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Abstract

We investigatesingle-viev algorithmsasanal-
ternative to multi-view algorithmsfor weakly
supervisedearning for naturallanguagepro-
cessingaskswithout a naturalfeaturesplit. In
particular we apply co-training, self-training,
andEM to onesuchtaskandfind thatbothself-
trainingandFS-EM,anew variationof EM that
incorporatedeatureselection,outperformco-
trainingandarecomparatiely lesssensitie to
parametechanges.

1 Introduction

Multi-view weakly supervisedearning paradigmssuch
as co-training (Blum and Mitchell, 1998) and co-EM
(NigamandGhani,2000)learna classificatiortaskfrom
a small set of labeleddataand a large pool of unla-
beled data using separateput redundant,views of the
data(i.e. using disjoint featuresubsetgo representhe
data). Multi-view learning has been successfullyap-
plied to anumberof tasksin naturallanguageprocessing
(NLP), including text classification(Blum and Mitchell,
1998; Nigam and Ghani,2000),namedentity classifica-
tion (Collins andSinger 1999),basenounphrasebrack-
eting (Pierceand Cardie, 2001), and statisticalparsing
(Sarkar2001;Steedmaretal., 2003).

Thetheoreticalperformanceguaranteesf multi-view
weakly supervisedalgorithms come with two fairly
strongassumption®n the views. First, eachview must
besuficientto learnthegivenconcept.Secondtheviews
must be conditionally independenbf eachother given
the classlabel. Whenboth conditionsaremet, Blum and
Mitchell prove thataninitial weaklearnercanbeboosted
usingunlabeledlata.

Unfortunatelyfinding a setof views thatsatisfiesoth
of theseconditionsis by no meansan easyproblem. In
addition,recentempiricalresultsby Musleaetal. (2002

andNigamandGhani(2000 have shovnthatmulti-view
algorithmsare quite sensitive to the two underlyingas-
sumptionson the views. Effective view factorizationin
multi-view learningparadigmsthereforeyemainsanim-
portantissuefor their successfubpplication.In practice,
viewsaresuppliedby usersor domainexperts,whodeter
mine a naturalfeaturesplit thatis expectedto be redun-
dant(i.e. eachview is expectedto be sufiicient to learn
the tamget concept)and conditionally independengiven
theclasslabel?!

We investigateherethe applicationof weakly super
visedlearningalgorithmsto problemsfor which no obvi-
ous naturalfeaturesplit exists and hypothesizethat, in
thesecases,single-viav weakly supervisedalgorithms
will perform better than their multi-view counterparts.
Motivated,in part,by theresultsin Mueller etal. (2002),
we usethe task of noun phrasecoreferenceresolution
for illustration throughoutthe paper In our experi-
ments, we comparethe performanceof the Blum and
Mitchell co-training algorithm with that of two com-
monly usedsingle-viev algorithms ,namely self-training
and Expectation-Maximizatior{EM). In comparisonto
co-training, self-trainingachieves substantiallysuperior
performancendis lesssensitize to its input parameters.
EM, on the otherhand, fails to boostperformanceand
we attribute this phenomenoro the presencenf redun-
dantfeaturesin the underlyinggeneratie model. Con-
sequentlywe proposea wrappefrbasedfeatureselection
method(Johnet al., 1994)for EM thatresultsin perfor
manceimprovementscomparableo that obsened with
self-training.Overall, ourresultssuggesthatsingle-viev

'Abney (2002 amguesthatthe conditionalindependencas-
sumptionis remarkablystrongandis rarely satisfiedn realdata
sets,shoving thata weakerindependencassumptiorsufiices.

2Mueller et al. (2002) explore a heuristicmethodfor view
factorizationfor therelatedproblemof anaphoraesolution but
find that co-training shavs no performancamprovementsfor
ary type of Germananaphorexceptpronounsover a baseline
classifiertrainedon a smallsetof labeleddata.



weakly supervisedearning algorithmsare a viable al-
ternative to multi-view algorithmsfor datasetswherea
naturalfeaturesplit into separateredundanviews is not
available.

