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Abstract

It is necessaryto have a (large)annotatedcor-
pusto build a statisticalparser. Acquisitionof
such a corpusis costly and time-consuming.
This paperpresentsa methodto reducethis
demandusing active learning, which selects
whatsamplesto annotate,insteadof annotating
blindly thewholetrainingcorpus.

Sampleselectionfor annotationis basedupon
“representativeness” and “usefulness”. A
model-baseddistanceis proposedto measure
thedifferenceof two sentencesandtheir most
likely parsetrees. Basedon this distance,the
activelearningprocessanalyzesthesampledis-
tribution by clusteringandcalculatesthe den-
sity of eachsampleto quantify its representa-
tiveness.Furthermore,asentenceis deemedas
usefulif theexisting modelis highly uncertain
aboutits parses,whereuncertaintyis measured
by variousentropy-basedscores.

Experimentsarecarriedout in theshallow se-
mantic parserof an air travel dialog system.
Our resultshows that for aboutthesamepars-
ing accuracy, we only needto annotatea third
of thesamplesascomparedto theusualrandom
selectionmethod.

1 Intr oduction

A prerequisitefor building statisticalparsers(Jelineket
al., 1994; Collins, 1996; Ratnaparkhi,1997; Charniak,
1997)is theavailability of a(large)corpusof parsedsen-
tences.Acquiring sucha corpusis expensive andtime-
consumingand is often the bottleneckto build a parser
for anew applicationor domain.Thegoalof thisstudyis
to reducetheamountof annotatedsentences(andhence
thedevelopmenttime) requiredfor a statisticalparserto
achievea satisfactoryperformanceusingactivelearning.

Activelearninghasbeenstudiedin thecontext of many
naturallanguageprocessing(NLP) applicationssuchas
informationextraction(Thompsonet al., 1999),text clas-
si�cation(McCallum andNigam, 1998)andnaturallan-
guageparsing(Thompsonet al., 1999; Hwa, 2000), to
namea few. The basicideais to coupletightly knowl-
edgeacquisition,e.g.,annotatingsentencesfor parsing,
with model-training,as opposedto treatingthem sepa-
rately. In our setup,we assumethat a small amountof
annotatedsentencesis initially available,which is used
to build a statisticalparser. We alsoassumethat thereis
a largecorpusof unannotatedsentencesat our disposal–
this corpusis calledactivetraining set. A batchof sam-
ples1 is selectedusingalgorithmsdevelopedhere,andare
annotatedby humanbeingsandarethenaddedto training
datato rebuild themodel.Theprocedureis iterateduntil
themodelreachesa certainaccuracy level.

Our efforts are devoted to two aspects:�rst, we be-
lieve thattheselectedsamplesshouldre�ect theunderly-
ing distributionof thetrainingcorpus.In otherwords,the
selectedsamplesneedto be representative. To this end,
a model-basedstructuraldistanceis de�ned to quantify
how “f ar” two sentencesareapart,andwith the help of
this distance,the active training set is clusteredso that
we can de�ne andcomputethe “density” of a sample;
second,we proposeandtestseveralentropy-basedmea-
suresto quantifytheuncertaintyof asamplein theactive
training set using an existing model, as it makessense
to askhumanbeingsto annotatethe portion of datafor
which theexisting modelis not doingwell. Samplesare
selectedfrom theclustersbasedonuncertaintyscores.

The restof thepaperis organizedasfollows. In Sec-
tion2,astructuraldistanceis �rst de�nedbasedonthese-
quentialrepresentationof a parsetree.It is thenstraight-
forward to employ a k-meansalgorithm to clustersen-
tencesin the active training set. Section3 is devotedto
con�dencemeasures,wherethreeuncertaintymeasures
areproposed.Active learningresultson theshallow se-
manticparserof anair travel dialogsystemarepresented

1A samplemeansa sentencein thispaper.



in Section4. A summaryof relatedwork is given in
Section5. Thepapercloseswith conclusionsandfuture
work.

