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ABSTRACT

We presentan asynchronousmixed analog-digitalVLSI archi-
tecturewhich implementstheFuzzyAdaptive ResonanceTheory
(Fuzzy-ART) algorithm. Both classificationandlearningareper-
formedon-chipin real-time.Uniquefeaturesof our implementa-
tion include:anembeddedrefreshmechanismto overcomemem-
ory drift due to charge leakagefrom volatile capacitive storage;
anda recodingmechanismto eliminateandreassigninactive cat-
egories. A small scale ��� ��� m featuresizeCMOSprototypewith
4 inputsand8 outputcategorieshasbeendesignedandfabricated.
Theunit cellwhichperformsthefuzzyminandlearningoperations
measures100 � m by 45 � m. Experimentalresultsareincludedto
illustrateperformanceof theunit cell.

1. INTRODUCTION

ART classifiersareuniqueamongotherclassifiermodelsin that
they guaranteestablecategory learningwithout category prolifer-
ation. FuzzyART [1] representsinputsandcategoriesin analog
form; thereforeit is suitedto processanalogpatternsaswell as
fuzzy representationsof discrete-valuedpatternsunderconditions
of uncertaintyandvariability.

While several hardware implementationsof relatedclassifier
architectureshavebeendeveloped[2], ART implementationshave
only recentlyreceived attention[5]. Herewe describea modular
andscalableVLSI implementationof the FuzzyART algorithm
thatoperateson � -dimensionalanaloginput patternsandclassi-
fies themasbelongingto oneof 	 outputcategories. � and 	
canbe chosenindependentlyandareconstrainedonly by the die
size.

Webriefly summarizetheFuzzyART algorithmanddescribe
somenecessarychangesthatrelateto issuesof VLSI architecture
andtechnologyin thecontext of our mixed-modeVLSI hardware
implementation.

1.1. Summary of The FuzzyART Algorithm

For a detailedexpositionof the algorithm,we refer to [1] where
severalvariantsof thefuzzy ART algorithmhave beenpresented.
We did not attemptto implementevery alternative; we have cho-
sena schemewhich seemsnaturaland flexible for mixed-mode
VLSI circuit implementation.In thefollowing discussion,the � -
dimensionalinputswill be indexedby thesubscript
 andoutputs
( 	 categories)by thesubscript� .

Inputsto theclassifierarecomplement-encoded– thatis, each
input is encodedboth as �� and ���������������� . This providesau-
tomatic“normalization”: thesumof all inputsandtheir comple-
mentsis always ����� ����� . For eachinput andeachcategory, the

fuzzymin is computedastheminimumof thatinputandthestored
weightassociatedwith thatcategory:� �"! ���#%$�&' ()�+* � �"! ���#�����,�-���$%.� (�� (1)

where&  ( representstheweightfromthe 
0/�1 inputto the�#/�1 output
and .� ( the weight from the 
 /�1 complimentaryinput to the � /�1
output. Eachcategory output is the sum over inputs (and their
complements)of theresultof thefuzzymin operation:2 (4365 87 � �"! ���  $%&  ( �9* � �:! ��� ����� �;�  $%.  ( �=< (2)

All 	 category outputsarecomparedwith a vigilanceparameter> , andarenormalizedby thesumof theweightsin thatcategory:2 (? *A@  7:B &' ( B * B .) ( B < (3)

Theoutput(normalizedby thesumof theinputs �C�D������� ) which
exceeds> andhasthe maximumnormalizedvalueis selectedas
the winning category. Once a category has beenselected,the
weightsbelongingto that category areupdatedaccordingto the
learningrule: E &' ( 3GF 7 � �"! �����$%&' (����-&' (�< (4)

(similarly for .) (�� . Notethatif �#IHA&' (J$ E &' ( 3GF ��&' (K�4&' (�� 3L
, thusupdateoccursonly if the input is smallerthanthe stored

weight.(Updatescanonly decreasethestoredweightvaluesoit is
importantthatall weightsbe initialized to their maximumvalue.)
TheparameterF controlsthe learningrate. CarpenterandGross-
berg [1] describea modeof “f astlearning”for which F83 � , and
which is usedfor initial categorycodingandcategory recoding.If
noneof theoutputsexceed> , anew category is assignedto repre-
senttheinputusingthis “f astlearning”mode.

