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Abstract. We give adetailedaccounbf analgorithmfor ef cient tacticalgener
ation from underspeci edogical-form semanticsusinga wide-coreragegram-
maranda corpusof real-world targetutterancesSomeearlierclaimsaboutchart
realizationarecritically reviewedandcorrectedn thelight of aseriesof practical
experiments As well asa setof algorithmicre nements,we presentwo novel
techniquesthe integrationof subsumption-basddcal ambiguityfactoring,and
aprocedureo selectvely unpackthegeneratiorforestaccordingo a probability
distribution given by a conditional,discriminatve model.

1 Intr oduction

A numberof wide-coverageprecisebi-directionalNL grammarshave beendeveloped
overthe pastfew years.Oneexampleis the LInGO EnglishResourc&srammarnERG)
[1], couchedn theHPSGframeawvork. Othergrammarf similar sizeandcoveragealso
exist, notableexamplesusingthe LFG andthe CCGformalisms[2, 3]. Thesegrammars
areusedfor generatiorfrom logical form input (alsotermedtacticalgeneratioror real-
ization)in circumscribedlomainsaspartof applicationsuchasspolendialogsystems
[4] andmachinetranslation5].

GrammardiketheERGarelexicalist,in thatthemajority of informationis encoded
in lexical entries(or lexical rules)asopposedo beingrepresentedh constructiongi.e.
rules operatingon phrases)The semanticinput to the generatoifor suchgrammars,
often, is a bagof lexical predicatewith semanticrelationshipscapturedoy appropri-
ate instantiationof variablesassociatedvith predicatesandtheir semanticroles. For
thesesortsof grammarsand™ at' semantidnputs, lexically-driven approacheso re-
alization— suchas Shale-and-Bak [6], bag generationfrom logical form [7], chart
generation8], and constraint-basedeneration[9] — are highly suitable.Alternative
approachebasedn semantidhead-diwvengeneratiorandmorerecentvariants[10,11]
would work lesswell for lexicalist grammarssincetheseapproacheassumea hierar
chically structurednputlogical form.

Similarly to parsingwith large scalegrammarsrealizationcan be computation-
ally expensve. In his presentatiorof chartgenerationKay [8] describesone source
of potentialinef ciency andproposesan approachor tackling it. However, Kay does
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':proposition_m( ), runwv( , ), :past( ),
:theq( , , ), :athleten( ), :young.a( ), :polisha( ) ,

Figure 1. Simplied MRS for an utterancelike the young Polish athleteran (and variants).
Elementsrom the bagof EPsarelinkedthroughbothscopalandstandardlogical variables.

not reporton averi cation of his approachwith anactualgrammarCarrolletal. [12]
presenta practicalevaluationof chartgeneratiornef ciency with a large-scaleHPSG
grammay anddescribea differentapproacho the problemwhich becomesecessary
when using a wide-coveragegrammar White [3] identi es further inef ciencies, and
describesaandevaluatesstratgjiesfor addressinghem,albeitusingwhatappeargo be
a somavhat task-speci cratherthan genuinewide-coseragegrammar In this paper
we revisit this previous work andpresentew, improvedalgorithmsfor ef cient chart
generationtakentogethertheseresultin (i) practicalperformancehatimprovesover
apreviousimplementatiorby two ordersof magnitudeand(ii) throughputhatis near
linearin thesizeof theinput semantics.

In Section2, we give an overview of the grammarand the semanticformalism
we use,recapthe basicchartgeneratiorprocedureanddiscusshe varioussourcesof
potentialinef ciency in the basicapproachWe thendescribehealgorithmicimprove-
mentswe have madeto tackletheseproblemgSection3), andconcludewith theresults
of evaluatingtheseémprovementgSectiond).

2 Background
2.1 Minimal RecursionSemanticsand the LInGO ERG

Minimal RecursionSemantic§MRS) [13] is a popularmemberof a family of at, un-
derspeci ed,event-basedneo-Daidsonian)framenorks for computationakemantics
thathave beenin wide usesincethe mid-1990s MRS allows bothunderspeci catiorof
scoperelationsand generalizatiorover classeof predicateqe.g. two-placetemporal
relationscorrespondingo distinctlexical prepositionsEnglishin May vs.on Monday
say),whichrenderst anattractveinputrepresentatiofor tacticalgenerationWhile an
in-depthintroductionto MRS is beyondthe scopeof this paper Figurel shovs an ex-
amplesemanticshatwe will usein thefollowing sectionsThetruth-conditionakoreis
capturedasa at multi-set(or "bag’) of elementanpredicationg EPs),combinedwith
generalizedjuanti ersanddesignatedhandlevariablesto accountfor scopalrelations.
Thebagof EPsis complementedby the handleof thetop-scopingeP(  in ourexam-
ple) anda setof “handleconstraints'recordingrestrictionson scoperelationsin terms
of dominanceelations.

