Fachrichtungnformatik
UniversititdesSaarlandes

Efficient Parsing with Large-Scale
Unification Grammar s

Diplomarbeit

Ulric h Callmeier

AngefertigtunterderLeitungvon
Prof. Dr. HansUszkoreit

Zweitkorrekturdurch
Prof. Dr. GertSmolka

Betreutvon
StepharOepenM.A.

Marz2001



Hiermit erklareich, dassich dieseArbeit selbséindigverfasstund nur die angegiebenen
QuellenundHilfsmittel verwendethabe.

Saarbiicken,26.3.2001

Ulrich Callmeier



Abstract

The efficiency problemin parsingwith large-scaleunification grammars,ncluding
implementationsn the Head-drven PhraseStructuregrammar(HPsG) framework, used
to bea seriousobstacleto their applicationin researclandcommerciakettings.Over the
pastfew years,however, significantprogressn efficient processinghasbeenachiered.
Still, mary of the proposedtechniqueswnere developedin isolation only, making com-
parisonandthe assessmertf their combinedpotentialdifficult. Also, anumberof tech-
niqueswerenever evaluatedon large-scalegrammarsThis thesissetsout to improve this
situationby reviewing, integrating, and evaluatinga numberof techniquedor efficient
unification-basegbarsing.A strongfocusis seton efficient graphunification.

| provide an overview of previous work in this areaof researchincluding the foun-
dationalalgorithmin the work of Wroblewski (1987), for which | identify a previously
unnoticedflaw, andprovide a solution. | introducethe PET platform, which hasbeende-
velopedwith two goals: (i) to sere asa flexible basisfor researchn efficient processing
techniguesallowing preciseempiricalstudyandcomparisorof differentapproachesand
(i) to provide an efficient run-time processothat supportsfruitful scientificand practi-
cal utilization of HPSG grammars.The designandimplementatiorof PET is presentedn
detail,includingacloserlook at efficient semi-latticecomputationin the preprocessor

A numberof experimentswith PET arediscussedysingthreeexistinglarge-scaleiPsG
grammarsof English,Japaneseand German. | give preciseempiricalanswerdo some
openresearclyuestionsmostimportantlythe questionof featurestructureencoding(lists
of feature-alue pairsversusrepresentationsasedon fixed arity), andshow thatthisis a
muchlessimportantfactorthanoftenassumed] alsoaddresthe questionof predicting
practicalperformanceacrosggrammarsandprocessinglatforms. Finally, | take a wider
perspectre andreporton the overall improvementof processingperformancegor HPSG
grammargasexemplifiedby the LinGO grammar)that hasbeenachiesed over a period
of four yearsby aninternationalkconsortiumof researclgroups.



Zusammenfassung

DasEffizienzproblembeim Parsengrof3erUnifikationsgrammati&n,z. B. Implemen-
tationenim Rahmender Head-drivenPhraseStructue Grammar(HPSG), war langeZeit
ein ernsthafteddindernisfur derenBenutzungn der Forschungundin praktischenAn-
wendungenlin denletztenJahrenwurde jedochein signifikanterFortschrittin der effi-
zientenVerarbeitungerzielt. Allerdings existiertenviele der vorgeschlageneWerfahren
nur isoliert, wasihren Vergleich und die EinsctatzungihreskombiniertenPotentialshur
schwermoglich machte.Zudemist eine Reihevon Verfahrennie auf groRenGramma-
tiken evaluiert worden.DieseArbeit setztsich zum Ziel, dieseSituationzu verbessern,
indemTechnilen zum effizientenunifikationsbasierteRarsenbegutachtetjntegriert und
evaluiertwerden.Der Schwerpunktiegt dabeiauf effizienterGraphunifikation.

Ich gebeeinenUberblickiibervorhegehendeirbeitenauf diesemGebiet,einschlieR-
lich desgrundlggendenAlgorithmusausder Arbeit von Wroblewski (1987),fur denich
einenFehleraufdecle und eineLdsungprasentierelch stelledie PET-Plattformvor, die
mit zwei Zielen entwickelt wurde,zum einen,um als eineflexible Basisfiur die Untersu-
chungeffizienterVerarbeitungsstraggen zu dienen die praziseempirischeUntersuchun-
genund den Vergleich verschiedeneAnsatze ermbglicht, zum anderenum ein effizi-
entesLaufzeitsysteneur Verfigungzu stellen,dasdie fruchtbarewissenschaftlicheind
praktischeNutzungvon HPSG-Grammatilen ermdglicht. Ich stelle das Designund die
Implementatiorvon PET vor, wobeiich genauerauf die effiziente Implementierungler
semi-latticeBerechnungm Praprozessoeingehe.

Ich diskutiereeineReihevon Experimentemit PET, die mit dreiexistierendergrol3en
HPSG-Grammatilenfir Englisch,Japanisclund Deutschdurchgeiihrtwerden Dabeige-
be ich praziseempirischeAntwortenauf einige offene FragendesGebiets,insbesondere
auf die Frageder Kodierungvon Merkmalsstrukturer{Listen von Attribut-Wert-Paaren
gegeriiberRepi@asentationendie auf festerAritat beruhen)und zeige,dassdiesviel we-
niger Bedeutunghat als oft angenommench geheauchder Fragenach,inwiefern Per
formanzin der Praxistiber die Grenzenvon Grammatilen und Verarbeitungssystemen
hinweg vorhegesagtverdenkann.Schliel3lichbetrachtech auseinerumfassendereRer
spektve den Gesamtfortschritin der Verarbeitungvon HPSG-Grammatilen Uber einen
Zeitraumvon vier Jahrenanhandder LinGO-Grammatik;dieserFortschrittwurdein ei-
neminternationalerKonsortiumvon Forschungsgruppeerzielt.
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1. Introduction

Mostnon-transformationdinguistic framevorkssuchasLFG (BresnarandKaplan,1982;
Dalrympleetal., 1995),GpsG (Gazdaret al., 1985),andHPSG (Pollardand Sag,1987,
1994) have a commonproperty: They usea datastructurecalled a feature structure to
represenlinguisticknowledge andall theseramevorksarebasednthecentraloperation
of unificationof featurestructures. Theefficiengy of any processingystenbasednsuch
formalismscrucially depend®n the efficiency of theunificationoperation.This becomes
even more significantfor strongly lexicalized frameavorks suchas HPSG, wherefeature
structuregendto carry a relatively large amountof informatior?. Efficiency heredoes
not only referto speedput also,maybeevenmoreimportantly to memoryconsumption.
Featurestructurerepresentatioandthe choiceof unificationalgorithmplay a centralrole
in the memoryconsumptioncharacteristicef any unification-basegrocessingsystem.
While thereare otherimportantfactorsfor the overall performancef a unification-based
processingystembesideshe efficiency of featurestructureunification (lik e the choice
of parsingstratay, or the amountof mone/ you canspendon a fastmachinewith lots of
memory),without an efficientimplementatiorof this basicoperation satishctoryoverall
performanceannotbe expected.

Until only a few yearsago,time andmemoryrequirement®f unification-basegbro-
cessingsystemausedto be prohibitive for mary applications Severalhundredmegabytes
of main memorywereconsideredhe absoluteminimumfor parsingmedium-complgity
input with a large-scalegrammay and parsingtimesof oneor two minutesper sentence
were not consideredunusual. Over the pastfew years,however, significantprogressn
efficient processinghasbeenachiared. In a collaboratve researcheffort, a consortium
of groupsat Saarbiicker® (Uszloreit et al., 1994; Krieger and Scrafer, 1994a), CSLI

For anintroductionto unification-basegrammarsseeShieber(1986). For aformal discussiorof typed
featurestructuresseeCarpente1992b);anexcellentupdateddiscussiorcanbefoundin Penn(2000). For
thedetailsof the formalismunderlyingthis work, seeCopestak (2000).

2For instancejn LinGO, animplementatiorof a HPSG grammarof English, the averagesizeof feature
structuresvhenparsingsentencesf mediumcompleity (i.e. sentencesf length10to 20 words)is around
300nodesseeTable4.6 on page49.

3Seehttp://www.dfki.de/It/ andhttp://www.coli.uni- sb.de/ for informationonthe
DFKI LanguagéTechnologylLaboratoryandthe ComputationaLinguisticsDepartmenat SaarlandJniver-
sity, respectiely.
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Stanford (Copestak, 1992;FlickingerandSag,1998; Copestak andFlickinger, 2000),
the University of Tokyo® (Torisava and Tsujii, 1996; Makino et al., 1998; Tateisiet al.,
1998),andothergroups have worked on the developmentf large-scalediPsG grammars,
grammarengineeringplatforms, and efficient processors.For more information on the
collaboratve effort and its results,seeFlickinger et al. (2000b); Oepenand Callmeier
(2000);Oeperetal. (2001). Thisthesiswaswrittenin the context of this collaboratve ef-
fort. Someof theresultspresentederehave beenpublishedor submittedfor publication
before(Callmeier,2000;0epenandCallmeier,2000;Callmeier,2001);thework on hand
containsextendedandupdatedpresentationsf theseresults.

Whenstartingthepreparation$or thisthesisin 1999, mary of theproposedechniques
for efficientunification-baseg@rocessingxistedonly in isolation,makingcomparisorand
an assessmerdf their combinedpotentialdifficult at best. A numberof algorithmsand
technigueshadnever beenevaluatedon large-scalegrammars.Evenif anevaluationon
a large-scalegrammarhadtaken place,it wasoftenrestrictedto oneparticulargrammay
which madeit difficult to estimatethe applicability for differentgrammars.Also, two of
the existing processingsystem$ in the consortium,PAGE (DFKI Saarbiicken) and the
LKB (CSLI Stanford),primarily designedas grammardevelopmentplatforms,were still
not efficient enoughto supportempiricalevaluationof differentprocessingtrategieson
multiple grammarsandlarge setsof datain reasonabléime, nor of the useof large-scale
grammarsn practicalapplicationcontects. Oneof the reasondor this wasthe underly-
ing implementationanguageof bothplatforms,namelyLisp, whichincursaconsiderable
overheadn memorymanagementostfor this kind of application,sincein unification-
basedprocessindiugeamountsof dataareallocatedandreleasedn shorttime. In addi-
tion, while mary of the techniqueglevelopedfor efficient processingvereimplemented
in both platforms,eachplatformimplementedsometechniqueghat were missingin the
other andsometechniquesvereimplementedn neitherof thetwo.

This thesissetsout to improve this situationby reviewing, integrating and evaluat-
ing a numberof techniquedor efficient unification-basegarsing,with a strongfocus
on efficient graphunification. Sinceno analyticaltools exist that could predicthow the
propertiesof individual unification-basedrammarswill interactwith particularprocess-
ing techniqueqseeCarroll (1994) for discussion).empirical study is indispensiblefor
the evaluationandoptimizationof suchtechniques.To obtainmeaningfulresults,empir
ical studyrequirescontrolledexperimentson large setsof data. | implementecdthe PET
platform (presentedn Chapter3) to sene asa flexible basisfor researchn processing
techniguesallowing preciseempirical studyand comparisorof differentapproachesA

4Thehttp://lingo.stanford.edu/ webpagedist HpPsG-relatedprojectsandpeopleinvolvedat
CSLI, andalsoprovide anonline demonstratiomf the LKB systemandLinGO grammar

SInformationon the Tokyo laboratorycanbe foundat http://www.is.s.u- tokyo.ac.uk/

8A third platformin the consortium the LiLFeS system(University of Tokyo), is basedon compilation
to anabstracmachine.SeeSection2.12for moreinformation.



1.1. Outline

secondprthogonalgoal waspursuednamelyto provide anefficient run-timeprocessing
systemthat supportdruitful scientificand practicalutilization of HPSG grammarsgcom-
plementingthe existing developmentplatformsPAGE andLKB.

The approachof systematicexperimentationand preciseempirical study of system
propertiess calledcompetencé& performancerofiling (Oepen2001;0eperandCarroll,
2000b;0OepemandCallmeier,2000;0epenandFlickinger,1998). Suitabletoolsarea key
requirementfor fruitful systemati@xperimentatiorandcomparison! usethe[incr tsdb()]’
ernvironmentfor my experiments.[incr tsdb()] providesfacilities to obtain, analyze,and
comparerich, precise,and structuredsnapshot®f systembehaior (called profileg. It
definesa setof descriptve metricsthat aim both for in-depth precisionand generality
acrosglifferentprocessingystemsenablingtheircomparisonSectiord.1 providesmore
detailsabouttherole of [incr tsdb()] in my work.

Situatedin the context of the aforementionedollaboratve researcteffort, | wasable
to basemy experimentalwork on threedifferentlarge-scaledPsG grammarsthe LinGO
grammarof English(Flickingeretal., 2000a;Copestak andFlickinger,2000),the Japa-
neseVerbmobil grammar(Siegel, 2000),andthe Verbmobil grammarof German(Mdller,
1999; Muller andKasper,2000). Thesethreegrammarsbey a commondescriptve for-
malismthatthe consortiumhascornvergedon (Oepenretal., 2000).1t canbecharacterized
asaconsenative blendof Carpente(1992b),Copestak (1992),andKriegerandSclafer
(1994a) providing a closed-vorld, conjunctive-only, multiple inheritanceype systenthat
enforcesstrongtyping andstrict appropriatenessndallows typesto be associatedvith
complex constraintghat areinheritedand appliedat run time®. All processingystems
within theconsortiumjncludingPET, implementhis coreformalism,sometime®nriched
by platform-specifiextensionge.g.default unificationin the Lk B).

1.1. Outline

The organizationof the thesisis asfollows. In Chapter2, | provide a review of previous
work, discussinga problemin Wroblewski (1987)andidentifying openquestions Chap-
ter 3 movesonto adescriptiorof PET, my experimentatiorplatformandrun-timesystem.
| discusghearchitectureandimplementatiorof thetwo maincomponent®f PET, viz. the
preprocessoandthe parserandtake a closerlook at the implementatiorof semi-lattice
constructionn thepreprocessoiChapter4 describes seriesof experimentghat! carried
outusingPET andanswersa numberof the openquestionsdentifiedin Chapter2. High-
lights includea comparisorof threealternatve featurestructureencodinggonebasedon
lists of featuresandvalues the othertwo exploiting fixed arity), anda comparisorof two

"The (draft) [incr tsdb()] usermanual,the software packagdtself, andan explanationof the strange-
looking namecanbe obtainedfrom http://www.coli.uni- sb.del/itsdb
8For details,seeCopestak (2000).
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processingystemgthe LKB andPET) acrosghethreegrammars] concludewith a sum-
mary of the results,a review of progressn processinghe LinGO grammarover a period
of four years,anda setof openquestiondor furtherwork (Chapters).



2. Previous and Related Work

This chapterreviews previous relatedwork on efficient graphunificationin naturallan-
guageprocessingGraphunificationexperienceda wave of interestfrom the mid-eighties
to the early nineties. | discusstherelevantliteraturein Sections2.1to 2.8. Recentcon-
tributionsto this line of researctarereviewedin Sections2.9and2.10. | summarizehe
variousapproachesn Section2.11, and identify a numberof openquestionsthat are
answeredn Chapterd. Finally, | provide a brief surwey of alternatve approaches.

The papersthat | discussin the first two sectionsboth date backto 1985, and are
the earliestpublishedworks on efficiency issuedn graphunificationin the computational
linguistics literature. Both Karttunenand Kay (1985), which is the subjectof the next
sectionandPereira(1985)identify copying asanexpensve operatiorthatcanbepartially
avoided. The commonsolution proposedis structuresharing, albeit by two different
means.

2.1. Kartunnen and Kay’s Structure Sharing with
Binary Trees

KarttunenandKay (1985) proposerepresentindeaturestructuresasbinary trees. Using
binarytreesto representeaturestructuresallows a simpleaddressingchemehatcanbe
exploitedfor a structuresharingrepresentationThe addressingchemeassignsanindex
to nodesthatcorresponds$o the concatenatiomf a binary representatioof theturnsone
takesto reachthis nodefrom the root of thetree. A left turn is representedhy 0 anda
right turn by 1. Minimizing copying is achiered by duplicatingonly changedparts of
a graph,i.e. only the topmostnodeof a treeis copiedaswell asnodesalongary paths
leadingto changedhodes.Thisis thevery sameadeausedn thestructuresharingschemes
proposedaterin Tomabechi(1992)andMalouf et al. (2000). The ideaof lazy copying

lWhentalking aboutstructuresharinghereandin the following, | do not refer to the structuresharing
thatrepresentseentrancies onegraph,but ratherto the sharingof subgraph®etweerntwo distinctgraphs.
Tomabech{1992)callsthefirst kind feature-structue sharingandthe secondkind data-structue sharing
Malouf etal. (2000)call thesecondkind of structuresharingsubgaphsharing
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is alsofound in a numberof later papers(Godden,1990; Kogure,1990; Emele,1991;
Tomabechi1991).

One difficulty with this schemeis to maintainthe treesbalanced. Without further
provisions,thetreescoulddegenerateresultingin treeswith accessimesmuchworsethan
thelogarithmiconein the balancedcase KarttunenandKay (1985)proposea solutionto
this problem;during unification, wheneer we have to choosewhich tree shouldembed
anothertree, we choosethe combinationthat resultsin the combinedtree of minimal
height. To implementthis efficiently, we have to maintaininformationaboutthe shortest
path from eachnodedown to a nodewith a free left or right pointer This allows to
efficiently find theshallavestplacein atreeto embedanotherone. To easilydeterminghe
shallovestcombinedtree,we alsohave to storethe lengthof the longestpathoriginating
from eachgivennode.

No evaluationof the methodis given, nor detailsaboutan implementationof this
schemelt remainsquestionabléf theinevitable overheadf encodingafeaturestructure
in a binary tree can be compensatethy the gain from structuresharing. Also, it is not
clearif the proposedsolutionto the problemof the binary treesbecomingimbalanceds
sufficient, becausédor large structuresonsiderablémbalanceganstill occur

KarttunenandKay make aninterestingremark:

In a sensemostof the copyingeffort is wasted.Unificationsthatfail typically
fail for asimplereason.f it were knownin advancevhataspectof structures
arerelevantin a particular case someeffort couldbe savedbyfirstconsider
ing only thecrucial featuresof theinput. (KarttunenandKay, 1985,p. 133)

This is exactly whatis later successfullyrealizedin the quick checkfiltering technique
(Malouf etal., 2000;Kiefer etal., 1999),discussedn Section4.4.

2.2. Pereira’s Structure Sharing Representation

Anotherimportantearly researcteffort into efficient graphunificationis documentedn
Pereira(1985). Pereiradentifiescopying asa sourceof inefficeng/, andproposego elim-
inate most of this copying by representingipdateso objectsseparatdrom the objects
themseles. This is inspiredby structuresharingmethodsfrom theoremproving (Boyer
andMoore, 1972)andPrologimplementatior{(Warren,1977).

The basicideaof Pereira$ approachss that an initial object, togetherwith a list of
updaterecords containsthe sameinformationasthe objectthatresultsfrom applyingthe
updatedo theinitial object. In this way, the costof applyingthe updateqwith possible
copying to avoid destructvely modifying the original object)canbetradedfor the costof
having to computethe effectsof updatesvhenaccessindghe derived object. In Pereiras
approachdaginstancesrerepresentetly a skeleton(theinital dag)andanenvironment
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(atableof updates)Pereirasuggestso usevirtual-copy arraysknown from Prologimple-
mentation(Warren,1983b)to representags.This givesthe benefitof anO(logn) access
andupdatetime for anarraywith highestusedindex n, while old contentsare presered
whenupdating.

This allows two levels of sharing: The Boyer-Moore style dagrepresentatiomllows
deriveddaginstancedo shareinput datastructuregskeletons) andthevirtual-copy array
ervironmentrepresentatiomllows differentbranchesf the searchspaceto shareupdate
records.Thepriceto payis anO(log d) overheadwhered is thenumberof nodes)n ary
graphaccess.

Pereiraeportsaboutpreliminarytestswith a Prologimplementatiorof his schemeon
variousgrammarswherethe structuresharingschemas up to 60% (andnever lessthan
40%)fasterthanthe sameparsingalgorithmwith structurecopying. No detailsaboutthe
grammaror theinput usedis given. Without informationon the size of the featurestruc-
turesandthe sizeof the parsechartit is hardto estimatehow muchthe nodeaccessver-
headandthe costof applyingervironmentsaffectsparsingtime. It couldbe expectedhat
thiscostbecomesnoresignificantfor largefeaturestructuresanddeeplyembeddedkele-
ton/ervironmentstructuresnecessitatingrequentreapplicationof environments. | de-
scribearelatedexperimentinvestigatingthe efficiency of a skeleton/emironmentscheme
in Sectior4.7.

2.3. Karttunen’' s Reversible Unification

Karttunen(1986)identifiesdestructve unificationandthenecessitatedopying asa source
of computationainefficiency. Karttunenproposesa novel solutionto this problem, by
implementingunificationin a way sothatthe original stateof theinput structuresanbe
restoredafterunificationhasbeencompleted.Thisis achieredby saving original attribute
valuestogethemwith the attribute-valuepair, whenever a destructve changes aboutto be
made.In this way, the effectsof unificationcanbeundoneby restoringtheoriginal values
of all savedattribute-valuepairs.

Karttunengivesno detailsof how his schemds implemented.No evaluationis pre-
senteckither althoughKarttunenremarks:

It appeasthatthis simpletedhniqueis more effectivein reducingparsingtime
thanthemethoddgliscussedhn theliterature[...] thatimprovetheefficiencyof
copyingby usingstructure sharing (Karttunen,1986,p. 22)

WhatKarttunenoverlookshere,is thatstructuresharingis alsopossiblewith areversible
unificationscheme.

Karttunens basicideais the very samethatis later suggestedn Tomabechi(1991),
with theimportantimprovemenf integratingamechanisnirom Wroblewski (1987)that



2. PraviousandRelatedWork

allows undoingthe modificationsin constantime. Tomabechi{1992)andMalouf et al.
(2000)integratestructuresharinginto this approach.

