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Abstract
This paperpresentsthe techniquesimplementedin GISTEXTER for producingextractsandabstracts from both singleandmultiple
documents.Thesetechniquespromotethe belief that highly coherentsummariesmay be generatedwhenusing textual information
identifiedby theInformationExtractiontechnology. Theresultsof GISTEXTER in theDUC-2002evaluationsaccountfor theadvantages
of usingthetechniquespresentedin this paper.

1. Intr oduction
One way of tackling the current textual information

overloadis by relying on summariesof eithersingledoc-
umentsor of setsof documentsthat sharethe samecate-
gory or cover the sametopic from multiple perspectives.
Summariescompresstheinformationcontentavailablein a
long text or a text collectionby producinga muchshorter
text that canbe readand interpretedrapidly. At the core
of automaticsummarizationtechniquesthatproducecoher-
entsummariesstaysthemethodologyof identifying in the
original documentstherelevantinformationthatshouldbe
includedin the summary. Similarly, Information Extrac-
tion (IE) is a technologythat targetsthe identificationof
topic-relatedinformationin free text andtranslatesit into
databaseentries.Typically, IE systemsextractaround10%
if a documenttextual content(cf. (Hobbsandet al.1997)).
Thisrepresentsacompressionratio thatqualifiesextraction
techniquesfor multi-documentsummarization.Our auto-
maticsummarizationsystem,calledGISTEXTER buildson
thisobservation.

To further progressin summarizationand enablere-
searchersto participatein large-scaleexperiments,theNa-
tional Institute of Standardsand Technology(NIST) has
initiated in 2001 an evaluation in the areaof text sum-
marization called the DocumentUnderstandingConfer-
ence(DUC)1. For DUC-2002NIST produced59document
setsas test data. For this purposeNIST usedthe TREC
disksemployedin thequestion-answeringtrackin TREC-9.
Specificallytheseincludearticlesfrom Wall StreetJournal
(1987-1992), APnewswire (1989-1990), SanJoseMercury
News(1991), Financial Times(1991-1994), LA Timesand
FBISrecords. Eachsethadbetween5 and15 documents,
with anaverageof 10 documents.Thedocumentswereat
least10 sentenceslong,but therewasno maximumlength.
Additionally, NIST classifiedthe59 documentssetsin the
categorieslistedin Figure1. For eachdocumentin thetest
data,thesentencesweretaggedby NIST.

Threedifferenttaskswereevaluatedin DUC-2002:

1DUC is part of a DefenseAdvanced ResearchProjects
Agency (DARPA) program,TranslingualInformationDetection,
Extraction,andSummarization(TIDES),which specificallycalls
for majoradvancesin summarizationtechnology, bothin English
andfrom otherlanguagesto English(cross-languagesummariza-
tion)

Category 1: documents about a single natural disaster and
                   created within at most a seven day window.

                   created within at most a seven day window.
Category 2: documents about a single event in any domain

Category 3: documents about multiple distinct events of a 
                   single type (no limit on the time window)

Category 4: documents that present biographical information
                   mainly about a single individual

Figure1: Definitionsof documentsetcategories.

1. Fully automatic summarization of a single
newswire/newspaper document. Given a single
document,a genericabstractof the documentwith
a length of approximately100 words or less was
required. The abstractswere composedentirely of
completesentences.

2. Fully automatic summarization of multiple
newswire/newspaper documentson a single sub-
ject by generatingdocumentextracts. Given a set
of documents,2 generic sentenceextracts of the
entiresetwith lengthsof approximately400and200
(whitespace-delimitedtokens)or lesswere required.
Each such extract consistedof some subsetof the
”sentences”predefinedby NIST in the sentence-
separateddocumentset. Each predefinedsentence
hadbeusedin its entiretyor not at all in constructing
anextract.

3. Fully automatic summarization of multiple
newswire/newspaper documentson a single sub-
ject by generatingdocumentabstracts. Given a set
of documents,we had to create4 genericabstracts
of the entire set with lengthsof approximately200,
100,50, and10 words(whitespace-delimitedtokens)
or less. The 200, 100, and50-word abstractshadto
be composedentirely of completesentences. The
10-wordabstracttook theform of a headline.

To trainsummarizationsystems,NIST provided30doc-
ument setswith assorted,human-generatedabstractsfor
single and multiple documents,preparedfor the DUC-
2001, as well as combinedtest and training data from
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DUC-2001. For singledocumentsummariestherewere2
categoriesof evaluation: that doneby humans(mostly at
NIST), andthatdoneautomatically(outsideof NIST). For
multi-documentsummarization,theplanwasonly to have
humanevaluation. Humanevaluationwas doneat NIST
usingthe samepersonnelwho createdthe referencedata.
Thesepeopledid pairwise comparisonsof the reference
summariesto the system-generatedsummaries,other ref-
erencesummaries,andbaselinesummaries.

The rest of the paper is organizedas follows. Sec-
tion 2 presentsthe architecture of GISTEXTER, our
single-documentand multi-documentsummarizationsys-
tem. Section3 presentstheIE-basedmulti-documentsum-
marizationproducingextractswhereasSection4 presents
ad-hocextraction techniquesfor multi-documentsumma-
rization. Section5 reportsanddiscussesthe experimental
resultswe obtainedin DUC-2002and Section6 summa-
rizestheconclusions.

2. The architecture of GISTEXTER

GISTEXTER is a summarizationsystemimplemented
for the evaluationsof the DocumentUnderstandingCon-
ferences(DUCs)2. Thearchitectureof thesystemis shown
in Figure2. Input to thesystemis eithera singledocument
or acollectionof documentssharingthesametopic. When
a summaryof a single documentis sought,GISTEXTER

first extractsthe key sentences,similarly to most single-
documentsummarizers.The sentenceextraction function
is learned,usingthe techniqueof single-documentdecom-
position. This techniqueanalyzesthe featuresof human-

2Seehttp://www-nlpir.nist.gov/projects/duc/

written abstractsof singledocuments.In thesecondstage,
to furtherfilter out un-necessaryinformation,theextracted
sentencesare compressed.In the final stagea summary
reductionis performed,to trim the whole summaryto the
lengthof 100words.Figure3 illustratesasingle-document
summaryproducedby GISTEXTER in DUC-2002.

