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Abstract
We provide evidence that speech act recognition, is 1) difficult for
humans to do and 2) likely to misidentify proposals involving recon-
structed intentions. We examine the reliability of coding for speech
acts in collaborative dialogues and we present an approach for recog-
nizing reconstructed proposals using domain context and other more
easily recognized features.



1 Introduction

Speech act recognition plays a prominent role in dialogue understanding,
in traditional approaches that infer a plan using plan construction opera-
tors [PA8O], [LA90], [LCI1, LCI2], and in more recent techniques relying on
statistical correlations or finite state machines [RM95, QDL197]. Both ap-
proaches recognize surface speech acts, using surface form and information
provided by the discourse context and the discourse operators, or by a finite
state approximation of the planning information.

These approaches assume that it is (relatively) simple to recognize speech
acts, and that speech acts are a required element of the analysis, correspond-
ing closely to the speaker’s intentions. In this paper, we provide evidence
that:

(i) It can be very difficult for humans to reliably recognize speech
acts, and

(ii) In some cases the association of a speech act with an ut-
terance can reconstruct an intention far more determinate
than anything the speaker entertained at the time of utter-
ance.

In such cases, the problem solving context, together with certain surface
cues that are not usually associated with speech act recognition, prove to
be more predictive than the methods that are typically used in speech act
recognition.

Cohen and Levesque [CL90] argue that it is unnecessary to recognize
illocutionary force. Qur conclusions agree with theirs in some respects,
especially in the importance of the domain reasoning as evidence for in-
terpretation. But, unlike them, we are not claiming that speech acts are
a redundant and unnecessary level of analysis. And in fact, our examples
seem to show that the agent intentions that underlie speech acts are not
always based on simple, occurrent desires. Also, it is not clear how to fit
joint speech acts into Cohen and Levesque’s framework.

1.1 Joint speech acts

We have collected a collaborative problem solving corpus, in which subjects
are asked to buy furniture for two rooms in a house. Later in the paper, we
illustrate Point (i) by providing evidence from the coding of these dialogues.



Our tagging scheme is an augmented version of the Discourse Resource Ini-
tiative (DRI) one,! which is based on the familiar taxonomy of [Sea75].

Our coding difficulties derive in part from the fact that the usual tax-
onomies don’t provide for joint speech acls. Some actions are joint, in that
either they are literally performed by a group of agents rather than by a
single agent, or they require a group’s approval, even though a single agent
may initiate the action [Tuo95]. An offer, for instance, is a speech act which
attempts to secure a group commitment to some course of action. With-
out taking a stand on the status of joint actions, we treat them here as sus
generis, without supposing they can be reduced to their component actions.
Taxonomies like Searle’s, which classify speech acts according to whether
they impose constraints on the speaker S or the hearer H, do not fit joint
speech acts or even their components, which in general impose coordinated
constraints on both participants [Han79].

Amending Searle’s taxonomy to provide for joint speech acts (as [Han79]
suggests) helps to situate the issues. But this raises theoretical difficulties,
by making the relation of speech acts to plans more complex and prob-
lematic. Planning formalisms are emerging (such as the SHAREDPLANS
approach),? and these could provide a theoretical framework for the recog-
nition of joint as well as individual speech acts. OQur experience with col-
laborative dialogues indicates that this would be a very welcome advance.
But our evidence indicates that such a project may not solve the practical
problems of recognition.

1.2 Reconstructed proposals

We will illustrate these problems with reference to RECONSTRUCTED pro-
posals.

An agent engaged in collaborative problem solving must recognize when
an agreement has been reached on sub-parts of the problem. One plausible
approach to recognizing that an agreement has been reached is to recognize
its components; propose and accept.?> However this approach is not always
reliable.

(i) A: I do not have a sofa for a better price but, i do have a

!See a manual draft at http://www.cs.rochester.edu:80/research/trains/annotation.

2[LGS90, GK93, GK95, Loc94, Loc95].

#Compare the approach of [Loc94, p. 28], which is essentially componential, in that
the recognition of an intention to perform a (possibly joint) act depends on the prior
recognition of a desire to perform that act.



lamp-floor, blue (250). i have a green table (200) and four
chairs for (75) a piece.

(ii) B: ... the lamp and table sound good,

In sentence (i), agent A informs B that he has a floor lamp and in (ii)
agent B takes this as a proposal to buy the lamp. A may well not intend
to propose the floor lamp, but because B knows that she does not have a
better alternative, she opportunistically treats (i) as a proposal and accepts
it. If A doesn’t object, the conversation continues as if A had indeed uttered
an accepted proposal; and it is immaterial whether A definitely intended to
propose the lamp when (i) was uttered.*

This is a matter of vague rather than of ambiguous intentions. So the
interpretation can’t just be a matter of choosing the most likely of several
alternatives.

