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Abstract

Discovering the signi�cant relationsembeddedin
documentswould bevery usefulnot only for infor-
mationretrieval but alsofor questionansweringand
summarization.Prior methodsfor relationdiscov-
ery, however, neededlargeannotatedcorporawhich
cost a greatdeal of time and effort. We propose
anunsupervisedmethodfor relationdiscovery from
large corpora. The key idea is clusteringpairs of
namedentitiesaccordingto the similarity of con-
text wordsinterveningbetweenthenamedentities.
Our experimentsusingoneyearof newspapersre-
vealsnot only thattherelationsamongnamedenti-
tiescouldbedetectedwith highrecallandprecision,
but alsothat appropriatelabelscould be automati-
cally providedfor therelations.

1 Intr oduction

Although Internetsearchenginesenableus to ac-
cessa greatdeal of information, they cannoteas-
ily give usanswersto complicatedqueries,suchas
“a list of recentmergersand acquisitionsof com-
panies”or “current leadersof nationsfrom all over
theworld”. In orderto �nd answersto thesetypes
of queries,we have to analyzerelevant documents
to collect the necessaryinformation. If many rela-
tions suchas“Company A mergedwith Company
B” embeddedin thosedocumentscouldbegathered
andstructuredautomatically, it wouldbeveryuseful
not only for informationretrieval but alsofor ques-
tion answeringandsummarization.InformationEx-
traction provides methodsfor extracting informa-
tion suchasparticulareventsandrelationsbetween
entities from text. However, it is domaindepen-
dentandit couldnot give answersto thosetypesof
queriesfrom Webdocumentswhich includewidely
variousdomains.

Our goal is automaticallydiscovering useful re-
lationsamongarbitraryentitiesembeddedin large
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text corpora.Wede�nedarelationbroadlyasanaf-
�liation, role, location,part-whole,socialrelation-
ship andso on betweena pair of entities. For ex-
ample,if the sentence,“George Bushwasinaugu-
ratedasthepresidentof theUnitedStates.” existsin
documents,the relation,“George Bush”(PERSON)
is the “Presidentof” the “United States”(GPE1),
should be extracted. In this paper, we propose
an unsupervisedmethod of discovering relations
amongvariousentitiesfrom largetext corpora.Our
methoddoesnot needthe richly annotatedcorpora
requiredfor supervisedlearning— corporawhich
take greattime andeffort to prepare. It alsodoes
not needany instancesof relationsas initial seeds
for weakly supervisedlearning. This is an advan-
tageof our approach,sincewe cannotknow in ad-
vanceall therelationsembeddedin text. Instead,we
only needa namedentity (NE) taggerto focuson
the namedentitieswhich shouldbe the arguments
of relations.Recentlydevelopednamedentity tag-
gerswork quitewell andareableto extractnamed
entitiesfrom text atapracticallyusefullevel.

Therestof thispaperis organizedasfollows. We
discussprior work andtheir limitationsin section2.
We proposea new methodof relationdiscovery in
section3. Thenwe describeexperimentsandeval-
uationsin section4 and5, anddiscusstheapproach
in section6. Finally, weconcludewith futurework.

2 Prior Work

The conceptof relation extractionwas introduced
as part of the TemplateElementTask, one of the
information extraction tasksin the Sixth Message
UnderstandingConference(MUC-6) (DefenseAd-
vancedResearchProjectsAgency, 1995). MUC-7
addeda TemplateRelationTask, with threerela-
tions. Following MUC, theAutomaticContentEx-
traction(ACE)meetings(NationalInstituteof Stan-
dardsandTechnology, 2000)arepursuinginforma-

1GPEis anacronym introducedby theACEprogramto rep-
resenta Geo-PoliticalEntity — anentity with landanda gov-
ernment.



tion extraction.In theACEProgram2, RelationDe-
tectionandCharacterization(RDC) wasintroduced
asa taskin 2002. Most of approachesto the ACE
RDCtaskinvolvedsupervisedlearningsuchasker-
nel methods(Zelenko et al., 2002)andneedrichly
annotatedcorporawhicharetaggedwith relationin-
stances.Thebiggestproblemwith this approachis
thatit takesagreatdealof timeandeffort to prepare
annotatedcorporalargeenoughto applysupervised
learning.In addition,thevarietiesof relationswere
limited to thosede�ned by the ACE RDC task. In
orderto discover knowledgefrom diversecorpora,
abroaderrangeof relationswouldbenecessary.

