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1 INTRODUCTION

Theprimarygoalof theCornell/SabirTIPSTERPhaseIII
project is to develop techniquesto improve the end-user
efficiency of informationretrieval (IR) systems.We have
focusedour investigationsin four relatedresearchareas:

1. High PrecisionInf ormation Retrieval. The goal
of our researchin this areais to increasethe accu-
racy of thesetof documentsgivento theuser.

2. Near-Duplicate Detection. The goal of our work
in near-duplicatedetectionis to develop methods
for delineatingor removing from thesetof retrieved
documentsany informationthattheuserhasalready
seen.

3. Context-DependentDocumentSummarization.
The goal of our researchin this areais to provide
for eachdocumenta short summarythat includes
only thoseportionsof thedocumentrelevantto the
query.

4. Context-DependentMulti–Document Summari-
zation. The goal of our researchin this areais
to provide a shortsummaryfor an entiregroupof
relateddocumentsthat includesonly query-related
portions.

Takenasa whole,our researchaimsto increaseend-user
efficiency in eachof the above tasksby reducingthe a-
mountof text thattheusermustperusein orderto getthe
desiredusefulinformation.

We attackeachtaskthrougha combinationof statis-
tical and linguistic approaches.The proposedstatistical
approachesextend existing methodsin IR by perform-
ing statisticalcomputationswithin thecontext of another
queryor document.The proposedlinguistic approaches

build on existing work in informationextractionandrely
on a new techniquefor trainablepartialparsing.In short,
our integratedapproachusesbothstatisticalandlinguistic
sourcesto identifyselectedrelationshipsamongimportant
termsin a queryor text. Therelationshipsareencodedas
TIPSTERannotations[7]. We thenusethe extractedre-
lationships:(1) to discardor reorderretrieved texts (for
high-precisiontext retrieval); (2) to locateredundantin-
formation (for near-duplicatedocumentdetection);and
(3) to generatecoherentsynopses(for context-dependent
text summarization).

An end-userscenariothat takesadvantageof the ef-
ficiency opportunitiesofferedby our researchmight pro-
ceedasfollows:

1. The usersubmitsa naturallanguagequery to the re-
trieval system,askingfor a high-precisionsearch. This
searchwill attemptto retrieve fewer documentsthan a
normalsearch,but atahigherquality, somany fewernon-
usefuldocumentswill needto beexamined.

2. Thedocumentsin theresultsetwill beclusteredsothat
closelyrelateddocumentsaregrouped.

� Duplicatedocumentswill beclearlymarkedsothe
userwill not have to look at thematall.

� Near-duplicatedocumentswill alsobeclearlymar-
ked. Whenthe userexaminesa documentmarked
as a near-duplicateto a documentpreviously ex-
amined,the new materialin this documentis em-
phasizedin color so that it canbequickly perused,
while theduplicatematerialcanbeignored.

3. Long documentscan be automaticallysummarized,
within thecontext of thequery, sothatperhapsonly 20%
of the documentwill be presented.This 20% summary
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would includethe materialthat madethe systemdecide
the documentwas useful, as well as other materialde-
signedto setthecontext for thequery-relatedmaterial.

4. If the userwishes,an entireclusterof documentscan
besummarized.Theusercanthendecidewhetherto look
at any of theindividual documents.This multi-document
summarywill onceagainbequery-related.

Onekey resultof our TIPSTERefforts is the devel-
opmentof TRUESmart,a Toolbox for Researchin User
Efficiency. TRUESmartis a set of tools and datasup-
portingresearchersin thedevelopmentof methodsfor im-
proving userefficiency for state-of-the-artinformationre-
trieval systems.TRUESmartallowstheintegrationof sys-
temcomponentsfor high-precisionretrieval,duplicatede-
tection,andcontext-dependentsummarization;it includes
asimplegraphicaluserinterface(GUI) thatsupportseach
of thesetasksin the context of the end-userscenariode-
scribedabove. In addition,TRUESmartaidssystemeval-
uationandanalysisby highlighting importantterm rela-
tionshipsidentifiedby the underlyingstatisticaland lin-
guisticlanguageprocessingalgorithms.

Therestof thepaperpresentsTRUESmartandits un-
derlying IR and NLP components.Section2 first pro-
videsanoverview of theSmartIR systemandtheEmpire
Natural LanguageProcessing(NLP) system. Section3
describestheTRUESmarttoolbox.To date,wehaveused
TRUESmartto supportourwork in high-precisionretriev-
al andcontext-dependentdocumentsummarization.We
describeour resultsin theseareasin Sections4–5 using
the TRUESmartinterfaceto illustratethe algorithmsde-
velopedandtheircontributionto theend-userscenariode-
scribedabove. Section6 summarizesour work in dupli-
catedetectionanddescribeshow the TRUESmartinter-
facewill easilybe extendedto supportthis taskand in-
cludelinguistic termrelationshipsin additionto statistical
term relationships.We concludewith a summaryof the
potentialadvantagesof ouroverallapproach.

2 THE UNDERLYING SYSTEMS:
SMART AND EMPIRE

The two main foundationsof our researcharethe Smart
systemfor InformationRetrieval andthe Empiresystem
for NaturalLanguageProcessing.Both arelargesystems
runningin theUNIX environmentat CornellUniversity.

2.1 Smart

SmartVersion13 is the latest in a long line of experi-
mentalinformationretrieval systems,datingbackover30
years,developedunderthe guidanceof G. Salton. The
new versionis approximately50,000linesof C codeand
documentation.

SmartVersion13offersabasicframework for investi-
gationsof thevectorspaceandrelatedmodelsof informa-
tion retrieval. Documentsarefully automaticallyindexed,
with eachdocumentrepresentationbeingaweightedvec-
tor of concepts,theweightindicatingtheimportanceof a
conceptto that particulardocument.The documentrep-
resentativesarestoredon disk asaninvertedfile. Natural
languagequeriesundergothesameindexing process.The
queryrepresentativevectoris thencomparedwith the in-
dexed documentrepresentatives to arrive at a similarity
andthedocumentsarethenfully rankedby similarity.

