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Abstract

In this article we analyzethe problemof searchinghe WWW, giving someinsightand modelsto
understandts complexity. Thenwe surey the two main currenttechniquesisedto searchthe WWW.
Finally, we presentecentresultsthatcanhelpto partially solve the challengeposed.

1 Introduction

The boomin the useof the World Wide Web (WWW) andits exponentialgrowth are well known facts
nowvadays.Justthe amountof textual dataavailableis estimatedn the orderof oneterabyte.In addition,
othermedia,asimages,audioandvideo, arealsoavailable. Thus,the WWW canbe seenasa very large,
unstructuredut ubiquitousdatabaseThis triggersthe needfor efficienttoolsto manageretrieve, andfilter
informationfrom this databaseThis problemis alsobecomingmportantin large Intranetswherewe want
to extractor infer new informationto supporta decisionprocessThistaskis calleddatamining. We make
theimportantdistinctionbetweerdataandinformation. Thelateris processedlatathatfulfills our needs.

In this article we outlinethe mainproblemsof searchinghe WWW andsomepartial solutionsto them.
Wefocusontext, becausalthoughtherearetechniqueso searchin imagesandothernon-textual data,they
cannotbe applied(yet) in large scale. We alsoemphasizesyntacticsearch.Thatis, we searchfor WWW
documentghat have somewordsor patternsascontent,which may (in mostcases)r may not reflectthe
intrinsic semanticf the text. Although therearetechniquego preprocessiaturallanguageand extract
the text semanticsthey arenot 100% effective andthey arealsotoo costly for large amountsof data. In
addition,in mostcaseshey work with well structuredext, athesaurusindothercontextual information.

We now mentionthe main problemsposedby the WWW. We candivide themin two classesproblems
of the dataitself andproblemsof theuser Thefirst are:

¢ Distributed data: dueto the intrinsic natureof the Web, dataspansover mary computersand plat-

forms. Thesecomputersareinterconnecteavith no predefinedopologyandwith very differentband-
withs.

e High percentagef volatile data: dueto Internetdynamicsnen computersanddatacanbe addedor
removedeasily We alsohave relocationproblemsvhendomainor file nameschange.
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e Large volume: the exponentialgrownth of the WWW posesscalingissuesthat are difficult to cope
with.

¢ Unstructureddata: mostpeoplesaythatthe WWW is a distributedhypertext. However, thisis incor
rect. Any hypertet hasa conceptuamodelbehind,which organizesandaddsconsisteng to the data
andthehyperlinks.Thatis hardlytruein the WWW, evenfor individual documents.

¢ Quality of data:the WWW canbe consideredisa new publishingmedia.However, thereis, in most
casesnoeditorialprocessSo,datacanbeevenfalse,invalid (for example becausés tooold), poorly
writtenor, typically, with mary errorsfrom differentsourcegtypos,grammatianistales,OCRerrors,
etc.)

e Heterogeneoudata:in additionto having to dealwith multiple mediatypesandhencewith multiple
formats,whentalking only abouttext, we alsohave differentlanguagesnd,whatis worse,different
alphabetssomeof themvery large (for example,Chineseor Japanes&anii).

Most of theseproblemsare not solvable by just softwareimprovements.For example,the cross-language
or badquality issues.Thosewill notchanggandit shouldnotin somecases!)or imply changingworking
habits. The secondclassof problemsare facedby the user Given the above, thereare basically two
problems:how to queryandhow to managehe answerof the query Withouttakingin accounthe content
semanticof a documentjt is not easyto preciselyspecifya query unlessit is very simple. On the other
hand,if we areableto posethe query theanswemightbe a thousandf WWW pages How dowe handle
a large answer?How do we rank the documentsqthatis, how we selectthe documentghatreally are of
interestfor the user). In addition,a singledocumentould be large. How do we browseefficiently in such
documents?

