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Abstract

Successfubpplicationof multi-view co-

training algorithmsrelieson the ability to

factortheavailablefeaturesnto viewsthat
arecompatibleanduncorrelatedThis can

potentiallyprecludetheiruseon problems
suchascoreferenceesolutionthatlackan

ohvious featuresplit. To bootstrapcoref-

erenceclassifiers,we proposeand eval-

uatea single-viev weakly supervisedal-

gorithmthatrelieson two differentlearn-

ing algorithmsin lieu of thetwo different
viewsrequiredby co-training.In addition,

we investigatea methodfor ranking un-

labeledinstancedo be fed backinto the

bootstrappindoop aslabeleddata,aiming

to alleviate the problem of performance
deteriorationthat is commonly obsenred

in the courseof bootstrapping.

1 Intr oduction

Co-training(Blum and Mitchell, 1998)is a weakly
supervisegaradigmthatlearnsa taskfrom a small
set of labeleddata and a large pool of unlabeled
datausingseparatebut redundantiiews of the data
(i.e. using disjoint featuresubsetgo representhe
data). To ensureprovable performanceguaran-
tees, the co-training algorithm assumess input a
set of views that satisfiestwo fairly strict condi-
tions. First, eachview mustbe sufficient for learn-
ing the target concept. Secondthe views mustbe
conditionally independenbf eachother given the

class. Empirical resultson artificial data sets by
Musleaetal. (2002 and NigamandGhani(2000
confirmthatco-trainingis sensitveto theseassump-
tions. Indeed,althoughthe algorithmhasbeenap-
plied successfullyto natural languageprocessing
(NLP) tasksthat have a naturalview factorization
(e.g. web pageclassification(Blum and Mitchell,
1998) and namedentity classification(Collins and
Singer 1999)), therehasbeenlittle successanda
numberof reportedproblems,when applying co-
trainingto NLP datasetsfor which no naturalfea-
ture split hasbeenfound (e.g. anaphoraresolution
(Muelleretal., 2002)).

As aresult,researcherbave begunto investigate
co-training procedureghat do not require explicit
view factorization. GoldmanandzZhou (2000 and
Steedmaretal. (20038 usetwo different learning
algorithmsin lieu of the multiple views requiredby
standardco-training! The intuition is that the two
learningalgorithmscanpotentiallysubstitutefor the
two views: different learnershave different rep-
resentatiorand searchbiasesand can complement
eachotherby inducingdifferenthypothesefromthe
data.Despitetheir similarities,the principlesunder
lying the Goldmanand Zhou and Steedmaret al.
co-trainingalgorithmsare fundamentallydifferent.
In particular GoldmanandZhourely on hypothesis
testingto selectnew instancedo addto thelabeled
data. On the other hand, Steedmaret al. usetwo
learningalgorithmsthat correspondo coarselydif-
ferentfeaturesthusretainingin spirittheadvantages

!Steedmaretal. (2003 bootstrapwo parserghatusedif-
ferentstatisticaimodelsvia co-training.Hence thetwo parsers
caneffectively beviewed astwo differentlearningalgorithms.



providedby conditionallyindependenteaturesplits
in the Blum andMitchell algorithm.

The goal of this paperis two-fold. First, we
proposea single-viev algorithm for bootstrapping
coreferenceclassifiers. Like anaphoraresolution,
nounphrasecoreferencaesolutionis a problemfor
which a naturalfeaturesplit is notreadily available.
In relatedwork (Ng and Cardie, 2003), we com-
parethe performancenf the Blum andMitchell co-
training algorithmwith that of two existing single-
view bootstrappinglgorithms— self-trainingwith
bagging(BankoandBrill, 2001)andEM (Nigamet
al., 2000) — on coreferenceesolution,and show
thatsingle-viev weaklysupervisedearnersarea vi-
ablealternatve to co-trainingfor the task. This pa-
perinsteadfocuseson developinga single-viewv al-
gorithmthat combinesaspectf eachof the Gold-
manandZhouandSteedmaretal. algorithms.

Second,we investigatea nev methodthat, in-
spiredby Steedmamtal. (20033, ranksunlabeled
instancedo be addedto the labeleddatain an at-
temptto alleviate a problemcommonlyobsenedin
bootstrappingexperiments— performancealeterio-
ration due to the degradationin the quality of the
labeleddataasbootstrappingprogresseéPierceand
Cardie,2001;Riloff andJones;1999).

