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Abstract

This paperpresentsanactive learningmethodthatdi-
rectly optimizesexpectedfutureerror. This is in con-
trastto many otherpopulartechniquesthatinsteadaim
to reduceversionspacesize.Thesemethodsarepopu-
lar becausefor many learningmodels,closedformcal-
culationof theexpectedfutureerroris intractable.Our
approachis madefeasibleby takingaMonteCarloap-
proachto estimatingthe expectedreductionin error
dueto thelabelingof a query. In experimentalresults
on threereal-world datasetswe reachhigh accuracy
with four timesfewer labelledexamplesthancompet-
ing methods.

1. Intr oduction

Traditionalsupervisedlearningmethodssettheir parame-
tersusingwhatever trainingdatais givento them.By con-
trast,active learning is a framework in which the learner
hasthe freedomto selectwhich datapointsareaddedto
its training set. An active learnermay begin with a very
small numberof labelledexamples,carefully selecta few
additionalexamplesfor whichit requestslabels,learnfrom
the resultof that request,andthenusingits newly-gained
knowledge carefully choosewhich examplesto request
next. In this way the learneraims to reachhigh perfor-
manceusingasfew labelledexamplesaspossible.Active
learningcanbe invaluablewhen,while it is often thecase
thatunlabelledexamplesarecheapandplentiful, obtaining
thelabelsfor thoseexamplesis oftentime-consumingand
dif�cult. Thus,thegoalis for thelearnerto havethelowest
errorratewith thefewestpossiblelabelings.

Cohnet al. (1996)describea statisticallyoptimalsolution
to this problem. Their methodselectsthe training exam-
ple that, oncelabelledand addedto the training data, is
expectedto result in the lowesterror on future testexam-
ples.They developtheir methodfor two simpleregression
problemsin which this questioncanbeansweredin closed
form. Unfortunatelytherearemany tasksandmodelsfor

which theoptimal selectioncannotef�ciently be found in
closedform.

Other, more widely usedactive learning methodsattain
practicalityby optimizinga different,non-optimalcriteria.
For example,uncertaintysampling(Lewis & Gale,1994)
selectstheexampleonwhichthecurrentlearnerhaslowest
certainty; Query-by-Committee(Seunget al., 1992; Fre-
und et al., 1997)selectsexamplesthat reducethe sizeof
the versionspace(Mitchell, 1982) (the sizeof the subset
of parameterspacethatcorrectlyclassi�esthelabelledex-
amples). Tong andKoller's method(2000) is alsobased
on reducingversionspacesize. None of thesemethods
directly optimizethemetricby which thelearnerwill ulti-
matelybeevaluated—thelearner'sexpectederroronfuture
testexamples.Uncertaintysamplingoften fails by select-
ing examplesthatareoutliers—they havehighuncertainty,
but gettingtheir labelsdoesn't helpthelearneron thebulk
of the testdistribution. Version-spacereducingmethods,
suchasQuery-by-Committeeoften fail by spendingeffort
eliminatingareasof parameterspacethathavenoeffecton
theerror rate. Thusthesemethodsalsoarenot immuneto
selectingoutliers; seeMcCallum andNigam (1998b)for
examples.

This paperpresentsan active learningmethodthat com-
binesthebestof bothworlds. Our methodselectsthenext
exampleaccordingto the optimal criteria (reducederror
rate on future test examples),but solves the practicality
problemby using Monte Carlo estimation. We describe
our methodin the framework of documentclassi�cation
with pool-basedsampling,but it would alsoapplyto other
formsof classi�cationor regression,andto generativesam-
pling. We describean implementationin termsof naive
Bayes,but thesametechniquecouldapplyto any learning
methodin which incrementaltraining is ef�cient—for ex-
amplesupportvectormachines(SVMs) (Cauwenberghs&
Poggio,2000).

Our methodestimatesfuture error rateeitherby log-loss,
using the entropy 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 theunlabelledexamples,addingit to the train-
ing setwith a sampleof its possiblelabels,andestimating
theresultingfutureerrorrateasjust described.This seem-
ingly dauntingsamplingandre-trainingcanbemadeef�-
cientthrougha numberof rearrangementsof computation,
carefulsamplingchoices,andef�cient incrementaltraining
proceduresfor theunderlyinglearner.

