STRONG DOMAIN VARIATION AND
TREEBANK-INDUCED LFG RESOURCES

JohnJudgeMichael Burke, Aoife Cahill, RuthO'Donovan,Josefvan GenabithandAndy Way
NationalCentrefor LanguagelechnologyandSchoolof Computing,
Dublin City University, Dublin, Ireland

Proceedingsf the LFGO5Conference
University of Bergen
Miriam Butt andTracy Holloway King (Editors)
2005
CSLI Publications
http://csli-publicabns.sanford.edu



Abstract

In this papemwe presenanumberof experimentgo testtheportability of existingtreebank-
inducedLFG resourcesWe testthe LFG parsingresource®f Cahill etal. (2004)onthe ATIS
corpuswhichrepresenta considerablg differentdomainto the Penn-1ITreebankWall Street
Journalsectionsfrom which the resourcesvereinduced. This testingshavs an underperfor
manceatbothc- andf-structurelevel asaresultof thedomainvariation.We show thatin order
to adaptthe LFG resource®f Cabhill etal. (2004)to thisnew domain,all thatis necessaris to
retrainthe c-structureparseron datafrom the nev domain.

1 Intr oduction

Probabilistic treebank-basegarsingresource¢Collins, 1999;Charniak 2000;Bikel, 2002)areof
high quality andcanbe rapidly inducedfrom appropriate¢reebankmaterial. However, treebank-
andmachinelearning-basegrammaticakesourcese ect the characteristicef the training data.
They generallyunderperfornontestdatasubstantiallydifferentfrom thetrainingdata.In thispaper
weinvestigateheeffectsof strongdomainvariationonthetreebank-induceddeep”, probabilistic
Lexical-FunctionalGrammarresource®f Cabhill et al. (2004)andshav how theseresourcesan
be adaptedo handlestrongdomainvariation. In our experimentswe usethe Penn-lltreebank
(Marcusetal., 1994)Wall StreetJournal(WSJ)newspapessectionsandthe ATIS (Hemphilletal.,
1990)transcribedpolenlanguageairline reserationresourceThe Penn-1IWSJvs. ATIS domain
changeresultsin a markedly strongerdropin performanceboth on the treesandthe f-structures,
for the Penn-litrainedLFG resource®of Cabhill et al. (2004),comparedo the drop obsered by
Gildea(2001)for the Penn-1IWSJvs. Brown domainvariationexperimentswith Collins's (1997)
parser

This posesa researctguestion: is the obsered performancedrop of the LFG resourcesf
Cabhill etal. (2004)dueto the decreasén quality of c-structureparsing,or is it alack of coverage
of the f-structureannotatioralgorithm(ibid.), or both? We reporton experimentswvhich answer
this question. The main, and surprising,resultis that, while the Penn-lltrainedc-structurecom-
ponentof Cahill et al. (2004) requiresretraining,the f-structureannotationalgorithm (originally
designedor Penn-lIWSJdata)requiresno change®r extensions.The linguistic informationen-
codedin the f-structureannotationalgorithmis alreadycompletewith respectto strongdomain
variationasexempli ed betweenthe Penn-IIWSJandATIS corpora. This is a surprisingresult
asPenn-lIWSJdatarepresenta markedly differenttext domainto that of ATIS, asdiscussedn
Section3. A possibleexplanationis that, comparedo c-structure f-structureis a more abstract
and“normalised’level of representatiom the LFG architecturelessaffectedby domainvariation
thanc-structure.

Section2 givesa brief outline of relatedwork on treebankinducedresources.In Section3,
we compareandcontrastthe ATIS corpuswith the WSJsectiondrom the Penn-1ITreebank.We
outline our baselineexperimentsand presentthe resultsin Section4. We analysethe results,
investigatethe underperformancand presentexperimentsto improve performancen Sections
5 and6. We investigateretrainingthe c-structureparserwith appropriatedata. In a CCG-style



experimentwith the retrainedparserwe achieve a c-structurelabelledf-scoreof 86.07andan f-
structureall grammaticafunctionsf-scoreof 88.11.This constitutesanimprovementof over 14%
on c-structureparsing,andover 7% on f-structureannotationcomparedo unadaptegarsingand
annotatiornwith the samesystem.In someadditionalexperimentswve parameteris¢he amountof
WSJmaterialin the parsers training set. We thenmeasurehe effect of addingpunctuationto
the ATIS testsetand assesshe question/non-qugtion performanceof the parserandannotation
algorithmandperforma back-testingexperimentwith theretrainedresources.