2 SentenceDistanceand Clustering

To characterizethe“representativeness”of asentence,we
needto know how far two sentencesareapartsothatwe
canmeasureroughly how many similar sentencesthere
are in the active training set. For our purpose,the dis-
tanceoughtto have thepropertythat two sentenceswith
similar structureshave a smalldistance,even if they are
lexically different.Thisleadsusto de�ne thedistancebe-
tweentwo sentencesbasedontheirparsetrees,whichare
obtainedbyapplyinganexistingmodelto theactivetrain-
ing set. However, computingthe distanceof two parse
treesrequiresadigressionof how they arerepresentedin
ourparser.

2.1 Event Representationof ParseTrees

A statisticalparsercomputes������� 	�
 , theprobabilityof a
parse� givena sentence	 . Sincethespaceof theentire
parsesis toolargeandcannotbemodeleddirectly, aparse
tree � is decomposedas a seriesof individual actions

��
���������������������� . In the parser(Jelineket al., 1994)we
usedin thisstudy, this is accomplishedthroughabottom-
up-left-most(BULM) derivation. In the BULM deriva-
tion, therearethreetypesof parseactions:tag,labeland
extension. Thereis a correspondingvocabulary for tag
or label,andtherearefour extensiondirections:RIGHT,
LEFT, UPandUNIQUE. If achild nodeis theonly node
undera label, thechild nodeis saidto extendUNIQUE
to its parentnode;if therearemultiple childrenundera
parentnode,theleft-mostchild is saidto extendRIGHT
to the parentnode,the right-mostchild nodeis said to
extendLEFT to the parentnode,while all the other in-
termediatechildrenaresaidto extendUP to their parent
node.TheBULM derivationcanbebestexplainedby an
examplein Figure1.
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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
(2,4,6,8,10,12,14,16)– red parentheses.Numbersindi-
catetheorderof actions.

The input sentenceis fly from new york to
boston . Numberson its semanticparsetree indicate
the orderof parseactionswhile colorsindicatetypesof
actions: tagsarenumberedin blue boxes,extensionsin
red parenthesesandlabelsin greenunderlines.For this
example, the �rst action is taggingthe �rst word fly
giventhesentence;thesecondactionis extendingthetag
wdRIGHT, asthetagwd is theleft-mostchild of thecon-
stituentS; andthethird actionis taggingthesecondword
from giventhesentenceandthetwo proceedingactions,
andsoonandsoforth.

We de�ne an eventasa parseactiontogetherwith its
context. It is clearthat theBULM derivationconvertsa
parsetreeinto a uniquesequenceof parseevents,anda
valid eventsequencecorrespondsto a uniqueparsetree.
Thereforeaparsetreecanbeequivalentlyrepresentedby
a sequenceof events.Let ����	�
 be thesetof taggingac-
tions, � ��	�
 be the labelingactionsand !"��	�
 be theex-
tendingactionsof 	 , andlet #$�

�


 bethesequenceof ac-
tionsaheadof theaction � , then ���%��� 	�
 canberewritten
as:
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Note that � ���A	�
��CBD� �E�A	�
��FBD� !G��	�
��H&JILK . The three
models(1) canbetrainedusingdecisiontrees(Jelineket
al., 1994;Breimanetal., 1984).

Notethatraw context spaceMONP	

�

#$�
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;QSR is toohugeto
storeandmanipulateef�ciently . In our implementation,
contextsareinternallyrepresentedasbitstringsthrougha
setof pre-designedquestions.Answersof eachquestion
are representedas bitstrings. To supportquestionslike
“what is the previous word (or tag, label, extension)?”,
word, tag, label and extensionvocabulariesare all en-
codedasbitstrings. Wordsareencodedthroughan au-
tomaticclusteringalgorithm(Brown et al., 1992)while
tags,labelsand extensionsare normally encodedusing
diagonalbits. An examplecanbe found in (Luo et al.,
2002).

In summary, a parsetreecanbe representeduniquely
by a sequenceof events,while eacheventcanin turn be
representedasa bitstring. With this in mind,we arenow
ready to de�ne a structuraldistancefor two sentences
givenanexistingmodel.

