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Abstract. This work presentsa way to clusterHTML document
setsin an hierarchicalmanner The hierarchicalclusteringis per
formed usingthe Hierarchical Radius-basedCompetitiveLearning
(HRCL) neuralnetwork thathasbeendevelopedby the authors Af-
ter a detaileddiscussiorof the algorithm,HRCL clusteringaswell
asretrieval resultswill be presentedTheHRCL clusteringresultsin
ahierarchicalmulti-resolutionview of the underlying(local) HTML
datacollection,consistingof clustergwith its clustercentroids) sub-
clusters,sub-subclusterand so forth. The resultscanbe combined
and renderedin the way of an Internet catalogueresemblingthe
known Yahoodirectory The Internetsearchcanfinally be acceler
atedusingthe automaticallygenerateqsub-)clustecentroids.

1 STATE OF THE ART

Corventional Internet searchengines, like Altavistd ™, usually
shav problemsin handlingthe huge amountof the alreadyavail-

abledataof the InternetadequatelyPreliminaryexperimentsshav

that Altavistais not capableof presentinghe homepagef our de-
partmenton its first result page$. Similar dravbackscan be seen
with todaysInternetdirectories:Yahoo.com™ did not even enter
the homepagen its list. Searchenginesare primarily basedon in-

verted indexes that contain web pagesas copiesof those visited
by crawlers. After copying, searchenginesbasicallyusethe loca-

tion/frequencymethodto judgetherelevanceof its documentsDoc-

umentsthatcontainsearchkeywordsin its titles or in oneof thefirst

sections(location) are consideredmore relevant than others.Doc-

umentscan increasetheir relevances,if keywords occur more fre-

quentlyin the namedsections Someengines/ike WebCrawlerr ™ |

completethe relevancecalculationby link popularities (relevancy
boostes). HTML documentshat are often referredto from other
pagesareconsiderednorerelevantthanothers[1].

Directories pntheotherhand areeditedmanually Dueto this situa-
tion, only a small(subjectve) part of the World Wide Web (WWW)

canbeconsideredelevantandenterednits lists.

1.1 Intdligent information retrieval

Techniqueghattry to circumwent mentioneddravbacksalreadyex-
ist, to nameabove all the Information Retrieval (IR) techniquesin
general,IR methodscan be definedas thosetrying to detectun-
known correlationsor a hiddenknowledgeof documentetsthatare
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heterogenousiunordered”and dynamic(i.e. possiblygrowing and
shrinking). The WWW canbe deemedas such.As the centralpart
of theoverall “intelligent” IR processthe DataMining (DM) asthe
knowledge extraction step,may consistof a classificationor clus-
ter analysisprocessBefore clustering,input documentshave to be
translatedo vectorsembeddedh an-dimensionalrectorspacethus
obeying the so-calledvector spacemodel The clusteranalysiscan
nov defineclustersas naturalgroupings(or high probability den-
sities) of the vectorspace commonlyexploiting similarity metrices
(cf. [2, 3]). Detectecclustersmayfinally representhoseinput docu-
mentsthataretopically closelyrelatedto eachother Hence cluster

ing canimprove the overall retrieval performance.

1.2 Statistical and neural cluster analysis

To namejust a few statisticalclusteringmethodsthat canbe or are
alreadyusedto improve searchingthereare amongothersthe K-
meansalgorithm[4], the single-or one-pasglusteranalysisusedin
the SMART retrieval system(cf. [5], p. 127ff.), densityestimations
or modeseekingechniquegcf. [6]), theminimumspanningree([7]
or thenearesheighborapproach8].

In general,statisticalmethodssuffer from the fact that the ob-
tainedresultsare dependingon the orderof input datafed into the
system.Thus,statisticalmethodsarecalledmodel-drivenin contrast
to the data-drivenandnon-linearneuial networks Above all statis-
tical modeseekingmethodsanbeextendedoy competitivdearning
neuralnets,alsoknown asvector quantizationmethods.Thesetry
to describeclustersby placingreferenceor codebookvectorsat ev-
ery cluster thusminimizing the expectedquantizatiorerror Among
theseareprominente.g.the self-oiganizingmap(SOM; [9, 10]), the
neuralgas(NG; [11]) andthe growing neuralgas(GNG; [12]).

