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Abstract

Acquiring domainrspecific knowledge necessary for creating a dialog system in a
new taskoriented domain is a time consuming task that requires domain expertise. This
dissertation xplores the feasibility of using a machine learning approach to infer the
required domanspecific information automatically from 4domain conversations. In
order to achieve this goal, two problems need to be addressed: 1) creating a dialog
representationthat is suitable for representing the required dorspercific information
and 2) developing a machine learning approach that uses this representation to capture
information from a corpus of i{domain conversations.

In order to solve the first problem, propose a forabased dialog structure
representation incorporating a thilegel structure ofask subtask andconcept These
components are observable in human dmldg terms of representation, tasks and-sub
tasks are represented by forms whilecapis are slots in a fornthe notion ofform is
generalized as repository of related pieces of informatism that it can be applied to
various types of tastoriented domainsDialog structure analysis and an annotation
experiment are used to demongrahat the forrbased representation has all the
required propertiesufficiency generality andlearnability. The proposed representation
is applied to six disparate taskiented domains (air travel planning, bus schedule
inquiry, map reading, UAV fligt simulation, meetingand tutoring). While the form
based approach shows some limitations, it is sufficient to model important phenomena in
dissimilar types of taskriented dialogs, and thus has bathfficiencyand generality
The anmotation experimenshows thathe formbased dialog structure representation can
be applied reliably by novice annotatowghich implies that the representation is
unambiguousndlearnable

For the second problem, inferring the febased dialog structure representatiamfr
a corpus of irdomain conversations, | divide this dialog structure acquisition problem
into two subproblems, concept identification and form identificatian make the
problem tractableln order to identify a set of domain concepts, two unsupervised
concept clustering approaches are investigated: statibsald clustering and
knowledgebased clustering-or most statisticabased clustering algorithms, we are able
to find automatic stopping criteria that yield close to optimal reslifis.statistal-based
approaches, which utilizagord cecoccurrence statistics such @situal information and
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the KullbackLiebler distance, while able to capture domgpecific usage of concept
words cannot accurately identify infrequent concept words due to a Speetes problem.

On the other handthe knowledgébased approagtwhich uses semantic information
stored in the WordNet lexical database, can identify domain concepts very accurately, but
on the condition that the concepts are present in the knowledge sourc

To determine different types of forms and their associated slots, a dialog is first
segmented into a sequence of-sakksby an unsupervised text segmentation algorithm
Then,the bisectingk-mean suliask clustering algorithm is used to graine subtasks
that represent the same form type itite samecluster. Finally, a set of slots that is
associated with each form is determined from the concepts present in each Thuster.
handle fine-grained segments in spoken dialogs, TextTiling and Hivdded
segmentatioralgorithms are augmented with datadriven stop word list and distance
weights.With these modifications significant improvement is achieved. Even though the
performance of the bisecting-mean sulask clustering algorithnecan be affected by
inaccurate sultask boundaried found thatmoderate segmentation accuracy is sufficient
for identifying frequent form typesSimilarly, moderate sutask clustering accuracy is
sufficient for identifying essential slots in each form.

The results of bothlialog structure acquisition problems, concept identification and
form identification, show that it is feasible to acquire the dorspirific knowledge
necessary focreatinga taskoriented dialog system automaticaflpm a corpus of in
domain conversains using unsupervised learning approaches. Thisdilatan approach
could potentially reduce human effort in developing a newtaignted dialog system.
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Chapter 1

Introduction

A spoken dialog system is a computer system ititatacts with a usevia natural
spoken languagt help the user obtais desired information or resolse problem. As
for current technologies, a dialog system is onenahy natural languag applications
that operateon a specific domain. For instance, the CMU Communicator system
(Rudnicky et al., 1999)s a dialog system in an air travel domain that provides
information about flight, carand hotel reservationg\nother example ishe JUPITER
sysem (Zue et al., 2000hich is a dialog system in a weather domain that provides
forecast informatioror a requested city.

A dialog systemtypically is composedof the following componentsa speech
recognizer, a natural language understanding moduléjalog maeger, a natural
language generation module and a speech synthedihen developing a dialog system
in a new domainywe may be able to reuseme components from existing dialog systems
if they were designedthdepemently of domairspecific hformation Examples of such
domainrindependent components include speech recognizer and speechsiggnth
enginesHowever,the componentghat are integrated with domaipecific information
have to be modified areconstructed for every new domaln.a taskoriented dialog,
which is the type of dialog that is focused in this thesis, participanggge in a
conversation in order to achieve a specific goal to accomplish a task that they have in
mind), for exampleto obtain the departure time ofparticular bus or to order a product
from a catalogHence in the context of this thesis, domspecific information refers to
the knowedge which is specific to a tattkat a dialog system has to support rather than
the knowledge about general dialoguechanisms. The work in this thesis also focuses
specifically on the domaispecific knowledge that is used by a dialog manager rather
than the one that might be required by other components in the syEtendomain
specific information used by a dialogamager includea list of tasks that a dialog system
has to supporta list of steps that needs to be takerorder to successfully aceplish
each task and domain keywords which capture pieces of informatibat dialog
participants need to communicdte order to achievehese steps. An example of the
necessary domain knowledge in an air travel domain is shofigume1.2.
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Conventionallywhen developing a dialog system in a new dom#ie domain
specific infamation is identified manually by human who igamiliar with the domain
For common domains, such as an air travel domain or a weather domain, dialog system
developers usually have enough knowledge to identify the necedsarginrspecific
information However for unfamiliar domainssuch as a military domai(Bohus and
Rudnicky, 2002)the necessary expertise may be scarce which makdsntvdedge
engineering procesmmor e di fficul t. Fur t h esiomoan de a d
subjective and may neobver allof the possiblecasess user s0 perspecti Ve
not be foreseen byhe expert(Yankelovich, 1997) As more dialog data becomes
available, recent approaches in acquiring the domain knowledge are modgiveta
Dialog system developers identify the necessary domain information by analyzing
conversations between the humans who perfasimilar tasks as a target dialog system.
The use of idomain dataan be supplemented for the need of a domain expert. A data
driven approach is less subjective and also reflacte realisttu s er s6 per specti
task However, the main drawback dhis approach is that analyzing-domain
conversations manually is very time consuming.

In the past decade, the comgiignal linguistics community has focused on
developing language prosagg algorithmsthat can leverage the vast quantities of corpus
data that are availabl@he same idea can also be applied to the problem of acquiring
domainspecific information.A machine learning technique could potentiatgduce
human effortin the knowledge engineering process aalleviate the bdtleneck in
devebping anew dialog system This thesis investigates the possibility of using a
machine learning approach to acquire the dorspécific information requiretb build a
tak-oriented dialog systenirom in-domain conversationsFigure 1.1 outlines the
proposed solution tthe problem oflomain knowledge acquisition. Instead of identifying
the required domain knowledge froin-domain dialogs manually, theknowledge
engineeringprocess will be done automaticallginga machine learning approachhe
automatically obtained informatipsuch as the one shownhigurel1.2, can be revised
by dialog system developeb&fore being usedo build a dialog systemEven though
some revion might be required, the amount of effort spent on revising the learned
information should be smaller than the amount of effort spent on manually anatyzing
domaindialogs This thesisdcuseson thehighlighted partinferring the required domain
knowledge fromin-domain dialogs.
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Domain Knowledge

(tasks, steps,
domain keywords)

N

il This Thesis
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dialog system human revises

Figure 1.1: The proposed domain knowledge acquisition process

_ = task = create a travel itinerary
air travel , steps = reserve a flight,
dialogs 1 reserve a hotel,
reserve a car
keywords = airline, city name,

Figure 1.2: An example output of the proposed machine learnipgageh

In the following sections, | will provide some background knowledge about task
oriented dialog systems and then outline the proposed solution to the problem of
acquiring the domakspecific information necessary for creating a tasknted dialog
system.The rest of this chapter is organized as folloSesctionl.1 provides background
knowledge on different types of dialog system architectures. Settdiscusses the
observable structuref @ taskoriented dialogand how it reflects the domaspecific
information required to build a dialog systen®ection 1.3 discusses conventional
approacksthat hae been used to develop a dialog systena askoriented domain
Section1.4 provides the overview of the proposed solution to the probleaioofain
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knowledge acquisitianThethesis statement is given in Sectib®. Finally, the outline
of the remainder of this thesis is provided in Sectidh

1.1 Dialog systenarchitecture

The architecture of a dialog system governs the interaction between the system and a
user as it sets up expectation on useutnguides the system actions and controls the
flow of a dialog. Furthermore, a dialog itself and other related information, such as
domain and world knowledge, are modeled differently by each type of dialog
architecture According to McTear(2002) dialog systems can be classified into three
main categaes based otthe architecture of the systema: finite statebased systepa
formbased systemndan agentbased system

1.1.1 Finite statebased systems

In a finite statebased system (a graphbased systej)pa dialog is modeled as a
sequence of steps states The system take an initiative andleadsa user througha
dialog graph ol state transition netwarlit each state, the system produces a specific
promptto elicit particularresponses from the user. Basmdthe response, the system
performs an &®wn and transits to a new statA. set of dialog states and eligible
transitions among the states are fixed anddetermined. Domain knowledge and other
information related to a dialog are modeled implicitly by dialog states and their
transitions Exampes offinite statebased systemare the automatic book club service of
Larsen and Baekgaafd994)and the bus schedule information system of Bennett et al.
(2002)

A major advantage of the finite state model is its simplicity. Since the system takes
control over t he i nteraction and user o0s
constrained, technol@gs required to build each system component are less demanding.
Restricted input and simple interaction lead to fewer errors as discussed in Section 5.1.2
of McTea® s a (2Q02) ¢dr ehose reasons, the finite sthsed dialog architecture
has been adopted in many commercial systems. Neverthedesisylicity can become a
drawback as the model is not flexible enough to handle any deviation from expected
interaction. The statbased dialog architecture is suitable for a w#llictured task that
has a clearly defined set of information items a djiagstem needs to obtain and that the
order for eliciting those items can be fixed. However, it is not appropriate for a complex
task whose dialog flow cannot be ftetermined, (e.g. a task that requires negotiation or
contains unknown constraints) or cde affected by the dependencies between
information items.
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1.1.2 Formbased systems

A form-based system (@ framebasedor a templatebased systejymodels a dialog
as an information gathering session analogous to a-fiblimg task. At each turn, the
systemattempts to elicit a piece of necessary information from a user and uses that
information to fill the corresponding slot infarm. In the formbased dialog system
architecture, a form is a repository of items of information required to perform a task
sud as acquiring flight information from a database. However, other data structures can
also be used to represent those items of information as well. Examples of other data
structures are product a collection of formgConstantinides et al., 1998nhd atyped
feature structurgDeneckeand Waibel, 1997)The Philips train timetable information
system(Aust et al., 1995andthe CMU Communicator syste(®udnicky et al., 1999)
are examples ofreal world applicationsthat use the forAbased dialog system
architecture.

The information gathering process in the febased system is quite similar to the
one in the statbased system; however, the felrased architecture allows more flexible
and more natural interaction. The flow of a diai®gletermined dynamically from dialog
context rather than prefined. An appropriate system action (e.g. which question the
system should ask next) is chosen by a control algorithm or a dialog strategy based on
dialog context such as the current conterft a f or m and the wuseros
The formbased system can handles more open input from a user; nevertheless, the
understanding process focuses primarily on words or phrases that can be filled iato a pre
defined set of lots. The user can takiiative by providing more information in addition
to the one requested by the system. More flexible interaction makes a dialog more
efficient but at the same time requires a more complicated control strategy. In the form
based system, domaspecific inbrmation is modeled explicitly by forms and slots and
is decoupled from a control mechanism.

Similar to the statdased system, the forbased system is appropriate for a well
defined task. Even though a dialog flow does not have to bdgteemined as ithe
statebased system, a set of information items the fbased system has to elicit need to
be specified. The system also utilizes only simple context information to determine
appropriate actions. Therefore, it is not suitable for a domain that hasanid structure
or requires complex interpretation of dialog context beyond the information represented
by a form and dialog history. Moreover, since the fdrased architecture assumes that a
dialog is an information gathering interaction where the sys&&quires necessary
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information to perform a task from the user, this type of system cannot handle the dialogs
that deviate from this assumption.

1.1.3 Agentbased systems

An agentbased systermodels a dialog as collaboration between intelligent agents
andutilizes Artificial Intelligence (Al) techniques to manage the interaction between the
system anda user. There are many variants of agdrased systems depending on
intelligent behaviors and discourse theories adopted by the systems. For example,
theorem poving approach was used tmith and Hipp(1994) while a planbase
approach and rational interaction approach were used3aylek et a{1997) Generally,
an agenbased system follows a human reasoning processking into accounits own
goals, beliefs and intentions and sometimes those of thewlsar determiningan
appropriate action. Al approaches mentioned above provide theoffeticeldation on
how those conceptual components influent the interaction between the system and the
user as they collaborate in order to accomplish a fiske the conceptual components
(e.g. beliefs and intention) sometimes are not explicitly expressed dialog, a
sophisticated natural language processing technique together with the knowledge about
human conversations and a domain are required in order to infer those components from
dialog context.

With a complex dialog modein agentbased systeroan support a complicated task
that the flow of a dialog evolves dynamically and doatent of the interactiore(g. the
topics and key information discussed) cannot be determined in advance. For instance,
during a tutoring session additional topics maydniebe discussed if a tutoring system
discovers that a student lacks the basic knowledge required to solve the current problem.
The user can also take initiative by introducing a new topic or shifting from the current
topic to a different oneéSince bottthe sequence and the content of user input are not pre
defined, an understanding module needs to be able to handle fairly unrestricted user
input. Examples of agertased systems athe TRAINS system, alialog system that
helps a maager solve a routingrpblem in a transportation domajAllen et al., 1995)
andthe physics tutoring systeifirreedman, 2000)

The agenbased dialog system architecture can support a more complex task than the
finite statebased and the foribased architectures. However, a more complicated model
comes with the cost of intensive computation both in terms of dimog t r o | and
input interpretation.

us
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1.1.4 Dialog system architecture comparison

The agenbased dialog system architecture seems to be more appealing than other
types of architectures as it can model a more complex dialog and has the closest
conversational @ampetent to a human participant. However, for a simple and well
structured task, the finite stab@sed and the fonibased architectures can be more
efficient as they take less effort to develop. Simpler interaction is also more robust to
system errors siicas speech recogniti@rrorsand understanding problenigable 1.1
summarizes the comparison among the three dialog system architectures along three
aspects: user input, dialog flow and domain information.

Dialog system architecture
Features
State-based Frame-based Agent-based
User input Single words or phrases Natural language with Unrestricted natural
restricted by system prompt{ concept spotting language
Dialog flow Fixed andore-determinedby | Determined dynamically | Determined dynamically
a state @nsition diagram from the current content af | from amodel of goals,
formandtheu s er 6 s |beliefs and intentions
utterance
Domain Represented implicitly in Repreented expliciy by Represented explicitly in
information terms of dialog states forms and their associated| knowledgebase and a
slots domain reasoning modul

Table 1.1: Dialog system architecture comparison

1.2 Characteristic of taskriented caversations

Observatios of goatoriented humaiuman dialogdrom different domains show
that such dialogs haweear structure that capturelomainspecific information. When
two or more people engage in a conversation that has a specific goal, sithirEag
bus scheduleinformation, they organize their conversion so that key ideas are clearly
communicated and that progress towards the goal is observabletbg parties.If the
task the dialogparticipantdry to achieve ixomplicatedtheyusually divide the task into
a series of subasksin which they will pursue one at a timehis observation is similar to
Gr o s(2998 discussion about dialog structure and task structure. Ataskbis
accomplished through a domain actemd allpieces ofinformation required in order to
perform the actionhave to be clearly communicatedmong the participantsThe
characteristis of taskoriented conversationare reflected in the choice of language,
which will be instrumental, and willeferencethe shared representation aftask. This
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contrasts with the characterigtiof nontaskoriented conversations such as the ones in
the Switchboard corpu&Godfrey et al., 992) and the CALLHOME corpugKingsbury
et al., 1997)Those corporare casual social conversations.

1.3 Conventional approachésdialog system development

The development process of a dialog system is similar to development processes of
other types of computer systems. This process invapesifying system requirements,
designing and implementing a dialog system that meets all of the requirements, and
evaluating the implemented system. Establishing system requirements is the first step in
the process. In this step, dialog system developeesl to specify the scope of a target
dialog system (i.e. the tasks that the system can support and the functionality of the
system); determine the structure of each task; indicate the desired interaction between the
system and a user which includes detamg the dialog flow and anticipated user input
and system output; and list other technical constraints such as a user pool (native vs. non
native) and usage environment. This section focuses on this step, requirement
specification, as it involves idengihg domainspecific information.

In the current dialog system development procdsdog system requirements are
specified manually by dialog system developers based okntheledge that they have
about the domairtHHowever, the resulting system may maeract with a user in the way
that he/ she expects it to, as the develope
from the us e rTé avqde this prebtetn,i thee analysis of-domain
conversations is used to guide the design decisionde niyy the dialog system
developersFor examplethe dialog processing component in the VERBMOBIL speech
to-speech translation system was designed based on the analysis of scheduling dialogs
and the requirements of other components in the sy@&rancersson and Reithinger,
1995) There are two ways to obtain a collection ofdmmain conversations: 1) by
recoding conversations between humans that perform the same task as a target dialog
system, or 2) by simulating a target dialog system using a hwizaind and recording
conversations between a user and the simulated system.

The first method creates a corpus of hurhaman conversations which provides an
insight into how human participants interact through a dialog to accomplish a task in a
given doma. There are two types of humd@anman conversations the one that occurs in
a real situation, e.g. a call madeadelp desk operataf the Pittsburgh Port Authority
Transit systen{fRaux et al., 2003)and the one thdiased on a prescribed scenadaa.
the TRAINS corpuqGross et al.,, 1993)Prescribed scenarios are used when it is not
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possible to record real humd&amman conersations due to some issues such as a privacy
issue, or when there is no existing setting that matches a target dialog sysissnahe

based conversation is less natural since the goal of the conversation is not the participants
own goal but is givenni the scenario along with other constraints. The participants may
not have real motivation to accomplish a task. Furthermore, the language used to describe
the scenario can affect the usero6s choice
(Dybkjeer et al., 1995)How well scenaridbased conversations cover the domain also
depenéd on a set of scenarios chosen. Nevertheless, scéasad conversations still
provide useful information about the characteristics of a task and the interaction between
dialog participantsYankelovich(1997)used predesign studies to collect humaoman
conversations in four tasiriented domains. Conversations in one of the domains were
recorded when the participamperformed a task in a real situation while in other three
domains prescribed scenarios were used. In his experiments, the analysis of the
conversations collected from the ftesign studies, which took place prior to any system
desi gn, r e v gpectives df a taskehatsn@ht poe lre foreseen by dialog system
developers and helped reduce major design problEnesmain drawback of the method

that elicits dialog system requirements from the analysis of hinaran conversations

is that the languageised in those conversations is rich and unrestricted while the
language that a dialog system can support is more limited.