SmartVersion13 is highly flexible (i.e., its algorithms
canbe easilyadaptedfor a variety of IR tasks)andvery
fast,thusproviding an ideal platform for informationre-
trieval experimentation.Documentsareindexedat a rate
of almost two gigabytesan hour, on systemscurrently
costingunder$5,000(for example,a dual PentiumPro
200 Mhz with 512 megabytesmemoryand disk). Re-
trieval speedis similarly fast,with basicsimplesearches
takingmuchlessthana seconda query.

2.2 The Empir e System: A Trainable Par-
tial Parser

Statedsimply, the goal of the naturallanguageprocess-
ing (NLP) componentfor theselectedtext retrieval tasks
is to locatelinguistic relationshipsbetweenqueryterms.
For this, we have developedEmpir e1, a trainablepartial
parser. The remainderof this sectiondescribesthe as-
sumptionsof ourapproachandthegeneralarchitectureof
thesystem.

For theTIPSTERproject,weareinvestigatingtherole
of linguisticrelationshipsin informationretrieval tasks.A
linguistic relationshipbetweentwo termsis any relation-
shipthatcanbedeterminedthroughsyntacticor semantic
interpretationof the text that containsthe terms. We are
focusingon threeclassesof linguistic relationshipsthat
webelievewill aid theinformationretrieval tasks:

1. nounphraserelationships. E.g.,determinewheth-
ertwo querytermsappearin thesame(simple)noun
phrase;find all placeswherea querytermappears
astheheadof anounphrase.

1Thenamerefersto ourfocusonempiricalmethodsfor development
andevaluationof thesystem.



2. subject-verb-object relationships, including the
identificationof subjectsand objectsin gap con-
structions.Theserelationshipshelp to identify the
functionalstructureof asentence,i.e.,whodidwhat
to whom. Onceidentified,Smartcanassignhigher
weightsto query termsthat appearin thesetopic-
indicatingverb,object,andespeciallysubjectposi-
tions.

3. noun phrasecoreference. Coreferenceresolution
is theidentificationof all stringsin adocumentthat
refer to the sameentity. Noun phrasecoreference
will allow Smarttocreatemorecoherentsummaries,
e.g.,by replacingpronounswith their referentsas
identified by Empire. In addition, Smartcan use
coreferencerelationshipsto modify its termweight-
ing functionto reflecttheimpliedequalitybetween
all elementsof a nounphraseequivalenceclass.

Onceidentified,thelinguisticrelationshipscanbeem-
ployed in a numberof waysto improve the efficiency of
end-users:they canbe used(1) to preferthe retrieval of
documentsthatalsoexhibit therelationships;(2) to indi-
catethe presenceof redundantinformation;or (3) to es-
tablish the necessarycontext in automaticallygenerated
summaries.Our approachto locatinglinguistic relation-
shipsis basedon thefollowing assumptions:

� TheNLPsystemneedrecognizeonlythoserelation-
shipsthat are usefulfor the specifictext retrieval
application. Theremay be no needfor full-blown
syntacticandsemanticanalysisof queriesanddoc-
uments.

� TheNLPsystemmustrecognizetheserelationships
bothquicklyandaccurately. Thespeedrequirement
arguesfor a shallow linguistic analysis;the accu-
racy requirementarguesfor algorithmsthat focus
onprecisionratherthanrecall.

� TheNLP componentneedonly provide a compar-
ativelinguistic analysisbetweena documentanda
query. This shouldsimplify the NLP taskbecause
individualdocumentsdonot haveto beanalyzedin
isolation,but only relative to thequery.

Given theseassumptions,we have developedEmpire, a
fast,trainable,precision-basedpartialparser. As a partial
parser, Empireperformsonly shallow syntacticanalysis
of input texts. Likemany partialparsersandNLP systems
for informationextraction(e.g.,Hobbsetal. [9]), Empire
reliesprimarily on finite-statetechnology[16] to recog-
nizeall syntacticandsemanticentitiesaswell astheir re-
lationshipsto oneanother. Parsingproceedsin stages—
the initial stagesidentify relatively simple constituents:
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Figure1: Error-DrivenPruningof TreebankGrammars

simple noun phrases,someprepositionalphrases,verb
groups,andclauses.All linguistic relationshipsthat re-
quire higher-level attachmentdecisionsare identified in
subsequentstagesandrely on outputfrom earlierstages.
Our useof finite-statetransducersfor partial parsingis
most similar to the work of Abney [1], who employs a
seriesof cascadedfinite-statemachinesto build up an
increasinglycomplex linguistic analysisof an incoming
sentence.

Unlikemostwork in thisarea,however, wedonotuse
hand-craftedpatternsto drive the linguistic analysis.In-
stead,we rely on corpus-basedlearningalgorithmsto ac-
quirethegrammarsnecessaryfor driving eachlevelof lin-
guistic relationshipidentification. In particular, we have
developeda very simple,yet effective techniquefor au-
tomatingtheacquisitionof grammarsthrougherror-driv-
en pruning of treebankgrammars [6]. As shown in Fig-
ure 1, the methodfirst extractsan initial grammarfrom
a “treebank” corpus,i.e., a corpusthat hasbeenanno-
tatedwith respectto thelinguistic relationshipof interest.
Considerthebasenounphraserelationship— theidenti-
ficationof simple,non-recursive nounphrases.Accurate
identificationof basenounphrasesis acritical component
of any partialparser;in addition,SmartreliesonbaseNPs
asits primarysourceof linguistic phraseinformation.To
extractagrammarfor basenounphraseidentification,we
tagthe training text with a part-of-speechtagger(we use
Mitre’sversionof Brill’ s tagger[3]) andthenextractasan
NPrule everyuniquepart-of-speechsequencethatcovers
abaseNP annotation.

Next, the grammaris improved by discardingrules
thatobtainalow precision-based“benefit” scorewhenap-
pliedto aheldoutportionof thetrainingcorpus,theprun-
ing corpus.Theresulting“grammar”canthenbeusedto
identify baseNPsin a novel text asfollows:



1. Run all lower-level annotators.For baseNPs, for
example,run thepart-of-speechannotator.

2. Proceedthroughthe taggedtext from left to right,
ateachpointmatchingtherulesagainsttheremain-
ing input. For baseNP recognition,matchthe NP
rules againstthe remainingpart-of-speechtagsin
thetext.