2.2 SentenceDistance

Recall that it is assumedthat thereis a statisticalparser
T

trainedwith a small amountof annotateddata. To
infer structuresof two sentences	


 and 	

� , we use
T



to decode	


 and 	

� andgettheir mostlikely parsetrees
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To emphasizethedependency on
T

, we denotethedis-
tanceas
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 . Note thatwe assumeherethat 	




and 	

� have similar “true” parsesif they have similar
structuresunderthecurrentmodel

T

.
We have shown in Section2.1 that a parsetree can

be representedby a sequenceof events,eachof which
canin turn be representedasbitstringsthroughanswer-
ing questions. Let !
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Thedistancebetweentwo sequences! 
 and !

� is com-
puted as the editing distanceusing dynamic program-
ming (RabinerandJuang,1993). We now describethe
distancebetweentwo individualevents.

We take advantageof thefactthatcontexts M�#

,

`

/

)

R can
beencodedasbitstrings,andde�ne thedistancebetween
two contextsastheHammingdistancebetweentheir bit-
stringrepresentations.We furtherde�ne thedistancebe-
tweentwo parsingactionsasfollows: it is either h or a
constant> if two parseactionsareof thesametype (re-
call therearethreetypesof parsingactions:tag,labeland
extension),andin�nity if differenttypes.We choose> to
bethenumberof bits in #

,

`

/

) to emphasizetheimportance
of parsingactionsin distancecomputation.Formally, let
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Computingthe editing distance(3) requiresdynamic
programmingand it is computationallyextensive. To
speedup computation,we canchooseto ignorethe dif-
ferencein contexts,or in otherwords,(4) becomes
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Thedistance
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 makesit possibleto characterize
how densea sentenceis. Given a setof sentencesyz&
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That is, the sampledensityis de�ned as the inverseof
its averagedistanceto othersamples.We alsode�ne the
centroid2 ƒ

4

of S as
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2.3 K-Means Clustering

With the model-baseddistancemeasurede�ned above,
we canusethe K-meansalgorithmto clustersentences.
A sketchof the algorithm(Jelinek,1997) is asfollows.
Let y„&…MS	
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clustered.
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4. Let Œ�&•Œ�B\] . RepeatStep2 andStep3 untill theal-
gorithmconverges(e.g.,relative changeof thetotal
distortionis smallerthana threshold).

For eachiterationwe needto compute:

œ thedistancebetweensamples	

) andclustercenters
ƒ

c

`

,

œ thepair-wisedistanceswithin eachcluster.

The basicoperationhereis to computethe distancebe-
tweentwo sentences,whichinvolvesadynamicprogram-
ming processandis time-consuming.Thecomplexity of
this algorithm is, if we assumethe N samplesare uni-
formly distributedbetweenthek clusters,approximately
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‹ . In our experi-
ments
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_£¢

]�h�¤ and ‹

x

]�h�h , we needto call the
dynamicprogrammingroutine

•

�0]”h�¥�
 timeseachitera-
tion!

2We constrainthecentroidto beanelementof thesetasit
is not clearhow to “average”sentences.



To speedup, dynamicprogrammingis constrainedso
thatonly thebandsurroundingthediagonalline (Rabiner
andJuang,1993)is allowed,andrepeatedsentencesare
storedasauniquecopy with its countsothatcomputation
for thesamesentencepair is never repeated.Thelatteris
a quiteeffective for dialogsystemsasa sentenceis often
seenmorethanoncein thetrainingcorpus.

3 Uncertainty Measures

Intuitively, we would like to selectsamplesthat thecur-
rent model is not doing well. The currentmodel's un-
certaintyabouta sentencecouldbebecausesimilar sen-
tencesareunder-representedin the (annotated)training
set, or similar sentencesare intrinsically dif�cult. We
take advantageof theavailability of parsingscoresfrom
theexisting statisticalparserandproposethreeentropy-
baseduncertaintyscores.

3.1 Changeof Entr opy

After decisiontreesaregrown, we cancomputethe en-
tropy of eachleafnode¦ as:
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where [ sumsover either tag, label or extensionvocab-
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ka&

’

§

~

§
k

§

� (11)

where
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§
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§
�%[0
 . Note that

•

k is the log proba-
bility of trainingevents.