Weshow experimentalresultson two real-world document
classi�cation tasks,where, in comparisonwith weighted
Query-by-Committeewe reach85%of full peformancein
one-quarterthenumberof trainingexamples.

2. Optimal ActiveLearning and Monte Carlo
Estimation

The optimal active learneris one that asksfor labelson
theexamplesthat,onceincorporatedinto training,will re-
sult in the lowestexpectederroron the testset. Note that
this processis not �rst-order Markov—the optimal query
dependson how many more queriescan be madebefore
testingtime; for example, if this is the last query before
testing,the optimal currentquerymay be differentthanit
is if thereare�fty morequeriesavailable. However, most
work in active learningignoresthis factor, andmakesthe
assumptionthatthenext queryis thelastonebeforeevalu-
ation. In factseveralmethodstake theapproximationone
stepfurther, andindependentlyselectseveralexamplesfor
labelingin abatch.

Let P (y|x) be an unknown conditionaldistribution over
inputs, x, and output classes,y ∈ {y1, y2, . . . yn }, and
let P (x) be themarginal “input” distribution. The learner
is given a labelled training set,D, consistingof IID in-
put/outputpairsdrawn from P (x)P (y|x), andestimatesa
classi�cation function that, given an input x, producesan
estimatedoutputdistribution P̂D (y|x). We canthenwrite
theexpectederrorof thelearnerasfollows:

EP̂D
=

Z

x
L(P (y|x), P̂ (y|x)) P (x) (1)

whereL is someloss function that measuresthe degree
of our disappointmentin any differencesbetweenthe true
distribution,P (y|x) andthe learnersprediction,P̂D (y|x).
Two commonlossfunctionsare:
log lossL =

P
y2Y P (y|x) log(P̂D (y|x))

and0/1 lossL = 1−maxy2Y P̂D (y|x).

First-orderMarkov active learning thus aims to selecta
query, x?, suchthat whenthe queryis given labely? and
addedto thetrainingset,thelearnertrainedontheresulting
set(D + (x?, y?)) haslowererrorthanany otherx.

∀x, EP̂D +( x ? ;y ? )
< EP̂D +( x;y )

(2)

We concernourselvesherewith pool-basedactive learn-
ing, in which the learnerhasavailablea large pool,P, of
unlabelledexamplessampledfrom P (x), andthe queries
maybechosenonly from thispool. Thepool thusnotonly
providesuswith a �nite setof queries,but alsoanestimate
of P (x).

This papertakesa Monte Carlo samplingapproachto er-
ror estimationand the choiceof query. Ratherthanesti-
matingexpectederrorover the full distribution,P (x), we
measureit over the samplein the pool. Furthermore,the
true outputdistribution P (y|x) is unknown for eachsam-
ple x, sowe estimateit usingthecurrentlearner. (For log
lossthisresultsin estimatingtheerrorby theentropy of the
learner'sposteriordistribution). Writing thelabelleddocu-
mentsD + (x?, y?) asD?, for log losswehave

ẼP̂D ?
=

1

|P|
X

x 2 p

X

y2Y

P̂D ? (y|x) log(P̂D ? (y|x)), (3)

andfor 0/1 loss

ẼP̂D ?
=

1

|P|
X

x 2 p

�
1−max

y2Y
P̂D ? (y|x)

�
. (4)

Of course,beforewe make thequery, thetrue label for x?

is alsounknown. Again,thecurrentlearnedclassi�er gives
usanestimateof thedistribution from which thex? 's true
labelwould bechosen,P̂D (y|x), andwe canusethis in an
expectationcalculationby calculatingthe estimatederror
for eachpossiblelabel, y ∈ {y1, y2, . . . yn }, and taking
an averageweightedby the currentclassi�er's posterior,
P̂D (y|x).

