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Abstract

The efficiency problemin parsingwith large-scaleunification grammars,including
implementationsin the Head-drivenPhraseStructuregrammar(HPSG) framework, used
to bea seriousobstacleto their applicationin researchandcommercialsettings.Over the
pastfew years,however, significantprogressin efficient processinghasbeenachieved.
Still, many of the proposedtechniqueswere developedin isolationonly, makingcom-
parisonandtheassessmentof their combinedpotentialdifficult. Also, a numberof tech-
niqueswereneverevaluatedon large-scalegrammars.This thesissetsout to improve this
situationby reviewing, integrating,andevaluatinga numberof techniquesfor efficient
unification-basedparsing.A strongfocusis seton efficientgraphunification.

I provide an overview of previous work in this areaof research,including the foun-
dationalalgorithmin the work of Wroblewski (1987), for which I identify a previously
unnoticedflaw, andprovide a solution. I introducethe PET platform,which hasbeende-
velopedwith two goals:(i) to serve asa flexible basisfor researchin efficient processing
techniques,allowing preciseempiricalstudyandcomparisonof differentapproaches,and
(ii) to provide an efficient run-timeprocessorthat supportsfruitful scientificandpracti-
cal utilization of HPSG grammars.Thedesignandimplementationof PET is presentedin
detail,includingacloserlook at efficient semi-latticecomputationin thepreprocessor.

A numberof experimentswith PET arediscussed,usingthreeexistinglarge-scaleHPSG

grammarsof English,Japanese,andGerman. I give preciseempiricalanswersto some
openresearchquestions,mostimportantlythequestionof featurestructureencoding(lists
of feature-valuepairsversusrepresentationsbasedon fixedarity), andshow that this is a
muchlessimportantfactorthanoftenassumed.I alsoaddressthequestionof predicting
practicalperformanceacrossgrammarsandprocessingplatforms.Finally, I take a wider
perspective andreporton the overall improvementof processingperformancefor HPSG

grammars(asexemplifiedby theLinGO grammar)thathasbeenachievedover a period
of four yearsby aninternationalconsortiumof researchgroups.
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Zusammenfassung

DasEffizienzproblembeimParsengroßerUnifikationsgrammatiken,z. B. Implemen-
tationenim RahmenderHead-drivenPhraseStructure Grammar(HPSG), war langeZeit
ein ernsthaftesHindernisfür derenBenutzungin der Forschungund in praktischenAn-
wendungen.In den letztenJahrenwurde jedochein signifikanterFortschritt in der effi-
zientenVerarbeitungerzielt. Allerdings existiertenviele der vorgeschlagenenVerfahren
nur isoliert, wasihrenVergleich unddie EinscḧatzungihreskombiniertenPotentialsnur
schwermöglich machte.Zudemist eineReihevon Verfahrennie auf großenGramma-
tiken evaluiert worden.DieseArbeit setztsich zum Ziel, dieseSituationzu verbessern,
indemTechnikenzumeffizientenunifikationsbasiertenParsenbegutachtet,integriert und
evaluiertwerden.DerSchwerpunktliegt dabeiaufeffizienterGraphunifikation.

Ich gebeeinenÜberblickübervorhergehendeArbeitenaufdiesemGebiet,einschließ-
lich desgrundlegendenAlgorithmusausder Arbeit von Wroblewski (1987),für denich
einenFehleraufdecke undeineLösungpräsentiere.Ich stelledie PET-Plattformvor, die
mit zwei Zielenentwickelt wurde,zumeinen,um alseineflexible Basisfür die Untersu-
chungeffizienterVerarbeitungsstrategienzu dienen,die präziseempirischeUntersuchun-
gen und den Vergleich verschiedenerAnsätzeermöglicht, zum anderen,um ein effizi-
entesLaufzeitsystemzur Verfügungzu stellen,dasdie fruchtbarewissenschaftlicheund
praktischeNutzungvon HPSG-Grammatiken ermöglicht. Ich stelle dasDesignund die
Implementationvon PET vor, wobei ich genauerauf die effiziente Implementierungder
semi-latticeBerechnungim Pr̈aprozessoreingehe.

Ich diskutiereeineReihevonExperimentenmit PET, diemit dreiexistierendengroßen
HPSG-Grammatikenfür Englisch,JapanischundDeutschdurchgef̈uhrtwerden.Dabeige-
be ich präziseempirischeAntwortenauf einigeoffeneFragendesGebiets,insbesondere
auf die Frageder Kodierungvon Merkmalsstrukturen(Listen von Attribut-Wert-Paaren
gegen̈uberRepr̈asentationen,die auf festerArit ät beruhen),undzeige,dassdiesviel we-
niger Bedeutunghat als oft angenommen.Ich geheauchder Fragenach,inwiefern Per-
formanzin der Praxisüber die Grenzenvon Grammatiken und Verarbeitungssystemen
hinweg vorhergesagtwerdenkann.Schließlichbetrachteich auseinerumfassenderenPer-
spektive den Gesamtfortschrittin der Verarbeitungvon HPSG-Grammatiken über einen
Zeitraumvon vier Jahrenanhandder LinGO-Grammatik;dieserFortschrittwurdein ei-
neminternationalenKonsortiumvon Forschungsgruppenerzielt.
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1. Intr oduction

Mostnon-transformationallinguisticframeworkssuchasLFG (BresnanandKaplan,1982;
Dalrympleet al., 1995),GPSG (Gazdaret al., 1985),andHPSG (PollardandSag,1987,
1994)have a commonproperty: They usea datastructurecalleda feature structure to
representlinguisticknowledge,andall theseframeworksarebasedonthecentraloperation
of unificationof featurestructures1. Theefficiency of any processingsystembasedonsuch
formalismscrucially dependson theefficiency of theunificationoperation.Thisbecomes
even moresignificantfor strongly lexicalized frameworks suchas HPSG, wherefeature
structurestendto carry a relatively large amountof information2. Efficiency heredoes
not only refer to speed,but also,maybeevenmoreimportantly, to memoryconsumption.
Featurestructurerepresentationandthechoiceof unificationalgorithmplayacentralrole
in the memoryconsumptioncharacteristicsof any unification-basedprocessingsystem.
While thereareotherimportantfactorsfor theoverall performanceof a unification-based
processingsystembesidesthe efficiency of featurestructureunification(like the choice
of parsingstrategy, or theamountof money you canspendon a fastmachinewith lots of
memory),without anefficient implementationof this basicoperation,satisfactoryoverall
performancecannotbeexpected.

Until only a few yearsago,time andmemoryrequirementsof unification-basedpro-
cessingsystemsusedto beprohibitive for many applications.Severalhundredmegabytes
of mainmemorywereconsideredtheabsoluteminimumfor parsingmedium-complexity
input with a large-scalegrammar, andparsingtimesof oneor two minutesper sentence
werenot consideredunusual. Over the pastfew years,however, significantprogressin
efficient processinghasbeenachieved. In a collaborative researcheffort, a consortium
of groupsat Saarbr̈ucken3 (Uszkoreit et al., 1994; Krieger and Scḧafer, 1994a),CSLI

1For anintroductionto unification-basedgrammars,seeShieber(1986).For a formaldiscussionof typed
featurestructures,seeCarpenter(1992b);anexcellentupdateddiscussioncanbefoundin Penn(2000).For
thedetailsof theformalismunderlyingthis work, seeCopestake (2000).

2For instance,in LinGO, an implementationof a HPSG grammarof English,theaveragesizeof feature
structureswhenparsingsentencesof mediumcomplexity (i.e. sentencesof length10 to 20words)is around
300nodes,seeTable4.6onpage49.

3Seehttp://www.dfki.de/lt/ andhttp://www.coli.uni- sb.de/ for informationonthe
DFKI LanguageTechnologyLaboratoryandtheComputationalLinguisticsDepartmentatSaarlandUniver-
sity, respectively.
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1. Introduction

Stanford4 (Copestake, 1992;FlickingerandSag,1998;Copestake andFlickinger,2000),
the Universityof Tokyo5 (Torisawa andTsujii, 1996;Makino et al., 1998;Tateisiet al.,
1998),andothergroups,haveworkedon thedevelopmentof large-scaleHPSG grammars,
grammarengineeringplatforms,andefficient processors.For more informationon the
collaborative effort and its results,seeFlickinger et al. (2000b);Oepenand Callmeier
(2000);Oepenetal. (2001).This thesiswaswritten in thecontext of thiscollaborativeef-
fort. Someof theresultspresentedherehave beenpublishedor submittedfor publication
before(Callmeier,2000;OepenandCallmeier,2000;Callmeier,2001);thework onhand
containsextendedandupdatedpresentationsof theseresults.

Whenstartingthepreparationsfor thisthesisin 1999,many of theproposedtechniques
for efficientunification-basedprocessingexistedonly in isolation,makingcomparisonand
an assessmentof their combinedpotentialdifficult at best. A numberof algorithmsand
techniqueshadnever beenevaluatedon large-scalegrammars.Even if an evaluationon
a large-scalegrammarhadtakenplace,it wasoftenrestrictedto oneparticulargrammar,
which madeit difficult to estimatetheapplicability for differentgrammars.Also, two of
the existing processingsystems6 in the consortium,PAGE (DFKI Saarbr̈ucken) and the
LKB (CSLI Stanford),primarily designedasgrammardevelopmentplatforms,werestill
not efficient enoughto supportempiricalevaluationof differentprocessingstrategieson
multiple grammarsandlargesetsof datain reasonabletime, nor of theuseof large-scale
grammarsin practicalapplicationcontexts. Oneof the reasonsfor this wastheunderly-
ing implementationlanguageof bothplatforms,namelyLisp, which incursaconsiderable
overheadin memorymanagementcost for this kind of application,sincein unification-
basedprocessinghugeamountsof dataareallocatedandreleasedin shorttime. In addi-
tion, while many of the techniquesdevelopedfor efficient processingwereimplemented
in both platforms,eachplatform implementedsometechniquesthatweremissingin the
other, andsometechniqueswereimplementedin neitherof thetwo.

This thesissetsout to improve this situationby reviewing, integratingandevaluat-
ing a numberof techniquesfor efficient unification-basedparsing,with a strongfocus
on efficient graphunification. Sinceno analyticaltools exist that could predicthow the
propertiesof individual unification-basedgrammarswill interactwith particularprocess-
ing techniques(seeCarroll (1994) for discussion),empirical study is indispensiblefor
theevaluationandoptimizationof suchtechniques.To obtainmeaningfulresults,empir-
ical studyrequirescontrolledexperimentson large setsof data. I implementedthe PET

platform (presentedin Chapter3) to serve asa flexible basisfor researchin processing
techniques,allowing preciseempiricalstudyandcomparisonof differentapproaches.A

4Thehttp://lingo.stanford.edu/ webpageslist HPSG-relatedprojectsandpeopleinvolvedat
CSLI, andalsoprovideanonlinedemonstrationof theLKB systemandLinGO grammar.

5Informationon theTokyo laboratorycanbefoundat http://www.is.s.u- tokyo.ac.uk/
6A third platform in theconsortium,theLiLFeS system(Universityof Tokyo), is basedon compilation

to anabstractmachine.SeeSection2.12for moreinformation.
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1.1. Outline

second,orthogonalgoalwaspursued,namelyto provide anefficient run-timeprocessing
systemthat supportsfruitful scientificandpracticalutilization of HPSG grammars,com-
plementingtheexistingdevelopmentplatformsPAGE andLKB.

The approachof systematicexperimentationand preciseempirical study of system
propertiesis calledcompetence& performanceprofiling (Oepen,2001;OepenandCarroll,
2000b;OepenandCallmeier,2000;OepenandFlickinger,1998).Suitabletoolsareakey
requirementfor fruitful systematicexperimentationandcomparison.I usethe[incr tsdb()]7

environmentfor my experiments.[incr tsdb()] providesfacilities to obtain,analyze,and
comparerich, precise,andstructuredsnapshotsof systembehavior (calledprofiles). It
definesa set of descriptive metricsthat aim both for in-depthprecisionand generality
acrossdifferentprocessingsystems,enablingtheircomparison.Section4.1providesmore
detailsabouttheroleof [incr tsdb()] in my work.

Situatedin thecontext of theaforementionedcollaborative researcheffort, I wasable
to basemy experimentalwork on threedifferentlarge-scaleHPSG grammars,theLinGO
grammarof English(Flickingeret al., 2000a;Copestake andFlickinger,2000),theJapa-
neseVerbmobil grammar(Siegel,2000),andtheVerbmobil grammarof German(Müller,
1999;Müller andKasper,2000). Thesethreegrammarsobey a commondescriptive for-
malismthattheconsortiumhasconvergedon(Oepenetal., 2000).It canbecharacterized
asa conservativeblendof Carpenter(1992b),Copestake (1992),andKriegerandScḧafer
(1994a),providing aclosed-world, conjunctive-only, multiple inheritancetypesystemthat
enforcesstrongtyping andstrict appropriateness,andallows typesto beassociatedwith
complex constraintsthat are inheritedandappliedat run time8. All processingsystems
within theconsortium,includingPET, implementthiscoreformalism,sometimesenriched
by platform-specificextensions(e.g.default unificationin theLKB).

1.1. Outline

Theorganizationof thethesisis asfollows. In Chapter2, I provide a review of previous
work, discussinga problemin Wroblewski (1987)andidentifying openquestions.Chap-
ter3 movesonto adescriptionof PET, my experimentationplatformandrun-timesystem.
I discussthearchitectureandimplementationof thetwo maincomponentsof PET, viz. the
preprocessorandtheparser, andtake a closerlook at the implementationof semi-lattice
constructionin thepreprocessor. Chapter4 describesaseriesof experimentsthatI carried
out usingPET andanswersa numberof theopenquestionsidentifiedin Chapter2. High-
lights includea comparisonof threealternative featurestructureencodings(onebasedon
lists of featuresandvalues,theothertwo exploiting fixedarity), anda comparisonof two

7The (draft) [incr tsdb()] usermanual,the softwarepackageitself, andan explanationof the strange-
lookingnamecanbeobtainedfrom http://www.coli.uni- sb.de/itsdb

8For details,seeCopestake (2000).
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1. Introduction

processingsystems(theLKB andPET) acrossthethreegrammars.I concludewith a sum-
maryof theresults,a review of progressin processingtheLinGO grammarovera period
of four years,andasetof openquestionsfor furtherwork (Chapter5).
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2. Previous and Related Work

This chapterreviews previous relatedwork on efficient graphunificationin naturallan-
guageprocessing.Graphunificationexperiencedawaveof interestfrom themid-eighties
to theearly nineties. I discussthe relevant literaturein Sections2.1 to 2.8. Recentcon-
tributionsto this line of researcharereviewedin Sections2.9 and2.10. I summarizethe
variousapproachesin Section2.11, and identify a numberof openquestions,that are
answeredin Chapter4. Finally, I provideabrief survey of alternativeapproaches.

The papersthat I discussin the first two sectionsboth dateback to 1985, and are
theearliestpublishedworkson efficiency issuesin graphunificationin thecomputational
linguistics literature. Both KarttunenandKay (1985),which is the subjectof the next
section,andPereira(1985)identify copying asanexpensiveoperationthatcanbepartially
avoided. The commonsolution proposedis structuresharing1, albeit by two different
means.

2.1. Kar tunnen and Kay’s Structure Sharing with
Binar y Trees

KarttunenandKay (1985)proposerepresentingfeaturestructuresasbinary trees.Using
binarytreesto representfeaturestructuresallows a simpleaddressingschemethatcanbe
exploitedfor a structuresharingrepresentation.Theaddressingschemeassignsan index
to nodesthatcorrespondsto theconcatenationof a binaryrepresentationof theturnsone
takesto reachthis nodefrom the root of the tree. A left turn is representedby

�
anda

right turn by � . Minimizing copying is achieved by duplicatingonly changedpartsof
a graph,i.e. only the topmostnodeof a treeis copiedaswell asnodesalongany paths
leadingto changednodes.This is theverysameideausedin thestructuresharingschemes
proposedlater in Tomabechi(1992)andMalouf et al. (2000). The ideaof lazy copying

1Whentalking aboutstructuresharinghereandin the following, I do not refer to the structuresharing
thatrepresentsreentranciesin onegraph,but ratherto thesharingof subgraphsbetweentwo distinctgraphs.
Tomabechi(1992)callsthefirst kind feature-structure sharingandthesecondkind data-structuresharing.
Malouf et al. (2000)call thesecondkind of structuresharingsubgraphsharing.
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2. PreviousandRelatedWork

is also found in a numberof later papers(Godden,1990; Kogure,1990;Emele,1991;
Tomabechi,1991).

One difficulty with this schemeis to maintain the treesbalanced. Without further
provisions,thetreescoulddegenerate,resultingin treeswith accesstimesmuchworsethan
thelogarithmiconein thebalancedcase.KarttunenandKay (1985)proposeasolutionto
this problem;during unification,whenever we have to choosewhich treeshouldembed
anothertree, we choosethe combinationthat resultsin the combinedtree of minimal
height. To implementthis efficiently, we have to maintaininformationabouttheshortest
path from eachnodedown to a nodewith a free left or right pointer. This allows to
efficiently find theshallowestplacein atreeto embedanotherone.To easilydeterminethe
shallowestcombinedtree,we alsohave to storethelengthof thelongestpathoriginating
from eachgivennode.

No evaluationof the methodis given, nor detailsaboutan implementationof this
scheme.It remainsquestionableif theinevitableoverheadof encodinga featurestructure
in a binary treecanbe compensatedby the gain from structuresharing. Also, it is not
clearif theproposedsolutionto theproblemof thebinary treesbecomingimbalancedis
sufficient,becausefor largestructuresconsiderableimbalancescanstill occur.

KarttunenandKay makeaninterestingremark:

In a sense, mostof thecopyingeffort is wasted.Unificationsthat fail typically
fail for a simplereason.If it wereknownin advancewhataspectsof structures
are relevantin a particular case, someeffort couldbesavedbyfirstconsider-
ing only thecrucial featuresof theinput. (KarttunenandKay,1985,p. 133)

This is exactly what is later successfullyrealizedin the quick checkfiltering technique
(Malouf et al., 2000;Kiefer et al., 1999),discussedin Section4.4.

2.2. Pereira’ s Structure Sharing Representation

Anotherimportantearly researcheffort into efficient graphunificationis documentedin
Pereira(1985).Pereiraidentifiescopying asasourceof inefficency, andproposesto elim-
inatemostof this copying by representingupdatesto objectsseparatefrom the objects
themselves. This is inspiredby structuresharingmethodsfrom theoremproving (Boyer
andMoore,1972)andPrologimplementation(Warren,1977).

The basicideaof Pereira’s approachis that an initial object, togetherwith a list of
updaterecords,containsthesameinformationastheobjectthatresultsfrom applyingthe
updatesto the initial object. In this way, thecostof applyingtheupdates(with possible
copying to avoid destructively modifying theoriginal object)canbetradedfor thecostof
having to computetheeffectsof updateswhenaccessingthederivedobject. In Pereira’s
approach,daginstancesarerepresentedby a skeleton(theinital dag)andanenvironment

6



2.3. Karttunen’sReversibleUnification

(a tableof updates).Pereirasuggeststo usevirtual-copy arraysknown from Prologimple-
mentation(Warren,1983b)to representdags.Thisgivesthebenefitof an �������
	���
 access
andupdatetime for anarraywith highestusedindex � , while old contentsarepreserved
whenupdating.

This allows two levelsof sharing:The Boyer-Moore style dagrepresentationallows
deriveddaginstancesto shareinput datastructures(skeletons),andthevirtual-copy array
environmentrepresentationallows differentbranchesof thesearchspaceto shareupdate
records.Thepriceto payis an �������
	���
 overhead(where� is thenumberof nodes)in any
graphaccess.

Pereirareportsaboutpreliminarytestswith aPrologimplementationof hisschemeon
variousgrammars,wherethestructuresharingschemeis up to 60%(andnever lessthan
40%)fasterthanthesameparsingalgorithmwith structurecopying. No detailsaboutthe
grammaror theinput usedis given. Without informationon thesizeof thefeaturestruc-
turesandthesizeof theparsechartit is hardto estimatehow muchthenodeaccessover-
headandthecostof applyingenvironmentsaffectsparsingtime. It couldbeexpectedthat
thiscostbecomesmoresignificantfor largefeaturestructures,anddeeplyembeddedskele-
ton/environmentstructuresnecessitatingfrequentreapplicationof environments. I de-
scribea relatedexperimentinvestigatingtheefficiency of a skeleton/environmentscheme
in Section4.7.

2.3. Kar ttunen’ s Reversib le Unification

Karttunen(1986)identifiesdestructiveunificationandthenecessitatedcopying asasource
of computationalinefficiency. Karttunenproposesa novel solution to this problem,by
implementingunificationin a way sothat theoriginal stateof theinput structurescanbe
restoredafterunificationhasbeencompleted.This is achievedby saving originalattribute
valuestogetherwith theattribute-valuepair, whenevera destructivechangeis aboutto be
made.In thisway, theeffectsof unificationcanbeundoneby restoringtheoriginalvalues
of all savedattribute-valuepairs.

Karttunengivesno detailsof how his schemeis implemented.No evaluationis pre-
sentedeither, althoughKarttunenremarks:

It appearsthatthissimpletechniqueis moreeffectivein reducingparsingtime
thanthemethodsdiscussedin theliterature[...] that improvetheefficiencyof
copyingbyusingstructuresharing. (Karttunen,1986,p. 22)

WhatKarttunenoverlookshere,is thatstructuresharingis alsopossiblewith a reversible
unificationscheme.

Karttunen’s basicideais the very samethat is later suggestedin Tomabechi(1991),
with theimportantimprovementof integratingamechanismfrom Wroblewski (1987)that

7



2. PreviousandRelatedWork

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

2.4. Wroblewski’ s Nondestructive Graph
Unification

Wroblewski (1987) startsout from the assumptionthat the fundamentalproblemwith
previous approachesto graphunification is implementingit as a destructive operation,
becausethis necessitatescopying, which hasbeenidentifiedasa computationalsink. To
remedythis,Wroblewski proposesto useanondestructivealgorithm.While thishasbeen
proposedbefore(Karttunen,1986), Wroblewski’s importantcontribution is the defini-
tion of over copyingandearly copying. Although the latter hasbeenredefinedlater by
Tomabechi(1991)(seeSection2.8), bothdefinitionshave beenusedtroughoutthework
in this areasincethen (Godden,1990; Kogure,1990; Tomabechi,1991; Emele,1991;
Tomabechi,1992,1995).

