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Abstract

Thispaperexploresnew-informationdetection,describingastrategy for �lter -
ing a streamof documentsto presentonly informationthat is fresh. We focuson
multi-documentsummarizationandseekto ef�ciently usemorelinguisticinforma-
tion thanis oftenseenin suchsystems.Weexperimentedwith ourlinguisticsystem
andwith a moretraditionalsentence-based,vector-spacesystemandfoundthata
combinationof thetwo approachesboostedperformanceover eachonealone.

1 Intr oduction

Thevoluminousamountof informationnow in digital form posesan importantchal-
lenge– to distinguishnew materialfrom materialin previously seendocuments.The
streamof news from aroundtheworld on theWorld Wide Webis but oneform of this
delugeof data.Datafrom theworld ®nancialmarkets,governmentactions,courtdeci-
sions,scienti®cresearchcanall betapped,but thatvaluewill begreatlydiminishedif
readersmustsift throughthesamematerialoverandoveragain.

A similar themesurfacesin many active areasof computationallinguistics,such
asquestionanswering,informationretrieval, andsummarization,wheresystemsmust
determinesimilarity betweentwo piecesof text. For new information detection,a
systemmust determinedifferences,a task madedif®cult becauseof the seemingly
endlesswaysin which writerscanrealizethesamecontent.A sentenceis a recursive
structureandcanbecomposedof somenumberof embeddedclauses.Onedocument
may have a complex sentence.An alternatedocumentmay breakthat sentenceinto
two or threesentenceswithoutchangingany meaning.Further, thewritersmaychoose
entirelydifferentwordsto makethesamepoints.Hereis anexampleof thesamefacts
presentedin ratherdifferentterms,asthey appearedin two newsarticleswritten at the
sametimeaboutthemurderchargesagainsttheformerTV actorRobertBlake:

Theformer”Baretta”staris accusedof fatallyshootingBonny LeeBakley,
44,nearlytwo yearsagoasshesatin hiscarneartheStudioCity restaurant
wherethey haddined. He alsois accusedof soliciting two stuntmenand
conspiringwith Caldwellto kill her.
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This secondarticlecontainsthissentencethatpartially coversthematerialabove.

Blakewill betriedonchargesof murderingBonny LeeBakley, solicitation
of murder, conspiracy andthespecialcircumstanceof lying in wait.

Elsewherein thesecondarticle,thereadercan®nd out thattheshootingtookplace
outsidea StudioCity restaurant,andthat the stuntmenandCaldwell were involved.
In effect, thesyntacticpiecesof thearticlehave to be mixedandmatchedin orderto
determinethatthey containthesameinformation.

We areseekingto ®nd a middle groundbetweenfull interpretationandpuresta-
tistical approachesfor suchproblems.A full translationof thesetwo sentencesinto a
logical form thatcanbedirectly comparedis not likely to scaleup. A comparisonof
wordsin sentencesis not likely to reachbeyondthestructuraldifferences.

Ourapproachenrichestheinput texts in threeways:1. a semanticdictionarycom-
bining manuallybuilt resourceswith corpusanalysisto equatedifferentexpressions
thatconvey thesameinformation– like “f atallyshooting”with “murdering”,and“ac-
cusedof” with “on chargesof”; 2. parsingto decomposesentencesinto clausesin
orderto approximateatomicfacts;3. severalkindsof referenceresolutionultimately
to determinethat“the star” is indeed“Blake”.

This paperdetailsthe currentstateof the system,andalsodescribesour strategy
to build a corpusof soundhumanjudgmentsfor the developmentof the system.We
presentaseriesof experimentsandshow thatanapproachcombiningour linguistically
orientedstrategy with a simplesentence-basedsystemsucceededin lifting precision
scoressubstantially.

