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Abstract

This paperdescribeghe developmentof
QuestionBank,a corpus of 4000 parse-
annotatedjuestiondor (i) usein training
parsersemplo/ed in QA, and (ii) evalua-
tion of questionparsing.We presenta se-
ries of experimentsto investigatethe ef-
fectivenessof QuestionBankas both an
exclusve and supplementaryraining re-
sourcefor a state-of-the-amparserin pars-
ing both questionand non-questiontest
sets. We introduce a newv method for
recovering empty nodes and their an-
tecedentgcapturinglong distancedepen-
dencies)from parseroutputin CFG trees
using LFG f-structurereentrancies. Our
main ndings are (i) usingQuestionBank
trainingdataimprovesparsemperformance
to 89.75%labelledbracleting f-score,an
increaseof almost 11% over the base-
line; (ii) back-testingexperimenton non-
guestiondata (Penn-11 WSJ Section 23)
shaws that the retrainedparserdoesnot
sufferaperformancaroponnon-question
material; (iii) ablationexperimentsshav
thatthe size of training materialprovided
by QuestionBankis sufcient to achieve
optimalresults;(iv) our methodfor recor-
ering empty nodescapturedong distance
dependencies questiondrom the ATIS
corpuswith high precision(96.82%)and
low recall (39.38%). In summary Ques-
tionBank provides a useful new resource
in parsetbasedQA research.

1 Intr oduction

Parse-annotatetbrporatreebanksarecrucialfor
developing machinelearningand statistics-based
parsingresourcedor a given languageor task.
Largetreebanksreavailablefor majorlanguages,
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however theseare often basedon a speci ¢ text
type or genre,e.g. nhancial newspapertext (the
Penn-lITreebankMarcusetal., 1993)). This can
limit theapplicabilityof grammaticatesourcein-
ducedfrom treebanksn that suchresourcesun-
derperformwhenusedon a differenttype of text
or for aspeci c task.

In this papemwe presentvork on creatingQues-
tionBank,atreebanlof parse-annotateglestions,
which canbe usedasa supplementaryrainingre-
sourceto allow parsergo accuratelyparseques-
tions (aswell asothertext). Alternatively, the re-
sourcecanbeusedasastand-alondrainingcorpus
to train a parserspeci cally for questions.Either
scenariowill be usefulin training parserdor use
in guestionansweringQA) tasks,andit alsopro-
videsa suitableresourceo evaluatethe accurag
of theseparsern questions.

We use a semi-automatic “bootstrapping”
methodto createthe questiontreebankfrom raw
text. We shav that a parsertrainedon the ques-
tion treebankalone can accuratelyparse ques-
tions. Trainingonacombinedcorpusconsistingof
the questiontreebankand an establishedraining
set(Sections02-21 of the Penn-lI Treebank)the
parsergives state-of-the-arperformanceon both
guestionsanda non-questiortestset (Section23
of thePenn-1ITreebank).

Section2 describesackgroundvork and mo-
tivation for the researchpresentedn this paper
Section3 describesthe data we usedto create
the corpus. In Section4 we describethe semi-
automatiomethodto “bootstrap”the questioncor
pus, discusssome interestingand problematic
phenomenaand shav howv the manualvs. auto-
maticworkloaddistribution changecdaswork pro-
gressed.Two setsof experimentsusing our new
questioncorpusare presentedn Section5. In
Section6 we introducea new methodfor recover
ing emptynodesandtheir antecedentasingLex-
ical FunctionalGrammar(LFG) f-structurereen-



trancies. Section7 concludesandoutlinesfuture
work.

2 Background and Motivation

High quality probabilistic treebank-basegarsing
resourcesan be rapidly inducedfrom appropri-
ate treebankmaterial. However, treebank-and
machindearning-basedrammaticatesourcese-

ect the characteristicef the training data. They

generallyunderperfornon testdatasubstantially
differentfrom thetrainingdata.