2 Background Work and Motivation

Wide coverageparsersarenow beingusedfor questionanalysisin open-domairguestionranswer
ing (QA) systemsas describedin Pascaand Harabagiu(2001) for example. In ongoingwork
we areinvestigatingthe useof the LFG annotationalgorithmof Cahill et al. (2004)with Bikel's
(2002)parserto analyseTREC! questionmaterialinto f-structureso develop a questiorntree-and
f-structurebankresourcdor developingQA systems.

2.1 Previous Work

Domainvariationandits effectson “shallow” ? probabilisticparsemperformancéasbeeninvesti-
gatedby Gildea(2001). For example,trainingon the Penn-lITreebankWSJsectionsandparsing
Brown corpustext resultedin adropin labelledbracleting f-scorefor treesof 5.7% comparedo
parsingthe WSJ.This shawvs the negative effect of domainvariationon parserperformancesven
whenthetestdatais not substantiallydifferentfrom thetraining data(boththe Pennil andBrown
corporaconsistprimarily of written texts of AmericanEnglish,the maindifferenceis the consid-
erably more varied natureof the text in the Brown corpus). Gildea also shavs how to resohe
this problemby addingappropriatedatato the training corpus,but notesthat a large amountof
additionaldatamaleslittle impactif it is not matchedo thetestmaterial.

Clark et al. (2004) have worked speci cally with questionparsingto generatedependencies
for QA with Penn-lltreebankbasedCombinatoryCateyorial GrammargCCG's). In their work
they focuson “what” questiongaken from the TRECQA dataset.Their solutionis to retrainthe
lexical annotationcomponen{the supertaggerdf the parserratherthanthe whole parser They
evaluateaccurag atthelexical catayory level. In their work the supertagges'accurag improves
over 13%with retrainingon appropriatelata. This givesa goodindicationof whatcanbeachieved
by retrainingresourcegor questions.

Burke etal. (2004),Cahill etal. (2004),andO'Donovanetal. (2004)presentasubstantiabody
of work on automaticallyproducingLFG resource$rom treebanksHowever, to dateno previous

http://wwwitrec.nist.ge

2A “shallov” grammarde nesalanguagesa setof stringsandmayassociatsyntacticrepresentationsith strings.
A “deep” grammar(in addition) associatestringswith information/meaningepresentationgysuallyin the form of
predicate-agumentstructures,dependeng relationsor logical forms. In orderto constructaccurateand complete
“meaning”representationgleepgrammarsisuallyresol\e long-distancelependencies.



researcthasbeencarriedout to testthe effect of domainvarianceon the treebank-inducetd FG

parsingresource®f Cahill et al. (2004). Given thatthe resourcesare inducedfrom the Penn-
II Treebankthe expectationis that performancewill suffer in a similar way asthe experiments
of Gildeawith Collins' (1997) parsershaved. In Section4, we presentexperimentsto testthis

hypothesison the ATIS corpus,which containstranscribedspolen languagewith a signi cant

proportionof questionmaterialandconstitutesaninstanceof strongdomainvariation.

3 CorpusDescription

3.1 ATIS

The Air Travel Information System(ATIS) corpus(Hemphill et al., 1990) is a transcriptionof
spolen dialog with anautomatedhir travel informationsystem.ATIS represents differentstyle
of languagdrom the Wall StreetJournaltexts of the Penn-lITreebank:a signi cant proportionof
thesentencem ATIS arequestionsimperatvesandnon-sententialitteranceswhich aregenerally
shorterthanthosein theWSJsectionf Penn-llandthetranscriptionrdoesnot containpunctuation
marks.

1. Are there any flights arriving after eleven a.m
Show me the T WA flight

I need a flight from Los Angeles to Charlotte today

2
3
4. Flights from Los Angeles to Pittsburgh
5. On Tuesday arriving before five p.m
6

What flights from Philadelphia to Atlanta

Figurel: ExampleATIS utterances

Figure 1 illustratestypical ATIS corpusdataincluding both question(1) and non-question
sentencef2,3),aswell assub-sententigld,5) andincompleteutterance$6). Notealso,thatpunc-
tuationhasnotbeenadded.



