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Abstract

We reporton ITC-irst participationat Task
1 (very shortdocumensummariesat DUC-
2004.We proposéo exploit a keyphrasesx-
tractionmethodologyn orderto identify rel-
evanttermsin the document.The LAKE al-
gorithmfirst considersa numberof linguis-
tic featuresto extract a list of well moti-
vatedcandidatekeyphrasesthenusesa ma-
chine learning framework to selectsignifi-
cant keyphrasedfor a document. With re-
spectto other approacheso keyphraseex-
traction,LAKE makesuseof linguistic pro-
cessorsuchasmultiwordandnamedentities
recognitionwhich arenotusuallyexploited.

1 Introduction

ITC-irst participatedin the DUC-2004evaluationex-
ercise,task1 (very short single document summaries,
limited to 75 bytes), with a system, called LAKE,
which exploits therole of KeyphraseExtraction(here-
afterKE) asa usefulapproximatiorto summarization.
Ourdecisionto participatevasmainly motivatedby the
fact that somefeaturesof Task 1, i.e. the lengthlimit
of the output summariesand the fact that summaries
couldbereturnedaslists of disjointeditems,seemedo
fit well in aKE approachThisis thefirst participation
of ITC-irstatDUC.

Keywords, or keyphrasel provide semanticmeta-
data that characterize documents, producing an
overview of the subjectmatterandcontentsof a doc-
ument. Keyword extractionis a relevanttechniquefor
a numberof text-mining relatedtasks,includingdocu-
mentretrieval, Webpageretrieval, documentlustering

Throughouthis documentve usethe lattertermto sub-
sumetheformer
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andsummarizationHumanandMachineReadablén-
dexing andinteractive QueryRefinemen{see(Turney,
2000)and(Gutwinetal., 1998)).

There are two major tasks exploiting keyphrases:
keyphraseassignmentand keyphraseextraction (see
(Turngy, 1999)). In a keyphraseassignmentaskthere
is a predefinedist of keyphrasegi.e, a controlled vo-
cabulary or controlled index terms). Thesekeyphrases
aretreatedasclassesandtechniquedrom text catego-
rization areusedto learnmodelsfor assigningaclasgo
agivendocumentA documents corvertedto avector
of featuresandmachindearningtechniquesreusedo
inducea mapping from the featurespaceto the setof
keyphrasedi.e. labels). The featuresarebasedon the
presencer absenc®f variouswordsor phrasesn the
input documents.Usually a documentmay belongto
differentclasses.

In keyphraseextraction (KE), keyphrasesare se-
lected from the body of the input document,with-
out a predefinedist. Whenauthorsassignkeyphrases
without a controlledvocahulary (free text keywords or
free index terms), typically about70%to 80% of their
keyphrasesppeassomevherein thebody of theirdoc-
uments(Turney, 1997). This suggestghe possibility
of usingauthorassignedree-text keyphrasedo train
a KE system. In this approacha documents treated
asasetof candidatephrasesindthetaskis to classify
eachcandidatephrasesas either a keyphraseor non-
keyphrase(Turney, 1997; Franket al., 1999). A fea-
ture vectoris calculatedor eachcandidatephraseand
machindearningtechniquesreusedto learna model
which classifieseachcandidatephraseas a keyphrase
or non-ke/phrase.

The paperis organizedasfollows. In Section2 we
reportonthegenerahbrchitectureof our systemwhich
combinesa machindearningapproactwith a linguis-
tic processingf the document. Section3 shows the
resultsobtainedby thesystemanddiscussetheevalua-
tion carriedoutwith ROUGE.We concludesuggesting



possiblgfutureimprovements.

2 TheLAKE System

In this sectionwe describdL AKE (Learning Algorithm
for Keyphrase Extraction), a keyphraseextractionap-
proachdevelopedat ITC-irst basedon a supervised
learningapproachthat makesuseof a linguistic pro-
cessingof the documents. The systemworks in two
phaseqseeFigure 2): first it considersa numberof
linguistic featuresto extract a list of well motivated
candidatekeyphrasedrom a given document;thenit
usesamachindearningframework to selectsignificant
keyphrasedor thatdocument.

More in detail, candidate phrases consistof words
or sequencesf wordsthat matcha setof previously
manuallydefinedlinguistic patterns(seesection2.2).
Then(seesection2.3),asupervisedearningalgorithm
is usedto scorethe headof eachphrase accordingto
features(e.g. TF/IDF andthe positionwithin a docu-
ment)thatsignaltherelevanceof theheadin thewhole
documentcollection. The motivation for considering
theheadof thecandidatehrasesnsteadof thephrase
itself is that phraseglo not appearfrequentlyenough
in the collection. Finally, the scoreof the headis
assignedo the whole candidatephrase,and the best
scoredbhraseshatfill the75bytesrequiredoy thetask
aregivenasoutput.

