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Abstract. Wegiveadetailedaccountof analgorithmfor ef�cient tacticalgener-
ation from underspeci�edlogical-formsemantics,usinga wide-coveragegram-
marandacorpusof real-world targetutterances.Someearlierclaimsaboutchart
realizationarecritically reviewedandcorrectedin thelight of aseriesof practical
experiments.As well asa setof algorithmicre�nements,we presenttwo novel
techniques:the integrationof subsumption-basedlocal ambiguityfactoring,and
aprocedureto selectively unpackthegenerationforestaccordingto aprobability
distributiongivenby a conditional,discriminative model.

1 Intr oduction

A numberof wide-coverageprecisebi-directionalNL grammarshave beendeveloped
over thepastfew years.Oneexampleis theLinGO EnglishResourceGrammar(ERG)
[1], couchedin theHPSGframework.Othergrammarsof similarsizeandcoveragealso
exist, notableexamplesusingtheLFG andtheCCG formalisms[2,3]. Thesegrammars
areusedfor generationfrom logical form input (alsotermedtacticalgenerationor real-
ization)in circumscribeddomains,aspartof applicationssuchasspokendialogsystems
[4] andmachinetranslation[5].

GrammarsliketheERGarelexicalist,in thatthemajorityof informationis encoded
in lexical entries(or lexical rules)asopposedto beingrepresentedin constructions(i.e.
rulesoperatingon phrases).The semanticinput to the generatorfor suchgrammars,
often, is a bagof lexical predicateswith semanticrelationshipscapturedby appropri-
ate instantiationof variablesassociatedwith predicatesandtheir semanticroles.For
thesesortsof grammarsand`�at' semanticinputs,lexically-drivenapproachesto re-
alization– suchas Shake-and-Bake [6], bag generationfrom logical form [7], chart
generation[8], andconstraint-basedgeneration[9] – arehighly suitable.Alternative
approachesbasedonsemantichead-drivengenerationandmorerecentvariants[10,11]
would work lesswell for lexicalist grammarssincetheseapproachesassumea hierar-
chically structuredinput logical form.
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Similarly to parsingwith large scalegrammars,realizationcan be computation-
ally expensive. In his presentationof chartgeneration,Kay [8] describesonesource
of potentialinef�ciency andproposesanapproachfor tackling it. However, Kay does
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Figure 1. Simpli�ed MRS for an utterancelike the youngPolish athleteran (and variants).
Elementsfrom thebagof EPsarelinkedthroughbothscopaland`standard'logical variables.

not reporton a veri�cation of his approachwith anactualgrammar. Carroll et al. [12]
presenta practicalevaluationof chart generationef�ciency with a large-scaleHPSG
grammar, anddescribea differentapproachto the problemwhich becomesnecessary
whenusinga wide-coveragegrammar. White [3] identi�es further inef�ciencies, and
describesandevaluatesstrategiesfor addressingthem,albeitusingwhatappearsto be
a somewhat task-speci�cratherthan genuinewide-coveragegrammar. In this paper,
we revisit this previouswork andpresentnew, improvedalgorithmsfor ef�cient chart
generation;taken togethertheseresultin (i) practicalperformancethat improvesover
a previousimplementationby two ordersof magnitude,and(ii) throughputthatis near
linearin thesizeof theinput semantics.

In Section2, we give an overview of the grammarand the semanticformalism
we use,recapthebasicchartgenerationprocedure,anddiscussthevarioussourcesof
potentialinef�ciency in thebasicapproach.We thendescribethealgorithmicimprove-
mentswehavemadeto tackletheseproblems(Section3), andconcludewith theresults
of evaluatingtheseimprovements(Section4).

2 Background
2.1 Minimal RecursionSemanticsand the LinGO ERG

Minimal RecursionSemantics(MRS) [13] is a popularmemberof a family of �at, un-
derspeci�ed,event-based(neo-Davidsonian)frameworks for computationalsemantics
thathavebeenin wideusesincethemid-1990s.MRS allowsbothunderspeci�cationof
scoperelationsandgeneralizationover classesof predicates(e.g. two-placetemporal
relationscorrespondingto distinctlexical prepositions:Englishin Mayvs.onMonday,
say),whichrendersit anattractiveinputrepresentationfor tacticalgeneration.While an
in-depthintroductionto MRS is beyondthescopeof this paper, Figure1 shows anex-
amplesemanticsthatwewill usein thefollowing sections.Thetruth-conditionalcoreis
capturedasa �at multi-set(or `bag') of elementarypredications(EPs),combinedwith
generalizedquanti�ersanddesignatedhandlevariablesto accountfor scopalrelations.
Thebagof EPsis complementedby thehandleof thetop-scopingEP( !