Some previous work adopteda weakly super-
visedlearningapproach.This approachhasthead-
vantageof not needinglarge taggedcorpora. Brin
proposedthebootstrappingmethodfor relationdis-
covery (Brin, 1998). Brin's methodacquiredpat-
ternsandexamplesby bootstrappingfrom a small
initial set of seedsfor a particular relation. Brin
useda few samplesof book titles andauthors,col-
lectedcommonpatternsfrom context includingthe
samplesand �nally found new examplesof book
title andauthorswhosecontext matchedthe com-
mon patterns. Agichtein improved Brin's method
by adoptingthe constraintof usinga namedentity
tagger(Agichtein andGravano,2000). Ravichan-
dranalsoexploredasimilarmethodfor questionan-
swering(RavichandranandHovy, 2002).Theseap-
proaches,however, needa smallsetof initial seeds.
It is alsounclearhow initial seedsshouldbeselected
andhow many seedsarerequired.Also their meth-
odswereonly tried on functionalrelations,andthis
wasanimportantconstrainton theirbootstrapping.

Thevarietyof expressionsconveying thesamere-
lationcanbeconsideredanexampleof paraphrases,
and so someof the prior work on paraphraseac-
quisitionis pertinentto relationdiscovery. Lin pro-
posedanotherweaklysupervisedapproachfor dis-
coveringparaphrase(Lin andPantel,2001).Firstly
Lin focusedonverbphrasesandtheir �llers assub-
ject or object. Lin' s ideawasthat two verbphrases
whichhavesimilar�llers mightberegardedaspara-
phrases.Thisapproach,however, alsoneedsasam-
ple verb phraseas an initial seedin order to �nd
similarverbphrases.

3 Relation Discovery

3.1 Overview

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

2A researchandevaluationprogramin informationextrac-
tion organizedby theU.S.Government.

context basedclusteringof pairsof entities.We as-
sumethatpairsof entitiesoccurringin similar con-
text canbeclusteredandthateachpair in a cluster
is an instanceof the samerelation. Relationsbe-
tweenentitiesarediscoveredthroughthisclustering
process.In caseswherethecontexts linking a pair
of entitiesexpressmultiplerelations,weexpectthat
thepair of entitieseitherwould not be clusteredat
all, or would be placedin a clustercorresponding
to its most frequentlyexpressedrelation, because
its contextswouldnotbesuf�ciently similar to con-
textsfor lessfrequentrelations.Weassumethatuse-
ful relationswill be frequentlymentionedin large
corpora. Conversely, relationsmentionedonceor
twicearenot likely to beimportant.

Ourbasicideais asfollows:

1. taggingnamedentitiesin text corpora

2. gettingco-occurrencepairsof namedentities
andtheir context

3. measuringcontext similaritiesamongpairsof
namedentities

4. makingclustersof pairsof namedentities

5. labelingeachclusterof pairsof namedentities

We show anexamplein Figure1. First,we �nd the
pair of ORGANIZATIONs (ORG) A andB, andthe
pairof ORGANIZATIONs(ORG) C andD, afterwe
run thenamedentity taggeron our newspapercor-
pus. We collect all instancesof the pair A and B
occurringwithin a certaindistanceof oneanother.
Then, we accumulatethe context words interven-
ing betweenA andB, suchas“be offer to buy”, “be
negotiateto acquire”.3 In sameway, we also ac-
cumulatecontext wordsinterveningbetweenC and
D. If thesetof contexts of A andB andthoseof C
and D are similar, thesetwo pairs areplacedinto
thesamecluster. A – B andC – D would be in the
samerelation,in this case,merger and acquisition
(M&A). That is, we coulddiscover the relationbe-
tweentheseORGANIZATIONs.