2 ProblemSpeci�cation

Wede®nethenew-information-detectionproblemin termsof multi-documentsumma-
rization,wherewearegivenastreamof documentsonaparticularevent,andareasked
to provide a summaryof only the informationthat is new at a certainpoint in time.
For example,supposewe aretrackingthe online news aboutthe latestoutbreakof a
computervirus. Theusermaycheckthesystemon Dayn but only wantsto know if
therehavebeenany developmentssinceDayn � 1.

Our systemwill work with documentsproducedover a shortspanof days,which
wouldre�ect theburstinessof newsevents,whereanew eventreceivesmuchattention
atthebeginningandthengraduallyrecedesfrom view. Weareusingdocumentsreadily
availableontheWorld WideWeb. Wehavebeenexperimentingwith pairsof article,to
keepthetaskmoremanageablein development;in this context, thesystem's taskis to
®ndthenew informationin onearticlethatis not in theother. However, oursystemcan
processany numberof articles,andseparatethearticlesinto clustersof old (yesterday's
news)andnew (today's).

We paidcloseattentionto thequality of thecorporawe will usefor development
andtestingof thesystem.An earlierpilot annotationof pairsof newsarticlesconvinced
usof theneedfor precisionin themarkup,in keepingwith thedif®culty of thetask.We
requirethe peopledoing the annotationto reachagreementon eachpassage,forcing
them to look closely at the texts and to make decisionson the novelty of passages
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that they candefend. Considerableattentionhasto be focusedon a large numberof
comparisons,andthe annotatorshave told us that the task is muchharderthanthey
anticipated.

The annotatorsso far have prepared31 pairsof documents,which contain3,732
clauses.The new articlescontained1,943clauses.The annotatorsidenti®ed1,214
clauses(62.5%)ascontainingnew information. We discussthis annotationfully in
Section5.

3 RelatedWork

Much of the work in new information is relatedto the Text Retrieval Conference
(TREC) Novelty Track, which is a substantiallydifferentversionof the problem. In
TREC,systemsoperateon materialreturnedby aninformationretrieval engine.Once
relevantdocumentsarepulled from a collection,relevantpassagesarethenextracted
from thearticlesin theRetrieval Task, andduplicatesareremovedin theNoveltyTask
sothatSentencen doesnotechomaterialin Sentence1:::Sentencen � 1.

SinceTREC 2002,Allan[1] hasdonea studycomparinga numberof sentence-
basedmodelsrangingin complexity from a countof new wordsandcosinedistance,
to a varietyof sophisticatedmodelsbasedon KL divergencewith differentsmoothing
strategiesanda“coremixturemodel” thatconsidersthedistributionof thewordsin the
sentencewith thedistributionsin a topic modelanda generalEnglishmodel. On the
TREC2002testdata,all thevariationsperformedwithin a narrow range(mostfalling
with 1 percentagepoint of eachotherin precision),andthe authorsnotethat no one
measureoutperformedtheothers.

Otherinterestingapproachesat TREC2002,includeda groupat CMU[4], which
usedWordNetto identify synonymsandagraph-matchingalgorithmto computesimi-
lar structurebetweensentences.WordNetwasalsousedby thegroupfrom CUNY[8]
with a variationon theDice coef®cientto measuresentencesimilarity. TheUniversity
of Iowa[5] tried variouscombinationsof weightsfor namedentitiesandnounphrases
with sentenceanddocumentsimilarity.

In all, the novelty task in 2002wascloudedby its dependenceon the relevance
task,whereall thesentencesrelevantto a topichadto beextractedfrom 25preselected
documents.Overall resultson therelevancepartof thetaskwerepoor, overwhelming
thenovelty partof theexercisewith noisyinput.

