Towards Tractable Agent-based Dialogue

by

Nathan James Blaylock

Submitted in Partial Fulfillment
of the
Requirements for the Degree
Doctor of Philosophy

Supervised by
Professor James F. Allen
Department of Computer Science

The College
Arts and Sciences

University of Rochester
Rochester, New York

2005



Curriculum Vitae

Nate Blaylock was born in Provo, Utah on June 8, 1975, and grein the neigh-
boring city of Orem. He attended Brigham Young University (BMtdbm 1993 to 1994
and then took two years off to serve as a missionary for the €@hofr Jesus Christ of
Latter-day Saints in the Japan Tokyo North Mission. While asimainary, Nate learned
Japanese, which, as an agglutinating language, was sarepal often thought that

verb conjugations could be done by a computer.

Upon completing his mission in 1996, he reentered BYU and @adlnguistics
class “on a whim.” It was in this class that he was first intrcelili to Computational
Linguistics, which prompted him to add a Linguistics majohis Computer Science
major. He graduated from BYU in 1999 with a BS in Computer Sciearaa BA in
Linguistics.

Nate entered the PhD program at the University of Rocheddefmrtment of Com-
puter Science in the Fall of 1999 and actively worked in theA®Riesearch group (with
advisor James Allen) during his time in Rochester. He wastgdsan MS in Computer
Science in 2001.

In the Spring of 2004, Nate accepted a position as a reseasdtiate in the De-

partment of Computational Linguistics, Saarland Univgrait Saarbiacken, Germany,

where he currently working on the EU-funded TALK project.



Acknowledgments

| would first like to thank my advisor, James Allen. He gave ine freedom to
work on what interested me and at the same time guidancedprateresearch in the
right direction. |1 would also like to thank my thesis commétmembers, Greg Carlson,

Henry Kyburg, and Len Schubert for their comments and sugyes

| have done this work in two very rich research environmeft&arking with the
people in the TRIPS group at Rochester — including James AB&orge Ferguson,
Amanda Stent, Donna Byron, Lucian Galescu, Myrosia Dzikayskel Tetreault, Scott
Stoness, Ellen Campana, Greg Aist, Mary Swift, Carl@@z-Gallo, Phil Michalak,
and Nate Chambers — was a great experience. They were a goegt @rpeople to

work with, both personally and professionally.

For the last year, | have been also working with the SamHien TALK group
— Manfred Pinkal, Ivana Kruijff-Korbaya&, Ciprian Gerstenberger, Verena Rieser,
Tilman Becker, Peter Poller, Jan Schehl, Michael Kail3erd&diedner, Daniel Bob-
bert and Diana Steffen — which has been equally rewarding dgrbup has always

been willing to listen to and comment on my ideas.

| also had the opportunity to do several summer internshybgre | was able to
work with great people and expand my horizons. I'd like toezsally thank Manfred
Pinkal, Steve Richardson, and John Dowding for making thatsenships possible, as

well as all the people | was able to work with.

| am deeply indebted to the Rochester staff, who were alwagre tto pull me out

of last-minute problems, and were still nice enough to ch#t me when | didn't have



crises. | would especially like to thank Elaine Heberle, & uenther, Peg Meeker,

Jill Forster, Eileen Pullara, and JoMarie Carpenter.

My parents, Nan and Giff Blaylock have always supported mycatianal goals
and were always there to encourage me when | needed it. | vataddike to thank my

brother Seth Blaylock who proof-read this thesis for me.

Finally, and most importantly, | would like to thank my wifekcita, without whom
| may have never finished. She was always there to tell me &italasy when | needed
it, to nudge me when | needed extra motivation, and to makeamnghl, even when |

didn't feel like it. Gracias, mi perla.

