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Abstract

This paperdescribesthe developmentof
QuestionBank,a corpus of 4000 parse-
annotatedquestionsfor (i) usein training
parsersemployed in QA, and(ii) evalua-
tion of questionparsing.We presenta se-
ries of experimentsto investigatethe ef-
fectivenessof QuestionBankas both an
exclusive and supplementarytraining re-
sourcefor astate-of-the-artparserin pars-
ing both questionand non-questiontest
sets. We introduce a new method for
recovering empty nodes and their an-
tecedents(capturinglong distancedepen-
dencies)from parseroutput in CFG trees
using LFG f-structurereentrancies.Our
main �ndings are(i) usingQuestionBank
trainingdataimprovesparserperformance
to 89.75%labelledbracketing f-score,an
increaseof almost 11% over the base-
line; (ii) back-testingexperimentson non-
questiondata (Penn-II WSJ Section23)
shows that the retrainedparserdoesnot
suffer aperformancedroponnon-question
material; (iii) ablationexperimentsshow
that thesizeof trainingmaterialprovided
by QuestionBankis suf�cient to achieve
optimalresults;(iv) ourmethodfor recov-
ering emptynodescaptureslong distance
dependenciesin questionsfrom the ATIS
corpuswith high precision(96.82%)and
low recall (39.38%). In summary, Ques-
tionBankprovides a useful new resource
in parser-basedQA research.

1 Intr oduction

Parse-annotatedcorpora(treebanks)arecrucialfor
developingmachinelearningandstatistics-based
parsingresourcesfor a given languageor task.
Largetreebanksareavailablefor majorlanguages,

however theseare often basedon a speci�c text
type or genre,e.g. �nancial newspapertext (the
Penn-IITreebank(Marcuset al., 1993)).This can
limit theapplicabilityof grammaticalresourcesin-
ducedfrom treebanksin that suchresourcesun-
derperformwhenusedon a differenttype of text
or for aspeci�c task.

In thispaperwepresentwork oncreatingQues-
tionBank,atreebankof parse-annotatedquestions,
whichcanbeusedasasupplementarytrainingre-
sourceto allow parsersto accuratelyparseques-
tions(aswell asothertext). Alternatively, the re-
sourcecanbeusedasastand-alonetrainingcorpus
to train a parserspeci�cally for questions.Either
scenariowill be useful in training parsersfor use
in questionanswering(QA) tasks,andit alsopro-
videsa suitableresourceto evaluatetheaccuracy
of theseparsersonquestions.

We use a semi-automatic “bootstrapping”
methodto createthe questiontreebankfrom raw
text. We show that a parsertrainedon the ques-
tion treebankalone can accuratelyparseques-
tions.Trainingonacombinedcorpusconsistingof
the questiontreebankandan establishedtraining
set(Sections02-21of the Penn-IITreebank),the
parsergivesstate-of-the-artperformanceon both
questionsanda non-questiontestset(Section23
of thePenn-IITreebank).

Section2 describesbackgroundwork andmo-
tivation for the researchpresentedin this paper.
Section3 describesthe data we used to create
the corpus. In Section4 we describethe semi-
automaticmethodto “bootstrap”thequestioncor-
pus, discusssome interesting and problematic
phenomena,andshow how the manualvs. auto-
maticworkloaddistribution changedaswork pro-
gressed.Two setsof experimentsusingour new
questioncorpusare presentedin Section5. In
Section6 we introduceanew methodfor recover-
ing emptynodesandtheir antecedentsusingLex-
ical FunctionalGrammar(LFG) f-structurereen-



trancies.Section7 concludesandoutlinesfuture
work.

2 Background and Moti vation

High qualityprobabilistic,treebank-basedparsing
resourcescan be rapidly inducedfrom appropri-
ate treebankmaterial. However, treebank-and
machinelearning-basedgrammaticalresourcesre-
�ect thecharacteristicsof the trainingdata.They
generallyunderperformon testdatasubstantially
differentfrom thetrainingdata.