So,theoverallchallengéas to, in spiteof theintrinsic problemsposedy WWW, circumentall of them
and answerthe questionsabove, suchthat a good query could be sentto the searchsystem,obtaininga
manageablandrelevantanswer The organizationof this paperis asfollows. We first describeandmodel
the WWW. This is the first stepto understandts compleity andbeingableto analyzepossiblesolutions.
Secondwe outline the mainwaysusedtodayto searchthe Web, giving someexamples.Third, we outline
severalnew resultsthatshouldhelpin (partially) solvingsomeof the problemsoutlined. Betweernthem,we
canmentioncompressioriechniquesllowing random-accessiseof availabletext structureyvisual query
languagesndvisual browvsing. Someof the resultspresentedre part of anlberoamericarprojectfunded
by CYTED (AMYRI) which hasasa goalthe researcranddevelopmentof techniquesindtoolsto search
the WWW [15]; while othersbelonga collaborationproject,AccessNwoa [14], betweerthe Univ. of Chile
andNTT (Japan)fundedby the ChileangovernmenthroughFONDEF, a programfor technologytransfer

2 Measuring and M odeling the WWW

In aninterestingarticle, already(sadly) outdated,Tim Bray [18] studieddifferent statisticalmeasure®f
the WWW. From simple questionsashow mary senerstherearein the WWW to characterizingVww
pages.Currently therearenearonemillion seners,countingdomainnamesstartingwith www. However,
asnot all WWW senershave the www prefix, the real numberis higher On the otherhand,the number
of independeninstitutionsthathave WWW informationis muchless,becausenary placeshave multiple
seners. Theexactpercentagés unknavn, but shouldbe morethan30% which wastheresultbackin 1995.
Themostpopularformatsof WWW documentareHTML followed by GIF, TXT, PS,andJPG,in that
order How is atypical HTML page?First, mostof themarenotstandardmeaninghatthey do notcomply
with all the HTML specifications.lraddition,althoughHTML is aninstanceof SGML, HTML documents



seldomstartwith aformal documentypedefinition. Secondthey aresmall,afew Kbs (around6 to 10) and
noimages.Thepagedhatdo haveimagesusethemfor presentatioissuesascoloredbulletsandlines. The
averagepagehashetweerb and 15 referenceglinks) andmostof themarelocal (their own WWW sener
hierarchy).However, on averageno externalsener pointsto it (commonlythereareonly arelocallinks). In
fact,in 1995,around80% of the pageshadlessthan10links to itself.

The top ten mostreferencedsitessitesare Microsoft, Netscape,Yahoo!,andtop US universities. In
thosecaseswve aretalking aboutsitesbeingpointedby at leasttenthousandlaces.Onthe otherhand,the
site with mostexternallinks is Yahoo!. In somesense,Yahoo! is the glue of the WWW. Otherwise,we
would have mary isolatedportions(this is the casewith mostpersonaWWW pages).If we assumehat
eachHTML pagehas6Kb andthereare100pagegersener, for onemillion senerswe have atleast600Gb
of text. Therealvolumeshouldbelarger'.

Canwe modelthedocumentharacteristicef thewhole WWW? We will make afirst attempt.Thefirst
problemis the distribution of documensizes,which hasbeenfoundto have self-similarity [21]. This can
be modeledusinga “heavy-tail” distribution. Thatis, the majority of documentsaresmall, but thereis non
trivial numberof large documents.This is intuitive for imageor videofiles, but it is alsotrue for HTML
pages.Thesimplest‘heavy-tail” distribution is calledthe Paretodistribution: the probability of adocument
of sizex is ak®/(z'*) wherek and« areparametersf the distribution (seeFigure1). For text files, o
is aboutl1.36, beingsmallerfor imagesand otherbinary formats. In fact, for lessthan50Kb, imagesare
thetypicalfiles, from thereto 300Kbwe have audiofiles, andover thatto severalmegabytesve have video

files.
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Figurel: Documentsizedistribution.