The remainderof the paperis organizedas follows.
Section2 presentsan overview of the threeweakly su-
pervisedlearning algorithms mentionedpreviously. In
section3, we introducenounphrasecoreferenceesolu-
tion anddescribeéhemachindearningframewvork for the
problem.In sectiord, we evaluatetheweaklysupervised
learningalgorithmsonthetaskof coreferenceesolution.
Section5 introducesa methodfor improving the perfor
manceof weakly supervisedEM via featureselection.
We concludewith futurework in section6.

2 Weakly Supervised Algorithms

In this sectionwe give a high-level descriptiorof ourim-

plementatiorof the threeweakly supervisedalgorithms
thatwe usein our comparisonnamely co-training,self-
training,andEM.

2.1 Co-Training

Co-training (Blum and Mitchell, 1998) is a multi-view
weakly supervisedalgorithm that trains two classifiers
thatcanhelpaugmeneachotherslabeleddatausingtwo
separatdut redundantiiews of the data. Eachclassifier
is trainedusingoneview of the dataandpredictsthe la-
belsfor all instancesn the data pool, which consistsof
a randomly chosensubsetof the unlabeleddata. Each
thenselectdts mostconfidentpredictionsfrom the pool
andaddsthecorrespondingnstancesvith their predicted
labelsto thelabeleddatawhile maintainingthe classdis-
tributionin thelabeleddata.

The numberof instancego be addedto the labeled
databy eachclassifierat eachiterationis limited by a
pre-specifiedyrowthsizeto ensurghatonly theinstances
thathave a high probability of beingassignedhe correct
labelareincorporated.The datapool is refilled with in-
stanceglravn from the unlabeleddataandthe processs
repeatedor severaliterations.During testing,eachclas-
sifier makesan independentlecisionfor a testinstance
andthedecisionassociatedavith the higherconfidencas
takento bethefinal predictionfor theinstance.

2.2 Sdf-Training

Self-training is a single-viav weakly supervisedalgo-
rithm thathasappearedn variousformsin theliterature.
The versionof the algorithmthat we considerhereis a
variationof theonepresentedn BankoandBrill (2007).
Initially, we use bagging (Breiman, 1996) to train a
committeeof classifiersusingthe labeleddata. Specifi-
cally, eachclassifieris trainedon a bootstiap samplecre-
ated by randomly samplinginstanceswith replacement

from the labeleddatauntil the size of the bootstrapsam-
pleis equalto thatof thelabeleddata. Theneachmember
of the committee(or bag) predictsthe labelsof all unla-
beleddata. The algorithm selectsan unlabeledinstance
for addingto thelabeleddataif andonly if all bagsagree
uponits label. This ensuredhat only the unlabeledin-

stanceshathave a high probability of beingassignedhe
correctlabelwill beincorporatednto thelabeledset. The
above stepsarerepeatedintil all unlabeledatais labeled
or a fixed point is reached. Following Breiman(1996),

we performsimple majority voting usingthe committee
to predictthelabel of atestinstance.

23 EM

Theuseof EM asa single-viev weakly supervisectlas-
sificationalgorithmis introducedin Nigametal. (2000.
Like the classicunsupervisedEM algorithm (Dempster
etal., 1977),weakly supervisedEM assumes paramet-
ric modelof datagenerationThelabelsof the unlabeled
dataare treatedas missingdata. The goalis to find a
model suchthat the posteriorprobability of its parame-
tersis locally maximizedgivenboththe labeleddataand
theunlabeleddata.

Initially, the algorithm estimatesthe model parame-
ters by training a probabilistic classifieron the labeled
instancesThen,in the E-step all unlabeleddatais prob-
abilistically labeledby the classifier In the M-step the
parameter®f the generatie model arere-estimatedis-
ing boththeinitially labeleddataandtheprobabilistically
labeleddatato obtaina maximurma posteriori(MAP) hy-
pothesisThe E-stepandthe M-steparerepeatedor se/-
eraliterations.Theresultingmodelis thenusedto make
predictionsfor thetestinstances.

3 TheMachine Learning Framework for
Coreference Resolution

Nounphrasecoreferenceesolutionrefersto the problem
of determiningwhich noun phrasegNPs) refer to each
real-world entity mentionedin a document.In this sec-
tion, we give an overview of the coreferenceesolution
systemto which the weakly supervisedalgorithmsde-
scribedin the previoussectionareapplied.

