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Abstract

This paperinvestigatesthe useof a languageinde-
pendentmodel for namedentity recognitionbased
on iterative learningin a co-trainingfashion,using
word-internaland contextual information as inde-
pendentevidencesources. Its bootstrappingpro-
cessbegins with only seedentitiesand seedcon-
texts extractedfrom theprovidedannotatedcorpus.
F-measureexceeds77 in Spanishand72 in Dutch.

1. Intr oduction
Our aim hasbeento build a maximally language-
independentsystemfor named-entityrecognition
using minimal supervisionor knowledge of the
source language. The core model utilized, ex-
tendedandevaluatedhereis basedonCucerzanand
Yarowsky (1999).It assumesthatonly anentityex-
emplarlist is providedasa bootstrappingseedset.

For theparticulartaskof CoNLL-2002,theseed
entitiesare extractedfrom the provided annotated
corpus.As a consequence,theseedexamplesmay
be ambiguousand the systemmust thereforehan-
dle seedswith probability distribution over entity
classesrather than unambiguousseeds. Another
consequenceis thatthisapproachof extractingonly
theentityseedsfrom theannotatedtext doesnotuse
thefull potentialof the trainingdata,ignoringcon-
textual information. For example,Bosniaappears
labeled9 times as LOC and 5 times as ORG and
theonly informationthatwould be usedis that the
word Bosniadenotesa location 64% of the time,
and an organization36% of the time, but not in
which contexts is labeledoneway or the other. In
order to correctthis problem,an improved system
alsousescontext seedsif available(for thisparticu-
lar task,they areextractedfrom theannotatedcor-
pus). Becausethe representationsof entity candi-
datesand contexts are identical, this modification
imposesonly minorchangesin algorithmandcode.

Becausethecoremodelhasbeenpresentedin de-
tail in Cucerzanand Yarowsky (1999), this paper

focusesprimarily on themodificationsof thealgo-
rithm andits adaptationto thecurrenttask.Thema-
jor modificationsbesidestheseedhandlinginclude
a different methodof smoothingthe distributions
alongthe pathsin the tries, a new ’soft’ discourse
segmentationmethod,anduseof a different label-
ing methodology, asrequiredby thecurrenttaski.e.
no overlappingentities are allowed (for example,
the correctlabelingof colegio SanJuan Boscode
Mérida is consideredto be ORG(colegio SanJuan
Bosco) de LOC(Mérida) ratherthan ORG(colegio
PER(SanJuanBosco) deLOC(Mérida))).

2. Entity-Inter nal Inf ormation
Two typesof entity-internalevidenceareusedin a
unified framework. The first consistsof the pre-
fixesandsuffixesof candidateentities. For exam-
ple, in Spanish,namesendingin -ez (e.g. Alvarez
andGutiérrez) areoftensurnames;namesendingin
-ia areoften locations(e.g. Austria, Australia, and
Italia). Likewise,commonbeginningsandendings
of multiword entities(e.g. Asociacióndela Prensa
deMadrid andAsociaciónpara el Desarrollo Rural
Jerez-Sierra Suroeste, whicharebothorganizations)
aregoodindicatorsfor entity type.

3. Contextual Inf ormation
An entity’s left andright context providesanessen-
tially independentevidencesourcefor modelboot-
strapping.This informationis alsoimportantfor en-
tities thatdo not have a previously seenwordstruc-
ture, areof foreign origin, or polysemous.Rather
than using word bigramsor trigrams, the system
handlesthe context in the sameway it handlesthe
entities,allowing for variable-lengthcontexts. The
advantagesof thisunifiedapproacharepresentedin
thenext paragraph.

4. A Unified Structur e for both Inter nal and

Contextual Inf ormation
Character-basedtriesprovide aneffective, efficient
and flexible data structure for storing both con-
textual and morphologicalpatternsand statistics.
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Figure1: An exampleof entity candidateandcontext and

theway the informationis introducedin the four tries (arrows

indicatethedirectionlettersareconsidered)

They arevery compactrepresentationsandsupport
a naturalhierarchicalsmoothingprocedurefor dis-
tributional classstatistics. In our implementation,
eachterminal or branchingnodecontainsa prob-
ability distribution which encodesthe conditional
probability of entity classesgiven the sistringcor-
respondingto the path from the root to that node.
Eachsuchdistributionalsohastwostandardclasses,
named“questionable”(unassignedprobabilitymass
in termsof entity classes,to be motivatedbelow)
and“non-entity” (commonwords).

