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Abstract

This paperdiscussestheuseof unlabeledexamples
for the problemof namedentity classi�cation. A
largenumberof rulesis neededfor coverageof the
domain,suggestingthata fairly largenumberof la-
beledexamplesshouldberequiredto traina classi-
�er . However, we show that the useof unlabeled
data can reducethe requirementsfor supervision
to just 7 simple“seed” rules. The approachgains
leveragefrom naturalredundancy in the data: for
many named-entityinstancesboth the spelling of
the nameand the context in which it appearsare
suf�cient to determineits type.

Wepresenttwoalgorithms.The�rst methoduses
a similar algorithmto that of (Yarowsky 95), with
modi�cationsmotivatedby (Blum andMitchell 98).
Thesecondalgorithmextendsideasfrom boosting
algorithms,designedfor supervisedlearningtasks,
to theframework suggestedby (Blum andMitchell
98).

1 Intr oduction

Many statisticalor machine-learningapproachesfor
naturallanguageproblemsrequirea relatively large
amountof supervision,in theform of labeledtrain-
ing examples. Recentresults(e.g., (Yarowsky 95;
Brill 95; Blum and Mitchell 98)) have suggested
that unlabeleddatacanbe usedquite pro�tably in
reducingthe needfor supervision.This paperdis-
cussesthe useof unlabeledexamplesfor the prob-
lem of namedentityclassi�cation.

The task is to learn a function from an in-
put string (proper name) to its type, which we
will assumeto be oneof the categoriesPerson,
Organization , or Location . For example,a
goodclassi�er would identify Mrs. Frankasa per-
son, Steptoe& Johnsonas a company, and Hon-
durasasalocation.Theapproachusesbothspelling
andcontextualrules.A spellingrulemightbeasim-
ple look-upfor thestring(e.g.,a rule thatHonduras
is a location)or a rule that looksat wordswithin a
string(e.g.,a rule thatany stringcontainingMr. is

a person). A contextual rule considerswordssur-
roundingthe string in the sentencein which it ap-
pears(e.g.,a rulethatany propernamemodi�ed by
anappositive whoseheadis presidentis a person).
The task can be consideredto be one component
of theMUC (MUC-6, 1995)namedentity task(the
othertaskis thatof segmentation,i.e., pulling pos-
siblepeople,placesandlocationsfrom text before
sendingthem to the classi�er). Supervisedmeth-
odshave beenappliedquitesuccessfullyto the full
MUC named-entitytask(Bikel etal. 97).

At �rst glance, the problemseemsquite com-
plex: a largenumberof rulesis neededto cover the
domain,suggestingthat a large numberof labeled
examplesis requiredto train an accurateclassi�er.
But wewill show thattheuseof unlabeleddatacan
drasticallyreducethe needfor supervision.Given
around90,000unlabeledexamples,themethodsde-
scribedin this paperclassifynameswith over 91%
accuracy. Theonly supervisionis in the form of 7
seedrules (namely, that New York, California and
U.S.arelocations;thatany namecontainingMr. is
a person;thatany namecontainingIncorporatedis
an organization;andthat I.B.M. andMicrosoftare
organizations).

The key to the methodswe describeis redun-
dancy in theunlabeleddata.In many cases,inspec-
tion of eitherthe spellingor context aloneis suf�-
cientto classifyanexample.For example,in

.., saysMr. Cooper, a vicepresidentof ..

botha spellingfeature(thatthestringcontainsMr.)
andacontextual feature(thatpresidentmodi�es the
string) are strongindicationsthat Mr. Cooper is
of type Person . Even if an examplelike this is
not labeled,it canbeinterpretedasa“hint” thatMr.
andpresidentimply the samecategory. The unla-
beleddatagivesmany such“hints” thattwo features
shouldpredictthe samelabel,andthesehints turn
out to besurprisinglyusefulwhenbuilding aclassi-
�er .

We presenttwo algorithms. The �rst method
buildsonresultsfrom(Yarowsky 95)and(Blumand



Mitchell 98). (Yarowsky 95)describesanalgorithm
for word-sensedisambiguationthatexploits redun-
dancy in contextual features,andgivesimpressive
performance.Unfortunately, Yarowsky'smethodis
not well understoodfrom a theoreticalviewpoint:
we would like to formalize the notion of redun-
dancy in unlabeleddata, and set up the learning
taskasoptimizationof someappropriateobjective
function. (Blum and Mitchell 98) offer a promis-
ing formulationof redundancy, alsoprove somere-
sultsabouthow the useof unlabeledexamplescan
help classi�cation, and suggestan objective func-
tion when training with unlabeledexamples. Our
�rst algorithm is similar to Yarowsky's, but with
someimportantmodi�cations motivatedby (Blum
andMitchell 98). Thealgorithmcanbeviewedas
heuristicallyoptimizing an objective function sug-
gestedby (Blum andMitchell 98); empirically it is
shown to bequitesuccessfulin optimizingthis cri-
terion.

