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Abstract

While the geneative view of language
processingbuilds bigger units out of
smaller ones by meansof rewriting
stepstheaxiomaticview eliminatesin-
valid linguistic structureut of a setof
possiblestructuresby meansof well-
formednessprinciples. We presenta
generatobasedon the axiomaticview
and argue that when combinedwith a
TAG-like grammarand a flat seman-
tics, this axiomaticview permitsavoid-
ing dravbacksknown to hold either of
top-davn or of bottom-upgenerators.

1 Introduction

Wetake theaxiomaticview of languageandshav
thatit yields aninterestinglynew perspectie on
thetacticalgeneratiortaski.e. thetaskof produc-
ing from agivensemantic® astringwith seman-
tics ¢.

As (Cornell and Rogers, To appear)clearly
shaws, therehasrecentlybeena suige of interest
in logic basedgrammardor naturallanguage.In
this branchof researclsometimegeferredto as
“Model TheoreticSyntax”,a grammaris viewed
asa setof axiomsdefiningthewell-formedstruc-
turesof naturallanguage.

The motivation for modeltheoreticgrammars
isinitially theoreticaltheuseof logic shouldsup-
portbothamoreprecisdormulationof grammars
and a different perspectie on the mathematical
andcomputationapropertief naturallanguage.

But eventually the questionmust also be ad-
dressedof how suchgrammarscould be put to
work. Oneobviousanswelis to usea modelgen-
erator Givenalogicalformula¢, amodelgenera-
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tor is aprogramwhich builds someof themodels
satisfyingthis formula. Thusfor parsing,amodel
generatocanbeusedto enumeratehe (minimal)
model(s),that is, the parsetrees, satisfyingthe
conjunctionof the lexical catgoriesselectedon
the basisof the input string plus ary additional
constraintsvhich might be encodedn the gram-
mar. And similarly for generationamodelgener
atorcanbe usedto enumeratéhe modelssatisfy-
ing thebagof lexical itemsselectedy thelexical
look up phaseon the basisof theinput semantics.

How can we designmodel generatorswvhich
work efficiently on naturallanguagenputi.e. on
the type of informationdeliveredby logic based
grammars?(Duchierand Gardent,1999) shavs
that constraintprogrammingcan be usedto im-
plementa model generatorfor treelogic (Back-
ofenetal., 1995). Further (Duchierand Thater
1999)shawsthatthismodelgeneratocanbeused
to parsewith descriptiondasedgrammargRam-
bow et al., 1995; Kallmeyer, 1999) that is, on
logic basedgrammarswhere lexical entriesare
descriptionof treesexpressedn sometreelogic.

In this paperwe build on (DuchierandThater
1999) and shaw that modulo someminor modi-
fications,the samemodelgeneratorcan be used
to geneate with description basedgrammars.
We describethe workings of the algorithm and
compareit with standardexisting top-davn and
bottom-upgeneratioralgorithms.In specific,we
amgue that the changeof perspectie offered by
the constraint-basedaxiomaticapproacho pro-
cessingresentsomeinterestingifferencesvith
the moretraditional geneative approachusually
pursuedn tacticalgeneratiorandfurther, thatthe
combinationof this static view with a TAG-like
grammaranda flat semanticgesultsin a system
which combineghe positive aspectof both top-



down andbottom-upgenerators.

The paper is structured as follows. Sec-
tion 2 presentsthe grammarswe are working
with namely DescriptionGrammars(DG), Sec-
tion 3 summariseshe parsingmodelpresentedn
(Duchierand Thater 1999)and Section4 shawvs
thatthis modelcanbe extendedto generatewith
DGs. In Section5, we compareour generator
with top-davn andbottom-upgeneratorsSection
6 reportson a proof-of-conceptimplementation
andSection7 concludeswith pointersfor further
research.

2 Description Grammars

Thereis a rangeof grammarformalismswhich
departfrom Tree Adjoining Grammar(TAG) by
taking as basicbuilding blocks tree descriptions
ratherthantrees.D-TreeGrammarnDTG) is pro-
posedin (Rambav et al., 1995)to remedysome
empirical and theoreticalshortcomingof TAG;
Tree DescriptionGrammar(TDG) is introduced
in (Kallmeyer, 1999)to supportsyntacticandse-
mantic underspecificatiomnd InteractionGram-
maris presentedn (Perrier 2000)asan alterna-
tive way of formulatinglinearlogic grammars.