� in our exam-
ple) anda setof `handleconstraints'recordingrestrictionson scoperelationsin terms
of dominancerelations.

TheLinGO ERG[1] is a general-purpose,open-sourceHPSGimplementationwith
fairly comprehensive lexical andgrammaticalcoverageover a varietyof domainsand
genres.The grammarhasbeendeployed for diverseNLP tasks,including machine
translationof spokenandeditedlanguage,emailautoresponse,consumeropiniontrack-
ing (from newsgroupdata),andsomequestionansweringwork.3 TheERGusesMRS

3 Seehttp://www.delph-in.net/erg/ for backgroundinformationon theERG.



asits meaningrepresentationlayer, andthegrammardistribution includestreebanked
versionsof several referencecorpora– providing disambiguatedandhand-inspected
`gold' standardMRS formulaefor eachinput utterance– of which we choseoneof the
morecomplex setsfor ourempiricalinvestigationsof realizationperformanceusingthe
ERG(seeSection4 below).

2.2 The BasicProcedure

Brie�y , thebasicchartgenerationprocedureworksasfollows.A preprocessingphase
indexeslexical entries,lexical rulesandgrammarrulesby thesemanticsthey contain.
In orderto �nd thelexical entrieswith which to initialize thechart,theinputsemantics
is checkedagainstthe indexedlexicon. Whena lexical entry is retrieved,the variable
positionsin its relationsareinstantiatedin one-to-onecorrespondencewith thevariables
in theinput semantics(a processwe termSkolemization,in looseanalogyto themore
generaltechniquein theoremproving;seeSection3.1below). For instance,for theMRS
in Figure1, the lookupprocesswould retrieve oneor moreinstantiatedlexical entries
for run containing!#" : run v( � � , � � ). Lexical andmorphologicalrulesareappliedto the
instantiatedlexical entries.If the lexical rulesintroducerelations,their applicationis
only allowedif theserelationscorrespondto partsof the input semantics( !�" :past( �

� ),
say, in ourexample).We treatanumberof specialcases(lexical itemscontainingmore
thanonerelation,grammarruleswhich introducerelations,andsemanticallyvacuous
lexical items)in thesamewayasCarroll et al. [12].

After initializing thechart(with inactive edges),active edgesarecreatedfrom in-
active onesby instantiatingthe headdaughterof a rule; the resultingedgesare then
combinedwith otherinactive edges.Chartgenerationis very similar to chartparsing,
but whatanedgecoversis de�ned in termsof semantics,ratherthanorthography. Each
edgeis associatedwith the setof relationsit covers.Beforecombiningtwo edgesa
checkis madeto ensurethatedgesdo not overlap:i.e. that they do not cover thesame
relation(s).Thegoalis to �nd all possibleinactiveedgescoveringthefull inputMRS.

2.3 Complexity

Theworst-casetime complexity of chartgenerationis exponential(eventhoughchart
parsingis polynomial).Themainreasonfor thisis thatin theoryagrammarcouldallow
any pair of edgesto combine(subjectto therestrictiondescribedabove that theedges
cover non-overlappingbagsof EPs).For an input semanticscontaining $ EPs,and
assumingeachEPretrievesasinglelexical item,therecouldin theworstcasebe %'&)(�*,+

edges,eachcoveringa differentsubsetof theinput semantics.Althoughin thegeneral
casewe cannotimprove the complexity, we canmake the processingstepsinvolved
cheaper, for instanceef�ciently checkingwhethertwo edgesarecandidatesfor being
combined(seeSection3.1below). Wecanalsominimizethenumberof edgescovering
eachsubsetof EPsby `packing' locally equivalentedges(Section3.2).

