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Abstract

Context and Structure
in Automated Full-T ext Information Access

by

Marti A. Hearst

Doctorof Philosophyin ComputerScience

University of Californiaat Berkeley

RobertWilensky
ThesisChair

Thisdissertatiomvestigatesherole of contextualinformationin theautomatedetrieval
anddisplayof full-text documentsysingrobustnaturallanguagegrocessinglgorithmsto
automaticallydetectstructurein and assigntopic labelsto texts. Marny long texts are
comprisedf comple topic andsubtopicstructure a factignoredby existing information
accessnethods| presentwo algorithmswhichdetecsuchstructureandtwo visualdisplay
paradigmswhich usethe resultsof thesealgorithmsto shav the interactionsof multiple
maintopics,multiple subtopicsandtherelationsbetweemmaintopicsandsubtopics.

The ®rstalgorithm, called TextTiling, recognizesthe subtopicstructureof texts as
dictatedby their content. It usesdomain-independenéxical frequeng and distribution
informationto partition texts into multi-paragraphpassages. The resultsare found to
corresponadvell to readefjudgmentsof major subtopicboundariesThe secondalgorithm
assignsnultiplemaintopiclabelsto eachiext, wherethelabelsarechoserfrom pre-de®ned,
intuitive catgory sets;thealgorithmis trainedon unlabeledext.

A new iconicrepresentatiorgalledTileBarsusesTextTiles to simultaneouslyandcom-
pactlydisplayquerytermfrequeng, querytermdistribution andrelative documentength.
This representatioprovidesan informative alternatve to rankinglong texts accordingto



theiroverall similarity to aquery For example,ausercanchooseo view thosedocuments
thathave anextendeddiscussiorof onesetof termsanda brief but overlappingdiscussion
of asecondsetof terms. Thisrepresentationlsoallows for relevancefeedbaclon patterns
of termdistribution.

TileBarsdisplaydocumentsonly in termsof wordssuppliedin the userquery For a
givenretrievedtext, if thequerywordsdo notcorrespondo its maintopics,theusercannot
discernin whatcontet the querytermswereused. For example,a queryon contaminants
may retrieve documentsvhosemaintopicsrelateto nuclearpower, food, or oil spills. To
addresghis issue,l describea graphicalinterface,called Cougar, thatdisplaysretrieved
documentsn termsof interactionsamongtheir automatically-assigneehain topics, thus
allowing usergo familiarizethemseleswith thetopicsandterminologyof atext collection.
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Chapter 1

Intr oduction

1.1 Full-TextInformation Access

Full-lengthdocumentsave only recentlybecomeavailableonlinein large quantities,
althoughbibliographicrecordsandtechnicalabstracthiave beenaccessibléor mary years
(Tenopir& Ro 1990). For this reasonjnformationretrieval researcthasmainly focused
on retrieval from titles and abstracts.In this dissertation] arguethatthe adwentof full-
lengthtext shouldbemetwith new approachew text analysisparticularlyfor thepurposes
of informationaccess. | emphasizehat, for the purposesof information accessfull
text requirescontet, thatis, the mechanismaisedfor retrieval and display of full-text
documentshouldtakeinto accountthe contet in which the querytermsand document
termsare used. Eachchapterof this thesisdiscussesomeaspectof supplyingor using
contetual informationin orderto facilitateinformationacces$rom full text documents.

Thisemphasigncontet in full-text informationaccessrisesromtheobsenationthat
full text is qualitatively differentfrom abstract&ndshorttexts. Most of the contentwords
in anabstractresalientfor retrieval purposebecausehey actasplaceholdersor multiple
occurrencesf thosetermsin the original text, andbecausehesetermstendto pertainto
the mostimportanttopicsin the text. On the otherhand,in a full-text documentmary
termsoccurwhich donotrepresentheessencef themaincontentf thetext. Expository
texts suchassciencanagazinarticlesandervironmentaimpactreportscanbeviewedas
consistingof a seriesof short,sometimeslenselydiscussedsubtopicghatareunderstood
within the context of the maintopicsof thetexts.

Considela23-paragraphrticlefrom Discovermagazine A readedividedthistext into
the sggmentsof Figurel.1, with the labelsshavn, wherethe numbersndicateparagraph
numbers.Themaintopicof thistext istheexplorationof Venushy thespacgrobeMagellan.
Therearealsoseveral subtopicaldiscussionshat cover morethanone paragraph.These

1The term informationaccesss beginning to supercedehat of informationretrieval sincethe latter's
implication is too narraw; the ®eldshouldbe concernedvith informationretrieval, display ®ltering,and
queryfacilitation.
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1- 2 Intro to Magellanspaceprobe
3 Atmosphereobscuresiew
4 Climate
5-7 Meteors
8-11 Volcanicactwvity
12-15 Styxchannel
16-17 AphroditeHighland
18 Gravity readings
19-21 Recenwolcanicactvity
22-23 Futureof Magellan

Figurel.1: Paragraph-leel breakdevn of the subtopicstructureof anexpositorytext.

includeadiscussiorof evidencefor volcanicactvity on Venusanda discussiorof alarge

channeknown asthe River Styx. If the topic 2volcanicactvity®, or perhapstgeological
activity®, is of interestto a user aninformationaccessystemmustdecidewhetheror not

to retrieve this document. Sincevolcanismis not a main topic, the frequencief useof

this termwill not dominatethe statisticscharacterizinghe document;therefore,to ®nd
ayolcanicactuity® in thiscaseasystenwill havetoretrieve documentsn whichtheterms
of interestarenot the mostfrequenttermsin the document.On theotherhand,the system
shouldnotnecessarilgelectadocumenjustbecauséhereareafew referenceso thetarget
terms.Informationaboutthetopic structurewould allow a distinctionto be madebetween
main topics, subtopics,and passingreferences.Thusthereis a needfor identifying the

topic structureof documents.

In thisdissertation suggesthattherelative distribution of termswithin atext provides
cluesaboutits maintopic andsubtopicstructure andthatthis informationshouldbe made
explicit andavailableto the usersof afull-text informationaccessystem.

Onewayto try to determindf two termsoccurin the samesubtopicor in someother
co-modi®cationatklationships to obsere whetherbothoccurin the samepassagef the
text. However, the notionof 2passagets not well de®ned(In mary casesauthorde®ned
sectioningnformationis notpresenbr is too coarse-grained A simpleassumptioris that
every paragraphs a passagendevery passagés a paragraph.But oftenthe contentsof
alongtext canbeunderstoodn termsof groupingsof adjacenparagraphsasseenin the
exampleabove. This obsenationopensa new questiorfor computationalinguistics: how
canmultiple-paragrappassagebe automaticallyidenti®ed?

A simpleapproachs to divide documentinto approximatelyeven-sizedbut arbitrarily
chosenmulti-paragraplpieces.A moreappealingbutlessstraightforwardlyautomatizable
approachs to groupparagraphsogethethatdiscusgshe samesubthemedr subtopic.This
dissertationdescribesa fully-implemented,domain-independertext analysisapproach
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Figurel.2: Theoutputof the TextTiling algorithmwhenrunontheMagellanText. Internal
numbersindicate paragrapumbers. Vertical lines indicate boundarieschosenby the
algorithm;for example theleftmostvertical line represents boundaryafter paragrapl8.
Notehow thesealign with the outlineof the Magellantext in Figurel.1.

called TextTiling that attemptsthis task. The TextTiling algorithm makesuse of lexical
cohesiorrelationsto recognizevheresubtopicchange®ccur For agivenblock size,the
algorithmcompareghe lexical similarity of every pair of adjacentlocks. The resulting
similarity scoresreplottedagainssentencaumberandafterbeinggraphedndsmoothed,
theplotis examinedfor peaksandvalleys (seeFigurel.2). High similarity valuesjmplying
that the adjacentblocks coherewell, tendto form peaks,whereadow similarity values,
indicatinga potentialboundarybetweenTextTiles, createvalleys. Thealgorithm's results
®t betweenupperand lower evaluationbounds,wherethe upperbound correspondgo
readejudgmentsandthelower boundis asimple,reasonablapproactio the problemthat
canbeautomatedTextTiling is discussedn Chapter2.

By castingdocumentontentin termsof topicalstructure] have developednew ideas
aboutthe role of documentstructurein informationaccess. An inherentproblemwith
information retrieval ranking functionsis they make a decisionaboutthe criteria upon
which documentsarerankedwhich is opaqueto the user This is especiallyproblematic
when performinga retrieval function otherthan full similarity comparisonsince query
termscanhave mary differenttermdistribution patternswithin a full-text documentand
differentpatternamay imply differentsemantics.In somecasesa usermight like to ®nd
documentghat discussone term asa main topic with perhapgust a shortdiscussiorof
anotherterm as a subtopic. Currentinformation accessparadigmsprovide no way to
expressthis kind of preference. To help remedythis, | presenta new representational
paradigmgcalledTileBars which providesacompactndinformativeiconicrepresentation
of thedocumentstontentswith respecto thequeryterms(seeFigurel.3). TileBarsallow
userso makeinformeddecisionsaboutnot only which documentso view, but alsowhich
passagesf thosedocumentgo select,basedon the distribution of the querytermsin the
documents.
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Term Set 1: [multimedia
Term Set 2: [video
TileBars
* &7a :| Platform product news Computer Publishing

N hacWorld Expo it's just no fun anymore O
| Jm2 g o ] Information age the Smithsonians LAN cond

w1 Opportunities fram the back room speech by
| ffors T B Integration with external resources Is essent|
[Tlee [ =] Industry profile computer graphics coming of

| |2 Gm - mm mmm]  INteractve vidso part of a cover story Multi-t
| oo T pm—— The un-interface multimedia bresks barriers
s ME_ N ] Multirmedia applications Comdex Fall 1989

| Jes [ ] DSSSL an alternative to GDA the Documen

Figurel.3: TileBarsfor a queryin which thetermsmultimediaand videoare contrasted.
Rectanglexorrespondo documentssquaresorrespondo TextTiles, the darknesof a
squardndicateghefrequeng of termsin thecorrespondingermSet. Thetitle andinitial
wordsof adocumengppeamext to its TileBar.

TileBars use TextTiles to breakdocumentsnto coherentsubparts. The query term
distribution is computedfor eachdocumentand the resultingfrequeng is indicatedfor
eachtile, in abarlike image.Thebarsfor eachsetof querytermsaredisplayedn astacked
sequenceyielding a representatiothat simultaneouslyand compactlyindicatesrelative
documentength,queryterm frequeng, andqueryterm distribution. The representation
exploits the naturalpattern-recognitiortapabilitiesof the humanperceptuakystem;the
patternsn a columnof TileBarscanbequickly scannednddeciphered.

TileBarssupporta paradigmin which the systemdoesnot decideon a singleranking
strat@y in advance putinsteadprovidesinformationthatallowstheuserto determinevhat
kind of distributionalrelationshipsareuseful. Chapter3 describedileBarsandtheir uses,
aswell asotherissuegelatingto passageetrieval.

TileBars display documentonly in termsof wordssuppliedin the userquery For
a given retrieved text, if the querywordsdo not correspondo its main topics, the user
cannotdiscernthe context in which the querytermswereused. For example,a queryon
contaminantsnay retrieve documentsvhosemaintopicsrelateto nuclearpower, food, or
oil spills. To help accountfor this, | suggesiassigningto eachtext category labelsthat
correspondo its maintopics,sothatuserscangetafeelingfor thedomainin which query
termsareto be used. Thusif two documentdiscussthe samemain topic themesbut
usedifferenttermsto do so, oneuni®edcatgory canbe usedto representheir content.
Similarly, if adocumenusesmary differenttermsto build up the impressiorof atheme,
thenthe categyory cancapturethis informationin a compactform. If a documenis best
describedby more than one cateyory, it can be assignedmultiple cateyories, and two
documentghatshareonemajorthemebut do not shareotherscanbe shavn to berelated
only alongtheoneshareddimension.

Towardthisend,Chapted describesinalgorithmthatautomaticallyassignsnaintopic
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3 %MHH #hﬂH Legal Politics

Environment Commerce

Technology Water

Figurel.4: A sketchof the Cougarinterface;threetopic labelshave beenselected.

catgyory labelsto texts, andChapter5 presents new displaymechanisnior makingthis
informationavailableto theuser The cateyorizationalgorithmusesa largetext collection
to determinewhich termsare salientindicatorsfor eachcateyory. The algorithm also
allows for the existenceof multiple simultaneoushemessinceeachword in the text can
contributeto evidencefor acategory model,andeachword cancontrituteevidenceto more
thanonemodel,if appropriate. Oneof the catgory setsusedby the algorithmconsistsof
106general-interestatgyories;Chapte# describesnalgorithmthatautomaticallyderives
thesecategoriesfrom anexisting hierarchicalexicon.
Oncemultiplemaintopiccateorieshave beenassignedo atext, they mustbedisplayed
effectively. Chaptel5 describesninterfacecalledCougarin which®xed catejory setsare
usedor two purposesto orienttheuserto thedatasetinderscrutiry, andto placetheresults
of thequeryinto contet (seeFigurel.4). Cougarallows userdo view retrieveddocuments
in termsof the interactionamongtheir main topics, using the cateyorizationalgorithm
from Chapter4 to provide contetual information. The interfacehelps usersbecome
familiar with the topicsandterminologyof an unfamiliartext collection. A consequence
of allowing multiple topicsperdocuments thatthedisplaymusthandlemulti-dimensional
information. The approachusedhereagainallows userinput to play a role: the user
speci®esvhich catgyoriesareatthe focusof attentionat ary giventime. Cougarsupplies
a simplemechanisnof visual intersectiorto allow usersto understandiow the retrieved
documentarerelatedto oneanothemwith respecto their maintopic cateyories.
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1.2 An Approachto Computational Linguistics

Onegoalof naturallanguageprocessings to designprogramswhich interprettextsin
muchthesamewaythata humanreademwould. Sincethisis sucha dif®culttaskandsince
it requiresa large amountof domainknowledge,mostof thework of this sortfocuseson
smallcollectionsof sentencesThis approachs appropriatavhenautomatingletailedtext
interpretatione.g.,Schank& Abelson(1977),Wilks (1975),Wilensky (1983a),Charniak
(1983),Norvig (1987)) or whensupportinga theory abouthumaninferenceand parsing
mechanismsge.g.,Martin (1990),Jurafsly (1992)),but with someexceptionsthe stateof
the art is suchthatthe useof this kind of analysisin informationaccesss still a distant
goal.

In the past®\we yearstherehasbeenanincreasingendenyg to takea data-intensie ap-
proachto languagenalysisfocusingon broadbut coarse-grainedoverageof unrestricted
text (Church& Mercer1993). Thisapproachs still uncommornn theareaof discoursenal-
ysis;thework hereis anexception. Thealgorithmspresentetherearedomain-independent
but approximatescalablebut errorprone,in the hopeshattheir applicationto the coarser
goalsof informationaccessill neverthelesde useful. Suchapproximatenethodsseem
especiallyappropriatdor text sggmentationandinformationaccessnoregenerally These
areintrinsically 3fuzzy® tasks,in the sensdhatthey generallyhave no objectvely correct
answerandmary differentresultsnaybedeemedeasonablécomparedvith, for example,
grammaticalitjudgments) Reader®ftendisagreeboutwhereto drav aboundarymark-
ing atopicshift, orwhetheragiventext is relevantto aquery;thereforat seemsmplausible
to expectexactanswerso suchquestionsThisthesisdemonstratethatdespiteheinherent
plasticity of thesetasks automatingheseprocessesanstill yield usefulresults.



Chapter 2

TextTiling

2.1 Intr oduction: Multi-paragraph Segmentation

The structureof expository texts can be characterizedas a sequenceof subtopical
discussionghat occurin the context of a few main topic discussions. For example, a
popularsciencetext called Stagazers whosemain topic is the existenceof life on earth
andotherplanetscanbedescribedsconsistingof thefollowing subdiscussiongumbers
indicateparagrapmumbers):

1-3 Intro + thesearcHor life in space

4-5 Themoon’s chemicalcomposition

6-8 How theearlyproximity of the moonshapedt

9-12 How themoonhelpedife evolve on earth

13 Theimprobability of the earth-moorsystem
14-16 Binary/trinarystarsystemsnakelife unlikely
17-18 Thelow probabilityof non-binary/trinarysystems
19-20 Propertie®f our sunthatfacilitatelife

21 Summary

Subtopicstructuras sometimesnarkedn technicakexts by headinggandsubheadings
whichdivide thetext into coherensggments;Brown & Yule (1983:140)statethatthiskind
of division is oneof the mostbasicin discourse.However, mary expositorytexts consist
of long sequencesf paragraphsvith very little structuraldemarcation.

This chapterdescribesvhy suchstructureis useful and presentsalgorithmsfor au-
tomaticallydetectingsuchstructure! Becausehe modelof discoursestructureis onein
whichtext is partitionednto contiguousnonoverlappingolocks,| callthegenerabpproach

1| amgratefulto Anne Fontainefor herinterestandhelpin the early stagef this work.
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TextTiling. Theultimategoalis to notonly identify the extentsof the subtopicalnits, but
to labeltheir contentsaswell. This chapterwill focusonly on the discovery of subtopic
structure Jeaving determinatiorof subtopiccontentto future work. (Chapterd discusses
automaticassignmendf maintopic catejories.)

2.2 What is Subtopic Structure?

In orderto describethe detectionof subtopicstructure,it is importantto de®nethe
phenomenaf interest. The useof the termasubtopic®hereis meantto signify piecesof
text “about’' somethingandis not to be confusedwith the topic/commen{Grimes1975)
distinction found within individual sentences).The intendedsenseis that describedn
Brown & Yule (1983:69):

In orderto divide up a lengthyrecordingof cornversationaldatainto chunks
which canbe investigatedn detail, the analystis often forcedto dependon
intuitivenotionsaboutwhereonepartof aconversatiorendsandanothebeagins.
.... Which point of speakeichange amongthe mary, could be treatedasthe
endof onechunkof the cornversation?This type of decisionis usuallymade
by appealingo anintuitive notionof topic. Thecornversationaliststoptalking
about'mong/' andmove onto "se<'. A chunkof corversationaldiscourse,
then,canbetreatedasa unit of somekind becausét is ona particular topic'.
Thenotionof “topic' is clearlyanintuitively satisfactoryway of describinghe
unifying principlewhichmakesonestretchof discourseabout'somethingand
the next stretch about' somethingelse,for it is appealedo very frequentlyin
thediscourseanalysiditerature.

Yetthebasisfor theidenti®catiorof “topic' is rarelymadeexplicit.

Otherswho have statedthe intendedsenseinclude Rotondo(1984), who writes 2A
macro-unitcan be roughly de®nedasary coherentsubpartof a text which is assigneda
globalinterpretatiorof its own® andTannen(1984:38¢itedin Youmang$1991))who,when
discussingspokendiscourseclaims:@... themostusefulunit of studyturnedoutto bethe
episodepoundedoy change®f topic or actwvity, ratherthan,for example,the adjacenyg
pair or thespeeclact®

Hinds(1979:137suggestshatdifferentdiscoursaypeshave differentorganizingprin-
ciples. TextTiling is gearedowardsexpositorytext; thatis, text thatexplicitly explainsor
teachesasopposedo, say literary texts. More speci®callyTextTiling is meantto apply
to expositorytext thatis not heavily stylizedor structured. A typical exampleis a ®\e-
pagesciencemagazinearticle or a twenty-pagesrvironmentalimpactreport. It excludes
documentgomposedf short®news bites®or ary otherdisjointed,althoughlengthy text.

A two-level structureis choserfor reason®f computationafeasibility andto coincide
with the goalsof the useof the algorithms'results. This thesisemploysonly algorithms
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thatcanbeimplementedthatcanberunonrealtexts,andthatcanrun on avarietyof texts

independendf theirdomainof discourse Giventhecurrentstateof theart, this canbestbe

doneby methodghatworkin acoarsevayoncoarseinitsof information. Theapplications
for whichtheresultsareto beuseddonotnecessarilyequire®ne-grainedistinctions.This

is especiallytrue of somekinds of informationretrieval applications.A usermight have

dif®cultyformulatinga queryin whichmultipleembeddedkevelsof topic structureneedbe

speci®edalthoughthis kind of informationcould be usefulfor browsing. Most existing

approacheto discourserocessing@retoo ambitiousto yield generallyapplicableresults;
it is hopedthatby trying to makecoarsewistinctionsthe resultswill be moreuniversally
successful.

2.3 Why Multi-P aragraph Units?

In schoolwe aredidacticallytaughtto write paragraphn a certainform; thereforea
commonassumptions thatmostparagraph&ave a certainkind of well-formedstructure,
completewith topic sentencandsummarysentenceln real-worldtext, thesesxpectations
areoftennotmet. Butevenif aparagraplswrittenin aself-conainedencapsulatechanney
aparticularsubtopicatliscussiortanspanmmultiple paragraphsyith only differentnuances
beingdiscussedn theparagraphghatcomprisethe discussion.

Multi-paragraphsegmentatiorhasmary potentialapplicationsincluding:

InformationAccess
Corpus-base@omputationaLinguistics
Text DisplayandHypertet

Text Summarization

Applicationsto informationacces&rea major concernof this thesisandarediscussedn
detailin Chapter3. There,|l describehow tiles areusedin aniconic graphicalrepresen-
tation thatallows the userto understandhe distributional relationshipsetweerntermsin
a queryandtermsin the retrieved documents.Anotherbene®bf using multi-paragraph
seggmentations thatsincein mostcasesherearefewertiles perdocumenthanparagraphs,
tiles requirelessstorageand comparisortime for otherwiseequialent, paragraph-based
algorithms.

However, multi-paragraplsegmentatiorhasbroadempplications.Thesearedescribed
below.

2.3.1 Corpus-basedComputational Linguistics

An increasinglymportantalgorithmicstrategy in computationalinguisticsis to derve
information aboutthe distributional patternsof languagefrom large text collections,or
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corpora.Severalsuchalgorithmsmakeuseof informationaboutiexical co-occurrencehat
is, they counthow oftentermsoccurnearoneanotheracrossnary texts.

Someof thesealgorithmsuseonly very local contet. For example,working with
large text collections,Brent (1991)andManning(1993) makeuseof restrictedsyntactic
informationto recognizeverbsubcatgorizationframes,Smadja& McKeown (1990)create
collectionsof collocationsby gatheringstatisticsaboutwordsthat co-occurwithin a few
words of one anothey and Church& Hanks (1990) use frequeng of co-occurrencef
contentwordsto createclustersof semanticallysimilarwords.

However, severalalgorithmsgatherco-occurrencstatisticSrom largewindows of text,
usuallyof ®ed length. For example,the disambiguatioralgorithmsof Yarowvsky (1992)
andGaleetal. (1992b)train on large, ®xed-sizedvindows of text. In thesealgorithmsall
termsthat residewithin a window of text are groupedtogetherto supply evidenceabout
the context in which a word senseoccurs. For example,aninstanceof the tool senseof
theword cranemightbesurroundingyy termsassociatedvith largemechanicatools,such
as lift and construction Termssurroundingthe bird sensewould tendto be thosemore
associatewvith birddom. A questiorarisesabouthow muchcontext surroundinghetarget
word shouldbeincludedin theassociationGaleetal. (1992b)have shavn that,atleastin
onecorpususefulsensenformationcanextendoutfor thousandef wordsfrom thetarget
term. In practiceYarownsky (1992)usesa®xedwindow of 100words.

Galeetal. (1992c)and Galeet al. (1992a)provide evidencethatin mostcasesonly
onesenseof awordis usedin a givendiscourse.For example,if theword bill is usedin
its legislative sensen a discoursethenit is unlikely to be usedin the senseof the body
partof aduckin thatsamediscourse.They performedexperimentsvhichindicatethatthe
samesensef apolysemousvord occurredhroughoueng/clopediaarticlesandCanadian
parliamentproceedings.It is possiblethatin texts whosecontentsare lessstereotyped,
differentsensef the sameword will occur but in different contets within the same
text, thatis, not particularlynearone another If this is the case,thenmotivatedmulti-
paragraplsegmentatiorcouldhelpdetermingheboundariesvithin which singlesensesf
polysemousvordsareused.

Anotherexampleof analgorithmthatderiveslexical co-occurrencenformationis Word
SpacgSchiize1993b).In thisalgorithm statisticsarecollectedaboutthecontextsin which
wordsco-occur Theresultsareplacedin a term-by-termco-occurrencenatrix which is
thenreducedisinga variantof multidimensionakcaling. Theresultingmatrixcanbeused
to makeinferencesaboutthe closenes®f wordsin a multidimensionalsemanticspace.
Currently the co-occurrencenformationis found by experimentingwith different®xed
window sizesandchosingonethatworksbestfor a testset.

A critical assumptiomunderlyingthesealgorithmsis thatthetermsco-occurringwithin
the text window do so becausehey are at leastloosely semanticallyrelated. It seems
plausiblethat changesn discoursestructurewill correspondo changesn word usages,
andsothequalityof thestatisticdor thesealgorithmsshouldbene®trom theuseof training
texts thathave beenpartitionedon the basisof subtopiccontent.
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2.3.2 Online Text Display and Hypertext

Researchin hypertext and text display has producedhypothesesabouthow textual
informationshouldbe displayedto users. Onestudyof anonline documentatiorsystem
(Girill 1991)comparedlisplayof ®ne-grainegortionsof text (i.e., sentences)ull texts,
andintermediatesizedunits. Girill foundthatdivisionsatthe ®ne-grainetevel wereless
ef®cientto manageandlesseffective in deliveringusefulanswerdghanintermediatesized
unitsof text. (Girill alsofoundthatusingdocumenboundariess moreusefulthanignoring
documenboundariesasis donein somehypertet systems.)The authordoesnot makea
commitmentaboutexactly how largethe desiredext unit shouldbe,insteadtalking about
apassagesanddescribingpassagem termsof the communicatie goalsthey accomplish
(e.g.,a problemstatementan illustrative example,an enumeratedist). The implication
is thatthe properunit is the onethat groupstogetherthe informationthat performssome
communicatre function;in mostcaseghis unitwill rangefrom oneto severalparagraphs.
(Girill impliesthat pre-markedsectionalinformation,if availableandnot too long, is an
appropriataunit.)

Tombaughet al. (1987)exploreissuesrelatingto easeof readabilityof long texts on
CRT screens. Their study exploresthe usefulnesf multiple windows for organizing
the contentsof long texts, hypothesizinghat providing readerswith spatialcuesabout
the locationof portionsof previously readtexts will aid in their recall of the information
andtheir ability to quickly locateinformation that hasalreadybeenreadonce. In the
experimentthetext is dividedinto pre-markedectionainformation,onesectionplacedn
eachwindow. They concludethatsegmentingthe text by meansof multiple windows can
be very helpful if readersarefamiliar with the mechanismsuppliedfor manipulatingthe
display

Corverting text to hypertet in whatis called post-hocauthoring(Marchionini et al.
1991)requiredivision of theoriginal text into meaningfulunits (a tasknotedby theseau-
thorsto beachallengingone)aswell asmeaningfuinterconnectiomf theunits. Automated
multi-paragraplsegmentatiorshouldhelpwith the ®rststepof this process.

2.3.3 Text Summarization and Generation

Nineteentltenturyhistoriesandtravelogueoftenprefaceathaptersvith alist of topical
discussionsproviding a guidefor thereaderasto thecontentdo come. Thesedescriptions
arenotabstractedummarieshutratherarelists of thesubdiscussionthattakeplaceduring
thecourseof thechapter For example,Chapterl of Alexis deTocqueille's Democacyin
America,Wlumel is entitled®Exterior Form of North America®andis prefacedwith the
following text:

North Americadividedinto two vastregions,oneinclining towardsthe Pole,
theothertowardstheEquatott Valley of theMississippt Tracedoundthereof
therevolutionsof theglobex Shoreof theAtlantic OceanpnwhichtheEnglish
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01-06 North Americadivided into two vastregions, onein-
clining towardsthe Pole the othertowardsthe Equator

07-09 Valley of the Mississippi

10-11 Tracesfoundthereof therevolutionsof theglobe

12-13 Shoreof the Atlantic Ocean,on which the English
colonieswerefounded

14-16 Differentaspect®f Northandof SouthAmericaatthe
time of their discosery

17-18 Forestsof North America

19-19 Prairies

21-25 Wanderindiribesof natives

20-20 Theiroutwardappearanceustomsandlanguages

26-28 Tracesof anunknavn people.

Figure2.1: Paragraph-leel breakdevn of the subtopicstructureof Tocqueville Chapterl,
Volumel.

colonieswerefounded+ Differentaspectof North and of SouthAmericaat
thetime of their discovery = Forestsof North Americax Prairiest Wandering
tribesof nativest Their outwardappearanceustomsandlanguages Traces
of anunknawvn people.

Thesedescriptionganbe construedo be subtopicaldiscussionshattakeplacein the
contet of a discussiorof the exterior form of North America. The list closelyre ects
the orderof discussiorof the subtopican the ensuingchapter with a few exceptionsof
orderswitchingsandparagraphsvhosecontentplaysa bridgingrole andsodoesnot merit
mentionin the subtopidlist. Figure2.1 belov shavs thatthe subtopicdiscussiongn most
casesspanmorethanone paragraph.Although the paragraphsn andof themselesare
somevhatencapsulatedhis exampledemonstratethatthe multi-paragraphunit sizecan
indeedbe ameaningfulone.

A scanof the subtopicdiscussionsnakest apparenthatthetitle of the chapterdoes
not adequatelycover the contentsof thetext. A discussiorof the earlyinhabitantsof the
continentis not somethingonetendsto classifyascentralto its exterior form. Thetitle
might betterbe sened as@Exterior Form andEarly Inhabitantsof North America®. The
assumptiorthat a logical text unit mustdiscussonly one topic might be at leastpartly
responsibldor the mistitle.

Multi-paragraphsubtopicstructureshouldact as a ®rststeptoward automaticdeter
mination of text synopses.Algorithmsthat extract salientphrasedrom texts in orderto
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createsynopsege.g.,Chen& Withgott (1992), Pollock & Zamora(1975)) currentlydo
not usuallytakethis kind of informationinto account. Paice (1990) recognizeghe need
for takingtopical structureinto accountout doesnot have a methodfor determiningsuch
structure.

An interestingalternatveapproackappearin thework of Alterman& Bookman(1990).
Theauthorsapplyknowledge-intensie techniqueso interpretshorttexts andthenplot the
numberof inferenceshatcanbemadeagainstheclausalpositionin thetext. They usethe
resultingplot to determinghe?thickness®f thetext ateachpoint; breaksin thicknessn-
dicateanepisodechange Summariesreproducedy ®ndinghemainepisodeéboundaries
andextractingconceptdrom eachepisodethatis deemedo be important(usinganother
measure) Althoughthe techniquds heavily knowledge-oriente@ndcomputationallyex-
pensve, andthelengthof eachepisodas abouttwo sentenceen averagethegeneralidea
bearssomeresemblancé thatdiscussedbelow.

Turning now to the relatedtopic of text generationMooney et al. (1990) assertthat
thehighlevel structureof extendedexplanationss determinedy processeseparatérom
thosewhich organizetext at lower levels. They presenta schemefor text generation
thatis centeredaroundthe notion of Basic Blocks: multi-paragraphunits of text, each
of which consistsof (1) an organizationafocus suchasa personor a location,and (2)
a setof conceptgelatedto thatfocus. Thustheir schemeemphasizeshe importanceof
organizingthe highlevel structureof atext accordingo its topicalcontentandafterwards
incorporatingthe necessaryelatednesinformation, asre ectedin discoursecues,in a
®nergrainedpass. This useof multi-paragraptunitsfor coherengenerationmpliesthat
this unit of sgmentatiorshouldbe usefulin recognitiontasksaswell.

2.4 DiscourseStructure

Whenanalyzingtextual discoursestructurefwo importantandrelatedissuesare: what
kind of structurdas inherentin discourseandwhatmechanismandaspect®f languagere
neededo detectthatstructure Althoughthe seconds stronglyin uencedby the®rst,it is
notunambiguouslyleterminedy the®rst;thatis, onekind of structurecanberecognized
via lexical distribution patterns,solateddiscoursecues,and other factors, with varying
degreesof success.

Two importantsubissuesrise with respectto the choice of assumptionaboutthe
structureof discourse:

1. At what level of granularityarethe units of the discourse?Is the salientunit the
word, phraseclause sentenceparagraphor somethingelse?ls morethanonelevel
of granularityappropriate?

2. Whatis the topologyof the discoursestructure?l.e., whatform do the patternsof
interrelationsamongthe unitsof thediscoursestructuretake?
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The natureof the analysiscan be heavily dependenbn whetheror not the theoryis
gearedowardsa computationalersusan analyticalframewnork. An additionalin uential
factoris the percevedrole or purposeof the discoursestructure. If the goalof discourse
analysigs to allow the systemto answerquestionsn aninteractve sessiorwith a human,
thenissuessuchastheintentionsof thespeakersnustbetakeninto accounte.g.,Wilensky
et al. (1984), Moore & Pollack (1992)). Researchersvorking on tutoring and advice
systemghatengagen dialoguesvith humanshave tendedo emphasizgragmaticse.g.,
referenceesolution.Thisusuallyrequiresanunderstandingf issuegelatingto discourse
focusand centering. An importantaspectof Winograds classicthesiswork (Winograd
1972)is his programs ability to determinewhich objectis theonemostlikely to beunder
discussionHe doesthis by incorporatinga varietyof factors,includingthe currentcontext
andfocusof the discourseaswell asthe semanticof the objectsandrelationshipsunder
discussion(cf. 8.2). In spoken-tgt discourseanalysis,focusis usually studiedat the
sententiallevel, with links amongfoci typically spanningonly a few sentences.Other
examplesare the computationalwork of Grosz(1986)and Sidner(1983), who examine
issuegelatingto focusandanaphoresolution.