3. If therearemultiple rulesthat matchbeginning at
tag or token

���
, usethe longestmatchingrule � .

Begin the matchingprocessanew at the token that
followsthelastNP.

2.2.1 Empir e Evaluation

Using this simplegrammarextractionandpruningalgo-
rithm with thenaive longest-matchheuristicfor applying
rulesto incomingtext, thelearnedgrammarsareshown to
performvery well for basenounphraseidentification.A
detaileddescriptionof thebasenounphrasefinderandits
evaluationcanbefoundin CardieandPierce[6]. In sum-
mary, however, we have evaluatedthe approachon two
baseNP corporaderived from the PennTreebank[11].
Thealgorithmachieves91%precisionandrecallon base
NPsthatcorresponddirectly to non-recursivenounphras-
esin thetreebank;it achieves94%precisionandrecallon
slightly lesscomplicatednounphrases.2

We arecurrentlyinvestigatingtheuseof error-driven
grammarpruningto infer the grammarsfor all phasesof
partial parsingand the associatedlinguistic relationship
identification. Initial resultson verb-objectrecognition
show 72%precisionwhentestedonacorpusderivedfrom
thePennTreebank.Analysisof the resultsindicatesthat
our context-free approach,which worked very well for
noun phraserecognition,doesnot yield sufficient accu-
racy for verb-objectrecognition. As a result, we have
usedstandardmachinelearningalgorithms(i.e.,k-nearest
neighborandmemory-basedlearningusingthevalue-dif-
ferencemetric)to classifyeachproposedverb-objectbra-
cketingaseithercorrector incorrectgivena 2-word win-
dow surroundingthe bracketing. In preliminary experi-
ments,themachinelearningalgorithmobtains84%gen-
eralizationaccuracy. If we discardall bracketingsit clas-
sifiesasincorrect,overallprecisionfor verb-objectrecog-
nition increasesfrom 72% to over 80%. The next sec-
tion outlinesour generalapproachfor usinglearningal-
gorithmsin conjunctionwith theEmpiresystem.

2This corpusfurther simplifiessomeof the the TreebankbaseNPs
by removing ambiguitiesthatwe expectothercomponentsof our NLP
systemto handle,including: conjunctions,NPswith leadingandtrailing
adverbsandverbs,andNPsthatcontainprepositions.

2.2.2 The Roleof Machine Learning Algorithms

Asnotedabove,Empire’sfinite-statepartialparsingmeth-
ods may not be adequatefor identifying somelinguis-
tic relationships. At a minimum, many linguistic rela-
tionshipsare better identified by taking additionalcon-
text into account.In thesecircumstances,we proposethe
useof corpus-basedmachinelearningtechniques— both
asa systematicmeansfor correctingerrors(asdonefor
verb-objectrecognitionabove)andfor learningto identify
linguistic relationshipsthataremorecomplex thanthose
coveredby thefinite-statemethodsabove.

In particular, wehaveemployedtheKenmoreknowl-
edgeacquisitionframework for NLP systems[4, 5]. Ken-
morerelieson threemajorcomponents.First, it requires
an annotated training corpus, i.e., a collection of on-
line documents,that hasbeenannotatedwith the neces-
sarybracketinginformation.Second,it requiresa robust
sentenceanalyzer, or parser. For this,weusetheEmpire
partialparser. Finally, the framework requiresan induc-
tivelearning algorithm . Althoughany inductivelearning
algorithmcanbe used,we have successfullyusedcase-
basedlearning(CBL) algorithmsfor a numberof natural
languagelearningproblems.

Therearetwo phasesto theframework: (1) apartially
automatedtrainingphase,or acquisition phase, in which
a particularlinguistic relationshipis learned,and(2) an
application phase, in which the heuristicslearneddur-
ing trainingcanbeusedto identify thelinguistic relation-
ship in novel texts. More specifically, the goal of Ken-
more’s training phase(seeFigure 2) is to createa case
base, or memory, of linguistic relationshipdecisions.To
do this, thesystemrandomlyselectsa setof trainingsen-
tencesfrom theannotatedcorpus.Next, thesentencean-
alyzerprocessesthe selectedtraining sentences,creating
onecasefor every instanceof the linguistic relationship
that occurs. As shown in Figure 2, eachcasehas two
parts. The context portion of the caseencodesthe con-
text in which the linguistic relationshipwasencountered
— this is essentiallya representationof someor all of the
constituentsin theneighborhoodof thelinguisticrelation-
shipasdenotedin theflat syntacticanalysisproducedby
theparser. Thesolutionportionof thecasedescribeshow
the linguistic relationshipwasresolvedin thecurrentex-
ample. In the trainingphase,this solutioninformationis
extracteddirectly from theannotatedcorpus.As thecases
arecreated,they arestoredin thecasebase.

After training,theNLPsystemusesthecasebasewith-
out the annotatedcorpusto identify new occurrencesof
thelinguisticrelationshipin novelsentences.Givenasen-
tenceas input, the sentenceanalyzerprocessesthe sen-
tenceandcreatesa problemcase,automaticallyfilling in
its context portionbasedontheconstituentsappearingthe
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Figure2: KenmoreTraining/AcquisitionPhase.

sentence.To determinewhetherthelinguisticrelationship
holds,Kenmorenext comparestheproblemcaseto each
casein the casebase,retrievesthe mostsimilar training
case,andreturnsthedecisionasindicatedin thesolution
partof thecase.ThesolutioninformationletsEmpirede-
cidewhetherthedesiredrelationshipexistsin thecurrent
sentence.

In previous work, we have usedKenmorefor part-
of-speechtagging,semanticfeaturetagging,information
extractionconceptacquisition,andrelative pronounres-
olution [5]. We expect that this approachwill be neces-
saryfor coreferenceresolution,for sometypesof subject-
objectidentification,andfor handlinggapconstructs(i.e.,
for determiningthat “boy” is thesubjectof “ate” aswell
asthe objectof “saw” in “Billy saw the boy that atethe
candy”). It is also the approachusedto learn the verb-
objectcorrection“heuristics”describedin thelastsection.

