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Abstract

In this article we analyzethe problemof searchingthe WWW, giving someinsight andmodelsto
understandits complexity. Thenwe survey the two maincurrenttechniquesusedto searchtheWWW.
Finally, wepresentrecentresultsthatcanhelpto partially solve thechallengesposed.

1 Introduction

The boomin the useof the World Wide Web (WWW) and its exponentialgrowth arewell known facts
nowadays.Justtheamountof textual dataavailableis estimatedin theorderof oneterabyte.In addition,
othermedia,asimages,audioandvideo,arealsoavailable. Thus,theWWW canbeseenasa very large,
unstructuredbut ubiquitousdatabase.This triggerstheneedfor efficient toolsto manage,retrieve,andfilter
informationfrom thisdatabase.Thisproblemis alsobecomingimportantin largeIntranets,wherewe want
to extractor infer new informationto supporta decisionprocess.This taskis calleddatamining. We make
theimportantdistinctionbetweendataandinformation.Thelateris processeddatathatfulfills ourneeds.

In thisarticlewe outlinethemainproblemsof searchingtheWWW andsomepartialsolutionsto them.
Wefocusontext, becausealthoughtherearetechniquesto searchin imagesandothernon-textualdata,they
cannotbeapplied(yet) in large scale.We alsoemphasizesyntacticsearch.That is, we searchfor WWW
documentsthathave somewordsor patternsascontent,which may (in mostcases)or maynot reflectthe
intrinsic semanticsof the text. Although thereare techniquesto preprocessnaturallanguageandextract
the text semantics,they arenot 100%effective andthey arealsotoo costly for large amountsof data. In
addition,in mostcasesthey work with well structuredtext, a thesaurusandothercontextual information.

Wenow mentionthemainproblemsposedby theWWW. Wecandivide themin two classes:problems
of thedataitself andproblemsof theuser. Thefirst are:

� Distributeddata: dueto the intrinsic natureof the Web,dataspansover many computersandplat-
forms.Thesecomputersareinterconnectedwith nopredefinedtopologyandwith verydifferentband-
withs.

� High percentageof volatile data:dueto Internetdynamics,new computersanddatacanbeaddedor
removedeasily. Wealsohave relocationproblemswhendomainor file nameschange.�
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� Large volume: the exponentialgrowth of the WWW posesscalingissuesthat aredifficult to cope
with.

� Unstructureddata:mostpeoplesaythattheWWW is a distributedhypertext. However, this is incor-
rect.Any hypertext hasaconceptualmodelbehind,whichorganizesandaddsconsistency to thedata
andthehyperlinks.Thatis hardlytruein theWWW, evenfor individual documents.

� Quality of data:theWWW canbeconsideredasa new publishingmedia.However, thereis, in most
cases,noeditorialprocess.So,datacanbeevenfalse,invalid (for example,becauseis tooold), poorly
writtenor, typically, with many errorsfrom differentsources(typos,grammaticmistakes,OCRerrors,
etc.)

� Heterogeneousdata:in additionto having to dealwith multiple mediatypesandhencewith multiple
formats,whentalking only abouttext, we alsohave differentlanguagesand,what is worse,different
alphabets,someof themvery large(for example,Chineseor JapaneseKanji).

Most of theseproblemsarenot solvableby just softwareimprovements.For example,thecross-language
or badquality issues.Thosewill not change(andit shouldnot in somecases!)or imply changingworking
habits. The secondclassof problemsare facedby the user. Given the above, thereare basically two
problems:how to queryandhow to managetheanswerof thequery. Without takingin accountthecontent
semanticsof a document,it is not easyto preciselyspecifya query, unlessit is very simple. On theother
hand,if we areableto posethequery, theanswermight bea thousandof WWW pages.How do we handle
a large answer?How do we rank thedocuments?(that is, how we selectthedocumentsthat really areof
interestfor theuser).In addition,a singledocumentcouldbelarge. How do we browseefficiently in such
documents?