2.4. Wroblewski’ s Nondestructive Graph
Unification

Wroblewski (1987) startsout from the assumptiorthat the fundamentalproblemwith
previous approaches$o graphunificationis implementingit as a destructve operation,
becausehis necessitatesopying, which hasbeenidentifiedasa computationabink. To
remedythis, Wroblewski proposedo usea nondestructie algorithm. While this hasbeen
proposedbefore (Karttunen,1986), Wroblewski’s important contribution is the defini-
tion of over copyingandearly copying Although the latter hasbeenredefinedater by
Tomabechi(1991) (seeSection2.8), both definitionshave beenusedtroughoutthe work
in this areasincethen (Godden,1990; Kogure,1990; Tomabechi,1991; Emele,1991;
Tomabechi1992,1995).

Wroblewski classifieghe fraction of copying thatis doneunnecessarilyn two parts.
Therecanbetoo muchcopying whencopiesaremadeof bothinputdagsandthenbothare
destructvely modifiedby the unificationoperation.In this way, the raw materialfor two
input dagsis usedto createjust onenew dag,whosesizealmostnever equalsthe sumof
thetwo input dagsizes.Wroblewski callsthis type of unnecessargopying over copying
A betteralgorithmwould only allocateenoughmemoryfor the resultingdag. Another
way of unnecessargopying is whenthe input dagsare copiedbeforeunification starts,
but the input dagslater turn out not to be unifiable. This kind of unnecessargopying
is called early copyingby Wroblewski. A betteralgorithmwould checkfor unifiability
first, andonly copy for compatiblegraphs. Wroblewski obseresthat over copying and
earlycopying areindependenpropertieof aunificationalgorithm,andthuscanbetreated
independently

Thesolutionproposedy Wroblewski is to implementunificationnondestructiely, by
incrementallycopying the agumentgraphs. This requiresadditionalslotsin the graphs
to keeptrack of the copiesassociatedvith eachnode. A problemwith his algorithm,
identifiedby Wroblewski, is thatit still over copiesin certaincasesnamelywhencopies
of nodeghatarefoundto bereentrantater, werepreviously madeindependently

Wroblewski comparesis schemewith Pereira(1985)andKarttunen(1986). He ac-
knowledgesthat Pereiras schemewould not over copy in caseswherehis own scheme
would. He addsthat he found the skeleton/emironmentsolutionhardto implement,and
mostof its speedadvantagenvascancelledby thelog(d) nodeacces®verhead Compared
to Karttunens scheme Wroblewski seesan importantadvantagein the fact that his al-
gorithm canundo changegin the copyslots)in constanttime by incrementinga global
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counterand protectingcopy slot accesghrougha validity marker. This idea (attributed
to Mark Tariton) later plays a centralrole in Tomabechs quasi-destructie unification
(Tomabechil991).

Wroblewski identifiesfour tradeofs in implementinggraphunification,namelyover
copying, early copying, dagaccesverheadandrestrictvenesdo certaincontets. He
also suggestduture researchinto techniquego intelligently eliminaterule application
without invocing unification; suchtechniqueshave later beenpresentedn Kiefer et al.
(1999)andMalouf etal. (2000).

Wroblewski doesnot presentan evaluationof his algorithm. Also, no information
is given on how muchover copying and early copying occursin practice. | presentan
evaluationof the algorithmin Section4.2, and also presentdetailednumberson over
copying andearly copying with alarge scalegrammar

2.4.1. Problems with the Algorithm

In spiteof thelong time Wroblewski’s algorithmis known, andalthoughit hassenedasa
startingpointfor improvedalgorithmsin anumberof laterpaperGodden;1990;Kogure,
1990;Emele,1991; Tomabechi,1991),noneof thesepapersmentionthe problemthat|
discusdn this section.

The procedureunify2  (seeFigure 2.1) asdescribedn Wroblewski (1987)is not
correct. The problemarisesfrom incorrectly handlingthe casewherea copy exists for
one of the nodes,but not for the other (line 23 in Figure 2.1). In this case,a special
versionof unifyl isinvocedonthecopy andonthenodethatdoesnothaveacopy. This
specialversionof unifyl preseresits secondargumentandrecordsall changesn the
firstagument.

Thereare, however, caseswherethis is not possible. One suchcaseis illustratedin
Figure2.2. Here,unify2 hasbeerrecursvely invocedonthenodes4) and(?), following
thearcslabelledC. Thereis a copy alreadyassociateavith (7) in theright graph,sinceit
waspreviously visitedwhenunifying (2) and(?) following thearcslabelledA. Thereis no
copy associateavith (4). Thus,theconditiononline 21in Figure2.1is true,andunifyl
is calledon (@) and(9), the copy of (7).

Thereis no possibleway for unifyl to producethe correctresultnode(anodewith
two arcslabelledB andD) withoutdestructvely modifying(4), whichis partof theoriginal
input graphand mustnot be modified. Sinceunifyl doesnot make copies,oneof the
input nodeswill bethe representatie of theresult. If (4) is choserasthe representate,
anarclabelledB hasto be added thusmodifying the node;if (9) is chosenasthe result
representatie, (4) hasto be forwardedto (9), thusmodifying (4). Onemight arguethata
solutionto this problemis representinghe resultin (9), which canbe modified,andnot
forwarding(4). In fact, Wroblewski (1987)givesthis explanatiorfor line 23in Figure2.1:
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1 PROCEDURHEnify2 (d1 d2)

2 Dereference  di, d2.

3 IF neither dl1 nor d2 have copies THEN

4 copy = a new node. copy.status = "copy".

5 dl.copy, d2.copy = copy.

6 newdl = complementarcs(dl, d2).

7 newd2 = complementarcs(d2, di).

8 shared = intersectarcs(dl, d2).

9 FORall arcs in shared DO

10 Find the corresponding arc in d2.

11 Recursively unify2  the arc values.

12 IF unify2 failed THEN

13 Return failure.

14 ELSE

15 Add a new arc in copy.

16 ENDIF

17 FOR arc in union(newd1, newd2) DO

18 Copy the arc-value of each arc, honoring existing
19 copies  within, and place the value in copy.
20 Return Copy.

21 ELSE if dl1 xor d2 has a copy THEN

22 Without loss of generality, assume dl has the copy.
23 = unifyl(d1l.copy, d2) preserving d2.

24 Return di.copy.

25 ELSE if both dl1 and d2 have copies THEN

26 Unify1(d1.copy, d2.copy).

27 ENDIF

28 ENDPROCEDURE

Figure2.1.: Theproceduraunify2  from Wroblewski (1987)
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Figure2.2.:Problematicsituationfor Wroblewski’salgorithm. unify2
ing on the two nodespointedtwo by the arrovs. Grey nodesrepresentopies. Dotted
linesrepresenpointersin the copyslots.

2.4. Wroblewski’s Nondestructie GraphUDnification

is currentlywork-

21
22
23
24
25

ELSE if dl1 xor d2 has a copy THEN
Without loss of generality, assume dl1 has the copy.

+ d2.copy = dil.copy.

unify1(d1.copy, d2) preserving d2.
Return  dl.copy.

Figure2.3.:Fix for procedureunify2

Whena copyalreadyexistsfor onegraphor the other but notboth, this algo-
rithm will performan opemation very mud like uni f y1, but no forwarding
will be donesincethe changescanall be safelyrecodedin the copy Thisis
whatis meantbytheline markedwith an asterisk.(Wroblewski,1987,p. 584)

This might seemto work at a first glance,but it is not a correctsolution eithet as
potentialreentranciewith (4) will belost: if we encountef4) againduringthis unification,

from Wroblewski (1987).Line 23 hasbeenadded.

wedonotknow thatit hasbeenunifiedwith (7) alreadyandtheresulthasbeenrepresented

in (9. A bettersolutionbecomeshvious (andwas probablyintendedby Wroblewski):

we forward(4) to (9) usingthe copyslot. Thefix is shavnin Figure2.3.

Evenwith thisfix in place,unify2 remainsproblematic.Figure2.4 shavsthesitua-

tion from above afterunify2  hasfinishedits work on(4) and(7), andthusfinishedpro-

cessingheinput graphs.The problemhereis thatthe resultgraphreturnedby unify2

shareg) with the left input graph,becauseunifyl s calledto unify (4) and(9), but
unifyl by designnever copies.Thus,theresultis notindependentf theinput graphs.
This cancauseproblemswhengraphsare modified by operationsotherthanunification,

11
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Figure2.4.:Situationfrom above afterthefixedunify2 hasfinishedprocessingheinput
graphs.Node(5) hasnot beencopied.

e.g.whenremoving partsof a graphusinga restrictor Also, sincecoindeationis repre-
sentedvia graphreentranciest canresultin spuriouscoindeation (e.g.whenusingone
lexical entrymultiple timesin parsingonesentencelalouf etal. (2000)discusghe prob-
lem in moredetail). Note thatindependenbf my fix, this problemalsoarisesin simpler
situations.If in the exampleabove (2) did not have ary outgoingarcs,we could have just
forwarded(9) to (4) — still, (5) would endup uncopiedn theresult.

A relatedproblempresentstself whentrying to adaptunify2  for typedunification.
Here,situationsasdescribedbove, whereunifyl isnotableto representheresultwith-
out modifying one of the input graphsoccurmore frequently namelywhenthe greatest
lower boundtype of the two unified nodesis differentfrom eachof the two input types.
Again,unifyl iscalledwhenoneof thenodesalreadyhasacopy, butit cannotrepresent
theresultwithout creatinga new copy.

2.4.2. An Improved Version of unify2

Thereis notrivial fix to solve theproblemsdescribedn thelastsection.lt seemdor cases
like theonespresentedye needa crossbetweerunifyl andunify2 ,i.e.aunification
procedurehatis allowedto destructvely modify oneof its arguments put not the other
If suchafunctionis usedinsteadof unifyl in placeswhereonenodeis a copy, but not
theother theproblemsdetailedin thelastsectionaresolved. | call this functionunify3
The changeto unify2 itself is givenin Figure 2.5, the new function unify3 is
showvn in Figure2.6. unify3 s relatively straightforvard. First, the agumentsneedto
be dereferencedine 2), if they areidentical(areentrang), thefirst node(d,) is returned
astheresultrepresentate (line 3). Thentwo caseseedto be consideredd; canhave

12
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21
22
23

ELSE if dl1 xor d2 has a copy THEN
Without loss of generality, assume dl1 has the copy.
Return  unify3(d2, dl.copy).

Figure2.5.:Finalfix for procedureunify2  from Wroblewski (1987).

O©oo~NOUITA,WNE

PROCEDURHRnify3  (d1, d2) (* Unify dl1 into d2 *)
Dereference  di1, d2.
IF d1 and d2 are identical THEN Return  d1.
IF d1 has no copy THEN
IF dl is a copy THEN Return unifyl(d1, d2).
dl.copy = d2.
FOReach arc al in d1l
IF d2 has a corresponding arc a2

unify3(al.value, a2.value)
IF unify3 failed  THEN Return failure.
ELSE

Copy al.value honoring existing copies  within.
Add a new arc with the copied value to d2.
ENDIF
Return d2.
ELSE
Return  unifyl(d1.copy, d2).
ENDIF
ENDPROCEDURE

Figure2.6.: New procedureunify3 . The first agumentgraphcannotbe modified, the

secondnemaybechanged.

13
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a copy already thenunifyl canbe usedto destructvely unify the copy of d; andthe
secondargumentd, (line 17). Otherwise,we needto checkif d; is a copy (usingthe
statusfield), in this caseunifyl canbeused(line 5). Otherwised, is registeredasthe
copy of d; (line 6), andwe gothroughall arcsof d;. Whene&eracorrespondin@rcexists
in dy, we callunify3  onthearcvalues(line 9). Whenacorrespondingrcdoesnotexist,
acopy is insertednto d, (line 12—-13).

| donotgive aformal correctnesgroof, but | will briefly discussvhy unify3  works
asintended.lt is importantto keepthreeinvariantsin mind thatareassumedhroughout:

1. unify3 neverdestructvely modifiesits first agumentode,northe nodesbelon?.
2. Thesecondargumentto unify3 isacopy.
3. Whenanodeis acopy, all nodesbelow it arecopies.

We canseeby inspectionthatunify3  maintainstheseinvariants,the secondandthird
invariantarealsomaintainedby unify2 . Thisis enoughto show thatunify3 behaes
asexpectedwith respecto not destructvely modifying its first agument.| do not shav
herethatit actuallyperformsunificationof theargumentdags.

2.5. Godden’s Lazy Unification

Godden(1990)presentsa new solutionto the efficiencgy problemwith copying agument
graphsbeforedestructve unification. It requiresno new slotsin thestructureof nodesand
only minor revisionsto the unificationalgorithm. The basicideais usinglazy evaluation
techniqueso delaycopying — Goddenarguesthatlazy evaluationis a goodtechniquefor
the copying problemin graphunificationbecause¢he overwhelmingmajority of copying
is unnecessaryDagsareturnedinto anactive datastructure usingtwo basicprocedures:
delayandforce In this way, copying canbe delayeduntil it is forced Whencopying is
unnecessaryt is never forced andthusdelayedinfinitely. Goddenimplementsdelayby
usingclosuesprovided by the programminganguage.

Adaptingan existing unificationalgorithmfor lazy evaluationrequiresonly minimal
modifications.Wheneer a destructve operationis aboutto be madeon a node,a proce-
durecalledforce-delayed-copy is calledon this nodefirst. This procedurdorces
thenext level of any delayedcopying of this node,subsequentlgelayingthe next level of
copying. This schemeaeducescopying bothin the caseof unificationfailure, andin the
caseof asuccessfulinification,for two reasonsOntheonehand,it usesonly theminimal
requirednumberof nodes(not the sumof the nodesof thetwo input graphs),andon the

2] sayagivennodeis belowanothemodein afeaturestructure;if thereis a sequencef attribute-value
pairsthroughwhich thelattercanbereachedrom thefirst.
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otherhandit often needseven fewer nodes,whennodesdo not needto be copiedat all.
The secondkind of unnecessargopying is calledredundantcopying in Kogure(1990),
andavoidedthrougha lazy copying scheme Goddens algorithmneedswo morerefine-
ments:it needso remembeif a givennodehasalreadybeencopied. This is doneusing
copy environments Thesemustbe associatedo individual dags,and cannotbe global,
becausesereraldagsmay needto be presered during parsing. The secondefinemenis
for nodeghatremaindelayedaftersuccessfulinification. Thesenodescanacquirea new
root by subsequentinification,andthenattemptedo be copiedfrom insidethis new root.
The solutionis to give the nodeaccesdo the new copy ernvironment,this canbe doneby
destructvely memging copy ervironments.

An empiricalevaluationof lazy unificationis providedfor tensentenceparsedy the
TASLINK naturallanguagesystem(Godden,1990). Lazy unificationcopiesonly 7% of
the nodescopiedby eagerunification— however, this doesnot take into accounthe cost
of creatingclosuredo delaycopying. Theactualspeedups about50%. Goddendentifies
severalsource®f inefficiengy in hisimplementatiorof lazy unificationthatcouldbefixed
easily thus further improving performanceof his method. Goddenconcludeswith an
interestingremark: while he considerghe endresultas elegant, developmentwas slow
dueto thedifficultieslazy evaluationpresentgor dehugging.

While Goddens solutionfor the copying problemis conceptuallyelegant, partof the
costof copying is merelyhiddenin programminganguagespecificconstructdor delay-
ing operations.The potentially costly creationof closuress unnecessarin casesvhere
thoseclosuresremainunchangedn the final result. Also, the searchin the copy ervi-
ronmentsand meging of thoseenvironmentscausesadditionaloverhead. The limited
evaluationprovided by Goddenmalkesit hardto estimatethe benefitsof lazy unification
on input datawith differentcharacteristicthan Goddens data. Also, a comparisorto
Wroblewski’'s methodis missing, which alreadycreatessignificantly fewer nodesthan
an eagerunificationmethod,so it remainsan openquestionif the overheadof delaying
copying paysoff comparedo Wroblewski’'s approach.

2.6. Kogqgure’s Strategic Lazy Incremental Copy
Graph Unification

Two methodsfor improving the efficiengy of featurestructureunification are presented
in Kogure(1990). Thefirst is lazy incrementalcopy graphunification (LING), a novel
methodto achieve structuresharingwhile maintainingconstanttime nodeaccess.The
secondmethodis stratgic incrementaktopy graphunification(SING, whichimplements
anearlyfailurefinding stratey which triesto unify substructurethattendto fail in unifi-
cationfirst. Thetwo methodscanbe combinedSLING.
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Kogureintroduceghe termredundantopyingfor the unnecessargopying thattakes
placewhen,insteadof sharingstructure unchangegbartsof the input graphsare copied.
Kogureidentifiesredundantopying asthe maindeficieng of the algorithmsuggestedh
Wroblewski (1987),becausen Wroblewski’'s methodthe resultgraphconsistsof newly
createdhodesonly.

Thelazyincrementaktopy graphunificationmethodpresentedby Kogureis anexten-
sion of unify2  from Wroblewski (1987). A lazy evaluationtechniqueis usedinstead
of completelycopying arcswithout a counterparin the correspondingstructure.In this
way, copying a nodeis delayeduntil eitherits own contentsneedto change,or until a
nodebelow it needsto be copied. To implementthis, the procedureto copy a nodeis
revisedto maintaincopy dependeng information. The nodeitself is not copiedimme-
diately, throughthe copy dependenginformationwe know what othernodesneedto be
copiedif this nodeis modifiedlater.

Thestratagyic incrementatopy graphunificationmethodis basedn learninginforma-
tion aboutwhich partsof graphsaremorelik ely to fail thanothers. It takesadwantageof
thefactthatunificationtendsto fail oftenundersomefeaturesandonly rarely underoth-
ers(e.g.semanticgonstructionin aparser).Thefrequenciesieedto belearnedsincethey
are applicationspecific,e.g.in a generatomunificationof semanticswill fail often. The
learningprocessusesrandomizedeaturetreatmentorders. Failure tendeny is recorded
for type-featurepairs. Thislearnedfailuretendeng informationis thenusedto apply uni-
ficationin anorderthatfirst treatsfeatureswith the highesttendeng to fail, by ordering
thearcsthatarerecursvely unified (sharedarcs)in eachunificationstep.

Unfortunately Kogurepresentso evaluationof his techniques.Thus, it is hardto
estimatetheir effectiveness. Both techniquesncur an overheadthat can potentially be
significant. The LING methodrequiresmaintainingthe copy dependeng information,
and actualcopying requiresa secondtraversalof the affectednodes;the SING method
requiresto sortsharedarcsaccordingto failure frequeng in eachstep(or maintainthis
orderat all times),this canbe costly, asdiscussedn Tomabechi1995),andverified by
my own experiments.Like any incrementakopying technique LING suffersfrom early
copying, seeSection2.8.

Kogures ideaof usingfailure frequeny informationwaslatertaken up andgeneral-
izedby Uszloreit (1991). Failurefrequeng informationis alsocrucialin the quick check
filtering technique(Malouf et al., 2000; Kiefer et al., 1999). | take a closerlook at the
guick checkin Sectior4.4.

16



2.7. Emeles Unificationwith Lazy Non-Redundan€opying

2.7. Emele’s Unification with Lazy Non-Redundant
Copying

A new attemptat solvingthe copying problemis presented Emele(1991).As in Kogure
(1990),the problemof redundantopying (seeSection2.6)is identifiedasthe mainweak-
nessof previousapproachesThe solutionsynthesizesdeasof lazy copying with the no-
tion of chronologicaldereferencingo achiese a high amountof structuresharing.Emele
criticizes Godden(1990) and Kogure(1990) for having to copy all the nodeson a path
leadingto a nodethatneeddgo be copied,evenif thesenodesarenot changedhemseles.
This canincuraconsiderableost,sincesuchcasesarecommonin unification-basegars-
ing. Also, both methodsrequirethe copying of arcsto a certainextent. Curiously in
previousdiscussion®f the copying problem,the copying of arcswassimply ignored.

Emeles Lazy IncrementalCopying (LIC) methodis basedon Wroblewski's idea of
incrementallyproducingthe resultdagduring unification,leaving the agumentdagsun-
touched.Copiednodesareassociatedavith the input structures nodesby meansof a copy
slot in the noderepresentationUnlike Wroblewski, however, copiesare createdlazily.
Only in casesvhereanupdateto a nodeof oneof the input structuredeadsto a destruc-
tive changecopying is required. In this way, Emeleclaimsto combinethe adwvantages
of Wroblewski’'sincrementatopying andstructuresharingfrom Pereira(1985),avoiding
the disadwantagef both methods. Insteadof usingglobal environmentsas Pereira,in
the LIC approacheachnoderecordsits own updatesn the copy field anda generation
counter This makescomplex meging of environmentsunnecessarybut requiresa new
dereferencingperation.Usually, dereferencindgollows a pointerchainall theway to the
endto find the destinatiomode. In LIC, however, dereferencings performedaccording
to anernvironment.A generatiorcounteris associatedo each“copynode”,indicatingthe
generatiorto which it belongs.An environmentis justa sequencef generatiorcounters.
Dereferencindollows pointersonly aslong asthe destinatiornodes generatioris older
thanthe youngesigeneratiorin the ervironment. Environmentsareextendedwith a new
generatiorwheneer a choice-pointis encounteredthe length of the environmentcorre-
spondsto the numberof stacled choice-points.This allows chronologicalbacktracking
to anolderstateof computationn constantime by activatingthe correspondingrviron-
ment. An additionaladwantages thata separatéorward slotis no longernecessaryall
forwardingscanbe expressedhroughcopy-pointersand ervironments. The unification
algorithmitself proceedgoughly like standarddestructve graphunification. Wheneer
two nodesaremeiged,a new copynodeis only createdvhennoneof thetwo nodess ac-
tive, i.e. partof the currentgenerationWhenbothnodesareactive, they aredestructvely
meiged,if only oneis active, thenon-actve nodeis forwardedto the active node.