2.2.3 CoreferenceResolution

The final classof linguistic relationshipis noun phrase
coreference— for every entity in a text, theNLP system
mustlocateall of theexpressionsorphrasesthatreferto it.
As anexample,considerthefollowing: “Bill Clinton, cur-
rentpresidentof theUnitedStates,left WashingtonMon-
daymorningfor China. He will returnin two weeks.” In
thisexcerpt,thephrases“Bill Clinton,” “currentpresident
(of theUnitedStates),” and“he” refer to thesameentity.
Smartcanusethiscoreferenceinformationto treattheas-
sociatedtermsasequivalents.For example,it canassume
that all items in the classare presentwhenever oneap-
pears.In conjunctionwith coreferenceresolution,we are
alsoinvestigatingtheusefulnessof providing theIR sys-
temwith canonicalizednounphraseformsthatmake use
of terminvariantsidentifiedduringcoreference.

To date,we have implementedtwo simplealgorithms
for coreferenceresolutionto usepurelyasbaselines.Both

operateonly on basenounphrasesas identifiedby Em-
pire’s baseNP finder. The first heuristic assumesthat
two nounphrasesarecoreferentif they shareany terms
in common. The secondassumesthat two nounphrases
arecoreferentif they have thesamehead.Both obtained
higher scoresthan expectedwhen testedon the MUC6
coreferencedataset. The headnoun heuristicachieved
42%recalland51%precision;theoverlappingtermsheur-
istic achieved41%recallandprecision.

2.2.4 Empir eAnnotators

All relationshipsidentifiedby Empirearemadeavailable
to Smartin the form of TIPSTERannotations.We cur-
rentlyhave thefollowing annotatorsin operation:

� tokenizer:identifiestokens,punctuation,etc.

� sentencefinder:basedonPenn’smaximumentropy
algorithm[15].

� baseNPs:identifiesnon-recursivenounphrases.

� verb-object: identifiesverb-objectpairs,eitherby
bracketing the verb group andentiredirect object
phraseor by notingjust theheadsof each.

� headnouncoreferenceheuristic:identifiescorefer-
entNPs.

� overlappingtermscoreferenceheuristic: identifies
coreferentNPs.

Thetokenizeris written in C. Thesentencefinderis writ-
ten in Java. All otherannotatorsareimplementedin Lu-
cid/Liquid CommonLisp.



3 TRUESmart

To supportour researchin user-efficient informationre-
trieval, we have developedTRUESmart,a Toolbox for
Researchin UserEfficiency. As notedabove,TRUESmart
allows the integration,evaluation,andanalysisof IR and
NLP algorithmsfor high-precisionsearches,context-de-
pendentsummarization,andduplicatedetection.TRUE-
Smartprovidesthreeclassesof resourcesthat areneces-
saryfor effectiveresearchin theaboveareas:

1. TestbedCollections, includingtestqueriesandcor-
rectanswers

2. Automatic Evaluation Tools, to measureoverall
how anapproachdoeson a collection.

3. Failur e Analysis Tools, to help the researcherin-
vestigatein depthwhathashappened.

Thesetoolsare,to alargeextent,independentof theactual
researchbeingdone. However, they are just asvital for
goodresearchastheresearchalgorithmsthemselves.

3.1 TRUESmart Collections

Thetestbedcollectionsorganizedfor TRUESmartareall
basedon TREC[19] andSUMMAC [10], the largeeval-
uationworkshopsrun by NIST andDARPA respectively.
TREC providesa numberof documentcollectionsrang-
ing up to 500,000documentsin size,alongwith queries
andrelevancejudgementsthattell whethera documentis
relevantto a particularquery.

Evaluationof ourhigh-precisionresearchcanbedone
directly using the TREC collections. The TREC docu-
ments,queries,andrelevancejudgementsaresufficient to
evaluatewhetherparticularhigh-precisionalgorithmsdo
betterthanothers.

For summarizationresearch,however, adifferenttest-
bedis needed.TheSUMMAC workshopevaluatedsum-
mariesof documents. The major evaluation measured
whetherhumanjudgeswereableto judgerelevanceof en-
tire documentsjust from thesummaries.While veryvalu-
able in giving a one-timeabsolutemeasureof how well
summarizationalgorithmsaredoing,human-dependente-
valuationsareinfeasiblefor a researchgroupto perform
on ongoingresearchsincedifferenthumanassessorsare
requiredwheneveragivendocumentorsummaryis judged.

Oursummarizationtestbedis basedontheSUMMAC
QandAevaluation.Givenasetof questionsaboutadocu-
ment,anda key describingthe locationsin thedocument
wherethosequestionsareanswered,thegoalis to evaluate

how well anextraction-basedsummaryof thatdocument
answersthequestions.SotheTRUESmartsummarization
testbedconsistsof

� A smallnumberof queries

� A smallnumberof relevantdocumentsperquery

� A setof questionsfor eachquery

� Locationsin therelevantdocumentswhereeach
questionis answered.

Objectiveevaluationof near-duplicateinformationde-
tectionis difficult. As partof our efforts in this area,we
have constructeda small set (50 pairs)of near-duplicate
documentsof newswirearticles.Thesepairsweredeliber-
atelychosentoencompassarangeof duplicationamounts;
we include5 pairsat cosinesimilarity .95,5 pairsat .90,
and10 pairsat eachof .85, .80, .75,and.70. In addition,
they have beencategorizedas to exactly what the rela-
tionship betweenthe pairs is. For example,somepairs
areslight rewritesby thesameauthor, somearefollowup
articles,and someare two articleson the samesubject
by differentauthors. We also have queriesthat will re-
trievebothof thesepairsamongthetopdocuments.These
articlesare tagged: correspondingsectionsof text from
eachdocumentpair aremarkedasidentical,semantically
equivalent,or different.