This thesis is based upon work supported by a grant from DARA#F30602-
98-2-0133); a grant from the Department of Energy (no. #82000306); two grants
from The National Science Foundation (award #11S-03288ilaavard #E1A-0080124);
and the EU-funded TALK Project (no. IST-507802). Any opimso findings, conclu-
sions or recommendations expressed in this thesis are tfidee author and do not

necessarily reflect the views of the above-named orgaairsti



Abstract

This thesis describes research which attempts to remove gbthe barriers to cre-
ating true conversational agents — autonomous agents vehiclcommunicate with
humans in natural language. First, in order to help bridgegtp between research in
the natural language and agents communities, we define al mbdgent-agent col-
laborative problem solving which formalizes agent comrmation at the granularity
of human communication. We then augment the model to defimgant-based model
of dialogue, which is able to describe a much wider range @bdue phenomena than
plan-based models. The model also defines a declarativesetation of communica-

tive intentions for individual utterances.

Recognition of these intentions from utterances will reguan augmentation of
already intractable plan and intention recognition aliyons. The second half of the
thesis describes research in applying statistical cobpaised methods to goal recogni-

tion, a special case of plan recognition.

Because of the paucity of data in the plan recognition comtywwe have gener-
ated two corpora in distinct domains. We also define an algorivhich can stochas-
tically generate artificial corpora to be used in learningg ien describe and evaluate
fast statistical algorithms for both flat and hierarchi@agnition of goal schemas and
their parameter values. The recognition algorithms areensoalable than previous

work and are able to recognize goal parameter values as svetleemas.
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1 Introduction

Language is typically used as a means to an end. People upeanto help them

achieve their goals by soliciting help from and coordingttheir efforts with those
with whom they talk.

The range of activities that can be accomplished (or sup@bthrough language is

vast. The following are just a few examples:

1. Obtaining (and providing) information
A: where is the bathroom?
B: up the stairs to your left.
2. Getting someone to perform some action (and report thatyes

A: turn off the sprinklers.
B: [turns off sprinklers]
done.

3. Getting someone to suggest a course of action
A: how can | open this door?

B: push the red button, wait 30 seconds, and then twist the.knob
The above are short dialogue exchanges illustrating sonmbeoindividual uses
of language. However, dialogue exchanges can be much lamgkfreely mix the

different individual uses as dialogue partners work togetb achieve a goal.



1.1 A:let’s go to the park today.
2.1 B:okay.
2.2 B:should we walk or drive?
3.1 A:what’s the weather going to be like?
4.1 B:l1don’t know.
4.2 B: let’s watch the weather report.
5.1 A:no, it's not on until noon.
5.2 A:justlook on the internet.
6.1 B: okay. [looks on internet]
6.2 B:it's supposed to be sunny.
7.1 A:then let’s walk.
8.1 B: okay.
9.1 A:doyouwantto go now?
10.1 B:sure.

Figure 1.1: Example Dialogue

Consider the dialogue in Figure 1.1. Here the dialogue ppaints use language
to agree on a common goal (going to the park); to decide onrafptaaccomplishing
the goal (walking); to coordinate execution of the plan (wheleave the house); and
finally, to plan and execute a separate goal in order to hamttecide on a plan

(looking up weather on the internet).

Although this type of dialogue is fairly common, we are unesvaf any dialogue
system that could handle it in a general way. Current modetsaddgue do not han-
dle the level of complexity shown in Figure 1.1. Most dialegystems use dialogue
models tailored to a specific application. Other, more garsrstems model dialogue
as coordination in joint execution of predetermined plamg.( [Cohen et al.1991;
Ardissono, Boella, and Lesmo01996; Rich, Sidner, and Lesh2@dXoordination in
building joint plans, but not their execution (e.g., [Gresa Sidner1990; Ferguson and
Allen1998; Chu-Carroll and Carberry2000]). Both of these galrsgsproaches are typ-
ically referred to as “plan-based” dialogue models, as tis®ygeneralized mechanisms

which work on a planning representation of actions and goatse domain.

Although they are domain-independent, these plan-basdoigdie models still can-



not cover the type of dialogue in Figure 1.1, primarily besmii consists of both plan-
ning and execution. Also, most models would also not be able to hahaléeginning
interchange of the sample dialogue, when the participagreeson a goal. Most plan-
based models assume that a goal is already mutually knowagiedd-upobeforethe

dialogue begins.