Two tries (denotedPT andST) areusedfor in-
ternalrepresentationof theentity candidatesin pre-
fix, respectively suffix form, respectively. Othertwo
tries areusedfor left (LCT) andright (RCT) con-
text. Right contexts areintroducedin RCT by con-
sideringtheir componentlettersfrom left to right,
left contexts are introducedin LCT using the re-
versedorderof letters,from right to left (Figure1).
In thisway, thesystemhandlesvariablelengthcon-
texts andit attemptsto matchin eachinstancethe
longestknown context (aslongercontexts aremore
reliablethanshortcontexts,andalsothelongercon-
text statisticsincorporatetheshortercontext statis-
tics throughsmoothingalongthepathsin thetries).

The tries are linked togetherinto two bipartite
structures,PT with LCT, andST with RCT, by at-
tachingto eachnodea list of links to theentity can-
didatesor contexts with, respectively in which the
sistringcorrespondingto thatnodehasbeenseenin
thetext (Figure2).

5. UnassignedProbability Mass

When facedwith a highly skewed observed class
distribution for which thereis little confidencedue
to small samplesize,a typical responseis to back-
off or smoothto themoregeneralclassdistribution.
Unfortunately, this representationmakes problem-
atic the distinctionbetweena back-off conditional
distribution andonebasedon a large sample(and
henceestimatedwith confidence).We addressthis
problemby explicitly representingthe uncertainty
asa class,called"questionable".Probabilitymass
continuesto be distributed amongthe primary en-
tity classesproportional to the observed distribu-
tion in the data,but with a total sum that reflects
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Figure2: An exampleof links betweentheSuffix Trieandthe
RightContext Trie for theentitycandidateAustria andsomeof

its right contexts as observed in the corpus (< , Holanda>,
< , hizo >, < a Chirac >)

the confidencein the distribution and is equal to���������
	���
������������
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Incrementallearningessentiallybecomesthepro-
cessof gradually shifting probability massfrom
questionableto oneof theprimaryclasses.

6. Smoothing
Theprobabilityof anentity candidateor context as
beingor indicatinga certaintype of entity is com-
putedalong the path from the root to the nodein
the trie structuredescribedabove. In this way, ef-
fective smoothingcan be realizedfor rare entities
or contexts. A smoothingformulatakingadvantage
of thedistributional representationof uncertaintyis
presentedbelow.

For a sistring ������������� � � (i.e. thepathin the trie is!�"�" ��� � � � � � � ����� � � � ) thegeneralsmoothingmodel
for theconditionalclassprobabilitiesis givenby the
recursive formula:#�$
�%'&)( ������������� �+* �-, �. 
������/	0��
�%'&1( ���0�2������� �+* �-34 �����/	0��
������5�5�5( � � � � ����� � * �76 #�$
�% & ( � � � � ����� � *98:� �<; (1)

where = is a normalization factor and
4 >? @1A �CB A�DFE �

aremodelparameters.

7. One Senseper Discourse
Clearly, in many cases,the context for only one
instanceof an entity and the word-internalinfor-
mation is not enoughto make a classificationde-
cision. But, asnotedby Katz (1996),a newly in-
troducedentity will be repeated,“if not for break-
ing themonotonouseffect of pronounuse,thenfor
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Figure3: Usingcontextual cluesfrom all instancesof anen-

tity candidatein thecorpus.Eachinstanceis depictedasa disc
with thediameterrepresentingtheconfidenceof theclassifica-

tion of that instanceusingword-internaland local contextual

information.

emphasisandclarity”. We usethis propertyin con-
junctionwith theonesenseper discourse tendency
notedby Galeet al. (1992). The later paradigmis
not directly usablewhen analyzinga large corpus
in which therearenodocumentboundaries,like the
oneprovided for Spanish.Therefore,a segmenta-
tion processneedsto be employed, so that all the
instancesof anamein asegmenthaveahighproba-
bility of belongingto thesameclass.Our approach
is to considera ’soft’ segmentation,which is word-
dependentand doesnot computetopic/document
boundariesbut regionsfor which thecontextual in-
formation for all instancesof a word can be used
jointly when making a decision. This is viewed
as an alternative to the classicaltopic segmenta-
tion approachandcanbeusedin conjunctionwith a
language-independent segmentationsystem(Figure
3) like theonepresentedby Richmondetal. (1997).

