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Abstract
This paperpresentghe techniquesmplementedn GISTEXTER for producingextracts and abstiacts from both single and multiple
documents. Thesetechniquesgpromotethe belief that highly coherentsummariesmay be generatedvhen using textual information
identifiedby the InformationExtractiontechnology Theresultsof GI STEXTER in the DUC-2002evaluationsaccounfor theadwantages

of usingthetechniquegpresentedn this paper

1. Intr oduction

One way of tackling the current textual information
overloadis by relying on summariesof eithersingle doc-
umentsor of setsof documentghat sharethe samecate-
gory or cover the sametopic from multiple perspecties.
Summariegompressheinformationcontentavailablein a
long text or a text collectionby producinga muchshorter
text that can be readand interpretedrapidly. At the core
of automaticsummarizationiechniqueshatproducecoher
entsummariestaysthe methodologyof identifying in the
original documentghe relevantinformationthatshouldbe
includedin the summary Similarly, Information Extrac-
tion (IE) is a technologythat targetsthe identification of
topic-relatedinformationin free text andtranslatest into
databasentries.Typically, IE systemsxtractaround10%
if adocumentextual content(cf. (Hobbsandetal.1997)).
Thisrepresenta compressiomatio thatqualifiesextraction
techniquedor multi-documentsummarization.Our auto-
maticsummarizatiorsystemgalledGI STEXTER buildson
this obsenation.

To further progressin summarizationand enablere-
searcherso participatein large-scaleexperimentsthe Na-
tional Institute of Standardsand Technology(NIST) has
initiated in 2001 an evaluationin the areaof text sum-
marization called the DocumentUnderstandingConfer
ence(DUC)!. For DUC-2002NIST produceds9 document
setsastestdata. For this purposeNIST usedthe TREC
disksemployedin thequestion-answeringackin TREC-9.
Specificallytheseincludearticlesfrom Wall StreetJournal
(1987-1992) AP newswire (1989-1990) SanJoseMercury
News (1991) Financial Times(1991-1994) LA Timesand
FBISrecods Eachsethadbetweens and15 documents,
with anaverageof 10 documents.The documentsvereat
least10 sentenceong, but therewasno maximumlength.
Additionally, NIST classifiedthe 59 documentssetsin the
catayorieslistedin Figure 1. For eachdocumenin thetest
data,the sentencesieretaggedoy NIST.

Threedifferenttaskswereevaluatedn DUC-2002:

DUC is part of a Defense Advanced ResearchProjects
Ageng/ (DARPA) program,Translingualinformation Detection,
Extraction,and Summarizatio(TIDES), which specificallycalls
for majoradvancesn summarizationtechnologybothin English
andfrom otherlanguageso English(cross-languagsummariza-
tion)

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

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

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

Figurel: Definitionsof documensetcataories.

1. Fully automatic summarization of a single
newswire/navspaper 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/navspaper documentson a single sub-
ject by generatingdocumentextracts Given a set
of documents,2 generic sentenceextracts of the
entiresetwith lengthsof approximately400 and200
(whitespace-delimitedokens)or lesswere required.
Each such extract consistedof some subsetof the
"sentences”predefinedby NIST in the sentence-
separateddocumentset. Each predefinedsentence
hadbeusedin its entiretyor notat all in constructing
anextract.

3. Fully automatic summarization of multiple
newswire/navspaper documentson a single sub-
ject by generatingdocumentabstiacts Given a set
of documentswe had to create4 genericabstracts
of the entire setwith lengthsof approximately200,
100, 50, and 10 words (whitespace-delimitetbkens)
or less. The 200, 100, and 50-word abstractshadto
be composedentirely of completesentences. The
10-word abstractook theform of a headline.

TotrainsummarizatiorsystemsNIST provided30doc-
umentsetswith assorted human-generatedbstractsfor
single and multiple documents,preparedfor the DUC-
2001, as well as combinedtest and training data from
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DUC-2001. For singledocumentsummariegherewere 2

categyoriesof evaluation: that doneby humans(mostly at

NIST), andthatdoneautomatically(outsideof NIST). For

multi-documentsummarizationthe planwasonly to have

humanevaluation. Humanevaluationwas doneat NIST

usingthe samepersonnewho createdthe referencedata.
Thesepeopledid pairwise comparisonsof the reference
summariedo the system-generatesummariesptherref-

erencesummariesandbaselinesummaries.