Otherresearclemphasizethe syntacticaspect®f anaphoresolutionandellipsis, for
example,Dalrympleetal. (1991)andHardt(1992). Anotherapproachis the application
of plans,e.g.,Wilensky (1981),Lambert& Carberry(1991)andknowledge,e.g.,Hobbs
(1978), Luperfoy (1992), Cardie (1992), to anaphorresolutionand other interpretation
tasks.

Asis evidentfromthediscussiorabore,alargepartof thecomputationatliscoursevork
hasbeendonein thecontext of interactve systemsIn generalthediscourseharacteristics
of spokentext arequite differentfrom thoseof written, especiallyexpository text (Brown
& Yule1983)( 1.2). Thegoalsof analyzingtextsfor interactve systemsaredifferentfrom
thoseof discoursesggmentatiorof written texts into subtopicaboundariesandit follows
thatthechoiceof discourseaunit andtopologydiffer for the differenttasks.

2.4.1 Granularity of DiscourseStructure

Thereis atraditionin linguisticsof viewing discoursestructureasthe studyof relations
at theinterphrasabr interclausalevel. The notion of the given/nev (or topic/comment)
distinctionis an extensvely studiedonein linguistics. In English,topics,in this sense,
are usually subjectsand commentsare the associategredicates.In somelanguageshe
distinctionis markedmoreovertly (Kuno1972),(Grimes1975). Thisis closelyrelatedto
thedistinctionsof theme/rhemandgiven/nav atthesententialevel.

Work on prosodicstructureof spokentext usually takesplace at the inter-sentential
level, e.g.,.Wang& Hirschbeg (1992),Bachenkeaetal. (1986). As mentionecabove, work
in anaphoraesolutiontendsto focusonintra-sententialinits,asdoesmosttext-generation
work.

Thehierarchicatheorieof discoursesuchasthetheoryof attentional/intentionatruc-
ture (Grosz& Sidner1986),andRhetoricalStructureTheory(Mann& Thompsonl987)
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tendto usephrasalor clausalunits asbuilding blocksfrom which analyse®f lengthfrom
oneto threeparagraph&ng aremade(for example,in Morris (1988),intentionalstructure
is foundfor texts of approximately40 sentences length).

Discoursework at the multi-paragraphevel hasbeenmainly in the theoreticakealm,
notably the work on macrostructure¢van Dijk 1980) (van Dijk 1981)andthe work on
story grammars(Lakoff 1972),(Rumelhari975). An exceptionis the work of Batali
(1991)thatmakesuseof discoursestructurein theautomatednterpretatiorof (simpli®ed)
chaptersf introductoryphysicstexts, with the goalof learningrulesfor solvingproblems
in kinematics.

2.4.2 Topologyof DiscourseStructure
Hierar chical Models

Many theoriesof discoursestructure poth computationahndanalytical,assumea hi-
erarchicaimodelof discourse.Two prominentexamplesn computationatliscourseheory
arethetheoryof attentional/intentionastructure(Grosz& Sidner1986),andRhetorical
StructureTheory(Mann& Thompsornl987).

Grosz& Sidner(1986)presenthebasicelement®f acomputationatheoryof discourse
structure. The two main questiongthe theorytries to answerare: What individuatesa
discourse?What makesit coherent? They claim the answersare intimately connected
with two non-linguisticnotions,attentionandintention. Attentionis an essentiafactor
in explicating the processingof utterancesn discourse. Intentionsplay a primary role
in explaining discoursestructureand de®ningdiscoursecoherence. Grosz and Sidner
claimthattheintentionsthatunderliediscoursearesodiversethatapproachew discourse
coherencéasemnselectingliscourseelationshipgrom a®xedsetof alternatverhetorical
patternsareunlikely to suf®ce.(SeeHovy (1990)for a strongcounterviev.)

In this theorythelinguistic structureconsistf thediscoursesggmentsandanembed-
ding relationshipthatcanhold betweerthem. The embeddingelationshipsarea surface
re ection of relationshipsamongelementof the intentionalstructure. Linguistic expres-
sionsareamongthe primaryindicatorsof discoursesggmentboundariesThe explicit use
of certainwordsandphrasesandmoresubtlecues,suchasintonationor changesn tense
andaspectareincludedin therepertoireof linguistic devicesthatfunctionto indicatethese
boundaries.

The attentionalstateis modeledby a setof focus spacesghangesn attentionalstate
aremodeledby a setof transitionrulesthatspecifythe conditionsfor addinganddeleting
spacesOnefocusspaceassociatedith eachdiscourseseggment. Thefocusspaceéierarchy
is different/separatéom the intentional(task) structure. Passonnead Litman (1993),
following Rotondo(1984),concedehedif®cultyof eliciting hierarchicaintentionalstruc-
ture with arny degreeof consisteng from their humanjudges. Not surprisingly no fully
implementedrersionof thistheoryexists.

RhetoricalStructureTheory(RST) (Mann& Thompsonl987)is a functionally-based
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descriptve tool for analysisof the rhetorical structureof text, designedto be usedin
automatedystemslin RST, text is brokenup into clausalunits,eachof which participates
in a pairwisenucleus/satelliteelationship. The pairs participateas component®f larger
pairwiseunits, building up a hierarchicaldiscoursedescription. Someof the rhetorical
relationslinking the unitsare: elaborationenablementnotivation,andbackground.The
authorsrecognizehatthereareno reliablegrammaticabr lexical cluesfor automatically
determiningthe structure andoftenthe relationscanonly be discernedy the underlying
meaningof thetext. Theanalysigs goal-orientecandmight belesseffective for texts that
cannotbe describedvell in this manner RST hasbeenusedin generatiorsystemsege.g.,
Mooreé& Pollack(1992).

Skorochod'ko's Topologies

Althoughmary aspect®f discoursenalysigequirea hierarchicaimodel,in thiswork
| chooseo castexpositorytext into alinearsequencef sggments pothfor computational
simplicity andbecausasucha structures appropriatdor coarse-grainedpplications.This
proceduras in uencedby Skorochod'ko(1972),who suggestsleterminingthe semantic
structureof atext (for the purpose®f automatiabstractingpy analyzingt in termsof the
topologyformedby lexical interrelationdoundamongits sentences.

Skorochod'ko(1972) suggestgliscorering a text's structureby dividing it up into
sentenceandseeinghow muchword overlapappearamongthe sentencesThe overlap
forms a kind of intra-structure;fully connectedyraphsmight indicatedensediscussions
of a topic, while long spindly chainsof connectvity might indicatea sequentiabccount
(seeFigure2.2). Thecentralideais thatof de®ninghe structureof a text asa function of
theconnectvity patternsof thetermsthatcompriseit. Thisis in contrastwith sggmenting
guidedprimarily by ®ne-grainedliscoursecuessuchasregister change focusshift, and
cuewords. Froma computationaViewpoint, deducingextual topic structurefrom lexical
connectvity aloneis appealing,both becauset is easyto compute,and also because
discourseuesaresometimesnisleadingwith respecto thetopic structurgBrown & Yule
1983)( 3).

In the Chainedstructure,eachsentencalescribesa new situationor a newv aspectof
of the topic underdiscussion.Examplesare chronologicaldescriptionswhereoneevent
follows the next, and?road maps®in the beginning of technicalpapersoutlining whatthe
following sectionscontain. TheRingedstructurds like the Chainedstructuresxceptin the
lastportionof the discourseeturnsto whatwasinitially discussedperhapsasa summary
discussionTheMonolith structurerepresenta denselyinterrelatedliscussiongachblock
containsreferencedo termsin the other blocks, indicating several interwoven thematic
threads. The Piecavise Monolithic structureconsistsof a sequencef denseinterrelated
discussions.Skorochod'kodid not de®nea hierarchicalstructure,perhapsbecausat is
dif®cultto identify by usingonly terminterrelations.

Thetopologymostof interestto thiswork is the®nalonein thediagram the Piecavise
Monolithic Structuresinceit representsequencesf denselynterrelatedliscussioninked
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Figure2.2: Skorochod'kostext structuretypes.Nodescorrespondo unitsof text suchas
sentencesand edgesbetweemodesindicatestrongterm overlap betweernthe text units.
Correspondendeetweerpositionof anodeandpositionin thetext depend®nthekind of
structurethisis describedn moredetailin thetext.

togetheyoneafteranother This topologymapsnicely ontothatof viewing documentsas
a sequencef denselyinterrelatedsubtopicaldiscussionspne following another This
assumptionaswill beseenjs notalwaysvalid, but is neverthelesgjuite useful.

2.4.3 Grammars and Scripts

An alternatve way of analyzingdiscoursestructureis to proposea 2grammatical®
discoursetheory Mary researchersiave seenthis as a naturalextensionto the ideas
of sentencggrammar Fillmore (1981:147)makesa distinctionbetweernwhata sentence
grammariardoes(looks for grammaticalityandnongrammaticalitypndwhata discourse
grammariamoeglooksfor sequiturityandnonsequiturity) Wilensky (1983b)alsodisputes
theanalogybetweerstorygrammarandsentencgrammarsarguingthatintuitionsabout
storiesare closerto our intuitions aboutthe meaningsof sentenceshanthey areto our
intuitionsaboutsentencethemseles.

Anotheralternatve is to interprettexts from an arti®cialintelligencestanceandtry to
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®tthe discoursdnto a prede®nedrameor script, e.g., Schank& Abelson(1977),Hahn
(1990), DeJong(1982), Mauldin (1989). Theseapproachesire usuallyusedto createa

summaryof somekind. A variationon thethemeis foundin case-basetkasoninge.g.,
Kolodner(1983),Bareisq1989),in which adiscoursas adjustedo ®tthe expectationof

asetof pre-analyzedliscoursesTheproblemwith thiskind of approachs thatit requires
detailedknowledge aboutevery domainthat the analyzedtexts discuss,and requiresa
very large amountof processindime for the analysisof only a few sentencesmpractical
requirementsor afull-scaleinformationaccessystem.

2.5 DetectingDiscourseStructure

Marny differentmechanism$iave beenproposedor the automateddeterminationof
discoursestructure. Explicit cuewords,(e.g.,now, well, soin English (Schiffrin 1987))
arerecognizedasbeingmeaningfulcues,especiallyfor spokentext. However, thesecues
arenotunambiguousn usageandconsiderableffort is requiredto determingherole of a
particulaninstanceof acue(Hirschbeg & Litman1993). Otherkindsof cuessuchastense
(Webber1987), (Hwang & Schubert1992), are also informative but requirea comple
analysis. The next two subsectionsliscusstwo other meansof determiningdiscourse
structuremakinguseof the patternf cohesionndicatorsotherthanlexical cohesionand
lexical cohesiorrelationsthemseles.

2.5.1 Distributional Patterns of CohesionCues

Researcherbave experimentedwith the displayof patternsof cohesionindicatorsin
discourseasananalyticdevice, for example,Grimes(1975)(Ch.6) uses*spancharts®to
shaw the interactionof variousthematicdevicessuchasidenti®cationsettingandtense.
Stoddard1991)createsicohesionmaps®by assigningo eachword a locationon a two-
dimensionafrid correspondingo the word's positionin thetext (roughly, eachsentence
corresponds$o arow), andthendrawing a line betweerthelocationof a cohesve element
andthelocationof its original referent. The resultingmaplooks somevhatlike a column
of hangingpine-needldunches;thustexts canbe comparedvisually for propertiessuch
as burstinessdensity and connectionspan. Eachkind of cohesve elementis assigned
its own map, althoughfor oneexampleall threecohesiormapsare superimposedHere
cohesiorelementsare pronominalreferents referentsof de®nitearticles,andverb agent
displacementslexical cohesionelationsarenottakeninto account.Unfortunatelyneither
Stoddarchor Grimesanalyzetheresultingpatternsor describenow to usethemto segment
or interpretthetexts.
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2.5.2 Lexical CohesionRelations

The seminallinguistic work on lexical cohesiorrelationsis thatof Halliday & Hasan
(1976). In amoreabbreviatedform, Raskin& Weiser(1987)point out thata distinction
mustbe madebetweencohesionand coheencein a discourse. They state: 2Coherence
refersto the consisteng of purposeyoice, content,style, form, andso on of a discourse
asintendedby the writer, achievedin thetext, andperceved by the reader Cohesionpn
the otherhand, is a textual quality which contributesto coherenceahroughverbal cues®
(p 48). Onekind of cohesioncueis thatof lexical cohesionwhich 2...resultsfrom the
co-occurrencef semanticallysimilar wordsthatdo notindependentlyndicatecohesion®
(p 204). Following Halliday & Hasan(1976),they describewo formsof lexical cohesion,
reiterationandcollocation wheretheformerrefersto repetitionof wordsor theirsynoryms,
andthe latter refersto termsthattendto co-locatein text, e.g., nightand day, or school
andteacher Otherkinds of cohesiorcuesrelateto speci®avordsthatindicateparticular
relations,e.g., afterwardsindicatesa temporalrelation betweensentencesand and can
indicatea conjunctve relationship. Relationssuchasanaphoriaeferenceareconsidered
to begrammaticatohesionasopposedo lexical cohesion.

Phillips (1985) suggest$an analysisof the distribution of the selectedext elements
relative to eachotherin somesuitabletext interval ... for whatever patternsof association
they may contractwith eachotherasa function of repeatedco-occurrence{p 59). The
resultinganalysideadsto hypothesesf lexical meaningbasedn termco-occurrencejut
thetext structureelicitedre ectsnot muchbeyond the chapterstructureof the text books
he investigates.Two otherimportantapproachearethoseof Morris & Hirst (1991)and
Youmang1991),describedn thefollowing sections.

Morris and Hirst

Morris and Hirst's pioneeringwork on computingdiscoursestructurefrom lexical
relations(Morris & Hirst 1991;Morris 1988)is a precursoito the work reportedon here.
Morris, in uencedby Halliday andHasans theoryof lexical coherencéHalliday & Hasan
1976), developedan algorithm that ®ndschainsof relatedtermsvia a comprehense
thesaurugRogets FourthEdition). For example thewordsresidentiahndapartmenboth
index thesamethesauratateyory andcanthusbe consideredo bein acoherenceelation
with oneanother The chainsare usedto structuretexts accordingto Groszand Sidners
attentional/intentionaheoryof discoursestructure(Grosz& Sidner1986),andthe extent
of the chainscorrespondo the extentof a sggment. The algorithmalsoincorporateghe
notionof 2chainreturns®t repetitionof termsafteralong hiatusz to closeoff anintention
thatspansover adigression.

Sincethe Morris andHirst algorithmattemptgo discover attentional/intentionadtruc-
ture,their goalsaredifferentthanthoseof TextTiling. Speci®callythe discoursestructure
they attemptto discover is hierarchicaland more ®ne-grainedhan that discussecdere.
Morris (1988) provides®we shortexampletexts for which shehasdeterminedhe inten-
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tional structureandstateghatthelexical chainsgeneratetby heralgorithmprovideagood
indicationof the sggmentboundarieghat Groszand Sidners theoryassumes.In Morris

(1988)andMorris & Hirst (1991),tablesarepresentedhaving the sentencespannedy

thelexical chainsandby thecorrespondingegmentsof theattentional/intentionatructure
(dervedby hand).Figure2.3 shavs agraphicaldepictionof the sameinformationfor one
of the testtexts. It shavs how differentchainscover the structureat differentlevels of

granularity aswell aswhich portionsof the structurearenotaccountedor.

Several aspectof the algorithm are problematic,especiallywhen appliedto longer
texts. First, the algorithmwas executedby handbecausehe thesauruss not generally
availableonline. However, ProjectGutenbeg hasdonatedanonlinecopyof Rogets 1911
thesaurusvhich, althoughsmallerandlessstructuredhanthe thesaurusisedby Morris,
canbeusedfor animplementatiorof the algorithm. Aside from the fact thatusingsucha
thesaurusowersthe quality of the connectionsound amongterms,animplementatiorof
the Morris algorithmusingfound that often the choiceof which thesauratelationto use
wasnot unambiguous.

Secondalthoughambiguoushainlinks wererarein Morris'stexts, thetexts analyzed
herehad mary ambiguoudinks, even when connectionsvere restrictedto beingmade
betweertermsin the samethesaurugateyory. Anotherproblemresultsfrom thefactthat
themodeldoesnottakeadvantageof thetendeng for multiple simultaneoughainsmight
occuroverthesamantention. For example,Text 4-3of Morris (1988)containsadiscussion
of therole of womenin theUSSRasembodiedn thelife of RaisaGorbache. Two different
chainsspanmostof the text: Oneconsistsof termsrelatingto the Soviet Union andthe
United Statesandthe otherrefersto women,men,husbandsandwives(seeFigure2.3).

Figure2.3: Thetargetintentionalstructureandthe extentsof actualchainsfoundin Morris
88 for text 4-3. Thex-axisindicatessentenceumbersthey-axisindicatesrelative depth
of embeddingf theintentionalstructure.

Another more seriousproblemariseswhen looking at longer texts: chain overlap.
In otherwords, mary chainsendat a particularparagraptwhile at the sametime mary
other chainsextend pastthat paragraph. Figure 2.4 shows the distribution, by sentence
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numbey of selectedermsfrom the Stagazerdext. The®rsttwo termshave fairly uniform
distributionandsoshouldnotbeexpectedo provide muchinformationaboutthedivisions
of the discussion.The next two termsco-occura few timesat the beginning of the text
(althoughstaralsooccursquitefrequentlyattheendof thetext aswell), while termsbinary
throughplanethave considerableverlapfrom sentence$§8 to 78. Thereis a somavhat
well-demarkedlusterof termsbetweersentence85and50, correspondingp thegrouping
togetherof paragraph40,11,and12 by humanjudgeswho have readthetext.

Fromthe diagramit is evidentthatsimply looking for chainsof repeatedermsis not
suf®cientfor determiningsubtopicbreaks. Even combiningtermsthatarecloselyrelated
semanticallynto singlechaings insuf®cientsinceoftenseveraldifferentthemesreactve
in the sameseggment. For example,sentence87 - 51 containdensenteractionamongthe
termsmove, continent,shoreline time, speciesandlife, andall but the latter occuronly
in this region. Few thesauriwould groupall of thesetermstogether However, it is the
casethattheinterlinkedtermsof sentenceS7 - 71 (spacestar binary trinary, astronomer
orbit) arecloselyrelatedsemanticallyassuminghe appropriatesense®f the termshave
beendetermined.

Onewayto getaroundthis dif®cultyis to extendthe Morris algorithmto creategraphs
thatplot the numberof active chainsagainsiparagraplor sentencaumbers.This option
is discussedn moredetailin Section2.7.

Youmans

Anotherrecentanalytictechniqgughatmakesuseof lexical informationis describedn
Youmang1991). Youmansntroducesvariantontype/tolencurves calledtheVocakulary-
ManagemenPro®le that keepstrack of how mary ®rst-timeusesof termsoccur at the
midpoint of each35-wordwindow in a text. Youmans'goalis to studythe distribution
of vocalulary in discourseaatherthanto segmentit alongtopicallines, but the peaksand
valleys in the resultingplots2correlatecloselyto constituentoundariesandinformation
“ow° (althoughYoumanspoints out that they are correlated,but not directly related).
Youmansagins with the hypothesighatnew topicswill be metwith a sharpburstof new
termuses,but this kind of actwity is not visible on a typical type/tokerratio plot. When
insteadof simpletype/tokenratiosthe numberof nev wordswithin aninterval of words
areplotted,thechangedvecomemorevisible.

Youmandiscovers,uponexaminingmary Englishnarratves,essaysandtranscripts,
thatnew vocahulary is introducedessoftenin the ®rstpartthanthe secondartof clauses
andsentencesandthat sharpupturnsafter deepvalleys in the curve signalshifts to new
subjectdn essaysandnew episodesn stories. The analysisfocuseson more®ne-grained
divisionsthanthoseof interestfor TextTiling, subdviding eachparagraphnto multiple
topic units. Youmans®ndsthatfor certainkinds of texts, the pro®lelagsbehindthe onset
of paragraphgor a sentencer two, sincemuchexpositorywriting includesrepetitionof
informationfrom oneparagraphnto the next,

Youmansalso ®ndsthat longerintervals yield smoothermplots, with lower peaksand
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Figure 2.4: Distribution of selectedtermsfrom the Stagazertext, with a single digit
frequeng persentenc@umber(blanksindicatea frequeng of zero).
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shallover valleys thanwith shorterintervals. Stronglyin uenced by linguistic notions,
Youmandriesto castthe resultingpeaksin termsof coordinationrandsubordinatiorrela-
tions,but in thediscussioradmitsthis doesnot seemlike anappropriataiseof theresults.
Youmansdoesnot presentan evaluationof how often the algorithm's valleys actually
correspondo 2informationunits®, andleaveshow to usetheresultsto futurework.

2.6 The TextTiling Algorithm

TheTextTiling algorithmcanbedescribedn termsof acoreandacollectionof optional
embellishmentsln practicein experimentsofar noneof theembellishmentsigni®cantly
improve theperformancef thecorealgorithm;thiswill bediscussedh moredetailbelow.
| groupthe corealgorithmandits variantstogethemundertherubric of TextTiling.

Marny researcherbave studiedthe patternsof occurrenceof characterssetting,time,
andthe otherthematicfactors,usuallyin the contect of narratve. In contrast,TextTiling
attemptgo determinevherearelatively largesetof actve themeshangesimultaneously
regardlesof the typeof thematicfactor Thisis especiallyymportantin expositorytext in
which the subjectmattertendsto structurethe discoursemoreso thancharacterssetting,
etc? For example,in the Stagazergext, a discussiorof continentaimovementshoreline
acreageandhabitabilitygivesway to a discussiorof binaryandunarystarsystems.This
is notsomuchachangen settingor characteasa changdan subjectmatter

Thistheoreticaktancebearsa closeresemblance Chafes notionof The Flow Model
of discours€Chafe1979),in descriptionof which hewrites (pp 179-180):

Our data suggesthat as a speakemovesfrom focusto focus(or from

thoughtto thought)thereare certainpointsat which theremay be a moreor

lessradicalchangen spacetime, charactecon®gurationgventstructure or,

even,world. At pointswhereall of thesechangein a maximalway, an

episodeboundaryis strongly present. But often one or anotherwill change
considerablywhile otherswill changelessradically andall kinds of varied
interactionsdetweertheseseveralfactorsarepossible?

AlthoughChafeswork concerniarratve text, the samekind of obsenrationappliesto
expositorytext. The TextTiling algorithmsaredesignedo recognizeepisodeboundaries
by determiningwvherethethematiccomponentéisted by Chafechangan a maximalway.

The TextTiling algorithmsmakeuseof lexical cohesiorrelationsin a mannersimilar
to thatsuggestetby Skorochod'ka(1972)to recognizevherethe subtopicchangeoccur
This differsfrom the work of Morris & Hirst (1991)in several ways,the mostimportant
of whichis thatthealgorithmemphasizetheinteractionof multiple simultaneoushemes,

2¢f. Sibun (1992)for adiscussiorof how theform of peoples descriptionsftenmirror theform of what
they aredescribing.

SInterestingly Chafe arrived at the Flow Model after working extensiely with, and then becoming
dissatis®edith, a Longacre-styldierarchicamodelof paragraptstructure(lLongacrel979).
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ratherthan following single threadsof discussionalone. Main topics are themesthat
continueon throughouthe ebband o w of theinteractingsubtopics.

Many researcherge.g.,Halliday & Hasan(1976), Tannen(1989),Walker(1991))have
notedthat term repetitionis a strongcohesionindicator In this work, term repetition
alone whenusedin termsof multiple simultaneoushreadsof information,is avery useful
indicatorof subtopicstructure. This sectiondescribeghe corealgorithmfor discosering
subtopicstructureusingtermrepetitionasa lexical cohesionndicator

The corealgorithm comparesfor a given window size, eachpair of adjacentblocks
of text accordingto how similar they arelexically (seeFigure2.5). This methodassumes
thatthe moresimilar two blocksof text are,the morelikely it is thatthe currentsubtopic
continuesand,cornverselyif two adjacenblocksof text aredissimilar thecurrentsubtopic
giveswayto anew one.

1 2 3 4 5 ©6 7 8

A A B A B | K J

B C CcC D F J L M

C E F F J K M N

D F H | K L N P

E G I B M M O Q
NS NSNS

Figure2.5: lllustrationof the corelexical cohesiorcomparisoralgorithm. Letterssignify
lexical items,numberssignify sentenc@umbers.In the diagram,similarity comparisons
doneon adjacenblockswith ablocksizeof 2. Arrowsindicatewhichblocksarecompared
to yield scoresfor sentencegaps2, 4, and 6. Blocks are shifted by one sentenceor
similarity measurement®r gaps3, 5, and7.

The rationalebehind this stratgy is that it is an attemptto detectwhen a dense,
interrelateddiscussiorendsanda new onebggins,in the spirit of Skorodch'kosPiecavise
Monolithic discourseopology Theappearancef a setof new termsindicatesthe onset
of anew topic,asin Youmans'approachbut therepetitionof existing termsalsoprovides
helpful evidencexz thatis, evidencethatthe currentdiscussioris still ongoing. However,
thereis noexplicit requiremenabouthow closetogetheindividualtermsmustbe. In other
words,thealgorithmdoesnot needto specifyhow far apartindividualtermscanbe;rather
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it looksfor achangen theoverall patternsamongthetermsin the blocksbeingcompared.
Thecorealgorithmhasthreemainparts:

1. Tokenization
2. Similarity Determination

3. Boundaryidenti®cation

Eachis describedn detailbelow.

2.6.1 Tokenization

Tokenizationrefersto the division of the input text into individual lexical units, and
is sensitve to the format of the input text. For example,if the documenthas markup
information, the headerand other auxiliary informationis skippeduntil the body of the
text is located. Tokensthatappeaiin the body of the text are corvertedto all lower-case
characterandcheckedgainststoplist® of 898words,themostfrequentermsin alarge
text collection. If thetokenis astopwordhenit is notpasse@nto thenext step.Otherwise,
thetokenis reducedo its rootby amorphologicahnalysigunctionwhich usesWordNet's
nounandverbtermlists andexceptionlists, corverting regularly andirregularly in ected
nounsandverbsto theirroots.

The text is subdvided into psuedosentenced a pre-de®nedizew (a parameteiof
the algorithm) ratherthan actualsyntactically-determinedentencesthus circumwenting
normalizationproblems. For the purposesf the restof the discussiorthesegroupings
of tokenswill be referredto astoken-sequencedn practice,settingw to 20 tokensper
token-sequenagorksbestfor mary texts. Themorphologically-analyzetbkenis storedn
atablealongwith arecordof thetoken-sequenasumberit occurredn, andhow frequently
it appearedn the token-sequenceA recordis alsokeptof the locationsof the paragraph
breakswithin thetext.

2.6.2 Similarity Determination

The next stepis the comparisonof adjacentpairs of blocks of token-sequence®r
overall Iexical similarity. (Seethe sketchin Figure2.5.) Anotherimportantparametefor
the algorithmis the blocksize the numberof token-sequencebat are groupedtogether
into a block to be comparedagainstan adjacenigroup of token-sequencesThis value,
labeled , variesslightly from text to text; asaheuristicit is the averageparagraphength

(in token-sequences)in practice,a value of 6 works well for mary texts. Actual
paragrapharenotusedbecaus¢heirlengthscanbehighly irregular, leadingto unbalanced
comparisons.

Similarity valuesarecomputedor every token-sequenagapnumber;thatis, ascoreis
assignedo token-sequencgap correspondingo how similar the token-sequencdsom
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token-sequence through aretothetoken-sequencédsom 1to 1. Notethat
this moving window approachmeanghateachtoken-sequencappearsn 2 similarity
computations.

Similarity betweerblocksis calculatedoy a cosinemeasuregiventwo text blocks ;
and ,, eachwith token-sequences,

where rangeoverall thetermsthathave beenregisteredduringthetokenizatiorstep,and

, Istheweightassignedo term in block ;. In thecoreversionof thealgorithm,the
weightson the termsare simply their frequeng within the block. Thusif the similarity
scorebetweentwo blocksis high, then the blocks have mary termsin common. This
formulayieldsascorebetweerD andl, inclusie.

Thesescoreanbeplotted,token-sequenceumberagainssimilarity score.However,
sincesimilarity is measuredetweenblocks ; and ,, where ; spanstoken-sequences

through and ,spans 1to 1, themeasuremerg’ -axiscoordinatefalls

betweertoken-sequencesand 1. Thereforethe -axiscorrespond$o token-sequence
gapnumber .

2.6.3 Boundary Identi®cation

Boundaryidenti®catiortakesplacein sereral steps. First, the plot is smoothedwith
averagesmoothingthatis,

for eachtoken-sequencgap andanevenwindow size 1
®ndthescoresnfthe 2 gapsto theleft of
®ndthescorefthe 2 gapsto theright of
®ndthe scoreat
takethe averageof thesescoresandassignit to

repeathis procedure times

In practice for mostof the examinedtexts, oneroundof averagesmoothingwith awindow
sizeof threeworksbest.

Boundariesaredeterminedy changesn thesequencef similarity scores.Thetoken-
sequencgapnumbersareorderedaccordingto how steeplythe slopesof the plot areto
eithersideof thetoken-sequencgap,ratherthanby their absolutesimilarity score.For a
giventoken-sequenagap , thealgorithmlooksatthescoreof thetoken-sequenagapsto
theleft of aslongaretheirvaluesareincreasingWhenthevaluesto theleft peakout,the
differencebetweerthescoreatthepeakandthescoreat isrecorded.Thesameprocedure
takesplacewith thetoken-sequenagapsto therightof ; theirscoresareexaminedaslong
asthey continueto rise. The relative heightof the peakto theright of is addedto the
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relative heightof the peakto theleft. (A gapoccurringata peakwill have a scoreof zero
sinceneitherof its neighborss higherthanit.)

Thesenew scores,calleddepthscorescorrespondingo how sharpa changeoccurs
on both sidesof the token-sequencgap,are sorted. Segmentboundariesareassignedo
the token-sequencgapswith the largestcorrespondingcores,adjustedas necessaryo
correspondo true paragraplbreaks.A proviso checkis donethat preventsassignmenof
very closeadjacensggmentboundariesCurrentlytheremustbe atleastthreeintervening
token-sequencdsetweerboundaries.This helpscontrolfor the fact thatmary texts have
spuriousheadeinformationandsingle-sentencparagraphs.

A consequencef theboundarydeterminatiorstratgy is thatatoken-sequenagapthat
liesbetweertwo sharplyrising peakswill receve ahigherscorethanatoken-sequenagap
in themiddle of alongvalley with low hills. Thusa gapwith ahigh peakon only oneside
canreceve agood-sizedscore.A potentialproblemoccursif thereis arise on onesideof
agap,andadeclineontheother However, thegapatthebottomof thedeclinewill receve
aneven largerscorethanthe ®rstgapandsowill overrulethe ®rstgap's score,if thetwo
gapsareclosetogether Onthe otherhandif thetwo gapsarefar apart,thereis probablya
call for theintermediategapto sere asaboundary

Anotherissueconcernghe numberof sgmentsto be assignedo a document.Every
paragraphs a potentialsggmentboundary Any attemptto makean absolutecutoff is
problematicsincetherewould needto be somecorrespondences the documenstyle and
length. A cutoff basedn aparticularvalley depthis similarly problematic.

| have devisedamethodfor determininghow mary boundarieso assigrthatscalesith
thesizeof thedocumenandis sensitve to the patternof similarity scoreghatit produces.
The cutoff is afunction of the averageandstandardieviationsof the depthscoredor the
text underanalysis.Currentlyaboundaryis dravn only if thedepthscoreexceedsA 2.

2.6.4 Embellishments

Therearesereralwaysto modify thealgorithmin orderto attempto improveits results.
Someof theseare:

Varyingthe speci®c®f tokenizationge.g.,increasingor reducingthe stoplistor the
degreemorphologicabnalysige.g.,derivationalvs. in ectional vs. no analysis)

Usingthesauratelationsin additionto termrepetitionto makebetterestimatesibout
thecohesvenesf thediscussion.

Usinglocalizeddiscoursecueinformationto helpbetterdetermine=xactlocationsof
boundaries.

Weightingtermsaccordingo their prior probability, how frequentthey arein thetext
underanalysispr someotherproperty
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Usingadifferentsimilarity measuresuchasonethatweightsthetermsaccordingo
agaussiaristribution centerecat eachtoken-sequencgapnumber

Treatingthe plot asa probabilistictime seriesanddetectedhe boundariepasedon
thelikelihood of a transitionfrom nontopicto topic#

Earlier work (Hearst1993) incorporatedthesauralinformationinto the algorithms;
surprisinglythe latestexperiments®ndthat this information degradesthe performance.
This could very well be dueto problemswith the thesaurusand assignmenglgorithm
used(a variation on that describedin Chapter4. A simple algorithm that just posits
relationsamongtermsthatarea small distanceapartaccordingto WordNet(Miller et al.
1990)or Rogets 191 1thesaurugfrom ProjectGutenbeg), modeledafterMorrisandHirst's
heuristicsmightworkbetter Thereford donotfeeltheissuas closedandinsteadcconsider
successfujroupingof relatedvordsasfuturework. As anothepossiblelternatve Kozima
(1993)hassuggestedsinga (computationallyexpensve) semantisimilarity metricto ®nd
similarity amongtermswithin a smallwindow of text (5 to 7 words). This work doesnot
incorporatehenotionof multiple simultaneoushemedut insteadust triesto ®ndbreaks
in semanticsimilarity amongasmallnumberof terms. A goodstratgy maybeto substitute
this kind of similarity informationfor term repetitionin algorithmslike thosedescribed
here. Anotherpossibilitywould be to usesemanticsimilarity informationascomputedn
Schiize(1993b),Resnik(1993),or Daganetal. (1993).