TheLinGO ERG[1] is ageneral-purpos@pen-sourc&iPSGimplementatiorwith
fairly comprehensie lexical andgrammaticakoverageover a variety of domainsand
genres.The grammarhasbeendeployed for diverseNLP tasks,including machine
translatiorof spolenandeditedlanguageemailautoresponseconsumenppiniontrack-
ing (from newsgroupdata),and somequestionansweringvork.> The ERG usesMRS

3 Seenttp://www.delph-in.net/erg/ for backgroundnformationonthe ERG.



asits meaningrepresentatiotayer, andthe grammardistribution includestreebankd
versionsof several referencecorpora— providing disambiguatec&nd hand-inspected
“gold' standardvRS formulaefor eachinput utterance- of which we choseoneof the
morecomple setsfor our empiricalinvestigation®f realizationperformanceisingthe
ERG (seeSection4 belaw).

2.2 The BasicProcedure

Brie y, the basicchartgeneratiomprocedurenvorks asfollows. A preprocessingphase
indexeslexical entries,lexical rulesandgrammarrulesby the semanticghey contain.
In orderto nd thelexical entrieswith whichto initialize thechart,theinput semantics
is checled againstthe indexed lexicon. Whena lexical entry is retrieved, the variable
positionsn its relationsareinstantiatedn one-to-oneorrespondencogith thevariables
in theinput semanticga processwve term Skolemization,in looseanalogyto the more
generatechniquén theorenproving; seeSection3.1below). Forinstancefor theMRS
in Figurel, thelookup processwould retrieve one or moreinstantiatedexical entries
for run containing :_runv( , ).Lexicalandmorphologicakulesareappliedto the
instantiatedexical entries.If the lexical rulesintroducerelations,their applicationis
only allowedif theserelationscorrespondo partsof the input semanticg :past( ),
say in our example).We treata numberof specialcaseglexical itemscontainingmore
thanonerelation,grammarruleswhich introducerelations,and semanticallyacuous
lexical items)in the sameway asCarrolletal. [12].

After initializing the chart(with inactive edges)active edgesare createdfrom in-
active onesby instantiatingthe headdaughterof a rule; the resultingedgesare then
combinedwith otherinactive edgesChartgeneratioris very similar to chartparsing,
but whatanedgecoversis de ned in termsof semanticstatherthanorthographyEach
edgeis associatedvith the setof relationsit covers.Before combiningtwo edgesa
checkis madeto ensurehatedgesdo not overlap:i.e. thatthey do not cover the same
relation(s).Thegoalisto nd all possibleinactive edgescoveringthefull input MRS.

2.3 Complexity

The worst-casdime complexity of chartgeneratioris exponential(eventhoughchart
parsings polynomial). Themainreasorfor thisis thatin theoryagrammaicouldallow
ary pair of edgesto combine(subjectto therestrictiondescribedabove thatthe edges
cover non-overlappingbagsof EPs).For an input semanticscontaining EPs,and
assumingachEPretrievesa singlelexical item, therecouldin theworstcasebe
edgesgeachcoveringa differentsubsebf theinput semanticsAlthoughin the general
casewe cannotimprove the compleity, we can make the processingstepsinvolved
cheaperfor instanceef ciently checkingwhethertwo edgesare candidatesor being
combinedseeSection3.1belawv). We canalsominimizethe numberof edgesovering
eachsubsebf EPsby “packing'locally equivalentedgeqSection3.2).

A particularidenti able sourceof compleity is that,asKay [8] noteswhenaword
hasmorethanoneintersectve modi er aninde nite numberof its modi ers may be
applied.Forinstancewhengeneratingrom the MRS in Figurel, edgescorresponding
to thepartialrealizationsathlete youngathlete Polish athlete andyoungPolish athlete
will all beconstructedEvenif agrammaiconstrainsnodi ers sothereis only onevalid



ordering,or the generatoiis ableto packequivalentedgescoveringthe sameEPs,the
numberof edgesbuilt will still be , becausell possiblecompleteandincomplete
phraseswill be built. Using the example MRS, ultimately uselessedgessuchasthe
youngathleteran (omitting Polish) will becreated.

