Generating Definite Descriptions

Non - Incrementality, Inference, and Data

Claire Gardent, Hélène Manuélian,

Kristina Stri e gnitz, Marilisa Amoia

1. Introduction

Thegeneration of referring expressions is a central task for systems that automatically generate natural languagetexts. Indeed, thecorrect useof natural languagereferential devices is crucial for generating su c cessful u t terances, i.e., utterances that are easily and correctly unde r stood by the hearer, becauserefe r ring expressions play an importa nt rolein linking an utteranceto theprevious discourse, thenon - linguistic situation theutterance is produced in, and theknowledgeof speaker and hearer.

Onealgorithmthat has been particularly influential in this field is the i n cremental algorithmf or generating referring expressions presented in (Dale and Reiter 1995).

In this paper, weboth extend this basic algorithmto deal with more co m plex, inferencebased, definitedescriptions and proposean altern a tive, non - incremental algorithmwhich circum vents theshortcomings arising from incrementality. Moreover, wepresent theresults of several corpus studies on definitedescriptions in French which suggest someresearch directions that could help both widening therangeof expre s sions that can begene rated and improving theformand content of ge n erated definitedescriptions.

Westart (Section 2) with a brief presentation of Daleand Reiter´s (1995) incremental alg o rithm. Section 3 identifies a number of problems that arise fromincrementality and pres ents an alternative, non - incremental a p proach.

In Se c tion 4, weturn to thegeneration of bridging descriptions. Bridging descriptions aredefinitedescriptions that refer to entities which arenew to thedi s course, but can belinked through world knowledg eto an entity that has been mentioned before. Welook at thecontextual reasoning necessary

Gardent, Manuélian, Striegnitz, Amoia for genera t ing such definitedescriptions and then integrateit into a variant of Daleand Reiter´s basic algorithm. Section 5 presents results of a corpus study w hich e x amines aspects of def i nitedescriptions related to thetasks discussed in theprevious sections. Theresults offer ways of refining the algorithms and point out directions for further extensions of thebasic alg o rithm.

2. Dale and Reiter´s incremental algorithm

Thealgorithmdescribed in (Daleand Reiter 1995) provides thebasis for many of thelater approaches to thegeneration of referring expressions

(Horacek 1997; Krahmer and Theune2001; van Deemter 2002). It can be summarized as follows. Theinput to this algorithmare

· the context : a set C of positiveliterals associating entities with r e lations of arbitrary arity such as shown in Figure1,

· the target entity : the entity which needs to bereferred to.

Figure 1 . The representation of the context f or Dale and Reiter´s incremental alg o rithm.

Thetask of thealgorithmis to find a distinguishing description for the target entity, i.e., a subset L of C which uniquely identifies thetarget. In other words, given thecontext, L should giveso much inform a tion about the target entity that it cannot beconfused with any other entity mentioned in C .

For example, if, given thecontext of Figure1, r 2 is thetarget entity,

{ra b bit(r 2 ), black(r 2 )} would bea solution, as thereareno other entities which arera bbits and black in thecontext. However, if r 1 is thetarget entity,

L={rabbit(r 1 ), white(r 1 )} would not besufficient, becausethereis one di s tractor, i.e., oneother entity which also fits thed e scription given by L , na m ley entity r 3 . L={rabbit(r 1 ), whi te(r 1 ), in(r 1 ,h 1 ), hat(h 1 )} would bea solution in this case, because r 1 is theonly entity in C, which is a white ra b bit and is in a hat. Formally this can becaptured as follows: L is uniquely ide n tifying thetarget entity t, if D(t,L) = {t} with D(t,L) theset of objects satisfying thedescription or morefo r mally:

{rabbit( r 1 ), rabbit(r 2 ), rabbit(r 3 ), hat(h 1 ), hat(h 2 ), bathtub(b 1 ),

white(r 1 ), black(r 2 ), white(r 3 ), in(r 1 , h 1 ), in(r 2 , h 2 ), in(r 3 ,b 1 )}

Generating definite descriptions

D(t,L) = {o|

$ substitution s such that s(t)=o and s(L ) Í C}.