The frameavork underlyingthe systemis a standard
combinationof classificationand clustering employed
by supervisedearningapproachege.g. Ng and Cardie
(2002);Soonetal. (2001)).Specifically coreferencees-
olution is recastasa classificationtask, in which a pair
of NPsis classifiedas co-referringor not basedon con-
straintsthatarelearnedrom anannotateatorpus.Train-
ing instancesregeneratedby pairingeachNP with each
of its precedingNPsin the document.The classification
associatedvith a training instanceis one of COREFER-
ENT Oor NOT COREFERENT dependingonwhethertheNPs



FeatureType Feature Description
Lexical PRO_STR C if bothNPsarepronominalandarethe samestring; elsel.
PN_STR Cif bothNPsarepropernamesandarethe samestring; elsel.
SOON_STR_NONPRO | Cif bothNPsarenon-pronominaéndthe string of Np4 matcheshatof Np;4; elsel.
Grammatical PRONOUN_1 Y if NR4 ISapronoun;elseN.
PRONOUN_2 Y if NPjq IS apronoun;elseN.
DEMONSTRATIVE2Z Y if NP;q Startswith ademonstratie suchas“this,” “that,” “these] or “those;” elseN.
BOTH_PROPERNOUNS | Cif bothNPsarepropernamesNA if exactly oneNP is a propername;elsel.
NUMBER Cif theNP pair agreein number;l if they disagreeNA if numberinformationfor one
or bothNPscannotbe determined.
GENDER Cif theNP pairagreein gender] if they disagreeNA if gendeiinformationfor oneor
bothNPscannotbe determined.
ANIMACY Cif theNPsmatchin animag; elsel.
APPOSITIVE Cif theNPsarein anappositve relationshipgelsel.
PREDNOM Cif theNPsform a predicatenominalconstructionglsel.
BINDING I if theNPsviolate conditionsB or C of the Binding Theory;elseC.
CONTRAINDICES ['if the NPscannotbe co-indexedbasedon simpleheuristics;elseC. For instancefwo
non-pronominaNPsseparatetby a prepositioncannotbe co-indexed.
SPAN ['if oneNP spangheother;elseC.
MAXIMALNP ['if both NPshave the samemaximalNP projection;elseC.
SYNTAX ['if the NPshave incompatiblevaluesfor the BINDING, CONTRAINDICES, SPAN Or
MAXIMALNP constraintsgelseC.
INDEFINITE ['if NP4 is anindefiniteandnotappositve; elseC.
PRONOUN ['if NR4 iS apronounandNPp;4 is not; elseC.
EMBEDDED_1 Y if NB4 iIsanembeddechoun;elseN.
TITLE [ if oneor both of theNPsis atitle; elseC.
Semantic WNCLASS Cif theNPshave the sameWordNetsemanticclass;l if they don't; NA if thesemantic
classinformationfor oneor bothNPscannotbe determined.
ALIAS Cif oneNPis analiasof theother;elsel.
Positional SENTNUM Distancebetweerthe NPsin termsof the numberof sentences.
Others PRO_RESOLVE Cif NPjq Is apronounandNRy is its antecederdccordingo anaive pronounresolution
algorithm;elsel.

Tablel: Featuresetfor the coreferencesystem.Thefeaturesetcontaingrelationalandnon-relationafeatureshatareusedto
generataninstancerepresentingwo NPS,NR4 andNP;4, in documentd, whereNpry precedesip;q. Non-relationalfeaturegest
somepropertyP of oneof theNPsunderconsideratiormandtakeon avalueof Y Es or No dependingonwhetherP holds.Relational
featuregestwhethersomepropertyP holdsfor the NP pair underconsideratiorandindicatewhetherthe NPsare CoOMPATIBLE or
INCOMPATIBLE W.r.t. P; avalueof NOT APPLICABLE is usedwhenpropertyP doesnotapply.

co-referin thetext. A separatelusteringmechanisnthen
coordinateghe possibly contradictorypairwise classifi-
cationsandconstructsa partitionon the setof NPs.