In theabove formulation,we areusingthecurrentlearner
to estimatethe true label probabilities,which may seem
counter-intuitive. Using theselossfunctionswill causeto
the learnerto selectthoseexampleswhich maximisesthe
sharpnessof learner's posteriorbelief abouttheunlabelled
examples. An examplewill be selectedif it dramatically
reinforcesthe learner's existing belief over unlabelledex-
amplesfor which it is currentlyunsure.In practice,select-
ing theseinstancesfor labelling is reasonablebecausethe
mostuseful(or informative) labellingsareusuallyconsis-
tentwith thelearner'sprior beliefoverthemajority(but not
all) of unlabelledexamples.

Ouralgorithmthusconsistsof thefollowing steps:

1. trainaclassi�er usingthecurrentlabelledexamples
2. considereachunlabelledexample,x, in the pool as a

candidatefor thenext labelingrequest
3. considereachpossiblelabel, y, for x, andaddthe pair

(x, y) to thetrainingset
(a) re-traintheclassi�er with theenlargedtrainingset,
D + (x, y)

(b) estimatethe resulting expected loss as in equa-
tion (3) or equation(4).



(c) Assign to x the averageexpectedlossesfor each
possiblelabeling,y, weightedaccordingto thecur-
rentclassi�ersposterior, P̂D (y|x)

4. Selectfor labellingtheunlabelledexamplex thatgener-
atedthelowestexpectederroronall otherexamples.

If implementednaively, the above algorithm would be
hopelesslyinef�cient. However, with somethoughtanda
somerearrangementsof computation,thereareanumberof
optimizationsandapproximationsthatmakethisalgorithm
muchmoreef�cient andvery tractable:

• Most importantly, many learningalgorithmshave algo-
rithms for very ef�cient incrementaltraining. That is,
thecostof re-trainingafteraddingonemoreexampleto
thetrainingsetis far lessthanre-trainingasif theentire
setwerenew. For example,in a naive Bayesclassi�er,
only afew eventcountsneedbeincremented.SVMsalso
have ef�cient re-trainingprocedures(Cauwenberghs&
Poggio,2000).

• Furthermore,many learnershaveef�cient algorithmsfor
incrementalre-classi�cationof theexamplesin thepool.
In incrementalre-classi�cation,theonly partsof compu-
tation that needto be redonearethosethat would have
changedas a result of the additionaltraining instance.
Again, naive BayesandSVMs aretwo examplesof al-
gorithmsthatpermitthis.

• After addingacandidatequeryto thetrainingset,theer-
ror associatedwith otherexamplesin the pool doesnot
needto bere-estimated—onlythoselikely to beeffected
by the inclusionof the candidatein the training set. In
many casesthis meanssimply skippingexamplesnot in
the “neighborhood”of the candidateor skippingexam-
pleswithout any featuresthat overlapwith the features
of the candidate.Invertedindices,in which all the ex-
amplescontaininga particularfeaturesare listed in an
ef�ciently-accessedlist, can make this extremely ef�-
cient.

• Thepoolof candidatequeriescanbereducedby random
sub-sampling,or pre-�ltering to remove outliersaccord-
ing to someef�cient criteria. In fact,any of thesubopti-
malactivelearningmethodsmightmakegoodpre-�lters.

• The expectederror canbe estimatedusingonly a sub-
sampleof the pool. Especiallywhenthe pool is large,
thereis no needto useall examples—agood estimate
maybeformedwith only few hundredexamples.

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

3. NaiveBayesText Classi�cation

Text classi�cationis notonly ataskof tremendouspractical
signi�cance,but is alsoaninterestingproblemin machine
learningbecauseit involvesan unusuallylarge numberof
features,and thus requiresestimatingan unusuallylarge
numberof parameters.It is also a domainin which ob-
taining labelleddatais expensive, sincethe humaneffort
of readingandassigningdocumentsto categoriesis almost
always required. Hence,the large numberof parameters
often mustbe estimatedfrom a small amountof labelled
data.

Whenlittle training datais beingusedto estimatethe pa-
rametersfor a large numberof features,it is often bestto
usea simple learningmodel. Thereisn't enoughdatato
supportestimationsof featurecorrelationsandothercom-
plex interactions.Onesuchclassi�cationmethodthatper-
formssurprisinglywell givenits simplicity is naiveBayes.
Naive Bayesis not alwaysthe bestperformingclassi�ca-
tion algorithmfor text (McCallum et al., 2000;Joachims,
1998),but it continuesto be widely usedfor the purpose
becauseit is ef�cient andsimple to implement,andeven
againstsigni�cantly morecomplex methods,it rarelytrails
farbehindin accuracy.

