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ABSTRACT

We presentan asynchronousnixed analog-digitalVLSI archi-
tecturewhich implementghe Fuzzy Adaptive Resonanc&heory
(Fuzzy-ART) algorithm. Both classificatiorandlearningareper
formedon-chipin real-time. Uniquefeaturesof our implementa-
tion include: anembeddedefreshmechanisno overcomemem-
ory drift dueto chage leakagefrom volatile capacitve storage;
anda recodingmechanisnto eliminateandreassigrinactive cat-
egories. A smallscalel.2um featuresize CMOS prototypewith
4 inputsand8 outputcateyorieshasheendesignedandfabricated.
Theunitcellwhichperformghefuzzymin andlearningoperations
measured400m by 45 pm. Experimentatesultsareincludedto
illustrateperformancef theunit cell.

1. INTRODUCTION

ART classifiersare uniqueamongother classifiermodelsin that
they guaranteestablecateyory learningwithout category prolifer-
ation. Fuzzy ART [1] representsnputsand categoriesin analog
form; thereforeit is suitedto processanalogpatternsaswell as
fuzzy representationsf discrete-aluedpatternaunderconditions
of uncertaintyandvariability.

While several hardware implementation®f relatedclassifier
architecturetiave beendeveloped[2], ART implementationhiave
only recentlyreceved attention[5]. Herewe describea modular
andscalableVLSI implementationof the Fuzzy ART algorithm
thatoperaten M -dimensionahnaloginput patternsandclassi-
fiesthemasbelongingto oneof N outputcategories. M and N
canbe chosenindependentlyandare constrainednly by the die
size.

We briefly summarizehe Fuzzy ART algorithmanddescribe
somenecessarghangeghatrelateto issuesof VLSI architecture
andtechnologyin the contet of our mixed-modeVLSI hardvare
implementation.

1.1. Summary of The Fuzzy ART Algorithm

For a detailedexposition of the algorithm,we referto [1] where

several variantsof thefuzzy ART algorithmhave beenpresented.

We did not attemptto implementevery alternatve; we have cho-
sena schemewhich seemsnaturaland flexible for mixed-mode
VLSI circuitimplementationin thefollowing discussionthe M -
dimensionainputswill beindexed by the subscripti andoutputs
(INV categyories)by the subscriptj.

Inputsto theclassifierarecomplement-encodesthatis, each
input is encodedboth as I; and (Imax — I;). This providesau-
tomatic“normalization”: the sumof all inputsandtheir comple-
mentsis always M - Imax. FOr eachinput andeachcateyory, the

fuzzy min is computedasthe minimumof thatinputandthestored
weightassociatedvith thatcategory:

min(L;,w,-j) +min(Imax —Ii,’Uij) (1)

wherew;; representtheweightfromthes;n inputto theje, output
andv;; the weightfrom the ¢x;, complimentaryinput to the jin
output. Eachcatgyory outputis the sum over inputs (and their
complementsdf theresultof thefuzzy min operation:

0; = [min(Li, wi;) + min(Imax — Ii,vi5)] ()
All N catgyory outputsare comparedwith a vigilance parameter
p, andarenormalizedby the sumof theweightsin thatcateyory:

0j
at+ )l wij |+ [ vij ]
Theoutput(normalizedby the sumof theinputs M - I1yax) Which
exceedsp andhasthe maximumnormalizedvalueis selectedas
the winning category. Oncea cateyory has beenselected,the

weightsbelongingto that cateyory are updatedaccordingto the
learningrule:

®)

Aw;j = Blmin(I;, wij) — wij] (4)

(similarly for v;;). Notethatif I; > w;j;, Aws; = B(wij —w;j) =

0, thusupdateoccursonly if theinputis smallerthanthe stored
weight. (Updatescanonly decreas¢hestoredweightvaluesoit is

importantthatall weightsbe initialized to their maximumvalue.)
The parametep3 controlsthe learningrate. Carpenteand Gross-
bemg [1] describea modeof “fastlearning”for which8 = 1, and
whichis usedfor initial cateyory codingandcateory recoding.If

noneof the outputsexceedp, anew cateyory is assignedo repre-
senttheinput usingthis “f astlearning”mode.