Previous work on parserperformanceand do-
main variation by Gildea (2001) showed that by
trainingaparseron thePenn-IITreebankandtest-
ing ontheBrown corpus,parseraccuracy dropsby
5.7%comparedto parsingtheWall StreetJournal
(WSJ)basedPenn-IITreebankSection23. This
shows a negative effect on parserperformance
even whenthe testdatais not radically different
from thetrainingdata(boththePennII andBrown
corporaconsistprimarily of writtentextsof Amer-
ican English,themain differenceis theconsider-
ably morevariednatureof the text in the Brown
corpus). Gildea also shows how to resolve this
problemby addingappropriatedatato thetraining
corpus,but notesthata largeamountof additional
datahaslittle impactif it is notmatchedto thetest
material.

Work on moreradical domainvarianceandon
adaptingtreebank-inducedLFG resourcesto anal-
yseATIS (Hemphill et al., 1990)questionmate-
rial is describedin Judgeet al. (2005). The re-
searchestablishedthatevenasmallamountof ad-
ditional training data can give a substantialim-
provementin questionanalysisin termsof both
CFG parseaccuracy andLFG grammaticalfunc-
tionalanalysis,with nosigni�cant negativeeffects
on non-questionanalysis.Judgeet al. (2005)sug-
gest,however, that further improvementsarepos-
siblegivena largerquestiontrainingcorpus.

Clark et al. (2004) worked speci�cally with
questionparsingto generatedependenciesfor QA
with Penn-II treebank-basedCombinatoryCate-
gorialGrammars(CCG's). They use“what” ques-
tionstakenfrom theTRECQA datasetsastheba-
sisfor aWhat-Questioncorpuswith CCGannota-
tion.

3 Data Sources

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

test sets1, and a questionclassi�er training set
producedby the Cognitive ComputationGroup
(CCG2) at the University of Illinois at Urbana-
Champaign.3 We useequalamountsof datafrom
eachsourceso asnot to biasthe corpusto either
datasource.

3.1 TREC Questions

TheTRECevaluationshave becomethestandard
evaluationfor QA systems. Their test setscon-
sistprimarily of factseekingquestionswith some
imperative statementswhich requestinformation,
e.g. “List the namesof cell phonemanufactur-
ers.” We included2000 TREC questionsin the
raw datafrom whichwecreatedthequestiontree-
bank. These2000 questionsconsistof the test
questionsfor the�rst threeyearsof theTRECQA
track(1893questions)and107questionsfrom the
2003TRECtestset.

3.2 CCG Group Questions

The CCG provide a numberof resourcesfor de-
velopingQA systems.Oneof theseresourcesis
a setof 5500questionsandtheir answertypesfor
usein trainingquestionclassi�ers.The5500ques-
tionswerestrippedof answertypeannotation,du-
plicatedTRECquestionswereremovedand2000
questionswereusedfor thequestiontreebank.

TheCCG5500questionscomefrom a number
of sources(Li andRoth,2002)andsomeof these
questionscontainminor grammaticalmistakesso
that, in essence,this corpusis more representa-
tive of genuinequestionsthat would be put to a
working QA system.A numberof changesin to-
kenisationwerecorrected(eg. separatingcontrac-
tions),but theminor grammaticalerrorswereleft
unchangedbecausewe believe that it is necessary
for aparserfor questionanalysisto beableto cope
with thissortof dataif it is to beusedin aworking
QA system.

4 Creating the Treebank

4.1 Bootstrapping a QuestionTreebank

Thealgorithmusedto generatethequestiontree-
bankis aniterativeprocessof parsing,manualcor-
rection,retraining,andparsing.

1http://trec.nist.gov/data/qa.html
2Note that the acronym CCG here refers to Cognitive

ComputationGroup, rather than Combinatory Categorial
Grammarmentionedin Section2.

3http://l2r.cs.uiuc.edu/cogcomp/tools.php



Algorithm 1 Inducea parse-annotatedtreebank
from raw data

repeat
Parseanew sectionof raw data
Manuallycorrecterrorsin theparseroutput
Add thecorrecteddatato thetrainingset
Extractanew grammarfor theparser

until All thedatahasbeenprocessed

Algorithm 1 summarisesthe bootstrappingal-
gorithm. A sectionof raw data is parsed. The
parser output is then manually corrected, and
addedto theparser's trainingcorpus.A new gram-
mar is thenextracted,andthenext sectionof raw
datais parsed.This processcontinuesuntil all the
datahasbeenparsedandhandcorrected.