Thispaper'sMonteCarloapproachto activelearningcould
beappliedto severaldifferentlearners.We applyit hereto
naive Bayesfor the sake of simplicity of explanationand
implementation.Experimentswith otherlearnersis anitem
of futurework.

Naive Bayesis a Bayesianclassi�er basedon a genera-
tive model in which dataare producedby �rst selecting
a class,y ∈ Y, and then generatingfeaturesof the in-
stance,x ∈ X , independentlygiven the class. For text
classi�cation,thecommonvariantof naive Bayeshasun-
orderedword counts for features,and usesa per-class
multinomial to generatethe words(McCallum & Nigam,
1998a).Let wi be the ith word in thedictionaryof words
D, andθ = (θy j , θw t j y j )y j 2Y ;w t 2 D be the parametersof
the model,whereθy j is the prior probability of classyj ,
P (yj ), and whereθw t j y j is the probability of generating
wordwt from themultinomialassociatedwith classyj , andP

t θw t j y j = 1 for all yj .

Thustheprobabilityof generatingtheith instance,xi is

P (xi |θ) ∝
jY jX

j =1

P (yj |θ)
j x i jY

k=1

P (wx ik |cj ; θ) (5)

wherexik is thekth word in documentxi . Then,by Bayes
rule, the probability that documentxi was generatedby
classyj is

P (yj |xi ; θ) =
P (yj |θ)

Q j x i j
k=1 P (wx ik |yj ; θ)

P jY j
r =1 P (yr |θ)

Q j x i j
k=1 P (wx ik |yr ; θ)

(6)

Maximum a posteriori parameterestimationis performed



by takingratiosof counts:

θ̂w t j y j =
1 +

P jD j
i =1 N(wt , xi )P (yj |xi )

|V |+ P jV j
s=1

P jD j
i =1 N(ws, xi )P (yj |xi )

(7)

θ̂y j =

P jD j
i =1 P (yj |xi )

|D| (8)

whereN((wt , xi ) is the numberof timeswordwt occurs
in documentxi .

3.1 FastNaiveBayesUpdates

Equations(3) and(4) show how thepoolof unlabelleddoc-
umentscanbeusedto estimatethechangein classi�ererror
if we labelonedocument.However, in orderto choosethe
bestcandidatefrom thepoolof unlabelleddoumentsP , we
have to train the classi�er |P| times,andclassify |P| − 1
documents.PerformingO(|P|2) classi�cationsfor every
queryby the learnercanbecomputationallyinfeasiblefor
largedocumentpools.

While we cannotreducethetotal numberof classi�cations
for everyquery, wecantakeadvantageof thestructurein a
naive Bayesclassi�er to allow moreef�cient retrainingof
the classi�er andrelabelingof eachunlabelleddocument,
for eachputative labelling.

Recallfrom equation(5) thattheeachlabelprobabilityfor
eachunlabelleddocumentis a product of multinomials;
given a particularlabel, thereis onemultinomial for each
word in thedocument.Retraininga naive Bayesclassi�er
is aprocessof updatingeachmultinomialfor thenew label
thatcorrespondsto 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 propagating only changesto the
multinomialsthroughthe label distributions,we cangain
substantialcomputationalsavingscomparedto naively re-
trainingandreclassifyingeachdocumentfrom scratch.We
updateeachlabelprobability(which again, is a productof
multinomials)by dividing out the changedmultinomials,
andfactoringin thenew multinomialvalues.

More speci�cally, given a classi�er learnedfrom labelled
documentsD, we can label a documentxp with label yp
andupdatetheclassprobabilities(for thatclassyp) of each
unlabelleddocumentxi in P usingequation(9):

P(yp|xi ; θ̂
0) =

P(yp|xi ; θ̂)
Q j x p j

k=1 P0(wx pk |yp)P(wx pk |xi )
Q j x p j

k=1 P(wx pk |yp)P(wx pk |xi )
(9)

wherewpk is the kth word in documentxp, P0(wx pk |yp)
are the new word probabilitiesgiven D + (xp, yp), and
P0(wx pk |yp) aretheold wordprobabilitiesgivenonlyD.