For text files, thesecondmportantthingis thenumberof distinctwordsor vocahulary of eachdocument.
We usethe Heaps Law [26]. This is a very preciselaw ruling the growth of the vocalulary in natural
languagetexts. It statesthatthe vocatulary of atext of n wordsis of sizeV = Knf = O(n?), whereK
andg dependon the particulartext (seeFigure?2). K is normally betweenl0and100,andg is betweerD
andl (notincluded).Somerecentexperimentd8, 11] shav thatthemostcommonvaluesfor g arebetween
0.4and0.6. Hence thevocalulary of atext grows sublinearlywith thetext size,in a proportioncloseto its
squareroot.

A first inaccurag appearsmmediately Supposedlythe setof differentwordsof a languages fixed
by a constant(e.g. the numberof differentEnglishwordsis finite). However, the limit is so high thatit

More WWW statisticscanbefoundon the paperof Mathev Ciolek in this proceedings
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Figure2: Sizeof thevocalulary

is muchmore accurateto assumethat the size of the vocalulary is O(n?) insteadof O(1), althoughthe
numbershouldstabilizefor hugeenoughtexts. On the otherhand,mary authorsargue that the number
keepsgrowing aryway becausef theerrors

Anotherinconsisteng is that,asthetext grows, thenumberof differentwordswill grow too, andthere-
fore the numberof lettersto representll the differentwordswill be O(log(n?)) = O(logn). Therefore,
longer and longerwords shouldappearasthe text grows. The averagelength could be kept constantif
shorterwordsarecommonenough(which is the case).In practice this effectis not noticeableandwe can
assumaninvariablelength,independentf thetext size.

Thethird issueis how the differentwordsaredistributedinsideeachdocument. A muchmoreinexact
law is theZipf’'s Law [40, 25], which rulesthedistribution of thefrequenciegthatis, numberof occurrences)
of thewords. Therule stateshatthe frequeny of thei-th mostfrequentwordis 1/4i¢ timesthatof themost
frequentword. Thisimpliesthatin atext of n wordswith avocahulary of V' words,the i-th mostfrequent
word appears/ (i’ Hy (9)) times,where

Vo1
HV(H) = Z [L-_g
i=1

sothatthe sumof all frequenciess n (seeFigure3). Thevalueof § depend®nthetext. In themostsimple
formulation,® = 1, andthereforeHy (0) = O(log n). However, this simplified versionis very inexact,and
thecased > 1 (moreprecisely betweenl.5and?2.0)fits bettertherealdata[8]. This cases very different,
sincethedistribution is muchmoreskewed,and Hy (6) = O(1).

Thefactthatthedistribution of wordsis very skewed (thatis, therearea few hundredsf wordswhich
take up 50% of the text) suggesta conceptwhich is frequentlyusedin full-text retrieval: the stopwords
[33]. A stopword is aword which doesnot carry meaningin naturallanguageandthereforecanbeignored
(i.e. madenot searchable)suchas"a" , "the" , "by" , etc. Fortunately the mostfrequentwords are
stopwords, and thereforehalf of the words appearingn a text neednot be considered. This allows, for
instanceto significantlyreducethe spaceoverheaddf indicesfor naturallanguageexts.
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Figure3: Distribution of sortedword frequencies.

3 Searching the WWW

Therearebasicallythreedifferentapproacheso searcnthe WWW. Two of themarewell knovn andused
frequently Thefirst, is to usesearchengineghatindex all the WWW asa full-text databaseThe second,
is to uselnternetdirectorieg(catalogue®r yellow pages).Thethird andnotyetfully available,is to search
the WWW asagraph.In the next paragraphsve outline andexemplify the two mainapproachesurrently
available.

3.1 Search Engines

Most searchenginesusethe crawler-indexer architecture Crawlers are piecesof softwarethattraversethe
WWW sendingnew or updatedpagesto a main sener wherethey areindexed. Thatindex is usedin a
centralizedfashionto answerqueriessubmittedfrom differentplacesin Internet. The mostlarge search
enginesn 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%7[29], asthe numberof WWW pagess estimatedrom 200to 320 million. More factsaboutsearch
enginescanbefoundin thelasttwo references.

