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1 Overview

This paperexaminesthe usefulnessof corpus-derived probabilisticgrammarsas a basisfor the auto-
maticconstructionof grammarsoptimisedfor a givenparsingtask.Initially, a probabilisticcontext-free
grammar(PCFG) is derivedby astraightforwardderivationtechniquefrom theWall StreetJournal(WSJ)
Corpus,anda baselineis establishedby testingtheresultinggrammaron four differentparsingtasks.In
thefirst optimisationstep,differentkindsof localstructuralcontext (LSC) areincorporatedinto thebasic
PCFG. Improvedparsingresultsdemonstratetheusefulnessof theaddedstructuralcontext information.
In thesecondoptimisationstep,LSC-PCFGs areoptimisedin termsof grammarsizeandperformancefor
a givenparsingtask.Testsshow thatsignificantimprovementscanbeachievedby themethodproposed.

Thestructureof this paperis asfollows. Section2 discussesthepracticalandtheoreticalquestions
andissuesaddressedby theresearchpresentedin thispaper, andcitesexisting researchandresultsin the
sameandrelatedareas.Section3 describeshow LSC-grammarsarederivedfromcorpora,definesthefour
parsingtaskson which grammarsaretested,describesdataandevaluationmethodsused,andpresents
a baselinetechniqueandbaselineresults.Section4 discussesanddescribesdifferenttypesof LSC and
demonstratestheir effect on rule probabilities.Methodsfor deriving four differentLSC-grammarsfrom
the corpusaredescribed,andresultsfor the four parsingtasksarepresented.It is shown that all four
typesof LSC investigatedimproveresults,but thatsomeleadtooverspecialisationof grammars.Section5
shows that LSC-grammarscanbeoptimisedfor grammarsizeby a generalisationtechniquethatat the
sametimeseeksto optimiseparsingperformancefor a givenparsingtask.An automaticsearchmethod
is describedthat carriesout a searchfor optimal generalisationsof the givengrammarin the spaceof
partitionsof nonterminalsets.First resultsarepresentedfor theautomaticsearchmethodthatshow that
it canbeusedto reducegrammarsizeandimprove parsingperformance.

Parentnodeinformation is shown to be a particularlyuseful type of LSC, and the resultsfor the
completeparsingtaskachievedwith thecorrespondinggrammararebetterthanany previouslypublished
resultsfor comparableunlexicalisedgrammars.Preliminarytestsfor LSC grammaroptimisationshow
that it candrasticallyreducegrammarsizeandsignificantlyimprove parsingperformance.In oneset
of experiments,a partitionwasfoundthat increasedthe labelledF-Scorefor thecompleteparsingtask
from 72.31to 74.61,while decreasinggrammarsizefrom 21,995rulesand1,104nonterminalsto 11,254
rulesand224nonterminals.Resultsfor grammaroptimisationby automaticsearchof thepartitionspace
show thatimprovementsin grammarsizeandparsingperformancecanbeachievedin thisway, but donot
comecloseto thebig improvementsachievedin preliminarytests.It is concludedthatmoresophisticated
searchtechniquesarerequiredto achieve this.

2 Background and relatedresearch

Theresearchreportedin thispapercoversarangeof issues:(i) corpus-derivedgrammars;(ii) theuseful-
nessof structuralcontext informationin makingparsingdecisions;(iii) automaticconstructionmethods
for specialisedgrammarsthat takecorpus-derivedgrammarsasa startingpoint; (iv) the (in)adequacy
of PCFGs asa grammarformalism;and(v) the questionof whetherparsingstrategiesthat do without
lexical informationcancomecloserto theperformanceof lexicalisedsystems.Eachof theseissueswill
bediscussedin moredetailover thefollowingsections.

Corpus-derivedgrammars. Over the lastfive years,a rangeof researchprojects— e.g.Charniak
(1996),Cardie& Pierce(1998),Johnson(1998,2000),Krotov et al. (2000)— have lookedat proba-
bilistic grammarsthathave beendirectly derivedfrom brackettedcorpora(or treebanks,hencetheterm
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“treebankgrammar”coinedby Charniak,1996). Thebasicideain grammarderivationfrom corporais
simple.For eachdistinctbrackettingfoundin a corpus,a grammarrule is addedto thegrammarandthe
rule’sprobabilityis derivedin someway(oftenby maximum-likelihoodestimationwith somesmoothing
method)from thefrequency of occurrenceof thebrackettingin thecorpus.For instance,thebracketting
(NP (DT the) (NN tree)) wouldyield theproductionruleNP � DT NN.

However, becausethenumberof rulesin grammarsderivedin thisentirelystraightforwardmanneris
infeasiblylargeat leastin thecaseof theWSJ Corpus,andbecausetheir parsingperformancemoreover
tendsto be poor, sometechniquesareusuallyappliedto reducegrammarsizeandto improve perfor-
mance.All approachesedit thecorpusin someway, e.g.eliminatingsinglechild rules,emptycategory
rules,functionaltags,co-indexationtags,andpunctuationmarks.Dif ferentcompactionmethods(such
aseliminatingruleswith frequency lessthansome� ) havebeeninvestigatedthatreducethesizeof gram-
marswithout too muchlossof performance(in particularby CharniakandKrotov et al.). To improve
parsingperformance,e.g.Charniakrelabelsauxiliary verbswith a separatePOS-tag andincorporatesa
“right-branchingcorrection”into theparserto makeit preferright-branchingstructures.