Theproducton theright handsideof thenumeratoris the
productof thenew multinomialsP(W |Y ) that resultfrom

labellingdocumentxp. Thedenominatoris thestepof di-
vidingouttheoldmultinomialsfromthepreviousclassi�er.
ThetermP(wx pk |xi ) in topandbottomis simplyanindica-
tor variablewith value{0, 1} thatdetermineswhetherk-th
word in documentxp is alsoin documentxi .

Theold multinomialsthataredividedout arethesameas
in equation(6):

P(wx pk |yp) = (10)

1 +
P jLj

l =1 N(wx pk , xl )P(yp|xl )

|V |+ P jV j
s=1

P jLj
l =1 N(ws, xl )P(yp|xl )

We canupdateeachmultinomial rapidly by updatingthe
wordcounts:

P0(wx pk |yp) = (11)

1 +N(wx pk , xp) +
P jLj

l =1 N(wx pk , xl )P(yp|xl )

|V |+ |xp|+
P jV j

s=1

P jLj
l =1 N(ws, xl )P(yp|xl )

whereN(wx pk ) is thewordcountfor thek-th wordin puta-
tively labelleddocumentxp. Again,weonly dothis for the
label probabilitiesof the putative label yp; all other label
probabilitiesremainunchanged.

3.2 Obtaining SmootherPosteriors for NaiveBayes

Our active learningmethodrelieson obtainingreasonably
accurateclassposteriorsfrom theclassi�cationprocedure.
It is well-known that naive Bayes,with its violated inde-
pendenceassumption,gives overly sharpposteriors—the
probability of the winning classtendsto be very closeto
1.0,andthelosingclasseshave probabilitiescloseto 0.

We addressthis problem with a sampling-basedap-
proach to variancereduction, otherwiseknown as bag-
ging (Breiman,1996). Fromour original labelledtraining
setof sizes, a differenttrainingsetis createdby sampling
s times with replacementfrom the original. The learner
thencreatesa new classi�er from this sample,this proce-
dureis repeatedm times,andthe �nal classposteriorfor
an instanceis taken to be the unweightedaverageof the
classposteriorsfor eachof theclassi�ers.In regionsof un-
certainclassi�cationis it often thecasethat theclassi�ers
from differentsamplesgive differentanswers.Thusif the
posteriorsfrom any individualclassi�er arecompletelyex-
treme,the baggedposterioris moresmoothandre�ective
of thetrueuncertainty. This approachhasbeenshown not
necessarilyto reduceover�tting (Domingos,2000),but it
doescertainlygivebetterposteriorprobabilities.

Oneinterestingaspectof this approachis thatit canbeap-
pliedto absolutelyany classi�er—evenonesthatdon't give
classposteriorprobabilitiesat all, or for which the distri-
bution over classi�er parametersis unclear. This “bagging
approach”to samplingfrom thedistributionoverclassi�ers
hasbeenusedin previous work relatedto QBC (Abe &



Mamitsuka,1998); seethe relatedwork sectionfor more
details.

4. RelatedWork

Cohnetal. (1996)proposedoneof the�rst statisticalanal-
ysesof active learning, demonstratinghow to construct
queriesthat maximizethe error reductionby minimising
thelearner's variance.They take advantageof thefactthat
anunbiasedlearnerthatminimizestheexpectederrorgiven
astheexpectedsumof squarederroris equivalentto anun-
biasedlearnerthat minimizesits variance.Sucha learner
can then use the estimateddistribution of ŷ to estimate
〈σ̂2

y 〉, theexpectedvarianceof thelearnerafterqueryingat
x̂. However, a closed-formsolutionfor theexpectedvari-
anceof the text classi�er is exceedinglydif�culty to com-
pute. Furthermore,they constructexactly the query that
maximizesthis reduction,ratherthanchoosingfrom apool
of possiblequeries.

