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Abstract

This paperdiscusseshe useof unlabeledexamples
for the problemof namedentity classi cation. A
large numberof rulesis neededor coverageof the
domain,suggestinghata fairly large numberof la-
beledexamplesshouldberequiredto train a classi-
er. However, we show that the useof unlabeled
data can reducethe requirementdor supervision
to just 7 simple“seed” rules. The approachgains
leveragefrom naturalredundang in the data: for
mary named-entityinstanceshoth the spelling of
the nameand the contet in which it appearsare
sufcient to determindts type.

We presentwo algorithms.The rst methoduses
a similar algorithmto that of (Yarawvsky 95), with
modi cationsmotivatedby (Blum andMitchell 98).
The secondalgorithmextendsideasfrom boosting
algorithms,designedor supervisedearningtasks,
to theframewvork suggestedyy (Blum andMitchell
98).

1 Intr oduction

Mary statisticalor machine-learningpproachefr
naturallanguageroblemgequirearelatively large
amountof supervisionjn theform of labeledtrain-
ing examples. Recentresults(e.g., (Yarowvsky 95;
Brill 95; Blum and Mitchell 98)) have suggested
that unlabeleddatacan be usedquite pro tably in
reducingthe needfor supervision.This paperdis-
cusseghe useof unlabeledexamplesfor the prob-
lem of namedentity classi cation.

The task is to learn a function from an in-
put string (proper name)to its type, which we
will assumdo be one of the cateyoriesPerson,
Organization , or Location . For example,a
goodclassi er would identify Mrs. Frankasa per
son, Steptoe& Johnsonas a compar, and Hon-
durasasalocation.Theapproachuseshothspelling
andcontetualrules. A spellingrule mightbeasim-
plelook-upfor thestring(e.g.,arule thatHonduras
is alocation)or arule thatlooks at wordswithin a
string (e.g.,arule thatary string containingMr. is
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a person). A contectual rule considersvords sur
roundingthe string in the sentencen which it ap-
pearde.g.,arulethatary propernamemodi ed by
anappositve whoseheadis presidentis a person).
The task can be consideredo be one component
of theMUC (MUC-6, 1995)namedentity task(the
othertaskis that of sggmentationj.e., pulling pos-
sible people,placesandlocationsfrom text before
sendingthemto the classi er). Supervisedneth-
odshave beenappliedquite successfullyto the full
MUC named-entityfask(Bikel etal. 97).

At rst glance,the problem seemsquite com-
plex: alarge numberof rulesis neededo coverthe
domain,suggestinghat a large numberof labeled
examplesis requiredto train an accurateclassi er.
Butwe will shav thatthe useof unlabeleddatacan
drasticallyreducethe needfor supervision.Given
aroundd0,000unlabeledexamplesthemethodsie-
scribedin this paperclassifynameswith over 91%
accuray. The only supervisionis in theform of 7
seedrules (namely that New York, California and
U.S.arelocations;thatary namecontainingMr. is
a personithatary namecontainingincorporatedis
an organization;andthat 1.B.M. and Microsoftare
organizations).

The key to the methodswe describeis redun-
dang in theunlabeleddata.In mary casesinspec-
tion of eitherthe spellingor contect aloneis suf-
cientto classifyanexample.For example,in

.., saysMr. Cooper, avice presidenpf ..

botha spellingfeature(thatthe string containsMr.)
andacontetual feature(thatpresidenimodi es the
string) are strongindicationsthat Mr. Cooper is
of type Person . Evenif anexamplelike this is
notlabeled|t canbeinterpretedasa“hint” thatMr.
and presidentimply the samecateyory. The unla-
beleddatagivesmary such*hints” thattwo features
shouldpredictthe samelabel, and thesehints turn
outto besurprisinglyusefulwhenbuilding a classi-
er.

We presenttwo algorithms. The rst method
buildsonresultsfrom (Yaravsky 95)and(Blum and



Mitchell 98). (Yarowsky 95) describesinalgorithm
for word-sensealisambiguatiorthat exploits redun-
dang in contextual features,and givesimpressie
performanceUnfortunately Yaravsky's methodis
not well understoodrom a theoreticalviewpoint:
we would like to formalize the notion of redun-
dang in unlabeleddata, and set up the learning
taskas optimizationof someappropriateobjective
function. (Blum and Mitchell 98) offer a promis-
ing formulationof redundanyg, alsoprove somere-
sultsabouthow the useof unlabeledexamplescan
help classi cation, and suggestan objective func-
tion whentraining with unlabeledexamples. Our
rst algorithmis similar to Yarowsky's, but with
someimportantmodi cations motivatedby (Blum
andMitchell 98). The algorithmcanbe viewed as
heuristicallyoptimizing an objective function sug-
gestedby (Blum andMitchell 98); empiricallyit is
shawvn to be quite successfuin optimizingthis cri-
terion.

