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An implementable semantics for utterance context

Abstract

Rich representations of context increas-
ingly drive dialogue systems, yet it re-
mains difficult to assess whether those
context models are good or bad, right or
wrong, or used correctly within a sys-
tem. We think the problem lies in the re-
ceived views of context in pragmatic the-
ory, which characterize the occurrent sub-
jective states of interlocutors. These views
are both wrong and unhelpful for system-
building. We present a new characteriza-
tion of utterance context as both objec-
tive and normative. This view is intu-
itively clearer, more directly informs the
design of practical representation and rea-
soning, and introduces criteria that will
support substantive evaluation of imple-
mented models.

Introduction

and link modeling decisions to domain require-
ments. Yet models of context and interpretation re-
main very difficult to evaluate quantitatively, espe-
cially during the design and implementation of a
new system (Thomason and Jordan, 1995). Conse-
guently, many researchers view rich context as sim-
ply incompatible with effective system-building.

We think the problem lies with received views of
context in pragmatic theory. In particular, we believe
it has been a mistake to adopt a semantics for context
representations in terms of the occurrent subjective
states of interlocutors, as captured by technical no-
tions likemutual belief(Schiffer, 1972) or evemu-
tual supposition(Thomason, 1990). This semantics
cannot be realized in systems, because we can't de-
termine the “ground truth” about mutual belief (and
interlocutors’ attitudes generally) for human-human
or human-computer dialogues. This makes it impos-
sible to build models of context based on empirical
observations, or to evaluate models of context based
on their compatibility with a corpus.

In this paper, we present a new characterization of
utterance context as both objective and normative.

Dialogue systems depend on their representationsWfhile systems might aim tachievemutual suppo-
context. Systems can use them to link utterances $ition to avoid misunderstanding (Clark and Mar-
what the user might be trying to do (Allen et al.,shall, 1981), their context representations, we will
2001; Rich et al., 2001), to pursue courses of a@rgue, should natneanthat propositions are mutu-
tion that meet their obligations to users (Traum andlly supposed. Instead, context should be seen as an
Allen, 1994), and to support clarification and othenbjective product of actiontaken by the interlocu-
flexible communicative strategies (Purver, 2004tors; this objective product is what system represen-
Ginzburg and Cooper, 2004).

tations should target. In Section 3, we use a clear

Managing such sophisticated resources is analogy with the game of chess to illustrate what

methodological challenge. Teams need principledre have in mind, and then discuss an implementa-
ways to circumscribe their context representationson of our approach in a dialogue system, COREF,



that collaboratively identifies visual objects with hu- If agents sometimes need twave mutual atti-
man users. Examples of misunderstanding and utudes, must their representations therefdescribe
certainty highlight the differences and advantages ohutual attitudes? Of course not: there’s a huge gap
our approach. between theonditionsrational system behavior de-
On our semantics, an external observer can detgrends on and thmeaningof the underlying repre-
mine how context is to be represented by examirsentations (Dennett, 1989). Nevertheless, it's com-
ing the utterances that interlocutors use as they panon to assume that dialogue system context repre-
form real-world tasks, without access to their mentaentationslo describe mutual attitudes—see, for ex-
states. Thisyields much clearer guidance about whample, (Traum, 1994; Poesio and Traum, 1997; Rich
context representations a practical system shouéd al., 2001; Blaylock, 2005). On this approach, the
have; it enables simpler models of contextual inferdeveloper intends the agent’s representation of con-
ence, including straightforward ways to accommotext fundamentally to characterize the mutual beliefs
date probabilistic reasoning about the current coref the agent and its human user. It is against this
text; and it introduces criteria that promise to allow'common ground” of mutual belief that utterance in-
us to assess objectively whether context models aterpretation occurs, in the hope of avoiding potential
good or bad, right or wrong, or used correctly withirmisunderstandings (Clark, 1996).
a system. These contributions make the new accountAssuming a mutual belief semantics for context
a significant result for computational linguistics.  poses a serious methodological problem: for many
propositionsp, we have no way to tell during sys-
tem development whether (1) will hold. In fact,