The proposedlgorithmis implementedn CommonLisp, andis usedasthe essential
operationn theinterpreteffor the TypedFeaturesstructureSysteml'FS(EmeleandZajac,
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1990a,b). The LIC methodwasevaluatedon a sampleHPSG grammarusinga small set
of test sentencesand an overall reductionin processingime of 60—70%is obsened.
Unfortunatelyfurtherdetailsarenot given.

Oneobviousdisadwantageof Emeles methodis the complex dereferencingperation,
thatwill incurconsiderableverheador alargegrammaywheregraphsareunifiedalarge
numberof timesto createa complec constituent.This is the sameproblemasin Pereiras
algorithm,althoughthe costof chronologicaldereferencinghouldbe smallcomparedo
applicationof ernvironmentsasin Pereiras scheme. Another more fundamentalprob-
lem, that Emeles approachshareswith any otherincrementalcopying method,will be
discussedn the next section. Strictly speakingthough,the tradeof inherentin Emeles
approachasnever beenevaluatedandcomparedvith otherrecentapproachegin partic-
ularthatof Tomabechiseenext section);this remainsanopenquestion.

2.8. Tomabec hi’s Quasi-Destructive Graph
Unification

The quasi-destructie unification introducedin Tomabechi(1991) and later detailedin

Tomabechi(1995)is often consideredhe mostefficient graphunificationalgorithm for

naturallanguageprocessingoday(seee.g.vanLohuizen(2000)). Tomabechs algorithm
completelyeliminatescopying for unsuccessfulinifications,andallows early finding of
unificationfailures. Tomabechstartsout from the simple,yetimportantinsightthat uni-
ficationdoesnot alwayssucceed, thuscopying (which is known to be expensve) should
only be donefor successfulnifications. Also, failuresshouldbe found assoonaspos-
sible. Tomabechredefineghe notion of early copying to includeall copiescreatedprior
to finding a failure, while Wroblewski’s definition only includescopiescreatedbeforea
failing unificationstarts.In retrospectjt seemsartificial to excludethe copiesmadedur-

ing unificationin thisway. All incrementatopying methodsecessarilguffer from early
copying asdefinedby Tomabechisincerecursve calls into sharedarcscannotknow if

futurerecursionsnto othersharedarcswill eventuallyfail, thusthey cannotavoid to copy
nodes.

The centralideain Tomabechs unificationalgorithmis to provide a way to record
changesnadeto a graphduringunificationin the nodestself, without destructvely mod-
ifying them. This is achieved by using an ideafrom Wroblewski (1987), namelythat
changesanbe undoneat virtually no costwhenthe changesare recordedin slotsthat
areprotectedby a generatiommarker. The contentsof sucha temporaryslot areignored,
unlesstheir generatiormarker is equalto the globalgeneratiorcounter All changego a

3In fact,in typical large-scalaunification-basegarsingsystemghatuseno filtering techniquesthe vast
majority of attemptedunificationsfails.
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dagduring unificationarerecordedin suchtemporaryslots,i.e. in Tomabechs& scheme
the forward slot is protectedby a generatiormarker, anda new comp-acs slot is intro-

duced,wherearcsaddedto a node during unification are recorded. When unification

fails, all changeslonesofar canbeundoneby simply incrementinghe globalgeneration
counter Whenunificationsucceedsthe resultis copiedinto a permanenstructure then

the changedo the input graphscanagainbe undoneby incrementingthe global counter

The control structureof Tomabech# algorithmis similar to Wroblewski’'s unifyl , but

all changesarremadequasi-destructely. Tomabechs algorithmcanbe seenasaway to

completelydelay copying, with only the minimal overheadof accessingemporaryslots
protectedhrougha generatiormarker mechanism.

Tomabechpresentanevaluationof hisalgorithm,parsingl6 sentenceasingaHPSG-
like grammarfor Japanesthat seemso befairly smalft. A speedumf up to a factorof
two canbe obsered comparedo Wroblewski's algorithm,anda similar reductionin the
numberof copies.| present detailedevaluationon alarge-scalegrammairin Sectior4.2.

2.9. Extensions to Tomabec hi’s Algorithm

While Tomabechg unificationalgorithm,aspresentedh the previoussection,completely
eliminatesearlycopying, theproblemof redundantopying isignored,i.e.theresultgraph
consistof new nodesonly, evenif partscouldbesharedwith theinputgraphs.Tomabechi
(1992)andMaloufetal. (2000)presentwo similarwaysto integratestructuresharinginto
Tomabechs original algorithm.

The schemesuggestedh Tomabechi(1992)follows two designprinciples,(i) atomic
nodescanbe sharedand(ii) complex nodescanbe sharedunlessthey aremodified. No
modificationto the unificationalgorithmis necessarystructuresharingis achiezed by the
copying algorithm. The copying algorithmalways shareq(i.e. it doesnot copy) atomic
nodes. Complex nodesare sharedif no nodesbelon that nodeare changed;a nodeis
considerecchangedf it is the target of forwarding, or if it hasary temporaryarcs. If
a changedhodeis foundin a recursionstep,thatinformationis passedip to the caller.
Malouf etal. (2000)proposeanalgorithmthatimplementsstructuresharing‘in muchthe
sameway” asTomabechiwith a“crucial difference’concerninghe sharingof nodegshat
arepartof thegrammar Nodesthatarepartof thegrammamustnot be sharedsincethat
couldleadto spuriousreentrancie®r cyclic structuresvhenonepart of the grammaris
usedmorethanoncein thederivationof asinglesentencepr whengraphsaremodifiedby
operation®therthanunification(e.g.arestrictor).An inefficientwayto avoid theproblem
is instantiatinghe parsechartwith freshcopiesof all rulesandlexical entries,andto copy
structuresbefore applying a restrictor This extra copying can be avoided by marking

4Thetotalgrammarsizeis only 2324nodescomparedo severalhundredhousandodesn thelarge-scale
grammard amusing,seeSection4.5.
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nodesas safeor unsafefor sharing. All nodesthat are part of the grammarare marked
unsafe nodesthatarecreatedduring parsingaremarked safe The copy functionchecks
this flag whendecidingif a nodecanbe shared.This improvementallows the parserto

not copy a structurein mary instanceswhereit would have to be copiedin Tomabechs

scheme.Both Tomabechi(1992)and Malouf et al. (2000) presentan evaluationof their

structuresharingmethod,andbothreporta speedupf abouta factorof two, andaneven
biggerreductionin memoryusageof upto afactorof three.l presentanevaluationonthe

LinGO grammarin Section4.2.

2.10. Van Lohuiz en’s Variant of Quasi-Destructive
Graph Unification

Van Lohuizen(2000) presentsa techniqueto reducethe memoryusageof Tomabechs
unificationalgorithm(Tomabechi1991)considerablywithout increasingexecutiontime,
while makingit thread-safeat the sametime®. Tomabechi algorithm usestemporary
slots (scratch fieldg in the noderepresentatiorto avoid copying. Thesefields do not
contribute to the definition of the graph, but are usedfor bookkeepingpurposesn the
unificationandcopying functions.Thus,they arenot usefulwhena graphis not currently
usedin unification,but still fill up memory Preferrablyscratchfieldswould bestoredin a
separatéduffer thatcouldthenbereused.This hasthe additionaladvantageof increasing
the probability thatthey remainin cachewhich is animportantconsideratiorgiventhe
growing differencein speedetweerprocessoandmemory Separatinghe scratchfields
from the nodestructurealso allows concurrentunification, becausesachprocessoican
work on a private scratchbuffer. The problemto be solved is that of binding scratch
structurego nodes.VanLohuizendiscusse$wo possibleapproacheghe straightforvward
one of using a hashtable, and a novel one that is basedon using an array of scratch
structuresandassigninguniqueindicesto the nodesin a graph. The indicescorrespond
to elementsan the scratchstructurearray Structuresharingcanbe implementedn this
scheman away similarto Tomabech(1992).

Van Lohuizenimplementedthe algorithmin Objectve-C using a fixed arity graph
representatiorand presentsan evaluationon a medium-sizedgrammarfor Dutch for 22
sentence®f varying length. This shaws that the algorithm doesnot increaseexecution
time comparedo Tomabechs original algorithm; thereis even a 7% speeduphat can
be attributed to improved cachebehaior. Memory utilization is reducedsubstantially
by a factor of up to threefor complex input. Van Lohuizen(2001) reportsaboutthe
adaptationof the algorithmfor the LinGO grammar An evaluationusing the fuse test
set(seeSection4.1.2)indicatesa minimal decreas€1.7%)in performancecomparedo

SThetechniques alsoapplicableto Wroblewski's unify2 — (Wroblewski, 1987).
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Tomabechs algorithm, and a significantreductionof memoryutilization by a factor of
almosttwo. Anotherexperimentusingconcurrenunificationshavs aremarkablespeedup
of nearlytwo onadualprocessomachinefor the fusetestset.

2.11. Summary

Thepaperd discussedh theprevioussectiongrovide aninterestingexampleof scientific
evolution. Techniqueshatturnedoutto beof essentialmportancecanbefoundveryearly,
but their potentialwasoftenrealizedonly muchlater, partly becauseheir effectivenessn
isolationwaslimited andrequiredsynthesisith othertechniquesandpartly becaus¢hey
wereonly vaguelydocumentedandnot bacled by empiricalevaluation. Oneexampleis
the ideaof structuresharing,that dominatedthe discussionn the beginning (Karttunen
andKay, 1985; Pereira,1985), but thenwasignoredfor quite a while, andonly picked
up againby Kogure(1990). Thefull potentialof the generatiorcountermechanisnfrom
Wroblewski (1987)wasonly realizedin Tomabechi{1991). Anothermain ingredientof
Tomabechi(1991)is alreadypresentedn Karttunen(1986), namelyto only copy when
unification is successfulpy making unification reversible. Karttunenonly briefly dis-
cusseshisideain hisreport,andprovidesno detailsof theimplementationnoranevalua-
tion. Also, only the combinatiorwith thegeneratiorcountemechanisnallowedundoing
unificationscheaply A final exampleis theideaof usingfailure-frequeng informationto
find failing unificationasearly aspossible thatis first documentedn the SING method
from Kogure (1990), and generalizedn Uszlkoreit (1991). In both approachegailure-
frequeny informationis usedto guidethe unificationalgorithm. Erbach(1991b)is the
firstto describeafilter thatallows to skip unificationsthatif executedwvouldfail; asimilar
filter is laterindependentlyproposedy Maedaetal. (1994). Thesemethodshowever, are
basedon manuallycompiledstaticinformationaboutfailure-pointsin feature-structures.
The techniquethat combinesthe ideasof filtering and using failure frequeng informa-
tion is the quidk chedk (Malouf et al., 2000; Kiefer et al., 1999),which | will discussin
Sectiond.4. Thealgorithmpresentedn Tomabech{1991)with the structure-sharingn-
provementfrom Tomabech{1992)andMalouf etal. (2000)canbeseenasthesuccessful
synthesisof the previous approachesavoiding all kinds of unnecessargopying asfar as
possible. Thiswill bethe mainalgorithmusedin my empiricalwork in Chapter4. Van
Lohuizen(2000)is a further improvement,significantly reducingthe memoryrequire-
ments.A commontrendin the paperscanbe noted.While the early papersoften provide
no empiricalevaluationat all, all the recentonesincludedetailedempiricalresults,with
increasinglychallenginginput usedover time. A similar obsenationcanbe madefor the
level of detailin thatthe algorithmsare presentedWhile the early papersoftenonly ver-
bally sketchthe algorithm, detailedpseudo-codés includedin mostrecentpublications.
Both factsgreatlyincreasdahe ability to reproduceandcomparehe publishedresults.
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Thereis universalagreemenin thediscussediteraturethatcopying is themainsource
of inefficiengy in graphunification. Over copying, early copying andredundantopying
areacceptedneasureso quantify the differentkinds of unnecessargopying. Neverthe-
less,no preciseevaluationhastaken place,quantifyingthe amountof the differentkinds
of copying. Section4.2 reportsaboutan experimentthatanswerghis question.lIt is of-
ten claimedthat unification (andthe necessitatedopying) take the vastmajority of run
time in a unification-basegrocessingystem(KarttunenandKay, 1985; Godden,1990;
Kogure,1990; Tomabechi1991,1992;vanLohuizen,2000;Malouf etal., 2000),but it is
anopenguestionwhatthe actualdistribution of runtime in a systemcombiningthetech-
niquesto reduceunnecessargopying andfiltering techniquedooks like. | discussthis
in Section4.3. Theideaof representindeaturestructuresusing a skeleton/emironment
schemdrom Pereira(1985)wasnot pursuedn laterwork. | discussanapplicationof this
representatiom Section4.7,andcompardat with two alternatve stratagies.

2.12. Alternative Approaches

While thereis a significantbody of relevant work besideswhat | have discussedn the
previous sectionsmainly from the areaof logic programmingandtheimplementatiorof
logic programminganguagesa full discussiorwould be outsidethe scopeof this thesis.
An easilyaccesibleoverview over someof the progressn this areacanbefoundin (Van
Roy, 1994). This sectionbriefly surneys alternatvesto the implementationof unifica-
tion asgraphunification. The alternatvescanbroadly be classifiedinto two cateyories.
The first catggory comprisesapproachedvasedon compilationto customizedabstract-
machinesmostof them modelledafter the Warren Abstract Machine (WAM) (Warren,
1983aAit-Kaci, 1991).

AMALTA (WintnerandFrancez1995;Wintner,1997;Wintneretal.,1997;Wintner
andFrancez1999)andthe machineproposedn Qu (1994);CarpenteandQu (1995)are
two examples. LiLFeS (Makino et al., 1997,1998; Miyao et al., 2000; Torisava et al.,
2000) can be consideredan implementationof the latter, combiningit with techniques
from AquariusProlog (seePenn,2000, Chapter8). cHic (Ciortuz, 2000), or Light as
it hasrecentlybeenrenamedo, is anotherapproachusing direct compilation,this time
basedon the abstractmachinearchitecturgproposedn Ait-Kaci andDi Cosmo(1993),
thatis groundedn thetheoreticafoundationof ordersortedfeatureunification(Ait-Kaci
etal., 1993). Brown and Manandhar(1998) and Brown and Manandhaf2000) discuss
anothercompilation-base@pproach which is basedon precompilationof all possible
featurestructureggeneratediuring parsing.

8Although, somavhat misleadingly labeledan abstract-machine-basegpproachthis work could better
be comparedvith approachessingcontet-freeapproximationseeKiefer andKrieger(2000).
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Giventhatall theseapprochesrebasedon compilation,it is interestingto look atthe
motivationthat CarpenteandQu (1995)provide for compilation:

Thevastmajority of thetime and spaceusedby traditional unification-based
grammarinterpretersis spenton copyingandunifyingfeature structures.|...]
Theprincipal drawbad to this approad is that completefeature structures
haveto be constructedeventhoughunificationmayresultin failure. [...] By
adoptingan incrementalcompiledapproad, a descriptionis compiledinto
a setof abstract madine instructions. At run-time a descriptionis evalu-
atedincrementally oneinstructionat a time In this way, conflictscan be
detectedas early as possible before any irr elevant structure hasbeenintro-
duced. (CarpenterandQu, 1995,p. 1)

In the light of the resultsfrom the previous sections this is exactly what the algorithm
proposedn Tomabech{1991)achiesesfor interpretedunification.

The secondcateyory comprisesapproacheshat mapunificationof featurestructures
to alogic programminganguaggmostcommonlyProlog). ALE (Carpenterl992a;Car
penterand Penn,1996) and ProFIT (Erbach,1994) are prominentexamplesof this ap-
proach. The idea of falling back on a stableand thoroughly optimized languagelike
Prologis tempting,althoughProFIT and classicALE could not rival direct approaches
in performanceHowever, Penn(2000)introducesa new optimal flat-termencoding that
significantly improves upontree encodingg(as usedin ProFIT) in termsof both speed
andthe rangeof grammarghat are covered,and hencecorvincingly arguesfor this ap-
proach. Pennconcludeghatin the light of his resultsthe value of building customized
abstract-machinds questionable:

Thee is, in fact, a small cottage industry of abstract madinesfor feature-
structure-basednatural language processingnow [...], abettedby careless,
inaccurate bentcmarkingthat exaggeratedtheir improvementelativeto [...]
systemsud as ALE and ProFIT. Thatincludes,for example ignoring that
different parsing algorithmsand/or chart-indexing strategieswere used,us-
ing very small test corpora (often fewer than 10 sentencesand using test
sentencesf sud very small compleities that the initialization routinesare
more computationallysignificantthanthe parsingroutineitself.
(Penn,2000,p. 200)

Pennthencompareshe performancef LiLFeS 0.88compacttodeandhis own encoding
in ALE onthe HPsG grammardistributedwith ALE, usingidentical parsingalgorithms.
At the closestseparation ALE running on SICStusis 2.5 times faster with LiLFeS’s
performanceslowly degradingto slightly over 10 timesslower for more comple input.
Pennconcludes:
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LiLFeS5 slowerperformanceas mostlydueto thefact that SICStuss memory
manaementand predicatecompilationare simplymud better On the other
hand, this is one of the main reasondor usinga Prolog-basedmplementa-
tion to begin with: avoidingredundaniproblem-solvingand utilizing the last
sixteenyears’ worth of reseach on optimizingthe WAM.

(Penn,2000,pp. 201f)

GeraldPennis working on an evaluationof his encodingusingthe LinGO grammar It
will be interestingto seeif the resultsfrom above carry over to large-scalegrammars.
Currently theunifier performanceeportedn Miyao etal. (2000)(in termsof unifications
that can be executedper secondwhen no filtering is used)representdbestpracticefor
the LinGO grammar;on the otherhand, it is not clearif the techniqueghatwerehighly
successfuin improving the speedof the parserdn interpretedsystemslik e quick check
filtering or key-drivenparsing,canbeintegratedinto a systemlik e LiLFeS with compara-
ble benefits.
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This chapterdiscusseshe PET platform| implementedo sene asaflexible basisfor the
empiricalstudythatis thetopic of Chapte#, allowing preciseempiricalstudyandcompar
isonof differentapproacheso efficient processingf large-scalaunification-baseg@ram-
mars. A second,orthogonalgoal was pursued,namelyto provide an efficient run-time
processingsystemthat allows fruitful scientificand practicalutilization of HPSG gram-
mars,complementinghe existing developmentplatformsPAGE andLKB. PET is freely
availableunderan open-sourcdicence,seeAppendixD. Thefollowing sectionssetout
with anoverview of PET, thendiscusghe preprocessaandits efficientimplementatiorof
semi-latticecomputationandconcludewith a discussiorof therun-timesystem.

3.1. Overview

PET is a platformfor experimentatiorwith processindechniquesandtheimplementation
of efficientprocessorfor unification-basedrammarslit synthesizearangeof processing
techniquedrom earliersystemsnto a modularC++ implementationsupplyingbuilding
blocksfrom which experimentaketupscanbe configured.This allows the preciseempiri-
cal studyof practicalperformancendthe contrastve comparisorof differentapproaches
andtheir interactionin a commoncontet. Underlying PET is the commondescriptve
formalism(seeChapterl) thatis alsoimplementedn the LkB system(Copestak, 1992,
1999). This makesit possibleto procesghethreelarge-scaledipPsG grammarsof English,
Japanes@ndGermaravailablein thisformalismwith PET, andto usethemfor my empir
icalwork (Chapte#t). Also, aparsetbuilt from PET componentsanbeusedasatime-and
memory-eficientrun-timesystemfor grammarsievelopedin the LkB. In daily grammar
developmentt facilitatefrequent rapidregressiortests.

PET consistsof two main parts,a preprocessocalledflop (discussedn Section3.2),
andthe run-time system(typically a parserconfiguredfrom PET components).A chart
parsercalled cheap is the preconfiguredstandardparserfor PET, it is the topic of Sec-
tion 3.3. Figure3.1 givesanoverview of the systemandthe experimentaketup.

The flexibility andextendibility requiredfor the kind of empiricalstudy| proposeis
achievedby atool box approachPET providesanextendiblesetof configurablebuilding
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blocks that can be combinedand configuredin differentwaysto instantiatea concrete
processingystem.The setof building blocksincludesobjectslik e chart, agendg gram-
mar, type hierarchy andtypedfeature structure. For instancea simplebottom-upchart
parsercanbeimplementedisingthe availableobjectsin afew linesof code.Usingalter
native implementation®f one objectallows controlledexperimentscomparingdifferent
approacheso oneaspecbf processingleaving everythingelseunchangedFor instance,
the typedfeature structure objectcanbe configuredto usea numberof differentunifi-
cationalgorithmsandfeaturestructurerepresentationsncludingunifyl andunify2
from Wroblewski (1987), unify3  from Section2.4.2, the algorithm from Tomabechi
(1991)with optionalstructure-sharindfrom Malouf et al. (2000), andfinally threevari-
antsof Tomabechs algorithmusingfixed-arity-basedeaturestructureencodingqthese
arediscussedn detail in Section4.6). My goal wasto implementthe mostinfluential
algorithmsfor graphunification. Wroblewski’'s algorithm was chosenbecauset is the
root of all algorithmsproposedater, andsenesasa commonbaseline.Tomabechs al-
gorithm(plusstructuresharing)wasselecteecausé canbe consideredhe synthesiof
previously discusse@pproachegseeSection2.11). | did notincludethe algorithmfrom
van Lohuizen(2000),simply becauset wasnot publishedwhenl implementedrET (an
evaluationof thealgorithmon LinGO is documentedhn vanLohuizen,2001).

PET is implementedn ANSI C++, andcompileson a wide rangeof Unix machines
usingthe GNU C++ compiler;for Windows platformsit canbe compiledusingBorland
C++, or the Cygnusport of GNU C++ (cygwin). The full systemcomprisesroughly
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25,000lines of code,of which 5,500lines are sharedbetweenthe preprocessoandthe

run-timesystemthe preprocessaiself is 7,100lines,andtherun-timesystemcomprises
12,200lines. Specialattentionwas paidto efficiency andcompactnessrhendeveloping

PET. Critical objectsarecarefullyoptimized.PET usedraditionalC representationgather
thanC++objects)in placesvhereminimaloverheads requirede.g.for thebasicelements
of featurestructuresinformationaboutthe usageof PET is givenin AppendixC.

