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1 Overview

This paperexaminesthe usefulnesof corpus-desied probabilisticgrammarsas a basisfor the auto-
matic constructiorof grammarsptimisedfor a givenparsingtask. Initially, a probabilisticcontet-free
grammai(PCFG) is derivedby astraightforwardlerivationtechniquerom the Wall StreetJournal(wsJ)
Corpus,andabaselinds establishedby testingthe resultinggrammaron four differentparsingtasks.In
thefirst optimisationstep,differentkindsof local structuralcontext (L SC) areincorporatednto thebasic
PCFG. Improved parsingresultsdemonstrat¢he usefulnes®f theaddedstructuralcontect information.
In thesecondptimisationstep,L SC-PCFGS areoptimisedin termsof grammarsizeandperformancédor
agivenparsingtask. Testsshav thatsignificantimprovementscanbe achieved by themethodproposed.

The structureof this paperis asfollows. Section2 discusseshe practicalandtheoreticalquestions
andissuesaddressedly theresearcipresentedh this paperandcitesexisting researclandresultsin the
sameandrelatedareas Section3 describefiow Lsc-grammarsarederivedfrom corporadefineshefour
parsingtaskson which grammarsaretesteddescribeslataandevaluationmethodsused,andpresents
a baselingechniqueandbaselineresults. Section4 discussesinddescribeglifferenttypesof Lsc and
demonstratetheir effect on rule probabilities.Methodsfor deriving four differentL sc-grammargrom
the corpusare describedandresultsfor the four parsingtasksare presented.t is shovn thatall four
typesof Lsc investigatedmproveresults but thatsomedeadto overspecialisationf grammarsSectionb
shaws that Lsc-grammarscanbe optimisedfor grammarsize by a generalisatiortechniquethat at the
sametime seekgo optimiseparsingperformancdor a givenparsingtask. An automaticsearchmethod
is describedhat carriesout a searchfor optimal generalisationsf the given grammarin the spaceof
partitionsof nonterminakets.Firstresultsarepresentedor theautomaticsearchmethodthatshaw that
it canbe usedto reducegrammarsizeandimprove parsingperformance.

Parentnodeinformationis shavn to be a particularly useful type of Lsc, andthe resultsfor the
completeparsingtaskachievedwith thecorrespondingrammararebetterthanary previously published
resultsfor comparablaunlexicalisedgrammars.Preliminarytestsfor LsC grammaroptimisationshav
thatit candrasticallyreducegrammarsize and significantlyimprove parsingperformance.ln oneset
of experimentsa partitionwasfoundthatincreasedhe labelledF-Scorefor the completeparsingtask
from 72.31to 74.61,while decreasingrammaisizefrom 21,995rulesand1,104nonterminal¢o 11,254
rulesand224nonterminalsResultdfor grammaroptimisationby automaticsearctof the partitionspace
shaw thatimprovementsn grammaisizeandparsingperformanceanbeachieredin thisway, but donot
comecloseto thebig improvementsachievedin preliminarytests.It is concludedhatmoresophisticated
searchtechniquesrerequiredto achieve this.

2 Background andrelatedreseach

Theresearcheportedn this papercoversarangeof issues{(i) corpus-desiedgrammars(ii) theuseful-
nessof structuralcontext informationin makingparsingdecisions{iii) automatiaconstructiormethods
for specialisedgrammarghat take corpus-desed grammarsas a startingpoint; (iv) the (in)Jadequag
of PCFGs asa grammarformalism;and (v) the questionof whetherparsingstratgiesthat do without
lexical informationcancomecloserto the performancef lexicalisedsystemsEachof thesessueswill
be discussedn moredetail over the following sections.

Corpus-derivedgrammars. Over the lastfive years,arangeof researclprojects— e.g.Charniak
(1996), Cardie& Pierce(1998),Johnson(1998,2000),Krotov et al. (2000)— have lookedat proba-
bilistic grammargshathave beendirectly derivedfrom brackettedcorpora(or treebankshencetheterm



“treebankgrammar’coinedby Charniak,1996). The basicideain grammarderivationfrom corporais
simple. For eachdistinctbrackettingfoundin a corpus.agrammarule is addedo thegrammarandthe
rule’s probabilityis derivedin someway (oftenby maximum-likelihoodestimationwith somesmoothing
method)from thefrequenyg of occurrencef the brackettingn the corpus.For instancethe bracketting
(NP (DT the) (NN tree)) wouldyield theproductionruleNP — DT NN.

However, becaus¢he numberof rulesin grammarslerivedin this entirelystraightforwardnanneiis
infeasiblylarge atleastin the caseof the wsi Corpus,andbecauséheir parsingperformancenorewer
tendsto be poor, sometechniquesare usually appliedto reducegrammarsize andto improve perfor
mance.All approachesgditthe corpusin someway, e.g.eliminatingsinglechild rules,emptycateory
rules,functionaltags,co-indeation tags,and punctuatiormarks. Differentcompactiormethodgsuch
aseliminatingruleswith frequeng lessthansomen) have beeninvestigatedhatreducehesizeof gram-
marswithout too muchlossof performancdin particularby CharniakandKrotov et al.). To improve
parsingperformancee.g.Charniakrelabelsauxiliary verbswith a separateos-tag andincorporates
“right-branchingcorrection”into the parsetto makeit preferright-branchingstructures.

As aresultof suchtechniquesthefinal grammargor which performanceesultsarereportedendto
have little in commonwith therule setunderlyingthe corpusfrom which they werederived.