1.2. Modifications to the algorithm

As equation (4) indicates, an update only occurs when� �"! ���#%$�&' ()� 3 �� . Furthermore,weanticipatethatdiodeleakage
currentsontotheweightstoragecapacitorswill causetheweights
to decayover time. This decaycausestheweightsto move in the
samedirectionasthenormalupdaterule. To counteractthisprob-
lemof categorydrift weproposethefollowing modificationto the
learningrule:

E &' ( 3NM ����O�;&' (�� (5)

whereMP3RQ � for initial codingandrecodingF when � �S &  (FUT ���%V V when ���HA&' ( (6)
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Figure1: Chip architecture for � 3]\ and 	 3_^
(similarly for .`
a� ). This modified rule incorporatesthe rule of
equation(4) andallows a (small) updatetowardsthe input in the
casewherethe input exceedstheweight. This ensuresrefreshof
thedrifting weightstowardsthecentroidof the input distribution
belongingto that particularcategory. This refreshdoesnot sig-
nificantly disturbthe asymmetryof weight updateso long asthe
learningrate F is sufficiently largerthan FOT ���%V V .

A secondmodificationpertainsto the mechanismof assign-
ing new categories. Since 	 is fixed in the implementationwe
cannotkeepassigningnew categorieswhenever > is notexceeded.
Instead,it is possibleto recodetheexistingcategory thathasbeen
leastfrequentlychosenin thepast.Activity of acategoryis tracked
by alossystatevariablebc( thatis updatedincrementallywhenever
that category is selectedasthe winner. A parallelsearchfor the
minimum bc( selectsthecategory to berecoded.Of course,when
the category capacityof the chip is not exceeded,existing cate-
gorieswill not be recoded.Recodingcanbe disabledif desired,
for examplewhenit is importantto maintaina representationof
aninfrequentlyvisitedcategory.

2. HARDWARE IMPLEMENT ATION

Wehaveadoptedamodular, scalablearchitecture.Figure1 depicts
a4-input-8-outputnetwork. In general,� -dimensionalinputsare
presentedalongthe bottomof the network andarecomplement-
encodedinto �)� signalsby theinput blocks.Thedynamicrange
of the input signals is determinedby the choice of � ����� , and
inputs may be appliedas either currentsor voltages. The now
complement-encodedinputsarepassedto an arrayof cells each
of whichcomputesthefuzzyminimum[seeequation(1)] andper-
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Figure2: The learning cell

formsthelearninglocally for eachweight[seeequation(5)]. (The
shadedcells representthe circuit elementscomputingwith com-
plementencodedsignals).Thefuzzy min computationis donein
the currentdomainso that it is naturalto sumthe contributions
from all cells in that row. The weights,alsorepresentedascur-
rents,arealsosummedalongeachrow. Thesummedcurrents,

2 (
[seeequation(2)] arecomparedwith thevigilance > usinga sim-
ple currentcomparatorandnormalizedasin equation(3) usinga
translinearnormalizer[4]. If the vigilancecriterion is satisfied,
the normalizedoutput is passedto a current-modewinner-takes-
all circuit [7] which determinesthe category which bestmatches
the input. A logic “high” signalis broadcastto all thecellsalong
thewinningrow, andalogic “low” elsewhere,soonly thewinning
row is subjectto learning.

Sinceinputsareexplicitly complement-encodedweneedonly
onetypeof cell in thearray, that is onewhichcomputesthefuzzy
min,performstheweightupdateandstorestheweight.In eachcell
of thearray, weightsarestoredasvoltagesg  ( on a 1pFcapacitor
connectedto thegateof ap-mostransistor.

Our implementationautomaticallyselectsbetweenthreedif-
ferent learningratesfor eachstoredweight: a high rate FOh#i j for
initial codingor recoding,a moderaterate F for regular learning,
anda low rate FOT ���%V V for refreshlearning. F hki j is usedonly when
arow is selectedfor coding/recoding,andit is appliedto theentire
row which is beingcoded/recodedsothattheresultingweightval-
uesareidenticalto theinput. F andFUT ���%V V , in contrast,areusedfor
incrementalupdates.Whena row is selectedasthewinner, each
cell in that row locally determineswhetherthe input is lessthan
or greaterthanthe storedweight in that cell, andthe appropriate
learningrateis selectedperequation(6).