In a setof baselineexperimentswe first demon-
stratethat multi-view co-trainingfails to boostthe
performanceof the coreferencesystemundervar
ious parametersettings. We then shav that our
single-viev weakly supervisedalgorithm success-
fully bootstrapsthe coreferenceclassifiers,boost-
ing the F-measurescoreby 9-12%on two standard
coreferenceadatasets. Finally, we presentexperi-
mentalresultsthatsuggesthatour methodfor rank-
ing instancess moreresistanto performancealete-
riorationin thebootstrappingrocesghanBlum and
Mitchell’s “rank-by-confidence’method.

2 Noun PhraseCoreferenceResolution

Noun phrasecoreferenceresolution refers to the
problemof determiningwhich nounphraseqNPSs)
referto eachreal-world entity mentionedin a doc-
ument? In this section,we give an overviev of
thecoreferenceesolutionsystemto whichtheboot-

2Concreteexamplesof the coreferenceaskcanbefoundin
MUC-6 (1995 andMUC-7 (1998).

strappingalgorithmswill beapplied.

The framevork underlying the coreferencesys-
temis a standardcombinationof classificationand
clustering(see Ng and Cardie (2002)for details).
Coreferenceesolutionis first recastasa classifica-
tion task,in which a pair of NPsis classifiedasco-
referringor notbasedon constraintghatarelearned
from an annotatedcorpus. A separateclustering
mechanisnthencoordinateghe possiblycontradic-
tory pairwise classificationsand constructsa parti-
tion on the setof NPs. Whenthe systemoperates
within the weakly supervisedsetting,a weakly su-
pervisedalgorithmbootstrapshecoreferencelassi-
fier from the givenlabeledandunlabeleddatarather
thanfrom amuchlargersetof labelednstancesThe
clusteringalgorithm,however, is notmanipulatedy
thebootstrappingprocedure.

3 Learning Algorithms

We employ naive Bayesand decisionlist learners
in our single-viev, multiple-learnerframenork for
bootstrappingcoreferenceclassifiers. This section
givesanoverview of thetwo learners.

3.1 NaiveBayes

A naive Bayes(NB) classifieris a generatie classi-
fier thatassigndo a testinstancei with featureval-
ues<ziy, ..., Ty,>themaximumaposterioriMAP)
labely*, whichis determinedasfollows:

*

y* = argmax P(y|1)
Y

= argmax P(y)P(i|y)

Y
m

= argmax P(y) || P(z:|y)
i=1

Thefirst equalityabore follows from the definition
of MAP, thesecondnefrom Bayesrule,andthelast
onefrom the conditionalindependencassumption
of thefeaturevalues.We determinghe classpriors
P(@y) andthe classdensitiesP(z; | y) directly from
thetraining datausingadd-onesmoothing.

3.2 DecisionlLists

Ourdecisionlist (DL) algorithmis basednthatde-
scribedn Collins andSinger(1999. For eachavail-
ablefeaturef; andeachpossiblevaluev; of f; in the
training data,the learnerinducesan elementof the



Obsenations

Justifications

Many feature-value pairs alone can de-
termine the classvalue® For example,
two NPscannotbe coreferenif they differ
in genderor semanticclass.

Decisionlistsdrav adecisionboundanbasenasinglefeature-aluepair
andcantakeadvantageof this obsenationdirectly. Ontheotherhand naive
Bayesclassifiersmakea decisionbasedon a combinationof featuresand
thuscannottakeadvantageof this obsenationdirectly.

The class distributions in coreference
data sets are skewed. Specifically the
fact that mostNP pairsin a documentare
not coreferenimplies that the negative in-
stancegrosslyoutnumbethe positives.

Naive Bayesclassifiersare fairly resistantto classskewvness,which can
only exert its influenceon classifierpredictionvia the classpriors. Onthe
otherhand,decisionlists suffer from skewedclassdistributions. Elements
correspondingo thenegative classtendto aggreyatetowardsthe beginning
of thelist, causingthe classifierto performpoorly on the minority class.

