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Abstract

While thegenerative view of language
processingbuilds bigger units out of
smaller ones by means of rewriting
steps,theaxiomaticview eliminatesin-
valid linguisticstructuresoutof asetof
possiblestructuresby meansof well-
formednessprinciples. We presenta
generatorbasedon the axiomaticview
and argue that when combinedwith a
TAG-like grammarand a flat seman-
tics, this axiomaticview permitsavoid-
ing drawbacksknown to hold eitherof
top-down or of bottom-upgenerators.

1 Introduction

Wetake theaxiomaticview of languageandshow
that it yields an interestinglynew perspective on
thetacticalgenerationtaski.e. thetaskof produc-
ing from agivensemantics

�
astringwith seman-

tics
�
.

As (Cornell and Rogers, To appear)clearly
shows, therehasrecentlybeena surgeof interest
in logic basedgrammarsfor naturallanguage.In
this branchof researchsometimesreferredto as
“Model TheoreticSyntax”,a grammaris viewed
asasetof axiomsdefiningthewell-formedstruc-
turesof naturallanguage.

The motivation for model theoreticgrammars
is initially theoretical:theuseof logic shouldsup-
portbothamorepreciseformulationof grammars
and a different perspective on the mathematical
andcomputationalpropertiesof naturallanguage.

But eventually the questionmust also be ad-
dressedof how suchgrammarscould be put to
work. Oneobviousansweris to useamodelgen-
erator. Givenalogicalformula

�
, amodelgenera-

tor is aprogramwhichbuilds someof themodels
satisfyingthis formula.Thusfor parsing,amodel
generatorcanbeusedto enumeratethe(minimal)
model(s),that is, the parsetrees,satisfying the
conjunctionof the lexical categoriesselectedon
the basisof the input string plus any additional
constraintswhich might beencodedin thegram-
mar. And similarly for generation,amodelgener-
atorcanbeusedto enumeratethemodelssatisfy-
ing thebagof lexical itemsselectedby thelexical
look upphaseon thebasisof theinputsemantics.

How can we designmodel generatorswhich
work efficiently on naturallanguageinput i.e. on
the type of informationdeliveredby logic based
grammars?(DuchierandGardent,1999)shows
that constraintprogrammingcanbe usedto im-
plementa modelgeneratorfor tree logic (Back-
ofen et al., 1995). Further, (DuchierandThater,
1999)showsthatthismodelgeneratorcanbeused
to parsewith descriptionsbasedgrammars(Ram-
bow et al., 1995; Kallmeyer, 1999) that is, on
logic basedgrammarswhere lexical entriesare
descriptionsof treesexpressedin sometreelogic.

In this paper, we build on (DuchierandThater,
1999)andshow that modulosomeminor modi-
fications,the samemodelgeneratorcanbe used
to generate with description basedgrammars.
We describethe workings of the algorithm and
compareit with standardexisting top-down and
bottom-upgenerationalgorithms.In specific,we
argue that the changeof perspective offered by
the constraint-based,axiomaticapproachto pro-
cessingpresentssomeinterestingdifferenceswith
the moretraditionalgenerative approachusually
pursuedin tacticalgenerationandfurther, thatthe
combinationof this staticview with a TAG-like
grammaranda flat semanticsresultsin a system
which combinesthepositive aspectsof 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 summarisestheparsingmodelpresentedin
(DuchierandThater, 1999)andSection4 shows
that this modelcanbeextendedto generatewith
DGs. In Section5, we compareour generator
with top-down andbottom-upgenerators,Section
6 reportson a proof-of-conceptimplementation
andSection7 concludeswith pointersfor further
research.

2 Description Grammars

Thereis a rangeof grammarformalismswhich
departfrom TreeAdjoining Grammar(TAG) by
taking asbasicbuilding blocks treedescriptions
ratherthantrees.D-TreeGrammar(DTG) is pro-
posedin (Rambow et al., 1995)to remedysome
empirical and theoreticalshortcomingsof TAG;
TreeDescriptionGrammar(TDG) is introduced
in (Kallmeyer, 1999)to supportsyntacticandse-
manticunderspecificationandInteractionGram-
mar is presentedin (Perrier, 2000)asan alterna-
tiveway of formulatinglinearlogic grammars.