Our goal is to build dialogue systems capable of engagindnénvihat Allen et
al. callpractical dialogue— “dialogue focused on accomplishing some specific task,”
[Allen et al.2000]. We, as they, believe that this “genre’didlogue is what humans

will most want to use with machines (as opposed to, say, hausoor social dialogue).

1.1 Agent-based Dialogue Modeling

In this thesis, we present agent-basedpproach to dialogue systems, in which we
model dialogue asollaborative problem solvingpetween agents. Before we go any

further, we will define what we mean by some of these terms.

First, problem solvings the general process used by agents of formulating and
pursuing goals. It can include activities such as goal sele¢or abandonment); the
selection of plans as courses of action for accomplishingad; ghe execution and
monitoring of plans; replanning (when errors occur); areldbgnitive processes (such
as goal evaluation) used for making these decisions. RrobtEving is closely re-
lated to the concept of “rational behavior” (cf. [Cohen andésuel1990a; Rao and
Georgeff1995]), and can be described as the driving coran @gent. Collaborative

problem solvings the coordinated problem solving of two or more agents.

There are several things which make collaborative problelvirgy an attractive
model for dialogue. First, it subsumes previous plan-basedels of dialogue, since
it includes both planning and execution. However, as deedrabove, collaborative
problem solving goes beyond just planning and executioatté@mpts to describe the

full set of agent activities. We believe that humans are éls@ome approximation)
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Figure 1.2: Possible Architecture of an Agent-based Diado§ystem

collaborative problem-solving agents, and that most praladialogue can be modeled

by collaborative problem solving.

1.2 Requirements for Agent-based Dialogue

A dialogue model is just the first step to building a dialogystesm. Making gen-
eralized, agent-based dialogue systems a reality willirequogress in many areas of
artificial intelligence, including natural language prssieag and autonomous agents. In
this section we first describe a generalized architecturarf@agent-based dialogue sys-
tem based on the TRIPS dialogue system architecture [Allerguson, and Stent2001;
Blaylock, Allen, and Ferguson2002]. Then, using that aectitre as a reference point,

we describe some requirements of an agent-based dialogtesrsy

The architecture shown in Figure 1.2 divides the dialogwesy into three subsys-

tems: interpretation behavior andgeneration In interpretation, the system must be



able tounderstandwhat is meant by a user’s utterance. This goes much deeper tha
just what the utterance means on the surface. The systembaadile to understand
much more. Why did the user utter what he did? What was he trgiag¢omplish by

uttering it? These conversational “ends” are cattethmunicative intentions

The behavioral subsystem is essentially an intelligenhtitiet is able to reason
with the user's communicative intentions, (as well as othérgs such as the world
state, its own goals and intentions, etc.) and decide whairecto take (either in the
world or cognitively). It also needs to be able to form its owmwtentions for communi-

cation with the user.

In the generation subsystem, the system’s communicatiggtions are transformed

into natural language and uttered to the user.

As mentioned above, there are many aspects to our ideal-bgsatl system that
the current state-of-the-art does not support. We disasal of the most prominent

by subsystem.

1.2.1 Interpretation

The task of interpretation is typically divided into manyedés of analysis (speech
recognition/synthesis, morphology, syntax, semanticagmatics, etc.), and an enor-
mous body of research has been done at all of them. The masttdavel, however,
for agent-based dialogue is at the “topmost” level, whickcaktheintention/language
interface where communicative intentions are recognized from a-léghl semantic
form (i.e., communicative acts). This process of inferrc@nmunicative intentions

from communicative acts is calledtention recognition

There are several barriers to using current intention neitiog techniques in an
agent-based system. First, we need a representation obthegnicative intentions

to be recognized. Second, we need algorithms that can reeogrentions for the



full range of collaborative problem solving. Lastly, sudhgaithms need to be fast, as

dialogue happens in real time. We discuss each of these below

Representation of Communicative Intentions Very little work has been done on
descriptive representations of communicative intentidhsst dialogue systems do not
use intention recognition — the domains covered are ussatiple and the exchanges
circumscribed, so that intentions are transparent fronuttezance semantics. In sys-
tems which do perform intention recognition (typically plbased systems), commu-
nicative intentions are not explicitly represented, buhea are tied to the intention

algorithm which updates some sort of dialogue state.