Like all theseframavorks, DG usestree de-
scriptionsandtherebybenefitsfirst, from the ex-
tendeddomainof locality which malkesTAG par
ticularly suitablefor generatior{cf. (Joshi,1987))
andsecondjfrom the monotonicitywhich differ-
entiateslescriptiongrom treeswith respecto ad-
junction(cf. (Vijay-Shanler, 1992)).

DG differs from DTG and TDG however in
thatit adoptsan axiomaticratherthana genera-
tive view of grammarwhereasn DTG andTDG,
derived treesare constructedhrougha sequence
of rewriting steps,in DG derived treesare mod-
elssatisfyinga conjunctionof elementaryreede-
scriptions.Moreover, DG differsfrom Interaction
Grammarsn thatit usesaflat ratherthana Mon-
taguestylerecursve semanticsherebypermitting
asimplesyntax/semanticsterface(seebelow).

A DescriptionGrammaris a setof lexical en-
tries of theform (7, o) wherer is atreedescrip-
tion ando is the semantiaepresentatiomssoci-
atedwith .

Tree descriptions. A treedescriptionis a con-
junction of literals that specify either the label
of a node or the position of a noderelative to
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other nodes. As a logical notation quickly be-
comesunwieldy we usegraphicsinstead. Fig-
urel givesagraphicrepresentationf asmallDG
fragment. The following conventionsare used.
Nodesrepresenhodevariablesplain edgesstrict
dominanceanddottededgesdominance.The la-
bels of the nodesabbreiate a featurestructure,
e.g.the label NPz representshe featurestruc-
ture{cat:np, idz:z }, while theanchorrepresents
the phon valuein the featurestructureof theim-
mediatelydominatingnodevariable.

Node variablescan have positve, negative or
neutralpolarity which are representedby black,
white and gray nodesrespecttely. Intuitively, a
negative node variable can be thoughtof as an
openvaleny which mustbe filled exactly once
by a positive nodevariablewhile a neutralnode
variableis a variablethat may not be identified
with ary othernodevariable. Formally, polari-
tiesareusedto definethe classof saturateanod-
els. A satuatedmodelM for atreedescriptionr
(written M =5 7) is amodelin which eachnega-
tive nodevariableis identified with exactly one
positve node variable, eachpositve node vari-
ablewith exactly onenegative nodevariableand
neutralnodevariablesarenotidentifiedwith ary
othernodevariable.Intuitively, a saturatednodel
for agiventreedescriptions thesmallestreesat-
isfying this descriptionandsuchthatall syntactic
valenciesarefilled. In contrast,a freemodel M
for 7 (written, M =¢ 7) is amodelsuchthatev-
erynodein thatmodelinterpretsexactlyonenode
variablein .

In DG, lexical treedescriptionamustobey the
following corventions. First, the polarities are
usedin a systematicway as follows. Roots of



Mary
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Figure2: M |=s Tsee; A Tjohn N Tmary

fragments(fully specifiedsubtrees)are always
positve; exceptfor the anchor all leavesof frag-
mentsare negative, and internal node variables
are neutral. This guaranteeshat in a saturated
model,tree fragmentsthat belongto the denota-
tion of distinct tree descriptionsdo not overlap.
Secondwe requirethatevery lexical treedescrip-
tion hasa single minimal free model, which es-
sentiallymeanghatthe lexical descriptionsmust
betreeshaped.

Semantic representation. Following (Stoneand
Doran,1997),we represenmeaningusinga flat
semantiaepresentation,e. asmultisets,or con-
junctions, of non-recursie propositions. This
treatmentbffers a simple syntax-semanticster
facein thatthe meaningof a treeis just the con-
junction of meaningsof the lexical tree descrip-
tionsusedto derive it oncethe free variablesoc-
curringin thepropositionsareinstantiatedA free
variableis instantiatechsfollows: eachfree vari-
ablelabelsa syntacticnodevariablen andis uni-
fied with thelabel of ary nodevariableidentified
with n. For thepurposeof this paperasimplese-
manticrepresentatiotanguagds adoptedwhich
in particular doesnot include “handles”i.e. la-
belson propositions.For a wider empirical cov-
erageincluding e.g. quantifiers,a more sophisti-
catedversionof flat semanticeanbeusedsuchas
Minimal RecursionSemantic§Copestak et al.,
1999).

