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Abstract

In thispaperwepresentanumberof experimentsto testtheportabilityof existingtreebank-
inducedLFG resources.We testtheLFG parsingresourcesof Cahill etal. (2004)on theATIS
corpuswhich representsa considerabley differentdomainto thePenn-IITreebankWall Street
Journalsections,from which theresourceswereinduced.This testingshows anunderperfor-
manceatbothc- andf-structurelevel asaresultof thedomainvariation.Weshow thatin order
to adapttheLFG resourcesof Cahill etal. (2004)to thisnew domain,all thatis necessaryis to
retrainthec-structureparserondatafrom thenew domain.

1 Intr oduction

Probabilistic,treebank-basedparsingresources(Collins,1999;Charniak,2000;Bikel, 2002)areof
high quality andcanberapidly inducedfrom appropriatetreebankmaterial. However, treebank-
andmachinelearning-basedgrammaticalresourcesre�ect thecharacteristicsof the trainingdata.
They generallyunderperformontestdatasubstantiallydifferentfrom thetrainingdata.In thispaper
weinvestigatetheeffectsof strongdomainvariationonthetreebank-induced,“deep”,probabilistic
Lexical-FunctionalGrammarresourcesof Cahill et al. (2004)andshow how theseresourcescan
be adaptedto handlestrongdomainvariation. In our experiments,we usethe Penn-II treebank
(Marcusetal.,1994)Wall StreetJournal(WSJ)newspapersectionsandtheATIS (Hemphill etal.,
1990)transcribedspokenlanguageairlinereservationresource.ThePenn-IIWSJvs. ATIS domain
changeresultsin a markedly strongerdropin performance,bothon thetreesandthef-structures,
for the Penn-II trainedLFG resourcesof Cahill et al. (2004),comparedto the drop observed by
Gildea(2001)for thePenn-IIWSJvs. Brown domainvariationexperimentswith Collins's (1997)
parser.

This posesa researchquestion: is the observed performancedrop of the LFG resourcesof
Cahill et al. (2004)dueto thedecreasein quality of c-structureparsing,or is it a lack of coverage
of the f-structureannotationalgorithm(ibid.), or both? We reporton experimentswhich answer
this question.The main,andsurprising,resultis that,while thePenn-IItrainedc-structurecom-
ponentof Cahill et al. (2004)requiresretraining,the f-structureannotationalgorithm(originally
designedfor Penn-IIWSJdata)requiresno changesor extensions.Thelinguistic informationen-
codedin the f-structureannotationalgorithmis alreadycompletewith respectto strongdomain
variationasexempli�ed betweenthe Penn-IIWSJandATIS corpora. This is a surprisingresult
asPenn-IIWSJdatarepresentsa markedly differenttext domainto thatof ATIS, asdiscussedin
Section3. A possibleexplanationis that, comparedto c-structure,f-structureis a moreabstract
and“normalised”level of representationin theLFG architecture,lessaffectedby domainvariation
thanc-structure.

Section2 givesa brief outline of relatedwork on treebankinducedresources.In Section3,
we compareandcontrasttheATIS corpuswith theWSJsectionsfrom thePenn-IITreebank.We
outline our baselineexperimentsand presentthe resultsin Section4. We analysethe results,
investigatethe underperformanceand presentexperimentsto improve performancein Sections
5 and6. We investigateretrainingthe c-structureparserwith appropriatedata. In a CCG-style



experimentwith the retrainedparserwe achieve a c-structurelabelledf-scoreof 86.07andan f-
structureall grammaticalfunctionsf-scoreof 88.11.Thisconstitutesanimprovementof over14%
on c-structureparsing,andover 7% on f-structureannotationcomparedto unadaptedparsingand
annotationwith thesamesystem.In someadditionalexperimentswe parameterisetheamountof
WSJmaterialin the parser's training set. We thenmeasurethe effect of addingpunctuationto
the ATIS testsetandassessthe question/non-question performanceof the parserandannotation
algorithmandperformaback-testingexperimentwith theretrainedresources.

2 Background Work and Moti vation

Wide coverageparsersarenow beingusedfor questionanalysisin open-domainquestionanswer-
ing (QA) systemsas describedin Pascaand Harabagiu(2001) for example. In ongoingwork
we areinvestigatingtheuseof theLFG annotationalgorithmof Cahill et al. (2004)with Bikel's
(2002)parserto analyseTREC1 questionmaterialinto f-structuresto developa questiontree-and
f-structurebankresourcefor developingQA systems.