On theoretical grounds, we know that agents mudihking context to attitudes at all is problematic for
have mutual beliet to solve coordination prob- System-building. Once we move away from private
lems (Lewis, 1969), to interpret definite reference&epresentations of the world to higher-order beliefs
in conversation (Clark and Marshall, 1981), or tdike (1c.d) and (1e,f) there is insufficient evidence
participate in multi-agent collaboration (Cohen andor @ developer to make principled decisidrerself
Levesque, 1991; Grosz and Sidner, 1990; Grosz aidpout whether such beliefs will obtain, much less
Kraus, 1996), at least in certain cases. Atan intuitiv@utomate these decisions. What will the user believe
level, when a belief is mutual betwe&andH, not about a new agent’s beliefs? What will the user be-
only doSandH privately believe it, but they each lieve the agent believes the user beliedes?
believe the other believes it, and so on, so they can The absence of any corpus of “ground truth”
safely take it for granted. One of the first and mos@bout higher-order attitudes means, in practice, that
widely known definitions of mutual belief is due toresearchers leave the meaning of the context rep-
Schiffer (1972): resentations of implemented dialogue systems rel-
atively unspecified; see, e.g. (Allen et al., 2001,

2 Context and mutual belief

Bsp (a) Purver, 2004). We cannot try to represent what’s
A Buyp (b) true, so we simply include in the context when-
A BsBH P (c) ever doing so leads to some desired system behavior
MBsH P=def A BuBsp  (d) (1) y. The fact that we can no longer judge whether a
A BsBuBsp (e given representation of context i®rrectis a real
A BuBsBy p () drawback to the “semantics-free” approach. In ef-

fect, we can no longer analyze success or errors in
agent behavior except in terms of the agent’s entire

The Qeflnltlon records an infinite, hlerarchlca}l mter‘decision-making process and all the complex and
relation between a speaker and hearer’s private be-

liefs, which are represented by the modal operators 2perault, 1990) does offer one formal model, using default

Bs andBy, respectively, about some propositipn  logic, for how mutual belief about prior asserted content can be
- inferred in conversation, but the model depends on such strong

lor some analogous property of mutual knowledge, mutuassumptions and elaborate proofs that it would be difficult to
supposition, mutual goals, etc. exploit it for practical implementation.



heterogenous representations involved. This prefor a game of chess.

sures toward a “global optimization approach”in de- In chess there is a sefl of possible moves

velopment, where the meaning of the context reprer action types which we might formalize

sentation effectively changes with each new interagarametrically as4 = {advancePawnOneStep (P),

tion in the code that uses it. While a global approactoveQueen(Q, Po9), castle (R),...}. Each movea

can lead to rapid coverage in the early stages of da the game is(a) where wheren € 4 ando in-

velopment, we have found it to be unmanageable atantiates the free parametersiofDoinga effects a

a strategy for scaling up system capabilities in thdeterministictransformation on the current context.

long term, and a significant impediment to a persudA/e can formalize this by way of an update function:

sive evaluation. Geo1 « update (a,G;). o)

3 Objective, normative context One goal of each participant in a mental chess game,
_ _ then, is to track the evolving contegt as a stream

Like many others (Thomason, 1990; Poesio angf chess move&y, ap,...) plays out over email mes-

Traum, 1997), we view context apeoduct of inter- - gages. It is by doing so that valid and advantageous
locutors’ coordinated activity But we believe that oyt moves can be selected.

this context is best understood as an objective fea-\we maintain that the evolving contestin such