Wroblewski classifiesthe fractionof copying that is doneunnecessarilyin two parts.
Therecanbetoomuchcopying whencopiesaremadeof bothinputdags,andthenbothare
destructively modifiedby theunificationoperation.In this way, theraw materialfor two
input dagsis usedto createjust onenew dag,whosesizealmostnever equalsthesumof
thetwo input dagsizes.Wroblewski callsthis typeof unnecessarycopying over copying.
A betteralgorithmwould only allocateenoughmemoryfor the resultingdag. Another
way of unnecessarycopying is whenthe input dagsarecopiedbeforeunificationstarts,
but the input dagslater turn out not to be unifiable. This kind of unnecessarycopying
is calledearly copyingby Wroblewski. A betteralgorithmwould checkfor unifiability
first, andonly copy for compatiblegraphs.Wroblewski observesthat over copying and
earlycopying areindependentpropertiesof aunificationalgorithm,andthuscanbetreated
independently.

Thesolutionproposedby Wroblewski is to implementunificationnondestructively, by
incrementallycopying the argumentgraphs.This requiresadditionalslots in the graphs
to keeptrack of the copiesassociatedwith eachnode. A problemwith his algorithm,
identifiedby Wroblewski, is that it still over copiesin certaincases,namelywhencopies
of nodesthatarefoundto bereentrantlater, werepreviouslymadeindependently.

Wroblewski compareshis schemewith Pereira(1985)andKarttunen(1986). He ac-
knowledgesthat Pereira’s schemewould not over copy in caseswherehis own scheme
would. He addsthathe found theskeleton/environmentsolutionhardto implement,and
mostof its speedadvantagewascancelledby the ���
	�����
 nodeaccessoverhead.Compared
to Karttunen’s scheme,Wroblewski seesan importantadvantagein the fact that his al-
gorithm canundochanges(in the copyslots) in constanttime by incrementinga global
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counterandprotectingcopyslot accessthrougha validity marker. This idea(attributed
to Mark Tariton) later plays a centralrole in Tomabechi’s quasi-destructive unification
(Tomabechi,1991).

Wroblewski identifiesfour tradeoffs in implementinggraphunification,namelyover
copying, early copying, dagaccessoverheadandrestrictivenessto certaincontexts. He
also suggestsfuture researchinto techniquesto intelligently eliminaterule application
without invocing unification; suchtechniqueshave later beenpresentedin Kiefer et al.
(1999)andMalouf et al. (2000).

Wroblewski doesnot presentan evaluationof his algorithm. Also, no information
is given on how muchover copying andearly copying occursin practice. I presentan
evaluationof the algorithm in Section4.2, and also presentdetailednumberson over
copying andearlycopying with a largescalegrammar.

2.4.1. Problems with the Algorithm

In spiteof thelong timeWroblewski’salgorithmis known, andalthoughit hasservedasa
startingpoint for improvedalgorithmsin anumberof laterpapers(Godden,1990;Kogure,
1990;Emele,1991;Tomabechi,1991),noneof thesepapersmentionthe problemthat I
discussin this section.

The procedureunify2 (seeFigure 2.1) as describedin Wroblewski (1987) is not
correct. The problemarisesfrom incorrectlyhandlingthe 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 unify1 is invocedonthecopy andonthenodethatdoesnothaveacopy. This
specialversionof unify1 preservesits secondargumentandrecordsall changesin the
first argument.

Thereare,however, caseswherethis is not possible.Onesuchcaseis illustratedin
Figure2.2.Here,unify2 hasbeenrecursively invocedonthenodes4 and 7 , following
thearcslabelledC. Thereis a copy alreadyassociatedwith 7 in theright graph,sinceit
waspreviouslyvisitedwhenunifying 2 and 7 following thearcslabelledA. Thereis no
copy associatedwith 4 . Thus,theconditiononline 21 in Figure2.1is true,andunify1
is calledon 4 and 9 , thecopy of 7 .

Thereis no possibleway for unify1 to producethecorrectresultnode(a nodewith
twoarcslabelledBandD) withoutdestructivelymodifying 4 , whichis partof theoriginal
input graphandmustnot bemodified. Sinceunify1 doesnot make copies,oneof the
input nodeswill be therepresentative of the result. If 4 is chosenastherepresentative,
anarc labelledB hasto beadded,thusmodifying thenode;if 9 is chosenastheresult
representative, 4 hasto beforwardedto 9 , thusmodifying 4 . Onemight arguethata
solutionto this problemis representingtheresult in 9 , which canbemodified,andnot
forwarding 4 . In fact,Wroblewski (1987)givesthisexplanationfor line 23in Figure2.1:
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1 PROCEDUREUnify2 (d1 d2)
2 Dereference d1, d2.
3 IF neither d1 nor d2 have copies THEN
4 copy = a new node. copy.status = "copy".
5 d1.copy, d2.copy = copy.
6 newd1 = complementarcs(d1, d2).
7 newd2 = complementarcs(d2, d1).
8 shared = intersectarcs(d1, d2).
9 FOR all 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 d1 xor d2 has a copy THEN
22 Without loss of generality, assume d1 has the copy.
23 * unify1(d1.copy, d2) preserving d2.
24 Return d1.copy.
25 ELSE if both d1 and d2 have copies THEN
26 Unify1(d1.copy, d2.copy).
27 ENDIF
28 ENDPROCEDURE

Figure2.1.:Theprocedureunify2 from Wroblewski (1987)
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1
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4
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8
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CA CA

B

A

Figure2.2.:Problematicsituationfor Wroblewski’salgorithm.unify2 is currentlywork-
ing on thetwo nodespointedtwo by thearrows. Grey nodesrepresentcopies.Dotted
linesrepresentpointersin thecopyslots.

21 ELSE if d1 xor d2 has a copy THEN
22 Without loss of generality, assume d1 has the copy.
23 + d2.copy = d1.copy.
24 unify1(d1.copy, d2) preserving d2.
25 Return d1.copy.

Figure2.3.:Fix for procedureunify2 from Wroblewski (1987).Line 23hasbeenadded.

Whena copyalreadyexistsfor onegraphor theother, but notboth,thisalgo-
rithm will performan operation verymuch likeunify1, but no forwarding
will bedonesincethechangescanall besafelyrecordedin thecopy. This is
whatis meantbytheline markedwith anasterisk.(Wroblewski,1987,p. 584)

This might seemto work at a first glance,but it is not a correctsolution either, as
potentialreentrancieswith 4 will belost: if weencounter4 againduringthisunification,
wedonotknow thatit hasbeenunifiedwith 7 alreadyandtheresulthasbeenrepresented
in 9 . A bettersolutionbecomesobvious (andwasprobablyintendedby Wroblewski):
we forward 4 to 9 usingthecopyslot. Thefix is shown in Figure2.3.

Evenwith this fix in place,unify2 remainsproblematic.Figure2.4shows thesitua-
tion from aboveafterunify2 hasfinishedits work on 4 and 7 , andthusfinishedpro-
cessingthe input graphs.Theproblemhereis that the resultgraphreturnedby unify2
shares 5 with the left input graph,becauseunify1 is calledto unify 4 and 9 , but
unify1 by designnever copies.Thus,theresultis not independentof theinput graphs.
This cancauseproblemswhengraphsaremodifiedby operationsotherthanunification,

11



2. PreviousandRelatedWork

1
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Figure2.4.:Situationfrom aboveafterthefixedunify2 hasfinishedprocessingtheinput
graphs.Node 5 hasnotbeencopied.

e.g.whenremoving partsof a graphusinga restrictor. Also, sincecoindexationis repre-
sentedvia graphreentrancies,it canresultin spuriouscoindexation(e.g.whenusingone
lexical entrymultiple timesin parsingonesentence,Malouf etal. (2000)discusstheprob-
lem in moredetail). Note that independentof my fix, this problemalsoarisesin simpler
situations.If in theexampleabove 2 did not haveany outgoingarcs,we couldhave just
forwarded 9 to 4 — still, 5 wouldendupuncopiedin theresult.

A relatedproblempresentsitself whentrying to adaptunify2 for typedunification.
Here,situationsasdescribedabove,whereunify1 is notableto representtheresultwith-
out modifying oneof the input graphsoccurmorefrequently, namelywhenthe greatest
lower boundtypeof the two unifiednodesis differentfrom eachof the two input types.
Again,unify1 is calledwhenoneof thenodesalreadyhasacopy, but it cannotrepresent
theresultwithoutcreatinganew copy.

2.4.2. An Impr oved Version of unify2

Thereis notrivial fix to solvetheproblemsdescribedin thelastsection.It seemsfor cases
like theonespresented,weneedacrossbetweenunify1 andunify2 , i.e.aunification
procedurethat is allowedto destructively modify oneof its arguments,but not theother.
If sucha functionis usedinsteadof unify1 in placeswhereonenodeis a copy, but not
theother, theproblemsdetailedin thelastsectionaresolved.I call this functionunify3 .

The changeto unify2 itself is given in Figure 2.5, the new function unify3 is
shown in Figure2.6. unify3 is relatively straightforward. First, theargumentsneedto
bedereferenced(line 2), if they areidentical(a reentrancy), thefirst node( ��� ) is returned
asthe resultrepresentative (line 3). Thentwo casesneedto be considered:��� canhave
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21 ELSE if d1 xor d2 has a copy THEN
22 Without loss of generality, assume d1 has the copy.
23 Return unify3(d2, d1.copy).

Figure2.5.:Final fix for procedureunify2 from Wroblewski (1987).

1 PROCEDUREunify3 (d1, d2) (* Unify d1 into d2 *)
2 Dereference d1, d2.
3 IF d1 and d2 are identical THEN Return d1.
4 IF d1 has no copy THEN
5 IF d1 is a copy THEN Return unify1(d1, d2).
6 d1.copy = d2.
7 FOR each arc a1 in d1
8 IF d2 has a corresponding arc a2
9 unify3(a1.value, a2.value)

10 IF unify3 failed THEN Return failure.
11 ELSE
12 Copy a1.value honoring existing copies within.
13 Add a new arc with the copied value to d2.
14 ENDIF
15 Return d2.
16 ELSE
17 Return unify1(d1.copy, d2).
18 ENDIF
19 ENDPROCEDURE

Figure2.6.: New procedureunify3 . The first argumentgraphcannotbe modified,the
secondonemaybechanged.
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a copy already, thenunify1 canbe usedto destructively unify the copy of ��� andthe
secondargument ��� (line 17). Otherwise,we needto checkif ��� is a copy (using the
statusfield), in this caseunify1 canbeused(line 5). Otherwise,��� is registeredasthe
copy of ��� (line 6), andwego throughall arcsof ��� . Wheneveracorrespondingarcexists
in ��� , wecall unify3 onthearcvalues(line 9). Whenacorrespondingarcdoesnotexist,
acopy is insertedinto ��� (line 12–13).

I donotgivea formalcorrectnessproof,but I will briefly discusswhy unify3 works
asintended.It is importantto keepthreeinvariantsin mind thatareassumedthroughout:

1. unify3 neverdestructively modifiesits first argumentnode,nor thenodesbelow2.

2. Thesecondargumentto unify3 is acopy.

3. Whenanodeis acopy, all nodesbelow it arecopies.

We canseeby inspectionthat unify3 maintainstheseinvariants,the secondandthird
invariantarealsomaintainedby unify2 . This is enoughto show thatunify3 behaves
asexpectedwith respectto not destructively modifying its first argument.I do not show
herethatit actuallyperformsunificationof theargumentdags.

2.5. Godden’s Lazy Unification

Godden(1990)presentsa new solutionto theefficiency problemwith copying argument
graphsbeforedestructiveunification.It requiresnonew slotsin thestructureof nodesand
only minor revisionsto theunificationalgorithm. Thebasicideais usinglazy evaluation
techniquesto delaycopying — Goddenarguesthatlazyevaluationis agoodtechniquefor
thecopying problemin graphunificationbecausetheoverwhelmingmajority of copying
is unnecessary. Dagsareturnedinto anactivedatastructure,usingtwo basicprocedures:
delayandforce. In this way, copying canbedelayeduntil it is forced. Whencopying is
unnecessary, it is never forced, andthusdelayedinfinitely. Goddenimplementsdelayby
usingclosuresprovidedby theprogramminglanguage.

Adaptinganexisting unificationalgorithmfor lazy evaluationrequiresonly minimal
modifications.Whenever a destructive operationis aboutto bemadeon a node,a proce-
durecalledforce-delayed-copy is calledon this nodefirst. This procedureforces
thenext level of any delayedcopying of thisnode,subsequentlydelayingthenext level of
copying. This schemereducescopying both in thecaseof unificationfailure,andin the
caseof asuccessfulunification,for two reasons.Ontheonehand,it usesonly theminimal
requirednumberof nodes(not thesumof thenodesof thetwo input graphs),andon the

2I saya givennodeis belowanothernodein a featurestructure,if thereis a sequenceof attribute-value
pairsthroughwhich thelattercanbereachedfrom thefirst.
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otherhandit oftenneedseven fewer nodes,whennodesdo not needto be copiedat all.
The secondkind of unnecessarycopying is calledredundantcopying in Kogure(1990),
andavoidedthrougha lazy copying scheme.Godden’s algorithmneedstwo morerefine-
ments:it needsto rememberif a givennodehasalreadybeencopied.This is doneusing
copyenvironments. Thesemustbe associatedto individual dags,andcannotbe global,
becauseseveraldagsmayneedto bepreservedduringparsing.Thesecondrefinementis
for nodesthatremaindelayedaftersuccessfulunification.Thesenodescanacquireanew
rootby subsequentunification,andthenattemptedto becopiedfrom insidethisnew root.
Thesolutionis to give thenodeaccessto thenew copy environment,this canbedoneby
destructively mergingcopy environments.

An empiricalevaluationof lazyunificationis providedfor tensentencesparsedby the
TASLINK naturallanguagesystem(Godden,1990). Lazy unificationcopiesonly 7% of
thenodescopiedby eagerunification— however, this doesnot take into accountthecost
of creatingclosuresto delaycopying. Theactualspeedupis about50%.Goddenidentifies
severalsourcesof inefficiency in his implementationof lazyunificationthatcouldbefixed
easily, thus further improving performanceof his method. Goddenconcludeswith an
interestingremark: while he considersthe endresultaselegant,developmentwasslow
dueto thedifficultieslazyevaluationpresentsfor debugging.

While Godden’s solutionfor thecopying problemis conceptuallyelegant,partof the
costof copying is merelyhiddenin programminglanguagespecificconstructsfor delay-
ing operations.Thepotentiallycostlycreationof closuresis unnecessaryin caseswhere
thoseclosuresremainunchangedin the final result. Also, the searchin the copy envi-
ronmentsand merging of thoseenvironmentscausesadditionaloverhead. The limited
evaluationprovidedby Goddenmakesit hardto estimatethebenefitsof lazy unification
on input datawith differentcharacteristicsthan Godden’s data. Also, a comparisonto
Wroblewski’s methodis missing,which alreadycreatessignificantly fewer nodesthan
an eagerunificationmethod,so it remainsan openquestionif the overheadof delaying
copying paysoff comparedto Wroblewski’sapproach.

2.6. Kogure’ s Strategic Lazy Incremental Copy
Graph Unification

Two methodsfor improving the efficiency of featurestructureunificationarepresented
in Kogure(1990). The first is lazy incrementalcopy graphunification(LING), a novel
methodto achieve structuresharingwhile maintainingconstanttime nodeaccess.The
secondmethodis strategic incrementalcopy graphunification(SING), which implements
anearlyfailurefindingstrategy which triesto unify substructuresthattendto fail in unifi-
cationfirst. Thetwo methodscanbecombined(SLING).
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Kogureintroducesthetermredundantcopyingfor theunnecessarycopying thattakes
placewhen,insteadof sharingstructure,unchangedpartsof the input graphsarecopied.
Kogureidentifiesredundantcopying asthemaindeficiency of thealgorithmsuggestedin
Wroblewski (1987),becausein Wroblewski’s methodthe resultgraphconsistsof newly
creatednodesonly.

Thelazy incrementalcopy graphunificationmethodpresentedby Kogureis anexten-
sion of unify2 from Wroblewski (1987). A lazy evaluationtechniqueis usedinstead
of completelycopying arcswithout a counterpartin the correspondingstructure.In this
way, copying a nodeis delayeduntil either its own contentsneedto change,or until a
nodebelow it needsto be copied. To implementthis, the procedureto copy a nodeis
revisedto maintaincopy dependency information. The nodeitself is not copiedimme-
diately, throughthecopy dependency informationwe know whatothernodesneedto be
copiedif this nodeis modifiedlater.

Thestrategic incrementalcopy graphunificationmethodis basedonlearninginforma-
tion aboutwhich partsof graphsaremorelikely to fail thanothers.It takesadvantageof
thefactthatunificationtendsto fail oftenundersomefeatures,andonly rarelyunderoth-
ers(e.g.semanticsconstructionin aparser).Thefrequenciesneedto belearnedsincethey
areapplicationspecific,e.g. in a generatorunificationof semanticswill fail often. The
learningprocessusesrandomizedfeaturetreatmentorders.Failure tendency is recorded
for type-featurepairs.This learnedfailuretendency informationis thenusedto applyuni-
fication in anorderthatfirst treatsfeatureswith thehighesttendency to fail, by ordering
thearcsthatarerecursively unified(sharedarcs)in eachunificationstep.

Unfortunately, Kogurepresentsno evaluationof his techniques.Thus, it is hard to
estimatetheir effectiveness.Both techniquesincur an overheadthat can potentiallybe
significant. The LING methodrequiresmaintainingthe copy dependency information,
andactualcopying requiresa secondtraversalof the affectednodes;the SINGmethod
requiresto sort sharedarcsaccordingto failure frequency in eachstep(or maintainthis
orderat all times),this canbe costly, asdiscussedin Tomabechi(1995),andverifiedby
my own experiments.Like any incrementalcopying technique,LING suffers from early
copying, seeSection2.8.

Kogure’s ideaof usingfailure frequency informationwaslater takenup andgeneral-
izedby Uszkoreit (1991).Failurefrequency informationis alsocrucialin thequickcheck
filtering technique(Malouf et al., 2000;Kiefer et al., 1999). I take a closerlook at the
quickcheckin Section4.4.
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2.7. Emele’s Unification with Lazy Non-Redundant
Copying

A new attemptatsolvingthecopying problemis presentedin Emele(1991).As in Kogure
(1990),theproblemof redundantcopying (seeSection2.6)is identifiedasthemainweak-
nessof previousapproaches.Thesolutionsynthesizesideasof lazy copying with theno-
tion of chronologicaldereferencingto achieve a high amountof structuresharing.Emele
criticizesGodden(1990)andKogure(1990) for having to copy all the nodeson a path
leadingto anodethatneedsto becopied,evenif thesenodesarenotchangedthemselves.
Thiscanincuraconsiderablecost,sincesuchcasesarecommonin unification-basedpars-
ing. Also, both methodsrequirethe copying of arcsto a certainextent. Curiously, in
previousdiscussionsof thecopying problem,thecopying of arcswassimply ignored.

Emele’s Lazy IncrementalCopying (LIC) methodis basedon Wroblewski’s ideaof
incrementallyproducingtheresultdagduringunification,leaving theargumentdagsun-
touched.Copiednodesareassociatedwith theinputstructure’snodesby meansof a copy
slot in the noderepresentation.Unlike Wroblewski, however, copiesarecreatedlazily.
Only in caseswhereanupdateto a nodeof oneof theinput structuresleadsto a destruc-
tive changecopying is required. In this way, Emeleclaims to combinethe advantages
of Wroblewski’s incrementalcopying andstructuresharingfrom Pereira(1985),avoiding
the disadvantagesof both methods.Insteadof usingglobal environmentsasPereira,in
the LIC approacheachnoderecordsits own updatesin the copy field anda generation
counter. This makescomplex merging of environmentsunnecessary, but requiresa new
dereferencingoperation.Usually, dereferencingfollowsa pointerchainall theway to the
endto find thedestinationnode. In LIC, however, dereferencingis performedaccording
to anenvironment.A generationcounteris associatedto each“copynode”,indicatingthe
generationto which it belongs.An environmentis just asequenceof generationcounters.
Dereferencingfollows pointersonly aslong asthedestinationnode’s generationis older
thantheyoungestgenerationin theenvironment.Environmentsareextendedwith a new
generationwhenever a choice-pointis encountered,the lengthof theenvironmentcorre-
spondsto the numberof stacked choice-points.This allows chronologicalbacktracking
to anolderstateof computationin constanttimeby activatingthecorrespondingenviron-
ment. An additionaladvantageis thata separateforward slot is no longernecessary;all
forwardingscanbe expressedthroughcopy-pointersandenvironments.The unification
algorithmitself proceedsroughly like standarddestructive graphunification. Whenever
two nodesaremerged,anew copynodeis only createdwhennoneof thetwo nodesis ac-
tive, i.e. partof thecurrentgeneration.Whenbothnodesareactive, they aredestructively
merged,if only oneis active, thenon-activenodeis forwardedto theactivenode.

Theproposedalgorithmis implementedin CommonLisp, andis usedastheessential
operationin theinterpreterfor theTypedFeaturesStructureSystemTFS(EmeleandZajac,
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1990a,b).The LIC methodwasevaluatedon a sampleHPSG grammarusinga small set
of test sentences,and an overall reductionin processingtime of 60–70%is observed.
Unfortunately, furtherdetailsarenotgiven.

Oneobviousdisadvantageof Emele’smethodis thecomplex dereferencingoperation,
thatwill incurconsiderableoverheadfor a largegrammar, wheregraphsareunifiedalarge
numberof timesto createa complex constituent.This is thesameproblemasin Pereira’s
algorithm,althoughthecostof chronologicaldereferencingshouldbesmallcomparedto
applicationof environmentsas in Pereira’s scheme. Another, more fundamentalprob-
lem, that Emele’s approachshareswith any other incrementalcopying method,will be
discussedin thenext section.Strictly speaking,though,the tradeoff inherentin Emele’s
approachhasneverbeenevaluatedandcomparedwith otherrecentapproaches(in partic-
ular thatof Tomabechi,seenext section);this remainsanopenquestion.

2.8. Tomabec hi’s Quasi-Destructive Graph
Unification

The quasi-destructive unification introducedin Tomabechi(1991) and later detailedin
Tomabechi(1995) is often consideredthe mostefficient graphunificationalgorithmfor
naturallanguageprocessingtoday(seee.g.vanLohuizen(2000)).Tomabechi’salgorithm
completelyeliminatescopying for unsuccessfulunifications,andallows early finding of
unificationfailures.Tomabechistartsout from thesimple,yet importantinsight thatuni-
ficationdoesnot alwayssucceed3, thuscopying (which is known to beexpensive)should
only be donefor successfulunifications. Also, failuresshouldbe foundassoonaspos-
sible. Tomabechiredefinesthenotionof earlycopying to includeall copiescreatedprior
to finding a failure,while Wroblewski’s definition only includescopiescreatedbeforea
failing unificationstarts.In retrospect,it seemsartificial to excludethecopiesmadedur-
ing unificationin thisway. All incrementalcopying methodsnecessarilysuffer from early
copying asdefinedby Tomabechi,sincerecursive calls into sharedarcscannotknow if
futurerecursionsinto othersharedarcswill eventuallyfail, thusthey cannotavoid to copy
nodes.

