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Abstract

We describe an approach to deriving efficient
rules for interpreting the intended meaning of
indirect speech acts. We have constructed a
system called SALLY that starts with a few,
very gemeral principles for understanding the
intention of the speaker of an utterance. Af-
ter inferring the intended meaning of a partic-
ular utterance, SALLY creates a specialized rule
to understand directly similar utterances in the
future.

1 Introduction: Indirect Spéech Acts

Responding appropriately to a question requires the lis-
tener to understand the intention of the speaker. For
example, consider the following simple question:

Do you have a match?

Taken literally, this question is a request for informa-
tion. However, in most contexts, this question should
be interpreted as a request for the listener to give the
speaker a match. This is a kind of speech act (Austin,
1962; Searle, 1969) called an indirect speech act (Searle,
1975), in which the intent of the speaker differs from the
direct, literal meaning of the speaker’s utterance. For a
computer to take part in a conversation, it is essential
that it have the ability to understand indirect speech
acts. An important part of this capability is to gain
an understanding of the class of situations in which the
indirect interpretation should be preferred to the direct
interpretation. For example, a slight variant of the above
question is typically interpreted differently:

Do you have a BMW?

Two approaches to the interpretation of indirect
speech acts have been proposed in computational linguis-
tics. One approach, typified by QuALM (Lehnert, 1978),
makes use of many fairly specific, knowledge-intensive
interpretation rules. For example, QUALM contains one
rule that interprets a question to verify if the listener
possesses an object as a request for the listener to give
the speaker the object, if the object is small and inexpen-
give, The primary advantage of the knowledge-intensive
approach is that it is efficient. A discrimination net
that indexes the interpretation rules directs the search
for an interpretation. There are several disadvantages

with the knowledge-intensive approach as implemented
in QUALM. First, it is difficult if not impossible, to en-
code an exhaustive set of rules that would perform well
on a large variety of examples. Second, the knowledge-
intensive approach does not capture any of the gener-
alities among interpretation rules. A wide variety of
knowledge-intensive interpretation ruies are specialized
forms of a general rule: one interpretation of a question
to verify that a precondition of a plan is true is that the
speaker wants the listener to execute the plan. Finally,
ag a cognitive model, the approach does not specify how
the interpretation rules might be acquired or extended as
new plans are learned. The interpretation of an indirect
speech act is a function of the plans that the speaker
believes the listener is capable of executing (or under-
standing) (Perrault & Allen, 1980). When an additional
plan is acquired, for the knowledge-intensive approach to
work, it is necessary to acquire additional interpretation
rules.

The alternative approach to finding the intended
meaning of an indirect speech act is to have a few gen-
eral rules that a listener may use to infer the speaker’s
plan from the utterance (Allen & Perrault, 1980; Coklen
& Perrault, 1979). This approach takes advantage of
planning formalisms (Wilensky, 1983; Fikes & Nilsson,
1971) to represent the content of a conversation (Grosz &
Sidner, 1986; Litman & Allen, 1987). Unlike knowledge-
intensive rules, these general rules can be applied to a
variety of examples since the rules operate on a spec-
ification of the speaker’s or listener’s plans. However,
there are alsoc several disadvantages to this approach.
First, the search for an interpretation can be inefficient.
Second, as a cognitive model, it is not clear that a hu-
man listener goes through the long inference process that
is necessary to arrive at the interpretation. For exam-
ple, Searle (1975) has said: “In normal conversation, of
course, no one would consciously go through the steps
involved in this reasoning.” Allen and Perrault (1980)
have made similar statements that do not leave open the
possibility that people unconsciously go through a leng
inference chain:

Note that, in actual fact, people probably use
much more specialized knowledge to infer the
pilans of others, thereby bypassing many of the
particular inferences we suggest. Qur approach
so far, has been to specify a minimal set of rea-



(<- (want 7?a ?act ?res)
(effect 7act 7e)
(want 7a 7e 7res))

(<~ (want ?a (want ?s 7act ?resi) 7res2)
{want 7a %act 7res2))
(<- (precondition (state (type possess)
(object 7o)
(actor 7a))
{act (type atrans)
(actor 7a)
(object 7o)
(to 7to)
(from ?a))))
(<- (want-perform ?actor ?for (act (type atrans) ;

{actor ?actor)

; action-effect rule

; want-action rule

; give requires have

anyone would give away a
;i cheap object to a friend.