The secondalgorithm builds on a boostingal-
gorithm calledAdaBoost(Freundand Schapired7;
Schapireand Singer98). The AdaBoostalgorithm
was developedfor supervisedearning. AdaBoost
nds aweightedcombinatiorof simple(weak)clas-
si ers, wheretheweightsarechoserto minimizea
functionthatboundgheclassi cationerroronaset
of training examples. Roughly speaking the nen
algorithm presentedn this paperperformsa sim-
ilar search,but insteadminimizesa boundon the
numberof (unlabeledexamplesonwhichtwo clas-
si ers disagreeThealgorithmbuildstwo classi ers
iteratively: eachiterationinvolvesminimization of
a continuouslydifferential function which bounds
thenumberof examplesonwhichthetwo classi ers
disagree.

1.1 Additional RelatedWork

There has beenadditional recentwork on induc-
ing lexiconsor otherknowledgesourcesrom large
corpora. (Brin 98) describesa systemfor extract-
ing (author book-title) pairsfrom the World Wide
Webusinganapproachhatbootstrapgrom anini-

tial seedsetof examples. (Berlandand Charniak
99) describea methodfor extracting parts of ob-
jectsfrom wholes(e.g.,“speedometerfrom “car”)

from a large corpususing hand-craftedpatterns.

(Hearst92) describesa methodfor extracting hy-
poryms from a corpus(pairs of wordsin “isa” re-
lations). (Riloff and Shepher®7) describea boot-
strappingapproachfor acquiringnounsin particu-
lar catgyories(suchas“vehicle” or “weapon” cate-

gories).Theapproactbuildsfrom aninitial seedset

for a catgory, andis quite similar to the decision
list approachdescribedin (Yarowvsky 95). More

recently (Riloff and Jones99) describea method
they term “mutual bootstrapping”for simultane-
ously constructinga lexicon and contextual extrac-

tion patterns.The methodsharesomecharacteris-
tics of the decisionlist algorithmpresentedn this

paper (Riloff andJones99) wasbroughtto our at-

tentionaswe werepreparinghe nal versionof this

paper

2 The Problem
2.1 The Data

971,746sentence®f New York Times text were
parsedusingthe parserof (Collins 96).> Word se-
guenceshatmetthefollowing criteriawerethenex-
tractedasnamedentity examples:

Thewordsequence&vasasequencef consecu-
tive propernouns(wordstaggedasNNP or NNPS)
within anounphraseandwhosdastwordwashead
of thenounphrase.

TheNP containingthewordsequenceppeared
in oneof two contets:

1. Therewasan appositve modi er to the NP,

whoseheadis asingularnoun(tagged\N). For ex-
ample take

..., saysMaury Cooperavice presidentat
S.&P

In this case Maury Cooperis extracted. It is a se-
guenceof propernounswithin an NP; its lastword
Coopertis theheadof theNP; andthe NP hasanap-
positive modi er (a vice presidentat S.&P) whose
headis a singularnoun(presideny.

2. The NP is a complementto a preposition,
whichis theheadof a PP This PPmodi es another
NP, whoseheadis a singularnoun.For example,

. fraud relatedto work on a federally
fundedsevageplantin Geogia

In this case,Geomia is extracted:the NP contain-
ing it is acomplemento the prepositionn; the PP
headedby in modi es the NP a fedeally funded
savageplant, whoseheads thesingulamounplant

In addition to the named-entitystring (Maury
Cooperor Geogia), a contetual predictorwasalso
extracted. In the appositve case,the contetual

Thanksto Ciprian Chelbafor runningthe parserand pro-
viding thedata.



predictorwasthe headof the modifying appositie
(presidentin the Maury Cooperexample); in the
seconctasethecontetual predictorwastheprepo-
sitiontogethemwith thenounit modi es (plantin in
the Geowgia example). From hereon we will refer
tothenamed-entitgtringitself asthespellingof the
entity, andthe contetual predicateasthe context.

2.2 Feature Extraction

Having found(spelling contet) pairsin the parsed
data,a numberof featuresare extracted. The fea-
tures are usedto representeachexample for the
learningalgorithm. In principle a featurecould be
anarbitrarypredicateof the (spelling contet) pair;
for reasonshatwill becomeclear featuresarelim-
ited to queryingeitherthe spellingor context alone.
Thefollowing featuresvereused:

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 ary words that the string contains
(e.g., Maury Cooper contributes two
such features, contains(Maury ) and
contains(Coope 1) .

