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Abstract — A mixed-modeinner-product vector processoris
presented.It performs high-dimensionalmatrix-vector multipli-
cation on a fine-grain analogarray and hasa purely-digital inter-
face.The array incorporatescharge-modeanalogcomputational
cells and row-parallel analog-to-digital converters (ADC). Each
of the cells includesa dynamic storageelementand a charge in-
jection devicecomputingbinary inner-productof two arguments.
This eliminates constraints on memory-processorcommunica-
tion bandwidth leading to very high computational thr oughput
limited only by the capacityof the array. The matrix elementsare
stored in the array in bit-parallel fashion,and the input vector is
presentedbit-serially. Digital post-processingallows to construct
resulting inner-productswith precisionhigher than that of each
A/D conversion. In addition, analogcomputationoffseterrorsare
compensatedfor in a multi-chip configuration. The architecture
is tailor ed for high-densityVLSI implementation.

I . INTRODUCTION

One of the most common,but computationallymost expensive
operationsin modernvision,imageandspeechprocessingalgorithms
is thatof vector-matrixmultiplication(VMM) in largedimensions:

�������
	���
���������� ����� � ����� � � (1)

with � -dimensionalinput vector
� � � �

,  -dimensionaloutputvec-
tor
� �����

, and �"!# matrix elements� � � � ��� . In artificial neu-
ral networks, for instance,the matrix elements� ����� � � correspond
to weights,or synapses,betweenneurons.The elementsmay also
representtemplates

� ������ 	 � ����� � � in a vectorquantizer[1], or
supportvectorsin asupportvectormachine[2].

Basedon currentsemiconductortechnologies,the only possibil-
ity to achieve real-timeprocessingis by meansof massively parallel
computation.DedicatedparallelVLSI architectureshavebeendevel-
opedto speedupVMM computation,e.g. [3]. Theproblemwith most
parallel systemsis that they requirecentralizedmemoryresources
i.e., RAM sharedonabus,therebylimiting theavailablethroughput.
A fine-grain,fully-parallel architecture,that integratesmemoryand
processingelements,yieldshigh computationalthroughputandhigh
densityof integration[4]. The idealscenario(in thecaseof vector-
matrixmultiplication)is whereeachprocessorperformsonemultiply
andlocally storesonecoefficient. Theadvantageof this is a through-
put thatscaleslinearlywith thedimensionsof theimplementedarray.
Therecurringproblemwith digital implementationis the latency in

1Thiswork wassupportedby NSFMIP-9702346andONRN00014-99-1-
0612.ChipswerefabricatedthroughtheMOSISfoundryservice.

accumulatingthe resultover a large numberof cells. Also, the ex-
tensive silicon areaandpower dissipationof a digital multiply-and-
accumulateimplementationmake this approachprohibitive for very
large(100-10,000)matrixdimensions.

AnalogVLSI providesa naturalmediumto implementfully par-
allel computationalarrayswith high integrationdensityandenergy
efficiency [5]. By summingcharge or current on a single wire
acrosscells in the array, low latency is intrinsic. Analog multiply-
and-accumulatecircuits are so small that one can be provided for
eachmatrix element,makingit feasibleto implementmassively par-
allel implementationswith large matrix dimensions. Fully paral-
lel implementationof (1) requiresan  $!%� arrayof cells, each
cell containinga productcomputingdevice and a storageelement.
Eachcell &('*),+.- computesthe productof input component

� � � �
and matrix element � ����� � � , and dumpsthe resulting current or
charge on a horizontal output summingline. The device storing

� ����� � � is usuallyincorporatedinto thecomputationalcell to avoid
performancelimitations due to low external memoryaccessband-
width. Variousphysicalrepresentationsof inputsandmatrixelements
have beenexplored, using synchronouscharge-mode[6, 7, 8, 9],
asynchronoustransconductance-mode[10, 11, 12], or asynchronous
current-mode[13] multiply-and-accumulatecircuits.

Themainproblemwith purelyanalogimplementationis theeffect
of noiseandcomponentmismatchonprecision.To thisend,wepro-
posethe useof hybrid analog-digitaltechnologyto simultaneously
add a large numberof digital valuesin parallel, with careful con-
siderationof sourcesof imprecisionin the implementationandtheir
overall effect on the systemperformance.Our approachcombines
thecomputationalefficiency of analogarrayprocessingwith thepre-
cisionof digital processingandtheconvenienceof a programmable
andreconfigurabledigital interface.