1.2. Modifications to the algorithm

As equation (4) indicates, an update only occurs when
min(I;, w;;) = I;. Furthermorewe anticipatethatdiodeleakage
currentsontothe weightstoragecapacitorswill causetheweights
to decayover time. This decaycauseghe weightsto move in the
samedirectionasthe normalupdaterule. To counteracthis prob-
lem of categyory drift we proposethefollowing modificationto the
learningrule:
Awi; = A1 — wij) 5)
where

1
A= { 5
/Bsmall

for initial codingandrecoding
whenl; < wi; (6)
whenI; > wj;
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(similarly for vij). This modified rule incorporateshe rule of
equation(4) andallows a (small) updatetowardstheinputin the
casewherethe input exceedsthe weight. This ensuresefreshof
the drifting weightstowardsthe centroidof the input distribution
belongingto that particularcateyory. This refreshdoesnot sig-
nificantly disturbthe asymmetryof weight updateso long asthe
learningrateg is suficiently largerthan Bsman.

A secondmodificationpertainsto the mechanisnof assign-
ing new catgories. Since N is fixed in the implementationve
cannotkeepassigningnew categorieswheneer p is notexceeded.
Insteadjt is possibleto recodethe existing catgory thathasbeen
leastfrequentlychoserin thepast.Activity of acateyoryistracked
by alossystatevariableA ; thatis updatedncrementallywheneer
that catgyory is selectedasthe winner A parallelsearchfor the
minimum A; selectghe categyory to berecoded.Of coursewhen
the cateyory capacityof the chip is not exceeded existing cate-
gorieswill not berecoded.Recodingcanbe disabledif desired,
for examplewhenit is importantto maintaina representatioof
aninfrequentlyvisited category.

2. HARDWARE IMPLEMENT ATION

We have adoptecamodular scalableaarchitectureFigurel depicts
a4-input-8-outpunetwork. In general M -dimensionalnputsare
presentedilong the bottom of the network andare complement-
encodednto 2M signalsby theinputblocks. Thedynamicrange
of the input signalsis determinedby the choice of Iax, and
inputs may be applied as either currentsor voltages. The nowv

complement-encodeidputs are passedo an array of cells each
of which computeghefuzzy minimum[seeequation(1)] andper
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Figure2: Thelearning cell

formsthelearninglocally for eachweight[seeequation(5)]. (The
shadedcells representhe circuit elementscomputingwith com-
plementencodedsignals). The fuzzy min computatioris donein
the currentdomainso that it is naturalto sumthe contributions
from all cellsin thatrow. The weights,alsorepresente@s cur-
rents,arealsosummedalongeachrow. ThesummedcurrentsO;
[seeequation(2)] arecomparedvith thevigilancep usinga sim-
ple currentcomparatomandnormalizedasin equation(3) usinga
translineamormalizer[4]. If the vigilance criterion is satisfied,
the normalizedoutputis passedo a current-modewinnertakes-
all circuit [7] which determineghe catgory which bestmatches
theinput. A logic “high” signalis broadcasto all the cellsalong
thewinningrow, andalogic “low” elsavhere,soonly thewinning
row is subjectto learning.

Sinceinputsareexplicitly complement-encodesle needonly
onetypeof cell in thearray thatis onewhich computegshefuzzy
min, performstheweightupdateandstoregheweight. In eachcell
of the array weightsarestoredasvoltagesV;; on a 1pF capacitor
connectedo the gateof ap-mostransistor

Our implementatiorautomaticallyselectshetweenthreedif-
ferentlearningratesfor eachstoredweight: a high rate By for
initial codingor recoding,a moderateate 3 for regularlearning,
andalow rateSsman for refreshlearning. Buig is usedonly when
arow is selectedor coding/recodingandit is appliedto theentire
row whichis beingcoded/recodedothattheresultingweightval-
uesareidenticalto theinput. 5 andBsman, in contrastareusedfor
incrementalupdates.Whena row is selectecasthe winner, each
cell in thatrow locally determinesvhetherthe input is lessthan
or greaterthanthe storedweightin thatcell, andthe appropriate
learningrateis selectecperequation(6).

A schematiof thelearningandweightstoragecell is shavn
in Figure2. It consistof atranslineatog domainfilter [6] with a
1pFstoragecapacitoon thegateof the outputtransistor The out-
putcurrentw;; is linearin theinputcurrentl;, first-orderlowpass
filteredwith atime constaninverselyproportionatto 7. Thecir-
cuit is operatedasa chage-injection-freechage pumpby briefly
(1us) pulsingthelearningcurrentl, [3]. Thefilter operateonly
duringthebrieflearningpulsewhichis appliedto thewinning row.

If p is notexceededor ary row, thentheleastfrequentlyused
row is selectedor recoding:the“high” logic level signalis broad-
castto only thatrow, andthelearningratefor thatrow is temporar



ily setto Big.

A smalltestnetwork comprising4 inputsand 8 outputshas
beenfabricatedthroughthe MOSIS foundary servicein a tiny-
chip 1.2um nwell double-polytechnology Resultfrom aunit cell
test-structurarepresentedhere. The unit cell which performsthe
fuzzy min andlearningoperationsneasure400um by 45 um.