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

allcap2 Thisfeatureappearsf thespellingis asin-
gle word which is all capitalsor full periods,
and containsat leastone period. (e.g.,N.Y.
would contributethis feature |BM would not).

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

context=x The contt for the entity. The
Maury Cooperand Geogia exampleswould
contribute  context=pres ident and
context=plant  _in respectiely.

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

Tablel givessomeexamplesof entitiesandtheir
features.

3 UnsupervisedAlgorithms basedon
DecisionLists

3.1 SupervisedDecisionList Learning

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

Input to the learning algorithm: labeledex-
amplesof theform is thelabelof the th
example(giventhatthereare possiblelabels,

is a memberof ). is a setof
features associatedvith the th
example.Each isamemberof ,where isa

setof possiblefeatures.

Output of the learning algorithm: a function

where iS an estimate

of theconditionalprobability of seeindabel

giventhatfeature is present. Alternatively,
canbethoughtof asde ning adecisionlist of rules

rankedby their “strength”

The label for a testexample with features is

thende ned as

(1)

In this paperwe de ne asthe following
functionof countsseenin trainingdata:

(2)

is the numberof times feature is
seenwith label in training data,

is a smoothing parame-
is the numberof possiblelabels. In
this paper (the threelabelsare person,
organization, location ), andwe set

Equation?2 is an estimateof the conditional

probabilityof thelabelgiventhefeature, .2

ter, and

3.2 An UnsupervisedAlgorithm

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

2(Yaravsky 95) describesthe use of more sophisticated
smoothingmethods.lt's not clearhow to applythesemethods
in theunsupervisedaseasthey requiredcross-alidationtech-
niques:for this reasonwe usethe simplersmoothingmethod
shavnhere.



Sentence

Entities(Spelling/Contt)

Features

But RobertJordan,a partnerat
Steptoe% Johnsorwhotook ...

RobertJordan/partner

full-string=RobertJordan contains(Robert)
contains(Jordanfontext=partner contect-type=appos

Steptoe% Johnson/partneat

full-string=Steptoe% _Johnsoncontains(Steptoe)
contains(&) contains(Johnsgnnonalpha=&
context=partnerat contet-type=prep

By hiring a compaty like
ATA&T. ..

A.T.&T./compan_like

full-string=A.T.&T. allcap2 nonalpha=..&.
context=compan_like contet-type=prep

HansonacquiredKidde Incor
porated parentof Kidde Credit,
for ...

Kidde Incorporated/parent

full-string=KiddeIncorporatedcontains(Kidde)
contains(Incorporatedontext=parent contet-type=appos

Kidde-Credit/parenof

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

Tablel: Someexamplenamedentitiesandtheir features.

input to the unsupervisedlgorithm is an initial,
“seed” setof rules. In the namedentity domain
theseruleswere

York Location

Location

full-string=New
full-string=California

full-string=U.S. Location
contains(Mr.) Person
contains(Incorporated) Organization
full-string=Microsoft Organization
full-string=1.B.M. Organization

Each of theserules was given a strength of
0.9999. Thefollowing algorithmwasthenusedto
inducenew rules:

1. Set . (isthemaximumnumberof rules
of eachtypeinducedat eachiteration.)

2. Initialization : Set the spelling decisionlist
equalto the setof seedrules.

3. Labelthe training setusingthe currentset of
spellingrules.Examplesvherenorule applies
areleft unlabeled.

4. Usethelabeledexamplesto inducea decision
list of contectual rules, using the methodde-
scribedin section3.1.

Let be the numberof times fea-
ture is seenwith some known label in
the training data. For eachlabel (Person ,
Organization and Location ), takethe
contetual rules with the highestvalue of
whose unsmoothedl strength is

abose somethreshold (If fewer than
rules have precisiongreaterthan , we

Note that taking the top  most frequentrules already
makesthe methodrobustto low countevents,hencewe do not
usesmoothing,allowing low-counthigh-precisiorfeaturesto
be choseronlateriterations.

keeponly thoseruleswhich exceedthe preci-
sionthreshold.) was x edat0.95in all
experimentdn this paper

Thus at eachiteration the methodinducesat

most rules, where is the numberof
possiblelabels( in the experimentsin
this paper).