Unfortunatelyalthoughsuficiently solvingtheinputorderdepen-
deny problem,competitie learningmethodslo notin generaplace
oneneuronat eachinput clusters center Insteadthey confinethem-
selesto placeits neurongo locationssuchthatclusterdistributions
aredescribedbest,thusnot meetingthe vectorquantizatiordemand
completelylt soonbecomeglearthatit would bedesirablenotonly
to describawvell theclusterdistributions,but alsoto detectthecluster
centersat the sametime. To solve this problem,we developedthe
Hierarchical Radius-Base@ompetitiveLearning(HRCL) asneural
clusteranalysismethod.The HRCL hierarchicalclusteringwill be
describedn detailsin section3. Beforehandwe will motivate our
generabpproach.

2 MOTIVATION

The OASIS projecthasbeendesignedo amelioratenternetsearch-
ing. As sectionl shawed,centralizednternetsearcrengineslik e Al-



tavista, cannot competewith the tremendouslyexpandinglinternet.
OASIS circumventsthis by distributing the informationamongser-

eral OASIS seners.Every sener containsits own local HTML data
collection(favourablynotintersectingwith ary other),whosedocu-

mentswill becollectedby cravlersrunningasbackgroungrocesses.

Eachlocal collectionwill be clusteredoy HRCL thatautomatically
generates hierarchicaltree of cluster sub-clustemprototypesetc.
— a cataloguecomparablédo the Yahoodirectory Userquerieswill
finally be directedto those OASIS sener(s) whosecollections(or
prototypesYit best.Relevantdocumentswill be meigedreasonably
andissuedo theuser(cf. fig. 1 and[13, 14)).
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Figurel. OASISdistributedandintelligentinternetsearctsystem

3 HRCL

HRCL is primarily basedntheneuralgasapproactandis, like NG,
a soft competitve learningmethodwithout existing network dimen-
sionality Neuronweightsw., € R™ of a given HRCL neuronset
A = {¢;} areorderedrelative to their distancedo the input vec-
tor¢; € R™, eachtime aninputis randomlychosenandpresented
to HRCL. Contraryto NG, eachHRCL neuronconsistsof an hy-
percubicalenvironmentU,(r) := (2r)™ with userdefinedradiusr.
Theneurons hypercubd/. (r) hasdimension of the (scaled)nput
vectorspaceD C R™. Beforetraining,an“equipartition” threshold
O(r), relative to radiusr, is definedthat drivesthe neurons adap-
tations:If a neuronc; can collect more input vectorsg; inside its
hypercubicalervironmentU;, (r) thangiven by O(r), thenHRCL
fixese;. If neurone; is fixed at training stept, it will be adapted
towardsthe currentinput &; if andonly if ¢; cancollectat its new
positionattimet + 1 notfewerinputsamplesandif its hypercubical
ervironmentdoesnot intersectwith anothemeurons hypercubelf
it will intersectwith oneof the existing neurons hypercubeandthe
neuronin concernc; hasnotbeenfixedattime ¢, ¢; will berepelled
from the currentinput ;. For the adaptatioraswell astherepelling
of neuronswith weightsw; attrainingstept we useequationsl and
2 respectiely:

wi(t+1) =
wi(t—i- 1) =

wi(t) + fadapt (€, A) - gadapt(t) - (§ —ws) (1)
wi(t) — frepel(‘sa A)- grepel(t) (€ —wi) (2)

fadapt(€, A) andgaqq,t(t) areexponentiallydecreasingtelative to
the orderof neuronse; € A attraining stept andcurrentinput &;.

Frepet (€, A) andg,epei (t) areexponentiallydecreasingelativeto A,
butincreasingn trainingtime ¢.

Theinitial numberof HRCL neurong(seeds)V is given through
parametep andis relativ to thenumberof input vectors thus: N :=
|DIP, (p € [0,1]). Neuronseeds:; areplacedat positionsmarked
by N input vectors¢; at random.After initializing of neuronsthe
“equipartition” threshold®(r) is calculatedand equalsthe median
of input vectorsenclosedby hypercubege.g.|U;; (r)|) of all seeds
¢;. Moreover, HRCL featuremeurons:; to beprunedwhile andafter
training. Pruningis performedfor ary neuronce; thatis unfixed for
morethanagivenperiodof time A(t) or thattriesto leave thescaled
inputvectorspaceD in oneof theinputdimensionsn.

After training, a top-davn hierarchical refinementis realized,if
the numberof resultingHRCL neurons A] is greaterthan1. Each
hypercubdJ, (r) defineshe new input vectorspaceD thatis scaled
to [—1;1]™. HRCL training is continuedfor eachnewv D until the
refinementerminationconditionis yielded.