ture of the real world, which does not directly de-; mental game of chess @bjective and that even
pend on the attitudes of interlocutors. Agents’ repgq,gh the current context is not physically realized
resentations simply aim to capture the real context(On a chess board, for example), it would be very
This probably sounds crazy. But in fact, lots ofpisjeadingto define it in terms of the players’ men-
everyday activitiesnustwork this way. Correspon- 5| states. The context @bjectivein the sense that,
dence chess is a good example. Let us suppose tWpeach timet, the contexic is an abstract struc-
players take itin turns to send each other their mov&gre that is well-defined given the sequence of moves
by email. (Chess moves come with a formal nota a1,a,...,a_1) that have been exchanged by email.
tion, so indeed a computer could parse the emaii, does not depend on the subjective states of the
recognize the moves and track the resulting plaYﬁIayers. It would bemisleadingto definec; by way
Normally, we might expect each player to keep tracks the players’ beliefs about it because their indi-
of the game by moving pieces on a physical chesgiqual beliefs may manifest any number of errors:
board, keeping the board in sync with moves as theyhe or even both players may have forgotten or mis-
are made. But actually two ambitious players coulginderstood where one piece or another is, whether
use only their emailed moves and their imaginationg knight has been captured, etc. Nevertheless, the
to play chess. In what follows, we use mental chesgatys of all the pieces is a matter fatt that fol-
to develop a vocabulary for describing context agws from the moves that have actually been méde.
the abstract product of coordinated activity (Sectioff we were to model the chess context by way of
3.1), show how this vocabulary applies to dialogugne peliefs (or mutual beliefs) of the players, our
(Section 3.2) and use a case of misunderstandifgodel would capture more of the playepgrspec-
to show how this vocabulary improves on modelgjyes but it would obscure the objective status of the
based on mutual belief (Section 3.3). underlying game, and it would hide the normative
role played by the true state as players improve their
chess skills, recover from mistakes, and cope with
We can treat the state opntextof a chess game as their private uncertainties.
an abstract structue= (t, p1, p, ..., P32) recording We will argue that to define utterance context in
whose turrt it is to move next (one or the other of terms of interlocutor beliefs (or mutual beliefs) is
the players) and the current positipnof each of the misleading in exactly the same way, with exactly the
32 chess pieces (either some board position or “capame sorts of detrimental consequences.
tured")' Let us writec; for the context at time, and m dispute, if the email logs were available, the ac-
let the initial contexty, be the starting configuration tual chess state could be settled by examining the move history.

3.1 Context as a product of action



Cth . again capture by an update function as in (2). In di-
G ;_e targgt Isa alogue, these actions may insert new component en-
‘ lamon tities and/or remove or update existing entities from
b

Up: youmeana the context. By representing the objective dynamics

a diamond jewel? of this update _ function, we can i_mplement the up-
date mechanisms of an information state approach to
. @ Cs: yeah dialogue management (Larsson and Traum, 2000).
This grounds the data structures and operations im-
c d Us: ok plemented systems use (Traum, 1999; Purver, 2004)

without characterizing those structures semantically

in terms of mental state, as in the current founda-

Figure 1: User interaction with the COREF agentq, for the information-state approach (Poesio and
The user()) can see the four displayed objects, bu‘i’raum 1997).

not COREF's C) private labelsa,b,c,d} for them.
The target in this example is objedtt

We have been able to model the initial context in
our collaborative reference scenario as empty: as far
as the context is concerned, no propositions are ini-
tially agreed, no plans are initially underway, etc.
(Elsewhere, the initial context could include addi-
We illustrate our approach to utterance context Usional information, such as an initial task, as long
ing COREF, an implemented dialogue system thafs we have clear standards for identifying what that
COIIaboratively identifies visual ObjeCtS with humaqnformation |S) Meanwh”e’ our action set* in-
users. Figure 1 shows an excerpt of an interagjudes actions that select the referent sequence, initi-
tion with COREF. COREF is designed to partici-ate collaborative reference to a particular target ref-
pate incollaborative referencgClark and Wilkes- erent, add a constraif to the constraint network
Gibbs, 1990), in which human interlocutors come tggr g target §ddcr (C)), mark a target as identified,
agree on a target object through an interactive, multjnjtiate a clarification subtask, and inquire whether
utterance dialogue involving linguistic expressionggome action can be taken.
of heterogeneous form and function. When a speakeB utters a linguistic forml in

We understand dialogue context as an abstragiontextc;, we view S as intending to signal some
objective representation, analogously to the chesgquence of actions on the context by conventional
state, but now populated by the familiar attributesneans. The problem of interpretation for an utter-
of dialogue state: sets of propositions contributegnce ofl in contextc, then, is to recover the in-
to the conversational record, plans that are undetended action sequenée= (ay, ..., an). Given these
way, outstanding interlocutor obligations, linguisticactions, the new context is:
forms of prior utterances, etc. The state depends on
what interlocutors are doing. In COREF’s domain, &+n = update (an,update (...,update (a,G)...))
we have found that dialogue context takes the fOI’mor examp|e, in interpreting the user’s utteragioa
¢ =(RPT,C,U), whereRis a set of referents yet mean a diamond jewel®, in Figure 1, COREF in-

to be identified P is a set of agreed propositiors, terprets the user as signaling the following sequence:
is a stack of tasks (where each task specifies what

actions can occur nexf; is a set of constraint net-
works (one for each target referent), dhdks the uni-
verse of discourse (a set of properties and objects).

