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Abstract

Reading comprehensiontests are re-
ceiving increasedattention within the
NLP communityasacontrolledtest-bed
for developing,evaluatingandcompar-
ing robust questionanswering(NLQA)
methods.To supportthis, we have en-
riched the MITRE CBC4Kids corpus
with multiple XML annotationlayers
recordingtheoutputof varioustokeniz-
ers, lemmatizers,a stemmer, a seman-
tic tagger, POS taggersand syntactic
parsers. Using this resource,we have
built abaselineNLQA systemfor word-
overlapbasedanswerretrieval.

1 Intr oduction

Linguistic corporamarked up with XML repre-
sentthe stateof the art in languageengineering.
Recently, readingcomprehensiontestshave re-
ceivedincreasedattentionfor testingQuestionAn-
sweringmethods.Wepresentour ongoingproject
to develop a re-usableresourcefor readingcom-
prehensionand Natural LanguageQuestionAn-
swering(NLQA) thatwe hopewill beusefulasa
controlledtest-bedfor developingandevaluating
robust NLQA methods. Startingfrom MITRE's
CBC4Kidscorpuscollection(Brecket al., 2001),
we have createda practical multi-layer annota-
tion schemeand addedvariousstrataof linguis-
tic annotationautomatically1 using state-of-the-

1i.e. thereis nogoldstandardfor thelinguisticannotation,
but task-based“gold answers”.

art NLP tools. This paperpresentsthe architec-
ture, the various tool setswe usedand the dis-
tributeddevelopmentscenariowe worked in. We
alsodescribehow the chosenmulti-layer scheme
naturallyleadsto a simpleimplementationof our
baselinequestionansweringsystemandanevalu-
ationprogram.

2 Automatic Linguistic Annotation

2.1 Distributed XML developmentscenario

Our distributeddevelopmentscenariois shown in
Figure1. A normalizationphaseof thecorpuspro-
ducesvalid XML. After this, developmentteam
memberseachappliedthe sameprocessto each
NLP tool assignedwhoseoutputwasdesiredasan
annotationlayer: a wrapperwas createdto con-
vertXML into thetool's input format,andanother
wrapperto convert the tool's output back into a
well-formedXML stratumthat could be inserted
in the XML streamon the �y . This distributed
form of collaborationeasilyscalesupto largerde-
velopmentteams,whereindividual teammembers
are free to choosedifferent implementationlan-
guagesandgluemechanisms.The�nal document
instancetreeswerethenmerged. While a generic
XSLT treeunionscriptcanbeusedfor this,wein-
steadde�nedonetreetobethemasterinstanceand
addedall new subtreespresentin the secondin-
stance.TheresultwasvalidatedagainsttheDTD
andtransformedfurther.

2.2 Designprinciples

While ourwork is drivenby theobservation(Cot-
ton and Bird, 2002): “With all the annotations
expressedin the samedatamodel, it becomesa



straightforward matterto investigatethe relation-
shipsbetweenthevariouslinguistic levels. Mod-
eling the interactionbetweenlinguistic levels is a
centralconcern”,we do not aspireto createa new
referenceannotationmodel for this type of cor-
pus,but ratherto developareusabledataresource.
The original CBC4Kidscorpuswasdevelopedat
MITRE2, basedon a collectionof newspapersto-
riesfor teenagerswritten for CBC'sWebsite3. To
eacharticle selectedfor inclusion in the corpus,
theMITRE groupaddedasetof 8-10questionsof
variousdegreesof dif�culty . The corpusalsoin-
cludesoneor moreanswersfor eachquestion,in
the form of a disjunctionof oneor morephrases
(the `answerkey'). Due to the wide availability
of XML processingtools, we decidedto de�ne
an XML DTD for the CBC4Kids corpusand to
convert variouslinguistic formsof annotationinto
XML and integratethem so as to provide a rich
knowledgebasefor our own NLQA experiments
andpotentialre-usebyothergroups.Weselecteda
setof toolswith theguidingprinciplesof 1) public
availability, 2) usefulnessfor thereplicationof our
baselinesystem,and 3) quality of the automatic
annotation.Becausemostavailabletools(with the
exceptionof LT TTT, (Groveretal.,2000))donot
outputXML, we hadto develop a setof convert-
ers.