Thepseudo - codeof thealgorithmis given in Figure2. Thealgorithm starts with an empty descriptions ( L= Æ ). It then adds litera ls to L until all distractors areruled out. If a literal that involves other entities than the ta r get entity is added to thedescription, then thefinal L has to uniquely inde n tify these entities as well. An ordered list is used to keep track of these ta r gets.

initialize

1. targets ¬ <t>

2. L ¬ Æ mainloop: until no more entities are left onthe target list

3. while targets ¹ <> do

4. o ¬ targets[1] ifthe first entity onthe target list is uniquely identified

5. if D(o,L) = {o} thentake it fromthe list

6. t hen

7. targets ¬ targets[2,length(targets)] else try to extend the description

8. else

9. Ps = applicable_literals(L,C)

10. if Ps = Æ then return fail.

11. p = select_one(Ps)

12. updatetargets and L with p

13. endif

14. endwhile

15. retur n L

Figure 2 . Dale and Reiter´s incremental algorithm.

Themain loop of thealgorithmis controlled by this target list. It stops when thelist is empty. Otherwiseit takes thefirst element of thelist and checks whether thecurrent L uniquely identifies it. If so, that target is r e moved fromthelist. Ot h erwise, L has to be extended. If that is not possible becausethereareno applicableliterals left in C, thealg o rithmfails.

Appl i cableliterals arenot yet part of L, they mention thetarget, and there is at least onedistractor to which this literal doesn´t apply. If thereareseveral

Gardent, Manuélian, Striegnitz, Amoia applicableliterals, thealgorithmhas to chooseone. Theincremental alg o rithmpresented in (Daleand Reiter 1995) assumes a domain dependent o r dering of properties whic h dete r mines this choice. Other variants of the alg o rithm might useslightly different mech a nisms.

Thefollowing tableshows how thealgorithmthat wejust described would build a description for entity r 1 given thecontext in Figure1.

ta r gets L distra c tors notes

< r 1 > Æ all ent i ties extend L

< r 1 > {rabbit(r 1 )} {r 1 , r 2 ,, r 3 } extend L

< r 1 > {rabbit(r 1 ), white(r 1 )} {r 1 , r 3 } extend L

< h 1 , r1 > {rabbit(r 1 ), white(r 1 ), in(r 1 ,h 1 )} {h 1 , b 1 } extend L

< h 1 , r1 > {rabbit(r 1 ), white(r 1 ), in(r 1 ,h 1 ), hat(h 1 )} {h 1 } h 1 unique

< r 1 > {rabbit(r 1 ), white(r 1 ), in(r 1 ,h 1 ), hat(h 1 )} {r 1 } r 1 unique

<> {rabbit(r 1 ), white(r 1 ), in(r 1 ,h 1 ), hat(h 1 )} return L

3. A non - incremental algorithmfor generating definite descriptions

Generating a definitedescription involves both computing a distingui s hing description (i.e., a conjunction of possibly complex properties whose den o t a tion equals thetarget set) and constructing a definite de s cription verbali s ing this distinguishing description.

On both theselevels, known algorithms areusually incremental in that thestructurebuilt is constructed onestep at a timeand without backtrac k ing. In particular, both Daleand Reiter´s algorithmfor comp u ting disti n guishing descriptions and its extension by van Deemter (2002) to boolean prope r ties and non singleton sets of individuals extend a set of properties until this set uniquely identifies thetarget set, i.e., theset of objects to bedescribed. Sim i larly, thealgorithms described in (Horacek

1997; Stone1998) to build a definitedescription int erleavetheincremental comp u tation of a distinguishing description with an incremental construction of thesy n tactic treeassoc i ated by thegrammar with this description. Each property selected to better identify thetarget set is used to r e trievea lexic al entry whosesemantics is this property and this lexical entry is immediately int e grated into thecurrent description.

Thus in thesedoubly incremental approaches, both thecontent and the formof a definitedescription aredetermined greedily, i.e., loc ally and wit h out backtracking.

Generating definite descriptions

In this part of thepaper, we explorethefeasibility and usefulness of d e veloping an alternative non - incremental algorithm. Westart (Section 3.1) by presenting a non - incremental, constraint - based algorithmfor generating di s tinguishing descriptions and showing how it can beintegr a ted in a surface realization alg o rithm.