To observe a conversation between a human and a dialog system before such a
system is actually created, the simulation of the systemequired.A Wizardof-Oz
(WO2 method is commonly used tweate simulated humanachine conversations. In
this method, a human (gizard or an experimenter) plays a role of a dialog system and
responds to a user usingynthesizedoice. The user imade tabelieve that he or she is
interacting with a computer system. An example of the WOZ method can beiffotined
work by Bangalore, Fabbrizio et g2006) In this work, he data collected bjhe WOZ
method was analyzed by a user experience enginetr determine dialog ystem
specifications and its functionalitfdowever, there are several concerns regarding a
WOZ proceduréChurcher et al., 1997For example, it is difficult for a human wizard to
behave exactly like a dialog systemhich has limied communication capabilitgnd
simulate speech recognition and understanding problems that may occur in a real system.
The behavior of each wizard may also affect how a user interacts with the simulated
system. To resolve this problem, a prototype systeth limited functionality is used to
collect real humamachine conversations. The system that has more completed
functionality is then developed based on the analysis of this initial humaahine data.
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The prototype of the CMU Communicator system weasigned based on the analysis of
both humarhuman data and simulated hunraachined data (WOZ datéleskenazi et
al., 1999) This prototype system was then used to collect real humzahine dialogs to
further improve the automatic travel plangisystem.

As we can see from the discussion above, the analysisduniain conversations
both humarhuman and humamachine conversations plays an important role in the
requirement specification and design of a tasknted dialog system. However, the

analysis has been done manually which makes the process expensive, subjective and

probably inconsister(Bangalore, Fabbrizio et al., 2006)

1.4 Overview of the proposed solution

This thesis aims axploring the feasibility of using a machine learning approach to
infer the domainspecific inform@ion required to build daskorienteddialog system
from in-domain conversations. The machine learning approach could poteallieliate

the bdtleneckthat occurs in the conventional dialog system development process, where

the domairspecific informa&on is identified manually, andeduce human efforin
developing a dialog system a new tasloriented domainin this section, | will first

define the scope of this thesis work, and then describe the overview of the proposed

approach.

Since theknowledye engineering processcurs before the fst prototype system is
createda collection ofrecordedconversationdbetween human participants thpsrform
the same task as a target dialog system becomesraresourceln manytaskoriented
domains, colletions of humashuman conversations already exi€ine example is a
collection of calls made ta help desk operataf the Pittsburgh Port Authority Transit
system(Raux et al., 2003)Evenif there isnot oneg in the case where we would like to
replace one of the part i caicprpus ¢tfardanhurah e s
conversations can be collected quite easily.ifstance humanhuman conversations in
a travetplanningdomain can be collected by recorditng conversations between travel
agents andheir clients (Eskenazi et al., 1999 addition toa dialog corpu®sf a target
domain,l am also interested in incorporating information frotherknowledge source
that are alreadyavailableto improve learning accuracy. One examplethod existing
resources ithe WordNetlexical database.

There are som previous studies on the differences between hthmaran
conversations and humamachine conversatior{®ahlbéck et al., 1993; Hauptmann and
Rudnicky, 1988; Jonsson and Dahlback, 1988jesestudies show that the language a
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human uses to communicate with a computer is more constrained than the one he/she
uses to communicate witmother human participanor example, the vocabulary size

and the syntactic variations are smaller when congpéwethose of humarhuman
conversations in the same domain. One explanatidhis phenomenon is that humans
adjust their language to accommodate the machine incomplete communication capability.
However, the differences are in texof the language used to comamcateinformation

| assumethat the structure o& task anddomain keywordsdo not change with the
communication ability ofdialog participants, and that corpus of humauman
conversationss still a useful resource for acquirinige domainspecificinformation that

will be usedo create aialog system.

The proposed machine learning approaches for inferring the dapeaific
information from irndomain conversations are mainly unsupervised. When acquiring the
domainspecific information for a newaskoriented domainthere is no annotated data
available for training supervised learning algorithms as the tatgetainspecific
information has not been specified and needs to be inferredifirdomain dialogs. For
that reason, we have to rely on upstvised learning algorithmAcquiring the necessary
domain knowledge from a set of humlamman dialogs is considered kmowledge
acquisition process and is carried out before a dialog system is created. This is contrasted
with a dialog structure recogiih process in which prspecified dialog structure
components are recognized as a dialog progregddwugh a supervised learning
approachusually provides a more accurate result, it comes with the cost of manually
labeled data. There are also some asere an unsupervised leangi approach
performs better thaa supervised on@Voszczyna and Waibel, 1994ih these cases, the
unsupervised approach, whi ¢ h d otatisnnbetter g et
reflects the characteristics of the dataurthermoreit is interesting to see how well an
unsupervised learning approach can perform onpitedlem of domain knowledge
acquisitionand what would be its limitations.

In order to apply a mé&ine learning approach to the problem of domain knowledge
acquisition two research problems have to be addressBdspecifying a target
representatiomhich capturegshe domainspecificinformationthata dialog systemeeds
to have in order to supporttask in that particular domain, a)ldeveloping a machine
learning approach thatfersthedomain information captured by this representation from
in-domain dialogs.

For the purpose of this dissertation research, a suitable domain knowledge
representan should have abf the following properties:
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0 Sufficiency: capturing all domainspecific information required to build a
dialog system in a new taskiented domain

0 Generality:being able talescribetaskoriented dialogs in dissimilar domains
and typs

0 Learnability: the representation can be identified by a machine learning
algorithm from observable language behaviors in humanan
conversations

In this thesis, | propose form-based dialog structure representatias a target
representation of theothainspecific information, which will be inferred from-ghomain
conversations, and claim that it halsof the require properties The formbased dialog
structure representation & threelevel structure oftask subtask and concept These
componentseflect the observable structure of a tasiented conversation discussed in
Sectionl.2 Task and sulask represent the decomposition of a complicated task while
concepts are items dafformation (or domain keywords) thatialog participants have to
communicate in order to achieve the conversation goal. A more formal definition of each
component and examples of the component in various-orgshted domains are
discussed in detail i€hapter 3 The proposed representation is based on the notion of
form, adata representatiamsed in the forrbased dialog system architectufde use of
forms and a fornfilling strategy in dialog systems was first introducedHgyrieuxand
Sadek (1994) and has been adopted in many systems builthenformbased dialog
system architecturd-orms are well understood by practitioners but in an informal way.
Typically, a form corresponds to a daase query formand contains items of inforrtian
that are searcleriteria. This interpretation is specific to only informatiagcessing
domains. In this thesis, a more generalized interpretation of the form representation is
provided, so that itan be used to represeahe structure of dialog other types of task
oriented domainas well

In the following parts of this section, | will briefly discuss the properties of the-form
based dialog structure representation and the approaches that are used to verify these
properties. Sincehe form-baseddialog structue representatioris based on thelata
representatiorused in the forabased dialog system architecture, it captureofathe
domaininformation required to build orm-based dialog system. Thus, the felased
representatioms sufficiert for representing tasériented dialogs, at least information
accessinglomains as demonstrated by the succesthekystems that were implemented
basedon the formbased architecture. To verify its sufficiency for other types of-task
oriented domais and its generality, sigissimilar taskoriented domaingsre analyzed.
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Those six domains arair travel planning (informaticaccessing task), bus schedule
inquiry (informationaccessing task), map reading (problgoiving task), UAV flight
simulation (ommandandcontrol task), meeting and tutoringhese domains are chosen
to cover dissimilar types of taskiented domains. The choices of domains are also
subjected to the availability of humdwiman dataDialog coveragewhich measures the
percentagefadialog content that can be accounted for by tieppsed dialog structure, is
also used twerify the sufficiency of the forabased dialog structure representation.

In terms of learnability, since the components of the fbawed dialog structure
repregntation can be observed directly from a dialog as they rethectobservable
structure of a taskriented conversation discussed in Secti@ the formbased
representation should be learnable through an unsupervisednégaigiorithm. The
accuracy of the domain information obtained by the proposed machine learning
algorithms is used to verify lie learnability of the forAbased representatiomhe
proposed learning algorithnere described below. An additional evaluatiorhjuanan
annotation experiment, is carried out \erify that the proposed forimased dialog
structurerepresentatioman be understood and appliediably by annotators other than
the coding scheme developédthis evaluation also verifies the learnabilitiythe form
based representation terms of human learnabilitfHigh annotation scheme reliability
suggests that the annotation scheme is concrete and unambiguous which also imply
learnability. Annotation scheme reliabilitig assessed along tvaspectsreproducibility,
which measures the level afjreement among novice codarsd, andaccuracy which
measures the correctness of a noweixpertdder
annotation

Theform-based dialog structurepresentation also hasatiner desirable propertg,
direct mapping between dialog structure components and dialog sgstamonentsBy
using an existing dialog system framework to desctifgestructure of a taskriented
conversationthe connections between tbemponent®f the formbased dialog structure
representation and the components ofsysiemthat employs the representatioecome
straightforward. This direction is opposite to many other research works that impeement
dialog system from an eting dialog structuré¢heory,

To makea dialog structureacquisitionproblem tractable, | dividéhe problem into
two subproblems:concept identificatiorand form identification(a form is associated
with a subtask in the forrrbased dialog structure representatidggch sukproblem is
handled separateliiowever, it should be kept in mind that these individual components
are parts of the same dialog structure; therefore, information about one component may
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be useful for inferring another component. After each componenteacduired with
acceptable accuracy, interaction between components should also be considered in the
learning processThe accuracy of the acquired domain information is evaluated by
comparing the learned dialog structure components to the reference emtspon
identified by a domain expert.

To identify a set of domain concepts, a learning algorithm has to identify instances of
concepts and group the ones that belong to the same concept type together. Since a list of
concept types in a given domain is nog-ppecified but will be explored from data, the
concept identification problem is different from a classification problem, for example,
named entity extraction. In the classification problem, a word or a group of words is
classified as one of the predefineoles such as person and organizatiomo Toncept
clustering approaches are investigatethis thesis, statistical clustering and knowledge
based clustering. By assuming thabrds that have similar meaningnd to occur in
similar context, a statistal clusteringapproach groups concept words together based on
their distributional similarity.Two statisticalclustering algorithmsmutual information
based clustering and Kullbatkebler-based clusteringare compared Both algorithms
are an agglometi®e hierarchical clustering approach (or a botign approach);
however, they use different heuristics to determine the similarity between words or
groups of words. Automatic stopping criteria based onrtbasurs available during the
clustering procss are also proposed for both approaches. For knowdAbdged
clustering, the proposed approach utilizes semantic information stored WattuiNet
lexical database and groups concept words togbtsad on their hypernyms

The goal of the second learningpplem, form identification, is tdeterminedifferent
types of forms and their associated skbist a dialog system needs to know in order to
perform a taskSincea form represents segmenbf a dialog that coespondsto a sub
task identifying the sub-tasks ina set of indomaindialogs can help determine a set of
forms The proposed solution is as follows: fisggment a dialog into a sequence ofsub
tasks then group the sutasks that are associated with the same form type into a cluster.
By analying the concepts contained in each cluster, a set of slots that is associated with
each form can bebtained Two unsupervisedliscoursesegmentatiorapproachesre
investigated:a TextTiling algorithm and a Hidden Markov Model. Both approaches
while peforming well with expository textrequire some modificati@whenthey are
applied to afine-grained segmentation problem o$poken dialogs The proposed
modifications include: a dawdriven stop word list, a distance weight and an appropriate
context sie. After segmenting all dialogs into sequences of-mds,the bisectingk-
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means clustering algorithmm usedto group the dialog segments that belong to the same
type of subtask together as they represent the same form typebi$hetingK-means
algoithm is an unsupervised clustering algorithm thalizes cosine similarity between
dialog segments in order to assign the segments into clustiensnation from concept
annotationis included as an optional feature for both dialog segmentation anthskib
clustering algorithms to see how information from another dialog structure component
affects the learning accuracy.

1.5 Thesis statement

This thesisinvestigates how to infer, from a corpus of taslkented humafuman
conversations, the domaspecific nformation that a dialog system needs to have in
order to support a task. The required domain information is clearly reflected in the
structure of a dialog as dialog participastchange pieces of information to perform a
task, and for a complex task, degpose it into a set of sttasks which they capursue
one at a timeFor the domains that exhibit this informatierchanging characteristic,
when the domahspecific information is clearly expressed in a dialog, it can be
automaticallyacquiredfrom the associated language behasidghrough unsupervised
machine learning approaches.

1.6 Thesis organization

The following is an outline of the remainder of this thesis.

v

0 Chapter 2 Literature Review This chaptesummaizes several welknown
discourse structure representations and prior research works that attempted to
identify those structures from data. The chapter also discusses the limitations
of the existing discourse structure representations if they were toedarus

the context of this dissertation.

O«

Chapter 3 Formbased Dialog Structure Representatiofhis chapter
describes the proposed foimased dialog structure representation and argues
that it has all of the redgred properties. Examples on how to model the
structure of a dialog with the proposed representation in six disparate types of
taskoriented domains are given. The chapter also discusses the limitations of
the proposed structure and compares it to exjstialog structures.

O«

Chapter 4 Formbased Dialog Structure Representation Evaluatidhis
chapter describe two evaluation proceduresdialog coverage,which
measures the percentage of dialog content thabeasmccounta for by the
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proposed structure, andnnotation scheme reliabilitywhich assesses
annotation agreement among novice codengerify that the proposed form
based dialog structure can be understood and applied by annotators other than
the codingscheme developer.

0 Chapter 5 Concept Identification and Clusterin{n this chapter, approaches
for identifying a set of domain concepts are described along with their
evaluations.

0 Chapter 6 Form Identification This chapter consists of two parts which
correspond to the two major steps used to identify different form types and
their associated slots. The first part describes dialog segmentation algorithms.
The secondpart describes sutask clustering algorithms along with the
analysis of the potential slots for each type of form. A series of experiments
used to evaluate these learning algorithms are reported.

0 Chapter 7 Conclusion This chapter summarizes all the findings and discuses
directions for future research
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Chapter 2

Literature Review

This chapter reviews existing research works in two areas: discourse structure
representation, and datisiven approach to dialog structure modeling. These two areas
are related to the two research problems that have to be solved iirtortshieve the
goal of this dissertation which is to infer the domspecific information required to
build a taskoriented dialog system from -mhomain conversations through a machine
learning approach. The two research problems that have to be aodv&yl specifying a
dialog structure representation that is suitable for representing the required -domain
specific information, and 2) developing a machine learning approachinfieas the
domain information captured by this representation famiomaindialogs. Throughout
this thesis, the terndiscourseanddialog can be used interchangeably. Nevertheless, in
some specific discussions, the term discourse may have a boarder interpretation that
includes both monologs and dialogs.

This chapter is organizeas follows: Sectior2.1 summarizes welknown discourse
structure theories and models. Sectib@ discusses the learning approaches that have
been used to identify a structure of a dialog fronadat

2.1 Discoursestructure representations

Discourse structure modeling has been a topic of interest for several dédadgs.
theories and models have been proposed to explastructure ofa humanhuman
conversationThese dialog structure modeglsr theores) focus on different aspects of
dialogs depended on the purpose of the models and the assumptions they made about
humanhuman conversations. In addition to linguistithke ideas behindliscourse
structure theories and modelgere also influencal by many other fields of study
includingpsychologysociology, philosophy, ancbomputer science.

In the early days, the research in the askdiscoursestructure modelingocused
mainly ondeveloping a theory that facilitates the interpretation of discours@ingethat
goes beyond thesVel of an individual utterance. These discourse structure theories were
derived mainly from linguistic ah psychological point of views, and were aimed
preliminary atdescribing discourse phenomeimaboth monologs and dialogwith the
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proposed structurékecent works omliscoursestructure modelingremore engineering
oriented Practical issues such gsedictabilty of each structure component aad
computational model thatan representhe proposed dialog structure in antcamae
systemhave been addressed when developing a discourse structure model. Many of these
representationare derived from the analysis tfcorded humahuman conversations,

and thus receive more influence from real data limguistic and psychologil theories.

In this section | will review some of the works that are well known in the field
have been applied in dialog system implementathufditional reviews on discourse
structure representation can be found in many survey articles includirapter 6 of
Cole et ab g1997)ar t i cl e, @LO89)sarticle evhich &tused sn discourse

structure fomatural language understanding, and Moore and Wi¢heers t i(2008)s 6
article which focuses on discourse structure for natural language generation.

Most discourse structure meld agree that a discourse has a compositional structure
(Grosz et al.,, 1989; Moore and Wientéastings, 2003)That is, a discourse can be
divided into coherent segments. Moreover, these segments also possess some relations
among one another. Discourse segments and their relations constitute the structure of the
discourse. However, what discourse segments and thkitions represent can be
different depended on the aspect of a discourse that each model emphasizes. A discourse
can be viewed from two different perspectives: an informational perspective and an
intentional perspective. This categorization is similartite informationaintentional
di stinction discussed (1997)artible and also piitiobbs, 6 o f
1996; Moore and Pollack, 1992)

1. Informational perspectivéor contentbased perspectiyecaptures the actual
content being conveyed in a discourse. The contetiteodiscourse can be
modeled by its surface representation, such as the actual entity that was
mentioned, or by its semantic representation.

2. Intentional perspective apt ures a speakero6s i ntenti
(i.e. why it was said) and the ovirgoal of a discourse.

Some discourse structure representations may capture both the informational and the
intentional aspects of a discourse, but only one aspect is emphasized. Based on the
emphasized aspect, discourse structure representations caoally lmategorized into
two groups: informationatoriented discourse structures andhtentionatoriented
discourse structuresfter reviewing each group afiscourse structure representations in
Section2.1.1and SectiorR.1.2 respectively, all discourse structure representations are
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compared in Sectiog.1.3 In Section2.1.3 | will also discuss the appropriateness of
these representatioifshey were to be used in the context of this dissertation.

2.1.1 Informationatoriented discourse structures

2.1.1.1 Discourse Representation Theory (DRT)

Discourse Representation ThediDRT) is a formal semantic model which focuses
on the semantic truth conditions af discourse and aims primarily for discourse
understanding. The theory was first introduced by Ké&b®81)andfurther developed by
Kamp and Reyl€1993) DRT uses a logical language to represent the meaningxof
similar to a first-order predicate logjchowever, thelogical representation in DRT is
extended from the level ok sentence to the level @ discourse by including the
representation of the conteXtie semantic representation afdiscoursén DRT is called
a DiscourseRepresentatior8ructure (DRS). Themeaning of a given text is derived on a
sentencéby-sentence basisSemantic interpretation rules are used to transform the
syntactic structure otachsentence to the semantic oriéhe interpretation of each
sentence is made in the context of precedingeseeswhich is represented by the
current DRS The result of this interpretation is then used to updateDRRE& The
advantage of this approach is that the semantic representation of a discourse is built up
from the contents of the discourse alone withioringing in external informationDRT
provides a computation framework to resolve some linguistic issues, such as anaphora
resolution and quantifier scoping, through predicate calculus which can be implement
using LISP or PROLOG. Although, DRT providasrepresentation for a discourse, it
focuses more on describing the truth condgiarf the discourse rather #m its
compositional structureMost of DRT mechanisms also focus on sentence level
processing without taking into account the relationship éetwsentences.