The secondalgorithm builds on a boostingal-
gorithmcalledAdaBoost(FreundandSchapire97;
SchapireandSinger98). TheAdaBoostalgorithm
wasdevelopedfor supervisedlearning. AdaBoost
�nds aweightedcombinationof simple(weak)clas-
si�ers, wheretheweightsarechosento minimizea
functionthatboundstheclassi�cationerroronaset
of training examples. Roughlyspeaking,the new
algorithmpresentedin this paperperformsa sim-
ilar search,but insteadminimizesa boundon the
numberof (unlabeled)examplesonwhichtwo clas-
si�ers disagree.Thealgorithmbuildstwoclassi�ers
iteratively: eachiterationinvolvesminimizationof
a continuouslydifferential function which bounds
thenumberof examplesonwhichthetwoclassi�ers
disagree.

1.1 Additional RelatedWork
There has beenadditional recentwork on induc-
ing lexiconsor otherknowledgesourcesfrom large
corpora. (Brin 98) describesa systemfor extract-
ing (author, book-title)pairsfrom the World Wide
Webusinganapproachthatbootstrapsfrom anini-
tial seedset of examples. (Berlandand Charniak
99) describea methodfor extracting partsof ob-
jectsfrom wholes(e.g.,“speedometer”from “car”)
from a large corpususing hand-craftedpatterns.
(Hearst92) describesa methodfor extracting hy-
ponyms from a corpus(pairsof wordsin “isa” re-
lations). (Riloff andShepherd97) describea boot-
strappingapproachfor acquiringnounsin particu-
lar categories(suchas“vehicle” or “weapon”cate-

gories).Theapproachbuildsfrom aninitial seedset
for a category, andis quite similar to the decision
list approachdescribedin (Yarowsky 95). More
recently, (Riloff and Jones99) describea method
they term “mutual bootstrapping”for simultane-
ouslyconstructinga lexicon andcontextual extrac-
tion patterns.Themethodsharessomecharacteris-
tics of the decisionlist algorithmpresentedin this
paper. (Riloff andJones99) wasbroughtto our at-
tentionaswewerepreparingthe�nal versionof this
paper.

2 The Problem
2.1 The Data

971,746sentencesof New York Times text were
parsedusingthe parserof (Collins 96).1 Word se-
quencesthatmetthefollowingcriteriawerethenex-
tractedasnamedentityexamples:

� Thewordsequencewasasequenceof consecu-
tivepropernouns(wordstaggedasNNP or NNPS)
within anounphrase,andwhoselastwordwashead
of thenounphrase.

� TheNPcontainingthewordsequenceappeared
in oneof two contexts:

1. Therewasan appositive modi�er to the NP,
whoseheadis asingularnoun(taggedNN). For ex-
ample,take

...,saysMauryCooper, avicepresidentat
S.&P.

In this case,Maury Cooperis extracted. It is a se-
quenceof propernounswithin anNP; its lastword
Cooperis theheadof theNP;andtheNPhasanap-
positivemodi�er (a vicepresidentat S.&P.) whose
headis a singularnoun(president).

2. The NP is a complementto a preposition,
which is theheadof a PP. ThisPPmodi�es another
NP, whoseheadis asingularnoun.For example,

... fraud relatedto work on a federally
fundedsewageplantin Georgia

In this case,Georgia is extracted: the NP contain-
ing it is a complementto theprepositionin; thePP
headedby in modi�es the NP a federally funded
sewageplant, whoseheadis thesingularnounplant.

In addition to the named-entitystring (Maury
Cooperor Georgia), acontextualpredictorwasalso
extracted. In the appositive case,the contextual

1Thanksto CiprianChelbafor runningtheparserandpro-
viding thedata.



predictorwastheheadof themodifying appositive
(presidentin the Maury Cooperexample); in the
secondcase,thecontextualpredictorwastheprepo-
sitiontogetherwith thenounit modi�es (plant in in
the Georgia example). Fromhereon we will refer
to thenamed-entitystringitself asthespellingof the
entity, andthecontextualpredicateasthecontext.

