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ABSTRACT

This paperpresentsa comparisonbetweentwo unsuper
visedneuralnetwork models:(i) thewell-known FuzzyART,
and(ii) AUTOWISARD, anew unsupervisedersionof the
classicWISARD weightlessneural network model. It is

shavnthatAUTOWISARD is simple,fastandstable whilst

keepingcompatibility with the original WISARD architec-
ture. Experimentaktestresultsover binary patternsbench-
markshave shown that, althoughboth unsupervisedearn-
ing modelsareremarkablysimple, AUTOWISARD consis-
tently exhibits betterclassificatiorskills thanFuzzyART. It

is alsoshawn that suchsuperiorityhappenghanksto AU-

TOWISARD's richer internalrepresentatiof the trained
patternsand the training methodsemployed by the algo-
rithm, suchasthelearningwindowandpartial training stra-
tegies.

1. INTRODUCTION

The WISARD is a well-known weightlesssuperviseceu-
ral network thatis ableto do fast,one-shotearningof bi-
nary patternsand,despiteits simplicity, do have goodgen-
eralisatiorabilities. The AUTOWISARD modelis anunsu-
pervisedversionof the WISARD, extendingit with anun-
superviseperationmodesimilar of the alsoclassicART
model’s, but addingnothingto its standardarchitecture.
Althoughboththe AUTOWISARD andART aresimilar
to eachotherin mary ways,they areby no meansdentical:
in fact, the AUTOWISARD'’s classrepresentatiomecha-
nism (discriminator)is a generalisatiorof the ART class
vectorsin the sensethat a single discriminatorcanrepre-
senta whole setof ART vectors. To demonstratehe com-
plex generalisationthatcanbe obtainedby an AUTOWIS-
ARD network, a simple handwrittendigits imagesclassifi-
cationtaskwas deployed, using the newer, simpler Fuzzy
ART asthecomparatie standard The experimentakesults
shaved that, even when both networks generatectlassifi-
cationswith the samenumberof classesthe AUTOWIS-
ARD’s consistentlyshoved betterclassificationskill than
Fuzzy ART’s, consequencef the WISARD’s “multiveto-

rial” internalrepresentatiormonotonidrainingandthe AU-
TOWISARD's own training controlmechanisms.

The remainderof this paperis organizedas follows.
Sections2 and 3 presentFuzzy ART and AUTOWISARD
unsupervisedheuralmodels,respectiely. Section4 con-
tainsthedescriptiorof theexperimentgdefinedfor thecom-
parisonbetweenthe two target neuralmodels. Evaluation
resultsarediscussedn Section5. Section6 shavsthecon-
clusionsof this work.

2. FUZZY ART

TheFuzzyART [4] is asimplerandmorerecentvariationof
the classicART unsupervisedheuralnetwork [5]. Its main
purposds to solve the“stability-plasticitydilemma”: to de-
velopanetworksthatis ableto learnwhenconfrontedwith
new inputs(plasticity) whilst beignableto recogniseprevi-
ouslylearnednputs(stability).

TheFuzzyART consistof asetof binaryvectorgnodes),
eachrepresentinga distinct classof patterns. Thesevec-
tors canbe updatedtaught)to embodynew knowledge,or
new vectorscanbe allocatedto containnew classef in-
puts. Thetraining procedureof a Fuzzy ART is dependent
on two measurementgssumingX; an input patternsand
W; annetwork node thesimilarity andresonanceneasures
aredefinedasfollows:
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andthe updatingof a classvectoris definedas:

Wi=Wi;AXi;



For agivenFuzzyART network andaninput pattern,a
similarity list (alist containingall theclasseéndices,sorted
by the similarity measure)s created,and, from the most
similar classon, if that classpasseshe resonanceest(for
a generalisatiorcontrol parametep), the classvectorwill
be updated. In caseno classpassedhat test,a new class
vectorwill beappendedo thenetwork, usingasinitial value
a copy of the input pattern. The Fuzzy ART stabilizesits
stateafter a single training epoch; althoughthe presence
of a previously trainedpatterncould trigger the network to
updateoneof its classesgain theresultingclassvectorwill
keepthesamevalues.