3.2 Namedentity tagging

Our proposedmethodis fully unsupervised. We
do not needrichly annotatedcorporaor any ini-
tial manuallyselectedseeds. Insteadof them,we
usea namedentity (NE) tagger. Recentlydevel-
opednamedentity taggerswork quitewell andex-
tractnamedentitiesfrom text atapracticallyusable

3We collect the baseforms of words which are stemmed
by a POStagger(Sekine,2001). But verb pastparticiplesare
distinguishedfrom otherverbformsin orderto distinguishthe
passive voicefrom theactive voice.
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Figure1: Overview of ourbasicidea

level. In addition,thesetof typesof namedentities
hasbeenextendedby several researchgroups.For
example,Sekineproposed150typesof namedenti-
ties(Sekineetal.,2002).Extendingtherangeof NE
typeswould leadto moreeffective relationdiscov-
ery. If the typeORGANIZATION couldbe divided
into subtypes,COMPANY, MILITARY, GOVERN-
MENTandsoon,thediscoveryprocedurecouldde-
tect morespeci�c relationssuchas thosebetween
COMPANYandCOMPANY.

Weuseanextendednamedentity tagger(Sekine,
2001)in orderto detectusefulrelationsbetweenex-
tendednamedentities.

3.3 NE pairs and context

Wede�ne theco-occurrenceof NE pairsasfollows:
two namedentities are consideredto co-occurif
they appearwithin the samesentenceandaresep-
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 ��� representnamedentities.

Lessfrequentpairsof NEs shouldbeeliminated
becausethey might belessreliablein learningrela-

tions. So we have seta frequency thresholdto re-
move thosepairs.

3.4 Context similarity amongNE pairs

Weadoptavectorspacemodelandcosinesimilarity
in orderto calculatethesimilaritiesbetweentheset
of contexts of NE pairs.Weonly compareNE pairs
which have thesameNE types,e.g.,onePERSON
– GPEpair andanotherPERSON– GPE pair. We
de�ne adomainasapairof namedentitytypes,e.g.,
the PERSON-GPEdomain. For example,we have
to detectrelationsbetweenPERSONandGPEin the
PERSON-GPEdomain.

Beforemakingcontext vectors,weeliminatestop
words, words in parallel expressions,and expres-
sionspeculiarto particularsourcedocuments(ex-
amplesof thesearegivenbelow), becausetheseex-
pressionswould introducenoisein calculatingsim-
ilarities.

A context vectorfor eachNE pair consistsof the
bag of words formed from all intervening words
fromall co-occurrencesof twonamedentities.Each
word of a context vector is weighedby tf*idf, the
product of term frequency and inversedocument
frequency. Termfrequency is thenumberof occur-
rencesof awordin thecollectedcontext words.The
orderof co-occurrenceof thenamedentitiesis also
considered.If a word �
� occurred

�

timesin con-
text �	����������� and � timesin context ������������� , theterm



frequency ����� of theword � � is de�ned as
���

� ,
where �	� and ��� arenamedentities. We think that
this term frequency of a word in different orders
would be effective to detectthe direction of a re-
lation if the argumentsof a relationhave the same
NE types. Documentfrequency is the numberof
documentswhich includetheword.

If the norm � ��� of the context vector � is ex-
tremelysmalldueto alackof contentwords,theco-
sinesimilarity betweenthevectorandothersmight
be unreliable.So,we alsode�ne a norm threshold
in advanceto eliminateshortcontext vectors.

Thecosinesimilarity �
	���
��

������� betweencontext
vectors � and � is calculatedby the following for-
mula.

�
	���
��

���������

�����

� ����� ���

Cosinesimilarityvariesfrom  to
�

 . A cosinesim-
ilarity of  wouldmeantheseNE pairshave exactly
thesamecontext wordswith theNEsappearingpre-
dominantlyin thesameorder, anda cosinesimilar-
ity of

�

 would meantheseNE pairshave exactly
thesamecontext wordswith theNEsappearingpre-
dominantlyin reverseorder.

3.5 Clustering NE pairs
After wecalculatethesimilarityamongcontext vec-
torsof NE pairs,wemakeclustersof NEpairsbased
on thesimilarity. We do not know how many clus-
terswe shouldmake in advance,so we adopthier-
archicalclustering.Many clusteringmethodswere
proposedfor hierarchicalclustering,but we adopt
completelinkagebecauseit is conservative in mak-
ing clusters.Thedistancebetweenclustersis taken
to be the distanceof the furthest nodesbetween
clustersin completelinkage.

