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Abstract.  Recent linguistic theories are feature-based and heavily rely
upon the concept of constraint. Several authors have pointed out the sim -
ilarity existing between the representation of the features in fe ature-based
theories and the notions of objects or frames. Object-oriented con gu-
ration allows us to deal with these modern grammars. We propose here
a systematic translation of the concepts and constraints introduced by
two linguistic formalisms: the recent property grammars and the HPSG
theory, to con guration problems representing speci ¢ target languages .
We assess the usefulness of these translations by studying rst a ratural
language subset with lexical ambiguities, using property grammars. De-
tailed explanations on the solver's behavior are given in this case. The
article then presents a con guration model for a fragment of the HPSG
grammar for English, together with details on implementing HPSG prin-
ciples as con guration constraints.

1 Introduction

Recent linguistic theories are feature-based and heavily rely upon the concept of
constraint. Several authors have pointed out the similarity existing betweenthe
representation of features in feature-based theories and the notions of objects or
frames [1, 2]. More recently, parsing has even been identi ed as a generalization
of constraint programming called con guration [3{5]. Among other possibilities!,
object-oriented con guration [6] allows us to deal with these modern grammars

1.1 Brief introduction to con guration

A con guration task consists in building (a simulation of) a complex productfrom
components picked from a catalog oftypes Neither the number nor the actual
types of the required components are known beforehand. Components are subject
to relations, and their types are subject to inheritance. Constraints (also called
well-formedness rules) generically de ne all the valid products. A con gurator
expects as input a fragment of a target object structure, and expands it to a
solution of the con guration problem, if any.

1 As for instance constraint logic programming.



This problem is undecidable in the general case. Such a program is well de-
scribed using an object model (as illustrated by the gures 4 and 17), together
with well-formedness rules. Technically solving the associated enumeration prob-
lem can be made using various formalisms or technical approaches: extensions of
the CSP paradigm [7, 8], knowledge based approaches [9], terminological logics
[10], logic programming (using forward or backward chaining, and non-stadard
semantics) [11], object-oriented approaches [6,9]. Our experimentations were
conducted using the object-oriented con gurator llog JCon gurator [6].

An object-oriented con gurator like llog JCon gurator represents its catalog
of types using an object model involving classes, attributes and relations beteen
these classes. Class relations are either inheritance or associations. The con g-
urator's user de nes a generic (object) model of the knowledge eld he wants
to implement. However, an object model alone is not usually su cient to fully
denote the knowledge eld semantics, but require extraneous (well-formedness)
constraints. For instance, to represent PC$, one may use the model described
in Figure 1. We see that aPC must have exactly one Motherboard®, exactly
one Supply, and a unique Monitor . But it can have up to four Disk(s)*. The
Motherboard can have one or twoProcessor(s) and one to four Memory units.

Any PC can be represented by an instance of this model. Additional con-
straints ensure that the instances are valid. For instance, the attribute totalPrice
of an instance of the clasPC equals:

sum(MotherBoard:totalP rice; Supply:price; Monitor:price; Disk  s:price)

In this example, the usual dotted notation is used to dereference the attributes
of a class through associations, andisks:price represents the aggregated set
of price values across all the disks known to the PC, no matter how many of
them are present. This notation stems from the UML+OCL language [12]. UML
+ OCL have been identied as a good language for specifying con guration
problems in [13].

1.2 From con guration to grammar parsing

This work builds on previous results [5].The main result of this work is a stde-
ment that con guration techniques are suitable to deal with constraint-based
grammarsin general. To those ends, we propose a systematic translation to con-
guration problems of the concepts and constraints introduced by two linguistic
formalisms: the recentProperty Grammars [2] and the widely known HPSG [1].
We assess the usefulness of these translations by studying rst a natural lan-
guage subset with lexical ambiguities, using property grammars, then a part
of the HPSG grammar for English. The translation of property grammars into
con guration problems was previously described in [14,5] and is recalled here
since the constrained object model has been signi cantly improved, as well as

2 personal Computers
3 Simple arrows with no label represent a relation of cardinality one.
4 Simple arrows with label X;Y represent a relation of cardinality X to Y
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Fig. 1. A generic object model for PC con guration

the related experimental results. The new contributions of this work are thus an

improved constrained object model and results for property grammars in pres-
ence of lexical ambiguity, and a proposed implementation of HPSG grammars
in the form of a con guration model.