4 RESULTS

Below, we will presentboth HRCL clusteringas well as retrieval
results HRCL clusteringwill useartificial testdata,whereasubsec-
tion 4.2usesrealHTML documentollectionsto allow comparisons
with existing Internetdirectories.

4.1 Clusteringresults

In this part of our work, we wantto comparethe HRCL hierarchi-
cal clusteringresultswith thoseobtainedby a standardSOM as
well as by the single-pas<lusteringanalysisusedin SMART re-

trieval. Becauseof a bettervisuability, we useartificially arranged
2-dimensionamulti-modalinput data,whereeachmodeis gaussian
distributed.Modesarepotentiallyoverlappingandglohular, i.e. con-

sistof furthermodescalledsub-mode®r sub-clusters.

4.1.1 HRCL

Figure 2 shavs that HRCL with given radiusr = 0.25 is capa-
ble of detectingall threeexisting glohular clustersof aninput data
setconsistingof 1,800 datasamplesShavn arethe modedataas
well asthe HRCL neuronsascirclestogetherwith their hypercubi-
cal environmentsU, (0.25). HRCL training startswith 8 input neu-
ronsatthe 0" hierarchicalevel. 5 neuronsareprunedduringtrain-
ing thatrequires634 training steps After training, globular clusters
canbe representedby one neuroneachplacedat clustercentroids.
Eachglohular clusterconsistsof 5 sub-modeghat canbe detected
by HRCL atthe next HRCL hierarchicarefinemenstep(cf. fig. 3):
HRCL reducesafter 70 — 80 training stepsb — 6 initial neuronsat
the 1°¢ hierarchyto 5 neuronsthat are placedto the sub-clustes
centroids.Thus, eachsub-modecanbe describedy one neuronor
clustercentroidonly. The hierarchicakrefinemenfollows a third hi-
erarchy wherethe distributions of eachsub-modes approximated
(notshawn).

412 SOM

Contraryto HRCL, a standardl0 x 10 SOM, trainedduring 7, 000
training steps,cannot achieve a real vectorquantizationthe SOM
putsits neuronsotonly to locationsof high probability density but
alsoto sparcelycodedpartsof the vectorspacefo be seenbetween
the existing input modesat figure 4. This is mainly dueto the fact,
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becaus¢he SOMis notableto pruneits neuronswhile or aftertrain-
ing. For the samereason,nput modesare describedoy more than
oneneuronin generalcf. figure4).

4.1.3 Single-pasglustering

In our last experiment, we use the single-passclustering: This
methodprocesseshe input datain serial order i.e. the first input
databecomeshe first clustercentroid.The secondnput is mapped
to thefirst cluster if athresholddistancer is notexcededptherwise
it determines seconctluster(centroid).This procedures continued
for all following input samplesOur clusteringresultscould confirm
statementén [5] which saythatthe methodis highly dependenbn
theorderof inputfed into the system:t couldbe seerthatallthough
eachsingle-pasglusteringrun canplaceits centroidsinsidethe ex-
isting modes,thus describingwell the modes distributions, some
centroidswere placedat outliers and the centroid positionsvariied
considerabldetweendifferentruns (not shavn here).Several other
neuralnetworkswereusedfor clusteringa similarinput,e.g.theNG
or GNG or the growing grid, whoseresultscannot be shavn here.
Noneof thesewereableto represenglohular clustershy exactly one
neuronputatits centroids.

The shavn resultsseemto validateour assumptiorthat HRCL is
betterablethanother(neuralor statistical)clusteringmethodgo de-
scribemulti-modalinput data.In contrastto the latters,HRCL sup-
pliesamult-resolutiorview of theinput: Globular clusterscanbede-
tectedandrepresentetly exactlyoneclustercentroid FurtherHRCL
hierarchiexandeliver “zoomed-inviews” of detectectlustersuntil
afurtherzoomingcannotdetecturther“details”. Therathertheoret-
ical resultsof this sectionshall be extendedto “naturall” input data
in thenext sectionthatwill putmorestressontheretrieval effectsof
the obtainedclustering.

4.2 HRCL retrieval results

The retrieval resultsare evaluatedusing threedifferentinput docu-

mentsets:the CISl| testdatacollection,a confinedHTML document
setconsistingof 242 input documentsaswell asHTML documents
stemmingirom Yahoosub-directories.

