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Abstract

Discovering the signi cant relationsembeddedn

documentsvould be very usefulnot only for infor-

mationretrieval but alsofor questioransweringand
summarization.Prior methodsfor relationdiscor-

ery, however, neededarge annotateatorporawhich

costa greatdeal of time and effort. We propose
anunsupervisedhethodfor relationdiscozery from

large corpora. The key ideais clusteringpairs of

namedentitiesaccordingto the similarity of con-

text wordsintervening betweenthe namedentities.
Our experimentsusingoneyearof newspaperse-

vealsnot only thatthe relationsamongnamedenti-

tiescouldbedetectedvith highrecallandprecision,
but alsothat appropriatdabelscould be automati-
cally providedfor therelations.

1 Intr oduction

Although Internetsearchenginesenableus to ac-
cessa greatdeal of information, they cannoteas-
ily give usanswerdo complicatedqueriessuchas
“a list of recentmemgersand acquisitionsof com-
panies”or “currentleadersof nationsfrom all over
theworld”. In orderto nd answergo thesetypes
of queries,we have to analyzerelevant documents
to collectthe necessarynformation. If mary rela-
tions suchas“Compary A meigedwith Compary
B” embeddedh thosedocumentsouldbegathered
andstructuredautomaticallyit wouldbevery useful
notonly for informationretrieval but alsofor ques-
tion answeringandsummarizationinformationEx-
traction provides methodsfor extracting informa-
tion suchasparticulareventsandrelationsbetween
entitiesfrom text. However, it is domaindepen-
dentandit couldnot give answergo thosetypesof
queriesfrom Webdocumentsvhich includewidely
variousdomains.

Our goal is automaticallydiscorering usefulre-
lationsamongarbitrary entitiesembeddedn large
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text corpora.We de ned arelationbroadlyasanaf-
liation, role, location, part-whole,socialrelation-
ship and so on betweena pair of entities. For ex-
ample,if the sentence;Geome Bushwasinaugu-
ratedasthepresidentf the United States. existsin
documentstherelation,“George Bush’(PERSON)
is the “Presidentof’ the “United States”(GPEY),
should be extracted. In this paper we propose
an unsupervisednethod of discovering relations
amongvariousentitiesfrom largetext corpora.Our
methoddoesnot needtherichly annotatedcorpora
requiredfor supervisedearning— corporawhich
take greattime and effort to prepare. It alsodoes
not needary instanceof relationsasinitial seeds
for weakly supervisedearning. This is an adwan-
tageof our approachsincewe cannotknow in ad-
vanceall therelationsembeddedh text. Insteadwe
only needa namedentity (NE) taggerto focuson
the namedentitieswhich shouldbe the aguments
of relations. Recentlydevelopednamedentity tag-
gerswork quite well andareableto extractnamed
entitiesfrom text ata practicallyusefullevel.
Therestof this paperis organizedasfollows. We
discusgrior work andtheir limitationsin section2.
We proposea nev methodof relationdiscorery in
section3. Thenwe describeexperimentsandeval-
uationsin section4 and5, anddiscusghe approach
in section6. Finally, we concludewith futurework.

2 Prior Work

The conceptof relation extraction was introduced
as part of the TemplateElementTask, one of the
information extraction tasksin the Sixth Message
UnderstandingConferencd MUC-6) (DefenseAd-
vancedResearchProjectsAgeng, 1995). MUC-7
addeda TemplateRelation Task, with threerela-
tions. Following MUC, the AutomaticContentEx-
traction(ACE) meetinggNationallnstituteof Stan-
dardsandTechnology2000)arepursuinginforma-

'GPEis anacrorym introducecby the ACE programto rep-
resenta Geo-PoliticalEntity — an entity with land anda gov-
ernment.



tion extraction.In the ACE Prograrﬁ, RelationDe-
tectionandCharacterizatiofRDC) wasintroduced
asataskin 2002. Most of approacheto the ACE
RDC taskinvolved supervisedearningsuchasker
nel methodg(Zelenlo et al., 2002)andneedrichly
annotateatorporawhicharetaggedwith relationin-
stances.The biggestproblemwith this approactis
thatit takesa greatdealof time andeffort to prepare
annotatecatorporalarge enoughto applysupervised
learning.In addition,thevarietiesof relationswere
limited to thosede ned by the ACE RDC task. In
orderto discorer knowledgefrom diversecorpora,
abroaderrangeof relationswould be necessary