Our corpus makes it clear that reconstructed proposals are a natural and
common way of doing business in some genres. Therefore, accounting for
them is an important part of understanding the discourses in which they
occur, despite the empirical problems of dealing with them.

1.3 Modeling the role of context

We believe that the problem of reconstructed proposals is connected with the
the role of context in generation and interpretation. It has been known for
a long while that speech acts are highly sensitive to features of the discourse
context [Str64]. For instance, there are contexts in which an utterance like
I guess I can study tomorrow is an acceptance of an offer. In these contexts,
the main point of the utterance will be missed if this feature is ignored.’
Even if speech acts are not recognized, context plays a fundamental role
because it affects the effects a certain utterance has.

In our larger project, we are seeking to model interpretive reasoning of
this sort using the following ingredients:

(i) A reasoning process that is somehow able to choose a likely
and preferred interpretation from among several alterna-
tives.

(ii) A model of the context in which the interpretation occurs.

*See [Fox87] for background on this sort of retrospective reinterpretation.
®Green and Carberry make a similar point about indirect answers in [GC94].



(iii) A mechanism for maintaining contexts, that allows them to
be updated in the light of conversational information and
common knowledge.

(iv) A general way of allowing these contexts to influence the in-
terpretive process. In particular, contexts should influence
the preferences that are assigned to interpretations.

Our approach® uses a form of weighted abduction as the reasoning mech-
anism [Sti88, HSAM93] with contexts modeled as modal-like operators. This
allows contexts to be represented explicitly and reasoned about.” The ab-
ductive interpretation of an utterance will use a modal operator to limit
the rules that are accessible and adjust the weights of assumptions. We
can create contexts that favor the interpretation of an utterance like I don’t
have any tables as an acceptance. Similarly (since we also take an abductive
approach to generation), we can also favor the generation of this utterance
as a way of accepting in these contexts.

Our working hypothesis in modeling proposals is that the choice of con-
text (ingredient iii) for this particular purpose is influenced, for both S and
H, by the domain reasoning situation. In particular, if the suitable courses
of action are highly limited, this in combination with coreference and sur-
face form will make an utterance more likely to be treated as an acceptance
(ingredient i); otherwise a propose must be made before an acceptance can
be given. So the additional predictive power of the domain reasoning affects
the context by adjusting the weights of assumptions (ingredient iv).

The remainder of the paper is organized as follows. In Section 2 we
describe our domain; in Section 3 we discuss our evidence for the difficulty
of coding for speech acts; in Sections 4 and 5 we return to the problem of
reconstructed proposals.

2 The Collaborative Problem Solving Corpus

The subjects in our collected conversations are equal in status: they were
both briefed on the domain knowledge needed for problem solving and nei-
ther is an expert at this task. The task is to buy furniture for the living and

dining rooms of a house. (The task is based on those in [Wal93, WGR93]).

Each subject is given a separate budget and inventory of furniture that lists

®See [TM95] for related discussion.
"See [MB95] for ideas about the formalization of context and contextual reasoning.



the quantities, colors, and prices for each available item. By sharing this
information during their conversation, the subjects can combine their bud-
gets and can select furniture from each other’s inventories. The problem is
collaborative in that all decisions have to be consensual; funds are shared
and purchasing decisions are joint. Subjects are asked to maintain private
graphical representations of their discussions and incremental agreements.
We use this private information as partial evidence of what S’s utterance
meant and what H understood.

The subjects’ main goal is to negotiate the purchases; the items of highest
priority are a sofa for the living room and a table and four chairs for the
dining room. The subjects also have specific secondary goals which further
complicate the problem solving task. Subjects are instructed to try to meet
as many of these goals as possible. The secondary goals are: 1) Match
colors within a room, 2) Buy as much furniture as you can, 3) Spend all
your money.

3 Identifying Speech Acts

3.1 Coding Schema

We devised our coding schema with two goals in mind: to conform as much
as possible with the standards for mark-up being developed within DRI, and
to represent the important features of the discourse that we collected. As
with DRI, we tag aspects that are inherent to the utterance itself, and that
encode the relationship of the utterance(s) to the preceding utterance(s).
The tags of interest for this paper are:

(i) Utterance level tags: topic and illocutionary act.

