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We describea generatofor rule-basedyrammarsvhich areprimarily lexicalist but mayintroducesome
semanticyia constructionsBy combiningchartgeneratiorwith atreatmenbf modificationby adjunc-
tion, we obtainsubstantiaperformanceémprovementsover standardexically-driven chart-generation.

1 Intr oduction

Therearearangeof approachew tacticalgenerationn whichtheinputto thegeneratocanbethoughtof
asabagof lexical itemswith semantiaelationshipsapturedy anappropriatenstantiationof variables.
The instantiatedexical itemsmay eitherbe constructedrom a logical form, or generatedlirectly, for
instanceby lexicalist transferin a machine-translatio@T) system.Examplesof suchapproachesre
Shale-and-Bak (Whitelock,1992),baggeneratiorirom logical form (Phillips,1993)andsomeversions
of chartgeneratior{e.g.,Kay (1996)). We will referto theseapproachesollectively aslexically-driven
generation.

Thebasicideasbehindlexically-drivengeneratiorandits advantage®ver alternatve approachesuch
assemantichead-diwven generatiorhave beenextensvely discussede.g.,by Whitelock (1992),Beaven
(1992),Brew (1992)and Trujillo (1994))sowe will just give a brief overviev here. Lexically-driven
generations potentiallyhighly suitablefor grammarramevorkssuchasHPSG(PollardandSag,1994)
and cateyorial grammay wherethe majority of the informationis encodedn lexical entries(or in lex-
ical rules)asopposedo beingrepresenteéh constructiongi.e., grammarrulesoperatingon phrases).
Lexically-driven generatiorhastwo majoradwantagedor a generatomwhich mustoperatewith arange
of grammarsandapplications:

1. Apartfromtherequirementsor lexicalismandsemantianonotonicity(discussedbelon), thegener
atorimposedew constrainton thegrammar Thisis especiallysignificantfor systemsvhich must
work with arangeof large-scalegrammarsespeciallyoneswhich arealsousedfor parsing,since
developingandmaintainingsuchgrammargs very time-consuminglt is thusvery importantthat
ary constraintghatthe generatioralgorithmimposedit in naturallywith the grammarformalism
andareintuitive andeasyto test.

2. Syntacticrequirement®n generatoinput areminimized. Thereis a well-knovn problemin guar
anteeinghata grammarwill generatdrom a particularinput, sometimeslescribedasthe problem
of logical form equvalence(Shieber 1993). Theimportanceof this issuewith respecto MT has
beenextensvely discussede.g.,Whitelock(1992),Beaven(1992)),but evenfor otherapplications
it is desirableto minimize the extentto which constructionof the input requiresknowledgeof the
grammar With lexically-driven approacheshereis no requiremenfor the stratgic generatoto
imposea hierarchicalorganizationmirroring thegrammar

Thus lexically-driven generations inherentlymore flexible than alternatve approachesHowever,
therearesomedisadwantagego the existing algorithms:

1. Generationis generallylessefficient thanin algorithmswhich usestructureto guide processing,
suchas semantichead-dwen generationShieberet al, 1990). Chartgeneratiorandthe original



Shale-and-Bak approachare both exponentialin worst-casecompleity. As we will discussbe-
low, the main problemsarisein intersectre modification,which is in sharpcontrastto mostother
algorithms whereefficiengy issuedendto arisewith non-localdependencies.

2. Somesystemswvhich generatdrom alogical form have usedinadequatesemantiaepresentations,
avoiding internalstructureby omitting arepresentationf scope.

3. Absolutelexicalismis difficult to sustainin grammars.t is oftendesirableto introducesemantics
via constructionsfor instancefor bareNP formation,evenin primarily lexicalist framevorks such
asHPSG(e.qg.,Sag(1997)onrelative clauseconstructions).