The rest of the paperis organizedas follows. Sec-
tion 2 presentsthe architecture of GISTEXTER, our
single-documenand multi-documentsummarizatiorsys-
tem. Section3 presentshe |IE-basednulti-documensum-
marizationproducingextractswhereasSection4 presents
ad-hocextractiontechniquesor multi-documentsumma-
rization. Section5 reportsanddiscusseshe experimental
resultswe obtainedin DUC-2002and Section6 summa-
rizestheconclusions.

2. The architecture of GISTEXTER

GISTEXTER is a summarizatiorsystemimplemented
for the evaluationsof the DocumentUnderstandingCon-
ferencegDUCsY. Thearchitectureof thesystemis shavn
in Figure2. Inputto the systemis eithera singledocument
or acollectionof documentsharingthe sametopic. When
a summaryof a single documentis sought,GISTEXTER
first extractsthe key sentencessimilarly to most single-
documentsummarizers.The sentencextraction function
is learned,usingthe techniqueof single-documendecom-
position This techniqueanalyzeghe featuresof human-

2Seehttp://www-nlpirnist.gos/projects/duc/

written abstractof singledocumentsln the secondstage,
to furtherfilter out un-necessarinformation,the extracted
sentencesre compressed.In the final stagea summary
reductionis performed,to trim the whole summaryto the
lengthof 100words. Figure3 illustratesa single-document
summaryproducedoy 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-documensummaryproducedby GIS-
TEXTER.

When multi-documentsummariesneedto be created,
the processingakes additionallyinto accountthe topic of
the documentset. Sometimeghe topic is well-known and
maybealreadyimplementedn InformationExtraction(IE)
systemslIn thiscaseanlE systemidentifiesall theinforma-
tion thatneedgo be usedin the multi-documensummary
Othertimesthetopic is completelynew, andthe summary
is generatedby modelingthetopic in anad-hocmanner

GISTEXTER producesmulti-documentsummariesby
relying on the outputof the CIcERo IE systeni. CICERO,

3Cicero is an ARDA-sponsorecn-goingprojectthat stud-
iesthe effectsof incorporatingworld knowledgeinto IE systems.
CICERO is beingdevelopedat LanguageComputerCorporation.



asreportedn (SurdeanandHarabagil2002)producesin-
surpasseduality of extractionbecausé combinesherole
of linguistic extraction patternswith coreferenceknowl-
edge. For multi-documentsummarizationthis meanshat
thetemplategyeneratedy CICERO areeasilymappednto
text snippetsfrom the texts, in which pronounsand other
anaphoriexpressionareresolhed. Theseext snippetsan
be usedto generatecoherentjnformative multi-document
summaries.

To extract information from a set of documents,Ci-
CERO needdo have atemplaterepresentationf the topic.
Topicscanberepresentedsa setof inter-relatedconcepts,
implementedas a frame having slots andfillers. In the
Information Extractiontechnology suchframesare called
templatesandarepopulatedvith informationrelatedto the
salientfactsreportedin documentsandextractedby the lE
systems.For example,if the topic is “natural disastes”,
Figure4 illustratesa templatepopulatedwith information
extractedfrom the text illustratedin Figure 4(b). An al-
ternative representatiorof a topic was proposedin (Lin
andHovy 2000),with the goal of modelingthe minimum
amountof knowledgerequiredto effectively identify con-
ceptsrelatedto a topic. This representation¢alled topic
signatue, associates target concept(i.e. the topic) with
avectorof relatedterms(i.e. the signature).Each
from the signaturehasan associatedveight . (Lin and
Hovy 2000) report on an automaticmethodof signature
term extraction and weight estimation. Figure 4(c) illus-
tratesthe signatureermsfor thenaturaldisastersopic, ob-
tainedwith the methodreportedn (Lin andHovy 2000).

TEMPLATE
Doc_NR: CNN19980301.1000.0329
Event: <Natural_Disaster—-CNN19980301.1000.0329-1>
Comment: Prototypical
<Natural_Disaster—-CNN19980301.1000.0329-1> :=
Disaster: last week's TORNADOES
Amount Damage:  $100 million
Number Dead: 40
[ four of the victims
/ a husband, wife, their daughter and her fiancee
Florida
/ central Florida
last week

Location:

Date:

@

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.

(b)

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

(c)
Figure4: (a) Templaterepresentatioof the “naturaldisas-
ters”topic; (b) Text containinginformationaboutthetopic;
(c) Topic signaturdfor “naturaldisasters”.

