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Abstract

Assuming that grammar is best modeled as a set of modulesrepeh
resenting a constraint system, like other human cognitaeilfies, these
constraint systems are bound to disagree and soft cortsteaim needed for
conflict resolution among modules. This paper outlines gmagrch to incor-
porate soft constraints among grammar modules. The papegéies over
the issue of modularity and conflicting requirements. Intsemmarizes a
generalized theory of soft constraint satisfaction (SC&Rhen outlines a
linguistic constraint system based on SCSP theory. Finglghows how
the type antecedent constraints of HPSG can be extended3@8R-based
framework to allow for constraint violations and gradieatstraints.

1 Introduction

Inquiry in theoretical linguistics, cognitive sciencedaill has led many research-
ers to believe that constraint-based approaches in mgdeliman behavior cap-
ture our understanding of the phenomena in question bétaer procedural ap-
proaches. The advantage of these approaches is that exgredsat we know
about the data in the form of constraints can capture gepatiahs more accu-
rately and intuitively. A procedural formalization has tisadvantage of mix-
ing knowledgewith the processingof that knowledge. By keeping the two sepa-
rate, we as researchers give ourselves the opportunitypmira each separately.
Constraint-based linguistic theories have been makinglwag in better under-
standing of language. Two noteworthy examples are HeageDPhrase Structure
Grammar (HPSG, Pollard and Sag, 1987, 1994), and Lexicaitfeunal Grammar
(LFG, Bresnan, 1982, 2001). Another remarkable examplepignt@lity Theory
(OT, Prince and Smolensky, 1993); the underlying assumjii¢his theory is that
constraints are not absoluterigp), but instead they are violabledff. Constraints
are thus ranked according to their importance, and the fhatmviolates the fewest
high-ranking constraints is considered the optimal forran€raint-based systems
are also widely used to solve real-life problems in compstdence. Network
management, scheduling, and transportation problems aseeasily solved in a
constraint-based approach.

In cognitive science and Al, problems are envisioned astitotisg discrete
objects with constraints imposed on their interactions.egwkord in the preceding
statement iobjectsas objects are more or less independent entities with nertai
properties and they perform a set of predefined functionger&ktheories in cog-
nitive science have found modular approaches beneficial.e¥ample, Newell's
(1990) unified theory of cognition paints a modular pictuféh@ mind in which
each cognitive faculty takes the form of a discrete entigt tommunicates with

fI thank Elizabeth Cowper, Elan Dresher, Frank Keller, JB@tre Koenig and Gerald Penn for
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Figure 1. Modular grammar architecture proposed by Haji@bosseini (2003,
2005)

other modules. Oatley and Johnson-Laird (1987) and Oafle92) develop a
theory of emotions within a larger context of cognitive sgie. This theory also
relies on the fundamental assumption that human cognitiwegsses are modu-
lar and need to communicate with one another. In linguistieskendoff (1992)
also argues that human cognitive faculties form moduletsnibed to communicate
with one another. He also believes that each module (emguége, vision, or
musical perception) is itself made up of its own sub-modwhegh in turn com-
municate with one another. Jackendoff (1997, 2002) arquestfipartite architec-
ture of grammar where phonological, morpho-syntactic amdantic components
work in parallel and communicate at interface levels. Hdjdolhosseini (2003,
2005) takes a modular approach to HPSG where differentiktigumodules inter-
act through a shared list of domain objects.

However, disagreement among modules in any given intelliggstem is a fact
of life. Having crisp constraints, therefore, is not coesetl a desirable feature
because as we gradually grow out of toy models and move tewagsdroximat-
ing real-life problems, a system with crisp constraintschlyi turns into what is
known as arover-constrainedsystem; i.e., one that yields no solution; or it be-
comes so complicated that it takes the system an inordima¢eiat of time to find
an answer. In the Al community, several approaches have fregosed to rem-
edy such problemsPartial constraint satisfactior{Freuder and Wallace, 1992),
constraint hierarchiegBorning et al., 1992)probabilistic soft constraint satisfac-
tion (Fargier and Lang, 1993yalued constraint satisfactio(Schiex et al., 1995),
andfuzzy soft constraint satisfactidiRosenfeld et al., 1976; Dubois et al., 1993;
Ruttkay, 1994) are most notable.

In computational linguistics, probabilistic approaches @ominant, and have
led to some theoretical contributions (Abney, 1996, 1993¢,BL998; Bod, Hay
and Jannedy, 2003a; Bod, Scha and Sima’an, 2003b; Foth,éVland Schroder,

1Some useful literature reviews can be found in BistareliO0®) and at
http://kti.nms.nff.cuni.cz/~bartak/constraints/ (accessed 9/11/2007).
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2005; Schroder, 2002, among others). One notable appw#bm linguistics
proper that relies on non-crisp constraints is OT.

