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Abstract

It is necessaryo have a (large) annotatedcor-
pusto build a statisticalparser Acquisition of
sucha corpusis costly and time-consuming.
This paperpresentsa methodto reducethis
demandusing active learning, which selects
whatsampledo annotateinsteadof annotating
blindly thewholetrainingcorpus.

Sampleselectionfor annotationis basedupon
“representatieness” and “usefulness”. A
model-basedlistanceis proposedio measure
the differenceof two sentencesandtheir most
likely parsetrees. Basedon this distance the
activelearningprocessnalyzeshesampledis-
tribution by clusteringand calculateshe den-
sity of eachsampleto quantify its representa-
tivenessFurthermore,asentencés deemedis
usefulif the existing modelis highly uncertain
aboutits parseswhereuncertaintyis measured
by variousentropy-basedscores.

Experimentsarecarriedout in the shallov se-
mantic parserof an air travel dialog system.
Our resultshaws thatfor aboutthe samepars-
ing accuray, we only needto annotatea third
of thesamplesscomparedo theusualrandom
selectiormethod.

1 Intr oduction

A prerequisitefor building statisticalparsergJelineket
al., 1994; Collins, 1996; Ratnaparkhi, 1997; Charniak,
1997)is theavailability of a (large)corpusof parsedsen-
tences. Acquiring sucha corpusis expensve andtime-
consumingand is often the bottleneckto build a parser
for anew applicationor domain.Thegoalof this studyis
to reducethe amountof annotatedsentenceg¢andhence
the developmenttime) requiredfor a statisticalparserto
achiese a satishctoryperformanceisingactivelearning
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Activelearninghasbeenstudiedn thecontect of mary
naturallanguageprocessingNLP) applicationssuchas
informationextraction(Thompsomtal., 1999),text clas-
si cation(McCallum and Nigam, 1998) and naturallan-
guageparsing(Thompsort al., 1999; Hwa, 2000), to
namea few. The basicideais to coupletightly knowl-
edgeacquisition,e.g.,annotatingsentencegor parsing,
with model-training,as opposedto treatingthem sepa-
rately. In our setup,we assumehata small amountof
annotatedsentencess initially available, which is used
to build a statisticalparser We alsoassumehatthereis
alarge corpusof unannotatedentenceat our disposak
this corpusis calledactivetraining set A batchof sam-
ples is selectedisingalgorithmsdevelopedhere andare
annotatedby humanbeingsandarethenaddedo training
datato rekuild themodel. The proceduras iterateduntil
themodelreaches certainaccurag level.

Our efforts are devotedto two aspects: rst, we be-
lieve thatthe selectedsamplesshouldre ect theunderly-
ing distribution of thetrainingcorpus.In otherwords,the
selectedsampleseedto be representatie. To this end,
a model-basedtructuraldistanceis de ned to quantify
how “far” two sentencesire apart,andwith the help of
this distance the active training setis clusteredso that
we cande ne and computethe “density” of a sample;
secondwe proposeandtestseveral entropy-basedmea-
suresto quantifytheuncertaintyof a samplen theactive
training setusing an existing model, asit makes sense
to askhumanbeingsto annotatethe portion of datafor
which the existing modelis not doingwell. Samplesare
selectedrom the clustershasedon uncertaintyscores.

The restof the paperis organizedasfollows. In Sec-
tion 2, astructuraldistances rst de nedbasednthese-
guentialrepresentatioof a parsetree. It is thenstraight-
forward to employ a k-meansalgorithmto clustersen-
tencesin the active training set. Section3 is devotedto
con dence measureswherethree uncertaintymeasures
areproposed.Active learningresultson the shallov se-
manticparserof anair travel dialogsystemarepresented

A samplemeansa sentencén this paper



in Section4. A summaryof relatedwork is givenin
Section5. The papercloseswith conclusionsandfuture
work.

