationprocessingffer very large
integration densityand throughputas neededor real-timetasksin computervision and
patternrecognition[5]. Despitethe succes®f adaptve algorithmsandarchitecturesn re-
ducingthe effect of analogcomponenmismatchandnoiseon systemperformancg6, 7],
the precisionand repeatabilityof analogVLSI computationunderprocessand erviron-
mentalvariationsis inadequatdor someapplications.Digital implementatior{10] offers
absoluteprecisionlimited only by wordlength put atthe costof significantlylargersilicon
areaandpower dissipationcomparedvith dedicatedfine-grainparallelanalogimplemen-
tation,e.g., [2, 4].

The purposeof this paperis twofold: to presenaninternally analog,externally digital ar-

chitecturdor dedicated/LSI kernel-basedrrayprocessinghatoutperformspurelydigital

approachewvith afactor100-10,000n throughputdensityandenengy efficiengy; andto

provide aschemdor digital resolutionenhancemerhatexploits Bernouillirandomstatis-
tics of binaryvectors.Largestgainsin systenprecisionareobtainedor highinputdimen-
sions. The framavork allows to operateat full digital resolutionwith relatively imprecise
analoghardware,andwith minimal costin implementatiorcompleity to randomizethe
inputdata.

The computationatoreof innerproductbasedkerneloperationsn imageprocessingnd



patternrecognitionis thatof vectormatrix multiplication(VMM) in highdimensions:

N-1
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with N-dimensionainputvectorX,,, M -dimensionabutputvectorY;,,, andN x M matrix
elementsi,,,,,. In artificial neural networks, the matrix elementsi,,,,, correspondo
weights,or synapsesbetweenneurons. The elementsalso representemplatesX,,™ =
Wo.m in avectorquantizer[8], or supportvectorsin a supportvector machine[9]. In
whatfollowswe concentrat®@n VMM computatiorwhich dominatesnnerproductbased
kernelcomputationgor high vectordimensions.

2 TheKerneltron: A Massively Parallel VL SI Computational Array

2.1 Internally Analog, Externally Digital Computation

The approactcombineshe computationakfficiencgy of analogarray processingvith the
precisionof digital processingndthe corvenienceof a programmabl@ndreconfigurable
digital interface.

The digital representatioiis embeddedn the analogarray architecturewith inputs pre-
sentedn bit-serialfashion,andmatrix elementstorediocally in bit-parallelform;
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with binary-binaryWMM partials:
N-1
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Thekey is to computeandaccumulatehe binary-binarypartial productg(5) usinganana-
log VMM array andto combinghequantizedesultsin thedigital domainaccordingo (4).
Digital-to-analogcornversionat theinputinterfaceis inherentin the bit-serialimplementa-
tion, androw-parallelanalog-to-digitacorverters(ADCs) areusedat the outputinterface
to quantizer(i’j). A 512 x 128 array prototypeusing CID/DRAM cellsis shavn in
Figurel (a).

2.2 CID/DRAM Cdl and Array

The unit cell in the analogarray combinesa CID computationaklement{12, 13] with a
DRAM storageelement. The cell storesone bit of a matrix elementw,,,,(*, performs
a one-quadranbinary-binarymultiplication of w,,,,* andz, ) in (5), andaccumulates

'Radialbasiskernelswith Ly-normcanalsobeformulatedin innerproductformat.



e et yQUt(ir)n
_[m21 _Twm3l

128x512 il ) ) ()
CID/DRAM [/ om fn VU

Analog Array

Figurel: (a) Micrographof the Kerneltron prototype,containingan arrayof 512 x 128
CID/DRAM cells,andarow-parallelbankof 128 flashADCs. Die sizeis 3 mm x 3 mm
in 0.5 um CMOStechnology (b) CID computationatell with integratedDRAM storage.
Circuitdiagramandchagetransferdiagramfor active write andcomputeoperations.

the resultacrosscells with commonm and: indices. The circuit diagramandoperation
of the cell aregivenin Figurel (b). An arrayof cells thus performs(unsigned)binary
multiplication (5) of matrix w,,,, (¥ andvectorz,@ yielding Y;,*?, for valuesof i in

parallelacrosghearray andvaluesof j in sequencevertime.

The cell containsthree MOS transistorsconnectedn seriesasdepictedin Figure 1 (b).
Transistoravil andM2 comprisea dynamicrandom-accessiemory(DRAM) cell, with
switch M1 controlledby Row Select signal RS, . Whenactiated,the binary quantity
wmn® is written in the form of chage (either AQ or 0) storedunderthe gateof M2.
TransistordM2 andM3 in turncompriseachageinjectiondevice (CID), which by virtue of
chageconserationmoveselectricchagebetweertwo potentialwellsin anon-destructie
manneil{12, 13, 14].