Thetemplateslotsarefilled wheneer textual informa-
tion relevantfor the topic is identified. To recognizeeach
topic-relevanteventandentity, CICERO first pre-processes
thetext, by tokenizingthe articleandrecognizingthe part-
of-speechandattributesof eachword againstarich dictio-
narystructure.Next, all namedrom the article are cateyo-

rized by a namedentity recognizerwhich tagsRed Cross
asan Organizationand Florida asa Location A phrasal
parserbraclets all noun and verb phrasesto enablethe
recognitionof linguistic patternsthat relateto the topic.
Sinceanaphoricexpressionsareoften used,beforematch-
ing the text againstlinguistic patternscoreferenceesolu-
tion takesplace.

Linguistic patternsare matchedto identify the topic-
relevantinformation. For example for thetopic of “natural
disasters”therule Casualty-epression to from $Num-
ber frombecause-of Disasterword is matchedagainst
the snippet‘the deathtoll to 40 from lastweek’s tornado”
in the text from Figure4(b). Otherextraction patternsare
matchedagainstthe text and populatethe restof the tem-
plateillustratedin Figure4(a). CiCERO extractsall thetem-
platesfrom the article collectionandkeepsmappingsrom
thetemplateslotsthe thetext snippetscontaininginforma-
tion thatfills the slots. Thesetext snippetsare indicators
of the summarycontent.Additionally, referenceaesolution
contributesto resolvingthe orderof the sentenceextracted
from differentdocuments.Sinceextractsare generatedy
selectingsentencesnarked-upby NIST in the documents,
the summariescontainthe SGML mark-upaswell. For
example Figure 5(a) illustratesthe 200-word long multi-
documensummariegeneratedy Gl STEXTER for a col-
lectionof articlesdealingwith “naturaldisasters”.

<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
in the Dominican Republic, sideswiped Sunday by the storm, reported five
dead.</s>

(@

Multi-document Sentence # || Document Source Document Sentence #
1 AP880911-0016 9
2 AP880912-0095 42
3 AP880912-0095 5
4 AP880912-0137 9
5 AP880912-0137 13
6 AP880915-0003 16
7 AP880915-0003 17
8 AP880915-0003 67

(b)

Figure5: Multiple-documensummaryproducedoy GI S-
TEXTER: (@) the 200-word extract and (b) the document-
sourcetable.

The SGML mark-upillustratedin Figure5(a) contains
threefields: docidindicatingthedocumentd of thesource;



num indicating the sentencenumberon the sourcedocu-
mentandwdcountgiving the lengthin words or tokensof
the sentence The mark-upin the runningtext of the sum-
mary contribute to mappingthe order of the sentenceén
the summaryto the sentenceorderin their original doc-
uments. For example, for the summaryrepresentedn
Figure5(a) a document-sourctable, asillustratedin Fig-
ure 5(b) is generatedshaving both the sourceof eachof
the eight sentencesswell astheir respectie orderin the
sourcedocumentsThe sentencesriginatedon four differ-
entdocumentsandexceptfor thesentencesxtractedfrom
documentAP880912-0137they follow the orderfrom the
sourcedocumentsThe multi-documentextractsgenerated
by GISTEXTER arecoherenbecausghey rely ontherele-
vantinformationidentifiedby the |IE systemwhenthetopic
is known. However, out of the59topicscoveredin thedoc-
umentsets,19 werenotencodedn the CICERO IE system,
thusthey wereconsideredhew topics. Someof thesetopics
arelistedin Figure®6.

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 topicsevaluatedn DUC-2002.

Whenever the topic of the collectionof documentdhas
not beenpreviously encodedn the CiCERO IE systemand
no templaterepresentatiomf the topic exists, we needto
performsomeadditionalprocessingdo gist the missingin-
formation. Thuswe needto generaten an ad-hocman-
ner: (1) thetemplateand(2) theextractionrulesthatenable
CICERO to identify the relevantinformation. To this end,
we have developeda methodologyfor generatinganad-hoc
templatebasednthetopicalrelationsthatcanbeidentified
from WordNet(Miller 1995). Whenthetemplates known,
several possiblemethodsof acquiringextractionrulescan
be applied,e.g. the methodsreportedin (?) (Riloff and
Jonesl999)or (HarabagitandMaioarana2000).For GI S-
TEXTER, we appliedthetechniqueseportedn (Harabagiu
andMaioarana2000).