3 Parsingwith DG

Parsingwith DG can be formulatedas a model
generationproblem, the task of finding models
satisfyinga give logical formula. If we restrict
ourattentionto grammarsvhereeverylexical tree
descriptionhas exactly one anchorand (unreal-
istically) assumingthat eachword is associated

— Troot | true
John | Tjon, | true
Saw Tseeq Tseen
Mary | Tmary | true

Figure3: Exampleparsingmatrix

with exactly onelexical entry, thenparsingasen-
tencew, ... w, consistsin finding the saturated
model(s)M with yield w; . . . w, suchthatM sat-
isfiesthe conjunctionof lexical tree descriptions
¢1 N\ -+ A ¢, With ¢; thetreedescriptionassoci-
atedwith theword w; by thegrammar

Figure 2 illustratesthis idea for the sentence
“John loves Mary”. The tree on the right hand
siderepresentshe saturatednodelsatisfyingthe
conjunctionof the descriptionsgiven on the left
and obtainedfrom parsing the sentence*John
seesMary” (the isolatednegative nodevariable,
the “RooT description”, is postulatedduring
parsingto cancelout the negative polarity of the
top-mostS-nodein the parsetree). The dashed
linesbetweertheleft andtheright partof thefig-
ureschematis¢heinterpretatiorfunction: it indi-
cateswhich nodevariablesgetsmappedo which
nodein themodel.

As (DuchierandThater 1999)shaws however,
lexical ambiguitymeanghatthe parsingproblem
isin factmorecomple asit in effectrequireghat
modelsbe searchedor thatsatisfya conjunction
of disjunctiongratherthansimply a conjunction)
of lexical treedescriptions.

The constraintbasedencodingof this problem
presentedn (Duchierand Thater 1999) can be
sketchedasfollows!. To startwith, the conjunc-
tion of disjunctionsof descriptionsobtainedon
the basisof the lexical lookup is representeds
a matrix, whereeachrow corresponds$o a word
from the input (exceptfor the first row which is
filled with the above mentionedRooT descrip-
tion) and columnsgive the lexical entriesasso-
ciated by the grammarwith thesewords. Any
matrix entrywhich is emptyis filled with thefor-
mula true which is truein all models. Figure 3
shavs an example parsingmatrix for the string
“Johnsav Mary” giventhegrammaiin Figure1.2

Given sucha matrix, the task of parsingcon-

For a detailedpresentatiorof this constraintbaseden-
coding,seethe paperitself.

2For lack of spacen theremaindenf the paperwe omit
the RoOT descriptionin thematrices.



sistsin:

1. selectingexactly one entry per row thereby
producinga conjunctionof selectedexical
entries,

2. building a saturatednodelfor this conjunc-
tion of selectedentriessuchthattheyield of
thatmodelis equalto theinput stringand

3. building afreemodelfor eachof theremain-
ing (nonselectedentries.

The importantpoint aboutthis way of formu-
latingtheproblemis thatit requiresall constraints
imposedby thelexical treedescriptionsccurring
in the matrix to be satisfied(thoughnot neces-
sarily in the samemodel). This ensuresstrong
constraintpropagatiorand therebyreducesnon-
determinismln particular it avoidsthecombina-
torial explosionthatwould resultfrom first gener
atingthepossibleconjunctionsof lexical descrip-
tions out of the CNF obtainedby lexical lookup
andsecondtestingtheir satisfiability

4 Generating with DG

We now shav how the parsing model just de-
scribedcanbe adaptedo generatdrom somese-
manticrepresentatiogp, oneor moresentence(s)
with semanticsp.