3.2. The Preprocessor

A numberof taskslik e syntaxandconsisteng checkingfor the sourcegrammay expan-
sion of constraintsand corversioninto a representatiosuitablefor efficient processing
have to be repeatedeachtime a grammaris usedfor processing. To achieze minimal
startuptime for experimentation\whereoften a numberof experimentss madeusingan
identicalgrammar)and productionuse,thesetaskswerefactoredout in the PET system
andmovedinto a preprocessorThe preprocessofcalledflop) readsthe sourceform of a
grammarandcorvertsit into a binary representatiothatis readby the run-timesystem.
Thepreprocessefibrm is alsoa corveniententry point for othersystems, avoiding dupli-
cationof effort in theimplementatiorof preprocessintgechniques AppendixB specifies
the outputfile format.

3.2.1. Overview

The preprocessoreadsa grammarin a variantof 7DL (Krieger and Schafer, 1994a)
(definedin AppendixA), expands7TDL templatesconstructsa lower semi-latticefrom
the type hierarchy(seeSection3.2.2), infers appropriatenessonditions,performscon-
figurableexpansion(Krieger and Schafer, 1995)and unfilling (Gotz, 1993; Gerdemann,
1995)of typedefinitions(seeSection4.5), andoptionallydecomposethetype-hierarchy
for featurestructureencodingpurposegseeSectiord.6.4). Theresultof preprocessinggs
acompactpinaryrepresentationf thegrammar(definedin AppendixB) thatis designed
for efficientloadingby arun-timesystem.

The sourceof the LInGO grammay about52,000lines of 7DL, is preprocessedn
a 500 MHz Pentiumlll in 11.5s, resultingin a 2,260kb outputfile that the run-time
systemloadsin lessthanonesecondthe Japanesgrammay about34,000lines of 7DL,
takes3.9 s for preprocessingiesultingin 1,635kb of output. The shorterpreprocessing
time mainly resultsfrom the smallernumberof typesin the Japanesgrammar(only 3693

1For example,the cali system(vanLohuizen,2001)is usinggrammargreprocessetly flop; this deci-
sion saved considerablaevelopmentime, asidiosyncrasie®f the grammarsourceformatarecompletely
circumwented.
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types(of which 1208 are non-leaftypes) comparedo 7188 (with 1636 non-leaftypes)
in the LInGO grammar). The Germangrammay about139,000lines of TDL source,
is preprocesseth 53.8s, resultingin a 10,922kb outputfile. The long preprocessing
time canbe attributedto the larger numberof non-leaftypes,which makes semi-lattice
computatioriessefficient (thegrammathas3564types,of which 2723arenon-leaftypes),
andthe large lexicon (220,197full forms, comparedo 17,917in LinGO and 3,654 for
the Japanesgrammar).For comparisonpreprocessingndloadinga grammarcannotbe
separateth PAGE andLK B, wherethewholeproces®f readingtheLinGO grammarakes
96.1sand48.5s%, respectiely.

3.2.2. Semi-lattice Computation

The formalismassumedn PET requiresthatthe type hierarchyis a finite boundedcom-
pletepartialorder(BCPO), i.e. every consistensetof typesmusthave a uniquegreatest
lower bound. It is, however, not necessaryo requirethe grammarwriter to specifyonly
type hierarchieghatsatisfythis condition;insteada BCPOembeddinghe specifiechier-
archycanbe constructecautomaticallyby addingtypesto the hierarchy The underlying
theoreticalconstructionis discussedn Ait-Kaci et al. (1989, section3); someclarifica-
tionsarefoundin Penn(2000,section2.1.2),wherea polynomialboundon the number
of addedypesis proven. This sectiondiscussesn efficientimplementatiofi of this con-
struction.

In the PET preprocessotthe type hierarchyis representeds a directedgraph, with
nodesin the graphcorrespondingo types,and edgescorrespondingo immediatesub-
sumption.Thisrepresentatiosorrespondslirectly to theway thetype hierarchyis speci-
fied by thegrammarwriter, andit providescornvenientaccesgo informationaboutimme-
diateancestoranddescendentsf a giventype, which is the mostcommonlyrequested
informationduring preprocessing.

For semi-latticecomputation make useof thebasictransitivereflexive closureencod-
ing from Ait-Kaci et al. (1989,section4).> | usea hashtableto computethe bit codeto
type correspondencelhe bit codesareassignedanalogougo the AssignCode proce-
durefrom Ait-Kaci etal. (1989,sectiord.2). Thisguaranteethatthereis a straightforward
perfecthashfunctionfor thebit codeshamelythefunctionthatreturnsthe positionof the
first non-zerabit in the code. It is a perfecthashfunctionin the sensehatfor any codein
thetableit returnsauniquevalue(aprooffollows easilyfrom the construction)jt will not

2| call typesthathave no descendantsndonly a singleimmediateancestoteaftypes

3Thisis reducedo 9.7 swhenusinga cachedexicon.

4Semi-latticecomputatioris thesinglemosttime consumingaskin preprocessing my implementation,
which makesefficiengy aninterestingconcern.

5This encodings alsousedin the run-timesystemwith anadditionalcachefor the computatiorof type
intersectionseeSection3.3.
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returnuniquevaluesfor every possiblebit code,obviously. Sinceeachbit codehasn bits,
wheren is the numberof types,this functionalwaysyieldsavaluein therange[0, n|.

Theinputto the BCPOconstructioralgorithmis thetype hierarchyasspecifiedn the
grammay represente@dsa graph;the outputis a graphrepresentationf the embedding
BCPQ Thecomputatiorconsistsof threemainsteps$:

1. We computethebit codev(t) for eachtypet, usinganiterative versionof the As-
signCode functionfrom Ait-Kaci etal. (1989,sectior4.2).

2. We considereach(ordered)pair (¢, t2) of types,andcomputec asthe bitwise and
of v(t1) andy(ts). If cisnotnull, andnotthecodeof anexistingtype,thisindicates
t; andt, do not have a uniquegreatestower bound. For any suchpair we create
anew typets with v(t3) = c. Thisis iterateduntil no moretypesareadded.The
performancef this phasecrucially dependonfastlookupof existing bit codesand
thusbenefitggreatlyfrom the perfecthashfunction.

3. Now wereconstructhegraphrepresentationf thetype hierarchyfrom thebit code
representatiom two steps:

a) Thefirst stepcreateghe graph,possiblycontainingredundantinks (for non-

b)

immediatesubsumption)Thenaive approachgnorestheexistinginputgraph,
andlooks at all pairsof types,checksfor subsumptiorusingtheir bit codes,
andaddsan edgefor all pairsof typesthatarein a subsumptiorrelation. We
cando betterby startingfrom the originalinputgraph.Thenwe considereach
new type t. We efficiently enumerateall sub-typesof ¢ by looking at ()

(sub-typesof ¢ correspondo the bits in y(¢) with a valueof 1) andaddthe
correspondingedgesto the graph. We alsoadd edgesfor all typesfrom the
original hierarchythataresupertypesof ¢, by iteratingover all original types
andcheckingfor subsumptiorusingthebit code.

Remaing redundantinks is achiered by computingthe transitve reduction
of thegraph,usinga standardalgorithm(Mehlhorn,1984).

This phasedependshearily on the efficiency of the bit vector operationghat are
usedin theimplementatiorof the subsumptiontestfor bit codes.

Thereis a simpleyet effective optimizationto the algorithmdescribedabove. In real-
world hierarchieshereoftenis alargenumbef of typesthathave nodescendantgndonly

81f you areinterestedn more details(or the actualimplementation) pleaserefer to the (liberally com-
mentedYile flop/hierarchy.cpp in thesourcegseeAppendixD).

"More thantwo thirdsof all typesfor bothLinGO andthe Japanesgrammay but only aboutonequarter
of all typesfor the Germangrammar
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a singleimmediateancestgrso-calledleaf typesin the LkB system.In PET thesetypes
are automaticallyidentified and excluded from the semi-latticecomputation. Another
possibleoptimizationis to partitionthe typesinto independenblocksbeforesemi-lattice
computation.Whenthe BCPOconstructiomalgorithmof PET wasrecentlyimportedinto
theLkB by JohnCarroll, this optimizationwasadded.For the LInGO grammatit results
in asignificantspeedupf abouta factorof 20.

3.3. The Parser

The preconfiguredun-timeprocessoin PET is a chartparserKay, 1986)calledcheap.
The basicparsingalgorithmis a variantof the bottom-upparsingalgorithmfrom Erbach
(1991a) thatoperatedbidirectionallyin instantiatingrulesandprocessindgheinput string.
cheap canberun in exhaustve (all paths)or agenda-drien bestfirst searchmodes. As
motivatedin Chapterl, cheap is integratedwith the [incr tsdb()] competence perfor
manceprofiling ervironment.Section4. 1 providesdetailsabouttherole of [incr tsdb()] in
my work.

3.3.1. Techniques Applied for Efficient Processing

cheap employs all relevanttechniquedor efficient processingrom Kiefer et al. (1999)
aswell asothertechniquesriginally developedin PAGE andthe LkB. Reimplementing
techniguesmportedfrom othersystemftenallowedfor improvedengineeringbecause
previousexperiencevasavailable,andspecificrequirementsouldbeaccountedor in the
designphase An exampleof thisis thequick check wherecheap usesatree-like structure
ratherthanallist of paths,asusedin theLkB or PAGE (for details,seeSectior4.4).

Type operations  For efficiency reasonstypesarerepresente@dsinteger numbersat
run time. The preprocessoassignsa uniquenumberfrom therange(0 . . . nyped to each
type. This rangeis furtherdividedinto four disjunct,consecutie ranges:

0...n1] [n1...n9] [n2...n3] [N3... Niyped
N s - A A -

-~ -~ -

propertypes leaftypes symbols instances

The conceptof leaf typeswasexplainedin Section3.2.2,symbolsareall the subtypef
the built-in specialtype atom®, andinstancesarea relict initially implementedor PAGE-
compatibility thatis now usedto representexical entries. The differenceto leaf typesis
that featurestructuresof instancesare only expandedon demand. The remainingtypes

8All string constantsn a grammarare subtypesof atom, sothereusuallyis a flat, but extremelylarge
subhierarchyelon atom. This justifiesthe specialtreatmenf thesetypes.
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are called propertypes. A division like this was chosenbecauseaypesfrom someof
thesecatgyoriescanbe handledmore efficient thanthe generalcase. Full greatestower
bound(glb) computationfor example,only hasto bedonefor propertypes;for leaftypes,
symbolsandinstancest is reducedo glb computatioron their parenttypes.Consecutie
rangesallow cheaptests(integer comparisonsjo determinewhat category a giventype
belongsto.

Unlike suggestedh Kiefer etal. (1999)| do notusea full precomputedableof glbs,
but rathercachetype intersectionat run time in a hashtable. In agreementvith Mal-
ouf et al. (2000) I found this to be asefficient in termsof time, while greatly reducing
memoryconsumption. Sinceglb computationstill takes a significantpercentagef to-
tal runtime (seeSection4.3), | compareda hashtableimplementatiorfrom the standard
library with a streamlinedcustomimplementationand found the latter to increasetotal
parsemperformancdy nearly10%. My implementatioronly supportdhoseoperationson
a hashtable necessaryo implementthe glb cache,i.e. constructiona combinedsearch
andupdatefunction (operator[] ), anddestruction.Deletionof elementdrom theta-
ble,for instancejs notsupportedl usehashingwith chaining(for informationon hashing
andthe notationl usehere,seeCormenetal., 1990, Ch. 12) andthe simple hashfunc-
tion h(k) = k mod m, wherek is the key, andn is the size of the hashtable,which is
always chosenasa prime number For a pair (¢;,t,) of types, the key is computedas
k = tinypes+ t2. Thisis auniquekey, sincenypes is greaterthanary t. | empirically de-
termined(usingthe fusetestseton LinGO) a suitablesizefor the hashtablethatbalances
accesdime andspacerequirements.Interestingly | found usingonly 12,289bucketsto
be a goodcompromise gventhoughthe hashtable containsa total of 33,696entriesaf-
ter parsingthe fusetestset,yielding aloadfactora = 2.74. Still, in slightly morethan
93%oof thetotal 705,689,85%&earchethe elements immediatelyfoundin thetable;only
for 7% of all searcheshe elementis foundin overflow buckets. Eventhen,the average
lengthof a chainof overflow bucketsthat hasto be followedis only 1.15. This explains
theexcellentperformancef thehashtable. My implementatioris encapsulateth aclass
thatcanbe fully inlined by the compilet furtherimproving performance.For the actual
implementationpleasereferto common/glbcache.h  in thesources.

Key-driven parsing cheap (optionally)usesabidirectional key-drivenparsingstrate-
gy (Kiefer etal.,2000;0epenandCallmeier,2000),originally implementedn PAGE. The
key-drivenparsingstrat@y avoidsproliferationof activeitemsin theparset® for rulesthat
containvery unspecificargumentpositions, by first instantiatingthe argumentposition

9Sincetype intersectionis commutatve, | reducetype intersectionof (¢,t,), wheret, < t;, to the
intersectiorof (¢2,¢1). Thishalvesthe potentialnumberof pairsto consider

10A complementargolutionfor theproblemof proliferationof activeitemsis describedn Erbach(1991b),
wherefeaturestructuresof active itemsarenot preseredto save memory This is similar to hyperactive
parsing,seebelow.
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that bestconstrainghe rule’s applicability For terminologicalclarity, PAGE introduces
thetermkey daughterfor this agumentpositionof arule. While head-diwenapproaches
to parsinghave beenexploredsuccessfullywith lexicalizedgrammardike HPsSG (for an
overview, seevanNoord,1997),mary authorgKay, 1989;BoumaandvanNoord, 1993)
assumehe linguistic headto be the agumentpositionthat the parsershouldinstantiate
first. Thenotionof key-drivenparsingemphasizethe obsenationthatfor individualrules
in aparticulargrammarhenon-headlaughtemaybethebettercandidate For key-driven
parsingin cheap, thegrammamriter specifieghekey-daughtefor eachrule, eitherasan
annotationin therule, or in the flop.settings configurationfile (seeAppendixC).
Theright choiceof key-daughtein eachrule, suchthatit bestconstraingule applicability
can hardly be determinedanalytically but for a given testsetand given grammarwith
at mostbinary-branchingules, say it canbe determinedoy parsingthe test settwice,
onceusingstrict left to right andonceusingstrict right to left rule instantiationandthen
comparingthe numberof active itemspostulatedor eachrule betweerthetwo runs. The
numberof testruns,of course,increasesvith the branchingfactorof the grammar The
requiredstatisticscanbe compiledby cheap (usingthe option-rule-stats ) andthen
evaluatedusing(incr tsdb()] (seeOeperandCallmeier,2000).

Restriction A restrictor(Shieber1985)to be appliedto passve itemscanbe specified
by the grammarwriter. This allows to apply the techniquefrom Kiefer et al. (1999)that
avoidsduplicationof thederivationalstructuren featurestructure®f passveitemsduring
parsingby removing the daughtestructurefrom thefeaturestructureof passve items.

Filtering cheap implementghetwo pre-unificatiorfilters from Kiefer etal. (1999),the
(static)rule filter, andthe (dynamic)unificationfilter calledquick check. The first filter
avoids executionof failing unificationsby referringto a tablethat specifiesfor a pair of
rulesandan argumentpositionif the secondrule canbe unified into the givenargument
positionof thefirst rule. The secondilter is discussedn Section4.4.

Hyper -active parsing cheap (optionally) employs the hyperactive parsingstratey
presentedn OepenandCarroll (2000b);OepenandCallmeier(2000)andoriginally im-
plementedn theLKB. In hyperactive parsingwhenanactive edgeis derived,the partial
analysigs storedin the chart,but the associatefeaturestructurels not copied;it is, how-
ever, usedto computeheinformationrequiredfor thequick checkfiltering method.When
theactive edgeis actuallycombinedwith apassve edge theintermediatdeaturestructure
is recomputedrom the original rule anddaughters.The featurestructuresof (complete)
passve edgesarecopiedasusual.Storingactive edgesvithoutexpensve featurestructure
copying enablegheparsetto performakey-drivensearcteffectively, andatthesametime
avoids over-copying for partial analysesadditionalunificationsaretradedfor the copies
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thatwereavoidedonly wherehyperactive edgesareactuallyextendedn laterprocessing.
An additional optimization (termedexcursion in Oepenand Carroll, 2000b)is applied
whenthe unificationalgorithmfrom Tomabech(1991)is used. The parseris allowedto
deviatefrom theagenda-driencontrolstratey to try combinationof theactive edgewith
onesuitablepassve edgewhile the featurestructureof the active edgeis still valid (i.e.
within the sameunificationgeneration) Hyperactive parsingcanbe disabledfor all rules
by usingthe-no-hyper optionto cheap, andselectvely for certainrulesby specifying
themin the cheap.settings configurationfile!!. PleaseseeSection4.7 for the dis-
cussiorof analternatve to redoingunificationsin orderto recreatehefeaturestructureof
anactive itemin hyperactive parsing.

Limiting the number of initial chart items cheap supportsthe specificationof
mutualdependenciesf certainlexicalitems,andcan(optionally)removeitemsthatdonot
satisfythesedependencieBom the chartafter chartinitialization, asdescribedn Kiefer

etal. (1999). Dependencieare specifiedusingthe option chart-dependencies in
the cheap.settings configurationfile. Currently this featureis usedonly in the
Germangrammar

Ambiguity packing Initial supportis providedfor ambiguitypackingasdescribedy

(Oepenand Carroll, 2000a)andimplementedn the LKB. The parsercanbe configured
(usingthecompile-timeoption-DPACKING) to producea packedchart;no supporthow-

ever, for unpackingthe chart,or selectingreadinggrom it is currentlyprovided.

Summary The combinationof thesetechniquesesultsin attractve performanceor
the cheap parseybothin termsof speedandmemoryconsumptionAll the twenty-word
sentencefrom the fusetestset(seeSection4.1.2)for the LinGO grammarcanbe parsed
exhaustvely (usinganupperlimit on the chartsizeof 20,000passve edges)n a process
sizeof 78 Mb?*?, in anaveragetime of 1.7 s persentence.

3.3.2. Memory Management

Efficient memorymanagemenand minimizing memoryconsumptionvas an important
considerationn theimplementation Experiencewith Lisp-basedsystemsasshavn that
memorymanagemenits one of the main bottlenecksvhen processindarge-scalegram-
mars. In fact, one obseresa closecorrelationbetweenthe amountof dynamicallyal-
locatedmemoryand processingime, indicatingmuchtime is spentmoving data,rather
thanin actualcomputation.Performanceprofilesof an early versionof cheap thatused

11SeeOeperandCallmeier(2000)for why this could be useful.
2ysingthe minimalfixed arity encodingpresentedn Sectiond.6reduceghisto 60 Mb.
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the built-in C++ memorymanagemensupportedhis. Allocation andreleaseof feature
structurenodeswasaccountingor almost40% of thetotal runtime. However, likein the
WAM (Warren,1983a;Ait-Kaci, 1991),ageneramemoryallocationschemeallowing ar
bitrary orderof allocationandreleaseof structuress not necessaryn this context. When
parsingwe typically continueto build up structuresMemoryis only releasedn the case
of atop-level unificationfailurewhenall partial structuresuilt duringthis unificationare
released.Therefore cheap usesa simpleandefficient stack-basednemorymanagement
strateyy provided by PET, wherememoryis acquiredfrom the operatingsystemin large
chunksandthensub-allocated.Thereis no way to releasandividual objects;insteada
mark-releasemechanisnallows saving the currentallocationstate(the currentstackpo-
sition) andreturningto thatsaved stateat a laterpoint. Thus,releasinga chunkof objects
amountsto a single pointerassignment.Switching to this memorymanagemenimple-
mentatiorresultedn asignificantoverall speedugalittle lessthanafactorof 1.6)for the
earlyversionof cheap mentionedabove.
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Empirical studyis indispensabldor the evaluationandoptimizationof the practicalper
formanceof constraint-baseg@rocessingsystems.As Carroll (1994) agues,we do not
yet have the analytictools that would allow usto predicthow the propertiesof individ-
ual unification-basedyrammarswill interactwith particularprocessingechniques. To
obtain meaningfulresults,empirical study requirescontrolledexperimentson large sets
of data. For instance the practicalperformanceof a unificationalgorithmdependson a
large numberof factors,rangingfrom the more obvious, lik e the compleity of theinput
data,the parsingstrategyy employed, the underlyingtype systemandtheimplementation
programmindanguageto lessobviousfactorslik eindividual programmingstyle. Thus,a
meaningfulempiricalcomparisorof processingechniquesanonly be madeif thetech-
niguesare evaluatedin a commoncontet. Obviously, the interactionbetweenseveral
techniguesanonly be studiedwhenthey areimplementedn a commonsystem.To ab-
stractfrom peculiaritiesof the input, anevaluationusingseseralgrammarsandlarge sets
of inputdatais highly desirable.