Like all theseframeworks, DG usestree de-
scriptionsandtherebybenefitsfirst, from theex-
tendeddomainof locality whichmakesTAG par-
ticularlysuitablefor generation(cf. (Joshi,1987))
andsecond,from themonotonicitywhich differ-
entiatesdescriptionsfrom treeswith respecttoad-
junction(cf. (Vijay-Shanker, 1992)).

DG differs from DTG and TDG however in
that it adoptsan axiomaticratherthana genera-
tiveview of grammar:whereasin DTG andTDG,
derived treesareconstructedthrougha sequence
of rewriting steps,in DG derived treesaremod-
elssatisfyingaconjunctionof elementarytreede-
scriptions.Moreover, DG differsfrom Interaction
Grammarsin thatit usesaflat ratherthanaMon-
taguestylerecursivesemanticstherebypermitting
asimplesyntax/semanticsinterface(seebelow).

A DescriptionGrammaris a setof lexical en-
triesof the form �������	� where � is a treedescrip-
tion and � is the semanticrepresentationassoci-
atedwith � .
Tree descriptions. A treedescriptionis a con-
junction of literals that specify either the label
of a node or the position of a node relative to
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Figure1: Examplegrammar1

other nodes. As a logical notationquickly be-
comesunwieldy, we usegraphicsinstead. Fig-
ure1 givesagraphicrepresentationof asmallDG
fragment. The following conventionsare used.
Nodesrepresentnodevariables,plainedgesstrict
dominanceanddottededgesdominance.The la-
bels of the nodesabbreviate a featurestructure,
e.g. the label NP:Z representsthe featurestruc-
ture []\�^`_'a�b!cd��eYfXg	ahgji , while theanchorrepresents
the clkWm!b valuein thefeaturestructureof theim-
mediatelydominatingnodevariable.

Node variablescanhave positive, negative or
neutralpolarity which are representedby black,
white andgray nodesrespectively. Intuitively, a
negative nodevariablecan be thoughtof as an
openvalency which must be filled exactly once
by a positive nodevariablewhile a neutralnode
variableis a variablethat may not be identified
with any other nodevariable. Formally, polari-
tiesareusedto definetheclassof saturatedmod-
els.A saturatedmodel n for a treedescription�
(written n o p S � ) is amodelin whicheachnega-
tive nodevariableis identified with exactly one
positive nodevariable, eachpositive nodevari-
ablewith exactly onenegative nodevariableand
neutralnodevariablesarenot identifiedwith any
othernodevariable.Intuitively, asaturatedmodel
for agiventreedescriptionis thesmallesttreesat-
isfying thisdescriptionandsuchthatall syntactic
valenciesarefilled. In contrast,a freemodel n
for � (written, n o p F � ) is a modelsuchthatev-
erynodein thatmodelinterpretsexactlyonenode
variablein � .

In DG, lexical treedescriptionsmustobey the
following conventions. First, the polarities are
usedin a systematicway as follows. Rootsof
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Figure2: n o p S �X���������������,�������'�����,�
fragments(fully specifiedsubtrees)are always
positive; exceptfor theanchor, all leavesof frag-
mentsare negative, and internal nodevariables
are neutral. This guaranteesthat in a saturated
model,treefragmentsthat belongto the denota-
tion of distinct treedescriptionsdo not overlap.
Second,werequirethatevery lexical treedescrip-
tion hasa singleminimal free model,which es-
sentiallymeansthat thelexical descriptionsmust
betreeshaped.
Semantic representation. Following (Stoneand
Doran,1997),we representmeaningusinga flat
semanticrepresentation,i.e. asmultisets,or con-
junctions, of non-recursive propositions. This
treatmentoffersa simplesyntax-semanticsinter-
facein that themeaningof a treeis just thecon-
junction of meaningsof the lexical treedescrip-
tionsusedto derive it oncethe freevariablesoc-
curringin thepropositionsareinstantiated.A free
variableis instantiatedasfollows: eachfreevari-
ablelabelsasyntacticnodevariable� andis uni-
fied with thelabelof any nodevariableidentified
with � . For thepurposeof thispaper, asimplese-
manticrepresentationlanguageis adoptedwhich
in particular, doesnot include“handles” i.e. la-
belson propositions.For a wider empiricalcov-
erageincludinge.g. quantifiers,a moresophisti-
catedversionof flat semanticscanbeusedsuchas
Minimal RecursionSemantics(Copestake et al.,
1999).