2 SentenceDistanceand Clustering

To characterizéhe“representatieness’df asentenceye
needto know how far two sentencesareapartsothatwe
canmeasureaoughly how mary similar sentenceshere
arein the active training set. For our purpose the dis-
tanceoughtto have the propertythattwo sentencesvith

similar structueshave a smalldistancegvenif they are
lexically different. Thisleadsusto de ne thedistancebe-
tweentwo sentencebasedntheir parsereeswhichare
obtainedby applyinganexistingmodelto theactivetrain-

ing set. However, computingthe distanceof two parse
treesrequiresadigressiornf how they arerepresenteth

our parser

2.1 EventRepresentationof Parse Trees

A statisticalparsercomputes , theprobabilityof a
parse givenasentence . Sincethespaceof theentire
parsess toolargeandcannotemodeledirectly, aparse
tree is decomposeds a seriesof individual actions

. In the parser(Jelineket al., 1994)we
usedin this study thisis accomplishedhrougha bottom-
up-left-most(BULM) deriation. In the BULM deriva-
tion, therearethreetypesof parseactions:tag,labeland
extension. Thereis a correspondingrocahulary for tag
or label,andtherearefour extensiondirections:RIGHT,
LEFT, UPandUNIQUE. If achild nodeis theonly node
undera label, the child nodeis saidto extend UNIQUE
to its parentnode;if therearemultiple childrenundera
parentnode,the left-mostchild is saidto extendRIGHT
to the parentnode, the right-mostchild nodeis saidto
extend LEFT to the parentnode,while all the otherin-
termediatechildrenaresaidto extend UP to their parent
node.The BULM derivationcanbe bestexplainedby an
examplein Figurel.

wdm v‘vd cXty cﬁty v‘v Citym

fy from new york toboston

Figure 1. Serial decomposition of a parse tree
as 17 parsing actions: tags (1,3,5,7,11,13)— blue
boxes, labels (9,15,17)—greenunderlines, extensions
(2,4,6,8,10,12,146)- red parentheses.Numbersindi-
catethe orderof actions.

The input sentenceis fly from new york to
boston . Numberson its semanticparsetree indicate
the order of parseactionswhile colorsindicatetypesof
actions: tagsare numberedn blue boxes, extensionsin
red parentheseandlabelsin greenunderlines.For this
example, the rst actionis taggingthe rst word fly
giventhesentencethe secondactionis extendingthetag
wd RIGHT, asthetagwd is theleft-mostchild of thecon-
stituentS; andthethird actionis taggingthesecondvord
from giventhesentencandthetwo proceedingctions,
andsoonandsoforth.

We de ne aneventasa parseactiontogethemwith its
contet. It is clearthatthe BULM derivation corvertsa
parsetreeinto a uniquesequencef parseevents,anda
valid eventsequenceorresponds$o a uniqueparsetree.
Thereforea parsetreecanbe equivalentlyrepresentely
a sequencef events. Let be the setof taggingac-

tions, be the labelingactionsand be the ex-
tendingactionsof , andlet bethesequencef ac-
tionsaheadf theaction , then canberewritten
as:

1)
Note that . Thethree

models(1) canbetrainedusingdecisiontrees(Jelineket
al., 1994;Breimanetal., 1984).

Notethatraw contect space is too hugeto
storeandmanipulateef ciently. In our implementation,
contts areinternallyrepresentedsbitstringsthrougha
setof pre-designedjuestions Answersof eachquestion
arerepresenteas bitstrings. To supportquestiondike
“what is the previous word (or tag, label, extension)?”,
word, tag, label and extensionvocahulariesare all en-
codedas bitstrings. Words are encodedthroughan au-
tomatic clusteringalgorithm (Brown et al., 1992) while
tags, labelsand extensionsare normally encodedusing
diagonalbits. An examplecanbe foundin (Luo et al.,
2002).

In summary a parsetree canbe representedniquely
by a sequenc®f events,while eacheventcanin turn be
representedsa bitstring. With thisin mind, we arenow
readyto de ne a structuraldistancefor two sentences
givenanexisting model.

