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Abstract. This work presentsa way to clusterHTML document
setsin an hierarchicalmanner. The hierarchicalclusteringis per-
formedusingthe Hierarchical Radius-basedCompetitiveLearning
(HRCL)neuralnetwork thathasbeendevelopedby theauthors.Af-
ter a detaileddiscussionof the algorithm,HRCL clusteringaswell
asretrieval resultswill bepresented.TheHRCL clusteringresultsin
a hierarchicalmulti-resolutionview of theunderlying(local) HTML
datacollection,consistingof clusters(with its clustercentroids),sub-
clusters,sub-subclustersandso forth. The resultscanbe combined
and renderedin the way of an Internet catalogueresemblingthe
known Yahoodirectory. The Internetsearchcanfinally be acceler-
atedusingtheautomaticallygenerated(sub-)clustercentroids.

1 STATE OF THE ART

Conventional Internet searchengines,like Altavista
���

, usually
show problemsin handlingthe hugeamountof the alreadyavail-
abledataof the Internetadequately:Preliminaryexperimentsshow
that Altavista is not capableof presentingthe homepageof our de-
partmenton its first result pages2. Similar drawbackscan be seen
with todaysInternetdirectories:Yahoo.com

���
did not even enter

the homepageon its list. Searchenginesareprimarily basedon in-
verted indexes that contain web pagesas copiesof thosevisited
by crawlers. After copying, searchenginesbasicallyusethe loca-
tion/frequencymethodto judgetherelevanceof its documents:Doc-
umentsthatcontainsearchkeywordsin its titles or in oneof thefirst
sections(location) are consideredmore relevant than others.Doc-
umentscan increasetheir relevances,if keywords occur more fre-
quentlyin thenamedsections.Someengines,like WebCrawler

���
,

completethe relevancecalculationby link popularities (relevancy
boosters): HTML documentsthat are often referredto from other
pagesareconsideredmorerelevantthanothers[1].
Directories,on theotherhand,areeditedmanually. Dueto thissitua-
tion, only a small (subjective) partof theWorld Wide Web(WWW)
canbeconsideredrelevantandenteredon its lists.

1.1 Intelligent information retrieval

Techniquesthat try to circumventmentioneddrawbacksalreadyex-
ist, to nameabove all the InformationRetrieval (IR) techniques.In
general,IR methodscan be definedas thosetrying to detectun-
known correlationsor a hiddenknowledgeof documentsetsthatare
�

Wilhelm-Schickard-Institutefor Informatics,Departmentof ComputerEn-
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heterogenous,“unordered”anddynamic(i.e. possiblygrowing and
shrinking).The WWW canbe deemedassuch.As the centralpart
of theoverall “intelligent” IR process,theDataMining (DM) asthe
knowledgeextraction step,may consistof a classificationor clus-
ter analysisprocess.Beforeclustering,input documentshave to be
translatedto vectorsembeddedin a � -dimensionalvectorspace,thus
obeying the so-calledvectorspacemodel. The clusteranalysiscan
now defineclustersas naturalgroupings(or high probability den-
sities)of thevectorspace,commonlyexploiting similarity metrices
(cf. [2, 3]). Detectedclustersmayfinally representthoseinputdocu-
mentsthataretopically closelyrelatedto eachother. Hence,cluster-
ing canimprove theoverall retrieval performance.

1.2 Statistical and neural cluster analysis

To namejust a few statisticalclusteringmethodsthat canbe or are
alreadyusedto improve searching,thereare amongothersthe K-
meansalgorithm[4], thesingle-or one-passclusteranalysisusedin
theSMART retrieval system(cf. [5], p. 127ff.), densityestimations
or modeseekingtechniques(cf. [6]), theminimumspanningtree[7]
or thenearestneighborapproach[8].