2.2 Feature Extraction
Having found(spelling, context) pairsin theparsed
data,a numberof featuresareextracted. The fea-
tures are usedto representeachexample for the
learningalgorithm. In principlea featurecould be
anarbitrarypredicateof the(spelling, context) pair;
for reasonsthatwill becomeclear, featuresarelim-
ited to queryingeitherthespellingor context alone.
Thefollowing featureswereused:

full-string=x The full string (e.g., for Maury
Cooper, full-string=M aury Cooper ).

contains(x) If the spelling contains more
than one word, this feature applies
for any words that the string contains
(e.g., Maury Cooper contributes two
such features, contains(Maury ) and
contains(Coope r) .

allcap1 Thisfeatureappearsif thespellingis asin-
glewordwhichis all capitals(e.g.,IBM would
contributethis feature).

allcap2 Thisfeatureappearsif thespellingis asin-
gle word which is all capitalsor full periods,
andcontainsat leastoneperiod. (e.g.,N.Y.
wouldcontributethis feature,IBM wouldnot).

nonalpha=x Appearsif the spelling containsany
charactersother than upper or lower case
letters. In this case nonalpha is the
string formed by removing all upper/lower
case letters from the spelling (e.g., for
ThomasE. Petry nonalpha=. , for A.T.&T.
nonalpha=..&. ).

context=x The context for the entity. The
Maury Cooperand Georgia exampleswould
contribute context=pres iden t and
context=plant in respectively.

context-type=x context-type= appos in the
appositive case, context-type= pre p in
thePPcase.

Table1 givessomeexamplesof entitiesandtheir
features.

3 UnsupervisedAlgorithms basedon
DecisionLists

3.1 SupervisedDecisionList Learning

The �rst unsupervisedalgorithm we describeis
basedon the decisionlist methodfrom (Yarowsky
95). Before describingthe unsupervisedcasewe
�rst describethe supervisedversion of the algo-
rithm:

Input to the learning algorithm: � labeledex-
amplesof theform
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3.2 An UnsupervisedAlgorithm

We now introducea new algorithm for learning
from unlabeledexamples,which we will call DL-
CoTrain (DL standsfor decisionlist, thetermCo-
train is takenfrom (Blum andMitchell 98)). The

2(Yarowsky 95) describesthe use of more sophisticated
smoothingmethods.It's not clearhow to applythesemethods
in theunsupervisedcase,asthey requiredcross-validationtech-
niques:for this reasonwe usethe simplersmoothingmethod
shownhere.



Sentence Entities(Spelling/Context) Features
But RobertJordan,a partnerat
Steptoe& Johnsonwhotook ...

RobertJordan/partner full-string=RobertJordancontains(Robert)
contains(Jordan)context=partnercontext-type=appos

Steptoe& Johnson/partnerat full-string=Steptoe& Johnsoncontains(Steptoe)
contains(&) contains(Johnson) nonalpha=&
context=partnerat context-type=prep

By hiring a company like
A.T.&T. ...

A.T.&T./company like full-string=A.T.&T. allcap2 nonalpha=..&.
context=company like context-type=prep

HansonacquiredKidde Incor-
porated,parentof KiddeCredit,
for ...

KiddeIncorporated/parent full-string=Kidde Incorporatedcontains(Kidde)
contains(Incorporated)context=parentcontext-type=appos

Kidde-Credit/parentof full-string=KiddeCredit contains(Kidde)
contains(Credit)context=parentof context-type=prep

Table1: Someexamplenamedentitiesandtheir features.

input to the unsupervisedalgorithm is an initial,
“seed” set of rules. In the namedentity domain
theseruleswere

full-string=New York � Location
full-string=California � Location
full-string=U.S. � Location
contains(Mr.) � Person
contains(Incorporated) � Organization
full-string=Microsoft � Organization
full-string=I.B.M. � Organization

Each of these rules was given a strength of
0.9999. The following algorithmwasthenusedto
inducenew rules:

1. Set �

�

�

. ( � is themaximumnumberof rules
of eachtypeinducedateachiteration.)

2. Initialization : Set the spelling decision list
equalto thesetof seedrules.

3. Label the training setusingthe currentsetof
spellingrules.Exampleswherenoruleapplies
areleft unlabeled.

4. Usethe labeledexamplesto inducea decision
list of contextual rules,using the methodde-
scribedin section3.1.
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ture � is seen with some known label in
the training data. For eachlabel (Person ,
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makesthemethodrobustto low countevents,hencewedo not
usesmoothing,allowing low-counthigh-precisionfeaturesto
bechosenonlateriterations.

keeponly thoseruleswhich exceedthe preci-
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was�x ed at 0.95 in all
experimentsin thispaper.
Thus at eachiteration the methodinducesat
most �

. � rules, where � is the numberof
possiblelabels( �A� ] in the experimentsin
thispaper).

