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Abstract and understanding involves reasoning about how
domain-independent linguistic forms can be used
We describe a dialogue system that works  in context to contribute to the task; see Section 4.

with its interlocutor to identify objects. Our system reduces to four modules: understanding,
Our contributions include a concise, mod- update, deliberation and generation, together with
ular architecture with reversible pro- some supporting infrastructure; see Section 5. This

cesses of understanding and generation, design derives the efficiency and flexibility of refer-
an information-state model of reference, ential communication from carefully-designed rep-
and flexible links between semantics and resentation and reasoning in this simple architecture;
collaborative problem solving. see Section 6. With this proof-of-conceptimplemen-
tation, then, we provide a jumping-off point for more

. detailed investigation of knowledge and processes in

People work together to make sure they understa@l Overview and Related Work
one another. For example, when identifying an ob-

ject, speakers are prepared to give many alternati@ur demonstration system plays a referential com-
descriptions, and listeners not only show whethanunication game, much like the one that pairs of
they understand each description but often help theuiman subjects play in the experiments of Clark and
speaker find one they do understand (Clark and/ilkes-Gibbs (1986). We describe each episode in
Wilkes-Gibbs, 1986). This natural collaboration isthis game as an activity involving the coordinated
part of what makes human communication so robusiction of two participants: director D who knows
to failure. We aim both to explain this ability and tothe referenR of a target variabl@ and amatcher
reproduce it. M whose task is to identiffr. Our system can play

In this paper, we present a hovel model of collabeither role,D or M, using virtual objects in a graph-
oration in referential linguistic communication, andical display as candidate targets and distractors, and
we describe and illustrate its implementation. As wesing text as its input and output. Our system uses
argue in Section 2, our approach is unique in conthe same task knowledge and the same grammar
bining a concise abstraction of the dynamics of jointvhichever role it plays. Of course, the system also
activity with a reversible grammar-driven model ofdraws on private knowledge to decide how best to
referential language. In the new information-statearry out its role; for now it describes objects using
model of reference we present in Section 3, intethe domain-specific iteration proposed by Dale and
locutors work together over multiple turns to assoReiter (1995). The knowledge we have formalized is
ciate an entity with an agreed set of concepts théirgeted to a proof-of-concept implementation, but
characterize it. On our approach, utterance planninge see no methodological obstacle in adding to the



system’s resources. 3 Information State

We exemplify what our system does in (1).
plify y @ Our information state (IS) models the ongoing col-

(1) a. S: This oneis a square. laboration using a stack of tasks. For a task of col-
b. U: Um-hm... laborative reference, the IS tracks how interlocutors
L together set up and solve a constraint-satisfaction
c. St Its light brown. problem to identify a target object. In any stake,
d. U: You mean like tan? andM have agreed on a target varialand a set of
e. S: Yeah. constraints that the value ®fmust satisfy. Whev
¢ S Its solid, recognizes that these constraints iden®fithe task

_ ends successfully. Until ther) can take actions
g. U: Gotit. that contribute new constraints ¢ Importantly,

The system (S) and user (U) exchange seven utté’YhatD says adds to what is already known abBut

ances in the course of identifying a tan solid squaré0 that the identification dR can be accomplished

We achieve this interaction using the information2¢'05S multiple sentences with heterogeneous syn-

state approach to dialogue system design (Larss&ehc'[IC structure. .

and Traum, 2000). This approach describes dialogueou,r IS alsq allows subtasks of questlo'nlng or (_:Iar—

as a coordinated effort to maintain an agreed reco}glcat'on thatinterlocutors can use_to m"?"”ta'” ahgn_—

of the state of the conversation. Our model contrasf8®"t The same con;tralnt-s_atlsfactlon _model 'S
with traditional plan-based models, as exemplifieélIse<j not only for referring to displayed objects but

by Heeman and Hirst's model of goals and beliefg\lso for referring to abstract entities, such as actions
in collaborative reference (1995). Our approach a®’ properties. Our IS tracks. the saher,]ce of_ent_lty

stracts away from such details of individuals’ men—anCI property referents and, like Purver's, maintains

tal states and cognitive processes, for principled reg]e previous utterance for reference in clarification

sons (Stone, 2004a). We are able to capture thegggstlons. rITIOtleS’ f;]owevrc]er, that')[ we do not factorf
detailsimplicitly in the dynamics of conversation, updates to the IS through an abstract taxonomy o

whereas plan-based models must represent them speech acts. Instead, utterances directly make do-

plicitly. Our representations are simpler than Hedl@!n MOVES, such as adding a constraint, so our ar-

man and Hirst's but support more flexible Clialogue(_:hltecture allows utterances to trigger an open-ended