We perform the experiments in this paper
using our coreference resolution system (see
Ng andCardie(2002). For the sake of complete-
ness, we include the descriptionsof the 25 features
employedby the systemin Table 1. Linguistically,
the featurescan be divided into five groups: lexical,
grammatical semantic positional,andothers. However,
we usenaie Bayesratherthandecisiontreeinductionas
the underlyinglearningalgorithmto train a coreference
classifier simply because(1) it provides a generatie
modelassumedy EM andhencefacilitatescomparison
betweendifferentapproachesnd (2) it is more robust
to the skaved classdistributionsinherentin coreference
datasetsthandecisiontree learners. Whenthe corefer
encesystemis usedwithin theweaklysupervisedetting,
a weakly supervisedalgorithm bootstrapsthe corefer

enceclassifierfrom the givenlabeledandunlabeleddata
ratherthanfrom a muchlargersetof labeledinstances.

We concludethis sectionby noting that view factor
ization is a non-trivial task for coreferenceresolution.
For mary lexical taggingproblemssuchaspart-of-speech
tagging,views canbe dravn naturallyfrom theleft-hand
andright-handcontet. For othertaskssuchasnameden-
tity classificationyiews canbe derivedfrom featuresn-
sideandoutsidethe phraseunderconsideratior(Collins
and Singer 1999). Unfortunately neither of theseop-
tionsis possiblefor coreferenceesolution. We will ex-
plore several heuristicmethodsfor view factorizationin
thenext section.

4 Evaluation

In this section,we empirically test our hypothesisthat
single-viev weaklysupervisedlgorithmscanpotentially
outperformtheir multi-view counterpartsor problems
without a naturalfeaturesplit.



4.1 Experimental Setup

To ensurea fair comparisonof the weakly supervised
algorithms, the experimentsare designedto determine
the best parametersetting of eachalgorithm (in terms
of its effectivenesgo improve performancefor the data
setswe investigate. Specifically we keepthe parame-
terscommonto all threeweakly supervisedalgorithms
(i.e.thelabeledandunlabeleddata)constantndvary the
algorithm-specifiparametersasdescribedelow.

Evaluation. We usethe MUC-6 (1995) and MUC-7
(1998)coreferencelatasetsfor evaluation. Thetraining
setis composedf 30 “dry run” texts, 1 of which is se-
lectedto betheannotatedext andthe remaining29 texts
areusedasunannotatedata. For MUC-6, 3486training
instancesiregeneratedrom 84 NPsin theannotatedext.
For MUC-7, 3741training instancesare generatedrom
87 NPs. The unlabeleddatais composedf 488173in-
stancesind478384instancegor theMUC-6 andMUC-7
datasets,respectiely. Testingis performedby applying
thebootstrappedoreferencelassifierandthe clustering
algorithm describedin section3 on the 20—-30“formal
evaluation”texts for eachof theMUC-6 andMUC-7 data
sets.

Co-training parameters. The co-training parameters
aresetasfollows.

Views. We testedthree pairs of views. Table 2 re-
producesthe 25 featuresof the coreferencesystemand
shavs the views we employ Specifically the threeview
pairsaregeneratedby thefollowing methods.

e Muelleretal!s heuristicmethod.Startingfrom two
emptyviews, theiterative algorithmselectdor each
view the featurewhoseadditionmaximizesthe per
formanceof the respectie view on thelabeleddata
at eachiteration. 3 This methodproduceghe view
pair V1 andV2 in Table2 for the MUC-6 dataset.
A differentview pairis producedor MUC-7.

e Randomsplitting of featuresinto views. Starting
from two empty views, an iterative algorithm that
randomly choosesa featurefor eachview at each
stepis usedto split the featureset. The resulting
view pair V3 and V4 is usedfor both the MUC-6
andMUC-7 datasets.

e Splitting of features according to the feature
type. Specifically oneview comprisesthe lexico-
syntacticfeaturesandthe otherthe remainingones.
This approachproducesthe view pair V5 and V6,
whichis usedfor bothdatasets.

Pool size We testedpool sizesof 500,1000,5000.

Growthsize We testedvaluesof 10,50,100,200,250.

Spacelimitation precludesa detaileddescriptionof this
method.SeeMueller etal. (2002 for details.

