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Abstract

Recently reading comprehensiorniests
for studentsand adult languagelearn-
ers have receved increasedattention
within the NLP communityasa means
to develop and evaluate robust ques-
tion answering(NLQA) methods. We
presentour ongoingwork on automat-
ically creatingrichly annotatedcorpus
resourcesfor NLQA and on compar
ing automatic methodsfor answering
guestionsagainstthis dataset. Start-
ing with the CBC4Kidscorpuswe have
added XML annotationlayers for to-
kenization, lemmatization, stemming,
semanticclasses,POS tags and best-
ranking syntacticparsesto supportfu-
ture experimentswith semanticanswer
retrieval and inference. Using this
resource,we have calculateda base-
line for word-overlap basedanswerre-
trieval (Hirschmanet al., 1999) on the
CBC4Kids dataand found the method
performsslightly betterthanon the RE-
MEDIA corpus.We hopethatourrichly
annotatedrersionof the CBC4Kidscor
puswill becomeastandardesourcees-
peciallyasa controlledervironmentfor
evaluatinginference-basetkchniques.

1 Intr oduction

Thegoal of computersystemsapableof simulat-
ing understandingvith respecto readinga story

andansweringguestionsaboutit hasattractedre-
searchersincethe early 1970s. We presentour
ongoingwork on creatingrichly annotatedorpus
resourcegor NLQA that canprovide input for a
wide rangeof NLQA techniguesand simultane-
ously supporttheir evaluationandcrosscompari-
son.

2 RelatedWork

The challengeto computersystemsof readinga
story or article and demonstratinginderstanding
throughquestionansweringwvas rst addresseth
Charniaks Ph.D. thesis(Charniak,1972). That
work shavedtheamountanddiversityof bothlog-
ical and commonsensereasoningneededo link
togetherwhat was said explicitly in the story or
articleandtherebyto answemuestionsaboultit.

Morerecentwork hasstressethevalueof read-
ing comprehensioexamsasa researctthallenge
in termsof (1) their taigetingsuccessie skill lev-
els of humanperformance and hencetheir po-
tential to challengeautomatedystemso succes-
sively higherlevelsof performancéHirschmaret
al., 1999),and(2) the existenceof independently
developedscoringalgorithmsand humanperfor
mancemeasuresas an alternatve to the special
purposeevaluationsdevelopedfor TREC Open
DomainQuestion-AnsweringVoorheesaandTice,
1999).

The rst attempto systematicallgeterminghe
feasibility of readingcomprehensiotasksasare-
searchchallengegor automatedystemsvasDeep
Read(Hirschmanet al., 1999). DeepReades-
tablishedabaselineon a professionally-deeloped



remedialreadingcomprehensiotestfor children
in grades3-6 (ages8-12), usinga simple bag-of-
wordsapproach.Scoringessentiallyby word in-
tersectiorwith theanswetkey providedby thetest
designerDeepReads simpleapproachproduced
sentence-lel answerghatagreedwith sentences
supportingthe answerkey (a metric calledHum-
Sent seebelav) 30% of thetime. Thatwassuf-
cientto establishreadingcomprehensionestsas
a tractableresearchproblem for automatedsys-
tems! This work wasfollowed in 2000 by both
anANLP-NAACL workshoponReadingCompe-
hensionTestsas Evaluationfor ComputeBased
Languae UndeistandingSystentsanda Summer
workshopon technologyfor readingcomprehen-
sionQA atthe JohnsHopkinsUniversity3

3 Automatic Linguistic Annotation

Our work is driven by the following obseration
(CottonandBird, 2002):“With all theannotations
expressedn the samedatamodel, it becomesa
straightforvard matterto investigatethe relation-
shipsbetweerthe variouslinguistic levels. Mod-
eling the interactionbetweeninguistic levelsis a
centralconcerri.