A schematicof the learningandweightstoragecell is shown
in Figure2. It consistsof a translinearlog domainfilter [6] with a
1pFstoragecapacitoron thegateof theoutputtransistor. Theout-
put current&' ( is linearin theinputcurrent�� , first-orderlowpass
filteredwith a time constantinverselyproportionalto ��l . Thecir-
cuit is operatedasa charge-injection-freechargepumpby briefly
( �k� s) pulsingthe learningcurrent � l [3]. Thefilter operatesonly
duringthebrief learningpulsewhichis appliedto thewinningrow.

If > is notexceededfor any row, thentheleastfrequentlyused
row is selectedfor recoding:the“high” logic level signalis broad-
castto only thatrow, andthelearningratefor thatrow is temporar-



ily setto FOhki j .
A small testnetwork comprising4 inputsand8 outputshas

beenfabricatedthroughthe MOSIS foundaryservicein a tiny-
chip1.2� m nwell double-polytechnology. Resultsfrom aunit cell
test-structurearepresentedhere.Theunit cell whichperformsthe
fuzzymin andlearningoperationsmeasures100 � m by 45 � m.

3. FUZZY ART WITH THE MODIFIED LEARNING
RULE

3.1. Origins of VLSI Weight Decay

In eachcell of thearray, theweightcurrent&' ( (or .) ( ) is sourced
by a p-mostransistor[seeFigure2] whosegatevoltage gU ( is set
by thestoragecapacitor. Thestoragecapacitorsin our implemen-
tationarenot completelyinsulatedby gateoxide. Learningis ac-
complishedwhencurrentflows to or from the capacitor, andthis
currentis sourcedby p-mostransistors.Leakagecurrents� V m��%n�� j m
from thesep-typediffusion areaswill tendto drive the capacitor
voltagestowardthepositive rail. Thusthevoltageoneachcapaci-
tor o  ( will decaylinearlyfrom aninitial valuetowardthepositive
rail ( gUp#p ). Thevoltagedecayratecanbeestimatedasfollows:

B+q gU (qsr B 3 � V m��%n�� j moc ( t � LJuwv�x�y� L uwv=z�{ 3 � L u|zk}�~�� � (7)

Sincethe current is an exponentialfunction of the gatevoltage
whenthetransistoris operatingin thesubthresholdregime,anex-
ponentialdecayof thecurrents&' ( and .� ( will result,with time
constant: � V m��%n�� j m 36��� oc ( ~ �0��� V m��%n�� j m � t \ � � � (8)

where� is thesubthresholdslopefactorand ��� is thethermalvolt-
age.If we choosea presentationrateof � 3 � L)L�L�L presentations
persecond,theweightdecayconstant� will be(perpresentation):� 3 � ~ � � V m��%n�� j m ����� 3 �J� \ � � L uO� (9)

3.2. Compensationfor Weight Decay

During operationof the fuzzy ART algorithm, eachcategory is
codedinitially via fastlearningandthenundergoesaperiodof nor-
mal learningduringwhichthecategoryboundariesareenlargedby
successive input presentations

v
. Eventuallythe categoriesreach

a steadystateconditionwhereintheir weightsdescribethedistri-
bution of inputswell enoughthatno furtherlearningis necessary,
and ideally all weightsshouldremainconstantthereafter. How-
ever, weight decaywill have the effect of further enlarging the
boxesuntil thecategory is so largethat thevigilancecomparison
cannotbe satisfiedfor any input. Weightdecayactsin the same
directionasthenormallearning.To avoid this instability it is nec-
essaryto counteracttheweightdecay, andasuitablemechanismis
providedby themodifiedlearningrule.

It canbeshown that theincrementalupdatehastheform of a
first-orderlowpassfilter:E &  (43 � l ���  ��&  ( � (10)v

As describedby CarpenterandGrossberg, the maximumsizeof the
category box is relatedto thevigilanceparameter� .
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Figure 3: evolution of weights for different FOT ���%V V , F�3 L � Ls� ,� 3 �J� \ � � L�u|�
This updateappliesto bothnormalandrefreshlearning,but with
differentvaluesfor thelearningrate � l asin equation(6). Includ-
ing weightdecay, theabove equationbecomes:E &' ( 3 � l ����9�-&' (����-�O&' ( (11)