Previous work on parserperformanceand do-
main variation by Gildea (2001) shaved that by
traininga parsemnthePenn-lITreebankandtest-
ing ontheBrown corpus parselaccurayg dropsby
5.7%comparedo parsingthe Wall StreetJournal
(WSJ) basedPenn-Il TreebankSection23. This
shavs a negative effect on parserperformance
even whenthe testdatais not radically different
from thetrainingdata(boththe Pennll andBrown
corporaconsistprimarily of writtentexts of Amer-
ican English,the main differenceis the consider
ably morevaried natureof the text in the Brown
corpus). Gildea also shavs how to resole this
problemby addingappropriatedatato thetraining
corpus but notesthata largeamountof additional
datahaslittle impactif it is notmatchedo thetest
material.

Work on moreradical domainvarianceandon
adaptingreebank-inducetdFG resourceso anal-
yse ATIS (Hemphill et al., 1990) questionmate-
rial is describedn Judgeet al. (2005). There-
searchestablishedhatevena smallamountof ad-
ditional training data can give a substantialim-
provementin questionanalysisin termsof both
CFG parseaccurag andLFG grammaticalfunc-
tionalanalysiswith nosigni cant negative effects
on nhon-questioranalysis.Judgeetal. (2005)sug-
gest,however, thatfurtherimprovementsare pos-
siblegivenalargerquestiortrainingcorpus.

Clark et al. (2004) worked speci cally with
guestionparsingto generatalependenciefr QA
with Penn-Il treebank-base€ombinatoryCate-
gorial GrammargCCG's). They use“what” ques-
tionstakenfrom the TREC QA datasetsastheba-
sisfor aWhat-Questiorcorpuswith CCGannota-
tion.

3 Data Sources

The raw questiondatafor QuestionBankcomes
from two sources,the TREC 8-11 QA track

test set$, and a questionclassi er training set
producedby the Cognitve ComputationGroup
(CC@) at the University of lllinois at Urbana-
Champaigr?. We useequalamountsof datafrom
eachsourceso as not to biasthe corpusto either
datasource.

3.1 TREC Questions

The TREC evaluationshave becomethe standard
evaluationfor QA systems. Their test setscon-
sistprimarily of factseekingquestionswith some
imperatie statementsvhich requestinformation,
e.g. “List the namesof cell phonemanufctur
ers’ We included 2000 TREC questionsin the
raw datafrom which we createdhequestiortree-
bank. These2000 questionsconsistof the test
questiondor the rst threeyearsof the TREC QA
track (1893questionsand107 questiongrom the
2003TRECtestset.

3.2 CCG Group Questions

The CCG provide a numberof resourcedor de-
veloping QA systems.One of theseresourcess
a setof 5500questionsandtheir answettypesfor
usein trainingquestiorclassi ers. The5500ques-
tionswerestrippedof answertype annotationdu-
plicatedTREC questionsvereremoved and 2000
questionsvereusedfor the questiontreebank.

The CCG5500questioncomefrom a number
of sourceqLi andRoth,2002)andsomeof these
guestionsontainminor grammaticamistales so
that, in essencethis corpusis more representa-
tive of genuinequestionghat would be putto a
working QA system.A numberof changesn to-
kenisationwerecorrectedeg. separatingontrac-
tions), but the minor grammaticakerrorswereleft
unchangedbecausave believe thatit is necessary
for aparserfor questioranalysigo beableto cope
with this sortof dataif it is to beusedn aworking
QA system.

4 Creatingthe Treebank

4.1 Bootstrapping a QuestionTreebank

The algorithmusedto generatehe questiontree-
bankis aniterative proces®f parsingmanualkor
rection,retraining,andparsing.

http:/itrec.nist.ge/data/ga.html

Note that the acrorym CCG hererefersto Cognitive
Computation Group, rather than Combinatory Categorial
Grammarmentionedn Section2.