Hurricane Gilbert, packing 110 mph winds and torrential rain, moved
over this capital city today, 09/12/1988, after skirting Puerto Rico, Haiti
and the Dominican Republic.
There were no immediate reports of casualties.
Forecasters say Gilbert was expected to lash Jamaica throughout the day
and was on track to later strike the Cayman Islands, a small British
dependency northwest of Jamaica.
The Associated Press’ Caribbean headquarters in San Juan, was unable to
get phone calls through to Kingston, where high winds and heavy rain 
preceding the storm drenched the capital overnight, toppling trees, causing
local flooding and littering streets with branches.

Figure 3: Single-documentsummaryproducedby GIS-
TEXTER.

When multi-documentsummariesneedto be created,
the processingtakesadditionallyinto accountthe topic of
thedocumentset. Sometimesthe topic is well-known and
maybealreadyimplementedin InformationExtraction(IE)
systems.In thiscaseanIE systemidentifiesall theinforma-
tion thatneedsto beusedin themulti-documentsummary.
Othertimesthetopic is completelynew, andthesummary
is generatedby modelingthetopic in anad-hocmanner.

GISTEXTER producesmulti-documentsummariesby
relying on theoutputof the CICERO IE system3. CICERO,

3CICERO is an ARDA-sponsoredon-goingproject that stud-
iestheeffectsof incorporatingworld knowledgeinto IE systems.
CICERO is beingdevelopedat LanguageComputerCorporation.



asreportedin (SurdeanuandHarabagiu2002)producesun-
surpassedqualityof extractionbecauseit combinestherole
of linguistic extraction patternswith coreferenceknowl-
edge.For multi-documentsummarization,this meansthat
thetemplatesgeneratedby CICERO areeasilymappedinto
text snippetsfrom the texts, in which pronounsandother
anaphoricexpressionsareresolved.Thesetext snippetscan
be usedto generatecoherent,informative multi-document
summaries.

To extract information from a set of documents,CI-
CERO needsto have a templaterepresentationof thetopic.
Topicscanberepresentedasasetof inter-relatedconcepts,
implementedas a frame having slots and fillers. In the
InformationExtractiontechnology, suchframesarecalled
templatesandarepopulatedwith informationrelatedto the
salientfactsreportedin documentsandextractedby theIE
systems.For example,if the topic is “natural disasters” ,
Figure4 illustratesa templatepopulatedwith information
extractedfrom the text illustratedin Figure 4(b). An al-
ternative representationof a topic was proposedin (Lin
andHovy 2000),with the goal of modelingthe minimum
amountof knowledgerequiredto effectively identify con-
ceptsrelatedto a topic. This representation,called topic
signature, associatesa target concept(i.e. the topic) with
a vectorof relatedterms(i.e. the signature).Each

�������
	
from the signaturehasan associatedweight � 	 . (Lin and
Hovy 2000) report on an automaticmethodof signature
term extractionand weight estimation. Figure 4(c) illus-
tratesthesignaturetermsfor thenaturaldisasterstopic,ob-
tainedwith themethodreportedin (Lin andHovy 2000).

TEXT:
officials in florida have ended the search for a 23−year−old man, bringing 
the death toll to 40 from last week’s tonadoes. funerals are being held
across central florida this weekend. four of the victims were buried
yesterday, a husband, wife, their daughter and her fiancee. other families
spent the day trying to secure belongings from the first heavy rain since the
tornadoes. estimates of the damage now exceeds $100 million.

TEMPLATE
Doc_NR:    CNN19980301.1000.0329
Event:        <Natural_Disaster−CNN19980301.1000.0329−1>
Comment:   Prototypical
<Natural_Disaster−CNN19980301.1000.0329−1> :=

Amount Damage:    $100 million
Disaster:                  last week’s TORNADOES

Number Dead:          40
                            / four of the victims

Location:              Florida
                         / central Florida
Date:                last week

                           / a husband, wife, their daughter and her fiancee

(a)

(b)

(c)

TOPIC SIGNATURE:  victim, damage, estimate, flood, tornado, dead, week

Figure4: (a) Templaterepresentationof the“naturaldisas-
ters” topic; (b) Text containinginformationaboutthetopic;
(c) Topicsignaturefor “naturaldisasters”.

Thetemplateslotsarefilled whenever textual informa-
tion relevant for the topic is identified. To recognizeeach
topic-relevanteventandentity, CICERO first pre-processes
thetext, by tokenizingthearticleandrecognizingthepart-
of-speechandattributesof eachword againsta rich dictio-
narystructure.Next, all namesfrom thearticlearecatego-

rized by a namedentity recognizerwhich tagsRedCross
asan OrganizationandFlorida asa Location. A phrasal
parserbrackets all noun and verb phrases,to enablethe
recognitionof linguistic patternsthat relate to the topic.
Sinceanaphoricexpressionsareoftenused,beforematch-
ing the text againstlinguistic patterns,coreferenceresolu-
tion takesplace.

Linguistic patternsare matchedto identify the topic-
relevantinformation.For example,for thetopicof “natural
disasters”,the rule �Casualty-expression
 to � from� $Num-
ber 
 from� because-of� Disaster-word� is matchedagainst
thesnippet“the deathtoll to 40 from lastweek’s tornado”
in the text from Figure4(b). Otherextractionpatternsare
matchedagainstthe text andpopulatethe restof the tem-
plateillustratedin Figure4(a).CICERO extractsall thetem-
platesfrom thearticlecollectionandkeepsmappingsfrom
thetemplateslotsthethetext snippetscontaininginforma-
tion that fills the slots. Thesetext snippetsare indicators
of thesummarycontent.Additionally, referenceresolution
contributesto resolvingtheorderof thesentencesextracted
from differentdocuments.Sinceextractsaregeneratedby
selectingsentencesmarked-upby NIST in thedocuments,
the summariescontain the SGML mark-upas well. For
exampleFigure 5(a) illustratesthe 200-word long multi-
documentsummariesgeneratedby GISTEXTER for a col-
lectionof articlesdealingwith “naturaldisasters”.