With an ad-hoctemplateavailable, CICERO’s domain-
eventrecognizemrctsin the sameway asfor topicsthatare
encodedin the IE system. Moreover, entity coreference
takesplacefor new topicsalso,sincethecoreferenceneth-
odsimplementedin CICERO aretopic-independent.The
quality of the extractionis not be asgood asin the case
of previously studiedtopics becauseadditional semantic
knowledgeis requiredto correctlymemgeincompletetem-
plates. Neverthelessfor multi-documentsummarization,
theextractionquality for ad-hoctemplatess reasonableas
it determinesacceptablycoherenisummaries Exampleof
multiple-documentsummariesproducedby GISTEXTER
for a new topic, namelythe “German Reunification”, are
illustratedin Figure?7.

Similar ad-hoctemplateswvere also generatedor doc-
umentsetscovering biographiesof celebrities. Figure 8
lists somethe focusof someof the biographieggenerated
asmulti-documengextracts.

<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 Il 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-documensummaryproducedby GI S-
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 extractsGI STEXTER generatesbstracts
of 10-,59-,100-and200-wordlengthby resolvingthetem-
poral expressionsto absoluteexpressionsand then com-
pressingsentenceso cover only the snippetsidentified by
thelE system.

3. Information Extraction-based
Multi-Document Summarization

InformationExtraction(IE) is atechnologythattargets
the identification of topic-relatedinformationin free text
andtranslatedt into databasesntries. Typically, IE sys-
temsextractaround10%if a documentextual content(cf.
(Hobbsandetal.1997)).This representa compressioma-
tio that qualifies extraction templatesfor multi-document
summarizationThis obsenationwaspreviously employed
in the designof the architectureof the SUMMONS multi-
documentsummarizationsystem (Rades and McKeown
1998). In SUMMONS, summarizatioris viewed asa two-
tiered process: (a) conceptualand (b) linguistic summa-
rization. Conceptuabummarizatiordealswith contentse-
lectionwhereadinguistic summarizatiors concernedvith
linguistic realizationof the content.

To performconceptuasummarizationSUMMONS uses
thetemplategproduceddy IE to applyasetof contentplan-
ning opemators on them for combining the extractedin-
formation. Theseoperatorsfully detailedin (Rader and
McKeownn 1998) detectchange of perspective contradic-
tion, information addition or refinement The application
of eachoperatoiis decidedby a setof heuristics specially
craftedfor eachtopic andfor eachgivencorpus.Theresult-
ing combinedtemplatesarethentranslatednto functional
descriptiongFDs),whichareconceptuatepresentationsf



thetemplatemeaningsFDsareusedby thelinguisticcom-
ponentof SUMMONS thatrelieson a lexicon anda gram-
marof Englishto realizethe conceptuatepresentatiomto
a sentence The linguistic componentonsistsof a lexical
chooserwhich determineshehigh-level sentencetructure
of eachsentenceand the words that realize eachseman-
tic role. SUMMONS incorporateshe FUF/SURGE (Elhadad
1993)sentencegeneratar

In GITEXTER we decidedo uselE templategor multi-
documensummarizatiorin a differentway. Firstwe con-
siderednot only the populatedemplatesalone but alsothe
mappinginto the text snippetsthat arethe sourceof their
slot fillers. Second sincecoreferencénformationis also
usedto fill slots,we keeppointersto thecoreferencehains
that containary entity thatfills a templateslot. Thusfor
eachTemplate having theslots , ) ey we
keeptwo additionalformsof information: (1) thetext snip-
pet that matchedone of the extractionrules, and
thusenabledhefilling of a slot ; and(2) all the enti-
ties from the text that coreferwith the informationfilling
ary slot . Figure 9 illustratesa snapshobf popu-
latedtemplatesandtheir mappings. The Figureillustrates
somecoreferencechainsaswell. Both text snippetinfor-
mation and coreferenceénformationis madeavailable by
the CICERO IE system.

Text 1 Text 2

Template 1 Template 3
Slot 1 , %J Slot 1
Slot p Slot 2
k Cc;refer_ence
Sloti — ?,: chain 1 Slot i
Slot n F\ig \\** Slot n

C—1

Template 2 o Text3 Template 4
Slotl1—_ | g . Slot 1
Slot 2 Coreference’ E’g Slot 2
chain2 .