5. Labelthe training setusing the currentset of
contetual rules. Exampleswvhereno rule ap-
pliesareleft unlabeled.

6. On this new labeledset, selectup to
spellingrulesusingthesamemethodasin step
4. Setthe spellingrulesto bethe seedsetplus
therulesselected.

7. 10f set and return to
step3. OtherwiseJabelthe training datawith
the combinedspelling/cont&tual decisionlist,
theninducea nal decisionlist from the la-
beledexampleswhereall rules (regardlessof
strength)areaddedo thedecisionlist.

3.3 The Algorithm in (Yarowsky 95)

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

1. Initialization : Setthedecisionlist equalto the
setof seedrules.

2. Labelthe training setusing the currentset of
rules.

3. Usethe labelsto learna decisionlist
where is de ned by the formula in equa-
tion 2, with countsrestrictedto training data
examplesthathave beenlabeledin step?2.




Setthe decisionlist to includeall ruleswhose
(smoothed)strengthis abore somethreshold

4. Returnto step?2.

There aretwo differencesbetweenthis method
andtheDL-CoTrain algorithm:

TheDL-CoTrain algorithmis rathermorecau-
tious, imposinga graduallyincreasingimit on the
numberof rulesthatcanbe addedat eachiteration.

The DL-CoTrain algorithmhasseparatedhe
spelling and contectual features, alternating be-
tweenlabelingandlearningwith the two typesof
features.Thusan explicit assumptioraboutthere-
dundang of the features— thateitherthe spelling
or context aloneshouldbe sufcient to build a clas-
si er — hasbeenbuilt into thealgorithm.

To measurehecontributionof eachmodi cation,
athird, intermediatalgorithm,Yarowsky-cautious
wasalsotested. Yarowsky-cautiousdoesnot sep-
aratethe spellingand contectual features but does
have a limit on the numberof rulesaddedat each
stage. (Speci cally, thelimit  startsat 5 andin-
creasedy 5 at eachiteration.)

The rst modi cation — cautiousness- is a rel-
atively minor change.It wasmotivatedby the ob-
senation that the (Yarowsky 95) algorithm added
a very large numberof rulesin the rst few iter-
ations. Taking only the highestfrequeng rulesis
much“safer”, asthey tendto bevery accurateThis
intuition is bornout by theexperimentaresults.

The secondmodi cation is moreimportant,and
is discussedh the next section.

3.4 Justi cation for the Separationof
Contextual and Spelling Features

An importantreasorfor separatinghe two typesof
featureds thatthis opensup the possibility of the-
oreticalanalysisof the useof unlabeledexamples.
(Blum andMitchell 98) describdearningin thefol-
lowing situation:
Eachexampleis representedy afeaturevector
dravn from a setof possiblevalues(aninstance
space) . Thetaskis to learnaclassi cationfunc-
tion where is asetof possibldabels.
The featurescan be separatednto two types:
where  and correspondo
two different“views” of anexample.In thenamed
entitytask, = might be the instancespacefor the
spellingfeatures,  might be the instancespace
for the contetual features. By this assumption,

eachelement can also be representeds
Eachview of the exampleis sufcient for clas-
si cation. Thatis, thereexist functions and
suchthat for ary example ,
. We never seean example
in training or testdatasuchthat

Thusthemethodmakeghefairly strongassump-
tion that the featurescan be partitionedinto two
typessuchthateachtypealoneis sufcient for clas-
si cation.

and arenot correlatedtoo tightly. (For
example,thereis not a deterministicfunction from

to )

Now assumewe have pairs drawn
from ,wWherethe rst  pairshavelabels ,
whereagdor thepairsareunlabeledln

afully supervisedetting thetaskis to learnafunc-
tion suchthatfor all , .
In the cotrainingcase, (Blum andMitchell 98) ar-
guethatthe task shouldbe to inducefunctions

and suchthat
1. for
2. for
So and must(1) correctlyclassify the la-

beledexamplesand(2) mustagreewith eachother
on the unlabeledexamples. The key point is that
the secondconstraintcan be remarkablypowerful
in reducingthe compleity of thelearningproblem.
(Blum and Mitchell 98) give an examplethatil-
lustratesjust how powerful the secondconstraint
canbe. Consideithe casewhere
and isa“medium”sizednumbersothatit is fea-
sibleto collect unlabeled=xamples.Assume
thatthetwo classi ersare“rote learners”thatis,
and arede nedthroughlook-uptablesthatlist a
labelfor eachmemberof  or . Theproblemis
abinaryclassi cationproblem.Theproblemcanbe
representedsagraphwith  verticescorrespond-
ing tothememberof and . Eachunlabeled
pair is representecs an edgebetween
nodescorrespondingo and in the graph.
An edgeindicatesthat the two featuresmusthave
the samelabel. Givena sufcient numberof ran-
domly dravn unlabeledexamples(i.e., edges)we
will inducetwo completelyconnectedcomponents
that togetherspanthe entire graph. Each vertex
within a connectedcomponenmusthave the same
label— in thebinary classi cationcasewe needa



singlelabeledexampleto identify which component
shouldgetwhich label.