(a)

(b)

<s docid="AP880911−0016" num="9" wdcount="28"> Hurricane Gilbert 
swept toward the Dominican Republic Sunday, and the Civil Defense alerted
its heavily populated south coast to prepare for high winds, heavy rains and
high seas.</s><s docid="AP880912−0095" num="42" wdcount="25"> The 
storm ripped the roofs off houses and flooded coastal areas of southwestern
Puerto Rico after reaching hurricane strength off the island’s southeast 
Saturday night.</s><s docid="AP880912−0095" num="5" wdcount="8">
Gilbert Reaches Jamaican Capital With 110 Mph Winds</s>
<s docid="AP880912−0137" num="9" wdcount="27"> Hurricane Gilbert 
slammed into Kingston on Monday with torrential rains and 115 mph winds
that ripped roofs off homes and buildings, uprooted trees and downed power
lines.</s><s docid="AP880912−0137" num="10" wdcount="24"> No serious
injuries were immediately reported in the city of 750,000 people, which was hit
by the full force of the hurricane around noon.</s>
<s docid="AP880915−0003" num="13" wdcount="33"> Hurricane Gilbert, one 
of the strongest storms ever, slammed into the Yucatan Peninsula Wednesday
and leveled thatched homes, tore off roofs, uprooted trees and cut off the 
Caribbean resorts of Cancun and Cozumel.</s>
<s docid="AP880915−0003" num="16" wdcount="17"> Despite the intensity
of the onslaught and the ensuing heavy flooding, officials reported only two
minor injuries.</s>
<s docid="AP880915−0003" num="17" wdcount="18"> The storm killed 19 
people in Jamaica and five in the Dominican Republic before moving west to
Mexico.</s><s docid="AP880915−0003" num="67" wdcount="13"> Officials

dead.</s>
in the Dominican Republic, sideswiped Sunday by the storm, reported five
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Figure5: Multiple-documentsummaryproducedby GIS-
TEXTER: (a) the 200-word extract and(b) the document-
sourcetable.

TheSGML mark-upillustratedin Figure5(a)contains
threefields:docidindicatingthedocumentid of thesource;



num indicating the sentencenumberon the sourcedocu-
mentandwdcountgiving the lengthin wordsor tokensof
thesentence.Themark-upin the runningtext of thesum-
mary contribute to mappingthe orderof the sentencesin
the summaryto the sentenceorder in their original doc-
uments. For example, for the summaryrepresentedin
Figure5(a) a document-sourcetable,asillustratedin Fig-
ure 5(b) is generated,showing both the sourceof eachof
the eight sentencesaswell astheir respective orderin the
sourcedocuments.Thesentencesoriginatedon four differ-
entdocuments,andexceptfor thesentencesextractedfrom
documentAP880912-0137,they follow theorderfrom the
sourcedocuments.Themulti-documentextractsgenerated
by GISTEXTER arecoherentbecausethey rely on therele-
vantinformationidentifiedby theIE systemwhenthetopic
is known. However, outof the59topicscoveredin thedoc-
umentsets,19 werenotencodedin theCICERO IE system,
thusthey wereconsiderednew topics.Someof thesetopics
arelistedin Figure6.

 McDonald’s in Yugoslavia, Seoul, Soviet Union, China
 Famous Allied Checkpoint Dividing East And West Berlin Removed
 German Reunification
 Dog Shows
 The motion picture industry’s most coveted award, Oscar
 Iraq Invades Kuwait
 Kashmir: A Tourist Paradise Becomes a War Zone

Figure6: Examplesof new topicsevaluatedin DUC-2002.

Whenever the topic of thecollectionof documentshas
not beenpreviously encodedin theCICERO IE systemand
no templaterepresentationof the topic exists, we needto
performsomeadditionalprocessingto gist themissingin-
formation. Thus we needto generatein an ad-hocman-
ner: (1) thetemplateand(2) theextractionrulesthatenable
CICERO to identify the relevant information. To this end,
wehavedevelopedamethodologyfor generatinganad-hoc
templatebasedonthetopicalrelationsthatcanbeidentified
from WordNet(Miller 1995).Whenthetemplateis known,
severalpossiblemethodsof acquiringextractionrulescan
be applied,e.g. the methodsreportedin (?) (Riloff and
Jones1999)or (HarabagiuandMaioarano2000).For GIS-
TEXTER, weappliedthetechniquesreportedin (Harabagiu
andMaioarano2000).

With an ad-hoctemplateavailable,CICERO’s domain-
eventrecognizeractsin thesameway asfor topicsthatare
encodedin the IE system. Moreover, entity coreference
takesplacefor new topicsalso,sincethecoreferencemeth-
ods implementedin CICERO are topic-independent.The
quality of the extraction is not be as good as in the case
of previously studiedtopics becauseadditional semantic
knowledgeis requiredto correctlymerge incompletetem-
plates. Nevertheless,for multi-documentsummarization,
theextractionquality for ad-hoctemplatesis reasonable,as
it determinesacceptablycoherentsummaries.Exampleof
multiple-documentsummariesproducedby GISTEXTER

for a new topic, namelythe “German Reunification”, are
illustratedin Figure7.

Similar ad-hoctemplateswerealsogeneratedfor doc-
umentsetscovering biographiesof celebrities. Figure 8
lists somethe focusof someof the biographiesgenerated
asmulti-documentextracts.

<s docid="WSJ890922−0113" num="9" wdcount="30"> The mass emigration
of thousands of disaffected East Germans has rekindled reunification talk in 
West Germany, where some legislators plan to begin exploring the possiblity
of reuniting the two Germanys.</s>
<s docid="AP891111−0064" num="10" wdcount="32"> The lifting of travel
restrictions by East Germany on Thursday has breathed new life into the idea
of a single German state, drawing expressions of support from the Bush
administration and others.</s>
<s docid="AP891212−0062" num="12" wdcount="23"> The Communist Party
today admitted that East Germany’s socialist system has failed, and expressed
support for a type of partnership with West Germany.</s>
<s docid="AP900130−0202" num="13" wdcount="22"> President Mikhail S.
Gorbachev met Tuesday with East German Premier Hans Modrow and
appeared to be more open toward eventual German reunification.</s>
<s docid="AP900210−0106" num="10" wdcount="23"> About 20,000 East
Germans, many carrying West German flags, demonstrated Saturday for speedy
German reunification, the official East German news agency ADN said.</s>
<s docid="LA021290−0043" num="9" wdcount="23"> West German Chancellor
Helmut Kohl declared on his return from Moscow on Sunday that "the way is
now free" for German reunification .</s>
<s docid="AP900215−0013" num="14" wdcount="48"> He was one of several
experts in German history discussing the implications of reunification following
the decision Tuesday by the four World War II allies _ the United States, Britain,
France and the Soviet Union _ to accept the reunification of a Germany they
divided 45 years ago.</s>

Figure7: Multiple-documentsummaryproducedby GIS-
TEXTER for the“mad-cow disease”topic: a 200-word text
extract.