2.3 Linguistic layers

Eachsentencehasthreedifferentrepresentations:
1) theoriginal string,2) a list of tagslabeledTO-
KENencodingtheresultsfrom linguistic toolsthat
outputlexical information(POStags,stems,etc.),
3) alist of trees(PARSEs)correspondingto analy-
sesatanon-terminallevel, i.e. syntacticor depen-
dency graphs.This is acompromisebetweenmin-
imizing redundancy andmaximizingeaseof use.
In particular, thereis no link betweentoken posi-
tionsandthecorrespondingoccurrencesof words
in theparsetrees/dependency graphs.Any annota-
tion schemewith a tightercouplingwould require
an alignmentstepwhich, in many cases,would
haveto remainincompletedueto idiosyncrasiesof
the tools: for instance,a parserthat usedits own

2The contact person for the corpus is Lisa Ferro
(lferro@mitre.org ).

3http://www.cbc4kids.ca/
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Figure2: Building a new layerof TOKENtags.

LEMMA2_CLEMMA1

ID_POS1

ID_LEMMA1

ID
id

Token Position

LEMMA2_SEMCLASS1
PERSONPERSON PERSON PERSONPERS

.

Mark Churchill and Ken Green be at the St. John screening

NP NP NP NP

-

Mark Churchill Ken Green St. John screening

Churchill and

CC NP NP VBD IN AT NP

John screening'sSt.theatwereGreenKenMark

cf. Figure 2

Figure4: Multiple annotationlayers.

built-in tokenizationmight yield a differentnum-
berof tokensfrom tokenizer.sed .4

Becausevariousforms of linguistic processing
dependon the output of other tools, we wanted
to make the processinghistory explicit. We de-
visedamulti-layerannotationschemein whichan
XML process attribute refersto a description
of the input (token or tree), the output, and the
tool used. Figure 2 shows how a TOKENlayer
is built. This annotationallows for easystack-
ing of mark-up for tokenization, part-of-speech
(POS) tags,baseforms, namedentities, syntac-
tic treesetc. (Figure 4). The word-form token
from Figure2arethenrepeatedin thePARSEtrees
(<LEAF type="Scotia"/ >).

Figure 5 and Figure 6 show the current sta-
tus of our annotation“pipe tree” for tokensand
trees/graphs,respectively, as describedbelow.5

Figure 3 gives an overview of our currentanno-
tation layers.A comprehensive descriptionof the
tools and structurecan be found in the manual
(Dalmasetal.,2003a)distributedwith thecorpus.
This procedureis carriedout for thestories,ques-
tions,andanswerkeys (AppendixB).

4Treatmentof doesn't asdoesn't is but oneexample.
5Wecall it a“pipe tree”becauseit representsasetof “pipe

lines” (like UNIX pipes)with commoninitial sub-steps.
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Figure1: Building a richly annotatedcorpusin adistributedXML scenario.

Type Tool ProcessID Reference
SentenceBoundaries MXTERMINATOR ID (Ratnaparkhi,1996)
Tokenization Penntokenizer.sed ID TOK1

Tree-Tagger(internal) ID TOK2 (Schmid,1994)
LT TTT ID TOK3 (Groveret al., 2000)

Part-ofSpeech MXPOST TOK1 POS2 (Ratnaparkhi,1996)
Tree-Tagger TOK2 POS1 (Schmid,1994)
LT POS TOK3 POS3 (Mikheev et al., 1999)

Lemmatization CASS`stemmer' TOK1 LEMMA2 (Abney, 1996)
Tree-Tagger TOK2 LEMMA1 (Schmid,1994)
morpha POS1LEMMA3 (Minnenetal., 2001)

Stemming Porterstemmer LEMMA2STEM1 (Porter, 1980)
Stop-WordFiltering DeepRead LEMMA2CLEMMA2 (Hirschmanet al., 1999)

DeepRead STEM1CSTEM1 (Hirschmanet al., 1999)
SyntacticAnalysis ApplePieParser POS2SYN1 (SekineandGrishman,1995)

Minipar relations TOK1 SYN2 (Lin, 1998)
CASSchunktrees POS1SYN3 (Abney, 1996)
CASSdependency tuples POS1SYN4 (Abney, 1996)
Collins parsetrees POS2SYN5 (Collins,1997)

Figure3: Annotationtools: currentlayers.
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Figure6: Annotationlayerspersentence.