So,theoverall challengeis to, in spiteof theintrinsicproblemsposedby WWW, circumventall of them
andanswerthe questionsabove, suchthat a goodquerycould be sentto the searchsystem,obtaininga
manageableandrelevantanswer. Theorganizationof this paperis asfollows. We first describeandmodel
theWWW. This is thefirst stepto understandits complexity andbeingableto analyzepossiblesolutions.
Second,we outlinethemainwaysusedtodayto searchtheWeb,giving someexamples.Third, we outline
severalnew resultsthatshouldhelpin (partially) solvingsomeof theproblemsoutlined.Betweenthem,we
canmentioncompressiontechniquesallowing random-access,useof availabletext structure,visualquery
languagesandvisualbrowsing. Someof the resultspresentedarepartof an Iberoamericanprojectfunded
by CYTED (AMYRI) which hasasa goal theresearchanddevelopmentof techniquesandtools to search
theWWW [15]; while othersbelonga collaborationproject,AccessNova [14], betweentheUniv. of Chile
andNTT (Japan),fundedby theChileangovernmentthroughFONDEF, aprogramfor technologytransfer,

2 Measuring and Modeling the WWW

In an interestingarticle, already(sadly)outdated,Tim Bray [18] studieddifferentstatisticalmeasuresof
the WWW. From simplequestionsashow many serverstherearein the WWW to characterizingWWW
pages.Currently, therearenearonemillion servers,countingdomainnamesstartingwith www. However,
asnot all WWW servershave the www prefix, the real numberis higher. On theotherhand,thenumber
of independentinstitutionsthathave WWW informationis muchless,becausemany placeshave multiple
servers.Theexactpercentageis unknown, but shouldbemorethan30%whichwastheresultbackin 1995.

Themostpopularformatsof WWW documentsareHTML followedby GIF, TXT, PS,andJPG,in that
order. How is a typicalHTML page?First,mostof themarenotstandard,meaningthatthey donotcomply
with all theHTML specifications.Inaddition,althoughHTML is aninstanceof SGML, HTML documents



seldomstartwith aformaldocumenttypedefinition.Second,they aresmall,a few Kbs(around6 to 10)and
noimages.Thepagesthatdohave images,usethemfor presentationissuesascoloredbulletsandlines.The
averagepagehasbetween5 and15 references(links) andmostof themarelocal (their own WWW server
hierarchy).However, onaveragenoexternalserverpointsto it (commonlythereareonly arelocal links). In
fact,in 1995,around80%of thepageshadlessthan10 links to itself.

The top ten most referencedsitessitesareMicrosoft, Netscape,Yahoo!,andtop US universities. In
thosecaseswe aretalking aboutsitesbeingpointedby at leasttenthousandplaces.On theotherhand,the
site with mostexternal links is Yahoo!. In somesense,Yahoo! is the glue of the WWW. Otherwise,we
would have many isolatedportions(this is the casewith mostpersonalWWW pages).If we assumethat
eachHTML pagehas6Kb andthereare100pagesperserver, for onemillion serverswehaveat least600Gb
of text. Therealvolumeshouldbelarger

�
.

Canwemodelthedocumentcharacteristicsof thewholeWWW?Wewill makeafirst attempt.Thefirst
problemis thedistribution of documentsizes,which hasbeenfoundto have self-similarity [21]. This can
bemodeledusinga “heavy-tail” distribution. Thatis, themajority of documentsaresmall,but thereis non
trivial numberof large documents.This is intuitive for imageor video files, but it is alsotrue for HTML
pages.Thesimplest“heavy-tail” distribution is calledtheParetodistribution: theprobabilityof adocument
of size � is � ���
	�� � �
� ��� where

�
and � areparametersof thedistribution (seeFigure1). For text files, �

is about1.36,beingsmallerfor imagesandotherbinary formats. In fact, for lessthan50Kb, imagesare
thetypical files, from thereto 300Kbwe haveaudiofiles,andover thatto severalmegabyteswehave video
files.

Text size

F

Figure1: Documentsizedistribution.