Feature V1| V2| Vv3]| V4| V5] V6
PRO_STR X X X
PN_STR X X X
SOON_STR_NONPRO X X X
PRONOUN_1 X X X
PRONOUN_2 X X X
DEMONSTRATIVE 2 X X X
BOTH_PROPER_NOUNS X X X
NUMBER X X X
GENDER X X X
ANIMACY X X X
APPOSITIVE X X X
PREDNOM X X X
BINDING X X X
CONTRAINDICES X X X
SPAN X X X
MAXIMALNP X X X
SYNTAX X X X
INDEFINITE X X X
PRONOUN X X X
EMBEDDED_1 X X X
TITLE X X X
WNCLASS X X X
ALIAS X X X
SENTNUM X X X
PRO_RESOLVE X X X

Table2: Co-trainingview pairsemployedby the corefer
encesystem.Columnl liststhe 25 featuresshovn in Tablel.
Columns2-7 show threedifferent pairsof views thatwe have
attemptedor co-trainingcoreferencelassifiers.

Numberof co-training iterations. We monitoredper
formanceon the test dataat every 10 iterationsof co-
training and ran the algorithm until performancestabi-
lized.

Self-training parameters. Giventhelabeledandunla-
beleddata,self-trainingrequiresonly the specificatiorof
the numberof bags. We testedall odd numberof bags
betweerl and25.

EM parameters. Giventhelabeledandunlabelediata,
EM hasonly one parameter— the numberof iterations.
We ran EM to corvergenceandkepttrack of its testset
performancet every iteration.

4.2 Resultsand Discussion

Resultsare shavn in Table 3, whereperformances re-
portedin termsof recall, precision,andF-measureising
the model-theoretidUC scoringprogram(Vilain etal.,
1995). The baselinecoreferencaystemwhichis trained
only onthelabeleddocumentisingnaive Bayes achie/es
anF-measuref 55.5and43.8ontheMUC-6 andMUC-
7 datasets respectiely.

The resultsshovn in row 2 of Table 3 correspondo
thebestF-measurascoresachiered by co-trainingfor the
two datasetsbasedon co-trainingrunsthat compriseall
of the parametecombinationgdescribedn the previous
subsection.The parametesettingswith which the best



Experiments MUC-6 MUC-7
BestParameteSetting R P F BestParameteSetting R P F
Baseline — 583 529 555 — 528 374 438
Co-Training | v=V5/V6,9=50,p=5000,i=220 47.5 81.9 60.1| v=V5/V6,0=100,p=500,i=260 40.6 77.6 53.3
Self-Training | b=7 54.1 78.6 64.1| b=9 546 62.6 58.3
EM i=20 64.8 518 576 | i=2 541 40.7 464
FS-EM — 64.2 66.6 654 | — 53.3 70.3 60.5
Table 3: Comparatie resultsof co-training, self-training, EM, and FS-EM (to be describedn section5). Recall,

Precision,andF-measureareprovided. For co-training,self-training,andEM, the bestresults(F-measurepnchiesed by the algo-
rithms andthe correspondingparametesettings(with views v, growth sizeg, pool sizep, numberof iterationsi, andnumberof

bagsb) areshawn.
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Figure 1: Learningcurwe for co-training (pool size =
5000,growth size= 50) for the MUC-6 dataset.

resultsareobtainedarealsoshown in thetable. To geta
betterpicture of the behaior of co-training,we present
the learningcurwe for the co-trainingrun that givesrise
to thebestF-measurdor theMUC-6 datasetin Figurel.
Thehorizontal(dotted)line shavstheperformancef the
baselinesystemwhich achievesanF-measuref 55.5,as
describedabore. As co-trainingprogressesk-measure
peaksatiteration220andthengraduallydropsbelow that
of thebaselineafteriteration570.

Although co-training producessubstantialimprove-
mentsover the baselineat its bestparametesettings,a
closerexaminationof our resultsrevealsthat they cor
roboratepreviousfindings: the algorithmis sensitve not
only to the numberof iterations, but to otherinput pa-
rametersuchasthe pool sizeandthegrowth sizeaswell
(NigamandGhani,2000; PierceandCardie,2001). The
lack of a principledmethodfor determiningheseparam-
etersin aweakly supervisedettingwherelabeleddatais
scarceemainsa seriousdisadwantageor co-training.