In Chapter 4, we present a descriptive language of commuwedatentions based

on the model of collaborative problem solving.

Intention Recognizer for Collaborative Problem Solving As mentioned above, in
most dialogue systems, explicit intention recognitionas meeded, as the domain and
exchanges are simple and transparent. Plan-based diadggteans, however — es-
pecially those that model dialogue as joint planning — oftienperform intention
recognition. However, these intention recognition altjons are specifically tied to
the dialogue model (typically planning), and would not beedily applicable to an
agent-based dialogue model. It is possible (and indeed Vievbet to be the case),
that these algorithms can be extended to cover the rangdlaborative problem solv-

ing, but such a question is left to future research.

Real-time Intention Recognition Another problem with intention recognition is speed.
Dialogue happens in real time, and the system is expectes$pmnd to the user within

a reasonable amount of time (on the order of several secondis)ever, all inten-
tion recognizers of which we are aware are based on the maergegrocess gblan

recognition— the recognition of an agent’s plan from observed actiomsthé gen-



eral case, plan recognition is known to be exponential imtimaber of possible goals
[Kautz1991], thus for any reasonable-sized domain, irdantcognition will be too
slow to support real-time dialogue. Although more recentikmas improved on this

(e.g., [Vilain1990]), it has done so at the expense of exgivesess and flexibility.

Unless alternative methods of intention recognition cafobed, faster, more scal-
able methods of plan recognition will be essential to sufipgreal-time dialogue for

agent-based systems.

In the second half of this thesis, we present a goal recogriza special type of
plan recognizer — which preserves scalability without géasacrifice of expressive-
ness, which could be used as the main engine for a real-titagtian recognizer for

agent-based dialogue.

1.2.2 Behavior

Once an utterance has been successfully interpreted, tlagibeal subsystem must be
able to act on it. The behavioral system must be an intelliggent that is not only
able to reason and act in the world (i.e., do problem solyiitghust also be able to
communicate and coordinate its activities with a (humamy (se., do collaborative

problem solving).

Much work has been done on building autonomous agents, bulittkee on human-
agent collaboration. In fact, most agent-agent collalbmmatvork makes explicit as-
sumptions that both agents are artificial (assuming, fomgte, than the two collabo-
rating agents are running the same code). This assumpterever, cannot be made

when one of those agents is a human!

In Chapter 3, we present a model of collaborative problemisgiwhich is based
on human communication, and show how this can be used to rhodehn-agent or
agent-agent communication. This is a first step to buildigenas that can collaborate

with humans in a human-like way.



Work still remains, however, to actually build an autonomagent that uses and

reasons with the collaborative problem-solving model.

1.2.3 Generation

Parallel to interpretation, work on generation has beer@many levels (phonology,
syntax, etc.) The most important for agent-based dialoghiepurse, is that of con-
verting communicative intentions to some high-level setiadorm (a process we will

termcontent planniny

This is perhaps the most open of the areas mentioned heret gdosration sys-
tems for dialogue assume that the behavioral componenal{ystalled thedialogue
managej has already transformed intentions to a semantic formvandre unaware
of any system that generates directly from communicatitenitions (probably because

most systems do not have an explicit representation foetimesntions).

1.3 Thesis Overview

As noted in the preceding section, building an agent-bagddglie system requires a
lot of work in many areas. Unfortunately, the required amafrresearch is outside

the scope of a single thesis, and we do not attempt it hereddsas the title suggests,
this thesis represents our efforts to provide several ohftessary foundational pieces

required for further work on agent-based dialogue systems.

