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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 OF MASSACHUSETTS AMHERST
Ph.D.,UNIVERSITY OF MASSACHUSETTSAMHERST

Directedby: ProfessoiV. BruceCroft

Hierarchieshave long beenusedfor organization,summarizationand accesdo in-
formation. In this proposalwe de ne summarizationn termsof a probabilisticlanguage
modelandusethede nition to explore new techniquedor automaticallygeneratingopic
hierarchies.Onetechniqueappliesa graph-theoreti@lgorithm, which is an approxima-
tion of the DominatingSetProblem. Anothertechniqueusesan entrofy-basedapproach
to choosetopic terms. Both techniquesef ciently selecttermsaccordingto a language
model. We comparethe new techniquedo previous methodsproposedor constructing
topic hierarchiesncluding subsumptiorand lexical hierarchiesaswell aswords found
using TRIDF. Our preliminaryresultsshav thatthe new techniquegperformaswell asor
betterthantheseothertechniquesWe planto evaluatethe two techniquedurtherthrough
userstudiesaswell ascomputersimulations We will alsodevelopademofor betterinter

actionwith users.
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CHAPTER 1
INTRODUCTION

This proposalpresentamethodsof automaticallygeneratinga summaryfor a large
groupof documentslt is particularlydif cult to presenta summaryfor hundredsof doc-
umentsespeciallywhenthereis no assumptiorthatthe documentover the sametopics.
Recentlythere hasbeena large body of researchon developing naturallanguagesum-
maries,which try to stringtogethersentencesr sentencdragmentsrom the text[3, 4] or
generatesentenceso form a summary[2 20]. Whendealingwith a few hundreddocu-
ments,sucha solutionis impracticalbecausef the myriad of topicsoneexpectsto nd.
Instead we focuson term basedsummariesvhich canbe muchmorecompacthana nat-
urallanguagesummary

Unlike traditionalabstract-lile summariesyhich at somelevel canactasa substitute
for the original text, our term-basedsummariesare intendedto act asa guide to which
documentsare usefulandto give the usera generalsenseof the topics coveredin the
documents.Sucha summarycould be createdfor a users e-mails. From the summary
onewould learnthetopicsof the e-mailsexpressedhroughkeywordsandmostlik ely, the
peoplewho write aboutparticulartopics. If theuserwerelooking for e-mailsonaspeci c
topic,thesummarycouldhelpidentify whiche-mailswould mostlik ely containthespeci ¢
topic.

Therearethreemain challengeselatedto the automaticcreationof term-basedgum-
maries. The rst is the selectionof terms. The seconds the presentatiorof theseterms
in a coherentfashionto the user andthe third is the evaluationof the summariesn a

meaningfulway.



In orderto automaticallygeneratea term-basedummarywe must rst determinenow
to identify which termsshouldbe part of the summary We proposeusinga probabilistic
model of the languageusedin the text of the documentswhich is describedn Lawrie
etal.[14]. Themodelincorporategprobabilitiesof individual termsin the text andcondi-
tional probabilitiesof pairsof terms.Throughthelanguagenodelwe have anabstractiew
of the text which makesit easierto nd thetermsthatcorvey the mostinformationabout
thetext aswhole. We presentwo differentmethodghatusethe languagenodelto deter
minewhich termsarebestat cornveying thetopicsin thedocumentsThe rst methoduses
themodelto construciaweightedgraphwhichthendetermineshetermsthatdominatethe
restof thevocahulary by usinga greedyapproximatiorto thedominatingsetproblem[14.
Thesecondnethodooksattheproblemfrom acompressiomointof view to nd thetopic
terms.It selectdermsthatminimizethe averagecodelengthrequiredto expressthe entire
vocahulary in thedocumentshroughanentrofy equation.

Oncethetopictermsareselectedthey needto be corveyedto theuser Therearemary
examplesof listing thetermsby frequeng or anothemetric[5,9]. Themainproblemwith
alist is thatit providesno indicationof how thetermsin thelist arerelated. Instead,we
proposeto usea hierarchybecauseof the informationthe structureprovides abouthow
termsrelateto oneanother

Finally, theissueof evaluationmustbe addressedEvaluatingthe hierarchiess a par
ticularly dif cult problembecauseve cannotdirectly compareour hierarchiedo what a
humanmightgenerateThe manuallyproducecdhierarchieghatexist arevery generakuch
asthe Yahoo!hierarchies[27pbr MeSH[16]. Instead we have focusedon evaluationsthat
canbe simulatedby a computeywhich providesa goodmetric for comparinghierarchies.
This methodof evaluationhasshown the usefulnes®f clusteringin heuristicapproaches
to generatinga hierarchy[13], andthatthe languagemodelapproachesreasgoodasor
betterthanthe heuristicapproachest identifying termsthat breakdocumentsnto rele-

vantandnon-relerantgroups[14]. However, this type of evaluationdoesnot answetrthe



guestionof whetherthe information containedin the hierarchycorveys the topicsof the
documentsandwhetherit is a usefultool for information-relatedaskssuchas browsing
and nding relevantdocuments.

This researchmakesthreegenerakontributions:

We will developade nition of anoptimalhierarchyfor summarizatiorandinforma-
tion relatedtasks.With suchade nition, we will have concreteattributesthatcanbe

measuredo determinevhich hierarchiesarebest.

We will provide the rst formal framework for choosingtopic termsfor the hierar
chies. The advantageof having a formal framework is the existenceof well-de ned

waysto modify theframewvork to make improvements.