3 Parsing with DG

Parsingwith DG can be formulatedas a model
generationproblem, the task of finding models
satisfyinga give logical formula. If we restrict
ourattentiontogrammarswhereeverylexical tree
descriptionhasexactly one anchorand (unreal-
istically) assumingthat eachword is associated
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Figure3: Exampleparsingmatrix

with exactlyonelexical entry, thenparsingasen-
tence ���j������� � consistsin finding the saturated
model(s)n with yield ���j������� � suchthat n sat-
isfiesthe conjunctionof lexical treedescriptions� ����������� � � with

�¡ 
thetreedescriptionassoci-

atedwith theword �   by thegrammar.
Figure 2 illustratesthis idea for the sentence

“John loves Mary”. The tree on the right hand
siderepresentsthesaturatedmodelsatisfyingthe
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
linesbetweentheleft andtheright partof thefig-
ureschematisetheinterpretationfunction: it indi-
cateswhichnodevariablesgetsmappedto which
nodein themodel.

As (DuchierandThater, 1999)shows however,
lexical ambiguitymeansthattheparsingproblem
is in factmorecomplex asit in effectrequiresthat
modelsbesearchedfor thatsatisfya conjunction
of disjunctions(ratherthansimplyaconjunction)
of lexical treedescriptions.

Theconstraintbasedencodingof this problem
presentedin (Duchier and Thater, 1999) can be
sketchedasfollows1. To startwith, theconjunc-
tion of disjunctionsof descriptionsobtainedon
the basisof the lexical lookup is representedas
a matrix, whereeachrow correspondsto a word
from the input (except for the first row which is
filled with the above mentionedROOT descrip-
tion) and columnsgive the lexical entriesasso-
ciatedby the grammarwith thesewords. Any
matrixentrywhich is emptyis filled with thefor-
mula _�¢#£¡¤ which is true in all models. Figure3
shows an exampleparsingmatrix for the string
“Johnsaw Mary” giventhegrammarin Figure1.2

Given sucha matrix, the taskof parsingcon-

1For a detailedpresentationof this constraintbaseden-
coding,seethepaperitself.

2For lackof spacein theremainderof thepaper, weomit
theROOT descriptionin thematrices.



sistsin:

1. selectingexactly oneentry per row thereby
producinga conjunctionof selectedlexical
entries,

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

3. building afreemodelfor eachof theremain-
ing (nonselected)entries.

The importantpoint aboutthis way of formu-
latingtheproblemis thatit requiresall constraints
imposedby thelexical treedescriptionsoccurring
in the matrix to be satisfied(thoughnot neces-
sarily in the samemodel). This ensuresstrong
constraintpropagationandtherebyreducesnon-
determinism.In particular, it avoidsthecombina-
torial explosionthatwouldresultfrom first gener-
atingthepossibleconjunctionsof lexical descrip-
tions out of the CNF obtainedby lexical lookup
andsecond,testingtheir satisfiability.

4 Generating with DG

We now show how the parsingmodel just de-
scribedcanbeadaptedto generatefrom somese-
manticrepresentation

�
, oneor moresentence(s)

with semantics
�
.

4.1 Basic Idea

The parsingmodeloutlined in the previous sec-
tion candirectly beadaptedfor generationasfol-
lows. First, the lexical lookup is modified such
thatpropositionsinsteadof wordsareusedto de-
terminethe relevant lexical tree descriptions:a
lexical tree descriptionis selectedif its seman-
tics subsumespart of the input semantics.Sec-
ond, theconstraintthat theyield of thesaturated
modelmatchesthe input string is replacedby a
constraintthat thesumof thecardinalitiesof the
multisetsof propositionsassociatedwith the lex-
ical treedescriptionscomposingthesolutiontree
equalsthecardinalityof theinput semantics.To-
getherwith theabove requirementthatonly lexi-
calentriesbeselectedwhosesemanticssubsumes
partof thegoalsemantics,thisensuresthatthese-
manticsof thesolutiontreesis identicalwith the
input semantics.