In this paperwe describea generatowhich avoidstheseproblems.We addressheefficiengy issueby
combiningchartgeneratiorwith aspeciaktreatmenbf modificationreminiscenbpf theapproachakenin
Poznaskietal (1995). We usea flat semantiaepresentatiowhich canexpressscopeor underspecified
scopalrelationships.Finally, althoughwe assumea primarily lexicalist grammay we allow the useof
constructionsvhich introducesemantics.

The generatoworks with grammarsin which the semanticof a phrasecanbe describedasa list
of relationswith coindexed variables. This list mustbe constructednonotonicallyfrom a bagof non-
overlappingsublists,eachsublistcorrespondingo the semanticcontritution of alexical entry or lexical
or grammarrule (thoughwe assumemostof the semanticoriginatedexically). Onesuitableformalism
is Minimal RecursionrSemantic§MRS: Copestak et al (1995),Copestak etal (1997)),which we will
usefor concreteneskere. Our experimentshave all beencarriedout on grammarsencodedn a type
featurestructureformalism,but thisis not arequiremenof the algorithm.

Thegeneratoinvolvesthreephaseslexical lookup,chartgeneratiorandadjunctionof modifiers.We
will discusseachof thesecomponentsn detail, but we startwith a brief introductionto MRS.

2 MRS

The MRS representatiotiechniquehasbeendescribedn detail in Copestak et al (1997). Its salient
featuresare:

Flatness The representatioronsistsof a list of labeledrelations,plus a list of relationshipsbetween
labelswhich constrainscope.ln MRS, labelsonrelationsarereferredto ashandles.

Underspecifiability Scopemaybeunderspecified.

Representableusing typed feature structures MRS structuresand the composition operationson
themcanbestraightforvardly encodedn atypedfeaturestructurdramewvork. However, for reasons
of spaceandreadability we will notshawv featurestructureshere.

To illustrate MRS, we will considerthe examplesentencen (1a)which we will assumenasthe two
possiblescopedepresentationshavn in (1b)and(1c). In bothcaseswe shav a corventionalrepresen-
tation,followedby the MRS representatiorin whichtheinformationusuallycarriedby nestingrelations
is insteadencodedby the useof handles(e.g.,h1, h3 etc). In MRS, conjunctionis implicit: relations
with the samehandleareassumedo be conjoined.Thetoplevel handlein the MRS representatioe.g.,
h1),indicatesthe outermostelation(s).

(1) a Everymanageintervievedabig Germanconsultant.

b a(y, consultant(y)A German(y)A big(y), every(x, manager(x)intervien(e,x,y) A past(e)))
h1l:] hl:a(yh3,h5), h3:consultant(y), h3:German(y), h3:big(y), h5:every(x,h6,h8),
h6:manager(x)h8:interviav(e,x,y), h8:past(e)

c every(x,manager(x)a(y, consultant(y)A German(y)A big(y), intervien(e,x,y) A past(e)))
hl: h2:a(yh3,h8), h3:consultant(y), h3:German(y), h3:big(y), hl:every(x,h6,h2),
h6:manager(x)h8:interviav(e,x,y), h8:past(e)

In afully scopedrepresentationthe handlesare constantsput if we allow the labelsin agument
positionsin relationsto be variablesover handleswe canunderspecifyscope. The MRS representation



which correspondgo the generalizatiorof the two readingsaborve can be written as (2), wherethe
uppercaséi4 etccorrespondo variablesover handles.

(2) H1[ h2:a(yh3,H4),h3:consultant(y)h3:German(y)h3:big(y),h5:every(x,h6,H7)h6:manager(x),
h8:interviav(e,x,y), h8:past(e]

In generalwe mayrequireconstraintsvhichrestricttheassignmendf handlego variables.Forinstance,
if we addtheinformationthath2 outscope$5to (2), we have thereadingin (1b). For applicationssuch
asMT, it is oftendesirablenotto have to fully specifyquantifierscopethoughtherearealsocaseswhere
scopemustberepresentedndMRS is animprovementover the versionsof flat semanticglescribedy
Phillips (1993)andby Trujillo (1994)sinceit allows this. However, for simplicity in the currentpaper
we will generallyignorequantifierscopeandomit thehandlesn theexampleswhereit is unimportant.