(ii) Inter-utterance tags: relational tags (in particular, response-
to) and coreference tags.

Topic tags® capture the meaning of the utterance by encoding what is
relevant to the problem solving task in terms of furniture items or money:
e.g., S may either state that he has a particular item (I have a blue sofa for
$300.); discuss selecting a particular item (shall we buy the two red chairs);
elaborate the description of an item that has already been introduced (my
red chairs are $100 each); express an evaluation with respect to a specific

8We use the term Topic in a completely informal way.



furniture item (the chairs seem expensive); or discuss the budget (I have
$300.).

Illocutionary-Act tags capture the intention behind the utterance and
characterize at an abstract level S’s main intention. At the highest level,
the choices are Inform, Directive, Commissive, and Convenlional.

An Inform utterance is intended to get H to believe something while
a Directive is intended to get H to do something. Directives are further
subdivided into: Request-Action, as in Buy the chairs; Request-Info, where
the action requested is that H provides the desired information—many ques-
tions will fall under this category, e.g. What do we have left if anything?,
and Suggest, which is a Request-Action that is conditional on agreement with
H, as in How about buying those two chairs.

The primary purpose of a Commissive is to commit S (in varying de-
grees of strength) to some course of action. Commissives are subdivided
into Promise and Offer. This distinction reflects the conditionality of S’s
commitment. S’s commitment to an offer is conditional on H’s agreement,
so that the conversation will felicitously continue with H either accepting or
rejecting. A Promise is not conditional in this way—or, if it depends on H’s
agreement, presupposes this agreement.

The distinction between Directives and Commissives is sometimes hard
to draw. They are distinguished by S’s degree of commitment to the ac-
tion in question (under the assumption H will agree). With a Directive,
S asks/orders H to perform an action, while a Commissive constrains S’s
own actions. As we pointed out in Section 1, joint speech acts complicate
this picture. Rather than complicating the taxonomy by adding another
category, we arbitrarily stipulated that proposals, such as Let’s buy the two
chairs, should be tagged as Commissive.

Relational Tags capture part of the relation between an utterance and
the previous discourse: namely, an utterance or group of utterances {U;}
can be unsolicited, or can respond to a previous utterance or segment.?

The two relational tags of interest are:

(i) Initiate—{U;} is unsolicited.
i) Response-To—{U;} is a response to a previous utterance or
(ii) Resp p p

segment.

(ii.a.) Answer—answers a question, e.g. No, the
chairs are 100 each.

9 . . .
Space constraints prevent discussion of our treatment of segments.



(ii.b.) Accept—accepts the proposal or content of
its antecedent, e.g. The chairs sound good.
(ii.c.) Reject—rejects the proposal or content of its

antecedent.

Coreference Relations capture how furniture items discussed in one
utterance are related to those previously discussed by means of the tags
sameltem, subset and mut(ually)-excl(usive). Sameltem is used when an
utterance is related to its antecedent via the same item or set of items. For
the current utterance to be tagged as samellem, it must discuss exactly
the same items as the antecedent, otherwise the tag subset is used. The
tag mut(ually)-excl(usive) is used when U; mentions a set of items Sy, U
provides an alternative Sy to that same set of items, and &1 and So are
mutually exclusive.

Note that an Initiate utterance can still be linked to the preceding discourse
via coreference relations.

3.2 Analysis of the Coding Results

We coded 5 of the 12 dialogues in our corpus (approximately 5,200 of 9,700
words). Two pairs of coders coded 2-3 dialogues per pair, with one dia-
logue in common to the two pairs. We report here on the pair-wise coder
agreement, and also the agreement on the dialogue coded by three different
coders. Table 1 reports values for the Kappa coefficient of agreement[Car96]
for five different categories—the Kappa coeflicient factors out chance agree-
ment between coders. In each cell, the first number is Kappa, and the second
number is the actual size of the coded data for that particular tag.

The first column refers to the highest level speech act coding, e.g. In-
form, Directive, Commissive and Conventional; and the second column
refers to the distinctions under Directive and Commissive. The other three
columns refer to Topic, Rel(ational)Tags, and Coref(erence) (Relations).
The values for RelTags are computed by taking into account the different
types of Response-to, i.e. Answer, Accept, Reject.