This “Constructive Query Generation”approachis con-
trastedwith “Query-Filtering” (or Seunget al. (1992)'s
“Selective Sampling”), in which unlabelleddata is pre-
sentedto thelearnerfrom somedistribution,andthelearner
chooseswhetheror not to query the true label. From
this data-orientedperspective, Lewis andGale(1994)pre-
sentedthe uncertaintysamplingalgorithm for choosing
the examplewith the greatestuncertaintyin predictedla-
bel, althoughlabel distribution uncertaintyis a poor way
of estimatingclassi�er uncertainty. Freundet al. (1997)
showed that the uncertaintysamplingalgorithmdoesnot
convergeto theoptimalclassi�er atquickly 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) that is consistentwith
the labelledexamples. Insteadof explicitly determining
thesizeof theversionspace,predictedlabelsfor eachun-
labelledexample(a “committee” of labels)aregenerated
by drawing hypothesesprobabilisticallyfrom the version
space,accordingto a distribution over the conceptsin the
versionspace,and using thesehypothesesto predict the
examplelabel. Examplesarrive from a stream,andarela-
belledwheneverthe`committee'of hypothesesdisagreeon
the predictedlabel. This approachchoosesexamplesthat
“split theversionspaceinto two partsof comparablesize”
with a degreeof probabilitythatguaranteesdataef�ciency
thatis logarithmicin thedesiredprobabilityof error.

A numberof othershave madeuse of QBC-style algo-
rithms; in particular, Liere andTadepalli(1997)usecom-
mittees of Winnow learnersfor text classi�cation, and
Argamon-EngelsonandDagan(1999)useanMonteCarlo
styleQBC for naturallanguageprocessing.Our algorithm
differs from theirs in that we areestimatingthe error re-

duction,whereasArgamonet al. aresimply estimatingthe
exampledisagreement.

AbeandMamitsuka(1998)useabaggingandboostingap-
proachfor maximisingthe classi�er accuracy on the test
data.This approachsuggeststhatby maximisingthemar-
gin on trainingdata,accuracy on testdatais improved,an
approachthat is not alwayssuccessful(Grove & Schuur-
mans,1998). Furthermore,like the QBC algorithmsbe-
fore it, the QBC-by-boostingapproachfails to maximize
themargin onall unlabelleddata,insteadchoosingto query
thesingleinstancewith thesmallestmargin.

McCallum andNigam (1998b)extendedthe earlierQBC
approachby not only usingpool-basedQBC, but alsous-
inganoveldisagreementmetric.Whereasthestream-based
approachesclassifywheneveralevel of disagreement(pos-
sibly any) occurs,in pool-basedQBC, thebestunlabelled
exampleshouldbechosen.Argamon-EngelsonandDagan
(1999)suggestusingaprobabilisticmeasurebasedonvote-
entropy of the committee,whereasMcCallum & Nigam
explicitly measuredisagreementusingtheJensen-Shannon
divergence(Lin, 1991;Pereiraetal., 1993).However, they
recognizethat this error metric doesnot measurethe im-
pactthata labelleddocumenthadon classi�er uncertainty
on other unlabelleddocuments. They thereforefactored
documentdensity into their error metric, to decreasethe
likelihoodof uncertaindocumentsthat areoutliers. Nev-
ertheless,documentdensityis a heuristicthatis speci�c to
text classi�cation,anddoesnotdirectlymeasuretheimpact
of adocument's labelonotherpredictedlabelings.

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

Most recently, Tong and Koller (2000) have usedactive
learningwith SupportVectorMachinesfor text classi�ca-
tion. In a returnto theoriginal QBC formulation,their ap-
proachis to estimatethereductionin classi�er uncertainty
by estimatingthereductionin versionspacesizeasa func-
tion of queryinginstances.Thus, like QBC, it explicitly
reducesversionspacesize, implicitly reducingfuture ex-
pectederror. The active learningtechniquethey propose
alsomakesstrongassumptionsaboutthe 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-
naryclassi�cation. The�rst experimentusedthe2 classes
comp.graphics and comp.windows.x as the data



set.Thedatawaspre-processedto removeUseNetheaders,
UU-encodedbinary data,and punctuation. Additionally,
wordsareremovedfrom a stoplistof commonwords,and
wordsthat appearedin lessthan3 documents.As in Mc-
Callum andNigam (1998b),no featureselectionor stem-
mingwasperformed.Theresultingvocabularywas10,205
wordslong. Thedatasetof 2000documentswassplit into
atrainingsetof 1000documents,and1000testdocuments.
All resultsreportedaretheaverageof 10 trials.