In general,statisticalmethodssuffer from the fact that the ob-
tainedresultsaredependingon the orderof input datafed into the
system.Thus,statisticalmethodsarecalledmodel-drivenin contrast
to thedata-drivenandnon-linearneural networks: Above all statis-
tical modeseekingmethodscanbeextendedby competitivelearning
neuralnets,alsoknown asvectorquantizationmethods.Thesetry
to describeclustersby placingreferenceor codebookvectorsat ev-
erycluster, thusminimizing theexpectedquantizationerror. Among
theseareprominente.g.theself-organizingmap(SOM; [9, 10]), the
neuralgas(NG; [11]) andthegrowing neuralgas(GNG; [12]).

Unfortunately, althoughsufficiently solvingtheinputorderdepen-
dency problem,competitivelearningmethodsdonotin generalplace
oneneuronat eachinput cluster’s center. Insteadthey confinethem-
selvesto placeits neuronsto locationssuchthatclusterdistributions
aredescribedbest,thusnot meetingthevectorquantizationdemand
completely. It soonbecomesclearthatit wouldbedesirablenotonly
to describewell theclusterdistributions,but alsoto detectthecluster
centersat the sametime. To solve this problem,we developedthe
Hierarchical Radius-BasedCompetitiveLearning(HRCL)asneural
clusteranalysismethod.The HRCL hierarchicalclusteringwill be
describedin detailsin section3. Beforehand,we will motivateour
generalapproach.

2 MOTIVATION

TheOASIS projecthasbeendesignedto ameliorateInternetsearch-
ing.Assection1 showed,centralizedInternetsearchengines,likeAl-



tavista,cannot competewith the tremendouslyexpandingInternet.
OASIS circumventsthis by distributing theinformationamongsev-
eralOASIS servers.Every server containsits own local HTML data
collection(favourablynot intersectingwith any other),whosedocu-
mentswill becollectedbycrawlersrunningasbackgroundprocesses.
Eachlocal collectionwill beclusteredby HRCL thatautomatically
generatesa hierarchicaltree of cluster, sub-clusterprototypesetc.
– a cataloguecomparableto the Yahoodirectory. Userquerieswill
finally be directedto thoseOASIS server(s) whosecollections(or
prototypes)fit best.Relevantdocumentswill bemergedreasonably
andissuedto theuser(cf. fig. 1 and[13, 14]).

Figure 1. OASISdistributedandintelligentInternetsearchsystem

3 HRCL

HRCL is primarily basedontheneuralgasapproachandis, likeNG,
a soft competitive learningmethodwithout existing network dimen-
sionality. Neuronweights ����������� of a given HRCL neuronset "! #"$�%'&)(

areorderedrelative to their distancesto the input vec-
tor * & �+� � , eachtime an input is randomlychosenandpresented
to HRCL. Contraryto NG, eachHRCL neuronconsistsof an hy-
percubicalenvironment ,-�/.�0/1 ! # .324051 � with userdefinedradius 0 .
Theneuron’s hypercube, � .�051 hasdimension� of the(scaled)input
vectorspace6879� � . Beforetraining,an“equipartition” threshold: .�051 , relative to radius 0 , is definedthat drives the neuron’s adap-
tations:If a neuron

%;&
can collect more input vectors * & inside its

hypercubicalenvironment , ��� .�0/1 thangiven by
: .�0/1 , thenHRCL

fixes
% &

. If neuron
% &

is fixed at training step < , it will be adapted
towardsthe currentinput * & if andonly if

%;&
cancollect at its new

positionat time <>=@? not fewer inputsamplesand if its hypercubical
environmentdoesnot intersectwith anotherneuron’s hypercube.If
it will intersectwith oneof theexisting neuron’s hypercubeandthe
neuronin concern

%'&
hasnot beenfixedat time < , %'& will berepelled

from thecurrentinput * & . For theadaptationaswell astherepelling
of neuronswith weights� & at trainingstep< we useequations1 and
2 respectively:

� & .A<B=C?41 # � & .A<D1E=GF4H � HJI � .A*LK
 1-M;N/H � HJI � .A<D1-M5.A*�OP�

& 1 (1)

� & .A<B=C?41 # � & .A<D1-OQF 
DR I R�S .A*LK
 1-M;N 
DR I R�S .A<D1TMU.A*VOP�

& 1 (2)

F4H � HJI � .A*>K
 1 and N/H � HJI � .A<�1 areexponentiallydecreasing,relative to

the orderof neurons
%'& �  

at training step < andcurrentinput * & .