The CBC4Kids corpus was developed at
MITRE?#, basedon a collectionof newspapersto-
ries for teenagerswritten for the CBC's WWW
site®> To eacharticle selectedfor inclusion in
the corpus,Ferroand her colleaguesaddeda set
of 8-10 questionsof variousdegreesof dif culty
(Ferro, 2000). The corpusalso includesone or
more answerdor eachquestionin the form of a
disjunctionof a phraseor a clause(the “answer
key").

Dueto thewide availability of XML processing
tools, we decidedto de ne an XML DTD for the
CBC4Kidscorpusandto corvertvariousautomat-

INotabene: despitethe namethe strandof researctwe
reporthere makes no claims asto the cognitive aspectsof
humanreadingcomprehensiofLevelt andKelter, 1982).

2http://acl.ldc.upenn.edu/W/W00/ in which
resultswerereportedby othergroupsworking on this same
corpus

Shttp://ww.clsp.jhu.edu/ws2000/
groups/reading/

4The contactpersonfor the corpusis Lisa Ferro(address
seeSection?).

Shttp://www.chc4kids.ca

<TOKEN process="1D_TOK1" id="1" src="had" dst="bad"/>
<TOKEN process="ID_TOK1" id="2" src="weather" dst="weather"/>

"bad weather"
MXPOST
"bad_JJ weather_JJ"

<TOKEN process="TOK1_POS2"
<TOKEN process="TOK1_POS2" i

wrapper :: [TOKEN]-> String
tool :: String > String
! wrapper :: String -> [TOKEN]

"bad" dst="J"/>

Layer TOK1_POS2 :: [TOKEN] "weather" dst="NN"/>

Transformation Types Data Example

Figurel: Building anew layerof TOKEN tags.

ically® obtainedinguistic formsof annotatiorinto
XML andintegratethem so asto provide a rich
knowledgebasefor our own NLQA experiments
andpotentialre-useby othergroups.We selected
asetof toolswith theguidingprinciplesof 1) pub-
lic availability, 2) usefulnesdor our replicationa
DeepRead-stylebaselinesystem,and 3) quality
of the automaticannotation.Becausemostavail-
abletools (with the exceptionof TTT, (Grover et
al., 2000))do not outputXML, we hadto develop
asetof corverters.

Each sentencehas three different representa-
tions: 1) theoriginal string,2) alist of tagslabeled
TOKENencodingthe resultsfrom linguistic tools
that give informationon words (POStags,stems,
etc.),3) alist of trees(PARSH correspondindo
anon-terminalevel, i.e. syntacticor dependenc
analyses. This is a compromisebetweenredun-
dany andeaseof use.

Becausevariousforms of linguistic processing
dependon the output of other tools, we wanted
to make this processindhistory explicit. We de-
visedamulti-layerannotatiorschemen whichan
XML process attribute refersto a description
of the input (token or tree), the output, and the
tool used.Figurel shavs how alayer of TOKEN
is built. This annotationallows for easystacking
of mark-upfor tokenization part-of-speecliPOS)
tags, baseforms, namedentities, syntactictrees
etc. (Figure3).

Figure 4 and Figure 5 shav the currentstatus
of our annotation“pipe tree” on the token and
sentencéevels, respecirely, asdescribedelav’.

6Note that the gold standardfor the questionanswering
task are the “gold answers”,not perfectlinguistic annota-
tions.

"Wecallit a“pipe tree”becausé representasetof “pipe
lines” with commoninitial sub-steps.
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Figure4: Annotationlayerspertoken. Therepli-
catedDeepReadbaselinesystenmpipelineis high-
lighted.

Figure2 givesan overview of our tamgetedanno-
tation. A comprehense descriptionof the tools
andstructurecanbefoundin the manual(Dalmas
etal., 2003)distributedwith thecorpus.

The layersdescribedhereallow detailedcom-
parisons of components' contritution for ary
guestiomansweringnethodby exploring different
pathsin theannotatioripipe tree”.