A particular, identi�able sourceof complexity is that,asKay [8] notes,whenaword
hasmorethanoneintersective modi�er an inde�nite numberof its modi�ers may be
applied.For instance,whengeneratingfrom theMRSin Figure1, edgescorresponding
to thepartialrealizationsathlete, youngathlete, Polishathlete, andyoungPolishathlete
will all beconstructed.Evenif agrammarconstrainsmodi�ers sothereis onlyonevalid



ordering,or thegeneratoris ableto packequivalentedgescoveringthesameEPs,the
numberof edgesbuilt will still be (-* , becauseall possiblecompleteandincomplete
phraseswill be built. Using the exampleMRS, ultimately uselessedgessuchas the
youngathleteran (omittingPolish) will becreated.

Kay proposesanapproachto this problemin which edgesarecheckedbeforethey
arecreatedto seeif they would`sealoff ' accessto asemanticindex ( .�/ in thiscase)for
which thereis still an unincorporatedmodi�er. Although individual setsof modi�ers
still resultin exponentialnumbersof edges,theexponentialityis preventedfrom prop-
agatingfurther. However, Carroll et al. [12] arguethatthis checkworksonly in limited
circumstances,sincefor examplein (1) the grammarmustallow the index for ran to
beavailableall thewayup thetreeto How, andsimultaneouslyalsomakeavailablethe
indexesfor newspapers, say, andathleteat appropriatepointssothesewordscouldbe
modi�ed4.

(1) How quickly did thenewspaperssaytheathleteran?
Carrolletal. describeanalternativetechniquewhichadjoinsintersectivemodi�ers into
edgesin a secondphase,afterall possibleedgesthatdo not involve intersective modi-
�cation have beenconstructedby chartgeneration.This overcomesthemultiple index
problemdescribedabove andreducestheworst-casecomplexity of intersective modi-
�cation in thechartgenerationphaseto polynomial,but unfortunatelythesubsequent
phasewhich attemptsto adjoinsetsof modi�ers into partial realizationsis still expo-
nential.Wedescribebelow (Section3.3)arelatedtechniquewhichdelaysprocessingof
intersective modi�ers by insertingtheminto thegenerationforest,takingadvantageof
dynamicprogrammingto reducethecomplexity of thesecondphase.We alsopresent
a differentapproachwhich �lters out edgesbasedon accessibilityof setsof seman-
tic indices(Section3.4), which coversa wider variety of casesthan just intersective
modi�cation, andin practiceis evenmoreef�cient.

Exponentialnumbersof edgesimply exponentialnumbersof realizations.For an
applicationtaskwewouldusuallywantonly one(themostnaturalor �uent) realization,
or a �x edsmallnumberof goodrealizationsthattheapplicationcouldthenitself select
from. In Section3.5 we presentan ef�cient algorithm for selectively unpackingthe
generationforestto producethe $ -bestrealizationsaccordingto astatisticalmodel.

3 Ef�cient Wide-CoverageRealization

3.1 Relating Chart Edgesand SemanticComponents

Oncelexical lookupis completeandupuntil a �nal, post-generationcomparisonof re-
sultsto the input MRS, the corephasesof our generatorexclusively operateon typed
featurestructures(whichareassociatedto chartedges).Foref�ciency reasons,ouralgo-
rithm avoidsany complex operationson theoriginal logical-forminput MRS. In order
to bestguidethesearchfrom theinput semantics,however, we employ two techniques
thatrelatecomponentsof thelogical form to correspondingsub-structuresin thefeature

4 White [3] describesan approachto dealingwith intersective modi�ers which requiresthe
grammarianto write a collectionof rulesthat`chunk' theinputsemanticsinto separatemodi-
�er groupswhich areprocessedseparately;this involvesextramanualwork, andalsoappears
to suffer from thesamemultiple index problem.



structure(FS) universe:(i) Skolemizationof variablesand(ii) indexing by EP cover-
age.Of these,only thelatterwe�nd commonlydiscussedin theliterature,butweexpect
someequivalentof makingvariablesgroundto bepresentin mostimplementations.