A mixed-signalarrayarchitecturewith binarydecomposedmatrix
andvectorelementsis describedin SectionII. VLSI implementa-
tion is presentedin SectionIII. SectionIV quantifiesthe improve-
mentsobtainedin systemprecisionobtainedby postprocessingthe
quantizedoutputsof the array in the digital domain. An expanded
architectureusingmultiple processorsandcompensatingfor analog
computationoffseterrorsis discussedin SectionV. Conclusionsare
presentedin SectionVI.

I I . M IXED-SIGNAL ARCHITECTURE

A InternallyAnalog, ExternallyDigital Computation

The systempresentedis internally implementedin analogVLSI
technology, but interfacesexternally with the digital world. This
paradigmcombinesthebestof bothworlds: it usestheefficiency of
massively parallelanalogcomputing(in particular:addingnumbers
in parallelonasinglewire),but allowsfor amodular, configurablein-
terfacewith otherdigital pre-processingandpost-processingsystems.
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Figure1: Block diagramof onerow in thematrix with binaryencodedelements57698;:=< >@? , for a single A andwith BDCFE bits.
Dataflow of bit-serialinputs GIH@8;>@? andcorrespondingpartialoutputsJ.6 < H 8;:K? , with L%CME bits.

Thisis necessaryto maketheprocessorageneral-purposedevicethat
cantailor thevector-matrixmultiplicationtaskto theparticularappli-
cationwhereit is beingused.

Thedigital representationis embedded,in bothbit-serialandbit-
parallelfashion,in theanalogarrayarchitecture(Fig. 1). Inputsare
presentedin bit-serialfashion,andmatrixelementsarestoredlocally
in bit-parallelform. Digital-to-analog(D/A) conversionat the input
interfaceis inherentin thebit-serialimplementation,androw-parallel
analog-to-digital(A/D) convertersareusedat theoutputinterface.

For simplicity, anunsignedbinaryencodingof inputsandmatrix
elementsis assumedhere,for one-quadrantmultiplication. This as-
sumptionis not essential:it hasno bindingeffect on thearchitecture
andcanbeeasilyextendedto a standardone’s complementfor four-
quadrantmultiplication, in which thesignificantbits (MSB) of both
argumentshave a negative ratherthanpositive weight. Assumefur-
ther N -bit encodingof matrixelements,and O -bit encodingof inputs:

� ���P� � � 	 Q 
.�� R ����S 
 �
RUT
� ��V ����� � �
R

(2)

��� � �W	 X 
.��Y ��� S 
 �
YZT
� �\[ � � �
Y

(3)

decomposing(1) into:

�]�����
	 ��
�������� � ����� � ����� � �
	 Q 
.�� R ��� X 
.��Y ���^S 
 �
RUT_YZTa` ��� �����R � Y (4)

with binary-binaryVMM partials:

� ���b�R � Y 	 ��
�������� V ���P� � �
R [ � � �Y c (5)

Theproposedmixed-signalapproachis to computeandaccumulate
the binary-binarypartial products(5) usingan analogVMM array,

andto combinethequantizedresultsin thedigital domainaccording
to (4).

B ArrayArchitectureandDataFlow

To convenientlyimplementthepartialproducts(5), thebinaryen-
codedmatrix elements

V R ���P� � �
arestoredin bit-parallel form, and

the binary encodedinputs
[ Y � � �

arepresentedin bit-serial fashion.
The bit-serial format was first proposedand demonstratedin [7],
with binary-analogpartialproductsusinganalogmatrixelementsfor
higherdensityof integration. Theuseof binaryencodedmatrix ele-
mentsrelaxesprecisionrequirementsandsimplifiesstorage[8].

Onerow of N -bit encodedmatrix elementsusesN rows of binary
cells.Therefore,to storean  d!e� digital matrix � ����� � � , anarray
of  �N�!�� binarycells

V R ����� � �
is needed.Onebit of aninputvector

is presentedeachclock cycle, taking O clock cyclesof partialprod-
ucts(5) to completea full computationalcycle (1). Theinputbinary
components

[ Y � � �
arepresentedleastsignificantbit (LSB) first, to fa-

cilitatethedigital postprocessingto obtain(4) from (5) (aselaborated
in SectionIV).