Sakharov, the Nobel Peace Prize winner
Lucille Ball
Sam Walton
Erich Honecker, the former GDR head of state
Leonard Bernstein, pianist, composer, conductor, teacher
Margaret Thatcher, the first female prime minister in Europe

Figure 8: Somebiographicalprofiles evaluatedin DUC-
2002.

Finally, from extractsGISTEXTER generatesabstracts
of 10-,59-,100-and200-wordlengthby resolvingthetem-
poral expressionsto absoluteexpressionsand then com-
pressingsentencesto cover only thesnippetsidentifiedby
theIE system.

3. Inf ormation Extraction-based
Multi-Document Summarization

InformationExtraction(IE) is a technologythat targets
the identificationof topic-relatedinformation in free text
and translatesit into databaseentries. Typically, IE sys-
temsextractaround10%if a documenttextual content(cf.
(Hobbsandet al.1997)).This representsa compressionra-
tio that qualifiesextraction templatesfor multi-document
summarization.Thisobservationwaspreviouslyemployed
in the designof the architectureof the SUMMONS multi-
documentsummarizationsystem(Radev and McKeown
1998). In SUMMONS, summarizationis viewed asa two-
tiered process:(a) conceptualand (b) linguistic summa-
rization. Conceptualsummarizationdealswith contentse-
lectionwhereaslinguisticsummarizationis concernedwith
linguistic realizationof thecontent.

To performconceptualsummarization,SUMMONS uses
thetemplatesproducedby IE to applyasetof contentplan-
ning operators on them for combining the extractedin-
formation. Theseoperators,fully detailedin (Radev and
McKeown 1998)detectchange of perspective, contradic-
tion, informationaddition or refinement. The application
of eachoperatoris decidedby a setof heuristics,specially
craftedfor eachtopicandfor eachgivencorpus.Theresult-
ing combinedtemplatesarethentranslatedinto functional
descriptions(FDs),whichareconceptualrepresentationsof



thetemplatemeanings.FDsareusedby thelinguisticcom-
ponentof SUMMONS that relieson a lexicon anda gram-
marof Englishto realizetheconceptualrepresentationinto
a sentence.The linguistic componentconsistsof a lexical
chooser, whichdeterminesthehigh-levelsentencestructure
of eachsentenceand the words that realizeeachseman-
tic role. SUMMONS incorporatestheFUF/SURGE (Elhadad
1993)sentencegenerator.

In GITEXTER wedecidedto useIE templatesfor multi-
documentsummarizationin a differentway. First we con-
siderednotonly thepopulatedtemplatesalone,but alsothe
mappinginto the text snippetsthat arethe sourceof their
slot fillers. Second,sincecoreferenceinformation is also
usedto fill slots,wekeeppointersto thecoreferencechains
that containany entity that fills a templateslot. Thus for
eachTemplate� 	 having theslots �����	 , �����	 , ..., �����	 we
keeptwo additionalformsof information:(1) thetext snip-
pet � ����� ���	 that matchedoneof the extractionrules,and
thusenabledthe filling of a slot �����	 ; and(2) all the enti-
ties from the text that coreferwith the informationfilling
any slot � ����� ���	 . Figure9 illustratesa snapshotof popu-
latedtemplatesandtheir mappings.The Figureillustrates
somecoreferencechainsaswell. Both text snippetinfor-
mation andcoreferenceinformation is madeavailable by
theCICERO IE system.

Template 1

Slot 1
Slot 2
....
Slot i
....
Slot n

Slot 1
Slot 2
....
Slot i
....
Slot n

Template 3
Text 1

Slot 1
Slot 2
....
Slot i
....
Slot n

Template 2

chain 1
Coreference

Coreference
chain 2

Text 2

Text 3

Slot 1
Slot 2
....
Slot i
....
Slot n

Template 4

Coreference
chain 3

Figure9: Mappingsbetweenextractedtemplatesandtext
snippets. Whenever a relevant text snippetcontainsan
anaphor, pointersto all otherentitieswith which it corefers
arekeptin a coreferencechain.

To generatemulti-documentsummariesweusetwo ob-
servations:(1) theorderin which relevanttext snippetsap-
pearin the original articlesaccountsfor the coherenceof
the documents;and(2) to be comprehensible,summaries
needto includesentencesor sentencefragmentsthat con-
tain theantecedentsof eachanaphoricexpressionfrom rel-
evant text snippets.Sinceall articlescontaininformation
abouta given topic, it is very likely that a large percent-
ageof the templatessharethe samefiller for one of the
slots. In thecaseof the“naturaldisasters”topic, this filler
was “ hurricane Andrew” . We call this filler the domi-
nant event of the collection. Additionally, we are inter-
estedin the templatesextracting information aboutother
eventsthat may be comparedwith the dominantevent in
the collection. Thustemplatesareclassifiedinto four dif-
ferent sets: (a) � ���! �"$#%����& � - templatesaboutthe domi-

nanteventthatoriginatein documentsthatcontainrelevant
informationaboutrelatedevents;(b) � ���! �"'#%���(& � - other
templatesaboutthedominantevent;(c) � ���! �"'#%���(&�) - tem-
platesaboutnon-dominanteventsthat originatein articles
thatcontaininformationaboutthedominantevent;and(d)
� ���! �"$#*���(&�+ - othertemplates.