Slot ? 1 Slot
) . "\ 2 Coreference
Slotn —— | L ® cains Slotn

Figure9: Mappingsbetweenextractedtemplatesandtext
snippets. Wheneer a relevant text snippetcontainsan
anaphorpointersto all otherentitieswith whichit corefers
arekeptin acoreferencehain.

To generatenulti-documensummariesve usetwo ob-
senations:(1) the orderin which relevanttext snippetsap-
pearin the original articlesaccountsfor the coherenceof
the documentsand (2) to be comprehensiblesummaries
needto include sentence®r sentencdragmentsthat con-
tain theantecedentsf eachanaphoriexpressiorfrom rel-
evanttext snippets. Sinceall articlescontaininformation
abouta given topic, it is very likely that a large percent-
age of the templatessharethe samefiller for one of the
slots. In the caseof the “natural disasters'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 dominanteventin
the collection. Thustemplatesare classifiedinto four dif-
ferentsets: (a) - templatesaboutthe domi-

nanteventthatoriginatein documentshatcontainrelevant

information aboutrelatedevents; (b) - other

templatesboutthedominantevent;(c) -tem-

platesaboutnon-dominaneventsthat originatein articles

that containinformationaboutthe dominantevent; and(d)
- othertemplates.

To generatea multi-documentsummaryof length
GISTEXTER extractssentence$rom the documentsetin
four differentincrements.The rationalefor choosingfour
incrementds basedon the four differentsummarylengths
imposedby the DUC evaluationsge.g. 50-word, 100-word,
200-word and 400-word long summaries. Sinceit is not
know apriorihow mary templatesareextractednor whatis
the cardinalityof each set,for eachsummary
incremente performatleastonecomparisorwith thetar
getlength to determindf theresultingsummaryneeddgo
bereducedor not. The IE-basedmulti-documensummary
is producedoy thefollowing algorithm:

Algorithm |E-based MD-Summarization
Stepl: Selectthe mostrepresentativeemplates. To this
end,for eachtemplate from , With

, for eachslot we countthe frequeng with which
the samefiller wasusedto fill the sameslot of any other
template.Theimportanceof  is measuredisthe sumof
all frequeng countsof all its slots. This measuregener
atesanorderon eachof the four setsof templates When-
ever thereareties, we give preferencdo the templatethat
hasthelargestnumberof mappedext snippetdraversedy
coreferencehains.Template isthemostimportanttem-
platefrom f is null, the same
operationis performedon
Step2: Summary-ine@mentl.
Selectsentencesontainingthe text snippetsanappedrom

in the order in which they appearin the text from

where is selected!f anaphoriexpression®ccurin ary
of thesesentencesinclude sentencegontainingtheir an-
tecedentsn thesameorderasin the original article.
if length(summary)  generateppositiondor datesand
locationsanddropsthe correspondingentences.
if length(summary) drop coordinatedohraseghat do
not containary of themappedext snippets.
whilelength(summary)  dropthelastsentence.
Step3: Summary-inement.
For eachslot from  that hasotherfillers in someother
templatefrom or , addthe sen-
tencecontainingthecorrespondingnappedext snippeim-
mediatelyafterthe sentencenappedoy template  for the
sameslot. If anaphoricexpressionsoccurin ary of these
sentencesinclude sentencesontainingtheir antecedents
in the sameorderasin the original article. Continuethis
procesauntil either(1) thelengthof the summaryis larger
than or until thereareno moresentencet beadded.
Step4: Summary-in@ment3.
Add sentencesnappedby the most important template
from . Repeatthe processas at Step2 until
length isreachedr nomoresentencesanbeadded.
Step5: Summary-in@ment.
Add sentencesnappedby the most important template
from . Repeatthe processasat Step2 until
length isreachedr nomoresentencesanbeadded.




FigurelOillustratestheinter-leaving of extractedsentences
that each summaryincrementproducesin the resulting
multi-documensummarization.

Template 0 | N )

increment 1 ‘

Template 1
Slot 1 ‘ increment 1 ‘ Slot 1
#
Slot 2% ncrement1 | _—Slot 2
Slot i \ increment2 [ ¢ | Sioti
Slot n ‘ | increment 1 ‘ gllot .
\f—/\increment 2
¥
‘ [ increment 1 ‘
Template 2 ‘/—H:I increment 3 ‘ Template 3
2:0;; ‘ increment 4 mﬁot 1
o
[ 1 increment3 ‘ Slot 2
Slot i ‘ increment 4 I:I<~—/‘ .S.,.I.ot i
slot n \ A nements] o

‘ increment 4 w
Figure 10: Multi-documentsummarizationproducedby
four differentsummaryincrements.