TheWWW pagedoundby thesearchengineareranked, usuallyusingthenumberof occurrencesf the
gueryon eachpage.Iln mostcaseshis is effective, in othersmay not have ary meaningpecauseelevance
is notfully correlatedwith queryoccurrence The usercanrefinethe queryby constructingmore complex
querieshasedon the previous answer As the usersreceve only a subsebf the answer(thefirst 10 to 100
matches)the searchengineshouldkeepeachanswernn memory suchthatis not necessaryo recomputet
if theuserasksfor the next subset.Searchengineauserinterfacesin additionto words,allow to filter pages
by usingbooleanoperatorsandgeographiclanguageor datesegmentation.

The main problemfacedby theseenginesis the recollectionof data,becausef the highly dynamic
natureof the WWW, saturateccommunicationlinks and high loadedWWW seners. Anotherimportant
problemis the volume of the data. Then,theseschemamay not be ableto copewith WWW growth in the
nearfuture.

Thereotherseveralvariantsof the crawler-indexer architecture Betweenthemwe canmentionHarvest
[17] which usesa distributed architecturgo gatheranddistribute data,beingmoreefficient. However, the
main drawback s that needsthe coordinationof several WWW seners. Anothervariantis WebGlimpse



[31] that attachesa small searchbox to the bottomof every HTML page,andallows the searchto cover
the neighborhoof thatpageor thewhole site,without having to stopbrowsing. We alsohave to mention
searchengineghat specializesn specifictopics. For examplethe SearchBroker [30] or the Miner family
[37]. Finally, we have the metasearchersTheseare WWW senersthat useseveral engines collect the
answersaandunify them.ExamplesareMetacravler [38] andSarvySearcH22).

3.2 WWW Directories

The bestexampleof WWW directoriesis Yahoo! [2]. Directoriesare hierarchicaltaxonomiegtrees)that
classifyhumanknowledge.The mainadwantageof this techniquds thatif we find whatwe arelooking for,
theanswemwill bein mostcaseauseful. On the otherhand,the main disadwantageis thatthe classification
is not specializedenoughandthat not all WW pagesare classified. The last problemis worseevery day
asthe WWW grows. The efforts to do automaticclassificationin Al arevery old. However, until today
naturallanguageprocessings not 100% effective to extract relevant termsfrom a document.Nowadays,
classificatioris doneby alimited numberof people.

3.3 Findingthe Needlein the Haystack

Now we give acoupleof searchexamples.Oneproblemwith full-text retrieval is thatalthoughmary queries
canbeeffective, mary othersareatotal deceptionThemainreasoris thata setof wordsdo not captureall
thesemantic®f adocumentThereis too muchcontetual informationthatcanbe explicit or evenimplicit,
whichwe understanadvhenwe read.For example,supposéhatwe wantto learnorientalgamesasShogior
Go. Forthefirst casesearchindgor Shogiwill give youveryfastgoodWWW pagesvherewe canfind what
Shogiis (avariantof chessandits rules. However, for Gothetaskis complicatedpecausén oppositionto
Shogi,is nota uniqueword in English. We canaddmoretermsto the query asgame andjapanese but
still we areoutof luck, asthepagedoundarealmostall aboutJapanesgameswrittenin Englishwherethe
commonverbgois used.

The following exampletaken from [9] explainsbetterthis problem,wherethe ambiguity comesfrom
the samelanguage. Supposehat we want to wind the running speedof the jaguar a big SouthAmer-
ican cat. A first nave searchin Altavista would be jaguar speed . The resultsare pagesthat talk
aboutthe Jaguarcar, an Atari video game,a US football team, a local network sener, etc. The first
pageaboutthe animalis ranked 183 and is a fable, without information aboutthe speed. In a second
try, we add the term cat . The answersare aboutthe Clans Nova Cat and Smole 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:Animal s: Cats: Wild _Cat s
andScience:Biology :Animal _Behavior . No informationaboutjaguarsthere. We cantry to do
amorespecificsearchfor exampleusingLiveTopics. However herewe alsohave a shortageof topics,so
searchingoy jaguaronly returnscarsor football teams.