5. Label the training setusingthe currentsetof
contextual rules. Exampleswhereno rule ap-
pliesareleft unlabeled.

6. On this new labeledset, selectup to �
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spellingrulesusingthesamemethodasin step
4. Setthespellingrulesto betheseedsetplus
therulesselected.

7. If �	��
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and return to
step3. Otherwise,label the trainingdatawith
thecombinedspelling/contextualdecisionlist,
then inducea �nal decisionlist from the la-
beledexampleswhereall rules (regardlessof
strength)areaddedto thedecisionlist.

3.3 The Algorithm in (Yarowsky 95)

We can now comparethis algorithm to that of
(Yarowsky 95). Thecoreof Yarowsky's algorithm
is asfollows:

1. Initialization : Setthedecisionlist equalto the
setof seedrules.

2. Label the training setusingthe currentsetof
rules.

3. Use the labelsto learna decisionlist
+

�

�

�	���

where
+

is de�ned by the formula in equa-
tion 2, with countsrestrictedto training data
examplesthathave beenlabeledin step2.



Setthedecisionlist to includeall ruleswhose
(smoothed)strengthis above somethreshold

9

$����

.

4. Returnto step2.

Thereare two differencesbetweenthis method
andtheDL-CoTrain algorithm:

� TheDL-CoTrain algorithmis rathermorecau-
tious, imposinga graduallyincreasinglimit on the
numberof rulesthatcanbeaddedat eachiteration.

� The DL-CoTrain algorithmhasseparatedthe
spelling and contextual features,alternating be-
tweenlabelingand learningwith the two typesof
features.Thusanexplicit assumptionaboutthere-
dundancy of the features— thateitherthespelling
or context aloneshouldbesuf�cient to build a clas-
si�er — hasbeenbuilt into thealgorithm.

To measurethecontributionof eachmodi�cation,
athird, intermediatealgorithm,Yarowsky-cautious
wasalsotested.Yarowsky-cautiousdoesnot sep-
aratethe spellingandcontextual features,but does
have a limit on the numberof rulesaddedat each
stage. (Speci�cally, the limit � startsat 5 and in-
creasesby 5 at eachiteration.)

The �rst modi�cation – cautiousness– is a rel-
atively minor change.It wasmotivatedby the ob-
servation that the (Yarowsky 95) algorithm added
a very large numberof rules in the �rst few iter-
ations. Taking only the highestfrequency rules is
much“safer”, asthey tendto beveryaccurate.This
intuition is bornoutby theexperimentalresults.

The secondmodi�cation is moreimportant,and
is discussedin thenext section.

3.4 Justi�cation for the Separationof
Contextual and SpellingFeatures

An importantreasonfor separatingthetwo typesof
featuresis that this opensup the possibilityof the-
oreticalanalysisof the useof unlabeledexamples.
(Blum andMitchell 98)describelearningin thefol-
lowing situation:

� Eachexampleis representedby afeaturevector
� drawn from a setof possiblevalues(an instance
space)
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. Thetaskis to learna classi�cationfunc-
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tion that the featurescan be partitionedinto two
typessuchthateachtypealoneis suf�cient for clas-
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In thecotrainingcase, (Blum andMitchell 98) ar-
guethat the taskshouldbe to inducefunctions
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must (1) correctlyclassify the la-
beledexamples,and(2) mustagreewith eachother
on the unlabeledexamples. The key point is that
the secondconstraintcan be remarkablypowerful
in reducingthecomplexity of thelearningproblem.

(Blum andMitchell 98) give an examplethat il-
lustratesjust how powerful the secondconstraint
canbe. Considerthecasewhere
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thatthetwoclassi�ersare“rote learners”:thatis,
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An edgeindicatesthat the two featuresmusthave
the samelabel. Given a suf�cient numberof ran-
domly drawn unlabeledexamples(i.e., edges),we
will inducetwo completelyconnectedcomponents
that togetherspanthe entire graph. Each vertex
within a connectedcomponentmusthave thesame
label— in thebinaryclassi�cationcase,we needa



singlelabeledexampleto identifywhichcomponent
shouldgetwhich label.