The useof discoursecuesfor detectionof sggmentboundariesand other discourse
purposeshas beenextensvely researchedalthoughpredominantlyon spokentext (see
Hirschbeg & Litman (1993)for a summaryof six researctgroups'treatmentf 64 cue
words). It is possiblethatincorporationof suchinformationmay help improve the cases
wherethe algorithmis off by oneparagraphasmight referenceaesolutionor anaccount
of tenseandaspect. Informal experimentswith versionsof all of the otheritemsdo not
seento producesigni®cantiypetterresultsthanthe moststripped-davn versionof thecore
algorithm.

Anotherwayto alterthealgorithmis to changehecomparisorstratgy. It is possibleo
modify theapproaclof Morris & Hirst (1991),discussedbore, to takemultiple simulta-
neoughemesnto accountandto applyit to the multi-paragraptseggmentatiorproblemas
opposedo the attentional/intentionadegmentrecognitionproblem.Ratherthanassuming
thateachchaincorresponddirectlyto onesegment,andviceversaanalgorithmcancreate
acollectionof active chainsandthenplaceboundariestthe pointsin thetext wheremore
chainsareinactive thanactive (seeFigure2.6). Thisapproacldoesnotmakeuseof explicit
chainreturns;they areaccountedor implicitly instead.A versionof Youmans'algorithm
(Youmansl991),alsodiscusse@bove, andmodi®edo applyto largersegmentatiorunits,
might alsoprove successfulalthoughpreliminaryexperimentsdid not shaw it to perform
signi®canthybetter

4] amgratefulto IsabelleGuyonfor herhelpwith this suggestion.
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1 2 3 4 5 6 7 B
A X X X
B x X X
C x x X
D x X
E x x X
F X|X X X
| X X X
J X X X
K X X |[|X
L X X
M X X |[x x
N v v v X

Figure2.6: Accumulatingcountsof chainsof terms:letterssignify lexical items,numbers
signify token-sequenceumbers, x' indicatesthatthetermoccursin the token-sequence,
“-" indicatecontinuatiorof achain,andarrovscutthroughtheactive chainsthatcontribute
tothecumulatve countfor token-sequenamaps2,4, and6. Inthediagranthereis evidence
for abreakbetweertoken-sequenceband5 because¢herearefew active chainsthere.

2.7 Evaluation

Oneway to evaluatetheseseggmentationalgorithmsis to compareagainsgjudgments
madeby humanreadersanotheris to seehow well the resultsimprove a computational
task, and a third possibleevaluationmeasurds to comparethe algorithmsagainsttexts
pre-markedoy authors. This sectioncompareghe algorithm againstreaderjudgments,
sinceauthormarkupsarefallible andare usuallyappliedto text typesthatthis algorithm
is not designedor, and Chapter3 shavs how to usetiles in a task (althoughit doesnot
formally prove that the resultsof the algorithmimprove the task more than someother
algorithmwith similar goalswould).

2.7.1 ReaderJudgments

Judgments/ereobtainedrom sevenreadergor eachof thirteenmagazinaurticleswhich
satis®edhe length criteria (between1800 and 2500 wordsf and which containedlittle
structuraldemarkationThejudgeswereaskedsimply to markthe paragrapfboundariest

SOnelongertext of 2932wordswasusedsincereadejudgmentshadbeenobtainedor it from anearlier
experiment. Note thatthis representan amountof testdataon the orderof thatusedin the experimentsof
Passonnead Litman (1993). JudgeswveretechnicalresearchersTwo texts hadthreeor four shortheaders
whichwe removed.
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whichthetopicchangedthey werenotgivenmoreexplicit instructionsabouthegranularity
of thesggmentation.

Figure2.7(a)shavstheboundariesnarkedby sevenjudgesonthe Stagazerdext. This
formathelpsilluminate the generatrendsmadeby the judgesandalsohelpsshov where
andhow oftenthey disagree.For instanceall but onejudgemarkeda boundarybetween
paragraph® and3. Thedissentingudgedid mark a boundaryafter 3, asdid two of the
concurringjudges. The next threemajor boundarieccurafter paragraph®, 9, 12, and
13. Thereis somecontentionn thelaterparagraphghreereadersnarkedooth 16 and18,
two markedl8 alone,andtwo markedl7 alone.Theoutlinein Section2.1givesanideaof
whateachsegmentis about.

Passonnead Litman (1993)discussat length considerationsboutevaluating seg-
mentationalgorithmsaccordingto readerjudgmentinformation. As Figure2.7(b)shaws,
agreemenamongjudgesis imperfect,but trendscanbe discerned.In Passonnea& Lit-
man's (1993) data,if 4 or more out of 7 judgesmark a boundary the sggmentationis
found to be signi®canusing a variationof the Q-test(Cochran1950). My datashaved
similar results. However, it isn't clearhow usefulthis signi®canceénformationis, since
a simplemajority doesnot provide overwhelmingproof aboutthe objectve reality of the
subtopicbreak. Sincereaderftendisagreeaboutwhereto drav a boundarymarkingfor
atopicshift, onecanonly usethegeneratrendsasa basisfrom whichto comparelifferent
algorithms.Sincethegoalsof TextTiling arebettersenedby algorithmsthatproducemore
ratherthanfewer boundariesl, setthe cutoff for 2true® boundarieso threeratherthanfour
judgesperparagraph. Theremaininggapsareconsideresionboundaries.

2.7.2 Results

Figure2.7(b)shavs a plot of theresultsof applyingthe block comparisoralgorithmto
theStaigazertext. Whenthelowermostortionof avalley is notlocatedataparagraplyap,
thejudgmenis movedtothenearesparagraplyap’ Forthemostpart,theregionsof strong
similarity correspondo theregionsof strongagreemenamongthereaders(Theseresults
were®fth highestout of the 13 testtexts.) Note however, thatthe similarity information
aroundparagraph 2 is weak. This paragraplactsasa summaryparagraphsummarizing
the contentsof the previous threeand revisiting muchof the terminologythat occurred
in themall in onelocation (in the spirit of a Grosz& Sidner(1986)2pop°® operation).
Thusit displayslow similarity bothto itself andto its neighbors.This is anexampleof a
breakdevn causedy theassumptiomboutthelinearsequencef thesubtopicdiscussions.
It is possiblethatanadditionalpassthroughthetext could be usedto ®ndstructureof this
kind.

SParagraph®f threeor fewer sentenceserecombinedwith their neighborif thatneighborwasdeemed
to follow at2true® boundaryasin paragraph® and3 of the Staigazerdext.

"Theneedfor this adjustmenimight be explainedin partby Stark(1988)who shavsthatreaderslisagree
measurablyaboutwhereto place paragraptboundariesvhen presentedvith texts with thoseboundaries
removed.
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(b)

Figure2.7: (a) Judgmentsf sevenreader®ntheStagazertext. Internalnumbersndicate
locationof gapsbetweerparagraphsx-axisindicatestoken-sequencgapnumber y-axis
indicatesjudge number a breakin a horizontalline indicatesa judge-speci®edeggment
break.(b) Resultsof theblock similarity algorithmonthe Staigazertext. Internalnumbers
indicateparagrapmumbersx-axisindicatesoken-sequencgapnumber y-axisindicates
similarity betweenblocks centeredat the correspondingoken-sequencgap. Vertical
linesindicateboundariechoserby the algorithm;for example,the leftmostverticalline
represents boundaryafterparagrapt8. Note how thesealign with the boundarygapsof

(@).
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Precision| Recall

avg sd |ag sd
Baseline33% | .44 .08 | .37 .04
Baseline41% | .43 .08 | .42 .03

Chains .64 .17 | 58 .17
Blocks .66 .18| .61 .13
Judges .81 .06|.71 .06

Table2.1: PrecisiommandRecallvaluesfor 13testtexts.

Total Baseline41% (avg) Blocks Chains Judgeqavg)
Text || Possible| Prec Rec C | | Prec Rec C | | Prec Rec C | | Prec Rec C I
1 9 44 44 4 5 1.0 78 7 0 1.0 78 7 0 .78 .78 7 2
2 9 .50 44 4 4 .88 78 7 1 75 33 3 1 .88 .78 7 1
3 9 .40 44 4 6 78 78 7 2 56 56 5 4 .75 .67 6 2
4 12 .63 42 5 3 86 50 6 1 .56 42 5 4 91 83 10 1
5 8 43 38 3 4| .70 75 6 2| 86 75 6 1| 86 .75 6 1
6 8 40 38 3 9| 60 75 6 3 42 63 5 8 75 7% 6 2
7 9 .36 44 4 7 60 56 5 3 40 44 4 6 .75 67 6 2
8 8 43 38 3 4 50 63 5 4 67 75 6 3| .86 7% 6 1
9 9 36 44 4 7 50 44 4 3 60 33 3 2| .75 67 6 2
10 8 50 38 3 3 50 50 4 3 63 63 5 3| .86 7% 6 1
11 9 36 44 4 7 50 44 4 4 71 56 5 2 .75 67 6 2
12 9 44 44 4 5 50 56 5 5 54 78 7 6 .86 67 6 1
13 10 36 40 4 7 30 50 5 9 60 60 6 4| .78 0 7 2

Table 2.2: Scoresby text, shawing precisionandrecall. (C) indicatesthe numberof
correctlyplacedboundaries(l) indicatesthe numberof insertedboundaries.The number
of deletedooundariesanbedeterminedy subtracting C) from Total Possible.

The®nalparagrapls asummaryof theentiretext; thealgorithmrecognizeshechange
interminologyfromtheprecedingaragraphandmarksaboundarypnly two of thereaders
choseto differentiatethe summary;for this reasonthe algorithmis judgedto have made
an error even thoughthis sectioningdecisionis reasonable.This illustratesthe inherent
fallibility of testingagainstreaderjudgmentsalthoughin partthis is becausehe judges
weregivenlooseconstraints.

Following theadviceof Galeetal. (1992a)] compardhealgorithmagainsbothupper
andlowerbounds.Theupperboundin thiscasds theaverageof thereadejudgmentata.
Thelowerboundss abaselinalgorithmthatis asimple reasonablapproactio theproblem
thatcanbeautomatedin thetestdata boundariesreplacedn about41%of theparagraph
gaps.A simpleway to sggmentthetextsis to placeboundariesandomlyin thedocument,
constrainingthe numberof boundariego equalthat of the averagenumberof paragraph
gapsassignedy judges.A programwaswrittenthatplacesa boundaryrandomlyat each
potentialgap41% of thetime, wasrun alarge numberof times(10,000)for eachtext, and
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theaverageof thescoresf theserunswasfound.

The algorithmsare evaluatedaccordingto how mary true boundarieshey selectout
of the total selectedprecision)andhow mary true boundariesare found out of the total
possibleg(recall)(Salton1988). Therecallmeasuremplicitly signalsthenumberof missed
boundariegfalsenegatives,or deletionerrors);thetablealsoindicateshe numberof false
positives, or insertionerrors,explicitly. The precisionandrecall for the averageof the
resultsappeain Table2.1 (resultsat 33%arealsoshavn for comparisorpurposes).

| alsocomparedhe core TextTiling algorithmagainstthe chainingalgorithmvariant
discussedn Section2.6.4. Thebestvariationon the chainingalgorithmallows gapsof up
to six token-sequencdseforethe chainis consideredo be broken.For bothalgorithmsw
is 20,andmorphologicabnalysisanda stoplistareapplied,asdescribedn Section2.6.1.

Table2.1shavsthattheblockingalgorithmis sandwichedbetweertheupperandlower
bounds. The block similarity algorithmseemsto work slightly betterthanthe chaining
algorithm,althoughthe differencemay not prove signi®canbver the long run. Table2.2
shavs someof theseresultsin moredetail.

In mary caseghe algorithmsare almostcorrectbut off by one paragraphespecially
in the texts that the algorithm performspoorly on. Whenthe block similarity algorithm
is allowedto beoff by oneparagraphthereis dramaticimprovementin the scoredor the
texts thatlower partof Table2.2, yielding anoverall precisionof 83% andrecall of 78%.
As in Figure2.7, it is oftenthe casethatwherethe algorithmis incorrect,e.g.,paragraph
gapll,theoverallblockingis very closeto whatthejudgesintended.

2.8 An ExtendedExample: The Tocqueville Chapter

Thissectionllustratesheresultsof TextTiling onChapterl, Volumel of Tocqueville's
Democacyin Americadiscusseth Section2.3.3.As mentionedhere thistext is interest-
ing becauséhe authorhasprovideda subtopic-likestructurein the chaptempreamble.The
text of the chaptey labeledwith paragrapmumbersandsectioninginformationfrom the
tiling algorithm,appearsn AppendixA. The paragraph-ieel breakdevn of the subtopic
descriptionss reproducedn Figure2.8for corvenientreferenceandFigure2.9 shavsthe
correspondinglot producedy theTextTiling algorithm. Notethatthelasttwo paragraphs
in thetext aresummaryin nature andarenotreferredto in the subtopiclist.

Comparingthe resultsof tiling againstthe subtopiclist of Figure2.8, we seethatthe
algorithmis generallysuccessfulHowever, it doesnakesomeoff-by-oneerrorsandinserts
at leastoneboundarythatis not speci®edy the subtopiclist. Figure2.10compareghe
resultsof the algorithmto thatspeci®edn Tocqueille's subtopiclist accordingto token-
sequencgapnumber(the ®nalparagraphsrenot shavn sincethey arenot referredto in
Tocqueille' ssubtopidist). Usingthe precision/recalineasuresf theprevioussectionwe
seethataccordingto theseboundarieghe algorithmcorrectlychoose$/9 of the possible
boundariegrecall= 67%),andof theboundaries# choosest/9werealsochoseraccording
to the subtopicstructure(precision= 67%). Looking at Figure2.10andat the text of the
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01-06 North Americadividedinto two vastregions,onein-
clining towardsthePole theothertowardstheEquator

07-09 Valley of the Mississippi
10-11 Tracesfoundthereof therevolutionsof theglobe

12-13 Shoreof the Atlantic Ocean,on which the English
colonieswerefounded

14-16 Differentaspect®f Northandof SouthAmericaatthe
time of their discovery

17-18 Forestsof North America

19-19 Prairies

20-20 [The tribes'] outwardappearancegustoms,and lan-
guages

21-25 Wanderingribesof natives

26-28 Tracesof anunknavn people.

Figure2.8: Paragraph-leel breakdevn of the subtopicstructureof Tocqueville Ch. 1 Vol.
1, repeatedherefor corvenientreference.

0.4

0.3 I~ —

0.2 12 | 3 8 1a11 1213 135 16 17 18 19 20 21 223 24 2526 27\ 28 29 —

0.1 —

o 1 1 1 1 1 1 1
o 20 40 60 80 100 120 140 160

Figure2.9: Resultsof theblocksimilarity algorithmon Chapterl, Volumel of Democacy
in America Internalnumberandicateparagraptyapnumberge.g.,thenumber10' indi-
categhattheboundaryfalls betweerparagraph8 and10),x-axisindicatedoken-sequence
gapnumbery-axisindicatessimilarity betweerblockscenteredtthecorrespondingpoken-
sequencgap. Verticallinesindicateboundarieshoserby the algorithm.
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SN

Figure2.10: Anotherview of theresultof theblock TextTiling algorithmontheTocqueille
chapter Thebottomrow correspond$o aninterpretatiorof Tocqueille's subtopidabels,
the top row correspondgo the output of the algorithm. The internal numbersindicate
paragraptyapnumbersandthex-axiscorrespond$o token-sequenagapnumber

chapterwe seethattheresultsarebetterthanthesenumberamightindicate.

For example,sincethereis a mentionof prairiesin the subtopiclist, | have chosen
to specifya breakbetweenparagraph4d9 and 20, despitethe fact that paragraph9is a
continuationof the discussiorof forestsandhasonly the barestmentionof prairies. The
algorithmproducesa healthypeakcorrespondingo the focuson woodlandsand ora of
paragraphd7 - 19. The stretchof paragraph21 - 25 is brokeninto two peaksby the
algorithm,the®rstcorrespondingo a discussiorof the characteristicef apeople andthe
secondcorrespondingo a comparisorbetweerEuropeansndthesepeople.

Thediscussiorcorrespondingo 2Valley of the Mississippi®wasassignegaragraph3
- 9, althoughmostof the discussionyith the exceptionof the ®rstsentencef paragraph
7, refersto the river more thanto the valley. Correspondinglythe plot in Figure 2.9
risesmidwaythroughthe discussiorof paragrapty andthe programhasto makea choice
betweenmarkingthe boundaryfollowing paragrapl6 or paragrapty. Sinceneitherone
correspondslirectly to thevalley in theplot, thedecisiongoesto gapwith the sharperise
ononeside.

Anotherexampleof the contentof theparagraphsot correspondingo theirform, I' ve
markedparagraph40andl11 ascorrespondingo 2Tracesfoundthere[in the Valley of the
Mississippi]of therevolutionsof theglobe®. However, thediscussiorof therivercontinues
aboutonethird of thewaythroughparagrapti0, afterwhichthediscussiorof theprimeval
oceanstartsup. This patternis re ectedin theplot of Figure2.9.

Finally, thealgorithmdoesnot markaboundarybetweerparagraph41 and12. There
is adip in the plot following paragrapi2 (which is off by onesentencérom the desired
boundaryafter11), but therestrictionon allowing very closeneighborgpreventsthis from
beingmarked dueto paragrapi2's proximity to 13.

Overall,then thealgorithmdoesquitewell atidentifyingthe mainsubtopidooundaries
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of the Tocqueville chapter In several casesn which the algorithmseemsdo be off, it is

theresultof the fact thatthe actualtransitiontakesplacemid-paragraph.This is perhaps
an agumentfor looseningthe restrictionof TextTiling into non-overlappingtext units,

especiallywhenusedfor the purpose®f userinterfacedisplay?®

2.9 Conclusions

Thischaptehasdescribelgorithmdgor thesegmentatiorof expositorytextsinto multi-
paragraphdiscourseunitsthatre ect the subtopicstructureof thetexts. It hasintroduced
the notion of the recognitionof multiple simultaneoughemesas an approximationto
Skorodch'kosPiecaviseMonolithic text structretype. Thealgorithmisfully implemented
andtermrepetitionalone without useof thesauratelations knowledgebasesopr inference
mechanismsyorkswell for mary of theexperimentakexts.

The chainingalgorithmvariationis adaptedrom thatof Morris & Hirst (1991),with
thefollowing differences{i) thescorefrom multiple simultaneoushainsarecombinecdat
theboundaryof eachsentencéor token-sequencgndusedto determinevheresegment
breaksshouldbe made (ii) nothesaurusermsareused,and(iii) nochainreturnsareused
to determingf a chainthatbrokeoff restartedater This algorithmseemscomparableo
theblockalgorithm;in bothcasespnealgorithmperformsbetterthanthe otheron someof
thetesttexts. This maywell occurbecausdoth algorithmsmakeuseonly of lexical co-
occurrencenformation,andthe evidencefor boundariegjivenby thiskind of information
isimpoverishedcomparedo thephenomend triesto accountfor. Furthermorethereader
judgmentdatabeingusedasa yardstickis notterribly reliablesinceagreemenamongthe
judges,althoughsigni®cantat frequeng four accordingto the measureof Passonneag
Litman (1993),is still ratherlow. Apparentlythereis morethanoneway to tile atext, as
indicatedby disagreemeramongjudgesandalgorithms.Furthermorein bothversionsof
the algorithm,changego the parameter®f the algorithmperturbthe resultingboundary
markings. Thisis anundesirablgropertyandperhapsould be remediedwvith somekind
of information-theoretiéormulationof the problem?

Theseissuesare not too damagingif the resultsare useful. Chapter3 describesa
new informationaccessramenork which usesthe resultsof the block tiling algorithmto
determinewhethertermsin a queryoverlapin a passage.Although no attemptis made
thereto shav formally that the tiles perform betterthan randomly divided texts (since
platformsfor evaluationof suchinformationdo not currentlyexist), informal interactions
with that systemindicatethat whentiling is correctthe resultsof the systemare better
thanwhentiling is incorrect. This indirectevidenceimpliesthatthetechniquedespitethe
disagreemenin judgmentsamongreadersandthe errorsin the algorithmitself, is better
thanarbitrarily dividedtexts or paragraphalone.

8] amgratefulto JanPederseffor this obseration.
9Thisideawassuggestethy GraemeHirst andAndreasStolcke.
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Chapter 3

Term Distrib ution In Full-Text
Inf ormation Access

3.1 Intr oduction

As mentionedn Chapterl, mostinformationretrieval methodsarebettersuitedto titles
andabstractshanfull text documentsin this chapteyl aguethatthe adwentof full-length
text shouldbeaccompanietly correspondingien approachet informationaccessMost
importantly | emphasizehat even morethanshorttext, full text requires contet term
contet is importantin computingretrieval rankingsandin displayingretrieved passages
anddocuments.

Informationaccessnechanismshouldnot be thoughtof asretrieval in isolation. The
mechanismior queryingaswell asdisplayareintimatelytiedwith theretrieval mechanism,
whetherthe implementorrecognizeghis or not. Cutting et al. (1990:1)adwcatea text
accesyaradigmthat 2weaves togetherinterface,presentatiorand searchin a mutually
reinforcingfashion®;this viewpointis adoptechereaswell.

In Hears& Plaunt1993) wesuggesthatin theanalysif full-lengthtextsadistinction
shouldbemadebetweemaintopicsandsubtopicsandwe suggesthatuserdeallowedto
specifyasearchor asubtopicwith respecto somemaintopic. To seewhy this distinction
might be useful,considerthe following scenario:A userwould like to ®nda discussion
of funding for cold fusion research. Thereis a long text aboutcold fusion that hasa
two-paragrapldiscussiorof fundingtwo-thirdsof theway in. This discussionpecausét
is in the contet of a documentaboutcold fusion, doesnot mentionthe term cold fusion
arywherenearthe discussiorof funding. A full-documentretrieval will eitherassignlow
rankto thisdocumenbecauséunding-relatedermsareinfrequentrelativeto thewhole,or
elseit will assignrhighrankto anyarticlesaboutcoldfusion. A retrieve againstndividual
paragraphsr sgmentswill eitherassigriow rankto thisdocumenbecausé will seeonly
fundingtermsbut no cold fusiontermsin therelevantsegment,or it will give high rankto
anydocumentshathave discussionsf funding. Thusthedistributionof termswith respect
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to oneanothercanplay arole in determiningthe potentialrelevanceof a documento a
query

In this chapterl emphasizeghe importanceof relative term distribution information
in informationaccessrom full-text documents.The chapter®rstdiscusseshe standard
informationretrieval rankingmeasureslt thensuggestshat because¢he makeupof long
textsis qualitatvely differentfrom thatof abstracteindshorttexts, thestandar@épproaches
arenotnecessarilappropriatdor longtexts. Sinceacritical aspecbf longtext structurds
thepatternof termdistribution,| enumeratéhepossibledistributionrelationsthatcanhold
betweerntwo setsof terms,andmakepredictionsaboutthe usefulnes®f eachdistribution
type.

| thenpointout thatexisting approachet informationaccesslo notsuggesawayto
usethisdistributionalinformation. Furthermorestandaraankingmechanismareopaque;
usersdo not know what role their query terms playedin the ranking of the retrieved
documentsThis problemis exacerbateavhenretrieving againsfull-text documentssince
it is lessclearhow thetermsin thequeryrelateto thecontentof alongtext thananabstract.

An analogousituationarisesin theuseof querylanguagesin bothcaseghesituation
canbeimproved by makinginformationvisible andexplicit to the largestextent possible
(while avoiding compleity). A seriousattitudetoward considerationsf clarity andcon-
ciseness$eadsto aninformationaccesgaradigmn which the queryspeci®catioandthe
resultsof retrieval areintegrated andtherelationshipsetweerthequeryandtheretrieved
documentsiredisplayedclearly

Towardtheseends,| introducea new displayparadigmgcalledTileBars,which allows
theuserto simultaneouslyiew the relative lengthof theretrieved documentsthe relative
frequeng of thequeryterms andtheirdistributionalpropertiesvith respectothedocument
andeachother | shav TileBarsto be a usefulanalyticaltool for determiningdocument
relevancewhenappliedto samplequeriesrom the TREC collection(Harman1993),andl
suggestisingthistool to helpexplainwhy standardnformationretrieval measuresucceed
or fail for agivenquery

| alsodiscusggeneralissuesn passageetrieval. No testcollectionsexist for passage
retrieval, andin generalthe issuehasnot beenwell-de®ned.Therefore] suggesthatthe
issuesf relative distribution of termsandcontext from which the passagés extractedbe
takeninto accounin the developmenif atestcollectionfor passageetrieval.

3.2 Background: Standard Retrieval Techniques

Thepurposeof informationretrievalis to developtechniqueso provide effectiveaccess
to large collectionsof objects(containingprimarily text) with the purposeof satisfyinga
users statedinformationneed(Croft & Turtle 1992). The mostcommonapproaches$or
this purposeare Booleanterm retrieval and similarity search. | usethe term 2similarity
search®asan umbrellaterm covering the vectorspacemodel (Salton1988), probabilistic
models(van Rijsbegen 1979), (Cooperet al. 1994), (Fuhr & Buckley 1993), and ary
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otherapproachwhich attemptsto ®nddocumentghat are mostsimilar to a queryor to
oneanothembasedn thetermsthey contain.In similarity searchthe bestoverall matches
arenot necessarilyhe onesin which the largestpercentag®f the querytermsarefound,
however. For example,givena querywith 30 termsin it, the vectorspacemodelpermits
a documenthat containsonly a few of the querytermsto be rankedvery highly if these
wordsoccurinfrequentlyin the corpusasawhole but frequentlyin thedocument.

In thevectorspacemodel(Salton1988),aquery'stermsareweightedandplacednto a
vectorthatis comparedagainstvectorsrepresentinghe document®f the collection. The
underlyingassumptions thatdocumentstontentcanberepresenteth ageometricspace
andtherelative distancebetweertheir vectorsrepresentsheir relative semantiaistance.
In probabilisticmodelgvanRijsbegen1979),thegoalis to rankthedatabasef documents
in orderof their probabilityof usefulnessor satisfyingthe users statednformationneed.
However, in practicethesesystemsalso representjueriesand documentswith weighted
termsandtry to predictthe probabilityof relevanceof adocumento aqueryby combining
thescoresof theweightedterms.

In Booleanretrieval a queryis statedin termsof disjunctionsconjunctionsandnega-
tionsamongsetsof documentshatcontainparticularwordsandphrases.Documentsare
retrieved whosecontentssatisfy the conditionsof the Booleanstatement.The userscan
have morecontrolover whattermsactuallyappeain theretrieveddocumentshanthey do
with similarity search. However, adravbackof Booleanretrieval is thatin this framewvork
no rankingorderis speci®ed.This problemis sometimesassuagedtby applyingranking
criteriaasusedin similarity searcho theresultsof the BooleansearchFox & Koll 1988).

Mostinformationretrieval similarity measuresreatthetermsin adocumenuniformly
throughout. Thatis, a term's weight is the sameno matterwhereit occursin the text.!
Many researcherassumehis is avalid assumptiorwhenworking with abstractssinceit
is afair approximatiorto saythatthelocationof the term doesnot signi®cantleffect its
import. Thesecommentsapplyaswell to shortnews articles,anothertext type commonly
studiedin informationretrieval research.

Althoughthereareotherapproachesuchasknowledge-basedystemse.g.,McCune
etal. (1985),Fungetal. (1990),Mauldin (1991),DeJong1982),which attempto interpret
thetext to somedeggree andsystemshatattempto answequestionse.g.,0'Connor(1980)
andKupiec(1993),the bulk of informationretrieval researchhasfocusedon satisfyinga
guerythat canbe paraphraseds: 2Find more documentdike this one® This a natural
way to phrasea query andis perhapneof the moreaccessibléo formalization,but it is
certainlynotthe only usefulquestionto allow a userto ask. In the next sectionl describe
why alternatvesto the query2Find moredocumentdike this one®shouldbe considered
for full-text informationaccessandoutlineanalternatve viewpointon how to retrieve and
displayinformationfrom full-text documents.

tSmallwindows of adjaceng informationaresometimesisedin Booleansystemsbut notin probabilistic
or vectorspacanodels.Therecentexperimentf Keen(1991),keen(1992)arean exceptionto this.
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3.3 Long Textsand Their Properties

A problemwith applyingtraditionalinformationretrieval methodsto full-length text
documentds that the structureof full-length documentds quite differentfrom that of
abstracts.Abstractsare compactandinformation-dense Most of the (non-closed-class)
termsin anabstractaresalientfor retrieval purposedecausehey actasplaceholdergor
multiple occurrencesf thosetermsin the original text, andbecaus@enerallytheseterms
pertainto themostimportanttopicsin thetext. Consequentlyif thetext is of ary sizeable
length,it will containmary subtopicdiscussionshatarenever mentionedn its abstract.

Whenauserengages asimilarity searchagainstacollectionof abstractstheuserisin
effectspecifyingthatthe system®nddocumentsvhosecombinationof maintopicsis most
like that of the query In otherwords,whenabstractsare comparedvia the vectorspace
model they arepositionedn amulti-dimensionaspacevheretheclosertwo abstractsreto
oneanotherthemoretopicsthey arepresumedo havein common.Thisis oftenreasonable
becausavhencomparingabstractsthe goalis to discoser which pairsof documentsare
mostalike. For example,a queryagainsta setof medicalabstractsvhich containsterms
for thenameof adiseaseits symptomsandpossibletreatmentss bestmatchedagainsian
abstracwith assimilar a constitutionaspossible.

Mostfull text documentsrerich in structure.Onewayto view anexpositorytext is as
asequencef subtopicsetagainstbackdrop®f oneor two maintopics. A longtext can
be comprisedof mary differentsubtopicsvhich may be relatedto oneanotherandto the
backdropn mary differentways. The maintopicsof atext arediscussedan its abstractjf
oneexists, but subtopicausuallyarenotmentioned.Thereforejnsteadof queryingagainst
the entirecontentof a documenta usershouldbe ableto issuea queryabouta coherent
subpartpr subtopicof afull-lengthdocumentandthatsubtopicshouldbe speci®ablevith
respecto thedocumens maintopic(s).

Figure3.lillustratessomeof thepossibldistributionalrelationshipoetweernwoterms
in the maintopic/subtopidramewnork. An informationaccessystemshouldbe avare of
eachof the possiblerelationshipsand makejudgmentsasto relevancebasedin parton
this information. Thusa documentwith a main topic of 2cold fusion® anda subtopicof
afunding® wouldberecognizablevenif thetwo termsdonotoverlapperfectly Thereverse
situationwould berecognizedaswell: documentsvith a maintopic of funding policies®
with subtopicson@cold fusion® shouldexhibit similar characteristics.

Notethata queryfor a subtopicin the context of a maintopic shouldbe consideredo
be qualitatvely differentfrom aconjunction.A conjunctionshouldspecifyeitherajoin of
two or moremaintopicsor ajoin of two or more subtopicst it shouldimply conjoining
two like items. In contrast@n thecontet of® canbethoughtof asa subordinatingelation
(seeFigure3.1).

Theideaof themaintopic/subtopiadichotomycanbegeneralizedsfollows: different
distributions of term occurrencehave differentsemanticsithatis, they imply different
thingsabouttherole of thetermsin thetext.

Considerthe chartin Figure3.2. It shawvs the possibleinterlinking of distributionsof
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A

(@) (b) (€) (d)

Figure3.1: Possiblerelationshipdbetweerntwo termsin afull text. (a) Thedistributionis
disjoint, (b) co-occurringocally, (c) termA is discussedjlobally throughouthetext, B is
only discussedbcally, (d) both A andB arediscussedlobally throughouthetext.

two term sets, Term Set1 and Term Set2, wherea term setis a setof termsthat bear
somekind of semantiaelationshipto oneanother(e.g.,election,poll, and voteor barng,

dinosaurandcloying). Thetermsetsareconsideredo be symmetric;thatis, neitherone
is moreimportantthanthe other andsothelowertriangleof the chartis omitted. Within a
documenteachtermsetcanbecharacterizedsbelongingo oneof four possiblérequeny

ranges:high, medium Jow, andzero,andoneof two distribution patterns;globalandlocal.

(Termsetswith frequeng zeroarenot consideredn thechart.) Thefrequenciesremeant
to berelative to thelengthof thedocumentandthedifferencebetweerhigh, medium,and
low shouldbethoughtof asgraded.

For the purpose®f interpretingtermsetdistributionit is corvenientto assumehatthe
documentshave beendivided into TextTiles: adjacentnon-overlappingmulti-paragraph
unitsof text thatareassumedbo correspondoughlyto thesubtopicstructureof thetext. The
distinctionbetweenglobal andlocal distribution is alsomeantto berelative to document
length. A term setwith low frequenyg andlocal distribution occursin oneor two tiles; a
termsetwith mediumfrequeng andlocal distributionoccursin perhapgwo groupingsof
two tiles each,or one groupingof oneto threetiles. On the otherhand,a term setwith
mediumfrequeny andglobaldistributionwill have termsin roughly half thetiles.

With theaid of this chartwe canform hypothesesbouttherole of interactionsamong
termdistributionandfrequeng andtheirrelationshigo documentelevancglassuminghat
if thetermsin atermsetoccurwith high frequeng thenthey areglobally distributed):

A Instancesof both term setsoccurwith high frequeny, or oneterm setis highly
frequentandtheotherhasmediumfrequeng. Thedocumentescribebothtermset
conceptdo a large extent; this would be usefulfor a userwho wantsa maintopic
discussiorof bothconceptsimultaneously

B Termset2 is quite frequent, Term Set1 infrequentand scatteredprobablyuseful
only if theuseris primarily interestedn TermSet1.