We will developevaluationmeasurefor hierarchicasummarizatiorusinglargedoc-
umentcollections. In orderto develop human-usabléierarchicalsummarizesthe
currentmethodsof evaluationmustbe expandedto encompass broaderrangeof
attributes. Thesemeasuresvill beableto verify whetherthe hierarchiesonstructed

usingour formal frameavork arein factoptimalhierarchies.

In the remainderof the proposal,we discusswork relatedto summarizationtopical
hierarchiesyisualization,and evaluationin Chapter2. In Chapter3, we summarizethe
researclthat hasalreadybeencompletedandin Chapter4 we presenbour plan of future

work. In Chapters, we concludewith theresearcltontributionsof thethesisproposed.



CHAPTER 2
RELATED WORK

2.1 Summarization

Luhn beganworking on the problemof automaticsummarizationn the 50's[17. Re-
searchon the topic hasintensi ed in the pastdecadewith the adwent of the World Wide
Weh Automaticmethodsof summarizatiorhave usedthreemain approacheslinguistic
(e.g. [19, 21)), statistical(e.g. [2, 3]), andcombinationsof the rst two approachesge.g.
[6]).

Most of this work focuseson single documentsummariesreatedby extracting sen-
tencesor sentencdragments.Kupiecet al.[11] is oneexampleof this work. They usea
training setof documentsvith hand-selectedocumenextractsto developa classi cation
function that estimateghe probability a given sentencas includedin a summary Sen-
tencesareranked accordingto this probability, anda userspeci ed numberof top-ranted
sentenceareselected.

An exampleof generatingsummariess BergerandMittal[2]. They createa language
modelof the documentselecttermsthatshouldoccurin a summaryandthencombineit
with atrigramlanguagemodelto generateeadablesummaries.

Multidocumentsummarizatiorhasmainly focusedon the similarity amonga groupof
documentg3, 20]. Carbonelletal.[3] nds passageimilarity usingMaximum Minimal
Relevancefor multiple documentsn the sametopic. They organizethe top-ranked sen-
tencesin their original orderwithin the documents.McKeaown et al.[20] extractfeatures
from the documenset. They thendeterminewvhich themesaresimilar in orderto identify

phraseghat shouldoccurin the summary Finally, a sentencegeneratotis used,which



ordersthe phrasedyy the earliestdatethey occurredand employs a languagegenerator
with completegrammarrulesto combinethe phrasesMani andBloedorn[18 incorporate
someof the differencedetweena pair of documentsn their summaries.To do this they
represeneachdocumentasa graph,wheretermsare nodesand edgescorrespondo se-
manticrelationshipsetweenterms. They usespreadingactivationto nd nodesthatare
semanticallyrelatedto thetopic. Activatedgraphsof two documentarematchedn order
to nd agraphcorrespondingo similaritiesanddifferencedetweerthe pairs. The system
outputsthe setof sentencesontainingthe sharedermsandthe setof sentencesovering
the uniqueterms. The rst two examplesfocuson the similarity amongdocumentsand
they canpresentconcisesummarief at most25 documents.However, in the third ex-
amplewheredifferencesare included,only two documentsare usedin the summary In
orderto summarizehesimilaritiesanddifference®f mary moredocumentsaterm-based
summaryis adwantageoudecausat canremainconcisewhile covering the diversity of
topics.

Theresearcltitedabove all focusongeneratinggomesortof naturallanguagesummary
thatactsin the sameway asan abstract. Term-basedummariesalsoexist. An example
of asingledocumenterm-basegummaryis thelist of keywordsthatappeaiat the begin-
ning of articles. Kea[26] is an exampleof sucha single documentsummarizer It uses
machinelearningto identify featuresthat are characteristiof keywords, andthe trained
systemselectskeywordsfor documentsvherethe authordid not give ary. An example
of multidocumentterm summariedss a hierarchywhich will be discussedurtherin the

following section.

2.2 Topical Hierarchies
Thework ontopicalhierarchiesanby dividedinto two mainsetsbasedntheway that
documentsare groupedtogetheror clustered. One body of researchhasusedtraditional

clusteringalgorithms[25] to inducea hierarchicalstructurein the documents[528, 9].



Membershipin a particulargroupis determinedoy the presenceof a numberof features,
but no onefeaturein particularmustbe presentwhich is referredto as polytheticclus-
tering. The otherbody of researchmakesuseof monotheticclustering[1 23, 13, 14]. In
this case documentsaregroupedtogetherbecausef the presencef a particularfeature.
The adwvantageof monotheticclustersis that suchclustersare very easyto describe.The
particularfeaturerequiredfor membershipn the clusteris a satistctorylabel. In general,
the labelsof polytheticclustersarea list of top-ranled features. Invariably, someof the
documentghatare part of the clusterhave noneof the featureshat are mentionedn the
labelandin a sensearesurpriseelementssincea userwould have no knowledgeof their
presence.

A thoroughreview of topic hierarchieghat usemonotheticclusteringis describedn
Subsectiong.3and?2.4 of Lawrie andCroft[13].