After seeinganunlabeledsentence	 , wecandecodeit
usingtheexisting modelandget its mostprobableparse

� . The tree � canthenberepresentedby a sequenceof
events,whichcanbe“poured”down thegrown trees,and
thecount

~

§0�%[0
 canbeupdatedaccordingly– denotethe
updatedcountas

~±°

§

��[0
 . A new modelentropy k

°

canbe
computedbasedon

~±°

§

�%[0
 , and the absolutedifference,
afterit is normalizedby thenumberof eventsI$K in � , is
thechangeof entropy weareafter:
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It is worthpointingout that k
² is a“local” quantityin

thatthevastmajorityof
~

°

§

�%[0
 is equalto
~

§0��[0
 , andthus
we only have to visit leaf nodeswherecountschange.In
otherwords, k�² canbecomputedef�ciently .

k–² characterizeshow asentence	 “surprises”theex-
istingmodel:if theadditionof eventsdueto 	 changesa
lot of M

¨

§
�

�


@R , andconsequently, k , thesentenceisproba-
bly notwell representedin theinitial trainingsetand k

²

will belarge.We would like to annotatethesesentences.

3.2 SentenceEntr opy

Now let usconsideranothermeasurementwhichseeksto
addressthe intrinsic dif�culty of a sentence.Intuitively,
we canconsidera sentencemoredif�cult if therearepo-
tentiallymoreparses.Wecalculatetheentropy of thedis-
tributionoverall candidateparsesasthesentenceentropy
to measuretheintrinsicambiguity.

Givenasentence	 , theexistingmodel
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where �

) is the [Pc�d possibleparseand ¶

) is its associated
score. Without confusion,we drop ¶

) 's dependency on
T

andde�ne thesentenceentropy as:
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3.3 Word Entr opy

As we canimagine,a long sentencetendsto have more
possibleparsingresultsnotbecauseit is dif�cult but sim-
ply becauseit is long. To counterthis effect,we cannor-
malizethesentenceentropy by the lengthof sentenceto
calculateperwordentropy of asentence:

k¯¾¿&
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where�

4

is thenumberof wordsin 	 .
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Figure2: Histogramsof 3 uncertaintyscoresvs. sentence
lengths

Figure2 illustratesthedistribution of the threediffer-
entuncertaintyscoresversussentencelengths.k

² favors



longersentencesmore.Thiscanbeexplainedasfollows:
longer sentencestend to have more complex structures
( extensionand labeling ) than shortersentences.And
themodelsfor thesecomplex structuresarerelatively less
trainedascomparedwith modelsfor tagging.As aresult,
longersentenceswouldhavehigherchangeof entropy, in
otherwords,largerimpactonmodels.

As explainedabove, longersentencesalsohave larger
sentenceentropy. After normalizing, this trend is re-
versedin wordentropy.

4 Experimental Resultsand Analysis

All experimentsaredonewith a shallow semanticparser
(a.k.a. classer (Davies et al, 1999)) of the natural
languageunderstandingpart in DARPA Communica-
tor (DARPA CommunicatorWebsite,2000).We built an
initial modelusing1000sentences.We have 20951un-
labeledsentencesfor theactive learnerto selectsamples.
An independenttest set consistsof 4254 sentences.A
�x edbatchsize ÀÁ&Â]�h�h is usedthroughout our experi-
ments.

Exact match is used to computethe accuracy, i.e.,
the accuracy is the numberof sentenceswhosedecod-
ing treesare exactly the sameas humanannotationdi-
videdby thenumberof sentencesin thetestset. Theef-
fectivenessof active learningis measuredby comparing
learningcurves(i.e., testaccuracy vs. numberof training
sentences) of active learningandrandomselection.

4.1 SampleSelectionSchemes

We experimentedtwo basicsampleselectionalgorithms.
The�rst oneis selectingsamplesbasedsolelyon uncer-
tainty scores,while the secondone clusterssentences,
andthenselectsthemostuncertainonesfrom eachclus-
ter.