2.1 Previous Work

Domainvariationandits effectson “shallow” 2 probabilisticparserperformancehasbeeninvesti-
gatedby Gildea(2001).For example,trainingon thePenn-IITreebankWSJsectionsandparsing
Brown corpustext resultedin a dropin labelledbracketing f-scorefor treesof 5.7%comparedto
parsingtheWSJ.This shows thenegative effect of domainvariationon parserperformanceeven
whenthetestdatais not substantiallydifferentfrom thetrainingdata(boththePennII andBrown
corporaconsistprimarily of written texts of AmericanEnglish,themaindifferenceis theconsid-
erably morevariednatureof the text in the Brown corpus). Gildea also shows how to resolve
this problemby addingappropriatedatato the training corpus,but notesthat a large amountof
additionaldatamakeslittle impactif it is notmatchedto thetestmaterial.

Clark et al. (2004)have worked speci�cally with questionparsingto generatedependencies
for QA with Penn-II treebankbasedCombinatoryCategorial Grammars(CCG's). In their work
they focuson “what” questionstaken from theTRECQAdataset.Their solutionis to retrainthe
lexical annotationcomponent(the supertagger)of the parserratherthanthe whole parser. They
evaluateaccuracy at the lexical category level. In their work thesupertagger's accuracy improves
over13%with retrainingonappropriatedata.Thisgivesagoodindicationof whatcanbeachieved
by retrainingresourcesfor questions.

Burkeetal. (2004),Cahill etal. (2004),andO'Donovanetal. (2004)presentasubstantialbody
of work on automaticallyproducingLFG resourcesfrom treebanks.However, to dateno previous

1http://www.trec.nist.gov
2A “shallow” grammarde�nesalanguageasasetof stringsandmayassociatesyntacticrepresentationswith strings.

A “deep” grammar(in addition)associatesstringswith information/meaningrepresentations,usually in the form of
predicate-argumentstructures,dependency relationsor logical forms. In order to constructaccurateand complete
“meaning”representations,deepgrammarsusuallyresolve long-distancedependencies.



researchhasbeencarriedout to testthe effect of domainvarianceon the treebank-inducedLFG
parsingresourcesof Cahill et al. (2004). Given that the resourcesare inducedfrom the Penn-
II Treebank,the expectationis that performancewill suffer in a similar way asthe experiments
of Gildeawith Collins' (1997)parsershowed. In Section4, we presentexperimentsto test this
hypothesison the ATIS corpus,which containstranscribedspoken languagewith a signi�cant
proportionof questionmaterialandconstitutesaninstanceof strongdomainvariation.

3 Corpus Description

3.1 ATIS

The Air Travel InformationSystem(ATIS) corpus(Hemphill et al., 1990) is a transcriptionof
spoken dialogwith anautomatedair travel informationsystem.ATIS representsa differentstyle
of languagefrom theWall StreetJournaltexts of thePenn-IITreebank:a signi�cant proportionof
thesentencesin ATIS arequestions,imperativesandnon-sententialutterances,whicharegenerally
shorterthanthosein theWSJsectionsof Penn-IIandthetranscriptiondoesnotcontainpunctuation
marks.

1. Are there any flights arriving after eleven a.m

2. Show me the T W A flight

3. I need a flight from Los Angeles to Charlotte today

4. Flights from Los Angeles to Pittsburgh

5. On Tuesday arriving before five p.m

6. What flights from Philadelphia to Atlanta

Figure1: ExampleATIS utterances

Figure 1 illustratestypical ATIS corpusdata including both question(1) and non-question
sentences(2,3),aswell assub-sentential(4,5)andincompleteutterances(6). Notealso,thatpunc-
tuationhasnotbeenadded.