Both the linguistic patternsandthe featuresusedin
the classificationphasehave beendefinedconsidering
theDUC-2003material.

In the following sectionswe describeeachof these
components.

2.1 Linguistic Pre-Processing

The documentcollection provided by DUC was pre-
processediccordingto the following three steps: (i)
partof speechiagging,(ii) multiwordsrecognition {iii)
namedentitiesrecognition.

Part of Speech Tagging. We usethe Tree tagger
(Schmid, 1994) POStaggerdevelopedat the Univer

sity of Stuttgart. The taggedtext is givento a module
thatrecognizesnultiword expressions.

Multiwords Recognition. Sequencesf words that
areconsideredssinglelexical unitsaredetectedn the
inputdocumenaccordingo theirpresencé WordNet
(Fellbaum,1998). For instancethe sequencéChrist-
mastrees”is transformednto the singletoken“christ-

mastree” andassignedo the part of speechfoundin

WordNet.

Named EntitiesRecognition. Asfor NamedEntities
recognitionwe usedNERD (Magnini et al., 2002), a
multilingual NamedEntity Recognizeffor Italian and

<DOoC>

<DOCNC> APWL9980314. 0392 </ DOCNO>

<DOCTYPE> NEWS STORY </ DOCTYPE>

<DATE_TI ME> 03/ 14/ 1998 10: 36: 00 </ DATE_TI ME>
<BCDY>

<HEADLI NE>

Russi an show of power in World Cup finale

</ HEADL| NE>

<TEXT>

OSLO, Norway (AP) _ Russia's Al exey Prokurorov had
no real challengers as he won the 50-kil oneter
classical -style cross country Wrld Cup race in
Hol menkol | en Saturday, clocking 2 hours,

32 minutes, 25.3 seconds.

</ TEXT>

</ BODY>

</ DOC>

Outputformat:

<DOC>

<DOCNC> APWL9980314. 0392 </ DOCNO>

<DOCTYPE> NEWS STORY </ DOCTYPE>

<DATE_TI ME> 03/ 14/ 1998 10: 36: 00 </ DATE_TI ME>
<BCDY>

<HEADLI NE>
Russi an show of
</ HEADL| NE>
<TEXT>
<b_enanmex type="LOCATI ON'>0OSLO<e_enanmex>,

<b_enanmex type="LOCATI ON'>Nor way<e_enanex>

(<b_enamex type="ORGANI ZATI ON'>AP<e_enamex>) _
<b_enanmex type="LOCATI ON'>Russi a<e_enanex>'s
<b_enanmex type="PERSON'>Al exey Prokurorov<e_enanmex>
had no real challengers as he won the

<b_numex type="MEASURE" >50- ki | onet er <e_nunex>
classical -style cross country Wrld Cup race in
<b_enanex type="LOCATI ON'>Hol nenkol | en<e_enanex>
<b_timex type="DATE">Sat urday<e_tinex>

<b_timex type="DURATI ON'>2 hours, 32 minutes<e_tinmex>
<b_timex type="DURATION'> 25.3 seconds <e_tinex>.

</ TEXT>

</ BODY>

</ DOC>

power in Wrld Cup finale

Figurel: Inputandoutputof the NERD system

English. The systemhasbeendesignedor the iden-
tification and the cateyorizationof entity names(per
sons, locationsand organizations),temporal expres-
sions (datesand times) and certaintypes of numeri-
cal expressiongmeasuresmonetaryvalues,and per
centagesjn written texts. NERD relieson the combi-
nation of a setof language-dependentles (approx-
imately 350 for English and 400 for Italian) with a
setof language-independeptedicatesgefinedon the
WordNethierarchyfor theidentificationof bothproper
nounsandtrigger words. The system,integratedinto
the DIOGENE QuestionAnsweringarchitecture has
beensuccessfullyusedfor the ITC-irst participationto
the lasttwo editionsof the TREC QA maintask,and
to thefirst edition of the CLEF multiple languageQA
track.

Figure 1 reportsa sampleinput documentand its
correspondingoutput after it has beenprocessedy
NERD.