The following simple example illustrates
this idea. Suppose the input semantics is

[`bl^�¥¦¤�§�Z¨�Y©'m!k/b¨ª#��bl^!¥«¤�§�¬­��¥®^�¢#¯¡ª#�'°�¤#¤�§Y±��²Z¨�²¬³ª�i
and the grammaris as given in Figure 1. The
generatingmatrix thenis:

�! #"%$'& ?W(�*²+�- �`. 
 ��
���� � 35�!$UV$�$�& <�(�?W(YG . 
 7�898�: 
 7�8�8�H�! #"%$'& G�(�´¶µX·#G . 
²¸­¹²º�» � 35�!$

Giventhis generatingmatrix, two matrix mod-
elswill begenerated,onewith a saturatedmodel
n½¼ satisfying �²¾5¿VÀ#ÁÂ�Ã��ÄYÅ�Å#���Æ��ÇdÈ²ÉYÊ and a free
modelsatisfying ��Ä�Å�Å²Ë andtheotherwith thesat-
uratedmodel nÍÌ satisfying�²¾5¿VÀ#Á��Â� ÄYÅ�Å²Ë �Â� ÇdÈ²ÉYÊ
and a free model satisfying ��ÄYÅ�Å � . The first
solution yields the sentence“John seesMary”
whereasthe secondyields the topicalisedsen-
tence“Mary, Johnsees.”

4.2 Going Further

The problem with the simple method outlined
aboveis thatit severelyrestrictstheclassof gram-
marsthatcanbeusedby thegenerator. Recallthat
in (Duchier and Thater, 1999)’s parsingmodel,
theassumptionis madethateachlexical entryhas
exactlyoneanchor. In practicethismeansthatthe
parsercan deal neitherwith a grammarassign-
ing treeswith multiple anchorsto idioms (as is
arguedfor in e.g. (Abeillé andSchabes,1989))
nor with a grammarallowing for traceanchored
lexical entries.Themirror restrictionfor genera-
tion is thateachlexical entry mustbe associated
with exactly one semanticproposition. The re-
sulting shortcomingsare that the generatorcan
dealneitherwith a lexical entryhaving anempty
semanticsnorwith a lexical entryhaving amulti-
propositionalsemantics.We first show that these
restrictionsaretoo strong.We thenshow how to
adaptthegeneratorsoasto lift them.
Empty Semantics. Arguably there are words
suchas“that” or infinitival “to” whosesemantic
contribution is void. As (Shieber, 1988)showed,
the problemwith suchwordsis that they cannot
be selectedon the basisof the input semantics.
To circumvent this problem,we take advantage
of theTAG extendeddomainof locality to avoid
having suchentriesin thegrammar. For instance,
complementizer“that” doesnot anchora treede-
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-Davidsonianseman-
ticswouldassociatee.g. ¢#£�bÎ§Y±)ª#�6^XÏW¤'b¡_)§Y±��²ZÐª with
the verb “run” or ¢Ñ£�bÎ§Y±`�²ZÐª#�Vc�^!°Ñ_)§Y±�ª with the
past tensed“ran”. Similarly, agentlesspassive
“be” might be representedby an overt quantifi-
cation over the missingagentposition (suchasÒ ± Ò Z	�ÔÓ¦§Y±)ªd�Õ^XÏW¤'b¡_�§Y±��²Z�ª with Ó a variableover
the complementverb semantics). And a gram-
mar with a rich lexical semanticsmight for in-
stanceassociatethe semantics Ö×^!b¡_�§Y±!�6�²Z¨��±XØ6ª ,
kW^!Ù�¤]§Y±6Ø!�²ZÐª with “want” (cf. (McCawley, 1979)
which arguesfor sucha semanticsto accountfor
examplessuchas “Reuterswants the report to-
morrow” where“tomorrow” modifies the “hav-
ing” not the“wanting”).

Becauseit assumesthat eachlexical entry is
associatedwith exactly one semanticproposi-
tion, suchcasescannotbe dealt with the gener-
ator sketchedin the previous section. A simple
methodfor fixing this problemwould be to first
partition the input semanticsin asmany waysas
are possibleand to then usethe resultingparti-
tionsasthebasisfor lexical lookup.