C Term Set2 is quite frequent,Term Set 1 infrequentbut, as opposedo type B, is
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TERM SET 1
High Medium Medium Low Low
TERM SET 2 Global Global Local Global Local
High
Global A A A B C
Medium D E F G
Global
Medium H | H
Local
Low J I
Global
Low H
Local

Figure3.2: Frequeng anddistributionalrelationship$etweeriwo termsets.Seethe text
for anexplanationof theletterlabels.
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locally organized. Thereis probablya brief but real discussiorof Term Set1 in
relationto Set2, perhapsa subtopicto 2's maintopic. If thefrequeng is extremely
low (e.g,1), thenthisis probablya passingeference.

D Bothtermsareof mediumfrequeng but globally distributed. Most likely the same
situationasA, but somavhatlesslikely to befully aboutbothtermsets.

E Bothtermsetshave mediumfrequeng; oneis locally distributedandoneglobally. If
they have sometileswith signi®canoverlapthenthedocuments probablyof interest
if theuseris interestedn amaintopic/subtopic-likedistribution.

F TermSet2 hasmediumfrequeny, Term Set1l is infrequentandbotharescattered.
Thetwo mightbeara relationshipo oneanotheibut thereis notenoughevidenceto
decideeitherway. Lesslikely to be usefulthanin G.

G TermSet2 hasmediumfrequeny, globally distributed,andTermSet1 is infrequent
butlocalized.If thetwo overlapthereis agoodchanceof adiscussionnvolving both
termsetsbut with only a brief referenceo Term Set1.

H Bothtermsetshave mediumor low frequeny andarelocalized.If they overlapthen
this hassomechanceof beinga goodisolateddiscussionlf they do notoverlap,the
documenshouldbediscarded.

| Bothtermsetsareinfrequentonelocalized,onenot. Thisdocumenshouldprobably
bediscarded.

J Bothtermsetsareinfrequentandgloballydistributed. Thisdocumenshouldprobably
bediscarded.

Of coursetheseobsenationsshouldbe generalizedo morethantwo termsets but for
multiple termsetsthe implicationsof eachcombinatiorarelessclear

Interestingly Grimes(1975)hadthe presciencéo suggesthe valueof localizedinfor-
mationasdeterminedy discoursestructure. Hewrotein 1975:

Now thatinformationretrieval is taking on greaterimportancebecause®f the prolif-
erationof circulatedinformation,linguistics may have somethingto contrikuteto it
throughdiscoursestudies.In the®rstplace studiesof discourseseento show thatthe
essentiainformationin somediscoursess localized ,whichimplied thatfor retrieval
it might be possibleto specifypartsof the discourseghatdo not have to betakeninto
account.Thereis de®nitelya patternof organizationof informationin ary discourse
thatcanberecognizedindshouldthereforebe exploredfor its usefulnesén retrieval;
for example Halliday's notionof thedistribution of givenandnew information.

Grimes'suggestionf usingthelocalizedstructureof discourseo eliminatecertainpassages
is ausefulone,althoughdifferentthanthatsuggestediere. Work alongrelatedlinesdoes
appeain Liddy (1991),whichdiscussetheusefulnessf understandinghestructureof an
abstractvhenusinga natural-languagbasednformationretrieval approachandLiddy &
Myaeng(1993),which usesinformationaboutthe kind of sentence termoccursin; e.g.,
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differentiatingtermsthat occurin backgroundsentence$rom thosethat occurin spoken
guotationsandthosethatarein lead sentences orderto betterunderstandherelations
amongterms.

Giventheanalysisurroundinghechartof Figure3.2,how cantheseobsenationsabout
relativetermdistributionbeincorporatednto aninformationaccessystem?I'hefollowing
sectiondiscussethis issue ®rsttouchingon problemswith existing approachesndthen
suggestin@ new solution.

3.4 Distribution-Sensitve Information Access

3.4.1 The Problemwith Ranking

Noreaultet al. (1981) performedan experimenton bibliographicrecordsin which
they tried every combinationof 37 weighting formulasworking in conjunctionwith 64
combiningformulason Booleanqueries. They found that the choice of schememade
almostno difference:the bestcombinationggot about20% betterthanrandomordering,
andno oneschemestoodout abore therest.

Theseresultsimply that small changego weightingformulasdon't have muchof an
effect. As foundin otheraspectof text analysisfor informationretrieval, (e.g., effects
of stemming,or morphologicalanalysis,or using phrasesnsteadof isolatedterms), a
modi®cationof an algorithm improves the resultsin somesituationsand degradesthe
resultsin others.

Why mightthisbethecase?Perhapsheansweis thattheris nosinglecorrectanswer
Perhapgrying to assignnumbergo theimpoverishedinformationthatwe have aboutthe
documentgorin thiscaseof theexperimenin Noreaultetal. (1981),bibliographicrecords)
isnotanappropriatehingto do. It couldbethecasehatwhendifferentkindsof information
arepresenin thetexts thetermrankingsenesonly to hidethisinformationfrom theuser
Ratherthanhidingwhatis goingon behindarankingstratgy, | contendt is betterto shav
the userswhat hashappenedis a resultof their queryandallow the usersto determine
for themseles what looks interestingor relevant. Of course,this is the intendedgoal
of ranking. But an orderediist of titles and probabilitiesis underinformative. Thelink
betweenthe queryterms,the similarity comparisonand the contentsof the texts in the
datasets too underspeci®eth assumehata singleindicatorof relevancecanbeassigned.

Insteadtherepresentatioaf theresultsof theretrieval shouldpresenasmary attributes
of thetexts andtheir relationshipto the queriesaspossible andpresentheinformationin
a compactcoherentandaccuratenanner Accuratein this casemeansatruere ection of
therelationshipbetweerthe queryandthedocuments.

Considerfor examplewhathappensvhenoneperformsakeyword searchusingWAIS
(Kahle& Medlar1991). If the searchcompletesit resultsin alist of documentitles and
relevancerankings. The rankingsarebasedon the querytermsin somecapacity but it is
unclearwhatrole the termsplay or whatthe reasongehindthe rankingsare. Thelength



CHAPTER3. TERMDISTRIBUTION IN FULL-TEXT INFORMATION ACCESS 45

of the documenis indicatedby a number which althoughinterpretableis not easilyread
from thedisplay Figure3.3representsheresultsof a searchon imageandnetworkon a
databasef conferenceannouncementsThe usercannotdetermineto what extent either
termis discussedn the documenbr whatrole thetermsplay with respecto oneanother
If the userprefersa densediscussiorof imagesandwould be happywith only atangental
referenceo networking thereis noway to expresshis preference.

Attemptsto placethis kind of expressvenessnto keyword basedsystemare usually
“awedin thatthe users®ndit dif®cultto guesshow to weightthe terms. If the guessis
off by alittle they may missdocumentshatmightberelevant,especiallybecaus¢herole
theweightsplay in the computationis far from transparentFurthermorethe usermaybe
willing to look at documentghat are not extremely focusedon oneterm, so long asthe
referenceso the othertermsaremorethanpassingones.Finally, the speci®cationf such
informationis complicatecandtime-consuming.

The concernin the information retrieval literature abouthow to rank the resultsof
Booleanandvectorspace-typ&ueriesis misplaced.Oncethereis a baselineof evidence
for choosinga subsebf the thousand®of availabledocumentsthenthe issuebecomesa
matterof providing theuserwith informationthatis informativeandcompacenoughto be
ableto beinterpretedswiftly. As discusseth theprevioussectiontherearemary different
waysalong text canbe?similar® to the querythatissuedit, andsowe needto supplythe
userwith a way to understandhe relationshipbetweenthe retrieved documentsandthe

query

3.4.2 Analogy to Problemswith Query Speci®cation

Therehave beenmary studiesshaving that usershave dif®cultywith Booleanlogic
gueriesandmary attemptsatmakingthequeryformulationproces®asier Researclpapers
discussat greatlengththerelatve bene®t®f onequerylanguageover another However,
this issueis circumwentedto someextentif insteada systemprovidesthe userwith an
intuitive, direct-manipulatiornterface(Shneidermai987).

A goodexampleof thisis the differencebetweerthe keyword-basednterfaceto large
online bibliographicsystems.The userhasto remembethe correctkeywordsto usefrom
systemto system,and mustremembemwhereto place AND and OR connectves. For
example,with MELVYL, theonlinebibliographicsystemfor the University of California
(Lynch 1992),to look for a book by de Tocqueille containingthe word Democrag, one
mustenter

fi pa tocqueville and tw democracy

wherepaindicatespersonakuthor®andtw indicatesttitle words®. However, to ®ndatitle
with bothwordsdemocrag andamericaoneneedenteronly onecopy of thekeyword tw:

fi  tw democracy america
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image network

This is a searchable index. Enter search keywords:

Index conf.announce contains the following 164 items relevant to
'image network'. The first figure for each entry is its relative
score, the second the number of lines in the item.

*1000 1190 /ftp/publcont.announcel/jencs

* 886 125 /ftp/pub/conf.announce/image.processing.conf

* 800 334 /ftp/pub/conf.announcefimage.analysis.symposium
* 743 303 /ftp/pub/conf.announce/sans-Ill

* 543 376 /ftp/pub/conf.announce/atnac.94

* 486 133 /ftp/pub/conf.announce/sid

* 486 125 /ftp/publconf.announce/ges2

* 457 138 [ftp/pub/conf.announce/europen.forum.94

* 429 378 [ftp/pub/conf.announce/mva.94

* 429 785 fftp/publconf.announce/openview.conf

*429 104 /ftp

* 400 217 /ftp/pub/cont.announce/nonlinear.signal.workshop
* 429 378 [ftp/pub/conf.announce/vision.interface.94

* 429 785 [ftp/pub/conf.announce/inet.94

* 429 104 [ftp/pub/conf.announce/icmces.94

* 400 217 /ftp/pub/conf.announcefinternetworking. 94

* 371 220 /ftp/publconf.announce/iss.95

* 371 168 ftp/pub/conf.announce/gesl

* 343 152 [ftp/pub/conf.announce/conti.94
* 343 247 [ftp/publ/conf.announce/elvira

/
/
/
/
/
/
/
/
Ipub/conf.announce/high.performance.networking
/
/
/
/
/
/
/
/
/

Figure3.3: A sketchof theresultsof a WAIS searcton imageandnetworkon a datasebf
conferenc@nnouncements.
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(althoughit is legalto enterP® tw democrag andtw america%hisresultsin amuchlonger
searchdueto theindexing structureunderlyingthe system(Farley 1989)). However, to ®nd
a bookby two authorstwo copiesof the keyword pa (andthe AND connectve) mustbe
usedasdemonstratedly the errorbelow:

CAT-> find pa mosteller wallace

Search request: FIND PA MOSTELLERWALLACE
Search result: 0 records at all libraries

Please type HELP
CAT-> find pa mosteller and pa wallace

Search request: FIND PA MOSTELLERAND PA WALLACE
Search result: 2 records at all libraries

Type D to display results, or type HELP.

GLADIS is the othermajor bibliographicsystemavailableat UC Berkelegy, indexing
mainly the local collection and providing timely information such as check-outstatus.
Unfortunately its keyword list is slightly differentandthe interfaceis unforgiving with
respecto this:

===> find pa tocqueville
*E> THE SEARCHCODEWASNOT RECOGNIZED
> Type a search code listed above

**>

===> find pn tocqueville

Your search for the Personal Name: TOCQUEVILLE
retrieved 41 name entries.

Another problemwith thesesystemss that althoughthey have somevery powerful
specialpurposesearchcapabilities(suchas the capability to look for PhD dissertations
speci®callyin thecaseof MELVYL) usersareunavareof theoptionsbecauseéhey require
knowledgeof speciakeywords.
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Document Title: |Unt-it'|ed, URL http:/fcs—tr.cs.berkeley.edu:1082,/TR/Search/ | S

Document URL: | http://cs—tr_cs.berkeley.edu:1082/TR/Search, |

Publisher - Series - Document D

Author | stonebraker

Tltlel databasd |

Abstract keywords | |

Search: ¢ Local database only < Remote Server

How to Search

To search the document collection, fill out one or more fields, and then select
Submit Query. The fields are defined as follows:

s Publisher — The name of a publishing authority, examples are CORNELLCS, UCE
and STAHN.

®» Series — names a collection of documents available from the publisher. Every
publisher has at least one series, some have more than one. For example, the
series at Berkeley are ERL, RZMP, CSD and COGECI.

s Document - The identifying "number" of the document, unique within a series
for any given publisher.

s Author - o#e word from the author’s first or last name.

o Title = A list of words, all of which occur in the title.

s Abstract keywords — A list of words, all of which occur in the abstract.

Macintosh Users Beware!Macintosh Mosaic does not support forms, so you can’t use this
interface. Sorry.

Figure3.4: A ®ll-in-the-formaypeinterfaceto a bibliographicdataset.

Most query-formulationproblemscan be circumwentedvia a forms-basednterface.
Davis (1994) hasrecentlydevelopedsuchan interfaceto the bibliographicrecordsof the
CNRI computerscienceonlinetechnicalreportproject(seeFigure3.4). In this interface,
theoptionsarespelledoutclearly, all optionsarevisible,andtheinterfacatself supplieghe
syntaxfor thequery A similarsituationarisesn theworld of databasenanagemersystems.
Much effort hasbeenexpendedntrying to determindgheright way to formulatekeyword-
and-syntabasedjuerylanguagesyhenevidencesuggestshatgraphically-orientedvays
of specifyingthequeryarepreferablgor mostkindsof queriegBell & Rowe 1990).

Thereis an analogybetweensystemsthat require obscurekeyword languagesand
systemghat display resultsbasedon an invisible rankingalgorithm. Neithersupplythe
usemwith arepresentatiothatre ectstheunderlyinginformation. Both probablyarosedue
to thelimitationsof computehardwareatthetime, andunfortunatelyarestill in usetoday

3.4.3 TileBars

Thissectionpresent®nesolutionto theproblemslescribedn theprevioussubsections.
Theapproachs synthesizedh reactionto threehypothesesiscussearlier:
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Long texts differ from abstractand shorttexts in that, alongwith termfrequeng,
termdistributioninformationis importantfor determiningelevance.

Therelationshipbetweertheretrieveddocumentandthetermsof the queryshould
be presentedo the userin acompactcoherentandaccuratanannerfasopposedo
thesingle-pointof informationprovided by a ranking).

Passage-basedtrieval shouldbe setup to provide theuserwith thecontext in which
the passageavasretrieved, both within the documentandwith respecto the query
(thisissueis discussedh moredetailin Section3.5).

Figure3.5shavsanexampleof anew representationglaradigmgcalledTileBars which
providesa compaciandinformative iconic representationf the documentstontentswith
respectto the queryterms. TileBarsallow usersto makeinformed decisionsaboutnot
only which documentdgo view, but alsowhich passagesf thosedocumentsbhasedn the
distributionalbehaior of thequerytermsin thedocumentsThe goalis to simultaneously
indicatethe relative length of the document,the relative frequeng of the term setsin
the documenttheir distribution with respecto the documentandtheir distribution with
respecto eachother Eachlarge rectanglandicatesa documentandeachsquarewithin
thedocumentepresenta TextTile. Thedarkerthetile, the morefrequenttheterm (white
indicates0, black indicates9 or more instancesthe frequenciesf all the termswithin
a term setare addedtogether). Sincethe barsfor eachsetof querytermsarelined up
onenext to the other this producesa representatiothat simultaneouslyand compactly
indicateselatve documentength,querytermfrequeng, andquerytermdistribution. The
representatioaxploits the naturalpattern-recognitiosapabilitiesof the humanperceptual
system(Mackinlay1986);the patternsn a columnof TileBarscanbe quickly scanneand
deciphered.l hypothesizehatthe interpretatiorof the patternsshouldbe alongthe lines
outlinedin Section3.3. Somecasestudiesappeatin Section3.4.4below.

Term overlap and term distribution are easyto computeand can be displayedin a
mannerin which both attributestogethercreateeasilyrecognizedoatterns.For example,
overalldarknessndicatesatext in which bothtermsetsarediscussedh detail. Whenboth
termsetsarediscussesimultaneouslytheir correspondingiles blendtogetherto causea
prominentblock to appear Scatteredliscussionsave lightly coloredtiles andlarge areas
of whitespace Notethatthepatternghatcanbeseerherebearsomeresemblenceo Figure
2.4in Chapter2, in whichtermdistributionsfor atext aredisplayed.

TileBars makeuseof the following visualizationpropertiegextractedfrom Senay&
Ignatius(1990)):

A variation in position, size, value [gray scalesaturation],or texture is ordered
[ordinal] thatis, it imposesanorderwhichis universalandimmediatelyperceptible.
(Bertin 1983)

A variationin position,size,value[grayscalesaturation]fextureor coloris selectve,
thatis, it enablesusto isolateall marksbelongingto thesamecateyory. (Bertin1983)
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Help| Search| Clear Query| TextDB| Toggle Color| Exit |
Term Set 1: _.l.aw legal attorney lawsuit
Term Set 2: lnetwork lan

TileBars
= Regression testing handling hardware and softwe
1269 | | Toll fraud includes related article on MC! Commur
1270 | In corwversation Teleglobe Canada Inc Fres and €

1280 Deregulation indicates a healthy satellite services

1293 The last word letters to the editor letter 1o the edi

1300 | What's wrong with network licensing includes rela

1302 Letters letter to the editor

1356 Protecting information now vital Law Viewpoint o
Letters O

Loose LIFS sirk ships logical inferences per seco

1414

1424

i

EE=1= g Document management eases file contral marke
Connectivity O

DCocument managers bring law and order Softwar

1471
1496
1571 When users write their own applications ©
{160 Time lapse may scuttle xerox claim includes relat
1640 Insider revisited Al Insider column
1755 Yendors offering more remedies for file buildup de
1762 Laser Lite Apple’s new personal Laserwriters Har
1766 Hacker's handicap Michael Colvin MP has won st

1778 Mo summer reruns artificial inteligence applicatior

AABAARF

1781 How Seattle’s biggest law firm put Windows 3 0t

Figure3.5: TheTileBar displayparadigm.Rectanglesorrespondo documentssquares
correspondo TextTiles, the darknesf a squareindicatesthe frequeng of termsin the
correspondinglerm Set. Titles and the initial words of a documentappeamext to its
TileBar. Term Set1 consistsof law, legal, attorng, lawsuit and Term Set2 consistsof
networkand/an.



CHAPTER3. TERMDISTRIBUTION IN FULL-TEXT INFORMATION ACCESS 51

If shadingis used,makesuredifferencesn shadingline up with the valuesbeing
represented.The lightest (Bun®lled®) regions representless®, and darkest(®most
®lled®)regionsrepresentmore®. (Kosslynetal. 1983)

Because¢hey do have anaturalvisualhierarchyvaryingshade®f grayshow varying
guantitiesbetterthancolor. (Tufte 1983)

Note that the stackingof the termsin the query-enteringportion of the documents
re ectedin the stackingof thetiling informationin the TileBar: thetop row indicatesthe
frequencie®f termsfrom TermSetl andthebottomrow corresponds TermSet2. Thus
theissueof how to specifythe keytermsbecomes matterof whatinformationto request
in theinterface.

TileBarsallow theuserto be awareof whatpartof thedocumenthey areaboutto view
beforethey view it. If they feelthey needto know moreof whatthedocuments aboutthey
cansimply mouse-clickon a part of the representatiothat symbolizesthe beginning of
thedocument.f they wishto godirectlyto atile in whichtermoverlapoccursthey click
onthatportionof thetext, knowing in advancehow far down in thedocumenthe passage
occurs.

Theissueof how to rank the documentsif rankingis desired,becomeslearernow.
Documentsanbegroupedoy distribution patternjf thisis foundto be usefulfor theuser
Eachpatterntype canoccupyits own window in the displayanduserscanindicateprefer
encedy virtue of whichwindowsthey use. Thusthereis nosinglecorrectrankingstratgy:
in somecaseghe usermight wantdocumentsn which the termsoverlapthroughout;in
othercasessolatedpassagemightbeappropriate Figure3.7 shavs anexamplein which
aquerysretrieval resultshave beenorganizedoy distribution patterntype.

Relevancefeedbackis generallyperceved as an effective stratgy for improving the
resultsof retrieval (Salton& Buckley 1990). In relevancefeedbackthe systemresponds
to input from the userindicating which documentsare of interestand which areto be
discarded Fromthisinformationthe systencanguesow to dowvnweightsometermsand
increasethe weight on otherterms,aswell asintroducenew termsinto the querybased
on the documentghat the userfound especiallyhelpful. Relevancefeedbackappeardo
work well becausehe userhelpssetterm weights,indirectly specifyingwhich formulas
betterdescribehekind of informationbeingsought.However, the gatheringof relevance
feedbackis time-consumingand draining on the user sinceit requiresthe userto read
thetext for contentandguesswhetheror not thetermsof the documenwill be usefulfor
®ndingotherinterestingdocuments.

TileBars could provide a relevancefeedbackmechanismin which userscanindicate
patternsof interestaswell asor insteadof termsof interest.Relerancefeedbackasedn
patternsshouldbe more effective thanrequiringa speci®catiomf whatkinds of patterns
aredesiredin adwance,or requiringthe entry of a queryin termsof subtopic/mairtopic
or someotherrelationship.It couldalsoactasanalternatve or a supplemento relevance
feedbackon term similarity, sinceasarguedabove, overall similarity is lesslikely to be
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usefulfor long texts, with theirvariedinternalstructure thanabstractsHowever, thisidea
hasnotyetbeenimplemented.

TileBarsdisplaycontet correspondinglirectly to the users'query;speci®callyto the
termsusedin afree-text search.Sometimeshowever, the useris unsureof whatkind of
gueriesto makeandneedgo getfamiliar with new textbasesapidly. Chapters describes
theuseof maintopicinformationto helpprovide context in this situation.

Implementation Notes

The currentimplementatiorof the informationaccessnethodunderlyingthe TileBar
displaymakesuseof  3800texts of length100-500lines from the ZIFF portion of the
TIPSTERcorpusand 250 texts of the samelengthfrom the AP portion of TIPSTER,
for atotal of about57Mbytes(Harman1993). (ZIFF is comprisedmainly of commercial
computernewns and AP is world news from the late 1980s.) The interfacewas written
usingthe Tcl/TK X11-basedoolkit (Ousterhoutl991). The searchenginemakesuseof
customizednvertedindex codecreatedespeciallyfor this task; eachtermis indexed by
documenandtile numberandtheassociatettequenciesin thefuturethismaybereplaced
with the POSTGRESIatabasenanagemensystem which hassupportfor large objects
anduserde®nedypes(Stonebrake& Kemnitz1991). An alternatve indexing stratumis
thatof GLIMPSE (Manber& Wu 1994)(built onagrepWu & Manber(1992))whichstores
asmallindex (about2-4%of the sizeof thetext collection)but hasanacceptablspeedor
mary tasks.

Theinformatvenes®f the TileBarrepresentatiors hinderedvhentheresultsof tiling
areinaccurate TheZIFF databaseontainanary documentgomprisedf lists of concate-
natedshortnews articles,and somedocumentsomprisedof single-linecalendartems.
Thetiling algorithmis setup sothata singleline segmentis too ®nea division; therefore,
documentdike the calendarext will have erroneousilings (althougharbitrarygroupings
ontermslike theseareperhapgreferabldo assigningeachsentencés own tile, dueto ef-
®cieny considerations)Thealgorithmdoesdo fairly well atdistinguishingslightly longer
concatenatedrticles,suchassequencesf paragraph-longens summarieandlettersto
theeditor. It is alsoquitegoodatrecognizinghe boundarie®f summarizingnformation
atthebeginningof articleswhensuchinformationappears.

3.4.4 CaseStudies

This sectionexaminesthe properiesof TileBarsin more detail, using two example
guerieson the ZIFF corpus.

2] amgratefulto Marc Teitelbaumfor the swift implementatiorof this code.



CHAPTER3. TERMDISTRIBUTION IN FULL-TEXT INFORMATION ACCESS 53

Networks and the Law

Figure3.5shavs someof the TileBarsproducedor thequeryonthetermsetslaw legal
attorneg lawsuitandnetworklan. In thisportionof theZIFF collection,thetermsof interest
have thefollowing averageof occurrencein thedocumentsn which they appearat least
once:

A
legal 24 3.6
law 28 4.2

attongg. 15 1.0
lawsuit 2.3 3.5
network 10.7 5.2
lan 6.8 10.2

What kind of documentscan we expectto ®ndin responseo this query? Use of
computernetworksby law ®rms,lawsuitsinvolving illegal useof networks,and patent
battlesamongnetworkvendorsareall possibilitiesthatcometo mind. We know thatsince
we are searchingn a collectionof commercialcomputerdocumentsmostinstancef
theword networkwill referto the computemetworksensewith exceptionsfor telephone
systemspeuralnetworks andperhapsomereferenceso the constructusedin theoretical
analysesSincelegalis anadjectve, it canbe usedasamodi®erin a varietyof situations,
but togethemwith theothertermsin its set,alarge shaving of thesetermsshouldindicatea
legitimateinstanceof adiscussionn thelegalframe. Thesewo termsetswverespeci®cally
chosenbecauseéheir meaningsare usually in quite separatesemanticframes; the next
examplewill discussaqueryinvolving termsthataremorerelatedin meaning.

In Figure 3.5,theresultshave notbeensortedin ary mannerotherthandocumeniD
number It is instructve to examinewhatthebarsindicateaboutthe contentof thetextsand
compardahatagainsthe hypothesi®f Section3.3andagainswhatactuallyis discusseah
thetexts. Documentl433jumpsout becauset appeargo discusshothtermsetsin some
detail (type A from the chart). Documentsl300and1471arealsoprominentbecausef a
strongshawing of the networktermset(type C). Documentl758alsohaswell-distributed
instance®f bothterm sets althoughwith lessfrequeng thanin documentl433(type H).
Legaltermshave a strongdistributionalshaving in 1640,1766,1781aswell (typesC and
G). We alsonotea large numberof documentswith very few occurrence®sf eitherterm,
althoughin somecasedermsaremorelocally concentratethanin others.DocumentL298
is interestingin thatit seemdo have anisolatedbut intensediscussiorof bothterm sets
(typeH); thefactthatneithertermsetcontinuesoninto therestof thedocumentmpliesthat
this discussioris isolatedfrom therestin meaningaswell. Most of the otherdocuments
look uninterestinglueto their lack of overlapor infrequeng of termoccurrences.
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Options: by Marti A, Hearst .
Help| Search| Clear Query| TextDB| Toggle Color| Exit

Term Set 1; |law legal attorney lawsuit
Term Set 2: [network lan

(T : SR
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138 [ET, firms, other professional offices as well as corporate and

fa |

ol il
e T small businesses need help in managing the quantity of paper and

electronic information they handle on a daily basis.&P; Document

|:| management and search software, especially for use on local area
Eﬁ}s, helps these businesses automate their information
storage and retrieval &P; PerfectSolution Corp has several low and
midrange products, including PerfectSolution Advanced and Perfect
Solution 2.0, primarily for heavy file users with wide area
ETIiis. &P; Prices range from about $495 per file server and $149
per workstation to $2,495 per server and $295 per workstation.&0;
Other software publishers in this market are Internet Software '
Corp, which makes NetAdvantage; CMS-Data Corp, producer of PC- DOCS
for WordPerfect users; and Saros Corp with its new Mezzanine 2.0 -
customizable documem management software.&M;
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Figure3.6: Theresultsof clicking onthe ®rsttile of documentl433: thesearchtermsare
highlightedandthetile numbers shavn.

Looking now atthe actualdocumentsve candetermingheaccuray of theinferences
dravn from the TileBars. Clicking on the ®rsttile of documentL433bringsup awindow
containinghecontent®fthedocumentcenterednthe®rstile (seeFigure3.6). Thesearch
termsarehighlightedwith two differentcolors,distinguishedy termsetmembershipand
thetile boundariesreindicatedby ruled linesandtile numbers.The documentdescribes
in detailthe useof a networkwithin alegal of®ce.

Lookingatdocumenii300,theintersectiorbetweerthetermsetscanbevieweddirectly
by clicking on the appropriatdile. Fromthe TileBar we know in adwvancethatthetile to
be shavn appearsaboutthreequartersof the way throughthe document. Clicking here
revealsa discussiorof legal rami®cation®f licensingsoftwarewhendistributing it over
thenetwork.

Documentl471hasonly the barestnstanceof legal termsandsoit is not expectedto
containadiscussiorof interestt mostlikely apassingeferenceo anapplication.Indeed,
thetermis usedaspartof a hypotheticalquestionin anadvicecolumndescribinghow to
con®gurd.ANs.

Theexpectatiorfor 1758is thatit will discusdothtermsetsalthoughnhotasintenselyas
did 1433. Sincesomeof theterminstancesoncentrat@earthebeginningof thisdocument,
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selectingthis viewing point seemssensible,yielding a discussionof a documentation
managemergystemon a networkedPC systemin alegal of®ce.

Theremainingdocumentsvith strongdistibutionsof legaltermstIDs 1640,1766,1781
+ discussa lawsuit betweensoftwareproviders, computercrime, and anotherdiscussion
of alaw ®musinga new networkedsoftwaresystem respectrely. Appropriately only
thelatterhasoverlapwith networkingterms,sincethe othertwo documentslo notdiscuss
networkingin the legal contet. Interestingly the solitary mentionof networkingat the
endof 1766lists it asa computercrime problemto be worried aboutin the nearfuture.
This is an exampleof the suggestie natureof the positionalinformationinherentin the
representation.

Finally, looking atthe seeminglyisolateddiscussiorof documentl298we seea letter
to-the-editombouthelackof liability andpropertylaw in theareaof computemnetworking.
Thisletteris oneof severalletters-to-the-editohencats isolatedhature. Thisis anexample
of aperhapaisefulinstanceof isolated put stronglyoverlapping termoccurrenceslin this
example,onemight wonderwhy onelegal term continueson into the next tile. Thisis a
casen whichthetiling algorithmis slightly off in theboundarydetermination.

As mentionedhbore, theremainingdocument&ppeauninterestingincethereis little
overlapamongthe termsandwithin eachtile the termsoccuronly onceor twice. We can
con®rmthis suspicionwith a couple of examples. Document1270 (type F/G) hasone
instanceof alegal term; it is a passingeferenceo the former professiorof aninterview
subject. Document1356 (type I/H) discusses court's legal decisionaboutintellectual
property rights on information. Tile 3 provides a list of ways to protectcon®dential
information,oneitem of which s to avoid storingcon®dentiainformationona LAN. So
in this casethereferencas relevantif notcompelling.

Figure 3.7 shaws the resultsof the samequerywhenplacedin aninterfacethat sorts
the termsaccordingto their frequeng and patternsof distribution. The upperlefthand
window displaysthe documentsn which bothterm setsoccurin atleast40% of thetiles.
The upperrighthandwindow shavs thosedocumentsn which at least40% of the tiles
have occurrence®f termsfrom Term Set 1, but occurrencegrom Term Set2 areless
well-distributed. The lower lefthandwindow shawvs the symmetriccase,andthe lower
righthandwindow displaysthe documentsn which neithertermoccursin morethan40%
of thetiles. Within eachwindow thedocumentsresortedby overallquerytermfrequeng.
Experimentsieedto berun to evaluatethe effectivenes®f variationsin patterncriteria.

CD-ROMs and Games

Section3.3 hypothesizedboutthe role of mediumfrequeng terms. This example
examineshow termdistributioncanmakea differencan whetheror nottwo termsetsstand
in amodi®cationalelationship.In responséo aqueryon cd-romandgame 49 documents
wereretrieved. Figure3.8 shavs a clip of someof thedocumentsTileBars.

Viewed by frequeng alone,document2238 and 2003 seemequally viable (or not
viable):
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Doc: 2238 cd-rom:13 game:2

Doc: 2003 cd-rom:9 game:3
However, takinginto accounthe numberof tiles eachtermoccursin changeshe picture:

Doc: 2238 cd-rom:13 10/25tiles game:2 2/25tiles
Doc: 2003 cd-rom:9 2/20tiles game:3 3/20tiles

We seethat the referencedo cd-romin 2238 are quite spreadout, whereaghosein
2003 arequite localized. The only questionthat remainsis whetheror not the localized
discussionf cd-romin 2003 coincidewith thoseof game From the contet bar we
caneasilyseethat they do not, andso we assumehe documents not of interest. The
discussionn 2238mightalsobebunchedogetherasis thecasan 1808,butin this caseit
is morespreadutandwe canguesghattheuseof gamen this contet bearsatleastsome
meaningfukelationshipto CD-ROMSs.

Upon inspectingthe documentswe seethat 2003 consistsof a sequencef disjoint
newsbites wherea2238describeapplicationsof CD-ROM technologyincludinga golf
gameapplication. Also verifying our suspicionsaboutdocumentl808, we seethat the
lagginguseof gamehere,far avay from all the cd-romreferencesis a metaphoricabne
aboutpredictingpricesfor WORM devices(®a dart-thraving game®). Note, however, that
therewould have beensomeoverlapin this casef thequeryhadbeenon wormandgame
but it will againhave appearedo bea passingeference.

Thisdiagramhasanotheinterestingcasan whichit seemglearthatadensaliscussion
of the two termstakesplace,althoughfor only part of the documentjn document3753.
Clickingin themiddleof thisdiscussionndeedevealsadiscussiorf theuseof CD-ROMs
for gameplay.

The ®rsttile of documentl669 leadsinto a discussionof the utility of CD-ROM
technologyby mentioninga list of applications,including games,an eng/clopedia,and
music-appreciatiosoftware. And not surprisingly dueto the patternof intensitiesof the
termoccurrencegjocumenB811is areview of variesCD-ROM-basedyames.

