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Abstract

This paperpresent@anactive learningmethodthatdi-

rectly optimizesexpectedfuture error. Thisis in con-
trastto mary otherpopulartechniqueshatinsteadaim

to reduceversionspacesize. Thesemethodsarepopu-
lar becauséor mary learningmodels closedform cal-
culationof theexpectedutureerroris intractable Our
approachs madefeasibleby takingaMonteCarloap-
proachto estimatingthe expectedreductionin error
dueto thelabelingof aquery In experimentakesults
on threereal-world datasetswe reachhigh accurag

with four timesfewer labelledexampleshancompet-
ing methods.

1. Intr oduction

Traditional supervisedearningmethodssettheir parame-
tersusingwhatever training datais givento them.By con-
trast, active learning is a framavork in which the learner
hasthe freedomto selectwhich datapoints are addedto
its training set. An active learnermay begin with a very
small numberof labelledexamples,carefully selecta few
additionalexampledor whichit requests$abels learnfrom
the resultof thatrequestandthenusingits newly-gained
knowledge carefully choosewhich examplesto request
next. In this way the learneraimsto reachhigh perfor
manceusingasfew labelledexamplesaspossible.Active
learningcanbeinvaluablewhen,while it is oftenthe case
thatunlabelledexamplesarecheapandplentiful, obtaining
the labelsfor thoseexamplesis oftentime-consumingnd
dif cult. Thus,thegoalis for thelearnerto have thelowest
errorratewith thefewestpossibleabelings.

Cohnetal. (1996)describea statisticallyoptimal solution
to this problem. Their methodselectsthe training exam-
ple that, oncelabelled and addedto the training data, is

expectedto resultin the lowesterror on future testexam-
ples. They developtheir methodfor two simpleregression
problemsin which this questioncanbe answeredn closed
form. Unfortunatelythereare mary tasksand modelsfor

which the optimal selectioncannotef ciently be foundin
closedform.

Other more widely usedactive learning methodsattain
practicalityby optimizing a different,non-optimalcriteria.
For example,uncertaintysampling(Lewis & Gale,1994)
selectghe exampleonwhichthecurrentlearnemaslowest
certainty; Query-by-Committe¢Seunget al., 1992; Fre-
und et al., 1997) selectsexamplesthat reducethe size of
the versionspace(Mitchell, 1982) (the size of the subset
of parametespacehatcorrectlyclassi esthelabelledex-
amples). Tong and Koller's method(2000)is also based
on reducingversionspacesize. None of thesemethods
directly optimizethe metric by which thelearnerwill ulti-
matelybeevaluated—thédearners expectederroronfuture
testexamples. Uncertaintysamplingoften fails by select-
ing exampleghatareoutliers—thg have high uncertainty
but gettingtheir labelsdoesnt helpthelearneron the bulk
of the testdistribution. Version-spaceeducingmethods,
suchasQuery-by-Committe®ftenfail by spendingeffort
eliminatingareasof parametespacehathave no effecton
the errorrate. Thusthesemethodsalsoarenotimmuneto
selectingoutliers; seeMcCallum and Nigam (1998b)for
examples.

This paperpresentsan active learning methodthat com-
binesthe bestof bothworlds. Our methodselectshe next
example accordingto the optimal criteria (reducederror
rate on future test examples),but solves the practicality
problemby using Monte Carlo estimation. We describe
our methodin the framevork of documentclassi cation
with pool-basedampling,but it would alsoapplyto other
formsof classi cationor regressionandto generatre sam-
pling. We describean implementationin termsof nave
Bayes,but the sametechniquecould applyto ary learning
methodin which incrementakraining is ef cient—for ex-
amplesupportvectormachine{SVMs) (Cauwenbaghs&
Poggio,2000).

Our methodestimateduture error rate either by log-loss,
using the entrogy of the posteriorclassdistribution on a
sampleof the unlabelledexamples,or by 0-1 loss, using



the posteriorprobabilitiesof the most probableclassfor
the sampledunlabelledexamples. At eachround of ac-
tive learning, we selectan examplefor labeling by sam-
pling from the unlabelledexamples,addingit to thetrain-
ing setwith a sampleof its possiblelabels,andestimating
theresultingfuture errorrateasjust described This seem-
ingly dauntingsamplingandre-trainingcanbe madeef -
cientthrougha numberof rearrangementsf computation,
carefulsamplingchoicesandef cient incrementatraining
proceduregor theunderlyinglearner

We shav experimentakesultson two real-world document
classi cation tasks,where,in comparisonwith weighted
Query-by-Committesve reach85% of full peformancen
one-quartethe numberof trainingexamples.

