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Abstract

This paperexploresnew-informationdetectiondescribinga strateyy for Iter -
ing a streamof documentdo presenbnly informationthatis fresh. We focuson
multi-documensummarizatiormndseekto ef ciently usemorelinguisticinforma-
tion thanis oftenseerin suchsystemsWe experimentedvith ourlinguistic system
andwith a moretraditionalsentence-baseugctorspacesystemandfoundthata
combinationof thetwo approacheboostedperformancever eachonealone.

1 Intr oduction

The voluminousamountof informationnow in digital form posesanimportantchal-
lenge— to distinguishnew materialfrom materialin previously seendocuments.The
streamof news from aroundthe world on the World Wide Webis but oneform of this
delugeof data.Datafrom theworld ®nancialmarkets,governmentctions,courtdeci-
sions,scienti®cresearcltanall betappedbut thatvaluewill be greatlydiminishedif
readergnustsift throughthe samematerialover andoveragain.

A similar themesurfacesin mary active areasof computationalinguistics, such
asquestionansweringjnformationretrieval, andsummarizationywheresystemsmust
determinesimilarity betweentwo piecesof text. For new information detection,a
systemmust determinedifferences,a task madedif®cult becauseof the seemingly
endlessvaysin which writers canrealizethe samecontent. A sentences arecursve
structureand canbe composedf somenumberof embeddedlauses.Onedocument
may have a complex sentence.An alternatedocumentmay breakthat sentencento
two or threesentencewithout changingary meaning.Further thewritersmaychoose
entirelydifferentwordsto make the samepoints. Hereis anexampleof the samefacts
presentedn ratherdifferentterms,asthey appearedn two news articleswritten atthe
sametime aboutthe murderchagesagainstheformerTV actorRobertBlake:

Theformer”Baretta”staris accuseaf fatally shootingBonry LeeBakley,
44, nearlytwo yearsagoasshesatin his carnearthe StudioCity restaurant
wherethey haddined. He alsois accusedf soliciting two stuntmenand
conspiringwith Caldwellto kill her.



This secondarticle containsthis sentencehatpartially coversthe materialabove.

Blakewill betriedonchagesof murderingBonry LeeBakley, solicitation
of murder conspirag andthe specialcircumstancef lying in wait.

Elsavherein thesecondarticle,thereadercan®nd out thatthe shootingtook place
outsidea Studio City restaurantandthat the stuntmenand Caldwell were involved.
In effect, the syntacticpiecesof the article have to be mixed andmatchedn orderto
determinghatthey containthe sameinformation.

We are seekingto ®nd a middle groundbetweerfull interpretationand pure sta-
tistical approachefor suchproblems.A full translationof thesetwo sentencesito a
logical form that canbe directly compareds not likely to scaleup. A comparisorof
wordsin sentencess notlikely to reachbeyondthe structuraldifferences.

Ourapproactenrichegheinputtextsin threeways: 1. asemantiaictionarycom-
bining manuallybuilt resourceswith corpusanalysisto equatedifferentexpressions
thatcorvey the sameinformation— like “f atally shooting”with “murdering”, and“ac-
cusedof” with “on chagesof”; 2. parsingto decomposesentencesto clausesn
orderto approximateatomicfacts;3. severalkinds of referenceesolutionultimately
to determinghat“the star”is indeed‘Blake”.

This paperdetailsthe currentstateof the system,andalsodescribesour stratgy
to build a corpusof soundhumanjudgmentsfor the developmentof the system.We
presentseriesof experimentsandshav thatanapproackcombiningour linguistically
orientedstrat@y with a simple sentence-basesl/stemsucceededh lifting precision
scoressubstantially

2 Problem Speci cation

We de®nethe newn-information-detectioproblemin termsof multi-documensumma-
rization,wherewe aregivenastreamof document®naparticularevent,andareasled
to provide a summaryof only the informationthatis new at a certainpointin time.
For example,supposeve aretrackingthe online news aboutthe latestoutbreakof a
computervirus. The usermay checkthe systemon Day,, but only wantsto know if
therehave beenary developmentsinceD ay,, ;.