Figure1 depictsone row of matrix elements� ���P� � � in the bi-
naryencodedarchitecture,comprisingN rowsof binarycells

V R ����� � �
,

where N 	gf in theexampleshown. Thedataflow is illustratedfor
a digital input series

[ Y � � �
of O 	hf bits, LSB first (i.e., descending

index i ). The correspondinganalogseriesof outputs
� R � Y ����� in (5)

obtainedatthehorizontalsummingnodesof theanalogarrayis quan-
tized by a bank of analog-to-digitalconverters(ADC), and digital
postprocessing(4) of thequantizedseriesof outputvectorsyieldsthe
final digital result(1).

The quantizationschemeusedis critical to systemperformance.
As shown in SectionIV, appropriatepostprocessingin thedigital do-
main to obtain (4) from the quantizedpartial products

� R � Y ����� can
leadto a significantenhancementin systemresolution,well beyond
thatof intrinsicADC resolution.This relaxesprecisionrequirements
ontheanalogimplementationof thepartialproducts(5). A denseand
efficient charge-modeVLSI implementationis describednext.
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Figure2: CID computationalcell with integratedDRAM stor-
age(top). Charge transferdiagramfor active write andcom-
puteoperations(bottom).

I I I . CHARGE-MODE VLSI IMPLEMENTATION

The elementarycell combinesa CID computationalunit [7, 8],
computingoneargumentof thesumin (5),with aDRAM storageele-
ment.Thecell storesonebit of amatrixelement

V R ����� � �
, performsa

one-quadrantbinary-binarymultiplicationof
V R ����� � �

and
[ Y � � �

, and
accumulatesthe result acrosscells with common ' and o indices.
The circuit diagramandoperationof the cell aregiven in Figure2.
An arrayof cells thusperforms(unsigned)binarymultiplication(5)
of matrix

V R ����� � �
andvector

[ Y � � �
yielding

� R � Y ����� , for valuesof o
in parallelacrossthearray, andvaluesof i in sequenceover time.

The cell containsthreeMOS transistorsconnectedin seriesas
depictedin Figure2. TransistorsM1 andM2 comprisea dynamic
random-accessmemory (DRAM) cell, with switch M1 controlled
by RowSelectsignal p7q

R �����
. Whenactivated,the binary quantityV R ����� � �

is written in theform of chargestoredunderthegateof M2.
TransistorsM2 andM3 in turn comprisea charge injection device
(CID), whichby virtue of chargeconservationmoveselectriccharge
betweentwo potentialwells in anon-destructive manner[7, 8, 14].

The cell operatesin two phases:Write and Compute. When a
matrixelementvalueis beingstored,

[ Y � � �
is heldat r7sts and r7uwvyx

at a voltage rKsts_z S . To performa write operation,eitheranamount
of electricchargeis storedunderthegateof M2, if

V R ����� � �
is low, or

chargeis removed,if
V R ����� � �

is high. Theamountof chargestored,{}|
or 0, correspondsto thebinaryvalue

V R ���P� � �
.

Oncethe charge hasbeenstored,the switch M1 is deactivated,
andthe cell is readyto compute.The charge left underthe gateof
M2 canonly be redistributedbetweenthe two CID transistors,M2
andM3. An active charge transferfrom M2 to M3 canonly occur
if thereis non-zerocharge stored,and if the potentialon the gate
of M2 dropsbelow thatof M3 [7]. This conditionimpliesa logical
AND, i.e., unsignedbinarymultiplication,of

V R ����� � �
and

[ Y � � �
. The

multiply-and-accumulateoperationis thencompletedby capacitively
sensingthe amountof charge transferredonto the electrodeof M3,
theoutputsummingnode.To thisend,thevoltageon theoutputline,
left floatingafterbeingpre-chargedto r7sts_z S , is observed.Whenthe

chargetransferis active, thecell contributesachangein voltage{ r�~9�w� 	 {}| z����=� (6)

where ����� is the total capacitanceon the output line acrosscells.
The total responseis thus proportionalto the numberof actively
transferringcells. After deactivating the input

[ Y � � �
, the transferred

chargereturnsto thestoragenodeM2. TheCID computationis non-
destructiveandintrinsicallyreversible[7], andDRAM refreshis only
requiredto counteractjunctionandsubthresholdleakage.