Kay proposesnapproactto this problemin which edgesarechecledbeforethey
arecreatedo seeif they would “sealoff' accesso asemantidndex (  in thiscase)or
which thereis still an unincorporatednodi er. Although individual setsof modi ers
still resultin exponentialnumbersof edgesthe exponentialityis preventedfrom prop-
agatingfurther However, Carroll etal. [12] arguethatthis checkworksonly in limited
circumstancessincefor examplein (1) the grammammustallow the index for ran to
beavailableall theway up thetreeto How, andsimultaneoushalsomale availablethe
indexesfor newspapes, say, andathleteat appropriatepointssothesewordscould be
modi ed*.

(1) How quidkly did the newspapes saytheathleteran?

Carrolletal. describeanalternatve techniquenhich adjoinsintersectve modi ers into
edgedn a secondohaseatfterall possibleedgeshatdo notinvolve intersectve modi-
cation have beenconstructedy chartgenerationThis overcomeghe multiple index
problemdescribedabore andreduceghe worst-casecompleity of intersectve modi-
cation in the chartgeneratiorphaseto polynomial,but unfortunatelythe subsequent
phasewhich attemptsto adjoin setsof modi ers into partial realizationsis still expo-
nential. We describebelow (Section3.3)arelatedtechniquavhich delaysprocessingf
intersectve modi ers by insertingtheminto the generatiorforest,taking advantageof
dynamicprogrammingo reducethe compleity of the secondphase We alsopresent
a differentapproachwhich Iters out edgesbasedon accessibilityof setsof seman-
tic indices(Section3.4), which coversa wider variety of caseshanjust intersectve
modi cation, andin practiceis evenmoreef cient.

Exponentialnumbersof edgesmply exponentialnumbersof realizationsFor an
applicationtaskwe would usuallywantonly one(themostnaturalor uent) realization,
or a x edsmallnumberof goodrealizationghatthe applicationcouldthenitself select
from. In Section3.5 we presentan ef cient algorithm for selectvely unpackingthe
generatiorforestto producethe -bestrealizationsaccordingto a statisticalmodel.

3 Efcient Wide-CoverageRealization

3.1 Relating Chart Edgesand SemanticComponents

Oncelexical lookupis completeandup until a nal, post-generatiocomparisorof re-
sultsto the input MRS, the core phasef our generatoexclusively operateon typed
featurestructuregwhichareassociatetb chartedges)For ef ciency reasonspuralgo-
rithm avoidsarny complex operationson the original logical-forminput MRS. In order
to bestguidethe searchfrom theinput semanticshowever, we employ two techniques
thatrelatecomponentsf thelogicalform to correspondingub-structures thefeature

4 White [3] describesan approachto dealingwith intersectie modi ers which requiresthe
grammariario write a collectionof rulesthat chunk' theinput semanticsnto separatenodi-
er groupswhich areprocessedeparatelythis involvesextra manualwork, andalsoappears
to suffer from the samemultiple index problem.



structure(FS) universe:(i) Skolemizationof variablesand (ii) indexing by EP cover-
age Of thesepnly thelatterwe nd commonlydiscussecéh theliterature butwe expect
someequialentof makingvariablesgroundto be presenin mostimplementations.

As partof theproces®f looking up lexical itemsandgrammarulesintroducingse-
manticsin orderto initialize thegeneratochart,all FScorrespondences logical vari-
ablesfrom theinput MRS aremade’ground' by specializingtherelevantsub-structure
with Skolem constantainiquelyre ecting the underlyingvariable for exampleadding
constraintsike SKOLEM'x5” for all occurrence®f  from our example MRS.
Skolemization,thus, assumeshat distinct variablesfrom the input MRS, wheresup-
plied,cannotbecomeco-referentiatluringgenerationEnforcingvariableidentity atthe
FSlevel malkessurethatcomposition(by meansof FSuni cation) duringrule applica-
tionsis compatibleio theinputsemanticsln addition,it enable®f cient pre-uni cation

ltering (see quick-check'belaw), andis a prerequisitdor our index accessibilitytest
describedn Section3.4 below.

In chartparsing, edgesare storedinto andretrieved from the chartdatastructure
on the basisof their string start and end positions.This ensureghat the parserwill
only retrieve pairsof chartedgeghatcovercompatiblesggmentsof theinputstring(i.e.
thatareadjacentith respecto stringposition).In chartgeneation, Kay [8] proposed
indexing the charton the basisof logical variables,where eachvariable denotesan
individual entity in the input semanticsand makingthe edgecoveragecompatibility
checka Iter . Edgecoverage(with respecto the EPsin the input semanticsyvould be
encodedasa bit vector, andfor a pair of edgeso be combinedtheir correspondindpit
vectorswould have to bedisjoint.