3. FUZZY ART WITH THE MODIFIED LEARNING
RULE

3.1. Origins of VLSI Weight Decay

In eachcell of thearray theweightcurrentw;; (or v;;) is sourced
by a p-mostransistofseeFigure2] whosegatevoltageV;; is set
by the storagecapacitor The storagecapacitorsn ourimplemen-
tationarenot completelyinsulatedby gateoxide. Learningis ac-
complishedwhencurrentflows to or from the capacitorandthis
currentis sourcedby p-mostransistors Leakagecurrentslicaxage
from thesep-typediffusion areaswill tendto drive the capacitor
voltagestowardthe positive rail. Thusthevoltageon eachcapaci-
tor C;; will decaylinearlyfrom aninitial valuetowardthe positive
rail (Vaq). Thevoltagedecayratecanbeestimatedasfollows:

dvij _ Ileakage ~ 10_14A

- ~ 10-12F

_ 1n-2
| = G =1072V/s. @

Sincethe currentis an exponentialfunction of the gatevoltage
whenthetransistoiis operatingn the subthresholdegime,anex-
ponentialdecayof the currentsw;; andwv;; will result,with time
constant:

Tleakage = UTCij/(ﬁIleakage) ~4.2s (8)

wherex is thesubthresholdlopefactorandUr isthethermalvolt-
age.If we choosea presentatiomateof F' = 10000 presentations
persecondtheweightdecayconstanty will be(perpresentation):

¥ = 1/(Ticakage - F) = 2.4 x 107° (9)

3.2. Compensationfor Weight Decay

During operationof the fuzzy ART algorithm, eachcateyory is
codedinitially via fastlearningandthenundegoesaperiodof nor
mallearningduringwhichthecateyory boundariesireenlagedby
successie input presentationd. Eventuallythe catejoriesreach
a steadystateconditionwhereintheir weightsdescribethe distri-
bution of inputswell enoughthatno furtherlearningis necessary
andideally all weightsshouldremainconstantthereafter How-
ever, weight decaywill have the effect of further enlaging the
boxesuntil the catgyory is solarge thatthe vigilancecomparison
cannotbe satisfiedfor ary input. Weightdecayactsin the same
directionasthenormallearning.To avoid this instability it is nec-
essarnyto counteractheweightdecayanda suitablemechanisnis
providedby themodifiedlearningrule.

It canbe shavn thatthe incrementalipdatehasthe form of a
first-orderlowpasdilter:

Awij = I)\(Ii — wij) (10)

1 As describecby Carpenterand Grossbeg, the maximumsize of the
catgory box s relatedto thevigilanceparametep.
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Figure3: evolution of weights for different Bsman, 8 = 0.05,
y=24x10"°

This updateappliesto both normalandrefreshlearning,but with
differentvaluesfor thelearningrate, asin equation(6). Includ-
ing weightdecaytheabore equatiorbecomes:

Awgj = IN(I; — wij) — yws; (11)

Weight decayhappenscontinuouslyfor all weights,whereas
refreshlearningoccursonly duringthelearningpulseandonly for
theweightsbelongingto thewinning cateyory. On averagefor N
active catgyories,eachof whichis selectedvith equalprobability
refreshlearningoccursonly oncefor every N input presentations.
To maintainstablecateyories, the refreshlearningmust balance
theweightdecay:

At-F-Iﬁsmau-E[Ii —wij]/N Z'yE[w,-j] (12)

where At is thelengthof the learningpulse, F' is the frequeny

of presentatiomnd E' denoteshe expectationoperator This con-
straintis satisfiedif v - N < Igsman + At - F. In addition,the
asymmetnof theoriginalweightupdategno decayandnorefresh)
is preseredif Iz > Igsman. Theconstraint®dnthelearningrates
canbesummarizeasfollows:

I5>>Igsma11>>’7-N/(At-F) (13)

This is easily satisfiedfor anticipatedvaluesof leakagecurrents,
presentatiofirequeng andlearningcurrents.

