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ABSTRACT

LANGUAGE MODELS FOR HIERARCHICAL SUMMARIZA TION
(PROPOSAL FOR DISSERTATION)

MAY 2001

DAWN LAWRIE

A.B., DARTMOUTH COLLEGE

M.Sc.,UNIVERSITY OFMASSACHUSETTS,AMHERST

Ph.D.,UNIVERSITY OFMASSACHUSETTSAMHERST

Directedby: ProfessorW. BruceCroft

Hierarchieshave long beenusedfor organization,summarization,andaccessto in-

formation. In this proposalwe de�ne summarizationin termsof a probabilisticlanguage

modelandusethede�nition to explorenew techniquesfor automaticallygeneratingtopic

hierarchies.Onetechniqueappliesa graph-theoreticalgorithm,which is an approxima-

tion of the DominatingSetProblem. Anothertechniqueusesan entropy-basedapproach

to choosetopic terms. Both techniquesef�ciently selecttermsaccordingto a language

model. We comparethe new techniquesto previous methodsproposedfor constructing

topic hierarchiesincluding subsumptionand lexical hierarchies,aswell aswords found

usingTF.IDF. Our preliminaryresultsshow thatthenew techniquesperformaswell asor

betterthantheseothertechniques.We planto evaluatethetwo techniquesfurtherthrough

userstudiesaswell ascomputersimulations.Wewill alsodevelopademofor betterinter-

actionwith users.
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CHAPTER 1

INTRODUCTION

This proposalpresentsmethodsof automaticallygeneratinga summaryfor a large

groupof documents.It is particularlydif�cult to presenta summaryfor hundredsof doc-

uments,especiallywhenthereis no assumptionthatthedocumentscover thesametopics.

Recentlytherehasbeena large body of researchon developing natural languagesum-

maries,which try to stringtogethersentencesor sentencefragmentsfrom thetext[3, 4] or

generatesentencesto form a summary[2, 20]. Whendealingwith a few hundreddocu-

ments,sucha solutionis impracticalbecauseof themyriadof topicsoneexpectsto �nd.

Instead,we focuson termbasedsummarieswhich canbemuchmorecompactthana nat-

ural languagesummary.

Unlike traditionalabstract-like summaries,which at somelevel canactasa substitute

for the original text, our term-basedsummariesare intendedto act asa guide to which

documentsare useful and to give the usera generalsenseof the topics coveredin the

documents.Sucha summarycould be createdfor a user's e-mails. From the summary,

onewould learnthetopicsof thee-mailsexpressedthroughkeywordsandmostlikely, the

peoplewhowrite aboutparticulartopics.If theuserwerelooking for e-mailsona speci�c

topic,thesummarycouldhelpidentify whiche-mailswouldmostlikelycontainthespeci�c

topic.

Therearethreemain challengesrelatedto theautomaticcreationof term-basedsum-

maries. The �rst is the selectionof terms. The secondis the presentationof theseterms

in a coherentfashionto the user, and the third is the evaluationof the summariesin a

meaningfulway.
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In orderto automaticallygeneratea term-basedsummary, wemust�rst determinehow

to identify which termsshouldbepartof thesummary. We proposeusinga probabilistic

modelof the languageusedin the text of the documents,which is describedin Lawrie

et al.[14]. Themodelincorporatesprobabilitiesof individual termsin the text andcondi-

tionalprobabilitiesof pairsof terms.Throughthelanguagemodelwehaveanabstractview

of thetext which makesit easierto �nd thetermsthatconvey themostinformationabout

thetext aswhole. We presenttwo differentmethodsthatusethelanguagemodelto deter-

minewhich termsarebestat conveying thetopicsin thedocuments.The�rst methoduses

themodelto constructaweightedgraphwhichthendeterminesthetermsthatdominatethe

restof thevocabularyby usingagreedyapproximationto thedominatingsetproblem[14].

Thesecondmethodlooksat theproblemfrom acompressionpointof view to �nd thetopic

terms.It selectstermsthatminimizetheaveragecodelengthrequiredto expresstheentire

vocabulary in thedocumentsthroughanentropy equation.

Oncethetopic termsareselected,they needto beconveyedto theuser. Therearemany

examplesof listing thetermsby frequency or anothermetric[5,9]. Themainproblemwith

a list is that it providesno indicationof how the termsin the list arerelated. Instead,we

proposeto usea hierarchybecauseof the information the structureprovidesabouthow

termsrelateto oneanother.

Finally, the issueof evaluationmustbeaddressed.Evaluatingthehierarchiesis a par-

ticularly dif�cult problembecausewe cannotdirectly compareour hierarchiesto what a

humanmightgenerate.Themanuallyproducedhierarchiesthatexist areverygeneralsuch

astheYahoo!hierarchies[27]or MeSH[16]. Instead,we have focusedon evaluationsthat

canbesimulatedby a computer, which providesa goodmetric for comparinghierarchies.

This methodof evaluationhasshown theusefulnessof clusteringin heuristicapproaches

to generatinga hierarchy[13], andthat the languagemodelapproachesareasgoodasor

betterthanthe heuristicapproachesat identifying termsthat breakdocumentsinto rele-

vantandnon-relevantgroups[14]. However, this type of evaluationdoesnot answerthe
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questionof whetherthe informationcontainedin the hierarchyconveys the topicsof the

documentsandwhetherit is a usefultool for information-relatedtaskssuchasbrowsing

and�nding relevantdocuments.

This researchmakesthreegeneralcontributions:

� Wewill developade�nition of anoptimalhierarchyfor summarizationandinforma-

tion relatedtasks.With suchade�nition, wewill haveconcreteattributesthatcanbe

measuredto determinewhich hierarchiesarebest.

� We will provide the �rst formal framework for choosingtopic termsfor thehierar-

chies.Theadvantageof having a formal framework is theexistenceof well-de�ned

waysto modify theframework to make improvements.

� Wewill developevaluationmeasuresfor hierarchicalsummarizationusinglargedoc-

umentcollections. In orderto develop human-usablehierarchicalsummarizes,the

currentmethodsof evaluationmustbe expandedto encompassa broaderrangeof

attributes.Thesemeasureswill beableto verify whetherthehierarchiesconstructed

usingour formal framework arein factoptimalhierarchies.