To generatea multi-documentsummaryof length ,
GISTEXTER extractssentencesfrom the documentset in
four differentincrements.The rationalefor choosingfour
incrementsis basedon thefour differentsummarylengths
imposedby theDUC evaluations,e.g.50-word,100-word,
200-word and 400-word long summaries.Sinceit is not
know apriorihow many templatesareextractednorwhatis
thecardinalityof each� ���- ."'#%���(& 	 set,for eachsummary
incrementweperformat leastonecomparisonwith thetar-
getlength , to determineif theresultingsummaryneedsto
bereducedor not. TheIE-basedmulti-documentsummary
is producedby thefollowing algorithm:
Algorithm IE-basedMD-Summarization /',10
Step1: Selectthe mostrepresentativetemplates. To this
end,for eachtemplate� 	 from � ���! �"'#%���(& � , with 24365738
, for eachslot �����	 we count the frequency with which

the samefiller wasusedto fill the sameslot of any other
template.The importanceof � 	 is measuredasthesumof
all frequency countsof all its slots. This measuregener-
atesanorderon eachof thefour setsof templates.When-
ever thereareties,we give preferenceto the templatethat
hasthelargestnumberof mappedtext snippetstraversedby
coreferencechains.Template�:9 is themostimportanttem-
platefrom � ���! �"'#%���(& � . If � ���! �"$#%����& � is null, the same
operationis performedon � ���! �"$#*���(& � .
Step2: Summary-increment1.
Selectsentencescontainingthetext snippetsmappedfrom
� 9 in the order in which they appearin the text from
where� 9 is selected.If anaphoricexpressionsoccurin any
of thesesentences,includesentencescontainingtheir an-
tecedentsin thesameorderasin theoriginalarticle.
if length(summary);<, generateappositionsfor datesand
locationsanddropsthecorrespondingsentences.
if length(summary);=, drop coordinatedphrasesthat do
notcontainany of themappedtext snippets.
while length(summary);>, dropthelastsentence.
Step3: Summary-increment2.
For eachslot from � 9 that hasotherfillers in someother
templatefrom � ���! �"'#%���(& � or � ���! �"$#*���(& � , add the sen-
tencecontainingthecorrespondingmappedtext snippetim-
mediatelyafterthesentencemappedby template� 9 for the
sameslot. If anaphoricexpressionsoccur in any of these
sentences,include sentencescontainingtheir antecedents
in the sameorderas in the original article. Continuethis
processuntil either(1) the lengthof thesummaryis larger
than ,@?A2 or until therearenomoresentencesto beadded.
Step4: Summary-increment3.
Add sentencesmappedby the most important template
from � ���! �"$#%����&�) . Repeatthe processasat Step2 until
length , is reachedor no moresentencescanbeadded.
Step5: Summary-increment4.
Add sentencesmappedby the most important template
from � ���! �"$#%����& + . Repeatthe processasat Step2 until
length , is reachedor no moresentencescanbeadded.



Figure10illustratestheinter-leaving of extractedsentences
that each summaryincrementproducesin the resulting
multi-documentsummarization.
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....
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....
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Slot 1
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....
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....
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....
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Template 3

Template 1

Template 2

increment 1

increment 1

increment 1

increment 1

increment 1

increment 2

increment 2

increment 3

increment 3

increment 4

increment 3

increment 4

increment 4

Figure 10: Multi-documentsummarizationproducedby
four differentsummaryincrements.

4. Ad-hoc Extraction for Multi-Document
Summarization

Whenever thetopic of a documentcollectionis not en-
codedin an IE system,the Algorithm presentedin Sec-
tion 3. cannotbeapplied.Two mainsourcesof information
aremissing: (1) the topic template-representation;and(2)
themappingsbetweentemplateslotsandtext snippets.In
(HarabagiuandMaioarano2000)wehaveshown thatif the
templaterepresentationof a topic is known, linguistic pat-
ternsthat identify the mappingsof the templateslots into
text snippetscanbe acquiredautomatically. In this paper,
wefocusonthemechanismof generatingthetemplaterep-
resentationof thetopic.

The ideaof representingthe topic asa frame-like ob-
jectwasfirst advocatedin thelate70’sby DeJong(DeJong
1982),who developeda systemcalledFRUMP (FastRead-
ing UnderstandingandMemoryProgram)to skimnewspa-
perstoriesandextractthemaindetails.Thetopic represen-
tationusedin FRUMP is thesketchy script, which modela
setof pre-definedparticularsituations,e.g.demonstrations,
earthquakesor laborstrikes.Sincetheworld containsmil-
lionsof topics,it is importantto beableto generatesketchy
scriptautomaticallyfrom corpora.In additionsomeof the
currentlarge-scalelexico-semanticknowledgebasesmay
beusedto contributeinformationfor thegenerationof the
topic templates. In our methodology, we have employed
WordNet (Miller 1995), the lexical databasethat encodes
a majority of the Englishnouns,verbs,adjectivesandad-
verbs.

4.1. Extracting Topical Relationsfr om WordNet

WordNet is both a thesaurusanda dictionary. It is a
thesaurusbecauseeachword is encodedalongwith its syn-
onymsin a synonymssetcalledsynset, representinga lex-
ical concept. WordNetis a dictionarybecauseeachsynset
is definedby a gloss. Moreover, WordNet is a knowl-
edgebasebecauseit is organizedin 24 noun hierarchies
and512 verb hierarchies.Additionally WordNetencodes

three meronym relations(e.g. HAS-PART, HAS-STUFF

andHAS-MEMBER) betweennounsandtwo causalityrela-
tions (e.g. ENTAILMENT andCAUSE-TO) betweenverbs.
However, therearenodirectrelationsbetweentheconcepts
usedin any of thetemplaterepresentationof thetopicsen-
codedin the CICERO IE system.Neverthelesswe noticed
thatchainsof lexico-semanticrelationscanbeminedfrom
WordNet to accountfor the connectionbetweenany pair
of templateconceptsof known topics. To illustrate how
suchchainsof relationscan be mined, we first consider
two of the relationsalreadyencodedin WordNetandthen
show how additionalrelationscanbeuncoveredaslexico-
semanticchainsbetweentwo conceptspertainingto the
sametopic. We call theselexico-semanticchainstopical
relations.