Our systemwill work with documentgroducedover a shortspanof days,which
wouldre ect theburstinesof news events whereanew eventrecevesmuchattention
atthebeginningandthengraduallyrecede$rom view. We areusingdocumentseadily
availableonthe World Wide Weh We have beenexperimentingwith pairsof article,to
keepthetaskmoremanageabl@é development;n this context, the systems taskis to
®ndthenew informationin onearticlethatis notin the other However, our systencan
processary numberof articles,andseparat¢hearticlesinto clustersof old (yesterdays
news)andnew (today's).

We paid closeattentionto the quality of the corporawe will usefor development
andtestingof thesystem An earlierpilot annotatiorof pairsof newsarticlescorvinced
usof theneedfor precisionin themarkup,in keepingwith thedif®culty of thetask.We
requirethe peopledoing the annotationto reachagreemenbn eachpassageforcing
themto look closely at the texts and to make decisionson the novelty of passages



thatthey candefend. Considerablattentionhasto be focusedon a large numberof
comparisonsandthe annotatorshave told us that the taskis muchharderthanthey
anticipated.

The annotatorsso far have prepared3l pairs of documentswhich contain3,732
clauses. The new articlescontainedl,943clauses. The annotatorddenti®ed 1,214
clauseq62.5%)as containingnew information. We discussthis annotationfully in
Sectionb.

3 RelatedWork

Much of the work in new informationis relatedto the Text Retrieval Conference
(TREC) Novelty Track, which is a substantiallydifferentversionof the problem. In
TREC, systemsperateon materialreturnedby aninformationretrieval engine.Once
relevantdocumentsare pulled from a collection, relevant passagearethenextracted
from the articlesin the Retrieval Task andduplicatesareremovedin the Novelty Task
sothatSentence, doesnotechomaterialin Sentence;:::Sentence, 1.

Since TREC 2002, Allan[1] hasdonea study comparinga numberof sentence-
basedmodelsrangingin compleity from a countof new wordsand cosinedistance,
to avariety of sophisticatednodelsbasedon KL divergencewith differentsmoothing
stratggiesanda “core mixturemodel”thatconsiderghedistribution of thewordsin the
sentencavith the distributionsin atopic modelanda generalEnglishmodel. On the
TREC2002testdata,all the variationsperformedwithin a narron range(mostfalling
with 1 percentaggoint of eachotherin precision),andthe authorsnotethat no one
measureutperformedheothers.

Otherinterestingapproacheat TREC 2002, includeda groupat CMU[4], which
usedWordNetto identify synorymsanda graph-matchinglgorithmto computesimi-
lar structurebetweersentencesWordNetwasalsousedby the groupfrom CUNY[8]
with avariationon the Dice coef®cientto measuresentencaimilarity. The University
of lowa[5] tried variouscombinationof weightsfor namedentitiesandnounphrases
with sentenceanddocumensimilarity.

In all, the novelty taskin 2002 was cloudedby its dependencen the relevance
task,whereall the sentenceeelevantto atopic hadto beextractedfrom 25 preselected
documentsOverall resultson the relevancepart of the taskwere poor, overwhelming
thenovelty partof the exercisewith noisyinput.

While our approachs aimedat multidocumentsummarizationmostsummariza-
tion systemarebasednlocatingsimilaritiesbetweerdocument$13], [7] and[12]. A
groupat CMU [6] usescosinesimilarity of vectorsin the MMR algorithm,whichtries
to balancerelevanceto atopic with novelty. Rade[15] usesa similartechniqueo im-
posearedundang penaltyin centroid-basedummarizationA graphrepresentatioof
severalrelationshipsetweerwordsis usedto ®nd similaritiesanddifferencedetween
pairsof articles[11]. They recognizehatsentencesannotheexaminedndependently
without referenceo othersentences the sameatrticle.



4 SystemDescription

The systeminput is a sequencef two or more articlesof annotatedext on a single
event. A parameteindicateswherein the streamof input documentst shouldbegin
selectingnew passagegdividing the input into backgroundand currentsets. It can
comparea singlearticle againstanotheror two setsof articles,onesetfrom daypm::n
andtheotherfromdays..m 1.