Preparinga testbedfor multi-documentsummariza-
tion is evenmoredifficult. We have not donethis asyet,
but our initial approachwill take as a seedthe QandA
evaluationtestcollectionsdescribedabove. This givesus
a queryanda setof relevant documentswith known an-
swersto a setof commonquestions.Evaluationcanbe
doneby performinga multi-documentsummarizationon
a subgroupof this setof relevant documents.The final
summarycanbe evaluatedbaseduponhow many ques-
tions areanswered(a questionis answeredby a text ex-
cerptin the summaryif the excerptin the corresponding
original documentwas marked as answeringthe ques-
tion), andhow many questionsareansweredmore than
once.If toomany questionsareansweredmorethanonce,
thentheduplicatedetectionalgorithmsmaynot bework-
ing optimally. If too few questionsareansweredat all,
thenthe summarizationalgorithmsmay be at fault. The
evaluationnumbersproducedby thefinal summarycanbe
comparedagainsttheaverageevaluationnumbersfor the
documentsin thegroup.

3.2 TRUESmart Evaluation

Automaticevaluationof researchalgorithmsis critical for
rapidprogressin all of theseareas.Manualevaluationis



valuable,but impracticalwhen trying to distinguishbe-
tweensmallvariationsof a researchgroup’salgorithms.

3.2.1 Trec eval

Automatic evaluation of straight information retrieval
tasks is not new. In particular, we have provided the
“trec eval” programto the TREC community to evalu-
ateretrieval in theTRECenvironment. It will alsobean
evaluationcomponentin the TRUESmartToolBox. The
trec evalmeasuresaredescribedin theTREC-4workshop
proceedings[8].

3.2.2 Summ eval

TheQandAevaluationof SUMMAC is very closeto be-
ing automaticoncequestionsandkeys arecreated. For
SUMMAC, the humanassessorsstill judge whetheror
not a givensummaryanswersthe questions.Indeed,for
non-extraction-basedsummaries,this is required.But for
evaluationof extraction-basedsummarization(wherethe
summariescontainclauses,sentences,or paragraphsof
theoriginaldocument),anautomaticapproximationof the
assessortask is possible. This enablesa researchgroup
to fairly evaluateandcomparemultiple summariesof the
samedocument,with no additional manualeffort after
the initial key is determined.Thuswe have written the
“summ eval” evaluator. This algorithmfor theautomatic
evaluationof summaries:

1. Automaticallyfindsthespansof thetext of theorig-
inal documentthat were given as answersin the
keys.

2. Automaticallyfindsthespansof thetext of theorig-
inal documentthatappearedin a summarizationof
thedocument.

3. Computesvariousmeasuresof overlapbetweenthe
summarizationspansandtheanswerspans.

The effectivenessof two summarizationalgorithmscan
be automaticallycomparedby comparingtheseoverlap
measures.

We ran summeval on the summariesproducedby
the systemsof the SUMMAC workshop. The compar-
ative ranking of systemsusingsummeval is very close
to the(presumably)optimalrankingsusinghumanasses-
sors. This strongly suggeststhat automaticscoring of
summeval canbeusefulfor evaluationin circumstances
wherehumanscoringis notavailable

3.2.3 Dup eval

“Dup eval” usesthesamealgorithmsassummeval tomea-
surehow well an algorithmcandetectwhetheronedoc-
umentcontainsinformationthat is duplicatedin another.
Thekey (correctanswer)for onedocumentout of a pair
will givethespansof text in thatdocumentthataredupli-
catedin theother, at threedifferentlevelsof duplication:
exact,semanticallyequivalent,andcontainedin. Thedu-
plicatedetectionalgorithmbeingevaluatedwill comeup
with similar spans. Dup eval measuresthe overlap be-
tweenthethesesetsof spans.

3.3 TRUESmart GUI

Automaticevaluationis only thebeginningof theresearch
process.Onceevaluationpinpointsthe failuresandsuc-
cessesof a particularalgorithm,analysisof thesefailures
mustbedonein orderto improvethealgorithm.Thisanal-
ysis is oftentime-consumingandpainful. This motivates
theimplementationof theTRUESmartGUI. This GUI is
not aimedat beinga prototypeof a userefficiency GUI.
Instead,it offers a basicend-userinterfacewhile giving
theresearchertheability to exploretheunderlyingcauses
of particularalgorithmbehavior.

Figure 3 shows the basicTRUESmartGUI as used
to supporthigh-precisionretrieval andcontext-dependent
summarization.The userbegins by typing a query into
the text input box in the middle, left frame. The sam-
ple query is TREC query number151: “The document
will provide informationon jail andprisonovercrowding
andhow inmatesareforcedto copewith thoseconditions;
or it will reveal plansto relieve the overcrowdedcondi-
tion.” Clicking the SubmitQbutton initiates the search.
Clicking the NewQ button allows the submissionof a
new query.3 Once the query is submitted,Smart initi-
atesa global searchin order to quickly obtainan initial
set of documentsfor the user. The documentnumber,
similarity ranking,similarity score,source,date,and ti-
tle of thetop 20 retrieveddocumentsaredisplayedin the
upperleft frameof the GUI. Clicking on any document
will causeits query-dependentsummaryto be displayed
in the large frame on the right. In Figure 3, the sum-
mary of the seventhdocumentis displayed. In this run,
we have set Smart’s target summarylength to 25% and
asked for sentence-(ratherthanparagraph-)basedsum-
maries. Matching query termsare highlightedthrough-
out the summaryalthough they are not visible in the
screendump. The left, bottom-mostframeof the inter-
faceliststhemostimportantqueryterms(e.g.,prison,jail,

3The “ModQ” and“Mod vec” buttonsallow theuserto modify the
queryandmodify the query vector, respectively. Neitherwill be dis-
cussedfurtherhere.



inmat(e),overcrowd) and their associatedweights(e.g.,
4.69,5.18,7.17,12.54).

After the initial displayof thetop-rankeddocuments,
Smartbegins a local searchin the background:eachin-
dividual documentis reparsedand matchedonceagain
againstthe queryto seeif it satisfiesthe particularhigh-
precision restriction criteria being investigated. If it
doesn’t the documentis removed from the retrieved set;
otherwise,thedocumentremainsin thefinal retrievedset
with a scorethat combinesthe global and local score.
In addition,theusercansupplyrelevancejudgementson
any documentby clicking Rel (relevant), NRel (not rel-
evant), or PRel (probably relevant). Smart usesthese
judgementsas feedback,updatingthe ranking after ev-
ery5 judgementsby addingnew documentsandremoving
thosealreadyjudgedfrom the list of retrievedtexts. Fig-
ure4 shows thestateof thesessionaftera numberof rel-
evancejudgementshave beenmadeandnew documents
havebeenaddedto thetop 20.