3.2 Penn-II WSJ vs. ATIS

ATIS Penn-IIWSJ

Words 4000words 1 Million words
Sentences 578sentences 50,000sentences

Averagesentencelength 7 words 21 words
Source Transcriptionof spokendialog WSJNewspapertext

#Questions 213Directquestions 233Directquestions
Sentencetype Interrogatives,imperatives,andfragments Declarative sentences

Inter-Word Punctuation None Punctuated

Table1: Corpusstatisticscompared

Both Penn-IIWSJandATIS arePOS-andparse-annotatedcorpora(ie. treebanks)following the
samegeneralannotationguidelines(Biesetal.,1995).Despitethesesimilarities,thetwo treebanks
exhibit strongdifferencesasregardssize,domain,phrasetypedistribution andpunctuation.

Table 1 shows a comparisonof the Penn-II WSJ sectionsand the ATIS corpus. The most
striking differencebetweenthePenn-IITreebankWSJsectionsandthe ATIS is thedifferencein
sizebetweenthetwo corpora:theWSJsectionsof thePenn-IITreebankwith 50,000sentencesare
overeightytimesthesizeof ATIS with only 578sentences.Anotherimportantdifferencebetween
the two is in the averagesentencelength, thosein ATIS tendto be muchshorterthanthe WSJ,
with anaveragelengthof 7 words,comparedto 21wordsin theWSJ.Figure2 plotsthenumberof
sentencesagainstthesentencelengthfor theATIS corpusandSection23of theWSJsectionof the
Penn-IItreebankillustratingthedifferencein sentencelengthdistribution betweenthecorpora.
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Figure2: SentencelengthdistributionsATIS vsWSJSection23

Thegraphshowshow signi�cantly largerasinglesectionof thePenn-IITreebankWSJsections
is thanATIS. It alsoshows thebroaderdistribution of dataover thesentencelengthsin thesection
of the Penn-IITreebank,which hasa muchwider spreadover the sentencelengths. Section23
hasa meansentencelengthof 21 wordswith a standarddeviation of 8.6,while ATIS hasa mean
sentencelengthof 7 wordswith astandarddeviationof 2.9.

Thesourceof text for thetwo corporaalsohighlightssomeimportantdifferences.Thesource
for theATIS corpusis spokendialoguewhich tendsto bemorecasualandbrief (Figure1) thanthe
longer, morecomplex structuresfoundin thePenn-IITreebank(Figure3). Also thenatureof the
air travel informationsystemresultsin theATIS corpuscontainingsentencesof a predominantly
interrogative nature.Of the578 sentencesin theATIS corpus,213 arequestions,accountingfor
over 36% of the entirecorpus. Comparatively, the WSJhasvery few interrogative sentencesor
questions,only 233 over the entire WSJ sections(accountingfor lessthan a half of a percent
of the corpus). In addition,many of theseareembeddedor rhetoricalquestions(Figure4 (3)),
which unlike thosein the ATIS do not seekinformation. Noneof the 233 questionsin the WSJ
sectionsare to be found in section23 of the treebank,which is the standardtestingsectionfor
parserevaluation.Therefore,noneof theevaluationscarriedout on this sectionre�ect thequality
of parsing/annotation of questiondata.



1. Shares of UAL, the parent of United Airlines, were extremely
active all day Friday, reacting to news and rumors about
the proposed $6.79 billion buy-out of the airline by an
employee-manage ment group.

2. Ports of Call Inc. reached agreements to sell its remaining
seven aircraft to buyers that weren't disclosed.

3. As a group, stock funds held 10.2% of assets in cash as of
August, the latest figures available from the Investment
Company Institute.

Figure3: ExamplePenn-IITreebankWSJsentences

1. For example, what exactly did the CIA tell Major Giroldi and
his fellow coup plotters about U.S. laws and executive orders
on assassinations?

2. Who'd have thought that the next group of tough guys carrying
around reputations like this would be school superintendent s?

3. What is the way forward?

4. But if rational science and economics have nothing to do with
the new environment initiative, what is going on?

Figure4: ExamplePenn-IITreebankWSJquestions

4 Preliminary Experimentsand Results

4.1 BaselineResources

This sectiondescribesour baselineexperimentsto determinethe portability of the resourcesof
Cahill etal. (2004)to anew domain,theATIS corpus.