4,1 Bascldea

The parsingmodel outlinedin the previous sec-
tion candirectly beadaptedor generatiorasfol-
lows. First, the lexical lookup is modified such
thatpropositiongnsteadof wordsareusedto de-
terminethe relevant lexical tree descriptions: a
lexical tree descriptionis selectedif its seman-
tics subsumegart of the input semantics. Sec-
ond, the constraintthat the yield of the saturated
model matchesthe input string is replacedby a
constraintthatthe sumof the cardinalitiesof the
multisetsof propositionsassociatedvith the lex-
ical treedescriptionccomposinghe solutiontree
equalsthe cardinalityof theinput semanticsTo-
getherwith the aborve requirementhatonly lexi-
calentriesbeselectedvhosesemanticsubsumes
partof thegoalsemanticsthisensureshatthese-
manticsof the solutiontreesis identicalwith the
input semantics.

The following simple example illustrates
this idea. Supposethe input semanticsis

{name(z, john), name(y, mary), see(e, z,y)}
and the grammaris as given in Figurel. The
generatingnatrix thenis:

name(z, john) true
see(e, 5, )

name(y, mary)

Tjohn

Tsee 2
true

Tseey

Tmary

Giventhis generatingnatrix, two matrix mod-
elswill be generatedpnewith a saturateanodel
M3 satisfying Tjonn A Tsee; N Tmary @anda free
modelsatisfyingr,.., andthe otherwith the sat-
uratedmodel M, satisfyingTjonn A Tsees A Tmary
and a free model satisfying 7,c,. The first
solution yields the sentence'John seesMary”
whereasthe secondyields the topicalised sen-
tence“Mary, Johnsees.

4.2 Going Further

The problem with the simple method outlined
aboveisthatit severelyrestrictstheclassof gram-
marsthatcanbeusedby thegeneratarRecallthat
in (Duchierand Thater 1999)5s parsingmodel,
theassumptiorns madethateachlexical entryhas
exactlyoneanchor In practicethis meanghatthe
parsercan deal neitherwith a grammarassign-
ing treeswith multiple anchorsto idioms (asis
arguedfor in e.g. (Abeillé and Schabes1989))
nor with a grammarallowing for traceanchored
lexical entries. The mirror restrictionfor genera-
tion is that eachlexical entry mustbe associated
with exactly one semanticproposition. The re-
sulting shortcomingsare that the generatorcan
dealneitherwith alexical entry having anempty
semanticsor with alexical entryhaving a multi-
propositionalsemantics We first shawv thatthese
restrictionsaretoo strong. We thenshov how to
adaptthegeneratosoasto lift them.

Empty Semantics. Arguably there are words
suchas*“that” or infinitival “to” whosesemantic
contritution is void. As (Shieber1988)shaved,
the problemwith suchwordsis thatthey cannot
be selectedon the basisof the input semantics.
To circumwent this problem, we take advantage
of the TAG extendeddomainof locality to avoid
having suchentriesin the grammar For instance,
complementizefthat” doesnotanchoratreede-
scriptionby itself but occursin all lexical treede-
scriptionsproviding anappropriatesyntacticcon-
text for it, e.g.in thetreedescriptionfor “say”.



Multiple Propositions. Lexical entrieswith a
multi-propositionalsemanticsarealsovery com-
mon. For instance,a neo-Daidsonianseman-
ticswouldassociate.g.run(e), agent (e, z) with

the verb “run” or run(e,x), past(e) with the
pasttensed‘ran”. Similarly, agentlespassie

“be” might be representedyy an overt quantifi-
cation over the missing agentposition (suchas
Jedxz.R(e) A agent(e, z) with R avariableover
the complementverb semantics). And a gram-
mar with a rich lexical semanticsmight for in-

stanceassociatethe semanticswant (e, z, e2),

have(eq, z) with “want” (cf. (McCawley, 1979)
which arguesfor sucha semanticgo accountfor

examplessuch as “Reuterswantsthe report to-

morron” where “tomorron” modifies the “hav-

ing” notthe“wanting”).

Becauset assumeghat eachlexical entry is
associatedwith exactly one semanticproposi-
tion, suchcasescannotbe dealtwith the gener
ator sketchedin the previous section. A simple
methodfor fixing this problemwould be to first
partition the input semanticsn asmary waysas
are possibleand to then usethe resulting parti-
tionsasthebasisfor lexical lookup.