2. Optimal Active Learning and Monte Carlo
Estimation

The optimal active learneris one that asksfor labelson
the examplesthat, onceincorporatednto training, will re-
sultin the lowestexpectederror on the testset. Note that
this processis not rst-order Markov—the optimal query
dependson how mary more queriescan be madebefore
testingtime; for example, if this is the last query before
testing,the optimal currentquery may be differentthanit
is if thereare fty morequeriesavailable. However, most
work in active learningignoresthis factor andmakesthe
assumptiorthatthe next queryis thelastonebeforeevalu-
ation. In fact several methodgtake the approximationrone
stepfurther, andindependenthselectseveral examplesfor
labelingin abatch.

Let P(y|z) be an unknavn conditional distribution over
inputs, , and output classesy € {yi1,v2,...yn}, and
let P(x) bethe mamginal “input” distribution. Thelearner
is given a labelledtraining set, D, consistingof IID in-
put/outputpairsdrawvn from P(x)P(y|z), andestimatesu
classi cation function that, given aninput z, producesan
estimatecbutputdistribution Py (y|). We canthenwrite
the expectederrorof thelearnerasfollows:
Z
Ep, = L(P(y|z), P(y|lz)) P(z) 1
X
where L is someloss function that measureghe degree
of our disappointmenin ary differencesetweenhetrue
distribution, P(y|x) andthe learnersprediction, Py (y|z).
Two commogossfunctionsare:
loglossL =,y P(y|x) log(Pp (y|x))
and0/1lossL = 1 — maxyzy Pp (ylz).

First-orderMarkov active learningthus aims to selecta
query z°, suchthatwhenthe queryis givenlabely? and
addedo thetrainingset,thelearnertrainedontheresulting
set(D + (z?,y?)) haslower errorthanary otherz.

Vz, EﬁD+(x7;y?) <E"f}[)’f( Xy ) (2)

We concernoursehes herewith pool-basedactive learn-

ing, in which the learnerhasavailable a large pool, P, of

unlabelledexamplessampledfrom P(x), andthe queries
may be choseronly from this pool. The poolthusnotonly

providesuswith a nite setof queriesput alsoanestimate
of P(x).

This papertakesa Monte Carlo samplingapproacho er
ror estimationandthe choiceof query Ratherthan esti-
mating expectederror over the full distribution, P(z), we
measurdt over the samplein the pool. Furthermorethe
true outputdistribution P(y|x) is unknovn for eachsam-
ple z, sowe estimateit usingthe currentlearner (For log
lossthisresultsin estimatingheerrorby theentrofy of the
learners posteriordistribution). Writing thelabelleddocu-
mentsD + (z7,y?) asD?, for log losswe have

. 1 X X | .
Ep,, = P Po (ylz)log(Po- (ylz)),  (3)
X2py2Y
andfor 0/1loss
. 1 X .
Ep,, = P L-max FPoe(ylz) . (4)
X2p

Of course peforewe malke the query the true labelfor z?
is alsounknownn. Again, the currentlearnedclassi er gives
usan estimateof the distribution from which the z7'strue
labelwould be chosen P (y|z), andwe canusethisin an
expectationcalculationby calculatingthe estimatederror
for eachpossiblelabel, y € {y1,v2,...yn}, andtaking
an averageweightedby the currentclassi er's posterior

PD (ylz).

In the above formulation,we areusingthe currentlearner
to estimatethe true label probabilities, which may seem
counterintuitive. Using theselossfunctionswill causeto

the learnerto selectthoseexampleswhich maximisesthe
sharpnessf learners posteriorbelief aboutthe unlabelled
examples. An examplewill be selectedf it dramatically
reinforcesthe learners existing belief over unlabelledex-

amplesfor whichit is currentlyunsure.ln practice select-
ing theseinstancedor labelling is reasonabldecausdhe
mostuseful (or informative) labellingsare usually consis-
tentwith thelearners prior belief overthemajority (but not
all) of unlabelledexamples.