The centralidea in Tomabechi’s unificationalgorithmis to provide a way to record
changesmadeto agraphduringunificationin thenodesitself, withoutdestructively mod-
ifying them. This is achieved by using an idea from Wroblewski (1987), namelythat
changescanbe undoneat virtually no costwhenthe changesarerecordedin slots that
areprotectedby a generationmarker. Thecontentsof sucha temporaryslot areignored,
unlesstheir generationmarker is equalto theglobalgenerationcounter. All changesto a

3In fact,in typical large-scaleunification-basedparsingsystemsthatuseno filtering techniques,thevast
majorityof attemptedunificationsfails.
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dagduring unificationarerecordedin suchtemporaryslots,i.e. in Tomabechi’s scheme
the forward slot is protectedby a generationmarker, anda new comp-arcs slot is intro-
duced,wherearcsaddedto a nodeduring unification are recorded. When unification
fails,all changesdonesofar canbeundoneby simply incrementingtheglobalgeneration
counter. Whenunificationsucceeds,the resultis copiedinto a permanentstructure,then
thechangesto the input graphscanagainbeundoneby incrementingtheglobalcounter.
Thecontrolstructureof Tomabechi’s algorithmis similar to Wroblewski’s unify1 , but
all changesaremadequasi-destructively. Tomabechi’s algorithmcanbeseenasa way to
completelydelaycopying, with only theminimal overheadof accessingtemporaryslots
protectedthroughagenerationmarkermechanism.

Tomabechipresentsanevaluationof hisalgorithm,parsing16sentencesusingaHPSG-
like grammarfor Japanesethatseemsto befairly small4. A speedupof up to a factorof
two canbeobservedcomparedto Wroblewski’s algorithm,anda similar reductionin the
numberof copies.I presentadetailedevaluationona large-scalegrammarin Section4.2.

2.9. Extensions to Tomabec hi’s Algorithm

While Tomabechi’sunificationalgorithm,aspresentedin theprevioussection,completely
eliminatesearlycopying, theproblemof redundantcopying is ignored,i.e.theresultgraph
consistsof new nodesonly, evenif partscouldbesharedwith theinputgraphs.Tomabechi
(1992)andMalouf etal. (2000)presenttwo similarwaysto integratestructuresharinginto
Tomabechi’soriginal algorithm.

Theschemesuggestedin Tomabechi(1992)follows two designprinciples,(i) atomic
nodescanbeshared,and(ii) complex nodescanbesharedunlessthey aremodified. No
modificationto theunificationalgorithmis necessary, structuresharingis achievedby the
copying algorithm. The copying algorithmalwaysshares(i.e. it doesnot copy) atomic
nodes. Complex nodesaresharedif no nodesbelow that nodearechanged;a nodeis
consideredchangedif it is the target of forwarding,or if it hasany temporaryarcs. If
a changednodeis found in a recursionstep,that informationis passedup to the caller.
Malouf etal. (2000)proposeanalgorithmthatimplementsstructuresharing“in muchthe
sameway” asTomabechi,with a“crucial difference”concerningthesharingof nodesthat
arepartof thegrammar. Nodesthatarepartof thegrammarmustnotbeshared,sincethat
could leadto spuriousreentranciesor cyclic structureswhenonepartof the grammaris
usedmorethanoncein thederivationof asinglesentence,or whengraphsaremodifiedby
operationsotherthanunification(e.g.arestrictor).An inefficientwayto avoid theproblem
is instantiatingtheparsechartwith freshcopiesof all rulesandlexical entries,andto copy
structuresbeforeapplying a restrictor. This extra copying can be avoided by marking

4Thetotalgrammarsizeis only2324nodescomparedto severalhundredthousandnodesin thelarge-scale
grammarsI amusing,seeSection4.5.
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nodesassafeor unsafefor sharing. All nodesthat arepart of the grammararemarked
unsafe, nodesthatarecreatedduringparsingaremarkedsafe. Thecopy functionchecks
this flag whendecidingif a nodecanbe shared.This improvementallows the parserto
not copy a structurein many instanceswhereit would have to becopiedin Tomabechi’s
scheme.Both Tomabechi(1992)andMalouf et al. (2000)presentanevaluationof their
structuresharingmethod,andbothreporta speedupof abouta factorof two, andaneven
biggerreductionin memoryusageof up to a factorof three.I presentanevaluationonthe
LinGO grammarin Section4.2.

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

Van Lohuizen(2000)presentsa techniqueto reducethe memoryusageof Tomabechi’s
unificationalgorithm(Tomabechi,1991)considerablywithout increasingexecutiontime,
while making it thread-safeat the sametime5. Tomabechi’s algorithm usestemporary
slots (scratch fields) in the noderepresentationto avoid copying. Thesefields do not
contribute to the definition of the graph,but are usedfor bookkeepingpurposesin the
unificationandcopying functions.Thus,they arenotusefulwhenagraphis not currently
usedin unification,but still fill upmemory. Preferrably, scratchfieldswouldbestoredin a
separatebuffer thatcouldthenbereused.This hastheadditionaladvantageof increasing
the probability that they remainin cache,which is an importantconsiderationgiven the
growing differencein speedbetweenprocessorandmemory. Separatingthescratchfields
from the nodestructurealsoallows concurrentunification,becauseeachprocessorcan
work on a private scratchbuffer. The problemto be solved is that of binding scratch
structuresto nodes.VanLohuizendiscussestwo possibleapproaches,thestraightforward
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 elementsin the scratchstructurearray. Structuresharingcanbe implementedin this
schemein awaysimilar to Tomabechi(1992).

Van Lohuizenimplementedthe algorithm in Objective-C using a fixed arity graph
representation,andpresentsanevaluationon a medium-sizedgrammarfor Dutch for 22
sentencesof varying length. This shows that the algorithmdoesnot increaseexecution
time comparedto Tomabechi’s original algorithm; thereis even a 7% speedupthat can
be attributed to improved cachebehavior. Memory utilization is reducedsubstantially
by a factor of up to threefor complex input. Van Lohuizen(2001) reportsabout the
adaptationof the algorithmfor the LinGO grammar. An evaluationusing the fuse test
set(seeSection4.1.2)indicatesa minimal decrease(1.7%)in performancecomparedto

5Thetechniqueis alsoapplicableto Wroblewski’sunify2 (Wroblewski, 1987).
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Tomabechi’s algorithm,anda significantreductionof memoryutilization by a factorof
almosttwo. Anotherexperimentusingconcurrentunificationshowsaremarkablespeedup
of nearlytwo onadualprocessormachinefor thefusetestset.

2.11. Summar y

ThepapersI discussedin theprevioussectionsprovideaninterestingexampleof scientific
evolution. Techniquesthatturnedoutto beof essentialimportancecanbefoundveryearly,
but their potentialwasoftenrealizedonly muchlater, partlybecausetheireffectivenessin
isolationwaslimited andrequiredsynthesiswith othertechniques,andpartlybecausethey
wereonly vaguelydocumented,andnot backedby empiricalevaluation.Oneexampleis
the ideaof structuresharing,that dominatedthe discussionin the beginning (Karttunen
andKay, 1985;Pereira,1985),but thenwasignoredfor quite a while, andonly picked
up againby Kogure(1990).Thefull potentialof thegenerationcountermechanismfrom
Wroblewski (1987)wasonly realizedin Tomabechi(1991). Anothermain ingredientof
Tomabechi(1991) is alreadypresentedin Karttunen(1986),namelyto only copy when
unification is successful,by making unification reversible. Karttunenonly briefly dis-
cussesthis ideain his report,andprovidesnodetailsof theimplementation,noranevalua-
tion. Also, only thecombinationwith thegenerationcountermechanismallowedundoing
unificationscheaply. A final exampleis theideaof usingfailure-frequency informationto
find failing unificationasearly aspossible,that is first documentedin the SINGmethod
from Kogure(1990), andgeneralizedin Uszkoreit (1991). In both approachesfailure-
frequency informationis usedto guidethe unificationalgorithm. Erbach(1991b)is the
first to describeafilter thatallowsto skipunificationsthatif executedwould fail; asimilar
filter is laterindependentlyproposedby Maedaetal. (1994).Thesemethods,however, are
basedon manuallycompiledstaticinformationaboutfailure-pointsin feature-structures.
The techniquethat combinesthe ideasof filtering andusing failure frequency informa-
tion is the quick check (Malouf et al., 2000;Kiefer et al., 1999),which I will discussin
Section4.4. Thealgorithmpresentedin Tomabechi(1991)with thestructure-sharingim-
provementsfrom Tomabechi(1992)andMalouf etal. (2000)canbeseenasthesuccessful
synthesisof thepreviousapproaches,avoiding all kindsof unnecessarycopying asfar as
possible.This will be themainalgorithmusedin my empiricalwork in Chapter4. Van
Lohuizen(2000) is a further improvement,significantly reducingthe memoryrequire-
ments.A commontrendin thepaperscanbenoted.While theearlypapersoftenprovide
no empiricalevaluationat all, all the recentonesincludedetailedempiricalresults,with
increasinglychallenginginput usedover time. A similar observationcanbemadefor the
level of detail in thatthealgorithmsarepresented.While theearlypapersoftenonly ver-
bally sketchthealgorithm,detailedpseudo-codeis includedin mostrecentpublications.
Both factsgreatlyincreasetheability to reproduceandcomparethepublishedresults.
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Thereis universalagreementin thediscussedliteraturethatcopying is themainsource
of inefficiency in graphunification. Over copying, earlycopying andredundantcopying
areacceptedmeasuresto quantify thedifferentkindsof unnecessarycopying. Neverthe-
less,no preciseevaluationhastakenplace,quantifyingtheamountof thedifferentkinds
of copying. Section4.2 reportsaboutan experimentthatanswersthis question.It is of-
ten claimedthat unification(andthe necessitatedcopying) take the vastmajority of run
time in a unification-basedprocessingsystem(KarttunenandKay, 1985;Godden,1990;
Kogure,1990;Tomabechi,1991,1992;vanLohuizen,2000;Malouf et al., 2000),but it is
anopenquestionwhattheactualdistributionof run time in a systemcombiningthetech-
niquesto reduceunnecessarycopying andfiltering techniqueslooks like. I discussthis
in Section4.3. The ideaof representingfeaturestructuresusinga skeleton/environment
schemefrom Pereira(1985)wasnotpursuedin laterwork. I discussanapplicationof this
representationin Section4.7,andcompareit with two alternativestrategies.

2.12. Alternative Appr oaches

While thereis a significantbody of relevant work besideswhat I have discussedin the
previoussections,mainly from theareaof logic programmingandtheimplementationof
logic programminglanguages,a full discussionwould beoutsidethescopeof this thesis.
An easilyaccesibleoverview over someof theprogressin this areacanbefoundin (Van
Roy, 1994). This sectionbriefly surveys alternatives to the implementationof unifica-
tion asgraphunification. The alternativescanbroadlybe classifiedinto two categories.
The first category comprisesapproachesbasedon compilationto customizedabstract-
machines,mostof themmodelledafter the Warren Abstract Machine (WAM) (Warren,
1983a;Aı̈t-Kaci, 1991).��������� �

(WintnerandFrancez,1995;Wintner,1997;Wintneretal.,1997;Wintner
andFrancez,1999)andthemachineproposedin Qu(1994);CarpenterandQu(1995)are
two examples. LiLFeS (Makino et al., 1997,1998;Miyao et al., 2000;Torisawa et al.,
2000) canbe consideredan implementationof the latter, combiningit with techniques
from AquariusProlog (seePenn,2000, Chapter8). CHIC (Ciortuz, 2000), or Light as
it hasrecentlybeenrenamedto, is anotherapproachusingdirect compilation,this time
basedon the abstractmachinearchitectureproposedin Aı̈t-Kaci andDi Cosmo(1993),
thatis groundedin thetheoreticalfoundationof order-sortedfeatureunification(Aı̈t-Kaci
et al., 1993). Brown andManandhar(1998)andBrown andManandhar(2000)discuss
anothercompilation-basedapproach,which is basedon precompilationof all possible
featurestructuresgeneratedduringparsing6.

6Although,somewhatmisleadingly, labeledanabstract-machine-basedapproach,this work couldbetter
becomparedwith approachesusingcontext-freeapproximation;seeKiefer andKrieger(2000).
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2.12. AlternativeApproaches

Giventhatall theseapprochesarebasedon compilation,it is interestingto look at the
motivationthatCarpenterandQu (1995)provide for compilation:

Thevastmajority of thetimeandspaceusedby traditional unification-based
grammarinterpretersis spentoncopyingandunifyingfeaturestructures.[...]
Theprincipal drawback to this approach is that completefeature structures
haveto beconstructed,eventhoughunificationmayresultin failure. [...] By
adoptingan incrementalcompiledapproach, a descriptionis compiledinto
a set of abstract machine instructions. At run-time a descriptionis evalu-
ated incrementally, one instruction at a time. In this way, conflictscan be
detectedasearly aspossible, before any irr elevantstructure hasbeenintro-
duced. (CarpenterandQu,1995,p. 1)

In the light of the resultsfrom the previous sections,this is exactly what the algorithm
proposedin Tomabechi(1991)achievesfor interpretedunification.

Thesecondcategory comprisesapproachesthatmapunificationof featurestructures
to a logic programminglanguage(mostcommonlyProlog).ALE (Carpenter, 1992a;Car-
penterandPenn,1996)andProFIT (Erbach,1994)areprominentexamplesof this ap-
proach. The idea of falling back on a stableand thoroughlyoptimized languagelike
Prolog is tempting,althoughProFIT andclassicALE could not rival direct approaches
in performance.However, Penn(2000)introducesa new optimalflat-termencoding,that
significantly improvesupon tree encodings(asusedin ProFIT) in termsof both speed
andthe rangeof grammarsthat arecovered,andhenceconvincingly arguesfor this ap-
proach. Pennconcludesthat in the light of his resultsthe valueof building customized
abstract-machinesis questionable:

There is, in fact, a small cottage industryof abstract machinesfor feature-
structure-basednatural language processingnow [...], abettedby careless,
inaccuratebenchmarkingthat exaggeratedtheir improvementrelativeto [...]
systemssuch as ALE and ProFIT. That includes,for example, ignoring that
different parsing algorithmsand/or chart-indexing strategieswere used,us-
ing very small test corpora (often fewer than 10 sentences)and using test
sentencesof such very small complexities that the initialization routinesare
morecomputationallysignificantthantheparsingroutineitself.

(Penn,2000,p. 200)

Pennthencomparestheperformanceof LiLFeS0.88compactcodeandhisown encoding
in ALE on the HPSG grammardistributedwith ALE, usingidenticalparsingalgorithms.
At the closestseparation,ALE running on SICStusis 2.5 times faster, with LiLFeS’s
performanceslowly degradingto slightly over 10 timesslower for morecomplex input.
Pennconcludes:
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LiLFeS’sslowerperformanceis mostlydueto thefact thatSICStus’smemory
managementandpredicatecompilationare simplymuch better. On theother
hand,this is oneof the main reasonsfor usinga Prolog-basedimplementa-
tion to begin with: avoidingredundantproblem-solvingandutilizing thelast
sixteenyears’ worth of research onoptimizingtheWAM.

(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, theunifierperformancereportedin Miyao etal. (2000)(in termsof unifications
that can be executedper secondwhen no filtering is used)representsbestpracticefor
theLinGO grammar;on theotherhand,it is not clearif the techniquesthatwerehighly
successfulin improving thespeedof theparsersin interpretedsystems,like quick check
filtering or key-drivenparsing,canbeintegratedinto asystemlikeLiLFeSwith compara-
ble benefits.
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3. The PET System

This chapterdiscussesthe PET platformI implementedto serve asa flexible basisfor the
empiricalstudythatis thetopicof Chapter4,allowingpreciseempiricalstudyandcompar-
isonof differentapproachesto efficient processingof large-scaleunification-basedgram-
mars. A second,orthogonalgoal waspursued,namelyto provide an efficient run-time
processingsystemthat allows fruitful scientificandpracticalutilization of HPSG gram-
mars,complementingthe existing developmentplatformsPAGE and LKB. PET is freely
availableunderan open-sourcelicence,seeAppendixD. The following sectionssetout
with anoverview of PET, thendiscussthepreprocessorandits efficient implementationof
semi-latticecomputation,andconcludewith adiscussionof therun-timesystem.

3.1. Overview

PET is a platformfor experimentationwith processingtechniquesandtheimplementation
of efficientprocessorsfor unification-basedgrammars.It synthesizesarangeof processing
techniquesfrom earliersystemsinto a modularC++ implementation,supplyingbuilding
blocksfrom whichexperimentalsetupscanbeconfigured.Thisallowsthepreciseempiri-
calstudyof practicalperformanceandthecontrastivecomparisonof differentapproaches
and their interactionin a commoncontext. Underlying PET is the commondescriptive
formalism(seeChapter1) that is alsoimplementedin the LKB system(Copestake,1992,
1999).This makesit possibleto processthethreelarge-scaleHPSG grammarsof English,
Japanese,andGermanavailablein thisformalismwith PET, andto usethemfor my empir-
ical work (Chapter4). Also,aparserbuilt from PET componentscanbeusedasatime-and
memory-efficient run-timesystemfor grammarsdevelopedin theLKB. In daily grammar
developmentit facilitatefrequent,rapidregressiontests.

PET consistsof two mainparts,a preprocessorcalledflop (discussedin Section3.2),
andthe run-timesystem(typically a parserconfiguredfrom PET components).A chart
parsercalledcheap is the preconfiguredstandardparserfor PET, it is the topic of Sec-
tion 3.3.Figure3.1givesanoverview of thesystemandtheexperimentalsetup.

Theflexibility andextendibility requiredfor thekind of empiricalstudyI proposeis
achievedby a tool box approach:PET providesanextendiblesetof configurablebuilding
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3. ThePETSystem

Figure3.1.:PET – SystemOverview andExperimentalSetup

blocks that can be combinedandconfiguredin differentways to instantiatea concrete
processingsystem.Thesetof building blocksincludesobjectslike chart, agenda, gram-
mar, typehierarchy and typedfeature structure. For instance,a simplebottom-upchart
parsercanbeimplementedusingtheavailableobjectsin a few linesof code.Usingalter-
native implementationsof oneobjectallows controlledexperiments,comparingdifferent
approachesto oneaspectof processing,leaving everythingelseunchanged.For instance,
the typedfeature structure objectcanbe configuredto usea numberof differentunifi-
cationalgorithmsandfeaturestructurerepresentations,includingunify1 andunify2
from Wroblewski (1987), unify3 from Section2.4.2, the algorithm from Tomabechi
(1991)with optionalstructure-sharingfrom Malouf et al. (2000),andfinally threevari-
antsof Tomabechi’s algorithmusingfixed-arity-basedfeaturestructureencodings(these
arediscussedin detail in Section4.6). My goal was to implementthe most influential
algorithmsfor graphunification. Wroblewski’s algorithmwaschosenbecauseit is the
root of all algorithmsproposedlater, andservesasa commonbaseline.Tomabechi’s al-
gorithm(plusstructuresharing)wasselectedbecauseit canbeconsideredthesynthesisof
previously discussedapproaches(seeSection2.11). I did not includethealgorithmfrom
vanLohuizen(2000),simply becauseit wasnot publishedwhenI implementedPET (an
evaluationof thealgorithmonLinGO is documentedin vanLohuizen,2001).

PET is implementedin ANSI C++, andcompileson a wide rangeof Unix machines
usingtheGNU C++ compiler;for Windows platformsit canbecompiledusingBorland
C++, or the Cygnusport of GNU C++ (cygwin). The full systemcomprisesroughly
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25,000lines of code,of which 5,500lines aresharedbetweenthe preprocessorandthe
run-timesystem,thepreprocessoritself is 7,100lines,andtherun-timesystemcomprises
12,200lines. Specialattentionwaspaid to efficiency andcompactnesswhendeveloping
PET. Critical objectsarecarefullyoptimized.PET usestraditionalC representations(rather
thanC++objects)in placeswhereminimaloverheadis required,e.g.for thebasicelements
of featurestructures.Informationabouttheusageof PET is givenin AppendixC.

3.2. The Prepr ocessor

A numberof taskslike syntaxandconsistency checkingfor thesourcegrammar, expan-
sion of constraintsandconversioninto a representationsuitablefor efficient processing
have to be repeatedeachtime a grammaris usedfor processing.To achieve minimal
startuptime for experimentation(whereoftena numberof experimentsis madeusingan
identicalgrammar)andproductionuse,thesetaskswerefactoredout in the PET system
andmovedinto a preprocessor. Thepreprocessor(calledflop) readsthesourceform of a
grammarandconvertsit into a binary representationthat is readby therun-timesystem.
Thepreprocessedform is alsoaconveniententrypoint for othersystems1, avoidingdupli-
cationof effort in theimplementationof preprocessingtechniques.AppendixB specifies
theoutputfile format.

3.2.1. Overview

The preprocessorreadsa grammarin a variant of !#" � (Krieger and Scḧafer, 1994a)
(definedin AppendixA), expands!$" � templates,constructsa lower semi-latticefrom
the type hierarchy(seeSection3.2.2), infers appropriatenessconditions,performscon-
figurableexpansion(Krieger andScḧafer,1995)andunfilling (Götz, 1993;Gerdemann,
1995)of typedefinitions(seeSection4.5),andoptionallydecomposesthetype-hierarchy
for featurestructureencodingpurposes(seeSection4.6.4).Theresultof preprocessingis
acompact,binaryrepresentationof thegrammar(definedin AppendixB) thatis designed
for efficient loadingby a run-timesystem.

The sourceof the LinGO grammar, about52,000lines of !#" � , is preprocessedon
a 500 MHz PentiumIII in 11.5 s, resultingin a 2,260kb output file that the run-time
systemloadsin lessthanonesecond;theJapanesegrammar, about34,000linesof !#" � ,
takes3.9 s for preprocessing,resultingin 1,635kb of output. Theshorterpreprocessing
timemainly resultsfrom thesmallernumberof typesin theJapanesegrammar(only 3693

1For example,thecali system(vanLohuizen,2001)is usinggrammarspreprocessedby flop; this deci-
sionsavedconsiderabledevelopmenttime, asidiosyncrasiesof thegrammarsourceformatarecompletely
circumvented.
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types(of which 1208arenon-leaftypes2) comparedto 7188(with 1636non-leaftypes)
in the LinGO grammar). The Germangrammar, about139,000lines of !$" � source,
is preprocessedin 53.8 s, resultingin a 10,922kb outputfile. The long preprocessing
time canbe attributedto the larger numberof non-leaftypes,which makessemi-lattice
computationlessefficient(thegrammarhas3564types,of which2723arenon-leaftypes),
andthe large lexicon (220,197full forms, comparedto 17,917in LinGO and3,654for
theJapanesegrammar).For comparison,preprocessingandloadinga grammarcannotbe
separatedin PAGE andLKB, wherethewholeprocessof readingtheLinGO grammartakes
96.1s and48.5s3, respectively.