As aresultof suchtechniques,thefinal grammarsfor whichperformanceresultsarereportedtendto
have little in commonwith therulesetunderlyingthecorpusfrom which they werederived.

Severalothergrammarbuilding andtrainingmethodsaresimilar to treebankgrammarconstruction:
Bod& Scha’s DOP1 methodwhichextractstreefragmentsratherthanrulesfrom corpora,MBL2 methods
(Daelemansetal.) for building parsingsystemsfrom corpora,and— moregenerally— any methodthat
estimatesthelikelihoodof brackettings(or of brackettingsconvertedinto taggings)from a corpus,since
suchmethodsdirectlyutiliseboththebrackettingsandtheir frequenciesasfoundin thecorpus.

Theexistingresultsfor corpus-derivedgrammarsthatdonotundergosignificantfurtherdevelopment
demonstratetheir limitations: they cannotcompetewith state-of-the-artparsingresults(seeSection2). It
will bearguedin thispaperthatgrammarsdirectlyextractedfrom corporado,however, providea useful
startingpoint for furtherautomaticgrammarconstructionmethods.

Context-freegrammars that incorporate structural context. It is frequentlyobserved(e.g.Man-
ning & Scḧutze (1999, p. 416ff)) that PCFGs are inadequateas a grammarformalismbecauseof the
very strongindependenceassumptionsinherentin them,reflectingon the onehanda completelack of
lexicalisation,andon theothera lackof structuredependence.

It is truethatin conventionalPCFGs theprobabilityof, say, a givenNP brackettingis independentof
theidentity of theheadnounaswell asits structuralcontext (e.g.whethertheNP is in subjector object
position).However, this independenceis notdueto theformalcharacteristicsof PCFGs,but ratherto the
way they tendto beused.If thesetof nonterminalsof a PCFG doesnot distinguishbetween,say, NPs in
subjectpositionandNPs in objectposition,thentheprobabilitiesof any rulescontainingthenonterminal
NP arenecessarilyindependentof thesubject/objectdistinction.

However, it is straightforwardto introducesucha dependenceinto a PCFG by splitting thecategory
NP into two categoriesNP-SBJ andNP-OBJ. Similarly, categories(nonterminals)canbedividedon the
basisof lexemes,lexical categoriesor semanticclasses.

PCFGsmaynotbeabletoaccommodatelexicalandstructuralinformationin themostelegantfashion,
but thepointhereisnotaboutrepresentationaleleganceandefficiency. Rather, thefactthatPCFGsencode
languagesthatmakeup theformal classof context-freelanguagesis entirelyseparatefrom their ability
to reflectthedependenceof ruleprobabilitiesonlexical andstructuralcontext.

Examiningdifferentkindsof structuralcontext within the PCFG framework (asdonein this paper)
hastwo advantages:firstly, therearepolynomial-timealgorithmsfor finding most likely parses,and
secondly, thereis a simple measureof the complexity addedto a grammarby the introductionof a
pieceof structuralinformationsuchasthesubject/objectdistinction,namelytheresultingincreasein the
numberof rulesin thegrammar.

Automatic grammar construction. It is sometimesobserved thatderiving probabilisticgrammars
from corporain theway describedabove is not anautomaticgrammarlearningmethodbecauseall that
is doneis to extract thePCFG thatunderliesthecorpusandis encodedin its sentences,brackettingsand
occurrencefrequencies.As waspointedoutabove,creatingagrammarin thiswayis simplyoneof many
waysto utilise the brackettingsandfrequenciesof corpora,a featuresharedwith many computational
learningapproachesto automaticgrammarconstruction.However, aspreviouslymentioned,thelimita-
tionsof grammarsdirectly extractedfrom corporaindicatethatusingthemasstartingpointsfor further
grammardevelopmentis themoreusefulapproach.

1Data-OrientedParsing.
2Memory-BasedLearning.
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Grammar/Parser GrammarSize performance(WSJ unseen)
LR UR LP UP CB

Fully lexicalised:
Collins (2000) – 90.1 – 90.4 – 0.73
Charniak(2000) – 90.1 – 90.1 – 0.74
Collins (1999) – 88.5 – 88.7 – 0.92
Collins (1997) – 88.1 – 88.6 – 0.91
Charniak(1997) – 87.5 – 87.4 – 1.00
Magerman(1995)SPATTER – 84.6 – 84.9 – 1.26
Nonlexicalised:
Charniak(1996) 10,605 – 78.8 – 80.4 –

without frequency 1 rules 3,943 – 78.2 – 80.7 –
Krotov etal. (2000) 15,420 74.1 77.1 77.4 80.6 2.13

without frequency 1 rules 6,514 74.4 77.5 76.9 80.2 2.18
WSJ 15–18treebankPCFG 6,135 69.1 – 71.4 – 2.67

Table1: Performanceof comparablelexicalisedandnonlexicalisedgrammarsonfull parsing.