The sourcesof topical relations
In WordNet,a synsetis definedin threeways. First it is
definedby thecommonmeaningof thewordsforming the
synset.Thisdefinitionreliesonpsycholinguisticprinciples,
basedon thehumanability to disambiguatea word if sev-
eralsynonymsarepresented.Second,thesynsetis defined
by theattributesit inheritsfrom its super-concepts.Third, a
glosseddefinition is providedto eachsynonym. A GLOSS

relationconnectsa synonym to its definition. We believe
that glossesare good sourcesfor topical relations,since
they bring forward conceptsrelatedto the definedsynset.
We considerfour different ways of using the glossesas
sourcesfor topicalrelations:

1. We extendthe GLOSS relationto connectthedefined
synsetnot only to a textual definitionbut to eachcon-
tent word from the gloss, and thus to the synsetit
represents.For example,the glossof synset 
 bovine
spongiformencephalitis,BSE,madcowdisease� is (
fatal diseaseof cattle that affectsthe central nervous
system;causesstaggering and agitation). A GLOSS

relation exists betweenthe definedsynsetand fatal,
disease, cattle, affect, central nervoussystem, stagger-
ing andagitation.

2. Eachconceptfrom a glosshasits own definition,and
thusby combiningthe GLOSS relations,we connect
the definedsynsetto the defining conceptsof each
conceptfrom its own gloss.

3. The hypernym of a synsethas also a gloss, thus a
synsetcanbeconnectedto theconceptsfrom thegloss
of its hypernym. Similarly to theIS-A relations,other
WordNetlexico-semanticrelationscanbefollowedto
reacha new synsetand have accessto the concepts
usedin its gloss. Suchrelationsmay include HAS-
MEMBER, HAS-PART or ENTAILS and CAUSE-TO.
Lexical relationsbasedon morphologicalderivations,
if availablemaybeusedtoo4. Morphologicalrelations
includetheNOMINALIZATION relations,known to be
usefulin IE.

4. A synsetcanbe useditself to defineotherconcepts,
thereforeconnectionsexist betweeneachconceptand
all conceptsit helpsdefine.

4WordNet2 alreadyencodesderivationalmorphology.



Figure11 illustratesthefour possiblesourcesof topical
relationsbasedon two of the WordNet relations,namely
GLOSS andIS-A.

Synset 2
Synset 1
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Gloss

Gloss
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Figure11: Four sourcesof topicalrelations.

Topical relationsasPathsbetweenWordNet Synsets
Two principlesguide the uncovering of topical relations.
First we believe that redundantconnectionsrule out con-
nectiondiscoveredby accident.Therefore,if at leasttwo
differentpathsof WordNetrelationscanbeestablishedbe-
tweenany two synsets,they arelikely to bepartof therep-
resentationof thesametopic. Second,theshorterthepaths,
thestrongertheir validity. Consequently, we rule out paths
of lengthlargerthan4. This entailsthefact thateachtopic
mayberepresentedby at leastfivesynsets.

4.2. Ad-hoc Templates

A templaterepresentationof a topic canbe viewed as
a list of semanticroles,eachrole beinga slot that is filled
by informationextractedfrom text. The topical relations
mined from WordNet have the advantagethat they bring
forwardsemantically-connectedconceptsdeemedrelevant
to thetopic. However theseconceptscannotbemappeddi-
rectly into a list of slots. First, WordNetwasnot devised
with theIE applicationin mind - it is a generalresourceof
Englishlexico-semanticknowledge.Becauseof this,some
conceptsrelevant to a given topic may not be encodedin
WordNet. Second,severalWordNetconceptstraversedby
topicalrelationsmaybecategorizedunderthesameseman-
tic role. Third, somesemanticroles may be encodedin
WordNetat a very abstractlevel, andthusthey maynever
bereachedby topicalrelations.Fourth,someof theseman-
tic rolesderivedfrom topicalrelationsmaynever befilled,
sincethereis nocorrespondinginformationin thetexts. To
addressall theseissues,we havedevelopeda corpus-based
techniquefor creatingad-hoclists of semanticrolesfor the
templaterepresentationof the collectiontopic. Our algo-
rithm for ad-hoctemplategenerationwas inspiredby the
empirical approachfor conceptualcaseframe acquisition
presentedin (Riloff andSchmelzenbach1998).

Algorithm Ad-hoc TemplateGeneration
Step1: Extractall sentencesin which oneof the concepts
traversedby topicalrelationsis present.Theconceptsfrom
the topical relationsareusedasa seedlexical itemsused
for theidentificationof thetemplateslots.
Step2: Identify all Subject-Verb-Object(SVO) +Preposi-
tional attachmentssyntaticstructuresin which oneof the
topical conceptsis used. For this purpose,we usedthe

phrasalparserimplementedin CICERO as well as all the
syntacticvariantsof the SVO syntacticstructuresusedto
implementextractionpatterns.
Step3: Apply the IE coreferenceresolutionmodule and
considerall thesyntacticSVO structuresinvolving all core-
ferringexpressionof any of thenounsusedin thesyntactic
structuresdiscoveredat Step2.
Step4: Combinetheextractiondictionarieswith WordNet
to classifyeachnounfrom thestructuresidentifiedat Step
2 andStep3.
Step5: Generatethesemanticprofile of thetopic. For this
reasonwecomputethreevaluesfor eachsemanticclassde-
rivedat Step4: (1) SFreq: the numberof syntacticstruc-
turesidentifiedin thecollection;(2) CFreq: thenumberof
timeselementsfrom the samesemanticclasswereidenti-
fied; and(3) PRel the probability that the semanticclass
identifiesa relevant slot of the template. Similarly to the
methodreportedin (Riloff andSchmelzenbach1998),PRel
= CFreq/SFreq. To selectthetemplateslotsthefollowing
formulais used:
( CFreq ; F1) or ((SFreq ; F2) and( PRel ; P))
Thefirst testselectsrolesthatbecauseof thesemanticcat-
egoriesthat are identified with high frequency, underthe
assumptionthatthis reflecta realassociationwith thetopic
elaborationin the collection. The secondtext promotes
slots that come from a high percentageof the syntactic
structuresrecognizedascontaininginformationrelevantto
the topic even thoughtheir frequency might be low. The
valuesof F1, F2 andP vary from onetopic to another- we
derivethemfromtherequirementthatatemplateshouldnot
containmorethan5 slots.