While our approachis aimedat multidocumentsummarization,mostsummariza-
tion systemsarebasedonlocatingsimilaritiesbetweendocuments[13], [7] and[12]. A
groupatCMU [6] usescosinesimilarity of vectorsin theMMR algorithm,which tries
to balancerelevanceto a topicwith novelty. Radev[15] usesa similar techniqueto im-
posearedundancy penaltyin centroid-basedsummarization.A graphrepresentationof
severalrelationshipsbetweenwordsis usedto ®ndsimilaritiesanddifferencesbetween
pairsof articles[11]. They recognizethatsentencescannotbeexaminedindependently,
without referenceto othersentencesin thesamearticle.
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4 SystemDescription

The systeminput is a sequenceof two or morearticlesof annotatedtext on a single
event. A parameterindicateswherein thestreamof input documentsit shouldbegin
selectingnew passages,dividing the input into backgroundandcurrentsets. It can
comparea singlearticleagainstanother, or two setsof articles,onesetfrom daym:::n

andtheotherfrom day1:::m � 1.
It expectsthe input articlesto be divided into syntacticunits, suchasclausesin

our experiments,but alternatively in sentences,or into smallerphrasalunits. At a
minimum,theannotationsincludepart-of-speechtags,andtheunin�ectedrootsof the
words. We currentlyuseIBM' s Talent[16] to locatesentenceboundaries,do thepart-
of-speechtaggingand®nd theunin�ectedword forms. We alsouseTalentto identify
named-entities,andby running in a batchmode,for the entireclusterconcatenated
into one®le, we getcross-documentco-reference.Thearticlesarethenrun througha
®nite-stateclauserecognizerthatdividessentencesinto clauseunits,eacha structure
containinga verbandits arguments.

Theoutputis a selectionof passagesthatcontainthenew information. Thesecan
belargersegmentsthantheworkingunitsin orderto givetheusersurroundingcontext,
or theunitsthemselveswithout thecontext.

The overall ideais to comparewhatentitiesof documentdn arecoveredby doc-
umentsd1:::dn � 1. What is not coveredis thereforenovel. Theentitiescanbenamed
or not, abstractor not, andactionsor objects– in shortanything realizedby a con-
tentword. In our representation,entitiesarenot only singlewords,but alsogroupsof
equivalentwords.

To comparedocuments,the systemcomparesrelationshipsamongthe entities.
Thus,our representationof the documentsmustnot only grouplike words together,
but alsolist whatentitiesinteractwith eachother. Thenthesystemcanchecktheen-
tities andtheir lists of interactionsagainsttheearlierdocuments,thebackground, and
determineef®ciently which arecoveredandwhich arenot. Eachinteractionbetween
entitiesis essentiallyastandinfor a fact,or ®ne-grainedevent.Thekey to thisstrategy
is how to determinecoverageof suchfacts.

We seekto make the coveragejudgmenton the basisof surfaceinformation. An
interactionor relationshipbetweentwo entitiesei andej is not covered if it exists in
the currentdocument,dcur r but not in the backgroundbg. A relationshipis de®ned
asexisting betweentwo entitiesif two wordsreferringto thoseentitiesoccurin some
clausec. We don't try to specify the semanticroles involved in relationship. For
example,if “Blake”, “Bakley” and“kill” appearin thesameunit, we make no effort
to specifywhich is thevictim, assuminginsteadthat the inputswill agreeon on who
killed whom.We just recordeachpossiblepair of entities.

N ov(ei ; ej ) = True;
I f R(ei ; ej ) 2 dcur r ; R(ei ; ej ) =2 bg;
W hereR(a; b) ! a 2 Clausec; b 2 Clausec

Our hypothesisis that we do not needdeeplanguageunderstandingbecausethe
systemwill work with inputdocumentsgroupedtogetherby a reliableclusteringalgo-
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rithm. Further, we expectonly onesenseof polysemouswordsto appearin onesetof
articles.

Theproceduredecomposesadocumentinto structuresthatmakeit easyto compare
to the previousdocuments.By doing this transformation,we avoid makingpairwise
similarity judgmentsof syntacticunits, suchassentencesor clauses.Insteadwe can
build astructurefor all theentitiesin adocument,andwith eachone,we list all there-
lationshipsit haswith otherentities.Thenwe cancomparethesestructuresef®ciently.