2.1.1.2 The Linguistic Discourse Model (LDM)

The Linguistic Discourse Mod€LDM) (Polanyi, 1996)provides a framework for
discourse interpretation based on the linguistic theory of discourse structure the¢mas b
developed by Polanyi and her colleagues since 1984. In the LDM framework, both
structural relations and semantic accessibility relations (relations among contextual
categories) play important roles in discourse interpretation. A structural descapton
discourse is represented bipescourseParseTree (DPT). Each leaf node in the DPT is a
Discourse Constituent Uni{DCU), a semantically motivated discourse unit that
expresses a single event or state of affairs in a discourse world. A DCU islenjLiva
single clause or a single phonological phrase and is often markdiddoyirse operators
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(or discourse markers). These discourse operators also provide information about the
relations among the DCUs.

A DPT can be constructed from DCUs using scdurse grammar. Polanyi argued
that for most of the cases, simple contiege rewrite rules are sufficient to describe the
structure of a discourse. The discourse is processed on abRPOQU basis. The
relation between a new DCU and its immediately gdény DCU determines how the
new DCU will be attached to the DPT. This relation also determines how the semantic
interpretation of the new DCU will be combined with the current semantic representation
of the discourse. A semantic representation in the LEdytures both propositional
content and discourse contextwhich are modeled by a hierarchy of contextual
categoriesifiteraction speech evdngenre unit modality, polarity, and point of view.

The semantic representation in the LDM is an extensighenfliscourse representation
structure (DRS) used in Discourse Representation Theory (DRT) discussed in Section
2.1.1.1 However, while DRT emphasizes discourse referents, the LDM emphasizes the
setting and resetting of disc@ercontexts.

Similar to DRT, the LDM focuses on a semantic representation of a discourse which
is described in terms of the truth conditions. The LDM also describes a structural
representation of a discourse; however, a discourse parse tree is influgrsesdential
syntax rather than a task structure or discourse goals.

2.1.1.3 Segmented Discourse Representation Theo($DRT)

Segmented Discourse Representation Thé®BRT (Asher, 1993)s the extension
of Discourse Representation Theory (DRT), discussed in Seztloh.] that takes into
account the structure of a discouvdgen combining the semantic representation of a new
sentence into the overall semantepresentation of the discourdastead of simply
merging thesentencdevel representation with the current Discourse Representation
Structure (DRS) and creating a larger DRS as in DRT, SDRT uses a discourse relation
between the new sentence and its joev sentence to determine how the semantic
representation of the new sentence should be combined with the analysis of previous
sentences in the overall structural semantic representation.

From the influence of DRT and the analysis of anaphora, SDRT \levstructure
of a discourse from a semantic perspective and can be considered as a semantic theory of
discourse structure. A unit of a discourse (or a discourse segment) is defined at the level
of proposition and is equivalent to a simplest form of a MRBRT. A set of discourse
segments, namely a set of DRSs, and a set of discourse relations between these DRSs
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determinethe structure of a discourse. This discourse structure, call8dgmented
Discourse Representation Struct&egmented DR&, SDRS, is imposed on the top of

the semantic representation in DRS. Since SDRS is defined recursively, it many contain
another SDRS, and thus constitutes a hierarchical discourse structure.

There are two types of relationstructural relationand non-structural relation (or
semantic relatiop Structural relations specify how a discourse is segmented and how the
segments are organized. For examplasntinuation indicates that a new sentence and
its previous sentence are in the same discourse segmenBhdiiteation indicates that
a new sentence is in the discourse segment that is dominated by the discourse segment of
its previous sentence. Nevertheless, structural relations do not thilesemantic truth
conditions of discourse content. Netructural relabns such a€AUSE, on the other
hand, have some implications on the semantic truth conditions of the discourse content.
Satisfaction conditions of these relations impose constraints on the locations in the
current SDRS that a new sentence can be attached list of discourse relations are
open; but for one specific set of data, the number of relations should be small.

The overall structure of a discourse is created on a sertgrsentence basis similar
to DRT. In order to attach the DRS of a new secgeto the current SDRS, both an
attachment point and the discourse relation between the new DRS and its preceding
sentence have to be identified. The discourse relation can be inferred from various
sources of information including cue words, availabladiient points, the content of
the current SDRS and the new DRS, aatisfaction conditions of possible relations.

SDRS is quite similar to the Linguistic Discourse Model (LDM) discussed in Section
2.1.1.2 However, SDRS putsmore emphasis on the semantic aspect of a discourse
structure while the LDM puts more emphasis on the syntactic and structural aspects of
the structure. This difference is reflected in the choices of discourse relations and their
effects on discourse prasng. The relations in LDM mostly affect the structure of a
discourse while some relations in SDRS also affect the semantic representation of the
discourse.

2.1.1.4 Rhetorical Structure Theory (RST)

Rhetorical Structure TheoryRST (Mann and Thompson, 1988yas originally
developedrom the analysis of carefully prepared text from various soufides theory
explains a structure ofdiscourse in terms of relations between its parts. The assumption
behind RST is thatvery part otoherentexthas a reason for its presenBST provides
a rich set ofcoherenceelations, yet principally open, that descrilzesole that one text
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span (a satellite) has with respect to another text spann@aleug. These coherence
relations were defined based on functional and semantic criteria rather than syntactic
ones. There are two types of relationssubject matterelation and gpresentational
relation. A subject matter relation (egjaboration andcause) is intended for a reader

to recognizehe relation while gresentational relatiofe.g. Motivation and Justify) is
intended to increase some inclination in the redéem the two aspects af discourse
discussed earlier, saubject matter relation is considered informational as the relation
itself has to be recognized in order to understand the discourse while a presentational
relation is consider ed i ntefenatthe meaairlg ofahe i t
discourse.

Since a text span is roughly defined as any uninterrupted linear interval of text, one
can create a hierarchical structure of text by identifyiogerenceelations between all
of the compositions dd givendiscoursge.g. between sentences, greopsentences and
paragraphs Such a structure is calledrhetorical structure treeor a discourse tree
Recently, Taboada and Maf2006)reviewed and responded to the issues that have been
addressed on theoretical aspects of R8Terms of learning, Marc(L999) proposed a
rhetorical parsing algorithm that learns to construct a rhetorical structure of text from
annotated data using a decision tree.

RST has beerused mainly for text gneration such as automatic summarizaticm.
apply RST to dialogs several modifications are required in order to handle-sipotic
behaviors. Stenf2000) capturedthe collaboration between participants in taskented
dialogs by introducing a new set of relations that describe adjacent pairs such as
guestion-response and proposal-accept. However, like other relations, adjacency
pairs emphasize speakersod r het otaskspecific goal s
structural patterns, the notion ethema(e.g. makeplan and describsituation) was
added to the annotation scheme.

2.1.2 Intentionaloriented discourse structures

2.1.2.1 Speech act theory

Speech act theotyas its root in the field of philosophy of langudgem the work of
a philosopher J. A. Austin and his follower J. R. Sedaflas theory focuses on the
function of language that goes beyond the level of semafiticghe truth value of a
proposition). Speech act theory analyzes the role of an utteranite respect to the
intention of a speaker (the illocutionary force) and the effect on a listener (the
perlocutionary effect)and thus introduces pragmatics to the field of discourse structure
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modeling Several categories of speech acts have been pthguesever, the one that

has the strongest influence on the setlialog actd used inmany dialogsystems is
Sear|l eds t axono my(Searle, 197%)3earle arguedothmiaar nymber oft s
basic categories of intentions behind the use of language is definite and prapesed f
categories of illocutionary actshich are assertiveqa speaker conveys the belief that
sonething is being the casejlirectives (a speaker attempts to get a hearer to do
something) commissivega speaker commits to do something in the futleepressives

(a speaker expresses his/her feelingsgideclarations(a speaker changes the statéhef

world by saying the utterance). Each utterance may contain more than one illocutionary
act. Many researchers have modified the speech act taxonomy to better suite their tasks
by adding more domaigpecific acts. Alexandersson et §1995) extendedSe ar | e 0 s
speech act taxonomy to a set of didlog actsthat describg appointment scheduling
conversations ithe VERBMOBIL speecko-speech translation system.

Speech act theory doest describethe overall structure of discourse but focuses
only onthe level of an utterance. Nevertheless, s p e aténgoncapsureliby a speech
act is also a key component in many other thedhat use an utterance as a discourse
structure unit includinga dialog grammar a planbased model andhe theory of
conversatiorects. The details of these theories are discussed below.

2.1.2.2 Dialog Act Markup in Several Layers (DAMSL)

The DAMSL annotation schemg@ore and Allen, 1997Avas developedrom speech
act theory(Searle, 1975)liscussed irthe previous sectiorHowever, instead of using a
single | abel to capture an utteranceds pu
multiple labels in multiple layers to descritieu t t e r a n ¢ @nbvarious aspects i 0 n
The DAMSL annotation scheme ists of three orthogonal layerd=orward
Communicative Functions Backward Communicative Functignsand Utterance
Features The Forward Communicative Functions contain a taxonomy similar to the
actions in speech act theory. The Backward Communicativetiboacontain a set of
labels that indicates the relation between the current utterance and the previous ones such
asagreement andanswer. The Utterance Features describe the content and form of an
utterance.

DAMSL was developed by Multiparty Discoursedap as an annotation guideline

for taskoriented conversations in general. The communicative acts defined in DAMSL
are primitive communicative actions that are common in variousoidsikted domains.

! The termdialog actmay also be used interchangeably for the tgpaech act
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These communicative acts can be extended to includaidampecific acts as shown in
Meeting Recorder Dialog Act (MRDAJDhillon et al, 2004) and the dialog move
taxonony for tutorial dialogs (Tsovaltzi and Karagjosovd, 2004)he DAMSL
annotationscheme camalso be augmented with additional layers that describe an
ut t er an c eid atherfagpectsTo ibeiter slescribe reasoning and probksiving
processes in problesolving conversations, twadditionallayers were introduced in the
COCONUT project(Eugenio et al., 1998)The Topic layer describeshe content of an
utterance with domaispecific tags while th&urfaceFeaturesapture syntactic features

of the utterance such as tense and sulljrtly et al (2003)addedthe semantic layerto
capture domakmelated informatiorenclosed in each utterance

Since DAMS. was developed from speech act theory, it too dussdescribean
overall structure ofa discourse but focuses onbn the level of an utterancdzach
utterance is described in isolation. A relation between utterances is not captured except
for the linkto the antecedent, the previous utterance being responded to by the current
utterance, provided by Backward Communicative Functions. A structural relation
between groups of utterances is not specifiéelertheless, DAMSL is widely used in
many dialog sygims to aid the interpretation of user utterances similar to other
extensions of speech act theory. Furthermibieas been shown th#te DAMSL tagset
and its extensiocan be automatically recognized with acceptable accytargfsky et
al., 1997, Stolcke et al., 2000)

2.1.2.3 Dialog grammars

The idea ofadialog grammaiis based on the observation that a conversation contains
regular patternsThe most prominent patin is known as aadjacency pairsuch asa
guestion/answer pair. In a collaborative conversation, we can assume that the succeeding
utterance will follow the initiative set by the preceding utterance. For example, we can
expect that a question will be folved by an answer. Generally, each pattern is a
sequence of utterances in which the first utterance of the sequence ifotiadion)
creates a discourse expectation that will be fulfiled by subsequent utterances (or
responses These sequences are tharlt up into larger patterns in a dialog. Regular
patterns in a dialog are hierarchical aiah beexpressed by grammarEach grammar
rule specifies how a dialog or a dialog segment is decomposed into smaller units.
Usually, the smallest unit of a dig, or a terminal node in a dialog grammar, is
represented by a dialog act. The next leveltgsminal node is an adjacency pair which
corresponds to a certain sequence of dialog acts-t&tomnal nodes higher up in the
hierarchy could be motivated byetltharacteristics of a conversation. For example, in a
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taskoriented conversation, som®nterminal may correspond to the sgbals. By
describing a dialog using a grammar, gieicture ofa dialog can be obtained by parsing
the dialog similar to sentemcstructure parsindgJnlike some othetheories thatan be
applied to any type of discourshig theory is specific to dialogs

One weltknown dialog grammar model isfi@e-level structurgroposed bysinclair
and Coulthard1975) from the analysis othe language used by teach@nd students
The five levels ardesson transaction exchangemove and act The largestunit of a
classroom discourse is a lessd@nlesson is a collection of transactions; each of them
corresponds to one segment of a dialog that has a specifmspuapd contributes toward
the goal of the conversation. A transaction is equivateatdiscourse segmeir Grosz
and Sidnead $heory of discourse structu(&rosz and Sidner, 1986@)scussed in Section
2.1.2.6 A transactionin turn consist of a set of relatedxchanges, a set of initiation
response sudialogs. An exchange is the magiparentpattern in a dialog and can be
considered as a more general case of a questiswer pairlt consists of an initiation, a
responseand a feedback, which are the categs of moves. A move is the smallest free
unit that composes of the smallest dialog units called @bisse acts are also known as
dialog actsand usually are an extended set of the original speeclSaade, 1975)

The HCRC dialog structuréCarletta et al., 1996 dopted the structure proutby
Sinclair and Coulthard1975) but used only the three middle levels, to describe the
phenomena in probleisolving conversations ia map reading domain. At the highest
level of the HCRC hierarchical structure, a dialog is divided trdosactions Each
transaction is a sutlialog that corresponds to a major step of a task. A transaction is
made of a sequence aebnversational gamesr initiation-response exchanges. Each
exchange consists of an initiation and a sequence of responses thatduliticourse
expectation set byan initiation. Each initiation or response is calledmave and
corresponds to an utterance or a part of an utterance. Lewin(&0@RB) incorporated
dialog move recognition in the dialog manager of the automatic-pbameing system to
predict the move of anotheonversation participant. In addition, the corpora annotated
with the HCRC dialog structure were used to study various language phenomena such as
intonation and effestof communication conditios Please refer to the references in the
conclusion of Carliga et ald €1997)article for more detail

In summary,a dialog grammar describestree structure oé dialog that haslialog
acts as terminal nodes aladgerdialog segmentsuch agnitiation-response exchanges
as nonterminal nodesThe dialog grammar can be used to presadueptable dialogs
a given domainThe grammar rulesan also be used to predict the next elemerat in
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conversation.The dalog grammar is employed in some dialog systems to predict
subsequent user utterances and guadeonversation. One example is the rules of
conversations in SUNDIAL ESPRIT proje@ilange, 1991) The limitation of the dialog
grammar is that it might be too restrict to describe complicated dialogs. tBed&log
grammar uses grammar rules to specify acceptable dialogs, it is quite difficult to generate
a se of rules that covexall possible variations of conversations in a complex domain.

2.1.2.4 Plan-basedmodels

In a plan-based modela conversation is perceived as a plan thabg participants
execute in order to achieve some goals. A glamsists ofa sequece of operators that
transforns an initial world state to a goal state. In a conversation, a speech act is an
operator that produces an utterannecause ome effect on a hearand the state of the
h ear er Gssch asonodifythgheh e ar e r AAglankdbasednadélalsodescribs
how speaker intentionsaptured by speech acts fit togethetha conversation and how
they relate tdhe conversation goaExamples of plafbased modelsan be found in the
works of Carberry(1990) Cohen and Perrault979) and Pollack1992)

During a conversatigna participantattempts to recognize the plan ahother
participantin order to make an appropriate resporgien and Perraul{1980)describe
a computational model that infeasiotherp a r t i soplarpfeom bb3erved actionfn
action (or an operator)is defined in terms opreconditions criteria that have to be
achievedbefore executing thaction andeffects how t he hearerg$s wor
after executing thaction The plan inference process can be donelpyiven expected
goals, searching for a plan that includes observed actor®y using inference rulgs
infer a goal from observed actions. Partial plans are rated by hovonrellthe plans are
in the given context and how well they conform to the expectaBiorce a plarbased
model describes the relations between utterances and a conversationsgaahciple
can be applied to dialog control or dialog managem€&hé planbased approacto
dialoghas beemmplementedn many complex dialog systems suchtaes VERBMOBIL
speeckto-speech translation systgilexandersson, 1995)

Traditional plarbased models are quite rigid as they make rather strong assumptions
about the nature of a plan, its elements and the environment in which the plan will be
executed. For example gy assume that there is no change in the world between the time
of planning and the time of executi on, a
However, those assumptions are not practical in real situations. Several augmented plan
based models hayeeen proposed to address these issues.
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The traditional models work well for a dialog that follows the task structure closely,
but have a problem accounting feome types of subialogs (e.g. clarification,
correction and topic changesincethe modelonly allow an utterance to describe a step
in a plan. Litman and Alle1987)introduceddiscourse plango describe various ways
an utterance can relate a discourse topiand distinguished them fromomain plans
that are actually used to model the tgpiplars in a traditionalplanbasedmodel).
Discourse plans explicitly represent discourse intentionsiraoadporate the knowledge
about a discoursenio a plarbased model in addition to the knowledge a domain
captured by traditional domain plans.

A tripartite model(Lambert and Carberry, 199fi)rther differentiates discourse plans
into problemsolving plansand communicative plansThe relationships among the three
types of plans are organized into a hierarchical dialog model with discourse plans
(communicative plans) at the lowest level, probiwmiving plans at the middle level, and
domain plans at the highesvé. The actions in the lower level plans contribute toward
the actions in the higher level plans. Nevertheless, actions in all levels can be recognized
incrementally as the tree structure is allowed to grow from both the root and the leaves. A
tripartite model provides a finegrained differentiation among different types of user
intentions and allows a different processing to be applied to each type of plan.