3. AUTOWISARD

The AUTOWISARD model[1] is an attemptto bring the
featuresof moremainstreanunsupervisedearningmodels
(automaticallocationof new classessneededto solve the
“stability-plasticity dilemma”) to the supervisedveightless
modelWISARD [2][3], leveragingits original characteris-
tics,namelysimplicity, fasttraining/recognitionmonotonic
trainingandpowerful classrepresentation.

The WISARD's basicprocessinglement(neuron)is a
RAM-type memoryunit, having n addressnputsandable
to store2™ bits (all positionsareinitialized with 0’s). That
way, eachneuronis ableto learnandrecognizen-bit words
(“tuples”). Thetraining of a new tuple consistsin writing
‘1’ on the neurons’position addressedy it; the positive
recognitionof aninputtuplebu aneuronis merelychecking
if it addresseastored'l’.

TheRAM neuronwhile fast,lacksgeneralisatiopower:
it only recognisegreviously learnedtuples. To overcome
this limitation, a setof neuronscanbe organizedn a struc-
ture calleddiscriminator whereeachneuronis responsible
for the learning/recognitiorof a subsetof a (larger) input
pattern(Figure 1). The subpatternassignedo eachneu-
ronis definedin arandomlycreatednput-neurormapping,
whichis usedin bothlearningandrecognitionphasesThe
trainingof adiscriminatorconsistgn writing 1'sin theposi-
tionsaddresseth eachof thediscriminators’neurons.The
recognitionof a patternis givenby analysingthe discrimi-
nator's output,whichis the sumof the neurons’outputsbits
for that pattern. By having a gradedoutput, a discrimina-
tor canrecognisesimilar but differentversionof a trained
pattern thusshoning generalisatiorability.

The WISARD network is an array of discriminators,
eachrepresentinga different classof patterns(Figure 2).
The WISARD is trainedin a supervisedashion:onemust
selectadiscriminatorandtrainit with selectegatterngrom
therespectie class. The determinatiorof a patterns class
by aWISARD is madein a competitive way: the input pat-
ternbelongsto the discriminatorwhich presentedhe high-

estrecognitionlevel (output)for thatinput, assigningo it-
selfthewinnerdiscriminators'classlabel.
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Figure2: The WISARD network.

The AUTOWISARD modelisaWISARD network which
trainsthe winner discriminatorwith a well-matchinginput
patternanddynamicallycreatesa newv onewhenthe pattern
couldnt be acceptablyecognisedy the existing ones. To
decidewhento createnew discriminatorsjt implementsa
learningwindow, whichis aregion overthediscriminators’
recognitioninterval, definedby the parametersv,,;,, and
Wmazr 0 < Wmin < Wmae < Tmazr Tmaz beingthe maxi-
mum recognitionvaluefor adiscriminatori.e., thenumber
of RAM neurons(Figure 3). The learningwindow oper
atesasfollows: duringthetrainingphasegivenry.s; asthe
WISARD'’s bestrecognitionfor a giveninput patternif

- 0 < Tpest < wmin, anew discriminatoris createcand
trainedwith thatpattern(the patternisn’t represented
by the currentstateof thediscriminators);

- Wmin < Thest < Wmaz, it CANeitherallocatea new
discriminatoror submitthewinnerdiscriminatorto a
partial training. Theactionto be performeds proba-
bilistically selectedrelativeto thedistanceof ry. 4 to
Wmaee- apatternwhoserecognitionis closerno wy, qx
have a greatemprobability of suffering a partialtrain-
ing, if rpess is closerto wy,;,, thenthe probability of
allocatinga new discriminatoris greater(Figure3);

- Wmaz < Test, thetrainingalgorithmdoesnothing;it

is assumedhatthe input patternis alreadywell rep-
resentedy anexisting discriminator



The partialtraningconsistdn training just enoughneurons
(from the setof mismatchingones)of the winner discrim-
inatorto make rpes; = wWmaz, fOr the giveninput pattern.
Thatkind of trainingensureshatevery input patternwhich
wastrainedby thenetwork hasarecognitionvalueof w4,
andalsohelpsto preventleadingthediscriminatordo a sat-
urationstate(excessve numberof storedl’s), which harms
their discriminative power.
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Figure 3: Representatiorof the AUTOWISARD control
methods.

4. EXPERIMENTS

To provide the experimentaldatafor the comparisonbe-
tweenthe two neuralnetworks, a simple OCR-like appli-
cationwasdevised. It wasusedasinput dataa setof 1934
labeled binaryimagesof handwritterdigits[6]: eachimage
hasa sizeof 32x32pixels,andthe digits have areasonably
evenfrequeng in the set. Somesamplesof the digits are
shown in theFigure4.