Of the polythetic clusteringapproachesScatter/Gatheis the mostwell known[5]. It
clustersdocumentsnto ve groupsandlabelsthe clusterswith thetop eightterms.A user
is expectedto pick oneor two clusterswhich arethoughtto containrelevantdocuments.
The selectedgroupsarereclusterecandagainlabeled. The usercontinueghis processof
drilling down until a satisactorygroupof documentss gathered.Yanget al.[28] extends
Scatter/Gathetio the taskof topic detectionandtracking. They clusterthe entirecorpusof
afew thousanddlocumentsandusethetop verankedtermsto describethe clusters.They
ervision thata completesystemwould allow the userto drill down to the particularlevel
of granularitythat metthe users needandthenusea single documentnaturallanguage
summarizeto learnaboutthe speci ¢ contentf thedocuments.

Hofmann[9]usesa differentclusteringalgorithmbasedon an annealedrersionof the
Expectation-Maximizatiorlgorithmto producea hierarchicalprobabilisticclusteringof
the documents.Like Scatter/Gatheand Yang et al., documentsare expectedto t into
a single placein the hierarchy which assumeshat documentsare abouta single topic.

Becausef the probabilisticmodelusedin clustering the modelcanbe usedto summarize



a particularclusterratherthanmostfrequentterms. Hofmannarguesthat thesetermsare
morediscriminatingthanthe mostfrequentterms,but this descriptiorstill sufersfrom the
sameproblemof topicsthatappearat lower levels of the hierarchybut arenot evenhinted

atin higherlevels.

2.3 Visualization

Thereareseveralwaysin whichahierarchycanbedisplayedo auser The2-dimensional
methodsnclude: a node-linkgraphdiagram(e.g. [10]), embeddedolders(e.g.[22, 15]),
popup menus(e.g. [23, 13, 14]), and hyperlinks(e.g. [27]). Therearealsoa few 3-
dimensionamethodsof displayinghierarchiesncluding Cat-a-cone[Bandthe hyperbolic
browser[13.

Eachof the 2D methodshasstrengthsand weaknesseskFrom a users point-of-view,
a hyperlink hierarchyis the wealestof the four becausea usercannotseethe siblingsor
ancestorsvhenhereaches dead-endlt alsoprovidesno way to keeptrack of mary dif-
ferentplacesof interestatthesametime[7]. However, thehyperlinkvisualizationprovides
anintuitive way to incorporatedocumentsandevenshortdescription®f thedocumentpy
placingthe documenton the pagealongwith the children. Popupmenusare oppositeof
the hyperlinkhierarchy Wherea hyperlink hierarchyshavs onelevel of the hierarchyand
the documentgelatedto the level, a popupmenucaneasily shav four or morelevels of
the hierarchyandall the siblingsof ancestonodeson asinglescreen.Levelsarerevealed
instantlywhenthe mouseis pointing to the parent,without ary clicking. This allows the
hierarchyto be exploredvery quickly, but occasionallyit canbedif cult to view a partic-
ular part of the hierarchybecausetemsare so closetogether Node-link graphdiagrams
andembeddedoldersfall somavherebetweerthe previoustwo in their ability to display
portionsof the hierarchyon a screen Node-linkdiagramsequirethatthe arravs connect-
ing nodesusepartof the screerreal estate but sucha displayhasmorepermanencéhan

the popupmenu. Neitherthe popupmenunor the node-link diagramoffers an intuitive



way to displaydocumentswithin the structure so a separateview is required. Embedded
foldersoffer a naturalway to includethe documentsasis donein the displayof computer
directorysystemsThebiggestdravbackto usingfoldersis thateverythingis displayedn
averticalcolumn,somostof hierarchywill eitherbeabove or belav the currentview.
Somemoreadwancedmethodaise3D to displaymoreof ahierarchyonasinglescreen.
Cat-a-conesmakesuseof circlesseton edge[8]. Labelsare attachedo the edgeslike
childrenon a FerrisWheel,sothatsomecateyorieswill bein the foregroundwhile others
areobscured.Large segmentsof a hierarchycanbe displayed,but only the siblingsthat
arecloseto the label of interestwill be easyto view. The hyperbolicbronvserfocuseshe
attentionof theuseronthosesectionf thehierarchythatarephysicallyclosetogether[12.
As the levels of the hierarchyget fartheraway, the labelsusedto describethe attributes
becomesmalleruntil they areunreadableTheuserdragsdifferentpartsof the hierarchyto

the centerof thedisplayto view a particularsection.

2.4 Evaluation

Evaluatingthe topic hierarchiess a very challengingtask. Most evaluationsof sum-
marieshave usedcomponent-wisenethodsasdiscussedn Section4 of Lawrie etal.[14].
Thusfar we have comparedhe hierarchiedbasedon their ability to locaterelevantdocu-
mentsaspresentedn Section5 of Lawrie andCroft[13]. This particularmetricscoreghe
hierarchybasedn thetotalnumberof documenteandmenusonemustexaminein orderto
nd all relevantdocumentsn thehierarchywith respecto thequery It turnsoutthismetric
is biasedtowardshierarchieghatbreakthe documensetsinto very smallgroups soin the
endthenumberof documentseadgreatlyoutnumbershenumberof menusxaminedeven
whenthereareonly small numbersof relevantdocuments.This meansthatif leaf nodes
have 10 or fewerdocumentsthealgorithmwill beableto choosenodeghataddonly afew
non-releyantdocumentdo the score. Corversely if the hierarchyhasleaf nodeswith 50

or moredocumentsmary morenon-relesantdocumentswill contribute to the score. We



have also examinedthe similarity amonghierarchiesoy calculatingthe overlap between

two hierarchiesgxplainedin Section5 of Lawrie andCroft.