3.6 Labeling clusters
If most of the NE pairs in the samecluster had
wordsin common,the commonwordswould rep-
resentthe characterizationof the cluster. In other
words, we can regard the commonwords as the
characterizationof aparticularrelation.

We simply count the frequency of the common
words in all combinationsof the NE pairs in the
samecluster. The frequenciesare normalizedby
thenumberof combinations.Thefrequentcommon
words in a clusterwould becomethe label of the
cluster, i.e. they wouldbecomethelabelof therela-
tion, if theclusterwould consistof theNE pairsin
thesamerelation.

4 Experiments
We experimentedwith oneyearof The New York
Times (1995) as our corpus to verify our pro-

posedmethod. We determinedthree parameters
for thresholdsandidenti�ed the patternsfor paral-
lel expressionsandexpressionspeculiarto TheNew
York Timesasignorablecontext. We setthe max-
imum context word length to 5 wordsand set the
frequency thresholdof co-occurringNE pairsto 30
empirically. We also usedthe patterns,“ ,.*, ”,
“and ” and “or ” for parallel expressions,and the
pattern“) -- ” (usedin datelinesat thebeginning
of articles)aspeculiarto TheNew York Times. In
our experiment,the norm thresholdwasset to 10.
We alsousedstopwordswhencontext vectorsare
made. The stopwordsincludesymbolsandwords
which occurredunder3 timesasinfrequentwords
and thosewhich 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 evaluatetherelationsdetectedautomatically,
we analyzedthe data set manuallyand identi�ed
the relationsfor two different domains. One was
the PERSON-GPE(PER-GPE)domain. We ob-
tained177distinctNE pairsandclassi�edtheminto
38 classes(relations)manually. The otherwasthe
COMPANY-COMPANY(COM-COM) domain. We
got 65 distinctNE pairsandclassi�edtheminto 10
classesmanually. However, thetypesof bothargu-
mentsof a relationarethesamein theCOM-COM
domain.So theCOM-COM domainincludessym-
metricalrelationsaswell asasymmetricalrelations.
For the latter, we have to distinguishthe different
ordersof arguments.We show the typesof classes
and the numberin eachclassin Table1. The er-
rors in NE taggingwereeliminatedto evaluateour
methodcorrectly.

5 Evaluation

We evaluatedseparatelythe placementof the NE
pairs into clustersand the assignmentof labelsto
theseclusters. In the �rst step,we evaluatedclus-
tersconsistingof two or morepairs.For eachclus-
ter, we determinedtherelation(R) of theclusteras
themostfrequentlyrepresentedrelation;wecall this
themajor relationof thecluster. NE pairswith rela-
tion R in aclusterwhosemajorrelationwasRwere
countedascorrect;thecorrectpair count, !#"%$'&�&)(*",+ ,
is de�ned asthetotal numberof correctpairsin all
clusters.OtherNE pairsin theclusterwerecounted
asincorrect;the incorrectpair count, ! �.-/"%$'&�&)(*",+ , 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(only1)
# NE pairs 8 7 5 5 4 20 17
COM-COM M&A Rival Parent Alliance JointVenture Trading others(only1)
# NE pairs 35 8 8 6 2 2 4

Table1: Manuallyclassi�edrelationswhichareextractedfrom Newspapers

suresasfollows.

Recall (R) How many correctpairsaredetectedout
of all thekey pairs?Thekey pair count, !�� (��

,
is de�ned asthe total numberof pairsmanu-
ally classi�ed in clustersof two or morepairs.
Recallis de�ned asfollows:

�

�

! "�$*&*&)(*",+

!�� (��

Precision(P) How many correctpairsaredetected
amongthepairsclusteredautomatically?Pre-
cisionis de�ned asfollows:

�

�

! "�$*&*&)(*",+

! "�$*&�&)('",+���! �.-/"%$'&�&)(*",+

F-measure (F) F-measureis de�ned asacombina-
tion of recall and precisionaccordingto the
following formula:
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Thesevaluesvarydependingonthethresholdof co-
sinesimilarity. As the thresholdis decreased,the
clustersgraduallymerge, �nally forming one big
cluster. We show the resultsof completelinkage
clusteringfor the PERSON-GPE(PER-GPE)do-
mainin Figure2 andfor theCOMPANY-COMPANY
(COM-COM) domainin Figure3. With thesemet-
rics,precisionfell asthethresholdof cosinesimilar-
ity waslowered. Recall increaseduntil the thresh-
old wasalmost0, at which point it fell becausethe
total numberof correctpairs in the remainingfew
big clustersdecreased.ThebestF-measurewas82
in thePER-GPEdomain,77 in theCOM-COM do-
main. In both domains,the best F-measurewas
found near0 cosinesimilarity. Generally, it is dif-
�cult to determinethethresholdof similarity in ad-
vance.Sincethebestthresholdof cosinesimilarity
wasalmostsamein the two domains,we �x ed the
cosinethresholdatasinglevaluejustabovezerofor
bothdomainsfor simplicity.

Wealsoinvestigatedeachclusterwith thethresh-
old of cosinesimilarity just above 0. We got 34
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Figure2: F-measure,recall andprecisionby vary-
ing the thresholdof cosinesimilarity in complete
linkageclusteringfor thePERSON-GPEdomain
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Figure3: F-measure,recall andprecisionby vary-
ing the thresholdof cosinesimilarity in complete
linkage clustering for the COMPANY-COMPANY
domain

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

Table 2: F-measure,recall and precisionwith the
thresholdof cosinesimilarity justabove 0



Major relations Ratio Commonwords(Relative frequency)
President 17 / 23 President(1.0),president(0.415),...
Senator 19 / 21 Sen.(1.0),Republican(0.214),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),purchase(0.273),...
M&A 9 / 9 acquire(1.0),acquisition(0.583),buy (0.583),agree(0.417),...
Parent 7 / 7 parent(1.0),unit (0.476),own (0.143),...
Alliance 3 / 4 join (1.0)

Table3: Major relationsin clustersandthemostfrequentcommonwordsin eachcluster

PER-GPEclustersand15 COM-COMclusters.We
show theF-measure,recallandprecisionat this co-
sinethresholdin both domainsin Table2. We got
80 F-measurein the PER-GPEdomainand 75 F-
measurein the COM-COM domain. Thesevalues
wereverycloseto thebestF-measure.

Then,weevaluatedthelabelingof clustersof NE
pairs.We show thelargerclustersfor eachdomain,
along with the ratio of the numberof pairs bear-
ing the major relationto the total numberof pairs
in eachcluster, on the left in Table 3. (As noted
above,themajorrelationis themostfrequentlyrep-
resentedrelationin the cluster.) We alsoshow the
mostfrequentcommonwordsandtheir relative fre-
quency in eachclusterontheright in Table3. If two
NE pairsin aclustershareaparticularcontext word,
we considerthesepairs to be linked (with respect
to this word). The relative frequency for a word
is the numberof suchlinks, relative to the maxi-
mal possiblenumberof links ( !

�

!

�

 

���




for a
clusterof ! pairs). If therelative frequency is  

��� ,
the word is sharedby all NE pairs. Although we
obtainedsomemeaningfulrelationsin small clus-
ters,wehave omittedthesmallclustersbecausethe
commonwordsin suchsmallclustersmight beun-
reliable.We foundthatall largeclustershadappro-
priaterelationsandthat the commonwordswhich
occurredfrequentlyin thoseclustersaccuratelyrep-
resentedtherelations.In otherwords,the frequent
commonwordscouldberegardedassuitablelabels
for therelations.

6 Discussion

The resultsof our experimentsrevealedgoodper-
formance. The performancewas a little higher in
the PER-GPEdomainthan in the COM-COM do-
main, perhapsbecausetherewere more NE pairs
with high cosinesimilarity in the PER-GPEdo-
mainthanin theCOM-COMdomain.However, the

graphsin both domainsweresimilar, in particular
whenthecosinesimilarity wasunder0.2.