Shttp://12r.cs.uiuc.edutogcomp/tools.php



Algorithm 1 Induce a parse-annotatetteebank
from raw data
repeat
Parsea new sectionof raw data
Manually correcterrorsin the parsemutput
Add the correcteddatato thetraining set
Extracta nev grammairfor the parser
until All thedatahasbeenprocessed

Algorithm 1 summariseshe bootstrappingal-
gorithm. A sectionof raw datais parsed. The
parser output is then manually corrected, and
addedotheparserstrainingcorpus.A new gram-
maris thenextracted,andthe next sectionof raw
datais parsed.This processontinueauntil all the
datahasbeenparsedandhandcorrected.

4.2 Parser

Theparsetusedto processheraw questiongprior

to manualcorrectionwas that of Bikel (2002),

a retrainableemulationof Collins (1999) model
2 parser Bikel's parseris a history-basegarser
whichusesalexicalisedgeneratie modelto parse
sentences.We usedWSJ Sections02-21 of the
Penn-lITreebanko trainthe parseffor the rst it-

erationof the algorithm. The training corpusfor

subsequeniterations consistedof the WSJ ma-
terial andincreasingamountsof processedjues-
tions.

4.3 BasicCorpus DevelopmentStatistics

Our questiontreebankwas createdover a period
of threemonthsat anaverageannotatiorspeedf
about 60 questionsper day This is quite rapid
for treebankdevelopment. The speedof the pro-
cessvashelpedby two mainfactors:thequestions
aregenerallyquite short(typically aboutlOwords
long), and,dueto retrainingon the continuallyin-
creasingrainingset,the quality of the parsesut-
putby theparseimproveddramaticallyduringthe
developmentof the treebankwith the effect that
correctionsduring the later stagesvere generally
quite small and not astime consumingas during
theinitial phase®f thebootstrappingrocess.
For example,in the rst weekof the projectthe
treesfrom the parsemwereof relatively poorqual-
ity and over 78% of the treesneededto be cor
rectedmanually This slowed the annotationpro-
cessconsiderablyand parse-annotatedquestions

“Downloadedfrom http://www.cis.upenn.edu/dbikel
/software.html#stat-parser

werebeingproducedatanaveragerateof 40trees
perday During thelater stagesf the projectthis
had changeddramatically The quality of trees
from theparsemasmuchimprovedwith lessthan
20% of the treesrequiringmanualcorrection. At

this stageparse-annotateduestionswere being
producedatanaveragerateof 90 treesperday

4.4 CorpusDevelopmentErr or Analysis

Someof the more frequenterrorsin the parser
output pertainto the syntacticanalysisof WH-

phrasegWHNP, WHPR etc). In Sections02-21
of thePenn-IlITreebanktheseareusedmoreoften
in relative clauseconstructionghanin questions.
As a result mary of the corpusquestionswere
given syntacticanalysesorrespondingo relative

clausegSBAR with anembedded) insteadof as
questiongSBARQ with anembedde&Q).Figure
1 providesanexample.

SBAR
WHNP S
| |
WP VP
|
Who  vgp NP
| PN
created DT NN
| |
the Muppets
()
SBARQ
WHNP SQ
| |
WP VP
|
Who  vgp NP
|
created DT NNPS

| |
the Muppets
(b)

Figurel: Exampletreebefore(a) andaftercorrec-
tion (b)

Becausd¢hequestionsaretypically short,aner
ror like this hasquite a large effect on the accu-
ragy for the overall tree; in this casethe f-score
for the parseroutput(Figure 1(a)) would be only
60%. Errorsof this naturewere quite frequent
in the rst sectionof questionsanalysedby the
parserbut with increasedrainingmaterialbecom-
ing availableduring successk iterations,this er
ror becameessfrequentand towardsthe end of



the projectit wasonly seenin rarecases.

WH-XP markingwasthe sourceof anumberof
consisten{thoughinfrequent)errorsduringanno-
tation. This occurredmostly in PP constructions
containingWHNPs. The parserwould outputa
structurdlike Figure2(a),wherethe PPmotherof
theWHNP is not correctlylabelledasa WHPPas
in Figure2(b).