In the remainderof the proposal,we discusswork relatedto summarization,topical

hierarchies,visualization,andevaluationin Chapter2. In Chapter3, we summarizethe

researchthathasalreadybeencompleted,andin Chapter4 we presentour planof future

work. In Chapter5, weconcludewith theresearchcontributionsof thethesisproposed.
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CHAPTER 2

RELATED WORK

2.1 Summarization

Luhn beganworking on theproblemof automaticsummarizationin the50's[17]. Re-

searchon the topic hasintensi�ed in the pastdecadewith the advent of the World Wide

Web. Automaticmethodsof summarizationhave usedthreemain approaches:linguistic

(e.g. [19, 21]), statistical(e.g. [2, 3]), andcombinationsof the �rst two approaches(e.g.

[6]).

Most of this work focuseson singledocumentsummariescreatedby extractingsen-

tencesor sentencefragments.Kupiecet al.[11] is oneexampleof this work. They usea

trainingsetof documentswith hand-selecteddocumentextractsto developa classi�cation

function that estimatesthe probability a given sentenceis includedin a summary. Sen-

tencesarerankedaccordingto this probability, anda user-speci�ednumberof top-ranked

sentencesareselected.

An exampleof generatingsummariesis BergerandMittal[2]. They createa language

modelof thedocument,selecttermsthatshouldoccurin a summary, andthencombineit

with a trigramlanguagemodelto generatereadablesummaries.

Multidocumentsummarizationhasmainly focusedon thesimilarity amonga groupof

documents[3, 20]. Carbonellet al.[3] �nds passagesimilarity usingMaximum Minimal

Relevancefor multiple documentson the sametopic. They organizethe top-ranked sen-

tencesin their original orderwithin the documents.McKeown et al.[20] extract features

from thedocumentset.They thendeterminewhich themesaresimilar in orderto identify

phrasesthat shouldoccur in the summary. Finally, a sentencegeneratoris used,which
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ordersthe phrasesby the earliestdatethey occurredandemploys a languagegenerator

with completegrammarrulesto combinethephrases.Mani andBloedorn[18] incorporate

someof thedifferencesbetweena pair of documentsin their summaries.To do this they

representeachdocumentasa graph,wheretermsarenodesandedgescorrespondto se-

manticrelationshipsbetweenterms. They usespreadingactivation to �nd nodesthatare

semanticallyrelatedto thetopic. Activatedgraphsof two documentsarematchedin order

to �nd agraphcorrespondingto similaritiesanddifferencesbetweenthepairs.Thesystem

outputsthesetof sentencescontainingthesharedtermsandthesetof sentencescovering

the uniqueterms. The �rst two examplesfocuson the similarity amongdocuments,and

they canpresentconcisesummariesof at most25 documents.However, in the third ex-

amplewheredifferencesare included,only two documentsareusedin the summary. In

orderto summarizethesimilaritiesanddifferencesof many moredocuments,a term-based

summaryis advantageousbecauseit canremainconcisewhile covering the diversity of

topics.

Theresearchcitedaboveall focusongeneratingsomesortof naturallanguagesummary

that actsin the sameway asan abstract.Term-basedsummariesalsoexist. An example

of a singledocumentterm-basedsummaryis thelist of keywordsthatappearat thebegin-

ning of articles. Kea[26] is an exampleof sucha singledocumentsummarizer. It uses

machinelearningto identify featuresthat arecharacteristicof keywords,andthe trained

systemselectskeywordsfor documentswherethe authordid not give any. An example

of multidocumentterm summariesis a hierarchywhich will be discussedfurther in the

following section.

2.2 Topical Hierar chies

Thework ontopicalhierarchiescanby dividedinto two mainsetsbasedonthewaythat

documentsaregroupedtogetheror clustered.Onebody of researchhasusedtraditional

clusteringalgorithms[25] to inducea hierarchicalstructurein the documents[5, 28, 9].

5



Membershipin a particulargroupis determinedby thepresenceof a numberof features,

but no onefeaturein particularmustbe present,which is referredto aspolytheticclus-

tering. Theotherbodyof researchmakesuseof monotheticclustering[1, 23, 13, 14]. In

this case,documentsaregroupedtogetherbecauseof thepresenceof a particularfeature.

Theadvantageof monotheticclustersis that suchclustersarevery easyto describe.The

particularfeaturerequiredfor membershipin theclusteris a satisfactorylabel. In general,

the labelsof polytheticclustersarea list of top-ranked features.Invariably, someof the

documentsthatarepartof theclusterhave noneof the featuresthatarementionedin the

labelandin a sensearesurpriseelements,sincea userwould have no knowledgeof their

presence.

A thoroughreview of topic hierarchiesthat usemonotheticclusteringis describedin

Subsections2.3and2.4of Lawrie andCroft[13].

Of thepolytheticclusteringapproaches,Scatter/Gatheris the mostwell known[5]. It

clustersdocumentsinto � vegroupsandlabelstheclusterswith thetop eightterms.A user

is expectedto pick oneor two clusterswhich arethoughtto containrelevantdocuments.

Theselectedgroupsarereclusteredandagainlabeled.Theusercontinuesthis processof

drilling down until a satisfactorygroupof documentsis gathered.Yanget al.[28] extends

Scatter/Gatherto thetaskof topicdetectionandtracking.They clustertheentirecorpusof

a few thousanddocumentsandusethetop � ve rankedtermsto describetheclusters.They

envision thata completesystemwould allow theuserto drill down to theparticularlevel

of granularitythat met the user's needandthenusea singledocumentnaturallanguage

summarizerto learnaboutthespeci�c contentsof thedocuments.

Hofmann[9]usesa differentclusteringalgorithmbasedon anannealedversionof the

Expectation-Maximizationalgorithmto producea hierarchicalprobabilisticclusteringof

the documents.Like Scatter/GatherandYanget al., documentsare expectedto �t into

a singleplacein the hierarchy, which assumesthat documentsare abouta single topic.