In a negotiation sudialog, dialog participants may change their beliefs as the dialog
progresse which conflicts with a persistent belief assumption made by the traditional
planbased models. To handliee changes in beliefs, a medtrength belief model and
acceptance actionsvere added to the tripartite ptaased modglLambert and Carberry,
1992) An acceptance action, which is included in a discourse plan, addresses the
understandability, believability, or relevanceapparticular proposition communicated by
the participants. The plamased model combisemultiple knowledge sources including
linguistic, contextual, and world knowledge to recognize the changes in belRefsé
(1995) extended the tripartite model further in order to capture rtiukiads of
negotiationsn the scheduling domaifhe changes in beliefs occur in negotiation-sub
dialogs suggest that dialog participants need to have sbeliets in order to collaborate
on a task. The notions ofiutual beliefandshared planare discussed in a collaborative
planning model in Sectiok.1.2.6

Rather than assume that an environment is static as in the tradpianddased
models, the BDI (Belief, Desire, and Intention) architect(Beatman et al., 1988;
Pollack, 1992)allows a plan to be executed in a dynamic environment where it may
change in the way that makiee plan invalid. The BDI modehlso known as IRMA (the
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Intelligent, Resourc8ounded Machine Architecture), is based on the idea of practical
reasoning developed by BratmglB87) Beliefs are uninstantiated plans while desires
are a participantos goal s. I ntenti ons ar e
committed but not yet acted on. To handle the change imtheement, the participant

is allowed to make changes to the plan that he/she has already committed. At each step in
the plan, the participant can choose to continue with the current intention or adopt one of
the new options arise from the change in theérenment. The new intention may better

suite the new beliefs and goals that are the results of the change. However, as practical
reasoning poses the constraint on the amount of resources available for planning, the
decision at each step can be sybmd. The BDI model was adopted in tH&RAINS
system(Fergusa et al., 1996)a dialogsystem that helps a mager solve a routing
problem in a transportation domaiA reactive planner, such as the one developed by
Georgeff and Ingran(iL989) is alsoimplemented on the basis pffactical reasoning and

the BDI model. Even though reactive planning was originally developed fotimesal

control systems, it can also be used in a variety of other domains suakoi@sg
(Freedman, 2000)

The ability torepresentomplicated conversatismf a planbased modetomes with
the cost of a complex dialog structure. In order to aplpé/planbasedmodelto a
particular taskoriented domain, the followingomponentshave to be specifietbeliefs
and goals of the participants, a plan library, and plan elements (e.g. actions and their
preconditions and effedtsThe complex structure also leads to a complicated plan
recognition process. Other drawbackstié plan-basedmodel are mentioned irthe
chapter 6 ofCole et alb £1997)article.

2.1.25 The theory of mnversationacts

The theory of @nversationacts (Traum and Hinkelman, 1992)ews a dialog as
composed of finggrained actions similar tspeech act theor§Bearle, 1975)liscussed in
Section 2.1.2.1 However, several extensions were introduced in the theory of
conversatioractsto make it better accounts for the structure of a spoken discourse. The
theory of ®@nversationacts modelsthe conversationas a collection of joint spaker-
hearer actions instead of single agent actions. This eliminates a mutual understanding
assumption among conversation participants and makes grounding actions more explicit.
The extensions includéree levels of actions in additional to there speech adevel.

The theory of onversatiorectsdescribes four levels of actions necessary for maintaining
the coherence and content of the conversation. These four levdlsrrataking acts
grounding actscore speech actsaand argumentation actsThese levels are typically
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realized by larger segments respectively in a dialog; however, thelefair
representation of conversation acts is not hierarchical agh elialog act levels
independent from each other and concerns a distinct aspect of the Tualetaking acts
modelthep ar t i c i p a n taspeakingochannslbile and graimding actsapture
mutual understanding amontipe participants.Core speech actare simila to the
traditional speech acts and operate at the level of an utterancardiimeentation acts
level accourg for the structure ofthe dialog above the level of an utterance.
Argumenationacts capture the purposes of discourse segments aie Garltup into a
hierarchy of argumeation acts. At the top levslof the hierarchy, argumeatton acts
resemblagasks andubtasks ina task structurahile, at the lower leved they are similar
to rhetoricalrelatiors (Mann and Thompson, 1988hd adjacency pairs.

Since each level of conversationts captures distinct dialog informatictiney are
employed independently from@aother in a dialog system. Tutaking acts may not be
necessary in twparty conversations, but are more crucial in rapdtity conversations
while argumerdtion acts are important in a dialog systdimt involves complex
planning. The theory ofanveration acts emphasizes more on coordinated activities in
the conversation, such as titaking and grounding, rather than the domain information
communicatedAmong the four levels afonversation acts, the argumentationlect! is
the one that capturebd overall structure of a conversatisimilar to thestructure of a
task.Neverthelesshow to recognize argumetion acts and use them in a dialog system
was only brieflydiscussedn the theory wheréhe authorsuggested the use of cue words
together with the knowledge about discourse, languageand the domain for
argumerdtionact recognition.

2.1.2.6 Groszand Sidnerd $heory of discourse structure

Groszand Sidned Jheory of discourse structu(&ST) (Grosz and Sidner, 1986)
provides a framework forinterpreting the meaning of an utterannediscoursecontext
and for understanding discourse phenomena such as interrbpted on the idea that a
proper account of a discourse structure provides the basis for the interpretation of
discourse meaningGST models a structure of a discourse basedhanconcepts of
discourse unit and discourse cohereridee proposed structung compose of three
componentslinguistic structure(the structure of utterances in a discourgggntional
structure(the structure of purposeshdattentional statéthe state of focus of attention)

The Inguistic structurecaptures how utterances in a discourse are aggregated into
discourseunits A discourse unit or aiscourse segmens defined as a sequence of
utteranceswhich fulfills a certain function with resp¢ to the overall goal ofthe



Chapter 2: Literature Review 30

discourseThe intention underlies each discourse segment is calletist@urse segment
purpose We could also say that a discourse segment is defined based on dialog
parti ci pantTeedsecanch ttammpanentthe intenional structure, models
relationships between discourse segment purposesl thus captures discourse
coherence These relationships are structural relations between intentions rather than
relations between discourse segments as in Rhetorical Structucey TiMann and
Thompson, 1988Hiscussed in Sectio@.1.1.4 Therefore, the number of relations
smaller and the relations are also simpler. The last compothengttentional state,
containsobjects, propertiesrelations and the purpose of the discourse segment that
receives the focus of attention from discourse participants at any givengbdiné
discourse. The attentional stateodelsthe participans docus of attention during
conversationvia focusing structurewhich uses the information from the intentional
structure to determine a discourse segment that receives the focus of a@entien
conversation progresseshe three componentsgether supplycontextual information
necessary for the interpretation of utterancefisnoursecontext.

GST describes an abstract model of discourse structurdo construct a
computational model dsed on this theory the following problems need to be solved:
discourse segmentatipmand the recognition of discourse segment purposes and the
relationships between them. Grosz and Sidner discussed some of these processing issues
and siggested the use otie phrases, utterantavel intention, and the knowledge about
domain actions and objectso resolve the problems; however, no concrete
implementation of the structure was proposédosz and Sidnef1990) argued that
computational theoryor recognizingdiscourse segment purposasd the intentional
structuredepends orthe underlying theoy of intention, action and plan and proposed
SharedPlansa model of collaborative planning that takes into account mutuafsdoatid
multi-agent actions in additiol a mental state model afsingleagent plan. This model
also provides a framework for modeling the intentional structlwechbaum (1998)
implementech computational model that can recognize the intentional stryetndeusd
it in discourse processingThe etension of SharedPlans that can handle more
complicated situations in collaborative plannimgs proposed byGrosz and Kraus
(1996) The model ofSharedPlanemphasizes discoursevel intentions while a single
agent plan(Cohen and Perrault, 1979nly concerns with utterandevel intentions.
Planbased models are discussed in more detail in Se&ib2.4 The SharedPlan
formalism was adopted in the COLLAGEN frawmk (Rich et al., 2001yvhich provides
an intelligent user interface in various application domains.
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2.1.3 A comparison of existing discourse structure representations

In this section, | will first compare all the discourse structure representations
reviewed in Seion 2.1.1and SectiorR.1.2 Then, | will discuss the appropriateness of
these representations if they were to be used in the context of this disseffthgon.
following table summarizes the chat@gstics of each discourse structure model along
the two aspects, informational and intentional, discussed earliefofthecolumn of the
table describes how each discourse structure model deszdbewositional structure of
a discourse. The referengiven in the first column refers to the primary work of each
model

The first group ofdiscoursestructures infable 2.1, informationalorienteddiscourse
structures, includes Discourse Representation Theory \DIR& Linguistic Discourse
Model (LDM), Segmented Discourse Representation Theory (SDRT) and Rhetorical
Structure Theory (RST)For the informational perspectivddRT, LDM and SDRT
capture the content ofdiscoursewith a semantic representatioafirst-order predicate
logic) while RST focuses more on the relations betw#isooursesegments rather than
their contentin terms of the informational perspectiv®ene of DRT, LDM and SDRT
explicitly models the particiipapuebmh i nt en:
informational perspective and intentional perspective afistoursethrough subject
matter relations and presentational relations respectively, the theorgdoooie on the
informational perspectiveMoore and Pollack, 1992DRT, LDM, and SDRT differ from
each othemainly in their compositional structures, ileow the structure of a disarse
affect its semantic representation. DRT does not consider discourse relations among
sentences when creating a discodesel semantic representation from sentelevel
semantic representations. In LDM, the discourse relations only affect the siGomzd
structure of thediscoursdevel semantic representation while, in SDRS, the discourse
relations also affect the content of the semantic representation.
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Discoursestructure model

Information al perspective

Intentional perspective

Compositional stucture

Remarks

Informational -oriented

Discourse Representation
Theory (DRT)
(Kamp, 1981)

Discourse Representation
Structureor DRS(a semantic
representationf a discourse
usinga firstorder predicate
logic)

A representation of a discourse i
aggregated from sententzvel
representations without consider
the structure of the discourse.

Linguistic Discourse Model
(LDM)
(Polanyi, 1996)

A semantic representation
similar tothe oneusedin DRT
but withaslightly different
representation for discourse
context.

A discourse parse tre@
discourse segment is a
semantically motivatednit which
is equivalent to a clause while a
relation is a syntactic or a
semantic connection between th
segmentp

Segmentediscourse
Representation Theor$DRT)
(Asher, 1993)

A semantic representation
similar tothe oneusedin DRT.

A Segmente®iscourse
Representation Structuar SDRS
(A discoursesegments a
proposition which is equivalent t
a simple DRS in DRT while a
relation is asemanticor structural
relation thaispecifies how the
semantic representations of the
segmerd should becombine)

Rhetorical Structure Theory
(RST)
(Mann andThompson, 1988)

Subject matterelationssuch as
Elaboration andSolutionHood

Presentationatelationssuch
asMotivation andJustify

A rhetorical structurecontains
rhetorical relations between
utterance and group of utterance
(focus on the relatiorisetween
segments)

The theory bcuses
more on the
informational
perspective than the
intentional perspective
(Moore and Pollack,
1992)

Table 2.1: Discourse structure models comparison
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Discoursestructure model

Information al perspective

Intentional perspective

Compositional structure

Remarks

Intentional -oriented

Speechact theory
(Searle, 1975)

Speech act describes the ro
of each utterance with respe
to a speakaad g
its effect on a listener

A compositional structure of a
dialog is not described. The theo
focuesonly onthe utterance leve

Domainspecific acts
can be added.

Dialog Act Markup in Several
Layers (DAMSL)
(Core and Allen, 1997)

Utterance Featurege.g. the
content and form of an
utterance)

Forward Communicative
Functions(similar to speech
acts)

Backward Communicative
Functionscapture the relations
between the current utterance ar
the previous ones in the form af
link to anantecedentdowever,
these relations only link two
utterances together. Discourse
segments and structural relationg
among the segments are not
specified.

The model describebé
role of each utterance
with multiple labels in
multiple layersMore
layersthatdescribe
other typef utterance
functions,such &
domainspecific
information can be
added

Dialog grammar
(Sinclair and Coulthard, 1975

Terminal nodes in the
grammar are dialog acts

A hierarchical structure of
recurrent patterns in a dialog
(focus more on segments than
relations)

Planbased models
(Cohen and Perrault, 1979)

Conditions, constraintsnd
arguments of aaction

A plan describes how speak
intentions (speech acts) fit
together in a dialog in order
achieve a dialog goal

A compositional structure is not
mentioned directlybut a plan can
be decomposed into small steps
(subplans)

Table 2.1:Discourse structure models comparigoont.)
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Discoursestructure model

Information al perspective

Intentional perspective

Compositional structure

Remarks

Intentional -oriented (cont.)

The theory of onversation ast
(Traum and Hinkelman, 1992

Core speech act level

The level ofargumenation acts
combines core speech acts into g
hierarchy of highelevel discourse
acts. Some argumeationacts
resemble the rhetorical relations
while some argumeationacts
resemble adjacency pairs.

Each level represents
different pieces of
information.The theory
also includesturn taking
actsandgrounding acts
(emphasizes more on
coordinated activities)

Grosz and Sid
discourse structure (GST)
(Grosz and Sidner, 1986)

Entities inthe attentional state

DiscourseSegmenfPurpose
or DSP

Thelinguistic structureor the
structure of utterancetescribes
coherent segments in a discou(@e
discourse segment is defined bas
on intention)while theintentional
structuremodelstherelations
betweerthe purposes of these

segments (between DSPs)

The theory BBo modes
theattentional structure
(the structure of the
focus of attention)

Table 2.1:Discourse structure models comparigoont.)
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The second group afiscoursestructures inTable2.1, intentionalorienteddiscourse
structures, includespeech act theorpialog Act Markup in Several Laye(EAMSL), a
dialog grammar a planbased modelthe theory of conversation acts, aBtdosz and
Sidner6s Theory of .Amosgdhese theoees and magegeach e ( GS
act theory and its successBfAMSL, only focus athe level of an individual duerance.

Both of them model a speakeroés intention i
how the intentions fit together in a dialog. In DAMSL, richer information about the
utteranceds functions i s pr doesna éedribe tliev en t

overall structure of dialog a speech act, which captures an utterdecel intention, is a

key component irmany other theories thaise an utterane as a dialog structure unit
including a dialog grammara planbased modeand the theory ofconversationacts

These theories model the structure of a dialog from the intentional perspective by
describing how utterandevel intentions captured by speech acts or dialog acts fit
together in a dialog. In a dialog grammar, a dialog act is the eshaihit of recurring
patterns in a dialog. A plabased model, on the other hand, uses a plan to debkorbe
speaker intentionsaptured by speech acts fit togetherinonversation and how they
relate tothe conversation goaln the theory of convertian acts, the structure of a dialog

is accounted for by argumentation acts which combine speech acts into a hierarchy of
higher level discourse act&ST, on the other hand, uses a larger discourse unit, a
sequence of utterances. Nevertheless, this diseosegment is also defined based on
intention and goal. The structure of a discourse is modeled in terms of the relations
between the purposes of the discourse segments

Since the discourse structure representations reviewed in the previous sections
captue different aspects of a dialog, they are applied differently in a dialog system. A
dialog structure that captures the intentional aspect of a dialog, suchlas-maged
model andGroszand Sidned Jheory of discourse struceyris employed in a natural
language understanding module to help interpreting user utterances. For instance, the
TRAINS system (Ferguson et al., 1996\itilizes a planbased model and a plan
recognition algorithm in order to guide the interaction between a user and the system.
The current state of the plan and discourse context are aisetétpret the underlying
intention of a user utterance and determine an appropriate system response. On the other
hand, a dialog structure model that captusdations between discourse segments, such
as RST, is utilized in a natural language generatiodule. In the MATCHsystem(Stent
et al., 2004)where an output utterance may contain complex information such as a list of
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restaurants and a comparison among theenséntence planner that models the rhetorical
relations among various pieces of information produces a higher quality output utterance.

In addition to various dialog structure theories and models discussed in previous
sections,information state theoryLarsson and Traum, 20003 another theory that
describes the structure of a dialdgowever, instead of defining a specific dialog
structure representation, information state theory provides a general dialog modeling
framework that can be interpretaddimplementedn the context of any dialog structure
theory. Under this general modeling framework, it is possible to directly compare two
dialog structure modeling approaches when they are used to implement the same dialog
application. Information statéheory centerson the concept ofinformation state a
representation which captureslevant information in a dialoghat is necessary for
distinguishing one dialog from the others. This information also includes the
accumulativenformation from previousctions andhe obligation for future actions. The
key idea of this theory concerns the representation of the information statet isow
updated and how the updatipgpcess is controlled. Information state theory consists of:
informational component&.g. domain knowledge, intentigraaxd a user modglformal
representation®f the informational componentslialog moveghat trigger the update of
the information stateupdate rulesvhich formalize the way thdhe information state is
changed as a d@g progresses, angpdate strategyvhich selectsan appropriate update
rule. The term dialog move in information state theory is an abstract term for any
mediating input and not restricted to just a speechTdwt. architecture and tools that
facilitate heimplementation ofhe informationstateapproachs available in TrindiKit, a
dialog managemenbolkit developed under the TRIN project (Larsson and Traum,
2000) The toolkithas beerused to develop many dialog system managers that employ
different dialog processing techniques. For example, GqRI8ijff -Korbayova et al.,
2003) an informatiorseeking dilog system in multiple domaingepresents the
information state as a record while MIDASraum et al., 2000Q)a dialog system i
routeplanningdomain, uses Discourse Representation Structure (DRS) as information
state representation.

The goal of this dissertation is tievelop anachine learningpproach that can infer
from a corpus of irdomain conversationshe domainspecific information required to
build a taskoriented dialog systentherefore, a suitable @log structure representation
for this purpose needs tapture allof the necessary domainformation This domain
specificinformation includes list of tasks that a dialog system has to support, and how a
complicated task should be decomposed int@taof subtasks. This information also
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includesdomain keywords which capture pieces of informatioat dialog participants
need to communicate in order to achi@achtaskor subtask.In a retail domain, for
instance, a product name and a quantitydmmain keywords since they are essential
information for making a purchase.

A hierarchical structure of a tasénd its subtasks can be considered as a
compositional structure of a dialoghere a discourse unit is defined based on the
characteristicef the task. Many of the dialog structures reviewed in the previous sections
represent.compositional structure ofdialog. However, most of them define a discourse
unit at the level of a sentence or a clause, which is too small to be a step in a task, except
forGr osz and Sidner 6s Th e owhichusds aldrges disoourses e st
unit, a sequence of utterancé®r those discourse structures that use a sentence or a
clause as a basic unit, some discourse segmetiie apper levels of theonpositional
structure(such aslessors and transactia in Sinclair and Coulthaii £1975) dialog
grammar, thecomponents at the top levels @& rhetorical sucture and the
argumentation acts #te top leves of the hierarchyin the theory ofconversation acj}s
may resemble tasksnd subtasks.

A domain keyword, another piece of the required dormspercific information, is an
actual content of a dialog that the participants have to communicate in order to
accomplish a task; therefore, a suitable dialog structure representatiocapust the
informational aspect of a dialog. Nevertheless, the informatiomahted discourse
structures reviewed in Sectidhl.l such ashe Linguistic Discourse Model (LDM),
Segmented Discourse Representation TheoryR{[BPmodel the meaning of a discourse
with a semantic representation instead of the actual entities that were mentioned in the
discourse.