It expectsthe input articlesto be divided into syntacticunits, suchas clausesn
our experiments,but alternatiely in sentencesor into smaller phrasalunits. At a
minimum,the annotationsncludepart-of-speechags,andthe unin ectedrootsof the
words. We currentlyuselBM' s Talent[1§ to locatesentencdoundariesdo the part-
of-speechaggingand®nd the unin ected word forms. We alsouseTalentto identify
named-entitiesand by runningin a batchmode,for the entire clusterconcatenated
into one®le, we getcross-documerto-referenceThearticlesarethenrun througha
®nite-stateclauserecognizeithat dividessentenceto clauseunits, eacha structure
containinga verbandits arguments.

The outputis a selectionof passagethatcontainthe new information. Thesecan
belargersegmentghantheworking unitsin orderto give theusersurroundingcontext,
or theunitsthemseleswithout the context.

The overallideais to comparewhat entitiesof documentd,, arecoveredby doc-
umentsd; :::d, 1. Whatis not coveredis thereforenovel. The entitiescanbe named
or not, abstractor not, and actionsor objects— in shortanything realizedby a con-
tentword. In our representatiorentitiesarenot only singlewords,but alsogroupsof
equialentwords.

To comparedocumentsthe systemcompareselationshipsamongthe entities.
Thus, our representatioof the documentanustnot only group like words togethey
but alsolist what entitiesinteractwith eachother Thenthe systemcancheckthe en-
tities andtheir lists of interactionsagainsthe earlierdocumentsthe badkground and
determineef®ciently which are coveredandwhich are not. Eachinteractionbetween
entitiesis essentiallya standinfor afact,or ®ne-grainedevent. Thekey to this strateyy
is how to determinecoverage of suchfacts.

We seekto make the coveragejudgmenton the basisof surfaceinformation. An
interactionor relationshipbetweentwo entitiese; ande; is not covered if it existsin
the currentdocumentdc,, » but notin the backgroundog A relationshipis de®ned
asexisting betweentwo entitiesif two wordsreferringto thoseentitiesoccurin some
clausec. We don't try to specify the semanticrolesinvolved in relationship. For
example,if “Blake”, “Bakley” and“kill’ appearin the sameunit, we make no effort
to specifywhich is the victim, assumingnsteadthatthe inputswill agreeon on who
killed whom. We justrecordeachpossiblepair of entities.

Nov(e;g) = True;
IfR(e;g) 2 deurr;R(e:g) 2 bg
WhereR(a;b)! a2 Clause;;b2 Clause,

Our hypothesids that we do not needdeeplanguageunderstandindpecausehe
systemwill work with inputdocumentgroupedogethertby areliableclusteringalgo-



rithm. Further we expectonly onesenseof polysemousvordsto appeain onesetof
articles.

Theprocedurelecomposeadocumentnto structureshatmake it easyto compare
to the previous documents.By doing this transformationwe avoid making pairwise
similarity judgmentsof syntacticunits, suchassentencesr clauses.Insteadwe can
build a structurefor all theentitiesin adocumentandwith eachone,we list all there-
lationshipst haswith otherentities. Thenwe cancomparehesestructureef®ciently.

Thesystenmalkesthreepassesvertheinput(SeeFigurel). The®rstpassenriches
the inputswith semantidnformation so thatindividual wordsthat have the potential
to point to the sameentitiesare groupedtogether The secondpassbuilds up the in-
ternal representatiomf the document,recordingthe relationshipsmentionedabove.
The®nal passmakesthe comparisorof theinformationin the currentdocumento the
backgroundf cumulatveinformationin previously seenrdocumentsin the®rst pass,
the systemreadsthe articlessequentiallyandscanghe unitsin eachdocumentusing
a semanticdatabaseo createequivalenceclasse®f wordsthatcanreferto the same
entity, andmayuseotherkindsof semanticor pragmatianformationin thefuture. We
call theseRefeential EquivalentClasse®r RECs. The RECsarenot composeaxclu-
sively of synorymsbut of all potentialreferentsjncluding hyperryms,hyporymsand
later pronouns We have experimentedvith variouscombinationsf resourceso help
build databasesncludingWordNet[14, Celex[2], Nomlex[10], andadictionarybuilt
automatically[9. HerearesomeexampleRECsfrom the pair of articleson the actor
Blake:

REC; = fbail; bond;releasey
REC; = fcondition; lotg
RECy = fdine; eatg

In addition, we createa REC for all propernouns,suchas RobertBlake, which
would includeall variationsof his nameasidenti®edby the namedentity recognizer
In thelongrun,we will creatdinks betweerthe RECsfor namedentitiesandthosefor
commonnouns sothat“Blake” will berecognizeds“the actor” or the“star”.