3.2 Penn-ll WSJvs. ATIS

\ | ATIS | Penn-lWSJ |
Words 4000words 1 Million words
Sentences 578sentences 50,000sentences
Averagesentencéength 7 words 21words
Source Transcriptionof spolendialog WSJINewspapetext
#Questions 213Directquestions 233Directquestions
Sentenceype Interrogatves,imperatves,andfragments| Declaratve sentences
InterWord Punctuation None Punctuated

Tablel: Corpusstatisticscompared

Both Penn-IIWSJandATIS are POS-andparse-annotatecbrpora(ie. treebanksjollowing the
samegenerabnnotatiorguidelinegBiesetal., 1995). Despitethesesimilarities,thetwo treebanks
exhibit strongdifferencesasregardssize,domain,phraseypedistribution andpunctuation.

Table 1 shavs a comparisonof the Penn-11 WSJ sectionsand the ATIS corpus. The most
striking differencebetweenthe Penn-11 TreebankWSJsectionsandthe ATIS is the differencein
sizebetweerthetwo corpora:the WSJsectionof the Penn-lITreebankwith 50,000sentenceare
over eightytimesthe sizeof ATIS with only 578sentencesAnotherimportantdifferencebetween
the two is in the averagesentencdength,thosein ATIS tendto be muchshorterthanthe WSJ,
with anaveragdengthof 7 words,comparedo 21 wordsin theWSJ.Figure2 plotsthe numberof
sentenceagainsthe sentencéengthfor the ATIS corpusandSection23 of the WSJsectionof the
Penn-lltreebankllustratingthe differencein sentencéengthdistribution betweerthe corpora.
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Figure2: SentencéengthdistributionsATIS vs WSJSection23

Thegraphshavs how signi cantly largerasinglesectionof thePenn-IITreebankVSJsections
is thanATIS. It alsoshaws the broadedistribution of dataover the sentencéengthsin the section
of the Penn-1l Treebankwhich hasa muchwider spreadover the sentencdengths. Section23
hasa meansentencéengthof 21 wordswith a standarddeviation of 8.6, while ATIS hasa mean
sentencéengthof 7 wordswith a standardieviation of 2.9.

The sourceof text for thetwo corporaalsohighlightssomeimportantdifferences.The source
for the ATIS corpusis spolendialoguewhich tendsto be morecasuabndbrief (Figurel) thanthe
longer morecomple structuredoundin the Penn-lI TreebankFigure 3). Also the natureof the
air travel informationsystemresultsin the ATIS corpuscontainingsentencesf a predominantly
interrogatve nature. Of the 578 sentencei the ATIS corpus,213 arequestionsaccountingor
over 36% of the entire corpus. Comparatrely, the WSJhasvery few interrogatve sentencesr
questions,only 233 over the entire WSJ sections(accountingfor lessthana half of a percent
of the corpus). In addition, mary of theseare embeddedr rhetoricalquestiongFigure 4 (3)),
which unlike thosein the ATIS do not seekinformation. None of the 233 questionsn the WSJ
sectionsare to be found in section23 of the treebankwhich is the standardestingsectionfor
parserevaluation. Therefore noneof the evaluationscarriedout on this sectionre ect the quality
of parsing/annotatioof 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-1ITreebankVSJsentences

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 sectiondescribeur baselineexperimentsto determinethe portability of the resourcef
Cabhill etal. (2004)to anev domain,the ATIS corpus.
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We usethe pipelinemodelof Cahill etal. (2004)(Figure.5) to generatd-structuresrom 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-1l Treebank.
Thef-structureannotatioralgorithm(alsodevelopedon Penn-llWSJmaterial)is modular taking
c-structuretreesand automaticallyaddingLFG f-structureequationgo eachnodein the tree. A
modi ed versionof Magermars (1994)schemas usedfor determiningthe headof eachsubtree.
The rst moduleof thealgorithm(Left-Right Context Rules)assignsannotationgo thetreenodes
basedon whetherthey occurto the left or right of the head.Sincethe analysisof co-ordinationin
the Penn-lITreebanks very at, co-ordinationis treatedseparatelyn orderto keeptheleft-right
contet rulesconcise.In the “Catch-All and Clean-Up"moduleof the algorithm,overgeneralisa-
tionsmadeby the previousmodulesarecorrected Thethreemodulesyeneratéproto” f-structures
which arethenpassedo a post-annotatiotiong distancedependenc (LDD) resolutionmodule,
which resoleslong distancedependencieand outputsthe nal “proper” f-structureswhich we
evaluate.