Section 2 describes a mapping from feature structures to object models. Sec-
tion 3 presents a mapping from a property grammar to a con guration problem.
Section 4 shows an application of the previous translation to a subset of the
French grammar proposed in [2] with ambiguous words. Section 5 presents the
translation of a grammar based on HPSG into a con guration problem. Section 7
concludes and presents ongoing and future research.

2 Feature structures as an object model

Many linguistic theories exploit feature structures to represent the constituents
of the grammar and information regarding syntax, semantics, phonology,and
more. For example, GPSG [15], HPSG [1], Property grammars [2], Dependency
Grammars [3] use such feature structures.



A feature structure is a set of (attribute; value) pairs used to label a lin-
guistic unit, as illustrated in Figure 2(2), where son is a masculine noun in the
singular, 3" person This de nition is recursive: a feature value can be another
feature structure, or a set of features. We show how such structures can be repre-
sented using constrained object models, as for instance proposed by the Uni ed
Modeling Language (UML) plus its constraint language OCL [12].

Cat: N
Phon: String
Gen: fmasc,fem,neutralg
Agreement: Num: fsing,plurg
Per: f1st,2nd,3rd g
Case: f common, properg
(1) - general feature structure for a noun.

Cat: N
Phon: son
Gen: masc
Agreement: Num: sing
Per: 3rd
Case: common

(2) - instance of (1) for the noun son.

Fig. 2. General feature structure for a noun and one of its instances (son as example)

Functionally, a feature can be mapped to a CSP variable, and a feature structure
can be seen as a binding of values to an aggregate of feature variables. A feature
value can be a constant from a specic domain (for instance an enumeration
as f Singular; Plural g, or an integer asf 1(st);2(nd); 3(rd)g). A feature value
can also be a (set of, list of) feature structure(s) (asAgreement in Figure 2).
Hence standard nite domain CSP variables cannot be used to model features,
and a notion of relations, or set variables must be used (as in [6,9, 3]).tlis
worth pointing out that feature structures are available as a language constuct
in Oz [16] and support feature constraints. Feature structures are aggregates
well modeled usingclassesin an object model. A feature structure, following
the studied formalism, naturally maps to a classin an object model, inserted in
a class hierarchy involvinginheritance (possibly multiple [1]). For instance, the
category in Figure 2 is translated into a class in an object model, as illusated
by Figure 3. In this translation, the feature structure is represented by the class
N . This class inherits from the classTerminalCat, representing all terminal
categories. SAN inherits the attribute phon (representing the lexical entry) from
TerminalCat and the relation with class Agreement (representing the feature
agreement in Figure 2, each of its attributes represents one of the features of
the composed feature agreement). For the nourson, the instance of the model
represents perfectly this feature structure. We have seen that feature structures



Agreement
TerminalCat N
gen: String - <} .
Aum:String phon: String €ase: String
per:int

(1) - generic object model representing feature structure of Figur e 2.

Agreement_X
N_X
gen: masc
naum:sing phon: son
pers:3 €ase: common

(2) - instance of (1).

Fig. 3. A generic object model for the category N and an instance of it

may be represented with an object model (which itself can be represented using
an UML diagram). This UML diagram maps straightforwardly to the obj ect
model used in JCon gurator.

3 Translation of Property grammars into a con guration
problem

Property grammars as introduced in [2] heavily rely upon constraints. Symactic
units are represented via features structures calleccategories and the gram-
mar rules via constraints called properties. Property grammar categories can
be translated into an object model, and the associated properties yield well-
formedness rules. Depending upon their natureproperties are either translated
directly into the object model (using relations cardinalities for instance) or using
model constraints.