Weightdecayhappenscontinuouslyfor all weights,whereas
refreshlearningoccursonly duringthelearningpulseandonly for
theweightsbelongingto thewinningcategory. Onaverage,for 	
active categories,eachof which is selectedwith equalprobability,
refreshlearningoccursonly oncefor every 	 inputpresentations.
To maintainstablecategories,the refreshlearningmust balance
theweightdecay:E

r ���]���k� T ���%V V ��� 7 �  �;&  ( < ~ 	����|� 7 &  ( < (12)

where

E
r is the lengthof the learningpulse, � is the frequency

of presentationand � denotestheexpectationoperator. This con-
straint is satisfiedif ���s	����k� T ���%V V � E r �`� . In addition,the
asymmetryof theoriginalweightupdate(nodecayandnorefresh)
is preservedif �#�����#� T ���%V V . Theconstraintsonthelearningrates
canbesummarizedasfollows:�#�����k� T ���%V V ������	 ~ � E r ����� (13)

This is easilysatisfiedfor anticipatedvaluesof leakagecurrents,
presentationfrequency andlearningcurrents.

Simulationshave beenperformed[seeFigure3] to verify that
therefreshlearningcompensatesfor weightdecayanddoesn’t af-
fect the asymmetryor stability of the original algorithm. When�#� T ���%V V is setcorrectly, theweightsfluctuateabouttheir appropri-
atevalues.When � � T ���%V V is too small,theweightsdecayuntil the
category is toolargefor any inputto satisfythevigilancecriterion,
anda new category is erroneouslycreated.For theresultsin Fig-
ure 3, two inputswereeachuniformly distributedin [0.49, 0.51]
andthevigilanceduring trainingwassetat 0.8, so thatonecate-
gorydescribedtheinputdistribution. Thetopplot showsthedecay
of theweightswhen � � T ���%V V is too small. At the givenvigilance,
a new category will be createdwhentheseweightsdecayto 0.4.
Thebottomplot shows thattheweightsfluctuateaboutthecorrect
valuefor anappropriatevalueof �k� T ���%V V .
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Figure4: Measured Fuzzy-min Computation

4. TEST RESULTS: FUZZY MIN AND LEARNING

Weperformedexperimentaltestson a fabricatedprototypeto val-
idateperformance.Theresultspresentedherewereobtainedfrom
an isolatedcell so as to characterizethe fuzzy min computation
andlearning

With learningdisabled,we manuallyset the weight current&' ( thenrampedthe input current �� from a valuelessthan &' (
to a valuegreaterthan &' ( . Whentheinput is lessthanthestored
weight, the outputfollows the input. Oncethe input exceedsthe
storedweight, the output remainsconstantat the storedweight
value. Figure4 plots themeasuredresultsfor �� and &' ( ranging
from about ���9b to � L)L�L �+b clearlydemonstrating� �"! ���  $�&  ( � .

To demonstratenormal learning( � � ), &  ( was initially held
fixed at a valuegreaterthan �# and thenreleasedto adaptdown
to �� . Thisnormallearningproceededat a fastrate(timeconstant
approximately� � �w������� ). For refreshlearning( � � T ���%V V ), &  ( was
initially heldfixedatavaluelessthan �# andthenreleasedto adapt
up slowly to �� (time constantapproximately� L�L �w������� ) Figure5
shows the measuredresultsfor an input currentof � L �9b and a
rangeof initial weight values. The decayingtracesindicate &' (
adaptingfrom � L)L �9b ( � L �9b ) down to � L �9b with normallearning
andtheslowly increasingtracesindicate &  ( adaptingfrom �k�+b
( ���+b ) up to � L �9b with refreshlearning.

5. CONCLUSIONS

Wehaveimplementedanasynchronousmixed-modeCMOSVLSI
systemcapableof classifyingand learningin real-time. We in-
cludedin our implementationanadditionto the learningrule that
givesus thecapabilityto refreshtheanalogweightsanda mech-
anismfor recodingcategorieswhich areinfrequentlyused. Both
of thesenew featurescanbedisabledif required.Wehaveverified
by simulationthat our modified learningrule preserves both the
asymmetryandthestability of theoriginal rule in thepresenceof
weight decayin an analogimplementation.We have alsoexper-
imentally verified both the fuzzy-min computationand learning
capabilityof thefabricatedunit cell.
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Figure5: Measured Normal and Refresh Learning
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