Reference Method LP LR F-Score

Lexicalised:
TjongKim Sangetal. (2000) Systemcombination 94.2 93.6 93.9
Muñozet al. (1999) SNoW 92.4 93.1 92.8
XTAG ResearchGroup(1998) XTAG + Supertagging 91.8 93.0 92.4
Ramshaw & Marcus(1995) TransformationBasedLearning 91.8 92.3 92.0
Veenstra(1998) 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: Performanceof comparablelexicalisedandnonlexicalisedgrammarson NP-chunking.

Creatinga startingpoint for grammarlearningin thisway is particularlyusefulbecausecontext-free
grammarscannotbelearntfrom scratchfrom data.At thevery least,anupperboundmustbeplacedon
thenumberof nonterminalsallowed. Evenwhenthat is done,thereis no likelihood that thegrammars
resultingfrom an otherwiseunsupervisedmethodwill look anything like a linguistic grammarwhose
parsescanprovidea basisfor semanticanalysis3.

Parsingwith(out) lexical information. Corpus-derivedgrammarstendto benonlexicalisedPCFGs,
hencetheexistingresearchcitedabove canbeseenasinvestigationsinto theresultsthatcanbeachieved
in parsingwithout takinginto accountlexical information.

In syntacticparsingtasks,nonlexicalisedmethodsare generallyoutperformedby lexicalisedap-
proaches.In thecaseof complete(non-shallow) parsing,nonlexicalisedmethodsareoutperformedby
large margins. Table1 shows anoverview of state-of-the-artnonlexicalisedandlexicalisedresultsfor
statisticalparsingsystems(U/LR = Un-/LabelledRecall,U/LP= Un-/LabelledPrecision,seeSection3).
For comparison,thelastrow of thetableshowsthispaper’sbaselineresultfor thecompleteparsingtask
(seeSection3.4).

In NP-chunking,a shallow syntacticparsingtaskthathasbecomea popularresearchtopic over the
lastdecade(for detailsseeSection3.2below), nonlexicalisedsystemsalsotendto lagbehindlexicalised
ones,althoughby muchsmallermargins.Table2 showsa rangeof resultsfor thebaseNPchunkingtask
anddatasetgivenby Ramshaw & Marcus(1995). Again, the correspondingbaselineresult from this
paperis includedin the last row. It is clearfrom this overview that the differencebetweenlexicalised
andunlexicalisedsystemsis far smallerfor thisparsingtaskthanfor completeparsing.

Thereareseveral reasonsfor investigatinghow well parserscan do without lexicalisation. Apart

3Any linguistic CFG canbe convertedinto a normalform thatencodesthe samesetof sentences,but whosederivationsand
substructuresarenot semanticallymeaningful.
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from thetheoreticalinterest,optimisinggrammarsbeforeaddinglexicalisationmayimprovetheiroverall
performance,aslexicalisedsystemsoftenperformworsethancomparablenonlexicalisedsystemswhen
the lexical componentis takenout. E.g. Collins (1996) includesresultsfor the systemwith lexical
informationremoved,which reducesLR from 85.0to 76.1andLP from 85.1to 76.6in onetest– worse
thanthe comparableresultsreportedbelow in Section4.3 (78.78and77.16). Furthermore,the results
shown in Tables1, 2 and4 indicatethatshallow parsingtasksrequirelexical informationto a far lesser
extent thannonshallow ones,so that theaddedexpenseof lexicalisationmight beavoidablein thecase
of suchtasks.

3 Grammars, parsing tasks,data and evaluation

3.1 Grammars from corpora

Thebasicprocedureusedfor deriving PCFGs from WSJ Sections15–18canbesummarisedasfollows4:

1. In thefirst step,thecorpusis iteratively editedby deleting(i) bracketsandlabelsthatcorrespond
to emptycategory expansions;(ii) bracketsandlabelscontaininga singleconstitutentthat is not
labelledwith a POS-tag; (iii) cross-indexation tags; (iv) bracketsthat becomeempty througha
deletion;and(v) functionaltags.

2. In thesecondstep,eachremainingbrackettingin thecorpusis convertedinto a productionrule.
Therulesaredividedinto nonlexical ones(thosethatform thegrammar),andlexical ones(those
thatform thelexicon).

3. In thefinal step,a completePCFG is created.Thesetof lexical rulesis convertedinto a lexicon
with POS-tag frequency information. The setof nonterminalsis collectedfrom the setof rules.
Eachset is sorted,the numberof timeseachitem occursis determined,andduplicatesarere-
moved. Probabilities

�
for rules ����� arecalculatedfrom therule frequencies� by Maximum

LikelihoodEstimation(MLE):
�
	���
�� ��������� ������������! ���������

 
�

3.2 Four parsing tasks

Resultsaregivenin thefollowing andsubsequentsectionsfor four differentparsingtasks:

1. Full parsing:Thetaskis to assignacompleteparseto theinputsentence.A full parseis considered
100%correctif it is identicalto thecorrespondingparsegivenin theWSJ Corpus.

2. Nounphraseidentification: Thetaskis to identify in the input sentenceall nounphrases,nested
andotherwise,thataregivenin thecorrespondingWSJ Corpusparse.