Theexperimentgonsistedn presentinghewholeinput
set,with differentrandomordersto train, without supervi-
sion, eachneuralnetwork (2 runsper model),thenusethe
samesetto labelthe classegeneratedby the networksand
to extract measurementever that classes. The measure-
mentsconsideredn thiswork are:

e Thenumberof recognisedmagesfor eachclass
e Thelabelof the mostfrequentdigit in eachclass

e Thefrequenceof themostfrequentdigit, relatively to
its class’setof images

e Theclass'averageradiusin bits, usingthe Hamming
distancemeasure

andweremeantto illustratethe quality of theclassifications
generatedby the 4 training/recognitiorruns.

As the quality of a classificationis dependenbf the
numberof generatecclasseqregardlessof the classifica-
tion methodemployed),andsois the degreeof generalisa-
tion presentedy them,for comparisorpurposesall the 4

testruns have the samenumberof classeq20). The con-
trol parametersisedin the Fuzzy ART runs wasthe vig-
ilance parameterp = 0.31, and for the AUTOWISARD
were4 bits (256 neuronsper discriminator),learningwin-
dow parameters,,;, = 30% andw,., = 38%; all runs
using theseconfigurationswhich didn’t generatedexactly
20 classeswere discarded. This way, the influenceof the
generalisatioriactoris minimized,allowing a morefaithful
comparisorof thesedifferentnetworks.
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5. RESULTS AND DISCUSSION
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Figure4: Digits samples.

The completeexperimentalresultsarein Table1: for each
network run, the column“Im” storesthe numberof images
recognizedy therespectieclass,’'Lab.” indicateshewin-
ner digit label of the class,“Rec.%” is the percentuafre-
queng of thewinnerdigit within thatclass.

Thefirst run of the FuzzyART network is characterized
by a single classthat, while recognizingover 50% of the
image set, its winner digit hasa frequeng of just above
15%, signalingthatthis particularclassrecognisedmages
of otherdigits (with similar frequencies)andthereforehas
a poor classificatiorperformancethe averagewinner digit
frequencieof this run’s classess alsolow, pointingto the
samesituation. The secondrun of the Fuzzy ART is very
similar to thefirst one,with no significantimprovementon
thewinnerdigits’ frequencies.

The first and secondruns of the AUTOWISARD net-
work are characterizedy a more even distribution of the
imagesover the existing 20 classeghanthe Fuzzy ART’s.
The averagewinner digit frequenciesare alsohigher, sug-
gestinghatthe AUTOWISARD'sclasseslorecognizeéewer
imagesof differentdigits. It is alsoworth noting that, al-
thoughusing the sameconstantnumberof classesjn the
secondAUTOWISARD run all digits were representect
leastby one class,contrastingwith the secondrun of the



FuzzyART, whenthe digits 5, 8 and9 werent represented
individually atall.

The betterclassificationgeneratedy the AUTOWIS-
ARD network areexplainedby its richerinternalclassrep-
resentationjnheritedfrom the original WISARD network.
AstheFuzzyART usesasinglevectorto representheclass
(thatis, a single point in the {0,1}™ space),the (AUTO)
WISARD usesadiscriminatorinsteadwhich canrepresent
simultaneouslynumberof thesevector(points). Thenum-
berof differentpointsthatcanberepresentetly a discrim-
inatoris a function of the diversity of its training patterns,
andis aconsequencef themonotonictrainingof the RAM
neurons By example whenaclearm-neurondiscriminator
is trainedwith 2 totally differentpatternga solid blackand
a solid white image),the numberof differentpointsstored
initis2m,

The capacityof the discriminatorto represenmultiple
points,togetherwith the partial training featureof the AU-
TOWISARD, enablesthe creationof more complex class
separatiorsurfaceghanthesinglevectorapproachs, which
is reflectedin the averageradiusof the AUTOWISARD’s
classeghat, whilst apparentlybeinglarger thanthe Fuzzy
ART’s, doesnotimply in worseclassificationglargerclus-
ters).