Our algorithmthusconsistf thefollowing steps:

1. trainaclassi er usingthe currentlabelledexamples
2. considereachunlabelledexample, z, in the pool asa
candidatdor thenext labelingrequest
3. considereachpossiblelabel, y, for x, andaddthe pair
(z,y) to thetrainingset
(a) re-trainthe classi er with the enlagedtraining set,
D+ (z,y)
(b) estimatethe resulting expectedloss as in equa-
tion (3) or equation(4).



(c) Assignto x the averageexpectedlossesfor each
possiblelabeling,y, weightedaccordingto the cur
rentclassi ersposterior Py (y|z)

4. Selectfor labellingthe unlabelledexamplex thatgener
atedthelowestexpectederroron all otherexamples.

If implementednaively, the above algorithm would be
hopelesslyinef cient. However, with somethoughtanda
somerearrangementsf computationthereareanumberof
optimizationsandapproximationshatmalke this algorithm
muchmoreef cient andvery tractable:

e Mostimportantly mary learningalgorithmshave algo-
rithms for very ef cient incrementakraining. That s,
the costof re-trainingafteraddingonemoreexampleto
thetraining setis far lessthanre-trainingasif the entire
setwerenen. For example,in a naive Bayesclassi er,
only afew eventcountsneedbeincrementedSVMsalso
have efcient re-trainingproceduregfCauwenbaghs &
Poggio,2000).

o Furthermoremary learnershave ef cient algorithmsfor
incrementare-classi cationof theexamplesn the pool.
In incrementate-classi cationtheonly partsof compu-
tation that needto be redonearethosethat would have
changedas a result of the additionaltraining instance.
Again, naive Bayesand SVMs aretwo examplesof al-
gorithmsthatpermitthis.

o After addingacandidatejueryto thetrainingset,theer-
ror associateavith otherexamplesin the pool doesnot
needto bere-estimated—onlthoselik ely to beeffected
by the inclusion of the candidaten thetraining set. In
mary caseghis meanssimply skippingexamplesnotin
the “neighborhood”of the candidateor skipping exam-
pleswithout ary featuresthat overlapwith the features
of the candidate.Invertedindices,in which all the ex-
amplescontaininga particularfeaturesarelisted in an
ef ciently-accessedist, can make this extremely ef -
cient.

e Thepoolof candidatejueriescanbereducedy random
sub-samplingor pre- Itering to remove outliersaccord-
ing to someefcient criteria. In fact,ary of the subopti-
malactive learningmethodsnightmalke goodpre- Iters.

e The expectederror can be estimatedusing only a sub-
sampleof the pool. Especiallywhenthe pool is large,
thereis no needto useall examples—agood estimate
may be formedwith only few hundredexamples.

In the remainderof the paperwe describea nave Bayes
implementationof our method,discussrelatedwork, and
presentexperimentalresultson threereal-world datasets
shaving that our methodsigni cantly outperformsmeth-
odsoptimizeindirectcriteria, suchasversion-spaceeduc-
tion and query uncertainty We also outline somefuture
work.

3. Naive BayesText Classi cation

Text classi cationis notonly ataskof tremendougractical
signi cance,but is alsoaninterestingproblemin machine
learningbecaussét involvesan unusuallylarge numberof
features,and thus requiresestimatingan unusuallylarge
numberof parameters.It is alsoa domainin which ob-
taining labelleddatais expensve, sincethe humaneffort
of readingandassigningdocumentso categoriesis almost
alwaysrequired. Hence,the large numberof parameters
often mustbe estimatedrom a small amountof labelled
data.

Whenlittle training datais beingusedto estimatethe pa-

rameterdfor a large numberof features|t is often bestto

usea simplelearningmodel. Thereisn't enoughdatato

supportestimationof featurecorrelationsand othercom-

plex interactions.Onesuchclassi cationmethodthatper

formssurprisinglywell givenits simplicity is naiveBayes

Naive Bayesis not alwaysthe bestperformingclassi ca-

tion algorithmfor text (McCallumet al., 2000; Joachims,
1998), but it continuesto be widely usedfor the purpose
becaussdt is ef cient andsimpleto implement,and even

againstsigni cantly morecomplex methodsit rarelytrails

farbehindin accurag.

Thispapers Monte Carloapproacho active learningcould
be appliedto severaldifferentlearners We applyit hereto
naive Bayesfor the sale of simplicity of explanationand
implementationExperimentsvith otherlearnerds anitem
of futurework.