As partof theprocessof lookinguplexical itemsandgrammarrulesintroducingse-
manticsin orderto initialize thegeneratorchart,all FScorrespondencesto logicalvari-
ablesfrom theinputMRS aremade`ground'by specializingtherelevantsub-structure
with Skolemconstantsuniquelyre�ecting theunderlyingvariable,for exampleadding
constraintslike 0 SKOLEM“x5” 1 for all occurrencesof .2/ from our exampleMRS.
Skolemization,thus,assumesthat distinct variablesfrom the input MRS, wheresup-
plied,cannotbecomeco-referentialduringgeneration.Enforcingvariableidentityatthe
FSlevel makessurethatcomposition(by meansof FSuni�cation) duringruleapplica-
tionsiscompatibleto theinputsemantics.In addition,it enablesef�cient pre-uni�cation
�ltering (see`quick-check'below), andis a prerequisitefor our index accessibilitytest
describedin Section3.4below.

In chartparsing, edgesarestoredinto andretrieved from the chartdatastructure
on the basisof their string start andend positions.This ensuresthat the parserwill
only retrievepairsof chartedgesthatcovercompatiblesegmentsof theinputstring(i.e.
thatareadjacentwith respectto stringposition).In chartgeneration, Kay [8] proposed
indexing the chart on the basisof logical variables,whereeachvariabledenotesan
individual entity in the input semantics,andmakingthe edgecoveragecompatibility
checka �lter . Edgecoverage(with respectto theEPsin theinput semantics)would be
encodedasa bit vector, andfor a pair of edgesto becombinedtheir correspondingbit
vectorswould haveto bedisjoint.

We implementKay's edgecoverageapproach,using it not only whencombining
activeandinactiveedges,but alsofor two furthertasksin ourapproachto realization:

3 in thesecondphaseof chartgenerationto determinewhich intersectivemodi�er(s)
canbeadjoinedinto a partially incompletesubtree;and

3 as part of the test for whetherone edgesubsumesanother, for local ambiguity
factoring(seeSection3.2below)5.

In our testingwith theLinGO ERG,many hundredsor thousandsof edgesmaybe
producedfor non-trivial input semantics,but thereareonly a relatively small number
of logical variables.Indexing edgeson thesevariablesinvolvesbookkeepingthatturns
out not to be worthwhile in practice;logical bit vectoroperationson edgecoverage
take negligible time, and theseserve to �lter out the majority of edgecombinations
with incompatibleindices.Theremainderare�ltered out ef�ciently beforeuni�cation
is attemptedby acheckonwhichrulescandominatewhichothers,andthequick-check,
asdevelopedfor uni�cation-basedparsing[14]. For the quick-check,it turnsout that
thesamesetof featurepathsthatmostfrequentlyleadto uni�cation failure in parsing
alsowork well in generation.

5 Wethereforehave four operationsonbit vectorsrepresentingEPcoverage( 4 ) in chartedges:
5 concatenationof edges�
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3.2 Local Ambiguity Factoring

In chartparsingwith context freegrammars,theparseforest(a compactrepresentation
of thefull setof parses)canonly becomputedin polynomialtime if sub-analysesdom-
inatedby thesamenon-terminalandcoveringthesamesegmentof theinput stringare
`packed', or factoredinto a singleunitary representation[15]. Similar bene�ts accrue
for uni�cation grammarswithout a context free backbonesuchas the LinGO ERG,
if the category equality test is replacedby featurestructuresubsumption[16]6; also,
featurestructuresrepresentingthederivationhistoryneedto berestrictedoutwhenap-
plying a rule [17]. Thetechniquecanbeappliedto chartrealizationif theinput spanis
expressedascoverageof theinput semantics.For example,with theinput of Figure1,
thetwo phrasesin (2) below wouldhaveequivalentfeaturestructures,andwe packthe
onefoundsecondinto theonefound�rst, whichthenactsastherepresentativeedgefor
all subsequentprocessing.

(2) youngPolishathlete H Polishyoungathlete
Wehavefoundthatpackingiscrucialto ef�ciency: realizationtimeis improvedbymore
thananorderof magnitudefor inputswith morethan500realizations(seeSection4).
Changingpackingto operatewith respectjust to featurestructureequalityratherthan
subsumptiondegradesthroughputsigni�cantly, resultingin worseoverallperformance
thanwith packingdisabledcompletely:in otherwords,equivalence-onlypackingfails
to recoupthecostof thefeaturestructurecomparisonsinvolved.