3.1 Object model constraints for properties

Properties de ne both object model relations and constraints, adjoined to the
object model built from a given property grammar. We use uppercase symbols
to denote categories (e.9.S;A;B;C:::). We also use the following notations:
when an anonymous relation exists between two categorieS and A, we denote
as s:A the set of As linked to a given S instance s, and asjs:Aj their number.
For simplicity, and wherever possible, we will use the notation8SF(S) (where
F is a formula involving the symbol S) rather than 8s 2 SF(s). Class attributes
are denoted using standard dotted notation (as e.ga:begin that represents the



begin attribute for object a). 1, denotes the set of all available indexes for the
category A.

{ Constituents
Const(S) = fAmdm21, Speci es that a category S may only contain elements
from f Amdm21, . This property is described by using relations betweers and
all fAmdm21,, as shown in the object models presented in Figure 4.

{ Heads :
The Heads(S) = fAmdm21, property lists the possible heads of the category
S. The head's element is unique, and mandatory. For exampleiieads(NP ) =
fN; Ad g. The word \door" is the head in the NP : \the door". The Head
relation is a subset of Const. Such properties are implemented using rela-
tions as for constituency, plus adequate cardinality constraints.

{ Unicity
The property Unic(S) = fAmdm2i, Species that an instance of the cat-
egory S can have at most one instance of eaclA,,;m 2 I, as a con-
stituent. Unicity can be accounted for using cardinality constraints as e.g.:
8Sjf x : S:Constjx 2 Angj 1 which for simplicity in the sequel, we shall
note jS:Anj 1. For instance, in anNP , the determiner Det is unique.

{ Requirement
fAMOm21, ) s ff BnOn21, ;T Cobo21. 9 Means that any occurrence of allAp,
implies that all the categories of either fB,g or fCyg are represented as
constituents. As an example, in a noun phrase, if a common noun is present,
then a determiner must be present (\door" does not form a valid noun phrase,
whereas \the door" does). This property maps to the constraint

8S5(8Bm2 I jS:Amj 1))
((8n21g jS:Bnj 1)_ (802 I¢ jS:Coj 1))

{ Exclusion
The property fAmdm21, < fBnOn2i, declares that two category groups
mutually exclude each other, which can be implemented by the constraint:

8
<(8Mm21ajS:Anj 1)) (8n21p jS:B,hj=0)
8S;. n
" (8n21g jS:Byj 1)) (Bm 21, jS:Anj=0)

For example, aN and a Pro can't cooccur in aNP . (Note that in the for-
mulation of these constraints,) denotes logical implication, and not the
requirement property.)

{ Linearity
The property fAmOm2i1, s fBnOn21, Species that any occurrence of a



fAmOm21, precedes any occurrence of 8B,0n2/, . For example, in aNP
a Det must precede anN (if present). Implementing this property induces
the insertion in the representation of categories in the object model of two
integer attributes begin and end that respectively denote the position of
the rst and last word in the category. This property is translated by the
constraint:

858m21l,8n2lg;
max(fi 2 S:A, itendg) min(fi 2 S:B, i:beging)

{ Dependency
This property states speci c relations between distant categories, in relatim
with text semantics (so as to denote for instance the link existing between
a pronoun and its referent in a previous sentence). For instance, in a verb
phrase, there is a dependency between the subject noun phrase and the verb.
This property is adequately modeled using a relation.

Properties can therefore be translated as independent constraints. It is however
often possible to describe several properties at once within a single modeling
construct, most often a relation and its multiplicity. For instance, constituency
and unicity can be grouped together in some models where one relation is used
for each possible constituent (we made this choice in the following exampleni
Figure 4).