4. Ad-hoc Extraction for Multi-Document
Summarization

Whenever the topic of a documentollectionis noten-
codedin an IE system,the Algorithm presentedn Sec-
tion 3. cannotbe applied. Two mainsource®f information
aremissing: (1) the topic template-representatioand (2)
the mappingsbetweertemplateslotsandtext snippets.In
(HarabagitandMaioarana2000)we have shavn thatif the
templaterepresentationf a topic is known, linguistic pat-
ternsthatidentify the mappingsof the templateslotsinto
text snippetscanbe acquiredautomatically In this paper
we focusonthe mechanisnof generatinghetemplaterep-
resentatiorof thetopic.

The idea of representinghe topic as a frame-like ob-
jectwasfirst adwocatedn thelate 70’s by DeJong(DeJong
1982),who developeda systemcalledFRuMP (FastRead-
ing UnderstandinggndMemory Program}o skim nevspa-
perstoriesandextractthe maindetails. Thetopicrepresen-
tationusedin FRUMP is the sketdy script, which modela
setof pre-definegarticularsituationsg.g.demonstrations,
earthquaksor labor strikes. Sincetheworld containsmil-
lions of topics,it isimportantto beableto generatesketchy
scriptautomaticallyfrom corpora.In additionsomeof the
currentlarge-scaldexico-semanticknowledge basesmay
be usedto contritute informationfor the generatiorof the
topic templates. In our methodology we have employed
WordNet (Miller 1995),the lexical database¢hat encodes
a majority of the Englishnouns,verbs,adjectvesandad-
verbs.

4.1. Extracting Topical Relationsfrom WordNet

WordNetis both a thesaurusand a dictionary It is a
thesaurudecauseachwordis encodedilongwith its syn-
onymsin a synorymssetcalledsynsetrepresenting lex-
ical concept WordNetis a dictionarybecauseachsynset
is definedby a gloss. Moreover, WordNetis a knowl-
edgebasebecausat is organizedin 24 noun hierarchies
and 512 verb hierarchies. Additionally WordNetencodes

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

andHAs-MEMBER) betweemounsandtwo causalityrela-

tions (e.g. ENTAILMENT and CAUSE-TO) betweenverbs.
However, therearenodirectrelationsbetweertheconcepts
usedin ary of thetemplaterepresentationf thetopicsen-

codedin the CICERO IE system. Neverthelessve noticed
thatchainsof lexico-semantigelationscanbe minedfrom

WordNetto accountfor the connectionbetweenary pair

of templateconceptsof known topics. To illustrate how

suchchainsof relationscan be mined, we first consider
two of therelationsalreadyencodedn WordNetandthen

shav how additionalrelationscanbe uncoveredaslexico-

semanticchains betweentwo conceptspertainingto the

sametopic. We call theselexico-semanticchainstopical

relations

The sourcesof topical relations

In WordNet, a synsetis definedin threeways. Firstit is

definedby the commonmeaningof the wordsforming the
synset.Thisdefinitionrelieson psycholinguistigrinciples,
basedon the humanability to disambiguatea word if sevs-

eralsynorymsarepresentedSecondthe synsetis defined
by theattributesit inheritsfrom its superconceptsThird, a
glosseddefinitionis providedto eachsynorym. A GLOSS

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

1. We extendthe GLOsSs relationto connectthe defined
synsetnotonly to a textual definition but to eachcon-
tent word from the gloss, and thus to the synsetit
representsFor example,the glossof synset bovine
spongiformencephalitis BSE,mad cow disease is (
fatal diseaseof cattle that affectsthe central nervous
system;causesstaggering and agitation). A GLOSS
relation exists betweenthe definedsynsetand fatal,
diseasecattle, affect, central nervoussystemstagger-
ing andagitation.

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

3. The hyperrym of a synsethasalso a gloss, thus a
synsetanbeconnectedo theconceptdrom thegloss
of its hyperrym. Similarly to the I s-A relations,other
WordNetlexico-semantigelationscanbe followedto
reacha new synsetand have accesgo the concepts
usedin its gloss. Suchrelationsmay include HAs-
MEMBER, HAS-PART or ENTAILS and CAUSE-TO.
Lexical relationsbasedon morphologicalderivations,
if availablemaybeusedtiod®. Morphologicalrelations
includethe NOMINALIZATION relations known to be
usefulin IE.