CHAPTER 3
RESEARCH SUMMARY

Oneof the main contributionsof this work will bethe developmentof two techniques
thatuselanguagenodelsto chooseopic termsfor a hierarchicasummaryIn Section3.1,
thereis a overview of the DominatingModel. A longerdiscussiorand experimentscan
be foundin Lawrie et al.[14]. In Section3.2, we presenta entrofy-basedapproachto
selectingtopic termsthattriesto minimize the averagecodelengthrequiredto expressthe
vocahulary. We alsoincludeapreliminaryevaluationof the Entropy Modelthatmirrorsthe
onein Lawrie etal. Thisevaluationis includedbecause¢heresultshave notbeenpublisher
arnywhereelse.Section3.3 consistf anevaluationof two-level hierarchiecreatedusing
the DominatingModel (DSP), subsumptionandthe lexical approach. We have not yet
completedthis analysisfor the Entropy Model. 1t is left for future work. Section3.4

concludeswith a summaryof results.

3.1 Dominating Model

The DominatingModel captureswo maincharacteristicebseredin the subsumption
andlexical hierarchies.Subsumptiorandlexical hierarchiesdothidentify termsthathave
mary dependentsin fact, subsumptiorde nes a vocalulary term, , to be a dependent
of atopic, , when . Topicsaretermthathave mary dependentandarenot
themselesdependentsin contrasttopic termsin lexical hierarchiesare choserbecause

of thefrequeng of thetermin phrasesThephrasesrethedependentsf thetopicterms.

10



In orderto expressthisin termsof the conditionalprobability ,aset isdenedto

bethesetof all phrasesn thedocumenset. Therefore,

if isaterminthephrase

otherwise

The topic termsare thosetermsthat maximizethe function: . Thus, both
techniquesnd the termsusing the sameconditional probability Oneway to combine
the two approachesisesthe following equationto nd a setof terms, , thatmaximizes

dependentsverthevocalulary,

(3.1)

Equation3.1 completelyde nesthelexical hierarchy However, the secondquali ca-
tion of thesubsumptioms notaddressetly theequationithenotionof choosingopicterms
thathave dependentfrom differentpartsof the vocalulary. To ensurethis quality, let us
de ne to bethe setof vocalulary termsdependenbn and  to bethe unionof all

vocahlulary sets.Theindependenceriterioncanbe expressedn thefollowing manner:

(3.2)

The DominatingModel combinesEquations3.1 and3.2in orderto selecttopic terms
that maximizedependentswhile ensuringthat the topics represendifferentpartsof the

vocahulary:

(3.3)

Theimplementatiorof this modelusesan approximatiorof the DominatingSetprob-

lemfor graphsandis describedn Lawrie etal.

11



3.2 Entropy Model

Informationtheorywas rst developedby ClaudeShannonin the 1940sto address
the problemof maximizingthe amountof informationthat one cantransmitover a noisy
channel[24].We extendthis point-of-view to summarization.The goal of summarization
canbethoughtof asexplicitly communicatinghe smallestamountof datathatallows the
userto, in somesense;know” theinformationcontainedn the documentsSincepeople
are good at making associationsby revealingonetermin the documentset, a userwill
believe othertermsarepresentiswell. For example,whena userseegheterm®tree”, she
thinks of plantsthatusuallygrow quitetall with atrunk of somesort,leaves,androots.

Whena useris presentedvith an unknavn setof documentsshehasno ideaof what
thetopicsof thedocumentare. We canmodelthis uncertaintyusinga languagenodelof
generalEnglish,which meanghatthe expectationof termsis the samefor ary setof doc-
uments.We approximatethis modelby usingthe languaganodelof the documensetwe
aresummarizing.We useentropy, which is the averageuncertaintyof a singlevocalulary
term, to quantify the effort requiredto know the vocalulary. An entrofy measuras used
to nd the bestsetof topic termsthrougha minimizationalgorithm. We begin with the

traditionalde nition of entroyy:

— (3.4)

which is alsothe averagecodelengthrequiredto expressa vocahulary term, andcanbe
thoughtof asa way of quantifyingthe users effort to ascertairthe vocahlulary of a doc-
umentset. Equation3.4 canbe interpretedas a weightedaveragewhere — isthe
lengthof the codeof thatvocaklularytermand theproportionthatthevocahulary term
contributesto the overall averagecodelength. In this model,whenatermbecomes topic
term, it is explicitly corveyedto theuser sothatno bits areneededo expressthe par
ticular term. This will also give the usersomeideaof what othervocalulary termsare

presentso the codelength of thosetermsshouldalsobe decreasedWhich termswill a

12



userassociatsvith agiventopicterm?We choosehetermsby looking athow oftenaterm,
, is associatedvith the topic term, which is modeledusing the conditionalprobability,

. We assumehatif the conditionalprobabilityis greatetthanthe probabilityof

the users certaintyaboutterm  will increase.Otherwiseit will remainthe same. This

yieldsthefollowing formulafor the averagecodelengthfor asingletopicterm,

(3.5)

Equation3.5is the basisfor the minimumaveragecodelength:

(3.6)

In the implementatiorof the entropy modelfor nding topic terms,we usethe same
underlyinglanguagemodelof thedocumenset. This languagemodelis describedn Sec-
tion 3 of Lawrie et al.[14] andcontainsall the probabilitiesand conditionalprobabilities
requiredfor the calculationof the minimum averagecodelength. Thetopic setis selected
using a greedyapproximationto Equation3.6 by addingthe topic that individually de-

creaseshecodelengththe most.