From theseexamplesit shouldseemlikely thatwith very little exposurea usercan
becomeuent in interpretingTileBars.

3.5 Passage-baxd Information Access

This chapterhasalludedto issuesrelatingto passage-iesl informationaccess;this
sectiondiscussesomegeneralissuesand the more corventionalapproacheso passage
retrieval. To datetherehasbeenlittle researcton passageetrieval, mostlikely for the
reasonsstatedat the beginning of the chapter;especiallythe lack of available online full
text for experimentation. An accompaying importantfact is that thereare no passage
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1586 IT—.—I CD-ROM takes on dial-up data O

1655 I:I Multimedia and the network O

1669 EI Free and easy CD-ROM applications column

1712 I—.:I Byting Barker report from Europe Commodore Total Dynamic Vis
1797 |:| The compact disc myth a lousy paradigm for the computer indu
1808 I:I Multifunction optical disks to drive market Tech Trends

1978 | | Life before the chips simulating Digital Video Interactive t

2003 |_. | Newsbytes Index week of Aug 1 1989 highlights
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2238 | | The road to respect digital video interactive Video Special

2497 | | Newsbytes index highlights M

2730 I:I Release 1 0 calendar April 1989-March 1990 M
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Figure3.8: SomeTileBarsfoundin responsé¢o aqueryin which TermSetl is cd-romand
TermSet2 is game
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retrieval testsets;thatis, no testsetsin which portionsof long texts have beenidenti®ed
asrelevantfor a queryset. The closestavailableis therecentTIPSTER/TRECcollection
andrelevancejudgmentgHarman1993), but althoughthis collectionincludessomelong

documentsit doesnotincluderelevancejudgmentdor passagealone.

Severalquestionsieedto be addresseth the studyof passageetrieval, relatedto the
discussion®f the previous sections.For example,givenaretrieved passagewherein the
text did the passageomefrom: the beginning, middle, endof the document?How are
a passage'neighbordn a documentelatedto it? Wasthe passagehoserbecausef its
contributionin isolationto therelevanceof thedocumenor is it just a representate part,
andif so,representaie in whatway? If chosenfor a Booleanquery how muchandin
whatcontet doeseachterm of the querycontritute? Thereis a needfor atestcollection
for passageetrieval thatis sensitve to thesekindsof distinctions.

Researchergorking with hypertet have exploredissuespertainingto organizingin-
formationwithin oneor a few long documentsbut have not focusedon issuegelatedto
presentingsolatedpiecef textsdravn fromalargecollectionof texts. Fulleretal. (1993),
in discussingstratgiesfor hypertext, makethe importantsuggestiorof providing context
for thetext nodeghatareretrievedasaresultof aquery ratherthanjustpresentinglist of
relevantnodes.They contrastheapproachn standardnformationretrieval, in whichthe
structures notaccessibléo the similarity engineor viewableby the userswith hypertet
systemghatdonot providegoodsearctcapabilitiesor sophisticatedtoragesystems.They
do notsupplyviablesolutionsto the problem,however.

3.5.1 An Analysisof two TREC Topic Descriptions

As mentionedabove, the relevancejudgesfor TREC were not concernedvith distin-
guishingretrieval of passagesersusretrieval of document®verall. Bearingin mind that
only asmallpercentagef the TRECdocumentsrelong,thisis notsurprising.Butthefact
thatrelevancejudgmentsdo not referto particularpartsof long documentss problematic
for the purpose®f trainingandevaluatingpassageetrieval algorithms. Anotherproblem
with the collectionis thatthe document$ave not beenrankedaccordingto their relative
relevance,sothereis no way to know whatvariationsin rankingareto be preferredfor a
guerythathasmary positive relevanceassignments.

It is an illuminating exerciseto corvert TREC topic descriptionsto representations
applicableto TileBars. Someof the topic descriptionsalthoughlong anddetailed,canbe
addressedy simply®ndinghedocumentsvith afew key terms. For example all andonly
the documentsn the ZIFF subsethat containthe word superconductity arerelevantto
Topic 021. Mary of thetopic descriptiongequirea particularproductor comparny nameto
beidenti®edpr acompany namein conjunctionwith someotherspeci®callynamedtem.
Relerantdocumentsor thiskind of topic descriptioroftenhave all thekey termsin asingle
sentenceln thesecase®nly verylocal partsof alongtext needto matchin orderto satisfy
thequery In othercasestopic descriptiongequirethe topicsto be discussedhroughout
thedocument.
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Figure3.9: TileBarsfoundin responséo a simpli®edversionof TREC topic description
005. TermSetl = dumpdumpinganti-dumpingand Term Set2 = japanjapanese

Still othertopic descriptiongequirethe mentionof a compay nameor a countryor
someotherpropernounin conjunctionwith a generalopic, e.g.,companiesvorking on
multimediasystems.This is mostlikely meantto simulatea ®Ilteringor message-st@ng
task,asin theMUC competitiongSundheinl990). It alsorequiresrecognitionof country
compaury, andotherpropernames. This is a casewheredistributional information will
play a role in somecasesput againoftenthe relevanttermsneedbe found only locally.
Still othertopicsincludea contect or ervironmentin which a topicis to be discussedhas
beenspeci®edThiskind of topic might bene®from anunderstandingf termdistribution
information.

Below | shavtwo examplesof TRECqueriestheirtranformationsnto TileBarrepresen-
tations,andthedifferentcharacteristicthatcanbediscernedibouttherelevantdocuments
usingthis representation.

Considetthe following TRECtopic description:

Topic 005 <dom>Domain: InternationaEconomics
<title> Topic: DumpingChages
<desc>Description:

TheU.S.or theEC chagesJaparwith dumpinga producton ary marketand/ortakes
actionagainstlaparfor provenor suspectedumping.

<narr>Narratve:

To berelevant,a documenmmustdiscusscurrentchagesmadeby theU.S. or the EC
againstJapanfor dumpinga producton the U.S., EC, or ary third-countrymarket,
and/oraction(s)takenby the U.S. or the EC againstJapanfor proven or suspected
dumping.Theproductmustbeidenti®ed.

<con>Concept(s):

1. dumping

2. duties tariffs, anti-dumpingmeasuregunitivetradesanctionsprotectve penalties
3. belov market,unfair, predatorypricing

4. CommerceDepartment)nternationalTradeCommission(ITC), EuropeanCom-
munity (EC), CommonMarket

5. ruling, chages,investigation
Figure 3.9 shaws the resultsof searchingon dump dumpinganti-dumpingand japan

Jjapanesan thesubsebdf ZIFF used.Therelevancgudgmentsassignedy the TRECjudges
statethatof thevisible documentsthe following onesarerelevant: 1700,1765,2184,and
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3670.Forexample from Documen®184(ZF07-376-802)whichis judgedrelevant,comes
thefollowing passage:

[...]

One of the moreworrying prospectdor 1989is for a big suige of protectionism,
andin the US, AT&T Co hasaskedhe InternationalTradeCommissiorno look into
allegeddumpingby manufacturers JapanSouthKoreaandTaiwanof smallPABXs
and key systems: AT&T claimsthat US ®rmshave beenseverely injured by the
practicesof morethana dozenFar Eastmanufacturersnarketingsystemsat unfair
pricesundermorethan 17 brandnames;ithe companiesiamedin the complaintare
Toshiba,MatsushitaHas@ava, Iwatsu,Meisei, Makayo,NitsukoandTamura,all of
Japan Goldstar Samsungand OPCof SouthKorea,and SunMoon Starof Taiwan;
AT&T saysthepracticehave enabledhecompanieso raisetheirshareof themarket
to 60%from 40%since1985.

[.]

TheTileBarsfor eachof thesedocumentslisplayappropriateverlap. But whatabout
thedocumentsvhoseTileBarsindicateoverlap,but arenotmarkedrelevant? Someof these
aredocument2413,2859,3557,and3709. In only onecase(2413)doeseithertermset
occurfrequently sothe othersmightbeirrelevantreferencesThe pertinentfragmentsare
shavn below; threeout of four couldbeconsideredelevant.

In Documen®413(ZF07-387-928)tile 4:, we ®nd:

[...]

Japanhas removed all the controlson exports of memory chips to the European
Communityin compliancewith internationaftraderules,the EuropearCommission
said: the restrictionsarosefrom the controversial third country fair marketvalue
provisionsof the US-JapanSemiconductoifrade Agreementwhich were declared
illegalunderthe GeneralAgreemenbn Tariffs & Trade- but the Commissioris still
studyingpossibledumpng of memorychipsin Europeby Japan

[...]
In Documen859(ZF07-755-876)hasthefollowing passage:

[.]

Japamseprinter manufacturerstar MicronicsandNEC Corp, presentlyusingtheir

UK plantsto penetratethe Europeanmarket, have agreedto increasethe number
of Europeancomponentsn their machinesso avoiding the EuropeanCommunity
anti-dumpng taxesrecentlyimposedon them: last week, a sitting of the European
Commissiorfoundthatfewerthan40%of thecomponentsamefrom Europea®rms,
andassuchthe printerscameunderthe sametax ruling asdirectimportsfrom Japan
- around$15 dollars a printer for Star and $33 for NEC; accordingly both ®ms
have undertakeno includemoreEuropearcomponentsandif thisis acceptedtthe

Commissions next sitting, thetaxeswill beduly annulled.

[.]
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Thesawo passagebothseenrelevantto thetopic description.
In DocumenB557(ZF07-376-770)thetiling isincorrectbecausé consistof aseries
of very shortnews clips. Perhapsn partfor this reasonthedocuments not relevant:

[...]
Easingthetradetensionalittle, the EuropearCommissiorhas

—— — - - —— ——— l = - ——

lifted the anti-dumpng dutieson photocopiersassembledvith the Communityby
ToshibaCorpandMatsushitaElectronicindustrialCo on the groundsthat European
contentnow exceeds40%: theonly compary still suffering dutiesis now Konicalnc.

- 0 -
For ThornEricssonTelecommunicationktd, readEricssonLtd: the

HorshamSussg-basedompalry, now wholly-ownedby theSwedeof®ciallychanged
its nameon Januaryl.

- 0 -
Citing ®guregrom the ElectroniclndustriesAssociationof

Japanthe AmericanElectronicsAssociatiomow saysthatthe US shareof worldwide
electronicgproductionfell to 39.7%in 1987from 50.4%in 1984 while the Japarse
shareroseto 27.1%from 23.1% over the sameperiod and that of Europeroseto

26.4%from 23.5%,althoughthat®guremasksa decline becaus¢he Europearshare
hit 27.6%in 1986;the newly industrialisedcountriesof the Far Eastsaw their 1987
sharehit 6.8%,from 4.9%in 1984.

[...]
In DocumenB3709(ZF07-554-808ye ®nd:

[.]

TheEuropearCommunitywhoseCommonrAgriculturePolicy keepgoodpriceshigh,

andwhich hasfailed to persuadenonopolyEuropearairlinesto reduceair faresthat
borderon the racketeeringhasnow succeededh ensuringthat at timesof memory
chip gluts,Europeamrmanufacturerthatusechipsin their productswill notbeableto

buy the thingsat the bestpricesavailableto competitordan otherpartsof the world,

butinsteadwill haveto bankrollmanufacturers Japanthe Commissiorhascoerced
11 Japarsemanufacturers Fujitsu Ltd, Hitachi Ltd, MitsubishiElectricCorp,NEC

Corp, ToshibaCorp,

[Sh]arpCorp,Saryo DenkiCo, MinebeaCo andOki ElectricindustryCo- to set oor

pricesfor chipsthey exportto Europeithe pricesarebetweer8% and10%above the
averagecostof productionweightedfor eachcompary's output;the agreementwill

begoodfor ®\e yearsandsolong asthe Japarsemakerskeeppricesabove the oor,
they will faceno dumpng duties.

[.]
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This lastis perhapsjuestionablaincethe topic descriptionasksfor actionstakenagainst
provenor suspectedumping,andthepassagérom documenB709describesnavoidance
of adumpingchage.

If the hypothesesboutterm distribution hold true, thendocumentdhatare listed in
Figure 3.9 but do not demonstrateoverlap, suchas 1022, 3738, and 3697 should not
be relevant. An examinationof their contentsrevealsthat one paragraphn 1022 canbe
consideredelevant,althoughJapans notmentionedspeci®callynoris Americaor Europe:

[.]

Talking of soapoperas,Toshibaappeardo be doing its partnerIBM andthe other
manufacturersnvolved in the disputeover the alleged dumpng of liquid crystal
displays(Cl No 1,501)no favours: the Herald Tribune quotesTakashiShimadatop
engineelin Toshibas electrontubegroup,assaying"in termsof importance(to the
computesystem)ur executivessaythe 1990sequivalentof the DRAM chipis liquid
crystaldisplays"- cuemorehystericalyellow perilism.

[.]

but the othertwo have irrelevantreferencege.g.,dumpingdataonto a tape). Document
2003 presentscon icting messagesit turnsout to be a seriesof very short newsbite,
including:

[.]
Also: JAPANESESPEECHRECOGNITIONPROJECT

AUDIOTEX SYSTEMBUSINESSBRISKCENTURY HIGH SCHOOL DEDICATED
USERSBEMOAN QUALITY, TRAINING

TECHNOLOGY DUMPING IN MALAYSIA
[.]

Anotherexampletopic descriptions shavn below:

Topic 034

<dom>Domain:

ScienceandTechnology

<title>Topic:

EntitiesInvolvedIn Building ISDN ApplicationsandDevelopingStratgiesto Exploit
ISDN

<desc>Description:

Documentmust describeapplicationscompaniesplan to build (are building, have
built) for themselesor for others which exploit ISDN's servicesandcapabilitiesor
identify generaktratgiesfor usinglSDN.
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<narr>Narratve:

Toberelevant,adocumenmustidentify acompar'sstratgy for usingintegratedSer
vicesDigital Networks(ISDN) or building or usingapplicationsvhichtakeadwantage
of ISDN.

<con>Concept(s):

1. ISDN

2. Stratgy, Applications,Products,
3. Networks

<fac>Factor(s):
<def>De®nition(s):

IntegratedServicedDigital Networks(ISDN) - An internationakelecommunications
standardor transmittingvoice,videoanddataover adigital communicationéine.

Thereare49 documentgudgedrelevantto this topic description.By convertingit to a
simpleTileBar query of theform: TermSetl: ISDN andTermSet2: applicationstrateyy,
we ®ndTileBar descriptiondike thoseshawvn in Figure3.10. In this caseit is usefulto
usethesortedTileBar representationinterestinglyall of thedocumentsn the2Both Term
Sets®window, andall thedocumentsn the2Term Set1° window arejudgedto berelevant.
Only documenb25in the@Term Set2° window is relevant,andonly two documentsn the
apPassingReferencesWindow arerelevant.

Theseexamplesgraphicallyillustrate how differencesin term distribution can have
different effects on relevancejudgments. In topic description034, it is importantthat
the term ISDN be frequentand well-distributed throughoutthe text, whereasin topic
descriptiorD05,bothtermsetsneededo occurin anoverlappingcon®guratiorutin most
casesn only oneor two passagesf thedocument.

Theseexamplesalsoshav how powerful certainselectedermscanbe in ®ndingthe
documentshathave beenmarkedasrelevant. Thevectorspacenodelandothersimilarity
comparisormodelsaredesignedo determinewhich termsareimportanttermsautomat-
ically, usually using via inversedocumentfrequeng. In future work | planto usethe
TileBar representatioimn vector spacescoresto help determinewhich partsof the long
texts contributeto the overall vectorspaceankings.

3.5.2 Similarity-based PassageRetrieval Experiments

Sofarthischaptehasfocussentheuseof termdistributionin passage-baseetrieval.
Therehasbeena smallamountof work on applicationof similarity-basedneasureso full
texts; thiswork is discussedh this section.
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Figure3.10: TileBarsfoundin responséo a simpli®edversionof TRECtopic description
034. TermSetl = isdnandTerm Set2 = applicationstrateyy.
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Salton, Buckley, and Allan

Oneway to getan approximatiorto subtopicstructureis to breakthe documeninto
paragraphser for very long documentssections. In both casesthis entailsusing the
orthographianarkingsuppliedby theauthorto determingopic boundaries.

Salton,Buckley, andAllan (1991,1993,1994) have examinedissuegertainingto the
interlinking of segmentsof full-text documents.In the applicationghey have described,
Saltonetal. focuson®ndingsubpartof alargedocumenthateitherhave pointersto other
documentgasin @8SeeAlso° referencei theeng/clopediaor repliesto previously posted
email messages)or are very similar in content. Theselinks are usedfor the purposes
automatigpassagéinking for hypertext. They focusmoreon how to ®ndsimilarity among
blocks of text of greatly differing length, and not so much on the role of the text block
in the documentthatit is a partof. They ®ndthata goodway to ensurethattwo larger
seggments suchastwo sectionsaresimilar to oneanotheris to makesurethey aresimilar
bothglobally andlocally.

Their algorithmsensurethat a documentis similar to a query at several levels of
granularity: over the entiretext, atthe paragrapHevel, andat the sentencédevel. (In this
work, whenappliedto eng/clopediatext, queriesusuallyconsistof eng/clopediaarticles
themseles.) For two sectiongo be similar, they mustbe similar overall, at the paragraph
level, andat the sentencédevel. To accommodatéor the fact that mostparagraphsliffer
in length,they normalizethetermfrequeny componentor thecomparisonsTheir results
shaw that this procedureis more effective than using full-text information alone. This
stratgy, especiallythe sentence-kel comparisonsenes as a form of disambiguation,
sinceit forcestermsthat have more than one senseto be usedtogetherin their shared
senses.Saltonet al. have found this approachto work quite well for the eng/clopedia
data,usingthe pre-&isting See-Alsdinks asthe evaluationmeasure(They point outthe
problemswith this asan evaluationmeasure sincethe eng/clopediais parsimoniousvith
its referencdinks, mary links thatcouldreasonablye presentaredeliberatelyleft outto
avoid clutter)

However, whenthey appliedthesametechniqueo the TRECcollection,they foundthe
resultswerenotimprovedby theglobal/localstratgy (Buckley etal. 1994). They attribute
this to the lack of needfor disambiguatioramongthe TREC queries,sincethe datasets
involvedaremorehomogenoughanthoseof the eng/clopedia.

Otherreasonsnightbethatthestructureof theTRECqueriesdonotre ectthestructure
of thedatasetasis the casewith theeng/clopediatext, andthatthe TREC datasets much
morevariedandirregularthanis theeng/clopediatext.

Hearst and Plaunt

An alternatve approachis presentedn Hearst& Plaunt(1993), which presentsan
experimentthatdemonstratethe utility of treatingfull-length documentascomposedf
a sequencef locally concentratedliscussions.The stratgy is to divide the documents
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into motivatedsegmentsyetrieve thetop-scorin200segmentshatmostcloselymatchthe
guery(accordingo thevectorspacemodel),andthensumthe scoredor all sggmentsthat
arefrom thesamedocument.Thiscauseshepartsof thedocumentshataremostsimilarto
thequeriedo contributeto the®nalscorefor thedocument.Thisexperimentwasperformed
on a smallsubsebf the TREC ZIFF collection(274 document®f at least1500wordsof
text each). Similarity searchon segmenteddocumentsvasfoundto performbetterthan
full documentsandtheapproaclof combiningthescoredor thetop 200segmentswvorked
signi®canthpetterthaneitherfull textsor sggmentsalone.To beexploredis thequestiorof
whatportionsof thedocumentsontrituteto thesumz aretheresereraldifferentdiscussions
aboutthe samesubtopic,or differentpassagesf thetext correspondingo differentparts
of thequery?Perhapsasseerin theexamplesn Section3.5.1,differentexplanationshold
for differentqueries. An examinationusing a modi®edversionof TileBarsshouldhelp
elucidatetheseissues.

Moffat etal.

Moffatetal. (1994)andFulleretal. (1993)arealsoconcernedvith structuredetrieval
from long texts, aswell asef®cieny considerationsequiredfor indexing documentub-
parts.Moffatetal. (1994)performeda seriesof experiments/aryingthetype of document
subparthatwascomparedndtheway the subpartswereusedin theranking.

Interestingly Moffat etal. (1994)foundthatmanuallysuppliedsectioningnformation
mayleadto poorerretrieval resultsthantechniqueshatautomaticallydivide thetext. They
comparedwo methodsof dividing up long texts. The ®rstconsistedof the premarked
sectioningnformationbasedon theinternalmarkupsupplied(presumablyby the author)
with the texts. The seconduseda heuristicin which small numbersof paragraphsvere
groupedtogetheruntil they exceededa size threshold. The resultswere that the small,
arti®cial multi-paragraphgroupingsseemedo perform betterthan the authorsupplied
sectioninginformation. More experimentsare necessaryn this vein to ®mly establish
this result, but it doeslend supportto the conjecturethat multi-paragraptsubtopic-sized
sggmentssuchasthoseproducedy TextTiling, areusefulfor similarity-based¢domparisons.

3.5.3 Other Approaches

Anotherrecentpieceof work on passageetrieval (Mittendorf& Schiuble1994)creates
aHiddenMarkov Model representationf thetext andthe query In orderto evaluatethe
resultsthe authorsconcatenata sequencef abstractgfrom the MEDLAR collection,
which consistsof 1003 abstractsand 30 queries)andtry to both recognizethe original
boundarie®f thedocumentaswell as®ndthe documentshatarerelevantto the query

Otherresearchersave approximatedocal structuren longdocumentdy breakingthe
documentito even-sizepieceswithoutregardfor ary boundariesStan®I& Waltz(1992)
reporton sucha techniqueusingthe ef®cieng of a massiely parallelcomputer They
dividethedocument#to 30-wordsegmentsaandcompaethequerieto eactsegment. They
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alsocombinethe scoredor adjacenB0-wordsegmentsn casethey breakthedocumentn
aninopportuneposition,andthenreportthebest combinedscores.Theusercanchoose
to seeeitherthe bestsectionsor the headsof the bestdocuments.This simple method,
performedon texts from the Dow Jonesnewswire service,consistingof aboutl Gigabyte
of newswires,magazinespenspapersamongothers achiezesgoodresultsafterextensve
testing. Theauthorscite a precision-recalproductof 0.65on their taskbut do not further
elaborateon this claim (it would be a challengeto accuratelydeterminerecall on sucha
collectionunlesssomekind of sampling-basedstimations used).

Hahn(1990) haseloquentlyaddressedhe needfor imposingstructureon full-length
documentsn orderto improve informationretrieval, but proposes knowvledge-intensie,
stronglydomaindependenapproachwhichis dif®cultto scaleto sizabletext collections.
Croftetal. (1990)describeasystenthatallowsuserslirectacces$o structurednformation.
Rus& Subramaniai1993)makeuseof certainkindsof structuralinformation,e.g.,table
layout,for informationextraction.

Ro (1988a)hasperformedexperimentsaddressingheissueof retrieval from full texts
in contrastto using controlledvocalulary, abstractsand paragraphslone. Performing
Boolearretrieval for asetof ninequeriesagainsbusinessnanagemerjournalarticles,Ro
foundthatretrieving againstull text producedhehighestrecallbut thelowestprecisionof
all the methods.In subsequengxperimentsRo (1988b)tried variousweightingschemes
in an attemptto shav thatretrieving againstfull text would perform betterthan against
paragraphalone,but did not achieve signi®cantesultsto this effect.

3.6 Conclusions

This chapterhas discussedetrieval from full-text documents. | have shavn how
relative term distribution can be useful information for understandinghe relationship
betweena queryandretrieved documents.l have generalizedhe contrastbetweenmain
topics and subtopicsto an analysisof all the possiblecombinationsof term frequeny
and distribution betweentwo term setsand hypothesizedaboutthe usefulnesof each
distributionalrelationship.

| have alsointroduceda new display device, called TileBars, that demonstrateshe
usefulnessf explicit termdistributioninformation. Therepresentatiosimultaneouslynd
compactlyindicategelatve documentength,querytermfrequeng, andquerytermdistri-
bution. Thepatternsn acolumnof TileBarscanbequickly scanne@nddecipheredaiding
usersin makingfastjudgmentsaboutthe potentialrelevanceof the retrieved documents.
TileBarscanbesortedaccordingo their distribution patternsaandtermfrequenciesaiding
theusers'evaluationtaskstill more. Two queriesrom the TRECcollectionwereanalyzed
usingTileBarsandit wasshawvn thattherelevantdocumentgor eachquerydemonstrated
radicallydifferentpatternsof distribution of thechosergueryterms.

Currentlyonly two term setsare contrastecht a time; this can be easily extendedto
threeor four. It is mostlikely the casethat ary more thanfour term setswill make
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the representatiorif®cultto interpret. Another extensionto be madeto the existing
implementatiorof TileBarsis improvementof thesimplepatternsortingheuristic.Studies
shouldto be doneto determinewhatkinds of patternsortingsare mostinformatie. In
thefuturetheTilebarsshouldalsobe evaluatedn termsof their usein relevancefeedback
andwith respecto how userdnterpretthe meaningof thetermdistributions. Theanalysis
shouldcompareusers'expectation@boutthe meaningof thetermdistributionsagainsthe
analysisshawvn in the distribution chart. It may be usefulto determinan what situations
theusers'expectationgarenotmet,in hopesf identifyingwhatadditionalinformationwill
helppreventmisconceptions.

Informationaccessnechanismshouldnotbethoughtof asretrievalinisolation.Cutting
etal. (1990)adwcateatext accesparadigmthat®weavestogethelinterface presentation
andsearchin a mutuallyreinforcingfashion®;this viewpointis adoptechereaswell. For
example,theusermight sendthe contentsof the PassingReferencesvindow of a TileBar
sessionto a Scatter/Gathesession(Cutting et al. 1993), which would then clusterthe
documentsthusindicatingwhatmaintopicsthe passingeferenceoccurredn. Theuser
could selecta subsetof the clustersto be sentbackto the TileBar session. This kind of
integrationwill beattemptedn futurework.
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Chapter 4

Main Topic Categories

4.1 Intr oduction

This chaptempresentanalgorithmthatautomaticallyassignsnultiple maintopic cate-
goriesto texts, basedn computingtheposterioprobabilityof thetopic givenits surround-
ing words, without requiring pre-labeledraining dataor heuristicrules. The algorithm
signi®cantlyoutperformsa baselinemeasureand approacheshe levels of interindexer
consisteng displayedoy nonprofessionatumanindexers. The chapteralsodescribeshe
constructiorof agenerakateyory setfrom anexisting hand-huilt lexical hierarchy

Theapproachio cateyorizationdescribedereis onein whichonly thesimplestassump-
tionsaremadeaboutwhat it meansto catgorizethe contentof a text. Thisis donefor
the purpose®f robustnessscalability andgenretransferability More reasonableesults
couldbe obtainedrom morestructurecanddomain-speci®analyse®f thetext, but atthe
costof notallowing for wide applicability.

4.2 Preview: How to useMultiple Main Topic Categories

The capabilityto automaticallyassignmain topic labels(in this andthe next chaptey
the terms@categgories®, 2main topics®, and?abels® are usedinterchangeably)eadsto a
new paradigmfor browsing the contentsof full-length texts: the labelscanbe usedto
help contetualizetheresultsof aquery;i.e., shav the userthetopicsthatcharacterizéhe
documentsassociateavith the resultsof a query In Chapters, | explore the hypothesis
thatusersneedmorecontetual informationwhendealingwith full-length texts thanwith
abstractandshorttext, in partbecaussimilarity informationis lessusefulwhencomparing
lengthydocumentsHerel presenbneexampleof thisidea.

If the resultsof a users query are situatedwith respectto the main topics of the
documentsa userwith only a vaguenotion of whatcontet thetermshouldappeatn can
browsetheoutputof thecateyorizerto ®ndappropriateéexts. For example Figure4.1shovs
automaticallyassignednain topic cateyoriesfor ®we texts from the ACL/DCI collection
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finance
commerce
law
governme

plants

chemistry

D

medicine
biology
trouble
military

medicine

Figure4.1: Main topic catgoriesassignedy the algorithmdescribedn this chapterto
textsthatcontaintheterm@contaminant‘atleasttwice in asmallcorpusof nevspapetext.

(Church& Liberman1991)of articlesfrom the Wall StreetJournal in which the string
acontaminant®ccursat leasttwice. Glancingat thesewe cangeta feelingfor the 2gist®
of eacharticle. For example,document® andB areassignectategyoriesrelatingto food,
while documentC is assignedwo very different catgjories+ medicineand military +
becausehe article discusseshe accidentateleaseof an agentfor biologicalwarfareand
the subsequenmedicaldamagecontrol efforts. DocumentD discussesontaminantsn a
technicalcontet while documen€ discussesontaminantén a®nanciatontet; in other
words,ratherthanfocusingon the medicalor ervironmentalaspect®f a contaminationit
focusesn associatethusinessandlegal costs.

Note that this example,especiallydocumentC, highlightsanotherpoint: texts, espe-
cially long texts, are not alwaysbestrepresente@s one topic from one semanticclass.
Ratherthey areoftenabouttwo or morethemesandsomerelationshipamongthese.Thus
classifyingdocumentstrictly within atopic hierarchicallycanbe misleadingbecausd¢he
multiple themeghat co-exist arenot necessarilpnesthatarecommonlyconsideredo be
in the samesemanticframe. Theseandrelatedissuesare discussedn greaterdetail in
Chapters.

Thischapters structuredasfollows: Sectiond.3describeshecateyorizationalgorithm,
Section4.4 presentan evaluationof the algorithm,andSection4.5 describeshe way the
generathesaurus-likeateyory setwasacquired.
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4.3 Automatic Assignmentof Multiple Main Topics

This chapterdescribesa mechanismfor assigningmultiple main topicsto lengthy
expositorytexts. Thealgorithmis a modi®catiorof a disambiguatioralgorithmdescribed
in Yarowvsky (1992). It requiresa training phasethat determineswvhich termsshouldbe
weightedhighly asevidencefor eachcategory. The trainingdoesnot requirepre-labeled
texts; ratherit reliesonthetendeny for instancesf differentcategoriesto occurin different
lexical contexts to separatehe evidence. Whenassigningtopicsto a text, the algorithm
measurefiow muchevidenceis presentor every catgory; the catgorieswith the most
evidenceareconsideredo bethe maintopic catgoriesof thetext.

The catgyorizationalgorithmis statisticaiin natureandis basedntheassumptiorthat
maintopicsof atext arediscussedhroughouthelengthof thetext. Thusalthoughit looks
at the evidencesuppliedby individual lexical items, it doesnot takethe structureof the
text into accountge.g.,how thelexical itemsarerelatedto oneanothersyntacticallyor by
discoursestructure. The algorithmis successfubt identifying schema-likecateyories; it
identi®esermsassociatewith thecatgoriesthatarenotnecessarilpriginally speci®eds
memberof the catgyories. However, becaus¢he catgoriesarepre-de®nedhealgorithm
cannotrecognizeor producenovel labels. For this reasontheresultsof the cateyorization
algorithmshouldbe usedin conjunctionwith termsthat occurfrequentlythroughoutthe
text whencharacterizinghetexts' content.Fixedcategoriesshouldplay only apartialrole
in the characterizationf the contentf thetext.

This chapteralsodiscussesn approactto creatingthesaurus-likeateoriesfrom an
existing hand-tuilt lexicon, WordNet(Miller etal. 1990). The®rststepis analgorithmfor
breakingup theWordNetnounhierarchyinto smallgroupsof relatedterms,andthesecond
stepdeterminesvhich groupsto combinetogetherin an attemptto createschema-like
catgories. This stepusedexical associationnformationfrom alarge corpusto determine
which groupsaremostsimilarto oneanother Thisprocedureyieldsasetof cateyoriesthat
canthenbeusedasgenerakateyory labelsfor lengthyexpositorytexts.

4.3.1 Overview

Thecategoryassignmenalgorithmworksasfollows. A measuref associatiotetween
wordsandcateoriesis foundby trainingon alargetext collection;thetrainingalgorithm
is describedn thefollowing sections.This measuref associations usedto characterize
thewordsof thedocumento which cateyoriesareto be assignedThealgorithmlooksup
how stronglyassociate@achword in thetext is with all of the categoriesin the cateyory
set. Thescoredor eachcatgyory areaddedogetherandthetop scoringcateyories,subject
to a userspeci®edautoff, arereportedafterthe entiredocumentasbeenprocessedThe
associatiormeasures a normalizatiorof asshavn below.

Earlier| experimentedwith algorithmsthattried to determinewvhich sensgcateory)
of awordwasbeingusedbeforeallowing thatwordto contributeto evidencefor theoverall
categyorizationof thealgorithm. Thisrequiresusingawindow of wordssurroundingaword
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to determinevhichsensef thetargettermis in use(usingavariationof Yarovsky's (1992)
algorithm,seebelow). Althoughl abandonedhis approachtheactualcurrentimplemen-
tation processesvhole windows of wordsat a time, in effect periodically?probing® the
document.Dependingonthewindow sizeandthefrequeng of the probesthis canresult
in countingeachterma constannumberof times,ratherthanonetime only, but this does
not changeheresultingrankingof the cateyories.