The problemswith this methodareboth theo-
reticalandcomputational.Onthetheoreticalside,
the problemis that the partitioning is madein-
dependentof grammaticalknowledge. It would
be betterfor the decompositionof the input se-
mantics to be specifiedby the lexical lookup
phase,rather than by meansof a languagein-
dependentpartitioningprocedure.Computation-
ally, this methodis unsatisfactory in that it im-
plementsa generate-and-testprocedure(first, a
partition is createdand second,model genera-
tion is applied to the resultingmatrices)which
couldrapidly leadto combinatorialexplosionand
is contraryin spirit to (DuchierandThater, 1999)
constraint-basedapproach.

We thereforeproposethefollowing alternative
procedure. We start by marking in each lexi-
cal entry, one propositionin the associatedse-
manticsas being the headof this semanticrep-
resentation. The marking is arbitrary: it does
not matterwhich propositionis the headaslong
as eachsemanticrepresentationhasexactly one
head. We thenusethis headfor lexical lookup.
Insteadof selectinglexical entrieson the basis
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of their whole semantics,we selectthemon the
basisof their index. That is, a lexical entry is
selectediff its head unifies with a proposition
in the input semantics. To preserve coherence,
we furthermaintaintheadditionalconstraintthat
the total semanticsof eachselectedentriessub-
sumes(partof) theinput semantics.For instance,
given the grammarin Figure 4 (where seman-
tic headsareunderlined)andthe input semantics
¢Ñ£�bd§Y±`�²ZÐª#��bl^!¥«¤³§�Z¨�5õ`ö�÷³�¨ª#�Vc³^�°Ñ_!§Y±)ª , the generat-
ing matrixwill be:

�� #"2$�& ?](9*²+�- �/. 
���
���� � 3���$3��X�³& <'(Y? . 
 ��ä � 
 �9� �ã6 #U � & < . 
ÑÛ�Ü Û � 3���$
Giventhis matrix, two solutionswill befound:

the saturatedtree for “John ran” satisfying the
conjunction �²¾�¿,À#Áø�Õ��ÉIÈ Á and that for “John did
run” satisfying �²¾�¿,À#Áù�ú��ÉYû Á �ü�!ý²þ�ý . No otherso-
lution is foundasfor any otherconjunctionof de-
scriptionsmadeavailableby thematrix, no satu-
ratedmodelexists.

5 Comparison with related work

Ourgeneratorpresentsthreemaincharacteristics:
(i) It is basedon an axiomaticratherthana gen-
erative view of grammar, (ii) it usesa TAG-like
grammarin which the basic linguistic units are
treesratherthancategoriesand(iii) it assumesa
flat semantics.

In what follows we show that this combina-
tion of featuresresultsin a generatorwhich in-
tegratesthepositiveaspectsof bothtop-down and
bottom-upgenerators.In this sense,it is not un-
like (Shieberet al., 1990)’s semantic-head-driven
generation.As will becomeclear in 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” generators(e.g.,
(Shieber, 1988;Whitelock,1992;Kay, 1996;Car-
roll et al., 1999))startfrom a bagof lexical items
with instantiatedsemanticsandgeneratesa syn-
tactictreeby applyinggrammarruleswhoseright
handside matchesa sequenceof phrasesin the
currentinput.

Therearetwo known disadvantagesto bottom-
up generators. On the one hand, they require
that thegrammarbesemanticallymonotonicthat
is, that the semanticsof eachdaughterin a rule
subsumessomeportionof themothersemantics.
On the other hand, they are often overly non-
deterministic(thoughsee(Carrolletal.,1999)for
anexception).Wenow show how theseproblems
aredealtwith in thepresentalgorithm.
Non-determinism. Two main sourcesof non-
determinismaffect theperformanceof bottom-up
generators:the lack of an indexing schemeand
thepresenceof intersective modifiers.

In (Shieber, 1988), a chart-basedbottom-up
generatoris presentedwhich is devoid of an in-
dexing scheme:all wordedgesleaveandenterthe
samevertex andasa result,interactionsmustbe
consideredexplicitly betweennew edgesandall
edgescurrentlyin thechart.Thestandardsolution
to thisproblem(cf. (Kay, 1996))is to index edges
with semanticindices(for instance,theedgewith
category N/x:dog(x) will be indexed with x) and
to restrictedgecombinationto theseedgeswhich
have compatibleindices. Specifically, an active
edgewith category A(...)/C(c ...) (with c the se-
manticsindex of the missingcomponent)is re-
strictedto combinewith inactive edgeswith cate-
goryC(c ...), andviceversa.