2.4 Normalization and annotation of the
corpus

The original CBC4Kids corpus from MITRE
comesmarked up with XML-lik e tags. After
authoringthe DocumentType De�nition (DTD),
processingcomprisedtwo steps(Figure1): �rst,
we normalizedthe corpusso asto make surethe
data consistently�ts the form describedby our
DTD. Becausethe minimal schemerequiressen-
tenceboundarydetection(cf. Section2.5)andthe
originalCBC4Kidscorpusonly containedmarkup
for paragraphs,normalizationalsoinvolved split-
ting eachparagraphinto a list of sentences.Sec-
ondly, we enrichedthe corpuswith linguistic an-
notationlayers.Annotationlayersareoptionalin
ourDTD. Eachannotationlayeris addedby apro-
gram taking an XML �le as input and ouputing
anotherXML �le containingtheadditionallayer;
Figure2 shows theinternalprocess.

2.5 Description of the layers

Sentenceboundary detection. We usedMX-
TERMINATOR (Ratnaparkhi,1996)to split each
paragraphinto sentences.Questionsand human

answersarealreadydemarcatedin thesourceCBC
corpusreleasedby MITRE .
Tokenization. Eachsentencewas tokenizedus-
ing the PennTreebanktokenizer, a sed(1)script
by Robert MacIntyre (University of Pennsylva-
nia)6. We modi�ed it slightly beforerunningit on
the corpusso asto recognizenumberseparators,
URLs, andintra-sententialquotationswhich were
characteristicof the CBC corpus. The resulting
tokensequencewasde�ned asprocessID TOK1.
POSTagging. Werecordedtheresultsof twoPOS
taggersfor comparisonpurpose:TreeTaggerand
MXPOST. TreeTagger(Schmid,1994) is a POS
taggerbasedon decisiontree induction. Trained
andtestedon a PennTreebanksample,it hasa re-
portedaccuracy of 96.34%(trigrammaximalwin-
dow size). The POS tagsof TreeTaggerde�ne
our layer TOK2 POS1 (TreeTaggercomeswith
a built-in tokenizer). MXPOST is a POStagger
basedon the Maximum Entropy framework that
hasa reportedaccuracy of 96.6%on Wall Street
Journaltext (Ratnaparkhi,1996). We have added
a tokenlayerTOK1 POS2basedon MXPOST.
Lemmatization. TOK1 LEMMA1, our �rst to-
ken layersof lemmata,is provided by TreeTag-
ger. Additionally, we obtaineda secondbase-
form layer TOK1 LEMMA2using the rule-based
programstemmer from theCASSsoftwaredis-
tribution (Abney, 1996).7

Stop-Word Filtering . We usedthe samestop-
wordssetasdescribedin theDeepReadbaseline
(Hirschmanet al.,1999).
Stemming. (Porter, 1980) describesa simple
stemmerfor English(LEMMA2STEM1).
SemanticClasses.DeepRead(Hirschmanet al.,
1999)usesWordNetto checkwordsfor subsump-
tion of the synsetsPERSONand/orLOCATION.
We have integratedthe result of this lookup as
layerLEMMA2_SEMCLASS1.
Parsing. PARSEtagsrecordtheoutputof several
differentparsersthatwehave includedin ourpipe
trees.
TheApple PieParser(APP) is a statisticalparser
trainedon the Wall StreetJournalsubsetof the
Penn Treebank(Sekine and Grishman, 1995).

6http://www.cis.upenn.edu/treebank/tokenization.html
7Despitethename,stemmer is a lemmatizerratherthan

a stemmer.



It comprisesonly non-terminalsfor NP and S
andparsesby re-combinationof NP/S-fragments,
memo-izingthecompletetrainingset. On unseen
WSJ material, it hasbeenreportedto achieve a
labeledprecision8 of 72.61%and 83% for sen-
tencesup to 15 words. APP returnesa single
besttree,which we have incorporatedasprocess
POS2_SYN1.
Minipar (Lin, 1998)is a rule-basedparserthatim-
plementsa proceduralmodel of Government&
Binding (GB) realizedas messagepassing;it is
derived from Principar(Lin, 1995), incorporates
knowledgeaboutnamedentitiesandcomprisesa
lexicon � 90k lemmata.Its outputconsistsof de-
pendency relationsover word token positions. It
has a reportedlabeleddependency precisionof
88.54%.This is theprocessTOK1_SYN2.
Shallow processingtechniqueshave emerged as
an ef�cient way to deal with large quantities
of text. `Chunking' – partial parsingby itera-
tivebottom-upbracketingusingmulti-layerdeter-
ministic �nite-state transducersfor non-recursive
noun/verbgroups(`chunks')– hasbeendescribed
by Abney (Abney, 1996)andimplementedin his
CASS. The chunker outputseither treesor de-
pendency relation tuples.9 We de�ne a layer
POS1SYN3 with trees of CASS chunks and
POS1SYN4with thedependency tuples.
(Collins, 1997) presentsthreestatistical,lexical-
izedparsingmodels.Wechosehismodel2 (which
modelsleft andright dependents),for integration
aslayerPOS2SYN5. ThePOS2layer is usedas
inputbecauseCollins' parserusesMXPOSTPOS
tagsfor handlingunknown words.Collins reports
88.35%labelledprecisionfor this modelon sen-
tenceswith lessthan40 words. Theaveragesen-
tencelengthin CBC4Kidsis 18 words(maximum
57).
The layersdescribedhereallow detailedcompar-
isonsof components'contribution for any NLQA
methodby exploringdifferentpathsin theannota-
tion “pipe tree”.
This annotationis work in progressand we are