We implementKay's edgecaoverageapproachusingit not only whencombining
active andinactive edgesbput alsofor two furthertasksin our approactto realization:

in the secondbhaseof chartgeneratiorto determinewhich intersectve modi er(s)
canbeadjoinedinto a partiallyincompletesubtreeand

as part of the testfor whetherone edgesubsumesanothey for local ambiguity
factoring(seeSection3.2 belaw)®.

In our testingwith the LinGO ERG, mary hundredsor thousand®f edgesanay be
producedfor non-trivial input semanticsbut thereareonly a relatively small number
of logical variableslndexing edgeson thesevariablesinvolvesbookkeepingthatturns
out not to be worthwhile in practice;logical bit vector operationson edgecoverage
take neggligible time, and thesesene to Iter out the majority of edgecombinations
with incompatibleindices.The remainderare Itered outef ciently beforeuni cation
is attemptedy a checkonwhichrulescandominatewhich others andthequidck-ched,
asdevelopedfor uni cation-basedparsing[14]. For the quick-check,it turnsout that
the samesetof featurepathsthatmostfrequentlyleadto uni cation failurein parsing
alsowork well in generation.

5 We thereforehave four operationson bit vectorsrepresentingP coverage( ) in chartedges:
concatenationf edges and : OR ;
canedges and combine? AND ;
doedges and coverthesameEPs? ;
doedges coverall inputEPs? NOT OR



3.2 Local Ambiguity Factoring

In chartparsingwith context freegrammarsthe parseforest(a compactrepresentation
of thefull setof parsesyanonly becomputedn polynomialtimeif sub-analysedom-
inatedby the samenon-terminalandcoveringthe sameseggmentof theinputstringare
“paclked’, or factoredinto a single unitary representatiofil5]. Similar bene ts accrue
for uni cation grammarswithout a context free backbonesuchasthe LinGO ERG,
if the category equality testis replacedby featurestructuresubsumptior{16]°; also,
featurestructuresepresentinghe derivationhistory needto berestrictedout whenap-
plying arule [17]. Thetechniquecanbeappliedto chartrealizationif theinput spanis
expressedscoverageof the input semanticsFor example,with theinput of Figurel,
thetwo phrasesn (2) belov would have equivalentfeaturestructuresandwe packthe
onefoundsecondnto theonefound rst, whichthenactsastherepresentatie edgefor
all subsequentrocessing.

(2) youngPolishathlete Polishyoungathlete

We havefoundthatpackingis crucialto ef ciency: realizatiortimeis improvedby more

thananorderof magnitudefor inputswith morethan500realizationgseeSection4).

Changingpackingto operatewith respecijust to featurestructureequalityratherthan

subsumptiordegradeghroughputsigni cantly, resultingin worseoverall performance
thanwith packingdisabledcompletely:in otherwords,equialence-onlypackingfails

to recoupthe costof thefeaturestructurecomparisongnvolved.

A furthertechniquewe useis to postponghecreationof featurestructuregor active
edgeauntil they areactuallyrequiredfor a uni cation operationsincemary endup as
deadends.Oepenand Carroll [18] do a similar thing in their "hyperactive' parsing
stratayy, for the samereason.

3.3 Delayed Modi er Insertion

As discussedn Section2.3, Carroll etal. [12] adjoin intersectve modi ers into each
partialtreeextractedfrom the forest;their algorithmsearche$or partitionsof modi er
phrasego adjoin,andtriesall combinationsThis processaddsan exponential(in the
numberof modi ers) factorto the complexity of extractingeachpartialrealization.

This is obviously unsatisctory andin practiceis slow for larger problemswhen
thereare mary possiblemodi ers. We have devised a betterapproachwhich delays
processingf intersectve modi ers by insertingtheminto the generatiorforestat ap-
propriatelocationsbeforethe forestis unpacled. By doingthis, we take advantageof
thedynamicprogramming-baseprocedurdor unpackingheforestto reducethecom-
plexity of the secondphase.The procedureis even more ef cient if realizationsare
unpacledselectvely (section3.5).

3.4 Index Accessibility Filtering

Kay's original proposalfor dealingef ciently with modi ers foundersbecausanore
than one semanticindex may needto be accessibleat ary onetime (leadingto the

8 Using subsumption-basepackingmeansthat the parseforestmay represensomeglobally
inconsistentinalysessothesemustbe Itered outwhentheforestis unpacled.



alternative solutionsof modi er adjunction,andof chunkingthe input semantics- see
Section2.3and3.3).