Figure5: PipelineArchitecture

We usethepipelinemodelof Cahill et al. (2004)(Figure.5) to generatef-structuresfrom raw
text. The c-structureparserusedis that of Bikel (2002)which emulatesCollins' (1999)model
2 parser. The grammarusedby the parseris trainedon sections2-21 of the Penn-IITreebank.
Thef-structureannotationalgorithm(alsodevelopedon Penn-IIWSJmaterial)is modular, taking
c-structuretreesandautomaticallyaddingLFG f-structureequationsto eachnodein the tree. A
modi�ed versionof Magerman's (1994)schemeis usedfor determiningtheheadof eachsubtree.
The�rst moduleof thealgorithm(Left-RightContext Rules)assignsannotationsto thetreenodes
basedon whetherthey occurto theleft or right of thehead.Sincetheanalysisof co-ordinationin
thePenn-IITreebankis very �at, co-ordinationis treatedseparatelyin orderto keepthe left-right
context rulesconcise.In the“Catch-All andClean-Up”moduleof thealgorithm,overgeneralisa-
tionsmadeby thepreviousmodulesarecorrected.Thethreemodulesgenerate“proto” f-structures
which arethenpassedto a post-annotationlong distancedependency (LDD) resolutionmodule,
which resolves long distancedependenciesandoutputsthe �nal “proper” f-structureswhich we
evaluate.

4.2 Evaluation

Weusethepipelinearchitectureshown in Figure5 to generatec- andf-structuresfrom raw strings
taken from theATIS corpus.We evaluateboth thec-structuretreesoutputtedby theparserusing
PARSEVAL metrics(Black et al., 1991),andthe LDD-resolved f-structuresoutputby the anno-
tation algorithmusingthe triple encodingandevaluationsoftwareof Crouchet al. (2002). The
parseroutputis evaluatedagainsttheparsetreesin theATIS corpus,andthef-structuresareevalu-
atedagainstahandcraftedgoldstandardof f-structuresfor 100sentencesrandomlyselectedfrom
theATIS corpus.WealsoperformaCCG-style(Hockenmaier, 2003)evaluationwherebywegen-
eratef-structuresfor the entireATIS corpusfrom the original ATIS treebanktreesandevaluate
f-structuresgeneratedfrom theparseroutputagainstthese578pseudogoldstandardf-structures.



4.3 Results

(a)

100GoldStandard Precision Recall F-Score

Trees(labelledbracketing) 73.77 67.05 70.25
F-Structures All GFs 82.17 67.41 74.06

Preds-only 70.33 56.97 62.95

(b)

578ATIS Precision Recall F-Score

Trees(labelledbracketing) 75.49 67.77 71.42
F-Structures All GFs 81.23 80.29 80.76

Preds-only 69.27 67.02 68.13

(c)

DCU 105 Precision Recall F-Score

Trees(labelledbracketing) 86.56 85.59 86.07
F-Structures All GFs 83.45 78.95 81.14

Preds-Only 76.32 72.0 74.10
(c)

Table2: Resultsfor baselineexperiments

Table2 givestheresultsfor thetwo evaluationsdescribedabove. Table2 (a) shows theevaluation
againstthe100sentenceATIS hand-craftedf-structuregoldstandard.Comparedto themostrecent
resultsfor the Penn-IIWSJsection23 basedDCU 1053 evaluationin Table2(c), the treebank-
basedLFG parsingresourcesof Cahill etal. (2004)show asigni�cant dropin boththetree-andf-
structure-basedanalysisscoresfor theATIS material.Thec-structuresoutputby theparserhavean
f-scorearound16%lessthanin thein-domain(section23)evaluationfor thesameparser/grammar
combination(Bikel trainedon sections02-21of the Penn-IITreebank).Likewise the f-structure
evaluationhassuffered,with thepreds-onlyf-scoreover11%lower thanon in-domaindata.

3http://nclt.dcu.ie/gold105.txt



Dependency Precision Recall F-Score

adjunct 159/258=62 159/353=49 55
comp 0/5=0 0/3=0 0
coord 15/23=65 15/24=62 64
det 56/64=88 56/70=80 84

focus 9/9=100 9/33=27 43
obj 172/206=83 172/216=80 82
obj2 17/18=94 17/18=94 94
obl 1/2=50 1/12=8 14
obl2 0/0=0 0/5=0 0
poss 1/1=100 1/1=100 100
quant 2/16=12 2/6=33 18

relmod 9/13=69 9/16=56 62
subj 10/27=37 10/17=59 54

topicrel 10/27=37 10/17=59 45
xcomp 23/33=70 23/46=50 58

Table3: Annotationresultsfor selectedfeatures

Table3 shows a moredetailedanalysisof thef-structureevaluationin Table2(a) for selected
features. The table shows that in particularfor featuressuchas focus and topicrel, which are
importantto analysecorrectlyin questions,theperformanceis quitelow. This indicatesthat,asit
stands,the Penn-II treebank-basedLFG parsingsystemis not well suitedto analysingquestions
andperformancehassufferedsubstantiallyasa resultof thechangein domain.