Jackendoff (1997; 2002), who is a proponent of a modularagar, introduces
correspondence rulghat apply at the interfaces among major linguistic modules
Haji-Abdolhosseini (2005) observes that soft constraiatsl to be interface con-
straints and hard constraints tend to be intramodular. Whi& advocates the use
of soft constraints at interfaces.

From a practical point of view, there are additional reasehy it is impor-
tant to do research in grammatical interfaces in consti@sed and multi-partite
frameworks: A modular theory is easier for the researcherdik with. A gram-
mar written in this approach is certainly more readable amgentonvenient to
maintain. Furthermore, with the emergence of large-scedenmars a modular
approach becomes even more significant to promote codeliégdand reuse.

2 A Generalized Theory of Constraint Satisfaction

Constraint programming has been a very exciting area oaresén artificial intel-
ligence in the past decade. The holy grail of constraint imagning is to find ways
of describing a problem in terms of constraints without hgvio worry about how
those constraints are processed in finding a solution. THisllow one to con-
centrate on the problem as opposed to the details of algwsitind processing (for
an excellent introduction, see Marriott and Stuckey, 1998jis constraint-based
view of characterizing problems has also found its way imguistics. Head-
Driven Phrase Structure Grammar (HPSG, Pollard and Sag, 1984), Lexical
Functional Grammar (LFG, Bresnan, 1982, 2001), and Opiiyn@heory (OT,
Prince and Smolensky, 1993) are all constraint-based i#®of language, and
their claim is that by expressing linguistic generalizasion terms of constraints,
we are better able to see the phenomena involved withoungethtangled in pro-
cedural detalils.

The problem of over-constrained systems has led researtheeek ways of
relaxing or weighting constraints so that the less imparbaes can be violated in
favor of the more important ones. This is also a route that @5taken.

In the following subsection, we review a generalized theafrgoft constraint
satisfaction introduced by Bistarelli (2001). This the@ybased on a certain al-
gebraic structure called tleemiring Based on a solid mathematical foundation,
Bistarelli's theory of Semiring-based Constraint Satifan Problems (SCSP) il-
lustrates that several of the previous models of soft camgtsatisfaction are in-
stances of SCSP. The next section provides a formal inttmghuto constraint satis-
faction problems in general, and section 2.2 introducetaBili's semiring-based
account. We will also outline an SCSP-based extension toG-iySe antecedent
constraints in section 3.1.



2.1 Constraint Satisfaction Problems
This subsection is based on section 1.1 of Bistarelli (2001)

DEFINITION 2.1 Constraint Satisfaction Problem A Constraint Satisfaction Prob-
lem is a sextupleV, D, C, con, def , a) where

V is a finite set of variables, i.eV] = {vy,..., v, };

D is a set of values, callethe domain

e Cis a finite set of constraints, i.e(; = {ci1,...,¢,}. C is ranked, i.e.,
C =, Cy, such thatc € Cy, if ¢ involvesk variables;

con is called theonnection functiorand it is such that

con : U(C’f — Vh,
k

wherecon(c) = (v1, ..., v) is the tuple of variables involved ine Cj;

def is called thedefinition functionand it is such that

def : | J(Cr — p(DY)),

k

wherep(D*) is the power set obDF, that is, all the possible subsets Jof
tuples inD*;

e a C V, and represent thdistinguishedvariables of the problem.

con describes which variables are involved in which constralef specifies which
are the domain tuples permitted by the constraint. The &etised to point out the
variables of interest in the given Constraint Satisfacwnblem (CSP), i.e., the
variables for which we want to know the possible assignmearimpatible with
all the constraints. This set is equaltoif all the variables are of interest. This
does not have to be the case however. In fact, it is reasot@mtilenk that the CSP
representation of a problem contains many details (in terht®nstraints and/or
variables) which are needed for a correct specification efttoblem but are not
important as far as the solution of the problem is concerned.

The solutionSol(P) of a CSPP = (V, D, C, con, def , a) is defined as the set
of all instantiations of the variables inwhich can be extended to instantiations of
all the variables which are consistent with all the constsinC'.