4.2 Parser

Theparserusedto processtheraw questionsprior
to manualcorrectionwas that of Bikel (2002)4,
a retrainableemulationof Collins (1999) model
2 parser. Bikel's parseris a history-basedparser
whichusesa lexicalisedgenerative modelto parse
sentences.We usedWSJ Sections02-21 of the
Penn-IITreebankto train theparserfor the�rst it-
erationof the algorithm. The training corpusfor
subsequentiterationsconsistedof the WSJ ma-
terial and increasingamountsof processedques-
tions.

4.3 BasicCorpus DevelopmentStatistics

Our questiontreebankwascreatedover a period
of threemonthsat anaverageannotationspeedof
about60 questionsper day. This is quite rapid
for treebankdevelopment.The speedof the pro-
cesswashelpedby two mainfactors:thequestions
aregenerallyquiteshort(typically about10words
long),and,dueto retrainingon thecontinuallyin-
creasingtrainingset,thequalityof theparsesout-
putby theparserimproveddramaticallyduringthe
developmentof the treebank,with the effect that
correctionsduring the later stagesweregenerally
quite small andnot astime consumingasduring
theinitial phasesof thebootstrappingprocess.

For example,in the�rst weekof theprojectthe
treesfrom theparserwereof relatively poorqual-
ity and over 78% of the treesneededto be cor-
rectedmanually. This slowed theannotationpro-
cessconsiderablyand parse-annotatedquestions

4Downloadedfrom http://www.cis.upenn.edu/� dbikel
/software.html#stat-parser

werebeingproducedatanaveragerateof 40 trees
perday. During thelaterstagesof theprojectthis
had changeddramatically. The quality of trees
from theparserwasmuchimprovedwith lessthan
20%of the treesrequiringmanualcorrection.At
this stageparse-annotatedquestionswere being
producedatanaveragerateof 90 treesperday.

4.4 Corpus DevelopmentErr or Analysis

Someof the more frequenterrors in the parser
output pertain to the syntacticanalysisof WH-
phrases(WHNP, WHPP, etc). In Sections02-21
of thePenn-IITreebank,theseareusedmoreoften
in relative clauseconstructionsthanin questions.
As a result many of the corpusquestionswere
givensyntacticanalysescorrespondingto relative
clauses(SBAR with anembeddedS) insteadof as
questions(SBARQ with anembeddedSQ).Figure
1 providesanexample.
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Figure1: Exampletreebefore(a)andaftercorrec-
tion (b)

Becausethequestionsaretypically short,aner-
ror like this hasquite a large effect on the accu-
racy for the overall tree; in this casethe f-score
for the parseroutput(Figure1(a))would be only
60%. Errors of this naturewere quite frequent
in the �rst sectionof questionsanalysedby the
parser, but with increasedtrainingmaterialbecom-
ing availableduringsuccessive iterations,this er-
ror becamelessfrequentand towardsthe endof



theprojectit wasonly seenin rarecases.

WH-XP markingwasthesourceof anumberof
consistent(thoughinfrequent)errorsduringanno-
tation. This occurredmostly in PPconstructions
containingWHNPs. The parserwould output a
structurelike Figure2(a),wherethePPmotherof
theWHNP is notcorrectlylabelledasa WHPPas
in Figure2(b).
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Figure2: WH-XP assignment

The parseroutput often had to be rearranged
structurallyto varyingdegrees.Thiswascommon
in the longerquestions.A recurringerror in the
parseroutputwas failing to identify VPs in SQs
with a single object NP. In thesecasesthe verb
and the object NP were left as daughtersof the
SQ node. Figure3(a) illustratesthis, andFigure
3(b)shows thecorrectedtreewith theVP nodein-
serted.
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Figure3: VP missinginsideSQwith asingleNP

On inspection,we found that the problemwas
causedby copularconstructions,which, accord-
ing to the Penn-II annotationguidelines,do not
featureVP constituents.Sincealmosthalf of the
questiondata contain copular constructions,the
parsertrainedon this datawould sometimesmis-
analysenon-copularconstructionsor, conversely,
incorrectlybracket copularconstructionsusinga
VP constituent(Figure4(a)).