3.2.1 Example
In the following discussionwe comparehierarchieggeneratedrom languagemnodels
wherethe conditionalprobabilitiesarebasedn awindow size.For eachhierarchycreated
usinga languagemodel,” " or* " follows the nameof thetechnique.The
refersto the size of the window usedwhen creatingthe languagemodel. These
resultsattemptto establishthe optimal languagemodelfor generatinghierarchiesaaswell
asthe besttechnique.Differentdepthsin the hierarchycanbe basedon differentwindow

sizeswhichis why is usedfor hierarchiesvith a depthof two.

13



Figure 3.1. A Minimum AverageCodehierarchycreatedor TREC query319: New Fuel
Sourceswhere =(5,2,1).

14



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 | amendmeny 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
enegy 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 enegy 333 power 323 enegy 333
system 214 Act 131 funds 84 services 135
based 221 cost 182 changes 189 changes 189

Table 3.1. Lists thetopicstermsandnumberof documentsvhosetermsoccurin thetop
level of the Minimum AverageCodehierarchyusingsliding windows of 1, 2, 20, and40
for TRECquery319.

Figure 3.1 is one exampleof a hierarchycreatedusingthe Minimum AverageCode
(MAC) algorithm. MAC selectgopic termsfor adocumentsetretrievedfor TREC query
319aboutNew Fuel Sources.Oneof the mostnotabledifferencesetweerthis hierarchy
andthosecreatedwith the othertechniqueshown in Tablesl and?2 of Lawrie etal. is
that“fuel” is notthe rst topic term. This meansthat othertermsare more consistently
dependenbn “required” and “amendment”thanon fuel. In fact“fuel” is never the top
ranked termwhen MAC is applied. However, the characteristic®f the hierarchyin the
gure arevery similar to the characteristicef the hierarchyin Figure 2 of Lawrie et al.
The menuunderthetopic “research”containsdifferenttopicsasshown in Figure 3.1, but
thesizesof thedocumentlustersarevery similar. Thesamecanbesaidfor thethird level
of the hierarchy

Tables3.1 and 3.2 shav the termschosenby the algorithmfor a numberof different
languagemodels.Oneof themostdistinctive featureof thesesetsof wordsis thesimilarity

amongthem. Thereareonly nine new termsin the sevenlists 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 enegy 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
enegy 333 enegy 333 enegy 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 topicstermsand numberof documentsvhosetermsoccurin for the
top level of the Minimum AverageCodelengthusingsliding windows of 50, 60, 80, and
100for TRECquery319.

=1. In Tablesl and2 of Lawrie etal. therearetwenty new termsin four lists introduced

following DSP =1, andthereis muchmorevariability in the smallerwindow sizes.

3.2.2 Initial Results

Figure 3.2. The ANOVA analysisof the hierarchyscoresfor Minimum AverageCode
with neighborsof 1, 20, 40, 60, 80, and 100. The bar to the left of the hierarchytypes
indicateswherethereis no signi cant differencesamongthetypes. In this gure thereis
no signi cant differenceamongthe differenttermschosen althoughlarger window sizes
have slightly bettermeanscores.

We evaluatethetop level of the hierarchiesisingtwo differentquantitatve techniques,
whichwerealsousedn Lawrie etal.[14]. The rst evaluationscoreghehierarchybasedn

thenumberof documentseadperrelevantdocumenin thedocumenset. This evaluation
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Figure 3.3. The ANOVA analysisfor Subsumptionl.exical, TF.IDF, the DominatingSet
with neighborsof 1, 50,and100,andthe Minimum AverageCodewith neighborf 1, 50,

and100. The DominatingSetwith =1 alwayshadthe highestmeanscoreindependenof

the numberof topics; however, only in the caseof 5 topicswasit signi cantly betterthan
the secondhighestperformingtechnique.All threeMAC examplesappearin the second
groupingandarenot signi cantly differentfrom SubsumptionTF.IDF, Lexical, andlarge
window sizesof DSP

assumetheuseris interestedn all relevantdocumentsn thedocumenset. Thealgorithm
is explainedin Section5 of Lawrie andCroft[13], whichis simpli ed herebecauseve are
only looking atthetop level of the hierarchy The secondevaluationlooksat the similarity
betweertopic termschosenwhich we referto asthe overlapbetweertwo hierarchies.

Usinghierarchyscoreswe foundno signi cant differencesamongthe hierarchiesre-
atedusingthe Minimum AverageCodeasshaown in Figure3.2. The meansof hierarchies
with larger window sizeswere generallyhigher but this can be explainedby using Ta-
bles3.1and3.2. The new termsthatoccurin hierarchieswith largerwindow sizesoccur
in fewer documents.Sincethe size of the clusterplaysanimportantrole in the ability to
chooseclusterghataddfew non-relezantdocumentdo the score this resultis not surpris-
ing. WhencomparingMAC to othertechniquespnly the DominatingSetwhere =1 is
signi cantly better asshown in Figure3.3. Thereareno signi cant differencesn scores
amongsubsumptionlexical, TF.IDF, MAC andDSPwith largewindow sizes.