3.2.2. Semi-lattice Computation

The formalismassumedin PET requiresthat the typehierarchyis a finite boundedcom-
pletepartialorder(BCPO), i.e. every consistentsetof typesmusthave a uniquegreatest
lower bound. It is, however, not necessaryto requirethegrammarwriter to specifyonly
typehierarchiesthatsatisfythiscondition;instead,aBCPOembeddingthespecifiedhier-
archycanbeconstructedautomaticallyby addingtypesto thehierarchy. Theunderlying
theoreticalconstructionis discussedin Aı̈t-Kaci et al. (1989,section3); someclarifica-
tionsarefound in Penn(2000,section2.1.2),wherea polynomialboundon the number
of addedtypesis proven. This sectiondiscussesanefficient implementation4 of this con-
struction.

In the PET preprocessor, the type hierarchyis representedasa directedgraph,with
nodesin the graphcorrespondingto types,andedgescorrespondingto immediatesub-
sumption.This representationcorrespondsdirectly to theway thetypehierarchyis speci-
fiedby thegrammarwriter, andit providesconvenientaccessto informationaboutimme-
diateancestorsanddescendentsof a given type,which is themostcommonlyrequested
informationduringpreprocessing.

For semi-latticecomputationI makeuseof thebasictransitivereflexiveclosureencod-
ing from Aı̈t-Kaci et al. (1989,section4).5 I usea hashtableto computethebit codeto
typecorrespondence.Thebit codesareassignedanalogousto theAssignCode proce-
durefromAı̈t-Kacietal. (1989,section4.2).Thisguaranteesthatthereis astraightforward
perfecthashfunctionfor thebit codes,namelythefunctionthatreturnsthepositionof the
first non-zerobit in thecode.It is aperfecthashfunctionin thesensethatfor any codein
thetableit returnsauniquevalue(aproof followseasilyfrom theconstruction),it will not

2I call typesthathaveno descendants,andonly a singleimmediateancestorleaf types.
3This is reducedto 9.7swhenusingacachedlexicon.
4Semi-latticecomputationis thesinglemosttimeconsumingtaskin preprocessingin my implementation,

which makesefficiency aninterestingconcern.
5This encodingis alsousedin therun-timesystem,with anadditionalcachefor thecomputationof type

intersection,seeSection3.3.
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returnuniquevaluesfor everypossiblebit code,obviously. Sinceeachbit codehas� bits,
where� is thenumberof types,this functionalwaysyieldsavaluein therange % ��& �(' .

Theinput to theBCPOconstructionalgorithmis thetypehierarchyasspecifiedin the
grammar, representedasa graph;the output is a graphrepresentationof the embedding
BCPO. Thecomputationconsistsof threemainsteps6:

1. We computethebit code )��+*,
 for eachtype * , usinganiterativeversionof theAs-
signCode functionfrom Aı̈t-Kaci et al. (1989,section4.2).

2. We considereach(ordered)pair �+*-� & *.�/
 of types,andcompute0 asthebitwiseand
of )��1*-�,
 and )��1*.�2
 . If 0 is notnull, andnot thecodeof anexistingtype,this indicates*-� and *.� do not have a uniquegreatestlower bound. For any suchpair we create
a new type *.3 with )��+*.34
6570 . This is iterateduntil no moretypesareadded.The
performanceof thisphasecruciallydependsonfastlookupof existingbit codes,and
thusbenefitsgreatlyfrom theperfecthashfunction.

3. Now wereconstructthegraphrepresentationof thetypehierarchyfrom thebit code
representationin two steps:

a) Thefirst stepcreatesthegraph,possiblycontainingredundantlinks (for non-
immediatesubsumption).Thenäıveapproachignorestheexistinginputgraph,
andlooks at all pairsof types,checksfor subsumptionusingtheir bit codes,
andaddsanedgefor all pairsof typesthatarein a subsumptionrelation. We
candobetterby startingfrom theoriginal inputgraph.Thenweconsidereach
new type * . We efficiently enumerateall sub-typesof * by looking at )��1*,

(sub-typesof * correspondto the bits in )��+*,
 with a valueof � ) andaddthe
correspondingedgesto the graph. We alsoaddedgesfor all typesfrom the
original hierarchythataresuper-typesof * , by iteratingover all original types
andcheckingfor subsumptionusingthebit code.

b) Removing redundantlinks is achieved by computingthe transitive reduction
of thegraph,usingastandardalgorithm(Mehlhorn,1984).

This phasedependsheavily on the efficiency of the bit vectoroperationsthat are
usedin theimplementationof thesubsumptiontestfor bit codes.

Thereis a simpleyet effectiveoptimizationto thealgorithmdescribedabove. In real-
worldhierarchiesthereoftenis alargenumber7 of typesthathavenodescendants,andonly

6If you areinterestedin moredetails(or the actualimplementation),pleaserefer to the (liberally com-
mented)file flop/hierarchy.cpp in thesources(seeAppendixD).

7More thantwo thirdsof all typesfor bothLinGO andtheJapanesegrammar, but only aboutonequarter
of all typesfor theGermangrammar.
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a singleimmediateancestor, so-calledleaf typesin the LKB system.In PET thesetypes
are automaticallyidentified and excludedfrom the semi-latticecomputation. Another
possibleoptimizationis to partitionthetypesinto independentblocksbeforesemi-lattice
computation.WhentheBCPOconstructionalgorithmof PET wasrecentlyimportedinto
the LKB by JohnCarroll, this optimizationwasadded.For theLinGO grammarit results
in a significantspeedupof abouta factorof 20.

3.3. The Parser

Thepreconfiguredrun-timeprocessorin PET is a chartparser(Kay, 1986)calledcheap.
Thebasicparsingalgorithmis a variantof thebottom-upparsingalgorithmfrom Erbach
(1991a),thatoperatesbidirectionallyin instantiatingrulesandprocessingtheinputstring.
cheap canbe run in exhaustive (all paths)or agenda-drivenbestfirst searchmodes.As
motivatedin Chapter1, cheap is integratedwith the [incr tsdb()] competence& perfor-
manceprofiling environment.Section4.1providesdetailsabouttherole of [incr tsdb()] in
my work.

3.3.1. Techniques Applied for Efficient Processing

cheap employs all relevant techniquesfor efficient processingfrom Kiefer et al. (1999)
aswell asothertechniquesoriginally developedin PAGE andthe LKB. Reimplementing
techniquesimportedfrom othersystemsoftenallowedfor improvedengineering,because
previousexperiencewasavailable,andspecificrequirementscouldbeaccountedfor in the
designphase.An exampleof thisis thequickcheck,wherecheap usesatree-likestructure
ratherthana list of paths,asusedin theLKB or PAGE (for details,seeSection4.4).

Type operations For efficiency reasons,typesarerepresentedasinteger numbersat
run time. Thepreprocessorassignsa uniquenumberfrom the range % �98:8:8 � types% to each
type.This rangeis furtherdividedinto four disjunct,consecutive ranges:

% �;8<8:8 �$�<%= ><? @
propertypes

%A�#� 8:8<8 �B�C%= ><? @
leaf types

%D�(� 8<8:8 �(3E%= ><? @
symbols

%D�(3 8:8:8 � types%= ><? @
instances

Theconceptof leaf typeswasexplainedin Section3.2.2,symbolsareall thesubtypesof
thebuilt-in specialtypeatom8, andinstancesarea relict initially implementedfor PAGE-
compatibility that is now usedto representlexical entries.Thedifferenceto leaf typesis
that featurestructuresof instancesareonly expandedon demand.The remainingtypes

8All stringconstantsin a grammararesubtypesof atom, so thereusuallyis a flat, but extremelylarge
subhierarchybelow atom. This justifiesthespecialtreatmentof thesetypes.
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are called proper types. A division like this was chosenbecausetypes from someof
thesecategoriescanbehandledmoreefficient thanthegeneralcase.Full greatestlower
bound(glb) computation,for example,only hasto bedonefor propertypes;for leaf types,
symbolsandinstancesit is reducedto glb computationon their parenttypes.Consecutive
rangesallow cheaptests(integer comparisons)to determinewhat category a given type
belongsto.

Unlike suggestedin Kiefer et al. (1999)I do not usea full precomputedtableof glbs,
but rathercachetype intersectionat run time in a hashtable. In agreementwith Mal-
ouf et al. (2000) I found this to be asefficient in termsof time, while greatly reducing
memoryconsumption.Sinceglb computationstill takesa significantpercentageof to-
tal runtime(seeSection4.3), I compareda hashtableimplementationfrom thestandard
library with a streamlinedcustomimplementation,andfound the latter to increasetotal
parserperformanceby nearly10%.My implementationonly supportsthoseoperationson
a hashtablenecessaryto implementthe glb cache,i.e. construction,a combinedsearch
andupdatefunction(operator[] ), anddestruction.Deletionof elementsfrom theta-
ble,for instance,is notsupported.I usehashingwith chaining(for informationonhashing
andthe notationI usehere,seeCormenet al., 1990,Ch. 12) andthe simplehashfunc-
tion F$�HG�
I5JGLKM��NPO , where G is the key, and � is the sizeof the hashtable,which is
alwayschosenasa prime number. For a pair �+*-� & *.�/
 of types9, the key is computedasGQ5R*-�S� types T *.� . This is a uniquekey, since � types is greaterthanany * . I empiricallyde-
termined(usingthefusetestsetonLinGO) asuitablesizefor thehashtablethatbalances
accesstime andspacerequirements.Interestingly, I found usingonly 12,289bucketsto
be a goodcompromise,even thoughthe hashtablecontainsa total of 33,696entriesaf-
ter parsingthe fuse testset,yielding a load factor UV5XW 8ZY\[ . Still, in slightly morethan
93%of thetotal705,689,857searchestheelementis immediatelyfoundin thetable;only
for 7% of all searchestheelementis found in overflow buckets. Even then,theaverage
lengthof a chainof overflow bucketsthathasto be followedis only 1.15. This explains
theexcellentperformanceof thehashtable.My implementationis encapsulatedin aclass
that canbe fully inlined by thecompiler, further improving performance.For theactual
implementation,pleasereferto common/glbcache.h in thesources.

Key-driven parsing cheap (optionally)usesabidirectional,key-drivenparsingstrate-
gy (Kiefer etal.,2000;OepenandCallmeier,2000),originally implementedin PAGE. The
key-drivenparsingstrategy avoidsproliferationof activeitemsin theparser10 for rulesthat
containvery unspecificargumentpositions,by first instantiatingthe argumentposition

9Sincetype intersectionis commutative, I reducetype intersectionof ]_^�`2a�^+bdc , where ^+bfeg^�` , to the
intersectionof ]h^+b2a�^�`Sc . Thishalvesthepotentialnumberof pairsto consider.

10A complementarysolutionfor theproblemof proliferationof activeitemsisdescribedin Erbach(1991b),
wherefeaturestructuresof active itemsarenot preservedto save memory. This is similar to hyper-active
parsing,seebelow.
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that bestconstrainsthe rule’s applicability. For terminologicalclarity, PAGE introduces
thetermkey daughterfor this argumentpositionof a rule. While head-drivenapproaches
to parsinghave beenexploredsuccessfullywith lexicalizedgrammarslike HPSG (for an
overview, seevanNoord,1997),many authors(Kay, 1989;BoumaandvanNoord,1993)
assumethe linguistic headto be the argumentpositionthat the parsershouldinstantiate
first. Thenotionof key-drivenparsingemphasizestheobservationthatfor individualrules
in aparticulargrammarthenon-headdaughtermaybethebettercandidate.For key-driven
parsingin cheap, thegrammarwriter specifiesthekey-daughterfor eachrule,eitherasan
annotationin the rule, or in the flop.settings configurationfile (seeAppendixC).
Theright choiceof key-daughterin eachrule,suchthatit bestconstrainsruleapplicability
canhardly be determinedanalytically, but for a given test setandgiven grammarwith
at mostbinary-branchingrules, say, it canbe determinedby parsingthe test set twice,
onceusingstrict left to right andonceusingstrict right to left rule instantiation,andthen
comparingthenumberof active itemspostulatedfor eachrule betweenthetwo runs.The
numberof testruns,of course,increaseswith thebranchingfactorof thegrammar. The
requiredstatisticscanbecompiledby cheap (usingtheoption-rule-stats ) andthen
evaluatedusing[incr tsdb()] (seeOepenandCallmeier,2000).

Restriction A restrictor(Shieber,1985)to beappliedto passiveitemscanbespecified
by thegrammarwriter. This allows to apply the techniquefrom Kiefer et al. (1999)that
avoidsduplicationof thederivationalstructurein featurestructuresof passiveitemsduring
parsing,by removing thedaughterstructurefrom thefeaturestructuresof passive items.

Filtering cheap implementsthetwo pre-unificationfilters 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
rulesandanargumentpositionif thesecondrule canbeunified into thegivenargument
positionof thefirst rule. Thesecondfilter is discussedin Section4.4.

Hyper -active parsing cheap (optionally) employs the hyper-active parsingstrategy
presentedin OepenandCarroll (2000b);OepenandCallmeier(2000)andoriginally im-
plementedin theLKB. In hyper-activeparsing,whenanactiveedgeis derived,thepartial
analysisis storedin thechart,but theassociatedfeaturestructureis not copied;it is, how-
ever, usedto computetheinformationrequiredfor thequickcheckfiltering method.When
theactiveedgeis actuallycombinedwith apassiveedge,theintermediatefeaturestructure
is recomputedfrom theoriginal rule anddaughters.The featurestructuresof (complete)
passiveedgesarecopiedasusual.Storingactiveedgeswithoutexpensivefeaturestructure
copying enablestheparserto performakey-drivensearcheffectively, andatthesametime
avoidsover-copying for partialanalyses;additionalunificationsaretradedfor thecopies
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thatwereavoidedonly wherehyper-activeedgesareactuallyextendedin laterprocessing.
An additionaloptimization(termedexcursion in Oepenand Carroll, 2000b)is applied
whentheunificationalgorithmfrom Tomabechi(1991)is used.Theparseris allowedto
deviatefrom theagenda-drivencontrolstrategy to try combinationof theactiveedgewith
onesuitablepassive edgewhile the featurestructureof the active edgeis still valid (i.e.
within thesameunificationgeneration).Hyper-activeparsingcanbedisabledfor all rules
by usingthe-no-hyper optionto cheap, andselectively for certainrulesby specifying
themin thecheap.settings configurationfile11. PleaseseeSection4.7 for thedis-
cussionof analternativeto redoingunificationsin orderto recreatethefeaturestructureof
anactive item in hyper-activeparsing.

Limiting the number of initial char t items cheap supportsthe specificationof
mutualdependenciesof certainlexical items,andcan(optionally)removeitemsthatdonot
satisfythesedependenciesfrom thechartafterchartinitialization, asdescribedin Kiefer
et al. (1999). Dependenciesarespecifiedusingthe optionchart-dependencies in
the cheap.settings configurationfile. Currently, this featureis usedonly in the
Germangrammar.

Ambiguity packing Initial supportis providedfor ambiguitypackingasdescribedby
(OepenandCarroll, 2000a)andimplementedin the LKB. The parsercanbe configured
(usingthecompile-timeoption-DPACKING) to produceapackedchart;nosupport,how-
ever, for unpackingthechart,or selectingreadingsfrom it is currentlyprovided.

Summar y The combinationof thesetechniquesresultsin attractive performancefor
thecheap parser, both in termsof speedandmemoryconsumption.All the twenty-word
sentencesfrom thefusetestset(seeSection4.1.2)for theLinGO grammarcanbeparsed
exhaustively (usinganupperlimit on thechartsizeof 20,000passiveedges)in a process
sizeof 78 Mb12, in anaveragetimeof 1.7spersentence.

3.3.2. Memor y Management

Efficient memorymanagementandminimizing memoryconsumptionwasan important
considerationin theimplementation.Experiencewith Lisp-basedsystemshasshown that
memorymanagementis oneof the main bottleneckswhenprocessinglarge-scalegram-
mars. In fact, oneobservesa closecorrelationbetweenthe amountof dynamicallyal-
locatedmemoryandprocessingtime, indicatingmuchtime is spentmoving data,rather
thanin actualcomputation.Performanceprofilesof an early versionof cheap thatused

11SeeOepenandCallmeier(2000)for why this couldbeuseful.
12Usingtheminimalfixedarity encodingpresentedin Section4.6reducesthis to 60Mb.
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the built-in C++ memorymanagementsupportedthis. Allocation andreleaseof feature
structurenodeswasaccountingfor almost40%of thetotal run time. However, like in the
WAM (Warren,1983a;Aı̈t-Kaci, 1991),ageneralmemoryallocationschemeallowing ar-
bitrary orderof allocationandreleaseof structuresis not necessaryin this context. When
parsingwe typically continueto build up structures.Memoryis only releasedin thecase
of a top-level unificationfailurewhenall partialstructuresbuilt duringthisunificationare
released.Therefore,cheap usesa simpleandefficient stack-basedmemorymanagement
strategy providedby PET, wherememoryis acquiredfrom theoperatingsystemin large
chunksandthensub-allocated.Thereis no way to releaseindividual objects;insteada
mark-release-mechanismallows saving thecurrentallocationstate(thecurrentstackpo-
sition) andreturningto thatsavedstateat a laterpoint. Thus,releasinga chunkof objects
amountsto a singlepointerassignment.Switchingto this memorymanagementimple-
mentationresultedin asignificantoverallspeedup(a little lessthana factorof 1.6)for the
earlyversionof cheap mentionedabove.
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Empiricalstudyis indispensablefor theevaluationandoptimizationof thepracticalper-
formanceof constraint-basedprocessingsystems.As Carroll (1994)argues,we do not
yet have the analytic tools that would allow us to predicthow the propertiesof individ-
ual unification-basedgrammarswill interactwith particularprocessingtechniques.To
obtainmeaningfulresults,empiricalstudyrequirescontrolledexperimentson large sets
of data. For instance,the practicalperformanceof a unificationalgorithmdependson a
largenumberof factors,rangingfrom themoreobvious,like thecomplexity of the input
data,theparsingstrategy employed,theunderlyingtypesystem,andthe implementation
programminglanguage,to lessobviousfactorslikeindividualprogrammingstyle.Thus,a
meaningfulempiricalcomparisonof processingtechniquescanonly bemadeif thetech-
niquesare evaluatedin a commoncontext. Obviously, the interactionbetweenseveral
techniquescanonly bestudiedwhenthey areimplementedin a commonsystem.To ab-
stractfrom peculiaritiesof theinput,anevaluationusingseveralgrammarsandlargesets
of inputdatais highly desirable.

This chapterpresentstheresultsof a seriesof experimentsusingthePET platformin-
troducedin the last chapter. The collectionof experimentsasreportedherewaschosen
in order to answerthe most importantquestionsraisedin Chapters2 and3, andat the
sametime to illustratethewide rangeof questionsthatcanbeempiricallyansweredusing
a flexible experimentationplatformlike PET in conjunctionwith the [incr tsdb()] profiling
environment.Thefirst sectiondiscussesthecommonexperimentalsetup,andsummarizes
relevantdetailsof thegrammarsandtestsetsI use.In Section4.2, I take a closerlook at
thecostof copying for differentunificationalgorithms,quantifyingtheamountof early,
over andredundantcopying. The discussionincludesa comparisonof the performance
of Wroblewski’sandTomabechi’sunificationalgorithms.Section4.3discussesthedistri-
bution of run time in theunifier, usingexecutionprofilesobtainedwith a Unix execution
timeprofiler (gprof ). Thenext sectionis concernedwith thequickcheckpre-unification
filter. In Section4.5, I look into the benefitsof two techniquesfor reducingthe sizeof
featurestructuresat run time, calledunexpansionandunfilling. Section4.6 moveson
to a survey of differentfeaturestructureencodingtechniques,andempirically compares
lists of feature-valuepairswith fixed-arity-basedrepresentations.I discussthreedifferent
techniquesfor anactivechartparserto dealwith thefeaturestructuresassociatedto 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 amounta of memory allocated at any point during processing
dspace total amountb of memory allocated during processing
fssize average number of nodesc in feature structures of passive edges

aNotethat this deviatesfrom theoriginal definition in OepenandCallmeier(2000). Thenew definition
providesa directhandleon theamountof memoryrequiredby theparser.

bThiscorrespondsto theoriginaldefinitionof space.
cNodesthatarethedestinationof a reentrancy arecountedoncefor eachreference.

Table4.1.:Summaryof relevantprofiling parameters(adaptedfrom OepenandCallmeier,
2000).

edges,namelycopying, recomputation,andtrailing in Section4.7. Finally, Section4.8
concludeswith a discussionof how to predict practicalperformanceacrossprocessing
platformsandgrammars.

4.1. Experimental Setup

An overview of theexperimentalsetupwasshown in Figure3.1onpage26in theprevious
chapter. Thissectiondiscussestherole of the [incr tsdb()] environment,containsacompi-
lationof themeasuresI use,andreviewsrelevantpropertiesof thegrammarsandtestsets.
Finally, technicaldetailsof theexperimentalenvironmentareprovided.Theraw resultsof
all experimentsareavailableonline,seeAppendixD.

4.1.1. The [incr tsdb()] Envir onment

I usethe [incr tsdb()] competence& 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,andstructuredsnapshotsof systembehavior (calledprofiles). Exceptfor theex-
perimentsin Sections4.3 and4.4, I collectedall empiricaldatausingthegraphical[incr
tsdb()] userinterface. I comparedall results(numberof readingsobtained,numberof
passive edges,andtheactualderivationtrees)with referenceresultsobtainedin the LKB

systemto ensurecomparability(andcorrectnesswith respectto the LKB asa reference
system).For all dataon theLinGO grammarthisyieldedanexactmatch;for theJapanese
andGermangrammarsomedifferencescould be observed. They could,however, all be
attributedto differencesin the lexicon1. For thesetwo grammars,whencomparingper-
formancebetweensystems,I restrictedthe testsetsto itemswhereidenticalresultswere
obtained. An upperlimit of 20,000edgeson the numberof passive edgesin the chart
duringparsingwasimposedfor all experiments.