Wethen show that such a non - incremental algorithmis advantageous in at least two ways: it provides linguistically and cognitively better di s ti n guishing des criptions than theincremental algorithm(Section 3.2); and it provides top - down guidancefor thesurface realization algorithmwhich be t ter supports the realization of definitedescriptions (Section 3.3).

3.1. A constraint - based non - incremental algorithmfor g enerating definite descriptions

As Daleand Reiter (1995) show, theproblemof finding minimal di s ti n guis h ing descriptions can beformulated as a minimal set cover pr o blemand is thereforeknown to beNP hard (Garey and Johnson, 1979).

Thealternativealgo rithmweproposeis thereforebased on theuseof constraint programming (CP), a paradigmaimed at efficiently solving NP hard combinatoric problems. Instead of following a generate - and - test stra t egy which might result in an intractablesearch space, CP minimize s the search spaceby following a propagate - and - distribute strategy where prop a gation draws inferences on thebasis of efficient, determini s tic inferencerules and distribution, i.e., casedistinctions for a v a riablevalues, is performed only when ne cessary becauseno further propagation steps are possible.

The basic algorithm. Consider thedefinition of a distinguishing de s cription given in (Daleand Reiter, 1995).

Let r

_

betheintended referent, then a set L

_

of attribute - value pairs is a disti nguishing description for r if thefo l lowing two conditions hold:

C1: Every attribute - valuepair in L applies to r : that is, every element of L specifies an attributevaluethat r po s sesses.

C2: For every other entitiy c of thecontext, thereis at least o ne el e ment l of L

_

that does not apply to c : that is, thereis an l in L

_

that specifies an attribute - valuethat c does not po s sess. l

_

is said to ruleout c

Gardent, Manuélian, Striegnitz, Amoia

This definition can easily belifted to thecasewherethetarget is not a single entity but a set S of entities. In this case, every attribute - valuepair in

L has to apply to all r Î S . Figure3 gives a translation of this definition into a constraint satisfaction pr o blem(CSP). A description for thetarget set S

_

is repr e sented by a pair of set v ariables á P + , P - ñ constrained to bea subset of theset of positivepr o perties of S P + s (i.e., properties that aretrueof all el e ments in S ) and of theset of n e gativepr o perties of S P - s (i.e., properties that aretrueof noneof the elements in S ), r espectively. Thethird constraint ensures that theconjunction of properties thus built eliminates all distra c tors, i.e., each element of the universe which is not in S . More specifically, it states that for each distra c tor c thereis at least oneproperty

P

_

such that either P

_

is trueof (all elements in) S but not of c or P is false of (all el e ments in) S and trueof c .

I : theuniverse;

P + x : theset of properties some entity x has;

P - x = P \ P + x theset of properties some entity x does not have;

P + s = Ç x Î s P + x : theset of properties trueof all elements of S ;

P - s = P \ È x Î s P + x theset of properties falseof all elements of

_ S ;

L = á P + , P - ñ is a basic distinguishing description for S iff :

1. P + Í P + s 2. P - Í P - s and

3. " c Î I \ S, ½ ( P + \ P + c ) È ( P - Ç P + c ) ½ > 0

Figure 3: A constraint - based approach.

TheCSP thus specifies what it is to bea distinguishing description for a given target set. It can besolved using a constraint programming la n guage such as Mozart/Oz (Programming Systems Lab, 1998) which supports set variables. Every assignment of values to variables which satisfies the co n straints in Figure3 is then a possiblesolution, i.e., a distinguishing descri p tion for thegiven target set in thegiven context.

Additionally, a distribu tion strategy needs to bemadeprecisewhich specifies how to search for solutions. Wewant to ensurethat smaller sol u tions arepreferred and thereforedi s tribute(i.e. makecasedistinctions) over thecardinality of theoutput description ½ P + È P - ½ start ing with the lo w est possiblevalue. That is, first thealgorithmwill try to find a descri p tion á P + , P - ñ with cardinal i ty one, then with cardinality two etc. The alg o rithmstops as soon as it finds a solution. In this way, thedescription

Generating definite descriptions output by theal g o rithmis guaranteed to always betheshortest po s sible description.

Extending the algorithmwithdisjunctive properties. To takeinto a c count disjunctiveproperties, theconstraints used can bemodified as ind i cated in Figure4.