(Blum and Mitchell 98) go on to give PAC re-
sultsfor learningin the cotrainingcase. They also
describean applicationof cotrainingto classifying
web pages(the two featuresetsare the wordson
the page, and other pagespointing to the page).
The methodhalvesthe errorratein comparisorto
amethodusingthelabeledexamplesalone.

Limitations of (Blum and Mitchell 98): While
theassumptionsf (Blum andMitchell 98) areuse-
ful in developingboththeoreticakesultsandanin-
tuition for the problem,the assumptionsre quite
limited. In particular it maynotbepossibleo learn
functions for ;
either becausdehereis somenoisein the data, or
becausdt is just notrealisticto expectto learnper
fectclassi ersgiventhefeaturesusedfor represen-
tation. It may be morerealisticto replacethe sec-
ond criteria with a softerone, for example (Blum
andMitchell 98) suggesthealternatve

1. for

2. The choice of and  must minimize the
number of examplesfor which

Alternatively,if ~and areprobabilisticlearn-
ers,it might makesensdo encodehe secondcon-
straintas one of minimizing somemeasureof the
distancebetweerthe distributionsgiven by thetwo
learners Thequestiorof whatsoftfunctionto pick,
andhow to designalgorithmswhich optimizeit, is
anopenquestionput appear$o beapromisingway
of looking atthe problem.

The DL-CoTrain algorithmcanbe motivatedas
being a greedy methodof satisfyingthe above 2
constraints. At eachiteration the algorithm in-
creaseghe numberof rules, while maintaininga
high level of agreemenbetweenthe spellingand
contetual decisionlists. Inspectionof the data
showsthatat , thetwo classi ersbothgive
labelson44,281(49.2%)of theunlabeledxamples,
and give the samelabel on 99.25%0f thesecases.
Sothesucces®f thealgorithmmaywell be dueto
its succes$n maximizingthe numberof unlabeled
exampleson which the two decisionlists agree.In
the next sectionwe presentanalternatve approach
that builds two classi erswhile attemptingto sat-
isfy the abore constraintasmuchaspossible.The
algorithm,calledCoBoost hastheadwantageof be-
ing moregeneralthanthe decision-listlearningal-

Input:
Initialize
For

Getweakhypothesis
weaklearnerusingdistribution
Choose

Update:

by training

where

Output nal hypothesis:

Figurel: The AdaBoostalgorithmfor binaryprob-
lems(SchapireandSinger98).

gorithm,and,in fact, canbe combinedwith almost
ary supervisednachindearningalgorithm.

4 A Boosting-basedlgorithm

This sectiondescribesanalgorithmbasednboost-
ing algorithms,which were previously developed
for supervisednachindearningproblems.We rst
give a brief overview of boostingalgorithms. We
thendiscusshow we adaptandgeneralizea boost-
ing algorithm, AdaBoost to the problemof named
entity classi cation. The new algorithm,which we
call CoBoost useslabeledand unlabeleddataand
builds two classi ersin parallel. (We would like
to notethoughthat unlike previous boostingalgo-
rithms,the CoBoostalgorithmpresentedhereis not
a boostingalgorithm under Valiant's (Valiant 84)
ProbablyApproximatelyCorrect(PAC) model.)

4.1 The AdaBoostalgorithm

This sectiondescribesAdaBoost,which is the ba-
sisfor the CoBoostalgorithm. AdaBoostwas rst
introducedin (Freundand Schapired7); (Schapire
and Singer98) gave a generalizatiorof AdaBoost
whichwe will usein this paper For adescriptiorof
the applicationof AdaBoostto variousNLP prob-
lemsseethe paperby Abney, Schapireand Singer
in thisvolume.

Theinputto AdaBoostis a setof training exam-
ples . Each is the
setof featuresconstitutingthe th example.For the
momentwe will assumehatthereareonly two pos-
sible labels: each isin . AdaBoostis
given accesdo a weaklearning algorithm, which



acceptsasinput the training examples,alongwith

a distribution over the instances. The distribution
speci estherelative weight,orimportancepf each
example— typically, the weaklearnemwill attempt
to minimize the weightederror on the training set,
wherethedistributionspeci estheweights.