We tested4 differentactive learningalgorithms:

• Random– choosingthequerydocumentat random.

• MostUncertainExample– choosingthedocumentwith
thelargestlabeluncertainty, asin (Lewis & Gale,1994).

• Most Disagreed example – choosing the document
with the greatestcommitteedisagreementin the pre-
dictedlabel,asmeasuredbyJensen-Shannondivergence,
weighted by documentdensity, as in (McCallum &
Nigam,1998b).

• Entropy-reducingexample– the methodintroducedin
this paper– choosingthe documentthat maximizesthe
reductionin thetotal predictedlabelentropy, asin equa-
tion (1), with errorasgivenin equation(3).

Two of the four algorithmsareQBC algorithms,andare
givenacommitteeof 3. Thealgorithmsaregiven6 labelled
examples,3 from eachclass,to allow 1 labelledexample
perclasspercommitteemember.

At eachiteration,250 documents(25% of the unlabelled
documents)arerandomlysampledfrom the largerpool of
unlabelleddocuments,ascandidatesfor labelling 1. The
errormetricwasthencomputedfor eachputative labelling
against all remainingunlabelleddocuments(not just the
sampledpool.) Figure1 shows theactive learningprocess.
Theresultsarereportedin termsof accuracy of classi�ca-
tion on theheld-outtestset,up to 100queries.All results
reportedaretheaverageof 10 trials.

Thesolid grey line shows themaximumpossibleaccuracy
of 89.2%accuracy afterall theunlabelleddatahasbeenla-
belled. After 16 queries,the Entropy-reducingalgorithm
hasreached77.2%,or 85% of the maximumpossibleac-
curacy. The Most DisagreedExampletakes68 queriesto
reachthesamepoint (four timesmoreslowly), andmain-
tainsaloweraccuracy for theremainderof thequeries.The
Entropy-reducingalgorithmreaches80.0%accuracy after
100queries.

It is alsointerestingto comparethe documentschosenby
thetwo algorithmsfor initial labelling.Lookingat thedoc-
umentschosenin the�rst 10queries,over the10 trials, 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 areanFAQ, tutorial or How-To 9.8 timesout of ten.
By comparison,the�rst 10 documentschosenby theMost
DisagreedalgorithmareanFAQ only 5.8 timesout of 10.
While thehighincidenceof FAQsin theinitial phasesis not
quantitatively meaningful,it doessuggestthatthelearner's
behaviour is somewhatintuitive.

The particular newsgroupsin the precedingexperiment
werechosenbecausethey arerelatively easyto distinguish.
A moredif�cult text-categorizationproblemis classifying
the newsgroupscomp.sys.ibm.pc.hardware and
comp.os.ms-windows.misc . The documentswere
pre-processedasbefore,resultingin a vocabulary of 9,895
words. The dataset of 2000 documentswas split into a
trainingsetof 1000documents,and1000testdocuments.
Also asbefore,theunlabelleddatawassampledrandomly
down to 250documentsfor candidatelabellingsat eachit-
eration,althoughthe error wasmeasuredagainstall unla-
belleddocuments.

Thesolid grey line shows themaximumpossibleaccuracy
of 88% accuracy after all the unlabelleddatahasbeenla-
belled. After 42 queries,the Entropy-reducingalgorithm
hasreached75%,or 85%of themaximumpossibleaccu-
racy, reaching80% accuracy after 100 queries.The Most
Disagreedalgorithmtakes70 queriesto reachthe level of
75%accuracy.

We canagain examinethe documentschosenby the dif-
ferentalgorithmsduringtheinitial phasesfor theincidence
of FAQsandtutorials.TheEntropy-reducingalgorithmhad
anaverageincidenceof 7.3FAQsin the�rst 10documents,
comparedwith 2.6 for the Most Disagreedalgorithm. In
this experiment,however, we seethat the apparentlyin-
tuitive behaviour is not suf�cient, andthe learnersrequire
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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 moredocumentsto begin to achieve a reasonable
accuracy.