4. A synsetcan be useditself to defineotherconcepts,
thereforeconnectiongxist betweereachconceptand
all conceptst helpsdefine.

“WordNet2 alreadyencodeslerivationalmorphology



Figurellillustratesthefour possiblesourceof topical
relationsbasedon two of the WordNet relations,namely
GLossandls-A.

Synset 2 Synset 3

Synset 1 Synset1  Gloss

) Gloss @ synset3 @_ Closs_ Synset 4
Synset 2

Glos

Synset n Synset n
Case 2
Synset 3 Synset 2

Synset 3

Synset 1
Gloss

Synsetn @
Case 4

Synset n

Case 3

Synset 1

Figurell: Four sourcesf topicalrelations.

Topical relationsasPaths betweenWordNet Synsets
Two principlesguide the uncovering of topical relations.
First we believe that redundaniconnectiongule out con-
nectiondiscoveredby accident. Therefore,if at leasttwo
differentpathsof WordNetrelationscanbe establishedbe-
tweenary two synsetsthey arelikely to be partof therep-
resentatiorof thesametopic. Secondtheshorterthepaths,
thestrongertheir validity. Consequentlywe rule out paths
of lengthlargerthan4. This entailsthe factthateachtopic
may berepresentetly atleastfive synsets.

4.2. Ad-hoc Templates

A templaterepresentatiof a topic canbe viewed as
alist of semantiaoles,eachrole beinga slot thatis filled
by information extractedfrom text. The topical relations
mined from WordNet have the advantagethat they bring
forward semantically-connectetbnceptdeemedelevant
to the topic. Howevertheseconceptsannotbe mappedli-
rectly into alist of slots. First, WordNetwas not devised
with the IE applicationin mind - it is a generakesourceof
Englishlexico-semantiknowledge.Becausef this, some
conceptgelevantto a given topic may not be encodedn
WordNet. Second several WordNetconceptdraversedby
topicalrelationsmaybecatagyorizedunderthesameseman-
tic role. Third, somesemanticroles may be encodedn
WordNetat a very abstractevel, andthusthey may never
bereachedy topicalrelations.Fourth,someof the seman-
tic rolesderivedfrom topicalrelationsmay never befilled,
sincethereis no correspondingnformationin thetexts. To
addressll theseissueswe have developeda corpus-based
techniqueor creatingad-hodists of semantiaolesfor the
templaterepresentationf the collectiontopic. Our algo-
rithm for ad-hoctemplategenerationwvasinspiredby the
empirical approachfor conceptuakaseframe acquisition
presentedh (Riloff andSchmelzenbach998).

Algorithm Ad-hoc Template Generation

Stepl: Extractall sentence@ which oneof the concepts
traversedby topicalrelationsis presentThe conceptdrom

the topical relationsare usedas a seedlexical items used
for theidentificationof thetemplateslots.

Step2: Identify all Subject-\érb-Object(SVO) +Preposi-
tional attachmentsyntatic structuresn which one of the

topical conceptsis used. For this purpose,we usedthe

phrasalparserimplementedn CiceErRO aswell asall the
syntacticvariantsof the SVO syntacticstructuresusedto
implementextractionpatterns.

Step3: Apply the IE coreferenceresolutionmodule and
considerall thesyntacticSVO structuresnvolving all core-
ferring expressiorof ary of the nounsusedin the syntactic
structuresliscoveredat Step2.

Step4: Combinethe extractiondictionarieswith WordNet
to classifyeachnounfrom the structuredgdentifiedat Step
2 andStep3.

Step5: Generatehe semantigorofile of the topic. For this
reasornwe computethreevaluesfor eachsemanticlassde-
rivedat Step4: (1) SFreq: the numberof syntacticstruc-
turesidentifiedin thecollection;(2) CFreq: thenumberof
timeselementdrom the samesemanticclasswere identi-
fied; and (3) PRel the probability that the semanticclass
identifiesa relevant slot of the template. Similarly to the
methodreportedn (Riloff andSchmelzenbach998),PRel
= CFredg/SFreq. To selectthe templateslotsthe following
formulais used:

(CFreq Fl)or((SFreq F2)and(PRel P))
Thefirst testselectsolesthatbecaus®f the semanticcat-
egoriesthat are identified with high frequeng, underthe
assumptiorthatthis reflectarealassociatiorwith thetopic
elaborationin the collection. The secondtext promotes
slots that come from a high percentageof the syntactic
structuregecognizedascontaininginformationrelevantto
the topic even thoughtheir frequeng might be low. The
valuesof F1, F2 andP vary from onetopicto another we
derivethemfrom therequirementhatatemplateshouldnot
containmorethan5 slots.