The remainder of this thesis can be divided into two parfa®enting its two main
areas of contributions. The first part (Chapters 2 to 4) dessra domain-independent
model of dialogue based on agent collaborative problemirsplv The second part
(Chapters 5 to 8) presents a fast algorithm for goal recagnit- a special type of
plan recognition. Chapter 9 then concludes the thesis amdisiies areas of future

work.



We now discuss each of these main contributions in moreldetai

1.3.1 An Agent-based Dialogue Model

As stated above, the most vital foundation to supportinghebased dialogue is a di-
alogue model. In Chapter 2, we introduce the field of dialogoeeting and discuss

previous work.

In Chapter 3, we present a model of collaborative problemisglior agents. In this
model an agent (individually) or group of agents (collabiwedy) perform problem-

solving activities in three general areas.

e Determining Objectivedn this area, agents manage their objectives, deciding to

which they are committed, which will drive their current lagtor, etc.

e Determining and Instantiating Recipes for Objectiviesthis area, agents choose
recipes to use towards attaining their objectives. Ageray aither choose and
instantiate recipes from a recipe library, or they may clkedosreatenew recipes

via planning.

e Acting In this area, agents follow a recipe and execute atomior&tiThis area

also includes monitoring the execution to check for success

It is important to note that these areas need not proceedler and may be freely
interleaved. Decisions made at one level can also be redisit any point. Collab-
orative decisions are negotiated among the agents, andentyme valid when both
agents agree to a proposal.

This model is able to describe a large range of collaboraiient activity, includ-

ing not only (interleaved) planning and execution, but @eal selection, replanning,

evaluations, etc. This general collaborative problenviagimodel contributes not only
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to the study of human-agent dialogue, but is also generalgmto be applied to gen-
eral collaboration among heterogeneous agents, whetmearnor artificial, through

natural language or by other means.

In Chapter 4, we use this collaborative problem-solving nhegdethe basis for an
agent-based model of dialogue. In particular, we modebdia participants as collab-
orative agents, and the dialogue itself as the collabaratimout their problem-solving
activities. Because this dialogue model is based on a richeimafdagent collabora-
tion, it is able to describe a much wider range of dialoguesyihan previous models,

including dialogues similar to that shown in Figure 1.1.

An additional contribution described in Chapter 4 is a domadependent, de-
scriptive language for communicative intentions. The camitative intentions of an
utterance are modeled as attempts to negotiate collab®mtblem-solving decisions.
As discussed above, most dialogue systems treat commirrigaentions only implic-
itly in language understanding and intention recognititgoathms. This description
language supports the labeling of an utterance with itsxaed meaning and lays the
foundation for future work in agent-based intention redbgn algorithms (see Chap-

ter 9).

1.3.2 Fast Goal Recognition

The other major area of contribution of this thesis is thatsihg machine learning
techniques to build fast goal recognition algorithms. Ascdssed in Section 1.2.1, fast
goal recognition is important part of building a real-timéantion recognizer to support

agent-based dialogue.

Plan recognition is the general process of inferring an ggjearrent plan based on
observed actions. Goal recognition is a special case ofrplaygnition where only the
agent's current goals are inferred. In Chapter 5, we intregili@n and goal recognition

and previous work in this area.
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In order to support machine learning, one must have corpoithere is a paucity
of such for plan recognition. In Chapter 6, we describe metivoel used in collecting

two labeledplan corpora

The first corpus, the Linux corpus, was gathered by giving druninux users a
goal and then recording their commands used to achievemilasito the collection
done for the Unix corpus [Lesh1998]. This data collectiosuteed in the contribution
of a corpus of more than 400 goal-labeled action sequencesre than an order of

magnitude larger than the Unix corpus.

However, in many domains, labeled corpora are difficult tthgga especially cor-
pora that include hierarchical goal structure (see beldvdr the second corpus, we
introduce a novel technique for automatically generataigeled plan corpora. We use
an Al planner to stochastically generate plan sequencegeioerated goals and start
states. This provides a way to rapidly generate data for madbarning in plan recog-
nition in domains where human data is difficult or imposstol®btain. The resulting
Monroe corpus contains 5000 hierarchical plans for an thsasanagement domain.
Together with the Linux corpus, this contributes two ladet®rpora as a resource
for researchers in plan recognition (something that wadrgcbefore, as observed in
[Lesh1998]). In addition, the stochastic plan corpus gatiem techniques can be used

to quickly generate corpora in other domains as well.