L S = L S1 Ú � Ú L SM ?

i s a distinguishing description for a set of individ u als

_

iff:

· 1

~� M ~� ½ S ½

· S = S 1 È � È S M · For 1 ~� i ~� M, L Si is a basic distinguishing description for S i

Figure 4: With disjunctive properties.

That is, thealgorithmlooks for a tupleof sets such that theunion S 1 È � È S n of thetuple´s elements is thetarget set S and such that for each set

S i in that tuplethereis a basic distinguishing description L Si . The resul t ing

descri p tion is the disjunctive description L S1 Ú � Ú L Sn where each L Si is

a co n jun c tive description of S i .

As beforesolutions aresearched for in inc reasing order of size(i.e., of

literals occurring in thedescription) by distributing over thecard i n a lity of

theresulting description.

Integrationwithsurface realization . To permit thegeneration of

def i nitedescriptions, theconstraint - based algorith mfor generating

distinguis h ing descriptions presented aboveneeds to beintegrated with

surface realization . Assuming, as is usual, that thegeneration process is

driven by communicativegoals and, in particular, by informing and

de s cribing goals, this ca n bedoneby simply updating thecurrent goal

s e mantics with disti n guishing descriptions.

Whenever an entity must bedescribed which is discourseold, a

disti n guishing description will first becomputed for that entity using the

aboveconstraint solver and then added to thecurrent goal semantics thereby

dri v ing further generation. Given someoverall goal semantics, thegenerator

then seeks to realize this goal semantics by building a phrasestructuretree

that (i) realize s that goal semantics, (ii) is synt act i cally completeand (iii) is

pragmatically appropriate.

Implementation. Theconstraint solver and thesurface realization

alg o rithmsketched abovehavebeen implemented within thegenerator

Gardent, Manuélian, Striegnitz, Amoia

I N D I G EN using theconcurrent constraint programming languageMo zart/Oz

(Pr o gramming Systems Lab, 1998) which supports set variables ranging

over finitesets of integers and provides an efficient implementation of the

assoc i ated constraint theory. Theproof - of - concept implementation includes

theconstraint solver descr ibed aboveand its integration in a chart - based

gener a tor integrating surface realization and inference. For the examples

discussed in this paper, theconstraint solver returns theminimal solution in

millise c onds. Theintegration of the constraint solver within the generator

permits realizing def i nite NPs including negative inform a tion ( the cat that

is not white ) and simple co n junctions ( The cat and the dog ).

3.2. Inadequatedistinguishing descriptions

As argued in (Gardent 2002), theincremental algorithm, esp ecially when

generalized to boolean properties and sets of individuals, might yield

cogn i tively and linguistically inadequatedistinguishing descriptions.

Consider for instancea context such as pictured in Table1 and su p pose

thetarget set is { x 1 , x 2 , x 3 , x 4 }

Table 1. The dog, the rabbit and the cat.

White Small Medium Big Dog Ra b bit Cat Horse Sheep

x 1 · · ·

x 2 · · ·

x 3 · ·

x 4 · · ·

x 5 · · ·

x 6 · · ·

x 7 · ·

x 8 · ·

x 9 · ·

x 10 · ·

Recall that to build a distinguishing description for a given target set, the

incremental algorithmgoes through thelist of availableproperties in a given

order and selects fromit thoseproperties which at each step (i) havethe

target set in their ex tension (all objects in thetarget set must havethe

s e lected property) and (ii) eliminatesomedistractor (the extension of the

s e lected property may not becontained in thecurrent distractor set).

Generating definite descriptions

Theordering of theproperties is fixed in two ways. Fir st, thedisjun c tive

length is considered: thealgorithmstarts with disjunctiveproperties of length

one, then goes on to disjunctiveproperties of length two etc. (cf. [vD01]).

Second, properties areordered using sortal information (cf. [DR95]). For

inst ance, thesearch through theavailableproperties for theabove exa m ple

could befixed to follow theorder:

type< size< color

Given theseassumptions, thesteps followed by theincremental alg o rithm

to build a distinguishing description for thetarget s et { x 1 , x 2 , x 3 , x 4 }

in thecontext sketched in Table1 might beas sketched in T a ble2.