This chaptempresentshe resultsof a seriesof experimentsusingthe PET platformin-
troducedin the last chapter The collection of experimentsasreportedherewaschosen
in orderto answerthe mostimportantquestiongaisedin Chapters2 and 3, andat the
sametimeto illustratethewide rangeof questionghatcanbe empiricallyansweredising
aflexible experimentatiorplatformlike PET in conjunctionwith the [incr tsdb()] profiling
ervironment.Thefirst sectiondiscussethe commonexperimentaketup andsummarizes
relevantdetailsof the grammarsandtestsetsl use.In Section4.2,1 take a closerlook at
the costof copying for differentunificationalgorithms,quantifyingthe amountof early,
over andredundantopying. The discussionncludesa comparisorof the performance
of Wroblewski’'sandTomabechs unificationalgorithms.Sectiond.3 discusseshe distri-
bution of run time in the unifier, usingexecutionprofilesobtainedwith a Unix execution
time profiler (gprof ). Thenext sectionis concernedvith thequick checkpre-unification
filter. In Section4.5, 1 look into the benefitsof two techniquedor reducingthe size of
featurestructuresat run time, called unexpansionand unfilling. Section4.6 moveson
to a surwey of differentfeaturestructureencodingtechniquesandempirically compares
lists of feature-aluepairswith fixed-arity-basedepresentationd. discusshreedifferent
techniguedor anactive chartparserto dealwith thefeaturestructuresassociatedo active
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| Measure | Description
i-length length of test item in words (see Oepen et al., 1997)
words number of lexical entries retrieved
readings number of complete analyses obtained
pedges number of passive edges built (typically in all-paths search)
filter percentage of parser actions predicted to fail by filters
etasks number of attempts to instantiate an argument position in a rule
stasks number of successful instantiations of argument positions in rules
unifications | number of top-level calls into the feature structure unification routine
copies number of top-level feature structure copies made
tcpu amount of cpu time spent in processing
space maximum amount? of memory allocated at any point during processing
dspace total amount® of memory allocated during processing
fssize average number of nodes® in feature structures of passive edges

aNote thatthis deviatesfrom the original definitionin Oepenand Callmeier(2000). The new definition
providesa directhandleon theamountof memoryrequiredby the parser

bThis correspondso the original definition of space

®Nodesthatarethedestinatiorof areentrang arecountedoncefor eachreference.

Table4.1.: Summaryof relevantprofiling parametergadaptedrom OeperandCallmeier,
2000).

edges,namelycopying, recomputationandtrailing in Section4.7. Finally, Section4.8
concludeswith a discussionof how to predict practical performanceacrossprocessing
platformsandgrammars.

4.1. Experimental Setup

An overview of theexperimentaketupwasshown in Figure3.1onpage26in theprevious
chapter This sectiondiscussesherole of the[incr tsdb()] ervironment,containsa compi-
lation of themeasures use,andreviews relevantpropertieof thegrammarsandtestsets.
Finally, technicaldetailsof the experimentakenvironmentareprovided. Theraw resultsof
all experimentsareavailableonline,seeAppendixD.

4.1.1. The [incr tsdb()] Environment

| usethe [incr tsdb()] competenc& performanceprofiling environment(Oepen,2001;
OepenandCarroll, 2000b;OepenandCallmeier,2000; OepenandFlickinger, 1998)for
my experiments. [incr tsdb()] provides facilities to obtain, analyze,and comparerich,
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precise andstructuredsnapshotef systembehaior (calledprofileg. Exceptfor the ex-
perimentsin Sections4.3and4.4, 1 collectedall empiricaldatausingthe graphicalfincr
tsdb()] userinterface. | comparedall results(numberof readingsobtained,numberof
passve edgesandthe actualderivationtrees)with referenceresultsobtainedin the LKB
systemto ensurecomparability(and correctnessvith respectto the LKB asa reference
system).For all dataonthe LinGO grammaitthisyieldedanexactmatch;for the Japanese
and Germangrammarsomedifferencescould be obsered. They could, however, all be
attributedto differencesn thelexicon'. For thesetwo grammarswhencomparingper
formancebetweensystems) restrictedthe testsetsto itemswhereidenticalresultswere
obtained. An upperlimit of 20,000edgeson the numberof passve edgesin the chart
duringparsingwasimposedfor all experiments.

Measures

The [incr tsdb()] ervironmentdefinesa commonsetof descriptve metricswhich aim for
in-depthprecisionandalsofor sufficient generalityacrossprocessingystems.An [incr
tsdb()] profile consistf informationon

() the processingervironment(grammay platform, versions,parameterset-
tingsandothers), (i) grammaticalcoverage(numberof analysesderivation
and parsetreesper reading correspondingsemantics)(iii) ambiguitymea-
sures(lexical itemsretrieved,numberof activeand passiveedges,where ap-
plicable, both globally and per result), (iv) resourceconsumption(various
timings,memoryallocation),andindicators of (v) parserand unifier through-
put. (Oepenand Callmeier,2000)

The discussionin the remainderof the chapteris mainly concernedvith measuregrom
(iv) and(v) above. Table4.1 summarizeshe profiling parameterselevantto the discus-
sionin this chapter

The commonmetric hasgreatly increasedcomparabilityand dataexchangeamong
differentgroupsin our collaboration(seeChapterl), andhasin somecasesalsohelped
to identify unexpectedsourcesof performancevariation. For example,we have found
thattwo SunUltraSparcseners(at differentsites)with identicalhardware configuration
(down to the level of cpurevision) and OS releasereproduciblyexhibit a performance
differenceof aroundten percent. This appeargo be causedy differentinstalledsetsof
vendorsuppliedoperatingsystempatches.

TheLkB analyzesnorphologyonline,while PET is usinga full-form lexicon.
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| test set | #of items | i-length words readings pedges

aged 96 8.41 27.77 16.29 526
fuse 2,161 11.62 42.90 69.55 1,850
vm-1 2,838 8.52 25.96 104.80 725
vm-1s5 303 17.94 50.72 527.61 3,326
balance 1,464 8.18 37.46 4.62 3,355

Table4.2.: Propertief the testsetsusedfor the experiments.All testsetsarerestricted
to thoseitemsthatcanbe parsedexhaustvely usingtheimposedimit of 20,000passve
edgesn thechart.

4.1.2. Grammars and Test Sets

My experimentalwork is basedon threelarge-scaleHPsG grammarsthe LinGO gram-
mar of English(Flickingeretal., 2000a;Copestak andFlickinger,2000),the Vertmobil
grammarof Japanesé€Siegel, 2000), and the Verbmobil grammarof German(Mdller,
1999;Muller andKasper,2000). All threegrammarsbey a commondescriptve formal-
ism (seeChapterl) andcanbe processedby PAGE, LKB, andPET?. TheLinGO grammar
wasthe first grammaramongthe threethat was available in the commonformalism;in
fact, it sened as a referencepoint for this formalism for quite sometime®. | am us-
ing thereferenceversionof LINGO frozenfor Oepenetal. (2001),exceptin Section4.4,
whichis basedntheversionfrozenfor Flickingeretal. (2000b). The (someavhatsmaller)
Japanesgrammaiis availablein the commonformalismsinceearly2000.1 amusingthe
May 2000versionfor all experiments.The Germangrammars the mostrecentmember
in this collectionof grammarsmy experimentsarebasedn the January2001version.
The testsetsareall basedon datafrom Vertmobil. For English,l amusingtwo dif-
ferenttestset$, a smalltestsetof 96 utterancesthe so-calledagedtestset,anda larger
setof 2,363items, called fuse which is randomlyextractedfrom Verbmobil corporaso
thata balancedlistribution of 100sampledor eachinputlengthbelow twentywordswas
achieved. The fusetestsetwascompiledfor Oepenet al. (2001) by Dan Flickingerand
StepharOepen For Japanesd,amusinga collectionof 2,838testitemsfrom Verbmobil,
compiledby Melanie Siegel and calledvm-1. Sincethis testsetis a lot lessdemanding

Thisis notanexhaustelist, therearea numberof systemge.g.cHic, LiLFeS andcali) thathave been
shawvn to procesd.inGO; they should,in principle,beableto procesghe othertwo grammars.

3Giventhatduringtheinitial PET developmentinGO wasthe only availablegrammaya certainamount
of tuning to the specificrequirementf LinGO cannotbe ruled out; it is certainly the grammarwhose
behavior is mostextensiely studied bothin PET andthe LKB.

4Actually, Section4.4 makesusesof another(third) testset, very similar in designto fusg but slightly
smaller It is called blend andwascompiledfor Flickinger et al. (2000b)by Dan Flickinger and Stephan
Oepen.
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thanthe testsetsfor the othergrammars| restrictedthis setto all itemsof a length of
15 wordsor moreto easecomparisorwith resultson the othergrammarsj labelledthe
the restricted,more demandingsetvm-1.,.. For German,| extracteda sampleof 2,000
testitems, containingl00 sampledor eachinput lengthbetweenl and20 words, out of
Stefan Mller’s collection of Verbmobilcorpora. The main propertiesof thesetestsets
relevantto the discussionin this chapterare summarizedn Table4.2. Only i-lengthis
a propertyof the testdataitself, theindicatorsfor averageambiguitywereobtainedwith

PET onthegrammawersionamentionedabove. In thisandtheremainingtablesall values
for measuresrom Table4.1 areavelage valuespertestitem, asprovided by [incr tsdb()].

4.1.3. Technical Details

| ranall experimentsn this chapteron the samedual 500 MHz Pentiumill machinewith

1 GB of memory The machineis runningRedHat Linux 6.2 with the 2.2.15releaseof

the Linux kernelcompiledwith egcs-1.1.2 Becausd hadobsered that cpu load and
availability of main memoryhave a noticeableeffect on cputime measurement$,made
surethe machinewas otherwiseidle whenrunningthe experiments,andsufficient main
memorywas available so that all dataof the processcould be in main memoryduring
the experiments,and the operatingsystemdid not have to performunnecessarpaging
or swapping. PET wascompiledusingg++-2.95.2 setto a high level of optimization
(-03); compilerversionsand especiallyoptimizationlevels have a significanteffect on

performancelsing no optimizationin the compilerresultsin a performancelegradation
of about50%. Timing in the parseris doneusingthe clock(3)  function provided by

Unix thatreportstheapproximaterocessotime usedoy agivenprocessvith atheoretical
resolutionof 10 ms.

4.2. Setting Out:. A Closer Look at Copying

This sectionsetsoutto answerempiricallyafew basicquestionsaboutthe costof copying
in graphunificationthat keepreappearingn the literature. Threekinds of unnecessary
copying have beenidentifiedanddefinedin previousresearch{seeSection2.11),but ac-
tual amountshave never beenquantified. | describean experimentthat determineghe
amountof early, over, andredundantopying. At the sametime, | contrastthe practical
performanceof Wroblewski’s and Tomabechs unification algorithms,and evaluatethe
advantage®f thenon-redundantopying schemesliscussedn Section2.9.

Letmesummarizeéheestablishedefinitionsof thethreekindsof unnecessargopying
thathave beenidentified.

Over Copying Copiesare madeof both dags, and then thesecopiesare ravaged by
the unificationalgorithmto build a resultdag. [...] A betteralgorithmwouldonly
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copying
Unifier tcpu space over early redundant
(s) (s) (kb) | (nodes) | (nodes) (nodes) (nodes)

\ quickchek on off on on/of on off on/of \
unifyl 0.281 1.151 | 6,672 39.5 226.9 208.2 156.0
unify2 0.205 0.407 | 5,614 4.2 78.3 52.6 120.6
unify3 0.232 0.406 | 5,702 9.7 161.0 137.4 126.2
tomabechi | 0.170 0.267 | 5,214 - - - 83.6
tom-smart | 0.167 0.258 | 2,174 - - - -

Table4.3.:Performancandcopying behaior of selectedinificationalgorithmsonLinGO
when parsingthe agedtestset. unifyl andunify2 arethe functionsof the samename
from Wroblewski (1987), unify3 is the function from Section2.4.2,tomabechi is the
algorithm from Tomabechi(1991), and tom-smart addsnon-redundantopying from
Malouf et al. (2000). The row labelledquick ched indicatesif quick checkfiltering
wasenabledor disabledfor a column. Wherethe quick checkmakesno differencethe
columnis labelledon/of. The staticrule filter wasenabledn all casesA plain actve
chartparsemwasused.

allocateenoughmemoryfor theresultingdag. (Wroblewski,1987)

Early Copying Copiesare createdprior to thefailure of unificationsothat copiescre-
atedsincethe bagginningof the unificationup to the point of failure are wasted.
(Tomabedbi, 1991)

Redundant Copying [...] a unificationresult graph consistsonly of newly created
structures. This is unnecessarpecausehere are ofteninput subgaphsthat can
beusedaspart of theresultgraph|...] Copyingshamablepartsis calledredundant
copying (Kogure, 1990)

Early copying is concernedvith unnecessargopying in caseof a unificationfailure only,
while overandearly copying appliesin the caseof a successfulinification.

| usedaninstrumentedersionof thecheap parsetto quantifytheamountsof thethree
kinds of copying. The amountof early copying is simply the numberof nodesthatwere
allocatedprior to a failure in unification. The amountof over copying is determinedby
computingthedifferencebetweerthenumberof nodesof theresultdagandthe numberof
nodesallocatedduringunification. Determiningtheamountof redundantopying is notas
straightforvard,becausehereis no tractableway to determinghe maximumpermissible
amountof sharing.A secondoroblemis the overlapin definition betweerredundanand
overcopying; thenotionof redundantopying subsumeghatof overcopying. My solution
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is to countthetotalamouniof copying for asuccessfulinification,andsubtractheamount
of copying thattakesplacein the non-redundantopying schemeof Malouf etal. (2000),
usingit asthegold standard.

Table4.3 showvstheresultsof parsingthe agedtestsetusingtheinstrumented/ersion
of cheap®. To shav how differenttheinfluenceof filtering failing unificationson the vari-
ousalgorithmsis, | includedresultswith andwithout quick check(seeSectior4.4)where
relevant. Let usfirst look at how muchWroblewski’s non-destructie unificationmethod
(unify2 ) improvesover destructve unification (unifyl ). Whennot usingthe quick
check,parsingwith non-destructie unificationis more thantwice asfastasdestructve
unification(64%),whenfiltering with the quick checkis turnedon (andthe potentialben-
efits from the reductionof early copying in non-destructie unificationare smaller),the
improvementis still 27%. As discussedy Wroblewski, over copying is not completely
eliminatedin his approachbput the remainingamountis small,about4 nodeson average.
For comparisonthe averagetotal numberof nodesn passve edgess 114.6nodesn this
experiment.The amountof earlycopying is alsodrasticallyreduce8 by abouta factorof
three. Theamountof redundantopying lessthe amountof over copying shouldbe close
to the averagenumberof nodesin a featurestructurefor unify2 ; thisis in factthe case
with 116.4nodesvs. 114.6nodes As afurtherdatapoint, | includeda parsetthatis exclu-
sively usingthealgorithmfrom Section2.4.2(unify3 ). While the parseusingunifyl
hasto copy both agumentdagsbeforeunification,the parserusingunify3  hasto copy
only one. As could be expected the resultingperformanceas abouthalfway betweernthe
parseraisingunifyl andunify2

Tomabechs algorithmperformsonly aboutl7% betterthanWroblewski’s algorithm
when the quick checkis enabled,without quick check the advantagegrows to 34%.
Tomabech{1991)reportsa muchgreaterbenefit,but did not useary filtering techniques
(while thestaticrulefilter (seeSection3.3)wasenabledn my experiment$). Thisresulted
in a higher percentagef unificationsthat failed, wherethe advantagef Tomabechs
algorithm over Wroblewski’'s methodare most significant. Thereis an interestingad-
vantagefor Tomabechs algorithmhere,namelythatrestrictionof featurestructureqsee
Section3.3) canbe donebeforecopying the resultfeaturestructure. This resultsin sig-
nificantly lesscopying, as canbe seenby comparingthe redundantopying figuresfor
unify2 andTomabechsalgorithmwithoutstructuresharingmprovementg120.6nodes
vs. 83.6 nodes). Comparingthe two variantsof Tomabechs algorithm,we canseethat
thenon-redundantopying techniqueresultsin only a minor speedup The significantim-

SNote thathyperactive parsingwasdisabledfor all unificationalgorithms,as,in ourimplementationit
is only availablewhenusingTomabech algorithm.

8]t is not completelyeliminated however, asit would be whenusingWroblewski’s original definition of
earlycopying.

"Thestaticrule filter achievesafilter rateof about50%.

8Malouf etal. (2000)reporta moresignificantspeedupn the LkB system.This differenceis mostlikely
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provementlies in the reductionof memoryusageby morethana factor of two (58%).
Looking atthe amountof redundantopying shavs thaton averagemorethan70% of all
nodescanbeshared83.6nodesoutof 114.6nodes).

We candraw the conclusionthat with the high filter ratesachieved in currentsys-
temsusingthe quick check,unnecessargopying in the caseof a unificationfailure (early
copying) is not as muchof a problemary more. Unnecessargopying in the caseof a
successfulinificationis moresignificant,anddramaticallyreducedusingTomabechg al-
gorithm with structure-sharingmprovements.lIt is alsointerestingto notethatin terms
of speedWroblewski’'s algorithmdoesnot performsignificantlyworsethanTomabechs
algorithm,wheneffective filtering of failing unificationsis appliedin the parser

4.3. Zooming In: How the Parser Spends its Time

We will now look at executionprofilesof cheap processinghe threegrammarsobtained
with the standardLinux execution-timeprofiling tool gprof . This givesus a detailed
pictureof how processindimeis distributedoverthevariouspartsof theparser Although
this distribution roughly agreesfor the threegrammarswe candrav someinteresting
conclusiondrom the placeswhereit differs.

Table 4.4 shavs a summaryof the gprof profiles. The raw gprof profiles shav
the percentag®f time spentfor eachfunctionin the parseythe tablegroupsa numberof
functionsinto largerunits. Time spentin glb computations displayedseparatelyinstead
of includingit in thenumberdor unificationandquick checkvectorcompatibilitychecks.
The datashaws clearly that for all threegrammarshe majority of time is still spentin
unificationandcopying of featurestructuregthe first threecolumnsin the table),ashas
oftenbeenobsenedfor unification-basegarsers.Theactualamountrangesdrom 55.1%
of totalruntime for theJapanesgrammato 59.3%for the Englishgrammar Anothersig-
nificantchunkof runtime is devotedto the quick check(the next threecolumns) ranging
from 10.5%for Germanto 18.1%for English.

Thereis asignificantdifferencen thetotalamountof runtime thisaddsup to between
the threegrammarsfor two reasons.First, the averagetime to parseone sentencdrom
thevm- 1, testsetfor the Japanesgrammaiis significantlysmallerthanthatfor the other
two grammarsseeTable4.6 on page49 and Table4.100n page58. Thus,time spentin
initialization andmemorymanagemenfor parsinga new sentenceakesa higherpropor
tion of runtime for the Japaneseéata. Also, featurestructuresn the Japanesgrammar
arealot smallerthanin theothergrammarswhich causeperunificationoverheado play
alargerrole. Secondthe Germangrammarhasa muchlarger numberof rulesthanthe
two othergrammarsthereare210rulesin the Germangrammaycomparedo 61 and28

explainedby the significantlyreducedmemorymanagemertostin PET.

42



4.3. Zoomingln: How the ParserSpendsts Time

glb qc
Grammar | copy | unify | unify gc | comp | extr >
% % % % % % %
English 233 | 309 | 51 101 | 35 45 | 77.4
Japanese | 27.1 | 23.7 | 4.3 5.9 2.4 6.7 | 70.1
German 28.1 | 254 4.4 4.7 2.3 3.5 | 684

Table4.4.: Distribution of runtime in cheap whenparsingthe fusg vm-1.,;, andbalance
testsets,obtainedwith gprof . Thecolumnlabeledcopyspecifieghe amountof time
spentin featurestructurecopying including featurestructurememoryallocation; the
columnlabeledunify corresponds$o the amountspentin featurestructureunification,
excluding glb computation. The columnlabeledglb-unify corresponds$o the amount
of time spentin glb computationfor featurestructureunification;the columnlabeled
glb-gccorrespondso theamountspentin glb computatiorfor quick checkvectorcom-
patibility checks.The columnlabeledgc-compshavs the amountof time spentcheck-
ing quick checkvectorcompatibility, excluding glb computation;the columnlabeled
gc-extr shavs theamountof time spentin quick checkvectorextractation.Finally, the
last columnshaows the total percentagef run time recordedby the previous columns.
The remainingfraction of run time is spentin the parserproper including thingslike
initialization andmemorymanagemenipr the parsers datastructures.

rulesfor EnglishandJapaneseagspectrely. Thus,whenparsingwith the Germangram-
mar, moretime is spentin the parseritself, becausenoretasksare postulatedof which
mostarefiltered by the staticrule filter); on average632,045tasksarefiltered peritem
for theGermangrammaywhile only 130,691and97,06 1tasksarefilteredfor Englishand
German respectiely. This would suggesthat betterrule indexationin the parsercould
pay off for the Germangrammar— currently thisis implementechaively in cheap.

Apart from this, the distribution of run time is comparablan the Japanesandthe
Germangrammarthe Englishgrammayrhowever, deviatesin two aspectfrom thebeha-
ior of the othergrammars.On the one hand,glb computationfor the quick checktakes
a larger fraction of run time. This could be explainedby a smallereffectivenessof the
staticrulefilter for the Englishgrammaysothatmorefiltering hasto bedoneby thequick
check. On the otherhand,thereis a shift in run time from copying to unificationfor the
Englishgrammamwhencomparedo the others.Looking morecloselyat the raw profiles
permitstwo interestingobsenations.

Unification is appliedfor threedifferentpurposesn the parsery (i) to combinea rule
and a passve edge, (i) to combinean actve and a passve edge,and (iii) to checkif
a passve edgespanningthe completeinput is compatiblewith ary of the startsymbols
specifiedby the grammarwriter. Table4.5 shovs how the numberof callsto unification
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Grammar rule & passiye active & pass.ive root node.

% calls %time | %calls %tme | %calls % time
English 56.0 34.1 42.2 64.8 1.8 1.1
Japanese 36.0 18.3 55.6 774 8.5 4.3
German 36.7 19.0 43.3 70.7 19.9 10.3

Table 4.5.: Threeapplicationsfor unificationin the parser The columnrule & passive
correspondgo attemptsto combinea grammarrule and a passve edge;the column
active& passivecorrespondso attemptso combinean active anda passve edge;the
columnlabeledroot nodecorrespondso checkingcompatibility with one of the start
symbolsin thegrammaythe socalledroot nodes.

andthe time spentin unificationare divided amongthesethreecateyories. We cansee
that while in the Japanesand Germangrammarsattemptsto combinean active and a
passve edgedominateattemptdo combinearule andapassve edge thisis muchlessthe
casein the Englishgrammar:Looking at the numberof calls, the pictureis reversed;the
distribution of run time is not quite reversed put a significantshift canbe obsered. This

meanghatunificationfails moreoftenon thekey argumentof arule (seeSection3.3) for

the Englishgrammarthanin the othertwo grammars. This explainsthe obsered shift

from copying to unificationtime for the Englishgrammarvery well, becauseombining
arule anda passve edgeto form anactve edgedoesnot necessitata copy in thehyper

active parsingstratey thatcheap is using. While this seemso be a genuinedifferencen

the characteristic®f the processingcompleity of the grammar$, the otherobsenration
we canmake in thetablerevealsa casewherecheap is tunedto specificpropertiesof the
LinGO grammar Thecheap approaclof usingregularunificationto checkcompatibility
with thestartsymbolshappenso becheapenoughfor LinGO, but theinefficiency inherent
in doingfull unificationwithoutfiltering resultsin asignificantperformancgenaltywhen
processinghe Japanesandthe Germangrammars.cheap could easilybe improvedto

applythe standardiltering techniquesere.