Some previous work adopteda weakly super
visedlearningapproach.This approacthasthe ad-
vantageof not needinglarge taggedcorpora. Brin
proposedhebootstrappingnethodfor relationdis-
covery (Brin, 1998). Brin's methodacquiredpat-
ternsand examplesby bootstrappingrom a small
initial set of seedsfor a particularrelation. Brin
useda few samplesf booktitles andauthors col-
lectedcommonpatternsrom context includingthe
samplesand nally found nev examplesof book
titte and authorswhosecontext matchedthe com-
mon patterns. Agichtein improved Brin's method
by adoptingthe constraintof usinga namedentity
tagger(Agichtein and Gravano, 2000). Ravichan-
dranalsoexploredasimilarmethodfor questioran-
swering(RavichandrarandHovy, 2002). Theseap-
proacheshowever, needa smallsetof initial seeds.
It is alsouncleahow initial seedshouldbeselected
andhow mary seedsarerequired.Also their meth-
odswereonly tried on functionalrelations,andthis
wasanimportantconstrainion their bootstrapping.

Thevarietyof expressiongorveying thesamere-
lation canbe considere@gnexampleof paraphrases,
and so someof the prior work on paraphrasec-
quisitionis pertinentto relationdiscovery. Lin pro-
posedanothemweakly supervisedapproacHor dis-
covering paraphraséLin andPantel,2001). Firstly
Lin focusedonverbphrasesandtheir llers assub-
jector object. Lin's ideawasthattwo verbphrases
whichhave similar llers mightberegardedaspara-
phrasesThis approachhowever, alsoneedsa sam-
ple verb phraseas an initial seedin orderto nd
similarverbphrases.

3 Relation Discovery

3.1 Overview

We proposea new approachto relation discorery
from large text corpora. Our approachis basedon

2A researchandevaluationprogramin information extrac-
tion organizedby theU.S.Government.

contet basecclusteringof pairsof entities. We as-
sumethatpairsof entitiesoccurringin similar con-
text canbe clusteredandthateachpair in a cluster
is an instanceof the samerelation. Relationsbe-
tweenentitiesarediscoveredthroughthis clustering
process.In casesvherethe contexts linking a pair
of entitiesexpresamultiple relationswe expectthat
the pair of entitieseitherwould not be clusteredat
all, or would be placedin a clustercorresponding
to its most frequently expressedrelation, because
its contexts would notbesufciently similarto con-
textsfor lessfrequentelations.Weassumeéhatuse-
ful relationswill be frequentlymentionedin large
corpora. Corversely relationsmentionedonce or
twice arenotlikely to beimportant.
Ourbasicideais asfollows:

1. taggingnamedentitiesin text corpora

2. getting co-occurrencepairs of namedentities
andtheir context

3. measuringcontext similaritiesamongpairsof
namedentities

4. makingclustersof pairsof namedentities

5. labelingeachclusterof pairsof namedentities

We shav anexamplein Figurel. First,we nd the
pair of ORGANIZAIONs (ORG A andB, andthe
pairof ORGANIZAIONs (ORG C andD, afterwe
run the namedentity taggeron our nevspapercor
pus. We collect all instancesof the pair A and B
occurringwithin a certaindistanceof one another
Then, we accumulatethe context words interven-
ing betweerA andB, suchas*“be offer to buy”, “be
negotiateto acquire”® In sameway, we also ac-
cumulatecontext wordsinterveningbetweenC and
D. If the setof contets of A andB andthoseof C
and D are similar, thesetwo pairs are placedinto
the samecluster A—B andC — D would bein the
samerelation,in this case,meger and acquisition
(M&A). Thatis, we could discover the relationbe-
tweentheseORGANIZAIONSs.