Theinterface,while basic,is valuablein its own right.
It was successfullyusedfor the Cornell/SabIRexperi-
mentsin the TREC 7 High-Precisiontrack. In this task,
userswereasked to find 15 relevant documentswithin 5
minutesfor eachof 50queries.Thiswasatruetestof user
efficiency; andCornell/SabIRdid verywell.

Themostimportantuseof theGUI, though,is to ex-
plorewhat is happeningunderneaththe surface,in order
to aid the researcher. Operatingon eithera singledocu-
mentor aclusterof documents,theresearchercanrequest
several different views. The two main paradigmsare:
(1) the documentmapview, which visually indicatesthe
relationshipsbetweenpartsof the selecteddocument(s);
and(2) thedocumentannotationview, whichdisplaysany
subsetof theavailableannotationsfor theselecteddocu-
ment(s).Neitherview is shown in Figures3 and4.

The documentannotationview, in particular, is ex-
tremelyflexible. Theinterfaceallows theuserto run any
of the availableannotatorson a document(or document
set). Eachannotatorreturnsthe text(s) andthesetof an-
notationscomputedfor thetext(s). TheGUI, in turn,dis-
playsthetext with thespansof eachannotationtypehigh-
lightedin a differentcolor. Optionally, thevaluesof each
annotationcanbedisplayedin a separatewindow. Thus,
for instance,a documentmaybereturnedwith oneanno-
tationtypegiving thespansof a documentsummary, and
otherannotationtypesgiving the spansof an ideal sum-
mary. The researchercanthenimmediatelyseewhat the
problemsarewith thedocumentsummary.

Thereis no limit to the numberof possibleannota-
tors that can be displayed. Annotatorsimplementedor
plannedinclude:

� Queryterm matches(with valuesin separatewin-
dow).

� Statisticaland/orlinguistic phrasematches.

� Summaryvs.modelsummary.

� Summaryvs.QandAanswers.

� Two documentsconcatenatedwith duplicateinfor-
mationof thesecondannotatedin thefirst.

� Coreferentnounphrases.

� Subject,verb,or objecttermmatches.

� Verb-object,subject-verb, andsubject-objectterm
matches.

� Subjectsor objectsof gapconstructionsannotated
with the inferred filler if it matchesan important
term.

Analyzingtheroleof linguistic relationshipsin theIR
tasksamountsto requestingthe display of someor all
of the NLP annotators. For example, the user can re-
questto seelinguistic phrasematchesas well as statis-
tical phrasematches.In the examplefrom Figure3, the
resultingannotatedsummarywould show “27 inmates”
and“Latino inmates” asmatchesof the queryterm “ in-
mates” becauseall instancesof “inmates”appearashead
nouns.Similarly, it wouldshow a linguistic phrasematch
between“ jail overcrowding” (paragraph5 of the sum-
mary)and“ jail andprisonovercrowding” (in thequery)
for the samereason. When the output of the linguistic
phraseannotatoris requested,the lower left frame that
lists query termsand weights is updatedto include the
linguistic phrasesfrom thequeryandtheir corresponding
weights.

Alternatively, onemight want to analyzethe role of
the“subject”annotator. In therunningexample,thiswould
modify the summarywindow to show matchesthat in-
volvetermsappearingasthesubjectof asentenceorclause.
Forexample,all of thefollowingoccurrencesof “inmates”
would be marked assubjectmatcheswith the “inmates”
query term, which also appearsin the subjectposition
(“inmatesareforced”): “ inmateswereinjured” (paragraph
1), “ inmatesbrokeout” (paragraph2), “ inmatesrefused”
(paragraph2), “ inmatesareconfined”(paragraph3), etc.
Smartcangiveextraweightto these“subject”termmatch-
essinceentitiesthat appearin this syntacticpositionare
often centraltopic terms. The interfacehelpsthe devel-
oper to quickly locateand determinethe correctnessof
subjectmatches. As an aside,if the “subject gap con-
struction”annotatorwererequested,“ inmates” would be
filled in astheimplicit subjectof “return” in paragraph2
andwould bemarkedasaquerytermmatch.



Figure3: TRUESmartGUI After Initial Query. Note that (otherthanthetext input box) no frameborders,scrolling
options,andor buttonbordersarevisible in this screendump.



Figure4: TRUESmartGUI After RelevanceJudgements.



Finally, the role of coreferenceresolutionmight also
be analyzedby requestingto seethe outputof thecoref-
erenceannotator. In responseto this request,the docu-
menttext window would thenbe updatedto highlight in
the samecolor all of the entitiesconsideredin the same
coreferenceequivalenceclass.As notedabove (seeSec-
tion 2.2), we currentlyhave two simplecoreferencean-
notators:one that usesthe headnounheuristicandone
that usesthe overlappingtermsheuristic. In our exam-
ple, theheadnounannotatorwould assume,amongother
things, that any nounphrasewith “inmates” as its head
refersto thesameentity: “27 inmates”,“black andLatino
inmates”, “the inmates”,etc. (Note that many of these
proposedcoreferencesareincorrect— the heuristicsare
only meantto beusedasbaselineswith which to compare
other, better, coreferencealgorithms.) A quick scanof
the text with all of theseoccurrenceshighlightedlets the
userquickly determinehow well theannotatoris working
for the currentexample. After limited pronounresolu-
tion is addedto thecoreferenceannotator, “their” in “their
cells” (paragraph2) would alsobehighlightedaspartof
thesameequivalenceclass.

4 HIGH-PRECISION INFORMA-
TION RETRIEVAL

In orderto maintaingeneral-purposeretrieval capabilities,
for example,currentIR systemsattemptto balancetheir
systemswith respectto precisionandrecallmeasures.A
numberof information retrieval tasks,however, require
retrievalmechanismsthatemphasizeprecision:userswant
to seea small numberof documents,mostof which are
deemeduseful, rather than being given as many useful
documentsas possiblewhere the useful documentsare
mixed in with numerousnon-usefuldocuments.As a re-
sult,ourresearchin high-precisionIR concentratesonim-
provingusertimeefficiency byshowing theuseronly doc-
umentsthatthereis verygoodreasonto believeareuseful.