(Blum and Mitchell 98) go on to give PAC re-
sultsfor learningin the cotrainingcase.They also
describeanapplicationof cotrainingto classifying
web pages(the two featuresetsare the wordson
the page,and other pagespointing to the page).
The methodhalvesthe error rate in comparisonto
a methodusingthelabeledexamplesalone.

Limitations of (Blum and Mitchell 98): While
theassumptionsof (Blum andMitchell 98)areuse-
ful in developingboththeoreticalresultsandanin-
tuition for the problem,the assumptionsare quite
limited. In particular, it maynotbepossibleto learn
functions
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becauseit is just not realisticto expectto learnper-
fect classi�ersgiventhefeaturesusedfor represen-
tation. It may be morerealisticto replacethe sec-
ond criteria with a softerone, for example(Blum
andMitchell 98)suggestthealternative
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ers,it might makesenseto encodethesecondcon-
straintas oneof minimizing somemeasureof the
distancebetweenthedistributionsgivenby thetwo
learners.Thequestionof whatsoft functionto pick,
andhow to designalgorithmswhich optimizeit, is
anopenquestion,but appearsto beapromisingway
of lookingat theproblem.

TheDL-CoTrain algorithmcanbemotivatedas
being a greedymethodof satisfying the above 2
constraints. At each iteration the algorithm in-
creasesthe numberof rules, while maintaininga
high level of agreementbetweenthe spelling and
contextual decision lists. Inspectionof the data
showsthatat �
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3 3 , thetwoclassi�ersbothgive
labelson44,281(49.2%)of theunlabeledexamples,
andgive the samelabel on 99.25%of thesecases.
Sothesuccessof thealgorithmmaywell bedueto
its successin maximizingthenumberof unlabeled
exampleson which the two decisionlists agree.In
thenext sectionwe presentanalternative approach
that builds two classi�erswhile attemptingto sat-
isfy theabove constraintsasmuchaspossible.The
algorithm,calledCoBoost, hastheadvantageof be-
ing moregeneralthanthe decision-listlearningal-
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Figure1: TheAdaBoostalgorithmfor binaryprob-
lems(SchapireandSinger98).

gorithm,and,in fact,canbecombinedwith almost
any supervisedmachinelearningalgorithm.

4 A Boosting-basedalgorithm
Thissectiondescribesanalgorithmbasedonboost-
ing algorithms,which were previously developed
for supervisedmachinelearningproblems.We �rst
give a brief overview of boostingalgorithms. We
thendiscusshow we adaptandgeneralizea boost-
ing algorithm,AdaBoost,to theproblemof named
entity classi�cation. Thenew algorithm,which we
call CoBoost, useslabeledandunlabeleddataand
builds two classi�ers in parallel. (We would like
to notethoughthat unlike previous boostingalgo-
rithms,theCoBoostalgorithmpresentedhereis not
a boostingalgorithm underValiant's (Valiant 84)
ProbablyApproximatelyCorrect(PAC) model.)

4.1 The AdaBoostalgorithm

This sectiondescribesAdaBoost,which is the ba-
sis for the CoBoostalgorithm. AdaBoostwas�rst
introducedin (FreundandSchapire97); (Schapire
andSinger98) gave a generalizationof AdaBoost
whichwewill usein thispaper. For adescriptionof
the applicationof AdaBoostto variousNLP prob-
lemsseethepaperby Abney, Schapire,andSinger
in thisvolume.

The input to AdaBoostis a setof trainingexam-
ples *

���  6�	�  � �

�
�
�

������$ �7�
$ �,+

. Each
�Y�

�



� is the

setof featuresconstitutingthe � th example.For the
momentwewill assumethatthereareonly two pos-
sible labels: each

�
�

is in �%- �

�	U

�H� . AdaBoostis
given accessto a weaklearning algorithm, which



acceptsasinput the training examples,alongwith
a distribution over the instances.The distribution
speci�estherelativeweight,or importance,of each
example— typically, theweaklearnerwill attempt
to minimize the weightederror on the trainingset,
wherethedistributionspeci�estheweights.

The weak learnerfor two-classproblemscom-
putesaweakhypothesis

+

from theinputspaceinto
the reals(

+ ,
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1 � ), wherethe sign4 of
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is interpretedas the predictedlabel and the mag-
nitude

;
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���?�
;

is the con�dence in the prediction:
largenumbersfor

;

+

��� �
;

indicatehighcon�dencein
the prediction,andnumberscloseto zero indicate
low con�dence. The weakhypothesiscan abstain
from predictingthe label of an instance

�

by set-
ting

+

���?�

�A3 . The�nal stronghypothesis,denoted
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, is thenthesignof aweightedsumof theweak
hypotheses,
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, where
theweights

V




aredeterminedduringtherun of the
algorithm,aswedescribebelow.