A furthertechniqueweuseis to postponethecreationof featurestructuresfor active
edgesuntil they areactuallyrequiredfor a uni�cation operation,sincemany endup as
deadends.OepenandCarroll [18] do a similar thing in their `hyper-active' parsing
strategy, for thesamereason.

3.3 DelayedModi�er Insertion

As discussedin Section2.3,Carroll et al. [12] adjoin intersective modi�ers into each
partialtreeextractedfrom theforest;their algorithmsearchesfor partitionsof modi�er
phrasesto adjoin,andtriesall combinations.This processaddsanexponential(in the
numberof modi�ers) factorto thecomplexity of extractingeachpartialrealization.

This is obviously unsatisfactory, andin practiceis slow for largerproblemswhen
thereare many possiblemodi�ers. We have deviseda betterapproachwhich delays
processingof intersective modi�ers by insertingtheminto thegenerationforestat ap-
propriatelocationsbeforethe forestis unpacked.By doing this, we take advantageof
thedynamicprogramming-basedprocedurefor unpackingtheforestto reducethecom-
plexity of the secondphase.The procedureis even more ef�cient if realizationsare
unpackedselectively (section3.5).

3.4 Index AccessibilityFiltering

Kay's original proposalfor dealingef�ciently with modi�ers foundersbecausemore
than one semanticindex may needto be accessibleat any one time (leadingto the

6 Using subsumption-basedpackingmeansthat the parseforestmay representsomeglobally
inconsistentanalyses,sothesemustbe�ltered outwhentheforestis unpacked.



alternativesolutionsof modi�er adjunction,andof chunkingtheinput semantics– see
Sections2.3and3.3).

However, it turnsout that Kay's proposalcanform the basisof a moregenerally
applicableapproachto the problem.We assumethat we have availablean operation
collect-semantic-vars() that traversesa featurestructureandreturnsthesetof semantic
indicesthat it makesavailable7. We storein eachchartedgetwo sets:oneof semantic
variablesin the featurestructurethat are accessible(that is, they are presentin the
featurestructureandcouldpotentiallybepickedby anotheredgewhenit is combined
with thisone),andasecondsetof inaccessiblesemanticvariables(onesthatwereonce
accessiblebut no longerare).Then,

3 when an active edgeis combinedwith an inactive edge,the accessiblesetsand
inaccessiblesetsin theresultingedgearetheunionof thecorrespondingsetsin the
originaledges;

3 whenaninactive edgeis created,its accessiblesetis computedto bethesemantic
indicesavailablein its featurestructure,andthevariablesthatusedto beaccessible
but areno longerin theaccessiblesetareaddedto its inaccessibleset,i.e.

1 tmp I edge.accessible;
2 edge.accessible I collect-semantic-vars(edge.fs)
3 edge.inaccessible IJ8 tmp K edge.accessible

;9L

edge.inaccessible
3 immediatelyafter creatingan inactive edge,eachEP in the input semanticsthat

the edgedoesnot (yet) cover is inspected,and if the EP's index is in the edge's
inaccessiblesetthentheedgeis discarded(sincethereis no way in thefuturethat
theEPcouldbeintegratedwith any extensionof theedge'ssemantics).

A nicepropertyof this new techniqueis that it appliesmorewidely thanto just inter-
sective modi�cation: for instance,if the input semanticswereto indicatethata phrase
shouldbe negated,no edgeswould be createdthat extendedthat phrasewithout the
negationbeing present.Section4 shows this techniqueresultsin dramaticimprove-
mentsin realizationef�ciency.