DEFINITION 2.2 Tuple Projection and CSP Solution Given a tuple of domain
values(v, ..., v,), consider a tuple of variable&e;y, . .., z;,) such that for all
j=1,...,m, there exists &; € {1,...,n} such thatr;; = x;;. Then the pro-
jection of (vq, ..., v,) over(z;i,...,Ti,), written (v, . .. ’vn>|<xi17---a$im>’ is the



tuple of valuegw;y, ..., v, ). The solutionSol(P) of a CSPP = (V, D, C, con,
def,a) is defined as

v; € D for all ¢;
{<U1’ ++2Un)|a Such that { forall ¢ € C, (v1, ..., Un)|con(c) € def (c). }

The solution to a CSP is therefore an assignment of a valne iftsodomain to
every variable, in such a way that every constraint is satisfivVe may want to find
just one solution, with no preference as to which one, orallt®ns.

2.2 A Semiring-Based Theory of Constraint Satisfaction Prblems

The constraint satisfaction approach defined above cleargloys crisp cons-
traints, which can lead to over-constrained problems. Teesthe problem of
over-constrained CSPs, researchers have proposed salerahtive approaches
which enable one to relax some constraints in order to finduiso to the prob-
lem. As mentioned earlier, Bistarelli (2001) shows that smhthese approaches
(e.g., probabilistic, fuzzy, and weighted CSPs) can beghbwf as special in-
stances of a more general soft-constraint satisfactiomeweork, which he calls
the Semiring-based Constraint Satisfaction Problems BJCBhe present and the
following sections, which are based on Chapter 2 of Bisliai2d01), briefly in-
troduce this theory.

Bistarelli's main idea is that

...asemiring (that is, a domain plus two operations satigfger-
tain properties) is all that is needed to describe many cainstsat-
isfaction schemes. In fact, the domain of the semiring glewithe
levels of consistency (which can be interpreted as costegres of
preference, or probabilities, or others), and the two djmers define
a way to combine constraints together. More precisely, viime¢he
notion of constraint solving over any semiring. Specificiche of the
semiring will then give rise to different instances of thanfrework,
which may correspond to known or new constraint solving swse

DEFINITION 2.3 Semiring A semiring is a quintupléA, sum, x, 0, 1) such that

Aisasetand), 1 € A4;

e sum, called theadditive operatqris a commutative, i.esum(a, b) = sum(b,
a), and associative, i.esum(a, sum(b,c)) = sum(sum(a,b),c), opera-
tion with 0 as its identity element, i.esym(a,0) = a = sum(0, a);

e X, called themultiplicative operatqris an associative operation such that
is itsidentity elementand0 is itsabsorbing elemente.,a x0 =0 =0 x q;

e X, distributes ovegsum, i.e., foranya, b,c € A, a x sum(b,c) = sum((ax
b), (a X c)).



The reader may have noted that the set of real numbers bethwsetl (inclusive)
together with arithmetie- and x form a semiring, for example.

Bistarelli introduces semirings with additional propestifor the two opera-
tions. He calls this algebra @semiring(c for “constraint”), and defines it as
follows:

DEFINITION 2.4 C-Semiring A c-semiring is a quintupléA, @, ®, 0, 1) such that
e Aisasetand),1 € A4,
e @ is defined over (possibly infinite) sets of elementd aé follows?

—foralla € A,> ({a}) = a;

- > (0)=0and> (A4) =1;
- Y (UAi,i € I) => ({dD_(4),i € I}) for all sets of indiced (flat-
tening property);

e ® is a binary associative and commutative operation such thatts iden-
tity element and is its absorbing element;

e ® distributes overp, i.e., foranya € Aandb C A,a® > (B) =>.({a®
b,b € B}).

The fact thatp is defined ovesetsof elements, and ngiairs or tuples auto-
matically makes such an operation commutative, assoejatind idempotent. It
is also possible to show thétis the identity element of>. By using the flatten-
ing property, we ged _({a,0}) = > ({a}0) = > ({a}) = a. This means that
a c-semiring is a semiring (where tkem operation isp) with some additional
properties. Itis also possible to prove thas the absorbing element af. By flat-
tening and by the fact that we sgt(A) = 1, we get) ({a,1}) = > ({a}UA) =
Y(A) =1.

According to Bistarelli, the advantage of using c-semisiimggtead of semirings
is as follows: The idempotency of the operation is needed in order to define
a partial ordering<, over the setd, which will enable us to compare different
elements of the semiring. Such a partial order is defined as; b iff a &b = b.
Intuitively, a <, b means thab is “better” thana, or, from another point of view,
that betweer: andb, the ® operation choosels This ordering is used to choose
the “best” solution in constraint problems.

Given any c-semirings = (A4,®,®,0, 1), consider the relatior over A
such thatu <, biff a ® b = b. Then Bistarelli proves that is a partial order.
He also proves thab and® are monotones ovet,. That is, given any c-semiring
S = (A,®,®,0,1), consider the relatior<; over A. Then that® and® are
monotones ovex; means that <, o’ impliesa®b <, ad’ Pbanda®b <, a’ @b.