However, it turnsout that Kay's proposalcanform the basisof a more generally
applicableapproachto the problem.We assumethat we have available an operation
collect-semantic-vars() thattraversesa featurestructureandreturnsthe setof semantic
indicesthatit makesavailable’. We storein eachchartedgetwo sets:oneof semantic
variablesin the featurestructurethat are accessiblg(that is, they are presentin the
featurestructureandcould potentiallybe picked by anotheredgewhenit is combined
with this one),anda secondsetof inaccessiblesemantio/ariablegonesthatwereonce
accessibldut nolongerare).Then,

when an active edgeis combinedwith an inactive edge,the accessiblesetsand
inaccessibleetsin theresultingedgearetheunionof thecorrespondingetsin the
original edges;
whenaninactive edgeis createdjts accessibleetis computedo be the semantic
indicesavailablein its featurestructure andthevariableshatusedto beaccessible
but arenolongerin theaccessiblesetareaddedo its inaccessibleet,i.e.

1 tmp edge.accessible;

2 edge.accessible  collect-semantic-vars(edge.fs)

3 edge.inaccessible tmp edge.accessible  edge.inaccessible

immediatelyafter creatingan inactive edge,eachEP in the input semanticghat
the edgedoesnot (yet) cover is inspectedandif the EP's index is in the edges
inaccessiblesetthenthe edgeis discardedsincethereis no way in thefuturethat
the EP couldbeintegratedwith ary extensionof the edges semantics).

A nice propertyof this new techniqueis thatit appliesmorewidely thanto just inter-

sectve modi cation: for instancejf the input semanticavereto indicatethata phrase
shouldbe negated,no edgeswould be createdthat extendedthat phrasewithout the
negation being present.Section4 shows this techniqueresultsin dramaticimprove-

mentsin realizationef ciency.

3.5 Selective Unpacking

The selectve unpackingprocedureoutlinedin this sectionallows usto extracta small
setof -bestrealizationsfrom the generatiorforestat minimal cost. The global rank
orderis determinedby a conditionalMaximum Entropy (ME) model— essentiallyan
adaptatiorof recentHPSGparseselectionwork to therealizationrankingtask[19]. We
usea similar setof featuresto Toutanawa and Manning [20], but our proceduredif-
fersfrom theirsin thatit appliesthe stochastianodel befole unpadking, in a guided
searchthroughthe generatiorforest. Thus,we avoid enumeratingll candidateealiza-
tions.Unlike Malouf andvanNoord[21], ontheotherhand we avoid anapproximatve
beamsearchduringforestcreationandguarantedo produceexactlythe -bestrealiza-
tions (accordingto the ME model).Furtherlooking atrelatedparseselectionwork, our
procedureis probablymostsimilar to thoseof Gemanand Johnson22] and Miyao

" Implementing collect-semantic-vars() can be efcient: searchingfor Skolem constants
throughouthefull structurejt doesa similaramountof computatiorasa singleuni cation.
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Figure 2. Samplegeneratoforestandsub-nodelecompositionsovalsin the forest(on theleft)

indicatepackingof edgesundersubsumptioni.e. edged4], (7], [9], and[11] arenot in the gen-
eratorchartproper During unpacking therewill be multiple waysof instantiatinga chartedge,
eachobtainedfrom cross-multiplyingalternatedaughteisequencekcally. The elementof this
cross-productve call decompositionandthey are pivotal pointsboth for stochasticscoringand
dynamicprogrammingn selectve unpacking.Thetableon theright shavs all non-leafdecom-
positionsfor our examplegeneratoforest:giventwo waysof decomposingg], therewill bethree
candidatevaysof instantiatind2] andsix for [4], respectiely, for atotal of ninefull trees.

andTsuijii [23], but neitherprovide a detaileddiscussiorof the dependenciebetween
locality of ME featuresandthe compleity of the read-outprocedurefrom a pacled
forest.