In Chapter 7, we describeflat goal recognizer (a recognizer which only recog-
nizes a current top-level goal, but no subgoals). The rezegrs able to perform fast
recognition of both goal schemas and their parameter vallieschieves reasonable
results on both the Linux and Monroe corpora and its time derily is only linear in
the number of goal schemas and observed actions, makingh fagter than previous

systems.

In Chapter 8, we augment the flat recognizer to perform hibreatgoal recogni-
tion — recognizing both the top-level goal as well as actikegoals. The recognizer

uses cascading Hidden Markov Models to compute the mody l&abgoal at each
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level of the hierarchy. It is fast, with a time complexity giatic in the number of goal
schemas and linear in the number of subgoal levels, and givesuraging results on
test cases in the Monroe domain. This contributes a fastbféeRierarchical goal rec-
ognizer which can be rapidly ported to new domains. We exjeease this recognizer

as the principal component of an intention recognizer iareiivork (see Chapter 9).
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2 Dialogue Modeling: Background

The goal ofdialogue modelings to provide a representation of dialogue processes
which can be used to build systems that act as dialogue pamits. Such a repre-
sentation is an important first step towards building a djaéosystem, especially for
performingdialogue managemenrt- the process of controlling the overall dialogue

behavior of the system.

In this chapter we discuss previous work in dialogue modeliwe first discuss

fixed-task dialogue models and then plan-based models.

2.1 Fixed-Task Models

In this section, we group together three classes of dialagodels which make the
(explicit or implicit) assumption that the form of trdomain task(the non-linguistic
task which is the focus of the dialogue) is known (and encpdéthe design time of
the dialogue system. As we discuss below, this dm¢secessarily mean that the form

of the dialogue itself (theliscourse taskneed be fixed.

For fixed-task systems, a prototypical dialogue task is dhatatabase lookup for
such information as flight or train schedules [Rudnicky €1399; Lamel et al.2000]

or weather reports [Zue et al.2000]. Here, the form of the aionask (the database
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lookup) is fixed, and the system only needs to query the usereidain information,
such as the user’s preferences or personal details, in tyder able to perform the

task.

We will see in the section below that this constraint is reetbly plan-based mod-
els, which allows (to varying degrees) the user and systdramig to discussnforma-
tion needed for the task, but also to decide onftiten of the task itself. As we discuss

in Chapter 4, this is a vital feature of supporting agent-tasalogue.

We discuss here finite state models and form-filling models.

2.1.1 Finite State

Finite state dialogue models (e.g., [Hansen, Novick, aniio8Lu996]) are the most
constrained models we discuss here. In this approach,@ydialdesigner must encode
not only the domain task, but alsdl possible dialogue sequences. Typically, a finite
state automaton is encoded, with each state representipstens utterance (e.g., a
prompt) and each transition arc representing a user utteraccepting states typically
signify successful completion of the domain task (or attiéssccessful” completion

of the dialogue, e.g., the system said goodbye properly).

There are many arguments against finite state models ofgtial¢(see [Bohlin et
al.1999] for some of them). We will only mention a few here gfhare most relevant

to agent-based dialogue.

First, not only do finite state models require a fixed domask ttructure (which
we will discuss more below with the other models), they alsguire a fixed, or at
least fully-enumerated discourse task structure. Thisns\daat a user is restricted to
making utterances which correspond to outgoing transtfoom the current state, and
more generally, must follow one of the predefined paths tjinailhe automaton. In
practice, this means that the user must talk about tasknrztion in the order that the

system designer envisioned.
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Another shortcoming of finite state models is their inhetank of memory. The
system only has knowledge of what state it is in, but not of ltayet there. Long-term
dependencies, such as an agreed-upon decision, wouldficeltif not impossible to

represent in a general way.