After estimatingthe class probability distribu-
tionsfor all instancesof entitycandidatesin thecor-
pus,are-estimationstepis employed.Theprobabil-
ity of anentity classO'P givenanentity candidateQ
atpositionR�SUT�V is re-computedusingtheformula:W XZY�[ O'P]\ Q_^`R�SUT�V
acbedfhgjikml don

X$[ O'P]\ Qp^`RqS�T k a0rT�s7t [ R�SUT�V
^`R�SUT k aur�OvS�wyx [ Qp^`R�SUT k a (2)

where R�SUT d ^mz�z�z�^`R�SUT i are the positions of all in-
stancesof Q in the corpus, T5s<t is the positional
similarity, encodingthephysicaldistanceandtopic
(if topic or documentboundaryinformationexists),
conf is theclassificationconfidenceof eachinstance
(inverseproportionalto the the n

X$[�{�|�} T�~�\ Qp^`R�SUT k a ,�
is anormalizationfactor.

8. Entity Identification / Multiple-W ord Entities
There are two major alternatives for handling
multiple-word entities. A first approachis to tok-
enizethe text andclassifyeachindividual word as
beingor notpartof anentity, processfollowedby an
entity assemblancealgorithm.A secondalternative

is_B_candidate

is_I_candidate

is_E_candidate

Figure4: Thestructureof anentity candidaterepresentedas
anautomatonwith two final states

is to considera chunkingalgorithm that identifies
entity candidatesandclassifyeachof thechunksas
Person,Location,Organization,Miscellaneous,or
Non-entity. We usethis secondalternative, but in a
’soft’ form; i.e. eachwordcanbeincludedin multi-
ple competingchunks(entity candidates).This ap-
proachis suitablefor all languagesincluding Chi-
nese,whereno word separatorsare used(the en-
tity candidatesaredeterminedby specifyingstarting
andendingcharacterpositions).Anotheradvantage
of this methodis thatsingleandmultiple-word en-
tities canbehandledin thesameway.

The boundariesof entity candidatesare deter-
minedby a few simplerulesincorporatedinto three
discriminators:is_B_candidatetestsif a word can
representthebeginningof anentity, is_I_candidate
tests if a word can be the end of an entity, and
is_E_candidatetestsif a word can be an internal
part of an entity. Thesediscriminatorsusesimple
heuristicsbasedon capitalization,position in sen-
tence, length of the word, usageof the word in
thesetof seedentities,andco-occurrencewith un-
capitalizedinstancesof thesameword. A string is
consideredanentity candidateif it hasthestructure
shown in Figure4.

An extensionof the systemalso makes use of
Part-of-Speech(POS) tags. We used the pro-
vided POSannotationin Dutch (Daelemanset al.,
1996)andaminimally supervisedtagger(Yarowsky
and Cucerzan,2002) for Spanishto restrict the
spaceof wordsacceptedby thediscriminators(e.g.
is_B_candidaterejectsprepositions,conjunctions,
pronouns,adverbs,and thosedeterminersthat are
thefirst word in thesentence).

9. Algorithm Structur e

Thecorealgorithmcanbedividedinto eightstages,
which aresummarizedin Figure5. Thebootstrap-
ping stage(5) usesthe initial or currententity as-
signmentsto estimatetheclassconditionaldistribu-
tions for both entitiesandcontexts alongtheir trie
paths,andthenre-estimatesthedistributionsof the
contexts/entity-candidates to which they arelinked,
recursively, until all accessiblenodesare reached,
aspresentedin CucerzanandYarowsky (1999).



1 Extracttheentity (andcontext) seedsetsfrom theannotateddata

2 Readthetext to beannotatedandextractall entity-candidates

3 ExtractthesetsLC andRCof all contexts of entity candidates

4 Build thetriesusingall individual wordsandentity candidates,
andall instancesof theelementsLC andRCfrom thetext

5 Apply thebootstrappingprocedureusingtheseeddata

6 Classifyeachentity-candidatein isolation

7 Re-classifyeachentity-candidateby usingformula(2)

8 Resolve conflictsbetweencompetingentity candidates

Figure5: Algorithm structure

10. Results
We comparethe resultsof two variantsof the de-
scribedmodelon thedevelopmentandtestsetspro-
vided (Table1). The first oneusesonly exemplar
entity andcontext seedsextractedfrom thetraining
corpus.Thesecondalsoemploys POSinformation
to rule outunlikely entity candidates.