This context evolves over the course of the dia-
logue through the domain-dependent set of action
types, 4, that interlocutors draw on. As in chess,Upon successfully interpreting the user’s utterance,
each actiona = a(a) for a € 4 must have adle- COREF updates its private model of the context to
terministic effect on the current context, which wereflect these actions having occurred.

3.2 Utterance context and intended actions

1. initiate a clarification subtask

2. start collaborative reference targeting
COREF’s intended proper#y, 3)

3. inquire whether to take action
addcr(equals(P,diamondJewel))



D1: the target is a diamond
D intended:| addcr(rhombus(t))
M interpreted:| addcr(diamondJewel(t))
objective model mental state model
ground truth:| [c]| rhombus(t) MBy v (nothing about )
D private: | Bp[c] rhombus(t) BoMBp v rhombusi(t)
M private: | By [c] diamondJewel(t) BuMBb m diamondJewel(t)
Mo: ok
(same) (same)
Ds: the diamond is red
objective model mental state model
ground truth:| [c] rhombus(t) A red(t) MBp m red(t)
D private: | Bp[c| rhombus(t) A red(t) BoMBp v rhombus(t)  Ared(t)
M private(?):| Bu[c| diamondJewel(t)  Ared(t) BvMBy v diamondJewel(t)  Ared(t)

Figure 2: A case of misunderstanding in COREF’s domain. In this exampgethe director (the initiator of
the reference) anlll is the matcher. The visual display is as in Figure 1. We Wdit@ to mean proposition
p is part of context.

3.3 What's the difference? shared attitudes), due to the misunderstanding, mu-

The strengths of our view of context follow from twal belief is neither attained fahombus(t)  nor
for diamondJewel(t) . Thus neither is in the true

its ability to describe the dynamics of dialogue cor dboth q staken:D b
rectly and in intuitive terms. This is much harder‘?omex_t’ an Oltl Ef_‘n ':;I Ere mistaken: D ﬁ'
for approaches based on mental state. Consider gigves it mutually believed thatombus(t) , as he
COREF dialogue excerfd;—M,—D3 presented in Intended, whileM believes it mutually believed that
Figure 2. The figure tracks the evolution of the condiamendJewel(t) , asM interpreted. o
Our story has three advantages. First, by using in-

text in a case of misunderstandin®. begins with _ _
the red rhombus, i.e. objestat the top left of Fig- tended actions to characterize context, our model al-
ure 1, as the value of a target variableWithin this lows developers to think directly and exclusively in
domain, diamondcan mean eithemombus (as in terms of the representations that a dialogue system
card games) afiamondJewel (as in jewelry stores). needs independently for interpretation. Any frame-
D utters Dy, the target is a diamond. While D work needs an account of communicative intentions;
intends actionaddcr(rhombus(t) , as it happens, W& need them even to accurately characterize the po-
tential for a misunderstanding like this one. And di-

M interpretsD as doingaddcr(diamondJewel(t)) . ' )
We want to understand this dialogue by linking thélogue researchers have long argued that intentional

representations and inference the agents use to l%%tior_‘ Is fundamental to context change (:I'homason,
events in the dialogue on the one hand and the meat290; Poesio and Traum, 1997). Yet that's not what

ings of the agents’ representations on the other. THige mental state St°f¥ Says: there. context is funda-
mentally about what interlocutorthink, not about

puts us in the prototypical situation of a system- X X

builder. what they'vedone In cases like Figure 2 the two

What happens, we argue, is that afiey is ut- hotions come apart.

tered, the intended actiaddcr(thombus(t)) ~ takes  >€cond, our model better accounts for the mean-
ings of utterances as used in misaligned contexts.