Executiontime profilesareaninvaluabletool in optimizingthe practicalperformance
of almostary kind of application.The discussiorshows thatstudyingprofilesof this kind
canprovide a rangeof interestinginsightsinto the behaior of a unification-basegbarser
andthe propertiesof thegrammaraised.

9As reportedby Flickinger (2000),extra carehasbeentakenin theimplementatiorof the Englishgram-
mar to reducethe numberof active edgesthat are never extendedto a passve egde, e.g. by introducing
constraintghatareredundantn alinguistic sense.
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4.4. Fine Tuning the Quick Check Filtering Method

PET implementsthe quick checkpre-unificationfiltering technique(Malouf et al., 2000;
Kiefer etal., 1999). The quick checkusesautomaticallyobtainedinformationaboutthe
failurefrequeng of pathsin featurestructureso avoid unificationsthatif executedwvould
fail. The SINGmethodproposedoy Kogure(1990) exploits the samebasicidea: Unifi-
cationfailuresoccurmore often undersomefeaturesthanunderothers;the quick-check
generalizeshis ideato pathsin featurestructuresUszkoreit (1991)proposes schemdo
addcontrolinformationto declaratve grammarsit allows,amongotherthings,to specify
theorderin thatconjunctsin afeaturestructureareprocessedin this way, unificationcan
be guidedsothatfailuresarefoundearly A proposalby Erbachcanbe seenasanearly
variantof the quick check:

While in geneal, there is no way of telling which taskis going to fail and
which is goingto succeedqunlessthetaskis performed!),a large proportion
of rule applicationscanbeeliminatedby a computationallyinexpensivdilter.
For everyrule and every passiveitemwe computea Prolog termwhich con-
tainsonly a subsebf theinformationof its feature structur, i.e., it subsumes
thefeature structure. Befole thetaskis addedto the agenda,the Prolog terms
associatedvith therule andthe itemsare unified. If this unificationfails, we
knowthetaskis goingto fail, andit is notaddedto the agenda.

(Erbach, 1991b,p. 10)

The signature-check-basedhificationfilter (Maedaet al., 1994)is anotherprecursorof
thequick check.Theinsightbehindall filtering techniquess thatthe cheapesivay to find
afailureis notto do (full) unificationatall. Underthis aspectapproachesisingcontext-
freefiltering (Torisawa et al., 2000) or contet-free approximation(Kiefer and Krieger,
2000)canbeseenasrelated.

In PET, for the purpose®f quick checkvectorextraction,the setof quick checkpaths
is representeth anannotatedeaturestructureatruntime;thisis opposedo alist of paths
in otherimplementationsTherepresentatiom afeaturestructuremakesextractionof the
quick checkvectorscomputationallycheaperbecausemary of the pathshave common
prefixes.

Thecheap parsercanbeconfiguredo collectasetof quick checkpathsfor agiventest
set. In generalthis is doneby recordingall failure pathswhenparsingthe testsetusing
a modifiedunificationalgorithmthat continueseven after a failure is encounteredThen
thesepathsare sortedby their respectre effectivenessandthe bestn pathsarechosen.
The next two sectionsdiscussfinding a good measurefor effectivenessof a path, and
determiningthe numberof pathsto use.
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4.4.1. Quick Check Path Ordering

Themostohbviousmeasurdor effectivenes®f afailurepathis its frequeng of occurrence
in parsingthe testset. This corresponds$o assigninga weight of 1 to eachoccurrence.
This measureanbe successiely improved.

1. When a failure occursundern paths,assigneachof themonly a corresponding
fractionof theweight,i.e. 1/n.

2. Do nottake into accounftfailuresthatthe quick checkcouldnot detect by checking
in the original structuredf the informationleadingto the failure is alreadythere.
This is not always the case,as constraintsmay be unified in during unification,
partially expandedoathsmight be expandedetc.

3. Make the weight dependenbn the costof finding that failure by full unification.
We usethe numberof nodesvisited (recursve callsto the unificationfunction) asa
measurdor costof unification. Theideais thatsomequick checkpathsonly filter
unificationsthatfail very soon,and pathswhich filter more expensve unifications
shouldbefavored. An obviousexampleis the emptypath.

Evaluationof thesemeasure®n the blend test setdemonstratesheir effectiveness.
Thereductionfrom thebasdine (usingpathscomputedvith thenaive measurejo thefirst
measuras 8.5%in parsertasks,and2.1%in parsingtime. The secondneasureeduces
parsertasksby another7.6%,andparsingtime by another3.8%. The third measuraloes
not improve muchuponthe previous ones:thereductionin parsertasksis another0.8%,
thereductionin parsingtime another0.5%.

| alsoexperimentedvith anothemethodto selectandrank quick checkpaths.When
processinghe testcorpus,for eachfailing unificationthe setof pathswherethe failure
occursis recorded.Whenparsingthe testcorpusis finished,a minimal list of pathsthat
coversamaximalnumberof failurescanbe determinedrom thisinformation,andranked
so thatthe numberof pathsthat have to checled to find as mary failuresaspossibleis
minimized. The quick checkpathsobtainedby this method,however, did not improve
uponthe pathsobtainedby usingthe weight-basednethodfrom above.

4.4.2. Determining the Number of Paths to Use

Malouf et al. (2000) discussthe trade-of in choosingthe optimal numbern of quick
checkpaths. They concludethat n cannotbe determinedanalytically andreportabout
anexperimentto determinen in the Lk B for the LinGO grammar However, for practical
reasonspnly a subsebf the blendtestsetis used,andthe variationof n is restrictedto a
numberof supportpointsfor thegraph.
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Figure 4.1.: Determiningthe numberof quick checkpaths. The graphshaws tcpu and
etasksaveragevalueswith the numberof quick checkpathsrangingfrom 0-150. The
resultsareobtainedwith cheap onthe blendtestset.

UsingPET | couldruntheexperimentonthefull blendtestsettrying all n in therange
from 0—150in reasonabléme. Figure4.1 shovstheresultof this experiment.Theresults
for 0—10pathswhereparsingtime quickly dropsfrom 965msdown to 432msareoutside
thevisible partof thegraph,sincewe focuson the minimumof tcpu

The minimum CPUtime is at 27 paths,but choosingany numberbetween25 and48
pathsis no morethan1% worsethanthe optimum. Even choosingl00 pathsresultsin a
performancealegradedoy only 4%. This meanghe numberof pathscanbe choserfrom a
relatively wide rangewithout a significantlossof performanceThis wasconfirmedin ex-
perimentontheothertestsets. The outcomereflectsthefindingsof Malouf etal. (2000),
suggestinghe relative speedof type andfeaturestructureunificationis comparablebe-
tweenPET andtheLKB.

4.5. Partial Expansion and Unfilling

In this sectionl briefly describeandthenevaluatetwo very effective improvementsover
making all featurestructureswell-formed (also called ‘expansion’) prior to processing
(asit is still donein PAGE andLKB). The two techniquesare evaluatedon LinGO, the
Japanesendthe Germangrammay usingthe fusg vm-1.,; andbalancetestsets.
Thefirst techniqueknown aspartial expansion?, wasfirst exploredandfoundbene-
ficial for the LinGO grammaiin the cHic system(Ciortuz,2000). Leafnodes! in feature

0Closelyrelatedlazy evaluationtechniquesarealsodiscussedn (Gotz, 1993; Carpenterand Qu, 1995;
Wintner,1997).
11 eaf nodesare nodeswithout ary §-descendantgCopestak, 2000), or intuitively nodeswithout sub-
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structuresareonly madewell-formedwhennecessargtruntime, thatis whenaleafnode
is unifiedwith a non-leafnode. This techniquealonesignificantlyreduceghe size of the
expandedgrammar:asis shavn in Table4.6, thetotal numberof featurestructurenodes
goesdown by 41% for the Englishgrammay by 58% for the Japanesgrammay andby
43%for the Germangrammar In all threegrammargshe addedcostfor the delayedunifi-
cationof constraintsat runtime is compensatedly the reducedsize of structureghatthe
systemmanipulatestesultingin anoverall performancemprovementbetweernl 8% (Ger
man)and25% (Japanese)Looking at the averagesize of passve edgeqfssizg shavs a
reductionof 33%for bothLinGO andthe Japanesgrammayandof 21%for the German
grammar This demonstratethatthereductionin total grammarsizedoesnot necessarily
correspondo a similiar reductionat run-time,asnot all partsof thegrammarareusedto
the sameextent— somepartsmight not be usedat all. Thereis a significantincreaseof
31%in thenumberof attemptedinificationg(etask$ for LinGO, whichis dueto decreased
quick checkefficiency: in a partially expandedstructurethe valuefor an elementin the
quick checkvectorcannotbe obtainedwhenthe expansionof the structureunderthe cor-
respondingquick checkpathhasbeendelayed(for detailsonthe quick check,seeMalouf
etal. (2000)andSection4.4). The numberof executedtasksincrease®nly slightly (by
about3%)for theJapanesgrammaywhich couldexplaintherelatively biggergainin pro-
cessingspeed.Curiously thereis noincreasdan executedtasksfor the Germangrammar
— thequick checkpathsarenot affectedby partialexpansiorfor this grammar

The secondtechniqueappliedin the PET preprocessorcalled Unfilling (Gotz, 1993;
Gerdemannl995),goesastepfurther. After performing(partial)expansionstructuresre
shrunkagain,by recursvely removing leaf nodesfrom the structuresA leafnodeundera
featuref is removedif its typeis themaximalappropriatdypeof f, andif thisnodedoes
notintroducestructuresharing.lt is notremovedon root level of thetypeintroducing f.
Table 4.6 shows that unfilling reduceshe numberof nodes(after partial expansion)by
44%for LinGO, by 53%for theJapanesgrammayandby 65%for the Germangrammar;
the averagesizeof passve edgeds reducedoy 25%, 42%,and31%, respectiely. Again
the benefitsof smallerstructuresoutweighthe additionalcostof expansionat run time
significantly for both grammarsyesultingin a performancemprovementof about21%
for LinGO, 29%for Japanesand26%for Germant?

The overall reductionin the size of the grammarby applyingbothtechniquess 67%
for LInGO, and 80% for Japanesand German;the size of passve edgesis reducedby
50%, 61%, and 45%, respectiely. The correspondingorocessingspeedups 37% for
LinGO, 47% for Japanes@and 39% for German. The fact that the techniqueis least
effective on LinGO can partially be explainedby an importantdifferencebetweenthe

structure.
2A nice side-efect is that shrunkstructuresare alsomore humanlyreadablehanfully expandedstruc-
tures,becausehey aresmaller andthe crucial piecesof informationbecomemoreobvious.
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Grammar Expansion | Grammar size etasks tcpu space fssize
(nodes) (s) (kb) (nodes)

English Full 524,145 5,005 0.958 7,536 329
Partial 305,836 6,541 0.763 6,257 220

Unfilling 171,195 6,541 0.603 4,969 166

Japanese Full 786,914 3,994 0.616 5,767 208
Partial 329,770 4,108 0.459 4,733 139

Unfilling 153,810 4,108 0.327 3,142 81

German Full 2,374,324 8,740 1.903 13,802 434
Partial 1,364,861 8,740 1.567 12,660 345

Unfilling 476,510 8,740 1.158 8,600 238

Table 4.6.: Evaluationof Partial Expansionand Unfilling for LinGO, the Japaneseand
the Germangrammarusingcheap with the Tomabechunifieronthe fusg vm-1.,;, and
balanceestsets.

grammars.The LinGO grammaralreadyemploys a technique hamelythe stipulationof
supertypeswith a minimal setof featuregFlickinger,2000),with effectssimilar to par
tial expansionandunfilling, to make processingn LKB and PAGE more efficient. This
reduceghe potentialbenefitof partial expansionandunfilling for LinGO. The Japanese
andthe Germangrammarsave not beenmanuallyoptimizedfor processingefficiency in
thisway.

The practicalbenefitonecanexpectfrom applyingthe partial expansionandunfilling
techniguedependn the particulargrammarand canonly be determinedempirically.
Dependingontheamountof partialexpansionandunfilling thatthegrammaipermits,the
increasectostin run-time expansionmight even outweighthe benefitsof smallerstruc-
turesfor somegrammars.My resultson threesignificantly differentgrammarssuggest,
however, thatthesetechniquewill be beneficialfor typical large-scaleunificationgram-
mars.

4.6. Feature Structure Encoding Techniques

This sectionpresentsa detailedempiricalcomparisorbetweendifferentways of feature
structureencodingfor variantsof the Tomabechgraphunificationalgorithm,contrasting
anencodingoasednunorderedists of feature-aluepairs(representatie for mary LISP-
basedmplementation®f graphunification)with two encodingshatrepresenteaturesy
position (reminiscentof WAM-lik e fixed-arity representations)All variantshave been
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implementedn PET, andwereevaluatedusingthe Englishandthe Japanesgrammat?®.

This particularissueof representatiohasbeenanareaof active researclin theProlog
andabstractmachinecommunity(seeSection2.12),andencodingdasednfixedarity are
assumedhroughoutasin theWAM (Warren,1983aAit-Kaci, 1991), AMALZA (Wint-
ner, 1997),andLiLFeS (Makinoetal., 1998). An interestingexceptionis theabstracma-
chinesuggestedor ordersortedfeaturetermunification(Ait-Kaci andDi Cosmo,1993),
wherefeature-aluelists areused thisencodinghasbeenadoptedn cHic (Ciortuz,2000).
In the researcton graphunification,however, therehasbeenno detailedinvestigationof
featurestructurerepresentatiomssuesjnsteada straightforvard feature-aluelist encod-
ing is oftenassumedWroblewski, 1987;Kogure,1990;Emele,1991; Tomabechi1991;
Malouf etal., 2000).

4.6.1. Encodings Based on Fixed Arity

The featurestructurerepresentatiosuggestedn (Tomabechi, 1991) usesan unordered
list of feature-alue pairsto representhe featuresandvaluesof a given node. This re-
quiresalinearsearchn thislist every time thevalueof a givenfeatureis accessedn our
formal framevork however, eachtypet hasanassociatedixed set Appfeat(t) of appro-
priatefeatures(fixed arity). Moreover, the setof appropriatefeaturesis typically small.
It seemgeasonabléo useanencodingwherefeaturesarenot represente@xplicitly, but
insteadusean arraycontainingonly the values(l will call this a valuearray), andrepre-
sentfeaturegmplicitly by positionin thearray Thevaluearrayhasafixedsizeandlayout
determinedy thetype. This encodingschememakessearchindgor featuresunnecessary
thusreducingthe accessostfor afeatureto constantime. In additionthe spacerequired
to representainodeis reducedsincefeaturesareno longerexplicitly represented.

We now needto find a layout of featuresfor eachtype, so that all featuresappro-
priate to this type canbe representedt We canthink of a layout as a partial function
7 : (Type, Feat) — Pos thatassigngo all thefeaturesappropriatdor atypeapositionin
its valuearray A valid layoutmustassigna distinctpositionto eachfeatureof atype,i.e.
fi # foiffw(t, f1) # (¢, fo) for all fi, fo € Appfeat(t). Themaximalpositionassigned
to atypedetermineshe sizerequiredfor avaluearrayfor a nodeof thistype,thesizeof
thearrayis boundedrom below by thetype’s numberof appropriatdeatures.

Therearetwo conflicting desideratavhendeterminingthe featurelayout. Onthe one
handwe wantto minimizethespaceconsumptiorfor eachtype,ontheotherhandwe want
to minimize the numberof translationdbetweerdifferentlayouts,so-calledcoercions A

BUnfortunately the Germangrammarwasnot yet availablein the commonformalismwhenthis experi-
mentwascarriedout.

YClosely relatedproblemsare discussedn researcton methoddispatchtechniquesn object oriented
programmindanguagesvith multiple inheritancefor arecentsurwy see(Driesen,1999).
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coercionis necessaryvhenduring unificationof two nodesthe input typesandthe result
type do not have the sameencodingayout.

Oneextreme,wherecoercionsareeliminatedaltogetheris to guarantedor eachpair
of compatibletypest; andt,, with t3 = ¢, Mto, thatw(ty, f) = 7 (te, f) = w(ts, f) for
all f € Appfeat(ts). A trivial (but extremelywasteful)way to ensurethis is to globally
assigna uniquepositionto eachfeature,suchthatr (¢, f) = 7 (ts, f) for all typest;, t».
A more manageablsolutionthat also eliminatescoercionsis to partition the typesinto
setsof typesthat do not interferein unification,andthenassignunique positionsto all
featuresappropriateo thetypesin eachsetindependentlyThis approachs describedn
Section4.6.3.

Theotherextremeis to assigranindependentayoutfor eachtype,by locally assigning
a position for eachfeatureappropriateto a type. In this setupthe spacerequiredfor
representing type is minimized, but a coercionis requiredin all unificationsinvolving
two differenttypes.A straightforvardimprovementof thisapproactihatalsoguaranteea
minimalencodings to identify setsof typessharingthesamesetof appropriatdeaturega
feature configumtion), andthenassignthe samelayoutto all typeswith the samefeature
configuration. The numberof featureconfigurationss typically much smallerthanthe
numberof types, becausemary typesdo not introducenew features. This approachs
discussedh Section4.6.4.

4.6.2. Adapting Tomabec hi’s Unification Algorithm

| hadto adaptTomabechs unificationalgorithmfor my fixed-arity-base@ncodings.In
Tomabechs original algorithm, a list-valuedcomp-ac-list slot is usedto recordfeature-
value pairstemporarilyaddedduring unification. If we wantto both take advantageof
the fixed arity encoding(constantaccesgime to features),and at the sametime avoid
allocationduring unificationwe would needa preallocatedecondvaluearrayto hold the
temporaryvalues. This would almostdoublethe size of nodesfor mosttypes,sincethe
valuearraydominateghe spaceo represenanode.Thus,| decidedo omitthecomp-ac-
list slot, andinsteadreintroducesomeearly copying. As discussedn Section4.2, early
copying constitutesonly a minor problemin our setup,since most failing unifications
arefiltered by cheapfilters lik e the quick check(seeSection4.4). Wheneer we would
have to usethe comp-ac-list slotin Tomabechs original setup jnsteadve allocatea new
nodeand (temporarily)forward both input nodesto the new node. Experimentsat this
point shaved that additionally eliminatingthe new-sort slot in the sameway would not
significantlyincreaseesarly copying (this is becausen our setup,in mostcasesvherethe
new-sortslot is used,the comp-ac-list is alsoused),so| apply the sametechniquehere
(allocatea new node,andforward the input nodes). The only remainingtemporaryslot
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(sometimesalled‘scratch’slot), protectedoy a generatiormark, is the forward slot.®

| implementedhreevariantsof this algorithm, usingthreedifferentencodings:one
using the partitionedfixed arity encoding,a secondone using the minimal fixed arity
encoding,anda third usingthe plain feature-aluelist encoding. The next two sections
describethetwo fixed-arity-base@ncodings.

4.6.3. The Partitioned Fixed Arity Encoding

The first fixed arity encodingl implementedavoids coercionsby partitioning the type
hierarchyinto independenblocks, and using the samelayout of featuresfor typesin a
commonblock. The partitioningis setup suchthat unification of two typeswith a non-
empty setof appropriatefeaturesin a commonpatrtition eitherfails, or resultsin a type
from the samepartition. This propertymakesthe implementationof the unificational-

gorithm simpleandefficient: wheneer two nodeswith compatibletypesareunified, we

know they have the samelayout, and so hasthe resultingnode. Thusno searchandno

translationof positionsis necessaryor therecursve unificationsof the sharedarcsof two

givennodesto be unified. The dravbackof this encodingis the potentiallylarge amount
of spacewasted:eachtype’s valuearrayhasto have roomfor all thefeaturesof typesthat
it could potentiallyberefinedto.

The partitioningis computedn the preprocessousinga simplealgorithmthatworks
bottom-upto split the hierarchyinto suitablepartitions,startingatleavesin the hierarchy
Thealgorithmstartsby puttingeachtypeinto a partitionof its own, andthensuccessiely
meiging partitions.We visit eachtypethatis aleafin thehierarchyandrecursvely meige
all parentf this typeinto the samepartition, stoppingtherecursionat typesthathave an
empy setof appropriatdeatures.

This simpleschemevorksreasonablyvell for LinGO andthe Japanesgrammar The
LinGO grammarhasa total of 155 features. It is split into 23 partitions, the maximal
numberof featuresn a partitionis 56 in onepartition. The Japanesgrammarhasa total
of 72featureslt is splitinto 19 partitions the maximalnumberof featuresn onepartition
is 22.