In Section3.2.1 we notedthat the terms selectedwere very similar acrosswindow
sizes. In orderto determineif this wastrue only for the particularquery or a general
phenomenonye lookedat the similarity betweerunaryincrementf window sizes:how

similar MAC =2isto MAC =1, how similar MAC =3isto MAC =2, andsoonup
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Figure 3.4. lllustratesthesimilarity of thetop 15 andtop 5 topicsbetweerthewindow size
listedin the gure (e.g. =2)andthewindow onesmaller(e.g. =1) for topicschoserby
Minimum AverageCode.For eachmethoda box plot representshe similaritiesacrossall
guerieswherethe box is the middle 50% of the similarities. The whiskersgo down to the
20th percentileandup to the 80th percentile.The circlesrepresenpointsthatfall outside

the 20thto 80thpercentile.

Figure 3.5. lllustratesthesimilarity of thetop 15 andtop 5 topicsbetweerthewindow size
listedin the gure andthewindow onesmallerfor topicschoserby DominatingSet.In the
gure showing 5 topicterms,thereis adotat 75%for DSP =100. Thisis becauséor one
query DSP =99only selected! topics,and =100shared3 of themgiving a similarity of

75%.
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to how similar MAC =100is to MAC =99. We found thatthe similarity is very high
asshown in Figure3.4. The rst  ve topicsarealmostalwaysthe same exceptfor small
window sizes.Whenlooking atthe rst fteen topics,thereis alittle morevariability, but
asthewindow sizeincreasesthe similarity increasesaswell. In factthereis no window
sizefor ary topic wherethe similarity is lessthan50%. In contrastthe DominatingSet
hasmuchlesssimilarity betweenneighborsasis illustratedin Figure 3.5. Althoughthe
similarity increasesiswindow sizeincreasesi isn't ashigh asthe correspondingvindow
sizefor MAC. Thisis especiallytfruewhencomparingthetop 15 topics.In factabout12%

of thehierarchiedhave lessthan50%of its topicsin commonwith the precedinchierarchy

Figure 3.6. lllustratesthe similarity of thetop 15andtop 5 topicsbetweerMAC =50and
termschoserby the DominatingSetat smallwindow sizes.

MAC wasalsocomparedo Subsumptionlexical, TF.IDF, andDSPasshown in Fig-
ures3.6 and3.7. Whencomparingthe top 5 topicsof DSPwith smallwindowsto MAC
=50, on averageabouthalf of thetermsareshared Whenthetop 15 topicsarecompared,
thepercenbverlapdecreased-or the othermethodsandDSPatlargerwindow sizesthere
is lesssimilarity. In fact, occasionallynoneof thetop ve topic termschosenby MAC
=50 arethe sameasthe oneschoserby Subsumptionlexical, and TF.IDF. MAC =50
haslessin commonwith theseothertechniqguegshanDSP =1 asshawn in Figure5 of

Lawrie etal., which meanghat MAC differsfrom previoustechniqueso a greaterextent
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Figure 3.7. lllustratesthe similarity of thetop 15andtop 5 topicsbetweerMAC =50and
Lexical, SubsumptionTF.IDF andtermschoserby the DominatingSetwith largewindow
sizes.

thanDSP Thetermsthat MAC doeshave in commonarejust aslikely to be found belov
thetop ve. Thisis very differentfrom DSPwherethe averagesimilarity increasesvhen

fewer topicsareinvolvedin thecomparison.

3.3 Preliminary Evaluation of Hierar chies

We have appliedthe resultsof Lawrie et al.[14] to createhierarchieswith a depthof
two andusedthe sametypesof analysisasdescribedabove to evaluatethe hierarchiesFor
the rst level of the hierarchywe chosewindow sizesof 5, 10,15, and20 sinceit seemed
thatthe smallerwindow sizesperformedbetterin our previous evaluationof DSP. These
window sizesroughly correspondo a partial sentenceo two or threesentencesFor the
secondevel of the hierarchywe variedthewindow sizebetweenl andthe parents size.

Tables3.3and3.4show thesubtopicdor theterm*“research’for 8 differenthierarchies.
Thesmallestwindow sizeis (5, 2) where“research’waschoserfor its ability to dominate
vocalulary within a window size of 5 andthe topic termsin the table for the ability to
dominatevocalulary in a window size of 2. Thesehierarchiesselectvery similar topic

terms. Only 14 new termsare introducedin the seven lists following the rst oneand
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DSR =(5,2) DSR =(5,5) DSE =(10,4) DSR =(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 Enegy 70 Enegy 70
Enegy 46 Enegy 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 Suneys 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 documentsvhosetermsare subtopicsof

“research’for theDominatingSethierarchiesisingsliding windows of (5,2),(5,5),(10,4),
and(10,8). The rst numberin the pair is the window sizethatchose‘research”,andthe
secondnumberis the window size that chosethe termslisted in the table. Again these
documentsvereretrievedfor TREC query319.

new termsarefound at the bottomof 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 generathey do exhibit moresimilaritiesthan

thetop level menus.

Figure 3.8. The ANOVA analysisfor Subsumptionl_exical, TF.IDF, andthe Dominating
Setwith neighborsof (5,4), (10,8),(15,12),and(20,15). The only signi cant difference
occursbetweerSubsumptiorandDSP =(10,8).
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DSR =(5,2) DSR =(5,5) DSE =(10,4) DSR =(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
Enegy 75 Enegy 75 Enegy 85 Enegy 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 Pawver 74 funding 35
facility 54 Pawver 64 stated 49 study 43
Pawver 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 Suneys 17 Nuclear 92 test 54

Table 3.4. Lists the topicstermsandnumberof documentsvhosetermsare subtopicsof
“research”for the Dominating Set hierarchiesusing sliding windows of (15,6), (15,12),
(20,8),and(20,15).