its effect. D knows what his intended action was, ’ O
so his private model of the context is updated corl/NenM saysokin My, intuitively, M acceptsvhat-
D meants part of the new conte%t.On the

rectly. M however comes to believe, erroneously®V€"

that diamondJewel(® IS in the context. By €ON-  acompareok as acceptingvhatever M thinks D meanor
trast, on the mutual belief model (or any model ofvhatever D meant, but only provided M understood corréctly



objective modelpk can presuppose this content nowD3 was uttered). In order to respect the mutual be-
in the objective context and signal its acceptancéief semantics, a developer must construe the misun-
whether or not that content was understood corderstanding recovery process at best as one of con-
rectly. However, on the mental state approach, astructing counterfactual sets of mutual beliefs, sets
utterance obk so interpreted cannot be a case of orwhich could have been actual if certain private men-
dinary context-dependence. WhighsaysokatM,, tal events had occurred that did not. Meanwhile, it
since the true context is mediated lays erroneous seems hard on this semantics to avoid the counter-
private beliefs, whabD meant is simply not part of intuitive conclusion thaD’s utterance oDj3 is just
the context. In fact, a mutual belief approach willa mistake: its contextual requiremahbmbus(t)
more naturally say thdd's intended update and’s  was simply not satisfied whdbg was uttered.
acknowledgment simply do not take.

Third, our model lets us more clearly explain andt Prospects for evaluation

specify the process of recovering from misunder- _ o _
standings. In this example, wheh saysDs, the Effective system-building and substantive evalua-

diamond is red M will detect a problem because 0N Of rich context representations seems to depend
while the context appears td to describe the tar- ©N three developments. First, we need a corpus of
get as aed diamondJewel , there is no such object ground truth that can serve as a target for system-

in the visual display. Upon detecting the problevh, building and a b_e_nc_hmark for evaluation. Second,
can reinterpreD; and thuscorrecthis private model W€ need probabilistic methods that allow agents to
of the contextM had at first thought the context wasProceed in dialogue despite the inevitable uncertain-
[c] diamondJewel(t whereasM now recognizes ties in their linguistic experience. Third, we need to
that the true, objective context wig rhombus() exploit these resources to derive context representa-

This allowsDs to be interpreted as meaning that théi°n§ by clear and meaningful_infgrenc_e tasks. In this
targetrhombus is red , as intended. Conversely, pro_sectlon, yve_s_how that our objective view of context
videdD did not foresee the ambiguity that led to the"@Kes significant progress on all three fronts.
misunderstandind? did nothing wrong in uttering
the diamond is redn D3. M signaled understand-
ing of a diamondin D; by sayingok, soD naturally The objective model suggests that building a cor-
referred to the target abe diamondn Dz—again pus of ground truth for context within a domain re-
meaninghombus —and felicitously asserted that theduces to associating individual utterances with well-
targetrhombus was alsaed . defined actions. It might be suspected that we are
Compare the mental state model, where the trueally in no better position to construct such a cor-
context befordd; does not includenombus(t)y , be- pus than we were with the mutual belief model,
cause that isn't mutually believed befddg. On this since the relevant actions argendedactions, and
model, although M did have an erroneous represea-speaker’sntentionsmight appear no more acces-
tation of the context beforB3, fixing thaterror does sible than hisbeliefs However, the intended ac-
not help to interprebD’s utterance. WheM discov- tions on our model are very closely linked to real-
ers what is mutually believed, it's thabthingis mu-  world activity for which there is relatively clear evi-
tually believed. This correction neither remedies thdence in dialogue. For example, in COREF’s analy-
misunderstanding dD1 nor make®s interpretable. sis ofU; in Figure 1 as intending the actions in (3),
In a sense, the important factor on either approadhe relevant decisions for annotation are whether
is whether the hearer recognizes the intended ujmitiates a clarification subtask (it clearly does) and
dates to the context. The real erromss misinter- whether the clarification subdialogue can be mod-
pretation ofD1 as contributingdiamondJewel(t)y . eled as an embedded collaborative reference. This
With that in mind, it's striking how little leverage we latter is a substantive question, to which clear evi-
get from a commitment to context as mutual beliefdence applies. In particular, a corpus of clarifica-
M cannot change the past and retroactively belieweon subdialogues (Purver, 2004) can be inspected to
rhombus(t) (SO that it was mutually believed whenevaluate the adequacy of the collaborative reference