4 Parsing a lexically ambiguous natural language

Figure 4 represents a fragment of the constrained object model for a subset
of French, where constituency and unicity properties are made explicit in the
object model. The Figure 5 illustrates some well formedness constraints. Inhe
Figure 6 we de ne a small example lexicon. The simple language accepted by
this constrained object model is made of phrases constructed around a subject,
a verb and a complement, where both the subject and the verb are mandatory,
and both the subject and the complement are noun phrases. Both constituency
constraints are stated straightforwardly within the object model via r elations
and their cardinalities (as can be seen in Figure 5). However, more constraist
are required, like the constraints stating that a Head is a constituent, or the
constraints ruling the value of the begin and end attributes in syntagms.

The con gurator using this object model runs as follows. It expects a root
object (the object from which the search is launched) in the form of an instance of
Sentence Starting from this root object, the solver tries to complete the relations
and attributes for each component (staying faithful to the constraints). Before
the search begins, and for each word occurrence in the sentence, the program
also creates aword object and as many instances oterminalCat as there are
alternate syntactical functions associated to this word. For instance, given a
occurrence of the French determiner/pronoun \La", the program will create an
object word named La, and two terminalCat, LaDet and LaPro.
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4.1 Experimental results

We tested the object model with sentences involving variable levels of lexical
ambiguity, as from the lexicon listed in Figure 6. It should be noted that the
search complexity does not depend upon the lexicon size, but on the lexical
ambiguities carried by the sentence alone. Since only the portion of the lexicon
relevant to the sentence to parse is needed, implementing our tests with a limited
dictionary is not a problem.

Sentence (1), \la porte ferme mal" (the door doesn't close well is fully ambigu-
ous. In this example, \la" can be a pronoun (i.e. it as in \give it to me !") or

a determiner (like the in \ the door"), \porte" can be a verb (i.e. to carry) or

Head: j]NP:headNj+ jNP:headAd j = 1,

Linearity : Det<N ; Det<Ad ;

Exclusion : (jNP:Nj>=1) ) (jNP:Proj=0)and (jNP:Pro>=1)) (JNP:Nj=0);
Requirement: (jJNP:Nj=1) ) (jNP:detj=1)

Fig.5. Some NP constraints



WORD CAT GEN NUM PERS
ferme N fem sing 3

ferme Adj - sing -
ferme V - sing 1,3
la Det fem sing 3
la Pro fem sing 3
mal N  mascsing 3
mal Adj - - -
mal Adv - - -
porte N fem sing 3
porte V - sing 1,3

Fig. 6. A lexicon fragment

a noun (door), \ferme" can be a verb (to close), a noun (farm) or an adjective
(rm ) and \mal" can be an adjective (bad), an Adverb (badly) or a noun (pain).
Our program produces a labeling for each word and the corresponding syntax
tree (Figure 7).

la porte ferme mal

syntax ‘
SV
subject complement
NP Y AdyP
/\
DFt l\‘l ferme Aﬁiv
la porte mal

Fig. 7. Syntax tree for the French sentence \la porte ferme mal"

Sentence (2) is \la porte bleue possde trois vitres jaunes" the blue door has
three yellow windows. Here \bleue" and \jaunes" are adjectives \vitres" is a
noun and \trois" is a determiner. The last sentence (3), \le moniteur est bleu"
(the monitor is blue) involves no ambiguous word. The table 1 presents rst,
results obtained to nd the rst solution for the sentences (1), (2) and (3) and
the last four columns present results obtained to nd all the solutions. Sentences
(2) and (3) have only one solution. But the rst one has 2 possible labellings.
In fact our parser can assign the value "Adj" to the word "mal" even if this
word in this sentence is an adverb. This is due to the fact that the lexicon is
not expressive enought to specify that in this case "mal" can't be an adjective.
This is not important at all to understand the con guration mechanism and the
advantages of our approach.