For text files,thesecondimportantthingis thenumberof distinctwordsor vocabularyof eachdocument.
We usethe Heaps’ Law [26]. This is a very preciselaw ruling the growth of the vocabulary in natural
languagetexts. It statesthat thevocabulary of a text of � wordsis of size ������������� � ��� � , where �
and � dependon theparticulartext (seeFigure2). � is normallybetween10 and100,and � is between0
and1 (not included).Somerecentexperiments[8, 11] show thatthemostcommonvaluesfor � arebetween
0.4and0.6. Hence,thevocabulary of a text grows sublinearlywith thetext size,in a proportioncloseto its
squareroot.

A first inaccuracy appearsimmediately. Supposedly, the setof differentwordsof a languageis fixed
by a constant(e.g. the numberof differentEnglishwordsis finite). However, the limit is so high that it�

More WWW statisticscanbefoundon thepaperof Mathew Ciolek in this proceedings
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Figure2: Sizeof thevocabulary

is muchmoreaccurateto assumethat the sizeof the vocabulary is � � ��� � insteadof � ��� �
, althoughthe

numbershouldstabilizefor hugeenoughtexts. On the otherhand,many authorsargue that the number
keepsgrowing anyway becauseof theerrors

Anotherinconsistency is that,asthetext grows, thenumberof differentwordswill grow too,andthere-
fore thenumberof lettersto representall thedifferentwordswill be � �"!$#&%'� ��� �(� �)� �"!$#&% � � . Therefore,
longerand longerwordsshouldappearas the text grows. The averagelengthcould be kept constantif
shorterwordsarecommonenough(which is thecase).In practice,this effect is not noticeableandwe can
assumeaninvariablelength,independentof thetext size.

Thethird issueis how thedifferentwordsaredistributedinsideeachdocument.A muchmoreinexact
law is theZipf’s Law [40, 25],whichrulesthedistributionof thefrequencies(thatis,numberof occurrences)
of thewords.Therulestatesthatthefrequency of the * -th mostfrequentword is

� 	 *,+ timesthatof themost
frequentword. This impliesthat in a text of � wordswith a vocabulary of � words,the * -th mostfrequent
wordappears� 	�� * +.-0/ �"12�(�

times,where

- / �"13� � /45
6 �

�
* +

sothatthesumof all frequenciesis � (seeFigure3). Thevalueof
1

dependsonthetext. In themostsimple
formulation,

1 � �
, andtherefore- / �"12� �7� �"!$#&% � � . However, this simplifiedversionis very inexact,and

thecase
1987�

(moreprecisely, between1.5and2.0)fits bettertherealdata[8]. This caseis very different,
sincethedistribution is muchmoreskewed,and - / �"13� �:� ��� �

.
Thefactthat thedistribution of wordsis very skewed(that is, therearea few hundredsof wordswhich

take up 50% of the text) suggesta conceptwhich is frequentlyusedin full-text retrieval: the stopwords
[33]. A stopword is a word which doesnot carrymeaningin naturallanguageandthereforecanbeignored
(i.e. madenot searchable),suchas "a" , "the" , "by" , etc. Fortunately, the most frequentwordsare
stopwords, and thereforehalf of the wordsappearingin a text neednot be considered.This allows, for
instance,to significantlyreducethespaceoverheadof indicesfor naturallanguagetexts.
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Figure3: Distribution of sortedword frequencies.

3 Searching the WWW

Therearebasicallythreedifferentapproachesto searchtheWWW. Two of themarewell known andused
frequently. Thefirst, is to usesearchenginesthat index all theWWW asa full-text database.Thesecond,
is to useInternetdirectories(cataloguesor yellow pages).Thethird andnot yet fully available,is to search
theWWW asa graph.In thenext paragraphswe outlineandexemplify thetwo mainapproachescurrently
available.

3.1 Search Engines

Most searchenginesusethecrawler-indexer architecture.Crawlersarepiecesof softwarethat traversethe
WWW sendingnew or updatedpagesto a main server wherethey are indexed. That index is usedin a
centralizedfashionto answerqueriessubmittedfrom differentplacesin Internet. The most large search
enginesin WWW coverageareHotbot[3], Altavista [20], NorthernLight [4], andExcite[1], in thatorder.
Accordingto recentstudiesthe coverageof the WWW by theseenginesvariesfrom 28 to 55% [5] or 14
to 34%[29], asthenumberof WWW pagesis estimatedfrom 200to 320million. More factsaboutsearch
enginescanbefoundin thelasttwo references.