3.2 Namedentity tagging

Our proposedmethodis fully unsupervised. We
do not needrichly annotatedcorporaor ary ini-
tial manuallyselectedseeds. Insteadof them, we
usea namedentity (NE) tagger Recentlydevel-
opednamedentity taggerswork quite well andex-
tractnamedentitiesfrom text ata practicallyusable

3We collect the baseforms of words which are stemmed
by a POStagger(Sekine,2001). But verb pastparticiplesare
distinguishedrom otherverbformsin orderto distinguishthe
passve voicefrom theactive voice.
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Figurel: Overvien of our basicidea

level. In addition,the setof typesof namedentities
hasbeenextendedby several researctgroups. For
example,Sekineproposed 50typesof namedenti-
ties(Sekineetal., 2002).Extendingtherangeof NE
typeswould leadto moreeffective relationdiscor-
ery. If thetype ORGANIZAION could be divided
into subtypes,COMPANY, MILITARY, GOVERN-
MENTandsoon,thediscorery procedurecouldde-
tect more speci ¢ relationssuchasthosebetween
COMPANYandCOMPANY.

We useanextendednamedentity tagger(Sekine,
2001)in orderto detectusefulrelationshetweerex-
tendednamedentities.

3.3 NE pairs and context

Wede ne theco-occurrencef NE pairsasfollows:
two namedentities are consideredto co-occurif
they appearwithin the samesentencexndare sep-
aratedby at mostN interveningwords.

We collect the intervening words betweentwo
named entities for each co-occurrence. These
words, which are stemmed,could be regardedas
the context of the pair of namedentities. Differ-
ent ordersof occurrenceof the namedentitiesare
alsoconsideredasdifferentcontexts. For example,

and are collectedas different con-
texts,where and represenhamedentities.

Lessfrequentpairsof NEs shouldbe eliminated
because¢hey mightbelessreliablein learningrela-

tions. Sowe have seta frequeng thresholdto re-
move thosepairs.

3.4 Contextsimilarity amongNE pairs

We adoptavectorspacanodelandcosinesimilarity

in orderto calculatethe similaritiesbetweerthe set
of contets of NE pairs.We only compareNE pairs
which have the sameNE types,e.g.,0ne PERSON
— GPE pair andanotherPERSON- GPE pair. We

de ne adomainasapairof namedentitytypes.e.g.,
the PERSON-GPElomain. For example,we have

to detectrelationshetweerPERSOMNNAGPEIn the

PERSON-GPEomain.

Beforemakingcontext vectorswe eliminatestop
words, words in parallel expressionsand expres-
sionspeculiarto particularsourcedocumentgex-
amplesof thesearegivenbelaw), becauseheseex-
pressionsvould introducenoisein calculatingsim-
ilarities.

A contet vectorfor eachNE pair consistsof the
bag of words formed from all intervening words
fromall co-occurrencesf two namedentities.Each
word of a contet vectoris weighedby tf*idf, the
product of term frequeng and inverse document
frequeng. Termfrequeng is the numberof occur
rencesof awordin thecollectedcontet words. The
orderof co-occurrencef the namedentitiesis also
considered.If aword  occurred timesin con-
text and timesin contet , theterm



frequeny  of theword isde nedas ,

where and arenamedentities. We think that
this term frequenyg of a word in different orders
would be effective to detectthe direction of a re-
lation if the agumentsof a relation have the same
NE types. Documentfrequeng is the numberof

documentsvhichincludetheword.

If the norm of the context vector is ex-
tremelysmalldueto alack of contentwords,theco-
sinesimilarity betweerthe vectorandothersmight
be unreliable. So, we alsode ne a norm threshold
in adwanceto eliminateshortcontet vectors.

The cosinesimilarity betweercontet
vectors and is calculatedby the following for-
mula.

Cosinesimilarity variesfrom to . A cosinesim-
ilarity of would meantheseNE pairshave exactly
thesamecontet wordswith theNEsappearingre-
dominantlyin the sameorder anda cosinesimilar
ity of  would meantheseNE pairshave exactly
thesamecontet wordswith theNEsappearingre-
dominantlyin reverseorder

3.5 Clustering NE pairs

After we calculatehesimilarity amongcontext vec-
torsof NE pairs,we make clustersof NE pairsbased
on the similarity. We do notknow how mary clus-
terswe shouldmale in adwvance,sowe adopthier

archicalclustering. Many clusteringmethodswere
proposedfor hierarchicalclustering,but we adopt
completdinkagebecausét is conserative in mak-
ing clusters.Thedistancebetweerclustersis taken
to be the distanceof the furthest nodesbetween
clustersn completdinkage.

3.6 Labeling clusters

If mostof the NE pairsin the samecluster had
wordsin common,the commonwordswould rep-
resentthe characterizatiorof the cluster In other
words, we can regard the commonwords as the
characterizationf a particularrelation.