5. Evaluation

We participatedwith GISTEXTER in the DUC-2002
multi-document summarizationinvolving 59 document
sets. For eachtest data set the multi-documentsum-
mary generatedy our systemwas comparedvith a gold-
standardsummarycreatedoy humans. For eachdataset,
the authorof the gold-standardsummaryassessethe de-
greeof matchingbetweerthemodelsummaryandthesum-
mariesgeneratedy the systemsavaluatedn DUC-2002.

Eachof thesemeasuresverescoredon a scalebetween
0and4.

To computethe quantitatve measuref overlap be-
tween the system-generatedummariesand the gold-
standardsummary the human-createdummarywas sey-
mented by hand by assessorsnto model units (MUs),
which areinformationalunits that shouldexpressoneself-
containedfactin the ideal case.MUs are sometimessen-
tenceclauses,sometimesentire clauses. In contrast,the
summarieggeneratedy the summarizatiorsystemswere
automaticallysggmentednto peerunits (PUs)- which are
alwayssentencedsrigurel?liststheresultsobtainedor the
single-documensummarizationevaluations. By ranking
accordingto the meancoverageof PUsinto MUs andthe
respectie mediancoverage, Gl STEXTER, labeledassys-
tem19,wasrankedasthefirst system.For mean-lengttad-
justedcoverageit wasranked onthe secondplacewhereas
for medianlength-adjusteadoverageit wasranked on the
third place.
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Figure12: Resultsof thesingle-documensummarizatiorevaluationsn DUC-2002

Figurel2listsalsotheresultsof theevaluationswith re-
spectto theaccurag with which the summariesesponded
thetwelve questiondistedin Figure13.

Q1:
Q2:
Qs:

About how many gross capitalization errors are there?
About how many sentences have incorrect word order?

About how many times does the subject fail to agree in number with the

verb?
About how many of the sentences are missing important components

Q4:
(e.g. the subject, main verb, direct object, modifier) —causing the sentence
to be ungrammatical, unclear or misleading?

Q5:
Q6:
Q7:

About how many times are unreleted fragments joined into one sentence?
About how many times are articles (a, an, the) missing or used incorrectly?
About how many pronouns are there whose antecedents are incorrect,
unclear, missing or come only later?

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

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: Qualitatve questionsusedto evaluate sum-
mariesin DUC-2002.

Figure 15 lists similar resultsfor the multi-document
summarizationevaluationsfor abstracts. By ranking ac-
cordingto the meancoverageof PUsinto MUs andthere-
spectve mediancoverage Gl STEXTER wasranked asthe
first system.It wasalsorankedasthefirst systenfor mean-
length adjustedcoverageand for medianlength-adjusted
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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

Figure 14: Resultsof the multi-documentsummarization
evaluationdfor extractsin DUC-2002.

For multi-documensummarieswe consideredlsothe
Precisionand Recallmeasures Precisionis calculatedas
thenumberof PUsmatchingsomeMU dividedby thenum-
berof PUsin thepeersummaryconsideringall summaries
automaticallygeneratedor the samecollection. Figure14
lists the precisionandrecallresultsfor all the systemghat
participatedn DUC-2002. Our systemwasranked on the
secondplacefor precisionandfirst placefor recall mea-
sures.As reportedin (McKeaown et al.2001),this estimate
of the precisionis consenrative, sincethe numberof PUs
thatareconsidereaorrectcanbeincreasedy considering
informationaboutthe PUsnot assignedo MUs.

6. Conclusions

In this paperwe have shaovn thatmulti-documensum-
marizationof good quality can be obtainedif extraction
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Figurel5: Resultsof the multi-documensummarizatiorevaluationsfor abstractsn DUC-2002.

templategpopulatedby a high performancdE systemsare

available. We have presentedn IE-basedmulti-document
summarizatiomprocedurehatincrementallyaddsinforma-

tion to createsummariesof variable size. The decision
of usingincrementaladditionsof sentence$rom multiple

documentdbasedon their mappingfrom the templateslots
producedvery goodresultsfor coherencandorganization
in the DUC-2002evaluations.
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