Becauseof theprobabilisticmodelusedin clustering,themodelcanbeusedto summarize
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a particularclusterratherthanmostfrequentterms. Hofmannarguesthat thesetermsare

morediscriminatingthanthemostfrequentterms,but thisdescriptionstill suffersfrom the

sameproblemof topicsthatappearat lower levelsof thehierarchybut arenot evenhinted

at in higherlevels.

2.3 Visualization

Thereareseveralwaysin whichahierarchycanbedisplayedtoauser. The2-dimensional

methodsinclude:a node-linkgraphdiagram(e.g. [10]), embeddedfolders(e.g. [22, 15]),

popupmenus(e.g. [23, 13, 14]), and hyperlinks(e.g. [27]). Thereare also a few 3-

dimensionalmethodsof displayinghierarchiesincludingCat-a-cone[8] andthehyperbolic

browser[12].

Eachof the 2D methodshasstrengthsandweaknesses.From a user's point-of-view,

a hyperlinkhierarchyis the weakestof the four becausea usercannotseethe siblingsor

ancestorswhenhereachesa dead-end.It alsoprovidesno way to keeptrackof many dif-

ferentplacesof interestat thesametime[7]. However, thehyperlinkvisualizationprovides

anintuitiveway to incorporatedocumentsandevenshortdescriptionsof thedocument,by

placingthedocumentson thepagealongwith thechildren. Popupmenusareoppositeof

thehyperlinkhierarchy. Whereahyperlinkhierarchyshowsonelevel of thehierarchyand

the documentsrelatedto the level, a popupmenucaneasilyshow four or morelevelsof

thehierarchyandall thesiblingsof ancestornodeson a singlescreen.Levelsarerevealed

instantlywhenthemouseis pointing to theparent,without any clicking. This allows the

hierarchyto beexploredvery quickly, but occasionallyit canbedif�cult to view a partic-

ular part of the hierarchybecauseitemsareso closetogether. Node-linkgraphdiagrams

andembeddedfoldersfall somewherebetweentheprevioustwo in their ability to display

portionsof thehierarchyon a screen.Node-linkdiagramsrequirethatthearrows connect-

ing nodesusepartof thescreenrealestate,but sucha displayhasmorepermanencethan

the popupmenu. Neither the popupmenunor the node-linkdiagramoffers an intuitive
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way to displaydocumentswithin thestructure,soa separateview is required.Embedded

foldersoffer anaturalway to includethedocuments,asis donein thedisplayof computer

directorysystems.Thebiggestdrawbackto usingfoldersis thateverythingis displayedin

averticalcolumn,somostof hierarchywill eitherbeaboveor below thecurrentview.

Somemoreadvancedmethodsuse3D to displaymoreof ahierarchyonasinglescreen.

Cat-a-conesmakesuseof circlesseton edge[8]. Labelsareattachedto the edges,like

childrenon a FerrisWheel,sothatsomecategorieswill bein theforegroundwhile others

areobscured.Large segmentsof a hierarchycanbe displayed,but only the siblingsthat

arecloseto the labelof interestwill beeasyto view. Thehyperbolicbrowserfocusesthe

attentionof theuseronthosesectionsof thehierarchythatarephysicallyclosetogether[12].

As the levels of the hierarchyget fartheraway, the labelsusedto describethe attributes

becomesmalleruntil they areunreadable.Theuserdragsdifferentpartsof thehierarchyto

thecenterof thedisplayto view aparticularsection.

2.4 Evaluation

Evaluatingthe topic hierarchiesis a very challengingtask. Most evaluationsof sum-

marieshave usedcomponent-wisemethodsasdiscussedin Section4 of Lawrie et al.[14].

Thusfar we have comparedthehierarchiesbasedon their ability to locaterelevantdocu-

mentsaspresentedin Section5 of Lawrie andCroft[13]. This particularmetricscoresthe

hierarchybasedonthetotalnumberof documentsandmenusonemustexaminein orderto

�nd all relevantdocumentsin thehierarchywith respectto thequery. It turnsoutthismetric

is biasedtowardshierarchiesthatbreakthedocumentsetsinto verysmallgroups,soin the

endthenumberof documentsreadgreatlyoutnumbersthenumberof menusexaminedeven

whenthereareonly small numbersof relevantdocuments.This meansthat if leaf nodes

have10or fewerdocuments,thealgorithmwill beableto choosenodesthataddonly afew

non-relevantdocumentsto the score.Conversely, if thehierarchyhasleaf nodeswith 50

or moredocuments,many morenon-relevantdocumentswill contribute to thescore.We
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have alsoexaminedthe similarity amonghierarchiesby calculatingthe overlapbetween

two hierarchies,explainedin Section5 of Lawrie andCroft.
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CHAPTER 3

RESEARCH SUMMARY

Oneof themaincontributionsof this work will bethedevelopmentof two techniques

thatuselanguagemodelsto choosetopic termsfor ahierarchicalsummary. In Section3.1,

thereis a overview of the DominatingModel. A longerdiscussionandexperimentscan

be found in Lawrie et al.[14]. In Section3.2, we presenta entropy-basedapproachto

selectingtopic termsthattriesto minimizetheaveragecodelengthrequiredto expressthe

vocabulary. Wealsoincludeapreliminaryevaluationof theEntropy Model thatmirrorsthe

onein Lawrie etal. Thisevaluationis includedbecausetheresultshavenotbeenpublisher

anywhereelse.Section3.3consistsof anevaluationof two-level hierarchiescreatedusing

the DominatingModel (DSP),subsumption,and the lexical approach.We have not yet

completedthis analysisfor the Entropy Model. It is left for future work. Section3.4

concludeswith asummaryof results.