Self-trainingresultsare shavn in row 3 of Table 3:
self-training performssubstantiallybetterthan both the
baselineand co-trainingfor both datasets. In contrast
to co-training,however, self-trainingis relatively insensi-
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Figure 2: Effect of the numberof bagson the perfor
manceof self-trainingfor the MUC-6 dataset.

tiveto its input parameterFigure2 shovs thefairly con-
sistentperformanceof self-trainingwith sezen or more
bagsfor the MUC-6 dataset. We obsere similar trends
for the MUC-7 dataset. Theseresultsareconsistentvith
empirical studiesof baggingacrossa variety of classifi-
cationtaskswheresevento 25 bagsaredeemedsuficient
(Breiman,1996).

To gain a deeperinsight into the behaior of self-
training,we plot thelearningcurve for self-trainingusing
7 bagsn Figure3, againfor theMUC-6 dataset. At itera-
tion O (i.e. beforeary unlabeleddatais incorporated)the
F-measurescoreachieved by self-trainingis higherthan
thatof thebaselinesystem(58.5vs. 55.5). The obsenred
differenceis dueto voting within the self-trainingalgo-
rithm. Voting hasprovedto be aneffective techniquefor
improving the accurag of a classifierwhentrainingdata
is scarceby reducingthe varianceof a particulartraining
corpus(Breiman,1996). After the first iteration, there
is a rapidincreasen F-measurewhich is accompanied
by large gainsin precisionand smallerdropsin recall.
Theseresultsare consistentwith our intuition regarding
self-training:at eachiterationthealgorithmincorporates
only instancesvhoselabelit is mostconfidentaboutinto
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Figure 3: Learningcurwve for self-trainingusing 7 bags
for theMUC-6 dataset.

the labeleddata,therebyensuringthat precisionwill in-
crease?

As we canseefrom Table 3, therecalllevel achiered
by co-trainingis much lower than that of self-training.
This is anindicationthat eachco-trainingview is insuf-
ficient to learnthe concept: the featuresplit limits ary
interactionof featuresn differentviews that might pro-
ducebetterrecall. Overall, theseresultsprovide evidence
that self-trainingis a betteralternatve to co-trainingfor
weakly supervisedearningfor problemssuchascorefer
enceresolutionwhereno naturalfeaturesplit exists.

Onthe otherhand,EM only givesrise to modestper
formancegainsover the baselinesystem,aswe cansee
from row 4 of Table3. The performanceof EM depends
in part on the correctnesf the underlying generatre
model (Nigam et al., 2000), which in our caseis naive
Bayes. In this model,aninstancewith m featurevalues
<1, ... T,n> andclassy is createdby first choosing
the classwith prior probability P(y) andthen generat-
ing eachavailable featurez; with probability P(z;|y)
independentlyunderthe assumptionthatthe featureval-
uesare conditionallyindependengiven the class. As a
result,modelcorrectnesss adwerselyaffectedby redun-
dantfeatureswhich clearlyinvalidatethe conditionalin-
dependencassumptionin fact, naive Bayesis known to
bebadathandlingredundanfeatureqlLangley andSage,
1994).

We hypothesizethat the presenceof redundantfea-

“When tackling the task of confusionset disambiguation,
BankoandBrill (2001 obsere only modestgains from self-
training by bootstrappingfrom a seedcorpusof one million
words. We speculatethat a labeleddataset of this size can
possiblyenablethemto train a reasonablygood classifierwith
which self-trainingcanonly offer maginal benefits but the re-
lationshipbetweerthe behavior of self-trainingandthe size of
theseed(labeled)corpusremaingo beshown.

turescauseghe generatie modelandhenceEM to per

form poorly. Althoughself-trainingdependonthesame
model,it only makesuseof thebinarydecisiongeturned
by the modelandis thereforemore robust to the naive

Bayesassumptionsas reflectedin its fairly impressie
empiricalperformancé. In contrastthe factthatEM re-
lies on the probability estimatesf the model makesit

moresensitve to the correctnessf themodel.

5 Meta-Bootstrapping with Feature
Selection

If our hypothesisregarding the presenceof redundant
featureswere correct, then feature selectioncould re-
sult in an improved generatre model, which could in
turn improve the performancef weakly supervisedEM.
This sectiondiscusses wrapperbasedfeatureselection
methodfor EM.