Two key notionsin our selectve unpackingorocedurarethe concept®f (i) decom-
posinganedgelocally into candidatevaysof instantiatingt andof (ii) nestectontexts
of “horizontal' searchfor rankedhypothese§.e. uninstantiate@dgeskboutcandidate
subtreesSeeFigure?2 for examplesof edgedecompositionbut notethatthe “depth’ of
eachlocal cross-producheedgo correspondo the maximumrequiredcontext size of
ME featuresfor easeof exposition,ourexamplesassume context sizeof nomorethan
depthone (but the algorithm straightforwardly generalizego larger contexts). Given
onedecomposition-i.e. avectorof candidatedaughtergo atokenconstruction-there
canbemultiple waysof instantiatingeachdaughtera parallelindex vector
senesto keeptrackof “vertical' searcramongdaughtethypothesesyhereeachindex

denotedhe -th instantiation(hypothesispf the daughterat position . Hypotheses
areassociatedvith ME scoresandorderedwithin eachnestedcontext by meansof a
local agenda(storedin the original representatie edge,for corvenience) Giventhe
additive natureof ME scoreson completederivations,it canbe guaranteedhatlarger
derivationsincludinganedge asasub-constituentn thefringe of theirlocal context
of optimizationwill usethe bestinstantiationof in their own bestinstantiation.The
second-bedargerinstantiation,in turn, will be obtainedfrom moving to the second-
besthypothesidor oneof the elementdn the (right-handside of the) decomposition.
Thereforenestedocal optimizationsresultin atop-davn, exact -bestsearchthrough
the generatiorforest,and matchingthe “depth' of local decompositiongo the maxi-
mum requiredME featurecontet effectively preventsexhaustie cross-multiplication
of paclednodes.

Themainfunctionhypothesize-edge() in Figure3 controlshoththe “horizontal'and
“vertical' searchjnitializing the setof decompositionsnd pushinginitial hypotheses



1 procedure selectively-unpack-edge(edge n)

2 results i 0;

3 do

4 hypothesis  hypothesize-edge(edge i);i i 1;
5 if (new instantiate-hypothesis(hypothesis)) then
6 n n 1;results results new ;

7  while (hypothesis andn 1)

8 return results;

9 procedure hypothesize-edge(edge i)
10 if (edge.hypothesesi]) return edge.hypothesesi];
11 if (i 0)then

12 for each(decomposition in decompose-edge(edge)) do

13 daughters ; indices

14 for each(edge in decomposition.rhs) do

15 daughters  daughters hypothesize-edge(edge, 0) ;

16 indices  indices 0 ;

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  edge.indices) then continue

21 daughters

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 ; break

26 daughters  daughters  daughter ;

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 indices ;

Figure 3. Selectve unpackingproceduregnumeratinghe n bestrealizationsfor a top-level re-
sult edge from the generatiorforest.An auxiliary function decompose-edge() performslocal
cross-multiplicatioras shawvn in the examplesin Figure 2. Another utility function not shawvn
in pseudo-codeés advance-indices(), another driver' routine searchingfor alternateinstan-
tiations of daughteredgese.g.advance-indices( ) . Finally,
instantiate-hypothesis() is the function that actually builds resulttrees,replayingthe uni ca-
tionsof constructiongrom thegrammar(asidenti ed by chartedges)with thefeaturestructures
of daughterconstituents.

onto the local agendawhen called on an edgefor the rst time (lines 11-17). Fur-
thermoretheprocedureetrievesthe currentnext-besthypothesigrom theagendgline
18),generatesew hypotheseby advancingdaughteindices(while skippingovercon-
gurations seerearlier)andcallingitself recursvely for eachnew index (lines19-27),
and, nally , arrangedor theresultinghypothesigo be cachedor laterinvocationson
the sameedge andi values(line 28). Note thatwe only invoke instantiate-hypothesis()
on completetop-level hypothesesasthe ME featuresof ToutanawaandManning[20]
can actually be evaluatedprior to building eachfull featurestructure.However, the
procedurecouldbe adaptedo performinstantiationof sub-hypothesesithin eachlo-
cal searchshouldadditionalfeaturesrequireit. For betteref ciency, our instantiate-
hypothesis() routinealreadyusesdynamicprogrammingor intermediateesults.



Table 1. Realizationef ciency for variousinstantiationsof our algorithm.The tableis broken

down by averageambiguityrates the rst two columnsshaving the numberof itemsperaggre-
gateandaveragestringlength.Subsequerntolumnsshaw relative cputime of one-andtwo-phase
realizationwith or without packingand ltering, shavn asa relative multiplier of the baseline
performancen thelp f column.Therightmostcolumnis for selectve unpackingof up to 10

treesfrom theforestproducedy thebaselinecon guration,againasafactorof thebaseline(The

quality of the selectedreesdepend®n the statisticalmodelandthe degreeof overgeneratiorin

thegrammayandis a completelyseparatéssuewhich we do notaddressn this paper).