3 Lexical lookup

Thefirst phasein generatioris lexical lookup, which is analogougo morphologicalprocessingluring
parsing. Lexical entries,lexical rules and grammarrules are all indexed by the relationswhich they
contain. In orderto find the lexical entrieswith which to populatethe chart, the input semanticss
checled againstthe indexed lexicon. When a lexical entry is retrieved, the variable positionsin its
relationsareinstantiatedn one-to-onecorrespondenceith thevariablesn theinputMRS.

For instance giventhe MRS in (2c¢), the instantiatedexical entry for interviev would containinter
view(e,X,y). Hereandbelow, lowercasee, X, y, etcindicateinstantiatedvariables. Note that, asfar as
generatioris concernedthesearereally constantse.g.,x andy cannever beequated Handlevariables
(i.e.,labelagumentsnot coindexed with relations)areleft uninstantiated.

Lexical and morphologicalrules are appliedto the instantiatedexical entriesin this phase. If the
lexical rulesintroducerelations,their applicationis only allowed if theserelationscorrespondo parts
of the input semantics.In this case,their relationsare alsoinstantiated. The chartis populatedwith
edgescontaininginstantiatedexical items or structuresderived by lexical rule(s), eachwith pointers
to the semanticrelationswhich they cover. For expository purposeswe represenedgesasa tuple of
index, relationlist, syntacticcateyory label and orthography For instance we canrepresenthe edge
correspondingo interview afterthe applicationof the pastrule as:

(3) | e[ intervien(e,x,y),past(e)| V | interviewed |

Lexical lookup andinstantiationwould be trivial to implementif therewere a one-to-onemapping
betweerrelationsandlexical entriesor lexical rules. Severalthingsmay complicatethis picture:

Relationscorrespondingto more than onelexical item For instanceagrammamightusethesame
semantiaelationfor synoryms suchasautumnandfall. Thisis straightforvardly analogouso lexical
ambiguityduring parsingandrequireshatwe includemultiple lexical edgesn the chart.How common
thisis depend®nthe particulargrammars approactto synorymy andto lexical encoding:for example,
onegrammarmight usea singlestructureto encodemultiple subcatgorizationpossibilitiesfor a single
sensewhile anothemight requiremultiple structuresln the secondcase the lexical lookup phasewill
producemultiple edgesspanninghe samerelation(evenif the structuresarerelatedby lexical rules).

This situationcanalsooccurbecausehe typedfeaturestructureencodingof MRS allows for under
specificationof relations. For instance the temporallocationsense®f in andon could have different
relationsboth of which aresubsumedby atemporallocationrelation. It canbe desirableto specifysuch
agenerarelationin theinputto the generatqgrfor instanceto allow thegrammarto make the distinction
betweerin andonin exampledike on Tuesdaymorningvs. in themorning

Lexical items containing more than onerelation Compareparsing,wheresinglelexical itemsmay
includemultiple ‘words’, e.g.,ice cream For instanceanythingcouldberepresentedscontainingtwo
relationsary andthing. Thisleadsto edgesn thechartwhich cover morethanonerelation,andpossibly
overlapwith otherlexical edges.Thusanedgecorrespondingo anythingcouldoverlapwith onefor any.