4.6.4. The Minimal Fixed Arity Encoding

My secondfixed-arity-basedencodingminimizesthe spacerequiredto represenieach
type. Eachtype’s value array hasroom for exactly its appropriatefeatures. To avoid
uselesgoercionsat run time, we first computeall distinct featureconfigurations.There
are 131 suchconfigurationgfor the LInGO grammarand 27 for the Japanesgrammar

15The resultingalgorithmis similar to Wroblewski's unify2  (Wroblewski, 1987), with the important
differencethatl usethe structuresharingimprovementdrom (Malouf etal., 2000).
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Eachconfigurationis assigneda uniqueidentifier The mappingfrom typesto feature
configurationidentifiersis held in an array at run time, so we can efficiently checkif
two typeshave the samefeatureconfiguration. Whentwo typest; andt, with different
featureconfigurationsare unified, we needto translatefeaturepositions. This is done
using a table I[ Featconf, Feat] — Pos that containsthe position correspondingo a
given featureconfigurationand feature,and a secondtable ®|Featconf, Pos] — Feat
containingthe featuregiven a featureconfigurationanda position. Whent; andt, with
featureconfigurations:; andc, areunified, we iterateover all positionsvalid for ¢,. For
eachpositioni in t; we computethe correspondingpositionin ¢, by the table lookup
[I[co, ®lcy, 1]].

4.6.5. Comparison and Discussion

| evaluatedthe differentvariantson LinGO andthe Japanesgrammar A total of four

configurationsvere comparedthe original Tomabechialgorithmusingthe feature-alue

list encoding,the adaptedalgorithm using the feature-alue list encoding,the adapted
algorithmusingthe partitionedfixed arity encoding,andthe adaptedalgorithmusingthe

minimalfixedarity encoding.

Table 4.7 shavs the resultsof processinghe fuse and vm-1.testsets. The differ-
encesn processindime arerathersmall,for LinGO thefastesunifieris only 5.9%faster
thanthe slowestone,for the Japanesgrammarthe maximalspeedups 4.9%. This result
is interestingin itself, sincea muchhighervariationcould be expectedgiventhe consid-
erabledifferencesn algorithmsandencoding.Onthe otherhand,the differencein space
consumptions muchmoresignificantthemaximalreductionis 48%for LinGO, and45%
for the Japanesgrammar

Looking at the cpu time rankingsrevealsan interestingdifferencein behaior on the
two grammars.The partitionedfixed arity encodingperformsbeston the Japanesgram-
mar, while it is theworstperformeron LinGO. Comparinghememoryconsumptiomank-
ingsshowvsthey areidenticalfor bothgrammarspffering no explanationfor thedifference
in relative speed.We canlook at the amountof spacewasted(seeSection4.6.3) by the
encodingatruntime'®; it is 8,544kb for LinGO andonly 10kb for the Japanesgrammar
This differencewould very well explain the bad performanceof the partitionedencod-
ing on LinGO. By takinga closerlook at how the LinGO hierarchyis partitionedby my
scheme] found thereis one partition containinga very large numberof features(56),
while all the other partitionsare comparatiely small. This partition containsthe sub-
hierarchyof semantiaelations— a large numberof differentfeaturess introducedn this
part of the hierarchy and my simple partitioningschemememgesthemall into one par

16This was obtainedusinganinstrumentedsersionof the unifier that countsthe numberof byteswasted
for encodingpurpose®n eachallocationof a featurestructurenodeduringunification.
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English Japanese
Algorithm  Encoding tcpu space tcpu space
(ms) # (kb) #|(ms) # (kb) #
original list 584 3 4683 2| 328 3 2986 2
adapted list 569 2 6,639 4| 329 4 5267 4
adapted fix-part 500 4 5,067 3| 313 1 3,005 3
adapted fix-min 5556t 1 3436 1| 323 2 2852 1

Table4.7.:Evaluationof four differentunifiersfor LinGO andtheJapanesgrammaiusing
cheap onthefuseandvm-1,,; testsets.Sub-columnsabelled#’ indicaterelatveranks
within therespectre column.

tition. To verify my explanationl tried the four unifierson a versionof LinGO without
semanticgby removing all informationunderthe path SYNSEM.LOCAL.CONT), andin-
deedfound my hypothesisupportedfor this semantics-fregersionof the grammarthe
partitionedfixedarity encodingperformsbest,closelyfollowedby the minimal fixedarity
encoding.

The overall bestperformeron the two grammarsonsideringoothtime andspacere-
quirementss the minimal fixed arity encoding. It consumessignificantly lessmemory
thanthe three other configurationsandis always amongthe two fastestconfigurations
in my experiments. The partitionedfixed arity encodingrelies on a good partitioning,
which cannotalwaysbefoundusingmy simpleschemelmprovementgo the partitioning
schemecould easilybe devised,but cannotbe expectedto resultin aninterestingoverall
performancemprovement.My experimentsshaw clearlythatchosingafixed-arity-based
featurestructureencodingover a feature-alue-list-base@ncodingdoesnot necessarily
make aninterestingdifferencein processingpeed.

4.7. Copying, Recomputation and Trailing in Active
Chart Parsing

This sectiontakesa look at threedifferentwaysfor an active chartparset’ to dealwith
the featurestructuresassociatedo active edges. The standardapproachis to copy the
associatedeaturestructurewhenan active edgeis derived, so thatit is availablewhen
attemptsaremadeto extendthis actve edge. An improved stratgy, calledhyperactive
parsing,s proposedn OepenandCarroll (2000b).Basedon the obsenationthatunifica-

7] considerhyperactive parsing(Oepenand Carroll, 2000b)an instanceof active chartparsingfor the
purposeof the currentdiscussion.
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Variant tepu space
(ms) (kb)
active 29429 3,951
hyper-active 28543 2,581
hyper-active with trailing 273.24 2,547
hyper-active with unused trailing | 301.30 2,597

Table 4.8.: Comparisonof active parsingand hyperactve parsingwith differentreluild
stratgieson LinGO, usingthe fusetestset.

tions arelessexpensve thancopies,the hyperactive parsingstratey tradesunifications
for copies:whenan active edgeis derived, the associatedtructureis not copied,instead
it is rekuilt wheneverit is neededagain.The benefitsof this strateyy dependon how often
the structureassociatedo an active edgeneedsto be rehuilt; giventhe highly effective
pre-unificationfilters this numberis low (aroundtwo for the LinGO grammar),andthus
thehyperactive stratay is effective.

An alternatve way of implementinghyperactive parsingis usinga schemesimiliar to
the skeleton/erironmentrepresentatiodiscussedn Section2.2. Theideais thatinstead
of redoingthe unification necessaryo obtainthe featurestructureof an active edge,an
environments createdvhenthe active edgeis first derived. This ervironmentrepresents
all thechangeshatneedto beappliedto theinputstructurego obtainthefeaturestructure
of the active edge. The ervironmentis createdusinga techniquecalledtrailing. When
performingunification,all changedo theinput featurestructurearesasedin a datastruc-
turecalledthetrail. After unification,theernvironmentis constructedrom theinformation
in thetrail.

Thethreevariantqactive, hyperactiveandhyperactivewith trailing) areimplemented
in PET for the Tomabechunifier. | comparetheir performanceon the LinGO grammay
usingthe fusetestset. To allow estimatinghe overheadf ervironmentconstruction] in-
cluded? afourth variantthatconstructghe environments put doesnot make useof them,
I.e. it usesregularunificationto reluild the featurestructureof active edges.Theresults
of the experimentareshowvn in Table4.8. | verifiedthatall four variantsindeedcompute
thesameresults.Thereductionin parsingtime from activeto hyperactive parsings 3.0%,
usingenvironmentsresultsin a furtherimprovementof 4.3%. The penaltyfor construct-
ing the ervironments,but not usingthem, is 5.6%. Looking at spaceconsumptionwe
seea significantreductionof almost35% from active to hyperactive parsing. The space
consumptiorof thethreehyperactive variantsis (asto be expected)almostidentical.

While the differencedn parsingtime visible from the outsideseemsmall, a look in-

Brollowing a suggestiorby StepharOepen.
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| Variant | Total run time | unify  copy env:build env:apply
active 741.2s 1455s 3319s - -
hyper-active 722.7 s 215.1s 2233s - -
trailing 691.4s 164.6s 2158s 16.7 s 150s

Table4.9.: Distribution of run time in the unifier for the actve, hyperactive andtrailing
hyperactive parsersAbsolutetimesareshownn.

sideshavs moredramaticdifferencesTable4.9 shavs informationaboutthe distribution
of run time inside the unifier obtainedfrom gprof profiles (seeSection4.3). | show

absolutetimesto enabledirect comparison.Looking at the time spentin unificationand
copying shavs thatthe hyperactive parsersuccessfullytradesunificationsfor copies:the
hyperactive parserspendsabout70 seconddongerin unificationthanthe active parser
but saves 109 secondsn copying. Someof thesesavings are,however, cancelledout by

higheroverheadn otherparts(mostnoticeablan quick-checkvectorextraction,whichis

more expensve in the hyperactive parsey asthe quick checkvectorhasto be extracted
from theintermediateunificationresultratherthanfrom the copy), resultingin anoverall
improvementof 18 seconds.Looking at the trailing parsey we canseethatit spendsl9
seconddongerin unificationthanthe the active parseyr while executingthe sameunifi-

cations. This is causedy the overheadof trailing. Another17 secondsarespentby the
trailing parserin ervironmentconstructionapplicationof ervironmentstakesanotherl5

secondssStill, thisresultsin asumof only 196 secondsgomparedo the 215 secondghe
hyperactive parserspendsn unification. Thetrailing parseralsousesa slightly different
versionof copying'® thatsaves8 secondsomparedo the active parser The overall im-

provementof thetrailing versionover the plain hyperactive parsetis 31 secondg4.3%).
The profile shavs that a total of 1,087,592ervironmentsare constructedand a total of

2,536,573ervironmentapplicationgake place. This meansan ervironmentis usedonly

about2.3timeson average.This explainswhy the costof ervironmentconstructiondoes
not pay off verywell, resultingin the comparatrely minor overall speedup.

My experimentsupportgheresultsreportedn Schulte(1999).Schultecomparegrail-
ing and copying for constraintprogramming.He discusseshreeapproacheso making
previouscomputatiorstatesavailablein search:copying, recomputatiorandtrailing. This
directlyrelateso thethreeparserghatl comparedtheactive parsemuusescopying to make
active edgesavailable,the hyperactive parserusesrecomputationandthetrailing hyper
active parserusestrailing; however, | do not usetrailing to undo changesjput to redo
changes.Schulteconcludeghat a systembasedon copying is competetie comparedo

19Thecopying functionin thetrailing parsercannotreusetop-level arcs,resultingin slightly highermem-
ory usagehut lower executiontime.
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trailing-basedystemsUsinga combinationof copying andrecomputatiorcanevenout-
performtrailing-basedsystemsMy datashownsthattheimprovementfrom trailing is only
minor. | cansupportSchultes obsenationthatdesignandimplementatiorcompleity is
much higherfor atrailing system:every updateoperationneedsto take trailing into ac-
count.While the compleity wasreducedoy encapsulatingipdateoperationsthetrailing
implementatiorprovedto be hardto dehug.

Althoughtheseexperimentswould predictthatthe trailing-basedapproactcould pay
backin a setupwhereenvironmentswere usedmorefrequently sucha setupwould con-
flict with theunderlyingassumptiomf thehyperactive parsingstratayy. It canbeexpected
that within the window wherehyperactive parsingpaysoff, no significantperformance
improvementcanbe achiezed by atrailing-basedapproach Giventhe smalloverall prac-
tical performanceamprovement,andthe high costof implementingand maintainingthe
trailing variant,| decidedto excludeit from furtherdevelopment.The hyperactive pars-
ing stratgyy with recomputatiorby regularunificationis now thestandardn PET, andhas
provento bebeneficialontheLinGO, JapanesandGermangrammars.

4.8. Cross-comparison: Comparing Across
Grammar s and Platforms

In this sectionl review the performanceof PET on testsetsfor the threegrammarsand
comparaesultswith LkB dataobtainedon the samegrammarsandtestsets.| try to iden-
tify a measurdo asses®oth parserperformanceabstractingrom grammarcompleity,
andgrammarcompleity abstractingrom parsemperformanceThis would allow predict-
ing practicalperformancdor a given platform andgrammarfrom existing dataobtained
onadifferentplatformandgrammar Sucha predictioncouldthenbeused for instanceto
verify if aprocessingystembehaesasexpectedonagivennen grammayandto identify
unexpectedperformanceeaks®.

Table4.10shows the raw dataunderlyingthe discussion.lt summarizeselevantin-
formationfrom the performanceprofilesfor the LKB andPET on thethreegrammarsAs
expected,the numberof passve edges(pedges agreeshetweenthe LkB andPET in all
cases.Thefilter rates,and asa resultthe numberof executedtasks(etask$, alsoagree
roughly?! The samegoesfor the numberof successfutasks(stask$ andthe numberof
unifications(unifs); the small differencescanbe explainedby a slightly differentway to
countsuccessfutasksin lexical processing Significantdifferencesetweenhe two pro-
cessingsystemsarein the averageparsetime (tcpu) andthe amountof allocatedspace

20Theideaunderlyingthe discussiorin this sectionwasdevelopedin cooperatiorwith StepharOepenan
extendeddiscussiorof thistopicis providedin Oepen(2001).

21Thereis no completeagreementhecausejuick checkefficiengy is slightly reducedn PET dueto partial
expansion(seeSection4.5).
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Grammar  System tcpu filter etasks stasks unifs pedges dspace
(s) (%) (kb)

English LKB 328 96.1 5946 2,695 8,840 1,850 16,894
PET 059 952 6,541 2661 8,890 1,850 5,290
Japanese LKB 0.60 95.5 950 851 1,300 725 4,053
PET 0.07 95.8 893 851 1,190 725 752

German LKB 6.88 98.7 8,781 5,387 11,910 3,238 37,099
PET 1.10 98.7 8,438 5,001 12,064 3,238 9,031

Table 4.10.: Performanceprofiles of the LkB and PET on LinGO, the Japaneseandthe
Germangrammarsfor the fuse vm-1 and balancetest sets,restrictedto compatible
items.

(dspacg. PET is fasterthanthe LkB, betweena factorof 5.6 for LinGO anda factorof
8.6for the Germangrammar PET alsoallocatedessmemory betweenra factorof 3.2 for
LinGO anda factorof 5.4 for the Japanesgrammar What we canconcludefrom this
tableis thatPeT is afactorof 6.8 fasterthantheLk B, onaverage.Thisallows usto predict
performanceof one platform on a given grammay provided we have informationon the
performancef the otherplatformon the samegrammar

But whatcanwe do if thatinformationis not available?Imagine,for the moment,we
only have informationaboutthe performancenf PET ontheLinGO grammayandtheLKB
on the Japanesgrammar Whencomparingabsolutevaluesonly, with an averageparse
time pertestitem of 0.59s PET doesnot seemto be fasterthanthe LkB with anaverage
time of 0.60s. This, of course,is dueto the differentprocessingcompleity of the two
grammarsandtestsets.The numberof executedasksgivesusa handleon the processing
complity. We canseethat about6 timesasmary tasksare executedper testitem for
the Englishinput whencomparedo the Japanesédata. Underthe simplified assumption
thatthenumberof tasksis in directproportionto the processingompleity of agrammar
andtestset,the numberof tasksa givenprocessingystemexecutegpersecondshouldbe
independentf the grammarandtestset. This is roughly the casefor our example: PET
executesaroundl11,086tasksper secondon LInGO and 13,132tasksper secondon the
Japanesgrammar;the LKB executesl,811and1,583taskspersecondyespectiely. In
otherwords,PET canexecuteabout7 timesthe numberof tasksthatthe LkB canexecute
in the sametime. In our examplewe would now predictthe averageparsetime of PET on
the Japaneseputas0.09s (obtainedby dividing the LkB’s processindime of 0.60s by
7), which is closeto the actualvalueof 0.07s. Remembethatwe madethis prediction
without ever referringto a directcomparisorbetweerthe two processingystemson the
samegrammar
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| English | Japanese | German |
1811/ 1,583/ 1,277l
LKB 7.3 4.8 8.7 PET
13,132/s 7,650/ 11,086/s
11,086/s 13,132/s 7,650
PET 7.0 10.3 4.2 LKB
1,583/ 1,277/ 1,811/s
| Japanese | German | English |

Table4.11..Cross-comparisoaf PET andLkB performancdor thethreegrammarsPer
formanceis expressedn termsof the numberof tasksexecutedpersecondf cputime
(etasks/ s). Eachcell in the table containsthreepiecesof information: In the upper
left corner the performancef the combinationof grammarandprocessingystemhat
is identified by referringto the top row andthe leftmostcolumnis shown; the lower
right cornerof eachcell showns the performancedor the combinationthat is identified
by referringto the bottomrow andthe rightmostcolumn. Centeredn eachcell is the
resultingperformanceatio for thetwo combinations.

Table4.11 systematicallyshows the performanceatiosthatwe obtainin this way. If
etasks/ s wasin direct proportionto grammarandtestsetcompleity, all ratiosshould
be identical; this is not the case, andthe reasonis quite obvious: The costof executing
onetaskvariesbetweergrammarsfor anumberof reasongik e differencesn theaverage
size of a featurestructure. We can concludefrom the datain the table that the cost of
executingone taskis comparablebetweenthe English and Japanesgrammars;for the
Germangrammarthat costis significantly higher Curiously PET is affectedfrom this
highercostto a larger degreethanthe LkB — this seemdo be anothercasewherepPeT
exhibits acertainamountof tuningto the specificsof the LinGO grammay similar to what
we foundin Sectior4.3.
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5. Conclusions and Outlook

5.1. Summary

In this thesis,| have explored a numberof central practical performancepropertiesof
unification-basegarsingon large-scalegrammarsbuilding on preciseempiricaldataob-
tainedwith the PET platform. Throughempirical study | wasableto answera number
of openquestiondan the areaof unification-basegbarsing; mostimportantly| wasable
to shaw thatthe questionof featurestructureencoding(list-basedvs. fixed-arity-basedis
lessrelevantthanis often assumed Otherimportantresultsincludethe quantificationof
the differenttypesof unnecessargopying on a large-scalegrammay an analysisof the
distribution of run time in the parsey the evaluationof two very effective techniquedor
reducingthe size of featurestructuregpartial expansionand unfilling), a study of three
differentstratgjiesto handlefeaturestructuresassociatedavith active edgesandfinally a
discussiorof how to predictpracticalperformancecrosolatformsandgrammarsin line
with theresultsof Erbach(1991c);Carroll (1994);0eperandCarroll (2000a), claimthat
empiricalstudyis essentialn implementingefficient unification-basegarsersalso,em-
pirical studyis the mosteffective way to find theright focusfor work ontheimprovement
of algorithmsandthe developmeniof new techniques.

Thesecondnajorcontribution of thisthesisis theimplementatiorof the PET platform
itself. PET synthesizea significantbody of existing experiencein efficient unification-
basedprocessingin theform of a carefullyimplementednodularsetof efficient building
blocksthat allow both easyimplementatiorof efficient processorsand systematiccon-
trolled experimentatiorwith unification-base@rocessingtratgiesin acommoncontext.
The cheap parserof the PET platform achiesesa very attractve practicalperformance.
Both time and spacerequirementsare significantly reducedcomparedo the PAGE and
LKB systemsthe processsizeis reducedby anorderof magnitude.PET hasbeenquite
successfulit is now thestandardun-timesystenfor testsetprocessingisedby thedevel-
opersof thethreelarge-scalei1PsG grammarsn theconsortiumandit is alsoemployedin
productdevelopmenin atleasttwo differentcompaniesmarkingthefirst time large-scale
HPSG grammarsarebeingusedin commerciaproductdevelopment.

1SeeFlickingeretal. (1985);ProudiarandPollard(1985)for discussiorof theearliestwork ongrammar
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Anothercontritutionis the discussiorof an efficientimplementatiorof a semi-lattice
constructionalgorithm. Automatic semi-latticeconstructionis an importantdevice for
allowing straightforvard specificationof the grammay while still enablingefficient pro-
cessing.In addition,within a comprehensie review of previous work on efficient graph
unification,| identifiedandsolveda previously overlookedproblemwith oneof thefoun-
dationalalgorithmsfor graphunification.

5.2. Quantifying Progress

| take a wider perspectie now andprovide anideaof the overall progressmadein pro-
cessingheLinGO grammarover a periodof four years.The oldestavailable[incr tsdb()]
profiles(for the agedtestset)wereobtainedwith PAGE (version2.0releasedn May 1997)
usingthe Octoberl1996versionof LinGO. | contrasthis with today’s bestparsingperfor
manceon the currentreferenceversionof LinGO (May 2000). All dataweresampledon
thesame300MHz UltraSparcsener.

readings filter etasks pedges tcpu  space
Grammar Platf orm (%) () (kb)
October 1996 PAGE 2.55 51.3 1,763 97 36.69 79,093
January 2001 PET 13.53 942 1,571 439 0.24 1,142

Table5.1.: Progressmadein processinghe LinGO grammarover four years. Numbers
obtainedon a 300 MHz UltraSparausingthe agedtestset.

Table5.1 shavs that averageparsingtimes pertestitem have droppedby morethan
two ordersof magnitude(a factorof 150 on the ageddata),while memoryconsumption
wasreducedy afactorof morethan60. Becausen the early PAGE datathe quick check
filter wasnot available,currentfilter ratesaremuchbetterandresultin areductionof exe-
cutedparsertasks.At the sametime, comparingthe numberof passve edgedicensedby
thetwo versionsof thegrammarprovidesa goodestimateon the searchspacesxploredby
thetwo parsersThe ageddatashovs anincreasdy afactorof 4.5. Assumingthattheav-
eragenumberof passve edgess a directmeasurdor input complexity® (with respecto a
particulargrammar)) extrapolatethe overall speed-upn processinghe LinGO grammar
asafactorof roughly 700.

implementatiorin the HPSG frameawork in anindustrialresearclsetting.

2Thetcpuvaluesfor PAGE includegarbagecollectiontime, which is eliminatedin PET.