2.2 SentenceDistance

Recallthatit is assumedhatthereis a statisticalparser
trainedwith a small amountof annotateddata. To
infer structuresof two sentences and , we use



todecode and andgettheir mostlikely parsetrees

and . Thedistancebetween and ,given ,
is de ned asthedistancebetween and ,
or:

)

To emphasizehedependengon , we denotethe dis-
tanceas . Note thatwe assumeherethat
and  have similar “true” parsesif they have similar
structuresunderthe currentmodel

We have showvn in Section2.1 that a parsetree can
be representedby a sequencef events,eachof which

canin turn be representea@s bitstringsthroughanswer

ing questions. Let be the

sequenceepresentatiorior ( ), where
, and is the context and is the
parsingactionof the eventof the parsetree . We
cande ne thedistancebetweernwo sentences as
3)

Thedistancebetweertwo sequences and  is com-

puted as the editing distanceusing dynamic program-
ming (Rabinerand Juang,1993). We now describethe
distancebetweertwo individual events.

We take advantageof thefactthatcontexts can
be encodedsbitstrings,andde ne thedistancebetween
two contexts asthe Hammingdistancebetweertheir bit-
stringrepresentationdMVe furtherde ne thedistancebe-
tweentwo parsingactionsasfollows: it is either or a
constant if two parseactionsare of the sametype (re-
call therearethreetypesof parsingactions:tag,labeland
extension),andin nity if differenttypes.We choose to
bethenumberof bitsin to emphasiz¢éheimportance
of parsingactionsin distancecomputation.Formally, let

bethetypeof action , then

4)
where is theHammingdistanceand
if
fYC )=Y( ) )
if Y( Y( ).

Computingthe editing distance(3) requiresdynamic
programmingand it is computationallyextensve. To
speedup computationwe canchooseto ignorethe dif-
ferencein contets, or in otherwords,(4) becomes

(6)

Thedistance malkesit possibleto characterize
how densea sentencds. Givena setof sentences
, thedensityof sample isde nedas:

()

Thatis, the sampledensityis de ned asthe inverseof
its averagedistanceto othersamplesWe alsode ne the
centoid> of Sas

argmax

(8)

2.3 K-Means Clustering

With the model-basedlistancemeasurede ned above,
we canusethe K-meansalgorithmto clustersentences.
A sketch of the algorithm (Jelinek,1997)is asfollows.
Let be the setof sentenceso be
clustered.

1. Initialization. Partition into k ini-

tial clusters  ( ). Let

2. Findthecentoid for eachcollection |, thatis:

argmin

3. Re-partition into clusters

, where

4. Let . Repeattep2 andStep3 untill theal-
gorithmcorverges(e.g.,relative changeof thetotal
distortionis smallerthanathreshold).

For eachiterationwe needto compute:

thedistancebetweersamples andclustercenters

the pairwisedistancewithin eachcluster

The basicoperationhereis to computethe distancebe-
tweentwo sentencesyhichinvolvesa dynamicprogram-
ming processandis time-consumingThe compleity of
this algorithmis, if we assumehe N samplesare uni-
formly distributedbetweerthe k clusters approximately

— ,or — when . In our experi-
ments and , we needto call the
dynamicprogrammingroutine timeseachitera-
tion!

2\We constrainthe centroidto be an elementof the setasit
is notclearhow to “average”sentences.



To speedup, dynamicprogrammings constrainedo
thatonly thebandsurroundinghediagonaline (Rabiner
andJuang,1993)is allowed, andrepeatedentencesare
storedasa uniquecopy with its countsothatcomputation
for the samesentenceair is neverrepeatedThelatteris
a quite effective for dialog systemsasa sentencés often
seemmorethanoncein thetrainingcorpus.

3 Uncertainty Measures

Intuitively, we would lik e to selectsampleghatthe cur-
rent modelis not doing well. The currentmodel's un-
certaintyabouta sentencesould be becausesimilar sen-
tencesare underrepresentedh the (annotated)raining
set, or similar sentencesre intrinsically dif cult. We
take advantageof the availability of parsingscoresfrom
the existing statisticalparserand proposethreeentropy-
baseduncertaintyscores.

3.1 Changeof Entropy

After decisiontreesare grovn, we cancomputethe en-
tropy of eachleafnode as:

(10)

where sumsover eithertag, label or extensionvocab-

ulary, and is simply , Where is the
countof in leaf node . The modelentrofy s the
weightedsumof

(11)

where . Notethat
bility of trainingevents.