Thesystemmakesthreepassesovertheinput(SeeFigure1). The®rstpassenriches
the inputswith semanticinformationso that individual wordsthat have the potential
to point to the sameentitiesaregroupedtogether. The secondpassbuilds up the in-
ternal representationof the document,recordingthe relationshipsmentionedabove.
The®nal passmakesthecomparisonof theinformationin thecurrentdocumentto the
backgroundof cumulative informationin previouslyseendocuments.In the®rst pass,
thesystemreadsthearticlessequentiallyandscanstheunits in eachdocument,using
a semanticdatabaseto createsequivalenceclassesof wordsthatcanrefer to thesame
entity, andmayuseotherkindsof semanticor pragmaticinformationin thefuture.We
call theseReferentialEquivalentClassesor RECs.TheRECsarenotcomposedexclu-
sively of synonymsbut of all potentialreferents,includinghypernyms,hyponymsand
laterpronouns.We haveexperimentedwith variouscombinationsof resourcesto help
build databases,includingWordNet[14], Celex[2], Nomlex[10], anda dictionarybuilt
automatically[9]. HerearesomeexampleRECsfrom thepair of articleson theactor
Blake:

RECi = f bail; bond;releaseg
RECj = f condition; lotg
RECk = f dine; eatg

In addition,we createa REC for all propernouns,suchasRobertBlake, which
would includeall variationsof his nameasidenti®edby thenamedentity recognizer.
In thelongrun,wewill createlinks betweentheRECsfor namedentitiesandthosefor
commonnouns,sothat“Blake” will berecognizedas“the actor” or the“star”.

In the secondpass,an internalstructureis built for eachRECin eachDocument
representingrelationshipsbetweenRECs. We call theseConceptVectors, or CV, each
of whichhasaRECasaheadandalist of all RECsthatco-occurwith theheadin some
clause.We thenhave a detailedsnapshotof what is saidabouteachREC. The list of
CVsimplicitly representsall thestatementsin a document;eachCV in effect holdsa
list of facts;eachfact is an assertionthat the headof the CV is in somerelationship
with all theRECsin theCV's list. Thisenablesastraightforwardmethodto ®nd which
statementsin thenew documentarecoveredin thebackgroundandwhicharenot.

In thethird pass,thesystemperformsa comparisonof eachCVr ec;d in thecurrent
documentd with a cumulative BackgroundCV. Whatwe meanby cumulative is that
it is updatedafter eachnew documentis scanned.The programreadsthroughthe
list of CVsin d. If thecurrentCV containsanRECr not found in thecorresponding
BackgroundCV, a clausecontainingtheheadRECandRECr is considerednovel. If
thereis no correspondingCV in the Background, thenevery mentionof the REC is
considereda novel bit of informationandaddedto theoutput.
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Background= fg
Novel = fg
1. ReadDocuments

For EachWord w
Fit w in someRECr

2. RereadDocs
For EachRECr in Docd

If noCV[r][d]
CreateCV[r][d]

CV[r][d]  r
3. RereadDocs

For EachCV v in Docd
Testv againstBackground

For EachRECr in v
not in Background[v]

CreateStruct[r][v]
Novel  Struct[r][v]

Background[v] v
Outputall Structsin Novel

Figure1: Algorithm for determiningnovelty.