3.1 Dominating Model

TheDominatingModelcapturestwo maincharacteristicsobservedin thesubsumption

andlexical hierarchies.Subsumptionandlexical hierarchiesbothidentify termsthathave

many dependents.In fact, subsumptionde�nes a vocabulary term, � , to be a dependent

of a topic,
�

, when ���

���

���
	���
�� . Topicsaretermthathave many dependentsandarenot

themselvesdependents.In contrast,topic termsin lexical hierarchiesarechosenbecause

of thefrequency of thetermin phrases.Thephrasesarethedependentsof thetopic terms.
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In orderto expressthis in termsof theconditionalprobability ���

���

��� , a set � is de�ned to

bethesetof all phrasesin thedocumentset.Therefore,

���

���

�����

��

�

�

�

����

if
�

is a termin thephrase

� otherwise

The topic termsare thosetermsthat maximizethe function: 	�

��� � �

���

��� . Thus, both

techniques�nd the termsusing the sameconditionalprobability. One way to combine

the two approachesusesthe following equationto �nd a setof terms, � , thatmaximizes

dependentsover thevocabulary, � :

�

����� ������������� �

! "$#

%

�

!

#



���'&

�

���

� �)( (3.1)

Equation3.1 completelyde�nes the lexical hierarchy. However, thesecondquali�ca-

tion of thesubsumptionis notaddressedby theequation:thenotionof choosingtopicterms

thathave dependentsfrom differentpartsof thevocabulary. To ensurethis quality, let us

de�ne �+* to be the setof vocabulary termsdependenton
�

* and �

! to be the union of all

vocabularysets.Theindependencecriterioncanbeexpressedin thefollowing manner:

,

�

*�-.�0/ � *213�

!54

*6��7 (3.2)

TheDominatingModel combinesEquations3.1 and3.2 in orderto selecttopic terms

that maximizedependents,while ensuringthat the topicsrepresentdifferentpartsof the

vocabulary:

�

���8� �9�:���;���<�=�

! "�>?#

%

�

!

#



�@�A&

�

���

����B<��C+D �

,

�

*�-3�0/ �=*21E�

!54

*6��7 �)( (3.3)

Theimplementationof this modelusesanapproximationof theDominatingSetprob-

lemfor graphsandis describedin Lawrie etal.
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3.2 Entr opy Model

Information theory was �rst developedby ClaudeShannonin the 1940sto address

theproblemof maximizingtheamountof informationthatonecantransmitover a noisy

channel[24].We extendthis point-of-view to summarization.Thegoalof summarization

canbethoughtof asexplicitly communicatingthesmallestamountof datathatallows the

userto, in somesense,“know” theinformationcontainedin thedocuments.Sincepeople

aregoodat makingassociations,by revealingoneterm in the documentset,a userwill

believeothertermsarepresentaswell. For example,whena userseestheterm“tree”, she

thinksof plantsthatusuallygrow quitetall with a trunkof somesort,leaves,androots.

Whena useris presentedwith anunknown setof documents,shehasno ideaof what

thetopicsof thedocumentsare.We canmodelthis uncertaintyusinga languagemodelof

generalEnglish,which meansthattheexpectationof termsis thesamefor any setof doc-

uments.We approximatethis modelby usingthelanguagemodelof thedocumentsetwe

aresummarizing.We useentropy, which is theaverageuncertaintyof a singlevocabulary

term,to quantify theeffort requiredto know thevocabulary. An entropy measureis used

to �nd the bestsetof topic termsthrougha minimizationalgorithm. We begin with the

traditionalde�nition of entropy:�

��� ���

#



���A&

� ������� ���

�

&

� ���

(3.4)

which is alsothe averagecodelengthrequiredto expressa vocabulary term, andcanbe

thoughtof asa way of quantifyingthe user's effort to ascertainthe vocabulary of a doc-

umentset. Equation3.4 canbe interpretedasa weightedaveragewhere �����

���

	�




�

is the

lengthof thecodeof thatvocabulary termand
&

� ��� theproportionthatthevocabularyterm

contributesto theoverallaveragecodelength.In thismodel,whena termbecomesa topic

term, � * , it is explicitly conveyedto theuser, sothatno bits areneededto expressthepar-

ticular term. This will alsogive the usersomeideaof what othervocabulary termsare

present,so the codelengthof thosetermsshouldalsobe decreased.Which termswill a
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userassociatewith agiventopicterm?Wechoosethetermsby lookingathow oftenaterm,

��� , is associatedwith the topic term,which is modeledusingthe conditionalprobability,

&

� �6*

�

����� . Weassumethatif theconditionalprobabilityis greaterthantheprobabilityof ��� ,

the user's certaintyaboutterm ��� will increase.Otherwiseit will remainthe same.This

yieldsthefollowing formulafor theaveragecodelengthfor asingletopic term, � * :

�

� �

!��

���

#
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� ��� ��� C
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��� � �
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� ���
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�)� *

�

���

( 
 (3.5)

Equation3.5is thebasisfor theminimumaveragecodelength:
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(3.6)

In the implementationof the entropy modelfor �nding topic terms,we usethe same

underlyinglanguagemodelof thedocumentset.This languagemodelis describedin Sec-

tion 3 of Lawrie et al.[14] andcontainsall the probabilitiesandconditionalprobabilities

requiredfor thecalculationof theminimumaveragecodelength.Thetopic setis selected

using a greedyapproximationto Equation3.6 by addingthe topic that individually de-

creasesthecodelengththemost.

3.2.1 Example

In the following discussion,we comparehierarchiesgeneratedfrom languagemodels

wheretheconditionalprobabilitiesarebasedonawindow size.For eachhierarchycreated

usinga languagemodel,“ � ��� ” or “ � � �
�;/���� ” follows thenameof the technique.The

� ��� refersto the sizeof the window usedwhencreatingthe languagemodel. These

resultsattemptto establishtheoptimal languagemodelfor generatinghierarchiesaswell

asthebesttechnique.Differentdepthsin thehierarchycanbebasedon differentwindow

sizes,which is why ��� ����/���� is usedfor hierarchieswith adepthof two.
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Figure 3.1. A Minimum AverageCodehierarchycreatedfor TRECquery319: New Fuel
Sources,where� =(5,2,1).
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Min. Avg. Code,� =1 Min. Avg. Code,� =2 Min. Avg. Code,� =20 Min. Avg. Code,� =40
terms # docs terms # docs terms # docs terms # docs

program 186 required 249 required 249 required 249
required 249 technolody 263 amendment 91 amendment 91

fuel 499 fuel 499 fuel 499 fuel 499
technology 263 amendment 91 Secretary 68 Secretary 68
amendment 91 program 186 technology 263 technology 263

States 221 nuclear 286 nuclear 286 nuclear 286
nuclear 286 States 221 research 201 research 201
services 135 services 135 House 69 tax 53
research 201 research 201 tax 53 inserting 35
energy 333 contained 173 program 186 program 186
House 69 Secretary 68 vehicle 126 power 323
cost 182 tax 53 services 135 vehicle 126
tax 53 energy 333 power 323 energy 333

system 214 Act 131 funds 84 services 135
based 221 cost 182 changes 189 changes 189

Table 3.1. Lists the topicstermsandnumberof documentswhosetermsoccurin the top
level of theMinimum AverageCodehierarchyusingsliding windows of 1, 2, 20, and40
for TRECquery319.