2\We use® in infix notation for a two-element set, and the sympolin prefix notation for more
elements.



Sincel is also the absorbing element of the additive operatiom ¢h€; 1 for
all a. Thusl is the maximum element of the partial ordering. This imptlest the
® operation igntensive that is,a ® b <, a. This is important since it means that
combining more constraints leads to a “worse” result in geafithe<, ordering.
Sometimes we need thie operation to be closed on a certain finite subset of
the c-semiring.

DEFINITION 2.5 AD-closedGiven any c-semiring = (A, ®, ®,0,1), consider
afinite setAD C A. Then® is AD-closed if for anyu,b € AD, (a ® b) € AD.

It is shown that c-semirings can be assimilated to compétedes. We also
sometimes need to consider c-semirings wlielis idempotent, which makes the
c-semiring equivalent to distributive latticés.

DEFINITION 2.6 LUB, GLB, (Complete Lattice) Consider a partially ordered
setS and any subset of S. Then we define the following:

e an upper boundresp. lower bound of I is any element such that for all
yely<ax(resp.,x <),

e theleast upper bound (LUB(resp. greatest lower bound (GLB)f I is an
upper bound (resp. lower bound)of I such that for any other upper bound
(resp. lower bound)’ of I, we have that < 2’ (resp.,z’ < z).

A lattice is a partially ordered set where every subset of two elemeatsa LUB
and a GLB. Acomplete latticas a partially ordered set where every subset has a
LUB and GLB.

Bistarelli proves that' A, <;) is a complete lattice, which entails (I) =
LUB(I) for any setl C A. Thus every subset of A has a least upper bound
(which coincides withy _(I)). This means that4, <;) is a LUB-complete partial
order. Note that the> operator coincides with the LUB of the latticel, <;).

Bistarelli also proves that given a c-semirisg= (A, $,®,0,1) and a cor-
responding complete latticed, <), ® is also idempotent. Furthermore, in the
particular case in whiclkp is idempotent and<, is total, we have that & b =
max(a,b) anda ® b = min(a, b).

2.3 Constraint Systems and Problems

The notions of constraint system, constraint, and comstpaoblem in this theory
are parametric with respect to the notion of c-semiringufised in the previous
section. Intuitively, a constraint system specifies themising (A, &, ®,0,1) to
be used along with the set of all variables and their doniain

3For an introduction to lattices and ordered sets, see DavéyPaestley (1990).



DEFINITION 2.7 Constraint System A constraint system is defined as a triple
CS = (S,D,V), whereS is a c-semiring,D is a finite set, and is an ordered
set of variables.

A constraint over a given constraint system specifies thaved variables and
the “allowed” values for them. More precisely, for each tupf values (ofD) for
the involved variables, a corresponding elementléd given. This element can be
interpreted as the tuple’s weight, or cost, or level of caiit, etc.

DEFINITION 2.8 Constraint Given a constraint systed@.S = (S, D, V'), where
S =(A,@,®,0,1), aconstraint oveC'S is a pair (def , con), where

e con C V,itis called thetype of the constraint;

e def : D¥ — A (wherek is the cardinality ofcon) is called thevalueof the
constraint.

A constraint problem is then just a set of constraints oveivangconstraint
system, plus a selected set of variables (thiyxgpa. These are the variables of
interest in the problem, i.e., the variables for which we warknow the possible
assignments compatibly with all the constraints.

2.4 Instances of the SCSP Framework

Having laid out the c-semiring-based theory of constraatisfaction, Bistarelli
shows that some of the previous constraint satisfactiomoagpes can be seen as
instances of this theory differing only in the choice of tleenéring. Below | list
the different CSPs and the semirings used in them as distbysBistarelli.

e Classical CSPs:A classical CSP is just a set of variables and constraints,
where each constraint specifies the tuples that are allowreithé involved
variables. Since the constraints in a CSP are crisp, theybeamodeled
with a semiring containing only 0 and 1 i. Also we can model constraint
combination with logicaknd and the projection over some of the variables
(to obtain the value of the tuples of the variables in the typine problem)
with logical or. Thus, a CSP can be seen as just an SCSP with the following
c-semiring:

Scsp = ({0,1},V,A,0,1)

e Fuzzy CSPs:Fuzzy CSPs allow for non-crisp constraints, which asse@at
preference level with each tuple of values. This level ofgnence is always
betweer() and1. The solution to a fuzzy CSP is defined as the set of tuples of
values for all the variables which have the maximal valuezzZy CSPs can
be modeled in the SCSP framework by choosing the followisgmiring:

Srcsp = ({z|z € [0, 1]}, max, min, 0, 1)



e Probabilistic CSPs: In probabilistic CSPs, each constrainhas an associ-
ated probabilityp(c). Saying that has probabilityp, means that the situation
corresponding t@ has probabilityp of occurring in the real-life problem.
The c-semiring corresponding to the probabilistic CSPs ifobows:

Sprob = ({z|z € [0,1]}, max, x,0,1)

e Weighted CSPs: Contrary to fuzzy CSPs whose constraints come with
preferences, in weighted CSPs, constraints have assbaagts. The so-
lution to a problem in such models is the one with minimum ¢egd., time,
space, number of resources, etc.). Therefore, the assdcatemiring for a
weighted CSP is the following:

Swcsp = (R*, min, +, +00, 0)

e Set-Based CSPsThe SCSP framework gives rise to an interesting class of
its instances that are based on set operations such as ungdntarsection.
The corresponding c-semiring for this class of CSPs is this:

Sset = <p(A), Uv ﬂv ®7 A>

This section presented a brief overview of Bistarelli'secpéring-based gen-
eralized theory of soft constraint satisfaction systems.Bistarelli shows, many
previous CLP approaches to soft constraints are in facamests of this general-
ized framework, which is parametric with respect to the semiused. In the next
section, we will show that an instance of this theory, weighted soft constraint
satisfactionapproach is suitable for modeling linguistic constraints.

3 Soft Linguistic Constraints

This section outlines a theory of linguistic soft consttasatisfaction based on
the SCSP framework (the c-semiring-based theory of Sofs€aimt Satisfaction
Problems).

Section 3.1 briefly talks about how a c-semiring-based amranight be in-
corporated into a unification-based theory of grammar. Witltimk of a grammar
in SCSP terms as a constraint systéns, = (S, D, V'), whereS = (A, ®, ®,0, 1)
is a semiring, and’ is a set of variables characterizing the candidales a finite
set of values that the variableslihcan take. Therefore, a constraint over thi§
is a tuple(def, con) such thakon C V anddef : D* — A. Values in the carrier
setA correspond to the overall compliance of a candidate linigussructure can,
with the whole constraint system.

The functiondef in SCSP, takes the vector representatidfhof the candidate
and maps it to a global valuation. Figure 2 shows hGan is mapped toA.
Embedding applies taan € Can returning a vector of features, which is passed to



¢;, for 1 < i < m perhaps, which returns a vector of valuations. These vahgst
are then combined (in this case, weighted and summed upkelyiebal valuation
function g returning a value iri.

Cy )
c1
e C2 g
Can — DF — Cy — A
| Cm, A
| I
| |
| I
| |
| C, :
: def [

Figure 2: Global valuation calculation of candidate stioes

The optimal candidate, to use optimality theoretic terruigy, will be the one
that has the smallest value for its global valuation; thathe candidate with a
global valuation closest to zero is optimal and the ones aitiper values are in-
creasingly suboptimal (in other wordg(can) represents a cost). In this context,
the semiring used will be the one shown below in (1), whgteas the set of non-
negative real numbersyin chooses the solution, ardcombines the values in the
carrier setd, (which in this semiring iR*). Absolute consistency is denoted by
and absolute inconsistency kByo.

(1) SSCSP - <R*7 minv +7 +OO7 O>

A semiring withmin as the additive operation ardas the multiplication operation
with +o00 and0 corresponding t® and1, respectively, is also known as threp-
ical semiring Sy is a c-semiring since the additive operatiamin, is idempotent
(i.e., min(a,a) = a for all a), and the multiplicative operation;, is commuta-
tive. Also, +oc is the identity element fomin (i.e., min(a, +00) = a for all a),
ando is the identity element fo#, (i.e.,a + 0 = a for all a). Z* is the set of
non-negative integers (includir. The associated ordering, corresponds to
over non-negative integers, which means that smaller nisydogrespond to better
candidates.

A linguistic constraint system is then defined as follows:

DEFINITION 3.1 Alinguistic constraint system based on SASP,= (Sscsp, D,
V'), will then have the following components:

e C-Semiring: Sscsp = (R*, min, +, 400, 0).

e Variables: An ordered seV’ representing the candidate structure.



e Domain: D a finite set of values that membersiotan take.
DEFINITION 3.2 Connection: con C V, is called the type of the constraint.
The setcon tells us which variables are involved in each constraint.
DEFINITION 3.3 Domain Function: dom : V — D, whereD C D.