(object (p~obj (type ?x)

(owner ?actor)
(loe ?loc)
(value cheap)))

{to ?for)
(from ?actor)))
(relationship %actor ?for amicable))

Figure 1: Speech act interpretation rules.

soning tools that can account for the behavior
observed.

Psycholinguistic studies have shown that in many cir-
cumstances, it takes no longer for a person to recognize
an indirect speech act than to find the direct meaning of
an utterance. For example, in one experiment (Gibbs,
1983), subjects found it no more difficult to find the in-
direct interpretation of a request such as Can’t you be
friendly? than the literal interpretation.

The approach that we take is a hybrid between the
specific, knowledge-intensive approach and the general,
plan-based approach. In particular, our system {sALLY)
makes use of general plan-based rules to interpret novel
(to SALLY) utterances. However, once an interpretation
has been found, SALLY derives a knowledge-intensive rule
to interpret directly “similar” utterances in the future.
The knowledge-intensive rule is created by explanation-
based learning techniques (Mitchell, Kedar-Cabelli, &
Keller, 1986; DeJong & Mooney, 1986). The “similar”
utterances are those that share the features that the
plan-based analysis needed to check to infer the inter-
pretation of the indirect speech act.

2 Explanation-based Learning

Explanation-based learning (EBL) is a learning
method which analytically generalizes an example. EBL
systems share a common approach to generalization.
First, an example problem is solved producing an ex-
Plana_uo_n (occasionally called a justification, or a proof)
"hat indicates what information (e.g., features of the ex-
Sg?stf and inference rules) was needed to arrive at a
onl &Le"fexh the example is generalized by retaining
: Y | catures of the example which were necessary

© produce the explanation. This generalization char-

acterizes the class of problems that will have the same
solution for the same reason as the training example
EBL explicates (or operationalizes (Keller, 1987)) infor-
mation that is implicitly represented in a system. For
example, ACES (Pazzani, 1987) is a system that learns di-
agnosis heuristics (i.e., efficient heuristics that associate
faults with symptoms) from a functional device descrip-
tion. In this work, we are using a modified version of
the EGGs (Mooney & Bennett, 1986) explanation-based
learning algorithm to explicate conditions under which
an indirect interpretation of a speech act can be inferred

3 Learning to Interpret Indirect Speech
Acts

We illustrate the process that SALLY goes through t.
learn a rule to interpret directly indirect speech arta
with an example. Consider again the request Do Yoy
have a match? The surface speech act here is a ver

ification of possession of a match. However, in meat
contexts, the intent of the speaker is not to ask for a
verification. Rather, the speaker is requesting sonw a

tion of the hearer, e.g., to give the match to the Speanrr

The ATRANS-Request Conversion rule (Lehnert, 167w,
states that given a verification request of a possession
state of some object which has little value, a possitiie
target interpretation is a request of the hearer to give
the speaker that object. We address here the issue of
learning this rule. We can trace through the understand.
ing cycle used to generate the ATRANS interpretation

SALLY makes use of backward chaining 1ference rules
for inferring the speaker’s intentions, and for indicating
the effects and preconditions of plans. Figure 1 illus-
trates four of the rules that are used in the following
example. Some of the rules (e.g., action-effect and want-



(<- (INTERPRETATION (S-REQUEST (SPEAKER 75)
(BEARER 73)
(ACT (TYPE INFORMIF)
(ACTOR ?h)
(TO ?5)
(STATE (TYPE POSSESS)

(DBJECT (P-0BJ (TYPE ’T)
(OWEER °8)
(Loc 7L)

(VALUE CHEAP)))
(ACTOR 7H))))

{REQUEST (SPEAKER ?5)

(HEARER ?H)

(ACT (TYPE ATRANS)
(ACTOR ?B)
(OBJECT (P-0BJ (TYPE T)

(OWEER 7H)
(Loe L)
(VALUE CHEAP)))

(TO 73)
(FROM ?K))))

(RELATIDNSHIP 7H 75 AMICABLE))

Figure 2: A knowledge-intensive indirect speech act interpretation rule.?

action) and the inference process are adopted directiy
from Allen and Perrault (1980). (See Appendix B for
other rules used by SALLY.)