2.2 Candidate Phrase Extraction

The selectionof relevant phraseshas beenstrongly
task-orientedWithin the framevork of the DUC sum-
marizationtask,the concepiwf relevancewasheuristi-
cally defined: we consideredsignificantthe syntactic
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Figure2: Architectureof the LAKE system.

patternsthat describedeither a preciseand well de-

fined entity, or conciseevents/situations.In the for-

mer casewe focussedn uni-gramsandbi-grams(for

instanceNamed Entity, noun, adjective+noun, etc.),
while in the latter we consideredonger sequencesf

partsof speechpften containingverbalforms (for in-

stancenoun+ verb+adjective+ noun). Despitethe im-

portantrole heuristicsplay in our approachthe choice
of relevant patternswas alsolinguistically motivated:
sequencebke noun+adjective, thatarenot allowedin

English, were not takeninto consideration. We dis-

cardedhepatternguni-gramsbi-gramsandtri-grams)
thatappeareavith low frequenyg (lessthan100times)
in thetraining corpusandwe eliminatedthosepatterns
containingpunctuation.

We manuallyselectedarestrictechumberof PoSse-
guenceshatcouldhave beensignificantin orderto de-
scribethe setting,the protagonistandthe mainevents
of anavspaperarticle. To this end,particularempha-
sis was given to namedentities, properand common
names.In orderto outline threedifferentsettings(i.e.
runs), we wrote threeversionsof our PoS-patterriil-
ter: one containing121 patterns(without ary verbal
form), one containing223 patterns(with a few verbal
constructionsandthe largestonethatconsistedf 654
patterngwith verbs,adwerbsand prepositions).Once
we hadextractedall theuni-gramspi-gramstri-grams,
andfour-gramsfrom the PoS-taggeautputof NERD,

we filtered them with the patternswe previously de-
fined.

As an example, we can considerthe document
APW19981023.1166,that reports on the possible
extra-dictionof Pinochetfrom London(whereheis re-
covering from an operation)to Spain. Table 1 shows
someof the candidatgphraseghatour largestfilter ac-
ceptedascandidategrom thisdocument.

2.3 Scoring Candidate Phrases

In this phasewe assigna scorethe each candidate
phrasesn orderto rank themandto makeit easier
their selectionfor the final 75 bytesoutput. The ba-
sicideawasto implementabinaryclassifierthat,given
a candidatgphrasejs ableto classifyit eitherasarel-
evant keyphrasefor a given documentor as not rele-
vantfor that document. The classifierwastrainedon
two features:T'F' x IDF (i.e. the productbetween
the frequeng of a candidategphrasein a certaindocu-
mentandtheinversefrequeny of the phrasen all the
documentdelongingto thesamecluster)andFirst Oc-
currence, i.e. thedistanceof the candidatghraserom
thebeginningof thedocumentn whichit appearsTwo
reasonded us to choosethesefeatures:they arevery
easyto calculateandmary systemsperformingat the
state-of-the-annakeuseof them.

However, sincethe frequeng of a candidatephrase
in thewhole collectionwasnotsignificant,we decided
to estimatehevaluesof thetwo featuresisingthehead
of thecandidatehraseinsteadf thephrasédtself. Ac-
cordingto the principle of headedness (Arampatziset
al., 2000),ary phrasehasa singleword ashead. The
headis the mainverbin the caseof verb phrasesand
it is anoun(thelastnounbeforeary post-modifiers)n
nounphrases.

As for the learning algorithm we usedthe Naive
BayesClassifiemprovidedby the WEKA packag&Wit-
tenetal., 1999)andpublicly availableatthe University
of WaikatoWeb site?>. The classifierwastrainedon
the DUC-2003materialin this way. From the docu-
mentcollectionwe extractedall the nounsandall the
verbs.Eachof themwasmarkedasa positive example
of relevant keyphrasefor a certaindocumentf it was
presentin the assessos’ judgmentof that document,
otherwiseit wasmarkedasa negative example. Then
thetwo featureqi.e. T'F x I DF andfirst occurrence)
werecalculatedor eachword andthelearnemwasrun.

As a result, the classifier prefers the candidate
phrasesvhoseheadboth maximizesits TF x IDF
andtendsto occurat the bgginning of adocumentFor
example theheaddictator recevesanhighTF x IDF
relatively to the documentAPW19981023.1166 fact
that suggestghat a candidatephrasesuchas Chilean

2hitp:/ivwwes.waikato.ac.nz/mliweka/



Table1: A sampleof candidatephrasesxtraction. We usethe following abbreiations: NE standsfor Named
Entity, JJfor Adjective, NN for a singularnoun,CC for a conjunction VDB for a verb at the pasttense MD for

amodalauxiliary, VBN for a verbat the pastparticiple,IN for a preposition NNS for a plural noun, TO for the
prepositionTO, VB for averbin its baseform, DT for a determiner

Pattern Example
Uni-grams NE London
NE 1973
Bi-grams JJ+NN Chilean dictator
JJ+NN Soanish magistrate
JJ+NN urinary infection
Tri-grams NN+CC+NN genocide and terrorism
NN+VBD+NE newspaper reported Friday
NN+VBD+NN room lacked television
Four-grams || NE+MD+VB+VBN | Augusto Pinochet would be extradicted
VBN+IN+JJ+NNS detained by British police
NN+TO+VB+NN extradition to stand trial
NN+VBD+JJ+NN dictatorship caused great suffering
VBN+IN+DT+NE detained in the London
NN+VBD+VBN+NN family had asked police

dictator, selectedvy alinguistically motivatedpattern,
is likely to berelevantfor thatdocument.