For example,in thepair of documentsaboutBlake,at onestagein theprocessing,
hereis theBackgroundCV for “arraignment”:

CVbg(ar raignment ) =

8
>>>><

>>>>:

B akley; B lake
accuse;conspiracy;
count; courtr oom;

mur der; plea;shoot;
guil ty ; solicit

9
>>>>=

>>>>;

andasthenext articleis processed,its CV for “arraignment”includedthenovel subset:

CVcur r (ar raignment ) �
�

Caldwell ; tr ial
f ormer; innocent

�

Becausetheco-occurrenceof Caldwellandarraignmentappearsin thenew article
but not in thebackgroundarticle,this clauseis retrievedasnew:

AlsoatThursdayarraignmenthearing,Blakeformerhandyman-bodyguard,
EarleCaldwell,pleadedinnocentto a murderconspiracy charge

5 Data Annotation

Beforewe could begin to re®neour ideasaboutthe problem,we neededa suf®cient
corpusof unbiasednovelty decisions.This provedto be anexpensive proposition.It
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Figure2: Exampleof theannotationinterface,displayingapairof articlesandtheform
for theannotators

wasessentialto eliminate,as far aspossible,disagreementsbetweenannotators.In
a pilot annotation,donesomemonthsearlier, we mademany mistakesto guideus in
constructinga bettertestbed,a collectionof pairsof newsarticles.

Eachpair of articleswason a particularevent; someexamplesaretheannounce-
mentof Marlon Brando's divorcesettlement,themarriageof aninmateon deathrow,
thelawsuits®led by AmericaOn Line againstspammers,andtheproceedingsagainst
RobertBlake. We aimedto ®nd articlesthat largely coveredthesamegroundbut dif-
feredin detail.Thearticleswereusuallypublishedin shortspansof time,oftenwithin
adayof oneanother, andoftenpublishedby differentnewsoutlets.Wefavoredarticles
aboutmoreobscureeventsto force the annotatorsto rely on the texts ratherthanto
draw on their own knowledgeof theeventsof theday.

Our pilot annotationwas doneby volunteers. It was marredby low agreement
andvarying degreesof effort on the part of the volunteers.This time we asked paid
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annotatorsto makethreepassesover thematerial.In the®rst pass,they usedanHTML
interfaceavailableover theWorld Wide Web(SeeFigure2). To keepthe tasksimple,
wedisplayedthepairsof articlessideby side,andwehadtheannotatorsusethemouse
to selectfragmentsof text that containednew information. We did not de®neany
particularstructureto be marked – like sentencesor clauses. We recordedhidden
indicesadjacentto eachword. For eachselection,theannotatorswereforcedto grade
the selectionin two ways: novelty and importance. We gave themthesechoicesto
respondto thetwo questions.

Typeof Novelty Introduction,Quantitative,Ampli®cation,Revision

Degreeof Importance Necessaryinformation,Interestinginformation,Trivial infor-
mation

By separatingthetwo judgmentsweavoidedcloudingthequestionof novelty from
themoresubjectivenotionof importance.

After the®rstpass,weautomaticallycreatednew ®les,coloringtheareaswherethe
two annotatorsagreedandwherethey disagreed.Then,they wereaskedto rereadthe
articlesandreconsiderall theareasmarkedasdisagreement.On onesetof ®ve pairs
of articles,our annotatorsdisagreedon 48 fragments,almosthalf of the fragments
initially marked. But in this secondreconsiderationpass,35 of thosewereresolved–
simplyby having theannotatorstakeasecondlook,with thedisagreementshighlighted
– leaving only 13pointsof disagreement.To resolvetheseremainingpoints,they began
anexchangeof e-mails;in this case9 pointswereresolved in the®rst exchange,and
thelast4 in the®nal exchange.

Hereis onepassagefrom theBlake article,whereoneannotatormarkedthebold
facesection,andtheotherdidn't on the®rst reading.The two remainedin disagree-
mentafterthereconsideration.

Appearing in court for the �rst time sincehe wasallowed to post bail
Mar ch 14, a healthierlooking RobertBlake pleadedinnocentto murder-
ing his wife and waived his right to a speedytrial until October, when
proceedingsarelikely to begin.

But the annotatorwho favorednovelty, arguedin the negotiationphase,“The 1st
article didn't saythis wasthe ®rst time he hadappearedin court sincepostingbail.”
With that,shepersuasivedhercounterpart.