2.1.2 Form-filling

In form-filling dialogue (e.g., [Seneff and Polifroni20a0&mel et al.2000; Chu-Carroll2000]),
a frame listsslots which represent information needed for the system to perfar

(fixed) domain task. Dialogue is modeled as the process oiffiih those slots.

This results in a much more free exchange at the discous&dew®el, as users can
now give information (fill slots) in any order they wish witha single form. Later work
[Rudnicky et al.1999; Bohus and Rudnicky2003] added the gitdisupport the filling
of several forms each representing different parts of tmeaio task. When the form is

filled, then the system performs the domain task.

Although form-filling frees one from a fixed discourse tastusture, domain task
structure remains fixed. A designer must know the domaingdaskture beforehand in

order to design forms that contain the necessary slots &bitaisk.

Arguments against fixed domain task structure are similéinase with fixed dis-
course task structure mentioned above. Agents often dawé fixed plans for accom-
plishing goals, and often there may be many possible wayadoomplishing a goal,
one of which must be created (planned) by the agent, ofterherily based on the
current state of the world. Specifying all possible taskd gneir structure beforehand
seriously constrains the ability of the agent to adapt toanging world, and limits the
ability of a dialogue system to cover many desirable domgush as interaction with

an autonomous robot).
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2.2 Plan-based Models

Plan-based models of dialogughare the view that the purpose of dialogue is to pursue
domain goals — either by planning a course of action (joiahping) or by executing
such a plan (joint execution). In this section, we first descthe foundations of plan-
based dialogue modeling. We then discuss various threadsedrch using plan-based
dialogue models. Finally, we discuss common shortcomirigbese approaches for

modeling agent-based dialogue.

2.2.1 Foundations

Austin [1962], Grice [1957; 1969; 1975], and Searle [197bhated that human utter-
ances can actually causbangesn the world. The utterance “I pronounce you man
and wife,” said by the right person in the right context alljueauses two people to
be married. More subtly, the utterance of “John is in thehett’ may have effect of

causing the hearer to believe that John is in the kitchen.

Utterances can have preconditions and effects, the santbersnon-linguistic ac-
tions. We can also build plans that contain utterances alsasealther actions. A full
discussion of speech acts is beyond the scope of this tHessimportant to realize,
however, that treating utterances like actions (speed) albbws us to link it to general

theories of planning, execution, and plan recognition itifisral Intelligence.

Allen, Cohen, and Perrault [1982] were the first to computetize a theory of
speech acts. Cohen [1978][Cohen and Perrault1979] contsshiva using plan syn-
thesis together with speech acts for content planning fogdage generation. Allen
[1979; 1983][Allen and Perrault1980], on the other handduplan recognition and
speech act theory for intention recognition in languagesustdnding. We concentrate

here only on Allen’s work.

1This section contains material from [Blaylock2002] andg@bck, Allen, and Ferguson2003].



17

Allen studied transcripts of actual interactions at aniimfation booth in a Toronto

train station. A typical exchange was something like thikgA1983]:

Patron: When does the Montreal train leave?
Clerk: 3:15 atgate 7.

Note that although the patron only requested the depaiituee the clerk also vol-
unteered information about the departure gate as welluRrakly, the clerkecognized
the plan of the patron (to board the train), and realizedttit@patron would also need
to know where the train departed and volunteered that irdtion as well. Allen called

this behavioobstacle detectian

Allen’s system took the direct speech act of the utteranod, asing certain in-
ference rules and heuristics to apply them, performed bakwhaining in order to
infer the user’s plan. Heuristics included things suchfas person wants P, and P is a
precondition of action ACT, then the person may want to penféCT; or if a person

wants to know if P is true, they may want P to be true (or false).

Using these inference rules, the system was able to remguitz only indirect
speech acts, but also the user's domain plan. Plan-baskedukamodels have built

upon this foundational work.

Sidner and Israel [1981] extended Allen’s work to multipkterance dialogues
about execution. Their work takes previous discourse gbiried account in interpret-
ing a new utterance. Each 