The systemwas built and testedinitially utiliz-
ing only the provided Spanishdata. The parame-
terswereestimatedusingan80/20split of thetrain-
ing data(esp.train andned.train). Thedev-testdata
(testa) werenot usedduring the parameterestima-
tion phase.Theprogramswererunonceonthefinal
testdata(files testb). Weallocatedonly oneperson-
day to adaptthesystemfor Dutchandtunethepa-
rametersto thislanguagein ordertoshow functional
languageindependence.We optednot to make a
detailedstudyof parametervariationon testdatato
avoid any potentialfor tuning to this resourceand
preserve its valuefor futuresystemdevelopment.

The following table further details the typesof
errorsmadeby thealgorithm(full systemon Span-
ish dev-set). � d representsthe numberof over-
generatedand under-generatedentities in the pre-
cision and recall rows (respectively). �o� repre-
sentsthenumberof entitieswith correctlyidentified
boundaries,but wrongclassifications.�-�1�$���

PER LOC ORG MISC

Precision 43+ 153 73+118 87+341 76+170
Recall 43+123 34+310 112+279 22+70

Becauseour systemtakes seedlists ratherthan
annotatedtext as input, additionalentity lists can
be usedby the system. By employing such lists
of countries,major cities, frequentpersonnames
andmajorcompanies(extractedfrom theweb),sig-
nificantimprovementscanbeobtained(preliminary
testsshow asmuchas2.5 F-measureimprovement
on a80/20split of thetrainingdatain Dutch).

11. Conclusion
This paper has presentedand evaluated an ex-
tendedbootstrappingmodelbasedonCucerzanand
Yarowsky (1999) that usesa unified framework of
bothentity internalandcontextual evidence.Start-

Spanish withoutPOSinformation with POSinformation
Dev-set Precision Recall F-meas. Precision Recall F-meas.

LOC 69.11 80.41 74.33 69.77 80.61 74.80
MISC 66.89 44.49 53.44 68.38 44.72 54.08
ORG 73.26 71.71 72.47 76.49 74.82 75.65
PER 85.39 83.22 84.29 86.07 83.96 85.00

Overall 75.08 74.13 74.60 78.82 75.62 76.22

Spanish withoutPOSinformation with POSinformation
Test Precision Recall F-meas. Precision Recall F-meas.

LOC 78.62 73.62 76.04 79.66 73.34 76.37
MISC 63.73 38.24 47.79 64.22 38.53 48.16
ORG 74.86 78.50 76.64 76.79 81.07 78.87
PER 80.63 87.21 83.79 82.57 88.30 85.34

Overall 76.62 74.96 75.78 78.19 76.14 77.15

Dutch withoutPOSinformation with POSinformation
Dev-set Precision Recall F-meas. Precision Recall F-meas.

LOC 73.30 70.38 71.81 76.87 73.32 75.05
MISC 64.08 57.64 60.69 68.16 63.14 65.55
ORG 67.34 53.76 59.79 70.63 55.96 62.45
PER 63.17 79.94 70.57 64.99 80.51 71.92

Overall 66.10 65.01 65.55 69.14 67.84 68.49

Dutch withoutPOSinformation with POSinformation
Test Precision Recall F-meas. Precision Recall F-meas.

LOC 73.65 77.56 75.55 77.72 80.54 79.11
MISC 70.10 57.29 63.05 74.67 62.34 67.95
ORG 69.78 62.14 65.74 72.12 64.88 68.31
PER 67.62 79.26 72.98 69.39 80.71 74.62

Overall 69.95 68.49 69.21 73.03 71.62 72.31

Table1: Resultson thedevelopmentsets(files esp.testaand
ned.testa) andon thetestsets(files esp.testbandned.testb)

ing only with entity and context seedsextracted
fromtrainingdataandtheadditionof part-of-speech
information,systemperformanceexceeds77and72
F-measurefor SpanishandDutchrespectively.
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