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

4. Basenounphraseidentification:First definedby Abney (1991),this taskinvolvestherecognition
of non-recursive nounphrasechunks(so-calledbaseNPs).Target parsesarederived from WSJ

parsesby a simpleconversionprocedure.

3.3 Data and evaluation

Sections15–18of theWall StreetJournal(WSJ) corpuswereusedfor grammarderivation,andSection01
from the samecorpuswasusedfor testingparsingperformance.Parsingperformancewastestedwith
the commonlyusedevalb programby Sekine& Collins5. The programevaluatesparsesin termsof
thestandardPARSEVAL evaluationmetricsPrecision,Recallandcrossingbrackets. For a parse

�
anda

correspondingtargetparse" , Precisionmeasuresthepercentageof bracketsin
�

thatmatchthe target
brackettingsin " . Recallis thepercentageof brackettingsfrom " thatarein

�
. Crossingbracketsgives

theaveragenumberof constituentsin oneparsetreethatcrossover constituentboundariesin theother
tree.(Seee.g.Manning& Scḧutze(1999),p. 432–434.)

For PrecisionandRecall thereareunlabelledand labelledvariants. In the latter, both the pair of
bracketsandtheconstituentlabelon thebracketpairhave to becorrectfor thebrackettingto becorrect,

4Throughoutthis paper, WSJ refersto thePENNII Treebankversion.
5Availablefrom http://cs.nyu.edu/cs/projects/proteus/evalb/.
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whereasin the unlabelledvariantonly the bracketshave to be correct. In this paper, unlessotherwise
stated,PrecisionandRecallalwaysmeanLabelledPrecisionandRecall, in particular, all new results
presentedarethelabelledvariants.PrecisionandRecallarecommonlycombinedinto a singlemeasure,
calledF-Score,givenby

�$#&%('*) �,+ �.-0/2143657398 �:+�; /21=<?>@>9A0#&%B�9�.-0/2143657398 � ' ; /21=<?>@> � . In thispaper,
# � )

throughout.
All grammarstestedare nonlexicalised,thereforeinput sentencesare sequencesof POS-tagsnot

words. In thetests,sentencesof a lengthabove 40 words(consistentlycloseto 7.5%of all sentencesin
a corpussection)wereleft out. All grammarsareformally probabilisticcontext-freegrammars(PCFGS).
The parsingpackageLoPar (Schmid(2000))wasusedto obtainViterbi parsesfor datasetsandgram-
mars. If LoPar failed to find a completeparsefor a sentence,a simplegrammarextensionmethodwas
usedto obtainpartialparsesinstead.

3.4 Baseline

A baselinegrammar“BARE” wasextractedfrom WSJ Sections15–18by themethoddescribedin Sec-
tion 3.1,appliedto thefour parsingtasksdefinedin Section3.2,andtestedandevaluatedasdesribedin
theprecedingsection.Thisyieldedthefollowing setof resultswhich formsthebaselinefor thepurpose
of this paper. (Resultsinclude9 partialparses.)

Full parsing NP identification BaseNPchunking Completetext chunking
LR LP F LR LP F LR LP 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 context into PCFGs

4.1 Different typesof structural context

In thissection,theeffectsof introducingthreedifferenttypesof structuralcontext (SC) into PCFG BARE
areexamined:(i) thegrammaticalfunctionof phrases,(ii) theirdepthin theparsetree,and(iii) thecate-
gory of theparentphrase.All threetypesof structuralcontext arelocal to theimmediateneighbourhood
of thephrasenodefor whichthey providetheexpansionprobabilityconditions.Otherlocal SC typesthat
couldbeconsideredincludepositionamongthechildrenof theparentnode,andidentity of immediate
sibling nodes.UsefulnonlocalSC typesmight betheidentity of moredistantancestorsthantheparent
nodeandof moredistantsiblingnodes.

Grammatical function. As mentionedabove,theWSJ corpussubdividesstandardphrasecategories
suchasNP by attachingfunctionaltagsto themthatreflectthegrammaticalfunctionof thecategory, e.g.
NP-SBJ andNP-OBJ. However, thecorpusis notconsistentlyannotatedin this fashion(thesametypeof
phrasemayhave zero,oneor morefunctionaltags).Parsingresultsfor grammarFTAGSmightbebetter
if thegrammaris derivedfrom a moreconsistentlyannotatedcorpus.

Therule thatexpandsanounphraseto apersonalpronounis astrongexampleof theextentto which
grammaticalfunction canaffect expansionprobabilities. In the WSJ, 13.7%of all NPs expandto PRP
assubject,comparedto only 2.1% asobject. Of all objectNPs, 13.4%expandto PRP asfirst object,
comparedto 0.9%assecondobject(source:Manning& Schuetze,1999.p. 420).

Depth of embedding. Thedepthof embeddingof a phraseis determinedasfollows.Theoutermost
bracketting(correspondingto the top of the parsetree)is at depth1, its immediateconstituentsareat
depth2, andso on. In the parsedsentence(S (NP (DT the) (NN cat)) (VP (VBD sat) (PP

(IN on) (NP (DT the) (NN mat))))), S is at depth1, the first occurrencesof NP andVP areat
depth2, thefirst occurrencesof DT andNN aswell asVBD andPP at depth3, IN andthesecondNP at
depth4, andthesecondoccurrencesof DT andNN areatdepth5.