Figure 3.9. The ANOVA analysisfor Subsumptionl_exical, andthe DominatingSetwith
neighborsof (5,2), (10,4),(15,6),and (20, 8). Thereareno signi cant differencefound
betweerary pairsof techniques.

The ANOVA resultsshaved almostno signi cant differencesbhetweenSubsumption,
Lexical, andDominatingSethierarchieswith varyingwindow sizes.The only signi cant
differenceis betweenSubsumptiorand DSP =(10,8)whenthetop ve topic termsare
compared.The SubsumptiorandLexical hierarchiesaretruncatedat the secondevel. If
thishadnotbeendone,Subsumptiowould have beensigni cantly betterthanall theother
hierarchiesdbecausehe Subsumptiorhierarchiesare quite deepandbreakthe documents
into very smallclusters.The Lexical hierarchys performancevould not have changedas

greatlybecausé hasamaximumdepthof three.Someof the ANOVA resultsaredisplayed
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in Figures3.8and3.9. Fromtheseresults theonly thingwe mayconcludds thatatadepth
of two, DSPis not signi cantly worsethanthe prior two techniquedor this task. Deeper
hierarchiesvill revealif DSPcanperformbetterthanSubsumptioratchoosingopicterms.
Subsumptions shovn to performsigni cantly betterthanlexical hierarchiesn Lawrie and

Croft.

Figure 3.10. lllustratesthe similarity of thetop 5 andtop 15 topicsbetweerDSP =(5,2)
andSubsumptionPSP =(5,4),DSP =(10,8),DSP =(15,12)andDSP =(20,15).DSP

=(5,4) hasthegreatessimilarity because¢he rst menusareexactly thesame.Thediffer-
encebetweernSubsumtiorandDSP =(5,2)is morepronouncedhanwhencomparingthe
toplevels.

Theresultsof thesimilarity testmagnifythedifference®bsenedin thecomparisonsf
the singlelevel hierarchies Figure3.10and3.11show the overlapbetweerDSP =(5,2)
and SubsumptionLexical, and seven different DSP hierarchies.Both Lexical and Sub-
sumtionhave little similarity to DSP Whenlooking at similarity betweendifferentDSR
hierarchieghatusethe samdanguagemodelfor the rst level exhibit moresimilarity. The
comparisorof hierarchieswith ve termsperlevel to fteen revealsthatthe sameterms

tendto occurin thetop 5 topics.
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Figure 3.11. lllustratesthe similarity of thetop 5 andtop 15 topicsbetweerDSP =(5,2)
andLexical, DSP =(5,2),DSP =(10,4),DSP =(15,6)andDSP =(20,8).DSP =(5,2)
is always exactly the samesinceit is a comparisorwith itself. The differencebetween
Lexical andDSP =(5,2) is aboutthe sameasthe differencebetweenSubsumptiorand
DSP =(5,2). Thisis a considerablydifferentfrom the comparisorof the rst level where
the mediansimilarity wasalmost50%.

3.4 Summary

Thus far we have developedtwo formal modelsfor selectingtopic termsand done
a preliminary evaluationusing a scoringmetric and investigatingoverlap. The scoring
metric presentedn this proposalshavs thatthereis no signi cant differencebetweernthe
Minimum AverageCodeand the other techniquesat the rst level of the hierarchy It
alsoshaws thatthereareno signi cant differencedor hierarchieof two levelsdeep.We
believe that the shortcomingobsened do not point to failings in the modelsbut instead
to failingsin the evaluationmetric. Although scoringthe hierarchymakessensdor fully
developedhierarchiesit only revealswhetheratechniquds particularlybadwhenapplied
to truncatedsectionsof the hierarchy

ThereasorthatEntropy Modelmeritsfurtheranalysisdespitats mediocreperformance
is that the termsit selectsare not as dependenbn the particularlanguagemodel when
comparingt to theDominatingSet. Also, beforediscountingt, ananalysisof thecontents
of thehierarchyneeddo bedonebecausd is choosingdifferenttermsthanothermethods.

However, thismodeldoesnotmake ary guaranteeaboutthe coverageof thetopics. It will

24



have to be determinedf thereexists a lack of coverage.Finally, limiting topicsto nouns
andnounphraseswvill beinvestigatedsinceverbsandadjectvesviolate the assumptiorof
the modelthat peoplecanuseassociationso gure out what othervocalulary termsare
presenin thedocumenstet.

The DominatingModel needsfurther analysisfor the samereasonghat the Entropy
Model does. A truetestwill befor a hierarchythatis four or ve levelsdeepto be com-
paredto the full subsumptiorhierarchy If signi cant differencesare found, there will
be muchmoresubstantialeasondo believe that DominatingModel is a goodtechnique.
However, it may be thatthe hierarchiesareindistinguishableusingthe scoringmetricand
otherevaluationswill revealtheoptimaltechnique.