Naive Bayesis a Bayesianclassi er basedon a genera-
tive modelin which dataare producedby rst selecting
aclass,y € Y, andthen generatingfeaturesof the in-
stance,x € X, independentlygiven the class. For text
classi cation,the commonvariantof nave Bayeshasun-
orderedword counts for features,and usesa perclass
multinomial to generatehe words (McCallum & Nigam,
1998a).Let w; betheith word in the dictionaryof words
D, and = (0, ,0uw,jy, )y, 2v w,2p bethe parameteref
the model, whered, is the prior probability of classy;,
P(y; ), andwhered,,,, is the probability of generating
word we from themultinomialassociateavith classy; , and
t Ow,jy, = 1forally;.

Thusthe probability of generatingheith instancey; is
Wi Neid
P(y;10)
j=1 k=1

P(xi|0) o< P(wy [¢;0)  (5)

wherezxj isthe kth wordin documentz;. Then,by Bayes
rule, the probability that documentz; was generatedy
classy; is

) QiX|] .
P(y |zi;0) = p Pyi10) iy Plwx [y 50) 6)

P F
121 P(yrl0) 0 P(wx, lyr;0)

Maximum a posteriori parameteestimationis performed



by takingratiosof counts:

Pioj
A 1;1; - ;‘N(wnxi)P(yj‘xi)

I _i=h @)
M T T BT N (ws, i) Py )
P
Yij |'D‘

where N ((wi, zi) is the numberof timesword w; occurs
in documentz; .

3.1 FastNaive BayesUpdates

Equationg3) and(4) shav how the pool of unlabelleddoc-
umentscanbeusedo estimatehechangen classi ererror
if we labelonedocumentHowever, in orderto choosethe
bestcandidatdrom thepoolof unlabelleddoumentsP , we
have to train the classi er |P| times, andclassify |P| — 1
documents.PerformingO(|P|?) classi cationsfor every
gueryby the learnercanbe computationallyinfeasiblefor
largedocumenpools.

While we cannotreducethe total numberof classi cations
for every query we cantake advantageof the structurein a

naive Bayesclassi er to allow moreef cient retrainingof

the classi er andrelabelingof eachunlabelleddocument,
for eachputative labelling.

Recallfrom equation(5) thatthe eachlabel probability for
eachunlabelleddocumentis a product of multinomials;
given a particularlabel, thereis one multinomial for each
word in the document.Retraininga naive Bayesclassi er
is aprocesf updatingeachmultinomialfor thenew label
thatcorrespondso awordin thenewly-labelleddocument.

Notice that when we computethe classprobabilitiesfor
each unlabelleddocumentusing the new classi er, we
modifying some multinomials in the product of equa-
tion (5), but not all. By propagting only changego the
multinomialsthroughthe label distributions, we cangain
substantiatomputationakavzings comparedo naively re-
trainingandreclassifyingeachdocumenfrom scratch We
updateeachlabel probability (which again, is a productof
multinomials) by dividing out the changedmultinomials,
andfactoringin the new multinomialvalues.

More speci cally, given a classi er learnedfrom labelled
documentsD, we canlabel a documentr, with labely,
andupdatetheclassprobabilities(for thatclassy,) of each
unlabelleddocumentz; in P usingequation(9):

. Qi
Pypli;6) ~ k& Pl [yp)Plwxy |2i)

Qi
kazpf P(wxpk |yP)P(prk |x|)

P(yp|xi;é0) =

9)
wherewyy is the k™ word in documentr, PYw,, [yp)
are the new word probabilitiesgiven D + (z,,yp), and
Po(wxpk lyp) aretheold word probabilitiesgivenonly D.

The producton the right handside of the numeratoiis the
productof the nev multinomialsP(W|Y") thatresultfrom

labellingdocumentr,. The denominatois the stepof di-
viding outtheold multinomialsfrom thepreviousclassi er.
ThetermP(wy,, |xi) in topandbottomis simply anindica-
tor variablewith value{0, 1} thatdeterminesvhetherk-th
word in documentr, is alsoin document;.