It is not obviousthatthedepthof embeddingof a phrasecaptureslinguistically meaningfulpartsof
its local structuralcontext. However, differentphrasesof thesamecategory do occurat certaindepths
with higherfrequency thanatothers.This is mostintuitivelyclearin thecaseof NPs,wheresubjectNPs
occuratdepth2, whereasobjectNPs occurat lowerdepths.

Moresurprisingly, VPstoohavepreferencesfor occurringatcertainlevels.Table3 (previouslyshown
in Belz (2000,p. 49)) providesclearevidenceof this. Thefirst columnshowsthesix mostfrequentWSJ

VP expansionrules,thesecondcolumnshows their canonicalprobabilities(calculatedover all WSJ VP

rules). The remainingcolumnsshow how theseprobabilitieschangeif they aremadeconditionalon
depthsof embedding2–7. For eachdepth,the highestrule probability is highlightedin boldfacefont,
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Depthof Embedding
2 3 4 5 6 7

p(VP C TO VP) 0.089 0.004 0.067 0.136 0.127 0.135 0.130
p(VP C MD VP) 0.056 0.075 0.043 0.055 0.062 0.050 0.047
p(VP C VB NP) 0.054 0.001 0.036 0.052 0.073 0.088 0.096
p(VP C VBN PP) 0.039 0.004 0.049 0.047 0.042 0.044 0.055
p(VP C VBZ VP) 0.038 0.069 0.034 0.037 0.025 0.023 0.021
p(VP C VBD S) 0.026 0.090 0.016 0.005 0.005 0.004 0.003

Table3: Ruleprobabilitiesatdifferentdepthsof embeddingfor 6 commonVP rules.

andthesecondhighestin italics. At depth2, for instance,themostlikely rule is theonewith thefourth
highestcanonicalprobability, andatdepth5, thesecondmostlikely rule is theonewith thethird highest
canonicalprobability. In fact, thereis only one depth(4) at which rule probablitiesappearin their
canonicalorder, whichshows how stronglyevenVP rulesareaffectedby depthof embedding.

Parent node. The parentnodeof a phraseis the category of the phrasethat immediatelycon-
tains it. In (S (NP (DT the) (NN cat)) (VP (VBD sat) (PP (IN on) (NP (DT the) (NN

mat))))) S is the parentof NP andVP, VP is the parentof PP, which is the parentof NP. Thus,dis-
tinguishingbetweenNP-S (an NP with S as its parent)andNP-PP capturespart of the subject/object
distinction.

Theadvantageof usingparentnodeinformationwaspreviouslynotedby Johnson6 (1998).

4.2 Four LSC-Grammars

Grammarsincorporatinglocalstructuralcontext — or LSC grammars— wereextractedfrom thecorpus
by thesameprocedureasdescribedin Section3.1 above, exceptthatduringStep2, eachbracketlabel
thatis not a POS tagwasannotatedwith a tagrepresentingtherequiredtypeof LSC.

Four differentgrammarswerederived in this way, PCFGs FTAGS, DOE, PN andDOEPN. All four
grammarsincorporatethe functionaltagspresentin the WSJ Corpus.Additionally, for grammarDOE,
eachnonterminalwasannotatedwith a tagrepresentingthedepthof embeddingat which it wasfound,
for grammarPN, nonterminalswereannotatedwith tagsencodingtheir parentnode,andfor grammar
DOEPN, nonterminalsweregivenbothdepthandparentnodetags.Theresultinggrammarsaresignifi-
cantly largerthanthebaselinegrammarBARE. Grammarsizesandnumbersof nonterminals(excluding
POS tags)areasfollows:

GrammarType BARE FTAGS DOE PN DOEPN
Size( � 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 calculatinglabelledbrackettingRecallandPrecisionfor the LSC-grammarresults,all labelsstarting
with thesamecategory prefix, e.g.NP, areconsideredequivalent(standardin evalb). The ideais that
the additionalinformationencodedin the LSC-tagsattachedto category labelshelpsselectthe correct
parse,not that it shouldberetainedin theannotationfor furtheranalysis.Table4 shows parsingresults
for the unseendatain WSJ Section01 (the resultsfor baselinegrammarBAREarealso includedfor
comparison).BestF-Scoresarehighlightedin boldfacefont, andsecond-bestF-Scoresin italics.

Thebestresultsin Table4 arebetterthanthosereportedby Charniak(1996)andKrotov etal. (2000),
even thoughthepreviousresultswereobtainedafterusingca.10/11of theWSJ corpusasa trainingset
(comparedto 3/25usedhere):

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

6Johnsoncalls it grandparentnode,but meansthesamething.
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GrammarType BARE FTAGS DOE PN DOEPN

Partial parses 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
Crossingbrackets 2.76 2.51 2.53 1.91 2.59
% 0 CBs 32.34 35.43 35.75 44.40 37.0
NP identification:
LR 74.97 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
BaseNPchunking:
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 thatsomekindsof contextual informationareusefulfor sometasksbut
not for others.For example,addingparentphraseinformationimprovedresults(from grammarBARE
to grammarPN) by almost8 points(F-Score70.24to 77.96)for thecompleteparsingtask,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 embeddinginformationindiscriminately(asin grammarsDOE and
DOEPN) resultsin overspecialisation.Lookingat resultsfor seendata(partof thetrainingcorpus)con-
firmsthis.Table5 showsresultsfor thebaselinegrammarandthefour LSC grammarson WSJ Section15,
i.e. oneof thesectionsusedduringgrammarderivation. On seendata,grammarDOEPNperformsbest
on all parsingtasks.Tables4 and5 togetherimply thataddingdepthof embeddinginformationfor all
depthsto all rulessimplyoverfitsthetrainingdataandresultsin undergeneralisation.