Table 1. Experimental results for French phrases

p |# fails |# cp|# csts|# vars |# secs||# sol|# fails |# cp|# secS
1) 0 2 | 342 | 218 [0.50 5| 2 2 3 |0.53 5
2) 0 1 ]33] 217 (0485 1 1 1 ]052s
@] o 1|275] 143 (047 9| 1 1 1 |0.48 9

These results show that the correct labeling is obtained after none or very few
backtracks (fails ). In these examples, the execution time and backtrack counts
are impacted by the sentence length and in theory exponentionally depend upon
the lexical ambiguities. Note however that thanks to constraint propagation,
only a fraction of the combinatorics introduced by lexical ambiguities must be
processed : once a choice is made for an ambiguous word, constraint propagation
Iters out possible choices for remaining ambiguous words. A more detailed study
of these three examples leads to further comments:

{ Example 1 - Even though this sentence contains four ambiguous words, the
improved version of the constrained object modél leads to the solution with-
out any fail. This agrees with the intuition that although the sentence con-
tains ambiguous words, it only accepts one valid analysis (the sentence itself
is not ambiguous). This proves that constraint propagation very e ciently
discards unrealistic parse trees. We can study the behaviour of the con-
straints in more detail. The sentence is interpreted as avP. Starting from
this early decision, the parse tree construction proceeds as follows. ThéP
needs aVerb, a Subject and a Complement The Subjectis linked to an NP,
itself linked to a N and because of the constraints, the noun \porte" is cho-
sen. Because a noun is present, \la" can't be a pronoun, so it must be a
determiner (due to the exclusion property). In an NP a head is mandatory,
and here it must be aHeadN instead of anHeadAdj, because a noun already
occurs in the syntagm. The VP needs a verb, and now, only \ferme" can
play that role. Now, the only choice as a complement is an adverbial syntagm
containing \mal" as is head adverb.

This was for the rst solution, the second one come from a backtrack to the
assignement : #V P:NP Complement = 0. Because it is not forbidden for an

NP to have only one adjective as constituent so we haveonstituent (V P:NP Complement) =

malAdj . Figure 8 shows the trace of our program for the search of the rst
solution of the sentence \La porte ferme mal". Figure 9 shows the trace of
our program for the search of the second solution for this sentence. Figure 10
shows the trace when our program tries to nd a third solution, but without
success. A line withassign(x,y), means that the value y is assigned to x. And
a line with negating assign(x,y) means that the assignementassign(x,y) is
negated and the program will try an other value, if any.

{ Example 2 - As with (1), no fail occurs here. This is due to the fact that
in the two NP, the subject and the complement both contain aN. The rst

5 Improved wrt. [5].



assign(theText.thePhrase, thePhrase0) ...
assign(thePhrase0.syntaxe, VP) ...
assign(VP.subject, NP1) ...
assign(#NP1.thePro, 0) ...
assign(NP1.thePro, null) ...
assign(NP1.theN, porteN_11) ...
assign(porteN_11.theMot, porte_11) ...
assign(porte_11.next, ferme_12) ...
assign(ferme_12.next, mal_13) ...
assign(NP1.theDet, LaDet 10) ...
assign(LaDet_10.theMot, La_10) ...
assign(La_10.next, porte_11) ...
assign(NP1.theAd;j, null) ...
assign(NP1.subjectOf, VP) ...
assign(NP1.headN, porteN_11) ...
assign(NP1.headAdj, null) ...
assign(NP1.listOfTerminalCat, LaDet_10) ...
assign(NP1.listOfTerminalCat, porteN_11) ...
assign(VP.theV, fermeV_12) ...
assign(fermeV_12.theMot, ferme_12) ...
assign(#VP.NPComplement, 0) ...
assign(VP.NPComplement, null) ...
assign(VP.SAdvComplement, SAdvl) ...
assign(SAdvl.theAdv, malAdv_13) ...
assign(malAdv_13.theMot, mal_13) ...
assign(thePhrase0.lePremierMot, La_10) ...
assign(thePhrase0.listOfWords, La_10) ...
assign(thePhrase0.listOfWords, porte_11) ...
assign(thePhrase0.listOfWords, ferme_12) ...
assign(thePhrase0.listOfWords, mal_13) ...