4.2 Evaluation

We usethe pipelinearchitectureshavn in Figure5 to generates- andf-structuredrom raw strings
taken from the ATIS corpus.We evaluateboth the c-structurereesoutputtedby the parserusing
PARSEVAL metrics(Black et al., 1991),andthe LDD-resolhed f-structuresoutputby the anno-
tation algorithmusingthe triple encodingand evaluationsoftware of Crouchet al. (2002). The
parsemutputis evaluatedagainsthe parsetreesin the ATIS corpus,andthef-structuresareevalu-
atedagainsta handcraftedgold standardf f-structuredor 100sentencesandomlyselectedrom
the ATIS corpus.We alsoperforma CCG-style(Hockenmaier2003)evaluationwherebywe gen-
eratef-structuresfor the entire ATIS corpusfrom the original ATIS treebankireesand evaluate
f-structureggeneratedrom the parsemutputagainsthese578 pseudagold standard-structures.



4.3 Results

@)

\ 100Gold Standard | Precision| Recall | F-Score|
Trees(labelledbracleting) | 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(labelledbracleting) | 75.49 | 67.77 | 71.42
F-Structures All GFs 81.23 | 80.29 | 80.76
Preds-only| 69.27 | 67.02| 68.13

(€)

\ DCU 105 | Precision| Recall | F-Score|

Trees(labelledbracleting) | 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 evaluationsdescribedabore. Table2 (a) shavs the evaluation
againsthe 100sentenc@TIS hand-crafted-structuregold standardComparedo the mostrecent
resultsfor the Penn-11WSJsection23 basedDCU 105° evaluationin Table 2(c), the treebank-
based FG parsingresource®f Cahill etal. (2004)shav a signi cant dropin boththetree-andf-
structure-basednalysisscoredor the ATIS material. Thec-structure®utputby theparsehave an
f-scorearoundl6%lessthanin thein-domain(section23) evaluationfor the sameparser/grammar
combination(Bikel trainedon sections02-21 of the Penn-1lTreebank).Lik ewise the f-structure
evaluationhassuffered,with the preds-onlyf-scoreover 11%lower thanon in-domaindata.

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



Dependeng | 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 selectedeatures

Table 3 shavs a moredetailedanalysisof the f-structureevaluationin Table2(a) for selected
features. The table shavs that in particularfor featuressuchas focus andtopicrel, which are
importantto analysecorrectlyin questionsthe performances quitelow. Thisindicatesthat,asit
standsthe Penn-Illtreebank-basetdFG parsingsystemis not well suitedto analysingquestions
andperformancénassufferedsubstantiallyasaresultof the changdan domain.

We have seenthatby changinghe domainfrom WSJtext to ATIS, the overall performancdor
c-structureanalysisandf-structureanalysishasdroppedsigni cantly. The strongdomainvariance
betweerATIS andWSJdatahasaffectedbothshallav (c-structurdrees)anddeep(f-structurede-
pendenciesanalysesindis morepronouncedhanwasobseredin earlierwork by Gildea(2001)#

5 Why the PerformanceDrop?

Thedropin performanceanbe attributedto the domainvariance but the questiorremainswhich
modulein the pipeline parsingarchitecturan Figure5 (c-structureparser f-structureannotation
algorithmor LDD resolution)is underperforminglueto thechangean domain,or is it a combina-
tion? We cannarrav the possibilitiesdown to two of thethreemodulesshavn in Figure5.® Either
the c-structureparseris underperformingand consequentlyhe annotationalgorithmis unableto
generatesufciently good f-structuresfrom the bad c-structuresor the annotationalgorithmis
incompletewith respecto thedomainvariance.

4Gildea’s work focusedon c-structureparsingasopposedo full LFG f-structures.
5Testingonthelong distancelependencresolutionmoduleshavedthatproblemawith LDD resolutiorweredirectly
relatedto badc-structureparsing.



Theresultsn Table2 have shavn thatthec-structurgarseperformancéasdroppedy almost
16% asa resultof the domainvariance.Previouswork hasshavn that parsemperformanceanbe
boostedhroughretrainingwith appropriatedata(Gildea,2001;Clark et al., 2004). We carry out
an experimentto try andboostthe questiondomainperformancef Bikel's parserby retraininga
grammawith appropriatenaterialfrom the ATIS corpus.