Measures

The [incr tsdb()] environmentdefinesa commonsetof descriptive metricswhich aim for
in-depthprecisionandalsofor sufficient generalityacrossprocessingsystems.An [incr
tsdb()] profileconsistsof informationon

(i) theprocessingenvironment(grammar, platform,versions,parameterset-
tingsandothers), (ii) grammaticalcoverage(numberof analyses,derivation
andparsetreesper reading, correspondingsemantics),(iii) ambiguitymea-
sures(lexical itemsretrieved,numberof activeandpassiveedges,where ap-
plicable, both globally and per result), (iv) resourceconsumption(various
timings,memoryallocation),andindicatorsof (v) parserandunifier through-
put. (OepenandCallmeier,2000)

Thediscussionin the remainderof the chapteris mainly concernedwith measuresfrom
(iv) and(v) above. Table4.1 summarizestheprofiling parametersrelevant to thediscus-
sionin this chapter.

The commonmetric hasgreatly increasedcomparabilityanddataexchangeamong
differentgroupsin our collaboration(seeChapter1), andhasin somecasesalsohelped
to identify unexpectedsourcesof performancevariation. For example,we have found
that two SunUltraSparcservers(at differentsites)with identicalhardwareconfiguration
(down to the level of cpu revision) andOS releasereproduciblyexhibit a performance
differenceof aroundtenpercent. This appearsto becausedby differentinstalledsetsof
vendor-suppliedoperatingsystempatches.

1TheLKB analyzesmorphologyonline,while PET is usinga full-form lexicon.
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test set # of items i-length words readings pedg es

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-1 i 15 303 17.94 50.72 527.61 3,326
balance 1,464 8.18 37.46 4.62 3,355

Table4.2.:Propertiesof thetestsetsusedfor theexperiments.All testsetsarerestricted
to thoseitemsthatcanbeparsedexhaustively usingtheimposedlimit of 20,000passive
edgesin thechart.

4.1.2. Grammar s and Test Sets

My experimentalwork is basedon threelarge-scaleHPSG grammars,the LinGO gram-
marof English(Flickingeret al., 2000a;Copestake andFlickinger,2000),theVerbmobil
grammarof Japanese(Siegel, 2000), and the Verbmobil grammarof German(Müller,
1999;Müller andKasper,2000).All threegrammarsobey a commondescriptive formal-
ism (seeChapter1) andcanbeprocessedby PAGE, LKB, andPET2. TheLinGO grammar
wasthe first grammaramongthe threethat wasavailablein the commonformalism; in
fact, it served as a referencepoint for this formalism for quite sometime3. I am us-
ing thereferenceversionof LinGO frozenfor Oepenet al. (2001),exceptin Section4.4,
whichis basedontheversionfrozenfor Flickingeretal. (2000b).The(somewhatsmaller)
Japanesegrammaris availablein thecommonformalismsinceearly2000.I amusingthe
May 2000versionfor all experiments.TheGermangrammaris themostrecentmember
in this collectionof grammars;my experimentsarebasedon theJanuary2001version.

The testsetsareall basedon datafrom Verbmobil. For English,I amusingtwo dif-
ferenttestsets4, a small testsetof 96 utterances,theso-calledagedtestset,anda larger
setof 2,363items,calledfuse, which is randomlyextractedfrom Verbmobil corporaso
thatabalanceddistributionof 100samplesfor eachinput lengthbelow twentywordswas
achieved. The fuse testsetwascompiledfor Oepenet al. (2001)by DanFlickingerand
StephanOepen.For Japanese,I amusingacollectionof 2,838testitemsfrom Verbmobil,
compiledby MelanieSiegel andcalledvm-1. Sincethis testsetis a lot lessdemanding

2This is notanexhaustivelist, thereareanumberof systems(e.g.CHIC, LiLFeSandcali) thathavebeen
shown to processLinGO; they should,in principle,beableto processtheothertwo grammars.

3Giventhatduringtheinitial PET developmentLinGO wastheonly availablegrammar, a certainamount
of tuning to the specificrequirementsof LinGO cannotbe ruled out; it is certainly the grammarwhose
behavior is mostextensively studied,bothin PET andtheLKB.

4Actually, Section4.4 makesusesof another(third) testset,very similar in designto fuse, but slightly
smaller. It is calledblend andwascompiledfor Flickinger et al. (2000b)by Dan Flickinger andStephan
Oepen.
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thanthe testsetsfor the othergrammars,I restrictedthis set to all itemsof a lengthof
15 wordsor moreto easecomparisonwith resultson the othergrammars;I labelledthe
the restricted,moredemandingsetvm-1j 15. For German,I extracteda sampleof 2,000
testitems,containing100samplesfor eachinput lengthbetween1 and20 words,out of
Stefan Müller’s collectionof Verbmobil-corpora. The main propertiesof thesetestsets
relevant to the discussionin this chapteraresummarizedin Table4.2. Only i-length is
a propertyof thetestdataitself, the indicatorsfor averageambiguitywereobtainedwith
PET onthegrammarversionsmentionedabove. In thisandtheremainingtables,all values
for measuresfrom Table4.1areaveragevaluespertestitem,asprovidedby [incr tsdb()].

4.1.3. Technical Details

I ranall experimentsin this chapteron thesamedual500MHz PentiumIII machinewith
1 GB of memory. The machineis runningRedHat Linux 6.2 with the 2.2.15releaseof
the Linux kernel compiledwith egcs-1.1.2. BecauseI hadobserved that cpu load and
availability of mainmemoryhave a noticeableeffect on cpu time measurements,I made
surethe machinewasotherwiseidle whenrunningthe experiments,andsufficient main
memorywasavailableso that all dataof the processcould be in main memoryduring
the experiments,and the operatingsystemdid not have to performunnecessarypaging
or swapping. PET wascompiledusingg++-2.95.2, set to a high level of optimization
(-O3 ); compilerversionsandespeciallyoptimizationlevels have a significanteffect on
performance:Usingno optimizationin thecompilerresultsin a performancedegradation
of about50%. Timing in the parseris doneusingthe clock(3) function providedby
Unix thatreportstheapproximateprocessortimeusedby agivenprocesswith atheoretical
resolutionof 10 ms.

4.2. Setting Out: A Closer Look at Copying

Thissectionsetsout to answerempiricallya few basicquestionsaboutthecostof copying
in graphunificationthat keepreappearingin the literature. Threekinds of unnecessary
copying have beenidentifiedanddefinedin previousresearch(seeSection2.11),but ac-
tual amountshave never beenquantified. I describean experimentthat determinesthe
amountof early,over, andredundantcopying. At thesametime, I contrastthepractical
performanceof Wroblewski’s andTomabechi’s unificationalgorithms,andevaluatethe
advantagesof thenon-redundantcopying schemesdiscussedin Section2.9.

Letmesummarizetheestablisheddefinitionsof thethreekindsof unnecessarycopying
thathavebeenidentified.

Over Copying Copiesare madeof both dags, and then thesecopiesare ravaged by
theunificationalgorithmto build a resultdag. [...] A betteralgorithmwouldonly
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cop ying
Unifier tcpu space over early redundant

(s) (s) (kb) (nodes) (nodes) (nodes) (nodes)

quick check on off on on/off on off on/off

unify1 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.:Performanceandcopying behavior of selectedunificationalgorithmsonLinGO
whenparsingthe agedtestset. unify1 andunify2 arethe functionsof the samename
from Wroblewski (1987),unify3 is the function from Section2.4.2, tomabechi is the
algorithmfrom Tomabechi(1991),and tom-smart addsnon-redundantcopying from
Malouf et al. (2000). The row labelledquick check indicatesif quick checkfiltering
wasenabledor disabledfor a column.Wherethequick checkmakesno difference,the
columnis labelledon/off. Thestaticrule filter wasenabledin all cases.A plain active
chartparserwasused.

allocateenoughmemoryfor theresultingdag. (Wroblewski,1987)

Early Copying Copiesare createdprior to thefailure of unificationsothat copiescre-
atedsincethebeginningof theunificationup to thepoint of failurearewasted.

(Tomabechi, 1991)

Redundant Copying [...] a unification result graph consistsonly of newly created
structures. This is unnecessarybecausethere are often input subgraphsthat can
beusedaspart of theresultgraph[...] Copyingsharablepartsis calledredundant
copying. (Kogure,1990)

Earlycopying is concernedwith unnecessarycopying in caseof aunificationfailureonly,
while overandearlycopying appliesin thecaseof a successfulunification.

I usedaninstrumentedversionof thecheap parserto quantifytheamountsof thethree
kindsof copying. Theamountof earlycopying is simply thenumberof nodesthatwere
allocatedprior to a failure in unification. The amountof over copying is determinedby
computingthedifferencebetweenthenumberof nodesof theresultdagandthenumberof
nodesallocatedduringunification.Determiningtheamountof redundantcopying is notas
straightforward,becausethereis no tractableway to determinethemaximumpermissible
amountof sharing.A secondproblemis theoverlapin definitionbetweenredundantand
overcopying; thenotionof redundantcopying subsumesthatof overcopying. My solution
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is to countthetotalamountof copying for asuccessfulunification,andsubtracttheamount
of copying thattakesplacein thenon-redundantcopying schemeof Malouf et al. (2000),
usingit asthegoldstandard.

Table4.3shows theresultsof parsingtheagedtestsetusingtheinstrumentedversion
of cheap5. To show how differenttheinfluenceof filtering failing unificationson thevari-
ousalgorithmsis, I includedresultswith andwithoutquickcheck(seeSection4.4)where
relevant. Let usfirst look at how muchWroblewski’s non-destructive unificationmethod
(unify2 ) improvesover destructive unification(unify1 ). Whennot using the quick
check,parsingwith non-destructive unificationis morethantwice asfastasdestructive
unification(64%),whenfiltering with thequickcheckis turnedon(andthepotentialben-
efits from the reductionof early copying in non-destructive unificationaresmaller),the
improvementis still 27%. As discussedby Wroblewski, over copying is not completely
eliminatedin his approach,but theremainingamountis small,about4 nodeson average.
For comparison,theaveragetotal numberof nodesin passiveedgesis 114.6nodesin this
experiment.Theamountof earlycopying is alsodrasticallyreduced6 by abouta factorof
three.Theamountof redundantcopying lesstheamountof overcopying shouldbeclose
to theaveragenumberof nodesin a featurestructurefor unify2 ; this is in fact thecase
with 116.4nodesvs.114.6nodes.As afurtherdatapoint, I includedaparserthatis exclu-
sively usingthealgorithmfrom Section2.4.2(unify3 ). While theparserusingunify1
hasto copy bothargumentdagsbeforeunification,theparserusingunify3 hasto copy
only one. As couldbeexpected,theresultingperformanceis abouthalfway betweenthe
parsersusingunify1 andunify2 .

Tomabechi’s algorithmperformsonly about17%betterthanWroblewski’s algorithm
when the quick check is enabled,without quick check the advantagegrows to 34%.
Tomabechi(1991)reportsa muchgreaterbenefit,but did not useany filtering techniques
(while thestaticrulefilter (seeSection3.3)wasenabledin myexperiments7). Thisresulted
in a higherpercentageof unificationsthat failed, wherethe advantagesof Tomabechi’s
algorithm over Wroblewski’s methodare most significant. There is an interestingad-
vantagefor Tomabechi’s algorithmhere,namelythatrestrictionof featurestructures(see
Section3.3) canbe donebeforecopying the resultfeaturestructure.This resultsin sig-
nificantly lesscopying, ascanbe seenby comparingthe redundantcopying figuresfor
unify2 andTomabechi’salgorithmwithoutstructuresharingimprovements(120.6nodes
vs. 83.6nodes).Comparingthe two variantsof Tomabechi’s algorithm,we canseethat
thenon-redundantcopying techniqueresultsin only aminorspeedup8 Thesignificantim-

5Notethathyper-active parsingwasdisabledfor all unificationalgorithms,as,in our implementation,it
is only availablewhenusingTomabechi’salgorithm.

6It is not completelyeliminated,however, asit would bewhenusingWroblewski’soriginal definitionof
earlycopying.

7Thestaticrule filter achievesafilter rateof about50%.
8Malouf et al. (2000)reporta moresignificantspeedupin theLKB system.This differenceis mostlikely
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provementlies in the reductionof memoryusageby more thana factorof two (58%).
Looking at theamountof redundantcopying shows thaton averagemorethan70%of all
nodescanbeshared(83.6nodesoutof 114.6nodes).

We can draw the conclusionthat with the high filter ratesachieved in currentsys-
temsusingthequickcheck,unnecessarycopying in thecaseof aunificationfailure(early
copying) is not asmuchof a problemany more. Unnecessarycopying in the caseof a
successfulunificationis moresignificant,anddramaticallyreducedusingTomabechi’sal-
gorithm with structure-sharingimprovements.It is alsointerestingto notethat in terms
of speed,Wroblewski’salgorithmdoesnot performsignificantlyworsethanTomabechi’s
algorithm,wheneffectivefiltering of failing unificationsis appliedin theparser.

4.3. Zooming In: How the Parser Spends its Time

We will now look at executionprofilesof cheap processingthethreegrammarsobtained
with the standardLinux execution-timeprofiling tool gprof . This givesus a detailed
pictureof how processingtime is distributedoverthevariouspartsof theparser. Although
this distribution roughly agreesfor the threegrammars,we can draw someinteresting
conclusionsfrom theplaceswhereit differs.

Table4.4 shows a summaryof the gprof profiles. The raw gprof profilesshow
thepercentageof time spentfor eachfunctionin theparser, thetablegroupsa numberof
functionsinto largerunits. Timespentin glb computationis displayedseparately, instead
of includingit in thenumbersfor unificationandquickcheckvectorcompatibilitychecks.
The datashows clearly that for all threegrammarsthe majority of time is still spentin
unificationandcopying of featurestructures(thefirst threecolumnsin the table),ashas
oftenbeenobservedfor unification-basedparsers.Theactualamountrangesfrom 55.1%
of totalruntimefor theJapanesegrammarto 59.3%for theEnglishgrammar. Anothersig-
nificantchunkof run time is devotedto thequick check(thenext threecolumns),ranging
from 10.5%for Germanto 18.1%for English.

Thereis asignificantdifferencein thetotalamountof runtimethisaddsupto between
the threegrammars,for two reasons.First, the averagetime to parseonesentencefrom
thevm-1j 15testsetfor theJapanesegrammaris significantlysmallerthanthatfor theother
two grammars,seeTable4.6 on page49 andTable4.10on page58. Thus,time spentin
initialization andmemorymanagementfor parsinga new sentencetakesa higherpropor-
tion of run time for theJapanesedata. Also, featurestructuresin the Japanesegrammar
arealot smallerthanin theothergrammars,whichcausesper-unificationoverheadto play
a larger role. Second,the Germangrammarhasa muchlarger numberof rulesthanthe
two othergrammars;thereare210rulesin theGermangrammar, comparedto 61 and28

explainedby thesignificantlyreducedmemorymanagementcostin PET.
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glb qc
Grammar cop y unify unify qc comp extr k

% % % % % % %

English 23.3 30.9 5.1 10.1 3.5 4.5 77.4
Japanese 27.1 23.7 4.3 5.9 2.4 6.7 70.1
German 28.1 25.4 4.4 4.7 2.3 3.5 68.4

Table4.4.:Distributionof run time in cheap whenparsingthefuse, vm-1j 15, andbalance
testsets,obtainedwith gprof . Thecolumnlabeledcopyspecifiestheamountof time
spentin featurestructurecopying including featurestructurememoryallocation; the
columnlabeledunify correspondsto theamountspentin featurestructureunification,
excluding glb computation.The columnlabeledglb-unify correspondsto the amount
of time spentin glb computationfor featurestructureunification; the columnlabeled
glb-qccorrespondsto theamountspentin glb computationfor quickcheckvectorcom-
patibility checks.Thecolumnlabeledqc-compshows theamountof time spentcheck-
ing quick checkvectorcompatibility, excluding glb computation;the columnlabeled
qc-extr shows theamountof time spentin quick checkvectorextractation.Finally, the
lastcolumnshows the total percentageof run time recordedby thepreviouscolumns.
The remainingfraction of run time is spentin the parserproper, including thingslike
initialization andmemorymanagementfor theparser’s datastructures.

rulesfor EnglishandJapanese,respectively. Thus,whenparsingwith theGermangram-
mar, moretime is spentin theparseritself, becausemoretasksarepostulated(of which
mostarefiltered by the staticrule filter); on average632,045tasksarefiltered per item
for theGermangrammar, while only 130,691and97,061tasksarefilteredfor Englishand
German,respectively. This would suggestthatbetterrule indexation in theparsercould
payoff for theGermangrammar— currently, this is implementednaively in cheap.

Apart from this, the distribution of run time is comparablein the Japaneseand the
Germangrammar;theEnglishgrammar, however, deviatesin two aspectsfrom thebehav-
ior of the othergrammars.On the onehand,glb computationfor the quick checktakes
a larger fraction of run time. This could be explainedby a smallereffectivenessof the
staticrulefilter for theEnglishgrammar, sothatmorefiltering hasto bedoneby thequick
check.On theotherhand,thereis a shift in run time from copying to unificationfor the
Englishgrammarwhencomparedto theothers.Looking morecloselyat theraw profiles
permitstwo interestingobservations.

Unification is appliedfor threedifferentpurposesin theparser, (i) to combinea rule
and a passive edge,(ii) to combinean active and a passive edge,and (iii) to checkif
a passive edgespanningthe completeinput is compatiblewith any of the startsymbols
specifiedby thegrammarwriter. Table4.5 shows how thenumberof calls to unification
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Grammar
rule & passive active & passive root node
% calls % time % calls % time % calls % time

English 56.0 34.1 42.2 64.8 1.8 1.1
Japanese 36.0 18.3 55.6 77.4 8.5 4.3
German 36.7 19.0 43.3 70.7 19.9 10.3

Table4.5.: Threeapplicationsfor unification in the parser. The column rule & passive
correspondsto attemptsto combinea grammarrule anda passive edge;the column
active& passivecorrespondsto attemptsto combineanactive anda passive edge;the
columnlabeledroot nodecorrespondsto checkingcompatibility with oneof the start
symbolsin thegrammar, thesocalledroot nodes.

andthe time spentin unificationaredivided amongthesethreecategories. We cansee
that while in the JapaneseandGermangrammarsattemptsto combinean active anda
passiveedgedominateattemptsto combinearuleandapassiveedge,this is muchlessthe
casein theEnglishgrammar:Looking at thenumberof calls,thepictureis reversed;the
distribution of run time is not quitereversed,but a significantshift canbeobserved. This
meansthatunificationfails moreoftenon thekey argumentof a rule (seeSection3.3) for
the Englishgrammarthan in the other two grammars.This explains the observed shift
from copying to unificationtime for theEnglishgrammarvery well, becausecombining
a rule anda passiveedgeto form anactiveedgedoesnot necessitatea copy in thehyper-
activeparsingstrategy thatcheap is using.While this seemsto beagenuinedifferencein
the characteristicsof the processingcomplexity of the grammars9, the otherobservation
we canmake in thetablerevealsa casewherecheap is tunedto specificpropertiesof the
LinGO grammar. Thecheap approachof usingregularunificationto checkcompatibility
with thestartsymbolshappensto becheapenoughfor LinGO,but theinefficiency inherent
in doingfull unificationwithoutfiltering resultsin asignificantperformancepenaltywhen
processingthe Japaneseandthe Germangrammars.cheap could easilybe improvedto
applythestandardfiltering techniqueshere.

Executiontime profilesareaninvaluabletool in optimizingthepracticalperformance
of almostany kind of application.Thediscussionshowsthatstudyingprofilesof thiskind
canprovide a rangeof interestinginsightsinto thebehavior of a unification-basedparser
andthepropertiesof thegrammarsused.

9As reportedby Flickinger(2000),extra carehasbeentakenin theimplementationof theEnglishgram-
mar to reducethe numberof active edgesthat arenever extendedto a passive egde,e.g.by introducing
constraintsthatareredundantin a linguisticsense.
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4.4. FineTuningtheQuickCheckFilteringMethod

4.4. Fine Tuning the Quic k Check Filtering Method

PET implementsthequick checkpre-unificationfiltering technique(Malouf et al., 2000;
Kiefer et al., 1999). Thequick checkusesautomaticallyobtainedinformationaboutthe
failurefrequency of pathsin featurestructuresto avoid unificationsthatif executedwould
fail. The SINGmethodproposedby Kogure(1990)exploits the samebasicidea: Unifi-
cationfailuresoccurmoreoftenundersomefeaturesthanunderothers;thequick-check
generalizesthis ideato pathsin featurestructures.Uszkoreit (1991)proposesaschemeto
addcontrolinformationto declarativegrammars.It allows,amongotherthings,to specify
theorderin thatconjunctsin a featurestructureareprocessed.In thisway, unificationcan
beguidedso that failuresarefoundearly. A proposalby Erbachcanbeseenasanearly
variantof thequick check:

While in general, there is no way of telling which task is going to fail and
which is goingto succeed(unlessthetaskis performed!),a large proportion
of rule applicationscanbeeliminatedbya computationallyinexpensivefilter.
For everyrule andeverypassiveitemwecomputea Prolog termwhich con-
tainsonly a subsetof theinformationof its featurestructure, i.e., it subsumes
thefeaturestructure. Before thetaskis addedto theagenda,theProlog terms
associatedwith therule andtheitemsare unified. If this unificationfails, we
knowthetaskis goingto fail, andit is notaddedto theagenda.

(Erbach, 1991b,p. 10)

The signature-check-basedunificationfilter (Maedaet al., 1994)is anotherprecursorof
thequickcheck.Theinsightbehindall filtering techniquesis thatthecheapestwayto find
a failure is not to do (full) unificationat all. Underthis aspectapproachesusingcontext-
free filtering (Torisawa et al., 2000)or context-free approximation(Kiefer andKrieger,
2000)canbeseenasrelated.

In PET, for thepurposesof quick checkvectorextraction,thesetof quick checkpaths
is representedin anannotatedfeaturestructureatruntime; this is opposedto alist of paths
in otherimplementations.Therepresentationin afeaturestructuremakesextractionof the
quick checkvectorscomputationallycheaper, becausemany of the pathshave common
prefixes.

Thecheap parsercanbeconfiguredto collectasetof quickcheckpathsfor agiventest
set. In general,this is doneby recordingall failurepathswhenparsingthe testsetusing
a modifiedunificationalgorithmthatcontinuesevenaftera failure is encountered.Then
thesepathsaresortedby their respective effectiveness,andthe best l pathsarechosen.
The next two sectionsdiscussfinding a good measurefor effectivenessof a path, and
determiningthenumberof pathsto use.

45



4. EmpiricalResults

4.4.1. Quic k Check Path Ordering

Themostobviousmeasurefor effectivenessof afailurepathis its frequency of occurrence
in parsingthe testset. This correspondsto assigninga weight of m to eachoccurrence.
Thismeasurecanbesuccessively improved.