5. Evaluation
We participatedwith GISTEXTER in the DUC-2002

multi-document summarizationinvolving 59 document
sets. For each test data set the multi-documentsum-
marygeneratedby our systemwascomparedwith a gold-
standardsummarycreatedby humans.For eachdataset,
the authorof the gold-standardsummaryassessedthe de-
greeof matchingbetweenthemodelsummaryandthesum-
mariesgeneratedby thesystemsevaluatedin DUC-2002.

Eachof thesemeasureswerescoredona scalebetween
0 and4.

To computethe quantitative measuresof overlap be-
tween the system-generatedsummariesand the gold-
standardsummary, the human-createdsummarywas seg-
mentedby hand by assessorsinto model units (MUs),
which areinformationalunitsthatshouldexpressoneself-
containedfact in the ideal case.MUs aresometimessen-
tenceclauses,sometimesentire clauses. In contrast,the
summariesgeneratedby the summarizationsystemswere
automaticallysegmentedinto peerunits (PUs)- which are
alwayssentences.Figure12liststheresultsobtainedfor the
single-documentsummarizationevaluations. By ranking
accordingto the meancoverageof PUsinto MUs andthe
respective mediancoverage,GISTEXTER, labeledassys-
tem19,wasrankedasthefirst system.For mean-lengthad-
justedcoverageit wasrankedon thesecondplacewhereas
for medianlength-adjustedcoverageit wasranked on the
third place.
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15 0.54 0.99 0.55 0.1 0.0 0.0 0.1 0.0 0.0 0.1 0.2 0.0 0.0 0.1 0.3 0.6 4.1 2.8 1.3 9.4 0.33 0.20 0.40 0.22 0.13 0.27
16 0.93 1.44 0.64 0.5 0.1 0.0 0.2 0.2 0.1 0.1 0.2 0.0 0.0 0.1 0.2 0.3 2.7 2.1 0.6 9.4 0.30 0.18 0.38 0.20 0.12 0.26
17 0.31 0.76 0.41 0.06 0.03 0 0.12 0.05 0.02 0.06 0.22 0.014 0.02 0.04 0.13 0.23 1.31 0.76 0.56 9.44 0.08 0.01 0.15 0.26 0.22 0.1
18 0.56 1 0.57 0.14 0.04 0.01 0.13 0.08 0.02 0.12 0.23 0.01 0.03 0.04 0.19 0.37 2.8 2.15 0.65 9.43 0.32 0.19 0.4 0.22 0.13 0.26
19 0.31 0.7 0.45 0.13 0.04 0 0.08 0.03 0.01 0.05 0.13 0.017 0.01 0.04 0.19 0.49 3.88 3.03 0.85 9.41 0.39 0.29 0.43 0.27 0.2 0.29
21 0.5 0.88 0.56 0.1 0.0 0.0 0.1 0.1 0.0 0.1 0.2 0.0 0.0 0.1 0.2 0.5 3.6 2.7 0.9 9.4 0.37 0.25 0.42 0.25 0.17 0.28
23 0.25 0.58 0.42 0.2 0.0 0.0 0.1 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.1 0.4 3.2 2.5 0.7 9.4 0.34 0.18 0.42 0.23 0.13 0.28
25 4.1 3.2 1.28 1.95 0.13 0.08 0.69 0.22 0.07 0.13 0.37 0.017 0.04 0.11 0.49 0.61 4.24 2.44 1.81 9.39 0.29 0.16 0.38 0.2 0.11 0.25
27 0.56 1.01 0.55 0.14 0.03 0.02 0.12 0.05 0.02 0.11 0.19 0.01 0.04 0.07 0.26 0.52 4.43 3.14 1.29 9.49 0.38 0.27 0.43 0.26 0.19 0.29
28 0.54 1.01 0.54 0.3 0.1 0.0 0.1 0.1 0.0 0.1 0.1 0.0 0.0 0.1 0.2 0.4 3.4 2.7 0.7 9.4 0.38 0.27 0.43 0.25 0.18 0.29
29 0.8 1.21 0.66 0.2 0.0 0.0 0.2 0.1 0.0 0.1 0.2 0.0 0.0 0.1 0.3 0.6 4.1 2.8 1.3 9.4 0.36 0.24 0.42 0.24 0.16 0.28
30 2.75 2.64 1.04 1.1 0.2 0.1 0.7 0.2 0.1 0.0 0.2 0.0 0.0 0.0 0.1 0.1 1.0 0.7 0.3 9.4 0.06 0.00 0.14 0.30 0.26 0.09
31 0.78 1.15 0.68 0.2 0.0 0.0 0.1 0.0 0.0 0.1 0.2 0.0 0.0 0.1 0.3 0.6 4.3 2.9 1.4 9.5 0.36 0.26 0.40 0.24 0.17 0.27

Ranks
15 5 5 5 2 4 9 9 2 1 7 5 13 12 7 9 8 7 10 9
16 11 11 9 11 11 6 11 13 11 6 11 3 9 9 8 10 9 12 12
17 2 3 1 1 7 1 5 5 8 5 10 9 7 2 3 12 12 3 2
18 8 6 8 4 8 5 6 8 7 10 12 4 8 3 6 9 8 11 10
19 3 2 3 3 9 2 2 1 5 2 3 10 4 3 5 1 1 2 3
21 4 4 7 4 1 3 3 7 1 9 4 4 5 6 7 4 5 6 7
23 1 1 2 7 3 4 1 6 4 3 1 2 2 5 2 7 10 9 11
25 13 13 13 13 12 12 12 12 12 12 13 11 11 13 13 11 11 13 13
27 7 7 6 6 4 11 4 4 9 8 6 4 12 10 10 2 2 4 4
28 6 7 4 10 10 6 8 10 10 4 2 7 3 11 4 3 3 5 5
29 10 10 10 9 4 6 10 9 5 11 7 12 6 12 11 5 6 7 8
30 12 12 12 12 13 13 13 11 13 1 9 1 1 1 1 13 13 1 1
31 9 9 11 8 2 9 6 3 1 13 8 7 10 7 12 6 4 8 6

SINGLE-DOC

Figure12: Resultsof thesingle-documentsummarizationevaluationsin DUC-2002

Figure12listsalsotheresultsof theevaluationswith re-
spectto theaccuracy with which thesummariesresponded
thetwelvequestionslistedin Figure13.