Precisionis increasedby restricting an already re-
trieved set of documentsto thosethat meetsomeaddi-
tionalcriteriafor relevance.An initial setof documentsis
retrieved(a globalsearch),andeachindividualdocument
is reparsedandmatchedagainstthequeryagainto seeif
it satisfiesthe particularrestrictioncriteria beinginvesti-
gated(localmatching).If it does,thedocumentis put into
thefinal retrievedsetwith ascoreof somecombinationof
the globalandlocal score. We have investigateda num-
berof re-rankingalgorithms.Threearebriefly described
below: Booleanfilters,clusters,andphrases.

4.1 Automatic BooleanFilters

Smartexpandsuserqueriesby addingtermsoccurringin
thetop documents.Maintainingthefocusof thequeryis
difficult while expanding;thequerytendsto drift awayto-
wardssomeoneaspectof thequerywhile ignoringother
aspects.Therefore,it is usefulto have a re-rankingalgo-
rithm that emphasizesthosetop documentswhich cover
all aspectsof thequery.

In recentwork [14], weconstruct(soft)Booleanfilters
containingall queryaspectsandusethesefor re-ranking.
A manuallypreparedfilter canimproveaverageprecision
by up to 22%. In practice,a useris not goingto go to the
difficulty of preparingsucha filter, however, soan auto-
maticapproximationis needed.Aspectsareautomatically
identifiedby looking at theterm-termcorrelationsamong
thequeryterms. Highly correlatedtermsareassumedto
belongto the sameaspect,and lesscorrelatedtermsare
assumedto be independentaspects.The automaticfilter
includesall of theindependentaspects,andimprovesav-
erageprecisionby 6 to 13%.

4.2 Clusters

Clustering the top documentscan yield improvements
from two sources,aswe examinein [12]. First, outlier
documents(thosedocumentsnot stronglyrelatedto other
documents)canbe removed. This works reasonablyfor
many queries.Unfortunately, it fails catastrophicallyfor
somehardquerieswherethe outlier maybe theonly top
relevantdocument!Absolutefailuresneedto beavoided,
sothis approachis not currentlyrecommended.Thesec-
ondimprovementsourceis to ensurethatqueryexpansion
termscomefrom all clusters.This is anothermethodto
maintainquery focus and balance. A very modestim-
provementof 2 to 3% is obtained;it appearstheBoolean
filter approachabove is to bepreferred,unlessclustering
is beingdonefor otherpurposesin any case.

4.3 Phrases

Traditionally, phraseshavebeenviewedasaprecisionen-
hancingdevice. In [13] and [12], we examinethe ben-
efits of usinghigh quality phrasesfrom the Empiresys-
tem. We discover that the linguistic phrases,whenused
by themselveswithout singleterms,arebetterthantradi-
tionalSmartstatisticalphrases.However, neithergroupof
phrasessubstantiallyimprovesoverall performanceover
just using single terms,especiallyat the high precision
end.Indeed,phrasestendto helpatlowerprecisionswhere
therearefew cluesto whethera documentis relevant. At
thehigh precisionend,querybalanceis moreimportant.



Therearegenerallyseveralcluesto relevancefor thehigh-
estranked documents,andmaintainingbalancebetween
themis essential.A goodphrasematchoften hurts this
balanceby over-emphasizingthe aspectcoveredby the
phrase.

4.4 TREC 7 High Precision

Cornell/SabIRrecentlyparticipatedin the TREC 7 High
Precision(HP) track. In this track, the goal of the user
is to find 15 relevantdocumentsto a querywithin 5 min-
utes. This is obviously a nice evaluationtestbedfor user
efficient retrieval. We usedthe TRUESmartGUI andin-
corporatedtheautomaticBooleanfilters describedabove
into someof ourSmartretrievals.

Only preliminary resultsareavailablenow andonce
againCornell/SabIRdid very well. All 3 of our users
did substantiallybetterthanthe median.Oneinteresting
point is thatall 3 usersarewithin 1% of eachother: The
same3 usersparticipatedin theTREC6 HPtracklastyear
with muchmorevariedresults. Last year, the hardware
speedandchoiceof querylengthweredifferentbetween
theusers.Weattemptedto equalizethesefactorsthisyear.
The basicallyidenticalresultssuggest(but the sampleis
muchtoosmallto prove)thatourgeneralapproachis rea-
sonablyuser-training independent.Themajoractivity of
the useris judgingdocuments,a taskfor which all users
arepresumablyqualified.Theresultsareboundedby user
agreementwith theofficial relevancejudgements,andthe
closenessof the resultsmay indicatewe areapproaching
thatupper-bound.

5 CONTEXT-DEPENDENT
SUMMARIZA TION

Anotherapplicationareaconsideredto improve end-user
efficiency is reductionof thetext of thedocumentsthem-
selves. Longerdocumentscontaina lot of text that may
not be of interestto the end-user;techniquesthat reduce
the amountof this text will improve the speedat which
the end-usercan find the useful material. This type of
summarizationdiffersfrom our previouswork in that the
documentsummariesareproducedwithin thecontext of a
query. This is doneby

1. expandingthe vocabulary of the query by related
words using both a standardSmart cooccurrence
basedexpansionprocess,andtheoutputof thestan-
dardSmartadhocrelevancefeedbackexpansionpro-
cess;

2. weightingthe expandedvocabulary by importance
to thequery;and

3. performingtheSmartsummarizationusingonly the
weightedexpandedvocabulary.

We participatedin boththeTIPSTERdry run andthe
SUMMAC evaluationsof summarization.Onceagainwe
did very well, finishing within the top 2 groupsfor the
SUMMAC adhoc,categorization,andQandAtasks. In-
terestingly, the top 3 groupsfor the QandAtaskall used
Smartfor their extraction-basedsummaries.

Using the summeval evaluation tool on the SUM-
MAC QandAtask,we arecontinuingour investigations
into lengthversuseffectiveness,particularlywhencom-
paring summariesbasedon extracting sentencesas op-
posedto paragraphs.As expected,the longer the sum-
maryin comparisonwith theoriginaldocument,themore
effectivethesummary. For mostevaluationmeasures,the
relationshipappearsto belinearexceptat theextremes.