At the end, it becameclear that novelty wasnot a terribly subjective quality, but
that themarkupwork wassubjectto lapseson thepartof theannotators.Thesewere
easilycorrectedby having themreview theirwork.

6 Experiments

We conductedexperimentsto explore the effect of using different typesof syntac-
tic analysisandof usingvariationsof our semanticdatabase.We alsocomparedour
overall approachto a simplesentence-basedsystem. We testedthe differentsystem
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variationsonall 31pairsof articlesthathadbeenannotatedin a®rst roundin theearly
summer. Thesystemwasconstructedwithout referenceto thesetestarticles,andwe
arein theprocessof conductinganew roundof annotationandwewill holdthosepairs
out for future testson changesto the system. In theseexperiments,we ignoredthe
annotators'assessmentsof importance.We did this for two reasons.First, metricsof
importanceandnovelty canwork againsteachother. Second,our goalat this time is
to isolatetheindicatorsof novelty. Lateron,wewill usetechniquesin multi-document
summarizationto measuretherelative importanceof novel passages.

In addition, we combinedthe resultsof our system,which analyzesdocuments
thathave beenbrokendown into clauses,andthesentence-basedsystem,which does
a pairwisecomparisonof sentences,andachieved a substantialjump in precision,to
0.73(Table1). This is well aheadof a randomsystem,which would be expectedto
obtaina 0.63precision,andbetterthaneitherstrategy aloneattained(Tables2 and3).
This result is in line with an observation we madeaboutthe data, i.e. the annota-
tors selections.Sometimesthey chosea singleclauseor phraseasthe new material.
Any sentencebasedstrategy would have dif®culty becausethe two partsof the sen-
tencesthenwork againsteachother. But othertimestheannotatorsoftenchosenovel
segmentsthat spannedseveral sentences,giving an advantageto the sentence-based
system,whichwouldpick upon thenew terminologythataccompaniesa topicalshift.

Threshold Prec Rec Size

Cos=0.10 0.73 0.22 361
Cos=0.20 0.71 0.32 549
Cos=0.30 0.69 0.40 701
Cos=0.40 0.67 0.42 766

Table1: Resultsof takingtheintersectionthevector-spacemodelandoursystemwith
theWordNetplusCelex database,andmanualpronomialresolution.

Thusit appearsthatoursystemhelpsthevector-spaceprogramby eliminatingparts
of sentencesthatwerenotjudgedasnovel. To illustratetheeffect,considerthesentence
from theBlake articlebelow. Thenumbersin parenthesesshow theclauseboundaries
found by our parser. The novel material,accordingto the annotators,was the fact
that this was his �r st appearancesincepostingbail, which is containedin the ®rst
threeunits. In this segmentation,we canalsopinpoint that it wasBlake who waived
his rights to a speedytrial andnot his wife. The sentence-basedsystemselectsthis
sentenceswhenthesimilarity thresholdis at0.3andhigher. At thatlevel, thesentence-
basedsystemwouldreturn89%of theoriginalarticle,whenonly 69%wasjudgednew
by theannotators.

(1)Appearingin court for the®rst time (2)sincehewasallowed(3)to
post bail March 14, a healthierlooking (4) RobertBlake pleadedinno-
centto murderinghis wife (5) andwaivedhis right to a speedytrial until
October, (6) whenproceedingsarelikely (7) to begin.

In turn thevector-spacehelpsoursystemby focusingonthesectionsthatarericher
in new material. In its presentform, our systemis quite susceptibleto noise. Since
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it makesbinarydecisionson all combinationsof words,acceptingwhenever thereare
two wordstogetherthatarenot foundtogetherin thebackground,therearemany op-
portunitiesfor falsepositives.

The examplealsoshows theneedto carry forwardsomewords,like headsof the
subjectnounphrase,to thenext clause,like thoseheadedby non®niteverbsor in cases
of ellipses,andthatwe needpronomialresolution.