Q1: About how many gross capitalization errors are there?

Q2: About how many sentences have incorrect word order?

verb?
Q3: About how many times does the subject fail to agree in number with the

(e.g. the subject, main verb, direct object, modifier) −causing the sentence

Q4: About how many of the sentences are missing important components 

Q6: About how many times are articles (a, an, the) missing or used incorrectly?

Q5: About how many times are unreleted fragments joined into one sentence?

unclear, missing or come only later?

Q7: About how many pronouns are there whose antecedents are incorrect,

Q8: About how many nouns is it impossible to deterine clearly who or what
they refer to?

to be ungrammatical, unclear or misleading?

Q9: About how many times should a noun or noun phrase have been replaced
with a pronoun?

Q10: About how many dangling conjunctions are there ("and", "however" ...)?

Q11: About how many instances of repeated information are there?

Q12: About how many sentences strike you as in the wrong place because
they indicate a strange time sequence, suggest a wrong cause−effect
relationship, or just don’t fit in topically with neighboring sentences?

Figure 13: Qualitative questionsused to evaluatesum-
mariesin DUC-2002.

Figure 15 lists similar resultsfor the multi-document
summarizationevaluationsfor abstracts. By ranking ac-
cordingto themeancoverageof PUsinto MUs andthere-
spective mediancoverage,GISTEXTER wasrankedasthe
first system.It wasalsorankedasthefirst systemfor mean-
length adjustedcoverageand for medianlength-adjusted

coverage.

System Precision Recall Rank P Rank R
16 0.1219 0.078909 9 9
19 0.206647 0.207082 3 1
20 0.148241 0.152151 5 5
21 0.249052 0.206362 1 2
22 0 0 10 10
24 0.221155 0.182388 2 3
25 0.130039 0.10453 6 8
28 0.181207 0.158358 4 4
29 0.12797 0.120487 7 6
31 0.126711 0.107595 8 7

Figure14: Resultsof the multi-documentsummarization
evaluationsfor extractsin DUC-2002.

For multi-documentsummaries,weconsideredalsothe
PrecisionandRecallmeasures.Precisionis calculatedas
thenumberof PUsmatchingsomeMU dividedby thenum-
berof PUsin thepeersummary, consideringall summaries
automaticallygeneratedfor thesamecollection.Figure14
lists theprecisionandrecall resultsfor all thesystemsthat
participatedin DUC-2002. Our systemwasrankedon the
secondplacefor precisionand first placefor recall mea-
sures.As reportedin (McKeown et al.2001),this estimate
of the precisionis conservative, sincethe numberof PUs
thatareconsideredcorrectcanbeincreasedby considering
informationaboutthePUsnot assignedto MUs.

6. Conclusions
In this paperwe have shown thatmulti-documentsum-

marizationof good quality can be obtainedif extraction
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16 1.11 1.7 0.65 0.6 0.1 0.0 0.3 0.4 0.1 0.1 0.3 0.0 0.0 0.2 0.5 0.3 2.1 1.5 0.6 8.6 0.13 0.05 0.17 0.09 0.04 0.11
19 0.52 1 0.52 0.32 0.07 0.02 0.14 0.08 0.11 0.07 0.17 0.045 0 0.15 0.32 0.39 4.19 2.98 1.21 8.62 0.28 0.19 0.25 0.19 0.13 0.17
20 1.08 1.54 0.7 0.31 0.05 0.04 0.19 0.07 0.03 0.16 0.36 0.028 0.08 0.16 0.77 0.4 4.05 2.3 1.75 8.62 0.15 0.07 0.19 0.11 0.05 0.13
24 1.71 2.07 0.83 0.23 0.19 0.07 0.31 0.13 0.08 0.07 0.25 0.034 0.06 0.2 0.54 0.4 3.94 2.75 1.19 11 0.18 0.06 0.27 0.13 0.05 0.18
25 2.66 2.81 0.95 1.86 0.21 0.07 0.78 0.31 0.14 0.1 0.37 0.017 0.1 0.18 0.65 0.45 3.7 1.96 1.75 8.62 0.13 0.05 0.17 0.09 0.04 0.11
26 1.51 2.03 0.74 0.5 0.1 0.0 0.5 0.3 0.2 0.1 0.3 0.1 0.0 0.3 0.6 0.5 4.4 2.9 1.6 8.6 0.22 0.12 0.23 0.15 0.08 0.16
28 1.48 1.69 0.87 0.4 0.1 0.0 0.1 0.2 0.0 0.0 0.1 0.1 0.0 0.2 0.6 0.3 3.6 2.8 0.8 11.0 0.22 0.09 0.30 0.15 0.06 0.20
29 1.26 1.77 0.71 0.2 0.0 0.0 0.3 0.1 0.0 0.4 0.4 0.0 0.1 0.1 0.8 0.4 3.9 2.0 1.9 8.6 0.14 0.06 0.19 0.10 0.05 0.13

Ranks
16 3 4 2 7 5 3 5 8 4 6 4 5 3 3 2 7 7 8 8
19 1 1 1 4 3 3 1 2 6 3 2 6 1 2 1 1 1 1 1
20 2 2 3 3 2 6 3 1 1 7 6 3 7 3 7 5 4 5 4
24 7 7 6 1 7 7 6 3 5 3 3 4 5 6 3 4 6 4 5
25 8 8 8 8 8 8 8 7 7 5 7 1 8 5 6 8 8 7 7
26 6 6 5 6 5 2 7 6 8 2 5 7 3 8 5 2 2 2 2
28 5 3 7 5 4 1 1 5 3 1 1 8 1 7 4 3 3 3 3
29 4 5 4 2 1 5 4 4 1 8 8 2 6 1 8 6 5 6 6

MULTI-DOC

Figure15: Resultsof themulti-documentsummarizationevaluationsfor abstractsin DUC-2002.

templatespopulatedby a high performanceIE systemsare
available. We have presentedanIE-basedmulti-document
summarizationprocedurethatincrementallyaddsinforma-
tion to createsummariesof variable size. The decision
of usingincrementaladditionsof sentencesfrom multiple
documentsbasedon their mappingfrom thetemplateslots
producedvery goodresultsfor coherenceandorganization
in theDUC-2002evaluations.
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