Many instances contain redundant in-
formation asfar as classificationis con-
cemed. For example,two NPs may dif-
fer in both genderand semanticclass,but
knowing oneof thesetwo differencess suf-
ficientfor determiningthe classvalue.

Both nave Bayesclassifiersanddecisionlists cantake advantageof data
redundang. Frequeng countsof feature-aluepairsin theseclassifiersare
updatedndependentlyandthusa singleinstancecanpossiblycontribute to
thediscovery of morethanoneusefulfeature-waluepair. Ontheotherhand,
someclassifiersuchasdecisiontreesarenot ableto takeadvantageof this
redundang becausef their intrinsic natureof recursve datapartitioning.

Table 1: The justifications(shawvn in the right column)for using naive Bayesanddecisionlist learneras
theunderlyinglearningalgorithmsfor bootstrappingoreferencelassifiersarebasedon the corresponding
obsenationson the coreferenceéaskandthe featureausedby the coreferencesystemin theleft column.

decisionlist for eachclassy. Theelementsn thelist
aresortedin decreasingrderof the strengthassoci-
atedwith eachelementwhichis definedasthecon-
ditional probability P(y | f; = v;) andis estimated
basednthetrainingdataasfollows:

N(fizvja y)+0é
N(fi =vj) + ka

N (z) is the frequeng of event z in the training
data, o« a smoothingparameterand & the number
of classesln this paper k = 2 andwe seta to 0.01.
A testinstancds assignedhe classassociatedvith

the first elementof the list whosepredicateis satis-
fied by thedescriptionof theinstance.

While generatie classifiersestimateclassdensi-
ties, discriminatve classifierdike decisionlists fo-
cusonapproximatinglassboundariesTablel pro-
videsthejustificationsfor choosingthesetwo learn-
ersascomponentsn our single-viev, multi-learner
bootstrappingalgorithm. Basedon obsenationsof
the coreferencdask and the featuresemployedby
our coreferencesystem, the justifications suggest
thatthetwo learnerscanpotentiallycompensatéor
eachother'sweaknesses.

P(y|fi=1)j)=

4 Multi-V iew Co-Training

In this section,we describethe Blum and Mitchell
(B&M) multi-view co-trainingalgorithmandapply
it to coreferenceesolution.

3Thisjustifiesthe useof a decisionlist asa potentialclassi-
fier for bootstrappingSeeYarowsky (1995)for details.

4.1 The Multi-V iew Co-Training Algorithm

Theintuition behindtheB&M co-trainingalgorithm
is to traintwo classifierghatcanhelpaugmentach
other's labeleddataby exploiting two separateout
redundantiews of the data.Specifically eachclas-
sifier is trainedusing one view of the labeleddata
andpredictslabelsfor all instancesn the datapool,
which consistsof a randomlychosensubsetof the
unlabeleddata. Eachthenselectsts mostconfident
predictions,and addsthe correspondingnstances
with their predictedliabelsto the labeleddatawhile
maintainingtheclassdistributionin thelabeleddata.

The numberof instancego be addedto the la-
beleddataby eachclassifierat eachiterationis lim-
ited by a pre-specifiedgrowth sizeto ensurethat
only theinstanceshathave a high probability of be-
ing assignedhe correctlabelareincorporated.The
datapoolis replenishedvith instancedrom theun-
labeleddataandthe processs repeated.

During testing,eachclassifiermakesanindepen-
dentdecisionfor a testinstance. In this paper the
decisionassociatedvith the higher confidenceis
takento bethefinal predictionfor theinstance.

4.2 Experimental Setup

One of the goalsof the experimentsis to enablea
fair comparisonof the multi-view algorithm with
our single-viev bootstrappingalgorithm. Sincethe
B&M co-trainingalgorithmis sensitive not only to
the views employedbut alsoto otherinput parame-



MUC-6 MUC-7
Naive Bayes DecisionList Naive Bayes DecisionList
Experiments R P F R P F R P F R P F
Baseline 50.7 526 516179 720 28.7| 40.1 402 40.1| 324 783 458
Multi-view Co-Training 333 90.7 487|195 712 306( 329 76.3 46.0| 324 78.3 458
Single-viav Bootstrapping| 53.6 79.0 63.9| 40.1 83.1 54.1| 435 732 546|383 754 50.8
Self-Training 48.3 635 549|187 708 29.6| 40.1 402 40.1| 329 78.1 46.3

Table2: Resultsof multi-view co-training,single-viev bootstrappingandself-training.Recall, Precision,and
F-measurareprovided. Exceptfor the baselinesthe bestresults(F-measurefchieved by the algorithmsareshown.

terssuchasthe poolsizeandthegrowth size(Pierce
andCardie,2001),we evaluatethe algorithmunder
differentparametesettingsasdescribedelow.