Grammar rules which intr oducerelations An exampleof this is a rule which licensesbarenoun
phrasesuchascatsanddirty water, which might plausiblyapplyaquantifieror genericoperator Previ-
ouslexically-driven approachebave not allowed suchrules.In our approachary potentiallyapplicable



Lexical edgeginactive)

X | manager(x) N manager
X | the(x) Det | the
e | work(e,x),past(e) VP | worked
Active edgesconstructed Requirededge
X | manager(x) NP | manaer X Det
e | work(e,x),past(e) S worked X NP
Inactive edgesconstructed
X | manager(x)the(x) NP | themanaer
e | work(e,x),past(e)manager(x)the(x) | S | themanayer worked

Figurel: Exampleof achartfor generatinghe manajer worked Thisassumesherearetwo rulesS —
NP VP (VP head)andNP — DetN (N head).

grammarrulesareinstantiatedn the lexical lookup phaseand passedo the chartgeneratar Grammar
ruleswhich introducerelationswhich arenotin theinputwill beexcluded.

Lexical items which do not intr oducerelations In principle,all lexical itemswithout relationshave
to beaddedo the chartwhengeneratingary sentencécompareemptycategoriesin parsing).Although
somegrammamritersinsistthatall wordscarry semantianformation,in othergrammarsvordslike do
and(infinitival) to have norelations.Evenafew suchitemswill seriouslyaffectefficiengy. However, for
the lexicalist grammarsve have examined,it is relatively straightforvard to provide filters which avoid
unnecessarpostulationof suchitems,sincethe contets in which they may occurcanbedistinguished
onthebasisof theinput semanticsthoughthe actualfilters arenecessarilhighly grammasspecific.

For instance,in the LinGO grammar(discussedn §6), in a sentencesuchas Kim had slept the
auxiliary had doesnot introducea relation. The tenseis indicatedby the eventvariable. In this case,
hadshouldonly be postulatedf thereis aneventvariablemarked ashaving tensepastperf. This sortof
filter canbeimplementediusingrulesdefinedby the grammamwriter, wherethe antecedentf theruleis
a patternwhich is checled againstthe input semanticsandthe consequenis anidentifier for a lexical
entry If alexical entryhasnorelations,it is only addedf it is licensedby arule. For example,therule
for hadcanbe expressedsfollows:

< [ EVENT [ TENSE pastperf ]] > => had_aux

Herethe antecedentmatchesary semanticexpressionwhich containsa verbwith a pastperfeventvari-
able.

4 Chart generation

Oncethe chartis instantiatedthe chartgeneratiorphaseds invoked. Chartgenerations very similar to
chartparsing but whatanedgecoversis definedin termsof thesemanticstatherthanorthographyEach
edgeis associatedvith the setof relationsit covers. We assumen edgeis indexed by a semantidndex
(following Kay (1996)). The stratgy we useis bottom-up head-firsti.e.,anactive edgeis createdrom
an inactive one by instantiatingthe headdaughterof a rule. Whenan active edgeis applied,a check
is madeto ensurethatthe daughtersio not overlap: i.e., thatthey do notincludethe samerelation(s).
Figurel shavs atiny chart.

Intuitively, a semanticdndex is a variabledenotingan individual entity in a logical form. However,
this conceptis to someextent grammasspecific. For the purpose®f chartgenerationwhatis required
is just that, whenconstructingan active edge,anindex for the missingcomponentanbe determined,
andthateachinactve edgecanbe checledto seeif it hasa compatibleindex. A goodindexing scheme
will beonein which thisis maximally discriminating:howeverin our implementatiorit is not essential
that every edgehave a ‘sensible’index, sincean edgefor which an actualindex cannotbe identified
will begivenagenericindex, which is compatiblewith all otherindices(thoughthis naturallyreduces
efficiency).



However, in generalthereareproblematiccasedor efficiency whenedgeshave the sameindex. In
particular in intersectre modification,anindefinitenumberof modifiersmayapplyandapplicationorder
is notlocally determinedFor instancewhengeneratingrom (4) theedgesn (5) will all beconstructed.

(4) big(x), German(x)consultant(x)

X | consultant(x) N | consultant
(5) X | consultant(x)big(x) N | big consultant
X | consultant(x)German(x) N | Germanconsultant
X | consultant(x)big(x), German(x)| N | big Germanconsultant

Notethat,if Germanbig consultants excludedby thegrammaythesecondedgeis wasted.