In the secondpass,an internal structureis built for eachRECin eachDocument
representingelationshipsbetweerREGs. We call theseConceptvectors, or CV, each
of whichhasaRECasaheadandalist of all RECsthatco-occumwith theheadin some
clause.We thenhave a detailedsnapshobf whatis saidabouteachREC Thelist of
CVsimplicitly representsill the statement$n a documenteachCV in effect holdsa
list of facts;eachfactis an assertiorthat the headof the CV is in somerelationship
with all theRECsin the CV'slist. This enablesa straightfornardmethodto ®nd which
statement# the new documentrecoveredin thebackgroundandwhich arenot.

In thethird passthe systemperformsa comparisorof eachCV; ec.¢ in thecurrent
documentd with a cumulative BadkgroundCV. Whatwe meanby cumulative is that
it is updatedafter eachnen documentis scanned. The programreadsthroughthe
list of CVsin d. If thecurrentCV containsan RECr not foundin the corresponding
BadkgroundCV, a clausecontainingthe headRECandRECT is consideredovel. If
thereis no correspondindCV in the Badground then every mentionof the RECis
considered novel bit of informationandaddedto the output.



Background- fg
Novel =fg
1. ReadDocuments
For EachWord w
Fit win someRECTr
2. RereadDocs
For EachRECT in Docd
If no CVI[r][d]
CreateCV]r][d]
CV[rd] r
3. RereadDocs
For EachCV v in Docd
Testv againsBackground
For EachRECrinv
notin Backgroundv]
CreateStruct|[r][v]
Novel  Struct|r][v]
Background[v] v
Outputall Structsin Novel

Figurel: Algorithm for determiningnovelty.

For example,in the pair of document@boutBlake, at onestagein the processing,
hereis theBadkgroundCV for “arraignment”;

8 9

% Bakley;Bnge E

accuse;conspiracy; =

CVyg(arraignment) = count; courtr oom;
mur der; plea;shoot;

guil ty; solicit ’

andasthenext articleis processedts CV for “arraignment’includedthe novel subset:

Caldwell; trial

CVeur r (arraignment) f ormer; innocent

Becausdhe co-occurrencef Caldwellandarraignmenappearsn the new article
but notin thebackgroundarticle, this clauseis retrievedasnew:

Also atThursdayarraignmenhearing Blake formerhandyman-bodygard,
EarleCaldwell,pleadednnocentto a murderconspirag chaige

5 Data Annotation

Beforewe could begin to re®neour ideasaboutthe problem,we neededa suf®cient
corpusof unbiasedhovelty decisions.This provedto be an expensve proposition. It



Figure2: Exampleof theannotatiorinterface displayinga pairof articlesandtheform
for theannotators

was essentiako eliminate,asfar as possible,disagreementbetweenannotators.In
a pilot annotationdonesomemonthsearlier we mademary mistalesto guideusin
constructinga bettertestbeda collectionof pairsof news articles.

Eachpair of articleswason a particularevent; someexamplesarethe announce-
mentof Marlon Brandos divorcesettlementthe marriageof aninmateon deathrow,
thelawsuits®led by AmericaOn Line againstspammersandthe proceedingagainst
RobertBlake. We aimedto ®nd articlesthatlargely coveredthe samegroundbut dif-
feredin detail. Thearticleswereusuallypublishedn shortspanof time, oftenwithin
adayof oneanotherandoftenpublishedy differentnews outlets.We favoredarticles
aboutmore obscureeventsto force the annotatorgo rely on the texts ratherthanto
draw ontheir own knowledgeof the eventsof theday.