Severalothergrammarbuilding andtrainingmethodsaresimilar to treebankgrammarconstruction:
Bod & Schas por* methodwhich extractstreefragmentgatherthanrulesfrom corporaMBL? methods
(Daelemanetal.) for building parsingsystemsrom corporaand— moregenerally— ary methodthat
estimateshelikelihood of brackettinggor of brackettingsorvertedinto taggings)¥rom a corpus since
suchmethoddirectly utilise boththe brackettingandtheir frequenciesasfoundin the corpus.

Theexisting resultsfor corpus-denedgrammarshatdo notundego significantfurtherdevelopment
demonstratéheirlimitations: they cannotcompetewith state-of-the-amparsingresults(seeSection?). It
will bearguedin this paperthatgrammarglirectly extractedfrom corporado, however, provide a useful
startingpoint for furtherautomatioqgrammarconstructiormethods.

Context-freegrammars that incorporate structural context. It is frequentlyobsered (e.g.Man-
ning & Schitze (1999, p. 416f)) that PCFGs are inadequateas a grammarformalism becausef the
very strongindependencassumptionsnherentin them,reflectingon the onehanda completelack of
lexicalisation,andonthe otheralack of structuredependence.

It is truethatin corventionalPCFGs the probability of, say a givenNP brackettings independentf
theidentity of the headnounaswell asits structuralcontet (e.g.whetherthe NP is in subjector object
position).However, thisindependencis notdueto theformal characteristicef PCFGS, but ratherto the
way they tendto beused.If the setof nonterminalof a PCFG doesnot distinguishbetweensay NPsin
subjectpositionandNpPsin objectposition,thentheprobabilitiesof ary rulescontainingthenonterminal
NP arenecessarilyndependenof the subject/objectlistinction.

However, it is straightforwardo introducesucha dependencto a PCFG by splitting the cateory
NP into two categyoriesNP-sBJ andNP-0BJ. Similarly, catgories(nonterminalsfanbe divided on the
basisof lexemes]Jexical catgyoriesor semanticlasses.

PCFGS maynotbeableto accommodatkexical andstructurainformationin themostelegantfashion,
but thepointhereis notaboutrepresentation@&leganceandefficieng. RatherthefactthatPcFGs encode
languageshatmakeup the formal classof context-freelanguagess entirely separatérom their ability
to reflectthedependencef rule probabilitieson lexical andstructuralcontext.

Examiningdifferentkinds of structuralcontect within the pCFG framevork (asdonein this paper)
hastwo adwantages:firstly, thereare polynomial-timealgorithmsfor finding mostlikely parses.and
secondly thereis a simple measureof the complity addedto a grammarby the introductionof a
pieceof structurainformationsuchasthesubject/objectlistinction,namelytheresultingincreasen the
numberof rulesin thegrammar

Automatic grammar construction. It is sometime®bsened thatderiving probabilisticgrammars
from corporain theway describedhbore is notan automaticgrammaidearningmethodbecausall that
is doneis to extractthe pCcFG thatunderlieshe corpusandis encodedn its sentencedyrackettingsand
occurrencdrequenciesAs waspointedoutabove, creatingagrammaiin thiswayis simply oneof mary
waysto utilise the brackettingsandfrequenciesf corpora,a featuresharedwith mary computational
learningapproache® automatiogrammarconstruction However, aspreviously mentionedthe limita-
tions of grammardirectly extractedfrom corporaindicatethatusingthemasstartingpointsfor further
grammardevelopments the moreusefulapproach.

1Data-OrientedParsing.
2Memory-Based.earning.



Grammar/Brser GrammaiSize performanc€wsJ unseen)
LR UR| LP UP] CB
Fully lexicalised
Collins (2000) —-190.1 - 1904 -1 0.73
Charniak(2000) -1 90.1 -1 90.1 -1 0.74
Collins (1999) — | 88.5 — | 88.7 -1 0.92
Collins (1997) - | 88.1 — | 88.6 -1 091
Charniak(1997) — | 875 -1 874 -1 1.00
Magerman(1995)SPATTER — | 84.6 — | 84.9 - 1.26
Nonlexicalised:
Charniak(1996) 10,605 - 78.8 - 804 -
withoutfrequeny 1 rules 3,943 - 782 - 807 -
Krotov etal. (2000) 15,420| 74.1 77.1| 77.4 80.6| 2.13
withoutfrequeny 1 rules 6,514| 744 775|769 80.2| 2.18
wsJ 15-18treebankecFG 6,135| 69.1 -1 714 - | 2.67

Tablel: Performancef comparabldexicalisedandnonleicalisedgrammarnfull parsing.

| Reference Method | LP] LR | F-Score]

Lexicalised:

Tjong Kim Sangetal. (2000) Systemcombination 94.2 | 93.6 93.9

Mufiozetal. (1999) SNoW 924 93.1 92.8

XTAG ResearclGroup(1998) XTAG + Supertagging 91.8 | 93.0 924

Ramshe & Marcus(1995)  TransformatiorBased_earning || 91.8 | 92.3 92.0

Veenstrg1998) MBL 89.0| 94.3 91.6

Nonlexicalised:

Argamonetal. (1999) MBL 91.6| 91.6 91.6

Cardie& Pierce(1998) Error-DrivenGrammarPruning || 90.7 | 91.1 90.9
wsJ 15-18treebankPCFG 89.2| 87.6 88.4

Table2: Performancef comparabldexicalisedandnonlexicalisedgrammarsn NP-chunking.

Creatinga startingpointfor grammaiearningin thisway is particularlyusefulbecauseontext-free
grammargannotbelearntfrom scratchfrom data. At thevery least,anupperboundmustbe placedon
the numberof nonterminalsallowed. Evenwhenthatis done,thereis no likelihood thatthe grammars
resultingfrom an otherwiseunsuperviseanethodwill look arything like a linguistic grammarwhose
parseanprovide a basisfor semantianalysis.