Wewould like to discussthedifferencesbetween
the two domainsand the following aspectsof our
unsupervisedmethodfor discoveringtherelations:

� propertiesof relations
� appropriatecontext word length
� selectingbestclusteringmethod
� coveringlessfrequentpairs

Weaddresseachof thesepointsin turn.

6.1 Propertiesof relations
We found that the COM-COM domainwas more
dif�cult to judgethanthePER-GPEdomaindueto
the similaritiesof relations. For example,the pair
of companiesin M&A relation might also subse-
quentlyappearin theparentrelation.

Asymmetricpropertiescausedadditionaldif�cul-
ties in the COM-COM domain,becausemost re-
lationshave directions. We have to recognizethe
direction of relations, ��� � vs. � � � , to
distinguish,for example,“A is parentcompany of
B” and“B is parentcompany of A”. In determining
the similaritiesbetweenthe NE pairsA andB and
the NE pairsC andD, we mustcalculateboth the
similarity �	�
� with ���

 andthesimilarity

����� with 
���� . Sometimesthewrongcorre-
spondenceendsupbeingfavored.Thiskind of error
wasobserved in 2 out of the15 clusters,dueto the
fact that wordshappenedto besharedby NE pairs
alignedin thewrongdirectionmorethanin right di-
rection.

6.2 Context word length
The main reasonfor undetectedor mis-clustered
NE pairs in 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 themaximum
context lengthwerelongerthanthelimit of 5 words
whichwesetin theexperiments,wecoulddetectad-
ditionalcommonwords,but thenoisewouldalsoin-
crease.In our experiments,we usedonly thewords
betweenthe two NEs. Although the outercontext
words(precedingthe�rst NE or following thesec-
ond NE) may be helpful, extendingthe context in
thiswaywill have to becarefullyevaluated.It is fu-
turework to determinethebestcontext wordlength.

6.3 Clustering method
We tried singlelinkageandaveragelinkageaswell
ascompletelinkagefor makingclusters.Complete
linkage was the bestclusteringmethodbecauseit
yieldedthehighestF-measure.Furthermore,for the
other two clusteringmethods,the thresholdof co-
sine similarity producingthe best F-measurewas
differentin the two domains.In contrast,for com-
plete linkagethe optimal thresholdwasalmostthe
samein thetwo domains.Thebestthresholdof co-
sinesimilarity in completelinkagewasdetermined
to bejustabove0; whenthisthresholdreaches0, the
F-measuredropssuddenlybecausethe pairs need
notshareany words.A thresholdjustabove0means
thateachcombinationof NE pairsin thesameclus-
tersharesat leastoneword in common— andmost
of thesecommonwords were pertinentto the re-
lations. We considerthat this is relevant to con-
text word length. We useda relatively smallmaxi-
mumcontext wordlength– 5 words– makingit less
likely that noisewords appearin commonacross
different relations. The combinationof complete
linkageandsmallcontext wordlengthproveduseful
for relationdiscovery.

6.4 Lessfrequentpairs
As we set the frequency 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
thecontext varietieswould besmallandthenorms
of context vectorswould be too short, it is dif�-
cult to reliably classifythe relationbasedon those
pairs. Oneway of addressingthis defectwould be
throughbootstrapping.The problemof bootstrap-
ping is how to selectinitial seeds;we couldresolve
this problemwith our proposedmethod. NE pairs
whichhavemany context wordsin commonin each
clustercouldbepromisingseeds.Oncetheseseeds
have beenestablished,additional,lower-frequency
NE pairscouldbeaddedto theseclustersbasedon
morerelaxedkeyword-overlapcriteria.

7 Conclusion

We proposedan unsupervisedmethodfor relation
discovery from large corpora. The key idea was
clusteringof pairs of namedentitiesaccordingto
the similarity of the context wordsinterveningbe-
tweenthe namedentities. The experimentsusing
oneyear's newspapersrevealednotonly thatthere-
lationsamongnamedentitiescouldbedetectedwith
high recall andprecision,but alsothat appropriate
labelscould be automaticallyprovided to the rela-
tions. In thefuture,weareplanningto discover less
frequentpairsof namedentitiesby combiningour
methodwith bootstrappingaswell asto improveour
methodby tuningparameters.
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