3.5 SelectiveUnpacking

Theselective unpackingprocedureoutlinedin this sectionallows usto extracta small
setof $ -bestrealizationsfrom the generationforestat minimal cost.The global rank
orderis determinedby a conditionalMaximum Entropy (ME) model– essentiallyan
adaptationof recentHPSGparseselectionwork to therealizationrankingtask[19]. We
usea similar set of featuresto Toutanova and Manning [20], but our proceduredif-
fers from theirs in that it appliesthe stochasticmodelbefore unpacking, in a guided
searchthroughthegenerationforest.Thus,weavoid enumeratingall candidaterealiza-
tions.UnlikeMalouf andvanNoord[21], ontheotherhand,weavoid anapproximative
beamsearchduringforestcreationandguaranteeto produceexactly the $ -bestrealiza-
tions(accordingto theME model).Furtherlookingat relatedparseselectionwork, our
procedureis probablymostsimilar to thoseof GemanandJohnson[22] andMiyao

7 Implementingcollect-semantic-vars() can be ef�cient: searchingfor Skolem constants
throughoutthefull structure,it doesa similaramountof computationasa singleuni�cation.



1 6NM 2 3 O

M 4 3 O

2 6NM 5 6 O

M 5 7 O

4 6NM 8 6 O

M 8 7 O

M 9 6 O

M 9 7 O

6 6NM 10 O

M 11 O

Figure 2. Samplegeneratorforestandsub-nodedecompositions:ovalsin theforest(on theleft)
indicatepackingof edgesundersubsumption,i.e. edges4 , 7 , 9 , and 11 arenot in the gen-
eratorchartproper. During unpacking,therewill bemultiple waysof instantiatinga chartedge,
eachobtainedfrom cross-multiplyingalternatedaughtersequenceslocally. Theelementsof this
cross-productwe call decomposition, andthey arepivotal pointsboth for stochasticscoringand
dynamicprogrammingin selective unpacking.Thetableon theright shows all non-leafdecom-
positionsfor ourexamplegeneratorforest:giventwo waysof decomposing6 , therewill bethree
candidatewaysof instantiating2 andsix for 4 , respectively, for a totalof ninefull trees.

andTsujii [23], but neitherprovide a detaileddiscussionof thedependenciesbetween
locality of ME featuresandthe complexity of the read-outprocedurefrom a packed
forest.

Two key notionsin ourselectiveunpackingprocedurearetheconceptsof (i) decom-
posinganedgelocally into candidatewaysof instantiatingit andof (ii) nestedcontexts
of `horizontal'searchfor rankedhypotheses(i.e. uninstantiatededges)aboutcandidate
subtrees.SeeFigure2 for examplesof edgedecomposition,but notethatthe`depth'of
eachlocal cross-productneedsto correspondto themaximumrequiredcontext sizeof
ME features;for easeof exposition,ourexamplesassumeacontext sizeof nomorethan
depthone(but the algorithmstraightforwardly generalizesto larger contexts). Given
onedecomposition– i.e.avectorof candidatedaughtersto a tokenconstruction– there
canbemultiple waysof instantiatingeachdaughter:a parallelindex vector P)QSRUT�TVT�Q

*�W

servesto keeptrackof `vertical' searchamongdaughterhypotheses,whereeachindex
QYX denotesthe Q -th instantiation(hypothesis)of thedaughterat position Z . Hypotheses
areassociatedwith ME scoresandorderedwithin eachnestedcontext by meansof a
local agenda(storedin the original representative edge,for convenience).Given the
additive natureof ME scoreson completederivations,it canbeguaranteedthat larger
derivationsincludinganedge[ asa sub-constituenton thefringe of their local context
of optimizationwill usethebestinstantiationof [ in their own bestinstantiation.The
second-bestlarger instantiation,in turn, will be obtainedfrom moving to the second-
besthypothesisfor oneof theelementsin the (right-handsideof the)decomposition.
Therefore,nestedlocaloptimizationsresultin a top-down, exact $ -bestsearchthrough
the generationforest,andmatchingthe `depth' of local decompositionsto the maxi-
mumrequiredME featurecontext effectively preventsexhaustive cross-multiplication
of packednodes.