In generalchartgeneratiormaybe exponentialfor intersectie modification,evenwhenchartparsing
is polynomial (seeKay (1996)and, for the equivalent problemin Shale-and-Bak, Brew (1992)). Of
course,if thereare no constraintson the linear order of modifiers, therewill be n! possiblephrases
incorporatings modifiers.However, evenif thegrammarconstrainsnodifierssothereis only onevalid
ordering,the numberof edgesouilt by achartgeneratowill still be2™, becaus®f thesubphrases.g.,
with theinputin (3a),edgessuchasevery manger intervieveda Germanconsultaniwill begenerated,
omitting big.

Kay’s partial solutionto this problemis to proposethat edgeshe checled beforethey arecreatedto
seeif they would sealoff accesgo a semantidndex for which thereis still anunincorporatesnodifier.
In his example:

(6) Newspapetreportssaidthetall youngPolishathleteranfast.

theindex for athleteis notavailableoutsidethe phrasethetall youngPolish athleteranfast Thisatleast
preventsthe exponentialityproliferating. However this criterion canbe expensve to checkandmay be
of limited utility. Forinstancejn (7) theindex for run mustbe availableto how:.

(7) How did thenewspapersaytheathleteran?

For Shale-and-Bak, wherea similar problemarises,a variety of alternatve solutionshave beenpro-
posede.g.,Brew (1992),Trujillo (1994)).Noneof theseapproacheshangesheworstcasecompleity,
however.

For mostgrammarsthis probleminherentlyinvolves intersectve modification,becauset canonly
arisewhenboth the syntacticcateyory andthe semanticndex are compatiblein the structuresbefore
andafterrule application. With non-intersectie modification,the semanticswill preventthe modifiers
applyingin the wrong order(assumingheir scopeis specifiedin theinput). E.g.,in (8), probablyrun
cannotbegenerated:

(8) heprobablydid notrun.
h1[ hl:probably(h2)h2:not(h3)h3:run(e,x)

With subcatgorizedcomplementsthe syntaxpreventsspurioussubphrasesvenif complemensatis-
factionis binarybranchingaslong asthe orderof complementss fixed. For instancegiventheinputin
(9), the edge(10) will never be generatedqwithout a gap)becausehe grammarwill not licenseattach-
mentof thecomplementmong beforeKim.

(9) sandy(x)bet(e,x,yz), kim(y), money/(z)

(10) | e | bet(e,x,yz), mong(z) | V | betmong |

Our approachto the problemis to treatintersectre modificationin a separatghase after all possi-
ble edgesthat do not involve potentially recursve intersectre modificationhave beenconstructedoy
chartgeneration.This reducesvorst-caseompleity to polynomialin the casewheremodifier orderis
constrainedandalsohelpsefficiency whenit is free.
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Figure2: Fragmentsvithoutintersectre modifierrule

5 Modification

The propertiesof intersectre modificationthat causetheseefficiengy problemsalso meanthatit can
be delayeduntil after the restof the structureof the sentencds generated.At this point, intersectie
modifierscanbe addedby adjunctionto the partial structures.This is possiblgust becausentersectie
modificationdoesnot involve changesn cateyory (otherthan specialization) and thereforenew rule
applicationswill never belicensedby the applicationof anintersectre modifier lower in thetree. (An
exceptionto this generalizatioris if the modifier containsa gap,aswe will discussbelov.) Structures
on the edgesabore the adjunctionsite mustbe recalculatedafter adjunction,since modificationmay
specializethe structure put at worstthis leadsto treesbeingexcluded.