The weak learnerfor two-classproblemscom-
putesaweakhypothesis fromtheinputspacento
the reals( ), wherethe sigrn®* of
is interpretedas the predictedlabel and the mag-
nitude is the con dencein the prediction:
largenumberdor indicatehigh con dencein
the prediction,and numberscloseto zeroindicate
low con dence. The weak hypothesiscan abstain
from predictingthe label of an instance by set-
ting . The nal stronghypothesisgdenoted

,isthenthesignof aweightedsumof theweak

hypotheses, , Where

theweights aredeterminediuringtherun of the
algorithm,aswe describebelow.
Pseudo-coddescribinghe generalizedoosting
algorithm of Schapireand Singeris given in Fig-
urel. Notethat is anormalizationconstanthat
ensureshedistribution sumsto 1; it is afunc-
tion of the weak hypothesis andthe weight for
thathypothesis chosematthe th round.Thenor
malizationfactorplaysanimportantrole in the Ad-
aBoostalgorithm. Schapireand Singershow that
thetrainingerroris boundedabove by

— (3)

Thus,in orderto greedilyminimizeanupperbound
ontrainingerror, on eachiterationwe shouldsearch
for the weakhypothesis andtheweight that
minimize

In ourimplementationye makeperhapshe sim-
plestchoiceof weakhypothesisEach is afunc-
tion that predictsa label (  or ) on examples
containinga particularfeature , while abstaining
on otherexamples:

The predictionof the stronghypothesisanthenbe
writtenas

“We de ne

We now brie y describenow to choose and
ateachiteration.Our derivationis slightly different
from the onepresentedn (SchapireandSinger98)

aswerestrict tobepositive. canbewrittenas
follows

(4)
Let

Following the derivation of Schapireand Singer
providing that , EQu. (4) is minimized
by setting

- (5)

Sincea featuremay be presentin only a few ex-
amples, canbe in practicevery small or even

, leadingto extreme con dencevalues. To pre-
vent this we “smooth” the con denceby addinga

smallvalue, , to both and , giving
Pluggingthevalueof fromEqu.(5)and into
Equ.(4) gives
(6)

In orderto minimize , at eachiterationthe nal
algorithmshouldchoosethe weakhypothesiqi.e.,
afeature ) whichhasvaluesfor and that
minimize Equ.(6), with

4.2 The CoBoostalgorithm

We now describethe CoBoost algorithm for the
namedentity problem. Following the convention
presentedn earlier sections,we assumehat each
exampleis aninstancepair of the from
where In the named-
entity problemeachexampleis a (spellingcontext)
pair. The rst  pairshave labels , whereador
the pairs are unlabeled. We
makethe assumptiorthat for eachexample, both



and alonearesufcient to determinehela-
bel . Thelearningtaskis to nd two classi ers
such

that for examples
,and asoftenaspossi-

ble on examples . To achieve this
goal we extend the auxiliary function that bounds
the training error (seeEqu. (3)) to be de ned over
unlabeledaswell aslabeledinstances.Denoteby
theunthresholded
strong-hypothesi(i.e., ). We

de ne thefollowing function:

co

(7)

If coissmall thenit follows thatthe two classi-
ers musthave alow errorrate on the labeledex-
amples,andthat they also mustgive the samela-
bel on a large numberof unlabeledinstances. To
seethis, notethatthe rst two termsin the abore
equationcorrespondo the functionthat AdaBoost
attemptdo minimizein thestandardgupervisedet-
ting (Equ. (3)), with oneterm for eachclassi er.
Thetwo new termsforcethetwo classi ersto agree,
as much as possible,on the unlabeledexamples.
Put anotherway, the minimum of Equ. (7) is a
when: 1) ;
2) ; and 3) for
. In fact, c¢o providesa boundon
thesumof theclassi cationerrorof thelabeledex-
amplesand the numberof disagreementbetween
thetwo classi erson the unlabeledexamples.For-
mally, let () bethenumberof classi cationer
rorsof the rst (second)earneronthetrainingdata,
andlet ¢o bethenumberof unlabeledxampleson
which thetwo classi ersdisagree.Then,it canbe
veri ed that

(610) co

We cannow derive the CoBoostalgorithmasa
meansof minimizing c¢co. The algorithm builds

two classi ersin parallel from labeledand unla-
beleddata. As in boosting,the algorithmworksin
rounds.Eachroundis composeaf two stagesgach
stageupdatesone of the classi ers while keeping
theotherclassi er x ed. Denotethe unthresholded
classi ers after roundsby and assume
thatit is theturnfor the rst classi erto beupdated
while the secondoneis kept x ed. We rst de ne
“pseudo-labels”, , asfollows:

Thusthe rst  labelsaresimply copiedfromthe
labeledexampleswhile theremaining ex-
amplesaretakenasthe currentoutputof the second
classi er. We cannow adda new weakhypothesis

basednafeaturein  with acon dencevalue
and arechoserto minimizethefunction

co (8)

We now de ne, for
distribution,

, thefollowing virtual

As before, isanormalizationconstantEqu.(8)
cannow berewritten® as

which is of the sameform asthe function  used
in AdaBoost. Using the virtual distribution
andpseudo-labels , valuesfor , and
canbecalculatedor eachpossibleveakhypothesis
(i.e., for eachfeature ); the weakhypothe-
siswith minimalvaluefor canbe

chosemasbefore;andthe weightfor this weakhy-
pothesis - canbecalculatedThis
procedurds repeatedor roundswhile alternat-
ing betweenthe two classi ers. The pseudo-code
describinghealgorithmis givenin Fig. 2.

The CoBoostalgorithmdescribedabove divides
thefunction c¢opintotwo parts: co co  co
On eachstep CoBoost searchedor a featureand
aweightso asto minimize either g or ¢o. In

which doesnot affect the mini-
and

Supto aconstanfactor
mizationof Equ.(8) w.r.t.



Input:
Initialize:

For andfor

Setpseudo-labels:

Setvirtual distribution:

where

Getaweakhypothesis

ing weaklearner usingdistribution
Choose

Update:

. by train-

Output nal hypothesis:

Figure2: The CoBoostalgorithm.

practice thisgreedyapproachalmostalwaysresults

in an overall decreasén the valueof ¢co. Note,

however, that there might be situationsin which
co in factincreases.

One implementationissuedeseres some elab-
oration. Note that in our formalism a weak-
hypothesiscan abstain. In fact, during the rst
roundsmary of the predictionsof are zero.
Thuscorrespondingseudo-labelfor instanceson
which  abstainaresetto zeroandtheseinstances
do not contribute to the objective function. Each
learneris freeto pick thelabelsfor theseinstances.
This allow thelearnergo “bootstrap”eachotherby

lling thelabelsof theinstance®nwhichtheother
sidehasabstainedofar.

The CoBoostalgorithmjust describeds for the
casewheretherearetwo labels: for the nameden-
tity tasktherearethreelabels,andin generalit will
beusefulto generalizehe CoBoostalgorithmto the
multiclasscase Severalextensionof AdaBoostfor
multiclassproblemshave beensuggestedFreund
and Schapired7; Schapireand Singer98). In this
work we extendedthe AdaBoost.MH(Schapireand
Singer98) algorithmto the cotraining case. Ad-

aBoost.MHmaintainsa distribution over instances
and labels;in addition,eachweak-hypothesisut-

putsa con dencevectorwith onecon dencevalue

for eachpossibldabel. We againadoptanapproach
where we alternatebetweentwo classi ers: one

classi eris modi ed while the otherremainsx ed.

Pseudo-labelare formedby taking seedlabelson

the labeledexamples,and the output of the x ed

classi erontheunlabeledxamples. AdaBoost.MH
canbe appliedto the problemusing thesepseudo-
labelsin placeof superviseaxamples.

For the experimentdn this papernwe madea cou-
ple of additionalmodi cations to the CoBoostal-
gorithm. The algorithmin 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 thelocation , person and
organization in turn for the classi er being
trained.This modi cation bringsthe methodcloser
totheDL-CoTrain algorithmdescribedkarlier and
is motivated by the intuition that all three labels
shouldbe kepthealthily populatedn the unlabeled
examplespreventingonelabelfrom dominating—
this deseresmoretheoreticainvestigation.

We also removed the context-type feature
type whenusingthe CoBoostapproach.This “de-
fault” featuretype has100%coverage(it is seenon
every example)but alow, baselingprecision.When
this featuretype wasincluded,CoBoostchosethis
defaultfeatureat an early iteration, therebygiving
non-abstainingseudo-label®or all exampleswith
eventualcornvergenceto thetwo classi ersagreeing
by assigninghe samelabelto almostall examples.
Again, this deseresfurtherinvestigation.