We have implementedconverters for all the
tools listed (exceptthe LTG tools, which output
XML andhencedo not needconversion)in Perl,
and a masterscript that assembleshe individual
converters' output into a well-formed and valid
XML documeninstance.
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Figure5: Annotationlayerspersentence.

Dif culty | QC R P AutSent HumSent
Easy 237 0.74 0.18 0.75 0.74
Moderate| 177 0.57 0.22 0.55 0.57
Difcult | 67 0.49 0.19 0.43 0.43
Average | 481 0.63 0.19 0.62 0.63
Table 1: Baseline evaluation using the

STEM1.CSTEML1 layer accordingto question
dif culty . QCis thenumberof questions.

This annotationis work in progressinsofar as
we are planningto include further layersfeatur
ing analysesof LT TTT, LT POS,LT CHUNK,
namedentity annotatiorusingMITRE's Alembic
(cf. DeepRead)the LTG MUC-7 systemaswell
asanaphoraesolutionsoftware.

4 BaselineResults

This section describesour experimentreplicat-
ing the baselinethat was previously computedoy
DeepReadon the REMEDIA corpus,but hereon
the CBC4Kidsdata.

We began exploiting the STEM1_CSTEM1
layerof our XML annotatiorschemeo getabase-
line using stemmedlemmataof contentwords.
Theshadedathin Figure4 shavsthesenal lay-
erswe usedand their ancestorsn the linguistic
pipeline, from token throughlemma, stemming,
stop-word removal, asin the Deep Readexperi-
ments.

We have implementeda batchQA systemasa
setof lters in the functional programminglan-
guageHaslell.8 The XML encodingof linguistic
informationgreatlysimpli ed theimplementation
part: the QA systemwasreducedo aprogram |-
teringatree(the XML documentontainingstory
and questionsyand computingintersection(over-
lap) on lists of tokens. Table 1 shavs the results
for thebaselineusingthe STEM1_CSTEMiter.
The answerof the systemareaddedto the XML
le asaseparatéayet

The evaluationmetricsin Table1 arethe same
asdescribedn (Hirschmanet al., 1999), namely
Recall, Precision AutSentandHumSent®

8http://www.haskell.org
9Cavelector: Thede nitions for P andR in (Hirschman
etal., 1999)appeato have beenswapped.



Type Tool ProcessD Reference
Sentencd&oundaries MXTERMINATOR ID
Tokenization Penntokenizersed ID _TOK1
Tree-Tagger(internal) ID _TOK2 (Schmid,1994)
LTTTT ID _TOK3 (Groveretal., 2000)
Part-of Speech MXPOST TOK1POS2 (Ratnaparkhil996)
Tree-Tagger TOK2POS1 (Schmid,1994)
LT POS TOK3POS3 (Mikheer etal., 1999)
Lemmatization CASS*“stemmer” TOK1LLEMMAZ2 (Abngy, 1996)
Tree-Tagger TOK2LEMMA1 (Schmid,1994)
morpha POS1LEMMAS (Minnenetal., 2001)
Stemming Porterstemmer LEMMA2STEM1 (Porter 1980)
Stop-Word Filtering DeepRead LEMMA2CLEMMA2 (Hirschmaretal., 1999)
DeepRead STEM1CSTEM1 (Hirschmaretal., 1999)
SyntacticAnalysis Apple PieParser POS2SYN1 (SekineandGrishman 1995)
Minipar relations TOKLSYN2 (Lin, 1998)
CASSchunktrees POS1SYN3 (Abney, 1996)
CASSdependenctuples POS1SYN4 (Abney, 1997)
Collins parsetrees POS2SYN5 (Collins, 1997)
CCGparsetrees POS2SYN6 (Hockenmaierand Steedman2002)
LT CHUNK POS3SYN7 (Mikheev etal., 1999)
NamedEntity Tagging DeepRead(WordNet) LEMMA2SEMCLASS1 (Hirschmaretal.,1999)
MITRE Alembic TOKLNE1 (Aberdeeretal., 1995)
LTG MUC-7 SYN7.NE2 (Mikheer etal., 1998)
AnaphoraResolution  N.N. SYNSAR1 N.N.