6 Retraining Experiments and Results

6.1 Retraining (WSJ + ATIS)

In orderto improve the performanceof the c-structureparseron ATIS sentencesve createa nev
training setfrom which to extracta grammarfor the parser This new, larger, training setconsists
of sections02-21of the Penn-11TreebankWSJ (the original training data)and 90% of the ATIS
corpus. We thentrain the parseron this new training set, and repeatthe parsingandannotation
experimentsoutlinedin Section4. C-structuregor eachof the 578 ATIS sentencearegenerated
by retraininga grammarandparsingusinga 10-fold cross-alidationexperimentwith a 90%:10%
training:testsplit over the ATIS corpus,andaddingthe 90% ATIS split to sections02-21 of the
Penn-1ITreebankWSJfor training. Theparsemoutputc-structuresrethenpassedo thef-structure
annotatioralgorithmandLDD-resolutionandthef-structuresevaluatedasbefore.

(@

\ 100Gold Standard | Precision| Recall| F-Score| Diff |
Trees(labelledbracleting) | 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(labelledbracleting) | 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 retrainedgrammaifor 10-fold crossvalidation

Tables4 (a) and(b) give the resultsof evaluatingc-structuresandf-structureggeneratedvith
Bikel's parseretrainedasdescribedabove. Evaluatingagainsthe 100-sentenc@TIS gold stan-
dard,the c-structuref-scorehasincreasedy almost13%to 83.14. The quality of thef-structures
hasalsoincreasedvith animprovementof almost14% in the preds-onlyf-score,to 76.77. The
performanceover the whole corpus,in a CCG-styleexperimentagainstautomaticallygenerated



f-structuredor the original 578treebankrees hasincreasedaorrespondinglywith the c-structure
f-scoreincreasingover 14%to 86.07,anda predsonly evaluationof the f-structuresggainingover
12%to achieve anf-scoreof 80.51.

Dependeng | 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 selectedeatures

Table5 shavs amoredetailedanalysisof theevaluationsn Table4(a)for anumberof features.
Comparedo Table 3 the tableshavs thatthe retraininghashadno negative effect on ary of the
features.The majority of featureshave improved in termsof both precisionandrecall. Of those
featureswvhich bene tedfrom theretraining,two featureshave gainedsigni cantly morethanthe
others,focusandtopicrel. Thesearetwo featureswhich areimportantfor analysingquestions
correctly

Our experimentsso far indicatethat the annotationalgorithmof Cahill et al. (2004), Burke
etal. (2004),andO'Donovanetal. (2004)is completewith respecto the strongdomainvariance
encounteredh our experiments.We have seenthatin orderto copewith a nev domainonly the
c-structurgparsemeeddo beretrained.

In orderto estimatean upperboundfor our experimentswe took the original ATIS treebank
treesfor the 100 sentencen the gold standardand automaticallyannotatedhemto producef-
structurestherebyremaoving the c-structureparsermamgin of error We then evaluatedthesef-
structuresagainstthe hand-crafted-structuresin the gold standard. In this evaluationthe all
grammaticafunctionsf-scoreis 92.80andthe preds-onlyf-scoreis 89.88 (Table 6). Thisis a
satishctoryupperboundandtheresultsarecomparabldo a similar experimentonthe DCU 105.



\ | All GFs | Preds-only|
| F-Score| 92.80 | 89.88 |

Table6: Upperboundfor gold standardrees

Theseresultsdemonstratehat improving the c-structureparsingis sufcient to improve the
overall performanceof the annotationalgorithmon sentencesutsideof the domainon which it
wasdeveloped.Thisis quitea surprisingresult,aswe did not modify the annotatioralgorithmof
Burke etal. (2004)in ary way.

6.2 Parameterisationof Penn-1I WSJ Training Data

We have seemabore thataddinga (relatively) smallamountof domainappropriatenaterialto the
trainingsetfor the c-structureparsethasresultedn quite signi cant gainsfor bothc-structureand
f-structureanalysisof ATIS sentencesPrevious work by Gildea (2001) hasshavn thata large
amountof additionaldatamaleslittle impactif it is not matchedo the testmaterial. With thisin
mind onecanwonderif, dueto its relative size,the Penn-lITreebankWSJmaterialin thetraining
setfor the parsemight constitutesucha large amountof redundantadditionaldata.