The bottomdiagramin Figure2 depictsthe charge transfertim-
ing diagramfor write andcomputeoperationsin thecasewhenbothV R ����� � �

and
[ Y � � �

areof logic level 1. A logic level 0 for
V R ����� � �

is representedas r7sts , anda logic level 1 is representedas r�sts_z S ,where r�sts is the supplyvoltage. For
[ Y � � �

, logic level 0 is repre-
sentedas r7sts , andlogic level 1 asGND.

Transistor-level simulationof a 512-elementrow indicatesa dy-
namicrangeof 43dB,andacomputationalcycleof 10 � swith power
consumptionof 50nW percell.

IV. QUANTIZATION AND DIGITAL RESOLUTION
ENHANCEMENT

Significantimprovementsin precisioncanbeobtainedby exploit-
ing the binary representationof matrix elementsandvector inputs,
andperformingthecomputation(4) in thedigital domain,from quan-
tizedestimatesof thepartialoutputs(5). Theeffect of averagingthe
quantizationerrorovera largenumberof quantizedvaluesof

� R � Y �����
booststhe precisionof the digital estimateof

� �����
, beyond the in-

trinsic resolutionof theanalogarrayandtheA/D quantizersused.

A AccumulationandQuantization

Theoutputs
� R � Y ����� for asingle ' obtainedfrom theanalogarray

over O clock cycles can be conceived as an N�!�O matrix, shown
in Figure1. Elementsof this matrix locatedalongdiagonals(i.e.,
elementswith acommonvalueof o@�ei ) have identicalbinaryweight
in (4). Therefore,thesummationin (4) couldberearrangedas:

�������
	�Q 
.�� R ��� X 
���Y ��� S 
 �
RUT_YZTa` �\� �����R � Y 	�� 
��� � �a� S 
 �

� Ta` �\�=� ������
(7)

where� 	 oI�*i , � 	 N���Oe��� and

��� ���b�� 	
�

�� �
� � Q ��R � � �
� � X �

� �����R � � 

R

(8)

with �.&���)�N_-
���]����&��@)����=N.��� - and ��&���)9O�-����]�¡��&��_)����¢O���� - .
Several choicescanbe madein the representationof the signals

beingaccumulatedandquantized.Onechoiceis whetherto quantize
eacharrayoutput,

� R � Y ����� , andaccumulatethetermsin (8) in thedig-
ital domain,or accumulatethetermsin theanalogdomainandquan-
tizetheresulting

� �� �����
. Clearly, theformerleadsto higherprecision,

while the latterhaslower complexity of implementation.We opted
for the former, and implementeda parallel arrayof low-resolution
(6-bit) flashADCs,onefor eachrow output o .
B Row-parallel FlashA/D Conversion

Considerfirst thecaseof row-parallelflash(i.e., bit-parallel)A/D
conversion,whereall N£!¤O valuesof

� R � Y ����� are fully quantized.
Figure 3 presentsthe correspondingarchitecture,shown for a sin-
gle outputvectorcomponent' . Eachof the N horizontalsumming
nodes,one for eachbit-plane o of component' , interfaceswith a
dedicatedflashA/D converterproducinga digital output

| R � Y ����� of
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-bit resolution.Thesummations(8) and(7) arethenperformedin
thedigital domain:

| �����¬	�Q 
��� R �a� X 
��� Y �a�^S 
 �
R;TyY­T.` � | �����R � Y 	�� 
��� � �a��S 
 �

� T.` � | � ������ ) (9)

and | � ������ 	
�

I� �
� � Q ��R � � �
� � X �

| ���b�R � � 

R c (10)

A block diagramfor a digital implementationis shown on the right
of Figure3, assumingLSB-first bit-serial inputs(descendingindexi ). With radix 2, a shift-and-accumulateoperationavoids the need
for digital multiplication. TheLSB-first bit-serialformatminimizes
latency andreducesthelengthof theregisteraccumulating

| �����
.