6.1 Semantics

Wetestedseveralalternatesemanticdatabasesto gainsomeinsightintohow to increase
coveragewithoutaddingnoise.WordNetis anobviousplaceto start,but writersdonot
limit themselvesto synonymy in choosingreferringexpressions,for example“dog”
and “pet”. This seeminglycommonassociationcannotbe retrieved from WordNet.
Consider, the immediatehypernymsof thesix sensesof dog in WordNet2: “canine”,
“unpleasantwoman”, “chap”, “villian”, “catch”, “support”. It quickly becomesclear
thatwehaveto expandits reachwhile removingobscurelinks. Oursemanticdictionary
is usedby thesystemto build theRECs. Theresultsonthechoiceof databasearelisted
in the®rst columnof Table3.

The®vealternativesare:

DekLin The databaseconsistsexclusively of DekangLin' s[9] thesaurusof similar
words. He clusterswordsautomaticallyon thebasisof their distributionalpat-
terns.

Empty A databasethatonly identi®estheunin�ectedrootsof eachword.

BaseWN A databasecomposedentirelyof WordNet[14] synonyms,hypernymsand
hyponyms.

WN+DL Theintersectionof extendedlinks in WordNetandDekLin's thesaurus.

WN+CLX WordNetplusderivations,suchasnominalizationsof verbsfrom Nomlex
[10] andCELEX[2].

Althoughthedetailedresultsshow numerousdifferencesover thetestpairsof arti-
cles,they tendto evenout. Therewasnosigni®cantnetgainin addingany of theextra
informationover theEmptydatabase.Only theautomaticallybuilt dictionarycontains
enoughnoiseto degradeperformancesomewhat. In fact,all of thedatabasescontain
considerablenoisebecausethey containinfrequentandeven obscurelinks between
words.

Agreementon theclauseswasobviously quitehigh, andwe computedtheKappa
co-ef®cientat 0.75,but thereweresuf®cientdifferencesto supportmuchgreatervari-
ation in thescores.For example,therewere568 differencesamongthesystem.425
were5-to-1splits,92 were4-to-2splits,and51 were3-to-3splits. It seemsthateach
variationsimplyaddssomemoreinformationandmorenoiseat thesametime.

We alsoresolvedpronomialreferencesmanuallyinto a copy of thedata. We had
anticipatedthatwewouldultimatelyneedamoduleto resolvepronomialreferenceand
to link namedentitiesto nounphrases,but havenotyetwrittenthatmodule.Thesecond
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Threshold Prec Rec Size
Cos=0.05 0.62 0.35 675
Cos=0.10 0.65 0.47 866
Cos=0.20 0.66 0.77 1405
Cos=0.30 0.65 0.93 1722
Cos=0.40 0.64 0.98 1863

Table2: A simplevector-spacemodelappliedto wholesentences,andcomputedwith
thecosinemetric.

Database NIA Only NIA+Prons NIA+Charn NIA+Pro+Ch SummarySize
P R P R P R P R

DekLin 0.57 0.25 0.63 0.30 0.62 0.25 0.63 0.29 586
Empty 0.61 0.36 0.64 0.42 0.64 0.37 0.64 0.39 785
BaseWN 0.62 0.38 0.64 0.43 0.64 0.38 0.65 0.41 803
WN+DL 0.60 0.37 0.64 0.43 0.63 0.37 0.64 0.40 814
WN+CLX 0.61 0.37 0.64 0.43 0.64 0.39 0.65 0.41 804

Table3: Resultsoursystemin variouscon®gurations.

columnin Table3 shows the result for the ®ve databasesafter pronomialresolution
is added;both precisionand recall increase. The differencesin precisionbetween
the databasesall but disappearandonly DekLin lagsin recall. This result raisesthe
immediatequestionof how much of gain this will translateto when we include an
automaticsystemof pronomialresolution. Therearea numberof systemsavailable,
andit seemsthatthey functionatabout70%accuracy. In thecombinationexperiment,
we usedthe versionof our systemwith pronomialresolution,andwith the WordNet
plusCelex database.