Wehaveseenthatby changingthedomainfrom WSJtext to ATIS, theoverallperformancefor
c-structureanalysisandf-structureanalysishasdroppedsigni�cantly. Thestrongdomainvariance
betweenATIS andWSJdatahasaffectedbothshallow (c-structuretrees)anddeep(f-structurede-
pendencies)analysesandis morepronouncedthanwasobservedin earlierwork by Gildea(2001).4

5 Why the PerformanceDrop?

Thedropin performancecanbeattributedto thedomainvariance,but thequestionremainswhich
modulein the pipelineparsingarchitecturein Figure5 (c-structureparser, f-structureannotation
algorithmor LDD resolution)is underperformingdueto thechangein domain,or is it a combina-
tion?Wecannarrow thepossibilitiesdown to two of thethreemodulesshown in Figure5.5 Either
thec-structureparseris underperformingandconsequentlytheannotationalgorithmis unableto
generatesuf�ciently good f-structuresfrom the bad c-structures,or the annotationalgorithm is
incompletewith respectto thedomainvariance.

4Gildea'swork focusedonc-structureparsingasopposedto full LFG f-structures.
5Testingonthelongdistancedependency resolutionmoduleshowedthatproblemswith LDD resolutionweredirectly

relatedto badc-structureparsing.



Theresultsin Table2haveshown thatthec-structureparserperformancehasdroppedby almost
16%asa resultof thedomainvariance.Previouswork hasshown thatparserperformancecanbe
boostedthroughretrainingwith appropriatedata(Gildea,2001;Clark et al., 2004). We carryout
anexperimentto try andboostthequestiondomainperformanceof Bikel's parserby retraininga
grammarwith appropriatematerialfrom theATIS corpus.

6 Retraining Experimentsand Results

6.1 Retraining (WSJ + ATIS)

In orderto improve theperformanceof thec-structureparseron ATIS sentenceswe createa new
trainingsetfrom which to extracta grammarfor theparser. This new, larger, trainingsetconsists
of sections02-21of thePenn-IITreebankWSJ(the original trainingdata)and90% of theATIS
corpus. We thentrain the parseron this new training set,andrepeatthe parsingandannotation
experimentsoutlinedin Section4. C-structuresfor eachof the578ATIS sentencesaregenerated
by retrainingagrammarandparsingusinga 10-foldcross-validationexperimentwith a90%:10%
training:testsplit over the ATIS corpus,andaddingthe 90% ATIS split to sections02-21of the
Penn-IITreebankWSJfor training.Theparseroutputc-structuresarethenpassedto thef-structure
annotationalgorithmandLDD-resolutionandthef-structuresevaluatedasbefore.

(a)

100GoldStandard Precision Recall F-Score Diff

Trees(labelledbracketing) 88.03 78.78 83.14 +12.89
F-Structures All GFs 88.04 79.10 83.33 +9.27

Preds-only 80.17 73.66 76.77 +13.82

(b)

578ATIS Precision Recall F-Score Diff

Trees(labelledbracketing) 80.66 92.26 86.07 +14.65
F-Structures All GFs 87.27 88.97 88.11 +7.35

Preds-only 80.21 80.81 80.51 +12.38

Table4: Resultsfor experimentswith retrainedgrammarfor 10-foldcrossvalidation

Tables4 (a) and(b) give theresultsof evaluatingc-structuresandf-structuresgeneratedwith
Bikel's parserretrainedasdescribedabove. Evaluatingagainstthe100-sentenceATIS gold stan-
dard,thec-structuref-scorehasincreasedby almost13%to 83.14.Thequality of thef-structures
hasalsoincreasedwith an improvementof almost14% in the preds-onlyf-score,to 76.77. The
performanceover the whole corpus,in a CCG-styleexperimentagainstautomaticallygenerated



f-structuresfor theoriginal578treebanktrees,hasincreasedcorrespondingly, with thec-structure
f-scoreincreasingover 14%to 86.07,anda predsonly evaluationof thef-structuresgainingover
12%to achieve anf-scoreof 80.51.