Figure3.1 is oneexampleof a hierarchycreatedusing the Minimum AverageCode

(MAC) algorithm. MAC selectstopic termsfor a documentsetretrievedfor TRECquery

319aboutNew FuelSources.Oneof themostnotabledifferencesbetweenthis hierarchy

andthosecreatedwith the other techniquesshown in Tables1 and2 of Lawrie et al. is

that “fuel” is not the �rst topic term. This meansthat other termsaremoreconsistently

dependenton “required” and“amendment”thanon fuel. In fact “fuel” is never the top

ranked term whenMAC is applied. However, the characteristicsof the hierarchyin the

�gure arevery similar to the characteristicsof the hierarchyin Figure2 of Lawrie et al.

Themenuunderthetopic “research”containsdifferenttopicsasshown in Figure3.1,but

thesizesof thedocumentclustersareverysimilar. Thesamecanbesaidfor thethird level

of thehierarchy.

Tables3.1 and3.2 show the termschosenby the algorithmfor a numberof different

languagemodels.Oneof themostdistinctivefeaturesof thesesetsof wordsis thesimilarity

amongthem. Thereareonly ninenew termsin thesevenlists introducedfollowing MAC
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Min. Avg. Code,� =50 Min. Avg. Code,� =60 Min. Avg. Code,� =80 Min. Avg. Code,� =100
terms # docs terms # docs terms # docs terms # docs

required 249 required 249 required 249 required 249
amendment 91 amendment 91 amendment 91 amendment 91

fuel 499 fuel 499 fuel 499 fuel 499
Secretary 68 Secretary 68 technology 264 technology 264

technology 264 technology 264 Secretary 68 Secretary 68
nuclear 286 nuclear 286 nuclear 286 nuclear 286
research 201 research 201 research 201 energy 333

tax 53 program 186 program 186 program 186
program 186 tax 53 tax 53 tax 53
inserting 35 inserting 35 power 323 power 323
power 323 power 323 system 214 research 201
energy 333 energy 333 energy 333 Chairman 65
system 214 system 214 Act 131 system 214
vechicle 126 vechicle 126 Chairman 65 Act 131
services 135 Chairman 65 House 69 House 69

Table 3.2. Lists the topicstermsandnumberof documentswhosetermsoccurin for the
top level of theMinimum AverageCodelengthusingsliding windows of 50, 60, 80, and
100for TRECquery319.

� =1. In Tables1 and2 of Lawrie et al. therearetwentynew termsin four lists introduced

following DSP � =1, andthereis muchmorevariability in thesmallerwindow sizes.

3.2.2 Initial Results

Figure 3.2. The ANOVA analysisof the hierarchyscoresfor Minimum AverageCode
with neighborsof 1, 20, 40, 60, 80, and100. The bar to the left of the hierarchytypes
indicateswherethereis no signi�cant differencesamongthe types. In this �gure thereis
no signi�cant differenceamongthedifferenttermschosen,althoughlarger window sizes
haveslightly bettermeanscores.

Weevaluatethetop level of thehierarchiesusingtwo differentquantitativetechniques,

whichwerealsousedin Lawrieetal.[14]. The�rst evaluationscoresthehierarchybasedon

thenumberof documentsreadperrelevantdocumentin thedocumentset.This evaluation
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Figure 3.3. TheANOVA analysisfor Subsumption,Lexical, TF.IDF, theDominatingSet
with neighborsof 1, 50,and100,andtheMinimum AverageCodewith neighborsof 1, 50,
and100.TheDominatingSetwith � =1 alwayshadthehighestmeanscoreindependentof
thenumberof topics;however, only in thecaseof 5 topicswasit signi�cantly betterthan
the secondhighestperformingtechnique.All threeMAC examplesappearin thesecond
groupingandarenot signi�cantly differentfrom Subsumption,TF.IDF, Lexical, andlarge
window sizesof DSP.

assumestheuseris interestedin all relevantdocumentsin thedocumentset.Thealgorithm

is explainedin Section5 of Lawrie andCroft[13], which is simpli�ed herebecauseweare

only lookingat thetop level of thehierarchy. Thesecondevaluationlooksat thesimilarity

betweentopic termschosen,whichwereferto astheoverlapbetweentwo hierarchies.

Usinghierarchyscores,we foundno signi�cant differencesamongthehierarchiescre-

atedusingtheMinimum AverageCodeasshown in Figure3.2. Themeansof hierarchies

with larger window sizeswere generallyhigher, but this canbe explainedby usingTa-

bles3.1 and3.2. Thenew termsthatoccurin hierarchieswith largerwindow sizesoccur

in fewer documents.Sincethesizeof theclusterplaysan importantrole in theability to

chooseclustersthataddfew non-relevantdocumentsto thescore,this resultis not surpris-

ing. WhencomparingMAC to other techniques,only the DominatingSetwhere � =1 is

signi�cantly better, asshown in Figure3.3. Thereareno signi�cant differencesin scores

amongsubsumption,lexical, TF.IDF, MAC andDSPwith largewindow sizes.