Similarly, it is likely that not all the informationaddedin the four LSC grammarsis usefulfor all
parsingtasks. Distinguishing27 depthsof embeddingis probablytoo muchfor all parsingtasks,e.g.
distinguishingdepthsabove20is generallyunlikely to beuseful,astheoccurrenceof rulesatsuchdepths
is rare.Techniquesfor eliminatingtheinformationthatmakesnousefulcontributionfor agivenparsing
taskarediscussedin thefollowing section.

5 Automatic optimisation of LSC-Grammars

5.1 Initial assumptions

If it is truethatsomeof theLSC informationaddedto thegrammarstestedsofarmakeslittle or nocontri-
butionto agrammar’sperformanceonagivenparsingtask,thenit shouldbepossibleto reducegrammar
sizewithout lossof parsingperformanceby selectively taking out someof the addedinformation. At
thesametime, if it is true thatsomeof the LSC-grammarsareoverspecialised(overfit thedata),thenit
shouldbepossibleto improve thegrammar’s performanceby selectively generalisingthem.

As pointedoutabove in Section4.3,it is clearfrom theLSC resultsthataddingdifferentkindsof LSC

informationto a grammarhasdifferenteffectson theresultsfor differentparsingtasks.It shouldthere-
forebepossibleto optimisea grammarfor a givenparsingtaskby selectively takingout theinformation
that is not usefulfor thegiventask. The ideabehindtheexperimentsreportedin the following section
wasto seeto whatextent theLSC grammarscanbeoptimisedin termsof sizeandparsingperformance
by grammarpartitioningfor eachof theparsingtasks.
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GrammarType BARE FTAGS DOE PN DOEPN

Partial parses 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
Crossingbrackets 2.57 2.15 1.37 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
BaseNPchunking:
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

Table5: Parsingresultsfor theLSC-grammarsandWSJ Section15 (seendata).

5.2 Preliminary definitions

The addition of structuralcontext as describedin previous sectionscan be viewed in termsof split
operationson nonterminals,e.g.in theFTAGSgrammar, thenonterminalNP is split into NP-SUBJ and
NP-OBJ (amongothers).This resultsin grammarspecialisation,i.e. the new grammarparsesa subset
of thesetof sentencesparsedby theoriginal one. Thereverse,replacingNP-SUBJ andNP-OBJ with a
singlenonterminalNP, canbeseenasa mergeoperation,andresultsin grammargeneralisation,i.e. the
new grammarparsesa supersetof thesentencesparsedby theoriginalone.

An arbitrarynumberof suchmergeoperationscanberepresentedby apartitionon thesetof nonter-
minalsof agrammar. A partitionis definedasfollows.

Definition 1 Partition

A partitionof a nonemptyset D is a subsetE of F0G suchthat H is not anelementof E and
eachelementof D is in oneandonly onesetin E .

PCFGs canbedefinedasfollows.

Definition 2 ProbabilisticContext-FreeGrammar(PCFG)

A PCFGs is a4-tuple
�JILK � K �NM K ;O� , where

I
is asetof terminalsymbolsPRQTS K7U7U2U QWV�X , �

is asetof nonterminalsymbolsPR�
S K2U7U2U �BYZX , �[M]\^� is asetof startsymbolsP0�(_ S K7U2U7U �(_Y X ,
und ; is a setof ruleswith associatedprobabilitiesP �9- S K9`
�9- S �a� K2U7U7Ub�6- S K9`
�9-=c �a��X . Eachrule-

is of the form �d�fe , where e is a sequenceof terminalsandnonterminals.For each
nonterminal� , thevaluesof all

`&� �g�he&i ) sumto one.

Givena PCFG jk� �JI*K � K �[M K ;O� anda partition E � �kPR� S K2U7U2U � Y X of the setof nonterminals
� , thepartitionedPCFG jOlm� �JI*K �nl K �NM l K ;Tlo� is derivedby thefollowingprocedure:

1. Assigna new nonterminalnameto eachof thenon-singletonelementsof E � .

2. For eachrule
- i in ; , andfor eachnonterminal�qp in

- i , if �qp is in anon-singletonelementof E � ,
replaceit with thecorrespondingnew nonterminal.

3. Findall rulesin ; of whichtherearemultipleoccurrencesasaresultof thesubstitutionsin Step2,
sumtheir frequenciesandrecalculatetheruleprobabilities.
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If start symbolsare permittedto be merged with non-startsymbols,then thereare two ways of
determiningtheprobabilityof a rule expandingthenonterminalresultingfrom sucha merge: eitherits
frequency is thesumof the frequenciesof all nonterminalsin themergeset,or it is thesumof just the
frequenciesof thestartsymbolsin themergeset.Thelatteroptionwaschosenin thetestsreportedbelow.