Aggregate items length 1p f 2p f 1p f 1p f 2p f 1p f n 10

500 trees 9 239 3176 2095 1198 949 369 3149 0.33
100 trees 500 22 174 5395 36.80 3.80 870 466 561 0.42
50 trees 100 21 18.1 5153 13.12 179 8.09 281 3.74 0.62
10 trees 50 80 146 3550 1855 182 6.38 3.67 1.77 0.89
0O trees 10 185 105 962 6.83 119 686 362 058 0.95
Overall 317 129 3503 2022 597 821 374 232 058
Coverage 95% 97% 99% 99% 100% 100% 100%

4 Evaluation and Summary

Below we presentanempiricalevaluationof eachof there nementsdiscussedn Sec-
tions 3.2 through3.5. Using the LinGO ERG andits "hike' treebank- a 330-sentence
collectionof instructionaltext taken from Norwegian tourismbrochures- we bench-
markedvariousgeneratocon gurations,startingfromthe gold' standardvRS formula
recordedor eachutterancen thetreebankAt 12.8words,averagesentencéengthin
the original "hike' corpusis almostexactly what we seeasthe averagelength of all
paraphrasesbtainedfrom the generator(seeTable 1); from the available reference
treebankdor the ERG, 'hike' appeardo beamongthe morecomplex datasets.

Table1l summarizeselative generatoef ciency for variouscon gurations,where
we usethe best-performingexhaustiveprocedurelp f (one-phasegenerationwith
packingandindex accessibility ltering) asabaselineThecon gurationlp f (one-
phasenopackingor ltering) correspondso thebasicprocedurssuggestetly Kay [8],
while 2p f (two-phaseprocessingdf modi ers without packingand Itering) imple-
mentsthe algorithm presentedoy Carroll et al. [12]. Combiningpackingand lter -
ing clearly outperformshoth theseearliercon gurations,i.e. giving anup to 50 times
speed-upor inputswith largenumbersof realizationsAdditional columnscontrasthe
varioustechniquesn isolation,thusallowing anassessmermif theindividual strengths
of our proposalsOn low- to medium-ambiguitytems,for example, Itering givesrise
to a biggerimprovementthan packing,but packingappeargo atten the curve more.
Both with andwithout packing, ltering improvessigni cantly over the Carroll et al.
two-phasepproacho intersectve modi ers (i.e.comparingcolumns2p f and2p f
tolp f andlp f ,respectiely),thuscon rming theincreasedjeneralityof oursolu-
tion to themodi cation problem.Finally, the bene ts of packingand Itering combine
morethanmerelymultiplicatively: comparedo 1p f ,just ltering givesaspeed-umf
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Figure 4. Break-daovn of generatiortimes(in secondsaccordingo realizationphasesndinput
complity (approximatedn the numberof EPsin the original MRS usedfor generation)The
threecurnvesare,from “bottom'to “top', the averagetime for constructinghe pacled generation
forest,selectve unpackingtime (using 10), andexhaustve unpackingtime. Note thatboth
unpackingimesareshavn asincrementn top of theforestcreationtime.

5.9,andjustpackingaspeed-umf 4.3.At 25, theproductof thesefactorsis well below
theoverallreductionof 35 thatwe obtainfrom the combinationof bothtechniques.
While therightmostcolumnin Table1 alreadyindicatesthat -bestselectve un-
packingfurtherimprovesgeneratoiperformanceby closeto a factorof two, Figure4
breaksdown generatiortime with respecto forestcreationvs. unpackingtime. When
plotted againstincreasingnput complexity (in termsof the “size' of the input MRS),
forestcreationappearso bealow-orderpolynomial(or better) whereagxhaustve un-
packing(necessarilyjesultsin anexponentialexplosionof generatiortime: with more
than25EPsi,it clearlydominategotal processingime. Selectve unpackingjn contrast,
appearonly mildly sensitve to input complexity andevenon complex inputsaddsno
morethana minor costto total generatiortime. Thus,we obtainan overall obsened
run-timeperformancef ourwide-coseragegeneratothatis boundedatleast)polyno-
mially. Practicalgeneratiortimesusingthe LinGO ERG averagebelow or aroundone
secondor outputsof fteen wordsin length,i.e.time comparabléo humanproduction.