For short summaries,sentencesare more effective
thanparagraphs.This is expected;thegranularityof para-
graphsmakes it tough to fit in entire good paragraphs.
However, the reverseseemsto be true for longer sum-
maries,at leastfor usat our currentlevel of summariza-
tion expertise. The paragraphstend to include related
sentencesthat individually do not seemto usethe par-
ticular vocabulary our matchingalgorithmsdesire. This
suggeststhat work on coreferencebecomesparticularly
crucialwhenworkingwith sentencebasedsummaries.

Multi-Document Summarization. Ourcurrentwork in-
cludesextendingcontext-dependentsummarizationtech-
niquesfor usein multi-document,ratherthansingle-doc-
ument,summarization.Our work on duplicateinforma-
tion detectionwill alsobecritical for creatingthesemore
complicatedsummaries.We have no resultsto reportfor
multi-documentsummarizationat this time.

6 DUPLICATE INFORMA TION
DETECTION

Userseasily becomefrustratedwhen information is du-
plicatedamongthe set of retrieved documents.This is
especiallya problemwhen userssearchtext collections
that have beencreatedfrom several distinct sources:a
newswire sourcemay have several reportsof the same
incident,eachof which may vary insignificantly. If we
canensurethata userdoesnot seelargequantitiesof du-
plicate information then the usertime efficiency will be
improved.
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Figure5: Document-DocumentText RelationshipMapfor Articles 3608and3610.A line connectstwo paragraphsif
their similarity is aboveapredefinedthreshold.

Exactduplicatedocumentsarevery easyto detectby
any numberof techniques.Documentsfor whichthebasic
contentis exactly thesame,but differ in documentmeta-
datalike MessageID or Time of Message,arealsoeasy
to detectby several techniques.We proposeto compute
a cosinesimilarity function betweenall retrieved docu-
ments.Pairsof documentswith a similarity of 1.0will be
identicalasfarasindexablecontentterms.

The interestingresearchquestionis how to examine
documentpairs that areobviously highly related,but do
not containexactly thesametermsor vocabulary aseach
other. For this,document-documentmapsareconstructed
betweenall retrieved documentswhich are of sufficient
similarity to eachother. Thesemaps(seeFigure5) show a
link betweenparagraphsof onedocumentandparagraphs
of theotherif thesimilarity betweentheparagraphsis suf-
ficiently strong. If all of the paragraphsof a document
arestrongly linked to paragraphsof a seconddocument,
thenthe contentof the first documentmay be subsumed
by the contentof the seconddocument.If thereareun-
linked paragraphsof a document,then thoseparagraphs
containnew materialthatshouldbeemphasizedwhenthe
documentis shown to theuser.

The structureof the documentmapsis an additional

importantfeatureto be usedto indicatethe type of rela-
tionshipbetweenthedocuments:is onedocumentanex-
pansionof another, or arethey equivalentparaphrasesof
eachother, or is onea summarydocumentthat includes
thecommontopicaswell asothertopics.All of this infor-
mationcanbeusedto decidewhich documentto initially
show theuser.

Document-documentmapscan be createdpresently
within theSmartsystem,thoughthey have not beenused
in the pastfor detectionof duplicatecontent[2, 17, 18].
Figure5 givessucha document-documentmapbetween
two newswirereports,onea fuller versionof theother.

7 SUMMARY

In summary, we have developedsupportingtechnology
for improving end-userefficiency of informationretrieval
(IR) systems.We have madeprogressin threerelatedap-
plicationareas:highprecisioninformationretrieval,near-
duplicatedocumentdetection,andcontext-dependentdoc-
umentsummarization.Ourresearchaimsto increaseend-
userefficiency in eachof theabove tasksby reducingthe
amountof text thattheusermustperusein orderto getthe



desiredusefulinformation.

As the underlyingtechnologyfor the above applica-
tions, we usea novel combinationof statisticaland lin-
guistic techniques. The proposedstatisticalapproaches
extend existing methodsin IR by performingstatistical
computationswithin thecontext of anotherqueryor doc-
ument. The proposedlinguistic approachesbuild on ex-
isting work in informationextractionandrely on a new
techniquefor trainablepartial parsing. The goal of the
integratedapproachis to identify selectedrelationships
amongimportanttermsin a queryor text andusetheex-
tractedrelationships:(1) to discardor reorderretrieved
texts, (2) to locate redundantinformation, and (3) to
generatecoherentquery-dependentsummaries. We be-
lieve thattheintegratedapproachoffersaninnovativeand
promisingsolutionto problemsin end-userefficiency for
a numberof reasons:

� Unlike previous attemptsto combinenatural lan-
guageunderstandingandinformationretrieval, our
approachalwaysperformslinguistic analysisrela-
tive to anotherdocumentor query.

� End-usereffectivenesswill notbesignificantlycom-
promisedin thefaceof errorsby theSmart/Empire
system.

� Thepartialparseris a trainablesystemthat canbe
tunedto recognizethoselinguisticrelationshipsthat
aremostimportantfor thelargerIR task.

In addition,we have developedTRUESmart,a Tool-
box for Researchin User Efficiency. TRUESmartis a
set of tools and data supportingresearchersin the de-
velopmentof methodsfor improving userefficiency for
state-of-the-artinformationretrieval systems.In addition,
TRUESmartincludesasimplegraphicaluserinterfacethat
aids systemevaluationandanalysisby highlighting im-
portanttermrelationshipsidentifiedby theunderlyingsta-
tistical andlinguistic languageprocessingalgorithms.To
date,we have usedTRUESmartto integrateandevaluate
systemcomponentsin high-precisionretrievalandcontext-
dependentsummarization.

In conclusion,webelievethatourstatistical-linguistic
approachto automatedtext retrieval hasshown promising
resultsandhassimultaneouslyaddressedfour important
goalsfor theTIPSTERprogram— theneedfor increased
accuracy in detectionsystems,increasedportability and
applicabilityof extractionsystems,bettersummarization
of free text, and increasedcommunicationacrossdetec-
tion andextractionsystems.
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