Parsingwith(out) lexicalinformation. Corpus-desredgrammarsendto benonleicalisedPCFGs,
hencetheexisting researcltitedabove canbe seerasinvestigationsnto theresultsthatcanbeachieved
in parsingwithouttakinginto accountexical information.

In syntacticparsingtasks,nonlexicalised methodsare generallyoutperformedby lexicalised ap-
proaches.In the caseof complete(non-shallav) parsing,nonleicalisedmethodsare outperformedoy
large magins. Table1 shavs anoverview of state-of-the-arhonlexicalisedand lexicalisedresultsfor
statisticaparsingsystemgU/L R = Un-/LabelledRecall,U/L P = Un-/LabelledPrecisionseeSection3).
For comparisonthelastrow of thetableshavs this papers baselinaesultfor thecompleteparsingtask
(seeSection3.4).

In NP-chunking,a shallov syntacticparsingtaskthathasbecomea popularresearchopic over the
lastdecaddfor detailsseeSection3.2belaw), nonleicalisedsystemslsotendto lag behindlexicalised
ones althoughby muchsmallermawgins. Table2 shavs a rangeof resultsfor thebaseNRchunkingtask
anddatasetgivenby Ramsha & Marcus(1995). Again, the correspondindpaselineresultfrom this
paperis includedin thelastrow. It is clearfrom this overview thatthe differencebetweenexicalised
andunlexicalisedsystemss far smallerfor this parsingtaskthanfor completeparsing.

Thereare several reasondor investigatinghow well parserscan do without lexicalisation. Apart

3Any linguistic CFG canbe convertedinto a normalform that encodeghe samesetof sentenceshut whosederivationsand
substructurearenot semanticallymeaningful.



from thetheoreticalnterestoptimisinggrammardeforeaddinglexicalisationmayimprove theiroverall

performanceaslexicalisedsystemften performworsethancomparablaonleicalisedsystemavhen
the lexical components takenout. E.g. Collins (1996) includesresultsfor the systemwith lexical

informationremoved, which reducea R from 85.0to 76.1andLP from 85.1to 76.6in onetest— worse
thanthe comparableaesultsreportedbelon in Section4.3 (78.78and 77.16). Furthermorethe results
shavn in Tablesl, 2 and4 indicatethatshallov parsingtasksrequirelexical informationto a far lesser
extentthannonshallev ones,sothatthe addedexpenseof lexicalisationmight be avoidablein the case
of suchtasks.

3 Grammars, parsing tasks,data and evaluation

3.1 Grammars from corpora

Thebasicprocedurausedfor deriving PCFGs from wsJ Sectionsl 5—18canbe summarisecsfollows*:

1. In thefirst step,the corpusis iteratively editedby deleting(i) bracketsandlabelsthatcorrespond
to emptycateyory expansions{ii) bracketsandlabelscontaininga singleconstitutenthatis not
labelledwith a pos-tag; (iii) cross-indgation tags; (iv) bracketsthat becomeempty througha
deletion;and(v) functionaltags.

2. In the secondstep,eachremainingbrackettingin the corpusis corvertedinto a productionrule.
Therulesaredividedinto nonlexical ones(thosethatform the grammar) andlexical ones(those
thatform thelexicon).

3. In thefinal step,a completePcFG is created.The setof lexical rulesis corvertedinto a lexicon
with pos-tag frequeny information. The setof nonterminalds collectedfrom the setof rules.
Eachsetis sorted,the numberof times eachitem occursis determinedand duplicatesare re-
moved. ProbabilitiesP for rulesN — ¢ arecalculatedrom therule frequencies” by Maximum

Likelihood Estimation(MLE): Pyrz(N — ¢) = Zﬁc%%

3.2 Four parsing tasks

Resultsaregivenin thefollowing andsubsequergectiondor four differentparsingtasks:

1. Full parsing: Thetaskis to assigracompleteparseo theinputsentenceA full parsds considered
100%correctif it is identicalto the correspondingarsegivenin thewsJ Corpus.

2. Nounphraseidentification: Thetaskis to identify in theinput sentenceall nounphrasesnested
andotherwisethataregivenin thecorrespondingvsi Corpusparse.

3. Completetext chunking: This taskwasfirst definedin Tjong Kim Sang& Buchholz(2000),and
involvesdividing a sentencento flat chunksof 11 differenttypes. The target parsesarederived
from wsJ parsedy adeterministicconversionprocedure.

4. Basenounphraseidentification: First definedoy Abney (1991),thistaskinvolvestherecognition
of non-recursie noun phrasechunks(so-calledbaseNPs).Tamet parsesare derived from wsJ
parsedy a simplecornversionprocedure.

3.3 Dataand evaluation

Sectionsl 5—-18of theWall StreetJournalwsJ) corpuswereusedfor grammaiderivation,andSection01
from the samecorpuswasusedfor testingparsingperformance Parsingperformancevastestedwith
the commonlyusedeval b programby Sekine& Collins®. The programevaluatesparsesn termsof
thestandardARSEVAL evaluationmetricsPrecision,Recallandcrossingbradets For aparseP anda
correspondingamet parseT’, Precisionmeasureshe percentag®f bracketdn P thatmatchthetamget
brackettingsn 7". Recallis the percentagef brackettinggrom 7" thatarein P. Crossingoracketggives
the averagenumberof constituentsn oneparsetreethatcrossover constituenboundariesn the other
tree.(Seee.g.Manning& Schitze(1999),p. 432-434.)