After seeinganunlabeledsentence , we candecodet
usingthe existing modelandgetits mostprobableparse

. Thetree canthenberepresentethy a sequencef
events,which canbe“poured”down thegrown trees and
thecount canbe updatedaccordingly— denotethe
updatedcountas . A new modelentrory  canbe
computedbasedon , and the absolutedifference,
afterit is normalizecby thenumberof events  in ,is
thechangeof entropy we areafter:

is thelog proba-

(12)

It is worth pointingoutthat isa“local” quantityin
thatthe vastmajority of is equalto , andthus
we only have to visit leaf nodeswherecountschange.n
otherwords,  canbecomputecef ciently.

characterizehow asentence “surprises"theex-
istingmodel:if theadditionof eventsdueto changesa
lot of , andconsequently ,thesentencés proba-
bly notwell representeth theinitial trainingsetand

will belarge. We would like to annotateghesesentences.

3.2 SentenceEntropy

Now let usconsidemnothemeasurementhich seekdo
addresshe intrinsic dif culty of a sentencelntuitively,
we canconsidera sentencenoredif cult if therearepo-
tentiallymoreparsesWe calculateheentroyy of thedis-
tribution overall candidatgarsessthe sentencentrogy
to measureheintrinsic ambiguity

Givenasentence , theexistingmodel couldgener
atethetop mostlikely parses ;
each having aprobability

(13)

is its associated
's dependeng on

where isthe possibleparseand
score. Without confusion,we drop
andde ne thesentencentroyy as:

(14)

where:
(15)

3.3 Word Entropy

As we canimagine,a long sentencdendsto have more
possibleparsingresultsnotbecausét is dif cult but sim-
ply becausdt is long. To counterthis effect, we cannor-
malizethe sentencentropy by the lengthof sentencdo
calculateperword entropy of asentence:

(16)

where isthenumberof wordsin
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Figure2: Histogramf 3 uncertaintyscoresss. sentence
lengths

Figure2 illustratesthe distribution of the threediffer-
entuncertaintyscoreversussentencéengths. favors



longersentencemore. This canbe explainedasfollows:
longer sentencesend to have more complec structures
( extensionand labeling) than shortersentences.And
themodelsfor thesecomples structuresrerelatively less
trainedascomparedvith modelsfor tagging.As aresult,
longersentencewould have higherchangeof entropy, in
otherwords,largerimpacton models.

As explainedabove, longersentenceslsohave larger
sentenceentropy. After normalizing, this trendis re-
versedn word entropy.

4 Experimental Resultsand Analysis

All experimentsaredonewith a shallav semantigarser
(a.k.a. classer (Davies et al, 1999)) of the natural
languageunderstandingpart in DARPA Communica-
tor (DARPA CommunicatoiVebsite,2000). We built an
initial modelusing 1000sentencesWe have 20951un-
labeledsentencefor theactive learnerto selectsamples.
An independentest set consistsof 4254 sentences.A
x edbatchsize is usedthroughout our experi-
ments.

Exact match is usedto computethe accurag, i.e.,
the accuray is the numberof sentencesvhosedecod-
ing treesare exactly the sameas humanannotationdi-
vided by the numberof sentence@ thetestset. The ef-
fectivenessof active learningis measuredy comparing
learningcurves(i.e.,testaccurag vs. numberof training
sentence} of active learningandrandomselection.

4.1 SampleSelectionSchemes

We experimentedwo basicsampleselectionalgorithms.
The rst oneis selectingsamplesasedsolely on uncer
tainty scores,while the secondone clusterssentences,
andthenselectghe mostuncertainonesfrom eachclus-
ter.

Uncertainty Only: ateachactive learningiteration,
themostuncertain sentenceareselected.

Thedrawbackof this selectiormethodis thatit risks
selectingoutliers becausenutliers are likely to get
high uncertaintyscoresunderthe existing models.

Figure 3 shaws the testaccurag of this selection
methodagainsthenumberof sampleselectedrom
theactive training set.

Shortsentencesendsto have higher value of
while sentence-basathcertaintyscoregin termsof

or ) arelow. Sincewe usethe sentencess
the basicunits, it is not surprisingthat  -based
methodperformspoorlywhile theothertwo perform
verywell.