Figure2: Annotationtools: Targetedlist of layers.

QuestionType R P AutSent HumSent
when 0.71 0.15 0.76 0.76
who/-se/-m 0.68 0.16 0.67 0.71
how 0.71 0.21 0.70 0.70
how many/much 0.62 0.08 0.63 0.67
what 0.66 0.26 0.63 0.65
which_np 0.70 0.08 0.60 0.60
where 0.58 0.14 0.56 0.56
how_att 0.56 0.15 0.56 0.56
what_np 0.59 0.18 0.56 0.56
why 0.57 0.23 0.52 0.51

Table2: Baselineevaluation(STEM1.CSTEM1)
accordingo questiontype.

HumSent
0.69 0.70
0.55
1 0.48 0.53

<=3 ‘3<x<:5‘5<x<:8‘8<x<:l$ <12 QLength
Figure6: HumSentccurag by lengthof question
bag(STEMLCSTEML1). The averagebaglength
for QLength 12 is 14 words,with a maximum
of 19words.

R =  CWsa CWha / CWha

P =  CWsag CWha / CWsg

AutSent = # senence R(sertencg O

HumSent = list of sentencesonsideed as
answes by a humanannotator

cw . contentwords

sa . systemanswer

ha > humananswer(aphrase).

Sentencesontainingthe answerpicked by hu-
manandmachineyespectiely, arealsomarkedup
in XML. We have developedanautomatedvalu-
ationprogramthatcancurrentlytake into account
threeparametersthe dif culty of the answer(as
annotatedn the original CBC4Kidsrelease see
belan), thequestiortype(basednthe WH-word)
andthe length of the questionbag. Table2 and
Figure6 shav someof theresults.

5 Discussion

As alreadynoted thequestionsonstructedor the
CBC4Kids corpusare ratedasto their dif culty
(Ferro,2000):

“Easy: Usesexactwordingfrom the
text and/orthe questionandanswerare



closeto eachotherin thetext. [...] Mod-
erate: Someparaphrasindgrom the text
and/or the questionand answerarent
closeto eachotherin thetext. [...] Dif -
cult: Veryor entirelydifferentwordsare
usedin question;lots of othertempting
but incorrectanswersare in the story;
subtleknowledgeis requiredto answer
thequestiori.

Table1 shaws the performanceof the baseline
system,broken down by dif culty class. For all
scoringmetricsotherthanPrecision(P), the table
shaws a strong correlationbetweenthe retrieval
scoreandthe classassignecdaccordingto Ferro's
guidelinedor Q&A writing. As for Precisionijt is
not really signi cant becausdhumananswersare
phrasesand our systemoutputsa sentencesan-
swer However, Precisionallows us to seefrom
Table 2 that very shortanswersare expectedfor
HOW_MANWOW_MUC&hd WHICH_NPques-
tions. This is not surprisingfor HOW_MAN®&T
HOW_MUCHuestions,for which expected an-
swersare very short namedentities (How many
people? twenty-ve. Butfor WHICHNPques-
tions,they arein factexpectinganamedentity and
especiallya propername(ln which city / Which
two African leades / Which U.S. statey. The
lengthof theexpectedanswelis notsoobviousfor
otherquestionghatexpectnamedentities,suchas
WHENjuestions.The main reasonfor this is that
the corpusitself asksfor a story comprehension
andnotfor generabnswersasin the TRECevalu-
ation. For example,the following WHENMjuestion
Whendid Wison climb ontothe second- oorbal-
cony? expectsalonganswer.whenhehead the
criesof Westlg, Hughesandtheir children

As alreadynotedby Hirschmarandco-workers
for DeepRead,the Recall(R) andHumSentmet-
rics behae in a similar manner But herefor WHY
andWHICH_NRjuestionsye noticea signi cant
difference:generallythesequestionscontainone
or two wordsrepeatedall alongthe story (name
of the main characteifor instance)and therefore
the possibility of a tie betweenpossibleanswers
becomesnoreimportant. This is particularytrue
whenthe questionbagis eithershort(between3
and5 words)or very long (morethan 12 words,

seeFigure6).