First, a non - disjunctivetypeproperty is looked for whose extension

co n tains thetarget set and is not contained in thecurrent distractor set

namely { x 5 , x 6 , x 7 , x 8, x 9 , x 10 }. Two properties satisfy these

criteria: Ø Horse and Ø Sheep . Supposetheproperty Ø Horse is selected. It is

then added to thedistinguishing description (which is initially empty) and the

distractor set is updated to theintersection of thecurrent di s tractor set with

the exte n sion of theselected property namely, { x 5 , x 6 , x 7 }.

Table 2. Generating descriptions of sets with the incremental algorithm.

selected property distractor set

disjunct of length 1

type Ø Horse { x 5 , x 6 , x 7 }

size Ø medium { x 5 }

color No applicable pro p erty. { x 5 }

disjunct of len g th 2

type No applicable pro p erty. { x 5 }

] r size No applicable pro p erty. { x 5 }

color No applicable pro p erty. { x 5 }

disjunct of length 3

type Dog Ú Rabbit Ú Cat

r

{ x 5 }

Next the^sizeproper ties~ areconsidered and theproperty Ø m edium is

selected reducing thedistractor set to { x 5 } . No color pr o p erty satisfies the

selection criteria hencedisjunctiveproperties of len g th two areconsidered

noneof themsatisfies theselection criteria. When considering disjunctive

properties of length three, thedisjunctivetypeproperty Dog Ú

>

Rabbit Ú C at

is selected thus yielding an empty distractor set. At this stagegeneration

halts yielding thedisti n guishing description:

Gardent, Manuélian, Striegnitz, Amoia

( Ø Horse ) Ù ( Ø

Medium ) Ù ( Dog Ú Rabbit Ú Cat )

That is, theincremental algorithmwill in this caseyield a distingui s hing

description which can beparaphrased as

The dogs, rabbits and cats that are not horses and that are not m e dium size .

when a much shorter and morenatural distinguish ing description would

in this casebetheoneparaphrased as

The dogs, the rabbits and the cats .

Moregenerally, this exampleillustrates threetypes of problems for the

incremental approach:

· Context redundant descriptions: thedescription produced might

b econtext redundant in that a property present in the description

might be entailed in the given context by some other information

present elsewhere in the description. For instance the ( Ø Medium )

property is context redundant in the above de s cription as i n the

g i ven context, dogs, rabbits and cats are all e i ther big or small

hence not medium size.

· Epistemically redundant descriptions: the description produced

might be epistemically redundant in that a property it contains

fo l lows from some other informatio n present elsewhere in the

gene r ated description and from our general knowledge about the

world. For instance the ( Ø Horse ) property is epistemically

redundant in the above description since we know that dogs,

rabbits and cats cannot be horses.

· Logically c omplex descriptions: the description produced might

be unnecessarily complex due to a high number of logical

conne c tives. For instance, the description generated for the above

example by the incremental algorithm contains two neg a tions, two

disjun c tions an d two conjunctions whilst a much si m pler

distinguishing description exists which contains only two

disjunctions.

In contrast, becauseit produces minimal descriptions, thenon -

incremental algorithm for computing distinguishing descriptions presented

in th e previous section is not affected by any of these problems.

Generating definite descriptions

3.3. Inadequatedefinitedescriptions

In caseof success, theoutput of theincremental algorithmis a disti n guishing

description, which is a conjunction of possibly complex prope r ties whose

d e notatio n equals thetarget set.

To further realize this distinguishing description into a definite

d e scri p tion, a kind of ^doubleincrementality~ has sometimes been pr o posed

(Horacek, 1997, Stone, 1998) which consists in interleaving theincremental

algorithmwit h surface realization , i.e., with theconstruction of thesyntactic

treeassociated by thegrammar with theinput semantic representation. Each

selected property is used to retrievea lexical entry whosesemantics is this

property and this lexical entry is immediately integrated into thetreewhich

has been generated so far. In this way, it is ensured that thedistinguishing

d e scription can be realize d as a definitedescription (when thecurrent tree

cannot beupdated with theselected lexical entry, anothe r property is

s e lected).

Thus in these doubly incremental approaches, it is not only the content

but also the form which is determined greedily, i.e., locally and without

backtracking. In other words, no global information is available which

could help in planning the definite NP. As we shall now see, this lack of

global information may result in very unnatural definite NPs.