Finally, we wouldlike to notethatit is possibleto
devisesimilaralgorithmsbasedvith otherobjective
functionsthantheonegivenin Equ.(7), suchasthe
likelihoodfunctionusedn maximum-entropyrob-
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 unsupervisedraining;in this sectionwe
describeits applicationto the namedentity prob-
lem. A generatre model was applied(similar to
naive Bayes)with the threelabelsas hiddenvari-



ableson unlabeledexamples,and obsered vari-
ableson (seed)labeledexamples. The modelwas
parameterizeduch that the joint probability of a
(label, featule-set)pair is written as

(9)

The modelassumeshat pairsare generated
by anunderlyingprocessvherethelabelis rst cho-
senwith someprior probability ; the number
of features isthenchoserwith someprobability
; nally thefeaturesareindependenthgen-
eratedwith probabilities
We againassumea training setof — examples
wherethe rst  exampleshave labels
, andthelast examplesareun-
labeled. For the purposesof EM, the “obsened”
datais , and
the hiddendatais . Thelikelihood of
theobsereddataunderthe modelis

(10)

where is de ned asin (9). Trainingunder
this modelinvolvesestimationof parameteralues
for , and . Themaximumlikeli-
hoodestimategi.e., parameteralueswhich maxi-
mize 10) cannot be found analytically but the EM
algorithmcanbe usedto hill-climb to alocal max-
imum of the likelihood function from someinitial
parametessettings. In our experimentswe setthe
parametevaluesandomly andthenranEM to con-
vemgence.

Givenparameteestimatesthelabelfor atestex-
ample isde nedas

(11)

We should note that the model in equation 9
is de cient, in that it assignsgreaterthan zero
probability to some feature combinations that
are impossible. For example, the indepen-
dence assumptionsmean that the model fails
to capturethe dependencéetweenspeci c and
more generalfeatures(for example the fact that
the featurefull-string=New _York is always
seen with the features contains(New) and

LearningAlgorithm | Accuray | Accuray
(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: Accurag for differentlearningmethods.
Thebaselinanethodtagsall entitiesasthemostfre-
guentclasstype (organization).

contains(York) andis never seenwith afea-
turesuchascontains(Grou  p) ). Unfortunately
modifying the modelto accountfor thesekind of
dependencieis notatall straightforward.

6 Evaluation

88,962 (spellingcontet) 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 three catejories. The
numbersfalling into the location, person,
organization cateyorieswere186,289and402
respectiely.

123 examplesfell into the noise cateory. Of
thesecases38 weretemporalexpressiongeithera
dayof theweekor monthof theyear).We excluded
theserom the evaluationasthey canbeeasilyiden-
tied with alist of days/months.This left 962 ex-
amples,of which 85 werenoise. Taking  to be
thenumberof examplesanalgorithmclassi ed cor-
rectly (whereall gold standardtemslabelednoise
werecountedasbeingincorrect),we calculatedwo
measuresf accuray:

Accuray Noise (12)

Accuray Clean (13)

SeeTah 2 for the accurag of the differentmeth-
ods. Note that on someexamples(around2% of

thetestset) CoBoostabstainedltogetherjn these
casewve labeledthetestexamplewith the baseline,
organization , label. Fig. (3) shaws learning
curvesfor CoBoost
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Figure3: Learningcurvesfor CoBoost Thegraph
givestheaccurag onthetestset,the coverage(pro-

portionof examplesonwhichbothclassi ersgivea
label ratherthanabstaining) andthe proportionof

theseexampleson which the two classi ersagree.
With eachiterationmoreexamplesareassigneda-

belsby bothclassi ers,while a high level of agree-
ment ( ) is maintainedbetweenthem. The
testaccurag moreor lessasymptotes.

7 Conclusions

Unlabeledexamplesin the named-entityclassi ca-
tion problemcanreducehe needfor supervisiorto
a handful of seedrules. In additionto a heuristic
basedon decisionlist learning,we alsopresentec
boosting-like frameavork that builds on ideasfrom
(Blum andMitchell 98). The methodusesa “soft”
measureof the agreemenbetweentwo classi ers
asanobjective function;we describedanalgorithm
which directly optimizesthis function. We arecur-
rently exploring other methodsthat employ simi-
lar ideasandtheir formal properties. Futurework
shouldalsoextendthe approactio build acomplete
namecentity extractor— amethocdthatpulls proper
namedsrom text andthenclassi esthem. Thecon-
textualrulesarerestrictecandmaynotbeapplicable
to every example,but the spellingrulesaregener
ally applicableandshouldhave goodcoverage The
problemof “noise” itemsthatdo notfall into ary of
thethreecategoriesalsoneeddo beaddressed.
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