Our pilot annotationwas done by volunteers. It was marredby low agreement
andvarying degreesof effort on the part of the volunteers. This time we asled paid



annotatorso make threepassesverthe material.In the®rst passthey usedanHTML
interfaceavailableover the World Wide Web (SeeFigure2). To keepthe tasksimple,
we displayedhepairsof articlessideby side,andwe hadtheannotatorsisethemouse
to selectfragmentsof text that containednew information. We did not de®neary
particularstructureto be marked — like sentence®r clauses. We recordedhidden
indicesadjacento eachword. For eachselectionthe annotatorsvereforcedto grade
the selectionin two ways: novelty andimportance We gave themthesechoicesto
respondo thetwo questions.

Type of Novelty Introduction,Quantitatve, Ampli®cation, Revision

Degreeof Importance Necessarynformation,Interestinginformation, Trivial infor-
mation

By separatinghetwo judgmentsve avoidedcloudingthe questiornof novelty from
themoresubjectve notionof importance.

After the®rst passwe automaticallycreatechew ®les, coloringtheareasvherethe
two annotatorsagreedandwherethey disagreedThen,they wereasledto rereadthe
articlesandreconsideill the areasmarked asdisagreementOn onesetof ®ve pairs
of articles, our annotatordisagreedon 48 fragments,almosthalf of the fragments
initially marked. But in this secondreconsideratiopass,35 of thosewereresohed—
simply by having theannotatorsake asecondook, with thedisagreementsighlighted
—leaving only 13 pointsof disagreementdresolhe theseremainingpoints,they began
anexchangeof e-mails;in this case9 pointswereresohedin the ®rst exchangeand
thelast4 in the®nal exchange.

Hereis one passagdrom the Blake article, whereoneannotatomarked the bold
facesection,andthe otherdidn't on the ®rst reading. The two remainedn disagree-
mentafterthereconsideration.

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

But the annotatowho favored novelty, arguedin the negotiationphase, The 1st
article didn't saythis wasthe ®rst time he hadappearedn court since postingbail”
With that,shepersuasiedhercounterpart.

At the end, it becameclearthat novelty wasnot a terribly subjectve quality, but
thatthe markupwork wassubjectto lapseson the part of the annotators Thesewere
easilycorrectedby having themreview their work.

6 Experiments

We conductedexperimentsto explore the effect of using differenttypesof syntac-
tic analysisandof usingvariationsof our semanticdatabase We alsocomparedur
overall approachto a simple sentence-baseslstem. We testedthe differentsystem



variationson all 31 pairsof articlesthathadbeenannotatedn a®rst roundin theearly
summer The systemwas constructedvithout referenceto thesetestarticles,andwe
arein theproces®f conductinganew roundof annotatiorandwe will hold thosepairs
out for future testson changego the system. In theseexperimentswe ignoredthe
annotatorsassessmentsf importance.We did this for two reasons First, metricsof
importanceand novelty canwork againsteachother Secondour goal at this time is
to isolatetheindicatorsof novelty. Lateron,we will usetechniquesn multi-document
summarizationo measuregherelative importanceof novel passages.

In addition, we combinedthe resultsof our system,which analyzesdocuments
thathave beenbrokendown into clausesandthe sentence-basexystem which does
a pairwisecomparisorof sentencesandachieved a substantiajump in precision,to
0.73(Tablel). Thisis well aheadof a randomsystem,which would be expectedto
obtaina 0.63precision,andbetterthaneitherstratgy aloneattained(Tables2 and3).
This resultis in line with an obsenation we madeaboutthe data,i.e. the annota-
tors selections.Sometimeghey chosea single clauseor phraseasthe new material.
Any sentencéasedstratgyy would have dif®culty becauseahe two partsof the sen-
tenceghenwork againsteachother But othertimesthe annotatoroften chosenovel
segmentsthat spannedsereral sentencesgiving an advantageto the sentence-based
systemwhichwould pick up on the new terminologythataccompaniea topical shift.

| Threshold| Prec| Rec | Size |
Cos=0.10| 0.73| 0.22| 361
Co0s=0.20| 0.71| 0.32 | 549
Co0s=0.30| 0.69| 0.40| 701
Co0s=0.40| 0.67| 0.42 | 766

Tablel: Resultsof takingtheintersectiorthe vectorspacenodelandour systemwith
theWordNetplus Celex databaseandmanualpronomialresolution.