Evaluation. WeusetheMUC-6 (1995)andMUC-
7 (1998) coreferencalatasetsfor evaluation. The
training setis composedf 30 “dry run” texts, from
which 491659 and 482125NP pair instancesare
generatedor the MUC-6 andMUC-7 datasets,re-
spectiely. Unlike Ng andCardie(2003 wherewe
chooseone of the dryrun texts (contributing ap-
proximately3500—-3703nstancesjorm the labeled
dataset,however, herewe randomlyselect1000in-
stances. The remaininginstancesare usedas un-
labeleddata. Testingis performedby applyingthe
bootstrappedaoreferenceclassifierand the cluster
ing algorithmdescribedn section2 on the 20-30
“formal evaluation”texts for eachof theMUC-6 and
MUC-7 datasets.

Two setsof experimentsaareconductedpneusing
naive Bayesas the underlying supervisedearning
algorithmandthe otherthe decisionlist learner All
resultsreportedareaveragesacrosdive runs.

Co-training parameters. The co-trainingparam-
etersaresetasfollows.

Views. We usedthree methodsto generatethe
views from the 25 featuresusedby the coreference
system:Mueller etal’s (2002) greedymethod, ran-
dom splitting of featuresinto views, and splitting
of featuresaccordingto the featuretype (i.e. lexico-
syntacticvs. non-lexico-syntactideaturesy:

Pool size We testedvaluesof 500,1000,5000.

Growthsize Wetestedvaluesof 10,50, 100,200.

4.3 Resultsand Discussion

Resultsareshowvn in Table2, whereperformances
reportedn termsof recall, precisionandF-measure

4Spacelimitation precludesa detaileddescriptionof these
methods SeeNg andCardie(2003 for details.
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Figurel: Learningcurve for co-training(pool size
=500, growth size= 50, views formedby randomly
splitting the featuresYor MUC-6.

using the model-theoreticMUC scoring program
(Vilain etal., 1995). The baselinecoreferencesys-
tem, which is trained only on the initially labeled
datausingall of thefeaturesachievesanF-measure
of 51.6(NB) and28.7 (DL) onthe MUC-6 dataset
and40.1(NB) and45.8(DL) on MUC-7.

Theresultsshavnin row 2 of Table2 correspond
to thebestF-measurescoresachievedby co-training
acrossall of the parametecombinationsdescribed
in the previous subsection. In comparisonto the
baseline co-trainingis ableto improve systemper
formancein only two of the four classifier/dataset
combinations:F-measuréncreasesy 2% and 6%
for MUC-6/DL andMUC-7/NB, respectiely. Nev-
erthelessgco-trainingproduceshigh-precisionclas-
sifiersin all four casedqat the expenseof recall). In
practicalapplicationsin which precisionis critical,
the co-trainingclassifiersmay be preferableto the
baselineclassifiersdespitethefact thatthey achiere
similar F-measurescores.

Figure 1 depictsthe learning curve for the co-
training run thatgivesriseto the bestF-measurdor



the MUC-6 dataset using naive Bayes. The hor
izontal (dotted)line shaws the performanceof the
baselinesystemasdescribedabore. As co-training
progressesk--measureisesto 48.7 at iterationten
andgraduallydropsto andstabilizesat42.9.We ob-
sene similar performancerendsfor the otherclas-
sifier/datasetcombinations.Thedropin F-measure
is potentiallydueto the pollution of thelabeleddata
by mislabelednstancegPierceandCardie,2001).

5 Single-View Bootstrapping

In this section,we describeandevaluateour single-
view, multi-learnerbootstrappingalgorithm, which
combineddeasfrom GoldmanandZhou (2000 and
Steedmaretal. (20038. We will startby giving an
overview of thesetwo co-trainingalgorithms.