We simply countthe frequeng of the common
words in all combinationsof the NE pairsin the
samecluster The frequenciesare normalizedby
thenumberof combinationsThefrequentcommon
wordsin a clusterwould becomethe label of the
clusteri.e. they would becomethelabelof therela-
tion, if the clusterwould consistof the NE pairsin
thesamerelation.

4 Experiments

We experimentedwith oneyear of The New York
Times (1995) as our corpusto verify our pro-

posedmethod. We determinedthree parameters
for thresholdsandidenti ed the patternsfor paral-
lel expressionandexpressionpeculiarto The New
York Timesasignorablecontet. We setthe max-
imum context word lengthto 5 words and setthe
frequeng thresholdof co-occurringNE pairsto 30
empirically We also usedthe patterns,”,.*, 7,
“and” and“or ” for parallel expressionsand the
pattern“) -- " (usedin datelinesat the beginning
of articles)aspeculiarto The New York Times. In
our experiment,the norm thresholdwas setto 10.
We alsousedstopwordswhencontet vectorsare
made. The stopwordsinclude symbolsandwords
which occurredunder3 times asinfrequentwords
and those which occurredover 100,000times as
highly frequentwords.

We applied our proposedmethodto The New
York Times 1995, identi ed the NE pairs satisfy-
ing our criteria, and extractedthe NE pairs along
with their interveningwordsasour dataset. In or-
derto evaluatetherelationsdetectecautomatically
we analyzedthe data set manually and identi ed
the relationsfor two differentdomains. One was
the PERSON-GPHPER-GPE)domain. We ob-
tained177distinctNE pairsandclassi edtheminto
38 classeqrelations)manually The otherwasthe
COMPANY-COMPANY (COM-COM) domain. We
got65 distinctNE pairsandclassi edtheminto 10
classesnanually However, the typesof both amgu-
mentsof arelationarethe samein the COM-COM
domain. Sothe COM-COM domainincludessym-
metricalrelationsaswell asasymmetricatelations.
For the latter we have to distinguishthe different
ordersof amguments.We shawv the typesof classes
andthe numberin eachclassin Table1l. The er
rorsin NE taggingwere eliminatedto evaluateour
methodcorrectly

5 Evaluation

We evaluatedseparatelythe placementof the NE
pairsinto clustersand the assignmenbf labelsto
theseclusters. In the rst step,we evaluatedclus-
tersconsistingof two or morepairs. For eachclus-
ter, we determinedherelation(R) of the clusteras
themostfrequentlyrepresentecelation;we call this
themajorrelationof thecluster NE pairswith rela-
tion Rin aclusterwhosemajorrelationwasR were
countedascorrect;the correctpair count, :
is de ned asthetotal numberof correctpairsin all
clusters.OtherNE pairsin the clusterwerecounted
asincorrect;the incorrectpair count, , is
alsode ned asthetotalnumberof incorrectpairsin
all clusters.We evaluatedclustersbasedon Recall,
Precisionand F-measure.We de ned thesemea-



PER-GPE President  Senator Governor PrimeMinister Player Living Coach

# NE pairs 28 21 17 16 12 9 8
PER-GPE | Republican Secretary Mayor Enemy Working others(2and3) others(onlyl)
# NE pairs 8 7 5 4 20 17
COM-COM M&A Rival Parent Alliance JointVenture Trading others(onlyl)
# NE pairs 35 8 8 2 2 4

Tablel: Manuallyclassi edrelationswhich areextractedfrom Newspapers

suresasfollows.

Recall (R) How mary correctpairsaredetecteabut
of all thekey pairs?Thekey pair count, ,
is de ned asthe total numberof pairs manu-
ally classi edin clustersof two or morepairs.
Recallis de ned asfollows:

Precision(P) How mary correctpairsaredetected
amongthe pairsclusteredautomatically?Pre-
cisionis de ned asfollows:

F-measue (F) F-measurés de ned asacombina-
tion of recall and precisionaccordingto the
following formula:

Thesevaluesvary dependingnthethresholdof co-
sine similarity. As the thresholdis decreasedthe
clustersgradually meige, nally forming one big
cluster We shav the resultsof completelinkage
clusteringfor the PERSON-GPHPER-GPE)do-
mainin Figure2 andfor the COMPANY-:COMPANY
(COM-COM) domainin Figure3. With thesemet-
rics, precisiorfell asthethresholdf cosinesimilar
ity waslowered. Recallincreaseduntil the thresh-
old wasalmostO0, at which pointit fell because¢he
total numberof correctpairsin the remainingfew
big clustersdecreasedThe bestF-measurevas82
in the PER-GPEdomain,77in the COM-COM do-
main. In both domains,the best F-measurevas
found near0 cosinesimilarity. Generallyit is dif-
cult to determinethethresholdof similarity in ad-
vance.Sincethe bestthresholdof cosinesimilarity
wasalmostsamein the two domainswe x edthe
cosinethresholdatasinglevaluejustabove zerofor
bothdomainsfor simplicity.

We alsoinvestigatedeachclusterwith thethresh-
old of cosinesimilarity just abore 0. We got 34

Figure2: F-measurerecall and precisionby vary-
ing the thresholdof cosinesimilarity in complete
linkageclusteringfor the PERSON-GPEomain
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Figure3: F-measurerecall and precisionby vary-
ing the thresholdof cosinesimilarity in complete
linkage clusteringfor the COMPANY-COMPANY
domain

Precision Recall F-measure
PER-GPE 79 83 80
COM-COM 76 74 75

Table 2: F-measurerecall and precisionwith the
thresholdof cosinesimilarity justabove 0



Major relations Ratio | Commonwords(Relative frequeng)

President 17/ 23 | Presiden{1.0),presiden(0.415),...

Senator 19/ 21 | Sen.(1.0),Republican0.214),Democrat(0.133),republican(0.133),...
PrimeMinister 15/16 | Minister (1.0), minister(0.875),Prime(0.875),prime (0.758),...
Governor 15/16 | Gov. (1.0),governor(0.458),Governor(0.3), ...

Secretary 6/7 | Secretary(1.0),secretary(0.143),...

Republican 5/6 | Rep.(1.0),Republican(0.667),...

Coach 5/5 | coach(1.0),...

M&A 10/11 | buy (1.0),bid (0.382),offer (0.273),purchas€0.273),...

M&A 9/9 | acquire(1.0),acquisition(0.583),buy (0.583),agree(0.417),...
Parent 717 | parent(1.0),unit (0.476),own (0.143),...

Alliance 3/4 | join (1.0)

Table3: Major relationsin clustersandthe mostfrequentcommonwordsin eachcluster

PER-GPEclustersand15 COM-COM clusters.We
shawv the F-measurerecallandprecisionat this co-
sinethresholdin bothdomainsin Table2. We got
80 F-measurdn the PER-GPEdomainand 75 F-
measurdn the COM-COM domain. Thesevalues
werevery closeto the bestF-measure.

Then,we evaluatedhelabelingof clustersof NE
pairs. We shaw thelarger clustersfor eachdomain,
along with the ratio of the numberof pairs bear
ing the major relationto the total numberof pairs
in eachcluster on the left in Table3. (As noted
above, themajorrelationis the mostfrequentlyrep-
resentedelationin the cluster) We alsoshav the
mostfrequentcommonwordsandtheir relative fre-
gueng in eachclusterontherightin Table3. If two
NE pairsin aclustersharea particularcontext word,
we considerthesepairsto be linked (with respect
to this word). The relatve frequeng for a word
is the numberof suchlinks, relative to the maxi-
mal possiblenumberof links ( for a
clusterof pairs). If therelatve frequeng is
the word is sharedby all NE pairs. Although we
obtainedsomemeaningfulrelationsin small clus-
ters,we have omittedthe small clustersbecausehe
commonwordsin suchsmall clustersmight be un-
reliable. We foundthatall large clustershadappro-
priate relationsandthat the commonwords which
occurredrequentlyin thoseclustersaccuratelyrep-
resentedherelations. In otherwords,the frequent
commonwordscouldberegardedassuitablelabels
for therelations.

6 Discussion

The resultsof our experimentsrevealedgood per
formance. The performancevas a little higherin
the PER-GPEdomainthanin the COM-COM do-
main, perhapsbecausahere were more NE pairs
with high cosine similarity in the PER-GPEdo-
mainthanin the COM-COM domain.However, the

graphsin both domainswere similar, in particular
whenthe cosinesimilarity wasunder0.2.