5.3 “Pr oof of concept”

The discussionandresultsin this sectionprovide preliminaryconfirmationof the predictionmadein
Section4.3 that for the differentLSC grammarsthereexist (non-trivial) partitionsthat outperformthe
original basegrammar. More formally, the“proof of concept”providedbelow shows the following for
mostof thegrammar/taskcombinations:

Givena basegrammarjr� �sILK � K �[M K ;t� anda parsingtask
�

, a partitionof the setof
nonterminals� canbefoundsuchthatthederivedgrammarj l � �sILK � l K � M l K ; l �

1. is smallerthan j (i.e. u ;TlJuZvwu ;�u ), and

2. performsbetterthan j on
�

.

Someof thefive LSC-PCFGs canbederivedby partitionfrom oneof theothers.For example,BARE
canbederived from all others,FTAGScanbederived from DOE, PN andDOEPN, andDOE andPN
can both be derived from DOEPN. This meansthat for someof the grammars,the resultsgiven in
Section4.3 in themselvesshow that thereexists at leastone(non-trivial) partition that is smallerthan
andoutperformstheoriginal grammar. E.g. for thebaseNPchunkingtask,thepartitionthatderivesPN
from DOEPNachievesnearlya3 point improvement(F-Score87.63to 90.23),while reducinggrammar
sizefrom 33,101rulesto 16,480,andthenumberof non-terminalsfrom 4,015to 970.

In theremainderof this sectionit is shown that thereareotherpartitionsof theDOE grammarthat
improvesits performanceandreducesits size.

Grammartype 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 DOEgrammarand5 of its partitions.

Fromtheparsingresultsfor theDOEgrammarit appearsthat indiscriminatelyaddingdepthof em-
beddinginformationdoesnot help improve parsingperformancefor shallow parsingtaskson unseen
data: while thereis a significantimprovementfor thecompleteparsingtask(F-Score70.24to 72.31),
theF-Scoresfor theotherthreeparsingtasksareworse.Thatthereis any improvementshowsthatsome
useful informationis added. It is likely that distinguishing all depthssimply leadsto overspecialisa-
tion of thegrammar, resultingin a large increasein parsefailureson theonehand,andtheselectionof
bad,previously unlikely, parseson theother. If this is so thenpartitioningtheDOE grammarin a way
equivalentto distinguishingbroaderdepthbandsratherthaneachindividualdepthwill improveresults.

To testthis hypothesis,threedifferentpartitionsof theDOE grammarwerecreated.Thepartitions
(too largeto beshown in their entirety)correspondto distinguishingbetweenthedifferentdepthsshown
in thesecondcolumnof Table6, e.g.in thecaseof thefourthrow, all nonterminalsNT-n with adepthtag� greaterthan1 aremergedinto a singlenonterminalNT-rest. The last two columnsshow thenumber
of rulesandnonterminalsin eachgrammar. Thelast two rows show thecorrespondingnumbersfor the
BAREandFTAGSgrammars(DOE-typegrammarsall incorporatefunctionaltags).

ThepartitionedDOEgrammarsall improveresults(comparedto grammarsBARE, FTAGS, andDOE)
for the full parsingtask,with the DOE- P 1, 2, restX grammarperformingthebest. For theNP identifi-
cationtask,grammarDOE achieveda worseF-ScorethangrammarBARE, yet all thepartitionedDOE
grammarsachieve a betterF-ScorethangrammarBARE, with theDOE- P 1, 2, restX grammaragainper-
forming the best. On the baseNPchunkingtaskandthe completetext chunkingtask,grammarBARE
performsthebest,but all thederivedDOE grammarsoutperformthenonpartitionedDOEgrammar. On
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GrammarType BARE FTAGS DOE DOE- P 1,rX DOE- P 1,2,rX DOE- P 1, 2, 3, r X
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
Crossingbrackets 2.76 2.51 2.53 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
BaseNPchunking:
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 DOEgrammarand5 of its partitions.

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

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

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

Figure1: Partition treefor asetwith threeelements.

thebaseNPchunkingtask,theBAREgrammar’sF-Scoreis closelymatchedby theDOE- P 1, restX gram-
mar. Theseresultsshow thatpartitionscanbe foundthatnot only drasticallyreducegrammarsizebut
alsosignificantlyimprove parsingperformanceona givenparsingtask.

5.4 Search for optimal partition of LSC-Grammars

Given. A PCFG jx� �JILK � K �[M K ;O� , a dataset y , anda setof targetparsesy.z for y .
Search space.Thesearchspaceis definedasthepartitiontreefor thesetof nonterminals� in the

givengrammarj . Eachnodein thetreeis oneof thepartitionsof � , suchthateachnode’spartitionhas
fewer elementsthanall of its ancestors,andthepartitionat eachnodecanbederivedfrom its parentby
merging two elementsof theparent’spartition.

Thesinglenodeat thetop of the treeis the trivial partitioncorrespondingto � itself. Eachnodeis
the parentof S% � � %T{ �(� child nodes,where � is the numberof elementsin the parentpartition. Each
level reducesthenumberof statesby one.Thecompletepartitiontreefor asetwith threeelementslooks
asshown in Figure1.