5.1 A Two-Tiered Bootstrapping Algorithm

We now describethe FS-EM algorithmfor boostingthe
performancef weakly supervisealgorithmsvia feature
selection AlthoughnamedafterEM, thealgorithmasde-
scribedis potentiallyapplicableto all single-viev weakly
supervisedalgorithms. FS-EM takesas input a super
visedlearner a single-viev weakly supervisedearner a
labeleddataset L, andanunlabeleddatasetU. In addi-
tion, it assumeg&nowledgeof the positive classprior (i.e.
thetrue percentag®f positive instancesn the data)like
co-trainingandrequiresadeviationthresholdhatwe will
explain shortly.

FS-EM,which hasatwo-level bootstrappingtructure,
is reminiscenbf the meta-bootstrappinglgorithmintro-
ducedin Riloff andJoneq1999. The outerlevel boot-
strappingaskis featureselectionwhereagheinnerlevel
taskis to learna bootstrappedlassifierfrom labeledand
unlabeleddataasdescribedn section4. At a high level,
FS-EMusesaforwardfeatureselectionalgorithmto im-
poseatotal orderingon thefeaturedbasedntheorderin
whichthefeaturesareselected Specifically FS-EM per
forms the threestepsbelow for eachfeature f; that has
not beenselected. First, it usesthe weakly supervised
learnerto train a classifierC' from the labeledand unla-
beleddata(L U U) usingonly thefeaturef; aswell asthe
featuresselectedhusfar. Secondthe algorithmusesC
to classifyall of theinstancesn L U U. Finally, FS-EM
trainsanew modelonjustU, whichis now labeledby C.
At theendof thethreestepsexactly onemodelis trained
for eachfeaturethat hasnot beenselected.The forward
selectionalgorithm then selectsthe featurewith which
the correspondingnodel achieves the bestperformance

SIt is possiblefor naive Bayesclassifiersto return optimal
classificationgvenif theconditionalindependencassumption
is violated. SeeDomingosandPazzani(1997) for ananalysis.



on L (w.r.t. thetruelabelsof theinstancesn L) for addi-
tion to F,,.,, (the setof featuresselectedhusfar)® The
processs repeatedintil all featureshave beenselected.

Unfortunately since L canbe small, selectinga fea-
ture for incorporationinto F,.,, by measuringthe per
formanceof the correspondingnodelon L. may not ac-
curatelyreflectthe actualmodel performance.To han-
dle this problem,FS-EMhasa preferencdor addingfea-
tureswhoseinclusionresultsin a classificationin which
the positive classprior (i.e. the probability that an in-
stances labeledaspositive),p;, doesnotdeviatefrom the
true positive classprior, p, by morethana pre-specified
thresholdvalue,§. A large deviation from the true prior
is anindicationthattheresultingclassificatiorof thedata
doesnot corresponctlosely to the actual classification.
Thisalgorithmicbiasis particularlyusefulfor weakly su-
pervisedearnergsuchasEM) thatoptimizeanobjective
functionotherthanclassificatioraccurag andcanpoten-
tially producea classificatiorthatis substantiallydiffer-
ent from the actualone. Specifically FS-EM attempts
to ensurethatthe classificationproducedby the weakly
supervisedearnerweaklyagreeswith the actualclassi-
fication, wherethe weak disagreementate betweenwo
classificationds definedasthe differencebetweentheir
positive classpriors. Note thatweakagreemenis a nec-
essarybut not sufficient conditionfor two classifications
to beidentical’

Neverthelessif the additionof ary of the featuresto
F,e, doesnotproduceaclassificatiorthatweaklyagrees
with thetrue one,FS-EM picksthe featurewhoseinclu-
sionresultsin a positive classprior thathasthe leastde-
viation instead. This stepcan be viewed as introducing
“pseudo-randomhoiseinto thefeatureselectiorprocess.
Thehopeis thatthe deviation of the high-scoring,‘high-
deviation” featurescanbe loweredby first incorporating
thosewith “low deviation”, thus continuingto strive for
weak agreementvhile potentially achiezing betterper
formanceon L.

The final setof features,F'tinq, is composedof the
first n featurechoserby the featureselectionalgorithm,
wheren is thelargesthumberof featureghatcanachieve
the bestperformanceon L subjectto the conditionthat
the correspondinglassificationproducedy the weakly
supervisedlgorithmweakly disagreesith the true one
by at mosté§. The outputof FS-EM is a classifierthat
theweaklysupervisedearnerearnsfrom L andU using
only thefeaturesn F't;nq. The pseudo-codeescribing
FS-EMis shovnin Figure4.