Thusit appearshatour systemhelpsthevectorspacerogramby eliminatingparts
of sentencethatwerenotjudgedasnovel. Toillustratetheeffect,consideithesentence
from the Blake article below. The numberdn parentheseshav the clauseboundaries
found by our parser The novel material, accordingto the annotatorswas the fact
that this was his r st appearancsince postingbail, which is containedin the ®rst
threeunits. In this sggmentationwe canalsopinpointthatit was Blake who waived
his rights to a speedytrial and not his wife. The sentence-baseslstemselectsthis
sentencewhenthesimilarity thresholds at0.3andhigher At thatlevel, thesentence-
basedsystemwould return89%of the original article, whenonly 69%wasjudgednen
by theannotators.

(1)Appearingin courtfor the ®rsttime (2)sincehe wasallowed (3)to
postbail March 14, a healthierlooking (4) RobertBlake pleadedinno-
centto murderinghis wife (5) andwaived his right to a speedytrial until
October (6) whenproceedingsrelikely (7) to begin.

In turnthevectorspacehelpsour systemby focusingonthe sectionghatarericher
in new material. In its presentform, our systemis quite susceptiblego noise. Since



it makesbinary decisionson all combinationsof words,acceptingvheneser thereare
two wordstogetherthatarenot foundtogetherin the backgroundtherearemary op-
portunitiesfor falsepositives.

The examplealsoshavs the needto carry forward somewords, like headsof the
subjecthounphraseto thenext clauselik e thoseheadedy non®niteverbsorin cases
of ellipses,andthatwe needpronomialresolution.

6.1 Semantics

Wetestedseveralalternatessemanticdatabaset® gainsomeinsightinto how toincrease
coveragewithoutaddingnoise.WordNetis anobviousplaceto start,but writersdo not
limit themselesto synorymy in choosingreferring expressionsfor example“dog”
and “pet”. This seeminglycommonassociatiorcannotbe retrieved from WordNet.
Considerthe immediatehyperryms of the six sense®f dogin WordNet2: “canine”,
“unpleasantvoman”, “chap”, “villian”, “catch”, “support”. It quickly becomeslear
thatwe haveto expandits reachwhile remaving obscurdinks. Oursemantidictionary
is usedby thesystento build theRECs Theresultsonthechoiceof databaserelisted
in the®rst columnof Table3.

The®ve alternatvesare:

DekLin The databaseonsistsexclusively of DekangLin's[9] thesaurusof similar
words. He clusterswordsautomaticallyon the basisof their distributional pat-
terns.

Empty A databas¢hatonly identi®estheunin ectedrootsof eachword.

BaseWN A databaseomposecdntirely of WordNet[14] synoryms, hyperrymsand
hyporyms.

WN+DL Theintersectiorof extendedinks in WordNetand DekLin'sthesaurus.

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

Althoughthedetailedresultsshav numeroudifferencesver thetestpairsof arti-
cles,they tendto evenout. Therewasno signi®cantnetgainin addingary of theextra
informationover the Empty databaseOnly the automaticallybuilt dictionarycontains
enoughnoiseto degradeperformancesomeavhat. In fact, all of the databasesontain
considerablenoise becausehey containinfrequentand even obscurelinks between
words.

Agreemenin the clausesvasobviously quite high, andwe computedthe Kappa
co-efdcientat 0.75, but therewere suf®cient differencego supportmuchgreatervari-
ationin the scores.For example,therewere 568 differencesamongthe system.425
were5-to-1splits, 92 were4-to-2 splits,and 51 were 3-to-3 splits. It seemghateach
variationsimply addssomemoreinformationandmorenoiseat the sametime.

We alsoresoled pronomialreferencesnanuallyinto a copy of the data. We had
anticipateadhatwe would ultimatelyneeda moduleto resole pronomialreferenceand
tolink namedentitiesto nounphraseshut have notyetwrittenthatmodule. Thesecond
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| Threshold| Prec| Rec | Size |
Co0s=0.05| 0.62| 0.35| 675
Cos=0.10| 0.65| 0.47 | 866
Co0s=0.20| 0.66 | 0.77 | 1405
Co0s=0.30| 0.65| 0.93| 1722
Co0s=0.40| 0.64 | 0.98 | 1863

Table2: A simplevectorspacemodelappliedto whole sentencesasndcomputedwith
thecosinemetric.