Thepredictablenatureof theseerrorsmeantthat
they weresimpleto correct.This is dueto thepar-
ticular context in which they occurandthe �nite
numberof formsof thecopularverb.
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Figure4: ErroneousVP in copularconstructions

5 Experimentswith QuestionBank

In orderto testtheeffect trainingon thequestion
corpushason parserperformance,we carriedout
a numberof experiments.In cross-validationex-
perimentswith 90%/10%splits we useall 4000
treesin the completedQuestionBankas the test
set. We performedablationexperimentsto inves-
tigatetheeffectof varyingtheamountof question
andnon-questiontrainingdataontheparser's per-
formance. For theseexperimentswe divided the
4000 questionsinto two sets. We randomlyse-
lected400 treesto be heldout asa gold standard
test set againstwhich to evaluate,the remaining
3600treeswerethenusedasa trainingcorpus.

5.1 Establishing the Baseline

The baselinewe usefor our experimentsis pro-
vided by Bikel's parsertrainedon WSJSections
02-21of thePenn-IITreebank.Wetestonall 4000
questionsin our questiontreebank,andalsoSec-
tion 23of thePenn-IITreebank.

QuestionBank
Coverage 100
F-Score 78.77

WSJSection23
Coverage 100
F-Score 82.97

Table1: Baselineparsingresults

Table1 shows theresultsfor our baselineeval-
uations on questionand non-questiontest sets.
While the coveragefor both tests is high, the
parserunderperformssigni�cantly onthequestion
testsetwith a labelledbracketingf-scoreof 78.77
comparedto 82.97on Section23 of the Penn-II
Treebank.Note that unlike the publishedresults
for Bikel's parserin our evaluationswe test on
Section23 andincludepunctuation.

5.2 Cross-Validation Experiments

We carriedout two cross-validationexperiments.
In the�rst experimentweperforma10-foldcross-
validation experiment using our 4000 question



treebank.In eachcasea randomlyselectedsetof
10% of the questionsin QuestionBankwas held
out during training andusedasa testset. In this
way parsesfrom unseendataweregeneratedfor
all 4000questionsandevaluatedagainsttheQues-
tionBanktrees.

The secondcross-validation experiment was
similar to the �rst, but in eachof the10 folds we
train on 90% of the 4000questionsin Question-
Bank andon all of Sections02-21of the Penn-II
Treebank.

In bothexperimentswealsobacktesteachof the
ten grammarson Section23 of the Penn-IITree-
bankandreporttheaveragescores.

QuestionBank
Coverage 100
F-Score 88.82

Backteston Sect23
Coverage 98.79
F-Score 59.79

Table 2: Cross-validation experimentusing the
4000questiontreebank

Table 2 shows the results for the �rst cross-
validation experiment,using only the 4000 sen-
tenceQuestionBank.Comparedto Table1, there-
sultsshow asigni�cant improvementof over10%
onthebaselinef-scorefor questions.However, the
testsonthenon-questionSection23datashow not
only a signi�cant dropin accuracy but alsoa drop
in coverage.

Questions
Coverage 100
F-Score 89.75

Backteston Sect23
Coverage 100
F-Score 82.39

Table3: Cross-validationexperimentusingPenn-
II TreebankSections02-21and4000questions

Table3 shows the resultsfor thesecondcross-
validationexperimentusingSections02-21of the
Penn-IITreebankandthe4000questionsin Ques-
tionBank. The resultsshow an even greaterin-
creaseonthebaselinef-scorethantheexperiments
usingonly thequestiontrainingset(Table2). The
non-questionresultsarealsobetterandarecom-
parableto thebaseline(Table1).

5.3 Ablation Runs

In a furthersetof experimentswe investigatedthe
effectof varyingtheamountof datain theparser's
trainingcorpus.Weexperimentwith varyingboth
the amountof QuestionBankand Penn-II Tree-
bank datathat the parseris trainedon. In each
experimentwe usethe 400 questiontest set and

Section23 of the Penn-II Treebankto evaluate
against,and the 3600 questiontraining set de-
scribedabove andSections02-21of the Penn-II
Treebankasthebasisfor theparser's trainingcor-
pus.Wereporton threeexperiments:

In the�rst experimentwe train theparserusing
only the3600questiontrainingset.Weperformed
ten training and parsingruns in this experiment,
incrementallyreducingthe size of the Question-
Banktrainingcorpusby 10%of thewholeoneach
run.