There are some intentioratiented dialog structures that also model the
informational aspect of a dialog includinBialog Act Markup in Several Layers
(DAMSL), a planbased model, anGr o sz and Sidnerds Theory
(GST) In the original DAMSL annotation scheme, the Information Level in the
Utterance Featuretayer only capturesabstract charadtistics of an utterance (e.g
whetherthe utterance addressegask,a communication preess, or other aspects), but
not the actual information that the utterance carries nor the information that is specific to
a particular domain (e.g. the type of a task)wideer, some extensions thfe DAMSL
annotationschemedo capturethe actual content of a dialog and sodwmnainspecific
information In the COCONUT projectEugenio et al., 1998}he Topic layer contains
domainspecific tags such asneedltem, haveltem budgetAmount, and
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budgetRemains that describehe content ofan utterance Neverthelesssome of them
seem to capture domaspecific intentions rather thatomainspecific entities enclosed
in the utteranceltemFeatureis another set of labels that captures dorsaecific
information. However only the properties of domain objexte.g. price andcolor) are
annotated, not the objede.g. table and chaithemselves

Hardy et alb €2003)annotation scheme is anotlettension of DAMSL that captures
domainspecific information.The semaitic layer was added to theriginal DAMSL
annotation scheme in ordéo model domaifrelated informationenclosed in each
utterance The information captured by this layer consists oftransactions (or
AccessFramgswhich containattributes(or slotg andattribute modifiers.In a cusbmer
service domain, AccessFrames correspond tstomerservice tasks such as
ChangeAddress; this taskcontains an attributédddress and its modifierNew, for
example. While this semantic layer does captheeinformationafaspect of a dialog that
is alo domainspecifiG it restricts itself to utt@ncelevel information similar to the
DAMSL annotation scheme that it is based &or instance, an AccessFrame only
captures the name of a task that each utterance belongs to rather than the discourse
segmenthat corresponds to the entire task.

In some plarbased models such gkitman and Allen, 1987)yand (Lambert and
Carberry, 1991)the parameters of the domain plans are quite similar to the notion of
domain keywordsitems of informatiorthat dialog participants need to communicate in
order to achievatask Groszand Sidned $heory of discourse structuedso mentioned
objects ina discourse segment when discussing the attentional state but did not provide a
detail description about these objects. Information state theory is another theory that
includes informational components as one of the elements in its framework. However,
since information state theory &sgeneraldialog modeling frameworkhe choice of the
informational components depended on the choice afiitieg structure theory that will
be adopted in the framework.

In summary, lhere are several existing discousteicture models whichepresenta
compositional structure of dialog that is similar t@a hierarchical structure of a taakd
its subtasks These discourse structure models Rhetorical Structure Theory (RSB,
dialog grammarthe theory ofconversatio actsand Gr osz and Sidner
discourse structure (GST)everthelessthe entire discourse structure time first three
models (RST, a dialog grammar, and the theogoofersation acjgioes not correspond
to the task structure as thdiscouse unitsthat are lower in theliscourse structure
hierarchy are smaller than stepsaitask.The intentional structure in GST the one that
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is most similar to the task structure; however, GST does not explicitly model domain
keywords.

Only a few exishg dialog structure representations capture the informational aspect
of a dialog that resembles domain keywort#sns of informatiorthat dialog participants
need to communicate in order to achieveask These dialog structure representations
include ®me variations of a plabased model and the extension of the DAMSL

annotation scheme proposed Bgrdy et al.(2003) Ho we v e r , Hardy et al
scheme only focuses #te level of an individual utterance and does not describe the
overall structure of a dialog. Albugh a platb a s e d mod el doesnodt

compositional structure of a dialog directly, it allows a plan to be decomposed into
smaller steps. Thus, a plaased model appears to be a dialog structure representation
that captures all of the domaspecificinformation required to build a dialog system.
Neverthelesspne difficulty in modeling the required domaspecific information with a
planbased model is the complexity of the model. In addition to the required domain
specific information, a plabasedmodel includesnany intentional componenssich as
beliefs and intentions (represented by speech acts). These intentional components, while
capturing useful information for processing a dialog, do not directly describe the tasks
that a dialog system has gupport or the domaispecific components required to
achieve the taskdVloreover, intentional components are rather abstaact may be
difficult to be identified directly from imdomain conversations through an unsupervised
machine learning approach. &treason for using an unsupervised learning approach
rather than a supervised one is discussed in Sex2oR

Since none of the existindiscourse structure representation is suitable for the
purpose of this dissertation, wh is to infer the domaispecific information required to
build a taskoriented dialog system from-mhomain conversations using an unsupervised
machine learning approach, a new representation, calfethebased dialog structure
representation is prompsed. The forabased representation captures all the required
domainspecific information and focuses only on concrete information that can be
observed directly from kdlomain conversation§€hapter 3describeghe proposedorm-
based dialog structure representation in detail. A comparison between the proposed
dialog structurerepresentation and existing discourse structg@esentations is also
discussed.
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2.2 Datadriven approacbsto dialog structure modeling

In the past decade, the comgiidnal linguistics community has focused on
developing language prosesy approaches that can leverage the vast quantities of
corpus data that are available. The same idea has also been applied by dialog system
researchers andevelopers. As more dialog data becomes availablénitpees for
building dialog systems have been shifted from henadted approaches toward data
driven ones.There has been substantial amount of research on applgtagiriven
approacheso several thog system components. Those works are different in terms of
the algorithm used, the component to be legreed how the learning approach is
integrated with a dialog systemReinforcement learning is one bésiown gproach for
learning a dialog m@agement policy from irdomain dialogs. Singh et a(2002) is
among the first groups whsuccessfully applied this tegique to find an optimized
policy from very large policy space as demonstrated irNtifeun systemKarahan et al.
(2003) who combined two classifiers (the Bayesian classifier and Boosting) in order to
i dent i f yentsu(iseecallypes) in & tustomer care application, among many
other researchers that appliednachine learningechnique to the problem ofatural
language understanding a goaloriented spoken dialog system. Various approaches to
this problem ee summarized ir{Bangalore, HakkanTur et al., 2006)As for natural
language generation, Stent et(@004)trained a sentence ranker to select an appropriate
sentence plan from set of possible ones by applyg a boosing algorithm on human
rated satences.

Research on a dathiven gproach to dialog structure modeling is relatively new and
focuses mainly on recognizing a structure of a diaegt progressesSince a dialog
structureencapsulateeelatiors between utterances and dialog context (e.g. between user
intentions and a task being pursued), a dialog system can utilize this information to better
understand a usero6s wutterance and generate
dialog structureecognition approaches will be discussed in more detail in SetRoh

A datadriven approach to dialog structure modeloan alsobe used taeducethe

amount ofhuman effortspent in the knowledge engineering procsbksn developing a

dialog system in a new taskiented domainNecessary knowledge required to build a
dialog system could be identified through a machine learning approach rather than hand
crafted. For example, a task model can be learned with an exdvapéel learning
algorithm as describedn (Garlandet al., 2001)and in Sectior2.2.22. Acquiring the
necessary knowledge from data is an acquisition process that is carried out before a
dialog system is created. This is contrasted with a dialog structure recognition process
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discussed previously where ggpecified dialog structure components are recognized as a
dialog progresses.ddadriven approaocbsfor adialog structurecquisition problem have
only been explored by a handful of researchers. Some of the interestirgjiwtnls area

are reviewed Sectioh.2.2

Research works on dialog structure learn(ingth recognition and acquisitiod)ffer
from each other in two important aspects: the type of the structure to be learned and the
learningapproach. A variety of dialog structure theories are adopted in dialog system
implementation and in some cases they are modified to better suit the tasks. The choice of
the learning approach depends heavily on the charactews$tibe dialog structurenal
the type of information available for trainingor example, a Markov oadelis suitable
for sequential structures while a grammar induction approach is suitable for hierarchical
structures. For a muitevel dialog structure and a hierarchical structtine components
of the structure are often identified independently or in a cascaded manner where
information from one component is being used to identify another component. This
decomposition helps reduce learning complexity. Related works reviewedein th
following sections are organized according to the learning approaches. The overview of
the proposed learning approach for acquiring the foased dialog structure
representation is given in Sectiar2.3

2.2.1 Dialog structure reognition approaches

2.2.1.1 Markov models

A Markov nmodel is suitable for learning the sequential structure of obsersation
Since some dialog structure components, such as dialogseets, to have a sequential
property the Markov modelhas beenwidely used in many dialog structurdearning
approachesin (Woszczyna and Waibel, 1994fhe structure of a conversation &
scheduling domaircomposes of topics, discourse states, speech aots common
phrases.The information captured by the dialog structure can reduce ambiguities in
natural language understanding. Two components of the structure, dialog state and
speech act, were focused in the papks. infer both dialog structure components
automatically fron data, a Markov Model (MM) was used in a supervised scenario and a
Hidden Markov Model (HMM) was used in an unsupervised scen&idy word
sequences were used as features in both madedddarkov model requires training data
annotated with state lalsglwhich in this case are equivalent to dialog states and speech
acts.TheHidden Markovmodel, on the other hand, requires no labeled data; therefore, it
can utilize allof the data available. The notion of state is obtained automatically from the
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data gven a number of hidden states. The Hidden Markodel performed better than

the Markovmodel in terms of perplexity wheboth models werérained on he same
amount of data as a poefined set of states could be suboptimal for a given set of data.
The Hdden Markovmodel could be improved further by adding more training data and
increasing the number of hidden states; however, the latter came with higher
computational cost.

Finke (1998) useda Markov nodel to both segment and classify speech acts in
telephonebased conversations in the CALLHOME SPANISH corpus. Speech acts are
part of the thredevel discourse diicture consists of speech acts, dialog gafsieslar to
the ones described in Secti@ril.2.3, and discourse segments or topic segments. The
structure was developed under the CLARITY projketvin et al., 1998yhich aimed at
exploring the use of discourse structure in dialog understanding. The annotation scheme
for speeh acts was extended from the DAMSL annotation schienmwderto handle
nortrtaskoriented conversations in this domain. On a speech act segmentation problem, a
Markov model was trained on word ammhrt of speechfeatures, and achieved a
comparable perforance to a neural network approach. To classify the spa#af each
segment, a Markov adel was trained on prosodic features, word sequeandsspeech
act sequencedhe integrated Markov adel for both segmentation and classification was
also investigt e d . For a topic segmentation prob
(Hearst, 1997)vas used to determine topical segment boundaries.

2.2.1.2 Grammar induction approaches

A grammar induction approach can be used to idetitédgtructure ofa dialog if the
structure can be described by a confea¢t grammarThe VERBMOBIL systemuseal a
plan hierarchy to describe a dialog in a meeting scheduling dg@aband Schwinn,
1996) A plan hierarchy is a fotlevel organization composes of the dialog act level, the
turn level, the phrase leyelnd the diadg level. By viewing plan recognition as parsing,
the plan hierarchy is compiled into a contdste grammar. Grammar ruléer plan
operator} for processinghe components in the dialog act level, the phrase |ewal the
dialog level can be hartbded However, as the number of turn classes is quite large and
the sequences of dialog acts that correspond to each turractassher complex, it is
difficult to construct plan operators that generalize for &llthe data by hand.
Alexandersson and Reittger (1997) useda grammar induction approach based on
Bayesian modeinerging to derive a stochastic context free grammar that describes the
structure of each turn class from the corpus of dialog act annotatiorautdrmatically
derived plan operators were applied in a plan recognition process to identify the
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intentional $ructure of user utterances; 66.8% turn class prediction accwasy
reported. They also suggested the focus and relations between new utieraddbe
current foci as additional information sources for improving the performance.

In recent researchBangalore, Fabbrizio et al(2006) attempted to recognize a
structure of atask r i ent ed di alog as it progresses
decision and construct appropriate agentsponse Other dialog system components
besides the dialog manager and the natungidage generation module could also benefit
from the information captured by a dialog structure as well. Based o8hidwedPlans
theory (Grosz and Sidner, 199(dopted in this research, a dialog structure was
represented as a tree tlmicapsulatethe task structure, the dialog act structure, and the
linguistic structureof utterances, which contains the intdgiusal relations and predicate
argumentelations within a clause. The paper focused on recognizing the task structure of
an a-going dialog in a catalog ordering service domain. Adop/n incremental parser
that incorporates bottom up information was used to discover the most likely plan tree
that encapsulates the dominance relations (or hierarchical relations) betwedasksub
from a sequence of utterances. The utterances were first segmented and classified into a
sequence of sutasks with a maximum entropy classifier in order to identtg
precedence relations (sequential relations) between sialsks. For each utterandbe
classifier predicted the most likely stdsk label given word-gram features of local
context. Since the label not only represents the type otaskbobut also encodes the
position of the utterance in relative to the dabk (i.e. begin, middleral end), the
classifier can segment a dialog into a sequence ofaslds and assign a label to each
subtask in a single pars@&he paper also discussed dialog structure recognition at the
level of dialog acts.

2.2.1.3 Categorical classifiers

Another type of madhe learning algorithm that has been extensively used for dialog
structure recognition whethe sequential structure of thbemponentss not fundamental
is a categorical classifier; rieural networkand a decision tree, for examp\élar et al.
(Vilar et al., 2003)used loth a neural network and a Hidden Markov Model to identify
the structurs of dialogs in the Spanish train information domain. The structure consists
of speech actdramesandcases Ead frame represent specifictype of user message
and contains a set of cases or slots that associate with pieces of inforthati@me
related to a query. Both frames and slots are dos@cific componentand could be
used to improve the understangiprocessof the system.The authors of this paper
assumed that while the sequential structure of a sentence is useful for segmenting the
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sentence into a set of slots, the sequential structure is not fundamental for classifying the
type of frame For thatreason, aneural networkwas used talassifythe frame typeof

each user turn given context word features whileamné&specific HMM trained on
annotated data wassed to segment each turn into a sequencemiantic units Each
semantic unit captureshé semantic function of a word or a group of words and
corresponds to a HMM state. Particular types of semantic units are associated with the
slots. The proposed techniques achieved 5.2% error rate on frame classification and
14.4% on semantic unit segmation.

In (Hardy et al., 2004)a vectorbased approaclwas used to train both task
identification agenaind a dialog act classifier in orderittentifythec ust omer 6 s des
transactionand the corresponding dialog act of each utterangecéselyin the user
initiative customer service system, Amiti&oth a transaction (alsaskandframe and
a dialog act are components of the dialog structure proposedatdy et al.(2003)
discussed in SectioR.1.3 The vectorbased apmachused a cosine similarity score to
determine the similarity between the vector that represents an input utterance and the
vector that represents each task or each dialog act created from training data.

Speech astor dialog acs may be used independfnin a dialog system without
specifying the structure of an entire dialog. Many classification algorithms, suah as
decision tree and a maximum entropy model, have been used to predict a dialog act label
of a give dialog segment such as an utterancat&elworks on dialog act classification
were summarized ifStolcke et al., 2000)However, the research in this area is less
relevant to the work in this dissertation which focuses more on identifying the overall
structure of a dialog.

Categoricaklassifiers require a set of pdefined categorieand for each categoty
thetraining data. However, both requirements are not applicable when acquiring domain
specific information in a new domain, as in the case of this dissertation research, since
the target representations will be explored fromddmain dialogsnstead of beingre-
specified.

2.2.2 Dialog structure acquisition approaches

2.2.2.1 Conceptual clustering

Moller (1998) developeda dialog modeling toolkitDIA-MOLE, to help reduce
human effort increating a dialog model for a new applicatiémstead ofusing a pre
defineddialog acttaxonomy, an unsupervised learning technigas usedo infer a set
of domainspecific dialog act (DDAs) from a corpus of irdomain conversations'he
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DDA learner modulein DIA-MOLE utilizes a conceptual clustering algorithm
CLASSITALL, to create a DDAierarchy fromsegmented utterances and their features.

A set offeaturesfor each segment, whicbonsiss of prosodic events, recognized waords

and semantistructure, is extracted from various knowledge sources available to a dialog
system and is represented dget of attributeralue pairsCLASSITALL allows various

types of featres including numeric, symbolic, and structured features to be integrated
into the clustering framework. Moreover, each feature can be associated with a
probability value, which expresses the quality of the feature (e.g. a confidence score
produced by adature extraction algorithm), or a weight, which specifies the significance
of the feature.

Since there is no example from training data to supervise the clustering algorithm,
CLASSITALL uses a heuristithat reflects the quality of the clustets guide he
hierarchy constructiarBased on the assumption that a good set of clusters is the one that
similar objects are assigned to the same class while dissimilar objects are assigned to
different classesCLASSITALL defines aclusterquality measurecategoryutility, as a
tradeoff betweenintra-class similarity and inteclass dissimilarity Both intra-class
similarity and interclass dissimilarityare computed from a conditional probability of an
attributevalue pair and a class.

DIA-MOLE was applied inVERBMOBIL, a dialog system in ra appointment
scheduling domainwherepredicted DDA could help identifyan appropriatéanguage
model for a speech recognizer or guide a spoken language generation module. The
learned DAA taxonomy was evaluated against the dmassigned taxonomy;
comparable dialog act prediction rates were reported.

2.2.2.2 Example-based learning

Garland et al(2001) usedan exampléased learning atgithm to lessen domain
expert effort in developing task modela declarative represetion of a task,for a
collaborative systen. The task model, which based on the SharedPlans theory of
collaborative discours@Grosz and Sidner, 1990¢aptures thetructure of actionsThe
task modekcomposes oéctionsandrecipes There are two types of actionspamitive
action, which can be executed directly, ambnprimitive action, which can be achieved
indirectly by achieving other action& recipe describes a setstepsrequired in order to
achieve a goal or a stgmal (a norprimitive action).It also containgonstrains on the
order of actionsand the logical relations amoregtion parametersA collaborative
system which helps a user achieves a task goal through a spoken conversaduaines
domainspecific task models in order to adapt agent utterancewdacg to the task.
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With an examplebased learningapproach, a amain expert only need® generate
examples of how to accomplish a task which is considered moréivatithan
constructing a complete task model thategalizes for all possible caseBhe learning
algorithmthen infersthe target task model by indag the constraints and generalizing
the model oveaseries of annotated examplé&se gproach was tested on two simulated
tasls: building graphical user interfaces andoking but not on readialogs. Expert
examples which weredescribed in terms ofcaons and relations among themvere
generatedrom the targeted task model. The numbers of examples required to learn the
correct task models given different kinds of annotations were reported

2.2.2.3 Information extraction

Fenget al. (2003) proposed a framework called WebTalk that aimed at creating a
specific type of a dialog system, namely a customer care service, automatically from
i nformation extract ed Thereoam hreéehypes ofcusioraen y 6 s
care dialog systems: 1) an information retrieval aid system (or a quassarering
system), 2) a fornifilling system, which helps a customer fills out an online form, and 3)
a tablebased system, which operates on a table of celatrmation (e.g. product
details) automatically created from web contents. A corporate website contains rich and
well-organized information including a web page structure, hyperlinks between related
web pages, lists, forms, tables, and graphics; henisea useful resource for extracting
taskspecific information. The tasépecific knowledge includes a website structure and
an information unif a coherent area in a web page according to its content or its
behaviors such as LISITEMS and QUESTIONANSWER. A website structure is
obtained from directory organization and a list of hyperlinks. Information units are
generated by Webpage Parser which identifies the boundaries and type of each
information unit using a supervised classifier, a support vectchima (SVM). Some
types of information units may need further processing to extract more useful
information. Since the information source
dialogs, the information extracted is not the structure of a dial@gommponent in the
structure. Nevertheless, those extracted pieces of information are included in a task
specific knowledgebase that will be used by a customer care service system

2.2.3 The overview of the proposed learning approach

The goal of this dissertatiois to infer the domakspecific information required to
build a taskoriented dialog system from -homain conversations through a machine
learning approach. Acquiring the necessary domain knowledge from a set of-human
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human dialogs is consideredkaowledge acquisition process and is carried out before a
dialog system is created. This is contrasted with a dialog structure recognition process in
which prespecified dialog structure components are recognized as a dialog progresses.