Thechageleft underthe gateof M2 canonly beredistritutedbetweerthetwo CID tran-
sistors,M2 andM3. An active chage transferfrom M2 to M3 canonly occurif thereis
non-zerachagestoredandif the potentialonthegateof M2 dropsbelow thatof M3 [12].
This conditionimpliesalogical AND, i.e.,, unsignedoinarymultiplication,of w,,, ) and
z, 9. The multiply-and-accumulateperationis thencompletedby capacitvely sensing
the amountof chagetransferreconto the electrodeof M3, the outputsummingnode. To
this end, the voltageon the outputline, left floating after being pre-chagedto Vdd/2,
is obsered. Whenthe chage transferis active, the cell contributesa changein voltage
AVour = AQ/Cus whereCyys is the total capacitancen the outputline acrosscells.
The total responsés thusproportionalto the numberof actively transferringcells. After
deactvating the input z,, /), the transferrecchage returnsto the storagenodeM2. The
CID computatioris non-destructie andintrinsically reversible[12], andDRAM refreshis
only requiredto counteracjunctionandsubthresholdeakage.

The bottomdiagramin Figure 1 (b) depictsthe chage transfertiming diagramfor write



andcomputeoperationsn the casewhenbothw,,,, (¥ andz,, () areof logic level 1.

2.3 System-Level Performance

Measurementsnthe512 x 128-elemenanalogarrayandotherfabricategrototypeshov
adynamicrangeof 43 dB, anda computationatycle of 10 uswith power consumptiorof
50 nW percell. Thesizeof the CID/DRAM cellis 8\ x 45X with A = 0.3um.

Theoverall systemresolutionis limited by the precisionin the quantizatiorof the outputs
from theanalogarray Throughdigital postprocessingwo bits aregainedover theresolu-
tion of the ADCs used[15], for a total systemresolutionof 8 bits. Largerresolutionscan
be obtainedby accountingfor the statisticsof binarytermsin the addition,the subjectof

thenext section.

3 Resolution Enhancement Through Stochastic Encoding

Sincethe analoginner product(5) is discrete zeroerror canbe achieved (asif computed
digitally) by matchingthe quantizatiorlevels of the ADC with eachof the N + 1 discrete
levelsin theinnerproduct.Perfectreconstructiorf Y,, (9) from thequantizedutput,for

anoverallresolutionof I + J+ log, (N + 1) bits,assumeghecombineceffectof noiseand
nonlinearityin theanalogarrayandthe ADC is within oneLSB (leastsignificantbit). For

large arrays,this placesstringentrequirement®n analogprecisionand ADC resolution,
L >log,y (N +1).

The implicit assumptionis thatall quantizationlevels are (equally) needed. A straight-
forward study of the statisticsof the inner product,belaw, revealsthatthis is pooruseof
availableresources.

3.1 Bernouilli Statistics

In what follows we assumesigned, ratherthan unsigned,binary valuesfor inputs and
weights,z,,) = +1 andw,,(? = +1. This translatego exclusive-OR (XOR), rather
thanAND, multiplicationontheanalogarray anoperatiorthatcanbeeasilyaccomplished
with the CID/DRAM architecturdoy differentiallycodinginputandstoredbits usingtwice
thenumberof columnsandunit cells.

For input bits z,,(9) that are Bernouilli distributed (i.e., fair coin flips), the (XOR) prod-
uct termswin, Dz, in (5) areBernouilli distributed, regardlesof wy,, . Their sum
Y,,,(#%) thusfollows a binomialdistribution

Pr(Y, (") =2k 1) = (ZZ)p’“(l —-pN* 6)

with p = 0.5, whichin the CentralLimit N — oc approachea normaldistribution with
zeromeanandvarianceN. In otherwords,for randominputsin high dimensionsV the
active range(or standarddeviation) of the innerproductis N'/2, a factor N'/2 smaller
thanthefull rangeN.

In principle, this allows to relax the effective resolutionof the ADC. However, ary re-
ductionin corversionrangewill resultin a smallbut non-zeroprobability of overflow. In
practice therisk of overflow canbereducedo ngjligible levelswith afew additionalbits
in the ADC corversionrange.An alternatve strat@y is to usea variableresolutionADC
which expandgthe corversionrangeon rareoccurencesf overflow.?

20r, with stochastiénputencodingoverflow detectioncouldinitiate a differentrandomdraw.
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Figure2: Experimentatesultsfrom CID/DRAM analogarray (a) Outputvoltageonthe
sensdine computingexclusive-or inner productof 64-dimensionabktoredand presented
binary vectors. A variablenumberof active bits is summedat differentlocationsin the
arrayby shifting the presentedits. (b) Top: Measuredutputandactualinner product
for 1,024samplef Bernouilli distributedpairsof storedandpresentedrectors. Bottom:
Histogramof measuredrrayoutputs.