Dependency Precision Recall F-Score Diff

adjunct 229/292=78 229/324=71 74 +19
comp 0/4=0 0/3=0 0 -
coord 16/24=67 16/24=67 67 +3
det 67/66=92 61/70=87 90 +6

focus 23/23=100 23/33=70 82 +39
obj 193/223=87 193/216=89 88 +6
obj2 17/17=100 17/18=94 97 +3
obl 1/1=100 1/12=8 15 +1
obl2 0/0=0 0/5=0 0 -
poss 1/1=100 1/1=100 100 -
quant 2/16=12 2/6=33 18 -

relmod 14/19=74 14/16=88 80 +18
subj 75/89=84 75/133=56 68 +14

topicrel 14/19=74 14/17=82 78 +33
xcomp 25/30=83 25/46=54 66 +12

Table5: Annotationresultsfor selectedfeatures

Table5 showsamoredetailedanalysisof theevaluationsin Table4(a)for anumberof features.
Comparedto Table3 the tableshows that the retraininghashadno negative effect on any of the
features.Themajority of featureshave improved in termsof bothprecisionandrecall. Of those
featureswhich bene�tedfrom theretraining,two featureshave gainedsigni�cantly morethanthe
others,focusand topicrel. Theseare two featureswhich are importantfor analysingquestions
correctly.

Our experimentsso far indicatethat the annotationalgorithmof Cahill et al. (2004),Burke
et al. (2004),andO'Donovanet al. (2004)is completewith respectto thestrongdomainvariance
encounteredin our experiments.We have seenthat in orderto copewith a new domainonly the
c-structureparserneedsto beretrained.

In orderto estimateanupperboundfor our experiments,we took theoriginal ATIS treebank
treesfor the 100 sentencesin the gold standardandautomaticallyannotatedthemto producef-
structures,therebyremoving the c-structureparsermargin of error. We then evaluatedthesef-
structuresagainstthe hand-craftedf-structuresin the gold standard. In this evaluation the all
grammaticalfunctionsf-scoreis 92.80and the preds-onlyf-scoreis 89.88(Table6). This is a
satisfactoryupperboundandtheresultsarecomparableto asimilarexperimenton theDCU 105.



All GFs Preds-only

F-Score 92.80 89.88

Table6: Upperboundfor goldstandardtrees

Theseresultsdemonstratethat improving the c-structureparsingis suf�cient to improve the
overall performanceof the annotationalgorithmon sentencesoutsideof the domainon which it
wasdeveloped.This is quitea surprisingresult,aswe did not modify theannotationalgorithmof
Burke etal. (2004)in any way.

6.2 Parameterisationof Penn-II WSJ Training Data

We have seenabove thataddinga (relatively) smallamountof domainappropriatematerialto the
trainingsetfor thec-structureparserhasresultedin quitesigni�cant gainsfor bothc-structureand
f-structureanalysisof ATIS sentences.Previous work by Gildea(2001)hasshown that a large
amountof additionaldatamakeslittle impactif it is not matchedto thetestmaterial.With this in
mindonecanwonderif, dueto its relative size,thePenn-IITreebankWSJmaterialin thetraining
setfor theparsermightconstitutesucha largeamountof redundantadditionaldata.