Most Uncertain Per Cluster: In our implemen-
tation, we cluster the active training set so that

Sample Selection By Confidence Only

Accuracy(%)

— = Random Selection
-~ HD: Change Entropy
—= Hw: Word Entropy
Hs: Sentence Entropy
: : i

60 I I L L L L
100 200 300 400 500 600 700 800 900

Number of Sentences Selected

1000

Figure 3: Learningcurvesusinguncertaintyscoreonly:
pick sampleawith highestentropies

the numberof clustersequalsthe batchsize. This
schemeselectshe sentencevith the highestuncer
tain scorefrom eachcluster

We expectthat restrictingsampleselectionto each
clusterwould x the problemthat tendsto be
large for short sentencesas short sentencesare
likely to bein oneclusterandlong sentencewill get
afair chanceto be selectedn otherclusters.Thisis
veri ed by thelearningcurvesin Figure4. Indeed,
performsaswellas  mostof thetime. Andall
active learningalgorithmsperformbetterthanran-
domselection.

Accuracy of Sample Selection(No Weighting)

Accuracy(%)

— = Random Selection
© HD: Change Entropy
% Hw: Word Entropy
Hs: Sentence Entropy
: : i

60 I I L L L L
100 200 300 400 500 600 700 800 900

Number of Sentences Selected

1000

Figure4: Learningcurvesof selectinghemostuncertain
samplefrom eachcluster

4.2 Weighting Samples

In the sampleselectionprocessve calculatedhedensity
of eachsample For thosesampleselectedye alsohave
the knowledge of their correctannotationswhich can
be usedto evalutatethe model's performanceon them.



We exploit this knowledgeand experimenttwo weight-
ing schemes.

Weight by Density:

A samplewith higher density should be assigned
greater weights becausethe model can benet

more by learningfrom this sampleasit hasmore

neighbors. We calculatethe density of a sample
insideits clustersowe needto adjustthe densityby

clustersizeto avoid the unwantedbiastowardsmall

clusters.For cluster , theweightfor

sample is proportionalto

Weight by Performance The idea of weight by
performancas to focusthe modelon its weakness
whenit knows aboutit. Themodelcantestitself on
its training setwherethe truth is known andassign
greatemweightsto sentencegt parsesncorrectly

In our experiment,weightsare updatedasfollows:
theinitial weightfor a sentencas its count; andif
the humanannotatiorof a selectedsentencaliffers
from the currentmodel output, its weightis multi-
pliedby . We did not experimentmore compli-
catedweighting scheme(like AdaBoost)sincewe
only wantto seeif weightinghasary effecton ac-
tive learningresult.

Figure 5 and Figure 6 are learning curves when se-
lectedsamplesareweightedby densityandperformance,
which aredescribedn Sectior4.2.

Accuracy of Sample Selection(Weighted by Density)
90

Accuracy(%)

— = Random Selection
© HD: Change Entropy
% Hw: Word Entropy
Hs: Sentence Entropy
: : i

60
100 200
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400 500 600 700
Number of Sentences Selected

I
300 800 900 1000

Figure5: Active learningcurve: selectedsentencesre
weightedby density

The effect of weightingsampleds highlightedin Ta-
ble 1, whereresultsare obtainedafter 1000samplesare
selectedusingthe sameuncertaintyscore  , but with
differentweightingschemesWeightingsamplesy den-
sity leadsto the bestperformance Sinceweightingsam-
plesby densityis a way to tweak sampledistribution of

Accuracy of Sample Selection(Weighted by Performance)
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Figure6: Active learningcurve: selectedsentencesre
weightedbasedon performance

training settoward the distribution of the entire sample
space,ncluding unannotatedentencest indicatesthat
it is importantto ensurethe distribution of training set
matcheghat of the samplespace.Therefore we believe
thatclusteringis anecessarandusefulstep.