4.2.1 CISltestdatacollection

In orderto evaluatetheretrieval resultsof the HRCL clusteringsys-
tem, we usethe known CISI testdatacollection,whosel, 460 test
documentsare mainly engagedn “digital library” topicsandcome
with 112 testqueries.Theinput datais codedusingthe known term
frequeng-inversedocumentfrequeny (TF-IDF) indexing in com-
bination with the Porter stemmer[15], translatingthe test queries
anddocumentsnto vectorspaceanodel.Resultinghigh-dimensional
(documentandquery)fingerprintvectorsarecompressety thela-
tentsemantiéndexing (LSI), resultingin 20-dimensional/ectors We
usethesingularvaluedecompositiorfSVD;[16]) asefficientimple-
mentationof LSI. HRCL, initiated with inputradiusr = 0.5, yields
3 hierarchieswith 8 detectectlustersat the 0**, 47 sub-clusterst
the1°¢ andfurther41 sub-subclusterat the lasthierarchy For each
detectedHRCL clusterc at every hierarchy\Voronoi setsR,. arecal-
culated,determiningthoseinput vectors¢ thataremore adjacento
the correspondinglustercentroidw, thanto ary otherclustercen-
troid w; of the samehierarchicallevel: R, := {£ | ||€ — we|| <
[|€ —ws|| Vi # ¢} To obtainprecisionandrecall retrieval measures



(cf. [2]), query-to-documentector comparisongusing cosinecor-
relations)are carried out using Voronoi set R, of clusterc whose
clustercentroidw. hasmaximumcorrelationwith the queryvector
The documentvectorsé € R, areorderedrelative to their correla-
tionsandprecision-recalineasuresrefinally calculatedor thefirst
10%, 30 %, 50 %, 70 % and100% of the orderedset. Theresulting
valuesareconnectea@ndrenderedasprecision-recalgraphdepicted
in figure5.
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0.2 aretrainedduring399 trainingstepsat the 0* HRCL hierarchy
of which 3 neuronsare prunedduring training. HRCL generate®

hierarchieswith 2 detectectlustersat the 0** and7 sub-clustersat
the 1°¢ hierarchicallevel. The retrieval considersonly thosedocu-
mentsas“found” that arelocatedinsidethe sameHRCL clusterof

thesameHRCL hierarchythanthedocumento be searchedor. The
0'* HRCL hierarchyyields precision0.22 andrecall 0.85, the 1°¢

hierarchyyields precision0.6 andrecall0.11. Several otherexperi-
mentsusingdifferentHRCL input radii (anddifferenthypercubical
overlaps)wereperformedandarepresentedttablel.

Tablel. HRCL retrieval resultsusing242 HTML inputdocuments.

| HRCL results |
¢ radius 0.05 0.1 0.3 0.4
2 ~ overlap 0.1 0 0.2 0.2
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Figure5. HRCL retrieval resultsusingCISI testdatacollection.

It canbe seenwith figure 5 thatthe HRCL retrieval resultsat the
0" hierarchicalstep are always worse than the optimal reference
retrieval (that usesthe total input vector spaceand thus calculates
1,460 x 112 document-to-quergorrelations)But above all preci-
sionsfor the 1°* and2™¢ HRCL hierarchy(regardingthe first 10 %
of the clustereddocumentspareyet above the referencgwhosefirst
10 % of retrieved documentbtaina maximumprecisionof about
0.5). Calculatingretrieval measuregor the found documentonly,
the HRCL precisionreachesaalmostmaximumvalue. Secondly the
overall retrieval can (slightly) be improved with ascendinghierar
chical levels. And finally, HRCL retrieval (usingthe alreadyclus-
teredandevaluateddocumenset)cantremendouslye speededip:
HRCL retrieval needsafew secondswhereaghereferenceaetrieval
(thatstill hasto calculateandorder163, 520 correlations)eedsup
to severalhours.This suggestso divide documentetrieval usingthe
local HTML datacollectionof figure 1 into two parts: The HRCL
clusteringhasto be accomplishegrior to searchingandcanberun
at low load times as backgroundorocessAfter that, usersearches
may usethe obtainedclusteringresultsthat speedsip the document
lookupalone.