Most datadriven approdees to dialog structurerecognition discussed in Section
2.2.1rely onsupervised learninglgorithmssince they usually provide more accurate
results but at the cost ahanually labeled dataHowever, for the dialog structure
acquisition problem investigated in this thesig structure ofa dialog in a newtask
orienteddomain has not been prgpecified and will be explored fromiata. Hence, a
corpus of indomain dialogs annotated with the target dialog strudgsunet avaihblefor
training a supervised learning algorithnthe examplebased learninglgorithmandthe
information extractioralgorithm discussed in Sectigh2.2.2and 2.2.2.3had to utilize
annotated dat from other information sourcesxamples described in a specific
annotation language and well-organized websiterespectively.In this thesisan
unsupervised learning approach is preferred sinegoal is to minimize human effort
including annotatioreffort in the domain knowledge engineering proceSénce his
process ccurs before the first prototype system is created, a corpuseanirded
conversationpetween the humans who perform the same task as the target dialog system
becomes the main resaer The motivation behind the use of an unsupervised learning
approach is quite similar to the idea that motivates the work inNdDGLE, the only
approach among the dialog structure acquisition approaches discussed in &2c%on
that utilizesan unsupervised learning algorithiNevertheless, differeninsupervised
learning algorithms that are suitable tbe target dialog structure, the fotmased dialog
structure representatioaye investigated in this thesis. The detaficdssions of those
algorithms are provideih subsequenthapters.

To make the problem tractable, | divide a dialog strucaeguisitionproblem into
two subproblems:concept identification and clusteringndform identification(a form
is associated ith a subtask in the forrrbased dialog structure representati@gch sub
problem is handled separately and is discugsedore detaiin Chapter SandChapter 6
respectively.However, it shouldbe kept in mind that these individual components are
parts of the same dialog structure; therefore, information about one component may be
useful for inferring another component. After each component can be acquired with
acceptable accuracy, interactioatlween components should also be considered in the
learning processThe decomposition of a dialog structure learning problem for a-multi
level dialog structure and a hierarchical dialog structure was also appliedany
researcher@~inke et al., 1998; Hardy et al., 2004; Vilar et al., 2003)
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Chapter 3

Form-based Dialog Structure Representation

The goal of this dissertation research idavelop adatadriven approactihat can
infer domainspecific information required to build a taskiented dialog systeritom a
corpus of indomain conversations. lorder toachievethis goaJ one would have to first
specify a suitable domatspedfic information representation, and then develop a
machine learning approach that is able to identifydbmain information captured by
this representation from a corpus iafdomain dialogs. This chapter focuses on the first
step, describing a suitabitwmainspedfic information representation and demonstrating
how it can be used to model domain information in various types obtéshted dialogs.

A domainspecific infomation representation that is suitable for the purpose of this
dissertationshould have allof the following propertiessufficiency, generality, and
learnability

0 Sufficiencyis implied if the representatiogaptues all domainspecific
information requied to build aaskorienteddialog system

This domainspecific information includesa list of tasks that a dialog
system has to suppofgr a complicated task how it should be decomposed
into smaller steps or stthsks, and domain keywords which captpieces of
informationthat dialog participants need to communicate in order to achieve
eachtaskor subtask. For instance, in a retail domain, where a task is to make
a purchase, the domain keywords are a product name and a quantity. These
two pieces ofnformationare essential for making a purchase

O«

Generalityis implied if the representation caescribetaskoriented dialogs
in dissimilar domains and type

Differenttypes of taskorienteddomains have different characteristifts
instance some disourse phenomena such as groundiogiotoccur in every
domain. Therefore, a desired domaspecific information representation
should be generalized for various types of tagsknted domains, namely, it
should be domaimdependent.
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0 Learnabilityis implied if the representationan beidentified by a machine
learning algorithm from observablenguage behaviserin humarhuman
conversations

When acquiringhe domainspecific information for a new taskiented
domain, there is no annotated data avadl&inl training a supervisedearning
algorithm as thdargetdomainspecific information has not been specified
and will be explored from Hilomain conversation§ince we have to kgon
an unsupervised learning approattte representation of the domapecific
information hago be observable from the conversations.

Existing dialog structurerepresentationgdo not have allof the threerequired
properties Most of them do not capture all of the domsapecific information required to
build a dialog sym as discussed in Sectidhl.3 Some of these discourse structure
models and theoriedescribe the compositional structure afialog thatresemble tasks
and subtasks but do not represent domain keywords, or vice versedtle one that
captures all of the required domapecific information, namely, a pldrased model, its
discourse structure is quite complex amhtainsmany intentional componentsych as
beliefs and intentions. These abstraomponentsare rather dficult to be observed
directly from a conversation ands for the current technologynay not be learnable
through an unsupervised machine learning approach. Moreover, these additional
components, while capturing useful information for processing agjidio not directly
describe a task or domaspecific elements required to achieve the task.

In order to have a domaspecific information representation that has all of the
desired properties discussed above, we have to either augment an existing dialog
structure representation or specify a new representation. In this thesis, | propose a new
representation, called dormbased dialog structure representatjorms a target
representation of the domaspecific information that will be inferred from-sloman
conversationsThis representation is based on the notiorfasin, a data representation
used in the forsbased dialog system architecturEhe formbased dialog system
architecture is described in detail in sectibd.2 | choose to develop a new dialog
structure representation based on the data representation used in a functional dialog
system architecture rather than augmenting an existing dialog structure theory because
this data representation already capttinesdomairspecific information a dialogystem
needs to have in order to support a tal$kis quite easy to demonstrate that the
representation isufficient for representing tas@riented conversations which is one of
the three required properties. Trefficieny of the formbased dialog structure
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representation has been demonstrated by the success of the systems that were
implemented based on the fotmased dialog system architectuamother advantage of

using an existing dialog system framework to desctifgestructureof a taskoriented
conversation is thathe connections between tlalog structurecomponentsand the
components of a dialogystemthat employs the structure becosteaightforward. This
direction is opposite to many other approaches thakemmgnta dialog system from an
existing dialog structure theory

In addition tosufficiency the formbased dialog structure representation needs to
have other two propertiegienerality and learnability. The formbased dialog system
architecture has beeunsed mainly in informatiomaccessing domains wheige form
corresponds to a database query form while slots in the form represent searchlariteria
this thesis, a morgeneralizediefinition of the form representation is provided, so that it
can be usedot representhe structure of dialogén other types of taskriented domains
as well In terms oflearnability, the formbased dialog structure representation focuses
only on concrete informatioiat @an be observed directly from-ttomain conversations
hence, it should bdearnable through an unsupervised learning approakh.the
following parts of this section, | will describe the fobmased dialog structure
representation and discuss its properties in more detail. The approaches that are used to
verify these properties are also described.

Theform-based dialog structure representai®a thredevel structure otask, sub
task, and concepfThis representation models thasksthat a dialog system has to
support, a set dfubtasks(a decompositionfaa task)which corresponds tthe steps that
needs to be taken in order to successfully mptish the taskandconceptsvhich are the
items ofinformation(or domain keywords) that dialog participants have to communicate
in order to achieve a task orsabtask. The components of the fortvased dialog
structure representation (i.e. task, $atk, and concept) refletlie observable structure
of a taskoriented conversation discussed in Secfigh A hierarchical structurefa task
and its sultasks represents a compositional structure of a dialog that is defined based on
the characteristics of the task while a domain concept captures the actual content being
conveyed in the dialog. IBng the twoaspects of a discours@nformational and
intentiona) discussedn Section2.1, the formbased representation focuses more on the
informational aspect as it represents the actual content of the dischuesmtentional
aspect is addressed by a conviéosagoal which is included in the definition of a task.
formal definition of each component is provided in SecBdh As the name indicates,
the formbased dialog structure uses a form as a central repaieanThe concepts that



Chapter 3Formbased Dialog Structure Representation 51

the participants have to communicate in order to achieve a particultaissubre stored
together in the same form. Therefore, a task is represented by one or more forms
depending on the number of its stasks.

The use of formand a forrdfilling strategy in dialog systems was firstroduced by
Ferrieux and Sadefd994)and has been adopted in many systems that buitieoform
based dialog system architectuhe the formbased dialog system,farm specifies all
relevant pieces of information (@fotg that must be filled in éfore a system can take an
action, such as query a database. All dorsaiecific informationa dialogsystem needs
to have in order to support a taskcgtured by forms; hence, the forbase dialog
structure representation mufficient for representinga taskoriented conversationas
demonstrated by the successtlud systems that were implementbdsedon the form
based architectur&xamples of these systems dne Philips train timetablinformation
system(Aust et al., 1995andthe CMU Communicator syste(Rudnicky et al., 1999)
Dialog coveragewhich measures the percentage of dialog content that can be accounted
for by the popose dialog structure, is also used werify the sufficiencyof the form
based dialog structure representatidialog coveragés reported irSection4. L

The formbased dialog system architecture has been used mainly in itifmmma
accessing domains wheaeform corresponds to a database query form while slots in the
form represent search criteriio make the form representatigeneralizedfor other
types of tastoriented domainsas well a broaderdefinition of the form reprsentation is
provided In this thesis, the notion édrm is generalized aa repository of related pieces
of information These pieces of information are not restricted to onlyséa@ch criteria
so thatthe formcan be applied toarioustypes of taskoriented domainsTo verify the
generalityof the formbased dialog structure representatisix dissimilartaskoriented
domainsare analyzed. These six domains airetravel planning (informaticaccessing
task), bus schedule inquiry (informatiaccessg task), map reading (problesolving
task), UAV flight simulation (commandndcontrol task), meeting and tutorinDialog
structure analyses of these six domains are given in S&Hersection3.7 respectively.
These disparate domains are chosen to cover various types-ofitagkd conversations.
The choices of domains are also subjected to the availability of hkbhomaan data. The
corpora of humamuman conversations used in the dialagtre analyses are taken
from various projects conducted by different research institutes. Some of the corpora
were collected during the developmeptocess of a spoken dial®ystem However,
some of the corpora were originally collected for other psgpo
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In terms oflearnability, a dialog structure component that is observable from a
conversation should be more easily identified by an unsupervised learning algorithm than
a dialog structure component that cannot be directly observed such as a lukkef an
intention. The components of the forrased dialog structure representation (i.e. task,
subtask, and concept) can be observed directly from a dialog as it réfeatbservable
structure of a taskriented conversation discussed in Sectlod Task and sulbask
represent the decomposition of a complicated task while concept is an item of
information that dialog participants have to communicate in order to achieve the
conversation goalBy focusing only on the observabiructure of a dialog, the form
based dialog structure model works well when all of the dospetific information
necessary for suppamg a task is communicated clearly in a dialdgis occurs whem
dialog has the following characteristids: the caversation goal is achieved through the
execution of domain actions, and 2) tthalog participantshave to communicate the
information required tgerformtheseactionsthrough dialogHowever, if the goal of a
dialog isachieved in a different manner ibithe necessary domaspecific information
is not communicated through the dialegg may not be able to represent this dialog with
the formbased dialog structure representation. The difficulties in representing various
types of tasloriented dialogs wih the formbased dialog structure representation are
discussed in Sectio.8. For the type of dialog that the dialog goal is not directly
reflected in the conversation, a more complex dialog structure whgmh rabdels
unobservable aspects of a dialog, such as participants beliefs and intentions, may be
required.

Another characteristic of the forbased dialog structure representation that makes it
possible to be inferred from -momain conversationthrough anunsupervised learning
approach is its simplicity. Compared to other dialog structure representations used in
other types of dialog system architectures such as abplsed system, the forbrased
representation is quite a bit simpler. The detailed dismuszbout different types of
dialog system architectures and the comparison among them can be found in S&ction
However, by choosing the representation that is quite simple, we may not be able to
model a complex task thaa® a dynamic structure suchaplanning taslas discussed in
Section1l.1 Nonetheless, the formased systerhasbeenappliedsuccessfully in many
real world applicationsExample of these dialog systems Hre Philips traintimetable
information systenfAust et al., 1995)the CMU Communicator syste(Rudnicky et al.,

1999) and many othersystemsbuilt under the RavenClaw framewofBohus and
Rudnicky, 2003)
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Thelearnability of the formbaseddialog structureepresentatiots verified withthe
accuracy of the domain information obtained frone throposed machine learning
algorithms described i€@hapter SandChapter 6 Annotation scheme reliability, which is
obtained from a human annotation experiment describ&eation4.2, canalso verifies
the learnability of the formibased representatian terms of human learnabilityHigh
annotation scheme reliability suggests that the annotation scheme is concrete and
unambiguous which imply learnability.

The rest ofthis chapter is organized as follows: Secti®d provides a detailed
description of the foraibased dialog structure representation along with the definition of
each component. A comparison between the foased representatioand existing
dialog structure representations is discussed at the end of S&dtioBxamples on how
to model the structure of a dialog with the proposed representation in siariasted
domains &ir travel planing, busschedule inquiry, map reading, UAV flight simulation,
meeting and tutoring) are given in Secti® - Section3.7 respectively. These dialog
structure analyses are done manually by the developbke dérmbased dialog structure
representation. The difficulties in applying the febased dialog structure representation
to these taskriented domains areliscussed in Sectio8.8 Finally, Section3.9
summarizeshe properties of the proposdilog structure ygresentation.

3.1 Components in forAbased dialog structure representation

In taskoriented domains, participants engage in a conversation in order to achieve a
specific goakuch ado obtain the departure time of a particular bus or to order a product
from a catalog. For simplicity, will refer to the participants as a client and an operator.
Typically the clientds goal i's toorlhave t he
need. The operator in turn needs specific information from the client in order to perform
eachaction. Actions are domaispecific for instance, in a bus schedule inquiry domain
an action is looking up information from a bus schedule while itad tlomain an action
is ordering a product. The action occurs when all necessary information has been
gathered. For example, theretail domain, the name afproduct anda quantity need to
be specified before an order can be placed. The purposegddheriented conversation
is to communicate this information among the participants and to ensure that the
information is consistent.

Different taskoriented domains may have some dissimilarcharacteristics for
instance some discourse phenomena suclyrasindingdo notoccur in every domain.
Therefore, in order tdevelop a dialog structure representation thgeneralizd across
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these differences, dialogs from different types of 4@sknted domaindave to be
analyzed. The initial forabased dialogstructure representation was derived from the
analysis of conversations in informatiancessing domains which are the most common
application domains of forrbased dialog systems. Constraints from a backend database
make it easier to identify the form ithis type of tasloriented domain. Then
conversations from other types of tamkented domaingjamelya problemsolving task

and a commandndcontrol task, were analyzed to verify the completeness of the initial
dialog structure. Thdorm-based dialogstructure was modified when necessary to
account for new discourse phenomena in the new domain. Finally, the definitionsfof all
the components in the fortvased dialog structure representation were verified through
several iterations of pilot annotatiexperiments (human annotation experiments are
described in Sectio#.2).

In summary, conversations in various taslented domains have the following
characteristics.n order to achieve a conversation goal, one or moilieracmust be
taken, and albf the information required in order to perfoitimeseactions has to be
clearly communicated. The fortrased dialog structure representatioganizesdomain
specific information necessary for achievirthe conversatiorgoal inb a thredevel
structure of task, sutask and conceptThe definition of each component is given below.

3.1.1 Component definitions and representations

1. A taskis asubsebf adialogthathas onespecific goal.

A simple dialog usually has only one goal, riéffere, the entire dialog
corresponds to a single task. A complealalj can have multiple goal&or
instance, a customer whoakes acall to a customer service may have two
goals to obtain account balance and to change the address; therefore, this
dialog cansists of two tasks, one for each goal. To decompose a dialog into
multiple tasks, each sutialog, which corresponds to a task, must have a
clear goal that is distinct from the rest of the dialog and can be considered as
a separate dialog.

To accompkh a task goal, one or more actions need to be takkan
multiple actions are requiredhe task is decomposed into a set of $agks,
one for each actionHowever, f only one action is required, no further
decomposition is necessary.

2. A subtaskis astep ina taskthat contains sufficient information to execute a
domain action
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Within each suliask, dialog participants exchanigéormationin orderto
execute thecorresponding actionThe subtask ends when the action is
executed Whenthere isa discissionaboutthe outcome of the action, such as
a discussion about thaformation retrieved from a databas¢he subtasks
ends at the end of the discussion

A task can be decomposed iftotha sequence of different types of sub
tasksand a series of theasne type of sulbask. For example, toeserve a
round trip ticket, a client must provide the criteria for a flight in each leg;
therefore,a task ofresering a round tripticket can be decomposed into two
subtasks: specifyng a departing flight and spdging a return flight. In some
cases, a sutask can be further decomposed ikiassociatd with a complex
action. This creates a hierarchical structureadésk and sulbasks. More
examples ofthe task structure decomposition agéven in the following
sections.

3. A conceptis a word or a group of wordsvhich capturesa piece of
information that is necessary for performing an action

A piece of information that describes the outcome of an action is also
considered a concept.

Some pieces of information ght be complex and contain several
components. For example, an address is composadstoéet,a city, a zip
code, etcStreet, City or ZipCodecan be a concept by itself since it captures
a distinguishable piece of informatitimat may be used separately concept
that contains other concepts sucthdgressis called astructured cocept

It is possible that the same word or group of wdrelongs tamore than
one concept .tom@omu.edix amml eSerdéEmailtand
aRecipientEmail. It is important to distinguish between similar concepts that
have different functionalities such as between a sender and a recipient as
shownin thisexample

Eachdialog structurecommnent has two aspects: type and instamfcdypeis an
abstractionof similar information itemswhile aninstanceis a specific value of an
information item For example,query departure _time is a type of task in a bus
schedule inquiry domain while the dialogs that correspond to this taskstardes. For a
concept, an instance is also calledoacept membeasr aslot value For exampleColor
is a concept type while Ared, 0 Ablue, 06 and
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A dialog structureneeds to be generalized over allevaint dialogs in a domai
Hence, for the same type of task, some-taslis may be optional. Similarly, some
concepts may not be required in order tdfqren the same actiorfor instance, since not
all of the criteria have to be specified in order to retrieve flight informaftiom a
database, some concepts, suchAidse andNoOfStop, are optional.