Pseudo-codedescribingthegeneralizedboosting
algorithmof Schapireand Singeris given in Fig-
ure1. Notethat �




is a normalizationconstantthat
ensuresthedistribution �
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sumsto 1; it is a func-
tion of the weakhypothesis

+



and the weight for
thathypothesis

V




chosenat the T th round.Thenor-
malizationfactorplaysanimportantrole in theAd-
aBoostalgorithm. Schapireand Singershow that
thetrainingerroris boundedaboveby
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Thus,in orderto greedilyminimizeanupperbound
ontrainingerror, oneachiterationweshouldsearch
for the weakhypothesis
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andthe weight
V




that
minimize �




.
In ourimplementation,wemakeperhapsthesim-

plestchoiceof weakhypothesis.Each
+�


is a func-
tion that predictsa label (

U

� or - � ) on examples
containinga particularfeature �




, while abstaining
onotherexamples:
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Thepredictionof thestronghypothesiscanthenbe
writtenas
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Wenow brie�y describehow to choose
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and
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ateachiteration.Ourderivationis slightly different
from theonepresentedin (SchapireandSinger98)
aswerestrict
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to bepositive. �




canbewrittenas
follows
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Following the derivation of Schapireand Singer,
providing that B

�DC

B

� , Equ. (4) is minimized
by setting
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Sincea featuremay be presentin only a few ex-
amples,B

� canbe in practicevery small or even
3 , leadingto extremecon�dencevalues. To pre-
vent this we “smooth” the con�denceby addinga
small value, J , to both B
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and B

� , giving
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Pluggingthevalueof
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fromEqu.(5)and
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into
Equ.(4) gives
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In orderto minimize �




, at eachiterationthe �nal
algorithmshouldchoosetheweakhypothesis(i.e.,
a feature�




) whichhasvaluesfor B

�

and B

� that
minimizeEqu.(6), with B

�TC

B

� .

4.2 The CoBoostalgorithm

We now describethe CoBoost algorithm for the
namedentity problem. Following the convention
presentedin earliersections,we assumethat each
exampleis an instancepair of the from
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� . In the named-
entity problemeachexampleis a (spelling,context)
pair. The �rst � pairshave labels
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makethe assumptionthat for eachexample,both
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� . To achieve this
goal we extend the auxiliary function that bounds
the trainingerror (seeEqu. (3)) to be de�ned over
unlabeledaswell as labeledinstances.Denoteby
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If � co is small, thenit follows that the two classi-
�ers musthave a low error rateon the labeledex-
amples,and that they alsomustgive the samela-
bel on a large numberof unlabeledinstances.To
seethis, note that the �rst two termsin the above
equationcorrespondto the function that AdaBoost
attemptsto minimizein thestandardsupervisedset-
ting (Equ. (3)), with one term for eachclassi�er.
Thetwonew termsforcethetwoclassi�ersto agree,
as much as possible,on the unlabeledexamples.
Put anotherway, the minimum of Equ. (7) is at
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� . In fact, � co provides a boundon
thesumof theclassi�cationerrorof thelabeledex-
amplesand the numberof disagreementsbetween
the two classi�erson theunlabeledexamples.For-
mally, let J

 

( J

!

) bethenumberof classi�cationer-
rorsof the�rst (second)learneronthetrainingdata,
andlet J co bethenumberof unlabeledexampleson
which the two classi�ersdisagree.Then,it canbe
veri�ed that

J

 ?U
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We cannow derive the CoBoostalgorithmasa
meansof minimizing � co. The algorithm builds

two classi�ers in parallel from labeledand unla-
beleddata. As in boosting,thealgorithmworks in
rounds.Eachroundis composedof twostages;each
stageupdatesone of the classi�ers while keeping
theotherclassi�er �x ed. Denotetheunthresholded
classi�ers after T

- � roundsby �
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and assume
thatit is theturn for the�rst classi�er to beupdated
while the secondoneis kept �x ed. We �rst de�ne
“pseudo-labels”,�

� �

, asfollows:
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Thusthe�rst � labelsaresimplycopiedfromthe
labeledexamples,while theremaining
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ex-
amplesaretakenasthecurrentoutputof thesecond
classi�er. We cannow adda new weakhypothesis
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Wenow de�ne, for �
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distribution,
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As before,�

 




is a normalizationconstant.Equ.(8)
cannow berewritten5 as
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which is of the sameform asthe function �
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in AdaBoost. Using the virtual distribution �
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chosenasbefore;andtheweight for this weakhy-
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canbecalculated.This
procedureis repeatedfor

�

roundswhile alternat-
ing betweenthe two classi�ers. The pseudo-code
describingthealgorithmis givenin Fig. 2.