In orderto test,thiswe conductedanumberof ablationexperimentsusingtheautomaticallyf-
structureannotated578ATIS treesasgoldstandardin aCCG-styleexperiment,whereweevaluate
c-structuresandf-structureparseroutputalgorithm,while reducingtheamountof Penn-IITreebank
materialin theparser's trainingset.Thegraphsin Figures6 and7 show theeffect for evaluations
againstthe entireATIS corpusin a seriesof 10-fold crossvalidationexperiments,in which the
trainingsetfor theparserconsistsof 90% of theATIS corpusanda varying (randomlyselected)
percentageof thePenn-IITreebank.
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Thegraphsshow thatreducingtheamountof Penn-IITreebankWSJmaterialin thetrainingset
adverselyaffectstheoverall performance.Grammarcoverage,c-structureparsingandf-structure
annotationall suffer to varyingdegrees.Bothc-structureandf-structureevaluationsstartto decline
whenlessthan70%of thetreebankis includedin thetrainingset.Grammarcoverageprovesto be
lessaffectedin thiscase:it doesnotdeclinesigni�cantly until theamountof treebankWSJtraining
materialfalls below 20%. Nevertheless,thesystemis capableof achieving coveragein theregion
of 99%,a c-structuref-scoreof over 85%,andf-structuref-scoresof over 88% (all grammatical
functions)andover 82%(preds-only),whenthec-structureparseris trainedon 90%of theATIS
corpusandonly 10%of thePenn-IITreebank.

6.3 Punctuation

ThePenn-IITreebankWall StreetJournalsectionsusedfor trainingthec-structureparsercontains
properlypunctuatedtext. Ontheotherhand,theATISstringsareunpunctuated.Thisis anotherfac-
tor thatcouldpossiblyexplain theunderperformanceof thec-structureparserand(consequently)
annotationalgorithmin our earlierexperiments,aswe would expectgrammarstrainedon Penn-II
Treebanksectionsto performbetteron punctuatedtext.6

To testthis with theATIS corpus,we addedbasicpunctuationto eachof theATIS sentences.
Eachof the213questionshadaquestionmarkadded,theremainingsentenceshadafullstopadded,
andthe sub-sententialfragmentswereleft unpunctuated.We thenreranthe parsingexperiments
with both the baselineWSJ-onlytrainedgrammar, and also the improved WSJ and 90% ATIS
trainedgrammarin a10-foldcrossvalidationexperiment.

WSJ WSJ+ ATIS 90%

Unpunctuated Punctuated Diff Unpunctuated Punctuated Diff
Coverage 100 99.83 -0.17 100 99.83 -0.17

F-Score(Trees) 71.42 71.31 -0.11 86.07 85.36 -0.71

Table7: Parsingresultsfor punctuatedATIS sentences

Table7 shows the evaluationresultsfor c-structureanalysisof the 578 ATIS sentenceswith
basicpunctuationadded.Thetableshowsthecoverageandf-scoresfor boththebaselinegrammar,
trainedon sections02-21of the Penn-IITreebankWSJ,and the grammarretrainedwith added
ATIS sentences,andthedifferencebetweenthesescoresandthosefor parsingtheATIS sentences
withoutpunctuation.It is interestingto notethatall of thescoreshavedecreasedslightly asaresult
of addingpunctuation,whenthenaive assumption,statedabove, would be that theparsershould
performbettergiventhat its trainingdatais punctuated.This emphasisestheeffect of thedomain
differencebetweentheATIS corpusandthePenn-IITreebank.

6Thiswaspointedout to usby Tracy King (p.c.).



6.4 Questionvs Non-Question

TheATIS corpuscontainsbothquestionandnon-questiondata.Our100-sentencegoldstandardis
taken from theATIS corpusandsocomprisesbothquestionandnon-questionsentences.Table8
shows thebreakdown of theupperbound(establishedfollowing theproceduredetailedin Section
6.1) for bothquestionandnon-questionsentencesin thegold standard.

Non-question Question

All GFs 94.82 90.77
Preds-only 92.94 86.81

Table8: Questionandnon-questionf-scoreupperbounds

The upperboundbreakdown shows a slight leaningtowardsa higherupperboundfor non-
questionsentences,but theupperboundfor questionsis still quitehigh.

Table9 givesthebreakdown of thescoresfor questionandnon-questionsentencesin the100
sentencegoldstandardparsingevaluations.