PP WHPP
IN WHNP IN WHNP
| P |
by wbs NN by wps NN
|
whose  authority whose  authority
(a) (b)

Figure2: WH-XP assignment

The parseroutput often had to be rearranged
structurallyto varyingdegrees.Thiswascommon
in the longerquestions.A recurringerrorin the
parseroutputwasfailing to identify VPsin SQs
with a single object NP. In thesecasesthe verb
and the object NP were left as daughtersof the
SQ node. Figure 3(a) illustratesthis, and Figure
3(b) shawvs thecorrectedreewith the VP nodein-
serted.

SBARQ SBARQ
WHNP SQ WHNP SQ
V\llP VBD/\NP VJP VlP
WlhO killled Ghzlindi WlhO VBD/\N P
killled Ghelmdi
(a) (b)

Figure3: VP missinginside SQwith a singleNP

On inspection,we found that the problemwas
causedby copularconstructionswhich, accord-
ing to the Penn-Il annotationguidelines,do not
featureVP constituents.Sincealmosthalf of the
guestiondata contain copular constructions the
parsertrainedon this datawould sometimesnis-
analysenon-copularconstructionsor, corversely
incorrectly braclet copularconstructionsusing a
VP constituen{Figure4(a)).

Thepredictableatureof theseerrorsmeanthat
they weresimpleto correct. Thisis dueto thepar
ticular contet in which they occurandthe nite
numberof forms of the copularverh

SBARQ SBARQ
WHNP SQ WHNP SQ
W b weoviz R
WL‘“ VBZ/\NP What is % Tear of shadows

15 a fear of shadows

(@) (b)

Figure4: Erroneous/P in copularconstructions

5 Experimentswith QuestionBank

In orderto testthe effect training on the question
corpushason parsemperformancewe carriedout
a numberof experiments.In cross-alidation ex-
perimentswith 90%/10%splits we useall 4000
treesin the completedQuestionBanlkas the test
set. We performedablationexperimentgo inves-
tigatethe effect of varyingtheamountof question
andnon-questiortrainingdataontheparsers per
formance. For theseexperimentswe divided the
4000 questionsinto two sets. We randomly se-
lected400treesto be held out asa gold standard
testsetagainstwhich to evaluate,the remaining
3600treeswerethenusedasatrainingcorpus.

5.1 Establishingthe Baseline

The baselinewe usefor our experimentsis pro-

vided by Bikel's parsertrainedon WSJ Sections
02-21of thePenn-lITreebank Wetestonall 4000
questiongn our questiontreebankandalso Sec-
tion 23 of the Penn-1ITreebank.

[ QuestionBank | WSJSection23 |
Coverage| 100 | Coverage| 100
F-Score | 78.77| F-Score | 82.97

Tablel: Baselineparsingresults

Table1 shaws theresultsfor our baselinesval-
uationson questionand non-questiontest sets.
While the coveragefor both testsis high, the
parsetuunderperformsigni cantly onthequestion
testsetwith alabelledbracleting f-scoreof 78.77
comparedo 82.97 on Section23 of the Penn-II
Treebank. Note that unlike the publishedresults
for Bikel's parserin our evaluationswe teston
Section23 andincludepunctuation

5.2 Cross-\4alidation Experiments

We carriedout two cross-alidation experiments.
Inthe rst experimentwe performa10-foldcross-
validation experiment using our 4000 question



treebank.In eachcasea randomlyselectedsetof
10% of the questionsn QuestionBankwvas held
out during training and usedasa testset. In this
way parsedrom unseendatawere generatedor
all 4000questionsandevaluatedagainsthe Ques-
tionBanktrees.

The second cross-alidation experiment was
similar to the rst, butin eachof the 10 folds we
train on 90% of the 4000 questionsin Question-
Bankandon all of Sections02-21 of the Penn-II
Treebank.

In bothexperimentave alsobacktestachof the
ten grammarson Section23 of the Penn-II Tree-
bankandreportthe averagescores.