TheWWW pagesfoundby thesearchengineareranked,usuallyusingthenumberof occurrencesof the
queryon eachpage.In mostcasesthis is effective, in othersmaynot have any meaning,becauserelevance
is not fully correlatedwith queryoccurrence.Theusercanrefinethequeryby constructingmorecomplex
queriesbasedon thepreviousanswer. As theusersreceive only a subsetof theanswer(thefirst 10 to 100
matches),thesearchengineshouldkeepeachanswerin memory, suchthatis not necessaryto recomputeit
if theuserasksfor thenext subset.Searchenginesuserinterfacesin additionto words,allow to filter pages
by usingbooleanoperators,andgeographic,languageor datesegmentation.

The main problemfacedby theseenginesis the recollectionof data,becauseof the highly dynamic
natureof the WWW, saturatedcommunicationlinks andhigh loadedWWW servers. Another important
problemis thevolumeof thedata.Then,theseschemamaynot beableto copewith WWW growth in the
nearfuture.

Thereotherseveralvariantsof thecrawler-indexer architecture.Betweenthemwe canmentionHarvest
[17] which usesa distributedarchitectureto gatheranddistributedata,beingmoreefficient. However, the
main drawback is that needsthe coordinationof several WWW servers. Anothervariant is WebGlimpse



[31] that attachesa small searchbox to the bottomof every HTML page,andallows the searchto cover
theneighborhoodof thatpageor thewholesite,without having to stopbrowsing. We alsohave to mention
searchenginesthatspecializesin specifictopics. For exampletheSearchBroker [30] or theMiner family
[37]. Finally, we have the metasearchers.TheseareWWW servers that useseveral engines,collect the
answersandunify them.ExamplesareMetacrawler [38] andSavvySearch[22].

3.2 WWW Directories

Thebestexampleof WWW directoriesis Yahoo! [2]. Directoriesarehierarchicaltaxonomies(trees)that
classifyhumanknowledge.Themainadvantageof this techniqueis thatif wefind whatwearelooking for,
theanswerwill be in mostcasesuseful.On theotherhand,themaindisadvantageis that theclassification
is not specializedenoughandthat not all WW pagesareclassified.The last problemis worseevery day
asthe WWW grows. The efforts to do automaticclassificationin AI arevery old. However, until today,
naturallanguageprocessingis not 100%effective to extract relevant termsfrom a document.Nowadays,
classificationis doneby a limited numberof people.

3.3 Finding the Needle in the Haystack

Now wegiveacoupleof searchexamples.Oneproblemwith full-text retrieval is thatalthoughmany queries
canbeeffective,many othersarea totaldeception.Themainreasonis thatasetof wordsdonot captureall
thesemanticsof adocument.Thereis toomuchcontextual informationthatcanbeexplicit or evenimplicit,
whichweunderstandwhenweread.For example,supposethatwewantto learnorientalgamesasShogior
Go. For thefirst case,searchingfor Shogiwill giveyouveryfastgoodWWW pageswherewecanfind what
Shogiis (avariantof chess)andits rules.However, for Go thetaskis complicated,becausein oppositionto
Shogi,is not a uniqueword in English.We canaddmoretermsto thequery, asgame andjapanese but
still weareoutof luck, asthepagesfoundarealmostall aboutJapanesegameswritten in Englishwherethe
commonverbgo is used.