3This assumptioris supportedy very stronglinear correlationbetweerthe numberof passve edgesand
parsingtime in bothprofiles(r? = 0.92 for the PAGE data;r? = 0.99 for the PET data).
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5.3. Open Questions and Future Work

From the perspectie of efficient processingthe most pressingopenquestionemeging
from this thesisis a comparisonof the approachto unification-basegarsingdiscussed
herewith approacheshat are basedon compilation. Given the high unifier throughput
reportedn Miyao etal. (2000)for LiLFeS, it would beinterestingto seeif thetechniques
for efficient processingliscussedn the presentwork canbe integratedinto LiLFeS. An
evaluationof the techniqguedrom Penn(2000)on a large-scalegrammarwould alsobe
highly interesting giventhe promisingresultsreportedoy Pennfor a smallergrammar

A numberof openquestiongegardingthe applicationof HPSG-basedgrammarscan
be tackledfruitfully only now thatthe efficiency problemin processinghasbeensolved
for mary researchand commercialapplicationsthroughthe joint efforts of the consor
tium. Centralissueswithin suchapplicationsinclude both robustnessandresolutionof
ambiguity
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A. The Input Language

The PET preprocessors designedto accepta conjunctve subsetof 7DL asinput, ex-
cludingthe variousforms of disjunctionandnegation. Therecognizedsubsetof 7DL is
comparableo thatof theLkB systemaddingthe ability to handle7TDL templates.

Givenbelow is thespecificatiorof theinput syntaxin BNF form. Thisis adaptedrom
the definitionsgiven in the 7DL referencemanual(Krieger and Schafer, 1994b), with
changesnspiredby theLkB documentatioiiCopestak, 1999). Themaindifferenceto the
TDL referencananualis the ommisionof disjunctionsandnegations,andthe correction
of anumberof obvious, mostlyminor, bugsin the BNF.

TDL Main Constructor s

start — [block-or-statement-ligt

blodk-or-statement-list— block-or-statementblodk-or-statement-ligt
block-or-statement- block | statement

block — domain-blok | instance-blok | type-blo

domain-blo& — 'begin :domain 'domain’. ' start'end :domain 'domain'."’
domain— atom

instance-blok — 'begin :instance. ' start-or-instance-listend :instance. '
start-or-instance-list— start-or-instance/start-or-instance-list

start-or-instance— start | instance-def

template-blok — 'begin :template. ' start-or-template-listend :template. '
start-or-template-list— start-or-template/start-or-template-list

start-or-template— start | templ-def

type-blo&k — 'begin :type. 'start-or-type-listend :type.
start-or-type-list— start-or-type[start-or-type-lisi

start-or-type— start | type-def

Type and Instance Definitions

type-def— typeavm-def'. '
type— IDENTIFIER

typesubtype-def.
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subtype-def— "< ' type[status
avm-def— "= ' conjunction[statug
status— ',status: ' IDENTIFIER
conjunction— term| term'&' conjunction
term— type| atom| featue-term| corefelence
atom— STRING | INTEGER | " 'IDENTIFIER
featue-term— '[ ' [attr-val-list] T '
attr-val-list — attr-val [, ' attr-val-list]
attr-val — attr-list conjunction

attr-list — attribute['". ' attr-list]
attribute— IDENTIFIER | templ-par
corefelence— '#' IDENTIFIER
instance-def— instanceavm-def
instance— IDENTIFIER

Lists and Diff erence Lists

Thereis somesyntacticsugarto easethe notationof lists anddifferencdlists.

term— list | diff-list
diff-list — '<!'* [conjunction-lis} !>
conjunction-list— conjunction[’, ' conjunction-list
list — '<'conjunction-list>" |
'<' conjunction-list, ... '">'
'<' conjunction-list. ' conjunction’>"

Parametriz ed Templates

TDL allowsthedefinitionandinstantiatiorof parametrizedemplatesThe 7DL reference
BNF alsoallows templateparameteso be usedfor attributes. This is alsosupportedn
PET.

term — templ-par| templ-call

templ-call— ‘@empl-namé( ' [templ-parlist] ') '

templ-name— IDENTIFIER

templ-parlist — templ-par[', ' templ-parlist]

templ-par— '$'templ-var| '=' conjunction|

templ-var— IDENTIFIER

templ-def— templ-namé( '[templ-parlist]) ' := ' conjunction'. '
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TDL Statements

Exceptfor theinclude -statementall the statementsareignoredby the preprocessor
They areonly recognizedsotheinputfiles canbereadwithout changinghem.

statement» 'defdomain 'domain. ' | ‘deldomain 'domair. ' |
‘expand-all-instances. "
include 'filenamé ' |
leval ' COMMON-LISP-EXPRESSION ". '
flename— STRING
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B. Binar y Representation of
Grammar s

This appendixspecifiesthe intermediateform of a grammarthatis procucedby the flop
preprocessoirom the 7DL grammarsourceandreadby the processoatruntime. This
intermediateform is a compactbinary file containingall the relevantinformation from
the grammarsourceqi.e. the type hierarchy type constraintsthe lexcion and grammar
rules)in a form gearedto easyusability by run time processors.lt is an ideal starting
point for systemshat wantto processggrammarsn our commondescriptve formalism
(Oepenet al., 2000),avoiding idiosyncrasie®f the grammarsourceformat, andwithout
implementingthe otherwisenecessarpreprocessingteps. This cansave significantde-
velopmenttime, as exemplified by the cali system(van Lohuizen,2001), that waswas
adaptedo supportthis formalismin just a few weeks,startingfrom the flop preprocessor
output.

I give a semi-formalspecificationof the file format. The file consistsof sections||
recursvely decomposeachsectioninto smallerelementsdown to atomic elementsof
the file format. Atomic elementsareint, short and char, composedf four bytes,two
bytesand one byte, respectrely. int andshort elementsare storedin little endianbyte
order

grammar -file

A grammaiffile consistf eightsectionsn afixedorder Theheadercontaingnformation
identifying the file format and the nameof the grammarcontainedin the file. Thetoc

containsthe offsetsto later sectiondn thefile, sothatit is possiblefor a programto skip

oversectiongt is notinterestedn. Thesymbol-tablesontainthe namedor the objectsof

thegrammar The hierarchy givesall informationaboutthe type hierarchyunderlyingthe
grammar The featue-tablescontaininformation aboutthe encodingschemefor types,
andappropriatenessformationfor attributes.Therulessectioncontainsall thegrammar
rules,thelexicon sectioncontainsthe (full-form) lexicon. Finally, the constaintssection
containghefeature-structureonstraintof typesandinstances.
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type description
header Headetto identify file
toc Offsetsto sectiondn file

symbol-tableg Symbolsin thegrammar
hierarchy Typehierarchy

featue-tables| Additional featureinformation
rules Grammarules

lexicon Full-form lexicon

constrints Constraintof typesandinstances

header

type | identifier description

int magic Magic valueto identify file format

int version Versionof file format

string | description Description(hname)of thegrammar
string

type identifier

short length

length X char | text

toc

type | identifier

int | offset-hierarchy

int | offset-feature-tables
int | offset-rules

int | offset-lexicon

int | offset-constraints

symbol-tab les

ntypes isnpropertypes + nleaftypes  + nsymbols + ninstances
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type identifier

int npropertypes
int nleaftypes
int nsymbols

int ninstances
int nattrs

ntypes x string | type-name
nattrs  x string | attr-name

hierar chy
type identifier
int nbits
npropertypes  x bitcode | type-bitcode
nleaftypes  x int leaftype-parent
ninstances  x int instance-parent
bitcode
type description
bitcodepart | Partsof abitcode
. Repeatedintil endmarker
int =0 Endmarker
short =0 | Endmarker
bitcodepar t
type identifier
int value

value # 0: short# 0 | repetition

feature-tab les

n is npropertypes  + nleaftypes

type identifier

int encoding-type
n x type-feat-info type-feat-info
int nfeatsets

nfeatsets x featset| featset

nattrs  x sh

ort appropriate-sort
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type-f eat-inf o

type | identifier
int featset
char | waste
featset
type identifier
short nattr

nattr x short| attr

rules

type identifier

int nrules

nrules x rule | rule
rule

type | identifier

short | type

char | arity

char | key-daughter

char | head-daughter
lexicon

type identifier

int nles

nles x lexicon-entry| lexicon-entry

lexicon-entr y

type identifier

short preterminal-type
short affix-type

char infl-pos

char nstems

nstems Xx string | stem
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constraints

n is npropertypes  + nleaftypes

description

type
n x constaint
ninstances  x constaint
constraint
type identifier
int nnodes
int narcs
nnodes x node| node
node
type identifier
short type
short nattrs
nattrs x arc | arc
arc

type | identifier

short | attribute
short | value

Constraintsaassociatedo types
Constraintsassociatedo instances
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C. PET Usage

The Preprocessor

The basicusageof the preprocessois simple. A file containingthe settingsspecificto
thegrammairto be corvertedhasto be created.Thenthe preprocessais invokedfrom the
directorycontainingthegrammarsourcesgiving the maingrammaiffile (english.tdl

for LinGO) asargument. The outputgoesto a correspondinggram file (replacingthe
tdl  extensionby .gram ). As anexample,preprocessinghe LInGO grammairis done
by this command:

(*/lingo) $ flop english.tdl

Thiswill resultin afile calledenglish.gram  in thesamedirectory Theoutputfor
theLinGO grammatookslik e this:

reading  ‘Version.lisp'...

converting ‘english.tdl’ (LInGO (eubp)) into ‘english.gram’

loading  ‘english.tdl'... including ‘fundamentals.tdl'... ‘lextypes.tdl'... ‘syntax.tdl'...
‘lexrules.tdl'... ‘auxverbs.tdl'... ‘letypes.tdl'... ‘semrels.tdl'... ‘Ikb/inflr.tdl'...
‘lexicon.tdl'... ‘constructions.tdl'... ‘lexrinst.tdl'... ‘parse-nodes.tdl'...

‘roots.tdl'... postloading ‘pet/gc-traditional.tdl'...

reading morphology entries  from ‘pet/full.voc’: 17917 entries.

finished parsing - 0 syntax errors, 52021 lines in 178 s

processing  type constraints (7188 types and 6991 instances):

- expanding templates: 0 template instantiations

- type hierarchy (leaf types [5552], bitcodes, glbs [893], recomputing)

- building dag representation

- computing appropriateness

- applying  appropriateness constraints for types

- delta expansion for types

- full  type expansion

- shrinking (209729 total nodes, 83178 removed)

- partitioning hierarchy (23 partitions)

- processing instances  (expanding --- shrinking [23550/300716])

dumping grammar (symbols 285k, hierarchy 190k, rules & lexicon 350k, types 1160k,
instances  677k)

finished conversion - output generated in 10.1 s
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Configuration

Configurationis donein afile calledflop.settings containingvariousswitches.On

startup thepreprocessdooksfor thisfile in the currentdirectory andin the subdirectory
pet/ . Thelexical syntaxof thefile is similiar to 7DL (internally, thefile is readusingthe

samemodulethatis usedfor readingthe grammarinputfiles). | will give a specification
of the syntax,andanexplanationof the possiblesettings.

Configuration file syntax

config-file— [setting-list

setting-list— setting[setting-list
setting— setting-name= " value-list'. '
setting-name— IDENTIFIER
value-list— value|value-lis{

value— IDENTIFIER | STRING

Settings

preload-files List of file names. Thesefiles will be loadedbeforestartingto readthe
main scriptfile. This is usefulto load files containingdefinitionsof 7DL builtin
typesthatarenotknown in PET.

postload-files List of file names.Thesefiles will beloadedafterfinishingreadingthe
mainscriptfile. Thisis usefulto loadfiles containingdefinitionsthatshouldoverride
previousdefinitions(similiar to the Ikbpatches.tdl file for theLKB).

vocab ulary-file File name. The contentsof this file will be loadedas the full-form
lexicon.

version-file File name.Thisfile will be read(usingthe 7DL-lexer), andthe valueread
right afterencounteringhevalueof the settingversion-stringwill beconsideredhe
versionof thegrammar This allowsto propagatehe versionof the grammarto the
following processingtagegcf. grammarinfo).

version-string  String. Whenreadingtheversionfile, thatstringis the cuefor identify-
ing theversionof thegrammar

grammar -info Typename.Thepreprocessawill createaninstancewith thisname,and
put informationaboutthe grammar(lik e the version,the numberof instancestc.)
into this instance. This allows for easypropagatiorof this informationto further
processingtages.
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rule-status-v alues List of statusvalues.All instanceswith oneof thesestatusvalues
will beconsideredrule of thegrammar

lexicon-status-v alues List of statusvalues.All instancesvith oneof thesestatusval-
ueswill beconsidered lexical entry.

rule-ar gs-path Featurestructurepath. The agumentof a rule is found underthis path
in afeaturestructure.

keyarg-marker -path Featurestructurepath. Thekey-daughteis markedwith true-type
underthis path(relative to rule-args-patl).

true-type Typename.Thistypeis usedto denotetrue.

head-dtr -path Featurestructurepath. The head-daughteof a rule canbe found under
this path.

orth-path Featurestructurepath. The orthographemienformationfor a lexical entryis
foundunderthis path.

dont-e xpand List of instancenames. Theseinstancesare ignoredin appropriateness
computationgxpansiongtc.

sem-attr Attribute name.Usedto remore semantianformationfrom featurestructures
for thecommandine optionno-semantics

output-style Name. If stefanis provided as value, the output style of the messages
generatedby flop will is adaptedo matchStefanMueller’s taste.

An Example
flop.settings
this file  contains  settings for FLOP

list of files to load before everything else
preload-files ="

list of files to load after everything else

postload-files = "pet/gc-traditional”.
file  containing the (full form) lexicon
vocabulary-file = "pet/full”.

file that contains version information
version-file = "Version.lisp".

this file is lexed according to TDL syntax, then the string following
‘version_string’ is taken as the version of the grammar
version-string = '"*grammar-version*".

name of type to put info about grammar into (if at all)
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grammar-info := grammar_info.

list of status values that mark rules
rule-status-values = rule.

list of status values that mark lexicon entries
lexicon-status-values = lex-entry.

path to the list of arguments in a rule

rule-args-path = ARGS.
;7 path to marker for key argument of a rule
keyarg-marker-path = KEY-ARG.
type that represents ‘true’ (for marking the key argument)
true-type =+

path to the head daughter of a rule
head-dtr-path := HEAD-DTR.

path to orthography information
orth-path = STEM.

list of instances to ignore for appropriateness, expansion  etc.
dont-expand = (qc_paths.

uncomment to enable customized output style for Stefan Mueller
output-style = stefan.

Command Line Switc hes

Besidethe nameof the main TDL-file to processthe preprocessoacceptsa numberof
commandine switches.

-pre Do only syntacticpreprocessing.

-no-expand Do not performexpansion

-expand-all-instances  Expandall instancesincludinglexical instances.

-full-e xpansion Disablepartialexpansion(seeSection4.5).

-no-shrink Disableunfilling (seeSection4.5).

-minimal Computdeaturdayoutsfor theminimalfixedarity encoding'seeSectiorét.6.4).

-propagate-status For PAGE compatibility: Propagatestatusvaluesalongthe type hi-
erarchy

-no-semantics Remove all informationin featurestructuresunderthe attribute speci-
fied by the settingsem-attr

-verbose=n Make flop moreverbose.
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The Parser

Configuration

Configurationof the parseris donein afile calledcheap.settings . On startup,the
parsefooksfor thisfile in the currentdirectory andin thesubdirectorypet/ . Thelexical
syntaxis the sameasfor theflop.settings file, seeabove.

Settings

grammar -info Type name. Nameof type that containsgrammarinformation. Cf. the
correspondingettingfor flop.

star t-symbols List of type names.A valid parsehasto be compatiblewith oneof the
specifiedtypes.

deleted-daughter s List of attributenamesValuesundertheseattributesarenot passed
from the motherto the daughteiin parsing(restrictor seeSection3.3).

affixation-path  Featurestructurepath. Whereto unify the affix when building a full
form.

bi-cons-name Typename.Nameof the builtin constype.

gc-structure  Typename.Nameof thetype containingthe quick checkstructure.
stop-c haracter s String. Stopcharactersor thetokenizer

lex-entries-can-fail Assertion.If stated]exical entriesareallowedto fail in expansion.
translate-iso-c hars Assertion.Translatd SO-8859-1characterso ASCII.

chart-dependencies List of pairsof featurestructurepaths. Usedto specify mutual
selectionfor chart manipulation seeSection3.3.

generic-les List of type names. Genericlexical entriesfor unknovn words: for each
unknavn wordin theinputall genericentriesarepostulated.

generic-le-suffix es List of pairsof type namesandstrings.Lexical entresthatrequire
acertainsuffix areonly postulatedf theinputform hasthe suffix.

default-g en-le-priority Integerpriority value.Scoringfor generiatemsis basednthe
default priority specifiechere(typically low).
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posmapping List of triplesof strings,integerpriority valuesandtype names Priorities
for genericlexical entriesareadjustedn the basisof POSinformationthatmaybe
availablefor the unknovn word. If the input word hasone more more POStags
associatedb it, thesearelookedupin thistable,whichis alist of triples(tag,score,
gle) wheregle is the nameof one of the genericitemsin generic-les For each
genericitem, the scoreis adjustedto the first matchof one of the tagsassociated
with theunknavn word in the mappingtable.

default-rule-priority  Integerpriority value.Default priority for rules.

rule-priorities  List of pairsof rule namesandintegerpriority values.Specifiegriorities
for rules.

default-le-priority  Integerpriority value.Default priority for lexical entries.

unlikel y-le-types List of pairsof lexical type namesandintegerpriority values.Speci-
fies(typically low) prioritiesfor lexical entries.

likel y-le-types List of pairsof lexical type namesandinteger priority values.Specifies
(typically high) prioritiesfor lexical entries.

An Example
cheap.settings
this file  contains  settings for CHEAP

name of type to get info about the grammar (if at all)
grammar-info := grammar_info.

types of a valid parse
start-symbols = root_strict root_phr  root_lex root_subord root_con;.

;; names of attributes not to pass from daughter to mother in parsing
deleted-daughters = ARGSHEAD-DTR NON-HEAD-DTRLCONJ-DTR RCONJ-DTR.

prefix  of list-valued path where to unify the affix
affixation-path = "ARGS.FIRST".

name of the builtin cons type
bi-cons-name = "cons*".

name of type containing quick check structure

gc-structure = qc_paths.
list of stop characters for the tokenizer, default is "\?L.:;,()-+*$\n"
stop-characters = 2L, 0+

allow creation of lexical entries to fail
lex-entries-can-fail.

translate german umlaut and sz
translate-iso-chars.
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;; chart  manipulation for seperable prefixes
;; contains a list of pairs of paths
chart-dependencies ;= "SYNSEM.LOC.CAT.HEAD.SP-FORM"

"SYNSEM.LOC.CAT.SP.FIRST.LOC.CAT.HEAD.SP-FORM".

;7 generic lexical entries  for unknown words

generic-les 1= generic_unerg_verb_bse generic_unerg_verb_pres3sg
generic_unerg_verb_presn3sg generic_unerg_verb_past
generic_unerg_verb_psp generic_unerg_verb_prp
generic_trans_verb_bse generic_trans_verb_pres3sg
generic_trans_verb_presn3sg generic_trans_verb_past
generic_trans_verb_psp generic_trans_verb_prp
generic_sg_noun generic_pl_noun
genericname  generic_adj generic_adverb.

;7 suffixes required by generic lexical entries

generic-le-suffixes = generic_unerg_verb_pres3sg 'S
generic_unerg_verb_past "ED"
generic_unerg_verb_psp "ED"
generic_unerg_verb_prp "ING"
generic_trans_verb_pres3sg 'S
generic_trans_verb_past "ED"
generic_trans_verb_psp "ED"
generic_trans_verb_prp "ING" generic_pl_noun

;; default  priority for generic lexical entries

default-gen-le-priority = 10.

;; priorities for generic entries from POS information

posmapping := verb 500 generic_unerg_verb_pres3sg

tverb 500 generic_trans_verb_pres3sg
pnoun 500 genericname.

;; default  priority for rules

default-rule-priority := 500.

;7 scoring for grammar rules

rule-priorities = extrasubj_f 300
freerel 100

noun_n_cmpnd 300
top_coord_np 700
hcomp 800
bare_np 300
bare_vger 300
numadj_np 100
dative_Ir 400.

default-le-priority = 400.

unlikely-le-types = letter_name_le 100
n_freerel_pro_le 200
n_freerel_pro_adv_le 210
n_proper_abb_le 200
n_deictic_pro_le 200.

likely-le-types = conj_complex_le 800

adv_disc_le 800

comp_to_nonprop_le 800
p_subconj_inf_le 800
v_empty_prep*_trans_nosubj_le 800.
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Command Line Switc hes

The parseracceptghe following commandine switches:
-tsdb Connectto [incr tsdb()].

-one-solution  Runin best-firstmode.

-limit=n  Limit thenumberof passve edgesn thechart.
-no-filter Disablethe staticrulefilter.

-qc=n Useonly thefirst n quick checkpaths.
-compute-gc  Computequick checkpaths.

-key=n Selectkey mode. 0 is key-driven, 1 is strict left to right, 2 is strict left to right,
and3is head-dwven.

-rulestats Enablereportingof rule statisticsto [incr tsdb()]. Usefulfor determiningkey
daughtergseeSection3.3).

-no-hyper Disablehyperactive parsing.

-no-deriv ation Do notoutputderivations.

-no-c hart-man Disablechartmanipulation(seeSection3.3).

-default-les Usegenericlexical entries.

-no-shrink-mem Do notattemptto shrinkthe processsizeafterparsinghugeitems.

-verbose=n Make cheap moreverbose.
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D. Virtual Appendix

Besideghe printedappendixthis thesisprovidesa virtual appendixhatgivesyou access
to the raw resultsof the discusseaxperimentsjn theform of [incr tsdb()] profiles,gprof
profiles, or collectionsof parserlogfiles that canbe processedising standardJnix text
processingools. The virtual appendixalsoprovidesthe sourcesf the PET system.You
canaccesshevirtual appendixunderthefollowing address:

http://www.coli.uni- sb.de/"u cl/the sis/

| provide the raw resultdataof the experimentsso that you canstudyaspectof the
datathat| could notincludein my discussionandso thatyou cancomparemy results
with thatof othersystemsAccesso thesourcesallows youto reproducamy experiments
if you wish, andalso opensthe possibility for you to experimentwith other processing
techniquesn the context of the PET system.
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