[ QuestionBank | Backtesbn Sect23 |

Coverage| 100 | Coverage| 98.79
F-Score | 88.82| F-Score | 59.79

Table 2: Cross-alidation experimentusing the
4000questiortreebank

Table 2 shavs the resultsfor the rst cross-
validation experiment,using only the 4000 sen-
tenceQuestionBankComparedo Tablel, there-
sultsshav a signi cant improvementof over 10%
onthebaselind-scorefor questionsHowever, the
testsonthenon-questiorsection23 datashav not
only asigni cant dropin accurayg but alsoa drop
in coverage.

| Questions [ Backtesin Sect23 |
Coverage| 100 | Coverage| 100
F-Score | 89.75| F-Score | 82.39

Table3: Cross-alidationexperimentusingPenn-
Il TreebankSectiongD2-21and4000questions

Table3 shaws theresultsfor the secondcross-
validationexperimentusingSection2-21of the
Penn-lITreebankandthe4000questionsn Ques-
tionBank. The resultsshav an even greaterin-
creasenthebaselind-scorethantheexperiments
usingonly thequestiontrainingset(Table2). The
non-questiorresultsare also betterand are com-
parableto thebaselingTablel).

5.3 Ablation Runs

In afurthersetof experimentsve investigatedhe
effectof varyingtheamountof datain theparsers
training corpus.We experimentwith varyingboth
the amountof QuestionBankand Penn-Il Tree-
bank datathat the parseris trainedon. In each
experimentwe usethe 400 questiontest setand

Section23 of the Penn-Il Treebankto evaluate
against,and the 3600 questiontraining set de-
scribedabore and Sections02-21 of the Penn-II
Treebankasthe basisfor the parsers trainingcor
pus.We reporton threeexperiments:

In the rst experimentwe trainthe parsemusing
only the3600questiortrainingset. We performed
ten training and parsingrunsin this experiment,
incrementallyreducingthe size of the Question-
Banktrainingcorpusby 10%of thewholeoneach
run.

Thesecondexperimentis similarto the rst but
in eachrun we add Sections02-21of the Penn-II
Treebankto the (shrinking) training set of ques-
tions.

Thethird experimentis the corverseof thesec-
ond, the amountof questionsin the training set
remains x ed (all 3600)andthe amountof Penn-
Il Treebankmaterialis incrementallyreducedby
10%on eachrun.

erage/F-Score

Cove

100 E;O 8‘0 7‘0 &‘;0 5‘0 4‘0 I;O 2‘0 10
Percentage of 3600 questions in the training corpus
Fcore Queeions S Sorerage Quesions Ky
Figure5: Resultdor ablationexperimentreducing
3600trainingquestionsn stepsof 10%

Figure 5 graphsthe coverageand f-score for
the parserin testson the 400 questiontest set,
and Section23 of the Penn-Il Treebankin ten
parsingrunswith the amountof datain the 3600
guestiontraining corpusreducingincrementally
oneachrun. Theresultsshav thattrainingononly
a smallamountof questionsthe parsercanparse
questionswith high accurag. For examplewhen
trainedon only 10% of the 3600 questionsused
in this experiment,the parsersuccessfullyparses
all of the 400 questiontestsetandachievesan f-
scoreof 85.59. However the resultsfor the tests
on WSJSection23 are considerablyworse. The
parsemever manageso parsethefull testset,and
thebestscoreat 59.61is very low.

Figure6 graphstheresultsfor the secondabla-
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Figure 6: Resultsfor ablationexperimentusing
PTB Sections02-21 ( x ed) and reducing 3600
guestionsn stepsof 10%
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Figure 7: Resultsfor ablation experimentusing
3600questiong x ed)andreducingPTB Sections
02-21in stepsof 10%

tion experiment. The training setfor the parser
consistsof a x ed amountof Penn-Il Treebank
data (Sections02-21) and a reducingamountof
guestiondatafrom the 3600questiontraining set.
Eachgrammaris testedon both the 400 question
test set, and WSJ Section23. The resultshere
aresigni cantly betterthanin the previous exper
iment. In all of therunsthe coveragefor bothtest
setsis 100%,f-scoresfor the questiontestsetde-
creaseasthe amountof questiondatain thetrain-
ing setis reducedthoughthey arestill quitehigh.)
Thereis little changen thef-scoredor thetestson
Section23,theresultsall fall in therange82.36to
82.46,whichis comparabldo the baselinescore.
Figure 7 graphsthe resultsfor the third abla-
tion experiment. In this casethe training setis a
x edamountof thequestiortrainingsetdescribed
above (all 3600questionsandareducingamount
of datafrom Section€2-210f thePennTreebank.