If theADC is capableof resolvingeachindividual binarytermin
theanalogsum(5), thenthesumis retrievedfrom theADC with zero
error, asif computedin thedigital domain.For zero-error digital re-
construction,theADC requires(at least) �ª�®� quantizationlevels,
thatcoincidewith the levelsof the charge transfercharacteristicfor
any number(0 to � ) of active cellsalongtheoutputrow of theana-
log array. Providednonlinearityandnoisein theanalogarrayandthe
ADC arewithin oneLSB (at the ¯�°w± ` &��²�³� - -bit level), the quan-
tizationerror thenreducesto zero,andtheoutput

| �����
is obtained

at the maximumdigital VMM resolutionof N´�®O���¯�°�± ` &��²�³�¡-
bits. For large arrays,this is usuallymorethanneeded,andplaces
toostringentrequirementsonanalogprecision,

«�µ ¯�°�± ` &��g���¡- .
In what follows we study the error of the digitally constructed

output
| �����

in the practicalcasewherethe resolutionof the ADC
is below thatof the dimensionsof the array,

«�¶ ¯�°�± ` &��·�h�¡- . In
particular, we study the propertiesof

| �����
assuminguncorrelated

statisticsof quantizationerror. Theanalysisyieldsanestimateof the
gain in resolutionthat canbe obtainedrelative to that of the ADC
quantizers,independentof thematrix andinput representation� , N ,
and O . Thequantizationis modeledas:| �����R � Y 	�� �����R � Y �¤¸ �����R � Y ) (11)

where ¸ �����R � Y representsthe quantizationerror, modeledas uniform

randomi.i.d. within one LSB. Conceptually, the error term ¸ �����R � Y
in (11) could also includeeffects of noiseandnonlineardistortion
in theanalogsummation(5), althoughin practicetheprecisionof the
arrayexceedstheADC resolution.From(9) and(11),theerrorin the
digitally constructedoutput| �����¬	�������� �º¹ ���b� ) (12)

canthenbeexpandedas

¹ �����¬	 Q 
.�� R ��� X 
���Y ��� S 
 �
RUT_YZTa` � ¸ �����R � Y c (13)

Define » thefull-scalerangeof theADC acquiring
| R � Y ����� , and q

thecorrespondingrangeof theconstructeddigital output
| ���b�

. Then
accordingto (9),

q 	 » Q 
.�� R ����S 
 �
RUT
� �_X 
��� Y �a�^S 
 �

Y­T
� �
	 »�&¼��� S 
 Q -Z&¼�P� S 
 X - (14)

whichapproaches» for N½)�O�¾À¿ . Therefore,thefull signalrangeis
approximatelyequalto theoutputsignalrangeof eachof theADCs.

Let thevarianceof theuniformquantizationnoisȩ in (11)be Á
`
Â ,

identicalÃIo,)�i . In theCentral Limit, thecumulativequantizationerror¹ canbe roughlyapproximatedasa normalprocess,with variance
equalto thesumof thevariancesof all termsin thesummation(13).
Eachsignalcomponent,

| R � Y ���b� , with quantizationnoisȩ but scaled
with binaryweight S 
 �

R;T_YZTa` �
, contributesa varianceS 


` � R;TyY­T.` � Á
`
Â

in the sum(13), andthe total varianceÁ
`
Ä of the outputerror ¹ is

expressedas:

Á
`
Ä 	 Á

`
Â Q 
.�� R ���bS 


` � R;T � � X 
��� Y �a�ÅS 

` � Y­T � � 	 Á

`
Â ��� S 


`
QÆ ��� S 


`
XÆ
(15)

which approaches&(Á Â z Æ -
`

for N½)9O%¾Ç¿ . Therefore,thesignal-to-
quantization-noiseratio (SQNR)approachesqÁ ÄÉÈ Æ »Á Â (16)



for large N and O . In otherwords,by quantizingeacharrayoutput� R � Y ����� insteadof the combinedtotal
� ���b�

, we obtainan improve-
mentin signal-to-quantization-noiseratioof a factor3.

To characterizetheimprovedprecisionin termsof effectivereso-
lution (in bits), it is necessaryto relatethesecondorderstatisticsof
thequantizationerror ¸ or ¹ to a measureof theerror indicative of
resolution.Thereis a certaindegreeof arbitrarinessin doingso,but
in what follows we defineresolutionasthe medianof the absolute
error i.e., the (symmetric)extentof the 50 % confidenceinterval of
theerror. Thechoiceof conventionmatters,becausethedistributions
for ¸ and ¹ aredifferent— ¸ is approximatelyuniform,and ¹ in the
Central Limit is normal.