The domain functioniom tells us which members db can be assigned to each
member ofl/.

DEFINITION 3.4 Embedding: e : Can — D* is a bijective function that maps
the set of linguistic structures onto vector representaijoin particular, for all
de D, d; e dom(v;), wherel <i < k.

Embedding ensures a representation of linguistic stresttirat is suitable for the
constraint solver. The embedding function must be bijectiecause once the
solver returns a vector as the solution, we want to be ablédwtify a candidate
with that vector.

Bistarelli (2001) also defines a functiafef as follows:

DEFINITION 3.5 Definition: def, : D¥ — R*

This function is actually the composition of with ¢ (see Figure 2 above and
definition 3.9 below), that isjef = g o ¢;. Based on this definition, a constraint in
SCSP is defined as follows:

DEFINITION 3.6 Constraint: (¢;,con™), for somel < n < k wheren is the
cardinality of con.

DEFINITION 3.7 Constraint Weight: w; is a numerical weight associated with
each constraintc;, con'). In OT literature, this is known as thank of the con-
straint.

DEFINITION 3.8 Valuation: ¢ : D* — (;, a function that evaluates the valde
of each variabley.

DEFINITION 3.9 Global Valuation: ¢g : Cy x Cy x ... x C,,, — R* is the com-
bination function that calculates the global valuation dbased on a vector of
valuations returned by all of the;. In this model,g(ci,ca, ..., cn) = E% wic;
forall ¢; € C;.



3.1 Toward Graded Unification-Based Grammars

In section 1, we talked about the benefits of a parallel modpremmar architec-
ture saying that such an architecture leads to simpler nescand captures gener-
alizations better. One important advantage of implemgnginch an architecture
in a unification-based framework is that unification natyrallows for the mod-
ules to constrain one another. Through structure-shaewvey though the modules
may not care about nor see the details inside other modiieg,dannot gener-
ate structures that are unacceptable to other modules. ultvtiben be natural to
try to implement the proposed soft-constraint satisfactigstem in a unification-
based framework such as HPSG. In order to do this, we needatgyehhow type
antecedent constraints are enforced without modifyingitiigcation mechanism.
Standard HPSG type antecedent constraints are crisp; vioédtion causes the
generated structure to be rejected. Multiple constraint& dype are explicitly
connected by logical AND, which also means the violation f ane constraint
results in the rejection of the generated structure. Thisizaint system roughly
corresponds to Bistarelli'Scgp mentioned in section 2.4.

Malouf (2003) argues that the fact that an analysis nagufalls out of OT’s
notion of ranked violable constraints does not necessarégn that ithasto be
analyzed that way. He states that OT suffers from a “pro@@duoetaphor;” that is,
the theory relies on some cognitively unreal and intraetaigerations to account
for acceptable structures. The most notable part of thisphet is the generate-
and-test procedure of the theory where a partial repres@mtgsuch as a logical
form) is fed to a component callgglenthat generates a potentially infinite number
of candidate output structures to be evaluated againstad senstraints byHEval.
This is a common concern. As a solution, Malouf discards tbegrlural metaphor
along with the violability of the constraints, and accoufds his data using an
HPSG type hierarchy. His analysis, albeit elegant, doedeave any room for
graded grammaticality judgments, accounting for multigtdations of the same
constraint, and ganging up effects, not to mention the gtadastraints discussed
by Haji-Abdolhosseini (2005). This section shows that we teorporate soft
constraints within constraint-based grammars such as HRig®ut resorting to
any procedural metaphors.

In order to account for violable constraints as well as degref constraint
violation, multiple constraint violations, and gangingeffects discussed in Keller
(2000), we can use the weighted CSP paradigm defined in tivéopsesection
(Swesp = (R*, min, +, +00,0)).

We now go over some illustrative examples. It should be meetl that the
goal of the following examples is not to derive the “correatialysis but to show
how a system of type antecedent constraints based on theairepmiring would
calculate costs for different analyses.

In the case of sentences (2) and (3), we can formulate a eomstm head-
complement phrasebd-comp-phas in Figure 3. For simplicity of exposition, this
constraint only employs two non-head daughters. The exterd the constraint



to accommodate more daughters is straightforward.