Thelessondearnedin the examplearethatsearchenginesstill returntoo muchhayto find the needle
while thedirectoriesdo not have enoughdeepnesto find the needle.So, we canusethefollowing rulesof
thumb:

e Specificquerieslook atanEncgyclopedia.
e Broadqueries:usedirectories.

e Vaguequeries:usesearchengines.



4 Improvementsto Inverted Files

Most indicesusevariantsof the invertedfile. An invertedfile is alist of sortedwords (vocalulary), each
onehaving a setof pointersto the pageswhereit occurs.As we mentionedbefore,a setof frequentwords
or stopwordsarenot indexed. This reduceghe sizeof theindex. Also, it is importantto point out thata
normalizedview of thetext is indexed. Normalizingoperationsncluderemoval of punctuatiorandmultiple
spacedo just one spacebetweeneachword, uppercaseao lowercaseletters, useof synoryms througha
thesaurusetc. For moreinformationon InformationRetriesal algorithmsanddatastructuresee[24].

Stateof the art techniquesanreduceaninvertedfile to about20% of the text (the Altavistaindex has
around200Gband16 DEC Alpha senersareusedto answerthe queries,eachonewith severalprocessors
and8Gb -sic- of RAM). A queryis answeredy doing a binary searchon the sortedlist of words. If we
aresearchingnultiple words, the resultshave to be combinedto obtainthe final answer This stepwill be
efficientif eachwordis nottoo frequent.

Invertedfiles canalsopoint to actualoccurrencesHowever, thatis too costlyin spacefor the WWW,
because¢heneachpointerhasto specifya pageanda positioninsidethe page(word numberscanbe used
insteadof actualbytes).Ontheotherhand,having the positionswe canansweiphrasesearchesr proximity
qgueriespy finding wordsthatareaftereachotheror nearbyin the samepage respectrely.

Findingwordsstartingwith a prefix, aresolved by doingtwo binarysearche the sortedlist of words.
More comple searchedjke wordswith errors,arbitrarywildcardsor in generalary regularexpressioron
aword, canbe performedby doinga sequentiakcanover thevocalulary. This mayseenslow, but the best
sequentiablgorithmsfor this type of queriescanachieze nearsMb persecondandthatis moreor lessthe
vocalulary sizefor 1Gh Then,for several Gbswe cananswetrin a few secondsFor the WWW is still too
slow (aroundthreeminutesfor the Altavistaindex) but not completelyout of the question.

Pointingto pagesor to word positionsis anindicationof the granularityof theindex. This canbeless
denseif we point to logical blocksinsteadof pages.In this way we reducethe varianceof the different
documentsizes,by having all blocksto have roughly the samesize. This not only reduceghe size of the
pointers(becausehereare lessblocks thandocumentshut alsoreduceshe numberof pointersbecause
wordshave locality of referencgthatis, all theoccurrencesf anon-frequentvordwill tendto beclustered
on the sameblock). This ideawasusedin Glimpse[32] which is the core of Harvest[17]. Queriesare
resohedin the sameway in the vocalulary andthenare sequentiallysearchedn the correspondindplock
(exactsequentiabearclcanbedoneover 7Mb persecond) Glimpseoriginally usedonly 256 blocks,which
was efficient up to 200Mb for searchingwvordsthat were not too frequent,usingan index of only 2% of
thetext. However, tuningthe numberof blocksandthe block size,reasonablspace-timdrade-ofs canbe
achieved for largerdocumentollections.In fact,in [11] we shav thatfor searchingvordswith errorswe
canhave sublinearspaceandsearchtime simultaneously Theseideascannotbe used(yet) for the WWW
becausesequentiakearchcannotbe afforded, asit implies a network access.However, in a distributed
architecturevheretheindex is alsodistributed,logical blocksmake sense.