5.1 RelatedWork

The Goldman and Zhou (G&Z) Algorithm.
This single-vien algorithm begins by training two
classifierson the initially labeled data using two
differentlearningalgorithms; it requiresthat each
classifierpartition the instancespaceinto a set of
equialenceclassege.g.in adecisiontree,eachleaf
node definesan equivalenceclass). Each classi-
fier thenconsiderseachequivalenceclassand uses
hypothesistestingto determineif addingall unla-
beledinstanceswithin the equivalenceclassto the
otherclassifiers labeleddatawill improve the per
formanceof its counterparts. The processis then
repeatedintil nomoreinstance€anbelabeled.

The Steedmanet al. (Ste) Algorithm.  Thisalgo-
rithm is a variationof B&M appliedto two diverse
statisticalparsersinitially, eachparseris trainedon
the labeleddata. Eachthen parsesand scoresall
sentencedn the datapool, andthenaddsthe most
confidentlyparsedsentenceso the training data of
the other parser. The parsersareretrained.andthe
processs repeatedor severaliterations.

The algorithm differs from B&M in threemain
respects.First, the training dataof the two parsers
diverge after thefirst co-trainingiteration. Second,
the datapool is flushedandrefilled entirely with in-
stancedrom the unlabeleddataafter eachiteration.
This reduceghe possibility of having unreliablyla-
beledsentencesccumulatingn the pool. Finally,
thetwo parserseachof whichis assumedo hold a

unique“view” of thedata,areeffectively two differ-
entlearningalgorithms.

5.2 Our Single-View Bootstrapping Algorithm

As mentionedbefore, our algorithm usestwo dif-
ferentlearningalgorithmsto train two classifierson
the sameset of features(i.e. the full featureset).
At eachbootstrappingteration, eachclassifierla-
belsandscoresall instancesn the datapool. The
highestscorednstance$abeledby oneclassifierare
addedto the training dataof the otherclassifierand
vice versa. Sincethe two classifiersare trainedon
the sameview, it is importantto maintaina separate
trainingsetfor eachclassifier:this reducegheprob-
ability thatthe two classifierscorverge to the same
hypothesisatanearly stageandhenceimplicitly in-
creaseshe ability to bootstrap.Like Ste,the entire
datapool is replenishedvith instancesiravn from
the unlabeleddataafter eachiteration,andthe pro-
cessis repeated Soour algorithmis effectively Ste
appliedto coreferencaesolution— insteadof two
parsingalgorithmsthat correspondo differentfea-
tures,we usetwo learningalgorithms gachof which
relieson the sameset of featuresasin G&Z. The
similaritiesanddifferenceamongB&M, G&Z, Ste,
andour algorithmaresummarizedn Table3.

5.3 Resultsand Discussion

We testeddifferent pool sizesand growth sizesas
specifiedin section4.2 to determinethe best pa-
rametersetting for our algorithm. For both data
sets,the bestF-measurescoreis achiered using a
pool size of 5000anda growth size of 50. There-
sults underthis parametersettingare given in row
3 of Table2. In comparisorto the baselinewe see
dramaticimprovementin F-measurdor both clas-
sifiers and both datasets. In addition, we seesi-
multaneougainsin recallandprecisionin all cases
exceptMUC-7/DL. Furthermoresingle-viev boot-
strappingbeatsco-training (in termsof F-measure
scores)by a large magin in all four cases. These
resultsprovide suggestre evidencethatsingle-view,
multi-learnerbootstrappingnight be a betteralter
native to its multi-view, single-learnecounterparts
for coreferenceesolution.
Thebootstrappingunthatcorrespondso this pa-
rametersettingfor the MUC-6 datasetusingnaive
Bayesis shown in Figure2. Again, we seea “typi-



Blum andMitchell GoldmanandZhou Steedmaretal. ours
Bootstrappindasis Usedifferentviews Usedifferentlearners| Usedifferentparsers | Usedifferentlearners
Number of instances| Fixed Variable Fixed Fixed
addedperiteration
Training setsfor the | Same Different Different Different
two learners/parsers
Data pool flushedaf- | No N/A (No datapoolis | Yes Yes
ter eachiteration used)
Example  selection| Highest scored in- | Instances in all | Highest scored sen- | Highest scored in-
method stances equivalance classes| tences stances

that are expectedto
improve a classifier

Table 3: Summaryof the major similaritiesanddifferencesamongfour bootstrappingschemesBlum and
Mitchell, GoldmanandZhou, Steedmaretal., andours.Only therelevantdimensionsarediscussedhere.
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Figure2: Learningcurve for our single-viev boot-
strappingalgorithm(pool size= 5000,growth size=
50) for MUC-6.