WSJTrained WSJ+ ATIS Trained

Non-Question Question Non-Question Question
F-Score F-Score F-Score Diff F-score Diff

Trees 74.75 61.92 80.55 +5.8 88.35 +26.43
All GFs 77.40 70.52 82.62 +5.22 84.38 +13.86

Preds-only 68.96 54.12 76.28 +7.32 77.56 +23.44

Table9: Questionandnon-questionscoresfor theannotationalgorithm

The breakdown in Table9 clearly shows the effect of both the domainvarianceandthe re-
training in the earlier experiments. The left of the tableshows the breakdown for the baseline
experimentsbeforetheparserwasretrained.In this experimentit is clearthatboththec-structure
parserandthe f-structureannotationalgorithmareunderperformingon questionsasopposedto
non-questionsentences.Theright of thetableshows thesamebreakdown, but for theexperiments
with theparserretrainedon bothPenn-IITreebankWSJandATIS sentences.It is clearthat this
retraininghasbene�tedboththec-structureandf-structureevaluationsfor thequestionsin partic-
ular. Thec-structuretreeevaluationhasimprovedover 26%with anf-scoreof 88.35,likewisethe
f-structureevaluationshave improvedfor evaluationsof all grammaticalfunctionsandpreds-only,
improving by 13.86%and23.44%respectively. It is alsointerestingto notethatnoneof thescores
have decreasedasa resultof this retraining,the resultsfor the non-questionsentenceshave also
improved(albeitto a lesserextent).



6.5 Back-Testingthe Retrained Grammar

Theexperimentsabove show thatretrainingthec-structureparserfor thenew domainhasallowed
usto adaptthe treebank-basedLFG resourcesto a new domainandachieve similar f-scoresin c-
andf-structureevaluationson datafrom a new domaincomparedto in-domainresults.In orderto
ensurethat this retrainingprocesshasnot adverselyaffectedtheoverall systemperformance,we
back-testtheretrainedparserandannotationalgorithmonsentencesfrom theoriginalWSJdomain
(theDCU 105goldstandard).Weparsedthe105sentenceswith eachof the10retrainedgrammars
from the10-foldcrossvalidationexperimentin Section6.1,thenevaluatedbothc- andf-structures
againstthe DCU 105 gold standard.The averagedresultsareshown in Table10 (a), alongwith
the resultsfor the grammartrainedonly on sections02-21of the Penn-IITreebankin the same
evaluation(b).

WSJ02-21trained Precision Recall F-Score

Trees 86.56 85.59 86.07
F-Structures All GFs 83.45 78.95 81.14

Preds-Only 76.32 72.0 74.10
(a)

WSJ02-21+ 90%ATIS trained Precision Recall F-Score

Trees 87.05 86.10 86.57
F-Structures All GFs 83.92 79.34 81.56

Preds-Only 77.32 72.85 75.02
(b)

Table10: Resultsfor backtestingretrainedgrammarandbaselinegrammaron DCU 105

Theresultsshow that theretrainingprocesshasresultedin no lossof accuracy at eitherc- or
f-structurelevel. Thescoreshave in factimprovedslightly asaresultof theretraining;however the
improvements,whentested,werenotstatisticallysigni�cant (pairedt-test).Fromthisweconclude
thattherehasbeennosigni�cant negativeeffectontheLFG parsingresourcesof Cahill etal. (2004)
onWSJmaterialasa resultof retrainingthec-structuregrammarto adaptthetreebank-basedLFG
resourcesto a new domain.

7 Conclusions

Our experimentshave shown that treebankinducedLFG resourcesunderperformwhen the do-
main is variedfrom that of the training material. This holdsfor both c-structureandf-structure
analyses.To adaptthe treebank-basedLFG resourcesof Cahill et al. (2004) to a new domain,
all that wasnecessarywasto retrainthe c-structureparser. The f-structureannotationmoduleis
ableto handlethedomainvariancewithout modi�cation. We have alsoshown thatthef-structure



annotationalgorithmis general:given high-qualityc-structuretrees,it canachieve a high upper
boundfor f-structuresin a new domain. More generally, our experimentssupportthe claim that
the f-structuresgeneratedarea morenormalisedlinguistic representationwhich arelessaffected
by domainvariancethanthelevel of c-structurerepresentation.

In our experimentswe have adaptedour LFG parsingresourcesto a new domainwith a c-
structurelabelledf-scoreof 86.07andanf-structureall grammaticalfunctionsf-scoreof 88.11in
aCCG-styleexperiment.Thisconstitutesanimprovementof over14%onc-structureparsing,and
over 7% on f-structureannotationcomparedto unadaptedparsingandannotationwith the same
system.

We planto extendour work by developinga largerquestioncorpus.With sucha resourcewe
will beableto parameterisetheamountof questiondataneededin retrainingthec-structureparser
to reachanoptimalresult.
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