For example,whengeneratingrom (3c), if intersectre modificationis excludedduringthe standard
chartgenerationphase,we obtain fragmentsas shavn in Figure 2, correspondingo every manaer
intervieweda consultantbig andGerman Theinactive edgeswvhich correspondo modifiers(theedges
for big andGermar are cornvertedto active edgesusingthe previously excludedintersectve modifier
rules. Theseedgesare groupedinto partitions, correspondingo setsof relationswith the edgesthat
cover them. The modifier edgesfrom eachpartition are appliedto the treeby adjunction,asshavn in
Figure3, until all relationsin the partitionhave beenadded.In this case theresultcorrespond$o every
manaer interviaveda big Germanconsultantwhich coversthe completeinput.

Thistechniquehastwo substantiakfficiengy adwvantages:

Unwanted edgesreduced Assumethat precedenceonstraintsare specifiedso ary orderingconstraint
betweentwo modifierscan be determinedvhen adjunctionof the secondmodifier is attempted.
For instancejf A, B andC' arepossiblemodifiersof N, ary orderingconstraintbetweenA and
B is determinablewithout referenceto C. In this case,partial phrasesare only constructedas
an intermediatestepto building correctstructures. Thus, if linear orderis fixed, the numberof
edgesconstructedvill be equalto the numberof modifiers,in sharpcontrastwith chartgeneration.
The differencearisebecausenodifiersmaybe adjoinedabove or below a previous adjunctionsite,
whereashartgeneratiorcannotinsertconstituentsnto edges.

Proliferation delayed Becausemodificationis appliedat the endof the generatiorprocessary prolif-
erationof modifier edgesdueto lack of constraintson word orderonly multiplesthe final edges,
nottheintermediateesults.

Our useof adjunctionis similar to the locate-adjoirmechanismin Poznaski et al (1995), although
we apply it to the resultsof chartgeneratiorratherthan make use of the generaltree reconstruction
methoddescribedhere.Poznaski et al (1995)only describenow to constructa singlestring, although
theapproactwasextendedo generataill stringsusinganagenddPoznaski, personatommunication).
Theadwantageof the currentalgorithmis thatit exploits the naturalpropertiesof modification,imposes
lessstringentconstraintson the grammarandinput, and utilizes the charts efficiengy for dealingwith
ambiguity

For our two-phasegeneratioralgorithmto work, the grammarmustsatisfy the conditionthat mod-
ification doesnot alter the propertiesof the partial phrasesn sucha way asto licensethe application
of non-modifierrules. Modifiers with gapsare a counterexample. For instance considerthe example
in Figure4. Here,the modificationof the VP by the PP/NPis requiredto licensewhich office The
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Figure4: Extractionout of a modifier (which office did youworkin?)

phrasewvhich officedid youworkis notaconstituentthuswill notbegeneratedh thefirst phaseandthe

attachmenof which office to did youwork in is not modification,sowill notoccurin the secondphase.
The solutionis simply to treatmodificationby slashecdconstituentduring the normalchartgeneration
phaseratherthanby adjunction. This is reasonablebecausextraction out of adjunctsis limited to a

singleconstituentanddoesnt presenthe compleity problemswe have discussed.



[ | meanedgesggenerated meanCPUtime (secs)||

standarcthartgeneration 856 5.4
two phasegeneration 501 3.3

Tablel: Generatiormperformancen 44 dialogueexamples.Meannumberof stringsgenerategerinput
was5.0, meanstringlength5.4words.

Onceall modifiersareadjoined the completeedgesarechecledto seewhetherthey coverall theinput
relationsandwhetherthey arecompatiblewith theinput semanticsCompatibility of underspecifiedep-
resentationgs anon-trivial notion,sincein principleit is desirableo generatesentencewhich presere
ambiguity However spacdimitations precludediscussiorof this here.