4.3.2 Yarowsky's Disambiguation Algorithm

The topic assignmenalgorithmdescribecdhereis a modi®catiorof a disambiguation
algorithmdescribedn Yarawvsky (1992). Yarowvsky de®nesvord sensessthe catgories
listedfor awordin Rogets ThesaurugFourthEdition),wherea categoryis somethindike
TOOLS/MACHINERY. For eachcateyory, thealgorithm

1. Collectscontetsthatarerepresentagie of theRogetcateyory

2. ldenti®essalientwordsin the collective contets and deter
minesweightsfor eachword, and

3. Usestheresultingweightsto predictthe appropriateategory
for a polysemousvord occurringin a novel text. (Yarowsky
1992)

In otherwords,thedisambiguatiomlgorithmassumesachmajorsensef ahomograph
is representedby a differentthesaurus-likecatgyory. Therefore,an algorithm that can
determinewhich category aninstanceof atermbelongsto canin effect disambiguatehe
term. The disambiguations accomplishedy comparingthe termsthatfall into a wide
window surroundingthe targetterm to contets that have beenseen,in a training phase,
to characterizeeachof the catgoriesin which thetargettermis a potentialmember The
training phasedeterminesvhich termsshouldbe weightedhighly for eachcateyory, using
a mutual-informationlike statistic. The training doesnot requirepre-labeledexts; rather
it relieson the tendenyg for instancesf differentcategoriesto occurin differentlexical
contexts to separatehe sensesAfter thetrainingis completeda word is assigned sense
by combiningtheweightsof all thetermssurroundinghetargetword andseeingwhich of
thepossiblesenseshatword cantakeon hasthe highestweight.

| extendthisalgorithmto thetext cateyorizationproblemasfollows. Insteacf choosing
from thesetof catgoriesthatcanbeassignedo a particulartargetword, this new version
of the algorithmmeasurefiov muchevidenceis presentor all catgories,independently
of whatword occursin thecenterof thecontext beingmeasuredAfter theentiredocument
hasbeenprocessedhe catgorieswith the mostevidenceareidenti®edasthe maintopic
catgyoriesof thetext. This algorithmis basedon the assumptiongiscussedn Chapter3,
thatmaintopicsof atext arediscussedhroughouthelengthof thetext. Thealgorithmis
describedn moredetailin thenext two subsections.
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4.3.3 Lexically-BasedCategories

For the purpose®f this algorithm,a categyory is de®nedy the setof lexical itemsthat
compriseit. Theimplementatiorusesa categyory setderived from WordNet(Miller et al.
1990), a large, hand-hilt online repositoryof Englishlexical itemsorganizedaccording
to several lexico-semantiaelations. The implementatiordoesnot useRogets catgories
becauseat the time of writing they areno availableto the publicin electronicform. The
algorithmusedo derive the WordNet-basedateyoriesis describedn Sectior4.5,with the
goal of achiezing wide coverageusinggeneralcateyories. A moderatesize cateory set
wasusedin orderto facilitate comparisonsagainsjudgementsmadeby humansubjects
(whowouldbe overwhelmedy too large a cateyory set).

The algorithmworks by automaticallydetermining.for eachcategory, which lexical
itemstendto indicatethepresencef thatcateyory. Theevidencefor presencef acatgory
is determinedoy not only by the presencef the lexical itemsthat makeup the cateyory,
but alsoby termsthat have beenfoundto co-occurin a salientmannerwith the cateyory
terms (describedn detail below). For example,the @vehicles® category, consistingof
namesof kindsof vehicles,couldbeindicatedoy termsindicatingwherevehiclesareused,
e.g.,%road®, 2ocean®,etc. Ideally, the catgyory itself might containtermsthatindicatethe
semantidramein whichthecateoryis used.For example theathletics®cateyorycontains
termsaboutathletesplaying®eldsandsportsmplementsaswell asnamesf sports.It is
dif®cultto determinewvhereto draw a line betweercateyory-speci®termsandtermsthat
occurmoregenerally However, thealgorithmhelpsdecidethis by indicatingwhich terms
outsidethecateyory neverthelesgo-occumwith it signi®canthandto theexclusionof other
catgories. Thus,in somecaseghe algorithmdiscoverstermsthatsupporithe frame-like
meaningof the cateyories.

Sparck-Jonegl971)discussest lengththe differencebetweersynorymsandseman-
tically relatedtermsin a catgyory de®nition.For example termsgroupedwith 2desirein
Rogets Thesaurusnclude@wish®, &fancy®, and®want®, which canbecalledsynoryms. In
contrasttermsgroupedwith 2navigation® include@boating®, 2oar®, and@voyage?;these
are not synoryms but are semanticallyassociationallyrelatedto the navigation schema.
Sheconcludesn Sparck-Jone§l986)thatthe semantic-basedlassesare more effective
for informationretrieval, althoughdoesnot claimto verify this rigorously

4.3.4 Determining SalientTerms

Yarowvsky 1992de®nessalientwordas?onewhichappearsigni®cantlynoreoftenin
thecontet of a catgyory thanat otherpointsin the corpus®(p 455). For example theterm
alift® canbesalientfor themachinesensef acrane®butnotfor thebird senseHeformalizes

thiswith amutual-informationike estimate: , theprobabilityof aword
occurringin the context of the Rogetcatejory divided by the probability of the
termoccurringin thecorpusasawhole. Yarovsky notesthat canbecomputed

by determiningthe numberof times occursin the contet surroundingtermsthat are
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memberof . Henotes however, thatthis estimatas unreliablewhen isinfrequent
in the corpus,andcorrectsfor this by employinga smoothingalgorithmdescribedn Gale
etal. (1992b).

Onceall of thecomputationgor have beencomputeddisambiguatiortan
takeplace.Yaronvsky combinegheevidencesuppliedby thewordssurroundingninstance
of theword thatis beingdisambiguatedsfollows:

Argmax

log

wherea context of 50 wordsis allottedon eithersideof the targetword (additionis used
sincethe formulatakesthe logs of the evidenceweights). Yaronsky assumes uniform
distributionfor , andnotesthat canbeomittedaswell sinceit will noteffect
theresultsof themaximization.

Thisalgorithmdoesnotenforcemutualexclusivity onevidencefor differentcateories,
althoughweightassignedo onecateory doesdetractfrom weightthatcanbe assignedo
ary othercategyory (sincethefrequeny of co-occurrencef awordwith a category member
is divided by the overall frequeng of theword). Thelack of mutual-eclusiity is useful
in thatit allows oneword to provide partialevidencefor multiple catejories.

Training proceedsy ®rstcollectingglobal frequeng countsover a corpus. For the
currentimplementationtrainingwasdoneon Grolier's AmericanAcademidncyclopedia
(8 7Mwords).In thecurrentimplementatiorof thealgorithm,termsarecheckedgainst
WordNet (Miller et al. 1990)in orderto placethemin a @canonicalizedorm. Words
thatarelisted on a 454-word@stoplist? (i.e., alist of closed-classvordsandotherhighly
frequentwords)arenotusedin the calculationof evidencefor category membership.

If a pair of adjacentwordsmatchesa compoundcontainedn WordNet,thenthat pair
is considereda term, insteadof as the individual words that compriseit. If the word
doesnot participatan atwo-membecompoundthenits membershipn WordNetaloneis
investigated.If this checkfails, thenthe term'sin ections areremoved usinga modi®ed
versionof WordNet's morphologicalanalyzey and the stemmedversionis lookedup in
WordNet. In caseof failure, the next two modi®cationsare corversionof the term's
characterso lowercaseandreapplicatiorof morphologicaktemming.If all elsefails, the
wordis recordedn its original form.

As mentionedabove, Yarownsky's algorithmis designedo performword disambigua-
tion. After training hasbeencompletedthe term weightscanbe usedto classifya new
instanceof atermthatis amembeiof oneor morecategjoriesinto thecateyorywith themost
contextual evidence.However, catgyory assignmenis computedsomeavhatdifferently.

Evidencdor catggory memberships determinedy evaluatingco-occurrencenforma-
tion within a®ed-lengthwindow of termssurroundingeachinstanceof atargetterm. To
preventthe evidencesuppliedby frequentermsfrom dominatingthe evidencesuppliedoy
infrequenttermsthe evidencecontributedby a particularmemberof a catgoryis normal-
ized by the numberof timesthatterm occursin the corpusasa whole. (Yarowsky (1992)
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alsoweightsthetermsin this manner)thusrequiringtwo passeshroughthetrainingdata.
Insteadof smoothingestimategor infrequentterms,this implementatiorsimply excludes
infrequentterms (termswhosefrequeng is lessthana threshold)from contributing ev-

idence. This is donebecausat is unlikely that a very infrequentterm will be able to

provide reliableevidencefor the catgory, andthusit is excludedfrom makingary kind of

contributionatall.

In thecurrenimplementatiof thealgorithmatermwindow surroundingninstanceof
awordthatis amemberof acatgoryis countecequallyasevidencefor all of thecateyories
of which theword is amember However, it would be interestingto incorporatethis and
determinavhetheror notre-estimatiorcausedesultsto improve. Anotherpossibilityis to
usethere-estimatiorstepto adjustthe biasof the algorithmto a corpusdifferentthanthe
oneinitially trainedon.

Anotherissueis that of context window size. Galeet al. (1992b)®ndthatsometimes
wordseven 10,000positionsaway from the targetterm are usefulfor training; Yarovsky
(1992)usesa ®edwindow of 100words. Thatwindow sizewasalsousedin the current
implementatiorof the algorithm; however, a moremeaningfulway to specifythe contet
window would be to usecoherentmulti-paragraplunits asdiscovered by the TextTiling
algorithmof Chapter2. The re-estimatiomalgorithmcanalsoplay arole in determining
anappropriatavindow size,asfollows (seeFigure4.2). Thetiling algorithm,usingonly
term repetition,determineghe windows to be usedasinput to the training phaseof the
categyorizationalgorithm. Thecategyorizationalgorithmis thenusedo assigrdisambiguated
labelsto mary of thetermswhicharethenre-inputtothetiling algorithm whichpresumably
cannow generatenoreaccuratdile information,andsoon. Thetrainingloop ideahasnot
yetbeenimplemented.

In thetrainingphaseof thecurrentimplementationif awordis amembeiof a cateory,
thenthatwordis notallowedto countasevidencefor the cateyory. This makesnoresense
for thedisambiguatiomlgorithmthanfor thetopiclabelingalgorithm,but in bothcaseghe
word shouldbe ableto countasevidencefor the catgory it is amemberof, accordingto
someprior probability of its tendeng to representhatcateory versusary othercateory
of whichit maybeamember

4.3.5 RelatedWork and Advantagesof the Algorithm

There exist other systemsin which multiple categyories are assignedo documents,
e.g., Masandet al. (1992), Jacobs& Rau(1990), Hayes(1992). However, unlike the
methodsuggestedhere,thesesystemgequirelarge volumesof pre-labeledexts in order
to performtheseclassi®cationsLarson(1992),Larson(1991) presentsan algorithmthat
automaticallyassignd.ibrary of Congres<lassi®catiomumbergo bibliographicrecords
consistingof titles and subjectheadingsafter forming clustersbasedon training from
existing records. The methodworks well but requirespre-de®nedubjectheadingsas
attributesfor classi®cation.

Theapproachof Liddy & Paik (1992)is mostsimilar to that presentedhere. Liddy &
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Figure4.2: A proposedrainingloop: TextTiling, usingonly termrepetitioninformation,

providescontet window informationfor the cateyorizationalgorithmwhich thensupplies
termcateyoryinformationtoimprovetheresultsof TextTiling, whichaidsin thereestimation
of the priorsfor the cateyorizationalgorithm,andsoon.

Paik (1992)useSubjectCodeassignmentérom the LDOCE dictionary creatingin effect
asetof generakatgories. Thealgorithmpresentedheremakesa probabilisticestimateof
thelikelihood of a catgyory giventhe termsthat occur In contrast,the systemof Liddy
& Paik (1992)usesheuristicsto determineword sensedasedon howv mary wordsthat
canbe assignedh particularcodeoccurin a sentenceaswell ashow likely it is for the
candidatecodesn thesentencedo co-occur Thusit alsodoesnotrequirepre-labeledexts
but it doesrequirealargenumberof wordsto have beenassignedo categjoriesin advance.
The catgyorizationalgorithm describedherealso requiressometermsto be assignedo
eachcatgory in adwance,but it automaticallychoosesadditionaltermsfrom the corpus
to actas strongindicatorsfor eachcatgory. Thusit shouldbe more adaptableo new
catgyory setsthatis, category setsthatcharacterizepecializedlomainssuchasacademic
computeiscience It would beusefulto runanexperimentcomparingheresultsof thetwo
algorithms.

Other catgyorizationalgorithmsalso dealwith the issueof choosingsalientfeatures.
Lewis (1992) de®nedeatue selectionas the processof choosing,for eachcateory, a
subsetof termsfrom an indexing languageto be usedin predictingoccurrence®f that
catgory. He usesamutualinformationstatisticwithin a probabilisticframework, choosing
the highestscoringtermsfor eachcateyory to act asindicatorsfor the presenceof that
catgyory. Thisapproacho termweightingis the mostsimilar to thatdescribechere.

Many knowledge-basedlassi®catiorsystemsalso recognizethe needto determine
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which termsoutsideof thosealreadyspeci®edre goodindicatorsof the catgory. Riloff
& Lehnert(1992)usea pre-labeledraining setto extractde®ningeeaturesrom a frame-
like representatiofior eachdocument,in a framework in which a single phrasecan be
enoughto indicatethe presencef a categyory. Jacobq1993),in a framework combining
knowledge-basedndstatisticalinformation,exploresseveral differentwaysto determine
good indicators,including weighting termsaccordingto a mutual information statistic,
using exceptionlists, and ®ndingtermsthat tendto surroundcateyory termsbut are not
a part of the catggory themseles. Funget al. (1990) usinga probabilisticnetwork for
categyorization,requiresusersto selectwhich featuredrom a setindicatethe relevanceof
trainingdocumentsindthenautomaticallydeterminesheweightsto placeonthelinks. The
disadwantagdo all theseapproachess thatthey requirepre-labeledexts or userjudgments
for thetrainingstep.

Marny algorithmshave beendevelopedthat useco-occurrencenformationfor deter
mining category membershipor to build thesauruslasses. Crouch(1990),Grefenstette
(1992),Saltor(1972),Sparck-Jong4986),and Ruge (1991) all useco-occurrencenfor-
mationderived from corporato determinehow to expandquerieswith relatedterms,and
shav that this informationcanimprove retrieval. (But seePeat& Willett (1991)for a
criticism of this kind of approach.) Deerwesteret al. (1990) use co-occurrenceéerms
amongdocumentgcompressedvith multivariantdecomposition}o determinesemantic
relatednesamongdocumentsCo-occurrencenformationhasbeenfoundto be usefulfor
avarietyof tasksn computationalinguisticsaswell (e.g.,Church& Hanks(1989),Smadja
& McKeown (1990),Justeso& Katz(1991)).

An adwantageof the Yaravsky weightingschemads that it usesco-occurrencenfor-
mationto classifytermsinto pre-de®nedntuitively understandablelassesas opposed
to classeglerived from the data. Although cateyoriesor classederived from dataare
usefulfor mary kindsof applicationsjntuitive catgyoriesmay be moreappropriatevhen
interfacingbetweerthe systemandthe user This suppositions visitedin moredetailin
Chapters.

Anotheradwantageof the algorithmis thatit canaccommodatenultiple category sets.
Categyorizationalgorithmsbasedn clusteringcanonly presenbneview onthedata,based
on the resultsof the clusteringalgorithm,but asshavn above, documentsnay be similar
on only oneout of several main topic dimensions. Algorithms that train on pre-labeled
texts canalsorepresentultiple simultaneousateories,but are con®nedo usingonly
thecateyory setsthathave beenpre-assignesincein mostcaseshousandesf pre-labeled
documentsrenecessaryo train thesealgorithms).

4.4 Evaluation of the Categorization Algorithm

A commonway to evaluatea cateorizationalgorithmis to compardts labelingswith
thoseassignedy humancateorizers. For sometestcollectionsa 2correct® setof labels
alreadyexists, and the programs resultscan be measuredirectly againstthese. For
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example, Masandet al. (1992), Jacobs(1993), and Hayes(1992) use human-assigned
labelsbothfor trainingandjudgingtheir classi®catiosystems.

Whenthereexistsalargetrainingbaseof examplesit is saferto assumehatcomparing
againsionejudgmentperdocumenis accurate. However, becauseo large training setis
availablefor thistask,andbecausénter-indexer consisteng tendsto below (Bates1986),
a betterevaluationmetric is to comparethe inter-indexer consisteng of the algorithm
with thatof humanjudges. (Inter-indexer consisteng is the averagenumberof cateory
assignments judge makesin commonwith the otherjudgesfor a particulardocument.)
FurthermoreCooper(1969)shavsthatin arestrictedcaseatleast,increasednter-indexer
consisteng leadsto increasedaxpectedsearcheffectivenessandRolling (1981)provides
moresupportingavidenceto this effect.

Following Galeetal. (1992a)theperformancef thealgorithmis evaluatedagainsboth
alowerboundandanupperbound. Thelower boundrepresentshe minimal performance
thatary algorithmoughtto be ableto surpass.Oftenthis boundaryis whatwould result
if an algorithm always madethe mostlikely choice, e.g., for a part-of-speectiagger
a lower boundmight be the percentagecorrectobtainedby alwaysassigningthe most
likely part-of-speecleateyory for eachword. Usefullower boundsare not alwayseasily
formulated; sometimesan algorithm's resultsshouldjust be comparedagainstwhat an
algorithm making randomassignmentsvould produce(surprisingly it is not infrequent
that proposedalgorithmsdo not perform much betterthan chance). Sinceno priors on
catgory assignmentsre availablefor evaluationof the catgory setdescribechere,the
lower boundor baselinein this evaluationis the performanceof an algorithm making
randomchoices.Oftenin computationalinguisticsalgorithmsthe upperboundis that of
humanperformancethealgorithmshouldnotbeexpectedo do betterthana humarnwould
onataskwith agoalof matchinghumanintuitions. In this evaluation,humaninterindexer
indexing, asdescribedabore, is the upperboundfor evaluation.

4.4.1 The TestSet

Thetexts usedin the evaluationexperimentsverechoserto satisfyseveraldesiderata.
They are:
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lengthy but shortenoughfor humanjudgesto skim
severalof themin areasonablamountof time,

generaln subjectmatterin orderto matchthethetest
cateyory set,

variedin termsof maintopic subjectmatter sothata
varietyof categorieswill beassignedand

publically accessibldo facilitate comparisonagainst
othercateyorizationmethods.

The Brown Corpussatis®eshesecriteria; this experimentusesthe ®rst300 articles?
Eachdocumenis approximatelyl90lineslong (or 2030words,on average)andin most
casesonsistof anunbrokenstreamof text.> Thetexts of the documentsrecut off after
the®rst190lines,soin mostcaseseadersio notseetheentiretext.

4.4.2 The Experiment

Out of these300articles,10 werechosermat random.The 10 texts wereseparatethto
two groups(labeledA andB) of 5 texts each,in orderto reducethe readingload on the
judges.Eachjudgewasgiventhelist of 106 catgjoriesandthe ®\e texts from eithergroup
A or groupB, andthefollowing instructions:

I'd like youto look overthe categoriesbrie y, andthenreadquickly or skim
ead text. Eadh time after youreada text, look at the category list againand
choosethe ®vebestcateyoriesto describethe text's main topic(s). List the
categoriesin rankedorder, with best®rst.Usethecategory numberandplease
includeat leastthe beginningof thecategory namesol knowyoudidn't putthe
wrongnumberby accident. Thetext nameoccursat the beginningof ead ®le

Thejudgesdid notknow thattheirrankingswould becomparedigainsthosegeneratedby
acomputerprogram.

Tensetsof judgmentsverecollected®wefor eachgroupof texts. Thereis disagreement
in theliteratureabouthow to computenter-indexer consisteng (e.g.,Rolling (1981),Hen-
zler(1978)),however, in mostcaseghisis donein a pairwisemanner We areinterestedn
how closelythe programmatcheshe humanjudgmentson average.

DocumeninumbersA.01-F48,H.01-H.30,J.01-J.80.
2A few documentgonsistef several distinctarticlescombinedthe®rstblendingdirectly in to the next.
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4.4.3 Analysisof Results

Theinter-indexer agreementvascomputedor eachjudgeandeachdocumentthatis,
the averagenumberof catgyory assignmentshe judge madein commonwith the other
judgesfor a particulardocument.More formally, if thereare judgesmaking choices
for eachdocument,

1

where is thelist of ®w categoriesassignedy judge to document , and is
the numberof catgoriesassignedo document by both judge andjudge . (This
is equivalentto taking the averageof the pairwisescores.)Note thatfor this calculation,
relative rankingof categoriesis nottakeninto account.

Table4.1 shows the categgorieschoserby the judgesandthe algorithmfor two of the
testdocuments.The labelingof documentA.08 had high inter-indexer consisteng both
amongudgesandthealgorithm. For documeng&.25,thealgorithmdid notrank medicine
thejudges'highestcategory, in its top ®\e (rather it wasrankedeighth),althoughthereis
strongagreemenamongthe otherterms;this was an exceptionalcase(seebelov). The
documeniin questiondiscussesesearchadvanceson technologyto be usedin a medical
context.

judgeA judgeB judgeC judgeD judgeE Algorithm
33governmen 34 politics 102actions 34 politics 33 governmen 33governmen
32legalsystem 33governmeh 104happening 33governmat 34 politics 36®nance
34 politics 37work 34 politics 104happening 36®nance 32legalsystem
36 ®nance 102actions 37work 06 cities 32legalsystem | 35commerce
37 work 36 ®nance 59information 29 con’ict 29 conict 29con’ict
judgeF judgeG judgeH judgel judged Algorithm

27 medicine 27 medicine 27 medicine 27 medicine 25body._process| 87light

02 measure 44technology  44technology  02measure 27 medicine 44technology
45electronics  45electronics 02 measure 44technology  44technology 45electronics
44technology  52science 87 light 45electronics  45electronic 53 physics

99 defense 71cell.biology 26 bodyparts 26 body_parts 100stuff 66 machines

Table4.1: Cateyory assignmento two documentgA.08 andE.25)by humanjudgesand
by the algorithm.

Oneway to evaluatethe resultsof analgorithmis to comparets performancegainst
a baseline. In this case ,we computethe expectedinterindexer consisteng scoreof an
algorithmthat choosedrom the cateyory setat random. This baselineis computedas
follows, if we are not concernedwith relative ranking of cateyories. The modelis one
of chosing cateyorieswithout replacemenfrom a setof  unique catgories, where
eachchoiceof catgyory is independenfrom the previous and subsequenthoices. The
underlyingdistributionis assumedo be hypegeometriqsamplingwithoutreplacement).
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Thealgorithmis requiredto choose categyories,andits choicesarecomparecdagainst
thoseof onejudge,whois assumedo becorrectin all choices.Thenumberof waysto
choose catgyoriescorrectlyoutof choicesfromasetof catgorieswithoutreplacement
(if orderdoesnot matter),is

When catgoriesareidenti®edcorrectly the percentageorrectis  ; thereforethe
expectedpercentageorrectwhen comparingagainstone judge for a randomcateyory
assignmens | — :

In this experiment, 5 and 106. Substitutingin thesevalueswe determine
that the expectedpercentcorrectfor a randomchoosingprocesss 5%. The varianceis

2 2 001 0025 0075.

Sincewehave®windependentomparisongheaveragescorgthemearof theaverage)
is the sumof the ®we meandivided by ®we, or the meanof ary one(0 05). Thevariance
of theaverageis thesumof thevarianceslividedby 2, 0.0015.Thuswe have a Gaussian
randomvariablewith mean0 O5andvarianced 0015. Thismeansascoregreateithan13%
(two standarddeviationsgreaterthanthe mean)happendessthan5% of the time if the
catgyoriesarechoseratrandom.

Table4.2 presentsummarydatafor the judgesandtwo waysof scoringthe outputof
thealgorithm. Thejudges'averageconsisteng scoreis 54%;thealgorithmwhenrestricted
to its top 5 choiceshasa consisteng scoreof 39% andwhenallowed to presentits top
7 choiceshasan averagescoreof 52%. Thusour resultsperform much betterthanthe
baselinesinceon averagethe algorithmmatches39% (1 96 5) of thejudges'choices.

Averagefor | Averagefor | Averagefor

Judges | Algorithm-5| Algorithm-7
GroupA 0.54 0.39 0.50
GroupB 0.54 0.39 0.53
Average 0.54 0.39 0.52

Table4.2: Overall inter-indexer consisteng scores. Algorithm-5 indicatesthe scorefor
the algorithm's ®\e top-rankedcateyories,while Algorithm-7 indicatesthe scorefor the
algorithm'stop sevencateories.

Tables4.3and4.4 presentheseresultsin moredetail. Table4.3 shavs the percentage
of inter-indexeragreementor eachdocumentndfor eachjudgein groupA, aswell asthe
averageconsisteng over all judgesfor eachdocument.Table4.4 shavsthecorresponding
informationfor groupB.

Thesdablesindicatethepercentagagreemenetweertheprogramsscoresandthose
of the judges. Note that whencomparinga judge againstthe otherjudges,comparisons
aremadeagainstfour otherrankings but whencomparinghe programagainsthejudges,
comparisonsare made againstall ®we judges. (Including the programs scoreswhen
comparingjudgesagainstjudgeswould bias the comparisonto favor the programby
giving its assignmentsqualweightto the judges'assignmentsExcludingthe programs
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assignments amorestringenttestof its accurag.)

Thesedablesalsolist two rows of scoregor theprogram.As above, Algorithm-5shavs
theinterindexer consisteng whenonly the top ®\e cateorieschosernby the programare
usedin the comparisonthus makinga fair comparisoragainstthe scoresof the judges.
Algorithm-7 shaws the percentagagreemenivhenthe top sesen catgjoriesgeneratedy
the programareusedin the comparisorto the judge's top ®\we cateories,thusimproving
recall at the expenseof precision. Although this numbercannotbe directly compared
againstthe scoresof the humanjudges,it doesshaw thatif the algorithmis allowed to
includeafew extra cateyories,it will indeedbringin morerelevantcategories.

judge | A.08[C.10[F32] J.11] J.21

A 0.60| 0.55| 0.55| 0.65| 0.60
B 0.40| 0.30| 0.60| 0.60| 0.45
C 0.40| 0.55| 0.55|0.60| 0.35
D 0.45| 0.50| 0.60| 0.60| 0.60
E 0.55| 0.40| 0.50| 0.55]| 0.40

Average | 0.48| 0.46| 0.66| 0.60| 0.48

Algorithm-5| 0.44| 0.48| 0.36| 0.20| 0.48
Algorithm-7 | 0.64| 0.56| 0.48| 0.20| 0.60

Table4.3: Inter-indexer consisteng scoredor eachjudgeon eachdocumentn groupA.

judge | B.04| E.25] J.10] J.15] J.35

F 0.50| 0.65|0.45| 0.65]| 0.60
G 0.45] 0.45|0.45| 0.60| 0.45
H 0.60| 0.55| 0.55| 0.60| 0.65
I 0.50| 0.70| 0.50| 0.60| 0.55
J 0.35]| 0.55|0.45| 0.55| 0.35

Average | 0.48| 0.60| 0.48| 0.60| 0.52

Algorithm-5| 0.44| 0.40| 0.28| 0.60| 0.24
Algorithm-7 | 0.44| 0.48| 0.48| 0.72| 0.52

Table4.4: Interindexer consisteng scoredor eachjudgeon eachdocumenin groupB.

Looking more carefully at the tables,we seethe algorithm performedmost poorly
on documents).10,J.11,and J.35whenrestrictedto the top ®we cateories. A similar
problemoccurredwith bothJ.10andJ.11. Thetop-rankedcateyory for J.10for boththe
programandthe indexersis bugs/insects Similarly, the top-rankedcateyory for J.11for
boththealgorithmandfour of theindexersis reptiles/amphibiandn bothcasesthejudges
markedaslessimportantothercateoriessuchasmeasurandscience By contrastjn both
caseghealgorithmlists only otheranimalcateyories. Uponre ectionthis behaior is not
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surprisingsinceanimaltermswill tendto occurin similar contexts in training,andsince
the catgyorieswerenot trainedto be mutuallyexclusive.

Anotherway to measurdgheresultsis to determinenow oftenthe programassignghe
mostimportantcateyories. Overall, the programs performanceavasstrongwith respecto
choosinghighest-rankedateyories.

If amajority( 3)of thejudgesagreeonthetop-rankecdateyory, thiscateoryis called
themajority top choice. A cateory thatis rankedhighestby atleastonejudgeis referred
to asa minority top choice. Eight out of theten documentfiadmajority top choices. Of
these,in four casesthe programs top choicewasthe majority top choice. In two cases,
the programs top choicematcheda minority top choice. In one of the remainingcases,
the programwasoff-by-one,rankingthe majority top choicesecondandin the other the
majority top choicewasthe programs eighthchoice. In thetwo remainingcasesn which
no majority existed,the programs top choicematcheda minority top choice.

4.5 Creating Thesaural Categories

Recently much effort hasbeenappliedto the creationof lexicons and the acquisi-
tion of semanticand syntacticattributes of the lexical items that comprisethem, e.g,
Alshawi (1987),Calzolari& Bindi (1990),Grefenstett€1992),Hears{1992), Markowitz
etal. (1986),Pustejosky (1987),Schiize(1993a) Wilks etal. (1990). However, alexicon
asgivenmaynotsuittherequirementsf aparticularcomputationatask. Lexiconsareex-
pensveto build; thereforejt is preferableo adjustanexisting oneto meetanapplications
needsover creatinga new onefrom scratch. This sectiondescribes way to addassoci-
ationalinformationto a hierarchicallystructuredexicon in orderto createthesaurus-like
catgyoriesusefulfor thetopic assignmentask?

Oneway to labeltexts, whenworking within alimited domainof discourseis to start
with a pre-de®nedetof topicsand specifythe word contets thatindicatethe topics of
interest,asin Jacobsk Rau(1990). Anotherway, assuminghata large collectionof pre-
labeledtexts exists, is to usestatisticsto automaticallyinfer which lexical itemsindicate
which labels,asin Masandet al. (1992). In contrast,the goal hereis to assignlabels
to general,domain-independerext, without bene®bf pre-classi®etkexts. In all three
casesa lexicon that speci®esvhich lexical itemscorrespondo which topicsis required.
Thetopiclabelingmethodof this chapteiis statisticalandthusrequiresa large numberof
representate lexical itemsfor eachcateory.

Becausea good, large, online public-domainthesauruss not currentlyavailable, this
sectiondescribesiwayto derive onefrom ahierarchicalexicon. Thestartingpointfor the
thesauruss WordNet(Miller etal. 1990),which is readily availableonline andprovides
alarge repositoryof Englishlexical items. WordNet' is composedf synsetsstructures
containingsetsof termswith synorymousmeaningsthusallowing adistinctionto bemade

3Much of thework in this sectionappearedh a similarform in Hearst& Schiize(1993).
4All work describecherepertaingo Version1.3 of WordNet.
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betweerdifferentsense®f homographsAssociatedvith eachsynsets a list of relations
thatthe synsetparticipatesn. Oneof these,n thenoundatasetis the hyporymy relation
(andits inverse hyperrymy), roughlyglossedasthe?lSA° relation. Thisrelationimposesa

hierarchicaktructureon the synsetsindicatinghow to generalizdrom a subordinateerm

to asuperordinatene,andvice versa® Thisis avery usefulkind of informationfor mary

tasks,suchasreasoningwith generalizationgnd assigningprobabilitiesto grammatical
relations(Resnik1992).

This lexicon mustbe adjustedn two waysin orderto facilitate the label assignment
task. The®rstis to collapsethe ®ne-grainedthierarchicalstructureinto a setof coarsebut
semantically-relatedateyories. Thesecategyorieswill provide the lexical evidencefor the
topic labels. (After the labelis assignedthe hierarchicalstructurecanbe reintroduced.)
Oncethe hierarchyhasbeencorvertedinto cateyories,the catgoriescanbe augmented
with new lexical itemsculledfrom freetext corporajn orderto furtherimprove thelabeling
task.

Thesecondvaythelexicon mustbeadjusteds to combinecateyoriesfrom distantparts
of the hierarchy Of particularinterestaregroupingsof termsthatcontributeto aframeor
schema-likaepresentatioifMinsky 1975); this canbe achieved by ®ndingassociational
lexical relationsamongthe existing taxorymic relations. For example,WordNethasthe
following synsets: 2athletic game® (hyporyms: baseball,tennis), @sports implement®
(hyporyms: bat,racquet) and@tract, pieceof land® (hyporyms: baseballdiamond court),
noneof which arecloselyrelatedin the hierarchy We would like to automatically®nd
relationsamongcateoriesheadedoy synsetdike these. (In Version1.3, the WordNet
encoderdave placedsomeassociationdinks amongthesecateyories,but still only some
of thedesiredconnectiongppeai)

In otherwords,links shouldbedervedamongschematicallyelatedpartsof thehierar
chy, wherethesdinks re”ect thetext genreonwhichtext processings to bedone.Schiaze
(1993b)describesa method,calledWordSpacethat representgexical itemsaccordingto
how semanticallyclosethey areto oneanotheybasedon evidencefrom a large text cor-
pus. To createstructuredassociationainformation,the term-similarityinformationfrom
WordSpacds combinedwith the cateyory information derived from WordNetto create
schema-likesupercateyories.

The next subsectiondescribesthe algorithm for corverting the WordNet hierarchy
into a setof cateyories. Thisis followed,in subsection4.5.2by a discussiorof how these
catgyoriesareto beusedandwhy they needo beimproved. Subsectiod.5.3describesion
WordSpacen be usedto bring disparatecateyoriestogetherto form schematigroupings
while retainingthe givenhierarchicaktructure.