For Precisionand Recallthereare unlabelledandlabelled variants. In the latter, both the pair of
bracketsaandthe constituentabelon the bracketpair have to be correctfor the brackettingo becorrect,

4Throughouthis paper wsarefersto the PENNII Treebankversion.
5Availablefromht t p: / / cs. nyu. edu/ cs/ pr oj ect s/ pr ot eus/ eval b/ .



whereadn the unlabelledvariantonly the bracketshave to be correct. In this paper unlessotherwise
stated,Precisionand RecallalwaysmeanLabelled Precisionand Recall, in particular all new results
presentecrethelabelledvariants.PrecisiorandRecallarecommonlycombinednto a singlemeasure,
calledF-Scoregivenby (3% + 1) x Precision x Recall/(? (Precision+ Recall). In thispaper 3 = 1
throughout.

All grammarstestedare nonlexicalised, thereforeinput sentencesre sequencesf pos-tagsnot
words. In thetests,sentencesf alengthabore 40 words(consistentlycloseto 7.5%of all sentencem
acorpussection)wereleft out. All grammarsareformally probabilisticcontet-free grammargPCFGS).
The parsingpackagd_oPar (Schmid(2000))wasusedto obtainViterbi parsedor datasetsandgram-
mars. If LoPar failedto find a completeparsefor a sentencea simplegrammarextensionmethodwas
usedto obtainpartialparsesnstead.

3.4 Baseline

A baselinegrammar'BARE wasextractedfrom wsJ Sectionsl5-18by the methoddescribedn Sec-
tion 3.1, appliedto thefour parsingtasksdefinedin Section3.2,andtestedandevaluatedasdesribedn
the precedingsection.Thisyieldedthefollowing setof resultswhich formsthe baselingor thepurpose
of this paper (Resultgnclude9 partialparses.)

Full parsing NP identification BaseNRchunking || Completetext chunking
LR| LP] F LR| LP] Fl LR] P[] F LR| LP| F
| 69.08] 71.43]| 70.24] 74.97] 81.62] 78.15] 87.6] 89.21] 88.4 | 89.63] 88.99| 89.31]|

4 Intr oducingstructural contextinto PCFGs

4.1 Differenttypesof structural context

In this section the effectsof introducingthreedifferenttypesof structuralcontet (sc) into PCFG BARE
areexamined:(i) thegrammaticafunctionof phrases(ii) their depthin theparsetree,and(iii) the cate-
gory of theparentphrase All threetypesof structuralcontext arelocal to theimmediateneighbourhood
of the phrasenodefor which they provide theexpansionprobabilityconditions.Otherlocal sc typesthat
could be consideredncludepositionamongthe childrenof the parentnode,andidentity of immediate
sibling nodes.Usefulnonlocalsc typesmight be theidentity of moredistantancestorshanthe parent
nodeandof moredistantsibling nodes.

Grammatical function. As mentionedabove, the wsJ corpussubdvidesstandarghrasecateories
suchasNP by attachingunctionaltagsto themthatreflectthegrammaticafunctionof the category, e.g.
NP- SBJ andNP- OBJ. However, the corpusis not consistentlyannotatedn this fashion(the sametype of
phrasemay have zero,oneor morefunctionaltags).Parsingresultsfor grammar-TAGS might be better
if thegrammatis derivedfrom a moreconsistenthannotateaorpus.

Therule thatexpandsanounphrasdo a personapronounis a strongexampleof theextentto which
grammaticalfunction can affect expansionprobabilities. In the wsJ, 13.7%of all NPs expandto PRP
assubject,comparedo only 2.1% asobject. Of all objectNPs, 13.4%expandto PRP asfirst object,
comparedo 0.9%assecondbject(source:Manning& Schuetze1999.p. 420).

Depth of embedding Thedepthof embeddingf a phrasds determinedsfollows. The outermost
bracketting(correspondindo the top of the parsetree)is at depthl, its immediateconstituentsre at
depth2, andso on. In the parsedsentencg S (NP (DT the) (NN cat)) (VP (VBD sat) (PP
(INon) (NP (DT the) (NN mat))))), Sis atdepthl, thefirst occurrence®f NP and VP are at
depth2, thefirst occurrencesf DT andNN aswell asVBD andPP at depth3, | N andthe second\P at
depth4, andthesecondccurrencesf DT andNN areat depth5.

It is not obviousthatthe depthof embeddingf a phrasecapturedinguistically meaningfulpartsof
its local structuralcontext. However, differentphrasef the samecateyory do occurat certaindepths
with higherfrequeny thanat others.This is mostintuitively clearin the caseof NPs, wheresubjectNpPs
occuratdepth2, whereabjectNpPs occurat lower depths.

Moresurprisingly v Pstoo have preferencefor occurringatcertainlevels. Table3 (previously shavn
in Belz (2000,p. 49)) providesclearevidenceof this. Thefirst columnshows the six mostfrequentwsJ
VP expansionrules,the secondcolumnshaows their canonicalprobabilities(calculatedover all wsy vp
rules). The remainingcolumnsshov how theseprobabilitieschangeif they are madeconditionalon
depthsof embedding?—7. For eachdepth,the highestrule probability is highlightedin boldfacefont,



Depthof Embedding
2 3 4 5 6 7
pvp—Tove)  0.089| 0.004 0.067 0.136 0.127 0.135 0.130
pvp—move)  0.056 | 0.075 0.043 0.055 0.062 0.050 0.047
pvp—vene)  0.054| 0.001 0.036 0.052 0.073 0.088 0.096
pvp—venree)  0.039 | 0.004 0.049 0.047 0.042 0.044 0.055
pvp—vezve)  0.038 | 0.069 0.034 0.037 0.025 0.023 0.021
pvp—vens)  0.026| 0.090 0.016 0.005 0.005 0.004 0.003

Table3: Rule probabilitiesat differentdepthsof embeddingor 6 commonVP rules.

andthe seconchighestin italics. At depth2, for instancethe mostlikely ruleis the onewith the fourth
highestcanonicalprobability, andatdepth5, the secondmostlikely rule is the onewith thethird highest
canonicalprobability. In fact, thereis only one depth(4) at which rule probablitiesappearin their
canonicabrder which shavs how stronglyeven VP rulesareaffectedby depthof embedding.