Simulationshave beenperformedseeFigure3] to verify that
therefreshlearningcompensatefor weightdecayanddoesnt af-
fect the asymmetryor stability of the original algorithm. When
Izsman is setcorrectly the weightsfluctuateabouttheir appropri-
atevalues.WhenIgsman is too small, the weightsdecayuntil the
catgoryis toolargefor ary inputto satisfythevigilancecriterion,
andanew cateory is erroneouslcreated.For the resultsin Fig-
ure 3, two inputswere eachuniformly distributedin [0.49, 0.51]
andthevigilanceduring training was setat 0.8, so thatone cate-
gorydescribedheinputdistribution. Thetop plot shavsthedecay
of theweightswhen Izsman is too small. At the givenvigilance,
a new cateyory will be createdwhentheseweightsdecayto 0.4.
Thebottomplot shaws thatthe weightsfluctuateaboutthe correct
valuefor anappropriate/alueof Igsman.
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Figure4: Measured Fuzzy-min Computation

4. TEST RESULTS: FUZZY MIN AND LEARNING

We performedexperimentakestson a fabricatedorototypeto val-
idateperformanceTheresultspresentedherewereobtainedirom
anisolatedcell so asto characterizahe fuzzy min computation
andlearning

With learningdisabled,we manually setthe weight current
wy; thenrampedthe input currentI; from a value lessthanw;;
to avaluegreaterthanw;;. Whentheinputis lessthanthe stored
weight, the outputfollows the input. Oncetheinput exceedsthe
storedweight, the output remainsconstantat the storedweight
value. Figure4 plotsthe measuredesultsfor I; andw;; ranging
from about3n A to 1000nA clearlydemonstratingnin (I;, ws;).

To demonstratenormallearning(Zg), ws; wasinitially held
fixed at a value greaterthan I; andthenreleasedo adaptdovn
to I;. Thisnormallearningproceededt afastrate (time constant
approximatelyBsusec.). For refreshlearning(Zgsmai), ws; was
initially heldfixedatavaluelessthan; andthenreleasedo adapt
up slowly to I; (time constantapproximately200usec.) Figure5
shaws the measuredesultsfor an input currentof 10nA anda
rangeof initial weight values. The decayingtracesindicatews;;
adaptingrom 10014 (30nA) dovnto 10n.A with normallearning
andthe slowly increasingracesindicatew;; adaptingfrom 1nA
(3nA) upto 10n A with refreshlearning.

5. CONCLUSIONS

We have implementednasynchronoumixed-modeCMOSVLSI

systemcapableof classifyingand learningin real-time. We in-

cludedin ourimplementatioran additionto the learningrule that
givesusthe capabilityto refreshthe analogweightsanda mech-
anismfor recodingcategyorieswhich areinfrequentlyused. Both
of thesenew featurescanbedisabledf required. We have verified
by simulationthat our modified learningrule preseres both the
asymmetryandthe stability of the original rule in the presencef
weightdecayin ananalogimplementation.We have alsoexper

imentally verified both the fuzzy-min computationand learning
capabilityof thefabricatedunit cell.
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Figure5: Measured Normal and Refresh Learning

Acknowledgements

This work wassupportedy the Multi-University Researchnitia-
tive (ARPA andONR Grant# N00014-95-1-0409)Chip fabrica-
tion was provided by MOSIS. The secondauthorwas supported
by anNSF Graduatd-ellowship.

6. REFERENCES

[1] Gail A. CarpenterStepherGrossbeg andDavid B. Rosen,'Fuzzy
ART: FastStableLearningandCateyorizationof AnalogPatternsby
an Adaptive Resonanc&ystent, Neural Networks, vol. 4, pp 759-
771,1991.

[2] Gert Cauwenbeaghs and Volnei Pedroni,“A Chage-BasedCMOS
Parallel Analog VectorQuantizer”, Advances in Neural |nformation
Processing Systems, vol. 7, Ed: D. S.Touretzly, MorganKauffmann,
SanMateo,CA, 1995.

[3] Gert Cauwenbaghs and Ammon Yariv, “Fault-Tolerant Dynamic
Multilevel Storagen AnalogVLSI,” IEEE Transactions on Circuits
and Systems - |1: Analog and Digital Signal Processing, vol. 41 No.
12,Decemben994.

[4] BarryGilbert,“Current-modeCircuitsFromaTranslinealiewpoint
A tutorial? in In Analogue IC Design: the current-mode approach.
Eds: C. ToumazouF. J. Lidgey andD. G. Haigh.IEE Circuitsand
SystemsSeries2, pp 11-91,1990.

[5] T. Serrano-GotarredonB, Linares-BarrancandJ. L. Huertas,"A
Real Time ClusteringCMOS Neural Engine”, Advances in Neural
Information Processing Systems, vol. 7, Ed: D. S.Touretzly, Morgan
Kauffmann,SanMateo,CA, 1995.

[6] W.HimmelbauerPM Furth,POPouliguenandAG Andreou,‘Log-
domainFiltersin SubthresholdMOS”, JHU/ECETechnicalReport
96-03.

[7] J.Lazzaroet. al., “WinnerTake-All networks of O(n) compleity,”
in Advances in Neural Information Processing Systems, vol. 1, Ed:
D. S. Touretzly, pp 703-711.MorganKauffmann, SanMateo, CA,
1988.