F 
DR I R�S .A*LK
 1 andN 
DR I R�S .A<�1 areexponentiallydecreasingrelativeto

 
,

but increasingin trainingtime < .
The initial numberof HRCL neurons(seeds)W is given through

parameterX andis relativ to thenumberof inputvectors,thus: W ! #
Y 6 Y I , .ZX+�\[ ]^K�?;_`1 . Neuronseeds

% &
areplacedat positionsmarked

by W input vectors * & at random.After initializing of neurons,the
“equipartition” threshold

: .�0/1 is calculatedandequalsthe median
of input vectorsenclosedby hypercubes(e.g.

Y , ��� .�0/1 Y ) of all seeds% &
. Moreover, HRCL featuresneurons

% &
to beprunedwhile andafter

training.Pruningis performedfor any neuron
%;&

that is unfixed for
morethanagivenperiodof time ab.A<D1 or thattriesto leavethescaled
inputvectorspace6 in oneof theinput dimensions� .

After training, a top-down hierarchical refinementis realized,if
the numberof resultingHRCL neurons

Y  Y
is greaterthan1. Each

hypercube,c�d.�051 definesthenew input vectorspace6 thatis scaled
to [eOf?dg�?;_ � . HRCL training is continuedfor eachnew 6 until the
refinementterminationconditionis yielded.

4 RESULTS

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

4.1 Clustering results

In this part of our work, we want to comparethe HRCL hierarchi-
cal clusteringresultswith thoseobtainedby a standardSOM as
well as by the single-passclusteringanalysisusedin SMART re-
trieval. Becauseof a bettervisuability, we useartificially arranged
2 -dimensionalmulti-modalinput data,whereeachmodeis gaussian
distributed.Modesarepotentiallyoverlappingandglobular, i.e.con-
sistof furthermodes,calledsub-modesor sub-clusters.

4.1.1 HRCL

Figure 2 shows that HRCL with given radius 0 # ]Lh 2/i is capa-
ble of detectingall threeexisting globular clustersof an input data
setconsistingof ?dKDj/]d] datasamples.Shown are the modedataas
well asthe HRCL neuronsascirclestogetherwith their hypercubi-
cal environments,-�d.k]^h 2/i/1 . HRCL trainingstartswith j input neu-
ronsat the ] ��� hierarchicallevel. i neuronsareprunedduringtrain-
ing that requiresl/mon trainingsteps.After training,globular clusters
canbe representedby oneneuroneachplacedat clustercentroids.
Eachglobular clusterconsistsof i sub-modesthat canbe detected
by HRCL at thenext HRCL hierarchicalrefinementstep(cf. fig. 3):
HRCL reducesafter po]qOGj/] trainingstepsirOGl initial neuronsat
the 1s � hierarchyto i neuronsthat are placedto the sub-cluster’s
centroids.Thus,eachsub-modecanbe describedby oneneuronor
clustercentroidonly. Thehierarchicalrefinementfollows a third hi-
erarchy, wherethe distributionsof eachsub-modeis approximated
(not shown).

4.1.2 SOM

Contraryto HRCL, a standard?�]btu?�] SOM, trainedduring p^Kv]/]d]
training steps,cannot achieve a real vectorquantization:the SOM
putsits neuronsnotonly to locationsof high probabilitydensity, but
alsoto sparcelycodedpartsof thevectorspace,to beseenbetween
theexisting input modesat figure 4. This is mainly dueto the fact,



Figure 2. HRCL clusteringresultsat 0��� HRCL hierarchy.

Figure 3. HRCL clusteringresultsat1s � HRCL hierarchy:Detectionof
sub-clustersof cluster(a)at fig. 2.