Parent node. The parentnodeof a phraseis the catgyory of the phrasethat immediatelycon-
tainsit. In (S (NP (DT the) (NN cat)) (VP (VBD sat) (PP (INon) (NP (DT the) (NN
mat))))) Sis the parentof NP andVP, VP is the parentof PP, which is the parentof NP. Thus, dis-
tinguishingbetweenNP- S (an NP with S asits parent)and NP- PP capturespart of the subject/object
distinction.

Theadwantageof usingparentnodeinformationwaspreviously notedby Johnsof (1998).

4.2 Four LSC-Grammars

Grammarsncorporatingocal structuralkcontext — or LSC grammars— wereextractedfrom the corpus
by the sameprocedureasdescribedn Section3.1 above, exceptthat during Step2, eachbracketlabel
thatis nota Pos tagwasannotatedvith a tagrepresentingherequiredtypeof LScC.

Four differentgrammarsverederivedin this way, PCFGs FTAGS DOE, PN andDOEPN All four
grammargncorporatethe functionaltagspresentin the wsy Corpus. Additionally, for grammarDOE,
eachnonterminalwasannotatedvith atagrepresentinghe depthof embeddingat which it wasfound,
for grammarPN, nonterminalsvere annotatedvith tagsencodingtheir parentnode,andfor grammar
DOEPN nonterminalsveregivenboth depthandparentnodetags. Theresultinggrammarsaresignifi-
cantlylargerthanthe baselinggrammaBARE Grammarsizesandnumbersf nonterminalgexcluding
POS tags)areasfollows:

GrammarType | BARE | FTAGS DOE PN | DOEPN
Size(n rules) 6,135| 10,118| 21,995| 16,480| 33,101
Nonterminals 26 147 1,104 970 4,015

4.3 Performanceon parsing tasks

In calculatinglabelledbrackettingRecalland Precisionfor the Lsc-grammarresults,all labelsstarting
with the samecatgory prefix, e.g.NP, areconsideredquivalent(standardn eval b). Theideais that
the additionalinformationencodedn the Lsc-tagsattachedo catejory labelshelpsselectthe correct
parse notthatit shouldbe retainedn the annotatiorfor furtheranalysis.Table4 shawvs parsingresults
for the unseendatain wsJ Section01 (the resultsfor baselinegrammarBARE are also includedfor
comparison)BestF-Scoresarehighlightedin boldfacefont, andsecond-bedE-Scoresn italics.

Thebestresultsin Table4 arebetterthanthosereportedoy Charniak(1996)andKrotov etal. (2000),
eventhoughthe previousresultswereobtainedafterusingca. 10/11of the wsJ corpusasa training set
(comparedo 3/25usedhere):

UF LF
Krotov etal. (2000) | 79.12 76.09
Charniak(1996) 79.59 -
PN-Grammar 80.51 77.96

6Johnsoreallsit grandparenhode but meanghe samething.



GrammarType || BARE | FTAGS| DOE | PN [ DOEPN |

Partialparses || 9] 9] 25| 20] 62
Full parsing:

LR 69.08| 71.41| 72.72| 78.78 74.33
LP 71.43| 73.06| 71.9| 77.16 70.61
F-Score 70.24| 72.23| 72.31| 77.96 72.42
Crossingorackets|| 2.76 251 253| 1.91 2.59
% 0 CBs 32.34| 35.43| 35.75]| 44.40 37.0
NP identification:

LR 7497 77.22| 78.2| 83.86 81.02
LP 81.62| 81.02| 77.56| 81.22 74.30
F-Score 78.15| 79.07 | 77.88| 82.52 77.51
BaseNRchunking:

LR 87.6| 87.35| 87.02| 90.27 87.05
LP 89.21| 88.68| 87.03| 89.52 84.11
F-Score 88.4| 88.01| 87.02| 89.89 85.55
Completetext chunking:

LR 89.63| 89.49| 89.17| 90.84 89.24
LP 88.99| 88.64| 87.28| 89.46 85.85
F-Score 89.31| 89.06| 88.21| 90.14 87.51

Table4: Parsingresultsfor thefour Lsc-grammarsandwsJ Section01.

Incorporatingdifferenttypesof Lsc affectsresultsfor thefour parsingtasksin differentways. It is
clearfrom theresultsin Table4 thatsomekinds of contextual informationareusefulfor sometasksbut
not for others. For example,addingparentphraseinformationimproved results(from grammarBARE
to grammarPN) by almost8 points(F-Score70.24to 77.96)for the completeparsingtask,by about4.5
points(F-Score78.15to 82.52)for NP identification,by 1.5 points(F-Score88.4to 89.89)for baseNP
chunking,andby justunderonepoint (F-Score89.31to 90.14)for completetext chunking.

It is likely thataddingdepthof embeddingnformationindiscriminately(asin grammar<DOE and
DOEPN resultsin overspecialisationLooking at resultsfor seendata(partof thetrainingcorpus)con-
firmsthis. Table5 shavsresultsfor thebaselinggrammarandthefour LSC grammar®n wsJ Sectionl5,
i.e. oneof the sectionsusedduringgrammarderivation. On seendata,grammarDOEPNperformsbest
on all parsingtasks. Tables4 and5 togetherimply thataddingdepthof embeddingnformationfor all
depthgo all rulessimply overfitsthetrainingdataandresultsin undegeneralisation.