SActually, the hyponomyrelationis a directedagyclic graph,in thata minority of the nodesarechildren
of morethanoneparent.| will attimesreferto it asahierarchynonetheless.
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4.5.1 CreatingCategoriesfrom WordNet

An algorithmis neededo decomposéhe WordNetnounhierarchyinto a setof disjoint
catgyories,eachconsistingof arelatively large numberof synsetsgreatingcateoriesof a
particularaveragesizewith assmall a varianceaspossible whereeachcateyory consists
of arelatively large numberof synsetgthisis necessaryor thetext-labelingtask,because
eachtopic mustbe representetby mary differentterms). Thereis somelimit asto how
smallthisvariancecanbebecausé¢hereareseveralsynsetshathave averylargenumberof
children(therearesixteennodes(synsetsith a branchingfactorgreaterthan100). This
primarily occurswith synsetf ataxorymic avor, i.e.,mushroonspeciesandlanguages
of theworld. Therearetwo otherreasonsvhy it is not straightforwardo ®nduniformly
sized,meaningfulcateyories:

(i) Thereis no explicit measuref semantiadistanceamongthe childrenof a synset.

(i) The hierarchyis not balancedj.e., the depthfrom root to leaf variesdramatically
throughoutthe hierarchy asdoesthe branchingfactor (The hierarchyhastenroot
nodespn averagetheir maximumdepthis 10.5andtheir minimumdepthis 2.)

Reasor(ii) rulesouta stratgy of travelingdown a uniform depthfrom therootor upa
uniform heightfrom theleavesin orderto achiere uniform cateory sizes.

For thepurpose®f thedescriptiorof thisalgorithm,a synseis anodein thehierarchy
A descendanof synsetN is ary synsetreachablevia a hyporym link from N or ary of
N's descendant§ecursvely). This meanghatintermediatepr non-leafsynsetsarealso
classi®easdescendantslheterm?achild® refersto animmediatedescendant,e.,asynset
directly linked to N via a hyporym link, and2descendantto indicatelinkage through
transitve closure.

The algorithmusedhereis controlledby two parametersupperandlower boundson
the catgory size (seeFigure 4.3). For example,the resultof settingthe lower boundto
25 andthe upperboundto 60 yields categjorieswith an averagesize of 58 members.An
arbitrarynodeN in the hierarchyis chosenandif it hasnotyetbeenmarkedasa member
of acateory, thealgorithmcheckgo seehow mary unmarkedlescendanis has.In every
case,if thenumberof descendants too small, the assignmento a cateory is deferred
until a nodehigherin the hierarchyis examined(unlessthe nodehasno parents). This
helpsavoid extremelysmallcateyories,which areespeciallyundesirable.

If thenumberf descendantsf N fallswithin theboundarieshenodeandits unmarked
descendantgrebundledinto anew cateyory, marked andassignedlabelwhichis derived
from the synsetat N. Thus,if N andits unmarkeddescendantsreatea cateyory with k
membersthenumberof unmarkeddescendantsf the parentof N decreaseby k.

If N hastoo mary descendantshatis, the countof its unmarkedlescendantexceeds
the upperbound,theneachof its immediatechildrenis checkedin turn: if the child's
descendantount falls betweenthe boundariesthen the child and its descendantare
bundledinto acateyory. If thechild andits unmarkedlescendanexceedtheupperbound,
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for each synset N in the noun hierarchy
a_cat(N)

a_cat(N):
if N has not been entered in a category
T <- #descend ent s( N)

if (T >= LOWER_BRCKET)
&& (T <= UPPER_BRCKET))
mark(N,New Cat Number)

else if (T > UPPER_BRAKET)

for each (direct) child C of N
CT <- #descenden ts (C)
if ((CT >= LOWER_BRAET)
&& (CT <= UPPER_BRGKEH))
mark(C,New Cat Number)
else if (CT > UPPER_BRGKET)
a_cat(C)

T <- #descende nt s(N)

if (T >= LOWER_BRACET)
mark(N,N ewCat Nunber)

Figure4.3: Algorithm for creatingcateyoriesfrom WordNet's nounhierarchy
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United StateConstitution Genesis
0 assemblycourt,legislature) deity divinity god
1 dueprocessof_law relative relation(mother aunt)
2 legaldocumentegalinstrument worship
3 administratve_unit manadultmale
4 body (legislative) professional
5 chage(taxes) happinesgladnessgelicity
6 administratodecisionmaker womanadultfemale
7 documenivritten.document evildoing transgression
8 apprwal (sanctionpass) literary_composition
9 powerpowerfulness religionistreligious person

Figure4.4: Outputusingoriginal catgory seton two well-known texts.

thenthe procedures calledrecursvely on the child. Otherwise,the child is too small
andis left alone. After all of N's childrenhave beenprocessedthe catgory that N will
participatein hasbeenmadeassmallasthe algorithmwill allow. Thereis a chancethat
N andits unmarkeddescendantwill now makea cateyory thatis too small,andif thisis
the case N is left alone,anda higherup nodewill eventuallysubsumet (unlessN has
no parentgemaining).Otherwise N andits remainingunmarkedlescendantarebundled
into a cateyory.

If N hasmorethanoneparent,N canendup assignedo the cateyory of ary of its
parentgor none),dependingn which parentwasaccesse®rstandhonv mary unmarked
childrenit hadatary time, but eachsynseis assignedo only onecateory.

The function2mark® placesthe synsetandall its descendentthat have not yet been
enterednto a catgyory into a new category. Notethat#descendents recalculatedn the
third-to-lastline in caseary of thechildrenof N have beenenterednto cateyories.

In the end theremay be isolatedsmall piecesof hierarchythat arent storedin ary
catagyory, but thiscanbe ®edby acleanuppassjf desired.

4.5.2 AssigningTopicsusingthe Original Category Set

Using the 726 categoriesderived from WordNet, the categgory assignmenalgorithm
produceghe outputshavn in Figure4.4 for two well-known texts (madeavailableonline
by ProjectGutenbeg). The ®rstcolumnindicatesthe rank of the cateyory, the second
columnindicateghescorefor comparisorpurposesandthethird columnshavs thewords
in thesynsettthetop-mostodeof thecatgory (thesearenotalwaysentirelydescriptve,
sosomeglossesareprovidedin parentheses).

Notethatalthoughmostof the catgoriesareappropriatgwith theglaringexceptionof
aprofessionaldn Genesiy thereis someredundang amongthem,andin somecaseshey
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aretoo ®ne-grainedb indicatemaintopicinformation.

In anearlierimplementatiorof this algorithm,the catgyorieswerein generalargerbut
lesscoherenthanin the currentset. Thelargercateyoriesresultedn bettertrainedclassi-
®cationsbut theclasse®ftencon atedquitedisparatdéerms. Thecurrentimplementation
producesmaller morecoherentateyories. Theadvantagas thata moredistinctmeaning
can be associatedvith a particularlabel, but the disadwantageis thatin mary casesso
few of thewordsin the catgyory appeaiin the training datathata weakmodelis formed.
Thenthe catgyorieswith little distinguishingtraining datadominatethe labeling scores
inappropriately

In the catgyory-dervationalgorithmdescribedabove, in orderto increasdahesizeof a
givencateory, termsmustbetakenfrom nodesadjacenin thehierarchy(eitherdescendants
or siblings). However, adjacentermsarenot necessarilgloselyrelatedsemanticallyand
soafterapoint,expandingthecateyory via adjacentermsintroduceshoise. To remedythis
problem ,WordSpacaes usedto determinenvhich catgoriesaresemanticallyelatedto one
anotheydespitethe fact thatthey comefrom quite differentpartsof the hierarchy sothey
canbecombinedo form schema-likeassociations.

4.5.3 Combining Distant Categories

To ®ndwhich categoriesshouldbeconsideredlosesto oneanotheywe ®rstdetermine
how closethey arein WordSpacéSchiize1993b)andthengroupcateoriestogetherthat
mutually rankedone anotherhighly.* WordSpaces a corpus-basedethodfor inducing
semantiaepresentation®r a large numberof wordsfrom lexical coocurrencestatistics.
Themediumof representatiors amulti-dimensionalreal-valuedvectorspace.Thecosine
of the anglebetweentwo vectorsin the spaces a continuousmeasureof their semantic
relatedness.

First-degreeclosenessf two categories and is de®nedas:

1 1

2

where is:

The primaryrank of catgory for catgory indicateshow closelyrelated is to
accordingo ®rst-dgreeclosenesskFor instanceaank1 meanghat is theclosestcateyory
to , andrank3 meanghereareonly two closercatgoriesto than .

We de®nesecond-dgree closenessrom the primary ranks. Secondaryranking is
neededecaussomecatgoriesareespecially*popular attractingmary othercateyories
to them;the secondaryank enableshe popularcateyoriesto retainonly thosecateories

6All work involving the WordSpacealgorithmwasdonein collaboratiorwith Hinrich Schize. We are
gratefulto RobertWilensky for suggestingollaborationon this problem.
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thatthey mutuallyrankhighly. To determinghatcloseassociations mutualbetweertwo
catgyories,we checkfor mutualhigh ranking. Thuscategory and aregroupedogether
if andonlyif ranks highlyand ranks highly (where2highly® wasdeterminedoy a
cutoff valuex and hadto beranked orabovewith respecto eachothet for athreshold

).

Theresultsof thisalgorithmarebestinterpretedriaagraphicalayout. Figure4.5shavs
a pieceof a networkcreatedusinga presentatioriool (Amir 1993) basedon theoretical
workby Fruchtermang. Rheingold1990). Theunderlyingalgorithmusesaforce-directed
placementnodelto layoutcomple networks(edgesaremodeledassprings;nodedinked
by edgesare attractedto eachother but all other pairsof nodesare repelledfrom one
another).

In thesenetworksonly connectity has meaning;distancebetweennodesdoesnot
connotesemanticdistance. The connectity of the networkis interestingalso because
it indicatesthe interconnectiity betweencateyories. From Figure4.5, we seethat cate-
goriesassociatewvith thenotion sportssuchasathleticgame race,sportsequipmentand
sportsimplementhave beengroupedogether Athleticsis linked to vehicleand competi-
tion cateyories;thesen turnlink to military _vehiclesandweaponrycategories,whichthen
leadin to legalcateyories.

The network also shawvs that catgyoriesthat are speci®edo be nearone anotherin
WordNet,suchasthe categyoriesrelatedto bread arefoundto be closelyinterrelated.This
is usefulin casewe wouldlike to begin with smallercateyories,in orderto eliminatesome
of thelarge,broadcateoriesthatwe arecurrentlyworking with.

Most of the connectity informationsuggestedby the networkwasusedto createthe
new cateyories.However, mary of thedesirableelationshipslo notappeain thenetwork,
perhapsecausef therequirementor highly mutualco-ranking.If we wereto relaxthis
assumptiorwe may ®ndbettercoverage put perhapsatthe costof moremisleadingdinks.
Theremainingassociationsvere determinedoy hand,so thatthe original 726 cateories
werecombinednto 106 new supercategories

4.5.4 RevisedTopic Assignments

Thesupercatgyoriesareintendedo grouptogetherelatedcateyoriesin orderto elim-
inatetopicalredundang in thelabelerandto helpeliminateinappropriatdabels(sincethe
catgyoriesarelargerandsohave morelexical itemsservingasevidence).Thusthetop four
or ®we supercatgoriesshouldsuf®ceto indicatethe maintopicsof documents.

Figure4.6 comparegheresultsof the labelerusingthe original catgyoriesagainsthe
supercatgyories. The numbersbesidethe catggory namesarethe scoresassignedy the
algorithm;thescoresn bothcasesreroughlysimilar. It isimportanto realizethatonly the
top four or ®\e labelsareto be usedfrom the supercateyories;sinceeachsupercatgory
subsumesnary categyories,only a few supercategoriesshouldbe expectedio containthe
mostrelevantinformation. The ®rstarticle is a 31-sentencenagazinearticle, published
in 1987, takenfrom Morris (1988). It describedhov Soviet womenhave little political
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power, discussesheir role asworking women,anddescribeghe bene®t®f college life.
The secondarticleis a 77-sentenc@opularsciencemagazinearticle aboutthe Magellan
spaceprobeexploring Venus. Whenusingthe supercatgories,the labeleravoids grossly
inappropriatdabelssuchas®mollusk genus®and?goddessfn the Magellanarticle, and
combinescatgyoriessuchas?layer®, 2naturaldepression®and?rock stone®into the one
supercatgyory dand terra®rma®.

Lookingagainatthelongertexts of theUnitedStateonstitutiorandGenesisveseean
Figure4.7thatthesupercatgoriesaremoregenerabndlessredundanthanthecateyories
shavn in Table4.4. (Althoughthe high scoredor the 2breads®cateyory seemsncorrect,
eventhoughthe term@bread®occurs25 timesin Genesig In somecaseghe usermight
desiremorespeci®catagories;this experimentsuggestshatthelabelercangenerateopic
labelsat multiple levelsof granularity

Sectiord.4 evaluategheresultsof assigningopicsbasedn the supercatgories;how-
ever we have not rigorouslycomparedhe supercatgoriesagainstheoriginal cateories.

4.6 Conclusions

This chaptemaspresentednalgorithmthatautomaticallyassignsnultiple maintopic
catgyoriesto texts, basedon computingthe posteriorprobability of the topic given its
surroundingvords,withoutrequiringpre-labeledrainingdataor heuristicrules. Thealgo-
rithm signi®cantlyputperbrmsabaselinaneasur@andapproachethelevelsof inter-indexer
consisteng displayedoy nonprofessionatumanindexers. The chapteralsodescribeshe
constructionof a generalcateyory setfrom a hand-hilt lexical hierarchy The structure
of the WordNet hyporym hierarchyis large and uneven; the bracketingalgorithm pro-
videsa simple and effective way to automaticallysubdvide it. The algorithmthat uses
WordSpacdo combinedistantpartsof the hierarchyis partially effective, but requiresa
manualpostprocessingass.

The categyorizationalgorithmis effective on textsthathave strongthematicdiscussions,
but mary kinds of improvementsandalternatvesremainto be explored. If a document
containgermswhicharemember®f smallcateyoriesor catgorieswhosetermsoccuronly
rarely, thenthe algorithmerroneouslyassigndoo muchweightto theserarersenses.An
analysisof thetermswhoseweightsaremoststronglyassociateavith eachcatgyory would
be usefulfor analyzinghow to ®xthis problem.Finally, becausehe goal of thealgorithm
is to allow assignmenbf multiple categyoriesto documentsin the casesn which several
catgorieshave signi®canbverlapin meaningg.g.,reptilesandbirds thealgorithmtends
to assigrboth cateyoriesto thedocumentgventhougha humanindexer usuallywould not.

Fisher(1994) has performeda seriesof experimentsthat comparevariationsof this
algorithm. Preliminaryresultsindicatethat using direct countsof catgory membership
canimprove theresults.

It would be interestingto try thetrainingloop ideain which the outputof TextTiling
is usedasinput to the cateyory training algorithm,andso on, improving both algorithms
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simultaneouslyThisis anareafor futurework.
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RaisaGorbache article
Original Cateyories SuperCategyories
0 womanadultfemale socialstanding
1 statussocialstate education
2 manadultmale politics
3 political_orientationideology legal_system
4 forcepersonnel people
5 chage psychologicalstate
6 relationship socializing
7 fear socialgroup
8 attitude personalrelationship
9 educatopedagogue government
Magellanspaceprobearticle
Original Catgories SuperCategories
0 celestialbodyheavenly body outerspace
1 molluskgenus light_andenegy
2 electromagneticadiation atmosphere
3 layer(surface) landterra®rma
4 atmospherigghenomenon physics
5 physicalphenomenon arrangement
6 goddess shapes
7 naturaldepressiomlepression waterandliquids
8 rockstone properties
9 spacdhole) amounts

Figure4.6: Comparisorof original andsupercateyories.
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United StateConstitution

Original Cateyories SuperCategories
0 assemblycourt,legislature) legal_system
1 dueprocessof_law government
2 legaldocumentegal instrument politics
3 administratve_unit con ict
4 body(legislative) crime
5 chage(taxes) ®nance
6 administratodecisionmaker socialstanding
7 documentvritten.document honesty
8 apprwal (sanctionpass) communication

Genesis

Original Cateyories SuperCategyories
0 deitydivinity god religion
1 relatverelation(motheraunt) breads
2 worship mythology
3 manadultmale people
4 professional socialoutcasts
5 happinesgladnesselicity socialgroup
6 womanadultfemale psychologicalstate
7 evildoing transgression personality
8 literary_composition literature

Figure4.7: Comparisorof original andsupercateoriesfor two well-known texts.
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Chapter 5

Multiple Main Topicsin Information
Access

5.1 Intr oduction

In this Chaptell addressomeissuegelatingto displayof resultsof retrieval from full-
text collections.| claim thatdisplayingqueryresultsin termsof inte-documensimilarity
is inappropriatewith long texts, andsuggesinsteadassigningcateyoriesthat correspond
to documents'maintopics. | arguethat main topicsof long texts shouldbe represented
by multiple categyories,sincein mary casenecatgory cannotadequatelylassifyatext.
The displaymakesuseof the automaticcateyorizationalgorithmdescribedn Chapter4.
| introduceCougar a browsinginterfacethat presentsa simplemechanisnfor displaying
multiple catgyory information.

An increasinglyimportantconcernto informationaccesss that of passageetrieval
from full-text documentollections.Full-lengthexpositorytexts canbethoughtof in terms
of asequencef subtopicalliscussionsied togethetby oneor moremaintopicdiscussions
(seeChapter3). Two differentpassagedyoth of which sharetermswith a query may
originatein documentsvith entirelydifferentmaintopic discussionsFor example,Figure
5.1 shaws a sketchin which threedifferentpassage-iesl discussion®f volcanicactivity
takeplacein threedifferentmaintopic contexts (explorationof Venus,Romanhistory, and
theeruptionof Mt. St. Helens).Usersshouldreceve someindicationof the contexts from
which a setof retrieved passagesriginatedin orderto decidewhich passageareworth
furtherscrutiry.

In the text retrieval scenarioof retrieval of passagefrom long texts it is importantto
supply the userwith informationthat placesthe resultsin a meaningfulcontext. Most
existing approacheto displayof retrieval resultscanbe characterizeth two ways: all of
thereturneddocumentsredisplayedeither(i) accordingto their overall similarity to one
anotheror (ii) in termsof userselecteckeywordsor attributesthey areassociateavith. |
suggesanalternatve viewpoint with thefollowing characteristics:
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volcanic

activity
volcani
activity

Figure5.1: Retrieval of passagesom full-lengthtext: thecontetsin whichthelocalized
discussionsakeplacemaybe entirelydifferentfrom oneanother

The documents'contentsare representedy multiple independengttributes that
characterizéhemaintopicsof thetext.

The systemdisplaysall andonly the attributesor topicsthatareassignedsaresult
of thequery asopposedo displayingdocumentshatmeetpre-selectedttributes.

Thesystemallows displayof interactionsamongthe attributes.

Thenext sectionexpandson thediscussiorof relatedwork andexplainsthedravbacks
of the two mostcommonretrieval display optionswith respectto passageetrieval and
datasefamiliarization. Section5.3 presentsan alternatve approachwhich makesuseof
catgyory informationin orderto indicatethe maintopic discussion®f texts. Section5.4
summarizeshe chapter

5.2 Current Approaches

Textual information doesnot conformto the expectationsof sophisticateddisplay
paradigmssuchasthoseseenn theInformationVisualizer(Robertsoretal. 1993). These
technique=itherrequiretheinputto bestructurede.g.,hierarchicalfor the ConeTree)or
scalaralongat leastonedimension(e.g.,for the Perspectie Wall). However, the aspects
of adocumenthatsatisfythesecriteria(e.g.,atimelineof documentreationdates)do not
illuminatethe actualcontentof the documents.
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The simplestapproactto displayingretrieval resultsis, of course.to list the titles or
®rstlinesof the retrieved documents Onealternatve, the TileBar display is describedn
Chapter3. Othersystemghatdo morethanthis canbe characterizedsperformingoneof
two functions:

(1) Displaying the retrieved documentsaccordingto their overall similarity to other
retrieveddocumentsand/or

(2) Displayingthe retrieved documentsn termsof keywordsor attributespre-selected
by theuser

Both of theseapproachesandtheir dravbacks,are discussedn the subsectionshat
follow.

5.2.1 Overall Similarity Comparison

Severalsystemglisplaydocumentsn whatcanbedescribedasa similarity network. A
focusdocumentusuallyonethattheuserhasexpressednteresin, is shavn asanodein the
centerof thedisplay anddocumentshataresimilarto thefocusdocumenarerepresenteds
nodedinked by edgessurroundinghe focusdocumennode. Heresimilarity is measured
in termsof the vector spacemodelor a probabilisticmodels measureof probability of
relevance.

Systemsof this kind include the Bead system(Chalmers& Chitson 1992), which
displaysdocumentsaccordingto their similarity in a two-dimensionaflenditionof multi-
dimensionatlocumenspace|®R (Thompsor& Croft 1989)andthesystenof Fowler etal.
(1991),whichdisplayretrieveddocumentsn networksbasedninterdocumensimilarity.

A differentway to displaydocumentsaccordingto their inter-similarity is to cluster
the resultsof the retrieval and makevisible the clustercentroidsandthe distanceof the
documentdrom eachcentroid.ScatterGather(Cuttingetal. 1992),(Cuttingetal. 1993)is
aninnovative, query-freébrowsingtechniquehatallows userso becomdamiliar with the
contentf acorpusby interactiely clusteringsubpart®f the collectionto createable-of-
contents-likedescriptions.This techniques very effective on shortertexts but, asargued
below, will probablybe lesseffective on collectionsof longertexts. Additionally, Scat-
ter/Gatheemphasizeguery-freebrowsing,althoughit couldbe augmentedvith Boolean
andsimilarity search.

Drawbacks of Comparing Full-Length Texts

Most (non-Boolean)information retrieval systemsuse inter-documentsimilarity to
comparedocuments$o aqueryanddetermingheirrelevance.For example thevectorspace
modelof similarity search(Salton1988),clustering,e.g.,(Cuttinget al. 1992), (Grif®ths
etal. 1986),andlatentsemantidndexing for determininginter-documensimilarity, e.qg.,
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(Deerwesteet al. 1990), (Chalmers& Chitson1992), all work by comparingthe entire
contentof adocumentgainstheentirecontentof otherdocument®r queries.

Thesemodesof comparisomare appropriateon abstractdecausenost of the (non-
stopword)termsin anabstractaresalientfor retrieval purposeshecausehey actasplace-
holdersfor multiple occurrencesf thosetermsin theoriginaltext, andbecaus¢heseerms
tendto pertainto themostimportanttopicsin thetext. Whenshortdocumentarecompared
via the vectorspacanodelor clustering they arepositionedn a multi-dimensionakpace
wherethe closertwo documentsareto oneanotheythe moretopicsthey arepresumedo
have in common. Thisis oftenreasonabl®ecausavhencomparingabstractsthe goalis
to discover which pairsof documentsare mostalike. For example,a queryagainsta set
of medicalabstractsvhich containstermsfor the nameof a diseasejts symptoms,and
possibletreatmentss bestmatchedagainstan abstractwith as similar a constitutionas
possible.

A problemwith applying standardinformation retrieval methodsto full-length text
documentss that the structureof full-length documentds quite differentfrom that of
abstractsOnewayto view anexpositorytext, asmentionedn Chapter3, is asasequence
of subtopicssetagainsta @backdrop®of one or more maintopics. The maintopicsof a
text arediscussedn the document abstract;f oneexists, but subtopicsusuallyare not
mentioned.

Most long texts discussseveral main topics simultaneouslythus, two texts with one
sharedmaintopicwill oftendifferin theirothermaintopics. Sometopicco-occurrenceare
morecommonthanothers;e.g.,terrorismis oftendiscussedh the contet of U.S.foreign
policy with theMiddle East,andthesetwo themegnightevenbegroupedogethelin some
domain-speci®ontologies.However, texts oftendiscusshemeghatwould notusuallybe
consideredo bein thesamesemantidrame;for example Morris (1988)includesanarticle
thatdescribegerroristincidentsat BolshoiballetperformancesTherefore| hypothesize
thatalgorithmsthatsuccessfullgroupshorttexts accordingo theiroverall similarity (e.g.,
clusteringalgorithmsyectorspacesimilarity, andLSI), will producdessmeaningfufresults
whenappliedto full-lengthtexts.

This hypothesids supportedy the fact that recentlyresearchersxperimentingwith
retrieval againstatasetsonsistingof long texts have beenbreakingthetextsinto subparts,
usuallyparagraphsandcomparinggueriesagainsthesesolatedpieces(e.g.,Saltonet al.
(1993), Salton& Buckley (1992), Al-hawamdehet al. (1991)). Thesestudies®ndthat
matchinga queryagainstheentiretyof along text is lesssuccessfulhanmatchingagainst
individual pieces.As further evidence,Voorheeq1985)performedexperimentqon stan-
dardshort-tet collections)which foundthatthe clusterhypothesislid not hold; thatis, it
wasnot the casethatthe associationbetweerclustereddocumentsornveyedinformation
abouttherelevanceof documentgo requests.

In summary| claimthatwhenlong documentsredisplayedaccordingto how similar
they arethroughout,t canbe dif®cultto discernwhy they weregroupedtogethernf this
groupingis afunctionof someintermediatgositionin multi-dimensionaspacelf instead
we recognizethat long texts canbe classi®edccordingto several differentmain topics,
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andcontainaswell asequencef subtopicaldiscussionsye have anew basisonwhichto
determinan whatwayslong documentsare similar to oneanother This chapterfocuses
only on accountingfor main topic information; the recognitionof subtopicstructurefor
informationretrieval is a problemuntoitself andis discussedh Chapter3.

5.2.2 Userspeci®edittrib utes

Many systemsshaw therelationof the contentf the texts to userselectedattributes;
thesencludeVIBE (Korfhagel991),thelnfoCrystal(Spoerril993),the Cubeof Contents
(Arents& Bogaertsl993),andthe systemof Aboudetal. (1993).

Thesesystemgequirethe usersto selectwhich the classi®cationthe display should
be organizedaround. Thegoal of VIBE (Korfhagel1991)is to displaythe contentsof the
entiredocumentcollectionin a meaningfulway. The userde®ned\ 2referencepoints®
(whichcanbeweightedtermsor termweights)which areplacedin variouspositionsin the
display andadocumentconis dravn in alocationthatindicateshe distanceébetweerthe
documentindall therelevantreferencepoints.

Two interestinggraphicalapproachesre the InfoCrystaland the Cubeof Contents.
ThelnfoCrystal(Spoerril993)is asophisticatethterfacewhich allowsvisualizationof all
possiblerelationsamongN attributes. The userspeci®esvhich N conceptsareof interest
(actuallyBooleankeywordsin the implementationput presumablyary kind of labeling
informationwould be appropriateandthe InfoCrystaldisplays,in aningeniousextension
of theVenn-diagranparadigm{he numberof documentsetrievedthathave eachpossible
subsetbftheN conceptsWhenthequeryinvolvesmorethanfourtermsthecrystalsoecome
rathercomplicatedalthoughthereis a provision to build up querieshierarchically Figure
5.2 shaws a sketchof whatthe InfoCrystalmight displayasthe resultsof a queryagainst
four keywords or BooleanphrasesjabeledA, B, C, andD. The diamondin the center
indicatesthatonedocumentvasdiscoreredthat containsall four keywords. Thetriangle
markedwith 212° indicatesthattwelve documentsverefound containingattributesA, B,
andD, andsoon.

TheCubeof Contentof (Arents& Bogaertd993)is usedo helpauserbuild aqueryby
selectingvaluesfor upto threemutuallyexclusive attributes(seeFigure5.3). Thisassumes
a text pre-labeledwith relevantinformation and an understandingf domain-dependent
structuralinformationfor the documentset. Note that this is usedto specify the query
althoughit could be usedto characterizeetrieval resultsaswell. Note that only one
intersectiorof two or threeattributesis viewableatary time.

The systemof Aboudet al. (1993), allows the userto specifymultiple classcriteria,
wherethe classesrespeci®edh a hierarchyto helpnarrov or expandthe searclset.

Thelimitationswith theseapproacheare:

(3a) The attributesin questionare simply the keywordsthe userspeci®edn the query
andsodo notaddinformationaboutthe contentf the texts retrieved,and/or

(3b) Theusermustexpendeffort to chooseheattributesto be displayed and/or
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Figure5.2: ThelnfoCrystal(Spoerril993).

(3c) Theusermight selectattributesthat do not correspondo the retrieved documents,
thusundercuttinghegoal of supplyinginformationaboutthedocumentseturnedn
respons&o ageneraluery

Theseproblemscanbe easilyremedied;the point hereis thatthe standardyoal of such
systemss to facilitatequeryconstructiorwith attributeinformation,ratherthanenhancing
displayof retrieval results.Note,however, thatnoneof thesedisplayparadigmsanimpart
thetermdistributioninformationthatTileBarsdo (seeChapter3).

To summarizethis section,previous approacheso displayingretrieval resultseither
displaydocumentsn termsof their overall similarity to oneanotheyin termsof similarity
to clustersformedfrom the corpusor theretrieval set,or in termsof attributespreselected
by theuser | have discussegroblemswith eachof theseapproachesThe next section
presentanalternatve in which thesedravbacksareeliminated.

5.3 Multiple Main Topic Display

As mentionedn the Section5.1,| proposeanapproachn which multiple independent
catgyoriesareassignedo the2maintopics®of eachdocument. | emphasizéheimportance
of displayingall andonly the attributesthatare actuallyassignedo retrieved documents,
ratherthan requiring the userto specify in advancewhich topics are of interest. This
circumwentsproblemsarisingfrom erroneouguesseandreduceshementaleffort required

n this discussionthetermsattribute, topic, andcateyory areinterchangeable.
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Figure5.3: The Cubeof ContentArents& Bogaerts1993).

by theuserwhengeneratingnitial queries.lt alsoallowsfor anelemenbf serendipityboth

in termsof which catgyoriesaredisplayedandwhatkindsof interactionsamongcateyories
mayoccur Thisalsopreventsclutterresultingfrom displayof attributesthatarenotpresent
in ary retrieveddocument&

5.3.1 Displaying FrequentTerms

An alternatve to assigningdocumentpre-de®nedhbelsis to simply shav the doc-
uments'mostfrequentterms. Although top-frequeng termsare often very descriptve,
problemswith usingtermfrequenciesirisewhenthecontentf mary differentdocuments
(or their passagesare displayedsimultaneously One problemis that becausehereare
mary differentwordsthat contribute to the expressiornof oneconceptjt will oftenbethe
casethattwo documentshatdiscusssomeof the samemaintopicswill have little overlap
in the termsthey useto do so. This meansthat the display will not be ableto reveal
overlappingthemes.

Thesecondgroblemis thatwithin thedisplayof themostfrequentermsfor adocument,
severaldifferenttermswill contrituteto onetheme. For example,in a chapterof de Toc-
queville (1835),amongthe mostfrequentermsare: judicial, judge,constitution political,
casecourt,justice,magistrateaswell as: American,authority nation,state Thusthereis
considerableedundang with respecto whatkind of informationis beingcorveyedby the
displayof the mostfrequenterms.

2Althoughin domain-speci®situationsit maybe usefulto shav the userwhich attributesaremissing.
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5.3.2 Displaying Main Topic Categories

Insteadof or alongwith frequentterminformation,category informationcanindicate
the context in which retrieved passageseside.Assigningmultiple independentateories
allows for recognizingdifferentinteractionsamongdocuments:two topic categoriesthat
arenotusuallyconsideredgemanticallysimilarcanneverthelesgeassociatewith thesame
text if it happengo be aboutbothtopics.

If multiple main topic catgoriesare associateavith eachtext, userscanbrowsethe
resultsof initial querieswith respecto these.Of coursethecateory setsshouldbetailored
to the text collectionsthey areassignedo. For example,a userinterestedn local area
networksmighttapinto ageneral-interegestcollection. In thiscasewhentheuserqueries
ontheword@LAN®, thesystenreturnsgenerakateories,i.e. technology®nancelegal
etc. If theuseris interestedn, say theimpactof LAN technologyon the businesscene,
thenthis datasemay be useful.

If ontheotherhandtheusemwantstechnicalnformation thecontectualizinginformation
makegt clearthatthesearchshouldbetakento anothedatasetlf thesamequeryonanewn
dataseteturnscateyorieslike ®leseners,networks,CAD, etc,thenthe usercanconclude
thatatechnicaldatasehasbeenfound,andcanmakesubsequerqueriesnoretechnicain
nature.

Library catalogsystemshave long provided cateyorizationinformationin the form of
subjectheadings.Researchersave reportedthatthesekinds of headingften mismatch
userexpectation{Svenoniusl986),(Lancastel986). Noreaultet al. (1981)reportonan
experimenin whichverylittle overlapoccuredn searchresultsusingcontrolledvocalulary
versusfree terms,eventhoughthe searchesveredoneby the sameprofessionakearcher
in responsedo the samequeriesissuedagainstthe samedataset. However, thereis also
evidencethat when suchsubjectheadinginformationis combinedwith free text search,
resultsareimproved (Markey et al. 1982),(Henzler1978),(Lancaster1986). Herel am
suggestinghe combinationof catgyory informationwith termsearchcapabilities.

5.3.3 A Browsing Interface

Becauseseveral catgyoriescanbe associatedavith eachretrieved documenta method
for browsingthis multi-dimensionaspaceas needed Oneapproachio thedisplayof multi-
dimensionainformationis to provide theusermwith asimplewayto controlwhichattributes
are seenat eachpoint in time. The interfacedescribedhere allows usersto view the
resultsof the querygraphically accordingo the intersectiorof assignedatejories,using
aVenndiagramparadigm® Theinterface calledCougarcombineskeyword andcateyory
information+ userscansearchon eitherkind of informationor both (seeFigure5.4). This
allowsuserdo getafeelingfor documensimilarity basednthemaintopic categoriesthey

3Michard (1982) usesa Venn diagramin a study aboutits effectivenessn helpingnovice userscreate
Booleanqueries usingthe graphicalnotionof intersectiorto indicateconjunctionof terms. The diagramis
notusedfor displayof resultsor for conjoiningmorethanthreeterms.
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share. Note that differentdocumentsan be groupedtogetheras being similar basedon
which catgyoriesarebeinglookedat. E.g.,if onedocumenis aboutthe costof remaoving
contaminantérom food andanothetthe costof remaving contaminantérom anecological
disasterwhenviewedaccordingo the ®nanceatayory they have anintersectionywhereas
if the ®nanceataoryis notselectedthetwo documentslonotappeato have similarities.