Let ¸ be uniformly distributedin the interval Ê���Ë�)9Ë�Ì . The me-
dianabsolutevalueis then Í Â 	 �

` Ë , andthevarianceÁ
`
Â 	 �� Ë

`
,

yieldingtherelation Í Â 	ÏÎ Æ
S Á Â (17)

for theuniformdistribution. Themedianabsolutevaluefor anormal
distribution,in termsof thestandarddeviation, is approximatelyÍ Ä 	 � c Ð�Ñ�Ò Á Ä (18)

This allows to expressthe SQNRgain in (16) asa gain in median
resolution: qÍ ÄhÈ Æ
Î Æ z S� c Ð�Ñ�Ò »Í Â È Æ c Ó�Ò »Í Â (19)

or, in otherwords,a gainof approximately2 bits over theresolution
of eachADC.

V. MULTI-CHIP ARCHITECTURE WITH OFFSET
COMPENSATION

A Multi-Chip Architecture

The proposedmethodof on-chipVMM computationallows for
anarraysizeof 1000 ! 1000,in a 0.35 � m CMOStechnologyim-
plementedon a 6 ! 6 mm die. Computationson matricesof higher
dimensionality, atmaximumpossibleprecision,canbeperformedby
usingmultiple VMM chips. Processorscanbe cascadedto expand
matrix row or columnspacesbeyond the limits of a singlechip ca-
pacity.

In the ideal case,to extendmatrix row space,digital outputsof
systemswith shorterinput vector lengthscanbe combinedto per-
form a computationin a higherdimensionalinput space.Extension
of columnspaceis in principlealsounlimited (assuminghigh read-
outspeeds).Cascadingalongrowsof thematrix (allowing for higher
dimensionalityof inputvectors)requiresadditionof digital numbers,
while cascadingalongcolumns(in orderto increasethe numberof
matrix elementsfor a fixedinput vectordimensionality)only neces-
sitatesmulti-chipoutputmultiplexing in time.

In reality, therearea numberof sourcesof error that contribute
offsetsto the outputof eachVMM chip. Theseoffset termscanbe
compensatedfor in the multi-chip architectureas describedin the
next section.

B OffsetCompensation

In Section III we already consideredsome of the sourcesof
computationerror. They are imprecisionof binary multiplications
throughcharge sharingbetweenpotentialwells in a CID unit with
capacitively coupledoutput,andcharge-modeanalogadditionon a
singleline. Becauseof linearity errorstheresultof sucha computa-
tion is valid up to approximately7 bits. Wehavediscussedtheeffect
of theseerrorsandADC resolutionontheoverall systemprecisionin
SectionsIV.
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Figure4: Multi-Chip Architecturewith OffsetCompensation.

Othersignificantsourcesof error in analogarray-basedcompu-
tation are input-outputfeedthroughand leakagecurrent in DRAM
storagecells. Thearchitecturepresentedis capableof compensating
theseanalogcomputationerrorsin digital domainby usinganextra
referenceVMM chipasshown in Figure4.

The input-outputfeedthrougherror is a resultof capacitive cou-
pling of input (vertical) lines onto the output (horizontal) lines
throughparasiticcapacitances(metallinesoverlapcapacitance,gate-
to-diffusion capacitance,etc). From SectionIII we know that the
outputof theanalogcell ideally changesby Ëár�~9��� only whenboth
matrixelementcoefficientandinputvectorcomponentcoefficientare
logic “1”:

V R ����� � � 	 r7sts_z S (chargestored)and,in thecomputation
phase,

[ Y � � � 	 ��r (inputswitched).Any othercombinationof input
argumentsshouldproducezerovoltagechangeattheoutput.Thecell
is effectively ananalogAND gate.In practice,switchingof theinput
line

[ Y � � �
, evenwhenno chargeis storedin CID cell, causesasmall

changein theoutputvoltage,â , asa resultof input-outputcapacitive
coupling.We modelthis effect asshown in Table1. Theoutputof a
singlecell is denotedas ã