Figure 4. SOM clusteringresults.

becausetheSOMis notableto pruneits neuronswhile or aftertrain-
ing. For the samereason,input modesaredescribedby morethan
oneneuronin general(cf. figure4).

4.1.3 Single-passclustering

In our last experiment, we use the single-passclustering: This
methodprocessesthe input data in serial order, i.e. the first input
databecomesthefirst clustercentroid.Thesecondinput is mapped
to thefirst cluster, if a thresholddistance0 is notexceded,otherwise
it determinesasecondcluster(centroid).Thisprocedureis continued
for all following input samples.Our clusteringresultscouldconfirm
statementsin [5] which saythat themethodis highly dependenton
theorderof input fed into thesystem:It couldbeseenthatallthough
eachsingle-passclusteringrun canplaceits centroidsinsidetheex-
isting modes,thus describingwell the mode’s distributions, some
centroidswereplacedat outliersand the centroidpositionsvariied
considerablebetweendifferentruns(not shown here).Severalother
neuralnetworkswereusedfor clusteringasimilar input,e.g.theNG
or GNG or the growing grid, whoseresultscannot be shown here.
Noneof thesewereableto representglobularclustersby exactlyone
neuronputat its centroids.

Theshown resultsseemto validateour assumptionthatHRCL is
betterablethanother(neuralor statistical)clusteringmethodsto de-
scribemulti-modalinput data.In contrastto the latters,HRCL sup-
pliesamult-resolutionview of theinput:Globularclusterscanbede-
tectedandrepresentedbyexactlyoneclustercentroid.FurtherHRCL
hierarchiescandeliver “zoomed-inviews” of detectedclustersuntil
afurtherzoomingcannotdetectfurther“details”.Therathertheoret-
ical resultsof this sectionshallbeextendedto “naturall” input data
in thenext sectionthatwill putmorestresson theretrieval effectsof
theobtainedclustering.

4.2 HRCL retrieval results

The retrieval resultsareevaluatedusingthreedifferent input docu-
mentsets:theCISI testdatacollection,a confinedHTML document
setconsistingof 2on52 input documentsaswell asHTML documents
stemmingfrom Yahoosub-directories.

4.2.1 CISI testdatacollection

In orderto evaluatetheretrieval resultsof theHRCL clusteringsys-
tem,we usethe known CISI testdatacollection,whose ?dKDn5l/] test
documentsaremainly engagedin “digital library” topicsandcome
with ?/?�2 testqueries.Theinput datais codedusingtheknown term
frequency-inversedocumentfrequency (TF-IDF) indexing in com-
bination with the Porterstemmer[15], translatingthe test queries
anddocumentsinto vectorspacemodel.Resultinghigh-dimensional
(documentandquery)fingerprintvectorsarecompressedby the la-
tentsemanticindexing(LSI), resultingin 2d] -dimensionalvectors.We
usethesingularvaluedecomposition(SVD;[16]) asefficient imple-
mentationof LSI. HRCL, initiatedwith input radius 0 # ]Lh i , yields
m hierarchieswith j detectedclustersat the ] ��� , n5p sub-clustersat
the ? s � andfurther n>? sub-subclustersat thelasthierarchy. For each
detectedHRCL cluster

%
at every hierarchyVoronoi sets� � arecal-

culated,determiningthoseinput vectors* thataremoreadjacentto
thecorrespondingclustercentroid ��� thanto any otherclustercen-
troid � & of the samehierarchicallevel: � � ! #w$ * Yyx *zOC� � xP{x *fOQ� & x}|�~V�#�%�(

To obtainprecisionandrecall retrieval measures



(cf. [2]), query-to-documentvectorcomparisons(usingcosinecor-
relations)are carriedout usingVoronoi set �y� of cluster

%
whose

clustercentroid ��� hasmaximumcorrelationwith thequeryvector.
Thedocumentvectors*P��� � areorderedrelative to their correla-
tionsandprecision-recallmeasuresarefinally calculatedfor thefirst
10%, 30 %, 50%, 70% and100% of theorderedset.Theresulting
valuesareconnectedandrenderedasprecision-recallgraphdepicted
in figure5.