œ Uncertainty Only: ateachactive learningiteration,
themostuncertainÀ sentencesareselected.

Thedrawbackof thisselectionmethodis thatit risks
selectingoutliersbecauseoutliersare likely to get
highuncertaintyscoresundertheexistingmodels.

Figure 3 shows the test accuracy of this selection
methodagainstthenumberof samplesselectedfrom
theactive trainingset.

Short sentencestendsto have higher value of k
¾

while sentence-baseduncertaintyscores(in termsof
k

² or k

4

) arelow. Sincewe usethesentencesas
the basicunits, it is not surprisingthat k

¾ -based
methodperformspoorlywhile theothertwo perform
verywell.

œ Most Uncertain Per Cluster: In our implemen-
tation, we cluster the active training set so that
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Figure3: Learningcurvesusinguncertaintyscoreonly:
pick sampleswith highestentropies

the numberof clustersequalsthe batchsize. This
schemeselectsthesentencewith thehighestuncer-
tainscorefrom eachcluster.

We expectthat restrictingsampleselectionto each
clusterwould �x the problemthat k

¾ tendsto be
large for short sentences,as short sentencesare
likely to bein oneclusterandlongsentenceswill get
a fair chanceto beselectedin otherclusters.This is
veri�ed by the learningcurvesin Figure4. Indeed,

k
¾ performsaswell ask�Ã mostof thetime. Andall

active learningalgorithmsperformbetterthanran-
domselection.
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Figure4: Learningcurvesof selectingthemostuncertain
samplefrom eachcluster.

4.2 Weighting Samples

In thesampleselectionprocesswe calculatedthedensity
of eachsample.For thosesamplesselected,wealsohave
the knowledgeof their correct annotations,which can
be usedto evalutatethe model's performanceon them.



We exploit this knowledgeandexperimenttwo weight-
ing schemes.

œ Weight by Density:

A samplewith higher density shouldbe assigned
greater weights becausethe model can bene�t
more by learningfrom this sampleas it hasmore
neighbors. We calculatethe density of a sample
insideits clustersowe needto adjustthedensityby
clustersizeto avoid theunwantedbiastowardsmall
clusters.For cluster ˆX&ÄM�	
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 , theweight for
sample	

j

is proportionalto � ˆD��Å

}

��	

j


 .

œ Weight by Performance: The idea of weight by
performanceis to focusthe modelon its weakness
whenit knowsaboutit. Themodelcantestitself on
its trainingsetwherethe truth is known andassign
greaterweightsto sentencesit parsesincorrectly.

In our experiment,weightsareupdatedasfollows:
the initial weight for a sentenceis its count; andif
thehumanannotationof a selectedsentencediffers
from the currentmodeloutput, its weight is multi-
plied by ]�? Æ . We did not experimentmorecompli-
catedweighting scheme(like AdaBoost)sincewe
only want to seeif weightinghasany effect on ac-
tive learningresult.

Figure 5 and Figure 6 are learningcurves when se-
lectedsamplesareweightedby densityandperformance,
whicharedescribedin Section4.2.
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Figure5: Active learningcurve: selectedsentencesare
weightedby density

The effect of weightingsamplesis highlightedin Ta-
ble 1, whereresultsareobtainedafter 1000samplesare
selectedusingthe sameuncertaintyscore k"¾ , but with
differentweightingschemes.Weightingsamplesby den-
sity leadsto thebestperformance.Sinceweightingsam-
plesby densityis a way to tweaksampledistribution of
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Figure6: Active learningcurve: selectedsentencesare
weightedbasedonperformance

training set toward the distribution of the entiresample
space,including unannotatedsentences,it indicatesthat
it is importantto ensurethe distribution of training set
matchesthatof thesamplespace.Therefore,we believe
thatclusteringis anecessaryandusefulstep.

Table1: Weightingeffect
Weighting none density performance

TestAccuracy(%) 79.8 84.3 80.7

4.3 Effect of Clustering

Figure7 comparesthebestlearningcurveusingonly un-
certaintyscore(i.e.,sentenceentropy in Figure3) to select
sampleswith thebestlearningcurve resultedfrom clus-
teringandthewordentropy k"¾ . It is clearthatclustering
resultsin abetterlearningcurve.