Althoughourgeneratordoesnotmake useof a
chart, the constraint-basedprocessingmodelde-
scribedin (DuchierandThater, 1999)imposesa
similar restrictionon possiblecombinationsasit
in essencerequiresthatonly thesenodespairsbe
triedfor identificationwhich(i) haveoppositepo-
larity and(ii) arelabeledwith thesamesemantic
index.

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

namely, intersectivemodifiers.Within aconstruc-
tiveapproachto lexicalist generation,thenumber
of structures(edgesor phrases)built whengener-
atinga phrasewith � intersective modifiersis ÿ �
in the casewherethe grammarimposesa single
linear orderingof thesemodifiers. For instance,
when generating“The fierce little black cat”, a
naive constructive approachwill also build the
subphrases(1) only to find that thesecannotbe
partof theoutputasthey donotexhausttheinput
semantics.

(1) The fierce black cat, The fierce little cat, The little
blackcat,Theblackcat,Thefiercecat,Thelittle cat,
Thecat.

To remedythis shortcoming,various heuristics
andparsingstrategieshavebeenproposed.(Brew,
1992) combinesa constraint-propagation mech-
anismwith a shift-reducegenerator, propagating
constraintsafterevery reductionstep. (Carroll et
al., 1999) advocatea two-stepgenerationalgo-
rithm in whichfirst, thebasicstructureof thesen-
tenceis generatedandsecond,intersective mod-
ifiers are adjoined in. And (Poznanskiet al.,
1995)make useof a treereconstructionmethod
which incrementallyimproves the syntactictree
until it is acceptedby the grammar. In effect,
the constraint-basedencodingof the axiomatic
view of generationproposedheretakesadvantage
of Brew’sobservationthatconstraintpropagation
canbevery effective in pruningthesearchspace
involvedin thegenerationprocess.

In constraintprogramming,the solutionsto a
constraintsatisfaction problem(CSP)are found
by alternatingpropagationwith distributionsteps.
Propagationis a processof deterministicinfer-
encewhich fills out theconsequencesof a given
choiceby removing all thevariablevalueswhich
canbe inferredto be inconsistentwith the prob-
lem constraintwhile distribution is a searchpro-
cesswhich enumeratespossiblevalues for the
problemvariables.By specifyingglobal proper-
ties of the outputandletting constraintpropaga-
tion fill out the consequencesof a choice,situa-
tionsin whichnosuitabletreescanbebuilt canbe
detectedearly. Specifically, theglobal constraint
statingthat thesemanticsof a solutiontreemust
beidenticalwith thegoalsemanticsrulesout the
generationof thephrasesin (1b). In practice,we
observe thatconstraintpropagationis indeedvery



efficient at pruning the searchspace. As table
5 shows, the numberof choicepoints(for these
specificexamples)augmentsveryslowly with the
sizeof theinput.
Semantic monotonicity. Lexical lookuponly re-
turnsthesecategoriesin the grammarwhosese-
manticssubsumessomeportion of the input se-
mantics.Thereforeif somegrammarruleinvolves
a daughtercategory whosesemanticsis not part
of themothersemanticsi.e. if thegrammaris se-
manticallynon-monotonic,this rulewill neverbe
appliedeven thoughit might needto be. Hereis
an example. Supposethe grammarcontainsthe
following rule (whereX/Y abbreviatesacategory
with part-of-speechX andsemanticsY):

vp/call up(X,Y) � v/call up(X,Y), np/Y, pp/up

And suppose the input semantics is
\�^ ��� £)cÎ§�©�m�k/bd��¥¦^!¢Ñ¯¡ª . On the basis of this
input, lexical lookup will return the categories
V/call up(john,mary), NP/john and NP/mary
(becausetheir semanticssubsumessomeportion
of the input semantics)but not the category
PP/up. Hencethe sentence“John called Mary
up” will fail to begenerated.