5The reasonfor usingonly L (insteadof L andU) in the
validation stepis primarily to precludethe possibility of get-
ting a poorestimationof modelperformanceasa resultof the
presencef potentiallyinaccuratelylabeleddatafrom U.

’In otherwords,p = p; doesnotimply thatthe correspond-
ing classificationsareidentical.

Input: S (asupervisedearningalgorithm)
W (asingle-viev weakly supervisedearningalgorithm)
L (labeleddata)
U (unlabeleddata)
F (original featureset)
p (true positive classprior)
o0 (deviationthreshold)
Initialize: K := |F|, Fpew := 0
fork=1,.. K:
foreachf; in F:
useWV to learnaclassifierC from L andU usingonly
Frew U {f;} with S astheunderlyingsupervisedearner
useC to classifyall instancesn L U U
ps = probabilitythataninstancen L U U is labeled
aspositive by C
usesS to trainaclassifierC’ on U using Frew U { fi} only
s; := classificatioraccuray of C’ on L
Scores:={s;||pi—p| <9I}

if Scores # ()

i’ := algmax; Scores
else

i :=agmin; { [p; — p| }
F/(IC) = fi’
S'(k) == sy
P'(k) := py
Fnew = newU{fi’}
= F\{fv}

T:={j| (PG —pl <8}

t':=max{t|S'(t)> S ()VjteT}

Ffinal :={ F'(t) [t <t}

useW to learnaclassifierCy;nq: from L andU usingonly
Fina1 With S astheunderlyingsupervisedearner

returnCrinal

Figure4: TheFS-EMalgorithm.

5.2 Resultsand Discussion

Weinstantiate=S-EMwith naive Bayesasthesupervised
learnerandEM astheweakly supervisedearney provid-
ing it with thesameamountof labeledandunlabeleddata
asin previous experimentsandsettingd to 0.01. EM is
run for 7 iterationswheneer it is invoked® Resultsus-
ing FS-EMareshawn in row 5 of Table3. In comparison
to EM, F-measuréncrease$rom 57.6to 65.4for MUC-
6, andfrom 46.4 to 60.5for MUC-7, allowing FS-EM
to even surpasghe performanceof self-training. These
resultsareconsistentvith our hypothesighatthe perfor
manceof EM canbe boostedby improving the underly-
ing generatre modelusingfeatureselection.

Finally, althoughFS-EM is only applicableto two-
classproblems;t canbe generalizedairly easilyto han-
dle multi-classproblemswherethetruelabeldistribution

8Seven is usedbecausawe follow the choiceof previous
work (Musleaet al., 2002; Nigam and Ghani, 2000). Addi-
tional experimentsin which EM is run for 5 and 9 iterations
give similarresults.



is assumedo be available andthe weak agreementate
canbe measuredasedon the similarity of two distribu-
tions.

6 Conclusionsand Future Work

We have investigated single-viev algorithms (self-
training and EM) as an alternatve to multi-view algo-
rithms (co-training) for weakly supervisedearning for
problemghatdo notappeato have anaturalfeaturesplit.
Experimentalresultson two coreferencelatasetsindi-
catethatself-trainingoutperformsco-trainingundervari-
ousparametesettingsandis comparatiely lesssensitve
to parameteichanges.While weakly supervisedEM is
not ableto outperformco-training,we introducea varia-
tion of EM, FS-EM, for boostingthe performancesf EM
via featureselection. Like self-training, FS-EM easily
outperformsco-training.

Co-trainingalgorithmssuchas CoBoost(Collins and
Singer 1999)and GreedyAgreemeni{Abney, 2002)that
explicitly trade classifieragreementon unlabeleddata
againsterror on labeleddatamay be morerobustto the
underlyingassumption®f co-trainingand canconcev-
ably performbetterthanthe Blum andMitchell algorithm
for problemswithout a naturalfeaturesplit.’ Otherless
studiedsingle-viev weakly supervisedalgorithmsin the
NLP communitysuchasco-trainingwith differentlearn-
ing algorithms (Goldman and Zhou, 2000) and graph
mincuts (Blum and Chawla, 2001) can be similarly ap-
plied to theseproblemsto further test our original hy-
pothesis.We planto explore thesepossibilitiesin future
research.
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