This particularcut on how to displayinformationbeginswith a ®ed setof cateories,
membershifin whichis designedo correspondo usersintuitions. Of coursehisapproach
is awed,bothbecaus@&oonesetof catayory choicess goingto ®teverydocumensetand
becauseiserswill have to guesswhatcateorizationaccordingto thetopic really means.
Nevertheless, positthatthisapproachs betterthanrequiringtheuserto guessvhy agroup
of longdocument$iave beernabeledasbeingsimilarto oneanotherandbetterthansimply
looking atalist of titles rankedby vectorspacebasedsimilarity to thequery Furthermore,
sinceusersdo not have to specifyin adwancewhich catgoriesareof interestthey areless
likely to missinterestingdocumentgust becauseheir understandingf the classi®cation
proceduras inaccurate.

In Cougardocumentsreassigned ®»ednumberof catgyoriesfrom a pre-determined
setusing the automaticcateorizationalgorithmdescribedn Chapter4. In the current
systemeachdocuments assignedts threetop-scoringcateyories. Thedocumentsrethen
indexedonthecateyoryinformationaswell ason all (non-stopword)exical itemsfrom the
title andthe body. Indexing andretrieval is currentlydoneusing Cornell's Smartsystem
(Salton1971),althoughthis will soonchangeto theindexing structureusedin Chapter3
(Section3.4.3). TheinterfacewascreatedusingTcl/Tk (Ousterhoui991).

Two datasetdave beenassignecdcategoriesandindexed. The ®rstis a subsetof a
collectionof AP news articlestakenfrom month of 1989from the TIPSTER collection
(Harman1993)andis indexed with the generalcategyory setdescribedn Chapterd. The
seconds acollectionof computescienceechnicareportspartof theCNRI CS-TRproject
collection,andis indexedwith computefrelatedcateyories.

Usersissuequerieshy enteringwordsor selectingcateyoriesfrom anavailablelist. As
mentionedbore, typically theuseronly enterderminformation. After theuserinitiatesthe
searchalist of titles of thetop-scoringdocumentappearsThenumberof titles displayed
is a parametethatis setin Smart; currently50 documentsareretrieved at atime. The
top threecategoriesfor eachdocumentrealsoretrievedandthe mostfrequentlyoccurring
of theseare displayedin a bankof colorcodedbuttonsabore a Venndiagramskeleton.
The userselectsup to threeof the catgoriesand seeshow the documentsntersectwith
respecto thosecategjories. Onecateyory canbe unselectedh orderto allow the selection
of anotherthedisplayof documentsn the Venndiagramchangesccordingly

More speci®callytheuserselectneof thecateoriesby mouse-clickingonacateyory
box. The systempaintsoneof the Venn-diagranrings with the correspondingolor and
placesdocumentD numberghathave beenassignedhis cateyory into the partof thering
thatindicatesno intersectiorwith othercateyories. Clicking on anID numbercauseghe
correspondingitle to be highlighted,anddouble-clickingbringsup a window containing
thedocumenitself. Theusercannow unselecthis catgory, causingthering to become
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Figure5.4: The Cougarinterface.

uncoloredandthedisplayeddocumentDs to disappearAlternatively, theusercanchoose
anadditionalcateyory, causinganadditionalring to be paintedand®Illedin with document
IDs. If ary of theretrieveddocumenthiave beenassignedothof the selecteccateories,
their ID numbersaredisplayedn the appropriatentersectiorregion. Onceall threerings
have beenassignectategjories,the usermustunselecobnecatayory beforeselectinga nev
one. In thisway userscaneasilyvary which subsebf the catgjory setsis actve.

Keywordsin Context

Figure 5.4 shavs a con®guratiorin which all three catgyories have beenselected.
Bearingin mind that the documentgetrieved are onesin which the term contaminant
appearsyecanexaminethekind of context providedby thecateyoryinformation. Themost
frequentlyassignedateyoriesinclude®nancegovernmentneat|egal_systemgcommece,
weaponsfood,andvehicles As thecategyoriesimply, discussiongf contaminantsccurin
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mary differentcontets.

Documen#2, attheintersectiorof governmentandweaponsgdiscusses government
proposato cleanupanucleamweapongroductiorcomple. Documents, 26,and44,atthe
intersectiorof physicsandweaponsgiscusghereopeningf aplutoniumprocessinglant,
obstacledo the developmentof orbiting nuclearreactors,and modernizatiornof nuclear
reactors.Documentl3 describes nucleamwasteleak,documenB8 therisksof thelaunch
of asatellitecontainingplutonium,anddocumenB80discussethe Reagaradministrations
recordin treatingthe ozonelayer.

Onearticle labeledwith ships,bodiesof water andnature describegshe effectsof an
oil spill on birdlife. Articles labeledwith the food cateyory includetwo aboutanincident
of cyanidepoisoningin yogurt. Notethatif a userwereinterestedn documentshattalk
aboutcontaminationn food, in orderto discover thisarticleusingkeywordsalone theuser
would have hadto specifyall food termsof interest. However, with appropriatecateory
informationthisis notnecessary

Categoriesto Determine Relevanceof Keywords

In the next example,only eight of the top ®fty retrieved documentsn responsdo a
gueryontheword cattlearelabeledwith thehigherlevel catgyorythatcorrespondto cattle
(herd_animalg. Most of thosethatare not labeledwith herd_animalsareabout®nancial
mattersrelating to cropsand foods (e.g., crop futures). Two of thosethat are labeled
with hed_animals whenintersectedvith meatdescribecattlein therole of livestockthe
third describes cattledrive, andthefourth, whoseothercateory labelsarecountriesand
bodiesof water, hasonly apassingeferenceo cattleandreallydescribessmurderrelated
to land ownershipof tropicalrainforests.

By contrast,retrieving on the word cow resultsin articlesaboutland disputeswith
Native Americangat theintersectiorof governmentherd_animals andlegal systemand
grazingfees. Onedocumenthatis notlabeledwith herd_animalsbut insteadwith crime,
weaponsanddefensghasonly apassingeferenceo cows andis abouta robbery

Thusthe categgoriescanbe usedto shav whetheror nota searchtermis actuallywell-
representeh atext. If thetext is notassignedhecateorythatthesearchimeis amember
of, thenthisis a strongindicatorthatthetermis only discussedh passing.

The setof 106 generalcatgoriesusedto characterizéhe AP datawasderived from
WordNet(Miller etal. 1990)asdescribedn Chapted. Thealgorithmhasalsobeertrained
on a collectionof computersciencetechnicalreportsusinga setof 11 categyoriesderived
from alooseinterpretatiorof the ACM ComputingReviews classi®cations.

5.3.4 Discussion

The AIR/SCALIR system(Rose& Belewv 1991) hasan interfacethat most closely
incorporateghe goalssetforth here. The systemallows for very simple queries,and
providesa kind of contextualizing information. A connectionisinetwork determinesn
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adwancea set of termsthat characterizedocumentsirom a collection of bibliographic
records. Whenthe userissuesa query the systemretrieves documentghat containthe
termsof the query (restrictingthe numberof documentghat are displayedat ary one
time). Additionaltermsthatarestronglyassociateavith theretrieveddocumentsrealso
retrieved. Thesystendisplayshreerowsof nodesorrespondingptheassociatederms the
documentsandthe authorsof the documentstespectrely. Thetermnodesareconnected
to thedocumennhodesvia edgelinks, sothe usercanseewhich documentsreassociated
with eachimportantterm. Only thosetermsrelevantto theretrieveddocumentsreshovn,
althoughthe documentsetrievedarein uencedto someextentby which associateterms
areretrieved. Figure5.6is asketchof theinterfaces outputwhenpresenteavith thequery
((TERM?3ASSOCIATIVE®)(:AUTH 2BANDERSON,J.A%)).

Figure5.6: A sketchof the AIR systeminterface(Rose& Belev 1991).

The AIR interfacediffers from that suggestecherein that it is not gearedtoward
displayingsubsetsf interactingattributes. For this reason,it appearghatif thereare
a large numberof links betweenassociatedermsand documentsor if the links are not
neatly organizedthe relationshipswill be dif®cultto discern. Furthermorecateyorizing
informationis notgearedowardcharacterizindull-text documentsHowever, theapproach
presentechere might bene®tby incorporatingan option to display the categories and
documentsn asimilar manner

Similarly, ratherthanusinga Venndiagramdisplay thefour-attributelnfoCrystal(Spo-
erri 1993)might be ausefulalternatve, appliedassuggestetiereto displaysubset®f the
relevantcateyories.
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5.4 Conclusions

A full- edged informationaccessystemshouldconsistof several differenttools for
gueryformulation,documenindexing, dataseselectionandcharacterizatiowof retrieval
results.l have describea@ninformationaccessituationt passageetrieval from full-length
textsx in whichuserscanbene®from aninterfacethatdisplaysnformationabouthemain
topic contets of theretrieveddocuments.

Usersrequestingpassagefrom long texts do not know the contexts from which the
passagewereextracted. Existing approachegither (i) shav how similar documentsre
to oneanotheror the query or (ii) requireusersto specifytermsor attributesto organize
the resultingdocumentsaround. | have describedproblemswith both approachesnd
suggestedhat retrieval resultsbe displayedin termsof multiple independenattributes
thatcharacterizehe maintopicsof the texts, andthatthe systemvolunteerdisplayof the
relevantattributes ratherthanrequiretheuserto guesshem.

Theattributesor categyoriescanvary dependingpnwhatkind of informationis available
and/orappropriatdor thecorpus.l havesuggestedssigningateoriesthatcharacterizéhe
maintopicsof longtexts, andhave describednalgorithmthatcando sowith somedegree
of successwithout requiring pre-labeledtexts. | anticipateimprovementin automated
catgyory assignmenalgorithmsin future.

A consequencef allowing multiple cateyoriesto beassignedo documentss thatthey
makethedisplayproblema multi-dimensionabne. To handlethis, | suggesa mechanism
thatgivesthe usersomecontrol over which cateyoriesareat the focusof attentionat ary
giventime,andasimplewayto seehow theretrieveddocumentsrerelatedto oneanother
with respecto thesecateyories.

| have implementeda prototypeof this displayparadigmiit illustratesthe mainpoints
behindthe ideaspresentedherealthoughuserevaluationstudiesremainto be done. In
future | plan to incorporatethesemechanismsnto an interfacefor for queryingagainst
subtopicstructure andfor allowing queriesto specifysubtopictermswith respecto main
topic catgories,like thatdescribedn Section3.

Although| have not formally evaluatedthe Cougardisplay anecdotaliserreactionis
positive. Users®ndappealingheability to switchamonghe catgyory assignmentandsee
the resultingtopic intersections.Whenthe topic assignmentareincorrect,however, the
tool is probablyworsethanno tool atall. Furthermorethe highest-rankedateyoriesfor a
documentrethosethataresimilarin meaning.This detractdrom thegoalof shawving the
interactionof the disparatemaintopics. Thusanimproved category assignmenalgorithm
shouldimprove the appeabf thetool.
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Chapter 6

Conclusionsand Futur e Work

In this dissertation have introducednev waysto view andanalyzethe structureof
full-text documentsl have investigatedherole of contextualinformationin theautomated
retrieval anddisplayof full-text documentsysingcomputationalinguisticsalgorithmsto
automaticallydetectstructurein and assigntopic labelsto texts. | have shavn how, for
thepurpose®f informationaccessiull texts arequalitatvely differentfrom abstractsand
have suggestedhat as a consequencdull text requiresnewv approacheso information
access.As a ®rststep,| have suggestedhe examinationof patternsof term distribution
in long texts, andhave shavn how thesepatternsareusefulbothfor recognizingsubtopic
structureandfor describingthe resultsof a query | have alsoargued,following Cutting
etal. (1990),thatthe mechanismsor queryinganddisplayingdocumentshouldreceve
asmuchattentionastheretrieval algorithm,andthatall threecomponentshouldmutually
reinforceoneanother

| have describedanalgorithm,calledTextTiling, thatusedexical frequeng anddistri-
bution to identify the subtopicstructureof expositorytexts. The currentlymostsuccessful
versionof this algorithmrequiresonly a shortstoplistanda morphologicalanalyzerand
analyzesbout20 megabytef text anhour(includingtokenization).| have alsodescribed
an algorithmthat assignsmultiple main topic cateyoriesto long texts. This algorithm
requiresapre-de®nedatgory setandatrainingrun but doesnotrequirepre-labeledexts,
which are much harderto come by than categyory sets. Both algorithmsare compared
againstreadeljudgmentsandarefoundto performwell, althoughnot awlessly onthese
approximateasks.

| have also presenteda framework for the interpretationof query term distribution
patternswithin full text documentsThisanalysideadsto anew interfaceparadigmgcalled
TileBars,thatprovidesa compactndinformative iconic representationf the documents’
contentswith respecto thequeryterms. TileBarsallow usersto makeinformeddecisions
aboutnotonlywhichdocumentso view, butalsowhichpassagesf thosedocumentshased
onthedistributionalbehaior of thequerytermsin thedocumentsl have demonstratethe
useof TileBarsin ananalysisof someof the TREC queriegHarman1993). In the course
of thisanalysid shavedthatthe patternsof termdistributionsfor relevantdocumentgan



CHAPTER6. CONCLUSIONSAND FUTUREWORK 110

vary dependingon the query This supportsmy conjecturethat the criteria uponwhich
rankingis basedshouldbe shavn explicitly in sucha way that userscanmakeinformed
decisionsaboutwhich documentgo view. It alsolendspartial supportto my hypotheses
aboutthemeaningf variouspatternof termdistribution.

| have alsodescribed new interface calledCougarthatallows userdo view retrieved
documentsccordingo multiple maintopicassignmentsCougartasanappealingnterac-
tive componenthatallows usergo seethemaintopic contet in whichretrieveddocuments
areused providing themwith informationthatcanbemissingin the TileBar display Both
displaytoolsneedo beintegratednto oneinterface alongwith othertext analysidacilities
to allow fastassimilationof the contentsof retrievedinformation. Togethertherepresen-
tationof maintopicandsubtopicstructurainformationprovidesa powerful new paradigm
for interpretingtheresultsof queriesagainstull-text collections.

The TextTiling work introducesa new granularityof analysisfor thetext segmentation
task. Evidencefor the usefulnes®f multi-paragraplsegmentsis increasingdespitethe
factthatthis is a nontraditionaldiscourseunit. Aside from the usein informationaccess
describedhere, other potential applicationsof multi-paragraphsegmentsare multiple-
window text displaysand text window identi®cationfor corpus-basedaturallanguage
processinglgorithms.

This work shouldbe extendedin severaldirections.First, | planto moreformally test
someof the embellishments$o the TextTiling algorithm. | am particularlyinterestedn
trying differentwaysto integratethesauratermsinto the algorithm (perhapssimply by
usinga goodonlinethesaurusshouldonebecomegenerallyavailable). | would alsolike
to improve theresultsin the casesn which the evidencefor oneparagraplboundaryover
anothers weak(e.g.,whenavalley in the similarity scoreplot falls within a paragraph,
or whentwo shortparagraphareadjacento oneanothemeara valley). Oneapproachs
to try simplediscoursecues;anothers to makea morelocalizedanalysisof termoverlap
whenthe boundarychoiceis unclear Still anotheralternatve is to ®nda way to express
tile overlap,especiallywhentransitiongakesplacemid-paragraph.

| would alsolike to formally compareTextTiles to paragraphsn sometask. If tiles
performbetter or for that matter no worsethan paragraphsn informationaccesgasks,
thentiles are preferablefor the simple reasonthat they are lessexpensve to storeand
processsimply becausdhereare fewer tiles than paragraphger document(if positional
informationwithin tiles or paragraphs notimportant).

| wouldalsolike toformally evaluateTileBarsin termsof theirusein relevanceeedback
andwith respecto how userdnterpretthe meaningof thetermdistributions. Theanalysis
could compareusers expectationsaboutthe meaningof the termdistributionsagainsthe
analysisshavn in the chartof Chapter3. It maybe usefulto determinan whatsituations
the users'expectationsare not met, in hopesof identifying what additionalinformation
shouldbe addedn orderto preventmisconceptions.

Both display mechanismslescribedhereshouldbe extendedto work with texts that
alreadydo have somehierarchicaktructurebuilt in.

Theinformationaccessommunityneeddo developa passageetrieval testcollection.
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The examplesanddiscussionn this dissertatiorsuggesthat sucha collectionshouldbe
cognizanof issuegelatingto termdistribution: relevancgudgmentsshouldindicatewhat
topicalor distributionalrole thequerytermsareto play within theretrieveddocuments.
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Tocqueville, Chapter 1

Thetext of Democacyin Americg by Alexis
deTocqueville, 1835,Volumel Chapterl.

DOC SEGMENT1 )

North America presentdn its externalform certaingeneral
featureswhichit is easyto distinguishatthe ®rstglance.

A sortof methodicabrderseemgo haveregulatedhesepara-
tion of landandwater mountainsandvalleys. A simplebut grand
arrangemernis discoverablamidthe confusionof objectsandthe
prodigiousvariety of scenes.

This continentis almostequallydividedinto two vastregions.
Oneis boundedon the north by the Arctic Pole,andon tk@ east
andwestby the two greatoceans.|t stretchegowardsthe south,
forming a triangle,whoseirregularsidesmeetat lengthabovethe
greatlakesof Canada.The secondregionbeginswherethe other
terminatesandincludesall the remainderof the continent. The
oneslopesgentlytowardsthe Pole,the othertowardsthe Equator

Theterritory includedin the ®rstregiondescendsowardsthe
northwith a slopesoimperceptiblethatit may almostbe saidto
form a plain. Within the boundsof thisimmensdevel tractthere
are neitherhigh mountainsnor deepvalleys. Streamsmeander
throughit irregularly; greatriversintertwine, separateangigeet
again,spreadinto vastmarshes|osing all traceof their channels
in the labyrinth of watersthey have themselvereated andthus
atlength,afterinnumerablavindings,fall into the Polarseas.The
greatiakeswhichboundthis®rstregionarenotwalledin, like most
of thosein the Old World, betweenhills androcks. Their banks
are”at andrise but afew feetabovethelevel of theirwaters.each
thusforming a vastbowl ®lledto the brim. The slightestchange
in thestructureof theglobewould causeheirwatersto rusheither
towardsthe Poleor to thetropicalseas.

DOC SEGMENT2

The secondregion hasa more brokensurfaceandis better
suitedfor the habitationof man. Two long chainsof mountains
divideit, from oneto theother: one,namedheAllegheny; follows
thedirectionof theshoreof the Atlantic Oceantheotheris parallel
with the Paci®c.

The spacethat lies betweenthesetwo chainsof mountains
contains228,843squardeagueslts surfaceis thereforeaboutsix
timesasgreatasthatof France.

This vastterritory, however, forms a single valley, one side
of which descendérom the roundedsummitsof the Alleghenies,
while the otherrisesin anuninterruptectourseto the topsof the
RockyMountains. At the bottomof the valley ows animmense
river,intowhichyoucansee, owing fromall directionsthewaters
that comedown from the mountains. In memoryof their native

land, the Frenchformerly called this river the St. Louis. The
Indians,in their pompouslanguagehhave namedit the Fatherof
Waters,or the Mississippi.

DOCSEGMENT3

The Mississippitakesits sourceat the boundaryof the two
greatregionsof which | have spoken,not far from the highest
point of the plateauthat separatethem. Nearthe samespotrises
anotheriver, which emptiesnto the Polarseas.The courseof the
Mississippiis at ®rstuncertain:it winds severaltimestowardsthe
north,whencsit rose,andonly atlength,afterhaving beendelayed
in lakesandmarshesgdoesit assumets de®nitedirectionand ow
slowly onwardto the south.

Sometimegyuietly gliding alongthe chalky bed that nature
hasassignedo it, sometimeswollenby freshetsthe Mississippi
watersover 1,032leaguesin its course. At the distanceof 600
leaguedromits mouththisriverattainsanaveragedepthof 15feet;
andit is navigatedby vessel®f 300tonsfor acourseof nearly200
leagues Onecounts,amongthetributariesof the Mississippi,one
river of 1,300leaguespneof 900,0neof 600,0neof 500, four of
200, not to speakof a countlessnultitide of smalltramsthatrush
from all directionsto minglein its ow.

DOCSEGMENT4

Thevalleywhichis wateredby the Mississippiseemsgo have
beencreatedor it alone andthere like agodof antiquity, theriver
dispensedothgoodandevil. Nearthe streamnaturedisplaysan
inexhaustibldertility; thefartheryou getfrom its banksthemore
sparsehe vegetationthe poorerthe soil, andeverythingweakens
ordies. Nowherehave the greatconvulsionsof theglobeleft more
evidenttracesthanin the valley of the Mississippi. The whole
aspectof the country shows the powerful effects of water both
by its fertility andby its barrenness.The watersof the primeval
ocearaccumulate@normousedsof vegetablenoldin thevalley,
whichtheyleveledastheyretired. Upontheright bankof theriver
are found immenseplains, as smoothasif the tiller had passed
over themwith his roller. As you approachthe mountainsthe
soil becomesmore and more unequaland sterile; the groundis,
asit were,piercedin a thousandplacesby primitive rocks,which
appeatike thebonesof a skeletorwhose esh hasbeenconsumed
by time. The surfaceof the earthis coveredwith a granitic sand
and irregular massef stone,amongwhich a few plantsforce
theirgrowth andgive theappearancef a green®eldcoveredwith
the ruins of a vastedi®ce. Thesestonesand this sanddisclose,
on examination,a perfectanalogywith thosethat composethe
arid and brokensummitsof the Rocky Mountains. The "ood of
waterswhichwashedhesoil to thebottomof thevalley afterwards
carriedawayportionsof the rocksthemselvesandthese,dashed
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andbruisedagainstthe neighboringcliffs, wereleft scatteredike
wrecksat their feet.

The valley of the Mississippiis, on the whole, the most
magni®centdwelling-placepreparedy Godfor man's abodeand
yetit maybe saidthatat presentt is but a mighty desert.

Onthe easterrside of the Alleghenies betweerthe baseof
thesemountainsandthe Atlantic Oceanies along ridge of rocks
andsand,which the seaappeardo have left behindasit retired.
The averagebreadthof this territory doesnot exceed48 leagues;
but it is about300leaguesn length. This part of the American
continenthasa soil that offers every obstacleto the husbandman,
andits vegetatioris scantyandunvaried.

Uponthisinhospitablecoastthe ®rstunitedefforts of human
industry were made. This tongueof arid land wasthe cradleof
thoseEnglishcolonieswhichweredestinenedayto becomehe
United Statesof America. The centerof power still remairdere;
while to thewestof it thetrueelement®f thegreatpeopleto whom
the future control of the continentbelongsare gatheringtogether
almostin secrecy

DOC SEGMENTS

WhenEuropean®rstlandedontheshoref theWestindies,
andafterwardson the coastof SouthAmerica,theythoughtthem-
selvestransportednto thosefabulousregionsof which poetshad
sung.Theseasparkledwith phosphoridight, andtheextraodinary
transparencyf its watersdisclosedto the view of the navigator
all the depthsof the ocean.Hereandthereappearedittle islands
perfumedwith odoriferousplants,andresemblingbasketof ow-
ers oating onthetranquilsurfaceof theocean.Everyobjectthat
metthe sightin this enchantingegionseemedgreparedo satisfy
the wantsor contrikute to the pleasureof man. Almost all the
treeswere loadedwith nourishingfruits, and thosewhich were
uselessasfood delightedthe eyeby the brilliance andvariety of
theircolors. In grovesof fragrantlemontreeswild ®gs, o wering
myrtles,acaciasandoleanderswhichwerehungwith fest@insof
variousclimbing plants,coveredwvith "o wers,a multitudeof birds
unknownin Europedisplayedheirbrightplumangeglitteringwith
purpleandazure,andmingledtheirwarblingwith the harmonyof
aworld teemingwith life andmotion.

Underneattthis brilliant exteriordeathwasconcealed.But
this fact was not then known, and the air of theseclimateshad
aninde®nablenenatingin uence, which mademancling to the
presentheedlessf thefuture.

North Americaappearedindera very differentaspect:ithere
everythingwasgrave, seriousandsolemn;it seemedreatedo be
thedomainof intelligence asthe Southwasthatof sensuatlelight.
A turbulentandfoggy oceanwashedts shores.It wasgirt2Zaund
by a belt of graniticrocksor by wide tractsof sand. The foliage
of its woodswasdarkandgloomy, for theywerecomposeaf ®rs,
larchesgvergreenoaks,wild olivetrees,andlaurels.

DOC SEGMENT6

Beyondthisouterbeltlay thethick shaesof thecentralforests,
wherethelargesttreeswhichareproducedn thetwo hemispheres
grow sideby side. The plane thecatalpathesugamaple,andthe
Virginian poplarmingledtheir branchesvith thoseof the oak, the
beechandthelime.

In these asin the forestsof the Old World, destructionwas
perpetuallygoingon. Theruins of vegetationverehheapedupon
oneanother;but therewasno laboringhandto removethem,and
their decaywasnot rapid enoughto makeroomfor the continual
work of reproduction. Climbing plants,grassesandotherherbs
forcedtheirway throughtthemassof dying treestheycreptalong
theirbendingrunks,foundnourishmenin theirdustycavities,and
apassagbeneattihelifelessbark. Thusdecaygaveits assi3ance
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tolife, andtheirrespectre productionsveremingledtogether The
depthsof theseforestsweregloomy andobscureanda thousand
rivulets,undirectedn their courseby humanindustry preservedn
thema constantmoisture. It wasrareto meetwith "o wers, wild
fruits, or birds beneatttheir shadesThefall of atreeoverthravn
by age,the rushingtorrentof a cataractthelowing of the buffalo,
andthe howling of the wind werethe only soundshat brokethe
silenceof nature.

To the eastof the greatriver the woodsalmostdisappeared;
in their steadwere seenprairies of immenseextent. Whether
Naturein herin®nitevarietyhaddeniedthe germsof treesto these
fertile plains,or whetherthey hadoncebeencoveredwith forests,
subsequentlglestroyedby the handof man, is a questionwhich
neithertraditionnor scienti®aesearcthasbeenableto answer

DOC SEGMENT7

Thesémmensealesertsverenot, however, wholly untenanted
by men.somewanderingribeshasbeenfor agesscatterecamong
theforestshadesr onthe greenpasture®f the prairie. Fromthe
mouthof theSt. Lawrenceo theDeltaof theMississippiandfrom
the Atlantic to the Paci®cean thesesaragespossessedertain
points of resemblancéhat borewitnessto their commonorigin;
but at the sametime they differedfrom all otherknown racesof
men;theywereneitherwhite like the Europeansnor yellow like
mostof the Asiatics, nor blacklike the Negroes. Their skin was
reddishbrown, their hair long andshining,thelips thin, andtheir
cheekbonesery prominent. The languagespokenby the North
Americantribeshaddifferentvocahularies butall obeyedhesame
rulesof grammar Theserulesdifferedin severalpointsfrom such
ashadbeenobservedo governthe origin of language Theidiom
of the Americansseemedo bethe productof new combinations,
andbespokeaneffort of theunderstandingf which the Indiansof
ourdayswould beincapable.

DOCSEGMENTS8

Thesocialstateof theseribesdifferedalsoin manyrespects
from all thatwasseenin theOld World. Theyseento have multi-
pliedfreelyin themidstof their desertsyithout comingin contact
with otherracesmorecivilized thantheir own. Accordingly, they
exhibitednoneof thoseindistinct,incoherennotionsof right and
wrong, noneof thatdeepcorruptionof mannerswhichis usually
joinedwith ignoranceandrudenesamongnationswho, after ad-
vancingto civilization, haverelapsednto a stateof barbarism.The
Indianwasindebtedto no onebut himself; his virtues, his vices,
andhis prejudicesverehis own work; hehadgrown upin thewild
independencef his nature.

DOCSEGMENT9

If in polishedcountrieshelowestof the peoplearerudeand
uncivil, it is notmerelybecausé¢heyarepoorandignorantbut be-
causebpeingso,theyarein daily contatwith rich andenlightened
men. The sightof their own hardlot andtheir weaknesswhich
is daily contrastedvith the happinessand power of someof their
fellow creaturesexcitesin their heartsat the sametime the senti-
mentsof angerandof fear: the consciousnessf their inferiority
andtheir dependenceritateswhile it humiliatesthem. This state
of mind displaysitself in their mannersandlanguagetheyareat
onceinsolentand servile. The truth of this is easily provedby
obsenation: the peoplearemorerudein aristocraticcountieshan
elsavhere;in opulentcitiesthanin rural districts. In thoseplaces
wheretherich andpowerful areassembledogethertheweakand
theindigentfeel themselvesppressedy theirinferior condition.
Unableto perceve asinglechanceof regainingtheirequality they
give upto despaiandallow themselveso fall below thedignity of
humannature.

This unfortunateeffect of the disparity of conditionsis not
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obsenablein savagelife: the Indians,althoughtheyareignorant
andpoor, areequalandfree.

WhenEuropean®rstcameamongthem,thenativesof North
Americawereignorantof the value of riches,and indifferentto
the enjoymentsthat civilized man procuresfor himself by their
means.Neverthelessherewasnothingcoarsein their demeanor;
theypracticechabitualreserveandakind of aristocratigoliteness.

Mild andhospitablevhenat peacethoughmercilessn war
beyondany known degreeof humanferocity, the Indian would
exposehimself to die of hungerin orderto succorthe stdé@nger
who askedadmittanceby night at thedoorof his hut; yethecould
tearin pieceswith this handsthe still quiveringlimbs of his pris-
oner The famousrepublicsof antiquity never gave examplesof
more unshakercourage morehaughtyspirit, or moreintractable
love of independencthanwerehiddenin formertimesamongthe
wild forestsof the New World. The Europeanproducedho great
impressiorwhentheylandeduponthe shoresof North America;
their presenceengenderedeitherenvy nor fear Whatin uence
couldtheypossessversuchmenasl have described?Thelndian
could live without wants,suffer without complaint,and pour out
hisdeath-son@tthestake.Like all theothermemberf thegreat
humanfamily, thesesavagesbelievedin the existenceof a better
world, and adored,under differentnames,God, the Creator of
the universe.Their notionson the greatintellectualtruthswerein
generakimpleandphilosophical.

DOC SEGMENT10

Although we have heretracedthe characterof a primitive
peopleyetit cannobedoubtedhatanothepeople morecivilized
and more advancedin all respectshad precededt in the same
regions.

An obscuréraditionwhichprevailedamonghelndiansonthe
bordersof the Atlantic informs us thatthesevery tribesformerly
dwelt on the westside of the Mississippi. Along the banksof the
Ohio,andthroughouthecentralvalley, therearefrequentlyfound,
atthis day, tumuli raisedby the handsof men. On exploringthese
heap=f earthto theircenterit is usualto meetwith humarbones,
stranganstrumentsarmsandutensilsof all kinds,madeof metal,
anddestinedor purposesinknavnto thepresentace.Thelndians
of ourtimeareunableto giveanyinformationrelative to thehistory
of thisunknownpeople.Neitherdid thosewholivedthreehundred
yearsago,whenAmericawas®rstdiscoveredlease anyaccounts
from which evena hypothesisould be formed. Traditions,those
perishableyet ever recurrentmonumentsof the primitive world,
do notprovideanylight. There however, thousand®f our fellow
menhave lived; one cannotdoubtthat. Whendid theygo there,
whatwastheir origin, their destiny their history? Whenandhow
did theydisappearNo onecanpossiblytell.

How stranget appearshatnationshave existedard afterward
socompletelydisappeareftom the earththatthe memoryevenof
their namesis effaced! Their languagesare lost; their glory is
vanishedlike a soundwithout an echo; thoughperhapsthereis
not onewhich hasnot left behindit sometombin memoryof its
passageThusthe mostdurablemonumenof humanlaboris that
whichrecallsthewretchednesandnothingnes®f man.

DOC SEGMENT11

Although the vastcountrythat | have beendescribingwas
inhabitedby manyindigenousribes, it may justly be said,at the
timeof its discovenby Europeandp haveformedonegreatdesert.
The Indiansoccupiedwithout possessingt. It is by agricultural
labor that manappropriateshe soil, and the early inhabitantsof
North Americalivedby theproduceof thechase. Theirimplacable
prejudicestheir uncontrolledpassionstheir vices,andstill more,
perhapstheirsazagevirtues,consignedhemtoinevitabledestruc-
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tion. Theruin of thesetribesbegarfrom the daywhenEuropeans
landedon their shores;it hasproceedecbver since,and we are
now witnessingits completion. Theyseento have beenplacedby
Providenceamid therichesof the New World only to enjoy them
for aseasontheyweretheremerelytowaittill otherscame.Those
coasts,so admirably adaptedfor commerceand industry; those
wide anddeeprivers;thatinexhaustiblevalley of the Mississippi;
thewhole continent,in short,seemegreparedo be the abodeof
agreatnationyetunborn.

In thatlandthe greatexperimenbf the attemptto construct
societyupon a new basiswasto be madeby civilized man; and
it wasthere,for the ®rsttime, thattheorieshithertounknown, or
deemedmpracticable wereto exhibit a spectacleor which the
world hadnot beenpreparedy the history of thepast.
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