Database || NIA Only || NIA+Prons || NIA+Charn || NIA+Pro+Ch || SummarySize
PR PR 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: Resultsour systemin variouscon®gurations.

columnin Table 3 shaws the resultfor the ®ve databaseafter pronomialresolution
is added;both precisionand recall increase. The differencesin precisionbetween
the databaseall but disappearandonly DekLin lagsin recall. This resultraisesthe

immediatequestionof how much of gain this will translateto whenwe include an

automaticsystemof pronomialresolution. Therearea numberof systemsavailable,

andit seemghatthey functionatabout70%accurag. In thecombinationexperiment,
we usedthe versionof our systemwith pronomialresolution,andwith the WordNet
plusCelex database.

6.2 Parsing

We alsotesteda morepowerful syntacticanalyzer The systemwasintendedto usea
®nite stateclauserecognizerthat we usein somesummarizatiortasksandin corpus
analyseslt hastheadwantageof beingfastandreasonablyaccurateput we wantedto
measurahe gainby usinga morepowerful tool andtried the probabilisticparserfrom
Brown University[3] withoutandwith the manualpronounresolution.

With the full-scale parserby itself, Column3 of Table 3 shawvs a boostin perfor
mance particularlyin precisionover the basicsystem.But while equalin precisionto
the pronoun-resolutiowersion,it is somavhat behindin recall. Whenwe combined
themorepowerful parsemwith pronounresolutionwe sav progressnchfowardagain,
asseenin Column4 of Table3. Two factorslimit the potentialgainfrom this combi-
nation: First, we arestill dealingwith inadequatesemantiacesourcesandsecondwe
arenotyet®lling in gappedor elliptical references.
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6.3 Sentences

Our sentence-basexystemis the traditional vectorspacemodelthat usescosinedis-

tanceto measuresimilarity, and we considerechovelty to the inverseof similarity:

1 Cos(s). Theprogramignoredalist of stopwordsandimposedio weightingof the
contentwords,suchastf  idf , anddid quitewell in comparisorto our system.Ta-

ble 2. Thecuriousaspecbf this programwasthatprecisionnever changesit actually
sinksatavery highthresholdfor novelty. Recallbehaesin the expectedvay, coming
closeto 1:0 ata middle-level threshold.Note that precisionandrecall at the threshold
of Cos = :10is very nearthe performancef our systemandproducethe samesized
summary Eachclausein a selectedsentencavascountedor scoringpurposes.

In additionwe ranthe TREC 2003datathroughour vectorspaceprogramto seeif
wewould alsogeta at precisioncurve. The TREC2003datacontaineca muchlarger
portion of novel sentenceén the list of relevant sentences10,226out of 15,557,0r
65.7%thanin TREC2002.However, a substantiahumberof the non-novel sentences
areexactduplicatesastherearea fair numberof duplicatearticlesin thetopics. Fig-
ure3 shavsavery at precisioncurve hoveringslightly abose random(afterfactoring
out the duplicatearticles). We ran our systemon the data,but asmight be expected,
did poorly beingforcedto selectfull sentencefisted out of context.

7 Conclusionand Future Work

We have worked in our experimentsto explore the dimensionsof a new problemin
computationalinguistics. We soughtto shov that®nding new informationwould re-
quire a greateramountof syntacticand semanticanalysis,and, indeed,we achieved
our bestresultswhenwe combineda standardnodelof comparingsentencevectors
with our more®ne-grainedapproach.

It seemgshatnew informationcomesn differentgranularities Therearedetailsen-
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tirely containedn a small phraseandstatementgntirely containedn clauseswhich

canbe embeddeavithin a sentencer cancomprisea whole sentenceThenthereare
largersegmentswheresomenovel subtopids introduced.Thuswe achieve betterper

formancewith a mixedsystenratherthanonefocusedon a singlelevel of granularity

We learnedthatwe mustgo muchfartherin referencaesolution.We have shavn

thatwe needto link pronounsto the termsthey represent.in addition,it seemsclear
thatwe mustlink namedentitiesandthe commonnounsthatreferto them. The chal-
lengewill beto ®nd anautomationeanf performingreferenceesolutionthat,given
currentaccurag levels,doesnotaddmorenoisethaninformation.
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