The graphshaws thatthe parsemperformsconsis-
tently well onthequestiontestsetin termsof both
coverageandaccurayg. Thetestson Section23,
however, shav thatastheamountof Penn-lITree-
bankmaterialin the training setdecreaseghe f-

scorealsodecreases.

6 Long DistanceDependencies

Long distancedependenciesre crucial in the
properanalysisof questionmaterial. In English
wh-guestionsthe frontedwh-constituentefersto
anargumentpositionof averbinsidetheinterrog-
ative constructionComparehesuper cially sim-
ilar

1. Who [t1] killed Harvey Oswald?
2. Who, did Harvey Oswaldkill [t1]?

(1) queriesthe agent(syntacticsubject)of the de-
scribedeventuality while (2) queriesthe patient
(syntacticobject). In the Penn-lland ATIS tree-
banksdependenciesuchasthesearerepresented
in termsof emptyproductionstracesandcoinde-
ationin CFGtreerepresentationg-igure8).

SBARQ
WHRP-1 SQ
|
WP NP/\VP
|
Who )
“T*1 yEp NP
|
killed  Harvey Oswald
(a)
SBARQ
WHKP-1 SQ
|
WP
|
Who  AUX NP VP

—_
did Harvey Oswald VB NP

| |
kil #T*1
(b)

Figure8: LDD resoledtreebanistyletrees

With few exceptions thetreesproducedy cur
rent treebank-basegrobabilistic parsersdo not
representong distancedependencie@-igure9).

Johnson(2002) presentsa tree-basednethod
for reconstructingLDD dependenciesn Penn-
Il trained parser output trees. Cahill et al.
(2004) presenta method for resolving LDDs

5Collins' Model 3 computesa limited numberof wh-
dependenciein relative clauseconstructions.



SBARQ

WHNP SQ

I I
WP VP

|
Who el NP

|
killed Harvey Oswald

(a)
SBARQ

WHNP SQ

I
WP

| AUX NP VP
Who |

—_
did Harvey Oswald VB

|
kill

(b)

Figure9: Parseroutputtrees

at the level of Lexical-Functional Grammar f-
structure (attribute-value structure encodingsof
basicpredicate-gjumentstructureor dependenc
relations)without the needfor emptyproductions
and coindeation in parsetrees. Their methodis
basedon learning nite approximationsof func-
tional uncertaintyequations(regular expressions
over pathsin f-structure)from anautomaticallyf-
structureannotatedersionof the Penn-llitreebank
andresohesLDDs at f-structure.In our work we
usethe f-structure-basednethodof Cahill et al.
(2004) to “reverseengineer’empty productions,
tracesandcoindeationin parsemutputtrees.We
explainthe processy way of aworkedexample.

We use the parseroutput tree in Figure 9(a)
(withoutemptyproductionsandcoindexation)and
automatically annotatethe tree with f-structure
information and computeLDD-resolution at the
level of f-structureusingthe resourcesof Cahill
etal. (2004). This generateshe f-structurean-
notatedire€ andthe LDD resolhed f-structurein
Figurel0.