The lastissueis compressionlnvertedlists canbe partly compressedn particularlist of occurrences
with high granularity In thosecasesthe list is a sequencef ascendingntegerswherethe differences
are much smallerthan the valuesitself. Therefore,we can storejust the first value and a sequencef
differencesThis complicates bit thequeryevaluation,but spacegainsareobtained.Compressioranalso
be appliedto thetext. However, mostcompressiorschemesrecontet dependentThatis, to decompress
we have to decompresthewholefile. Neverthelessby usingHuffmanbyte-codingoverwords(notletters),
compressiorratios of 30% coupledwith randomaccesgo the compressedile are achieved [34]. This
compressiontechniquecanbe combinedwith the logical block schemepbtainingan 8-fold improvement
over normal sequentialsearchby searchingthe compressedjuery word over the compressedext. The
improvementscamefrom the factthatonethird of thel/O is doneandsearchingover a shorterfile is much



faster

5 Visual Query Languages

Traditionalsystemausedwordsandbooleanoperationgand,or, butnot)to retrieve information. However,
commonusersmary timesare confusedoy theseoperatorspartly dueto how we uselogical connecties
in normal language. That problemstill remainstoday but searchengineshave improved the searching
interfacesto malke things more clear (for example, using “all of”, “some of”, or “none of” the words).
Anothersolutionis to usea visual metaphorto representhe booleanoperations.For example,a spatial
relation, wherethe horizontalaxis specify groupsof wordsthat must be togetherwhile the vertical axis
specifythataleastoneof the groupsmustbe present.

Anotherway to enhancecontentqueriesis to usethe structureof the document.For example,HTML
structure. A queryto find a word nearanimagecanbe muchmore precisethanjust searchinghe word.
For this, theindex mustincludestructuralelementsaddinglittle spaceasstructureis usuallysparseThere
areseseral proposaldor querylanguage®ver contentandstructure[16]. However, mostof themaretoo
complicatedor thefinal user This dravbackcanbe circumwentby usinga visualquerylanguage.Thisis
very naturalasstructureis highly correlatedwith the layoutof a document.So, specifyinga word nearan
imageusinga paletteof elementsis nottoo difficult.

A proposednetaphorfor asimplevisualquerylanguagas givenin [12]. Whattheuserusuallyseess a
pageof text. Soourvisuallanguagewill beapagewherethestructures composedrom a setof predefined
objectsandthe contentis written wherewe wantto find it. Eachstructureelemenwill be arectanglewith
its namein thetop (usingthe specialnameText if it is a contentelement).Eachcontentelements placed
insidethe rectangle.Union of queriesare obtainedby putting rectanglesbesidessachother Inclusionis
obtainedby placingrectanglesnsiderectanglesFigure4 shavs a querywherethe Text elementa mustbe
insidea chapterandshouldnotincludedocumentdaving the contentelementc.

Chapter X Text X
Text X
a lall8 c |4

Figure4. Exampleof avisualquery

6 Visual Browsing

Most visual representationfocus on somespecificaspects.In text retrieval we candistinguishvisualiza-
tionsfor a singledocumentseveraldocumentsr queries.Most of thetime only one of thoseelementss
visualized.In thelastyears severalvisualmetaphor$iave beendesignedfor eachelementdescribingnext
someof them.



6.1 Text Visualization

Possiblaext visualizationdollow, in additionto thenormalone,whichis thetext itself.

e Onepossibleview is a normaltext windowv with an augmentedscroll-bar(similar to [35] but in a
differentcontext) which hasmarkswherethe text positionsappeaiin the document.The scroll-bar
canbeviewedasa completecompactview of thetext [10].

e Thetext itself is fish-eyed zoomingwherethe queryoccursgiven someadjacentines to understand
thecontt. The numberof linescanbe modifiedby the user We call this anelastictext [10].

e Only thetext layoutis given,in multiple columns[23]. Coloredlines mayindicatewherethe query
occurs.
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Figure5: Answervisualizedby VIBE.