cal” bootstrappingurve: aninitial risein F-measure
followed by a gradualdeterioration.ln comparison
to Figurel, therecalllevel achievedby co-trainingis
muchlower thanthat of single-vienv bootstrapping.
Thisappearso indicatethateachco-trainingview is
insufficient for learningthetarget concept:the fea-
ture split limits ary interactionof featuresthat can
producebetterrecall.

Finally, Figure 2 shows that performancein-
creasesnostrapidly in thefirst 200iterations. This
provides indirect evidencethat the two classifiers
have acquireddifferent hypothesesrom the ini-
tial dataandare exchanginginformationwith each
other To ensurethatthe classifiersareindeedbene-
fiting from eachother we conducted self-training
experimentfor eachclassifierseparately: at each
self-trainingiteration,eachclassifierlabelsall 5000
instances$n thedatapool usingall availablefeatures
andselectdhemostconfidentlylabeleds0instances

for additionto its labeleddata® ThebestF-measure
scoresachieredby self-trainingareshonvnin thelast
row of Table 2. Overall, self-trainingonly yields
maiginal performanceayainsover thebaseline.
Nevertheless, self-training outperforms co-
training in two of the four classifier/dataset
combinations.While theseresultsseemto suggest
that co-training is inherently handicapped for
coreferenceresolution, there are two plausible
explanationsagainstthis conclusion. First, the fact
that self-traininghasaccesgo all of the available
featuresmay accountfor its superiorperformance
to co-training. This is againpartially supportecby
the fact thatthe recall level achiesred by co-training
is lower than that of self-training in both cases
in which self-training outperforms co-training.
Second;1000instancesnay simply notbe sufficient
for co-trainingto be effective for thistask:in related
work (Ng and Cardie, 2003), we find that starting
with 3500—-3700abeledinstancednsteadof 1000
allows co-trainingto improve the baselineby 4.6%
and9.5%in F-measureisingnaive Bayesclassifiers
for the MUC-6 andMUC-7 datasets respectiely.

6 An Alter native Ranking Method

As we have seenbefore, F-measurescoresulti-

matelydecreaseasbootstrappingrogresseslf the
drop were causeddy the degradationin the quality
of thebootstrappedata,thenamore“consenative”

instanceselectionmethodthanthat of B&M would
help alleviate this problem. Our hypothesids that
selectionmethodsthat arebasedsolely on the con-
fidenceassignedo aninstanceby a singleclassifier

SNote that this is self-trainingwithout bagging,unlike the
self-trainingalgorithmdiscussedh Ng andCardie(2003.



i1 > i if ary of thefollowing is true:

[1(C1(i1)) = w(C2(1))] A [w(Ch (i2)) # u(C2(i2))]

[1£(C1(i1)) = p(C2(i1))] A [1(C1 (d2)) = p(Ca(i2))] A [|C1(i1) — C2(i1)] > |C1(i2) — Ca(i2)l]

[1(C1(31)) # p(Ca(in)] A [u(C1(32)) # u(C2(i2))] A [max(Ci (i1), 1 — C1(i1)) > max(Ci (i2), 1 — C1(42))]

Figure3: Therankingmethodthata binary classifierC; usesto imposea partial orderingon theinstances
to beselectecandaddedo thetrainingsetof binary classifierCs. i; andiy arearbitraryinstancesandy is

afunctionthatroundsa numberto its closestinteger.

may betoo liberal. In particular thesemethodsal-
low the addition of instanceswith opposinglabels
to the labeleddata;this canpotentiallyresultin in-
creasedncompatibility betweerthe classifiers.

Consequentlywe develop a new procedurefor
ranking instancesn the datapool. The bootstrap-
ping algorithm then selectsthe highestrankedin-
stancedo addto the labeleddatain eachiteration.
The methodfavors instancesvhoselabel is agreed
uponby both classifiers(Preferencel). However,
incorporatinginstanceghat are confidentlylabeled
by both classifiersmay reducethe probability of
acquiring new information from the data. There-
fore, the methodimposesan additional preference
for instanceghatare confidentlylabeledby onebut
not both (Preference 2). If noneof the instances
receves the samelabel from the classifiers, the
methodresortsto the “rank-by-confidence’method
usedby B&M (Preference3).