The following exampletaken from [9] explainsbetterthis problem,wherethe ambiguitycomesfrom
the samelanguage.Supposethat we want to wind the running speedof the jaguar, a big SouthAmer-
ican cat. A first naive searchin Altavista would be jaguar speed . The resultsare pagesthat talk
about the Jaguarcar, an Atari video game,a US football team, a local network server, etc. The first
pageabout the animal is ranked 183 and is a fable, without information about the speed. In a second
try, we add the term cat . The answersare about the ClansNova Cat and Smoke Jaguar, LMG En-
treprises,fine cars, etc. Only the pageranked 25 hassomeinformation on jaguarsbut not the speed.
Supposewe try Yahoo!. We look at Science:Biology :Z oolo gy :An im al s: Cats: Wild _Cat s
andScience:Biology :A nim al _Behav ior . No informationaboutjaguarsthere. We cantry to do
a morespecificsearch,for exampleusingLiveTopics. However herewe alsohave a shortageof topics,so
searchingby jaguaronly returnscarsor football teams.

The lessonslearnedin theexamplearethatsearchenginesstill returntoo muchhay to find theneedle
while thedirectoriesdo not have enoughdeepnessto find theneedle.So,we canusethefollowing rulesof
thumb:

� Specificqueries:look at anEncyclopedia.

� Broadqueries:usedirectories.

� Vaguequeries:usesearchengines.



4 Improvements to Inverted Files

Most indicesusevariantsof the invertedfile. An invertedfile is a list of sortedwords(vocabulary), each
onehaving a setof pointersto thepageswhereit occurs.As we mentionedbefore,a setof frequentwords
or stopwordsarenot indexed. This reducesthe sizeof the index. Also, it is importantto point out that a
normalizedview of thetext is indexed.Normalizingoperationsincluderemoval of punctuationandmultiple
spacesto just onespacebetweeneachword, uppercaseto lowercaseletters,useof synonyms througha
thesaurus,etc.For moreinformationon InformationRetrieval algorithmsanddatastructuressee[24].

Stateof theart techniquescanreducean invertedfile to about20%of thetext (theAltavista index has
around200Gband16 DEC Alpha serversareusedto answerthequeries,eachonewith severalprocessors
and8Gb -sic- of RAM). A queryis answeredby doinga binary searchon thesortedlist of words. If we
aresearchingmultiple words,theresultshave to becombinedto obtainthefinal answer. This stepwill be
efficient if eachword is not too frequent.

Invertedfiles canalsopoint to actualoccurrences.However, that is too costly in spacefor theWWW,
becausetheneachpointerhasto specifya pageanda positioninsidethepage(word numberscanbeused
insteadof actualbytes).Ontheotherhand,having thepositionswecananswerphrasesearchesor proximity
queries,by findingwordsthatareaftereachotheror nearbyin thesamepage,respectively.

Findingwordsstartingwith aprefix,aresolvedby doingtwo binarysearchesin thesortedlist of words.
More complex searches,like wordswith errors,arbitrarywildcardsor in general,any regularexpressionon
aword,canbeperformedby doingasequentialscanover thevocabulary. This mayseemslow, but thebest
sequentialalgorithmsfor this typeof queriescanachieve near5Mb persecondandthat is moreor lessthe
vocabulary sizefor 1Gb. Then,for severalGbswe cananswerin a few seconds.For theWWW is still too
slow (aroundthreeminutesfor theAltavistaindex) but not completelyoutof thequestion.

Pointingto pagesor to word positionsis anindicationof thegranularityof theindex. This canbe less
denseif we point to logical blocks insteadof pages.In this way we reducethe varianceof the different
documentsizes,by having all blocksto have roughly thesamesize. This not only reducesthesizeof the
pointers(becausethereare lessblocksthandocuments)but alsoreducesthe numberof pointersbecause
wordshave locality of reference(thatis, all theoccurrencesof anon-frequentwordwill tendto beclustered
on the sameblock). This ideawasusedin Glimpse[32] which is the coreof Harvest [17]. Queriesare
resolved in thesameway in thevocabulary andthenaresequentiallysearchedin thecorrespondingblock
(exactsequentialsearchcanbedoneover7Mb persecond).Glimpseoriginally usedonly 256blocks,which
wasefficient up to 200Mb for searchingwordsthat werenot too frequent,usingan index of only 2% of
thetext. However, tuningthenumberof blocksandtheblock size,reasonablespace-timetrade-offs canbe
achieved for largerdocumentcollections.In fact, in [11] we show that for searchingwordswith errorswe
canhave sublinearspaceandsearchtime simultaneously. Theseideascannotbeused(yet) for theWWW
becausesequentialsearchcannotbe afforded, as it implies a network access.However, in a distributed
architecturewheretheindex is alsodistributed,logicalblocksmake sense.