In Section3.2.1 we notedthat the termsselectedwere very similar acrosswindow

sizes. In order to determineif this was true only for the particularquery or a general

phenomenon,we lookedat thesimilarity betweenunaryincrementsof window sizes:how

similar MAC � =2 is to MAC � =1, how similar MAC � =3 is to MAC � =2, andso on up
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Figure3.4. Illustratesthesimilarity of thetop15andtop5 topicsbetweenthewindow size
listedin the�gure (e.g. � =2) andthewindow onesmaller(e.g. � =1) for topicschosenby
Minimum AverageCode.For eachmethoda box plot representsthesimilaritiesacrossall
querieswherethebox is themiddle50%of thesimilarities.Thewhiskersgo down to the
20thpercentileandup to the80thpercentile.Thecirclesrepresentpointsthat fall outside
the20thto 80thpercentile.

Figure3.5. Illustratesthesimilarity of thetop15andtop5 topicsbetweenthewindow size
listedin the�gure andthewindow onesmallerfor topicschosenby DominatingSet.In the
�gure showing 5 topic terms,thereis adotat75%for DSP � =100.This is becausefor one
query, DSP � =99only selected4 topics,and � =100shared3 of themgiving asimilarity of
75%.
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to how similar MAC � =100 is to MAC � =99. We found that the similarity is very high

asshown in Figure3.4. The �rst � ve topicsarealmostalwaysthesame,exceptfor small

window sizes.Whenlooking at the�rst �fteen topics,thereis a little morevariability, but

asthewindow sizeincreases,thesimilarity increasesaswell. In fact thereis no window

sizefor any topic wherethe similarity is lessthan50%. In contrast,the DominatingSet

hasmuchlesssimilarity betweenneighborsasis illustratedin Figure3.5. Although the

similarity increasesaswindow sizeincreases,it isn't ashighasthecorrespondingwindow

sizefor MAC. This is especiallytruewhencomparingthetop15 topics.In factabout12%

of thehierarchieshave lessthan50%of its topicsin commonwith theprecedinghierarchy.

Figure3.6. Illustratesthesimilarity of thetop15andtop5 topicsbetweenMAC � =50and
termschosenby theDominatingSetat smallwindow sizes.

MAC wasalsocomparedto Subsumption,Lexical, TF.IDF, andDSPasshown in Fig-

ures3.6 and3.7. Whencomparingthe top 5 topicsof DSPwith smallwindows to MAC

� =50,onaverageabouthalf of thetermsareshared.Whenthetop15topicsarecompared,

thepercentoverlapdecreases.For theothermethodsandDSPat largerwindow sizes,there

is lesssimilarity. In fact, occasionallynoneof the top � ve topic termschosenby MAC

� =50 arethesameastheoneschosenby Subsumption,Lexical, andTF.IDF. MAC � =50

haslessin commonwith theseother techniquesthanDSP � =1 asshown in Figure5 of

Lawrie et al., which meansthatMAC differs from previoustechniquesto a greaterextent
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Figure3.7. Illustratesthesimilarity of thetop15andtop5 topicsbetweenMAC � =50and
Lexical,Subsumption,TF.IDF andtermschosenby theDominatingSetwith largewindow
sizes.

thanDSP. ThetermsthatMAC doeshave in commonarejust aslikely to befoundbelow

thetop � ve. This is very differentfrom DSPwheretheaveragesimilarity increaseswhen

fewer topicsareinvolvedin thecomparison.

3.3 Preliminary Evaluation of Hierar chies

We have appliedthe resultsof Lawrie et al.[14] to createhierarchieswith a depthof

two andusedthesametypesof analysisasdescribedaboveto evaluatethehierarchies.For

the�rst level of thehierarchy, we chosewindow sizesof 5, 10,15,and20 sinceit seemed

that the smallerwindow sizesperformedbetterin our previousevaluationof DSP. These

window sizesroughlycorrespondto a partial sentenceto two or threesentences.For the

secondlevel of thehierarchy, wevariedthewindow sizebetween1 andtheparent'ssize.

Tables3.3and3.4show thesubtopicsfor theterm“research”for 8 differenthierarchies.

Thesmallestwindow sizeis (5, 2) where“research”waschosenfor its ability to dominate

vocabulary within a window sizeof 5 and the topic termsin the table for the ability to

dominatevocabulary in a window sizeof 2. Thesehierarchiesselectvery similar topic

terms. Only 14 new termsare introducedin the seven lists following the �rst one and

20



DSP, � =(5,2) DSP, � =(5,5) DSP, � =(10,4) DSP, � =(10,8)
terms # docs terms # docs terms # docs terms # docs

technology 46 technology 46 technology 59 technology 59
basically 32 reactor 65 reactor 77 reactor 77
material 20 basically 32 Energy 70 Energy 70
Energy 46 Energy 46 material 41 funding 31
reactor 65 centers 34 systems 33 material 41

program 43 program 43 funding 31 project 53
institute 53 material 20 basically 34 fuel 89
funding 26 project 44 program 43 University 33

high 33 facility 36 fuel 89 Surveys 15
Nuclear 54 conducted 31 University 33 systems 33
centers 34 funding 26 facility 51 facility 51
systems 24 institute 53 high 43 centers 39

fuel 61 systems 24 project 53 methods 19
conducted 31 high 33 methods 19 program 43

project 44 area 27 production 41 institute 56

Table 3.3. Lists the topicstermsandnumberof documentswhosetermsaresubtopicsof
“research”for theDominatingSethierarchiesusingslidingwindowsof (5,2),(5,5),(10,4),
and(10,8). The �rst numberin thepair is thewindow sizethatchose“research”,andthe
secondnumberis the window size that chosethe termslisted in the table. Again these
documentswereretrievedfor TRECquery319.

new termsarefoundat thebottomof thelist, speci�cally in position9 or higher. Another

notablesimilarity is that all lists have ranked “technology” �rst, seven of the lists have

ranked “reactor” second,andsix of the lists have ranked “Energy” third. Not all of the

subtopiclists arethis closelyrelated,but in generalthey do exhibit moresimilaritiesthan

thetop level menus.