Thesecondexperimentis similar to the�rst but
in eachrun we addSections02-21of thePenn-II
Treebankto the (shrinking) training set of ques-
tions.

Thethird experimentis theconverseof thesec-
ond, the amountof questionsin the training set
remains�x ed (all 3600)andtheamountof Penn-
II Treebankmaterialis incrementallyreducedby
10%on eachrun.
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Figure5: Resultsfor ablationexperimentreducing
3600trainingquestionsin stepsof 10%

Figure 5 graphsthe coverageand f-score for
the parserin testson the 400 questiontest set,
and Section23 of the Penn-II Treebankin ten
parsingrunswith theamountof datain the 3600
questiontraining corpus reducing incrementally
oneachrun. Theresultsshow thattrainingononly
a smallamountof questions,theparsercanparse
questionswith high accuracy. For examplewhen
trainedon only 10% of the 3600 questionsused
in this experiment,the parsersuccessfullyparses
all of the400 questiontestsetandachievesan f-
scoreof 85.59. However the resultsfor the tests
on WSJSection23 areconsiderablyworse. The
parsernevermanagesto parsethefull testset,and
thebestscoreat 59.61is very low.

Figure6 graphstheresultsfor thesecondabla-
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tion experiment. The training set for the parser
consistsof a �x ed amountof Penn-II Treebank
data(Sections02-21) and a reducingamountof
questiondatafrom the3600questiontrainingset.
Eachgrammaris testedon both the 400 question
test set, and WSJ Section23. The resultshere
aresigni�cantly betterthanin thepreviousexper-
iment. In all of therunsthecoveragefor bothtest
setsis 100%,f-scoresfor thequestiontestsetde-
creaseastheamountof questiondatain thetrain-
ing setis reduced(thoughthey arestill quitehigh.)
Thereis little changein thef-scoresfor thetestson
Section23,theresultsall fall in therange82.36to
82.46,which is comparableto thebaselinescore.

Figure 7 graphsthe resultsfor the third abla-
tion experiment. In this casethe training set is a
�x edamountof thequestiontrainingsetdescribed
above (all 3600questions)anda reducingamount
of datafrom Sections02-21of thePennTreebank.

Thegraphshows that theparserperformsconsis-
tentlywell on thequestiontestsetin termsof both
coverageandaccuracy. The testson Section23,
however, show thatastheamountof Penn-IITree-
bankmaterialin the training setdecreases,the f-
scorealsodecreases.

6 Long DistanceDependencies

Long distancedependenciesare crucial in the
properanalysisof questionmaterial. In English
wh-questions,thefrontedwh-constituentrefersto
anargumentpositionof averbinsidetheinterrog-
ativeconstruction.Comparethesuper�cially sim-
ilar

1. Who1 [t1 ] killed Harvey Oswald?

2. Who1 did Harvey Oswald kill [t1 ]?

(1) queriestheagent(syntacticsubject)of thede-
scribedeventuality, while (2) queriesthe patient
(syntacticobject). In the Penn-IIandATIS tree-
banks,dependenciessuchasthesearerepresented
in termsof emptyproductions,tracesandcoindex-
ationin CFGtreerepresentations(Figure8).
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Figure8: LDD resolvedtreebankstyletrees

With few exceptions5 thetreesproducedby cur-
rent treebank-basedprobabilistic parsersdo not
representlongdistancedependencies(Figure9).

Johnson(2002) presentsa tree-basedmethod
for reconstructingLDD dependenciesin Penn-
II trained parser output trees. Cahill et al.
(2004) present a method for resolving LDDs

5Collins' Model 3 computesa limited numberof wh-
dependenciesin relativeclauseconstructions.
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Figure9: Parseroutputtrees

at the level of Lexical-FunctionalGrammar f-
structure(attribute-value structureencodingsof
basicpredicate-argumentstructureor dependency
relations)without theneedfor emptyproductions
andcoindexation in parsetrees. Their methodis
basedon learning�nite approximationsof func-
tional uncertaintyequations(regular expressions
over pathsin f-structure)from anautomaticallyf-
structureannotatedversionof thePenn-IItreebank
andresolvesLDDs at f-structure.In our work we
usethe f-structure-basedmethodof Cahill et al.
(2004) to “reverseengineer”empty productions,
tracesandcoindexationin parseroutputtrees.We
explain theprocessby wayof aworkedexample.