TheCoBoostalgorithmdescribedabove divides
thefunction � co into two parts: � co ���
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co.
On eachstepCoBoost searchesfor a featureand
a weight so asto minimize either �

 

co or �
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co. In

5up to a constantfactor �
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� whichdoesnot affect themini-
mizationof Equ.(8) w.r.t. �

� and �
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Figure2: TheCoBoostalgorithm.

practice,thisgreedyapproachalmostalwaysresults
in an overall decreasein the valueof � co. Note,
however, that there might be situationsin which

� co in fact increases.
One implementationissuedeserves someelab-

oration. Note that in our formalism a weak-
hypothesiscan abstain. In fact, during the �rst
roundsmany of the predictionsof �

 
�

�

!

arezero.
Thuscorrespondingpseudo-labelsfor instanceson
which �

(

abstainaresetto zeroandtheseinstances
do not contribute to the objective function. Each
learneris freeto pick thelabelsfor theseinstances.
Thisallow thelearnersto “bootstrap”eachotherby
�lling thelabelsof theinstancesonwhichtheother
sidehasabstainedsofar.

The CoBoostalgorithmjust describedis for the
casewheretherearetwo labels: for the nameden-
tity tasktherearethreelabels,andin generalit will
beusefultogeneralizetheCoBoostalgorithmto the
multiclasscase.Severalextensionsof AdaBoostfor
multiclassproblemshave beensuggested(Freund
andSchapire97; SchapireandSinger98). In this
work weextendedtheAdaBoost.MH(Schapireand
Singer98) algorithm to the cotrainingcase. Ad-

aBoost.MHmaintainsa distribution over instances
and labels;in addition,eachweak-hypothesisout-
putsa con�dencevectorwith onecon�dencevalue
for eachpossiblelabel.Weagainadoptanapproach
where we alternatebetweentwo classi�ers: one
classi�er is modi�ed while theotherremains�x ed.
Pseudo-labelsareformedby taking seedlabelson
the labeledexamples,and the output of the �x ed
classi�erontheunlabeledexamples.AdaBoost.MH
canbeappliedto the problemusingthesepseudo-
labelsin placeof supervisedexamples.

For theexperimentsin thispaperwemadeacou-
ple of additionalmodi�cations to the CoBoostal-
gorithm. The algorithm in Fig. (2) was extended
to have an additional,innermostloop over the (3)
possiblelabels. The weak hypothesischosenwas
thenrestrictedto be a predictorin favor of this la-
bel. Thusat eachiterationthe algorithmis forced
to pick featuresfor the location , person and
organization in turn for the classi�er being
trained.This modi�cation bringsthemethodcloser
to theDL-CoTrain algorithmdescribedearlier, and
is motivatedby the intuition that all three labels
shouldbekepthealthilypopulatedin theunlabeled
examples,preventingonelabelfrom dominating—
thisdeservesmoretheoreticalinvestigation.

We also removed the context-type feature
typewhenusingtheCoBoostapproach.This “de-
fault” featuretypehas100%coverage(it is seenon
everyexample)but a low, baselineprecision.When
this featuretypewasincluded,CoBoostchosethis
defaultfeatureat an early iteration,therebygiving
non-abstainingpseudo-labelsfor all examples,with
eventualconvergenceto thetwo classi�ersagreeing
by assigningthesamelabel to almostall examples.
Again,thisdeservesfurtherinvestigation.

Finally, wewouldlike to notethatit is possibleto
devisesimilaralgorithmsbasedwith otherobjective
functionsthantheonegivenin Equ.(7), suchasthe
likelihoodfunctionusedin maximum-entropyprob-
lems and other generalizedadditive models(Laf-
ferty 99). We are currently exploring such algo-
rithms.