2 a. He wanted to demonstrate it to us.
b. He wanted to demonstrate that life to us.
C. He wanted to demonstrate the consequences to us.
d. ?He wanted to demonstrate the consequences of such aly lifeho
to us.
e. ?? He wanted to demonstrate the consequences of suclibdytdtiny
and unholy life to us.
(3) a. *Hewanted to demonstrate to us it.
?? He wanted to demonstrate to us that life.
He wanted to demonstrate to us the consequences of suchaly u
life.

o o

PHON < >

hd-comp-ph=-
NON-HD-DTRS <[PHON HPHON D

/\length()ﬁ length()
Figure 3: An HPSG formulation of the LH constraint on verb @gbements

The valuation function for the LH constraint as formulatédwee can be calculated
according to the following function:

(4) Valuation Function for LH:
hd-comp-ph

Given the descriptio PHON 69<>

NON-HD-DTRS <[PHON HPHON ]>

1
’UCLZ(LH) - lengthl(egfl(e;th()
Let us assume, for now, th&tngth(z) is the number of words im, and that the
weight of the constraint LH i$. The formula in (4) returns a number between
and1. If the two complements are of equal size, the valuatiorrnet will be0.5;
the valuation approachedsas the first complement gets longer than the second,
and it approacheg as the second complement gets longer than the first. Of gourse
one can think of many ways to formulate LH. The definition preéed here is just
one of them. This formulation is flexible because it reflebes magnitude of the
difference between the two complements. We can now see hewethtences in
(2) are evaluated in terms of LH. The valuations of LH caltedafor (2a—e) are

shown in (5) below.




(5) a. For(2a)wal(LH) = 14%2 ~ .33
b. For (2b):wal(LH) = 325 = .5
c. For (2c)wal(LH) = 525 = 5
d. For (2d):wal(LH) = =55 ~ .78

e. For (2e)wal(LH) = 3% ~ .83

As can be seen, this accounts for the declining acceptabflihe examples in (2).

The examples in (3) demonstrate the interaction of two camss: (i) LH, and
(ii) the constraint that requires verbal complements tceapjin descending order
of obliqueness (call it GMPORD). If obliqueness is a total order defined over
verbal complements represented with, then we can formulate @1PORD as in
Figure 4. The valuation function for@vpPORD is defined in (6).

hd-comp-ph=-

NON-HD-DTRS <>} Al >,

Figure 4: An HPSG formulation of @MPORD

(6) Valuation Function for COMPORD:
hd-comp-ph

NON-HD-DTRS <> ’

0 iff @d>,
1 otherwise

Given the descriptio

val(COMPORD) = {

val(CoOMPORD) is defined as aharacteristicor selectorfunction returning either
0 or 1, but notice that since we are using the tropical semiringeh&lues do not
have their traditionalrue or falsemeaning. In this constraint systefngorresponds
to no violation andl corresponds a violation of degrée Also notice, since we
are adding costs, multiple instances of such constraitdtiems will incrementally
increase global evaluation as it does in Linear Optimalitedry (Keller, 2000).
Let us assume that the two constraints LH amodMBORD have equal weights.
Then the valuation of the sentences in (3a—c) with respecH@and ComMPORD
is calculated as in (7).

(7) a. For(3a)wal(LH) + val(COMORD) ~ .66 + 1 = 1.66
b. For (3b):val(LH) 4+ val(COMORD) = .50 + 1 = 1.50
c. For (3c):val(LH) + val(COMORD) ~ .22 + 1 = 1.22

This analysis quantitatively captures the increasing @tetxity of the sentences
in (3) as the sentence-final direct object gets longer thaimidlirect object.

An interesting outcome of this analysis is that it naturaiéptures speakers’
intuitions about the relative acceptability of forms likeetones in (8) without the
need to posit an arbitrary constraint prohibiting endingaivé construction with



DOM  [1)pf2]

clause=- theme
INFO

I-DOM ’

rheme
I-DOM

;

a pronoun (which would completely rule out (8b), incorngctlAccording to this
analysis, we not only capture the graded grammaticalityacheexample, we can
also show how much each example is worse than the bther.

Figure 5: An HPSG formulation of ARH

8) a. Give it to me.
val(LH) + val(COMPORD) ~ .33 + 0 = .33
b. ?? Give me it.
val(LH) + val(COMPORD) = .5 +1=1.5
c. *Givetomeit.
val(LH) 4+ val(COMPORD) = .66 + 1 = 1.66

To incorporate more modules, let us now consider how inftionastructure
can be integrated into this model. LetilRH stand for the violable constraint that
requires the theme to appear before the rheme. A versionsoédhstraint for just
one theme and one rheme is shown in Figured extension to the constraint
for multiple themes and rhemes is also straightforward. vitheation function for
THRH is formulated in (9).

(9) Valuation Function for THRH:
clause

INFO <> ’

0 iff type() = themen type(2]) = rheme
1 otherwise

Given the descriptio

val(THRH) = {

Let us assume that the preferred response to the questioat“tlithJohn give to
the man?” is (10a) as opposed to (16b).