1. When a failure occursunder l paths,assigneachof them only a corresponding
fractionof theweight,i.e. mon\l .

2. Do not take into accountfailuresthatthequick checkcouldnot detect,by checking
in the original structuresif the information leadingto the failure is alreadythere.
This is not always the case,as constraintsmay be unified in during unification,
partiallyexpandedpathsmight beexpanded,etc.

3. Make the weight dependenton the costof finding that failure by full unification.
We usethenumberof nodesvisited(recursivecallsto theunificationfunction)asa
measurefor costof unification. Theideais thatsomequick checkpathsonly filter
unificationsthat fail very soon,andpathswhich filter moreexpensive unifications
shouldbefavored.An obviousexampleis theemptypath.

Evaluationof thesemeasureson the blend testsetdemonstratestheir effectiveness.
Thereductionfrom thebaseline (usingpathscomputedwith thenaivemeasure)to thefirst
measureis 8.5%in parsertasks,and2.1%in parsingtime. Thesecondmeasurereduces
parsertasksby another7.6%,andparsingtime by another3.8%. Thethird measuredoes
not improve muchuponthepreviousones:thereductionin parsertasksis another0.8%,
thereductionin parsingtime another0.5%.

I alsoexperimentedwith anothermethodto selectandrankquick checkpaths.When
processingthe testcorpus,for eachfailing unificationthe setof pathswherethe failure
occursis recorded.Whenparsingthe testcorpusis finished,a minimal list of pathsthat
coversamaximalnumberof failurescanbedeterminedfrom this information,andranked
so that the numberof pathsthat have to checked to find asmany failuresaspossibleis
minimized. The quick checkpathsobtainedby this method,however, did not improve
uponthepathsobtainedby usingtheweight-basedmethodfrom above.

4.4.2. Determining the Number of Paths to Use

Malouf et al. (2000) discussthe trade-off in choosingthe optimal number l of quick
checkpaths. They concludethat l cannotbe determinedanalytically, andreportabout
anexperimentto determinel in the LKB for theLinGO grammar. However, for practical
reasons,only a subsetof theblend testsetis used,andthevariationof l is restrictedto a
numberof supportpointsfor thegraph.
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Figure4.1.: Determiningthe numberof quick checkpaths. The graphshows tcpu and
etasksaveragevalueswith thenumberof quick checkpathsrangingfrom 0–150.The
resultsareobtainedwith cheap on theblend testset.

UsingPET I couldruntheexperimentonthefull blend testsettrying all l in therange
from 0–150in reasonabletime. Figure4.1showstheresultof thisexperiment.Theresults
for 0–10paths,whereparsingtimequickly dropsfrom 965msdown to 432msareoutside
thevisible partof thegraph,sincewe focuson theminimumof tcpu.

TheminimumCPUtime is at 27 paths,but choosingany numberbetween25 and48
pathsis no morethan1% worsethantheoptimum. Evenchoosing100pathsresultsin a
performancedegradedby only 4%. Thismeansthenumberof pathscanbechosenfrom a
relatively widerangewithoutasignificantlossof performance.Thiswasconfirmedin ex-
perimentson theothertestsets.Theoutcomereflectsthefindingsof Malouf etal. (2000),
suggestingthe relative speedof type andfeaturestructureunificationis comparablebe-
tweenPET andtheLKB.

4.5. Partial Expansion and Unfilling

In this sectionI briefly describeandthenevaluatetwo very effective improvementsover
making all featurestructureswell-formed (also called ‘expansion’)prior to processing
(asit is still donein PAGE and LKB). The two techniquesareevaluatedon LinGO, the
Japanese,andtheGermangrammar, usingthefuse, vm-1j 15 andbalancetestsets.

Thefirst technique,known aspartial expansion10, wasfirst exploredandfoundbene-
ficial for theLinGO grammarin theCHIC system(Ciortuz,2000).Leafnodes11 in feature

10Closelyrelatedlazy evaluationtechniquesarealsodiscussedin (Götz, 1993;CarpenterandQu, 1995;
Wintner,1997).

11Leaf nodesarenodeswithout any p -descendants(Copestake, 2000),or intuitively nodeswithout sub-
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structuresareonly madewell-formedwhennecessaryat runtime,thatis whenaleafnode
is unifiedwith a non-leafnode.This techniquealonesignificantlyreducesthesizeof the
expandedgrammar:asis shown in Table4.6, thetotal numberof featurestructurenodes
goesdown by 41%for theEnglishgrammar, by 58%for the Japanesegrammar, andby
43%for theGermangrammar. In all threegrammarstheaddedcostfor thedelayedunifi-
cationof constraintsat run time is compensatedby thereducedsizeof structuresthatthe
systemmanipulates,resultingin anoverallperformanceimprovementbetween18%(Ger-
man)and25%(Japanese).Looking at theaveragesizeof passive edges(fssize) shows a
reductionof 33%for bothLinGO andtheJapanesegrammar, andof 21%for theGerman
grammar. This demonstratesthatthereductionin total grammarsizedoesnot necessarily
correspondto a similiar reductionat run-time,asnot all partsof thegrammarareusedto
thesameextent— somepartsmight not beusedat all. Thereis a significantincreaseof
31%in thenumberof attemptedunifications(etasks) for LinGO,whichis dueto decreased
quick checkefficiency: in a partially expandedstructurethe valuefor an elementin the
quick checkvectorcannotbeobtainedwhentheexpansionof thestructureunderthecor-
respondingquickcheckpathhasbeendelayed(for detailson thequickcheck,seeMalouf
et al. (2000)andSection4.4). Thenumberof executedtasksincreasesonly slightly (by
about3%)for theJapanesegrammar, whichcouldexplaintherelativelybiggergainin pro-
cessingspeed.Curiously, thereis no increasein executedtasksfor theGermangrammar
— thequickcheckpathsarenot affectedby partialexpansionfor this grammar.

The secondtechniqueappliedin the PET preprocessor, calledUnfilling (Götz, 1993;
Gerdemann,1995),goesastepfurther. After performing(partial)expansion,structuresare
shrunkagain,by recursively removing leafnodesfrom thestructures.A leafnodeundera
featureq is removedif its typeis themaximalappropriatetypeof q , andif thisnodedoes
not introducestructuresharing.It is not removedon root level of thetypeintroducing q .
Table4.6 shows that unfilling reducesthe numberof nodes(after partial expansion)by
44%for LinGO, by 53%for theJapanesegrammar, andby 65%for theGermangrammar;
theaveragesizeof passive edgesis reducedby 25%,42%,and31%,respectively. Again
the benefitsof smallerstructuresoutweighthe additionalcostof expansionat run time
significantly for both grammars,resultingin a performanceimprovementof about21%
for LinGO, 29%for Japanese,and26%for German.12

Theoverall reductionin thesizeof thegrammarby applyingbothtechniquesis 67%
for LinGO, and80% for JapaneseandGerman;the sizeof passive edgesis reducedby
50%, 61%, and 45%, respectively. The correspondingprocessingspeedupis 37% for
LinGO, 47% for Japaneseand 39% for German. The fact that the techniqueis least
effective on LinGO can partially be explainedby an importantdifferencebetweenthe

structure.
12A nice side-effect is that shrunkstructuresarealsomorehumanlyreadablethanfully expandedstruc-

tures,becausethey aresmaller, andthecrucialpiecesof informationbecomemoreobvious.
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Grammar Expansion Grammar size etasks tcpu space fssiz e
(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

Table4.6.: Evaluationof Partial ExpansionandUnfilling for LinGO, the Japanese,and
theGermangrammarusingcheap with theTomabechiunifieron thefuse, vm-1j 15, and
balancetestsets.

grammars.TheLinGO grammaralreadyemploys a technique,namelythestipulationof
super-typeswith a minimal setof features(Flickinger,2000),with effectssimilar to par-
tial expansionandunfilling, to make processingin LKB and PAGE moreefficient. This
reducesthepotentialbenefitof partial expansionandunfilling for LinGO. The Japanese
andtheGermangrammarshavenot beenmanuallyoptimizedfor processingefficiency in
this way.

Thepracticalbenefitonecanexpectfrom applyingthepartialexpansionandunfilling
techniquesdependson the particulargrammarandcanonly be determinedempirically.
Dependingontheamountof partialexpansionandunfilling thatthegrammarpermits,the
increasedcost in run-timeexpansionmight even outweighthe benefitsof smallerstruc-
turesfor somegrammars.My resultson threesignificantlydifferentgrammarssuggest,
however, that thesetechniqueswill bebeneficialfor typical large-scaleunificationgram-
mars.

4.6. Feature Structure Encoding Techniques

This sectionpresentsa detailedempiricalcomparisonbetweendifferentwaysof feature
structureencodingfor variantsof theTomabechigraphunificationalgorithm,contrasting
anencodingbasedonunorderedlistsof feature-valuepairs(representativefor many LISP-
basedimplementationsof graphunification)with two encodingsthatrepresentfeaturesby
position (reminiscentof WAM-lik e fixed-arity representations).All variantshave been
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implementedin PET, andwereevaluatedusingtheEnglishandtheJapanesegrammar13.
Thisparticularissueof representationhasbeenanareaof activeresearchin theProlog

andabstractmachinecommunity(seeSection2.12),andencodingsbasedonfixedarityare
assumedthroughout,asin theWAM (Warren,1983a;Aı̈t-Kaci,1991),r�s�r�t�u r (Wint-
ner, 1997),andLiLFeS(Makinoetal.,1998).An interestingexceptionis theabstractma-
chinesuggestedfor order-sortedfeaturetermunification(Aı̈t-Kaci andDi Cosmo,1993),
wherefeature-valuelistsareused;thisencodinghasbeenadoptedin CHIC (Ciortuz,2000).
In theresearchon graphunification,however, therehasbeenno detailedinvestigationof
featurestructurerepresentationissues,insteada straightforwardfeature-valuelist encod-
ing is oftenassumed(Wroblewski, 1987;Kogure,1990;Emele,1991;Tomabechi,1991;
Malouf et al., 2000).

4.6.1. Encodings Based on Fixed Arity

The featurestructurerepresentationsuggestedin (Tomabechi,1991)usesan unordered
list of feature-valuepairs to representthe featuresandvaluesof a given node. This re-
quiresa linearsearchin this list every time thevalueof agivenfeatureis accessed.In our
formal framework however, eachtype v hasanassociatedfixedset wyx�xCz:{d|~}��1v,� of appro-
priatefeatures(fixedarity). Moreover, the setof appropriatefeaturesis typically small.
It seemsreasonableto useanencodingwherefeaturesarenot representedexplicitly, but
insteaduseanarraycontainingonly thevalues(I will call this a valuearray), andrepre-
sentfeaturesimplicitly by positionin thearray. Thevaluearrayhasafixedsizeandlayout
determinedby thetype.This encodingschememakessearchingfor featuresunnecessary,
thusreducingtheaccesscostfor a featureto constanttime. In additionthespacerequired
to representa nodeis reduced,sincefeaturesareno longerexplicitly represented.

We now needto find a layout of featuresfor eachtype, so that all featuresappro-
priate to this type canbe represented.14 We can think of a layout asa partial function��� �C���/x�{~����{d|~}S��� �;�o� thatassignsto all thefeaturesappropriatefor a typeapositionin
its valuearray. A valid layoutmustassigna distinctpositionto eachfeatureof a type,i.e.q��6�� qE� if f � �+v2�2q
�,���� � �+v2�/qE�2� for all q
�4�2qE����wyx�xCz:{d|~}��+v,� . Themaximalpositionassigned
to a typedeterminesthesizerequiredfor a valuearrayfor a nodeof this type,thesizeof
thearrayis boundedfrom below by thetype’snumberof appropriatefeatures.

Therearetwo conflictingdesideratawhendeterminingthefeaturelayout. On theone
handwewantto minimizethespaceconsumptionfor eachtype,ontheotherhandwewant
to minimize thenumberof translationsbetweendifferentlayouts,so-calledcoercions. A

13Unfortunately, theGermangrammarwasnot yet availablein thecommonformalismwhenthis experi-
mentwascarriedout.

14Closely relatedproblemsarediscussedin researchon methoddispatchtechniquesin objectoriented
programminglanguageswith multiple inheritance;for a recentsurvey see(Driesen,1999).
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coercionis necessarywhenduringunificationof two nodestheinput typesandtheresult
typedo nothave thesameencodinglayout.

Oneextreme,wherecoercionsareeliminatedaltogether, is to guaranteefor eachpair
of compatibletypes v-� and v.� , with v.� � v-� ��v.� , that � �+v-�4�2qB� � � �+v.�:�/q�� � � �+v.�<�2q�� for
all qV��wyx�xCz:{d|~}<�+v.�4� . A trivial (but extremelywasteful)way to ensurethis is to globally
assigna uniquepositionto eachfeature,suchthat � �+v-�4�/q�� � � �1v.�:�2q�� for all types v-�2�dv.� .
A moremanageablesolutionthat alsoeliminatescoercionsis to partition the typesinto
setsof typesthat do not interferein unification,andthenassignuniquepositionsto all
featuresappropriateto thetypesin eachsetindependently. This approachis describedin
Section4.6.3.

Theotherextremeis to assignanindependentlayoutfor eachtype,by locally assigning
a position for eachfeatureappropriateto a type. In this setupthe spacerequiredfor
representinga type is minimized,but a coercionis requiredin all unificationsinvolving
two differenttypes.A straightforwardimprovementof thisapproachthatalsoguaranteesa
minimalencodingis to identify setsof typessharingthesamesetof appropriatefeatures(a
feature configuration), andthenassignthesamelayoutto all typeswith thesamefeature
configuration. The numberof featureconfigurationsis typically muchsmallerthan the
numberof types,becausemany typesdo not introducenew features.This approachis
discussedin Section4.6.4.

4.6.2. Adapting Tomabec hi’s Unification Algorithm

I hadto adaptTomabechi’s unificationalgorithmfor my fixed-arity-basedencodings.In
Tomabechi’s original algorithm,a list-valuedcomp-arc-list slot is usedto recordfeature-
valuepairs temporarilyaddedduring unification. If we want to both take advantageof
the fixed arity encoding(constantaccesstime to features),andat the sametime avoid
allocationduringunificationwe wouldneeda preallocatedsecondvaluearrayto hold the
temporaryvalues.This would almostdoublethe sizeof nodesfor mosttypes,sincethe
valuearraydominatesthespaceto representanode.Thus,I decidedto omit thecomp-arc-
list slot, andinsteadreintroducesomeearly copying. As discussedin Section4.2, early
copying constitutesonly a minor problemin our setup,sincemost failing unifications
arefiltered by cheapfilters like the quick check(seeSection4.4). Whenever we would
haveto usethecomp-arc-list slot in Tomabechi’soriginalsetup,insteadweallocateanew
nodeand(temporarily)forward both input nodesto the new node. Experimentsat this
point showed that additionallyeliminatingthe new-sort slot in the sameway would not
significantlyincreaseearlycopying (this is becausein our setup,in mostcaseswherethe
new-sortslot is used,thecomp-arc-list is alsoused),so I apply thesametechniquehere
(allocatea new node,andforward the input nodes).The only remainingtemporaryslot
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(sometimescalled‘scratch’slot),protectedby agenerationmark,is the forward slot.15

I implementedthreevariantsof this algorithm,using threedifferentencodings:one
using the partitionedfixed arity encoding,a secondone using the minimal fixed arity
encoding,anda third usingthe plain feature-valuelist encoding.The next two sections
describethetwo fixed-arity-basedencodings.

4.6.3. The Partitioned Fixed Arity Encoding

The first fixed arity encodingI implementedavoids coercionsby partitioning the type
hierarchyinto independentblocks,andusing the samelayout of featuresfor typesin a
commonblock. The partitioningis setup suchthatunificationof two typeswith a non-
emptysetof appropriatefeaturesin a commonpartition eitherfails, or resultsin a type
from the samepartition. This propertymakesthe implementationof the unificational-
gorithmsimpleandefficient: whenever two nodeswith compatibletypesareunified,we
know they have the samelayout, andso hasthe resultingnode. Thusno searchandno
translationof positionsis necessaryfor therecursiveunificationsof thesharedarcsof two
givennodesto beunified. Thedrawbackof this encodingis thepotentiallylargeamount
of spacewasted:eachtype’svaluearrayhasto haveroomfor all thefeaturesof typesthat
it couldpotentiallyberefinedto.

Thepartitioningis computedin thepreprocessor, usinga simplealgorithmthatworks
bottom-upto split thehierarchyinto suitablepartitions,startingat leavesin thehierarchy.
Thealgorithmstartsby puttingeachtypeinto apartitionof its own, andthensuccessively
mergingpartitions.Wevisit eachtypethatis a leaf in thehierarchy, andrecursively merge
all parentsof this typeinto thesamepartition,stoppingtherecursionat typesthathavean
empy setof appropriatefeatures.

Thissimpleschemeworksreasonablywell for LinGO andtheJapanesegrammar. The
LinGO grammarhasa total of 155 features. It is split into 23 partitions,the maximal
numberof featuresin a partitionis 56 in onepartition. TheJapanesegrammarhasa total
of 72features.It is split into 19partitions,themaximalnumberof featuresin onepartition
is 22.

4.6.4. The Minimal Fixed Arity Encoding

My secondfixed-arity-basedencodingminimizes the spacerequiredto representeach
type. Eachtype’s value array hasroom for exactly its appropriatefeatures. To avoid
uselesscoercionsat run time, we first computeall distinct featureconfigurations.There
are131 suchconfigurationsfor the LinGO grammarand27 for the Japanesegrammar.

15The resultingalgorithmis similar to Wroblewski’s unify2 (Wroblewski, 1987),with the important
differencethatI usethestructuresharingimprovementsfrom (Malouf et al., 2000).
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Eachconfigurationis assigneda uniqueidentifier. The mappingfrom typesto feature
configurationidentifiers is held in an array at run time, so we can efficiently checkif
two typeshave the samefeatureconfiguration.Whentwo types v-� and v.� with different
featureconfigurationsare unified, we needto translatefeaturepositions. This is done
using a table �I���#{d|~}.�/�E�:z$�4��{d|~}¡ �� �;�o� that containsthe position correspondingto a
given featureconfigurationand feature,and a secondtable ¢6�Z��{d|~}£�/�E�:z$���;�o�: �� ��{d|~}
containingthe featuregivena featureconfigurationanda position. When v-� and v.� with
featureconfigurations¤o� and ¤2� areunified,we iterateover all positionsvalid for v-� . For
eachposition ¥ in v-� we computethe correspondingposition in v.� by the table lookup�I�¦¤2�:�2¢6�D¤:�4�-¥� h  .

4.6.5. Comparison and Discussion

I evaluatedthe differentvariantson LinGO andthe Japanesegrammar. A total of four
configurationswerecompared,theoriginal Tomabechialgorithmusingthe feature-value
list encoding,the adaptedalgorithm using the feature-value list encoding,the adapted
algorithmusingthepartitionedfixedarity encoding,andtheadaptedalgorithmusingthe
minimal fixedarity encoding.

Table4.7 shows the resultsof processingthe fuse andvm-1j 15testsets. The differ-
encesin processingtimearerathersmall,for LinGO thefastestunifier is only 5.9%faster
thantheslowestone,for theJapanesegrammarthemaximalspeedupis 4.9%.This result
is interestingin itself, sincea muchhighervariationcouldbeexpectedgiventheconsid-
erabledifferencesin algorithmsandencoding.On theotherhand,thedifferencein space
consumptionis muchmoresignificant,themaximalreductionis 48%for LinGO,and45%
for theJapanesegrammar.

Looking at thecpu time rankingsrevealsan interestingdifferencein behavior on the
two grammars.Thepartitionedfixedarity encodingperformsbeston theJapanesegram-
mar, while it is theworstperformeronLinGO.Comparingthememoryconsumptionrank-
ingsshowsthey areidenticalfor bothgrammars,offeringnoexplanationfor thedifference
in relative speed.We canlook at the amountof spacewasted(seeSection4.6.3)by the
encodingatrun time16; it is 8,544kb for LinGO andonly 10kb for theJapanesegrammar.
This differencewould very well explain the badperformanceof the partitionedencod-
ing on LinGO. By takinga closerlook at how theLinGO hierarchyis partitionedby my
scheme,I found thereis onepartition containinga very large numberof features(56),
while all the other partitionsare comparatively small. This partition containsthe sub-
hierarchyof semanticrelations– a largenumberof differentfeaturesis introducedin this
part of the hierarchy, andmy simplepartitioningschememergesthemall into onepar-

16This wasobtainedusingan instrumentedversionof theunifier thatcountsthenumberof byteswasted
for encodingpurposeson eachallocationof a featurestructurenodeduringunification.
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English Japanese
Algorithm Encoding tcpu space tcpu space

(ms) # (kb) # (ms) # (kb) #

original list 584 3 4,683 2 328 3 2,986 2
adapted list 569 2 6,639 4 329 4 5,267 4
adapted fix-part 590 4 5,067 3 313 1 3,005 3
adapted fix-min 555 1 3,436 1 323 2 2,852 1

Table4.7.:Evaluationof four differentunifiersfor LinGO andtheJapanesegrammarusing
cheap onthefuseandvm-1j 15 testsets.Sub-columnslabelled‘#’ indicaterelativeranks
within therespectivecolumn.

tition. To verify my explanationI tried the four unifierson a versionof LinGO without
semantics(by removing all informationunderthe pathSYNSEM .LOCAL .CONT), andin-
deedfoundmy hypothesissupported:for this semantics-freeversionof thegrammarthe
partitionedfixedarity encodingperformsbest,closelyfollowedby theminimalfixedarity
encoding.

Theoverall bestperformeron thetwo grammarsconsideringboth time andspacere-
quirementsis the minimal fixed arity encoding. It consumessignificantly lessmemory
than the threeotherconfigurations,and is alwaysamongthe two fastestconfigurations
in my experiments. The partitionedfixed arity encodingrelies on a good partitioning,
whichcannotalwaysbefoundusingmy simplescheme.Improvementsto thepartitioning
schemecouldeasilybedevised,but cannotbeexpectedto resultin an interestingoverall
performanceimprovement.My experimentsshow clearlythatchosingafixed-arity-based
featurestructureencodingover a feature-value-list-basedencodingdoesnot necessarily
makeaninterestingdifferencein processingspeed.