4.2.2 LocalHTML documenset

The HRCL retrieval is further comparedwith a 5 x 5 SOM, us-
ing a confinedlocal HTML documentset consistingof 242 16-
dimensionaldocumentvectors.For term indexing we usethe char-
actertrigramcoding(cf. [18]) in combinationwith the Genealized
GeneanlizedHebbianAlgorithm (GGHA,; [17]) ascompressionThe
SOMtrainingis finishedafter10 x 242 = 2, 420 trainingstepsDoc-
umentsthataremappedn the SOM clusterwhich containsthe doc-
umentto be searchedor aswell asall document®f theneighboring
SOMneuronsaredefinedas‘found documents"The SOM precision
yieldsavalueof 0.5, therecallequald.26. Ontheotherhand,5 ini-
tial HRCL neuronswith inputradius0.4 andhypercubicabverlapof

Theretrieval resultsshav thatHRCL is alwaysableto outperfom
theSOM'srecallmeasureatthe0® hierarchicalevel: Eachof there-
call valuesof HRCL usingdifferentradii is betterthan0.26 obtained
by the SOM. With the improved recall, precisionof the 0** HRCL
hierarchymustsuffer. However, the precisioncanbeimprovedatthe
next hierarchyand can even outperformthe SOM’s precisionwith
HRCL input radius0.4 (togetherwith hypercubicaloverlapof 0.2;
seetablel).

This pointsout thatthe 0** HRCL hierarchicalevel (lowestresolu-
tion) candeliver morerelevant documentghanthe SOM clustered
documentset. Additionally, the useris ablewith HRCL — contrary
to the SOM — to selectan appropriatesub-clustef the 1°* HRCL
hierarchythat containsdocumentde estimategelevantto increase
precision.The“zoomedview” of the 1°¢ HRCL hierarchymaythen
evenbeableto exceedthe generalSOM precision.

4.2.3 Yahoodirectory

For our last experiment,we use5 x 380 = 1,900 HTML doc-
uments obtained from the Yahoo sub-directories‘benchmarks”,
“travelogues”,'museums”;‘programminglanguagesand“research
groups”. The input documentsare indexed and compresse@nalo-
gousto the CISI collection,resultingin 1, 900 76-dimensionaldoc-
umentvectorswith which HRCL usingradius0.15 is trained. HRCL

reducesafter 986 training steps9 initial to 6 final neuronsof hi-

erarchy0 and generatesurther 2 hierarchiesdetectingfurther 10

sub-clustersaand 6 sub-subclusterdn orderto evaluatethe quality
of the resultingHRCL clustering,the coherenceof eachclusteris

measuredTo achieve this, all documentvectorsof VoronoisetsR,.

of clusterc have to be orderedrelative to their distancego the clus-
ter centroidvector After that,the“clustercoherencetanbedefined
asthe percentagef thefirst 25 % of documentf the Voronoi set
belongingto the sameYahoodirectorythanthe clustercentroiddoc-
ument. The averagecoherencdor the 0** HRCL hierarchyyields
86.3 % and81.2 % for the1°¢ hierarchy At the 0" hierarchy3 out
of 5 Yahoocatgyoriescanbedetectecandrepresentetly exactlyone
neuron,while directory “benchmark”generates3 different HRCL

clustersat the samehierarchy Remainingnput directory“program-
minglanguagesfenerates sub-clustersitthe 1% hierarchyFigure
6 shaws a part of the generatednternetcataloguethe hierarchical
refinemenbf the0® clusterof the 0** hierarchy The clustercanbe



resohedito 8 sub-clusterandfurther6 sub-subcluster§.o beseens
the (abreviated)URL of theclustercentroiddocumenttthe 1°¢ row,
the centroiddocumeng title atthe 2*¢ row, the numberof clustered
documentatthe3™¢ andthe 3 documentectorsclosesto theclus-
ter centroidvector at following rows. Indentedare all (sub-)cluster
centroidsof the 0** and1®¢ hierarchicarefinemenbf cluster0.
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Figure 6. Partof theautomaticallygeneratednternetcatalogueising
HRCL clusteringandYahooinputdocuments.

Further results,using 5,508 HTML documentsout of 11 Ya-
hoosub-directoriegcompressetb dimensiond6) couldconfirmthe
above results:HRCL canthendetect9 outof 11 input categyories(by
one neuroneachfor hierarchy0), 2 remainingonesare distributed
amongb sub-clustersf the 2" hierarchyeach.Clustercoherences
canyield 89 % for the0** HRCL hierarchy

5 CONCLUSION

This work presenteda feasible way to automaticallygeneratea
Yahoo-likelocalInternetdirectory Thishasbeenmanagedy theHi-

erarchical Radius-basedCompetitiveL earning (HRCL) neuralnet-
work that hasbeendevelopedby the authors.Clusteringaswell as
retrieval resultsshaved thatthe methodis ableto surpasseuralas
well ascorventionalstatisticalclusteringmethodsFinally, dividing

documentretrieval into two parts— clusteringand searching- user
guerysearchalonecansignificantlybe accelerated.
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