Similarly, it is likely thatnot all the informationaddedin the four Lsc grammarss usefulfor all
parsingtasks. Distinguishing27 depthsof embeddings probablytoo muchfor all parsingtasks,e.g.
distinguishingdepthsabove 20is generallyunlikely to beuseful,astheoccurrencef rulesat suchdepths
is rare. Techniquedor eliminatingthe informationthatmakesno usefulcontributionfor agivenparsing
taskarediscussedh thefollowing section.

5 Automatic optimisation of LSC-Grammars

5.1 Initial assumptions

If it is truethatsomeof theL sc informationaddedo thegrammargestedsofar makedittle or no contri-
butionto agrammars performancen a givenparsingtask,thenit shouldbe possibleto reducegrammar
sizewithout lossof parsingperformanceyy selectvely taking out someof the addedinformation. At
the sametime, if it is true thatsomeof the L sc-grammarsare overspecialiseqoverfit the data),thenit
shouldbe possibleto improve thegrammars performancdoy selectvely generalisinghem.

As pointedoutabove in Sectiord.3,it is clearfrom the L sc resultsthataddingdifferentkindsof Lsc
informationto a grammathasdifferenteffectson theresultsfor differentparsingtasks.It shouldthere-
fore be possibleto optimisea grammarfor a givenparsingtaskby selectvely takingout theinformation
thatis not usefulfor the giventask. Theideabehindthe experimentseportedin the following section
wasto seeto whatextentthe Lsc grammarsanbe optimisedin termsof sizeandparsingperformance
by grammarpartitioningfor eachof the parsingtasks.



GrammarType || BARE | FTAGS| DOE | PN [ DOEPN |

Partialparses || 0] 0 | 0] 0] 0
Full Parsing:

LR 71.48| 75.15| 82.81| 84.64 90.39
LP 75.03| 78.64| 84.86| 85.94 91.43
F-Score 73.21| 76.86| 83.82| 85.29 90.91
Crossingorackets|| 2.57 215 137| 1.31 0.75
% 0 CBs 34.48| 41.85| 56.31| 57.33 73.46
NP identification:

LR 76.54| 79.26| 84.51| 87.46 91.17
LP 84.89| 85.61| 88.79| 88.75 92.61
F-Score 80.5| 82.31| 86.6| 88.1 91.88
BaseNRchunking:

LR 90.21| 90.28| 92.68| 94.40 95.99
LP 92.59| 92.70| 94.54 | 95.66 97.19
F-Score 91.38| 91.47| 93.60| 95.03 96.59
Completetext chunking:

LR 91.68| 91.67| 93.59| 94.25 96.45
LP 92.46| 92.56| 94.19| 95.02 96.84
F-Score 92.07| 92.11| 93.89| 94.63 96.64

Tableb: Parsingresultsfor the Lsc-grammarsandwsJ Sectionl5 (seendata).

5.2 Preliminary definitions

The addition of structuralcontext as describedin previous sectionscan be viewed in termsof split
operationon nonterminalse.g.in the FTAGSgrammayrthe nonterminalNP is split into NP- SUBJ and
NP- OBJ (amongothers). This resultsin grammarspecialisationj.e. the new grammarparsesa subset
of the setof sentenceparsedoy the original one. The reverse,replacingNP- SUBJ andNP- OBJ with a
singlenonterminalNP, canbe seenasa meige operationandresultsin grammargeneralisationi.e. the
new grammaiparses superseof thesentenceparseddy theoriginal one.

An arbitrarynumberof suchmeige operationcanberepresentedly a partitionon the setof nonter
minalsof agrammarA partitionis definedasfollows.

Definition 1 Partition

A partitionof a nonemptyset A is a subsefT of 24 suchthat( is notanelementof IT and
eachelementf A isin oneandonly onesetin TI.

PCFGs canbedefinedasfollows.

Definition 2 ProbabilisticContet-FreeGrammalrPCFG)

A PcrGsisa4-tuple(W, N, N, R),whereW isasetof terminalsymbols{w;, ...w,}, N
is asetof nonterminakymbols{ni, ...n,}, N° C N isasetof startsymbols{n3, ...n3},
und R is asetof ruleswith associategrobabilities{(r1, p(r1)), ... (r1, p(rz))}. Eachrule
r is of theform n — «, wherea is a sequencef terminalsand nonterminals.For each
nonterminak, thevaluesof all p(n — «;) sumto one.

GivenaPcrG G = (W, N, N° R) andapartitionTly = {Ny,...N,} of thesetof nonterminals
N, thepartitionedrcrG G’ = (W, N, NS, R') is derived by thefollowing procedure:

1. Assignanew nonterminahameto eachof thenon-singletorelementf I .

2. Foreachruler; in R, andfor eachnonterminak; in r;, if n; isin anon-singletorelemenof I,
replacedt with thecorrespondingiewv nonterminal.

3. Findall rulesin R of whichtherearemultiple occurrenceasaresultof thesubstitutionsn Step2,
sumtheir frequenciesndrecalculateéherule probabilities.



If startsymbolsare permittedto be meged with non-startsymbols,then there are two ways of
determiningthe probability of a rule expandingthe nonterminalresultingfrom sucha mege: eitherits
frequeng is the sumof the frequencie®f all nonterminaldn the mege set,or it is the sumof just the
frequencie®f thestartsymbolsin themeigeset. Thelatteroptionwaschoserin thetestsreportecbelow.

5.3 “Proofof concept”

The discussionandresultsin this sectionprovide preliminary confirmationof the predictionmadein
Section4.3 that for the differentLsc grammarshereexist (non-trivial) partitionsthat outperformthe
original basegrammar More formally, the “proof of concept’provided below shavs the following for
mostof thegrammar/taskombinations:

Givena basegrammarG = (W, N, N°| R) anda parsingtask P, a partition of the setof
nonterminalsV canbefoundsuchthatthederivedgrammarGG’ = (W, N, NS R')

1. issmallerthanG (i.e.|R’'| < |R|),and
2. performsbetterthanGG on P.