The problemswith this methodare both theo-
reticalandcomputationalOnthetheoreticakide,
the problemis that the partitioning is madein-
dependenbf grammaticalkknowledge. It would
be betterfor the decompositiorof the input se-
manticsto be specifiedby the lexical lookup
phase,ratherthan by meansof a languagein-
dependenpartitioning procedure.Computation-
ally, this methodis unsatiséctory in that it im-
plementsa generate-and-tegirocedure(first, a
partition is createdand second,model genera-
tion is appliedto the resulting matrices)which
couldrapidly leadto combinatoriakxplosionand
is contraryin spirit to (Duchierand Thater 1999)
constraint-basedpproach.

We thereforeproposethe following alternatve
procedure. We start by marking in each lexi-
cal entry one propositionin the associatedse-
manticsas being the head of this semanticrep-
resentation. The marking is arbitrary: it does
not matterwhich propositionis the headaslong
as eachsemanticrepresentatiomas exactly one
head. We then usethis headfor lexical lookup.
Insteadof selectinglexical entrieson the basis

Tjohn NP:z Tdid VPe
John \Y, VP
did
{name(z, john)} {past(e)}

Px : VP Px : VP

VPe VP
A
I

run n
{run(e,z)} {run(e, z), past(e) }

Figure4. Examplegrammar

of their whole semanticswe selectthemon the

basisof their index. Thatis, a lexical entry is

selectediff its head unifies with a proposition
in the input semantics. To presere coherence,
we further maintainthe additionalconstrainthat

the total semanticsof eachselectedentriessub-

sumeqpartof) theinput semanticsFor instance,
given the grammarin Figure 4 (where seman-
tic headsareunderlined)andthe input semantics
run(e, z), name(z, john), past(e), the generat-
ing matrix will be:

name(z, john) true
run(e, )

past(e)

Tjohn

Tran

true

Trun

Tdid

Giventhis matrix, two solutionswill befound:
the saturatedtree for “John ran” satisfying the
conjunctionTjen, A Tren andthat for “John did
run” satisfying7jonn A Trun A Taiq- NO Otherso-
lution is foundasfor any otherconjunctionof de-
scriptionsmadeavailable by the matrix, no satu-
ratedmodelexists.

5 Comparison with related work

Ourgeneratopresentshreemaincharacteristics:
(i) It is basedon an axiomaticratherthana gen-

eratve view of grammay (i) it usesa TAG-like

grammarin which the basiclinguistic units are

treesratherthan categyoriesand (iii) it assumes

flat semantics.

In what follows we shav that this combina-
tion of featuresresultsin a generatowhich in-
tegrateghe positve aspect®f bothtop-davn and
bottom-upgeneratorsin this senseijt is not un-
like (Shieberetal., 1990)5 semantic-head-dren
generation.As will becomeclearin the follow-
ing sectionhowever, it differs from it in that it



integratesstrongerlexicalist (i.e. bottom-up)in-
formation.

5.1 Bottom-Up Generation

Bottom-upor “lexically-driven” generatorge.g.,
(Shieber1988;Whitelock,1992;Kay, 1996;Car
roll etal., 1999))startfrom a bagof lexical items
with instantiatedsemanticsand generates syn-
tactictreeby applyinggrammaruleswhoseright
handside matchesa sequencef phrasesn the
currentinput.

Therearetwo known disadantagego bottom-
up generators. On the one hand, they require
thatthe grammarbe semanticallymonotonicthat
is, that the semanticof eachdaughterin a rule
subsumesomeportion of the mothersemantics.
On the other hand, they are often overly non-
deterministiqthoughsee(Carrolletal., 1999)for
anexception).We now shav how theseproblems
aredealtwith in thepresenalgorithm.
Non-determinism. Two main sourcesof non-
determinismaffect the performancef bottom-up
generators:ithe lack of anindexing schemeand
the presencef intersectie modifiers.