References

1. Flickinger, D.: Onbuilding amoreef cient grammarby exploiting types.NaturalLanguage
Engineerings (1) (2000)15-28

2. Butt, M., Dyvik, H., King, T.H., Masuichi,H., Rohrer C.: The ParallelGrammarproject.
In: Proceedingsf the COLING Workshopon GrammarEngineeringandEvaluation,Taipei,
Taiwan (2002)1-7

3. White, M.: Reiningin CCG chartrealization. In: Proceedingf the 3rd International
Conferencen NaturalLanguageGenerationHampshire[JK (2004)

4. Moore, J., Foster M.E., Lemon,O., White, M.: Generatingailored,comparatre descrip-
tionsin spolen dialogue. In: Proceeding®f the 17th InternationalFLAIRS Conference,
Miami BeachFL (2004)

5. Oepen,S., Dyvik, H., Lgnning,J.T., Velldal, E., BeermannD., Carroll, J., Flickinger, D.,
Hellan, L., Johannesserd.B., Meurer P, Nordgard, T., Ro$n, V.: Som a kapp-etemed



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

trollet? Towards MRS-based\orwegian—English Machine Translation. In: Proceedings
of the 10th InternationalConferenceon Theoreticaland Methodologicallssuesn Machine
Translation Baltimore,MD (2004)

. Whitelock,P:: Shale-and-bak translation.In: Proceedingsf the 14thInternationalConfer

enceon ComputationaLinguistics,NantesFrance(1992)610-616

. Phillips, J.: Generatiorof text from logical formulae. MachineTranslation8 (1993)209—

235

. Kay, M.: Chartgeneration. In: Proceeding®f the 34th Meeting of the Associationfor

ComputationaLinguistics,SantaCruz,CA (1996)200-204

. GardentC., Thater S.: Generatingvith agrammarbasedntreedescriptionsA constraint-

basedapproach.In: Proceedingsf the 39th Meetingof the Associationfor Computational
Linguistics, Toulouse France(2001)

Shieber S.,vanNoord, G., PereiraF., Moore,R.: Semantichead-diwen generation.Com-
putationalLinguistics16 (1990)30—43

Moore,R.: A completegf cient sentence-realizatioagorithmfor uni cation grammar In:
Proceeding®f the 2nd InternationalNatural LanguageGenerationConferenceHarriman,
NY (2002)41-48

Carroll, J., Copestak, A., Flickinger, D., PoznanskiV.: An efcient chartgeneratorfor
(semi-)licalistgrammarsin: Proceedingsf the 7th EuropeanNorkshopon NaturalLan-
guageGenerationToulouse France(1999)86—95

Copestak, A., Flickinger, D., Sag,l., Pollard,C.: Minimal RecursionrSemanticsAn intro-
duction. (1999)

Kiefer, B., Krieger, H.U., Carroll,J.,Malouf, R.: A bagof usefultechniquesor ef cient and
robust parsing. In: Proceeding®f the 37th Meeting of the Associationfor Computational
Linguistics,College Park, MD (1999)473—-480

Billot, S.,Lang,B.: Thestructureof sharedorestsin ambiguougarsing.In: Proceedingsf
the 27th Meeting of the Associationfor Computationalinguistics, Vancouer, BC (1989)
143-151

OepenS.,Carroll,J.: Ambiguity packingin constraint-basegarsing.Practicalresults. In:
Proceedingsf the 1st Conferenceof the North AmericanChapterof the ACL, Seattle WA
(2000)162—-169

Shieber S.: Using restrictionto extend parsingalgorithmsfor comple feature-basefbr-
malisms. In: Proceeding®f the 23rd Meeting of the Associationfor ComputationaLin-
guistics,Chicago IL (1985)145—-152

Oepen,S., Carroll, J.: Performancepro ling for parserengineering. Natural Language
Engineerings (1) (2000)81-97

Velldall, E.,OepenS.,Flickinger, D.: Paraphrasingreebankgor stochasticealizationrank-
ing. In: Proceedingsf the 3rd Workshopon TreebanksandLinguistic Theories,Tlibingen,
Germary (2004)

Toutanwa, K., Manning,C.: Featureselectionfor a rich HPSG grammarusing decision
trees.In: Proceedingsf the 6th Conferenceon NaturalLanguagéd_earning, Taipei, Taiwan
(2002)

Malouf, R.,vanNoord, G.: Wide coverageparsingwith stochastiattributevaluegrammars.
In: Proceedingsf the IJICNLP workshopBeyond Shallav Analysis,Hainan,China(2004)
Geman,S., JohnsonM.: Dynamic programmingfor parsingand estimationof stochastic
uni cation-basedgrammars. In: Proceeding®f the 40th Meeting of the Associationfor
ComputationaLinguistics,PhiladelphiaPA (2002)

Miyao, Y., Tsujii, J.. Maximum entropy estimationfor featureforests. In: Proceeding®f
theHumanLanguageTechnologyConferenceSanDiego, CA (2002)