(10) a. [He gavqheme [moneylnemelto the manﬂhema-
b. [He gave the maglemelMoneyiheme

“Note that we are assuming equal weights for these congtrdistimating the exact weights of
the constraints requires having access to training datir@a through corpus analysis or experi-
mental work. | shall leave this for future research.

°| am following the analysis in Haji-Abdolhosseini (2003 %) wheresignhas the featuresom
andINFO taking a list of lexical items anihfo objects, respectively. The typd#seemeandrhemeare
subtypes ofnfo.

Again note that we are not making any strong claims as to vémdesce is actually the preferred
response. This should be determined through separatestutihe point here is to illustrate how
valuation calculations work.



Again assuming equal weights for LH,o®PORD, and THRH, we can calculate
the global valuations of these sentences with respect tettiegee constraints as
in (11). It can be seen that (10a) gets a lower global valodtie., is preferred by
the model).

(11) a. For(10a)val(LH)+val(COMPORD)+val(THRH) = .254+0+1 =
1.25

b. For (10b):wal(LH)+val(COMPORD) +val(THRH) ~ .66+ 140 =
1.66

In this example, HRH has been violated in favor of@1PORD and LH. Note that
since the difference in the lengths of the two verb complamensmall the two
sentences show a small difference in their global valugtiofl).

Let us look at another example in which the difference in #ggths of the
verb complements is larger.

(12) a. [He gavghemg [a lot of his hard earned mongykmelto the

man}hema-
b. [He gave the maglemela lot of his hard earned mongykbme

The global valuations of these sentences are given below:

(13) a. For(12a)val(LH)+val(COMPORD)+val(THRH) =.70+0+1 =
1.70

b. For (12b)wal(LH)+val(COMPORD) +val(THRH) ~ .224+1+0 =
1.22

Here we see that (12b) is preferred. We also see that theatiffe between the
global valuations of (12a) and (12b) is larger than befdrdg), which means
that in this example the alternative is costlier than in thevipus example. In
other words, the gradient characterization of LH captuhesfact that larger dif-
ferences in the lengths of the complements result in higkgreks of constraint
violation if the heavier constituent appears before thbetéig one, an observation
made by Arnold et al. (2000) as well as Haji-Abdolhosseili0®). In addition,
the c-semiring-based implementation of type antecedemstaints in HPSG al-
lows for capturing the ganging up effects of constraintatioin as well as multiple
violations of the same constraint (since valuations arensedup).

The cost of a feature structurg, of type 7 is the weighted sum of the valua-
tions of all the constraints imposed erwith respect tof plus the sum of the costs
of all the feature values of. This is formalized in (14).

(14) cost(fr) = >, w;i - val(c]) + Zj cost(g;)
where f; is the feature structure of typeto which we want to assign a
cost;c] is a constraint on the type val(c]) is the valuation of]; andg;
is a feature value of.

The formula in (14) implies that the cost of a feature struetis never less
than the sum of the costs of its substructures (providedttigsie are no negative



weights, which is what we have been assuming). If there ayeases where the
same description gets different valuations in differemtests (i.e., in different
feature structures), then we can replace our original cainstwith other more
specific constraints.

The reason for this desideratum is twofold: (i) We want to ensilire that every
part of the feature structure is contributing informatidroat constraint violations
in substructures; and (ii) we want the constraints to bejdlcat is, every constraint
has to be sensitive only to the description on its consegardtshould not be
affected by the context in which it is applied. For instaram)sider the following
feature structures:

t
(15) a. [F a]
u

If the cost of a feature structurgof typea depends on whethegfris the value of

or G, then we cannot formulate a single constraint on tgp&his is because such

a constraint ora would be non-local as it would have to have information about
whetherf occurs in a feature structure of typer u. In order to keep our constraint
local in this case, we must formulate two constraintd andu making reference

to the value of the andG features, respectively.

4 Conclusion

This paper incorporated a generalized c-semiring-baseohthof soft constraint
satisfaction within a constraint-based grammar architect The stipulation that
soft constraints apply at interfaces while hard constsaauply inside modules is
advantageous from a grammar engineering point of view. Wistig modules can
be developed separately and then put together allowingceofitraints to resolve
conflicts among modules.

This work can be pursued in many different directions. Ondals way to
follow up this work would be to work out the formal details atbrporating SCSP
in a theory like HPSG. Another way to pursue would be to immatan SCSP-
based constraint solver in a logic-programming langudgeAILE (Carpenter and
Penn, 1999). One can also investigate different learniggrithms for an SCSP-
based grammar.
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