The initial representation of the surface speech act is:?

HBSW (S-REQUEST (S, H,
INFORMIF (H, S,
POSSESS (H, MATCH))))

This is read as: “The hearer believes the speaker wants
..." (this is the intentional part of the speaker’s speech
act) “...to perform a yes-no question regarding the
hearer’s possession of a match.” An effect of a RE-
QUEST for an act is for the hearer to want to perform
the act; using the action-effect rule, SALLY infers:

HBSW (HW (INFORMIF (H, S,
POSSESS (H, MATCH))))

SALLY uses the want-action rule to infer:

HBSW (INFORMIF (H, §,
POSSESS (H, MATCH)))

That is, the hearer believes that the speaker wants
the hearer to inform the speaker whether or not the
hearer possesses the match. An effect of INFORMIF
is KNOWIF: using the action-effect rule again, saLLy
can infer:

HBSW (KNOWIF (S,
POSSESS (E, MATCH)))

From here, SALLY can use the know-positive rule and
infer:

HBSW (POSSESS (H, MATCH))

1n this discussion, we use Allen and Perrauit’s notation
because it is more concise than the conceptual dependency
representation used in the computer implementation. See
Appendix A for the representation used by SaLLY.

Since possessing a match is a precondition to giving it
away, SALLY can use the precondition-action rule to infer:

HBSW (ATRANS (H, S, MATCH))

This inference process interprets the surface speech act
of asking about possession of a match as an indirect
speech act of requesting the hearer to give a match to the
speaker. For a request speech act to have the desired ef-
fect, it is necessary that the hearer want to comply with
the request. SALLY has a rule stating that someone will
give someone else an object if it is of little value and there
is an amicable relationship between the two people (¢f
the fourth rule in Figure 1).

Using a small data-base of plan-based rules, saLLy
constructs an inference chain of length seven to infer
the speaker’s intent in this question. Explanation-based
learning techniques can be used to “compile” this infer-
ence process. The effect of explanation-based iearning
on this example is to create a knowledge-intensive rule
which avoids many of the intermediate steps of the plan-
based inference. The knowledge-intensive rule has the
same conclusion as the longer inference process. The
preconditions on this rule are exactly those features of
the surface speech act and the situation that were tested
during the inference process to establish the conclusion.
In this case, these preconditions are that the object of
the inquiry be of little value, and that the relationship
between the speaker and the hearer be an amicable one.
Figure 2 illustrates the resuit of the explanation-based
learning process on this example.

Once SALLY has acquired the rule in Figure 2, the

3Questions of the form Do you possess an inexpensive ob-
Jject? are interpreted as a request for the hearer to give the
speaker the object if the speaker and the hearer have an am-
icable relationship,



{<~ (INTERPRETATION (S~REQUEST (SPEAKER ?5)

(BEARER 7H)

{ACT (TYPE INFORMIF)

(ACTOR 7h)
(TD 78)

(STATE (TYPE POSSESS)
(OBJECT (P-0BJ (TYPE ?T)

(OWNER ?H)
{LOC L)
(VALUE ?V)))

{ACTOR ?h’))}))
{REQUEST (SPEAKER ?S)
(HEARER 7h)
(PLAN {TYPE USE)
{ACTOR 7h)
(DBJECT (P-0OBJ (TYPE 7T)

(RELATIONSEIP 7E 7S5 AMICABLE))

(OWEER 7H)
(Loc 7L)
(VALUE 2¥)})1)))

Figure 3. Function-Request Conversion rule.

interpretation of similar queries is more direct. For ex-
ample, to interpret the question Do you have some gum?
requires an inference chain of length two.