Sincean answeroccursgenerallyonly oncein
astory we cannotrely ontechniquesisingredun-
dang. Buttheadwantageof ashorttext is alsothat
deepeNLP techniquesanbeusedappropriately

We obtainsigni cantly higherRecallscoredor
CBC4Kidscomparedo DeepReads performance
on the REMEDIA corpus,althoughthe language
usedin the latter is tamgetedat a much younger
agegroup. Independenexperimentsat MITRE
have also yielded higher performancescoresfor
CBC4Kids1?

Onepossibleexplanationfor the overall higher
scoreds thatthe CBC4Kidsquestionsverecom-
posedwith a NLQA systemin mind: for instance,
guestionauthorsweretold to avoid anaphoriaef-
erencesn the questiongFerro,2000),which are
quite frequentin the REMEDIA questions. An-
otherpossibleexplanationis thatthe shortersen-
tencelength due to the youngeraudiencefrag-
mentsinformationacrosssentenceshusdecreas-
ing term overlap at the given sentencegranular
ity.11 It remainsto be investigatechow muchthe
purposeof text productionimpactsreadingcom-
prehensionsimulationresults,as the REMEDIA
text and questionswere not authoredwith anin-
formative purposen mind. In theCBC4Kidscase,
thetext waspre-«isting andcreatedwith informa-
tive intent, but the questionsverecreateda poste-
riori; hencebothmethodsarearti cial, butin dif-
ferentways.

It is quite easyto carry out an error analysis
oncetheresultsof the systemhave beenencoded
in XML. A simple XSL stylesheetan be suf-
cientfor extractingquestionandanswersve want
to analysgFigures7 and8).

6 FutureWork

This sectiondescribesomeof theexperimentave
have plannedfor thefuture. Thesearelikely to re-
quireaddingfurtherlayerswith linguistic annota-
tion.

6.1 Towards Predicate/Argument Structure

Surface overlap metricsare intrinsically limited,
since they cannot, for instance,distinguish be-

10BenWellner, personatommunication.
11| jsa Ferro,personatommunication.



tween man bites dog and dog bites man—they

are a-semantian nature. To overcomethis, we

are planningto utilize the various syntacticrep-
resentationgcf. Figure 2) to obtain predicate-
argumentstructuregbite(man, dog) versus
bite(dog, man) ), whichallow for higherpre-
cision. Onepathof investigationis to inducethe

grammamunderlyingthe corpusto Iter thetopn

mostlikely productionsandto subsequenthadd
semanticcompositionrules manually Another
path worthwhile exploring is learningthe map-
pings from chunksto predicate-gjument struc-
turesin a supervisedegime. Oncewe have more
robust methodsof predicate-ayjumentstructures,
we will be ableto explore shallav inferencegor

NLQA (Webberetal., 2002)in the controlleden-
vironmentthat CBC4Kidsprovides.

Onepathof investigationis to inducethegram-
marunderlyingthe corpus,to Iter thetop-nmost
likely productionsand to subsequentlyadd se-
manticcompositionrules by hand. Anotherpath
worthwhile exploring is learning the mappings
from chunksto Quasi-LogicalForms(QLF) in a
supervisedegime.

Oncewe have morerobustmethodsof QLF ex-
traction,we will beableto explore shallav infer-
encedor NLQA (Webberetal., 2002)in the con-
trolled ervironmentthat CBC4Kidsprovides.

6.2 Comparing Answers

Eachquestionin the CBC4Kidscorpusrecevesat
leastone answerdeterminedby a humanannota-
tor. We would like to usethis rich annotationto
begin a study on detectingmultiple answercases
which is part of the currentroadmapfor research
in NLQA in the TREC community(Burgeretal.,
2001).