Search method. Thepartition treeis searchedtop-down by a variantof beamsearch.A list of the� currentbestcandidatepartitionsis maintained(initialised to the trivial partition). For eachof the �
currentbestpartitionsa subsetof size | of its childrenin the partition treeis generatedandevaluated
( | thusdefinesthewidth of thebeam).Fromthesetof currentbestpartitionsandthenewly generated
candidatepartitions,the � bestelementsareselectedandform thenew currentbestset. This processis
iterateduntil eitherno new partitionscanbe generatedthat arebetterthantheir parents,or the lowest
level of thepartitiontreeis reached.

In the currentversionof the evaluationfunction,only theF-Scoreachieved by candidatesolutions
on the testdatais takeninto account. Searchstopsif in any iteration(depthof the partition tree)no
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solutionis foundthatoutperformsthecurrentbestsolutions.That is, sizeis not explicitly evaluatedat
all. Candidatesolutionsareevaluatedon a subsetof the testdata,becauseevaluatingeachcandidate
solutiononall 1,993sentencesof WSJ Section01makesthecostof thesearchprocedureprohibitive.

Therearethreevariableparametersin thepartitiontreesearchprocedure:(i) thenumber� partitions
(nodesin the tree)thatarefurtherexplored,(ii) the size } of the subsetof the testdatathatcandidate
solutionsareevaluatedon,and(ii) thewidth | of thebeam.

5.5 Resultsfor LSC-Grammar optimisation by search of partition tree

Table8 shows someresultsfor automaticoptimisationexperimentscarriedout for grammarPN andthe
baseNPchunkingandcompletetext chunkingtasks.Thefirst threecolumnsshow thevariableparameters| (beamwidth), � (sizeof list of bestsolutionsmaintained),and } (sizeof datasubsetusedin evaluation).
The fourth columnshows thenumberof runsresultsareaveragedover, andthefifth andsixth columns
show the numberof iterationsandevaluationscarriedout beforesearchstopped.Column7 givesthe
averagenumberof nonterminalsthebestsolutiongrammarshad,andcolumn8 their averageevaluation
score.The last two columnsshow the overall changein F-Score(calculatedon all of WSJ Section01)
andgrammarsizefor thegivengrammarandparsingtask.

Var. Parameters Runs Iter. Eval. Nonterms F-Score (sub) F-Score +/- Size+/-| � }
Grammar:PN; GrammarSize:16,480/970
Task:BaseNPchunking;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;GrammarSize:16,480/970
Task:CompleteText Chunking;F-Score:90.14

1,000 1 10 4 5 523.75 967 100.00 +0.06(90.2) -0.75

Table8: Resultsfor automaticoptimisationtests.

Currentresultsshow insensitivity to theprecisevaluesof parameters| and � . Whatappearsto matter
is just the total numberof evaluations,resultsbeingbetterthe morecandidatesolutionsareevaluated.
Resultsindicatea greatersensitivity to thevalueof } : a datasubsetsizeof 10 is clearly too small,as
searchquickly findssolutionswith anF-Scoreof 100andthenstops(lastrow of Table8).

Overall, resultsarenot nearlyasgoodasmight have beenexpectedafter the preliminarytestsde-
scribedabove. Only small numbersof nonterminalsweremerged,andsmall improvementsachieved,
beforesearchstopped.However, the fact that every singlerun achieved an F-Scoreimprovementand
almsotall runsresultedin a decreasein grammarsizeeven for small numbersof mergednonterminals
indicatesthatthebasicapproachis right, but thatsomewayhasto befoundof overcomingthelocalop-
timaonwhichsearchin thereportedexperimentsstopped,by wideningthewidth of thebeam,changing
theevaluationfunction,or by usinga moresophisticatedsearchmethod.

6 Conclusionsand further research

Thefirst partof this paperlookedat theeffect of addingthreedifferentkindsof local structuralcontext
— grammaticalfunction,parentnodeanddepthof embedding— to abasicPCFG derivedfrom theWall
StreetJournalCorpus.Grammarsweretestedon four differentparsingtaskdiffering in complexity and
shallowness.Resultsshowedthatall threetypesof context improveperformanceonthecompleteparsing
task,but thatonly parentnodeinformationimprovesperformanceon all parsingtasks.ThePCFG with
parentnodeinformationwasparticularlysuccessfulandachievedbetterresultson thecompleteparsing
taskthanthebestpreviouslypublishedresultsfor nonlexicalisedgrammarsandWSJ corpusdata.

In thesecondpartof thepaper, anew methodfor optimisingPCFGs wasintroducedthathastheeffect
of overcomingoverspecialisationby generalisinggrammars.It wasshown thatpartitionscanbe found
thatdrasticallyreducegrammarsizeandsignificantlyimprove parsingperformance.First resultswere
reportedfor applyinganautomaticsearchmethodto a PCFG thatincorporatesparentnodeinformation,
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andthetasksof baseNPchunkingandcompletetext chunking.Resultsarepromising,but indicatethatin
orderto achieve radicalimprovementsin parsingperformanceandgrammarsize,a differentevaluation
functionand/ormoresophisticatedsearchmethodsmayberequired.
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