In orderto test,this we conducteda numberof ablationexperimentausingthe automaticallyf-
structureannotated 78 ATIS treesasgold standardn a CCG-styleexperimentwherewe evaluate
c-structuregndf-structureparsenutputalgorithm,while reducingheamountof Penn-lITreebank
materialin the parsers training set. The graphsin Figures6é and7 shav the effect for evaluations
againstthe entire ATIS corpusin a seriesof 10-fold crossvalidation experiments,in which the
training setfor the parserconsistsof 90% of the ATIS corpusanda varying (randomlyselected)
percentagef thePenn-lITreebank.
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Thegraphsshav thatreducingtheamountof Penn-lITreebankWSJmaterialin thetrainingset
adwerselyaffectsthe overall performance Grammarcoverage c-structureparsingandf-structure
annotatiorall suffer to varyingdegrees Both c-structureandf-structureevaluationsstartto decline
whenlessthan70%of thetreebanks includedin thetraining set. Grammarcoverageprovesto be
lessaffectedin this case:it doesnotdeclinesigni cantly until theamountof treebankVSJtraining
materialfalls belov 20%. Neverthelessthe systemis capableof achieving coveragein theregion
of 99%, a c-structuref-scoreof over 85%, andf-structuref-scoresof over 88% (all grammatical
functions)andover 82% (preds-only) whenthe c-structureparseris trainedon 90% of the ATIS
corpusandonly 10% of the Penn-lITreebank.

6.3 Punctuation

ThePenn-lITreebankVall Streetlournalsectionsusedfor trainingthe c-structureparsercontains
properlypunctuatedext. Ontheotherhand the ATIS stringsareunpunctuatedThisis anothefac-
tor thatcould possiblyexplain the underperformancef the c-structureparserand (consequently)
annotatioralgorithmin our earlierexperimentsaswe would expectgrammargrainedon Penn-l|
Treebanksectiongo performbetteron punctuatedext.®

To testthis with the ATIS corpus,we addedbasicpunctuatiorto eachof the ATIS sentences.
Eachof the213questiondiadaquestiormarkaddedtheremainingsentencebadafullstopadded,
andthe sub-sententialragmentswereleft unpunctuated We thenreranthe parsingexperiments
with both the baselineWSJ-onlytrainedgrammay and also the improved WSJand 90% ATIS
trainedgrammaiin a 10-fold crossvalidationexperiment.

| | WSJ | WSJ+ ATIS 90% |
Unpunctuated Punctuated Diff | Unpunctuated Punctuated Diff

Coverage 100 99.83 -0.17 100 99.83 -0.17
F-Score(Tees) 71.42 71.31 -0.11 86.07 85.36 -0.71

Table7: Parsingresultsfor punctuatediTIS sentences

Table 7 shavs the evaluationresultsfor c-structureanalysisof the 578 ATIS sentencesvith
basicpunctuatioradded.Thetableshavs thecoverageandf-scoredor boththebaselinggrammay
trainedon sections02-21 of the Penn-1l1 TreebankWSJ, and the grammarretrainedwith added
ATIS sentencesandthedifferencebetweerthesescoresandthosefor parsingthe ATIS sentences
without punctuationlt is interestingo notethatall of the scoreshave decreasedlightly asaresult
of addingpunctuationwhenthe nave assumptionstatedaborve, would be thatthe parsershould
performbettergiventhatits trainingdatais punctuatedThis emphasisethe effect of the domain
differencebetweerthe ATIS corpusandthe Penn-lITreebank.

5Thiswaspointedoutto usby Tragy King (p.c.).



6.4 Questionvs Non-Question

TheATIS corpuscontainsbothquestiorandnon-questiomata.Our 100-sentencgold standards
takenfrom the ATIS corpusandso comprisesoth questionandnon-questiorsentencesTable8
shawvs the breakdavn of the upperbound(establishedollowing the procedureadetailedin Section
6.1) for both questionandnon-questiorsentences thegold standard.

\ | Non-question| Question|

All GFs 94.82 90.77
Preds-only 92.94 86.81

Table8: Questiomandnon-questiori-scoreupperbounds

The upperboundbreakdavn shavs a slight leaningtowardsa higherupperboundfor non-
guestionsentencedyut the upperboundfor questionss still quitehigh.

Table9 givesthe breakdavn of the scoredfor questionandnon-questiorsentencefn the 100
sentencegold standardparsingevaluations.