Fig. 8. Trace of our program to nd the rst solution of the french sentence \La por te
ferme mal"

head to be tried is the noun and the entire parse tree is built by propagation.
Figure 11 presents the trace of our program for the search of the unic solution
of the french sentence \la porte bleue possesde trois vitres jaunes". And
gure 12 shows the trace of our program for the search of an other solution
but without any succes. The only node where the program can backtrack
is the number of pronoun in the subject. But constraints lead quickly to a
fail. The only one assignement which is negated is the number of pronoun
in NP1

{ Example 3 - As with (2), no fail occurs here. Since no noun is present in the
object, the only valid analysis requires using an adjective head. We don't
propose the trace here, because it is really similar to the ones for (2).

These results clearly demonstrate the interest of dealing with grammar parsing
with a con gurator. It must be emphasized that execution times are not sig-



[negating assign(#VP.NPComplement, 0) ... |

assign(VP.NPComplement, NP2) ...
assign(NP2.thePro, null) ...
assign(NP2.theN, null) ...
assign(NP2.theDet, null) ...
assign(NP2.theAdj, malAdj_13) ...
assign(malAdj_13.theMot, mal_13) ...
assign(NP2.subjectOf, null) ...
assign(#NP2.headN, 0) ...
assign(NP2.headN, null) ...
assign(NP2.headAdj, malAdj_13) ...
assign(NP2.listOfTerminalCat, malAdj_13) ...
assign(VP.SAdvComplement, null) ...
assign(thePhrase0.lePremierMot, La_10) ...
assign(thePhrase0.listOfWords, La_10) ...
assign(thePhrase0.listOfWords, porte_11) ...
assign(thePhrase0.listOfWords, ferme_12) ...
assign(thePhrase0.listOfWords, mal_13) ...

Fig.9. Trace of our program to nd the second solution of the french sentence \La
porte ferme mal"

[negating assign(#NP2.headN, 0) ... |
[negating assign(#NP1.thePro, 0) ... |

Fig. 10. Trace of our program to try to nd a third solution

ni cant, because we are using a Java implementation and because the program
setup time (the time needed to build the data structures) is very important. We
henceforth cannot yet compare our results with other approaches. This work is
an early step in a more general project aiming at handling both the syntax and
the semantics of a descriptive language using a single object model.

5 HPSG Signs as a con guration object model

Feature structures are calledSignsin HPSG. All syntactic units (as for instance
words or sentences) map to signs. Thérinciples constrain the available values
for attributes of related signs. We now present ways to deal with the HPSG
theories using con guration techniques.

5.1 Signs

Signs are implemented with classes in an object model where composition and
inheritance relations are explicit. Some signs likdist and set are not related to
linguistics, but are frequently mentioned in the HPSG speci cation (as can be



assignElements(theText.thePhrase, thePhrase0) ...
assign(thePhrase0.syntaxe, VP) ...
assign(VP.subject, NP1) ...

assign(#NP1.thePro, 0) ...

assign(NP1.thePro, null) ...

assign(NP1.theN, porteN_11) ...

Some good assighements.

assignElements(NP2.listOf TerminalCat, troisDet_14) ...
assignElements(NP2.listOf TerminalCat, vitreNP_15) ...
assignElements(NP2.listOf TerminalCat, jaunesAdj_16) ...
assign(VP.SAdvComplement, null) ...
assign(thePhrase0.lePremierMot, La_10) ...
assignElements(thePhrase0.listOfWords, La_10) ...
assignElements(thePhrase0.listOfWords, porte_11) ...
assignElements(thePhrase0.listOfWords, bleue_12) ...
assignElements(thePhrase0.listOfWords, possde_13) ...
assignElements(thePhrase0.listOfWords, trois_14) ...
assignElements(thePhrase0.listOfWords, vitres_15) ...
assignElements(thePhrase0.listOfWords, jaunes_16) ...