The remainderof the researchwill focuson developingmore robust evaluationsand

verifying thatthe modelsusedto selecttopic termsarecorrect.
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CHAPTER 4
INTENDED RESEARCH

In orderfor this researcho be successfulve needto de ne anoptimalhierarchy This
will enableusto nd comparisormeasurethattruly distinguishbetweerausefulhierarchy
andonethatis not. Part of this de nition will encompassharacteristicef the hierarchy
suchasits depth,the sizeof documentlustersat the leaves,andthe changen the size of
documentlustersasoneexploresdeeperin the hierarchy Anotherpartof the de nition
will needto addresshe contentof the hierarchiesAn optimalhierarchyshouldoutlinethe
topicsof thedocumenset. A third partof thede nition mustaddressheissueof usability
by determiningwhetherpeoplecanusethe hierarchiedo learnthe topicsof the document
setand nd interestinggroupsof documents.

Fromtheinitial resultswe canselectcharacteristicshatshouldbe presenin a de ni-
tion of anoptimal hierarchy Onecharacteristigs thateachlevel's clustersizesshouldbe
roughly the same;however, the top levels may have a greatervariancethanlower levels.
The hierarchywill mostlikely be betweenthreeand ve levelsdeepfor asetof ve hun-
dreddocumentsThe depthwill be governedby the goalsizefor clusterleaves. Currently
we believe leaf-clustershouldhave somavherebetweer8 and10 documents.

Thesecondandthird issueswill bedevelopedwith future experimentationTestingthe
ability of a hierarchyto cover differenttopics canbe donethroughsimulations. We will
combinedocumentghatarerelevantto a diversegroupof queriesso thatwe canpredict
the topicsthe hierarchyshoulddiscover by testingfor the presencef querytermsin the
hierarchy Wewill alsoneedto nd outif thetermsin thehierarchyactuallysummarizehe

documenset.An experimento determinehis couldinvolve usershighlightingtermsfrom
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thedocumenthatthey would includein a summary Usertermswould thenbe compared
to thetermsin thehierarchy

To addressheissueof usability, we will developademoernvironmentwhereuserscan
interactwith the hierarchy We will thentesttheir ability to do retrieval-orientedtasks.
Sinceall of our currentdocumentsetsare retrieved for a query someof the taskswill
be orientedtoward nding non-releyant documentswhile otherswill focuson relevant
documentsTasksmayalsobe de ned thatmake useof a known document.We may also

de ne tasksthatcanbeaccomplisheavithout useof a hierarchyasa control.

4.1 DetailedPlan
Optimizeanddehug codefor generatinghelanguagenodelsand nding topicterms.
Ideally this optimizationwould allow the creationof a hierarchywith a depthof 5in
lessthan2 minutes.Sucha hierarchywith 20 termsat eachlevel requiresroughly 3

million languagemodels,sothis might beabit ambitious.(1 month)

Continueto build deeperhierarchiesand testthem with existing techniques.The
characteristicof the hierarchywill be analyzedo nd the parameterg$or optimal
hierarchies. Theseparametersnay be dependenbn the size of the documentset,

andwe will needto explorethis possibility. (1 month)

Explorebuilding hierarchiesvith nounsandnounphrasesVerbsandadjectvestend
to make disappointingopics,sinceonehaslittle notion of whattypesof termswill
be associatedvith it. We will alsoexperimentwith hierarchiesnadeentirely from

phrasessincephrasesendto corvey moreinformationthansinglewords. (3 weeks)

Completea failure analysis. Determinewhat typesof conditionsyield poor hierar

chies.(1 month)

Investigatenhow differentsizeinitial documentetseffect the hierarchy,andspeci -

cally whattheeffectof clusterings onthehierarchy Find outif themodelscompen-
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satefor thelack of a clusteringalgorithm,which we foundto be quite helpful when
creatinglexical and subsumptiorhierarchies. If the model doesnot compensate,

determindf aclusteringstepshouldbe added.(2 weeks)

Developanevaluationthatlooksathow well topicsarecovered.Thismaybedoneby
creatingdocumentsetsmadeup of relevantdocumentdrom a numberof different
gueriesand looking at how well the hierarchygroupsthe documents. The topics
shouldbe judgedto determindf thetermsdescribehe documentsThe easiestvay

to dothatis to look for topic wordsthatarepartof thequery (2 weeks)
Continuallydevelopandtesttheideaof whata globally optimalhierarchyis.

Develop aninterfacethat can be usedin a demoervironmentfor userstudies. (2

months)

Investigatehow onewould usethe systemin a real settingbasedon otherwork. (2

weeks)

Do auserstudythatincorporateshedemoandmeasuresow well userscanperform

retrieval orientedtasksusingarankedlist verseusingthe hierarchy (3 weeks)

Preparatiorandwriting of the dissertationtself will take approximatelyfour months.
Theentireprojectis expectedto talk 12 monthsto complete.Including otherdegreeobli-

gations this shouldallow athesisdefenseo be scheduledn Augustof 2002.
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CHAPTER 5
CONCLUSION

This proposaloutlinesthe developmentof anapproacho automaticallygeneratenier-
archicalsummariesThereareseveralstepshatcontributeto the creationof thesummary:
building the languagemodel, selectingtopic terms,andtestingthe hierarchy The contri-

butionsof this thesiswill include:

ade nition of aglobally optimalhierarchyin termsof both physicalcharacteristics

andtheinformationusersgainfrom the hierarchy
the rst formal framework for selectingtopic terms,and

the developmentof evaluationmeasuredor hierarchicalsummarizatiorbasedon

largetext collections.

The foundationfor this work hasalreadybeenlaid. We have de ned two new for-
mal approache$o selectingtopic termsandevaluationmetricsthat help us decidewhich

hierarchiesaregood.In the comingmonthswe will developthesedeasfurther.
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