6.2 Parsing

We alsotesteda morepowerful syntacticanalyzer. Thesystemwasintendedto usea
®nite stateclauserecognizerthat we usein somesummarizationtasksandin corpus
analyses.It hastheadvantageof beingfastandreasonablyaccurate,but we wantedto
measurethegainby usinga morepowerful tool andtried theprobabilisticparserfrom
Brown University[3] withoutandwith themanualpronounresolution.

With the full-scaleparserby itself, Column3 of Table3 shows a boostin perfor-
mance,particularlyin precisionover thebasicsystem.But while equalin precisionto
the pronoun-resolutionversion,it is somewhatbehindin recall. Whenwe combined
themorepowerful parserwith pronounresolution,wesaw progressinchfowardagain,
asseenin Column4 of Table3. Two factorslimit thepotentialgainfrom this combi-
nation:First, we arestill dealingwith inadequatesemanticresources,andsecond,we
arenot yet®lling in gappedor elliptical references.
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Figure3: TrecNovelty Trackdatashows little precision/recalltradeoff

6.3 Sentences

Our sentence-basedsystemis the traditionalvector-spacemodelthatusescosinedis-
tanceto measuresimilarity, and we considerednovelty to the inverseof similarity:
1� Cos(s). Theprogramignoredalist of stopwordsandimposednoweightingof the
contentwords,suchastf � idf , anddid quitewell in comparisonto our system.Ta-
ble2. Thecuriousaspectof this programwasthatprecisionneverchanges.It actually
sinksat a veryhigh thresholdfor novelty. Recallbehavesin theexpectedway, coming
closeto 1:0 at a middle-level threshold.Notethatprecisionandrecallat thethreshold
of Cos = :10 is veryneartheperformanceof oursystem,andproducesthesamesized
summary. Eachclausein a selectedsentencewascountedfor scoringpurposes.

In additionwerantheTREC2003datathroughourvector-spaceprogramto seeif
wewouldalsogeta �at precisioncurve. TheTREC2003datacontainedamuchlarger
portion of novel sentencesin the list of relevant sentences,10,226out of 15,557,or
65.7%thanin TREC2002.However, a substantialnumberof thenon-novel sentences
areexactduplicates,astherearea fair numberof duplicatearticlesin thetopics. Fig-
ure3 showsavery �at precisioncurvehoveringslightly aboverandom(afterfactoring
out theduplicatearticles). We ran our systemon thedata,but asmight be expected,
did poorlybeingforcedto selectfull sentenceslistedoutof context.

7 Conclusionand Futur e Work

We have worked in our experimentsto explore the dimensionsof a new problemin
computationallinguistics. We soughtto show that®ndingnew informationwould re-
quire a greateramountof syntacticandsemanticanalysis,and, indeed,we achieved
our bestresultswhenwe combineda standardmodelof comparingsentencevectors
with our more®ne-grainedapproach.

It seemsthatnew informationcomesin differentgranularities.Therearedetailsen-
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tirely containedin a smallphraseandstatementsentirelycontainedin clauses,which
canbeembeddedwithin a sentenceor cancomprisea wholesentence.Thenthereare
largersegments,wheresomenovel subtopicis introduced.Thusweachievebetterper-
formancewith a mixedsystemratherthanonefocusedona singlelevel of granularity.

We learnedthatwe mustgo muchfartherin referenceresolution.We have shown
thatwe needto link pronounsto the termsthey represent.In addition,it seemsclear
thatwe mustlink namedentitiesandthecommonnounsthat referto them.Thechal-
lengewill beto ®nd anautomaticmeansof performingreferenceresolutionthat,given
currentaccuracy levels,doesnotaddmorenoisethaninformation.
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