Consider again the above example. As noted, the distinguishing

de s cri p tion produced by the incremental algorithm could in this case be

( Ø Horse ) Ù ( Ø Medium ) Ù ( Dog Ú Rabbit Ú Cat )

If, as suggested by the doubly incremental algorithms, properties are

realize d in order of selection, the successive realization phases will rou g hly

be as follows:

The non horses.

The non medium sized non hors es.

The non medium sized non horses that are either dogs, rabbits or cats.

where, as noted above, a much more natural realization of the input

di s tinguishing description would be:

The dogs, rabbits and cats that are not horses and that are not

m e dium size

Theproblemis that theorder in which theincremental algorithmselects

properties and theorder in which properties can best be realize d are

go v erned by completely orthogonal constraints. Moregenerally, thelack of

Gardent, Manuélian, Striegnitz, Amoia

global information concerning thesema ntics of theNP to begenerated

means that theoverall structureof theNP cannot beoptim i sed. So for

i n stancethegenerator is in this caseunableto recognisethat the^best~

def i nitedescription realizing thecomputed distinguishing description is a

th reedisjuncts NP with two conjoined modifiers (rather than a onedisjunct

NP with threedisjoined modifiers).

In contrast, a surface realize r that is guided by a goal semantics (e.g., a

distinguishing description) can usethis semantics to plan and optimis ethe

structureof thegenerated constitutent (e.g., a definitedescription).

To start with, sincethesemantic information to be realize d is given

glo b ally, realization can bedictated by thegrammar on thebasis of the

selected lexical entries and of the ir syntactic combinatorics rather than on

theorder in which properties areselected.

Further, various optimization strategies can bedevised based on the

stru c tureof thesemantic input. Thus for instance, thesurface realize r can

detect fromtheformof theinput delivered by theconstraint solver described

in theprevious section (in essencea disjunctivenormal form, i.e., a

disjun c tion of conjunctions of literals) thenumber of conjuncts contained in

thegenerated definitedescription ˘ and recursively thenumber of disjuncts

each conjunct should contain. Similarly, becausen e gativeand positive

properties arekept separate, realization strategies can bedevised to optimise

thestru c tureof theNP (if thedistinguishing description contains several

nega tiveproperties, for instance, antonyms can besearched for to

mininimisethenumber of neg a tions). Finally, aggregation techniques could

beapplied to theinput so as to avoid therepetition of semantic material

appearing several times in theinput distin guishing description.

A further advantageof thenon - incremental algorithmpresented in

Se c tion 3.1 is that it provides a richer input for surface realization . Recall

that theinformation output by theincr e mental algorithmfocuses on property

names rather than on property denotations. As a result, appropriatedecisions

regarding thesing u lar/plural distinction cannot bemade: sincethe

cardina l ity of the exte n sion of theproperty to be realize d is unknown, it is

not poss i bleto d e cidewhether the realize d constituent should beplural

(cardinality greater than one) or singular (cardinality equal to one).

In contrast, theinput delivered by thenon - incremental algorithmto the

surface realization component is a sequenceof descriptions L 1 - n and of

co r respondi ngs sets S 1 - n each description L i in L 1 - n is a distinguishing

descri p tion for thecorresponding set S i in S 1 - n and thesequenceof

de s criptions S 1 - n is interpreted as a disjunction. This pairing of descriptions

Generating definite descriptions

with sets, means that thecorrect number info rmation can bedeterm i ned: if a

set has cardina l ity one, thecorresponding NP will besingular; elsetheNP

should beplural.

In sum, although theconstraint based approach, not being increme n tal,

does not allow for a tight interleaving of content planning and su r face

realization and thus does not guaranteethat theplanned distingui s hing

descri p tion can actually be realize d, it provides top - down guidancefor the

realize r which better supports thegeneration of syntactically optimal definite

d e scriptions. N otefurther that thereverseproblemholds for doubly

incr e mental algorithms: although they guaranteethat a definitedescription is

built wh e never a distinguishing description exists, they fail to guaranteethat

a refe r ring expression is generated for tho secases whereno distinguishing

descri p tion exists. Indeed in such cases, thedoubly incremental algorithm

will fail whereas thenon - incremental alg o rithmwill both detect thelack of

disti n guishing description and proposean alternativereferring e x press ion

(e.g., an indefiniteNP).