4.4 Summary Result

Figure8 shows the bestactive learningresultcompared
with thatof randomselection.Thelearningcurve for ac-
tivelearningis obtainedusing k

¾ asuncertaintymeasure
andselectedsamplesareweightedby density. Both ac-
tive learningandrandomselectionarerun40 times,each
time selecting100 samples.The horizontalline on the
graphis theperformanceif all 20K sentencesareused.It
is remarkableto noticethatactivelearningcanusefarless
samples( usuallylessthanonethird ) to achievethesame
level of performanceof randomselection.And afteronly
about2800sentencesareselected,theactive learningre-
sult becomesverycloseto thebestpossibleaccuracy.

5 Previous Work

While active learninghasbeenstudiedextensively in the
context of machinelearning(Cohnet al., 1996; Freund
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Figure 7: Effect of clustering: entropy-basedlearning
curve (in plus) vs. sampleselectionwith clusteringand
uncertaintyscore(intriangle).
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Figure8: Active learnerusesone-third(about1300sen-
tences)of trainingdatato achievesimilarperformanceto
randomselection(about4000sentence).

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
handfulstudieson naturallanguageparsing(Thompson
et al., 1999)and (Hwa, 2000;Hwa, 2001). (Thompson
etal., 1999)usesactive learningto acquireashift-reduce
parser, andtheuncertaintyof anunparseablesentenceis
de�ned asthe numberof operatorsappliedsuccessfully
dividedby thenumberof words.It is morenaturalto de-
�ne uncertaintyscoresin our studybecauseof theavail-
bility of parsescores.(Hwa,2000;Hwa,2001)is related
closely to our work in that both useentropy-basedun-
certaintyscores,but Hwa doesnot characterizethe dis-
tribution of samplespace. Knowing the distribution of
samplespaceis importantsinceuncertaintymeasure,if
usedalonefor sampleselection,will be likely to select
outliers. (Stolcke, 1998)usedanentropy-basedcriterion

to reducethesizeof backoff n-gramlanguagemodels.
The major contribution of this paperis that a model-

baseddistancemeasureis proposedand usedin active
learning.Thedistancemeasuresstructural differenceof
two sentencesrelative to anexisting model.Similar idea
is alsoexploitedin (McCallumandNigam,1998)where
authorsuse the divergencebetweenthe unigram word
distributions of two documentsto measuretheir differ-
ence.This distanceenablesusto clustertheactive train-
ing setanda sampleis thenselectedandweightedbased
on both its uncertaintyscoreand its density. (Sarkar,
2001)appliedco-trainingto statisticalparsing,wheretwo
componentmodelsare trained and the most con�dent
parsingoutputsof the existing model are incorporated
into thenext training.This is adifferentvenuefor reduc-
ing annotationwork in that the currentmodeloutput is
directly usedandno humanannotationis assumed.(Luo
etal.,1999;Luo,2000)alsoaimedto makinguseof unla-
beleddatato improve statisticalparsersby 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 a distancefor
sentencesof naturallanguages.Basedon this distance,
weareableto quantifyconceptssuchassentencedensity
andhomogeneityof a corpus.Sentenceclusteringalgo-
rithmsarealsodevelopedwith thehelpof theseconcepts.
Armedwith uncertaintyscoresandsentenceclusters,we
have developedsampleselectionalgorithmswhich has
achievedsigni�cant savingsin termsof labelingcost:we
have shown thatwe canuseone-thirdof trainingdataof
randomselectionandreachthesamelevel of parsingac-
curacy.

While we have shown the importanceof both con-
�dence scoreand modeling the distribution of sample
space,it is not clearwhetheror not it is thebestway to
combineor reconcilethetwo. It would beniceto have a
singlenumberto rankcandidatesentences.We alsowant
to test the algorithmsdevelopedhereon other domains
(e.g., Wall StreetJournalcorpus). Improving speedof
sentenceclusteringis alsoworthwhile.
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