5 An EM-basedapproach

The Expectation Maximization (EM) algorithm
(Dempster, Laird and Rubin 77) is a commonap-
proachfor unsupervisedtraining;in thissectionwe
describeits applicationto the namedentity prob-
lem. A generative model was applied(similar to
naive Bayes)with the threelabelsas hiddenvari-



ableson unlabeledexamples,and observed vari-
ableson (seed)labeledexamples. The modelwas
parameterizedsuch that the joint probability of a
(label, feature-set)pair `
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The modelassumesthat
������� �

pairsaregenerated
byanunderlyingprocesswherethelabelis �rst cho-
senwith someprior probability `
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of features�
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where `
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�#���
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is de�ned asin (9). Trainingunder
this modelinvolvesestimationof parametervalues
for `

���8�

, `

�

�

�

and `

�

�

; �8�

. Themaximumlikeli-
hoodestimates(i.e., parametervalueswhich maxi-
mize10) cannot befoundanalytically, but theEM
algorithmcanbeusedto hill-climb to a local max-
imum of the likelihood function from someinitial
parametersettings. In our experimentswe set the
parametervaluesrandomly, andthenranEM to con-
vergence.

Givenparameterestimates,thelabelfor a testex-
ample

�

is de�ned as
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We should note that the model in equation 9
is de�cient, in that it assignsgreater than zero
probability to some feature combinations that
are impossible. For example, the indepen-
dence assumptionsmean that the model fails
to capture the dependencebetweenspeci�c and
more generalfeatures(for example the fact that
the featurefull-string=New York is always
seen with the features contains(New) and

LearningAlgorithm Accuracy Accuracy
(Clean) (Noise)

Baseline 45.8% 41.8%
EM 83.1% 75.8%
(Yarowsky 95) 81.3% 74.1%
Yarowsky-cautious 91.2% 83.2%
DL-CoTrain 91.3% 83.3%
CoBoost 91.1% 83.1%

Table2: Accuracy for different learningmethods.
Thebaselinemethodtagsall entitiesasthemostfre-
quentclasstype(organization).

contains(York) andis never seenwith a fea-
turesuchascontains(Grou p) ). Unfortunately,
modifying the model to accountfor thesekind of
dependenciesis not atall straightforward.

6 Evaluation
88,962 (spelling,context) pairs were extracted as
training data. 1,000 of these were picked at
random, and labeled by hand to producea test
set. We choseone of four labelsfor eachexam-
ple: location, person, organization ,
or noise wherethenoise category wasusedfor
items that were outsidethe threecategories. The
numbersfalling into the location, person,
organization categorieswere186,289and402
respectively.

123 examplesfell into the noise category. Of
thesecases,38 weretemporalexpressions(eithera
dayof theweekor monthof theyear).Weexcluded
thesefrom theevaluationasthey canbeeasilyiden-
ti�ed with a list of days/months.This left 962 ex-
amples,of which 85 werenoise. Taking ��� to be
thenumberof examplesanalgorithmclassi�edcor-
rectly(whereall goldstandarditemslabelednoise
werecountedasbeingincorrect),wecalculatedtwo
measuresof accuracy:

Accuracy
,
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Accuracy
,
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SeeTab. 2 for the accuracy of the differentmeth-
ods. Note that on someexamples(around2% of
thetestset)CoBoostabstainedaltogether;in these
caseswe labeledthetestexamplewith thebaseline,
organization , label. Fig. (3) shows learning
curvesfor CoBoost.
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Figure3: Learningcurvesfor CoBoost. Thegraph
givestheaccuracy onthetestset,thecoverage(pro-
portionof examplesonwhichbothclassi�ersgivea
label ratherthanabstaining),andtheproportionof
theseexampleson which the two classi�ersagree.
With eachiterationmoreexamplesareassignedla-
belsby bothclassi�ers,while a high level of agree-
ment (

C

�����

) is maintainedbetweenthem. The
testaccuracy moreor lessasymptotes.

7 Conclusions
Unlabeledexamplesin thenamed-entityclassi�ca-
tion problemcanreducetheneedfor supervisionto
a handfulof seedrules. In additionto a heuristic
basedon decisionlist learning,we alsopresenteda
boosting-like framework that builds on ideasfrom
(Blum andMitchell 98). Themethodusesa “soft”
measureof the agreementbetweentwo classi�ers
asanobjectivefunction;we describedanalgorithm
which directly optimizesthis function. We arecur-
rently exploring other methodsthat employ simi-
lar ideasandtheir formal properties.Futurework
shouldalsoextendtheapproachto build acomplete
namedentityextractor— amethodthatpullsproper
namesfrom text andthenclassi�esthem.Thecon-
textualrulesarerestrictedandmaynotbeapplicable
to every example,but the spellingrulesaregener-
ally applicableandshouldhavegoodcoverage.The
problemof “noise” itemsthatdonotfall into any of
thethreecategoriesalsoneedsto beaddressed.
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