In short, the semanticmonotonicityconstraint
makesthe generationof collocationsandidioms
problematic.Hereagaintheextendeddomainof
locality provided by TAG is useful as it means
thatthebasicunitsaretreesratherthancategories.
Furthermore,asarguedin (Abeillé andSchabes,
1989), thesetreescan have multiple lexical an-
chors. As in the caseof vestigialsemanticsdis-
cussedin Section4 above,thismeansthatphono-
logical materialcanbe generatedwithout its se-
manticsnecessarilybeingpartof theinput.

5.2 Top-Down Generation

As shown in detail in (Shieberet al., 1990),top-
down generatorscanfail to terminateon certain
grammarsbecausethey lack the lexical informa-
tion necessaryfor theirwell-foundedness.A sim-
pleexampleinvolvesthefollowing grammarfrag-
ment:

r1. s/S � np/NP, vp(NP)/S
r2. np/NP � det(N)/NP, n/N
r3. det(N)/NP � np/NP0,poss(NP0,NP)/NP
r4. np/john � john
r5. poss(NP0,NP)/mod(N,NP0)� s
r6. n/father � father
r7. vp(NP)/left(NP) � left

Givena top-down regime proceedingdepth-first,
left-to-right throughthe searchspacedefinedby
thegrammarrules,terminationmayfail to occur
astheintermediategoalsemanticsNP(in thesec-
ondrule) is uninstantiatedandpermitsaninfinite
loopby iterative applicationsof rulesr2 andr3.

Such non-terminationproblemsdo not arise
for thepresentalgorithmasit is lexically driven.
Sofor instancegiventhecorrespondingDG frag-
mentfor theabovegrammarandtheinputseman-
tics [ � ¤��'_'§Y±`�²ZÐª#����^�_�k�¤�¢l§�Z	�²¬ ª#��bl^!¥«¤�§�¬­�5õ`ö�÷³�¨ª�i ,
the generatorwill simply select the tree de-
scriptions for “left”, “John”, “s” and “f ather”
and generatethe saturatedmodel satisfying the
conjunctionof thesedescriptions.

6 Implementation

Theideaspresentedherehave beenimplemented
usingtheconcurrentconstraintprogramminglan-
guageOz (Smolka,1995). The implementation
includesa modelgeneratorfor thetreelogic pre-
sentedin section2, two lexical lookup modules
(onefor parsing,onefor generation)anda small
DG fragmentfor Englishwhich hasbeentested
in parsingandgenerationmodeon a smallsetof
Englishsentences.

This implementationcan be seenas a proof
of conceptfor the ideaspresentedin this paper:
it shows how a constraint-basedencodingof the
type of global constraintssuggestedby an ax-
iomatic view of grammarcan help reducenon-
determinism(few choicepointscf. table 5) but
performancedecreasesrapidly with thelengthof
the input and it remainsa matterfor further re-
searchhow efficiency can be improved to scale
up to biggersentencesandlargergrammars.

7 Conclusion

Wehaveshown thatmodulosomeminorchanges,
the constraint-basedapproachto parsing pre-
sentedin (DuchierandThater, 1999)could also
beusedfor generation.Furthermore,we have ar-
guedthattheresultinggenerator, whencombined
with a TAG-like grammarand a flat semantics,
hadsomeinterestingfeatures:it exhibits thelex-
icalist aspectsof bottom-upapproachesthereby
avoidingthenon-terminationproblemsconnected
with top-down approaches;it includes enough



Example CP Time
Thecatlikesa fox 1 1.2s
Thelittle brown catlikesa yellow fox 2 1.8s
Thefiercelittle brown catlikesayellow fox 2 5.5s
Thefiercelittle brown catlikesa tameyellow fox 3 8.0s

Figure5: Examples

top-down guidancefrom the TAG treesto avoid
typical bottom-upshortcomingssuch as the re-
quirement for grammarsemanticmonotonicity
andby implementinganaxiomaticview of gram-
mar, it supportsa near-deterministictreatmentof
intersective modifiers.

It would be interestingto seewhetherother
axiomatic constraint-basedtreatmentsof gram-
mar could be use to supportboth parsingand
generation. In particular, we intend to investi-
gatewhetherthedependency grammarpresented
in (Duchier, 1999), once equippedwith a se-
mantics,could be usednot only for parsingbut
also for generating. And similarly, whetherthe
descriptionbasedtreatmentof discourseparsing
sketchedin (DuchierandGardent,2001)couldbe
usedto generatediscourse.
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