The old multinomialsthat are divided out arethe sameas
in equation(6):

Plwxy lyp) = (10)

P .
1 Jrn J|:J1'_,‘]V(wxpk al’l)P(yp‘zl)

AT
WVi+ MM N(ws, 21)P(yplar)

We canupdateeachmultinomial rapidly by updatingthe
word counts:

Pwxy o) = 5
1 + N(w)(pk al‘g) + hJ|I;Jl N(prk ,x|)P(yp\x|)

P=vi Py
VI+lzpl + &1 121 N(ws, 21)P(yp|n1)

(11)

whereN (wy,, ) is thewordcountfor thek-th wordin puta-
tively labelleddocumentz,. Again, we only dothisfor the
label probabilitiesof the putative label y,; all otherlabel
probabilitiesremainunchanged.

3.2 Obtaining SmootherPosteriors for Naive Bayes

Our active learningmethodrelieson obtainingreasonably
accurateclassposteriordrom the classi cationprocedure.
It is well-known that naive Bayes,with its violatedinde-
pendenceassumptiongives overly sharpposteriors—the
probability of the winning classtendsto be very closeto
1.0,andthelosingclassedave probabilitiescloseto 0.

We addressthis problem with a sampling-basedap-
proachto variancereduction, otherwiseknown as bag-

ging (Breiman,1996). From our original labelledtraining
setof sizes, adifferenttraining setis createdby sampling
s timeswith replacemenfrom the original. The learner
thencreatesa new classi er from this sample this proce-
dureis repeatedn times,andthe nal classposteriorfor

an instanceis taken to be the unweightedaverageof the
classposteriordor eachof theclassi ers.In regionsof un-
certainclassi cationis it oftenthe casethatthe classi ers
from differentsampleggive differentanswers.Thusif the
posteriordrom ary individual classi er arecompletelyex-

treme,the baggedposterioris more smoothandre ective
of the true uncertainty This approacthasbeenshavn not
necessarilyto reduceover tting (Domingos,2000), but it

doescertainlygive betterposteriomprobabilities.

Oneinterestingaspecbf this approachs thatit canbeap-
pliedto absolutelyary classi e—evenonesthatdon't give
classposteriorprobabilitiesat all, or for which the distri-
bution over classi er parameterss unclear This “bagging
approach’to samplingfrom thedistribution overclassi ers
hasbeenusedin previous work relatedto QBC (Abe &



Mamitsuka,1998); seethe relatedwork sectionfor more
details.

4. RelatedWork

Cohnetal. (1996)proposedneof the rst statisticalanal-
ysesof active learning, demonstratinghow to construct
gueriesthat maximizethe error reductionby minimising

thelearners variance.They take advantageof the factthat
anunbiasedearnerthatminimizestheexpectederrorgiven

astheexpectedsumof squarecerroris equivalentto anun-

biasedlearnerthat minimizesits variance. Sucha learner
can then use the estimateddistribution of § to estimate
<6§>, the expectedvarianceof the learnerafterqueryingat

Z. However, a closed-formsolutionfor the expectedvari-

anceof thetext classi er is exceedinglydif culty to com-

pute. Furthermorethey constructexactly the query that
maximizeghis reductionratherthanchoosingrom apool

of possiblequeries.

This “Constructve Query Generation”approachis con-
trastedwith “Query-Filtering” (or Seunget al. (1992)s
“Selectve Sampling”), in which unlabelleddatais pre-
sentedo thelearnerfrom somedistribution,andthelearner
chooseswhetheror not to query the true label. From
this data-orientegberspectie, Lewis andGale (1994) pre-
sentedthe uncertainty sampling algorithm for choosing
the examplewith the greatesuncertaintyin predictedla-
bel, althoughlabel distribution uncertaintyis a poor way
of estimatingclassi er uncertainty Freundet al. (1997)
shawved that the uncertaintysamplingalgorithm doesnot
convergeto theoptimalclassi er at quickly asthe“Query-
By-Committee algorithm(Seungetal., 1992).

In the “Query By Committee” (QBC) approach the ap-
proachis to reducethe error of the learnerby choosing
the instanceto be labelledthat will minimize the size of
the versionspace(Mitchell, 1982)thatis consistentwith
the labelled examples. Insteadof explicitly determining
the sizeof the versionspace predictedabelsfor eachun-
labelledexample (a “committee” of labels)are generated
by drawing hypothesegrobabilisticallyfrom the version
spaceaccordingto a distribution over the conceptsn the
versionspace,and using thesehypothesego predictthe
examplelabel. Examplesarrive from a streamandarela-
belledwhen&erthe committee'of hypotheseslisagreen
the predictedlabel. This approachchoosesxamplesthat
“split the versionspacento two partsof comparablesize”
with a degreeof probabilitythatguaranteedataef ciency
thatis logarithmicin the desiredprobability of error.