We would like to discusghedifferencedetween
the two domainsand the following aspectsof our
unsupervisednethodfor discoveringtherelations:

propertiesof relations
appropriatecontext word length
selectingbestclusteringmethod
coveringlessfrequentpairs

We addresgachof thesepointsin turn.

6.1 Propertiesof relations

We found that the COM-COM domainwas more
dif cult to judgethanthe PER-GPEdomaindueto
the similarities of relations. For example,the pair
of companiesn M&A relation might also subse-
guentlyappeaiin the parentrelation.

Asymmetricpropertiecauseddditionaldif cul-
ties in the COM-COM domain, becausamost re-
lations have directions. We have to recognizethe
direction of relations, VS. , to
distinguish,for example,“A is parentcompay of
B” and“B is parentcompary of A”. In determining
the similaritiesbetweenthe NE pairs A andB and
the NE pairsC and D, we mustcalculateboth the
similarity with andthe similarity

with . Sometimeshewrongcorre-

spondencendsup beingfavored. Thiskind of error
wasobsenredin 2 out of the 15 clustersdueto the
factthatwordshappenedo be sharedby NE pairs
alignedin thewrongdirectionmorethanin right di-
rection.

6.2 Contextword length

The main reasonfor undetectedor mis-clustered
NE pairsin both domainsis the absenceof com-
mon words in the pairs' context which explicitly



representthe particular relations. Mis-clustered
NE pairswereclusteredbasedon anothercommon
word which occurredby accident.If the maximum
contet lengthwerelongerthanthelimit of 5words
whichwesetin theexperimentsye coulddetectad-
ditionalcommonwords,but thenoisewould alsoin-
creaseln our experimentswe usedonly thewords
betweenthe two NEs. Although the outercontext
words(precedinghe rst NE or following the sec-
ond NE) may be helpful, extendingthe context in
thisway will have to becarefullyevaluated.t is fu-
turework to determinghebestcontext wordlength.

6.3 Clustering method

We tried singlelinkageandaveragelinkageaswell

ascompletelinkagefor makingclusters.Complete
linkage was the bestclusteringmethodbecauset

yieldedthe highest~-measureFurthermorefor the

othertwo clusteringmethods the thresholdof co-

sine similarity producingthe best F-measurevas
differentin the two domains.In contrastfor com-

plete linkagethe optimal thresholdwas almostthe

samein thetwo domains.The bestthresholdof co-

sinesimilarity in completelinkagewasdetermined
to bejustabove 0; whenthisthresholdeache®, the

F-measuredrops suddenlybecausehe pairs need
notshareary words.A thresholdustabore 0 means
thateachcombinationof NE pairsin thesameclus-

tersharesatleastonewordin common— andmost
of thesecommonwords were pertinentto the re-

lations. We considerthat this is relevant to con-

text word length. We useda relatively small maxi-

mumcontet word length— 5 words— makingit less
likely that noise words appearin commonacross
differentrelations. The combinationof complete
linkageandsmallcontet wordlengthproveduseful
for relationdiscovery.

6.4 Lessfrequentpairs

As we set the frequenyg threshold of NE co-
occurrenceto 30, we will miss the less frequent
NE pairs. Someof thosepairs might be in valu-
ablerelations.For thelessfrequentNE pairs,since
the contet varietieswould be smallandthe norms
of context vectorswould be too short, it is dif -
cult to reliably classifythe relationbasedon those
pairs. Oneway of addressinghis defectwould be
throughbootstrapping.The problemof bootstrap-
ping is how to selectinitial seedswe couldresohe
this problemwith our proposednethod. NE pairs
which have mary context wordsin commonin each
clustercould be promisingseeds Oncetheseseeds
have beenestablishedadditional,lowerfrequeng
NE pairscould be addedto theseclustersbhasedon
morerelaxed keyword-overlapcriteria.

7 Conclusion

We proposedan unsupervisednethodfor relation
discorery from large corpora. The key idea was
clusteringof pairs of namedentitiesaccordingto
the similarity of the context wordsintervening be-
tweenthe namedentities. The experimentsusing
oneyears navspapersevealednotonly thatthere-
lationsamongnamedentitiescouldbedetectedvith
high recall and precision,but alsothat appropriate
labelscould be automaticallyprovided to the rela-
tions. In thefuture,we areplanningto discover less
frequentpairs of namedentitiesby combiningour
methodwith bootstrappin@swell astoimprove our
methodby tuningparameters.
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