\ \ 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-questiorscoredor the annotatioralgorithm

The breakdavn in Table 9 clearly shawvs the effect of both the domainvarianceandthe re-
training in the earlier experiments. The left of the table shavs the breakdavn for the baseline
experimentdbeforethe parsemwasretrained.In this experimentit is clearthatboththe c-structure
parserandthe f-structureannotationalgorithmare underperformingon questionsas opposedo
non-questiorsentencesTheright of thetableshavs the samebreakdavn, but for the experiments
with the parsemretrainedon both Penn-1I TreebankWSJandATIS sentenceslt is clearthatthis
retraininghasbene tedboththe c-structureandf-structureevaluationsfor the questionsn partic-
ular. Thec-structurdreeevaluationhasimproved over 26% with anf-scoreof 88.35 likewisethe
f-structureevaluationshave improvedfor evaluationsof all grammaticafunctionsandpreds-only
improving by 13.86%and23.44%respectiely. It is alsointerestingo notethatnoneof thescores
have decreasedsa resultof this retraining,the resultsfor the non-questiorsentencesave also
improved (albeitto alesserextent).



6.5 Back-Testingthe Retrained Grammar

Theexperimentsabove shaw thatretrainingthe c-structurgparseffor the new domainhasallowed
usto adaptthe treebank-basedFG resourcedo a new domainandachieze similar f-scoresin c-
andf-structureevaluationson datafrom anev domaincomparedo in-domainresults.In orderto
ensurethatthis retrainingprocesshasnot adwerselyaffectedthe overall systemperformancewe
back-testheretrainedparserandannotatioralgorithmon sentencefrom theoriginal WSJdomain
(theDCU 105gold standard)We parsedhe 105sentencewith eachof the 10retrainedyrammars
from the 10-fold crossvalidationexperimentin Section6.1,thenevaluatedbothc- andf-structures
againstthe DCU 105 gold standard.The averagedresultsare shavn in Table 10 (a), alongwith
the resultsfor the grammartrainedonly on sections02-21 of the Penn-1l Treebankin the same
evaluation(b).

| WsSJ02-21trained | Precision| Recall | F-Score|

Trees 86.56 85.59 | 86.07
F-Structureg All GFs 83.45 78.95 | 81.14
Preds-Only| 76.32 72.0 74.10

(@)
| 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 7732 | 72.85| 75.02

(b)

Table10: Resultsor backtestingetrainedgrammarandbaselinggrammaron DCU 105

Theresultsshav thatthe retrainingprocesshasresultedin no lossof accurag at eitherc- or
f-structurelevel. Thescoreshavein factimprovedslightly asaresultof theretraining;howeverthe
improvementswhentestedwerenot statisticallysigni cant (pairedt-test). Fromthiswe conclude
thattherehasbeemosigni cant negative effectonthe LFG parsingresourcesf Cahill etal. (2004)
onWSJmaterialasa resultof retrainingthe c-structureggrammatrto adaptthetreebank-basedFG
resource$o a nev domain.

7 Conclusions

Our experimentshave shavn that treebankinducedLFG resourcesinderperformwhen the do-
main is varied from that of the training material. This holdsfor both c-structureandf-structure
analyses.To adaptthe treebank-basedFG resourcef Cabhill et al. (2004)to a nev domain,
all thatwasnecessaryvasto retrainthe c-structureparser The f-structureannotationmoduleis
ableto handlethe domainvariancewithout modi cation. We have alsoshavn thatthe f-structure



annotationalgorithmis general:given high-quality c-structuretrees,it canachiere a high upper
boundfor f-structuresn a nev domain. More generally our experimentssupportthe claim that
the f-structuresgeneratecirea more normalisedinguistic representatiomvhich arelessaffected
by domainvariancethanthelevel of c-structureaepresentation.

In our experimentswe have adaptedour LFG parsingresourcego a nev domainwith a c-
structurelabelledf-scoreof 86.07andan f-structureall grammaticafunctionsf-scoreof 88.11in
a CCG-styleexperiment.This constitutesanimprovementof over 14%on c-structureparsing.and
over 7% on f-structureannotationcomparedo unadaptegarsingandannotationwith the same
system.

We planto extendour work by developinga larger questioncorpus.With sucha resourceve
will beableto parameteristheamountof questiondataneededn retrainingthe c-structureparser
to reachanoptimalresult.
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