3.2 Experimental Results

While the reducedrangeof the analoginner productsupportslower ADC resolutionin
termsof numberof quantizatiorievels, it requiredow levelsof mismatchandnoisesothat
thediscretdevelscanbeindividually resolhed,nearthecenterof thedistribution. To verify
this, we conductedhefollowing experiment.

Figure2 shavsthe measureautputson onerow of 128 CID/DRAM cells,configureddif-
ferentiallyto computesignedbinary (exclusive-OR)innerproductsof storedandpresented
binaryvectorsin 64 dimensions.The scopetracein Figure2 (a) is obtainedby storingall
+1 bits, andshifting a sequencef input bits thatdiffer with the storedbits by 32 + 4 bits.
The left andright segmentof the scopetracecorrespondo differentselectionsof active
bit locationsalongthe arraythataremaximallydisjoint, to indicatea worst-casenismatch
scenario. The measuredand actualinner productsin Figure 2 (b) are obtainedby stor
ing and presentingl,024pairsof randombinary vectors. The histogramshaws a clearly
resohed,discretebinomialdistribution for the obsenedanalogvoltage.

For very largearrays mismatchandnoisemay posea problemin the presenimplementa-
tion with floating sensdine. A senseamplifierwith virtual groundon the sensdine and
feedbaclcapacitoroptimizedto the N1/2 rangewould provide a simplesolution.

3.3 Real Data

Althoughmostrandomlyselectedhatternsdo not correlatewith ary chosertemplate pat-
ternsfrom therealworld tendto correlate andcertainlythosethatareof interestto kernel
computatior®. Thekey is stochastiencodingof theinputs,asto randomizethe bits pre-
sentedo theanalogarray

3This obseration, andthe binomial distribution for sumsof randombits (6), formsthe basisfor
theassociatie recallin a Kanerva memory
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Figure 3: Histogramsof partial binary inner productsY (%) for 256 pairs of randomly
selected32 x 32 pixel sggmentsof Lena. Left: with unmodulated-bit imagedatafor
bothvectors. Right: with 12-bitmodulatedstochastiencodingof oneof thetwo vectors.
Bottom: all bit planesi andj. Bottom: mostsignificantbit (MSB) plane; = j = 0.

Randomizingan informative input while retainingthe informationis a futile goal, and
we are contentwith a solutionthat approacheshe ideal performancewithin obsenable
boundsandwith reasonableostin implementationGiventhat“ldeal” randomizednputs
relaxthe ADC resolutionby log,N/2 bits, they necessarilyeducethe wordlenghtof the
outputby the same.To accountfor thelostbits in therangeof the output,it is necessaryo
increaseherangeof the“ideal” randomizednput by the samenumberof bits.

Onepossiblestochasti@ncodingschemehatrestoresherangeis N'/2-fold oversampling
of theinputthrough(digital) delta-sigmanodulation.Thisis aworkablesolution;however
we proposeonethatis simplerandlesscostlyto implement.For each-bit input compo-
nentX,, pick arandomintegerU,, in therange+(N'/? — 1), andsubtraciit to produce
a modulatedinput X, = X, — U, with log> N/2 additionalbits. It canbe shown that
for worst-casealeterministidnputs X,, the meanof thedistribution of X,, is off atmostby
+N'/2 fromtheorigin. Thedesirednnerproductgor X, areretrievedby digitally adding
theinnerproductsobtainedfor X,, andU,,. TherandomoffsetU,, canbechoseronce,so
its innerproductvith thetemplatesanbe pre-computediponinitializing or programming
thearray Theimplementatiorcostis thuslimited to component-wissubtractionof X,
andU,,, achiezedusingonefull adder onebit register andROM storageof thew,,(? bits
for every columnof thearray

Figure 3 providesa proof of principle, usingimagedataselectedat randomfrom Lena.

12-bit stochasti@ncodingof the 8-bitimage,by subtractinga randomvariablein arange
15timeslargerthantheimage produceghedesirecbinomialdistributionfor the partialbit

innerproductsgvenfor the mostsignificantbit (MSB) whichis mosthighly correlated.



4 Conclusions

We presentedn externally digital, internally analogVLSI arrayarchitecturesuitablefor
real-timekernel-basedeuralcomputatiorandmachindearningin very largedimensions,
suchasimagerecognition.Fine-grairmassie parallelismanddistributedmemoryin anar-
ray of 3-transistoiICID/DRAM cells,providesathroughpubf 2 x 10'2 binaryMACS (mul-
tiply accumulatepersecondperWatt of powerin a 0.5 um processA simplestochastic
encodingschemeaelaxesprecisionrequirementsn the analogimplementatiorby onebit
for eachfour-fold increasdn vectordimensionwhile retainingfull digital overall system
resolution.
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