6. CONCLUSIONS

The AUTOWISARD is anew andpowerful extensionto the
WISARD weightlesmeuralnetwork, which wasdeveloped
by makingjudicioususeof so-calledimitations of the sim-
pler weightlessneuralnetworks, asits monotonictraining
and propensionto achieve a stateof saturation,to bring
unsupervisedearning characteristicgo that original (and
alsopowerful) model. In a sampleapplicationusingcom-
plex (andlarge) patterns,when comparedagainsta simi-
larly featuredneuralnetwork (Fuzzy ART), the AUTOW-
ISARD was able to presentbetter more realistic classifi-
cations,without growing moreclasseghanits counterpart.
The AUTOWISARD is aviableandusefulalternatve to the
more mainstreanmunsupervisedeuralclassifiers,expand-
ing the universeof WISARD applications.
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FuzzyART (1) FuzzyART (2) AUTOWISARD (1) AUTOWISARD (2)
Class Im. | Lab. | Rec.% Rad. || Im. | Labh | Rec.% Rad. || Im. | Labh | Rec.% Rad. Im. | Lab | Rec.% Rad.
1] 1134 3 15.43 | 392.00 || 856 0 18.93 | 396.14 51 5 41.18 | 618.92 56 1 69.64 | 633.55
2 74 2 40.54 | 400.00 || 253 4 16.21 | 398.76 18 1 66.67 | 690.39 42 8 83.33 | 606.76
3 59 7 47.46 | 395.85 63 2 36.51 | 391.70 87 9 54.02 | 604.33 28 7 85.71 | 545.36
4 25 4 36.00 | 388.32 || 109 2 24.77 | 385.60 45 9 71.11 | 605.60 51 9 80.39 | 541.29
5 22 2 18.18 | 410.55 41 4 36.58 | 398.32 32 1 46.88 | 665.19 57 8 89.47 | 657.47
6 76 2 55.26 | 379.76 36 2 41.67 | 404.47 || 129 6 89.15 | 595.94 15 5 80.00 | 504.20
7 25 4 44.00 | 400.56 37 7 37.84 | 402.76 92 4 90.22 | 579.41 16 7 | 100.00 | 577.44
8 39 6 33.33 | 394.20 16 2 37.50 | 394.75 18 2 77.78 | 610.17 89 1 69.66 | 607.15
9 18 6 27.77 | 409.72 30 4 | 36.67 | 384.47 35 4 | 100.00 | 546.63 84 5 92.86 | 595.81
10 15 4 | 40.00 | 399.53 24 2 33.33 | 396.29 96 9 58.33 | 640.16 34 5 73.53 | 626.68
11 20 4 | 20.00 | 382.15 30 4 | 53.33| 393.70| 187 0 97.86 | 551.33 || 203 6 75.86 | 580.20
12 27 6 33.33 | 392.93 16 6 62.50 | 390.56 30 7 83.33 | 683.60 76 4 96.05 | 564.11
13 24 6 25.00 | 396.46 19 6 73.68 | 410.68 | 172 5 80.81 | 603.42 37 9 37.84 | 618.16
14 14 5 28.57 | 394.21 17 7 58.82 | 399.59 37 4 97.30 | 572.35 21 8 47.62 | 683.95
15 12 7 41.66 | 394.83 15 6 40.00 | 376.33 || 102 1 70.59 | 551.34 || 133 4 63.16 | 614.50
16 22 6 27.27 | 375.09 || 120 7 35.00 | 412.18 94 8 77.66 | 704.39 || 158 2 84.18 | 706.04
17 10 4 | 70.00| 373.30 16 4 | 6250 | 367.88 27 9 55.56 | 683.48 40 9 80.00 | 535.88
18 181 7 24.31 | 410.25 22 1 50.00 | 416.23 || 216 7 74.54 | 581.99 || 302 0 62.25 | 593.84
19 133 1| 48.12| 391.74 || 206 3 37.86 | 408.48 || 378 2 46.03 | 680.89 || 246 7 63.82 | 646.32
20 4 1 25.00 | 294.50 8 6 50.00 | 375.38 88 6 86.36 | 583.23 || 246 3 70.33 | 609.06

Table1: The completeexperimentalresults. "Im.” is the numberof imagesrecognisedy thatclass,”Lab.” is the label
assignedo it, "Rec.%" is thefrequenceof theimagesof thatlabelwithin thatclassand’Rad. is the class’meanHamming

radius,in bits.