4. Definite descriptions and inference

Thealgorithms that wehavelooked at so far havein common that they

re p resent context as a set of atomic facts. Thedefinitedescriptions they

gene r ateall refer to entities explicitly men tioned in this context and only

contain information explicitly given in this context. In this section, wewant

to look at an extension of thebasealgorithmthat uses a richer notion of

context and can thereforegeneratedefinitedescri p tions requiring som e

reasoning on thepart of thehearer. Wewill first present thedata that we

want to captureand then describethe extended algorithm.

4.1. Inferencebased definitedescriptions

Theprototypical useof definitedescriptions is as in thefollowing e x ample.

(1) A wo man came in. The woman was wearing a beautiful hat.

In this example, thedefinitedescription is referring to an entity that has

explicitly been mentioned beforeand is only using properties that have

e x plicit been a t tributed to that entity. This kind of d efinited e scription is also

known as directly co - referring definite descriptions . However, corpus

Gardent, Manuélian, Striegnitz, Amoia

stu d ies haveshown that this protoypical useof definitedescriptions only

a c counts for about 30% of all definitedescri p tions that arefound in natural

text (Poesio and Vieira 1998). Poesio and Vieira found that additional 24%

werewhat wecall inference based def i nite descriptions . Wedistinguish two

types: indirectly co - referring def i nite descriptions and bridging

descri p tions . Thefollowing is an exampleof an indirectly co - referring use.

(2) An actress entered the stage. The woman was wearing a big hat .

ThedefiniteNP the woman is referring to an entity that has expli c itly

been mentioned beforebut uses information that has not explicitly been

a t tributed to th at entity before. In (2) this information is a gene r alization of

what is already known about thereferent, and hence, could beinferred from

thecontext if somebac k ground information of theform` actresses are

women´ was known. (3) shows examples wheret his is not thecase.

(3) a. John has bought a newcar. The Volvo delights him .

b. I met a man yesterday. The bastard stole my money .

In (3a), thedescriptivecontent of thedefinitedescription is a

spec i fic a tion of what´s already known about th ereferent (Volvos arekinds

of cars). In (3b), thedefinitedescription is giving a re - description of its

referent; it adds information which is not in any rel a tion with what´s already

known about thereferent. In thefollowing, wewill concentratein ind irectly

refe r ring definitedescriptions of thetypeshown in (2).

Thesecond typeof inferencebased definitedescriptions, bridging

d e scriptions, aredefinitedescriptions that refer to an entity that has not

expli c itly been me n tioned before. However, it is related to an entity that has

been mentioned before. Hereis an exampleof such a case.

(4) John entered the room. The ceiling was very high .

Theceiling mentioned in thesecond sentenceis a part of theroom

me n tioned in thefirst sentence. Moreover, o ur general knowledgeabout

rooms tells us that every roomhas a ceiling. So, when hearing that thereis a

room, wealready know that therealso must bea ceiling. (5a) shows a

bridging description that refers to an entity of which wedon´t know before

that it exists. Not all rooms havewindows. Therefore, the exi s tenceof the

window doesn´t follow fromthecontext. However, it is quiteprobably in the

given context, as most rooms havewindows. This is not thecasein (5b).

Thefact that thereis a chandelie r neither follows fromthecontext nor is it

probablein thegiven context. But even as it is not common for rooms

Generating definite descriptions

nowadays to havechand e liers, it is plausibleto link thechandelier to the

roomas rooms typically havelamps and a chandelier is a typeof lamp;

moreover, it is a typeof lamp that usually is found in rooms.

(5) a. John entered the room. The windows looked out to the bay.

b. John entered the room. The chandelier was sparkling brightly.

Beforewego on, wehaveto introducesomemoreterminology. In the

rest of this section, wewill follow Daleand Reiter and call therefe r ent of the

definitedescription that wearegoing to generatethe target. The entity in the

discoursecontext that thetarget is linked to is called anchor. This link is

establi shed via theidentity relation in thecaseof co - referenceand via some

bridging relation in thecaseof bridging d e scriptions. Clark (1977), who

introduced theterm bridging , identified various different types of bridging

relation, such as thepart - of rel ation, semantic roles of verbs, reasons,

co n sequences. For themoment, wewill usea fairly general part - of relation

as our only bridging relation. But seeSection 5 for results of a corpus study

aiming at a better understanding of what kinds of relation c an act as bridging

relations.