The discourse processing community is currently using Krippendorff’s
scale [Kri80] to assess Kappa’s significance. The scale discounts any variable
with K < .67, allows only tentative conclusions for K between .67 and .8, and
allows real conclusions only for variables with K > .8. Thus, Table 1 strongly
suggests that speech acts are an unreliable category. Admittedly, the low
coding reliability may be due to either the inadequacy of the taxonomy, a



Speech-Acts
Level 1 Level 2 Topic RelTags Coref
Pair 1 (LB) 68 (127) | .59 (127) || .81 (126) | .74 (117) | .82 (112)
Pair 2 (LP) 51(64) | .45 (64) 76 (62) | .77 (60) | .74 (58)
3-way coding || .62 (35) | .60 (35) || .79(35) | .83 (33) | .88(32)

Table 1: Kappa values

lack of clarity in the coding manual, or both. However, we can at least safely
conclude that speech act recognition is a complicated enterprise, and thus
in the next sections we will use the reliably coded features to show how they
can be used to predict that an utterance is an acceptance.

4 The Problem Solving Model and Context

We will show here how the suitable courses of action (as described in Sec-
tion 1.3) are classified as determinate or indeterminate.

The domain problem solving for the task described in Section 2 is more
readily modeled as a constraint satisfaction problem than a planning prob-
lem since the temporal ordering of buy actions does not effect the solution.
We view the problem space as a set of variables that must have a single value
or a set of values of a certain cardinality assigned to them. Since the set
of possible values is not known at the outset of problem solving, the model
must recognize when to treat the set of values as open, when to treat it as
closed and when to reopen it.

We use the SCREAMER constraint logic programming language [SM93]
to model the problem solving. Although SCREAMER does not handle dy-
namic variables, we temporarily resolve this by setting up the variables and
constraints anew with each utterance.

The input is limited to just the shared knowledge of S and H as an effect
of the utterance, and comprises:

1. the variables being considered
2. the accumulated values for these variables
3. the current constraints

We provided the problem solving model with this input for each utter-
ance and it gave the solution size for the unsolved variables as output. We



Relational Tag || Solution Size Determinate
Yes No

Accept 11 1

Other 29 53

Table 2: Correlation of Acceptance and Solution Size

Relational Tag || Corefers to an utterance in a prior turn
Yes No

Accept 15 2

Other 21 114

Table 3: Correlation of Acceptance and Coreference

characterize the output solution size as indeterminate if the result is 0 or
the shared value set for some variable is open, otherwise it is determinate.
For example, the solution is indeterminate if S supplies appropriate values
for a variable but does not know what H has available for this variable (i.e.
the value set is open).

5 Predicting Acceptances

To test our working hypothesis, we first look at the predictive power of
each of the coded features that we expect to play a role and then at how a
combination of these features increases the predictive power. We will look
at solution size, coreference, and topic compared to acceptances.'”

Table 2 shows first that there is a correlation between utterances tagged
as acceptances and the solution size as an effect of the utterance (x* =
13.57,p < .001,df = 1). Furthermore it shows that an acceptance more
frequently has a determinate solution size.

Also, we see that acceptances more frequently corefer to an item in a
prior utterance (Table 3) and more frequently are about getting an item
or evaluating an item (Table 4).'1 But alone, none of the features reliably

predicts acceptances.

19Not all utterances have all four features coded.
11Tn these last two tables, some expected frequencies are too low to validly calculate x2.
More instances of utterances are needed.

10



Relational Tag || Topic € {getltem, eval or relate}
Yes No

Accept 12 0

Other 31 105

Table 4: Correlation of Acceptance and Topic

Relational Tag || Predictive Rule Applies
Yes No

Accept 10 2

Other 2 80

Table 5: Correlation of Acceptance and Predictive Rule

Finally, we combine these features into the following rule. An utterance
is more likely to be an acceptance when it is determinate, is linked via
coreference (sameltem, subset, mut-excl) to a prior turn and either:

1. the topic is about an evaluation of an item (eval, relate) or

2. the topic is about getting an item (getItem) and the utterance linked
by coreference either has a getltem topic or is determinate.

As shown in Table 5, the above rule correctly predicts a majority of
the utterances labeled as acceptances and falsely predicts 2 out of 82 other
utterances as acceptances.

6 Conclusions and Future Work

We have argued that reconstructed proposals cannot be identified by speech
act recognition and have shown that speech acts are more difficult to code
than other features when joint actions are involved. We have presented
a rule for predicting which utterances are acceptances based on domain
context and the other more reliable features.

In future empirical work we plan to code the remaining corpus in or-
der to further test the predictive rule. We will also consider how to code
and process summaries, as a means of checking agreement. We are also
implementing and testing a simulation of the domain reasoning and part

11



of the discourse generation and interpretation, including the planning and
interpretation of proposals.
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