Someof thefive LSc-PCFGs canbe derived by partitionfrom oneof the others.For example,BARE
canbe derived from all others,FTAGS canbe derived from DOE, PN andDOEPN andDOE andPN
can both be derived from DOEPN This meansthat for someof the grammarsthe resultsgiven in
Section4.3 in themseles show thatthereexists at leastone (non-trivial) partition thatis smallerthan
andoutperformgheoriginal grammar E.g. for the baseNRchunkingtask,the partitionthatderivesPN
from DOEPNachiezesnearlya 3 pointimprovement(F-Score87.63to 90.23),while reducinggrammar
sizefrom 33,101rulesto 16,480,andthe numberof non-terminal§rom 4,015to 970.

In the remainderof this sectionit is shovn thatthereareotherpartitionsof the DOE grammarthat
improvesits performancendreducests size.

| Grammattype || Depthbands| Grammarsize | Nonterminals|

DOE 1,2,...27 21,995 1,104
1,2,3,rest 12,933 312

1,2, rest 11,254 224

1, rest 10,165 170

FTAGS - 10,118 147
BARE - 6,135 26

Table6: Sizesanddepthbandsof DOE grammarand5 of its partitions.

Fromthe parsingresultsfor the DOE grammauit appearghatindiscriminatelyaddingdepthof em-
beddinginformationdoesnot help improve parsingperformancdor shallov parsingtaskson unseen
data: while thereis a significantimprovementfor the completeparsingtask (F-Score70.24to 72.31),
the F-Scoredor theotherthreeparsingtasksareworse.Thatthereis ary improvementshavsthatsome
usefulinformationis added. It is likely that distinguishing all depthssimply leadsto overspecialisa-
tion of thegrammayresultingin a largeincreasen parsefailureson the onehand,andthe selectionof
bad, previously unlikely, parseson the other If thisis sothenpartitioningthe DOE grammarin a way
equivalentto distinguishingoroaderdepthbandsatherthaneachindividualdepthwill improve results.

To testthis hypothesisthreedifferentpartitionsof the DOE grammarwere created.The partitions
(toolargeto beshowvnin their entirety)correspondo distinguishirg betweerthe differentdepthsshavn
in thesecondcolumnof Table6, e.g.in the caseof thefourthrow, all nonterminaldNT-n with adepthtag
n greaterthanl aremegedinto a single nonterminalNT-rest The lasttwo columnsshav the number
of rulesandnonterminalsn eachgrammar The lasttwo rows shawv the correspondingiumberdgor the
BAREandFTAGSgrammargDOE-typegrammarsll incorporatgunctionaltags).

ThepartitionedDOE grammarsll improveresultycomparedo grammar8ARE FTAGS andDOE)
for the full parsingtask,with the DOE-{1, 2, rest grammarperformingthe best. For the NP identifi-
cationtask,grammarDOE achieved a worseF-ScorethangrammarBARE yet all the partitionedDOE
grammarsachiere a betterF-ScorethangrammarBARE with the DOE-{1, 2, res§ grammaragainper
forming the best. On the baseNRchunkingtaskandthe completetext chunkingtask,grammarBARE
performsthe best,but all the derived DOE grammarsutperformthe nonpartitioredDOE grammar On



| GrammarType || BARE | FTAGS | DOE | DOE-{1,r} | DOE-{1,2,} | DOE{1,2,3,1} |
Full Parsing:
LR 69.08| 71.41| 72.72 73.35 74.13 74.14
LP 71.43| 73.06| 71.9 74.48 75.1 74.73
F-Score 70.24| 72.23| 72.31 73.91 74.61 74.43
Crossingorackets|| 2.76 251| 253 2.32 2.19 2.21
% 0 CBs 32.34| 35.43]| 35.75 38.83 39.1 38.56
NP identification:
LR 74.97| 77.22| 78.2 77.39 77.95 78.29
LP 81.62| 81.02| 77.56 81.20 81.31 80.85
F-Score 78.15| 79.07| 77.88 79.25 79.59 79.55
BaseNRchunking:
LR 87.6| 87.35| 87.02 87.82 87.73 87.74
LP 89.21| 88.68| 87.03 88.93 88.59 88.11
F-Score 88.4| 88.01| 87.02 88.37 88.16 87.93
Completetext chunking:
LR 89.63| 89.49| 89.17 89.58 89.71 89.70
LP 88.99| 88.64| 87.28 88.54 88.52 88.29
F-Score 89.31| 89.06| 88.21 89.06 89.11 88.99

Table7: Parsingresultsof DOE grammarand5 of its partitions.

{ {0y, {1}, {2}}

{ {01}, {2} {{02 {2v} { {12}, {0}}

{ {0,1,2} } { {0,1,2} } { {0,1,2} }

Figurel: Partition treefor asetwith threeelements.

thebaseNRchunkingtask,the BAREgrammars F-Scores closelymatchedyy the DOE-{1, res§ gram-
mar Theseresultsshaw that partitionscanbe found that not only drasticallyreducegrammarsize but
alsosignificantlyimprove parsingperformanceon a givenparsingtask.

5.4 Seach for optimal partition of LSC-Grammars

Given. A PCFG G = (W, N, N9, R), adatasetD, anda setof targetparsesD for D.

Search space.Thesearctspaceis definedasthe partitiontreefor the setof nonterminalsV in the
givengrammair(. Eachnodein thetreeis oneof the partitionsof N, suchthateachnodes partitionhas
fewer elementghanall of its ancestorsandthe partitionat eachnodecanbe derived from its parentby
meging two elementf the parents partition.