Few have sofar proposedo considerthe eval-
uationof NLQA systemsretrieving complex an-
swers, but recently (Buchholz and Daelemans,
2001) and (Webberet al., 2002) have suggested
differentclassi cationsetsfor comparinganswers.
Thiswould allow NLQA systemdo provide mul-
tiple answerdinked togethery labelsexpressing
theirrelationshipsuchas“P impliesQ”, “P andQ
areequialent”,“P andQ arealternatve answers”
(exclusiveness);P andQ provide a collective an-
swer” (complementarity) and others(Webberet

al.,2002).

One goal of this threadof researchs to build
a practicalframework for evaluationmultiple an-
swersthatallows answercomparison.

7 Conclusions

We have describedhe proces®f creatingrich an-
notationof the CBC4Kidscorpusof newsfor chil-
dren. The chosenXML annotationarchitecture
is a compromisethat allows for multilayer anno-
tation whilst simplifying the integration of added
linguisticknowledgefrom heterogeneousolsets.
The architecturereducesmary applicationsto a
sequenceof selectionsand functional mappings
overtheannotatiodayers.Theapplicationof such
a schemes by no meansrestrictedto the corpus
underconsiderationyve intendto reuseit, notably
for textual resource$rom the biomedicaldomain.

Onthebasisof theresultingdatasetCBC4Kids,
we have replicatedan evaluation performedby
(Hirschmanet al., 1999), but on the CBC4Kids
corpus.Thiswill seneasabasisfor ourfutureex-
perimentsinvolving robust semanticconstruction
andinferencefor questionanswering.

We do not know of ary other corpusthat has
been automatically annotatedwith comparably
rich strataof linguistic knowledgeandbelieve that
thecorpuscanbeavaluableresourcealsofor other
NLQA researchgroups.

The corpusis distributed by MITRE, with lay-
ersasgivenabove,includinganswergivenby our
systemfor the DeepReadbaseline Pleasecontact
Lisa Ferrodirectly for acopy.'?
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A SampleStory from CBC4Kids

Tragedy Strik esa Northern Village
January4, 1998

The six hundred mostly Inuit residentsof the
northernQuebecvillage of Kangiqsualujjuadad
plannecdto bury the bodiesof nine of their friends
and childrenin a funeralthis afternoon. But the
badweatherthatresultedin their deathshasalso
delayedhefuneraluntil Tuesday
Kangigsualujjuag* is about 1,500 kilometres
north of Montreal, at the mouth of the Geoge
River on Ungava Bay. This region is known as
Nunavik.
An avalanchehit the town's Satuumsik school
gymnasiumin the Northern Quebeccommunity
early Fridaymorning.

[...]
Principal Jean Leduc said an inquiry commis-
sionedby the local schoolboardafter the earlier
avalanchehadrecommendedhat fencesbe built.
The fenceswere never built. Speculationon the
causeof the avalanchecenteredon a ceremonial
gun salute at midnight, 90 minutes before the
snawv crashedn. Villagerswonderedf the shots
setin motionvibrationsthateventuallycausedhe
avalanche while otherswonderedif music from
thedancehadplayedarole.
Police and avalancheexperts will travel to the
village to investigatehe tragedy Quebedremier
Lucien Bouchardannouncedherewill be a full
publicinquiry into thedisaster

Questions

How faris Kangigsualujjuadrom Montreal?
Whendid the avalanchehit theschool?
WherewasMary Baronwhenthe avalanchenit?
How mary peoplewere seriouslyinjured by the
avalanche?

What delayedthe funeral of the thosewho were
killed?

Whatcouldhave possiblypreventedthetragedy?
Whowill investigatehetragedy?

Figure7: HTML view for a question. The scoe
given for eachanswercorresponddo the over-
lap betweena candidateanswersentenceandthe
questionWdAnsRecall).

Figure8: Partial HTML view of linguistic layers
for ahumananswer