Fig. 11. Trace of our program to nd the solution of the french sentence \La porte
bleue posseede trois vitres jaunes"

[negating assign(#NP1.thePro, 0) ... |

Fig.12. Trace of our program backtracking to nd an other solution of the french
sentence \La porte bleue posseede trois vitres jaunes"”

seen in Figure 15). The Figure 13 recalls the type hierarchy for lists and ets
presented in [1] in the form of set partitions.

5.2 Lists and sets

Modern object modeling languages like UML [12] naturally account for lists and

sets. Sets do not require explicit data structures, since binary associations implic-
itly de ne for each object the set of its connected objects. An association de nes
two opposite roles, with a name, and cardinalities. Hence HPSG sets are trans-
lated in an object model by using a standardassociation between two classes.
Such associations (often called relations) are denoted using a link or an arrow
between two classés The various object models listed in the article illustrate

5 Using an arrow further indicates that an association can be navigated in only one
direction, a level of detail which is not useful in the current des cription.



Partition of list( ): nonempty-list( ) (nelist( )), empty-list (elist or h i)
Partition of set( ): nonempty-set( ) (neset( )), empty-set (esetor jj)

Fig. 13. Part of sort hierarchy used to represent list and set relations

the use of such relations. Also note that an object model uses association el
cardinalities to distinguish among empty sets (having cardinality 0), singletons

(cardinality one) and general sets (variable cardinalities, normally de ned using

a range). Optional elements have the cardinality range [01].

Lists are modeled usingordered associations. Ordered associations are de ned
in class diagrams by using thef orderedg constraint on the ordered role side. As
before, an ordered association having the cardinality 0 models the empty list.

Of course, as with sets, such a description does not make assumptions on the
nature of the implementation (using linked lists, or arrays or else). In cag this
would be needed, and following the de nitions in [1], a suitable object model
for lists is obtained via a classNonEmptyList containing an attribute rst (a
reference to anyobject) and participating to a self association rest having the
cardinality [0,1] (each list element has at most one successor). The Figure 14
presents the object model associated to this idea. Th&lonEmptyList class im-
plements an ordered list of data. It is necessary to set a constraint specifying
that all elements of a given list share the same type. This constraint can be
formulated as :

8l 2 NonEmptyList; l:rest:first:itype = l:first:type

NonEmptyList phonology Sign

first: Object

0.1

rest

Fig. 14. An object model for HPSG lists

5.3 Linguistic features

The Figure 15 illustrates several feature structure declarations for the Engkh
grammar as proposed in [1], and the Figure 16 represents some elements of



the associated sort hierarchy. Using these two gures, we may de ne the object
model presented in Figure 17. The complete grammar is obviously too largeotbe
accounted for entirely in this paper. Nevertheless, these elements let us illustrate
the process of translating the HPSG theory into an abstract object model.

A sort hierarchy de nes inheritance relations between classes in the object
model. As an example we can see in Figure 16 that the sign type is partitioned
into 2 sorts: phrase and word. In the Figure 17 an inheritance relation exists
between the classesvord and phrase on the one hand andsign on the other
hand.

The translation of the phonologyfeature from Sign is detailed in Figure 14.
We see there that the classSign is linked to the class List with the relation
phonology This relation allows an instance of the classsign to be linked to the
rst element of the list and to access further list elements using the relationrest.
In order to specify the type of the elements in this list, we set the constraint

8s 2 Sign; s:phonology:first:sort = string

Similar constraints are required to state the list data type everywhere inthe
object model such a list occurs. For the sake of simplicity, we revert to the
standard modeling constructs of ordered associations to model lists in the sequel.