Figure 3.8. TheANOVA analysisfor Subsumption,Lexical, TF.IDF, andtheDominating
Setwith neighborsof (5,4), (10,8), (15,12),and(20,15). The only signi�cant difference
occursbetweenSubsumptionandDSP � =(10,8).
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DSP, � =(5,2) DSP, � =(5,5) DSP, � =(10,4) DSP, � =(10,8)
terms # docs terms # docs terms # docs terms # docs

technology 67 technology 67 technology 71 technology 71
reactor 87 reactor 87 reactor 91 reactor 91
Energy 75 Energy 75 Energy 85 Energy 85

fuel 101 systems 44 fuel 118 fuel 118
funding 34 fuel 101 material 55 material 55
material 51 centers 34 systems 48 program 50
systems 44 facility 54 program 50 facility 59
project 57 material 51 facility 59 systems 48

University 37 project 57 Power 74 funding 35
facility 54 Power 64 stated 49 study 43
Power 64 production 43 project 63 Power 74
high 50 credited 6 University 37 stated 49

operated 57 program 48 process 41 centers 42
National 39 area 40 water 41 basically 39
stated 46 Surveys 17 Nuclear 92 test 54

Table 3.4. Lists the topicstermsandnumberof documentswhosetermsaresubtopicsof
“research”for the DominatingSethierarchiesusingsliding windows of (15,6), (15,12),
(20,8),and(20,15).

Figure 3.9. TheANOVA analysisfor Subsumption,Lexical, andtheDominatingSetwith
neighborsof (5,2), (10,4),(15,6),and(20, 8). Thereareno signi�cant differencesfound
betweenany pairsof techniques.

The ANOVA resultsshowed almostno signi�cant differencesbetweenSubsumption,

Lexical, andDominatingSethierarchieswith varyingwindow sizes.Theonly signi�cant

differenceis betweenSubsumptionandDSP � =(10,8)whenthe top � ve topic termsare

compared.TheSubsumptionandLexical hierarchiesaretruncatedat thesecondlevel. If

thishadnotbeendone,Subsumptionwouldhavebeensigni�cantly betterthanall theother

hierarchiesbecausethe Subsumptionhierarchiesarequitedeepandbreakthedocuments

into very smallclusters.TheLexical hierarchy's performancewould not have changedas

greatlybecauseit hasamaximumdepthof three.Someof theANOVA resultsaredisplayed
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in Figures3.8and3.9.Fromtheseresults,theonly thingwemayconcludeis thatatadepth

of two, DSPis not signi�cantly worsethantheprior two techniquesfor this task. Deeper

hierarchieswill revealif DSPcanperformbetterthanSubsumptionatchoosingtopicterms.

Subsumptionis shown to performsigni�cantly betterthanlexical hierarchiesin Lawrie and

Croft.

Figure 3.10. Illustratesthesimilarity of thetop 5 andtop 15 topicsbetweenDSP � =(5,2)
andSubsumption,DSP � =(5,4),DSP � =(10,8),DSP � =(15,12)andDSP � =(20,15).DSP

� =(5,4)hasthegreatestsimilarity becausethe�rst menusareexactly thesame.Thediffer-
encebetweenSubsumtionandDSP � =(5,2)is morepronouncedthanwhencomparingthe
top levels.

Theresultsof thesimilarity testmagnifythedifferencesobservedin thecomparisonsof

thesinglelevel hierarchies.Figure3.10and3.11show theoverlapbetweenDSP � =(5,2)

andSubsumption,Lexical, andseven differentDSPhierarchies.Both Lexical andSub-

sumtionhave little similarity to DSP. Whenlooking at similarity betweendifferentDSP,

hierarchiesthatusethesamelanguagemodelfor the�rst level exhibit moresimilarity. The

comparisonof hierarchieswith � ve termsper level to �fteen revealsthat the sameterms

tendto occurin thetop5 topics.
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Figure 3.11. Illustratesthesimilarity of thetop 5 andtop 15 topicsbetweenDSP � =(5,2)
andLexical, DSP � =(5,2),DSP � =(10,4),DSP � =(15,6)andDSP � =(20,8). DSP � =(5,2)
is alwaysexactly the samesinceit is a comparisonwith itself. The differencebetween
Lexical andDSP � =(5,2) is aboutthe sameasthe differencebetweenSubsumptionand
DSP � =(5,2). This is a considerablydifferentfrom thecomparisonof the�rst level where
themediansimilarity wasalmost50%.

3.4 Summary

Thus far we have developedtwo formal modelsfor selectingtopic termsand done

a preliminary evaluationusing a scoringmetric and investigatingoverlap. The scoring

metricpresentedin this proposalshows that thereis no signi�cant differencebetweenthe

Minimum AverageCodeand the other techniquesat the �rst level of the hierarchy. It

alsoshows that thereareno signi�cant differencesfor hierarchiesof two levelsdeep.We

believe that the shortcomingsobserved do not point to failings in the modelsbut instead

to failings in theevaluationmetric. Althoughscoringthehierarchymakessensefor fully

developedhierarchies,it only revealswhethera techniqueis particularlybadwhenapplied

to truncatedsectionsof thehierarchy.

ThereasonthatEntropy Modelmeritsfurtheranalysisdespiteits mediocreperformance

is that the termsit selectsare not as dependenton the particularlanguagemodel when

comparingit to theDominatingSet.Also, beforediscountingit, ananalysisof thecontents

of thehierarchyneedsto bedonebecauseit is choosingdifferenttermsthanothermethods.

However, thismodeldoesnotmakeany guaranteesaboutthecoverageof thetopics.It will
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have to bedeterminedif thereexistsa lack of coverage.Finally, limiting topicsto nouns

andnounphraseswill beinvestigatedsinceverbsandadjectivesviolatetheassumptionof

the modelthat peoplecanuseassociationsto �gure out what othervocabulary termsare

presentin thedocumentset.

The DominatingModel needsfurther analysisfor the samereasonsthat the Entropy

Model does.A true testwill be for a hierarchythat is four or � ve levelsdeepto becom-

paredto the full subsumptionhierarchy. If signi�cant differencesare found, therewill

bemuchmoresubstantialreasonsto believe thatDominatingModel is a goodtechnique.

However, it maybethat thehierarchiesareindistinguishableusingthescoringmetricand

otherevaluationswill revealtheoptimaltechnique.