The last issueis compression.Invertedlists canbepartly compressed,in particularlist of occurrences
with high granularity. In thosecases,the list is a sequenceof ascendingintegerswherethe differences
are much smaller than the valuesitself. Therefore,we can store just the first value and a sequenceof
differences.Thiscomplicatesabit thequeryevaluation,but spacegainsareobtained.Compressioncanalso
beappliedto thetext. However, mostcompressionschemesarecontext dependent.That is, to decompress
wehaveto decompressthewholefile. Nevertheless,by usingHuffmanbyte-codingoverwords(not letters),
compressionratios of 30% coupledwith randomaccessto the compressedfile are achieved [34]. This
compressiontechniquecanbe combinedwith the logical block scheme,obtainingan 8-fold improvement
over normal sequentialsearchby searchingthe compressedquery word over the compressedtext. The
improvementscamefrom thefactthatonethird of theI/O is doneandsearchingover a shorterfile is much



faster.

5 Visual Query Languages

Traditionalsystemsusedwordsandbooleanoperations(and,or, butnot) to retrieve information. However,
commonusersmany timesareconfusedby theseoperators,partly dueto how we uselogical connectives
in normal language. That problemstill remainstoday, but searchengineshave improved the searching
interfacesto make things more clear (for example,using “all of”, “some of”, or “none of” the words).
Anothersolution is to usea visual metaphorto representthe booleanoperations.For example,a spatial
relation,wherethe horizontalaxis specifygroupsof words that mustbe togetherwhile the vertical axis
specifythata leastoneof thegroupsmustbepresent.

Anotherway to enhancecontentqueriesis to usethestructureof thedocument.For example,HTML
structure.A queryto find a word nearan imagecanbe muchmoreprecisethanjust searchingthe word.
For this, theindex mustincludestructuralelements,addinglittle space,asstructureis usuallysparse.There
areseveralproposalsfor querylanguagesover contentandstructure[16]. However, mostof themaretoo
complicatedfor thefinal user. This drawbackcanbecircumventby usinga visualquerylanguage.This is
very naturalasstructureis highly correlatedwith thelayoutof a document.So,specifyinga word nearan
imageusingapaletteof elements,is not toodifficult.

A proposedmetaphorfor asimplevisualquerylanguageis givenin [12]. Whattheuserusuallyseesis a
pageof text. Soourvisuallanguagewill beapagewherethestructureis composedfrom asetof predefined
objectsandthecontentis written wherewe wantto find it. Eachstructureelementwill bea rectanglewith
its namein thetop (usingthespecialnameText if it is a contentelement).Eachcontentelementis placed
insidethe rectangle.Union of queriesareobtainedby putting rectanglesbesideseachother. Inclusionis
obtainedby placingrectanglesinsiderectangles.Figure4 shows aquerywheretheText elementa mustbe
insideachapterandshouldnot includedocumentshaving thecontentelementc .

Chapter Text

3 -1

Text

1

Figure4: Exampleof avisualquery.

6 Visual Browsing

Most visual representationsfocuson somespecificaspects.In text retrieval we candistinguishvisualiza-
tions for a singledocument,severaldocumentsor queries.Most of the time only oneof thoseelementsis
visualized.In thelastyears,severalvisualmetaphorshavebeendesigned,for eachelement,describingnext
someof them.



6.1 Text Visualization

Possibletext visualizationsfollow, in additionto thenormalone,which is thetext itself.

� Onepossibleview is a normal text window with an augmentedscroll-bar(similar to [35] but in a
differentcontext) which hasmarkswherethe text positionsappearin thedocument.The scroll-bar
canbeviewedasacompletecompactview of thetext [10].