6 Evaluation

So far the generationalgorithm hasbeentestedwith two pre-eisting grammarsfor English, both of
which weredevelopedby grammarwriters who hadaccesgo parserdut not generatorsThe maintest
wasonthelarge-scalé€Englishgrammardevelopedby theLinguistic Grammargnline(LinGO) project?
Thisgrammathasawide coverageof linguisticphenomenancludingconjunction extraposition ellipsis
etc,andsomemoreperipheralconstructionssuchastime expressionsandtag questionswhich arere-
quiredfor processingpolendialogue.lt producegjuitedetailedanalysesisingMRS for the semantics.
Althoughwe madesomeminor changedo this grammarfor generationthesewere mostly concerned
with regularizingthe semantiaepresentatioto make implementatiorof the lexical lookup phasemore
straightforvard,andthey hadtheindependenbenefitof makingthe grammamoreconsistenandeasier
to understandThe secondgrammairis smallerandmuchlesscomplex andrequiredno changedor the
generatoto work.2

We testedthe performanceof the two-phasealgorithmagainstthe standardchartgeneratomusingthe
LinGO grammar Onalogicalform correspondingo sentenc€11a)(with all PPsattachedo nouns) the
two-phasesystemtook 1.8 secondsandconstructedB14 edgescomparedo 5.6 secondand923edges
for the standard.In (11a)the modifiersarein afixed order: in contrast,in (11b)the modifier orderis
not constrainedy the grammarand 48 stringsaregenerated4! x 2, becausef topicalization). The
two-phasesystenrequires4.3secondsaind776edgescomparedo 54.8secondsand4710edgedor the
standard.

(11) a themanagein thatoffice intervieved a new consultanfrom Germary
b ourmanageprganizedanunusuakdditionalweekly departmentatonference

Of course theseexamplesareartificial. We alsotestedthe systemby generatingrom thefirst (un-
derspecified)ogical forms producedby parsingsomecollecteddialoguesentences.Thesewere part
of atestsetusedto evaluateparsingandwerethusnot in ary way tunedfor this evaluation: indeeda
considerablgercentageontainedno modifiers. The resultsin Tablel illustratesthe performanceon
44 exampleswhich wentthroughin bothruns. An additional4 exampleswhich createdoo mary edges
for the standardyeneratoisucceededn the two-phasesystem.As this illustrates,one of the majorad-
vantage®f the new algorithmis that naturallyoccurringsentencesvhich hadpathologicalcompleity
behaior with previousapproacheto lexically-driven generatiorbecometractable.

7 Conclusions

The generatioralgorithmdescribecherehasseveral key adwvantagedor processindexicalist grammars
suchasHPSGs:

1. It makesvery few assumptiongboutthe grammay and mostof thoseconditionscanbe violated
without affecting coverage(thoughat a costin efficiency).

'htt p: // hpsg. st anf or d. edu/ hpsg/ | i ngo. ht m
20f coursejn bothcaseghe generatorevealedsomebugsin the grammamwhich werefixed.



2. Thelogical form equivalenceproblemis reducedwithout impaoverishingthe representation Al-
thoughwe assumedhe useof MRS here, it is alsopossibleto generatewith a grammarusinga
non-flatrepresentatiorprovided efficient proceduresreavailableto:

(a) retrieve andinstantiatdexical entriesandrulesbasedn generatoinput
(b) determinecoverageof edges
(c) checkcompatibilityof completeedgeswith theinput.

The greatadwantageof flat representationfor generatiorwith this type of algorithmis that such
proceduresretrivial to implementandcanbewritten to be usableby a variety of grammarsgiven
suitableparameterization.

3. Althoughthealgorithmis lexically driven,semanticsnay be contritutedby grammarules.

4. Efficiency is improved comparedo chartgeneratiorandthe original Shale-and-Bak approachby
takingadwantageof the naturalpropertiesof mostgrammars.

We alsobelieve our approachhasconsiderablgoromisein thatwe cangeneratdrom logical form, in-
stantiatedexical entries,or acombinationof two, which is usefulfor flexible templaticgeneration We
expectto demonstratéhis lastpointin future work.
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