As the name indicates, the fo#mased dialog structure uses a form as a central
representationRelated pieces of information necessary for performing a particular
action, i.e. cacepts,are organizednto a form. Adialog structurds associated with a
form in the following ways. A simple task, which contains only one action, is represented
by asingleform while a complex task is ggented by a set of forms; each of its-sakks
is associated with one form. We can also sayehahform representinformation in a
subset ofa dialog thattontributestowardoneaction. Lastly, a concept is a slot inside a
form. Even though a structured concept is composed of a set of conceptsoit
equivalent to a form because there is no action associated vttigggram inFigure3.1
shows how a form captures information from a conversation in a retail domain along with
the action that makes uséthe information in the form.

| want to buy scarves

How many do
you want?

Two please
client «— agent

@ fill form

Form: Order Form

ProductName: scarves |:|'> Action: order_a_product

Quantity: t (order two scarves)
uantity: two

Figure 3.1: A form representation and its associated action in a retail domain

As a conversation progresses, the participants gradually flffanm with pieces of
information. They may alswerify the correctness of the information as they try to fill it
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into the form. When the form is complete (whenddlthe required pieces of information
are obtained) an action that associates with the form is readyeteebeted The purpose

of a goaldirected conversation is to fill one or more forms and to ensure that the
information is congent.How each utterance affects the form and its content is described
in the next section.

3.1.2 Form operators

In the formbased dialog structurtamework, ven a participant speaks, his/her
utterances considered asnaoperator (or anoperatior) that operates on a form and its
content At the beginning of dialog an utterance fills the corresponding slot in the form
with the concept enclosed the utteranceVhenthe form is complete anits associate
action is ready to btaken,an utterance executes the action that is associated with the
form or indicates that the action has been executed. After liesulbsequenttterances
discuss theoutcome of the action. These three basic operations dikk form,
execute form, and report_outcome, and are summarized ifable 3.1. If the
participants are not satisfied with the outcome of the action, theyfilinthe form with
different slot values and then-esecute the action. For example, if a client does not like
the flights that were retrieved, he/she may change the search criteria and then ask an
agent to retrieve a new set of flights. The new setaif\alues get filled into the form
through the samiél_form operation as the previous set of slot values.

Each type of operator is defined based on the effect that the operator has on a form
and its content, and on the way that the openades the infonation stored in the form.
Table 3.1 contains, for each operator, a short description that describes the effect of the
operator on a form along with example expressions that indicate this operator. These
examplesare taken from various taskiented domains as indicated in the last column of
the tables. Air Travel is thair travel planning domairdescribed in Sectio.2, Bus
Schedule is th®us schedule inquiry domantescribed in SectioB.3, Map Reading is
the Map reading domairdescribed in SectioB.4, UAV is the UAV flight simulation
domaindescribed in Sectio8.5.

Besides theéhree basic operations, a dialog participant can also cancel an operation
that another participant performs if he/she believes that the operation is not appropriate at
that point of the dialogAn example of acancel operation illustrated ifmable 3.1 is
taken from the air-r travel pl anning domain
operation, dill_form operation which ograted on the form of the second leg, in order to
continue with the form of the first leg (the current 4abk). If a serious
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misunderstanding occurs the participant can usga#_over operator to clear the
content otthe currenform and restart the butask all over again

Neverthelesssome utterances may not directly manipulate the content of the form,
but rather manage the flow of the communication and maintain the integrity of the dialog.
For example, arequest_repetition operator repairs a commuation problem by
requesting another dialog participant to repeat the previous utterance again. This operator
doesndét modi fy or uBhsgroupa operatorstcanrbé regarfied aish e
adiscourseorientedoperatorwhile the first group of perators that directly manipulates
the form and idisted in Table 3.1 is considered aaskoriented operator. Discourse
oriented operators are listedTiable3.2.

Sincethe formbased dialog structure model uses the same form representation to
represent domaispecific information in every tastriented domainthe set obperators
that can be used tonanipulate the form representatisthe same across afif the
domans. Thus, the lists of form operators Table 3.1 and Table 3.2 are domain
independentThe consequence of the saoperatoris the same regardless of the domain.
For exanple, afill_form operator which fills a specific slot in a formvith a given
concept value, has the same behavior in every domain; only the parameters of the
operator (the identities of the slot and the form, and the concept Waduedre different.
The effect of the fill_form operatoron the corresponding form in tlaer travel planning
domain andin the map reading domaiare shown inFigure 3.2 and Figure 3.3
respectvely. However, the consequence of amecute_form operatoris the only
exception Since theexecute_form operator executes the domaipecific action thais
associatd with a form its consequence is domadependentEven though a list of form
operatorsand their effects on a form are domaidependent, the expressions that are
associated with each operator vary according tahiagacteristiof a taskas illustrated
by example expressions taken from dissimilar 4as&nted domains ifable 3.1 and
Table3.2.
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Operator Description Example utterance Domain
initiate_form Initiate a new formgnd a nevsubtask) il al sooneed a car Air Travel
fill_form Fill a slot in a rm with aspecificconcept |l 6d | i ke to fly t o Ho|AirTravel
value il*"m | ooking for a 41E|BusSchedule
around three o'clockbo
itfo the | eft for about Map Reading
AAVO, r a-dréausdive mie OH UAV
executeform Perform a domanspecific action thaits ilust make the reservat iAirTravel
associate with a form iwWe got a goaordeapohot o f [UAV
report outcome | Reporttheoutcome ofanexecue_form fiThat round trip fare ifour hundred three dollars | Air Travel
operator and fifty cents
ACurrently 71 -ame@ | es o u|UAV
cancel Cancel the previousperator Al would | i ke to compl |AirTravel
start_over Clear the content of a form ancstartthe |ASt art agai no Map Reading

subtask d over again

Table 3.1: A list of taskorientedoperators
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Operator Description Example utterance Domain

acknowledge Showunderstandingoi n ot her ppeevidus|i Ri ght o Map Reading
utterance(can be considered avackchannel ARoger o UAV
response)

request_repetitiol Requesanother participarto repeathe previous APardon meo BusSchedule
utterance iPl ease repeat t|UAV

time.Far ea?o

greeting A sodal utteranceat the beginning of the fi Mank you forcalling port authority | Bus Schedule
conversation this is Dalisa how may help yow

closing A social utterancat the end of the conversation AOkay thank youo|AirTravel

Table 3.2: A list of discourseoriented operators
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Client: (fill_form) i'd like to fly to houston texas
[ArriveCity] [ArriveState]

Form: flight query

DepartCity:
DepartState:
DepartDate:
DepartTime:
ArriveCity: houston
ArriveState: texas

Figure 3.2: A fill_form operatorand its effect on the corresponding famtheair travel
planning domain

GIVER: (fill_form) to the left for about an inch.
[Direction] [Distance]

Form: segment description

Start Location:
Direction: left
Distance: an inch
Path:

End Location:

Figure 3.3: A fill_form operatorand its effect on the corresponding famthemap
reading domain

The effect of a taskriented operator listed ifable 3.1 can be determined directly
from the utterance that is associated with the operator. However, since dialog participants
collaborate to achieve a task in a taslented dialog, the effects of some utterances on a
form may depend on a response framother participant. There are three types of
responsalependent operatorsrequest, suggest and confirm. Any taskoriented
operator can be transformed intoemuest operator, asuggest operator, or aonfirm
operator (e.grequest_fill_form, suggest_fill_form, or confirm_fill_form). Examplesof
responsalependenbperatorsare given inFigure 3.4. The names of the operators are
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enclosed in parentheseBhe dialog inFigure 3.4 is taken from the air travgblanning
domainand is the same dialog as the on€igure3.12.

Client 1: (greeting) hello
Agent 2: (request_fill_form)  hi people's travel what city would you like to fly to
Client 3:  (fill_form) i'd like to fly to houston texas

[ArriveCity] [ArriveState]

Agent 4: (suggest_fill_form) into intercontinental airport or hobby
[ArriveAirport] [ArriveAirport]

Client 5:  (fill_form) at the intercontinental
[ArriveAirport]

é
Agent 12: (report_outcome) the only flight i have before that that's a non-stop
would be on continental airlines that's at
FlightIinfo:[Airline]

six_thirty a.m. arrive houston at eight fifty
Flightinfo:[DepartTime] Flightinfo:[ArriveCity] FlightInfo:[ArriveTime]

Client 13: (fill_form) that's okay i'll take that
Flightinfo:[FlightRef]

Agent 14: (confirm_fill_form) you'll take the continental flight
FlightIinfo:[Airline]

Client 15: (respond) yes

Figure 3.4: Examples of responsdependent operators

A dialog participant (a speaker) may request another participant (a listener) to
perform a specific operation. For instance, in the second utterance of the digiggre
3.4, an agent requested a client fil_form with an ArriveCity . The client then
responded by performing dill_form operator that filled bothArriveCity and
ArriveState into a flight query form. Theequest operator by itseld o e s n 6t af f ec
form; neverheless, it creates an obligation on a listener to perform the requested

operation.

When a speaker reqguests that a | istener
specify all of the parameters of the requested operation; it is up to the listener te choos
these parameters. However, the speaker can also suggest operation parameters as
illustrated in the forth utterance of the same dialog. The agent suggested two values of an
ArriveAirport that could be filled into the flight query fornthe suggest fill_form
operator by itself didnot fil/l any of thes
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was required in order to decide which concept value should be usedlighbeuery
form actually got filled in the fifth utterance by tfi form operatomwhi ch i s t he ¢
response tsoggesthfié forangmeratord s

A dialog participantmay verify the correctness @noperator and its parameters that
have been specified earlier in a dialgh a confirmation utteranceTo confirm the
correchess of thdill_form operator that was uttered in utterance 13, the agent verified
with the client that he/she would like to select the continental flight in the next utterance.
With an affirmative response in utterance 15, the information of the seléigtedgot
filled into a flight reservation form. Aonfirm operator is usually expressed in the form
of a yes/no question. An affirmative response carries out the confirmed operation while a
negative response discards that operation.

Usually, an utterarecor a speaker turn corresponds to one form operator. However,
an utterance can correspond to more than one operator if the utterance has more than one
di stinguishable effect on Fguré3dcomespodeto i nst
two operatorsrespond and init_form. In the first part of the turn the client gaae
negative response to an aggquoestionabout a careservation while in the second part of
the turn the client initiated a discussion ab@ainotel reservation.

Agent: (suggest_init_form) do you need a car
Client: (respond) no
(init_form) but | do need a hotel

Figure 3.5: An example of a speaker turn that corresponds to more than one operator

| would like to note that even though a form operator describes the role of an
utterance in daskoriented dialog similar to a dialog act, it describes specifically the
effect of the utterance on the form representation rather than modeling a speaker
underlying intention.This thesis focuses more on the feaased dialog structure
representationthan on form operators since the fofipased representation models
domairdependentomponents which have to be acquired in every new domain while a
list of form operatorss domainindependenand is prespecified

3.1.3 Task and sultask decomposition

A list of actions constrains how a task is decomposedarget ofsubtasks in each
domain. An action in the forrbased dialog structureepresentatioris defined asa
process that uses the information gathered during the conversation toacreatteome
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that cantributes towardhe conversation goalThe outcome can be the desired piece of
information, such as the inquired departure time frarbus scheduleor a new dialog
state that is closer to the desired goal stdtmvever,a process through which dialog
participant acquire each piece of information is not considered as an action. For
instancejn a retail domaingbtaininga product namer a quantity from aclientis notan
action; it fills a form in preparation for eventual executiontbé correspondig action

But using the product name atitk quantity to make an order is an actisince this
process makes a dialogaches its goal state.

Usually, an action is observable from a verbal expression that assouitet (for
example,ii | et met | oo k f) @rtfrany @ physical actiorffor example,an
operator types a query and submits it tdadabasesystem. Another indication of an
actionthat can be observed ia discussion ofthe new information obtainedrom the
executon of the actionA retrieveddeparture time in a bus schedule inquiry domain is an
example However, there are some cases that actions are less noticeable. One example is
defining a new term (grounding). groundingaction associates a word with its definition
or its propelies This knowledge istored for future reference.dfdialogparticipant only
memorize the knowledge neither physical action nor verbal expression occurs.
Nevertheless, the process that discusses the ternthendhformation regarohg its
definition and properties arebservableThe grounding process is considered atash
which corresponds to a grounding action while the term, its definition, and properties are
concepts. The rgunding process is further discussadSection3.4 and 3.5 when the
structures of dialogs ithe map reading domain and the UAV flight simulation domain
are analyzedespectively.

The definition of an action in the forwased dialog structure represéioa is
different from the one in the plarased model discussed in Sect®h.2.3 The action in
the planbased model is a communicative action expressed by an utterance and is usually
represented by a speech ddte commurgative action is more fingrained and captures
a speakerodos intention rather than-basedphysi
representation occurs at the end of an informagixechanging sudialog and is defined
as aprocess(usually observablejhat uses theexchanged informatiorio createan
outcomethat contributes towarthe conversation goal

| would like tonote that the notions @&ccessFame and atibute proposed by Hardy
et al. (2003) and reviewed in SectioR.1.3are fairly similar to the notions otask and
conceptin the proposed forbased dialog structure representatidlowever,the form
basedepresentation offers a richer representation by providing artiécal structure of
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tasks and subasks rather than a flatrgtture. The formbased representatioalso

providesa more generatlefinition for each dialog structure componand is therefore

applicable tovarious typesof taskoriented domainsSi nce Har dyodés di al c
representation is based dghe DAMSL annotation schemet restricts itself tothe
informationavailableat the level of utterance (e.g. an AccessFrame only describes a task

that corresponds to each utteranaall does not describe an aggregate structure over
multiple utterances. Thatentian a | structure in Grosz and Si
structure(Grosz and Sidner, 1988)alsoclosely related téhe structure of tasks and sub
tasks.However the intentionaktructure is influenced by discourse segment purposes and

their relationgather than domaispecific actions, witch capturehe characteristgof the

tasks more directly, as in case of the fdyvased dialog structure representation.

To model the structure of a dialog in a new tasknted domain with the forsbased
dialog structure representation, a list of taskdytasks, and concepts in that domain has
to be identified. This list can be considered as a domegendent tagset andrist pre
specified by thdorm-based representatidnut will be identified fromin-domain dialogs
The notions of dsk, suktask and concept defined ithis sectioncan be regarded as
metatags and are domaindependent A summary of task, sutask and concept
definitions are given ifrigure3.6.

For consistencyl will use the following fomatting styles to mark tasks, stdsks
conceptsand actionsn the rest of this thesis document.

0 Task and sulbask types are marked bold wi t h A _ ®all theowordse c t
togethere.g.create_an_itinerary andgrounding.

0 Concept types are marked bold with all the first letter of each word
capitalized e.gProductNameandQuantity .
0 All task, subtask and concept instances are marked withbl#o quotation

mar ks e0 gan dibflgureeeno.

0 Actions are marked ibold italicwi t h A _ <all tbeomordsegether e.g.
make_a_flight_reservation
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Task is a subset of a dialog that has one specific goal

0 A dialog corresponds to one task if it has only one goal

A dialog corresponds to a set of tasks if it has multiple goals and each task

may stand alone as a separate dialog

If as a task requires more than one action, it is decomposed into a set of sub-

tasks

Sub-task is a step in a task that contains sufficient information to execute an action*
0 ends after the action that associates with that sub-task is executed or after the

outcome of the action has been discussed.

Concept is a word or a group of words that captures

0 the information necessary for performing an action

0 the information about the outcome of an action

It is also important to distinguish between similar concepts that have different
functionalities.

O« O

(@4

*An action is a process that uses related pieces of information stored in a form to
0 create a new piece of information (for example, through computation or
database retrieval)
o,
0 move a conversation to a new state that is closer to the desired goal state

An action is not a process through which a dialog participant acquires individual
pieces of information.

Figure 3.6: The summary of theorm-based dialog structurepresentation

3.2 Air travel planning domain

A dialog in an air travel planning domain isanversation betweean experienced
travel agent and client arrangingatrip that includs plane, hotel and car reservations. A
plane ticket reservation is mandatory while hotel and car reservations are optitiyal.
can be either a domestic or an international onsoine conversations, a client may have
multiple destinationsA corpus of humafuman conversations this domainwas

collected during the development of the CMU Communicator system. The data collection

process is described {Eskenazi et al., 199. Figure3.7 showsa transcript of a recorded
conversation in the air travel planning domdihe number that follows the speaker label
is an utterance IDThe transcript also includes some noises and filles /UH/ and
*PAUSE*) made by both participants and from the environmBrtamples of dialog
structure analysis discussed in this section are drawn mainly from this dialog.
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Client 1:
Agent 2:
Client 3:
Agent 4:
Client 5:
Agent 6:
Client 7:
Agent 8:
Client 9:

Agent 10:

Client 11:
Agent 12:

Client 13:
Agent 14:
Client 15:
Agent 16:
Client 17:
Agent 18:
Client 19:
Agent 20:

Client 21:
Agent 22:
Client 23:
Agent 24:
Client 25:
Agent 26:

Client 27:
Agent 28:
Client 29:
Agent 30:
Client 31:
Agent 32:
Client 33:
Agent 34:
Agent 35:
Client 36:
Agent 37:
Client 38:
Agent 39:
Client 40:
Agent 41:
Agent 42:

Client 43:
Agent 44:

Client 45:
Agent 46:
Client 47:

HELLO

/H#/ HI PEOPLE'S TRAVEL WHAT CITY WOULD YOU LIKE TO FLY TO

I'D LIKE TO FLY TO HOUSTON TEXAS

INTO INTERCONTINENTAL AIRPORT OR HOBBY

AT THE /UH/ INTERCONTINENTAL

AND DEPARTING PITTSBURGH ON WHAT DATE

DEPARTING ON FEBRUARY TWENTIETH

WHAT TIME WOULD YOU LIKE TO DEPART PITTSBURGH

/UM/ EARLY MORNING NOT BEFORE SEVEN

OKAY U.S. AIRWAYS HAS A NON-STOP AT TEN OH FIVE A.M. YOU'LL ARRIVE INTO
HOUSTON AT TWELVE TWENTY P.M.

IS THERE AN EARLIER FLIGHT

THE ONLY FLIGHT | HAVE BEFORE THAT THAT'S A NON-STOP WOULD BE ON
CONTINENTAL AIRLINES THAT'S AT SIX THIRTY A.M. ARRIVE HOUSTON AT EIGHT
FIFTY

THAT'S OKAY I'LL TAKE THAT

YOU'LL TAKE THE CONTINENTAL FLIGHT

YES

AND WHAT DAY WOULD YOU BE RETURNING

ON /UM/ *PAUSE* MONDAY FEBRUARY TWENTY THIRD

WHAT TIME WOULD YOU LIKE TO DEPART HOUSTON

AROUND FIVE P.M.

| HAVE A NON-STOP ON CONTINENTAL DEPARTING HOUSTON AT SIX FORTY FIVE
P.M. ARRIVING INTO PITTSBURGH AT TEN TWENTY THREE P.M.