JOB CATEGORY DOMAIN

The third set of experimentsusesa dataset collectedat
WhizBang! Labs. The Job Category dataset contains
112,643documentscontainingjob descriptionsfor 16dif-
ferentcategoriessuchasClerical, Educational or Engi-
neer. Thedatasetwascollectedby automaticspideringof
theweb,andlabelledby hand.The16 differentcategories
are then broken down into as many as 9 subcategories.
We selectedthe Engineer job category, andtook 500 ar-
ticlesfrom eachof the6 Engineer categories:Chemical,
Civil, Industrial, Electrical, Mechanical, Operations and
Other. The documentswerepre-processedto remove the
job title, aswell asrareor stoplistwords.

This experimenttrainedthe naive Bayesclassi�er to dis-
tinguishone job category from the remaining� ve. Each
datapoint is an averageof 10 trials per job category, av-
eragedover all 6 job categories. In this example, the
Entropy-reducingalgorithmreaches82%accuracy (94%of
themaximumaccuracy at 86%) in 5 documents.TheJob
Category datasetis easilydistinguishable,however, since
similar accuracy is achieved after choosing36 documents
at random. The region of interestfor evaluatingthis do-
main is the initial stagesasshown by �gure 4. Although
theotheralgorithmsdo catchup, theEntropy-reducingal-
gorithmreachesveryhighaccuracy veryquickly.

6. Summary

Unlike existing algorithmswhich typically considereach
unlabelledexamplein isolation,we usethe entirepool of

0.7

0.72

0.74

0.76

0.78

0.8

0.82

0.84

0.86

0.88

0 20 40 60 80 100

A
cc

ur
ac

y

Number of Labelled Examples

Accuracy on Job Categorization

Entropy-Reducing Example
Most Disagreed Example
Most Uncertain Example

Random

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-
rent learner, andwe determinethe impacton theexpected
errorof eachpotentiallabellingrequest.Thisapproachcan
becomparedto existing statisticaltechniques(Cohnet al.,
1996)thatcomputethe reductionin error (or someequiv-
alentquantity) in closedform; however, we approximate
the reductionin error by repeatedMonte Carlo sampling
of the labelleddataand thencomputingerror termswith
respectto the unlabelleddataon the resultantcommittee
of learners. In this respect,we have attemptedto bridge
thegapbetweenclosed-formstatisticalactive learningand
morerecentwork in Query-By-Committee(Freundet al.,
1997;McCallum& Nigam,1998b).

We presentedresultson two domains,the Newsgroups
domainandalso the Job Category domain. Our results
show thatEntropy-reducingalgorithmoutperformsthebest
existing algorithmsubstantially, achieving a high level of
accuracy in up to 25%of thelabellingqueriesrequiredby
theMostDisagreedalgorithm.

The algorithm presentedhere is more computationally
complex thanmostexisting QBC algorithms;however, we
have shown severalwaysto make theactive learningsteps
morecompetitive. Ultimately, the trade-off betweencom-
putationalcomplexity andquerycomplexity shouldalways
bedecidedin favour of reducingquerycomplexity, which
requireshumansin the loop. A humanlabeller typically
requires30 secondsor more to label a document,during
which time a computeractive learnercanselectan exam-
plein averylargepoolof documents.Theresultspresented
heretypically requiredlessthana secondof computation
timeperquery.

Furthermore,our algorithmusessubsamplingof theunla-
belleddatato generatea pool of candidatesat 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-
datesfor labelling,andincreasingthepoolastimepermits,
ouralgorithmcanbeconsideredananytimealgorithm.

Our techniqueshould perform even more strongly with
models that are complex and have complex parameter
spaces—notall of which are relevant to performanceon
a particular data set. In thesesituationsactive learning
methodsbasedon versionspacereductionwould 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, suchasSupportVectorMachines. The recent
work by CauwenberghsandPoggio(2000)describestech-
niquesfor ef�cient incrementalupdatesto SVMs andwill
apply to our approach. In the absenceof suf�cient ef�-
ciency in their technique,an intermediateheuristicmight
beto performdataselectionvia thenaive Bayesapproach,
andmeasurethe testsetaccuracy usinga SVM trainedon
thesamedata.
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