Tablel: Weightingeffect
Weighting none density performance
TestAccurag/(%) | 79.8  84.3 80.7

4.3 Effect of Clustering

Figure7 compareshebestlearningcurve usingonly un-
certaintyscore(i.e.sentencentropy in Figure3) to select
sampleswith the bestlearningcurve resultedfrom clus-
teringandthewordentrory . It is clearthatclustering
resultsin a betterlearningcurve.

4.4 Summary Result

Figure 8 shows the bestactive learningresultcompared
with thatof randomselection.Thelearningcurve for ac-
tivelearningis obtainedusing  asuncertaintyneasure
andselectedsamplesare weightedby density Both ac-
tive learningandrandomselectiorarerun 40times,each
time selectingl100 samples. The horizontalline on the
graphis theperformancéf all 20K sentenceareused.lt
isremarkabléo noticethatactivelearningcanusefarless
sampleq usuallylessthanonethird) to achievethesame
level of performancef randomselection And afteronly
about2800sentenceareselectedthe active learningre-
sultbecomewery closeto thebestpossibleaccurag.

5 Previous Work

While active learninghasbeenstudiedextensiely in the
contect of machinelearning(Cohnet al., 1996; Freund
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et al., 1997), and has beenapplied to text classi ca-
tion (McCallum and Nigam, 1998) and part-of-speech
tagging (Daganand Engelson,1995), there are only a
handful studieson naturallanguageparsing(Thompson
etal., 1999)and (Hwa, 2000;Hwa, 2001). (Thompson
etal., 1999)usesactive learningto acquirea shift-reduce
parserandthe uncertaintyof anunparseablsentences
de ned asthe numberof operatorsappliedsuccessfully
divided by thenumberof words. It is morenaturalto de-
ne uncertaintyscoresn our studybecausef the avail-
bility of parsescores(Hwa,2000;Hwa, 2001)is related
closelyto our work in that both use entropy-basedun-
certaintyscores but Hwa doesnot characterizehe dis-
tribution of samplespace. Knowing the distribution of
samplespaceis importantsinceuncertaintymeasureif
usedalonefor sampleselection,will be likely to select
outliers. (Stolcke, 1998)usedan entropy-basedcriterion

to reducethe sizeof bacloff n-gramlanguagemodels.

The major contribution of this paperis that a model-
baseddistancemeasures proposedand usedin active
learning. The distancemeasurestructural differenceof
two sentenceselative to an existing model. Similaridea
is alsoexploitedin (McCallumandNigam, 1998)where
authorsuse the divergencebetweenthe unigramword
distributions of two documentgo measuretheir differ-
ence.This distanceenableaisto clusterthe active train-
ing setanda sampleis thenselectecandweightedbased
on both its uncertaintyscoreand its density (Sarkar
2001)appliedco-trainingto statisticalparsingwheretwo
componentmodelsare trained and the most con dent
parsingoutputsof the existing model are incorporated
into thenext training. This is a differentvenuefor reduc-
ing annotationwork in that the currentmodel outputis
directly usedandno humanannotatioris assumed(Luo
etal.,1999;Luo, 2000)alsoaimedto makinguseof unla-
beleddatato improve statisticalparsersy transforming
modelparameters.

6 Conclusionsand Future Work

We have examined three entropy-based uncertainty
scoresto measurethe “usefulness’of a sampleto im-
proving a statisticalmodel. We alsode ne adistancefor
sentence®f naturallanguages.Basedon this distance,
we areableto quantify conceptsuchassentenceensity
andhomogeneityof a corpus. Sentenceslusteringalgo-
rithmsarealsodevelopedwith thehelpof theseconcepts.
Armedwith uncertaintyscoresandsentencelusterswe
have developedsampleselectionalgorithmswhich has
achievedsigni cant savingsin termsof labelingcost:we
have shovn thatwe canuseone-thirdof training dataof
randomselectionandreachthe samelevel of parsingac-
curagy.

While we have shovn the importanceof both con-
dence scoreand modeling the distribution of sample
spacejt is not clearwhetheror notit is the bestway to
combineor reconcilethetwo. It would beniceto have a
singlenumberto rankcandidatesentencesWe alsowant
to testthe algorithmsdevelopedhere on other domains
(e.g., Wall StreetJournalcorpus). Improving speedof
sentencelusteringis alsoworthwhile.
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