4.2. An algorithmfor generating inferencebased definitedescriptions

Wewill now seehow thebasic algorithmof Section 2 can be extended with

thenecessary knowledgeand reasoning to generateinferencebased definite

description s. First, wewill determinewhat kind of inform a tion sources are

involved in thegeneration of thesedefinitedescriptions and re - specify the

representation of thecontext accordingly. Then, wewill characterizethe

conditions under which a definitedescri ption can bethought to beuniquely

identifying when taking into account this add i tional knowledgeand

reaso n ing. Finally, weintegratetheseconditions into theincremental

algorithmand illustrates theworkings of the e x tended algorithmby going

through an e x ample.

4.2.1. The discourse context

In theincremental algorithm, thecontext is a list of positiveliterals

recor d ing information that is known to both thehearer and thespeaker. It

Gardent, Manuélian, Striegnitz, Amoia

specifies entities and lists their properties To deal with bridging def i ni tes and

ind i rectly anaphoric definites, this notion of context has to be extended in

two ways. First, weneed a model of therelevant world and lexical

knowledgecontaining information of thetype: restaurants have cooks,

po o dles are pets. Second, wehave to beableto access knowledgethat the

speaker might haveabout thesituation and which is not shared by the

hearer. Thedefinitedescription in (5a), for instance, refers to an entity which

thehearer does not know about beforehearing these n tence. For generation

wehaveto model this fact. Our context will ther e foreconsist of threeparts

now:

Discourse Model (DM): A list of positiveliterals modelling thepr e vious

discourse. This is essentially thecontext used in thei n cremental

algorithm. Entities w hich arementioned in thedi s coursemodel

discourse old entities.

Ex.: DM = {restaurant(r), Italian(r), �}

World Knowledge (WKL): Background knowledgeshared by the

speaker and thehearer. WKL together with theDM is the shared

knowledge, i.e. information t hat both thespeaker and thehearer

know about .

Ex.: WKL = { " x (restaurant(x) ® $ y (cook(y) Ù part - of(y,x))),

�}

Speaker Model (SM): Additional knowledgeof thespeaker.

Ex.: DM = {cook(c), part - of(c,r), �}

4.2.2. Intended and potential anchors

Now, that we havethe enriched representation of thecontext, wehaveto

exminehow it interacts with therequirements under which a definite

descri p tion can beused. In other words, what does it mean now for an entity

to beuniquely identified by a definitedescripti on? To answer this question,

we employ theterms i n tended anchors and potential anchors. Intended

anchors (IA) arethosediscourseold entities which thespeaker intends to act

as theanchor of thetarget, and potential anchors (PA) arethose entities

whic h fromthehearer´s point of view (i.e., taking into account only shared

know l edge) could act as anchors of thetarget.

In thebasic algorithm, theonly intended anchor is always thetarget

i t self. With bridging descriptions this definition obviously has t o be

Generating definite descriptions

loosened. (It is, in fact, oneof thedefining characteristics of bridging

descriptions that theanchor is different fromthetarget.) Wewill say that

intended anchors areall thosediscourseold entities o, such that either o is

equal to thetarget, or it follows fromthespeaker´s know l edgethat o is

related to thetarget via a bridging relation. For instance: Let c bethetarget.

If c is mentioned in DM , then c is an intended a n chor. Furthermore, if SM

_

�

bridge(o,c), then o is an intended anchor of c as well.

The potential anchors of a target t given the description L aregiven by

D(t,L) in thebasic algorithm. Also this definition needs to beloo s ened now.

Thepote n tial anchors for thedefinitedescription the cook, for example,

should includenot only all thecooks in thediscoursemodel but also all

re s taurants. Potential a n chors will thereforebeall discourseold entities o

that, given theshared knowledge, fulfill oneof thefollowing conditions:

1. o fits thedescription L of t. For instance: L = {cook(c)}, t = c, and

DM + WKL _