The constraints that are derived during the
explanation-based learning process do not allow utter-
ances such as Do you have your car here? to be in-
terpreted as ATRANS requests. For this example, the
surface speech act is a verification request regarding the
location of the hearer’s car; an indirect interpretation
could be Would you drive your car? Using the same
process as described above (utilizing different pians and
effects), SALLY can recognize that possession of some ob-
Ject in the immediate vicinity is a precondition to using
that object, and can infer the desired indirect interpre-
tation. The rule produced for this example is shown in
Figure 3 and is the Function-Request Conversion rule of
QUALM.

4 Current status

SALLY is implemented in Common Lisp on top of EGGS
(Mooney & Bennett, 1986). It does not currently contain
a parser. The input to SALLY is a representation of the
surface speech act of an utterance; the output is an iden-
tification of the intended speech act (e.g.,, REQUEST,
INFORM, etc.). Using a similar line of reasoning to the
above example, we have been able to reconstruct some of
QUALM’s knowledge-intensive heuristics from a minimal
set of interpretation rules and a library of plans.

One limitation of SALLY is that it is limited to uster-
ances that can be addressed in the plan-based approach
'i':’ r‘lmelfpreting indirect speech acts. For example, there
thez ;;:gerence in the literal meanings of Can you pass
in dil‘et:t.i and Are you ;bie to pass the salt? However, the
the latte Dterpretation is acceptable of the former but not
o~ et Plan-based approaches such as ours ighote the
linguistic informay: ! ] Isig

ation associated with the literal mean-

ing of the utterance (Hinkleman & Allen, 1988). One
solution to this problem, which is more faithful to the
psycholinguistic data, is to have rules that map phrases
to interpretations without having an intermediate repre-
sentation of the literal meaning.

5 Conclusion

We have proposed a hybrid approach to the interpreta-
tion of indirect speech acts that combines the best fea-
tures of knowledge-intensive and plan-based approaches.
In particular, the intended meaning of common types
of indirect speech acts are found rapidly by knowledge-
intensive rules that directly map the surface speech act
of an utterance to the intended meaning. However, it is
not necessary to hand-code and maintain a large set of
interpretation rules. The knowledge-intensive rules are
acquired by using explanation-based learning after the
interpretation of a novel utterance is found by a general,
but inefficient search process.
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A Initial Representations
SALLY’S representation for the initial surface speech act
for the match example is:
x
est (speaker ‘speaker )
(s-req %hi;arer *hearer®)
{act {type 1nforrmf)
(actor *hearer*)
{to *speaker®)
(state (type possess)
(object {p-obj {type match}
{owner *hearer*)
(loc *here*)
(value cheap)))
{actor *hearer*)))})

SALLY’S representatlon for the mma.l surface speech act
for the car example is:

-request {speaker speaker“)
(s-red {hearer *hearer®)
(act (type informif)
(actor *hearer®)
(to speaker*)
(state (type possess)
(object (p-obj (type car)
(owner *hearer*)
(loc *here*)
(value expensive)))
(actor *hearer*))))

B Rules
Other rules used by SALLY include:

indirect interpretation - The indirect interpretation of
a surface request act 7al is a request for act 7a2 if the
want precondition is satisfied and the hearer 7} wants to
perform the indirect request.
(— (interpretation (s-request {speaker ”s)
(hearer 1)
?al)
(request (speaker 7s)
(hearer 71)
?a2))
(want 7s (request (speaker ?s)
{hearer ?1)
?al)
7a2)
(want-perform ?t 7s 7a2))

know-positive - If an actor (7a) wants to KNOWIF some
predicate ?p is true, they may want that predicate to be
true.
(+— (want ?a (knowif ?a ?p) 7res)

(want ?a 7p 7res))

precondition-action ~ This “fetches” the precondition(s)
for an act.

(— (want ?a 7p 7res)
(precondition ?p 7res))

precondition - Before you can use something, you must
possess it,

(— (precondition (state (type possess)
{object 7o}
{actor 71})
(plan (type use)
{(actor 7a)
{object ?0))})

request effect — An effect of a REQUEST for some act
Tact is to WANT that act.

(~= (effect (request (speaker 7a)
(hearer 7s)
7act)}

{want ?s 7act 7res)))

informif effect — An effect of an INFORMIF act is to
KNOWIF.

(~— (effect (act (type informif)
(actor 7a)

(to ?3)
(knowll)f ?s 7p)))
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