The synsem feature is implemented directly using a relation in the object
model, as shown by Figure 15). This relation links the classeSign and SynSem

The gStore feature has a set ofQuanti er as its value. As seen previously,
such a feature directly maps to a binary relation in the model without requiring
the use of dedicated set constructs as in [1].

phonology List(phonstring)

synSem Synsem head Head

Sign: qStore set(Quanti er) Category: fr:frlc(lizt Ilizgsr)k/;Sem)
retrieved list(Quanti er) 9 g
SynSem: local Local Phrase: daughters Con-Struc

nonLocal NonLocal
category Category
Local: content Content Head-Struc:
context Context
conj-Dtrs set(Sign)
conjunction-Dtr Word

head-Dtr Sign
comp-Dtrs list(Phrase)

Coord-Struc:

Fig. 15. Some feature structures presented in [1]

6 HPSG Principles as con guration object model
constraints

The HPSG theory introduces constraints, there called principles, describing the
well-formedness rules governing feature structures and values. We now present a



Partition of Sign: Word, Phrase
Partition of Con-Struc: Headed-Structure(Head-Struc), Coordinate-Structure (Coord-
Struc)

Fig. 16. Part of sort hierarchy presented in [1]

few of these principles and their translations within the object model that was
previously sketched.

6.1 The Head Feature Principle

A headed phrasés a Phrase whosedaughtersvalue is of sort Headed-Structure
The Head Feature Principle is central to HPSG, and is de ned in [1] p.34 as:

{ In a headed phrase the values of
SYNSEM]LOCAL jCATEGORY jHEAD
and
DAUGHTERS JHEAD-DTR jSYNSEMjLOCAL jCATEGORY jHEAD
are token-identical.

Along with the partial object model presented in Figure 17, we may state this
principle as an object model constraint, using the dotted notation de ned in the
OCL [12]:

8p 2 P hrase p:synSem:local:category:head-=

p:.daughters:head Dtr:synSem:local:category:head

This constraint states that the head value must be shared across the feature
structure, and more precisely that the head object is reused at several places in
the feature structure.

6.2 The Subcategorization Principle

Some principles force a feature value to be the union of some other feature values
(not necessarily belonging to the same feature structurg). As an example the
Subcategorization Principle® states that:

{ In a headed phrase, the list
DAUGHTERS jHEAD-DAUGHTER jSYNSEM]jLOCAL jCATEGORY jSUBCAT
is the concatenation of the list SYNSEMLOCAL jCATEGORY jSUBCAT
with the list consisting of the SYNSEM values of the elements of the value
of DAUGHTER jCOMPLEMENT-DAUGHTER (in corresponding order).

” This is most often not the case.
8 Also de ned in [1] p.34.



Retrieved

Sign
qgStore
synSem
phonology
{ordered}
Phrase Word
PhonString
T {ordered}
Con-Struc {ordered} SynSem Quantifier
local nonLocal
comp-Dtrs conjunction-Dtr
head-Dtr| Head-Struc Coord-Struc category Local NonLocal
conj-Dtrs content |context
subCat
Category Content Context
head marking
Head Marking

Fig. 17. A partial object model for an English grammar

Such principles are modeled using sequence concatenation constraints. Account
for such concatenation constraints is not given uniformly by existing con gura-
tors. In the tool we chose for our experimentations, implementing such conca-
nation constraints currently requires using workarounds but is feasible. In any
case, the situations where a list order is dependent upon the underlying word
order requires no adaptation since our model already exploits this word order.
As can be seen, the con guration paradigm seems adequate to parse languages
described using the HPSG linguistic theory.

7 Conclusion

Following dependency grammarg3] that are clearly described as a con guration
problem, we showed that both Property grammars and HPSG grammars can
be translated into a con guration problem, solved with a general con guration
solver. Because of their ability to deal with a rich variety of arithmetic and



symbolic constraints, con gurators hence appear as a potential tool for laguage
parsing.

One advantage of using con guration for parsing is that this framework also
allows for a clear and accurate de nition of the semantics of descriptions. We
thus currently focus on extending a Property grammar based linguistic model
to account for the semantics.

A second research path is to de ne a con guration object model suitable for
representing large subsets of natural languages.
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