6.2 Document Visualization

Nowadaysthereare morethan 20 proposaldor visualizinga setof documents.The VIBE system[36] is
basedon usergiven pointsof interestof the query (usingweightedattributes). Thesepoints(querywords)
actasgravitational forcesthatattractthe documentsccordingto the numberof occurrencesf eachquery
(seeFigureb). Documentsaredisplayedwith differenticon typesandsizes.



Anothermetaphoffor the documenspacebasedon inter-particleforces,asVIBE, is proposedn [19].
In [39] thedocumentspaces abstractedrom a Venndiagramto aniconic displaycalledInfoCrystal. One
advantageof this schemas thatis alsoa visualquerylanguageVisualtoolsin three-dimensiont handle
the documentspaceare presentedn Lyber\World [28]. Visualizationof occurrencerequeng of termsin
differenttext sgmentsof adocumenis presentedn [27].

Now we presenta moreelaboratemetaphoifor manipulatingandfiltering an answergiven by a setof
documentg10]. Figure6 shavs aninstanceof thevisualanalysistool thatwe proposeor advancedusers.
We usea “library” or “bookpile” analogydependingf the tool is usedhorizontally or vertically, because
both are possible. Eachdocument(seenas a book) is representeds a rectanglewith a particularcolor,
height,width andpositioninto the set. Eachoneof this graphicalattributes,including the orderof thelist,
canbe mappedo a documentattribute (occurrencalensity size,date,etc). In the example,the orderand
the color aremappedo the sameattribute (for example,the creationdate). Thesemappingsallow to study
differentcorrelationsof attributeson the documentset, helpingthe userto selectthe desireddocuments.
A selectbutton allows to choosea documentsubsetby usingthe mouse(the wide borderrectanglein the
example).A prototypeis explainedin [7] andavailablein [6].

Order  Color Width Height  View Select  Options

Figure6: Analyzingandselectingadocumenset.

The mappingof the attributesis selectedby the menubuttonsbelav the booklist. The way the books
areseencanalsobechangedThesetof documentganbeforcedto fit into thewindow (asin theexample),
presentedising a predefinedchoice of maximal/minimalwidths and heights(using a scroll-barif bigger
thanthe window). Anotherview is afish-g/e representatioffor large sets,focusingwherethe userwants
(by clicking with the mousethe appropriatesector).

6.3 Query Visualization

The relationsbetweenquery termsandthe answercan also be visualized[10]. For example,a pie view
shawving the percentagef document®f thetotal databas¢hatwereselected Anotherpossibilityis to shav
thedistribution of occurrencesvithin termsof the queryusingboxesof differentsizes.This view is useful
to know whattermsarethe bestfilters in the givenquery A third possibility is to shav the distribution of
documentsselectedon the databasdogical or physicalspace. This view canshaw if thereis ary logical
locality of referenceassociatedavith the query



7 Conclusions

A carefulintegrationof someof the new resultspresentederecanhelp on partially solving the problems
of searchinghe WWW. For example,atruly cooperaire anddistributedarchitecturesimilarto Harvestcan
diminish WWW traffic andextendthe scalabilityof searchengines.In eachlocal index, compressiorand
logical blockscanbeused obtainingsmallerindicesanddocumentsThisis oneof thegoalsof the AMYRI
project[15] mentionedn theintroduction. Thefirst stepwill bea client-serer architecturefollowed by a
distributedarchitecturdor thesearchenginesener. Onthe otherhand,the AccessNwea projectis interested
in the useof broadbandomputemetworksasATM [14, 13]. In our case high speechetworks shouldeasy
thedeploymentof multimediadatabaseandvisualizationtechniqueselatedto informationretrieval.
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