For example, their approach to (1) would have infange of domain-specific updates.
terlocutor_s coordinating on goals and peliefs abo% Linguistic Representations
a syntactic representation ftine tan solid square
for us, this description and the interlocutors’ com-The way utterances signal task contributions is
mitment to it are abstract results of the underlyinghrough a collection of presupposed constraints. To
collaborative activity. understand an utterance, we solve the utterance’s
Another important antecedent to our work isgrammatically-specified semantic constraints. An
Purver's (2004) characterization of clarification ofinterpretation is only feasible if it represents a
names for objects and properties. We extend thintextually-appropriate contribution to the ongoing
work to develop a treatment of referential descriptivéask. Symmetrically, to generate an utterance, we
clarification. When we describe things, our descripuse the grammar to formulate a set of constraints;
tions grow incrementally and can specify as muckhese constraints must identify the contribution the
detail as needed. Clarification becomes corresponslystem intends to make. We view interpreted lin-
ingly cumulative and open-ended. Our revised inguistic structures as representing communicative in-
formation state includes a model of cumulative antentions; see (Stone et al., 2003) or (Stone, 2004b).
open-ended collaborative activity, similar to that ad- As in (DeVault et al., 2004), &nowledge in-
vocated by Rich et al. (2001). We also benefit fronterfacemediates between domain-general meanings
a reversible goal-directed perspective on descriptivend the domain-specific ontology supported in a par-
language (Stone et al., 2003). ticular application. This allows us to build inter-



pretations using domain-specific representations féo identify the object’s color unambiguously. The
referents, for task moves, and for the domain propiser’s clarification request at (1d) marks this de-

erties that characterize referents. scription of color as problematic and so triggers a
_ nested instance of the collaborative reference task.
5 Architecture At (le) the system adds the user’s proposed con-

Our system is implemented in Java. A set of in§tra|nt and (we assume) solves this nested subtask.

terface types describes the flow of information ana- he system returns to the main task at (1f) having

control through the architecture. The representatio?{;unded the color constraint and continues by iden-

and reasoning outlined in Sections 3 and 4 is aél- ing the pattern of the target object.

complished by implementations of these mterfacel%
that realize our approach. Modules in the archltecl-_ . . :
. The system is the director; the user is the matcher.
ture exchange messages about events and theII’JH_—l target is reoresented orovisionally by a di
terpretations. (1) Deliberation responds to changes € target Is represented provisionaly by S
. . =~ course referent;, and what has been agreed so far
in the IS by proposing task moves. (2) Generatiof :
o . . IS that the current target is a square of the rele-
constructs collaborative intentions to accomplish the . .
o Yant sort for this task, represented in the agent as
planned task moves. (3) Understanding infers col- . : "
o : : . square-figure-obje¢t; ). In addition, the system has
laborative intentions behind user actions. Genera-. : .
) : . anately recorded that squam is the referent it
tion and understanding share code to constructinten- " : : L
. ._must identify. For this IS, it is expected that the
tions for utterances, and both carry out a form of in-,. . " L
. director will propose an additional constraint iden-
ference to the best explanation. (4) Update advances . . :

. . . . ._titying t;. The discourse state represetitas being
the IS symmetrically in response to intentions Slgi_nf r available for pronominal referen
naled by the system or recognized from the user; OC[.JSO ? allable C.) pronominal reference. e

Deliberation now gives the generator a specific

the symmetric architecture frees the designer from )
programming complementary updates in a symmemove for the system to achieve:
rical way. Additional supporting infrastructure han- 2) add-constraint;,
dles the recognition of input actions, the realization
of output actions, and interfacing between domaifhe content of the move in (2) is that the system
knowledge and linguistic resources. should update the collaborative reference task to in-
Our system is designed not just for users to inteclude the constraint that the target is drawn in a par-
act with, but also for demonstrating and debuggingcular, domain-specific colorRGB valuer4-A4-60,
the system’s underlying models. Processing can kg xHTML standard “sandy brown”). The system
paused at any point to allow inspection of the sysfinds an utterance that achieves this by exploring
tem’s representations using a range of visualizatiofead-first derivations in its grammar; it arrives at the
tools. You can interactively explore the IS, includingderivation ofit's light brownin (3).
the present state of the world, the agreed direction
of the ongoing task, and the representation of lin- brown [present predicative adjective]
guistic distinctions in salience and information sta-(3)
tus. You can test the grammar and other interpretive
resources. And you can visualize the search space
for understanding and generation.

Let us explore utterance (1c) in more detail. The
records the status of the identification process.

color-sandybrowtt; ))

it [subject] light [color degree adverb]

A set of presuppositions connect this linguistic
structure to a task domain; they are given in (4a).
The relevant instances in this task are shown in (4b).

Let us return to dialogue (1). Here the system rep- o ,
resents its moves as successively constraining th) a. predicatior(M) A brown(C) Alight(C)
shape, color and pattern of the target object. In gen-  b. predicatior{add-constrainfA
erating (1c), the system iteratively elaborates its de- brown(color-sandybrowi

scription frombrown to light brown in an attempt light(color-sandybrowin

6 Example



The utterance also uséts to describe a referent In language understanding, for example, we can col-

X so presupposes than-focugX) holds. The lapse together notional subprocesses like semantic

move effected by the utterance is schematized asconstruction, reference resolution, and intention

M(X,C(X)). Given the range of possible task movesecognition and solve them in a uniform way.

in the current context, the constraints specified by Our declarative, reversible approach supports an

the grammar for (3) are modeled as determining thanalysis of how the system’s specifications drive its

instantiation in (2). The system realizes the utternput-output behavior. The architecture of this sys-

ance and assumes, provisionally, that the utterantem thus provides the groundwork for further in-

achieves its intended effect and records the new comestigations into the interaction of social, linguis-

straint ont;. tic, cognitive and even perceptual and developmen-
Because the generation process incorporates éalprocesses in meaningful communication.

tirely declarative reasoning, it is normally reversible.

Normally, the interlocutor would be able to identifyACknOWIedgementS

the speaker’s intended derivation, associate it witBupported in part by NSF HLC 0308121. Thanks to

the same semantic constraints, resolve those capaul Tepper.

straints to the intended instances, and thereby dis-

cover the intended task move. In our example, this
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