Themainfunctionhypothesize-edge() in Figure3 controlsboththe`horizontal'and
`vertical' search,initializing thesetof decompositionsandpushinginitial hypotheses



1 procedure selectively-unpack-edge(edge \ n) ]

2 results ^`_�a ; i ^ 0;
3 do
4 hypothesis ^ hypothesize-edge(edge \ i); i ^ i b 1;
5 if (new ^ instantiate-hypothesis(hypothesis)) then
6 n ^ n c 1; results ^ results de_ new a ;
7 while (hypothesis and n f 1)
8 return results;

9 procedure hypothesize-edge(edge \ i) ]

10 if (edge.hypotheses[i]) return edge.hypotheses[i];
11 if (i g 0) then
12 for each(decomposition in decompose-edge(edge)) do
13 daughters ^h_Fa ; indices ^`_�a

14 for each(edge in decomposition.rhs) do
15 daughters ^ daughters de_ hypothesize-edge(edge, 0) a ;
16 indices ^ indices de_ 0 a ;
17 new-hypothesis(edge, decomposition, daughters, indices);
18 if (hypothesis ^ edge.agenda.pop()) then
19 for each(indices in advance-indices(hypothesis.indices)) do
20 if (indices i edge.indices) then continue
21 daughters ^h_Fa ;
22 for each(edge in hypothesis.decomposition.rhs) each(i in indices) do
23 daughter ^ hypothesize-edge(edge, i);
24 if (not daughter) then
25 daughters ^j_Fa ; break
26 daughters ^ daughters de_ daughter a ;
27 if (daughters) then new-hypothesis(edge, decomposition, daughters, indices)
28 edge.hypotheses[i] ^ hypothesis;
29 return hypothesis;

30 procedure new-hypothesis(edge \ decomposition \ daughters \ indices) ]

31 hypothesis ^ new hypothesis(decomposition, daughters, indices);
32 edge.agenda.insert(score-hypothesis(hypothesis), hypothesis);
33 edge.indices ^ edge.indices kml indices n ;

Figure 3. Selective unpackingprocedure,enumeratingthen bestrealizationsfor a top-level re-
sult edge from thegenerationforest.An auxiliary functiondecompose-edge() performslocal
cross-multiplicationasshown in the examplesin Figure2. Anotherutility function not shown
in pseudo-codeis advance-indices(), another`driver' routine searchingfor alternateinstan-
tiationsof daughteredges,e.g.advance-indices(
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instantiate-hypothesis() is the function that actuallybuilds result trees,replayingthe uni�ca-
tionsof constructionsfrom thegrammar(asidenti�ed by chartedges)with thefeaturestructures
of daughterconstituents.

onto the local agendawhencalled on an edgefor the �rst time (lines 11–17). Fur-
thermore,theprocedureretrievesthecurrentnext-besthypothesisfrom theagenda(line
18),generatesnew hypothesesby advancingdaughterindices(while skippingovercon-
�gurationsseenearlier)andcalling itself recursively for eachnew index (lines19–27),
and,�nally , arrangesfor theresultinghypothesisto becachedfor later invocationson
thesameedge andi values(line 28).Notethatwe only invoke instantiate-hypothesis()
on complete,top-level hypotheses,astheME featuresof ToutanovaandManning[20]
can actually be evaluatedprior to building eachfull featurestructure.However, the
procedurecouldbeadaptedto performinstantiationof sub-hypotheseswithin eachlo-
cal search,shouldadditionalfeaturesrequireit. For betteref�ciency, our instantiate-
hypothesis() routinealreadyusesdynamicprogrammingfor intermediateresults.



Table 1. Realizationef�ciency for variousinstantiationsof our algorithm.The table is broken
down by averageambiguityrates,the�rst two columnsshowing thenumberof itemsperaggre-
gateandaveragestringlength.Subsequentcolumnsshow relativecputimeof one-andtwo-phase
realizationwith or without packingand�ltering, shown asa relativemultiplier of the baseline
performancein the1px f x column.Therightmostcolumnis for selective unpackingof up to 10
treesfrom theforestproducedby thebaselinecon�guration,againasafactorof thebaseline.(The
quality of theselectedtreesdependson thestatisticalmodelandthedegreeof overgenerationin
thegrammar, andis a completelyseparateissuewhich wedo notaddressin thispaper).

items length 1p y f y 2p y f y 1p y f z 1pz f y 2pz f y 1pz f z n { 10Aggregate | } ~ ~ ~ ~ ~ • ~

500 € trees 9 23.9 31.76 20.95 11.98 9.49 3.69 31.49 0.33
100 € trees • 500 22 17.4 53.95 36.80 3.80 8.70 4.66 5.61 0.42
50 € trees • 100 21 18.1 51.53 13.12 1.79 8.09 2.81 3.74 0.62
10 € trees • 50 80 14.6 35.50 18.55 1.82 6.38 3.67 1.77 0.89
0 • trees • 10 185 10.5 9.62 6.83 1.19 6.86 3.62 0.58 0.95