Figure 5. HRCL retrieval resultsusingCISI testdatacollection.

It canbeseenwith figure5 that theHRCL retrieval resultsat the
] ��� hierarchicalstepare always worse than the optimal reference
retrieval (that usesthe total input vector spaceand thus calculates
?/K�n/l/]�t@?d?42 document-to-querycorrelations).But above all preci-
sionsfor the ? s � and 2 � � HRCL hierarchy(regardingthefirst 10 %
of theclustereddocuments)areyet above thereference(whosefirst
10 % of retrieveddocumentsobtaina maximumprecisionof about
]Lh i ). Calculatingretrieval measuresfor the found documentsonly,
the HRCL precisionreachesalmostmaximumvalue.Secondly, the
overall retrieval can (slightly) be improved with ascendinghierar-
chical levels. And finally, HRCL retrieval (using the alreadyclus-
teredandevaluateddocumentset)cantremendouslybespeededup:
HRCL retrieval needsa few seconds,whereasthereferenceretrieval
(thatstill hasto calculateandorder ?�ldmLKJi/2o] correlations)needsup
to severalhours.Thissuggeststo dividedocumentretrieval usingthe
local HTML datacollectionof figure 1 into two parts:The HRCL
clusteringhasto beaccomplishedprior to searchingandcanberun
at low load timesasbackgroundprocess.After that, usersearches
mayusetheobtainedclusteringresultsthatspeedsup thedocument
lookupalone.

4.2.2 LocalHTML documentset

The HRCL retrieval is further comparedwith a iPt+i SOM, us-
ing a confinedlocal HTML documentset consistingof 2onU2�?�l -
dimensionaldocumentvectors.For term indexing we usethe char-
acter trigramcoding(cf. [18]) in combinationwith theGeneralized
GeneralizedHebbianAlgorithm(GGHA; [17]) ascompression.The
SOMtrainingis finishedafter ?�]�ty2onU2 # 2UKDnU2d] trainingsteps.Doc-
umentsthataremappedon theSOMclusterwhichcontainsthedoc-
umentto besearchedfor aswell asall documentsof theneighboring
SOMneuronsaredefinedas“found documents”.TheSOMprecision
yieldsavalueof ]Lh i , therecallequals]Lh 2ol . On theotherhand,i ini-
tial HRCL neuronswith inputradius]Lh n andhypercubicaloverlapof

]^h 2 aretrainedduring m/�d� trainingstepsat the ] ��� HRCL hierarchy,
of which m neuronsareprunedduring training. HRCL generates2
hierarchieswith 2 detectedclustersat the ] �A� and p sub-clustersat
the ? s � hierarchicallevel. The retrieval considersonly thosedocu-
mentsas“found” that arelocatedinsidethesameHRCL clusterof
thesameHRCL hierarchythanthedocumentto besearchedfor. The
] ��� HRCL hierarchyyields precision ]Lh 2/2 andrecall ]Lh j5i , the ?�s �
hierarchyyieldsprecision]Lh l andrecall ]^h�?d? . Severalotherexperi-
mentsusingdifferentHRCL input radii (anddifferenthypercubical
overlaps)wereperformedandarepresentedat table1.

Table 1. HRCL retrieval resultsusing �'�4� HTML input documents.

HRCL results
radius �/� ��� �/� � �/� � �/� �
overlap �/� � � �/� � �/� �
hierarchy 0 1 0 1 0 1 0 1
precision 0.28 — 0.33 — 0.25 0.42 0.22 0.6
recall 0.78 — 0.7 — 0.78 0.3 0.85 0.11