In (Shieber 1988), a chart-basedottom-up
generatolis presentedvhich is devoid of anin-
dexing schemeall wordedgedeave andenterthe
samevertex andasa result,interactionsmustbe
consideredxplicitly betweennen edgesandall
edgegurrentlyin thechart. Thestandardolution
to thisproblem(cf. (Kay, 1996))is to index edges
with semantidndices(for instancethe edgewith
category N/x:dog(x) will be indexed with x) and
to restrictedgecombinationto theseedgeswvhich
have compatibleindices. Specifically an active
edgewith category A(...)/C(c ...) (with c the se-
manticsindex of the missingcomponent)is re-
strictedto combinewith inactve edgeswith cate-
goryC(c...),andviceversa

Althoughour generatodoesnot make useof a
chart,the constraint-basegrocessingnodel de-
scribedin (Duchierand Thater 1999)imposesa
similar restrictionon possiblecombinationsasit
in essenceequiresthatonly thesenodespairsbe
triedfor identificationwhich (i) have oppositepo-
larity and(ii) arelabeledwith the samesemantic
index.

Let us now turn to the secondknownn source
of non-determinismfor bottom-up generators

namely intersectve modifiers.Within aconstruc-
tive approacho lexicalistgenerationthe number
of structureqedgesor phraseshpuilt whengener
ating a phrasewith n intersectve modifiersis 2"
in the casewherethe grammarimposesa single
linear orderingof thesemodifiers. For instance,
when generating‘The fierce little black cat”, a
nawve constructre approachwill also build the
subphrasegl) only to find that thesecannotbe
partof the outputasthey do notexhausttheinput
semantics.

(1) The fierce black cat, The fierce little cat, The little

blackcat, Theblack cat, Thefiercecat, Thelittle cat,
Thecat.

To remedythis shortcoming,various heuristics
andparsingstratgieshave beenproposed(Brew,
1992) combinesa constraint-propagan mech-
anismwith a shift-reducegeneratqgrpropagating
constraintsafter every reductionstep. (Carroll et
al., 1999) adwcate a two-stepgenerationalgo-
rithm in whichfirst, thebasicstructureof thesen-
tenceis generatedand second jntersectre mod-
ifiers are adjoinedin. And (Poznanskiet al.,
1995) make useof a tree reconstructiormethod
which incrementallyimproves the syntactictree
until it is acceptedoy the grammar In effect,
the constraint-base@ncodingof the axiomatic
view of generatiorproposederetakesadwantage
of Brew’s obserationthatconstrainfpropagation
canbe very effective in pruningthe searchspace
involvedin thegeneratiorprocess.

In constraintprogramming the solutionsto a
constraintsatisfction problem (CSP) are found
by alternatingpropagatiorwith distribution steps.
Propagationis a processof deterministicinfer-
encewhich fills out the consequencesf a given
choiceby removing all the variablevalueswhich
canbe inferredto beinconsistentith the prob-
lem constraintwhile distribution is a searchpro-
cesswhich enumerategossiblevaluesfor the
problemvariables. By specifyingglobal proper
ties of the outputandletting constraintpropaga-
tion fill out the consequencesf a choice,situa-
tionsin which no suitabletreescanbebuilt canbe
detectecearly Specifically the global constraint
statingthat the semanticf a solutiontree must
beidenticalwith the goal semanticsulesout the
generatiorof the phrasesn (1b). In practice,we
obsere thatconstrainjpropagations indeedvery



efficient at pruning the searchspace. As table
5 shaws, the numberof choicepoints (for these
specificexamplesaugmentwery slowly with the
sizeof theinput.

Semantic monotonicity. Lexical lookuponly re-
turnsthesecateyoriesin the grammarwhosese-
manticssubsumesomeportion of the input se-
mantics.Thereforaf somegrammaruleinvolves
a daughtercatggory whosesemanticgs not part
of the mothersemantics.e. if thegrammatris se-
manticallynon-monotonicthis rule will neverbe
appliedeventhoughit might needto be. Hereis
an example. Supposehe grammarcontainsthe
following rule (whereX/Y abbreiatesa cateyory
with part-of-speeciX andsemanticsy):

vp/calLup(X,Y) — vicall_up(X,Y), np/Y, pp/up

And suppose the input semantics is
call_up(john, mary). On the basis of this
input, lexical lookup will return the cateyories
V/call_up(john,mary), NP/john and NP/mary
(becauséheir semanticssubsumesomeportion
of the input semantics)but not the category
PP/up. Hencethe sentence'John called Mary
up” will fail to begenerated.