Overall 317 12.9 35.03 20.22 5.97 8.21 3.74 2.32 0.58
Coverage 95% 97% 99% 99% 100% 100% 100%

4 Evaluation and Summary

Below we presentanempiricalevaluationof eachof there�nementsdiscussedin Sec-
tions3.2 through3.5.Using theLinGO ERGandits h̀ike' treebank– a 330-sentence
collectionof instructionaltext taken from Norwegian tourismbrochures– we bench-
markedvariousgeneratorcon�gurations,startingfromthe`gold' standardMRS formula
recordedfor eachutterancein thetreebank.At 12.8words,averagesentencelengthin
the original h̀ike' corpusis almostexactly what we seeas the averagelength of all
paraphrasesobtainedfrom the generator(seeTable 1); from the available reference
treebanksfor theERG, h̀ike' appearsto beamongthemorecomplex datasets.

Table1 summarizesrelative generatoref�ciency for variouscon�gurations,where
we usethe best-performingexhaustiveprocedure1pb f b (one-phasegenerationwith
packingandindex accessibility�ltering) asa baseline.Thecon�guration1p c f c (one-
phase,nopackingor �ltering) correspondsto thebasicproceduresuggestedby Kay [8],
while 2pc f c (two-phaseprocessingof modi�ers without packingand�ltering) imple-
mentsthe algorithm presentedby Carroll et al. [12]. Combiningpackingand �lter -
ing clearlyoutperformsboth theseearliercon�gurations,i.e. giving anup to 50 times
speed-upfor inputswith largenumbersof realizations.Additionalcolumnscontrastthe
varioustechniquesin isolation,thusallowing anassessmentof theindividualstrengths
of our proposals.On low- to medium-ambiguityitems,for example,�ltering givesrise
to a biggerimprovementthanpacking,but packingappearsto �atten thecurve more.
Both with andwithout packing,�ltering improvessigni�cantly over the Carroll et al.
two-phaseapproachto intersectivemodi�ers (i.e.comparingcolumns2p c f c and2pb f c

to 1pc f b and1pb f b , respectively), thuscon�rming theincreasedgeneralityof oursolu-
tion to themodi�cation problem.Finally, thebene�tsof packingand�ltering combine
morethanmerelymultiplicatively: comparedto 1pc f c , just �ltering givesaspeed-upof
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Figure 4. Break-down of generationtimes(in seconds)accordingto realizationphasesandinput
complexity (approximatedin thenumberof EPsin theoriginal MRS usedfor generation).The
threecurvesare,from `bottom' to `top', theaveragetime for constructingthepackedgeneration
forest,selective unpackingtime (using „

� 10), andexhaustive unpackingtime. Note thatboth
unpackingtimesareshown asincrementson topof theforestcreationtime.

5.9,andjustpackingaspeed-upof 4.3.At 25,theproductof thesefactorsis well below
theoverall reductionof 35 thatwe obtainfrom thecombinationof bothtechniques.

While therightmostcolumnin Table1 alreadyindicatesthat …	† -bestselective un-
packingfurther improvesgeneratorperformanceby closeto a factorof two, Figure4
breaksdown generationtime with respectto forestcreationvs. unpackingtime. When
plottedagainstincreasinginput complexity (in termsof the `size' of the input MRS),
forestcreationappearsto bealow-orderpolynomial(or better),whereasexhaustiveun-
packing(necessarily)resultsin anexponentialexplosionof generationtime:with more
than25EPs,it clearlydominatestotalprocessingtime.Selectiveunpacking,in contrast,
appearsonly mildly sensitive to input complexity andevenon complex inputsaddsno
morethana minor cost to total generationtime. Thus,we obtainan overall observed
run-timeperformanceof ourwide-coveragegeneratorthatis bounded(at least)polyno-
mially. PracticalgenerationtimesusingtheLinGO ERGaveragebelow or aroundone
secondfor outputsof �fteen wordsin length,i.e. timecomparableto humanproduction.
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