4.7. Copying, Recomputation and Trailing in Active
Char t Parsing

This sectiontakesa look at threedifferentwaysfor anactive chartparser17 to dealwith
the featurestructuresassociatedto active edges. The standardapproachis to copy the
associatedfeaturestructurewhenan active edgeis derived, so that it is availablewhen
attemptsaremadeto extendthis active edge.An improvedstrategy, calledhyper-active
parsing,is proposedin OepenandCarroll (2000b).Basedon theobservationthatunifica-

17I considerhyper-activeparsing(OepenandCarroll, 2000b)an instanceof active chartparsingfor the
purposeof thecurrentdiscussion.
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Variant
tcpu space
(ms) (kb)

active 294.29 3,951
hyper-active 285.43 2,581
hyper-active with trailing 273.24 2,547
hyper-active with unused trailing 301.30 2,597

Table4.8.: Comparisonof active parsingandhyperactive parsingwith different rebuild
strategieson LinGO, usingthefusetestset.

tionsarelessexpensive thancopies,thehyper-active parsingstrategy tradesunifications
for copies:whenanactive edgeis derived,theassociatedstructureis not copied,instead
it is rebuilt whenever it is neededagain.Thebenefitsof thisstrategy dependonhow often
the structureassociatedto an active edgeneedsto be rebuilt; given the highly effective
pre-unificationfilters this numberis low (aroundtwo for theLinGO grammar),andthus
thehyper-activestrategy is effective.

An alternativewayof implementinghyper-activeparsingis usingaschemesimiliar to
theskeleton/environmentrepresentationdiscussedin Section2.2. Theideais thatinstead
of redoingthe unificationnecessaryto obtainthe featurestructureof an active edge,an
environmentis createdwhentheactive edgeis first derived. This environmentrepresents
all thechangesthatneedto beappliedto theinputstructuresto obtainthefeaturestructure
of the active edge. The environmentis createdusinga techniquecalled trailing. When
performingunification,all changesto theinput featurestructurearesavedin a datastruc-
turecalledthetrail. After unification,theenvironmentis constructedfrom theinformation
in thetrail.

Thethreevariants(active,hyper-activeandhyper-activewith trailing)areimplemented
in PET for the Tomabechiunifier. I comparetheir performanceon the LinGO grammar,
usingthefusetestset.To allow estimatingtheoverheadof environmentconstruction,I in-
cluded18 a fourthvariantthatconstructstheenvironments,but doesnotmakeuseof them,
i.e. it usesregularunificationto rebuild thefeaturestructuresof active edges.Theresults
of theexperimentareshown in Table4.8. I verifiedthatall four variantsindeedcompute
thesameresults.Thereductionin parsingtimefromactiveto hyper-activeparsingis 3.0%,
usingenvironmentsresultsin a further improvementof 4.3%. Thepenaltyfor construct-
ing the environments,but not using them, is 5.6%. Looking at spaceconsumption,we
seea significantreductionof almost35%from active to hyper-active parsing.Thespace
consumptionof thethreehyper-activevariantsis (asto beexpected)almostidentical.

While thedifferencesin parsingtime visible from theoutsideseemsmall,a look in-

18Following a suggestionby StephanOepen.
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Variant Total run time unify cop y env::b uild env::appl y

active 741.2 s 145.5 s 331.9 s – –
hyper-active 722.7 s 215.1 s 223.3 s – –
trailing 691.4 s 164.6 s 215.8 s 16.7 s 15.0 s

Table4.9.:Distribution of run time in theunifier for theactive, hyper-active andtrailing
hyper-activeparsers.Absolutetimesareshown.

sideshowsmoredramaticdifferences.Table4.9shows informationaboutthedistribution
of run time inside the unifier obtainedfrom gprof profiles (seeSection4.3). I show
absolutetimesto enabledirect comparison.Looking at the time spentin unificationand
copying shows thatthehyper-activeparsersuccessfullytradesunificationsfor copies:the
hyper-active parserspendsabout70 secondslongerin unificationthantheactive parser,
but saves109secondsin copying. Someof thesesavingsare,however, cancelledout by
higheroverheadin otherparts(mostnoticeablein quick-checkvectorextraction,which is
moreexpensive in the hyper-active parser, asthe quick checkvectorhasto be extracted
from theintermediateunificationresultratherthanfrom thecopy), resultingin anoverall
improvementof 18 seconds.Looking at the trailing parser, we canseethat it spends19
secondslonger in unificationthanthe the active parser, while executingthe sameunifi-
cations.This is causedby theoverheadof trailing. Another17 secondsarespentby the
trailing parserin environmentconstruction;applicationof environmentstakesanother15
seconds.Still, this resultsin asumof only 196seconds,comparedto the215secondsthe
hyper-activeparserspendsin unification.Thetrailing parseralsousesa slightly different
versionof copying19 thatsaves8 secondscomparedto theactive parser. Theoverall im-
provementof thetrailing versionover theplain hyper-active parseris 31 seconds(4.3%).
The profile shows that a total of 1,087,592environmentsareconstructed,anda total of
2,536,573environmentapplicationstake place.This meansanenvironmentis usedonly
about2.3 timeson average.This explainswhy thecostof environmentconstructiondoes
notpayoff verywell, resultingin thecomparatively minor overallspeedup.

My experimentsupportstheresultsreportedin Schulte(1999).Schultecomparestrail-
ing andcopying for constraintprogramming.He discussesthreeapproachesto making
previouscomputationstatesavailablein search:copying, recomputationandtrailing. This
directlyrelatesto thethreeparsersthatI compared:theactiveparserusescopying to make
activeedgesavailable,thehyper-activeparserusesrecomputation,andthetrailing hyper-
active parserusestrailing; however, I do not usetrailing to undo changes,but to redo
changes.Schulteconcludesthata systembasedon copying is competetive comparedto

19Thecopying functionin thetrailing parsercannotreusetop-level arcs,resultingin slightly highermem-
ory usage,but lowerexecutiontime.
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trailing-basedsystems.Usinga combinationof copying andrecomputationcanevenout-
performtrailing-basedsystems.My datashowsthattheimprovementfrom trailing is only
minor. I cansupportSchulte’s observationthatdesignandimplementationcomplexity is
muchhigherfor a trailing system:every updateoperationneedsto take trailing into ac-
count.While thecomplexity wasreducedby encapsulatingupdateoperations,thetrailing
implementationprovedto behardto debug.

Althoughtheseexperimentswould predictthat thetrailing-basedapproachcouldpay
backin a setupwhereenvironmentswereusedmorefrequently, sucha setupwould con-
flict with theunderlyingassumptionof thehyper-activeparsingstrategy. It canbeexpected
that within the window wherehyper-active parsingpaysoff, no significantperformance
improvementcanbeachievedby a trailing-basedapproach.Giventhesmalloverall prac-
tical performanceimprovement,andthe high costof implementingandmaintainingthe
trailing variant,I decidedto excludeit from furtherdevelopment.Thehyper-active pars-
ing strategy with recomputationby regularunificationis now thestandardin PET, andhas
provento bebeneficialon theLinGO, JapaneseandGermangrammars.

4.8. Cross-comparison: Comparing Acr oss
Grammar s and Platf orms

In this sectionI review the performanceof PET on testsetsfor the threegrammarsand
compareresultswith LKB dataobtainedon thesamegrammarsandtestsets.I try to iden-
tify a measureto assessboth parserperformanceabstractingfrom grammarcomplexity,
andgrammarcomplexity abstractingfrom parserperformance.Thiswould allow predict-
ing practicalperformancefor a givenplatformandgrammarfrom existing dataobtained
onadifferentplatformandgrammar. Suchapredictioncouldthenbeused,for instance,to
verify if aprocessingsystembehavesasexpectedonagivennew grammar, andto identify
unexpectedperformanceleaks20.

Table4.10shows the raw dataunderlyingthe discussion.It summarizesrelevant in-
formationfrom theperformanceprofilesfor the LKB andPET on thethreegrammars.As
expected,the numberof passive edges(pedges) agreesbetweenthe LKB andPET in all
cases.The filter rates,andasa result the numberof executedtasks(etasks), alsoagree
roughly21 The samegoesfor the numberof successfultasks(stasks) andthe numberof
unifications(unifs); thesmall differencescanbeexplainedby a slightly differentway to
countsuccessfultasksin lexical processing.Significantdifferencesbetweenthetwo pro-
cessingsystemsare in the averageparsetime (tcpu) andthe amountof allocatedspace

20Theideaunderlyingthediscussionin thissectionwasdevelopedin cooperationwith StephanOepen;an
extendeddiscussionof this topic is providedin Oepen(2001).

21Thereis nocompleteagreement,becausequickcheckefficiency is slightly reducedin PET dueto partial
expansion(seeSection4.5).
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Grammar System
tcpu filter etasks stasks unifs pedg es dspace

(s) (%) (kb)

English LKB 3.28 96.1 5,946 2,695 8,840 1,850 16,894
PET 0.59 95.2 6,541 2,661 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

Table4.10.:Performanceprofilesof the LKB and PET on LinGO, the Japanese,andthe
Germangrammarsfor the fuse, vm-1 andbalancetest sets,restrictedto compatible
items.

(dspace). PET is fasterthanthe LKB, betweena factorof 5.6 for LinGO anda factorof
8.6 for theGermangrammar. PET alsoallocateslessmemory, betweena factorof 3.2 for
LinGO anda factorof 5.4 for the Japanesegrammar. What we canconcludefrom this
tableis thatPET is afactorof 6.8fasterthantheLKB, onaverage.Thisallowsusto predict
performanceof oneplatform on a givengrammar, providedwe have informationon the
performanceof theotherplatformon thesamegrammar.

But whatcanwe do if thatinformationis not available?Imagine,for themoment,we
only have informationabouttheperformanceof PET ontheLinGO grammar, andtheLKB

on theJapanesegrammar. Whencomparingabsolutevaluesonly, with anaverageparse
time per testitem of 0.59s PET doesnot seemto befasterthanthe LKB with anaverage
time of 0.60s. This, of course,is dueto the differentprocessingcomplexity of the two
grammarsandtestsets.Thenumberof executedtasksgivesusahandleon theprocessing
complexity. We canseethat about6 timesasmany tasksareexecutedper test item for
theEnglishinput whencomparedto theJapanesedata.Underthesimplifiedassumption
thatthenumberof tasksis in directproportionto theprocessingcomplexity of agrammar
andtestset,thenumberof tasksagivenprocessingsystemexecutespersecondshouldbe
independentof thegrammarandtestset. This is roughly thecasefor our example: PET

executesaround11,086tasksper secondon LinGO and13,132tasksper secondon the
Japanesegrammar;the LKB executes1,811and1,583tasksper second,respectively. In
otherwords,PET canexecuteabout7 timesthenumberof tasksthattheLKB canexecute
in thesametime. In our examplewe would now predicttheaverageparsetimeof PET on
theJapaneseinput as0.09s (obtainedby dividing the LKB’s processingtime of 0.60s by
7), which is closeto theactualvalueof 0.07s. Rememberthatwe madethis prediction
without ever referringto a directcomparisonbetweenthetwo processingsystemson the
samegrammar.
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English Japanese German

LKB
1,811/s

7.3
13,132/s

1,583/s
4.8

7,650/s

1,277/s
8.7

11,086/s
PET

PET
11,086/s

7.0
1,583/s

13,132/s
10.3

1,277/s

7,650/s
4.2

1,811/s
LKB

Japanese German English

Table4.11.:Cross-comparisonof PET andLKB performancefor thethreegrammars.Per-
formanceis expressedin termsof thenumberof tasksexecutedpersecondof cputime
(etasks/ s). Eachcell in the tablecontainsthreepiecesof information: In the upper
left corner, theperformanceof thecombinationof grammarandprocessingsystemthat
is identifiedby referringto the top row andthe leftmostcolumnis shown; the lower
right cornerof eachcell shows the performancefor the combinationthat is identified
by referringto thebottomrow andtherightmostcolumn. Centeredin eachcell is the
resultingperformanceratio for thetwo combinations.

Table4.11systematicallyshows theperformanceratiosthatwe obtainin this way. If
etasks/ s wasin direct proportionto grammarandtestsetcomplexity, all ratiosshould
be identical; this is not the case,andthe reasonis quite obvious: The costof executing
onetaskvariesbetweengrammars,for anumberof reasonslikedifferencesin theaverage
sizeof a featurestructure. We canconcludefrom the datain the table that the costof
executingone task is comparablebetweenthe EnglishandJapanesegrammars;for the
Germangrammarthat cost is significantlyhigher. Curiously, PET is affectedfrom this
highercostto a larger degreethanthe LKB — this seemsto be anothercasewherePET

exhibitsacertainamountof tuningto thespecificsof theLinGO grammar, similar to what
we foundin Section4.3.
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5. Conc lusions and Outlook

5.1. Summar y

In this thesis,I have explored a numberof centralpracticalperformancepropertiesof
unification-basedparsingon large-scalegrammars,building onpreciseempiricaldataob-
tainedwith the PET platform. Throughempiricalstudy, I wasableto answera number
of openquestionsin the areaof unification-basedparsing;most importantly I wasable
to show thatthequestionof featurestructureencoding(list-basedvs.fixed-arity-based)is
lessrelevant thanis oftenassumed.Otherimportantresultsincludethequantificationof
the different typesof unnecessarycopying on a large-scalegrammar, an analysisof the
distribution of run time in theparser, the evaluationof two very effective techniquesfor
reducingthe sizeof featurestructures(partial expansionandunfilling), a studyof three
differentstrategiesto handlefeaturestructuresassociatedwith active edges,andfinally a
discussionof how to predictpracticalperformanceacrossplatformsandgrammars.In line
with theresultsof Erbach(1991c);Carroll (1994);OepenandCarroll (2000a),I claimthat
empiricalstudyis essentialin implementingefficient unification-basedparsers;also,em-
pirical studyis themosteffectiveway to find theright focusfor work on theimprovement
of algorithmsandthedevelopmentof new techniques.

Thesecondmajorcontributionof this thesisis theimplementationof thePET platform
itself. PET synthesizesa significantbody of existing experiencein efficient unification-
basedprocessing,in theform of acarefullyimplementedmodularsetof efficientbuilding
blocksthat allow both easyimplementationof efficient processors,andsystematic,con-
trolledexperimentationwith unification-basedprocessingstrategiesin acommoncontext.
The cheap parserof the PET platform achievesa very attractive practicalperformance.
Both time andspacerequirementsaresignificantly reducedcomparedto the PAGE and
LKB systems;theprocesssizeis reducedby anorderof magnitude.PET hasbeenquite
successful:it is now thestandardrun-timesystemfor testsetprocessingusedby thedevel-
opersof thethreelarge-scaleHPSG grammarsin theconsortium,andit is alsoemployedin
productdevelopmentin at leasttwo differentcompanies,markingthefirst timelarge-scale
HPSG grammarsarebeingusedin commercialproductdevelopment1.

1SeeFlickingeretal. (1985);ProudianandPollard(1985)for discussionof theearliestwork ongrammar
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Anothercontribution is thediscussionof anefficient implementationof a semi-lattice
constructionalgorithm. Automatic semi-latticeconstructionis an importantdevice for
allowing straightforwardspecificationof the grammar, while still enablingefficient pro-
cessing.In addition,within a comprehensive review of previouswork on efficient graph
unification,I identifiedandsolvedapreviouslyoverlookedproblemwith oneof thefoun-
dationalalgorithmsfor graphunification.

5.2. Quantifying Progress

I take a wider perspective now andprovide an ideaof the overall progressmadein pro-
cessingtheLinGO grammarovera periodof four years.Theoldestavailable[incr tsdb()]
profiles(for theagedtestset)wereobtainedwith PAGE (version2.0releasedin May 1997)
usingtheOctober1996versionof LinGO. I contrastthiswith today’sbestparsingperfor-
manceon thecurrentreferenceversionof LinGO (May 2000).All dataweresampledon
thesame300MHz UltraSparcserver.

Grammar Platf orm
readings filter etasks pedg es tcpu space

(%) (s) (kb)

October 1996 PAGE 2.55 51.3 1,763 97 36.69 79,093
January 2001 PET 13.53 94.2 1,571 439 0.24 1,142

Table5.1.: Progressmadein processingthe LinGO grammarover four years. Numbers
obtainedona300MHz UltraSparcusingtheagedtestset.

Table5.1 shows thataverageparsingtimes2 per testitem have droppedby morethan
two ordersof magnitude(a factorof 150on theageddata),while memoryconsumption
wasreducedby a factorof morethan60. Becausein theearlyPAGE datathequick check
filter wasnotavailable,currentfilter ratesaremuchbetterandresultin areductionof exe-
cutedparsertasks.At thesametime,comparingthenumberof passiveedgeslicensedby
thetwo versionsof thegrammarprovidesagoodestimateonthesearchspaceexploredby
thetwo parsers.Theageddatashowsanincreaseby afactorof 4.5.Assumingthattheav-
eragenumberof passiveedgesis adirectmeasurefor inputcomplexity3 (with respectto a
particulargrammar),I extrapolatetheoverallspeed-upin processingtheLinGO grammar
asa factorof roughly700.

implementationin theHPSG framework in anindustrialresearchsetting.
2Thetcpuvaluesfor PAGE includegarbagecollectiontime,which is eliminatedin PET.
3Thisassumptionis supportedby verystronglinearcorrelationbetweenthenumberof passiveedgesand

parsingtime in bothprofiles( §/¨�©«ªC¬ ­�® for thePAGE data;§/¨�©«ªC¬ ­4­ for thePET data).
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5.3. Open Questions and Future Work

From the perspective of efficient processing,the mostpressingopenquestionemerging
from this thesisis a comparisonof the approachto unification-basedparsingdiscussed
herewith approachesthat arebasedon compilation. Given the high unifier throughput
reportedin Miyao etal. (2000)for LiLFeS,it wouldbeinterestingto seeif thetechniques
for efficient processingdiscussedin thepresentwork canbe integratedinto LiLFeS. An
evaluationof the techniquesfrom Penn(2000)on a large-scalegrammarwould alsobe
highly interesting,giventhepromisingresultsreportedby Pennfor asmallergrammar.

A numberof openquestionsregardingthe applicationof HPSG-basedgrammarscan
be tackledfruitfully only now that the efficiency problemin processinghasbeensolved
for many researchandcommercialapplicationsthroughthe joint efforts of the consor-
tium. Centralissueswithin suchapplicationsincludeboth robustnessandresolutionof
ambiguity.
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A. The Input Langua ge

The PET preprocessoris designedto accepta conjunctive subsetof ¯#°�t as input, ex-
cluding thevariousformsof disjunctionandnegation. Therecognizedsubsetof ¯$°�t is
comparableto thatof theLKB system,addingtheability to handlē$°�t templates.

Givenbelow is thespecificationof theinputsyntaxin BNF form. This is adaptedfrom
the definitionsgiven in the ¯#°�t referencemanual(Krieger and Scḧafer, 1994b),with
changesinspiredby theLKB documentation(Copestake,1999).Themaindifferenceto the¯$°�t referencemanualis theommisionof disjunctionsandnegations,andthecorrection
of anumberof obvious,mostlyminor, bugsin theBNF.

±³²�´
Main Constructor s

start � � block-or-statement-list 
block-or-statement-list� block-or-statement� block-or-statement-list 
block-or-statement� block µ statement
block � domain-block µ instance-block µ type-block
domain-block � 'begin :domain ' domain'. ' start 'end :domain ' domain'. '
domain � atom
instance-block � 'begin :instance. ' start-or-instance-list'end :instance. '
start-or-instance-list� start-or-instance� start-or-instance-list 
start-or-instance� start µ instance-def
template-block � 'begin :template. ' start-or-template-list'end :template. '
start-or-template-list� start-or-template� start-or-template-list 
start-or-template� start µ templ-def
type-block � 'begin :type. ' start-or-type-list'end :type. '
start-or-type-list � start-or-type � start-or-type-list 
start-or-type � start µ type-def

Type and Instance Definitions

type-def � typeavm-def'. ' µ typesubtype-def'. '
type � IDENTIFIER
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subtype-def� ':< ' type � status 
avm-def � ':= ' conjunction � status 
status� ',status: ' IDENTIFIER

conjunction� term µ term '&' conjunction
term � type µ atom µ feature-term µ coreference
atom � STRING µ INTEGER µ '’ 'IDENTIFIER

feature-term � '[ ' � attr-val-list  '] '
attr-val-list � attr-val � ', ' attr-val-list 
attr-val � attr-list conjunction
attr-list � attribute � '. ' attr-list  
attribute � IDENTIFIER µ templ-par
coreference� '#' IDENTIFIER

instance-def� instanceavm-def
instance� IDENTIFIER

Lists and Diff erence Lists

Thereis somesyntacticsugarto easethenotationof listsanddifferencelists.

term � list µ diff-list
diff-list � '<! ' � conjunction-list  '!> '
conjunction-list� conjunction � ', ' conjunction-list 
list � '<' conjunction-list'>' µ

'<' conjunction-list', ... ' '>' µ
'<' conjunction-list'. ' conjunction'>'

Parametriz ed Templates

¯#°�t allowsthedefinitionandinstantiationof parametrizedtemplates.The ¯#°�t reference
BNF alsoallows templateparametesto be usedfor attributes. This is alsosupportedin
PET.

term � templ-par µ templ-call
templ-call � '@'templ-name'( ' � templ-par-list   ') '
templ-name� IDENTIFIER

templ-par-list � templ-par � ', ' templ-par-list  
templ-par � '$'templ-var � '=' conjunction 
templ-var � IDENTIFIER

templ-def � templ-name'( ' � templ-par-list   ') ' ':= ' conjunction'. '
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±³²�´
Statements

Exceptfor the include -statement,all the statementsare ignoredby the preprocessor.
They areonly recognizedsotheinput filescanbereadwithoutchangingthem.

statement� 'defdomain ' domain'. ' µ 'deldomain ' domain'. ' µ
'expand-all-instances. ' µ
'include ' filename'. ' µ
'leval ' COMMON-LISP-EXPRESSION '. '

filename� STRING
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B. Binar y Representation of
Grammar s

This appendixspecifiesthe intermediateform of a grammarthat is procucedby the flop
preprocessorfrom the ¯#°�t grammarsource,andreadby theprocessorat run time. This
intermediateform is a compactbinary file containingall the relevant information from
the grammarsources(i.e. the type hierarchy, type constraints,the lexcion andgrammar
rules) in a form gearedto easyusability by run time processors.It is an ideal starting
point for systemsthat want to processgrammarsin our commondescriptive formalism
(Oepenet al., 2000),avoiding idiosyncrasiesof thegrammarsourceformat,andwithout
implementingtheotherwisenecessarypreprocessingsteps.This cansave significantde-
velopmenttime, asexemplifiedby the cali system(van Lohuizen,2001), that waswas
adaptedto supportthis formalismin just a few weeks,startingfrom theflop preprocessor
output.