A numberof othershave madeuse of QBC-style algo-
rithms; in particular Liere and Tadepalli(1997)usecom-
mittees of Winnow learnersfor text classi cation, and
Argamon-EngelsoandDagan (1999)usean Monte Carlo
style QBC for naturallanguageprocessingOur algorithm
differs from theirsin that we are estimatingthe error re-

duction,whereasArgamonetal. aresimply estimatingthe
exampledisagreement.

Abe andMamitsuka(1998)useabaggingandboostingap-
proachfor maximisingthe classi er accurag on the test
data. This approachsuggestshatby maximisingthe mar
gin on training data,accurag on testdatais improved, an
approachthatis not always successfu[Grove & Schuur
mans,1998). Furthermore)ike the QBC algorithmsbe-
fore it, the QBC-by-boostingapproachfails to maximize
themamgin onall unlabelleddata,insteacchoosingo query
thesingleinstancewith the smallestmagin.

McCallum and Nigam (1998b) extendedthe earlier QBC
approachby not only using pool-based)BC, but alsous-
ing anovel disagreemennetric. Whereashestream-based
approacheslassifywheneeralevel of disagreemen{pos-
sibly ary) occurs,in pool-based)BC, the bestunlabelled
exampleshouldbechosen.Argamon-EngelsoandDagan
(1999)suggesusingaprobabilisticmeasurdasedn vote-
entropy of the committee,whereasMcCallum & Nigam
explicitly measuralisagreementsingtheJensen-Shannon
divergence(Lin, 1991;Pereiraetal., 1993).However, they
recognizethat this error metric doesnot measurehe im-
pactthata labelleddocumentadon classi er uncertainty
on other unlabelleddocuments. They thereforefactored
documentdensityinto their error metric, to decreasdhe
likelihood of uncertaindocumentghat are outliers. Nev-
erthelessdocumentdensityis a heuristicthatis speci c to
text classi cation,anddoesnotdirectly measurgheimpact
of adocument label on otherpredictedabelings.

Lindenbaumet al. (1999) examinedactive learning by
minimising the expectederror, however, they usednear
estneighbourclassi erswhichrequiresaanimplicit distance
metric.

Most recently Tong and Koller (2000) have usedactive

learningwith SupportVectorMachinesfor text classi ca-
tion. In areturnto the original QBC formulation,their ap-
proachis to estimatethe reductionin classi er uncertainty
by estimatinghereductionin versionspacesizeasafunc-

tion of queryinginstances.Thus, like QBC, it explicitly

reducesversionspacesize,implicitly reducingfuture ex-

pectederror The active learningtechniquethey propose
alsomales strongassumptiongboutthe linear separabil-
ity of thedata.

5. Experimental Results
NEWSGROUP DOMAIN

The rst set of experimentsused Ken Lang's News-
groups, containing20,000articlesevenly divided among
20 UseNet discussion groups (McCallum & Nigam,
1998b). We performedtwo experimentsto perform bi-
nary classi cation. The rst experimentusedthe 2 classes
comp.graphics  and comp.windows.x  asthe data



set. Thedatawaspre-processeth remove UseNetheaders,
UU-encodedbinary data, and punctuation. Additionally,
wordsareremoved from a stoplistof commonwords,and
wordsthatappearedn lessthan3 documents.As in Mc-
Callum andNigam (1998b),no featureselectionor stem-
ming wasperformed.Theresultingvocahlularywas10,205
wordslong. Thedatasetof 2000documentsvassplit into
atrainingsetof 1000documentsand1000testdocuments.
All resultsreportedarethe averageof 10trials.

We tested4 differentactive learningalgorithms:
e Random- choosingthequerydocumentatrandom.

e MostUncertainExample- choosingthe documentwith
thelargestlabeluncertaintyasin (Lewis & Gale,1994).

e Most Disagreed example — choosing the document
with the greatestcommitteedisagreementn the pre-
dictedlabel,asmeasuredby Jensen-Shannativergence,
weighted by documentdensity as in (McCallum &
Nigam,1998b).

¢ Entropy-reducingexample— the methodintroducedin
this paper— choosingthe documenthat maximizesthe
reductionin thetotal predictedabelentroyy, asin equa-
tion (1), with errorasgivenin equation(3).