In short,the semanticnonotonicityconstraint
malkesthe generatiorof collocationsandidioms
problematic.Here againthe extendeddomainof
locality provided by TAG is usefulasit means
thatthebasicunitsaretreesratherthancategories.
Furthermoreasamuedin (Abeillé and Schabes,
1989), thesetreescan have multiple lexical an-
chors. As in the caseof vestigialsemanticdis-
cussedn Sectiord aborve, thismeanghatphono-
logical materialcan be generatedvithout its se-
manticsnecessarilypeingpartof theinput.

5.2 Top-Down Generation

As shavn in detailin (Shieberet al., 1990),top-
down generatorganfail to terminateon certain
grammarsecausehey lack the lexical informa-
tion necessaryor theirwell-foundednessA sim-
ple exampleinvolvesthefollowing grammarfrag-
ment:

rl. s/S— np/NP vp(NP)/S

r2. np/NP— det(N)/NR n/N

r3. det(N)/NP— np/NPO,poss(NPO,NP)/NP
r4. np/john— john

r5. poss(NPO,NP)/mod(N,NPG» s

r6. n/father— father

r7. vp(NP)/left(NP)— left

Givenatop-davn regime proceedingdepth-first,
left-to-right throughthe searchspacedefinedby
the grammarrules, terminationmay fail to occur
astheintermediateggoalsemanticNP (in thesec-
ondrule) is uninstantiatedndpermitsaninfinite
loop by iterative applicationsof rulesr2 andr3.

Such non-terminationproblemsdo not arise
for the presentalgorithmasit is lexically driven.
Sofor instancegiventhe correspondinddG frag-
mentfor theabose grammarandtheinputseman-
tics {left(e,x), father(z,y), name(y, john)},
the generatorwill simply select the tree de-
scriptions for “left”, “John”, “s” and “father”
and generatethe saturatedmodel satisfyingthe
conjunctionof thesedescriptions.

6 Implementation

Theideaspresentedherehave beenimplemented
usingtheconcurrentonstrainjpprogrammingan-
guageOz (Smolka, 1995). The implementation
includesa modelgeneratoffor thetreelogic pre-
sentedin section2, two lexical lookup modules
(onefor parsing,onefor generationanda small
DG fragmentfor Englishwhich hasbeentested
in parsingandgeneratiormodeon a small setof
Englishsentences.

This implementationcan be seenas a proof
of conceptfor the ideaspresentedn this paper:
it shavs how a constraint-basedncodingof the
type of global constraintssuggestedy an ax-
iomatic view of grammarcan help reducenon-
determinism(few choicepointscf. table5) but
performancedecreasespidly with the lengthof
the input andit remainsa matterfor further re-
searchhow efficiengy canbe improved to scale
up to biggersentenceandlargergrammars.

7 Conclusion

We have shavn thatmodulosomeminor changes,
the constraint-basedapproachto parsing pre-
sentedin (Duchierand Thater 1999) could also
be usedfor generation Furthermorewe have ar
guedthattheresultinggeneratgrwhencombined
with a TAG-like grammarand a flat semantics,
hadsomeinterestingfeatures:it exhibits thelex-
icalist aspectsof bottom-upapproacheshereby
avoiding thenon-terminatiorproblemsconnected
with top-davn approachesit includesenough



P [ Time
1.2s

Example C
Thecatlikes afox 1
Thelittle brown catlikes ayellow fox 2
2
3

1.8s
5.5s
8.0s

Thefiercelittle brown catlikes ayellow fox
Thefiercelittle brown catlikes atameyellow fox

Figure5: Examples

top-davn guidancefrom the TAG treesto avoid
typical bottom-upshortcomingssuch as the re-
quirementfor grammarsemanticmonotonicity
andby implementinganaxiomaticview of gram-
mar, it supportsa neardeterministictreatmentof
intersectie modifiers.

It would be interestingto seewhetherother
axiomatic constraint-basedreatmentsof gram-
mar could be use to supportboth parsingand
generation. In particular we intend to investi-
gatewhetherthe dependencgrammarpresented
in (Duchier 1999), once equippedwith a se-
mantics,could be usednot only for parsingbut
alsofor generating. And similarly, whetherthe
descriptionbasedtreatmentof discourseparsing
sketchedn (DuchierandGardent2001)couldbe
usedto generataliscourse.
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