Note that the LDD is indicatedin termsof a
reentrang [ 1 | betweerthequestiorFocus andthe
suBJ function in the resohed f-structure. Given
the correspondencketweerthe f-structureandf-
structureannotatednodesin the parsetree, we
computethatthe suBJ function newly introduced
andreentrantvith the Focus functionis anamgu-
mentof the PRED “kill' andtheverbform killed'
in thetree.In orderto reconstructhe correspond-
ing empty subjectNP nodein the parseroutput
tree,we needto determinecandidateanchorsites

8Lexical annotationgresuppressetb aid readability

killed Harvey Oswald

(a) 3

PRED who

*killhsuBJ OBJi ° g
PRED "Harvey Oswald’

PRED ’who’

(b)

FOCUS
g PRED
oBJ

SuUBJ

Figurel0: Annotatedreeandf-structure

for theemptynode.Theseanchorsitescanonly be
realisedalongthe pathup to the maximalprojec-
tion of thegoverningverbindicatedby "= # anno-
tationsin LFG. This establishethreeanchorsites:
VP, SQandthetop level SBARQ. Fromthe auto-
matically f-structureannotatedPenn-Il treebank,
we extract f-structureannotated®CFG rules for
eachof thethreeanchorsiteswhoseRHSscontain
exactly the information (daughtercateyoriesplus
LFG annotations)n the treein Figure10 (in the
sameorder)plus an additionalnode(of whatever
CFG catgyory) annotated suBJ=#, locatedary-
wherewithin the RHSs.Thiswill retrieve rulesof
theform

VP! NP[" suBi=# VBD['=#] NP[" 0BI=#]
VP!

SQ! NP[" suBJ=# VP['=#
SQ!

SBARQ'!

eachwith their associategrobabilities.We select
the rule with the highestprobability and cut the
rule into the treein Figure 10 at the appropriate
anchorsite (asdeterminedy therule LHS). In our
casethisselectsSQ ! NP[" suBi=#VP['=#]
andtheresultingtreeis givenin Figure1l. From
this tree, it is now easyto computethe tree with
the coindexedtracein Figure8 (a).

In orderto evaluateour empty nodeand coin-
dexationrecovery method,we conductedwo ex-
periments, one using 146 gold-standardATIS
guestiontreesand one using parseroutputon the
correspondingstringsfor the 146 ATIS question
trees.



SBARQ
WHNP-1 SQ
" FocUus=# @ "=#
|
,,V\_’Z NP VP
_| ' SUBJ=# "=
Who |
-NONE- /5 NP
*Tl_l ":|# " oBI=#
kiled "Harvey Oswald

Figurell: Resohedtree

In the rst experiment,we deleteemptynodes
and coindation from the ATIS gold standard
treesandandreconstructhemusingour method
andthe preprocessedTIS trees. In the second
experimentwe parsethe stringscorrespondingo
the ATIS treeswith Bikel's parserandreconstruct
the empty productionsand coindeation. In both
casesve evaluateagainstheoriginal (unreduced)
ATIS treesand scoreif andonly if all of inser
tion site,insertedCFG catgyory andcoindeation
match.

| | ParserOutput | Gold Standardrrees |

Precision 96.77 96.82
Recall 38.75 39.38

Table4: Scoresfor LDD recovery (empty nodes
andantecedents)

Table 4 shaws that currently the recall of our
methodis quite low at 39.38% while the accu-
ragy is very high with precisionat 96.82%on the
ATIS trees.Encouraginglyevaluatingparserout-
put for the samesentenceshaws little changein
the scoreswith recall at 38.75%and precisionat
96.77%.

7 Conclusions

The datarepresentetéh Figure5 shav thattrain-
ing a parseron 50% of QuestionBanlachieresan
f-scoreof 88.56%asagainst89.24%for training
on all of QuestionBank.This implies that while
we have notreachechnabsoluteupperbound,the
guestioncorpusis sufciently large that the gain
in accurag from addingmoredatais sosmallthat
it doesnotjustify theeffort.

We will evaluate grammars learned from
QuestionBankas part of a working QA sys-
tem. A beta-releasef the non-LDD-resoled

QuestionBank is available for download at
http://www.com  puti ng. dcu. ie /
jjudge/gtreeba nk/4 000gs.t xt. The -
nal,hand-corrected,DD-resohedversionwill be
availablein October2006.
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