Moreformally, defineabinaryclassifiemasafunc-
tion that mapsan instanceto a valuethatindicates
the probability that it is labeledas positive. Now,
let 1 beafunctionthatroundsa numberto its near
estinteger Giventwo binary classifiersC, and Cs
andinstances; andi,, therankingmethodshownin
Figure3 useshethreepreferenceslescribechbore
to imposea partial orderingon the giveninstances
for incorporatiorinto C5'slabeleddata. Themethod
similarly ranksinstanceso beaddedo (' ’'slabeled
data,with therolesof C; andCs reversed.

Steedmaretal. (20033 also investigateinstance
selectionmethodsfor co-training, but their goal is
primarily to use selectionmethodsas a meansto
explore thetrade-of betweemrmaximizingcoverage
and maximizing accurag.® In contrast,our focus

SPierces (2003)cooperatie learningframevork hasa sim-
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Figure 4. F-measurecurwes for our single-viev
bootstrapping algorithm with different ranking
methods(pool size = 5000, growth size = 50) for
MUC-6.

hereis on examining whethera more conserative
rankingmethodcanalleviate the problemof perfor
mancedeterioration.NeverthelessPreference?2 is
inspiredby their Sint.n selectionmethod,which se-
lectsaninstanceif it belongsto the intersectionof
the setof the n percenthighestscoringinstances
of oneclassifierandthe setof the n percenowest
scoringinstance®f theother To ourknowledge,no
previous work hasexamineda ranking methodthat
combineghethreepreferenceslescribedabore.

To compareour ranking procedurewith B&M'’ s
rank-by-confidencanethod, we repeatthe boot-
strappingexperimentshowvn in Figure 2 exceptthat
we replaceB&M’ s rankingmethodwith ours. The
learning curves generatedusing the two ranking
methodswith naive Bayesfor the MUC-6 dataset
are shavn in Figure 4. The resultsare consistent
with our intuition regardingthe two ranking meth-

ilar goal.



ods. The B&M ranking methodis more liberal.
In particular eachclassifieralwaysselectsghe most
confidentlylabeledinstances$o addto theothersla-
beleddataat eachiteration. If the underlyinglearn-
ers have indeedinducedtwo different hypotheses
from thedata theneachclassifiercanpotentiallyac-
guireinformative instancegrom the otherandyield
performancémprovementsvery rapidly.

In contrastpurrankingmethodis moreconsera-
tivein thatit placesmoreemphasison maintaining
labeleddataaccurag thanthe B&M method. As
a result, the classifierlearnsat a slower rate when
comparedo thatin theB&M caseit is notuntil iter-
ation600thatwe seeasharprisein F-measureDue
tothe"liberal” natureof theB&M method however,
its performancedropsdramaticallyasbootstrapping
progressesyhereasursjust dipstemporarily This
canpotentiallybe attributedto the morerapidinjec-
tion of mislabelednstancesnto the labeleddatain
theB&M case.At iteration2800,our methodstarts
to outperformB&M’ s. Overall, our rankingmethod
does not exhibit the performancetrend obsered
with theB&M method:exceptfor thespikebetween
iterationsO and100, F-measureloesnot deteriorate
asbootstrappingrogressesSinceit is hardto deter
minea“good” stoppingpointfor bootstrappinglue
to the paucityof labeleddatain aweaklysupervised
setting,our rankingmethodcanpotentiallysene as
analternative to the B&M method.

7 Conclusions

We have proposed single-viev, multi-learnerboot-
strappingalgorithm for coreferenceesolutionand
showvn empirically that the algorithmis a betteral-
ternative to the Blum and Mitchell co-trainingal-
gorithm for this task for which no natural feature
split hasbeenfound. In addition,we have investi-
gatedanexamplerankingmethodfor bootstrapping
that,unlike Blum andMitchell’ srank-by-confidence
method canpotentiallyalleviatethe problemof per
formancedeterioratiordueto the pollution of thela-
beleddatain the courseof bootstrapping.
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