I give a semi-formalspecificationof the file format. The file consistsof sections,I
recursively decomposeeachsectioninto smallerelements,down to atomicelementsof
the file format. Atomic elementsare int, short andchar, composedof four bytes,two
bytesandonebyte, respectively. int andshort elementsarestoredin little endianbyte
order.

grammar -file

A grammarfile consistsof eightsectionsin afixedorder. Theheadercontainsinformation
identifying the file format and the nameof the grammarcontainedin the file. The toc
containstheoffsetsto latersectionsin thefile, sothat it is possiblefor a programto skip
oversectionsit is not interestedin. Thesymbol-tablescontainthenamesfor theobjectsof
thegrammar. Thehierarchygivesall informationaboutthetypehierarchyunderlyingthe
grammar. The feature-tablescontaininformationaboutthe encodingschemefor types,
andappropriatenessinformationfor attributes.Therulessectioncontainsall thegrammar
rules,the lexiconsectioncontainsthe(full-form) lexicon. Finally, theconstraintssection
containsthefeature-structureconstraintsof typesandinstances.
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type description
header Headerto identify file
toc Offsetsto sectionsin file
symbol-tables Symbolsin thegrammar
hierarchy Typehierarchy
feature-tables Additional featureinformation
rules Grammarrules
lexicon Full-form lexicon
constraints Constraintsof typesandinstances

header

type identifier description
int magic Magic valueto identify file format
int version Versionof file format
string description Description(name)of thegrammar

string

type identifier
short length
length ¶ 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 is npropertypes · nleaftypes · nsymbols · ninstances .

70



type identifier
int npropertypes
int nleaftypes
int nsymbols
int ninstances
int nattrs
ntypes ¶ string type-name
nattrs ¶ string attr-name

hierar chy

type identifier
int nbits
npropertypes ¶ bitcode type-bitcode
nleaftypes ¶ int leaftype-parent
ninstances ¶ int instance-parent

bitcode
type description
bitcodepart Partsof abitcode
. . . Repeateduntil endmarker
int �R¸ Endmarker
short �¹¸ Endmarker

bitcodepar t

type identifier
int value
value ��¹¸ : short ��R¸ repetition

feature-tab les

n is npropertypes · nleaftypes .

type identifier
int encoding-type
n ¶ type-feat-info type-feat-info
int nfeatsets
nfeatsets ¶ featset featset
nattrs ¶ short appropriate-sort

71



B. BinaryRepresentationof Grammars

type-f eat-inf o

type identifier
int featset
char waste

featset

type identifier
short nattr
nattr ¶ short attr

rules

type identifier
int nrules
nrules ¶ rule rule

rule

type identifier
short type
char arity
char key-daughter
char head-daughter

lexicon

type identifier
int nles
nles ¶ lexicon-entry lexicon-entry

lexicon-entr y

type identifier
short preterminal-type
short affix-type
char infl-pos
char nstems
nstems ¶ string stem
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constraints

n is npropertypes · nleaftypes .

type description
n ¶ constraint Constraintsassociatedto types
ninstances ¶ constraint Constraintsassociatedto instances

constraint
type identifier
int nnodes
int narcs
nnodes ¶ node node

node
type identifier
short type
short nattrs
nattrs ¶ arc arc

arc
type identifier
short attribute
short value
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C. PET Usage

The Prepr ocessor

The basicusageof the preprocessoris simple. A file containingthe settingsspecificto
thegrammarto beconvertedhasto becreated.Thenthepreprocessoris invokedfrom the
directorycontainingthegrammarsources,giving themaingrammarfile (english.tdl
for LinGO) asargument.The outputgoesto a corresponding.gram file (replacingthe
.tdl extensionby .gram ). As anexample,preprocessingtheLinGO grammaris done
by this command:

(˜/lingo) $ flop english.tdl

Thiswill resultin afile calledenglish.gram in thesamedirectory. Theoutputfor
theLinGO grammarlookslike 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’... ‘lkb/inflr.tdl’...
‘lexicon.tdl’... ‘constructions.tdl’... ‘lexrinst.tdl’... ‘parse-nodes.tdl’...
‘roots.tdl’... postloading ‘pet/qc-traditional.tdl’...
reading morphology entries from ‘pet/full.voc’: 17917 entries.
finished parsing - 0 syntax errors, 52021 lines in 1.78 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 a file calledflop.settings containingvariousswitches.On
startup,thepreprocessorlooksfor thisfile in thecurrentdirectory, andin thesubdirectory
pet/ . Thelexical syntaxof thefile is similiar to º#»�¼ (internally, thefile is readusingthe
samemodulethat is usedfor readingthegrammarinput files). I will give a specification
of thesyntax,andanexplanationof thepossiblesettings.

Configuration file syntax

config-file ½ ¾ setting-list¿
setting-list ½ setting ¾ setting-list¿
setting ½ setting-name':= ' value-list'. '
setting-name½ IDENTIFIER

value-list ½ value ¾ value-list¿
value ½ IDENTIFIER À STRING

Settings

preload-files List of file names.Thesefiles will be loadedbeforestartingto readthe
main script file. This is useful to load files containingdefinitionsof º#»�¼ builtin
typesthatarenotknown in PET.

postload-files List of file names.Thesefiles will be loadedafterfinishingreadingthe
mainscriptfile. Thisis usefulto loadfilescontainingdefinitionsthatshouldoverride
previousdefinitions(similiar to the lkbpatches.tdl file for theLKB).

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

version-file File name.This file will beread(usingthe º#»�¼ -lexer),andthevalueread
right afterencounteringthevalueof thesettingversion-stringwill beconsideredthe
versionof thegrammar. This allows to propagatetheversionof thegrammarto the
following processingstages(cf. grammar-info).

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

grammar -inf o Typename.Thepreprocessorwill createaninstancewith thisname,and
put informationaboutthegrammar(like theversion,thenumberof instancesetc.)
into this instance.This allows for easypropagationof this informationto further
processingstages.
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rule-status-v alues List of statusvalues.All instanceswith oneof thesestatusvalues
will beconsidereda rule of thegrammar.

lexicon-status-v alues List of statusvalues.All instanceswith oneof thesestatusval-
ueswill beconsidereda lexical entry.

rule-ar gs-path Featurestructurepath. Theargumentof a rule is foundunderthis path
in a featurestructure.

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

true-type Typename.This typeis usedto denotetrue.

head-dtr -path Featurestructurepath. Thehead-daughterof a rule canbefoundunder
thispath.

or th-path Featurestructurepath.Theorthographemicinformationfor a lexical entry is
foundunderthis path.

dont-e xpand List of instancenames. Theseinstancesare ignoredin appropriateness
computation,expansion,etc.

sem-attr Attributename.Usedto remove semanticinformationfrom featurestructures
for thecommandline optionno-semantics.

output-style Name. If stefanis provided as value, the output style of the messages
generatedby flop will is adaptedto 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/qc-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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C. PETUsage

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.

;; 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 º$»�¼ -file to process,the preprocessoracceptsa numberof
commandline switches.

-pre Do only syntacticpreprocessing.

-no-expand Do notperformexpansion

-expand-all-instances Expandall instances,includinglexical instances.

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

-no-shrink Disableunfilling (seeSection4.5).

-minimal Computefeaturelayoutsfor theminimalfixedarityencoding(seeSection4.6.4).

-propagate-status For PAGE compatibility: Propagatestatusvaluesalongthetypehi-
erarchy.

-no-semantics Remove all informationin featurestructuresunderthe attribute speci-
fiedby thesettingsem-attr.

-verbose=n Make flop moreverbose.
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The Parser

Configuration

Configurationof the parseris donein a file calledcheap.settings . On startup,the
parserlooksfor thisfile in thecurrentdirectory, andin thesubdirectorypet/ . Thelexical
syntaxis thesameasfor the flop.settings file, seeabove.

Settings

grammar -inf o Typename. Nameof type that containsgrammarinformation. Cf. the
correspondingsettingfor flop.

star t-symbols List of typenames.A valid parsehasto becompatiblewith oneof the
specifiedtypes.

deleted-daughter s List of attributenames.Valuesundertheseattributesarenotpassed
from themotherto thedaughterin parsing(restrictor, seeSection3.3).

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

bi-cons-name Typename.Nameof thebuiltin constype.

qc-structure Typename.Nameof thetypecontainingthequickcheckstructure.

stop-c haracter s String.Stopcharactersfor thetokenizer.

lex-entries-can-fail Assertion.If stated,lexical entriesareallowedto fail in expansion.

translate-iso-c hars Assertion.TranslateISO-8859-1charactersto ASCII.

char t-dependencies List of pairsof featurestructurepaths. Usedto specifymutual
selectionfor chart manipulation, seeSection3.3.

generic-les List of type names.Genericlexical entriesfor unknown words: for each
unknown word in theinput all genericentriesarepostulated.

generic-le-suffix es List of pairsof typenamesandstrings.Lexical entresthatrequire
acertainsuffix areonly postulatedif theinput form hasthesuffix.

default-g en-le-priority Integerpriority value.Scoringfor genericitemsis basedonthe
default priority specifiedhere(typically low).
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posmapping List of triplesof strings,integerpriority valuesandtypenames.Priorities
for genericlexical entriesareadjustedon thebasisof POSinformationthatmaybe
availablefor the unknown word. If the input word hasonemoremorePOStags
associatedto it, thesearelookedup in this table,which is a list of triples(tag,score,
gle) wheregle is the nameof one of the genericitems in generic-les. For each
genericitem, the scoreis adjustedto the first matchof oneof the tagsassociated
with theunknown word in themappingtable.

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

rule-priorities List of pairsof rulenamesandintegerpriority values.Specifiespriorities
for rules.

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

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

likel y-le-types List of pairsof lexical typenamesandintegerpriority 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_conj.

;; names of attributes not to pass from daughter to mother in parsing
deleted-daughters := ARGS HEAD-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
qc-structure := qc_paths.

;; list of stop characters for the tokenizer, default is "\t?!.:;,()-+*$\n"
stop-characters := "\t?!.:;,()+*$\n".

;; 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".

;; generic lexical entries for unknown words
generic-les := 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.

;; 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 "S".

;; 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.

;; 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_lr 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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C. PETUsage

Command Line Switc hes

Theparseracceptsthefollowing commandline switches:

-tsdb Connectto [incr tsdb()].

-one-solution Runin best-firstmode.

-limit=n Limit thenumberof passiveedgesin thechart.

-no-filter Disablethestaticrule filter.

-qc=n Useonly thefirst Á quickcheckpaths.

-compute-qc Computequickcheckpaths.

-key=n Selectkey mode. 0 is key-driven,1 is strict left to right, 2 is strict left to right,
and3 is head-driven.

-rulestats Enablereportingof rule statisticsto [incr tsdb()]. Useful for determiningkey
daughters(seeSection3.3).

-no-h yper Disablehyper-activeparsing.

-no-deriv ation Do notoutputderivations.

-no-c har t-man Disablechartmanipulation(seeSection3.3).

-default-les Usegenericlexical entries.

-no-shrink-mem Do notattemptto shrinktheprocesssizeafterparsinghugeitems.

-verbose=n Make cheap moreverbose.
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D. Vir tual Appendix

Besidestheprintedappendix,this thesisprovidesavirtual appendixthatgivesyouaccess
to theraw resultsof thediscussedexperiments,in theform of [incr tsdb()] profiles,gprof
profiles,or collectionsof parserlogfiles that canbe processedusingstandardUnix text
processingtools. Thevirtual appendixalsoprovidesthesourcesof the PET system.You
canaccessthevirtual appendixunderthefollowing address:

http://www.coli.uni- sb.de/˜u c/the sis/

I provide the raw resultdataof the experimentsso that you canstudyaspectsof the
datathat I could not include in my discussion,andso that you cancomparemy results
with thatof othersystems.Accessto thesourcesallowsyou to reproducemy experiments
if you wish, andalsoopensthe possibility for you to experimentwith otherprocessing
techniquesin thecontext of thePET system.
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1999.http://www.dfki.de/˜stefan/P ub/e _hpsg .htm l .

StefanMüller andWalterKasper. HPSGAnalysisof German.In Wahlster(2000),pages
238–253.

StephanOepen.CompetenceandPerformanceProfiling for Constraint-basedProcessing.
PhDthesis,ComputationalLinguistics,SaarlandUniversity, 2001.

StephanOepenandUlrich Callmeier. Measurefor measure:ParserCross-Fertilization.
Towardsincreasedcomponentcomparabilityandexchange.In Proceedingsof the6th
InternationalWorkshopon ParsingTechnologies, pages183–194,Trento,Italy, 2000.

StephanOepenandJohnCarroll. Ambiguity Packingin Constraint-basedParsing.Practi-
calResults.In Proceedingsof the1stConferenceof theNorthAmericanChapterof the
ACL, pages162–169,Seattle,WA, 2000a.

StephanOepenandJohnCarroll. PerformanceProfiling for ParserEngineering.Natural
LanguageEngineering, 6 (1) (SpecialIssueonEfficientProcessingwith HPSG):81–97,
2000b.

StephanOepenandDaniel P. Flickinger. TowardsSystematicGrammarProfiling. Test
SuiteTechnologyTenYearsAfter. Journal of ComputerSpeech andLanguage, 12 (4)
(SpecialIssueonEvaluation):411–436,1998.

StephanOepen,DanielP. Flickinger, Jun-ichiTsujii, andHansUszkoreit,editors.Collab-
orativeLanguage Engineering. A CaseStudyin EfficientGrammar-basedProcessing.
CSLI Publications,Stanford,CA, 2001.Forthcoming.

90



StephanOepen,Daniel P. Flickinger, HansUszkoreit, andJun-ichiTsujii. Introduction
to this SpecialIssue.Natural Language Engineering, 6 (1) (SpecialIssueon Efficient
Processingwith HPSG),2000.

StephanOepen,Klaus Netter, andJudithKlein. TSNLP — TestSuitesfor NaturalLan-
guageProcessing.In JohnNerbonne,editor, LinguisticDatabases, pages13–36.CSLI
Publications,Stanford,CA, 1997.

GeraldPenn.TheAlgebraic Structure of AttributedTypeSignatures. PhDthesis,School
of ComputerScience,Carnegie Mellon University, 2000. http://www.cs.cmu.
edu/˜gpenn/cards/thesis.html .

FernandoC. N. Pereira.A Structure-SharingRepresentationfor Unification-BasedGram-
marFormalisms.In Proceedingsof the23rd Meetingof theAssociationfor Computa-
tional Linguistics, pages137–144,Chicago,IL, 1985.

CarlPollardandIvanA. Sag.Information-BasedSyntaxandSemantics.Volume1: Funda-
mentals. CSLI LectureNotes# 13.Centerfor theStudyof LanguageandInformation,
Chicago,IL andStanford,CA, 1987.Distributedby TheUniversityof ChicagoPress.

Carl Pollard and Ivan A. Sag. Head-DrivenPhraseStructure Grammar. Studiesin
ContemporaryLinguistics. The Univeristy of ChicagoPressand CSLI Publications,
Chicago,IL andStanford,CA, 1994.

DerekProudianandCarlPollard.ParsingHead-DrivenPhraseStructureGrammar. In Pro-
ceedingsof the 23rd Meetingof the Associationfor ComputationalLinguistics, pages
167–171,Chicago,IL, 1985.

YanQu. An AbstractMachinefor TypedFeatureStructureGrammarTheories.Master’s
thesis,Carnegie Mellon University, Pittsburgh,PA, 1994.

ChristianSchulte. ComparingTrailing and Copying for ConstraintProgramming. In
Danny De Schreye, editor, Proceedingsof the SixteenthInternationalConferenceon
Logic Programming, pages275–289,LasCruces,NM, USA,November1999.TheMIT
Press.

StuartM. Shieber. UsingRestrictionto ExtendParsingAlgorithmsfor Complex Feature-
BasedFormalisms.In Proceedingsof the23rd Meetingof theAssociationfor Compu-
tationalLinguistics, pages145–152,Chicago,IL, 1985.

StuartM. Shieber. An Introductionto Unification-BasedApproachesto Grammar. CSLI
LectureNotes.Centerfor theStudyof LanguageandInformation,Stanford,CA, 1986.

MelanieSiegel. HPSGAnalysisof Japanese.In Wahlster(2000),pages265–280.

91



Bibliography

YukaTateisi,KentaroTorisawa,YusukeMiyao,andJunichi Tsujii. TranslatingtheXTAG
English grammarto HPSG. In Proceedingsof the 4th Workshopon Tree-adjoining
GrammarsandRelatedFrameworks(TAG+), pages172–175,Philadelphia,PA, 1998.

Hideto Tomabechi. Quasi-Destructive GraphUnification. In Proceedingsof the 29th
Meetingof the Associationfor ComputationalLinguistics, pages315–322,Berkeley,
CA, 1991.

HidetoTomabechi.Quasi-DestructiveGraphUnificationwith Structure-Sharing.In Pro-
ceedingsof the 14th International Conferenceon ComputationalLinguistics, pages
440–446,Nantes,France,1992.

Hideto Tomabechi. Designof Efficient Unification for Natural Language. Journal of
Natural LanguageProcessing, 2(2):23–58,1995.

KentaroTorisawa,Kenji Nishida,YusukeMiyao,andJ.Tsujii. An HPSGParserwith CFG
Filtering. Natural Language Engineering, 6 (1) (SpecialIssueon Efficient Processing
with HPSG):63–80,2000.

KentaroTorisawa andJunichiTsujii. Computingphrasalsignsin HPSGprior to pars-
ing. In Proceedingsof the16thInternationalConferenceonComputationalLinguistics,
pages949–955,Kopenhagen,Denmark,1996.

HansUszkoreit. Strategies for Adding Control Information to Declarative Grammars.
In Proceedingsof the 29th Meetingof the Associationfor ComputationalLinguistics,
pages237–245,Berkeley, CA, 1991.

HansUszkoreit, Rolf Backofen, StephanBusemann,Abdel KaderDiagne,ElizabethA.
Hinkelman,Walter Kasper, BerndKiefer, Hans-UlrichKrieger, Klaus Netter, Günter
Neumann,StephanOepen,andStephenP. Spackman.DISCO— An HPSG-basedNLP
Systemandits Application for AppointmentScheduling. In Proceedingsof the 15th
InternationalConferenceon ComputationalLinguistics, pages436–440,Kyoto,Japan,
1994.A versionof this paperis availableasDFKI ResearchReportRR-94-38.

Marcel P. van Lohuizen. Memory-Efficient and Thread-SafeQuasi-Destructive Graph
Unification. In Proceedingsof the38thMeetingof theAssociationfor Computational
Linguistics, pages352–359,HongKong,China,October2000.

Marcel P. van Lohuizen. Efficient andThread-SafeUnification with LinGO. In Oepen
etal. (2001).Forthcoming.

GertjanvanNoord. An Efficient Implementationof the Head-CornerParser. Computa-
tional Linguistics, 23 (3):425–456,1997.

92



PeterVan Roy. 1983–1993:The WonderYearsof SequentialProlog Implementation.
Journal of Logic Programming, 19/20:385–441,May/July 1994. SpecialIssue: Ten
Yearsof Logic Programming.

WolfgangWahlster, editor. Verbmobil:Foundationsof Speech-to-Speech Translation. Ar-
tificial Intelligence.Springer-Verlag,Berlin, Heidelberg, New York, 2000.

David H. D. Warren.AppliedLogic – its useandimplementationasa programmingtool.
PhDthesis,Universityof Edinburgh,Edinburgh,Scotland,1977.

David H. D. Warren.An abstractProloginstructionset.TechnicalNote309,SRI Interna-
tional,October1983a.

David H. D. Warren.Logarithmicaccessarraysfor Prolog.Unpublishedprogram,1983b.

S.Wintner, N. Francez,andE.Gabrilovich. AMALIA – aunifiedplatformfor parsingand
generation.In RuslanMitkov, NicolasNicolov, andNikolai Nikolov, editors,Recent
Advancesin Natural Language Processing, pages135–142,Tzigov Chark,Bulgaria,
September1997.

ShalomWintner. An Abstract Machine for Unification Grammars with Applicationsto
an HPSGGrammarfor Hebrew. PhDthesis,Technion,IsraelInstituteof Technology,
Haifa, Israel,1997.

ShulyWintnerandNissimFrancez.An AbstractMachinefor TypedFeatureStructures.
In Proceedingsof the 5th Workshopon Natural Language Understandingand Logic
Programming, pages205–220,Lisbon,Portugal,1995.

ShulyWintnerandNissimFrancez.Efficient Implementationof Unification-BasedGram-
mars.Journalof LanguageandComputation, 1(1):53–92,April 1999.

David A. Wroblewski. NondestructiveGraphUnification. In Proceedingsof the6th Na-
tional Conferenceon Artificial Intelligence, pages582–587,Seattle,WA, 1987.

93



Bibliography

94



Index

[incr tsdb()],3, 30,32,35,36

Aı̈t-Kaci et al. (1993),22
abstractmachines,22–24,50
ALE, 23
AMALIA, 22,50
Aı̈t-Kaci andDi Cosmo(1993),22,50
Aı̈t-Kaci et al. (1989),28,29
Aı̈t-Kaci (1991),22,34,50

BoumaandvanNoord(1993),32
Boyer andMoore(1972),6
BresnanandKaplan(1982),1
Brown andManandhar(1998),22
Brown andManandhar(2000),22

cali, 27,38,69
Callmeier(2000),2
Callmeier(2001),2
CarpenterandPenn(1996),23
CarpenterandQu (1995),22,23,47
Carpenter(1992a),23
Carpenter(1992b),1, 3
Carroll (1994),2, 35,61
CHIC, 22,38,50
Ciortuz(2000),22,47,50
compilation,22–24,63
Copestake andFlickinger(2000),2, 3, 38
Copestake (1992),2, 3, 25
Copestake (1999),25,65
Copestake (2000),1, 3, 47
copying

early, 8, 18, 19,39
lazy, 5, 17
over, 8, 39
redundant,15,16, 17,19,39

Cormenetal. (1990),31

Dalrympleetal. (1995),1
Driesen(1999),50

EmeleandZajac(1990a),17
EmeleandZajac(1990b),18
Emele(1991),6, 8, 9, 17,50
environment,6, 55
Erbach(1991a),30
Erbach(1991b),21,31,45
Erbach(1991c),61
Erbach(1994),23
expansion,47–49

partial,47

failurefrequency, 16,45
FlickingerandSag(1998),2
Flickingeretal. (1985),61
Flickingeretal. (2000a),3, 38
Flickingeretal. (2000b),2, 38
Flickinger(2000),44,49
functions

AssignCode,28,29
clock(3),39
force-delayed-copy, 14
operator[],31
unify1, 9, 11,12,14,19,26,41
unify2, 9–14,16,20,26,41,52
unify3, 12–14,26,41

Gazdaretal. (1985),1
Gerdemann(1995),27,48
Godden(1990),6, 8, 9, 14,15,17,22
gprof,42,56
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