� Thetext itself is fish-eyedzoomingwherethequeryoccursgivensomeadjacentlines to understand
thecontext. Thenumberof linescanbemodifiedby theuser. Wecall thisanelastictext [10].

� Only thetext layout is given, in multiple columns[23]. Coloredlinesmay indicatewherethequery
occurs.

Figure5: Answervisualizedby VIBE.

6.2 Document Visualization

Nowadaystherearemorethan20 proposalsfor visualizinga setof documents.TheVIBE system[36] is
basedon usergivenpointsof interestof thequery(usingweightedattributes).Thesepoints(querywords)
actasgravitational forcesthatattractthedocumentsaccordingto thenumberof occurrencesof eachquery
(seeFigure5). Documentsaredisplayedwith differenticon typesandsizes.



Anothermetaphorfor thedocumentspacebasedon inter-particleforces,asVIBE, is proposedin [19].
In [39] thedocumentspaceis abstractedfrom a Venndiagramto aniconic displaycalledInfoCrystal.One
advantageof this schemeis thatis alsoa visualquerylanguage.Visualtools in three-dimensionsto handle
the documentspacearepresentedin LyberWorld [28]. Visualizationof occurrencefrequency of termsin
differenttext segmentsof adocumentis presentedin [27].

Now we presenta moreelaboratemetaphorfor manipulatingandfiltering ananswergivenby a setof
documents[10]. Figure6 shows aninstanceof thevisualanalysistool thatwe proposefor advancedusers.
We usea “library” or “bookpile” analogydependingif the tool is usedhorizontallyor vertically, because
both arepossible. Eachdocument(seenasa book) is representedasa rectanglewith a particularcolor,
height,width andpositioninto theset.Eachoneof this graphicalattributes,includingtheorderof thelist,
canbemappedto a documentattribute (occurrencedensity, size,date,etc). In theexample,theorderand
thecolor aremappedto thesameattribute (for example,thecreationdate).Thesemappingsallow to study
differentcorrelationsof attributeson the documentset,helpingthe userto selectthe desireddocuments.
A selectbutton allows to choosea documentsubsetby usingthemouse(the wide borderrectanglein the
example).A prototypeis explainedin [7] andavailablein [6].

Order Color Width Height View Select Options

Figure6: Analyzingandselectingadocumentset.

Themappingof theattributesis selectedby themenubuttonsbelow thebook list. Theway thebooks
areseencanalsobechanged.Thesetof documentscanbeforcedto fit into thewindow (asin theexample),
presentedusinga predefinedchoiceof maximal/minimalwidths andheights(usinga scroll-barif bigger
thanthewindow). Anotherview is a fish-eye representationfor large sets,focusingwheretheuserwants
(by clicking with themousetheappropriatesector).

6.3 Query Visualization

The relationsbetweenquery termsandthe answercanalsobe visualized[10]. For example,a pie view
showing thepercentageof documentsof thetotaldatabasethatwereselected.Anotherpossibilityis to show
thedistribution of occurrenceswithin termsof thequeryusingboxesof differentsizes.This view is useful
to know whattermsarethebestfilters in thegivenquery. A third possibility, is to show thedistribution of
documentsselectedon the databaselogical or physicalspace.This view canshow if thereis any logical
locality of referenceassociatedwith thequery.



7 Conclusions

A carefulintegrationof someof thenew resultspresentedherecanhelpon partially solving theproblems
of searchingtheWWW. For example,a truly cooperative anddistributedarchitecturesimilar to Harvestcan
diminishWWW traffic andextendthescalabilityof searchengines.In eachlocal index, compressionand
logicalblockscanbeused,obtainingsmallerindicesanddocuments.This is oneof thegoalsof theAMYRI
project[15] mentionedin theintroduction.Thefirst stepwill bea client-server architecture,followedby a
distributedarchitecturefor thesearchengineserver. Ontheotherhand,theAccessNovaprojectis interested
in theuseof broadbandcomputernetworksasATM [14, 13]. In ourcase,high speednetworksshouldeasy
thedeploymentof multimediadatabasesandvisualizationtechniquesrelatedto informationretrieval.
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