8The reportednumbersfor parsetreeevaluationrefer to
thePARSEVAL.

9Since the latter output format is basednot on token-
positionbut on thesurfacestringof theregion, thereis a po-
tentialfor ambiguityif a surfacestringoccursmultiple times
in thesamesentence.

planningto includefurtherlayersfeaturinganaly-
sesof LT TTT, LT POS,LT CHUNK, namedentity
annotationusingMITRE's Alembic (Aberdeenet
al., 1995), LTG's MUC-7 system(Grover et al.,
2000),aswell asanaphorareferenceinformation.

3 Building NLQA SystemsasSetof
XML Filters

Thissectiondescribesthearchitectureof ourques-
tion answeringsystem. We built it to transfer
thebaselineresultsfrom thewordoverlapmethod
usedby theDeepReadsystemin connectionwith
theREMEDIA corpus(Hirschmanet al., 1999)to
the annotatedCBC4Kidsdataandto supportour
investigationof moresophisticatedmethods.
We exploited our XML annotationschemeusing
the STEM1_CSTEM1and LEMMA2_CLEMMA2
layersfor a baselinebasedon contentstemsand
contentlemmata,respectively. For the resultsof
our baselinesystemsee(Dalmaset al., 2003b).
The layer is a parameter, so any–even a user-
de�ned–layermay be usedwith our existing im-
plementation.Figure5 showsthese�nal layerswe
usedandtheir ancestorsin the linguistic pipeline.
We have implementeda batchNLQA systemas
a setof �lters in thefunctionalprogramminglan-
guageHaskell.10

The XML markup of linguistic information
greatly simpli�ed the implementationpart: the
NLQA systemwas reducedto a function �lter -
ing a tree (the XML documentcontainingstory
andquestions)andcomputingintersection(over-
lap) on lists of tokens.Figure7 shows theroot of
theXML treestructureof aCBC4Kidsdocument.
A document(DOC) instancecomprisesthe story
and the associatedsetof questionsand answers.
QuestionAnsweringis reducedto selectinga de-
siredlayerandintersectingthebagsof tokensas-
sociatedwith questionsandanswers,respectively.

4 RelatedWork

Corpus annotation. Someother corporahave
multiple annotationlayers. For example,(Grover
etal., submitted)use� ve linguistic layersfor their
DISP corpusof biomedicalabstractsin order to

10For an introduction, see (Thompson, 1999) or
http://www.haskell.org/ .
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comparetherelativeutility of shallow versusdeep
parsingin analyzingnominalcompounds.
XML alternatives. In the TIPSTER project
(NIST, online), a different architecturefor text
processingwasproposedthat doesnot make use
of XML: a TIPSTER-compliantapplicationan-
notatestext by maintainingcharacteroffset pairs
indicating the beginning andendof the zoneto-
getherwith thetypeof token,phraseetc.
Work on pipelines.An XML pipelinecanalsobe
describedin a specialglue languagefor streams
suchasthe XML streamprocessorSTnG(Krup-
nikov, submitted).Themainadvantagewould be
to formulatetheprocessingpipelinein a language
that allows any kind of executableto be called
without usinga combinationof XML parserand
aprogramminglanguage(suchasLTG xmlperl
plusPerl).
XML-awar e languages. Finally, new special-
purposeprogramminglanguagesare alreadybe-
ing designed,which—like CDuce (Benzaken et
al.,2002)—treatDTDsandtheirelementsas�rst-
order objects and allow direct manipulationof
DTDs and XML documentinstanceswithin the
functional paradigm;theseare expectedto sim-
plify XML processingfurther.