Theretrieval resultsshow thatHRCL is alwaysableto outperfom
theSOM’srecallmeasureatthe ] ��� hierarchicallevel:Eachof there-
call valuesof HRCL usingdifferentradii is betterthan ]^h 2ol obtained
by the SOM. With the improved recall,precisionof the ] �A� HRCL
hierarchymustsuffer. However, theprecisioncanbeimprovedat the
next hierarchyandcaneven outperformthe SOM’s precisionwith
HRCL input radius ]Lh n (togetherwith hypercubicaloverlapof ]Lh 2 ;
seetable1).
This pointsout that the ] �A� HRCL hierarchicallevel (lowestresolu-
tion) candeliver morerelevant documentsthanthe SOM clustered
documentset.Additionally, the useris ablewith HRCL – contrary
to the SOM – to selectan appropriatesub-clusterof the ? s � HRCL
hierarchythat containsdocumentshe estimatesrelevant to increase
precision.The“zoomedview” of the ?�s � HRCL hierarchymaythen
evenbeableto exceedthegeneralSOM precision.

4.2.3 Yahoodirectory

For our last experiment,we use iPt�m/jd] # ?/KD�d]/] HTML doc-
uments obtained from the Yahoo sub-directories“benchmarks”,
“travelogues”,“museums”,“programminglanguages”and“research
groups”.The input documentsare indexed andcompressedanalo-
gousto theCISI collection,resultingin ?/Kv�d]/]rpol -dimensionaldoc-
umentvectorswith whichHRCL usingradius]Lhe?4i is trained.HRCL
reducesafter �/j/l training steps � initial to l final neuronsof hi-
erarchy ] andgeneratesfurther 2 hierarchies,detectingfurther ?']
sub-clustersand l sub-subclusters.In order to evaluatethe quality
of the resultingHRCL clustering,the coherenceof eachclusteris
measured.To achieve this, all documentvectorsof Voronoi sets�y�
of cluster

%
have to beorderedrelative to their distancesto theclus-

tercentroidvector. After that,the“clustercoherence”canbedefined
asthepercentageof thefirst 2/i % of documentsof theVoronoi set
belongingto thesameYahoodirectorythantheclustercentroiddoc-
ument.The averagecoherencefor the ] �A� HRCL hierarchyyields
jdlLh m % and jL?/h 2 % for the ?�s � hierarchy. At the ] �A� hierarchy, m out
of i Yahoocategoriescanbedetectedandrepresentedby exactlyone
neuron,while directory “benchmark”generatesm different HRCL
clustersat thesamehierarchy. Remaininginput directory“program-
minglanguages”generatesm sub-clustersat the ? s � hierarchy. Figure
6 shows a part of the generatedInternetcatalogue:the hierarchical
refinementof the ] ��� clusterof the ] ��� hierarchy. Theclustercanbe



resolved� to j sub-clustersandfurther l sub-subclusters.To beseenis
the(abreviated)URL of theclustercentroiddocumentat the ?'s � row,
thecentroiddocument’s title at the 2 � � row, thenumberof clustered
documentsat the m 
�� andthe m documentvectorsclosestto theclus-
ter centroidvectorat following rows. Indentedareall (sub-)cluster
centroidsof the ] ��� and ? s � hierarchicalrefinementof cluster ] .

Figure 6. Part of theautomaticallygeneratedInternetcatalogueusing
HRCL clusteringandYahooinputdocuments.

Further results,using i^Kvio]/j HTML documentsout of ?d? Ya-
hoosub-directories(compressedto dimensionn5l ) couldconfirmthe
above results:HRCL canthendetect� outof ?d? inputcategories(by
oneneuroneachfor hierarchy ] ), 2 remainingonesaredistributed
amongi sub-clustersof the 2 � � hierarchyeach.Clustercoherences
canyield j/� % for the ] ��� HRCL hierarchy.

5 CONCLUSION

This work presenteda feasible way to automaticallygeneratea
Yahoo-likelocalInternetdirectory. Thishasbeenmanagedby theHi-
erarchical Radius-basedCompetitiveLearning(HRCL) neuralnet-
work that hasbeendevelopedby the authors.Clusteringaswell as
retrieval resultsshowed that themethodis ableto surpassneuralas
well asconventionalstatisticalclusteringmethods.Finally, dividing
documentretrieval into two parts– clusteringandsearching– user
querysearchalonecansignificantlybeaccelerated.
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