The remainderof the researchwill focuson developingmorerobust evaluationsand

verifying thatthemodelsusedto selecttopic termsarecorrect.
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CHAPTER 4

INTENDED RESEARCH

In orderfor this researchto besuccessfulwe needto de�ne anoptimalhierarchy. This

will enableusto �nd comparisonmeasuresthattruly distinguishbetweenausefulhierarchy

andonethat is not. Part of this de�nition will encompasscharacteristicsof thehierarchy

suchasits depth,thesizeof documentclustersat theleaves,andthechangein thesizeof

documentclustersasoneexploresdeeperin thehierarchy. Anotherpartof thede�nition

will needto addressthecontentof thehierarchies.An optimalhierarchyshouldoutlinethe

topicsof thedocumentset.A third partof thede�nition mustaddresstheissueof usability

by determiningwhetherpeoplecanusethehierarchiesto learnthetopicsof thedocument

setand�nd interestinggroupsof documents.

Fromtheinitial results,we canselectcharacteristicsthatshouldbepresentin a de�ni-

tion of anoptimalhierarchy. Onecharacteristicis thateachlevel's clustersizesshouldbe

roughly the same;however, the top levelsmay have a greatervariancethanlower levels.

Thehierarchywill mostlikely bebetweenthreeand� ve levelsdeepfor a setof � ve hun-

dreddocuments.Thedepthwill begovernedby thegoalsizefor clusterleaves.Currently,

webelieve leaf-clustersshouldhavesomewherebetween3 and10 documents.

Thesecondandthird issueswill bedevelopedwith futureexperimentation.Testingthe

ability of a hierarchyto cover differenttopicscanbe donethroughsimulations.We will

combinedocumentsthatarerelevant to a diversegroupof queriesso thatwe canpredict

the topicsthe hierarchyshoulddiscover by testingfor the presenceof querytermsin the

hierarchy. Wewill alsoneedto �nd out if thetermsin thehierarchyactuallysummarizethe

documentset.An experimentto determinethiscouldinvolveusershighlightingtermsfrom
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thedocumentthat they would includein a summary. Usertermswould thenbecompared

to thetermsin thehierarchy.

To addresstheissueof usability, we will developademoenvironmentwhereuserscan

interactwith the hierarchy. We will then test their ability to do retrieval-orientedtasks.

Sinceall of our currentdocumentsetsare retrieved for a query, someof the taskswill

be orientedtoward �nding non-relevant documents,while otherswill focus on relevant

documents.Tasksmayalsobede�ned thatmake useof a known document.We mayalso

de�ne tasksthatcanbeaccomplishedwithoutuseof ahierarchyasa control.

4.1 DetailedPlan
� Optimizeanddebugcodefor generatingthelanguagemodelsand�nding topicterms.

Ideally thisoptimizationwouldallow thecreationof ahierarchywith adepthof 5 in

lessthan2 minutes.Sucha hierarchywith 20 termsat eachlevel requiresroughly3

million languagemodels,sothismight beabit ambitious.(1 month)

� Continueto build deeperhierarchiesand test them with existing techniques.The

characteristicsof the hierarchywill be analyzedto �nd the parametersfor optimal

hierarchies.Theseparametersmay be dependenton the sizeof the documentset,

andwewill needto explorethispossibility. (1 month)

� Explorebuilding hierarchieswith nounsandnounphrases.Verbsandadjectivestend

to make disappointingtopics,sinceonehaslittle notionof what typesof termswill

beassociatedwith it. We will alsoexperimentwith hierarchiesmadeentirely from

phrases,sincephrasestendto convey moreinformationthansinglewords.(3 weeks)

� Completea failure analysis.Determinewhat typesof conditionsyield poorhierar-

chies.(1 month)

� Investigatehow differentsizeinitial documentsetseffect thehierarchy,andspeci�-

cally whattheeffectof clusteringis onthehierarchy. Findout if themodelscompen-
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satefor thelack of a clusteringalgorithm,which we foundto bequitehelpful when

creatinglexical and subsumptionhierarchies. If the model doesnot compensate,

determineif aclusteringstepshouldbeadded.(2 weeks)

� Developanevaluationthatlooksathow well topicsarecovered.Thismaybedoneby

creatingdocumentsetsmadeup of relevant documentsfrom a numberof different

queriesand looking at how well the hierarchygroupsthe documents.The topics

shouldbejudgedto determineif thetermsdescribethedocuments.Theeasiestway

to do thatis to look for topicwordsthatarepartof thequery. (2 weeks)

� Continuallydevelopandtesttheideaof whatagloballyoptimalhierarchyis.

� Develop an interfacethat canbe usedin a demoenvironmentfor userstudies. (2

months)

� Investigatehow onewould usethesystemin a realsettingbasedon otherwork. (2

weeks)

� Do auserstudythatincorporatesthedemoandmeasureshow well userscanperform

retrieval orientedtasksusinga rankedlist verseusingthehierarchy. (3 weeks)

Preparationandwriting of thedissertationitself will take approximatelyfour months.

Theentireprojectis expectedto talk 12 monthsto complete.Includingotherdegreeobli-

gations,this shouldallow a thesisdefenseto bescheduledin Augustof 2002.
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CHAPTER 5

CONCLUSION

This proposaloutlinesthedevelopmentof anapproachto automaticallygeneratehier-

archicalsummaries.Thereareseveralstepsthatcontributeto thecreationof thesummary:

building the languagemodel,selectingtopic terms,andtestingthehierarchy. Thecontri-

butionsof this thesiswill include:

� a de�nition of a globally optimalhierarchyin termsof bothphysicalcharacteristics

andtheinformationusersgainfrom thehierarchy,

� the�rst formal framework for selectingtopic terms,and

� the developmentof evaluationmeasuresfor hierarchicalsummarizationbasedon

largetext collections.

The foundationfor this work hasalreadybeenlaid. We have de�ned two new for-

mal approachesto selectingtopic termsandevaluationmetricsthathelpusdecidewhich

hierarchiesaregood.In thecomingmonthswewill developtheseideasfurther.
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