5 LessonsLearnt and Future Work

XML Pervasiveness. The NLP communityhas
now widely adoptedthe useof SGML or XML
for computercorpusannotation.XML-awaresoft-

ware such as input/outputapplicationprogram-
ming interfaces(APIs),searchandtransformation
toolsarenow alsoavailable.However, thelinguis-
tic communityhasnot generallyadoptedXML as
thestandardoutputformatfor parsers,taggersetc.,
sothatit is still necessaryto investsigni�cant time
to developconverters.Thecollaborative develop-
mentscenariowehaveusedherehasproveneffec-
tive in supportingthis in adistributedfashion.Be-
causethereareis a largenumberof toolsavailable
for XML processingand it is programminglan-
guageindependent,XML is the ideal corpusex-
changemeta-formatwithin andbetweengroups.
DTD. Tokenizationis currentlyconsideredastan-
dard word-basedprocess. In fact, it shouldalso
be encodedas a non-terminallayer becauseits
original input is a string,from which differentto-
ken sequences(with varying lengths)canbe ex-
tracted,dependingontheindividual tool (seefoot-
note3).11

Applications. We are planning to use the
CBC4Kids for future NLQA experimentsas a
testbedfor evaluation.Thepresentparsetreesand
dependency relationswill allow us to developse-
mantically orientedansweringstrategies, includ-
ing shallow inference(Webberet al., 2002),and
performancemeasurementsbasedon outputfrom
differentsetsof tools canbe comparedin a task-
basedevaluation.
Re-use.We do not know of any othercorpusthat
hasbeenautomaticallyannotatedwith compara-
bly rich strataof linguistic knowledgeandbelieve
thatthecorpuscanbeavaluableresourcefor other
NLQA researchgroupsas well. The annotated
corpuswill be distributedby MITRE with layers
as given above, including answersgiven by our
systemfor the DeepReadbaseline. Pleasecon-
tactLisa Ferrodirectly for acopy.12
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A SampleStory fr om CBC4Kids

Mour ning in an Alberta Town
April 29,1999

PastorKenGartly providedcomfortandprayerto peoplein
Taber, Alberta yesterdayafter two studentswereshotat the
town's highschool.

Studentsat W. R. Myers high schoolhad just settleddown
after lunch when a 14-year-old boy walked in and shot
two students,killing one. The shooting comesa week
after the shooting tragedy at Columbine high school in
Littleton, Colorado. “We have a sonanddaughter-in-law in
Denver,” saysPastorGartly afteraneveningserviceat Taber
Evangelical Free Church where worshipersdiscussedthe
day's tragic events. The deadteenagerhasbeenidenti�ed
asJasonLang,17. Theothervictim, ShaneChristmas,also
17,hademergency surgeryyesterdayat LethbridgeRegional
Hospital. This morning his condition was reportedas fair
to serious. The two grade11 studentsweresaid to be best
friends.

Eight thousandpeoplelive in Taber, which is 300kilometres
southeastof Calgary. Many membersof the community
are membersof the Mormon Church or are evangelical
Christians.

Taber was foundedat the beginning of the century. It is
mainly madeup of decendentsof thearea's earlyhomestead
pioneers,of CentralEuropean,Polish,Japanese,Dutch and
variousotherracialbackgrounds.
[...]

Policecon�rmed thegunmanwastaken into custodyby the
schoolresourceof�cer, who is alsoa memberof the Taber
PoliceService.Thesix hundredmostlyInuit residentsof the
northernQuebecvillage of Kangiqsualujjuaqhad planned
to bury the bodiesof nine of their friendsandchildrenin a
funeral this afternoon.But the badweatherthat resultedin
theirdeathshasalsodelayedthefuneraluntil Tuesday.

Questions

Whoshottwo studentsat a highschoolin Taber?

Whattime of daydid theTabershootingtake place?

Whereis theTabergunmannow?

Whodiedin theTabershooting?(seeFigure8)

Why is ShaneChristmasin thehospital?

Why wereyesterdayevening'sactivitiesatTaberEvangelical

FreeChurchmodi�ed?

Whenwastherea schoolshootingin Colorado?

B The Encodingof Questionsand
Answers

Figure10 shows the hierarchicalstructureof our
XML encodingfor questions,answersandsystem
results.

Figure 8: HTML view of a question. score is
WdAnsRecallfrom (Hirschmanet al., 1999).

Figure9: HTML view of somelinguistic layersof
thecorrespondinghumananswer.
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