Two of the four algorithmsare QBC algorithms,and are
givenacommitteeof 3. Thealgorithmsaregiven6 labelled
examples,3 from eachclass,to allow 1 labelledexample
perclasspercommitteemember

At eachiteration, 250 documentg25% of the unlabelled
documentsprerandomlysampledrom the larger pool of

unlabelleddocumentsas candidatedor labelling *. The

errormetricwasthencomputedor eachputatie labelling

acainst all remainingunlabelleddocumentgnot just the

sampledoool.) Figurel shavs the active learningprocess.
Theresultsarereportedin termsof accurag of classi ca-

tion on the held-outtestset,up to 100 queries.All results
reportedarethe averageof 10trials.

Thesolid grey line shavs the maximumpossibleaccurag
of 89.2%accurag afterall theunlabelleddatahasbeenla-
belled. After 16 queries,the Entropy-reducingalgorithm
hasreachedr7.2%,or 85% of the maximumpossibleac-
curagy. The Most DisagreedExampletakes 68 queriesto
reachthe samepoint (four timesmoreslowly), andmain-
tainsaloweraccurag for theremaindeof thequeries.The
Entropy-reducingalgorithmreaches80.0%accurayg after
100queries.

It is alsointerestingto comparethe documentsshosenby
thetwo algorithmsfor initial labelling. Looking atthedoc-
umentschosenn the rst 10 queriespverthe10trials, the

1The subsampling was performed in the interests of these ex-
perimental results. In a real active learning setting, all algorithms
would be run over as much unlabelled data as was computation-
ally feasible in that setting.
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Figure 1. Average test set accuracy for comp.graphics  vs.
comp.windows.x . The Entropy-reducingalgorithm reaches
85% of maximum in 16 documents, compared to 68 documents
for the Most Disagreedalgorithm. The error bars are placed at
local maximum to reduce clutter.

rst 10 documentschosenby the Entropy-reducingalgo-
rithm arean FAQ, tutorial or How-To 9.8timesout of ten.
By comparisonthe rst 10 documentghoserby the Most
Disagreedalgorithmarean FAQ only 5.8timesout of 10.
While thehighincidenceof FAQsin theinitial phasess not
guantitatvely meaningfuljit doessuggesthatthelearners
behaiour is somevhatintuitive.

The particular newsgroupsin the precedingexperiment
werechoserbecausé¢hey arerelatively easyto distinguish.
A moredif cult text-cateyorizationproblemis classifying
the newsgroupscomp.sys.ibm.pc.hardware and
comp.os.ms-windows.misc The documentswere
pre-processedsbefore resultingin avocalulary of 9,895
words. The datasetof 2000 documentswvas split into a
training setof 1000documentsand 1000testdocuments.
Also asbefore,the unlabelleddatawassampledandomly
down to 250documentgor candidatdabellingsat eachit-
eration,althoughthe error was measuredagainstall unla-
belleddocuments.

The solid grey line shavs the maximumpossibleaccurag
of 88% accurag afterall the unlabelleddatahasbeenla-
belled. After 42 queries,the Entropy-reducingalgorithm
hasreached’5%, or 85% of the maximumpossibleaccu-
ragy, reaching80% accurayg after 100 queries. The Most
Disagreedalgorithmtakes 70 queriesto reachthe level of
75%accurag.

We can again examinethe documentschosenby the dif-
ferentalgorithmsduringtheinitial phasedor theincidence
of FAQsandtutorials. The Entropy-reducingalgorithmhad
anaveragdancidenceof 7.3FAQsin the rst 10documents,
comparedwith 2.6 for the Most Disagreedalgorithm. In
this experiment,however, we seethat the apparentlyin-
tuitive behaiour is not sufcient, andthelearnersrequire
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Figure 2. Average test set accuracy for the comp.sys.ibm.-
pc.hardware  vs. comp.os.ms-windows.misc The
Entropy-reducingalgorithm reaches 85% of maximum in 45 doc-
uments, compared to 72 documents for the MostDisagreedalgo-
rithm. The error bars again are placed at local maximum.

several more documentgo bagin to achieve a reasonable
accuray.