Thesinglenodeat thetop of thetreeis thetrivial partition correspondingo N itself. Eachnodeis
the parentof £ (n? — n) child nodeswheren is the numberof elementsn the parentpartition. Each
level reduceghenumberof statedy one. Thecompletepartitiontreefor a setwith threeelementdooks
asshavnin Figurel.

Search method. The partitiontreeis searchedop-donn by a variantof beamsearch.A list of the
n currentbestcandidatepartitionsis maintained(initialised to the trivial partition). For eachof then
currentbestpartitionsa subsewf size b of its childrenin the partitiontreeis generatechnd evaluated
(b thusdefinesthe width of the beam).Fromthe setof currentbestpartitionsandthe newly generated
candidatepartitions,the n bestelementsareselectecandform the new currentbestset. This processs
iterateduntil eitherno new partitionscanbe generatedhat are betterthantheir parentsor the lowest
level of thepartitiontreeis reached.

In the currentversionof the evaluationfunction, only the F-Scoreachiered by candidatesolutions
on the testdatais takeninto account. Searchstopsif in ary iteration (depthof the partition tree) no
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solutionis foundthatoutperformghe currentbestsolutions. Thatis, sizeis not explicitly evaluatedat
all. Candidatesolutionsare evaluatedon a subsetf the testdata,becausevaluatingeachcandidate
solutiononall 1,993sentencesf wsJi Section01 makeghe costof the searctproceduregrohibitive.

Therearethreevariableparameteri the partitiontreesearctprocedure(i) thenumberrn partitions
(nodesin thetree)thatarefurtherexplored, (ii) the sizez of the subsef the testdatathat candidate
solutionsareevaluatedon, and(ii) thewidth b of thebeam.

5.5 Resultsfor LSC-Grammar optimisation by seach of partition tree

Table8 shavs someresultsfor automaticoptimisationexperimentscarriedout for grammarPN andthe
baseNRhunkingandcompletaext chunkingtasks.Thefirstthreecolumnsshow thevariableparameters
b (beamwidth), n (sizeof list of bestsolutionsmaintained)andz (sizeof datasubsetisedin evaluation).
The fourth columnshaows the numberof runsresultsareaveragedover, andthefifth andsixth columns
shav the numberof iterationsand evaluationscarriedout beforesearchstopped.Column7 givesthe
averagenumberof nonterminalghe bestsolutiongrammarsad,andcolumn8 their averageevaluation
score. Thelasttwo columnsshav the overall changen F-Score(calculatedon all of wsi Section01)
andgrammarsizefor thegivengrammarandparsingtask.

Var. Parameters | Runs| Iter. | Eval. | Nonterms| F-Scoe (sub) || F-Scoe +/- Sizet/-
b | n | x
Grammar:PN; GrammarSize: 16,480/970
Task:BaseNRchunking;F-Score:89.89

100 |2 | 50| 4 4 45 968.25 95.93 +0.032(89.92) | -0.25
100 | 10| 50| 4 6.75| 341.5 | 967.25 97.25 +0.048(89.94) | -2
500 (1 |50|4 5.25| 499 967.5 97.49 +0.06(89.95) | -2.25

Grammar:PN; GrammaiSize:16,480/970
Task: CompleteText Chunking;F-Score:90.14

1000[ L [10[4 [5 [523.75]967 | 100.00 [ +0.06(90.2) | -0.75 |

Table8: Resultsor automaticoptimisationtests.

Currentresultsshawv insensitvity to theprecisevaluesof parameterg andn. Whatappearso matter
is just the total numberof evaluations resultsbeingbetterthe more candidatesolutionsare evaluated.
Resultsindicatea greatersensitvity to thevalueof z: a datasubsetsizeof 10is clearlytoo small, as
searchguickly findssolutionswith anF-Scoreof 100andthenstops(lastrow of Table8).

Overall, resultsare not nearlyasgood asmight have beenexpectedafter the preliminarytestsde-
scribedabore. Only small numbersof nonterminalsvere meiged, and smallimprovementsachieved,
beforesearchstopped.However, the fact that every singlerun achieed an F-Scoreimprovementand
almsotall runsresultedin a decreasén grammarsizeevenfor small numbersof meigednonterminals
indicateshatthe basicapproactis right, but thatsomeway hasto befound of overcomingthelocal op-
tima onwhich searchin thereportedexperimentsstoppedby wideningthewidth of thebeam changing
the evaluationfunction,or by usinga moresophisticategearchmethod.

6 Conclusionsand further reseach

Thefirst partof this paperookedat the effect of addingthreedifferentkinds of local structuralcontext
— grammaticafunction,parentnodeanddepthof embedding— to abasicPcFG derivedfrom the Wall
StreetJournalCorpus.Grammaraveretestedon four differentparsingtaskdifferingin compleity and
shallovness Resultsshavedthatall threetypesof context improve performancenthecompleteparsing
task, but thatonly parentnodeinformationimprovesperformancen all parsingtasks. The PCFG with
parentnodeinformationwasparticularlysuccessfuandachiezed betterresultson the completeparsing
taskthanthebestpreviously publishedresultsfor nonleicalisedgrammarsandwsJ corpusdata.

In thesecondbartof thepaperanew methodfor optimisingpCFGs wasintroducedhathastheeffect
of overcomingoverspecialisatiofy generalisinggrammars.lt wasshown thatpartitionscanbe found
thatdrasticallyreducegrammarsize andsignificantlyimprove parsingperformance First resultswere
reportedfor applyinganautomaticsearchmethodto a PCFG thatincorporateparentnodeinformation,
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andthetasksof baseNR-hunkingandcompletetext chunking.Resultsarepromising but indicatethatin
orderto achieve radicalimprovementsn parsingperformancendgrammairsize,a differentevaluation
functionand/ormoresophisticate@earchmethodsmayberequired.
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