R � Y ���P� � � .
Fromequations(5) and(11), takinginto accounttheinput-output

feedthrougherror, theVMM quantizedoutputpartialsof theä -th pro-
cessorin a &�åæ�º�¡- -processorarchitecturecannow beexpressedas:

| ���P� ç¡�R � Y 	 ��
�������� ã ����� � � ç¡�
R � Y �¤¸ ����� ç �R � Y

	 &¼���ºâ9- ��
�������� V ���P� � � ç �
R [ � � �Y



Table1: Input-outputmappingof CID/DRAM computational
cell. The input-outputfeedthrougherror is introducedwhen
theinput is logic “1”.
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�������� V ���P� � � ç �
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.�� ���a� [ � � �

Y �º¸ ���P� ç¡�R � Y c (20)

Theterm âIí ��
.������ [ � � �Y in equation(20)is anoffsettermproportional
to the numberof active vectorcomponents.To compensatefor this
term an identicalextra, reference,chip is usedin the multi-chip ar-
chitectureasshown in Figure4. Thesameinputsarepresentedto all
chipsin thesystemwhile only logic “0” matrix elementcoefficients
arestoredin the referencechip. It outputsquantizedpartialsof the
form: | �����R � Y î�Ä�ï 	 â ��
.������� [ � � �

Y �º¸ �����R � Y î�Ä�ï c (21)

In orderto compensatefor feedthroughoffsets,oncecomputationhas
beenperformedon chips, the output of the referencechip is sub-
tractedfrom theoutputof processorsin digital domain:| ����� ç �R � Y ðañ �=ò 	 | ���P� ç¡�R � Y � | �����R � Y î�Ä.ï	 ��
�������� V ����� � � ç �

R [ � � �Y �º¸ �R � Y ����� ç � ) (22)

where ¸ �
R � Y ����� ç¡� 	 ¸ ����� ç �R � Y ��¸ �����R � Y î�Ä�ï c (23)

Another importantsourceof errorsrequiringspecificconsidera-
tion is DRAM leakagecurrent. In a standardtwo-level DRAM cell,
theexactamountof chargestoredis notcrucial. It is usedonly for bi-
naryoperationsof readoutandrefresh,andaslow refreshschemecan
beused.In contrast,theCID/DRAM cell producesananalogoutput
whichis proportionalto theamountof chargestoredin thechargein-
jectiondevice (6). Over multiple computationcycles,differentrows
arebeingrefreshed,producingdifferencesin thetemporaldecaypro-
file of chargestoredalongrowsof cells.

In the multi-chip configurationshown in Figure 4, the refresh
clock of the samefrequency as in standardDRAMs is used. It is
fed to all processors,includingthereferencechip. Usinga reference
chipwith all cellscontaininglogic “0” coefficientsandrefreshedsyn-
chronouslywith processorchipsensuresthesamechargedecaypro-
file in its cellsandvoltageincreaseprofileat its outputs.To compen-
satefor chargedecayscausedby leakagecurrent,theoutputsfromthe
referencechip aresubtractedfrom the outputsof the corresponding
rowsof eachof theprocessors.

Therefore,both input-outputfeedthroughinput-dependentoffset
andcharge decayinput andtime-dependentoffset arecompensated
for in themulti-chip VMM architectureby usingonereferencechip

suppliedwith identicalinputs,synchronousrefreshclockandall logic
“0” matrix elements.Subtractionof outputsof equivalent rows in
digital domaineliminatesbothinput-dependentandtemporalerrors.

VI. CONCLUSIONS

A charge-modeVLSI architecturefor parallelvector-matrix mul-
tiplication in largedimensions( �e)9 	

100–10,000)hasbeenpre-
sented.An internallyanalog,externallydigital architectureoffersthe
bestof both worlds: the densityandenergetic efficiency of an ana-
log VLSI array, andthe noise-robustnessandversatility of a digital
interface. The combinationof analogarray processingand digital
post-processingalsoenhancestheprecisionof thedigital VMM out-
put, exceedingthe resolutionof the quantizedanalogarrayoutputs
by 2 bits. A referencesubtractionschemewith oneadditionalpro-
cessoralsocompensatesfor clock feedthroughandchargeleakagein
thearray.

Fine-grainmassive parallelismanddistributedmemory, in anar-
ray of 3-transistorCID/DRAM cells, provides a computationalef-
ficiency (bandwidthto power consumptionratio) exceedingthat of
digital multiprocessorsandDSPsby severalordersof magnitude.
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