JoB CATEGORY DOMAIN

The third set of experimentsusesa dataset collectedat
WhizBang! Labs. The Job Category datasetcontains
112,643documentgontainingjob descriptiongor 16 dif-

ferentcategoriessuchas Clerical, Educational or Engi-

neer. Thedatasetwascollectedby automaticspideringof

theweb, andlabelledby hand. The 16 differentcateyories
are then broken down into as mary as 9 subcatgories.
We selectedhe Engineer job categyory, andtook 500 ar

ticlesfrom eachof the 6 Engineer cateyories: Chemical,

Civil, Industrial, Electrical, Mechanical, Operations and
Other. The documentsvere pre-processetb remove the
job title, aswell asrareor stoplistwords.

This experimenttrainedthe naive Bayesclassi er to dis-
tinguish one job category from the remaining ve. Each
datapoint is an averageof 10 trials per job cateyory, av-
eragedover all 6 job cateories. In this example, the
Entropy-reducingalgorithmreache82%accurayg (94%of
the maximumaccurag at 86%)in 5 documents.The Job
Category datasetis easilydistinguishablehowever, since
similar accurag is achieved after choosing36 documents
at random. The region of interestfor evaluatingthis do-
mainis theinitial stagesasshovn by gure 4. Although
the otheralgorithmsdo catchup, the Entropy-reducingal-
gorithmreachewery high accurayg very quickly.

6. Summary

Unlike existing algorithmswhich typically considereach
unlabelledexamplein isolation, we usethe entire pool of
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Figure 3. Average test set accuracy for the Job Category do-

main, distinguishing one job category from 5 others. The Entropy-
reducingalgorithm reaches 82% accuracy in 5 documets, com-

pared to 36 documents for both the MostDisagreedand Random
algorithms.

unlabelleddatato estimatethe expectederror of the cur
rentlearner andwe determingheimpacton the expected
errorof eachpotentiallabellingrequestThis approacttan
be comparedo existing statisticaltechniquegCohnetal.,
1996)that computethe reductionin error (or someequi-
alentquantity)in closedform; however, we approximate
the reductionin error by repeatedMonte Carlo sampling
of the labelleddataand then computingerror termswith
respectto the unlabelleddataon the resultantcommittee
of learners. In this respectwe have attemptedo bridge
the gap betweerclosed-formstatisticalactive learningand
morerecentwork in Query-By-CommittegFreundet al.,
1997;McCallum& Nigam,1998b).

We presentedesultson two domains,the Newsgroups
domainandalsothe Job Category domain. Our results
show thatEntropy-reducingalgorithmoutperformghebest
existing algorithm substantially achieving a high level of
accurag in up to 25% of thelabelling queriesrequiredby
the MostDisagreedalgorithm.

The algorithm presentedhere is more computationally
comple thanmostexisting QBC algorithms;however, we
have shavn severalwaysto malke the active learningsteps
morecompetitize. Ultimately, the trade-of betweencom-
putationalcompleity andquerycompleity shouldalways
be decidedin favour of reducingquerycompleity, which
requireshumansin the loop. A humanlabellertypically
requires30 secondsor moreto label a document,during
which time a computeractive learnercanselectan exam-
plein averylargepoolof documentsTheresultspresented
heretypically requiredlessthana secondof computation
time perquery

Furthermorepur algorithmusessubsamplingf the unla-
belleddatato generatea pool of candidatest eachitera-
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Figure 4. A magnified view of the average test set accuracy for
the Job Category domain, distinguishing one job category from
5 others. The Entropy-reducingalgorithm clearly reaches a high
level of accuracy much before the MostDisagreedalgorithm.

tion. By initially usinga fairly restrictive pool of candi-
datedor labelling,andincreasinghepool astime permits,
our algorithmcanbe considerednanytime algorithm.

Our techniqueshould perform even more strongly with
models that are comple and have complex parameter
spaces—noall of which are relevant to performanceon
a particular dataset. In thesesituationsactive learning
methodsbasedon version spacereductionwould not be
expectedto work aswell, sincethey will expendeffort ex-
cluding portionsof versionspacethat have no impacton
expectederror.

We plan to extend this active learningtechniqueto other
classi ers, suchas SupportVector Machines. The recent
work by CauwenbeghsandPoggio(2000)describegech-
niguesfor efcient incrementalupdateso SVMs andwill
apply to our approach. In the absenceof sufcient ef-
cieng in their technique,an intermediateheuristicmight
beto performdataselectionvia the naive Bayesapproach,
andmeasurdhetestsetaccurag usinga SVM trainedon
thesamedata.
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