3 Resaultsand Discussion

Participatinggroupsat DUC-2004wereallowedto sub-
mit up to threeruns. Submissionsvererankedaccord-
ing to their priority, i.e. accordingto the confidence
in the results. As mentionedabore (section2.2), we
designedhreedifferentsettings,correspondingo the
threeversionsof linguistic patternswe used. We as-
signedthe highestpriority to the run thatexploitedall
the 654 patternswe manuallyextracted,becauset is
able to mark as candidatephrasesalso comple se-
guencesncludingverbs.Theshortesfilter, containing
no verbs,wasusedin therunwith priority 2, while the
intermediateonewaschoseraspriority 3.

Submissionsvereautomaticallyevaluatedusingthe
ROUGE program(Lin andHovy, 2003). Table2 shovs
the resultsobtainedon the threeruns, eachwith a dif-
ferentROUGE scorefor uni-gram(Rouge-1) bi-gram
(Rouge-2) tri-gram (Rouge-3),four-gram (Rouge-4),
andthelongesttommonsubstring Rouge-L).Thebest
resulthasbeenobtainedby LAKE on the secondrun,
usingasetof 223linguistic patterns.

3.1 Discussion on the Linguistic Patterns
We encounteretivo majordifficultiesin defininingthe
linguistic patterns:

1. sincethe relevanceof a keyphrasecannotbe de-
fined exclusively from a syntacticpoint of view,
thenumberof relevantpatternsvaspotentiallytoo

Table2: Resultsof the LAKE systemfor threeruns.

Run Run Run

87 88 89
Rouge-1 | 0.18448| 0.18817| 0.18362
Rouge-2 | 0.03638| 0.04001| 0.03667
Rouge-3 | 0.00786| 0.00933| 0.00892
Rouge-4 | 0.00171| 0.00207| 0.00189
Rouge-L | 0.15412| 0.15656| 0.15294

large to be described.Importantinformationthat
ahumanwould extractfrom adocumentouldbe
containedn every pattern(independentlyrom its
partof speechpr in seseral,nonconsecutie pat-
terns;

2. it was particularly difficult to determinea priori
thesyntacticrole of thesequencesontainingver
bal forms: we aimedat extracting mainly noun
phrasesbut we oftengot truncatedandirrelevant
sentences.

To sumup, PoS-taggingnformationprovedto befar
from exhaustie, introducingalot of noise.Somecan-
didatephrasesurnedoutto be uselespiecesof longer
sentencegnewspaper reported Friday), or irrelevant,
thoughsyntacticallycomplete,noun phrasequrinary
infection, family had asked police). The shorterfilter,
containingno verbs provedto bethe mostreliableone,
astheautomaticevaluationusingthe ROUGE software
shaved.



3.2 Discussion on the Features

Thetwo featuresve usedto train a classifierfor candi-
datephrasescoringrevealedaseffective aswethought.
However, it mighth improve the performanceof the
classifierto considerfeaturesableto capturesomese-
manticpropertiesof keyphrasesin particular thatfact
thatrelevant keyphrasesn a documentendto bere-
latedto the main topic of the documentcould be cap-
tured computingthe lexical chains(Barzilay and El-
hadad1997)of thedocumentandthenconsideringhe
membershipo suchchainsasafeatureof thecandidate
phrase.

4 Conclusion and Future Work

In this paperwe reportedon ITC-irst participationat
Task1 (veryshortdocumensummariesat DUC-2004.
We have describedhe LAKE system,which exploits
keyphrasesxtractionfor summarization.The system
couplesarathersophisticatedinguistic analysisof the
documentsysedfor candidatghrasesxtraction,with
asimplebinary classifier usedfor assigninga scoreto
candidatephrases.The linguistic processingncludes
bothmultiwordsandnamedentitiesrecognition while
theclassifierusesasfeatureboth TF/IDF andthe posi-
tion in thedocument.

Sincethis wasour first participationat DUC, most
of our effort wasdevotedto settingup the basicarchi-
tectureof the system. For the future we intendto in-
vestigatethe role of semantic-orientefeaturesandto
experimentdifferentmachindearningapproaches.
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