4.1 Establishing a corpus for context



Di1: | the target is a diamond On a mutual belief approach, however, there
D intended:| addcr(rhombus(t)) is simply no route to an internal model of con-
M interpreted: text analogous to (4). In modeling uncertain mu-
p=0.6 | addcr(diamondJewel(t)) tual belief, we can either treat belief as biva-
p= 0.4 | addcr(rhombus(t)) lent throughout or probabilistic throughout. If be-

M, : | ok lief is bivalent, then upon hearin®;, M must

choose what to believe. Suppobé chooses to
Figure 3: A probabilistic misunderstanding.  believe diamondJewel(t) , and further to believe
diamondJewel(t) is mutually believed. TheM

task model (which adds constraint networks to thBUSt assigrP(MEp,u rhombus(t) ) = 0, sinceM's
context and uses a special purpagecr action to  OWN lack of belief rules it outM then ends up with
manipulate them). The availability of adjudicatingthiS Private model:

evidence makes guestions about how to model in-
tended actions and subtasks considerably less oner-
ous than determining arbitrary private interlocutor
beliefs. Understanding context in these terms helps
make a “context corpus” comprehensible.

P(MBp m diamondJewel(t) ) =0.6
P(MBy m rhombus(t) ) =0.0.
P(MBp m (nothing about t) ) =04

Thus M awkwardly assigns probability.d to the
4.2 Private uncertainty about context “no mutual belief” scenario, even though this cor-

In the literature on context, it has been common forresponds neither to what intended nor to hoviv

discrepancies between the contexts believed to Ow_terprgte@. o _
tain by two interlocutors to be marginaliz&dyet If beliefis p.rObab'"St'C throughout, then th'S_ bre-
in computational models of interpretation, some deSUMably applies not only t\'s first order beliefs

gree of uncertainty about what an utterance meart?é't also to the entire infinite hierarchy of beliefs in
is thenorm so some discrepancies will be unavoig{1): SO context can never be summarized as in (4).

able. We thus aim for a model of context that sup!nStead we are in the methodologically hopeless po-

ports a clear understanding of both misunderstangition Of trying to assign probabilities to a vast array
ings and uncertainty. In practical applications, alter2! Nigher-order attitudes: such things s belief
native interpretations are typically assigned probdnatD believes tha believeshombus(y — afterD;.
bilities, as illustrated in Figure 3. In this example
M is sufficiently certain oD’s intention to proceed
with ok in M,. On our model, there is no imped- The objective view of context provides a normative
iment to treatingM’s private model of the context target that can help developers frame clear learn-
afterM, as: ing problems for their agents. In a game of mental
chess, suppose playereceives an email containing
(4) a hitherto unfamiliar chess move by his opponent:
castle(whiteRook1) . Thoughp has not seen this
The probabilities capturél’s uncertainty about how move before,p trusts that the true game state is a
D’s intended action ifb; changed the context. Evi- matter of fact. This allow$ to put his uncertainty
dence appearing across multiple utterances, suchasout what the move has done into straightforward
the recognition of a misunderstandingMyafterD3  contact with his future experience. For exampley if
in Figure 2, can now reduce uncertainty about th&nds his queen subsequently captured by his oppo-
true context in a straightforward manner. nent’s rook, this reducgss uncertainty about where
Wrendgoes all the way back to the first formal model o1the move Ieft,the rook. Thug Ieam_ssomethmg
context, that of Stalnaker (1978). Stalnaker calls each speake@®0Out what this new move does playing chess

p_riv&_lte context moderhondefectivéf_ it coincides with tha@ Of The Objective view brings the same Clarity to ut-
his interlocutor, and argues that interlocutors are sufﬂuentlx text. Returning to the dial t
motivated to avoid misunderstandings that nondefective co grance context. returning to the dialogue excerp

texts can be treated as the normal case. in Figure 2, suppose now thall understand®;

'4.3 Learning from the context

P([c] diamondJewel(y ) =0.6
P([c] rhombus(t) ) =04
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