We use the parseroutput tree in Figure 9(a)
(withoutemptyproductionsandcoindexation)and
automaticallyannotatethe tree with f-structure
information and computeLDD-resolutionat the
level of f-structureusing the resourcesof Cahill
et al. (2004). This generatesthe f-structurean-
notatedtree6 andtheLDD resolved f-structurein
Figure10.

Note that the LDD is indicatedin termsof a
reentrancy 1 betweenthequestionFOCUS andthe
SUBJ function in the resolved f-structure. Given
thecorrespondencebetweenthef-structureandf-
structureannotatednodesin the parsetree, we
computethat the SUBJ functionnewly introduced
andreentrantwith theFOCUS functionis anargu-
mentof thePRED `kill' andtheverbform `killed'
in thetree.In orderto reconstructthecorrespond-
ing empty subjectNP nodein the parseroutput
tree,we needto determinecandidateanchorsites

6Lexical annotationsaresuppressedto aid readability.
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Figure10: Annotatedtreeandf-structure

for theemptynode.Theseanchorsitescanonly be
realisedalongthepathup to themaximalprojec-
tion of thegoverningverbindicatedby "= # anno-
tationsin LFG.Thisestablishesthreeanchorsites:
VP, SQandthetop level SBARQ. Fromtheauto-
matically f-structureannotatedPenn-II treebank,
we extract f-structureannotatedPCFGrules for
eachof thethreeanchorsiteswhoseRHSscontain
exactly the information(daughtercategoriesplus
LFG annotations)in the treein Figure10 (in the
sameorder)plusan additionalnode(of whatever
CFG category) annotated" SUBJ= #, locatedany-
wherewithin theRHSs.This will retrieve rulesof
theform

VP ! N P[" SUBJ = #] V B D [" = #] N P [" OBJ = #]

V P ! : : :

: : :

SQ ! N P[" SUBJ = #] V P [" = #]

SQ ! : : :

: : :

SB AR Q ! : : :

: : :

eachwith their associatedprobabilities.We select
the rule with the highestprobability and cut the
rule into the tree in Figure10 at the appropriate
anchorsite(asdeterminedby theruleLHS). In our
casethis selectsSQ ! N P[" SUBJ= #]V P["= #]
andtheresultingtreeis given in Figure11. From
this tree, it is now easyto computethe treewith
thecoindexedtracein Figure8 (a).

In order to evaluateour emptynodeandcoin-
dexation recovery method,we conductedtwo ex-
periments, one using 146 gold-standardATIS
questiontreesandoneusingparseroutputon the
correspondingstringsfor the 146 ATIS question
trees.
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Figure11: Resolvedtree

In the �rst experiment,we deleteemptynodes
and coindexation from the ATIS gold standard
treesandandreconstructthemusingour method
and the preprocessedATIS trees. In the second
experiment,we parsethestringscorrespondingto
theATIS treeswith Bikel's parserandreconstruct
the emptyproductionsandcoindexation. In both
casesweevaluateagainsttheoriginal (unreduced)
ATIS treesand scoreif and only if all of inser-
tion site,insertedCFGcategory andcoindexation
match.

ParserOutput GoldStandardTrees
Precision 96.77 96.82

Recall 38.75 39.38

Table4: Scoresfor LDD recovery (emptynodes
andantecedents)

Table 4 shows that currently the recall of our
methodis quite low at 39.38%while the accu-
racy is very high with precisionat 96.82%on the
ATIS trees.Encouragingly, evaluatingparserout-
put for the samesentencesshows little changein
the scoreswith recall at 38.75%andprecisionat
96.77%.

7 Conclusions

The datarepresentedin Figure5 show that train-
ing a parseron 50%of QuestionBankachievesan
f-scoreof 88.56%asagainst89.24%for training
on all of QuestionBank.This implies that while
we have not reachedanabsoluteupperbound,the
questioncorpusis suf�ciently large that the gain
in accuracy from addingmoredatais sosmallthat
it doesnot justify theeffort.

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

QuestionBank is available for download at
http://www.com puti ng. dc u. ie / �
jjudge/qtreeba nk /4 000qs .t xt . The �-
nal,hand-corrected,LDD-resolvedversionwill be
availablein October2006.
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