OKAY

THAT ROUND TRIP FARE IS FOUR HUNDRED THREE DOLLARS AND FIFTY CENTS
OKAY

WOULD YOU LIKE ME TO MAKE THE RESERVATION AND DID YOU NEED A CAR
YEAH

THEY LEAST EXPENSIVE RATE | HAVE WOULD BE WITH THRIFTY RENTAL CAR AT
THE HOUSTON AIRPORT FOR THE WEEKEND RATE OF TWENTY THREE NINETY A
DAY

OKAY

WOULD YOU LIKE ME TO BOOK THAT CAR FOR YOU

YES

OKAY AND WOULD YOU NEED A HOTEL WHILE YOU'RE IN HOUSTON

YES

AND WHERE AT IN HOUSTON

/UM/ DOWNTOWN

OKAY

DID YOU HAVE A HOTEL PREFERENCE

/UM/ ANYTHING HILTON #NOISE# MARRIOTT

| HAVE A MARRIOTT IN DOWNTOWN HOUSTON FOR ONE OH NINE A NIGHT
OKAY

WOULD YOU LIKE ME TO BOOK THAT

YES

OKAY

WOULD YOU LIKE TO PURCHASE THE TICKET TODAY OR JUST MAKE THE
RESERVATION

/H#/ JUST MAKE THE RESERVATION

I CAN HOLD THAT TICKET FOR YOU UNTIL TOMORROW AT FIVE P.M. IF YOU
COULD PLEASE CALL US BY THEN

OKAY

OKAY THANK YOU

THANK YOU #CUT IN#

Figure 3.7: An example dialogn the air travel planning domain
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A conversationin the air travel domains an informatioraccessing taskin this
domain, atravel agent hekpa client arrange an airavel itinerary by retrievingdlight,
hotel, and car rentahformation fromabackend databasdn order to do so, the client has
to provide the agent with his/her preferences and constraints dmémary. Since 1) the
conversation goal is achieved by performing domain actions (retrieving information from
the database and making avel reservation), and 2) the client and the agent have to
exchange information in order to carry out these actions through dialog, the
characteristics of a dialog in the air travel domain match all of the assumptions made by
the formbased dialog structerrepresentation. Thus, a dialog in this domain could be
modeled by the forabased representation. Detailed analysis of the structure of an air
travel planning dialog is given below.

The goal of a conversation in the air travel planning domain is to cesatgrtravel
itinerary for a trip. In each conversation, a client usually ¢y one trip in mind,;
therefore, the entire dialog corresponds to a single taskte an_itinerary. However,
in some cases, a client may want to arrange several trips gcoowersation. In that case,
a dialog corresponds to sevetatate an_itinerarytasks; one for each trip.

An air-travel itinerary consists of three types of reservatiomsplane ticket
reservation, a hotel reservatj@nd a car rental reservation. A péaticket reservation is
accomplished throughmake_a_flight_reservatiomction. Similarly, a hotel reservation
and a car rental reservation are achieved Imyalie_a_hotel_reservatioaction and a
make_a_car_reservationrespectively. Hence, the create anitinerary task is
decomposed into three stdsks one for each type of reservation (flight, hotatd car).

All types of reservations are regarded as-tsdis instead of tasks even though each of
them has a clear godb(make a specific type of resetiem) because they belong to the

same itinerary and there is also some dependency between them as will be discussed later
in this sectionFigure 3.8 showsa decomposition ofhe task create_an_itinerary into

three subtasks: reserve_flight, reserve_hote] and reserve_car together withtheir
corresponding forms and act®The detail okachform is omitted and will be discussed

later on.

If a trip has multiple destinations, an itinerary may contain more thanlane ficket
reservation as well as multiple hotel and car reservations. In that case, a dialog may
contain multiple instances oéserve_flight, reserve_hote] andreserve_carsubtasks.

On the other hand, in some conversatioaserve_hote] and/orreserve_car subtasks
are optional. Only seserve_flightsubtask is mandatory in this domain.
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Dialog A Sub-task: Form: flight reservation

reserve_flight | - ::>

Goal: create
an air-travel Sub-task: Form: hotel reservation

itinerary ::> reserve_hotel | - I::>

Sub-task: Form: car reservation

reserve_car : ::>

Figure 3.8: A task, suktasks and their corresponding forms and actioriseair travel
planning domain

A reserve_flight subtask can be further decomposed. To make a flight reservation
for a roundtrip, an agent needs to know the flight thatient would like to takdor each
leg of the trip (i.e. a departure flight and a return flight). The client must proxitdea
of the preferred flighfor each leg to the agent who thegtrieves flight(s) that matels
the given criteria from a databas@&herefore, areserve_flight subtask is then
decomposed into two query flight info  subsubtasks, one for each
retrieve_fight fromDB action required for each leg of the trip. The criteria for retrieving
a desired flight include a DepartureCity, an ArrivalCity , a DepartureDate, an
ArrivalDate , a DepartureTime, anArrivalTime , anAirline , etc. Theseare concepts in
a flight query form associated withguery_flight_info subsubtaskSince not all of the
criteria have to be specified in order to retrieve information from a database, some
concepts in the flight query form may not get filled.

In the dialog inFigure 3.7, a client would like to reserve a round trip flight from
Pittsburgh to Houston. wo flight query forms one for each leg othe round trip
reservationare shown irFigure 3.9. Only the slots that are discussed in the dialog are
presented in the formsn some examples, detadl representation and annotation are
omitted fora display purpose. Some concept names may be shortened and structured
concept components may be excluded. Bangle, a DepartureDate is a structure
concept consists oA Month and a Date, but for simplicity we only represent it as
fiDepartDate: Februarytwentiettb i n s t RepaitDate:fMonih: FebruaryDate:
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twentietto i n t he f | A ddog strgctureanngtatibnof thenconversation in
Figure3.7 is given at the end of this section.

Theresult of aretrieve_flight_fromDB action isthe information of the flight(s) that
matchesthe given criteriaflCONTINENTAL AIRLINES THAT'S AT SIX THIRTY A.M. ARRIVE
HOUSTONATEIGHTFIFTYO excer pt ed f rFgure3dis bne exanple ef
the result.This piece of information can be regarded as a structured cdrlcgpinfo ,
which composes of aiirline AContinentab , DepartTime fisix thirty a.mo, an
ArriveCity A Ho u s and e éryive Time feight fiftyd. A Flightinfo is a structured
concept that refers to a particular flight and will be used travelagent to make a flight
reservation.

12 i

Form: flight query FlightInfo:

Airline: Continental

Sub-subtask:
query_flight_info

DepartCity: Pittsburgh
ArriveCity: Houston
ArriveState: Texas
ArriveAirport:

Intercontinental airport
DepartDate:

February twentieth
DepartTime:

early morning

not before seven

DepartTime: six thirty a.m.
ArriveCity: Houston
ArriveTime: eight fifty

Sub-subtask:
query_flight_info

Form: flight query

DepartCity: Houston
ArriveCity: Pittsburgh
DepartDate:
Monday February
twenty third
DepartTime: five p.m.

Flightinfo:

Airline: Continental
DepartCity: Houston
DepartTime:

six forty-five p.m.
ArriveCity: Pittsburgh
ArriveTime:

ten twenty-three p.m.

Figure 3.9: Flight query forms, their corresponding actions and the outcomes for a round

In many cases, there is more than one flight that matalees i ent 6 s cri ter

trip reservation

client needs to select only one flight from list of flights returned by a
retrieve_flight_fromDBaction. After the client select the desired flight Flightinfo of
the selected flight gets filled into a flight reservation form. When all reqiiligdtinfos
for that trip are obtained, e.g. two for a round trgn agent will perform a
make_a_flight_reservationaction. Figure 3.10 shows a flight reservation form that
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contains two Flightinfos, one for each leg ofthe trip,

71

retrieved by two

retrieve_flight_fromDBactions inFigure3.9. In some conversations, a flight reservation
contain addit i bamaandadaymentMpthod s uc h
These additioal concepts may not be discussed in some diaogs as the one Fgure

3.7 because an agent may already have that informatianihi ent 6 s profil e.

form may

Sub-task:
reserve_flight

Form: flight reservation

Flightinfo:
Airline: Continental
DepartTime: six thirty a.m.
ArriveCity: Houston
ArriveTime: eight fifty

Flightinfo:
Airline: Continental
DepartCity: Houston
DepartTime: six forty-five p.m.
ArriveCity: Pittsburgh
ArriveTime: ten twenty-three p.m.
Name:
PaymentMethod:

Figure 3.10: A reserve_flight sultask and the corresponding form and action for a round

trip reservation

Another action that may occur inraserve_flight subtask is aretrieve_flights_fare
action.A clientmay want to know the ticket pridefore making a reservan. Normally
a ticket fare is based on aff the flights in the itinerary together. For example, a round
trip fare is usually cheaper than the summation of twoveee fares. Thereforethe
retrieve_flights_fareaction requires information of adff theflights in an itinerary. Since
a Flightinfo is an outcome o# retrieve_flight_fromDB action, aquery_flights_fare
subsubtask which corresponds to aetrieve_flights fare action occurs after all
query_flight_info subsubtasksFigure 3.11 shows a fare query form for retrieving a
ticket fare of a round trip ticket iRigure3.9.
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Form: flight reservation

Flightinfo:
Airline: Continental
Sub-subtask: : DepartTime: six thirty a.m. |:‘>
query_flights_fare ArriveCity: Houston

ArriveTime: eight fifty

Flightinfo:
Airline: Continental
DepartCity: Houston
DepartTime: six forty-five p.m.
ArriveCity: Pittsburgh
ArriveTime: ten twenty-three p.m.

Figure 3.11: A fare query form and its correspding action.

Since actions and the corresponding formsréserve _hote] andreserve_carsub
tasks are quite similad, only discuss aeserve hotel subtask in this sectionin a
reserve hotel subtask, a client first specifies the criteria of thetd room that he/she
would like to reservesuch asa HoteIName and an Area of a city. Theseconcepts are
filled into ahotelquery form which is then used by an agent to retrietel roongs) that
matclesthe given criteria from a database vieetrieve hotel _info_fromDB action.An
example of ahotel query form is given irFigure 3.13 (f). query_hotel_info is a sub
subtask under a reserve hotel subtask and is associated with a
retrieve _hotel info_fromDB action. Similar to a Flightinfo , a Hotelinfo is a structured
concept that contains information about a partichtdelroomretrieved from a database.
The client has to select only orfetel room from a list of hotel roons retrieved by a
retrieve hotel info_fromDB action. The selectedHotelinfo gets filled into ahotel
reservation form as illustrated igure3.13 (g).

A reserve hotel subtask is less complex thanreserve_flight subtask.A hotelfor
each stop in an iterary can be reserved separately while @allthe flights should be
reserved together as in the case of a round trip. Hence, onlyateknfo is required in
eachhotelreservation form whil@a Flightinfo of every leg in the itinerary is required for
a flight reservation formHotel fare isalso associated with an individulbtel room
therefore, it can be retrieved from a database by the sstmieve hotel info_fromDB
action asother information ina Hotellnfo. A separataetrieve hotel fare action is ot
necessary.
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Table3.3 summarizeshe structure of a dialog in tteer travel planning domairihe
hierarchical structure of tasks and gabks is indicated by the numbering in the first
column. Examples of relatl cacepts for each task or sudisk are presented in the last

column.
ID Name Associated action Related concepts
Task 1 create_an_itinerar
y
Subtask 1.1 reserve_flight make_a_flight_reservation| Flightinfos, Name,
PaymentMethod

Subsubtask 1.1.1 quey flight_info | retrieve_flight fromDB DepartCity, ArriveCity,

DepartTime, DepartDat

Sub subtask 1.1.7 query_flights_fare| retrieve_flights_fare Flightinfos
Subtask 1.2 reserve_hotel make_a_hotel_reservation Hotellnfo, Name,
PaymentMethod
Sub subtaskl.2.1| query_hotel_info | retrieve_hotel_info_fromD | HoteIName, Area
B
Subtask 1.3 reserve_car make_a_car_reservation | Carlnfo, Name,

PaymentMethod

Sub subtask 1.3.] query_car_info retrieve_car_info_fromDB | RentalCompany,

CarSize

Table 3.3: Task, suktasks and their corresponding actions and concefite air travel

planning domain

Figure3.12illustrates a dialog structure annotation ftbre conversation irFigure3.7.
In this example, the entire dialog corresponds to onectasite _an_itinerary; therefore,
only subtask and suisubtask boundaries are illustrated.

The following notionsare usedo illustratethe structure of dialog.

-

(0]

O«

The bracket on thieft shows the boundaries afsubtaskwhile the bracket
on the rightshows the boundaries a sub-sutiasks

An instance of conceptis underlined and the concept namenclosed ira
square bracket undernedth

The name othe structured concept is placed on theheftided side next to

its component names. For simplicity the annotation of some structured
concept components are excluded. For example, the full annotation for
Af ebr uar y DeparDate:[[MonthiDate]].s

(action: ) indicates approximately wh
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This dialog consists of three stidsks:reserve_flight (round trip),reserve_car and
reserve_hotel The criteria for an odbound flight and an Hbound flight are captured in
the flight query forms irFigure 3.13 (a) and (b) respectively. The flights thatlient
selected are presented in a flight reservation forRigire 3.13 (c) underFlightinfo
concepts. Both concepts were used to retriavéare in a query_flights_fare sub
sultask. A separate fare query form is not presented. The make reservatiohtpart
flight reservation was interrupted by the discussiothetar reservation. Mvas resumed
at the end of the conversation. I nformati o
were omitted in this dialog.

There are a lot of dependencies among a flight reservation, a car reseamadcn
hotel reservationAn agent didnot need nore information about a rental car from the
client as allof the concepts required ancar query formFor instancePickUpDate and
PickUpTime could be inferred from the information of the selected flighthiese
implicit concepts are marked in italic the car query form inFigure 3.13 (d). The
information of the car that the client reserved is showkignre3.13 (e). Forthe hotel
reservation, the agent inquirexd preferred Area and HoteIName from the client in
addition toa CheckIinDate anda CheckOutDate that can be inferred from the selected
flights. The hotel query form anthe hotel reservation form are shownkigure3.13 (f)
and (g) respectivelymplication of implicit concepts and interrupted sialsks on dialog
structure learning is discussed in SecBdf
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sub-task: reserve flight

Client 1:
Agent 2:
Client 3:
Agent 4:
Client 5:
Agent 6:
Client 7:

Agent 8:

Client 9:

Agent 10:

Client 11:
Agent 12:

Client 13:
Agent 14:
Client 15:
Agent 16:
Client 17:

Agent 18:

Client 19:

hello
hi people's travel what city would you like to fly to
i'd like to fly to houston texas
[ArriveCity] [ArriveState]
into intercontinental airport or hobby
[ArriveAirport] [ArriveAirport]

at the intercontinental
[ArriveAirport]

and departing pittsburgh on what date
[DepartCity]

departing on february twentieth
[DepartDate]

what time would you like to depart pittsburgh
[DepartCity]

early morning not before seven
[DepartTime]

okay ( action: retrieve_flight_fromDB )
u.s. airways has a non-stop at ten oh five a.m.
Flightinfo:[Airline] Flightinfo:[DepartTime]
you'll arrive into houston at twelve twenty p.m.
Flightinfo:[ArriveCity] Flightinfo:[ArriveTime]
is there an earlier flight
the only flight i have before that that's a non-stop would be on continental
Flightinfo:[Airline]
airlines that's at six thirty a.m. arrive houston at eight fifty
Flightinfo:[DepartTime] Flightinfo:[ArriveCity] Flightinfo:[ArriveTime]
that's okay i'll take that
FlightInfo:[FlightRef]

you'll take the continental flight
Flightinfo:[Airline]

yes
and what day would you be returning
on monday february twenty third
[DepartDate]
what time would you like to depart houston
[DepartCity]

around five p.m.
[DepartTime]

J

oJui 1Y

By A1enb seiqns-qns

611 A1anb seigns-gns

oJui Iy

Figure 3.12. An example of dialog structure annotation in the air travel domain
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Agent 20: (‘action: retrieve_flight fromDB )
i have a non-stop on continental departing houston at six forty five p.m.
Flightinfo:[DepartCity] Flightinfo:[DepartTime]
arriving into pittsburgh at ten twenty three p.m.
FlightInfo:[ArriveCity] Flightinfo:[ArriveTime] 2 o\
. o O
Client 21: okay — 20
c
Agent 22: ( action: retrieve_flights_fare ) ':_h_ =)
that round trip fare is four hundred three dollars and fifty cents % z
[Fare] @
L_ Client 23: okay &
s Agent 24: would you like me to make the reservation and do you need a car N ©
@ | Client 25: yeah
o . . . oW
o' | Agent26: (action: retrieve_car_info_fromDB ) S =
> . . . . = /!
5 the least expensive rate i have would be with thrifty rental car > < 2
$< Carinfo:[RentalCompany] S g
% at the houston airport for the weekend rate of twenty three ninety a day '5- %
< Carinfo:[PickUpLoc] CarlInfo:[Fare] o
S | Client27: okay /
® Agent 28: would you like me to book that car for you
Client 29: yes ( action: make_a_car_reservation )
[ Agent 30: okay and would you need a hotel while you're in houston \
[City]
_ Client 31: vyes
(] .
5 Agent 32: and where at in houston 0
< [City] >
() . wn
> Client 33: downtown <
b [Area] =
()] n
= Agent 34: okay o}
4
9 Agent 35: did you have a hotel preference =
= Client 36: anything hilton matrriott 3
7 [HoteIName] [HotelName] l:Or
Agent 37: (action: retrie  ve_hotel_info_fromDB ) o
- i have a marriott in downtown houston for one oh nine a night '5'
S Hotellnfo:[HoteIName] Hotellnfo:[Area] Hotelinfo:[City] Hotellnfo:[Fare] )
z| Client 38: okay
g Agent 39: would you like me to book that
Q Client 40: yes
.; Agent 41: okay ( action: make_a_hotel_reservation )
§ Agent 42: would you like to purchase the ticket today or just make the reservation
-g{ Client 43: just make the reservation ( action: make_a_flight_reservation )
(%))

Figure 3.12:An example of dialog structure annotation in the air travel dofcaint.)
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Form: flight query

77

Form: flight reservation

DepartCity: Pittsburgh
ArriveCity: Houston
ArriveState: Texas
ArriveAirport: Intercontinental
airport

DepartDate: February twentieth
DepartTime: early morning

not before seven

Flightinfo:

Airline: Continental
DepartTime: six thirty a.m.
ArriveCity: Houston
ArriveTime: eight fifty

Flightinfo:

Airline: Continental
DepartCity: Houston
DepartTime: six forty-five p.m.

(a) ArriveCity: Pittsburgh
ArriveTime: ten twenty-three p.m.

Form: flight query Fare: four hundred three dollars
) and fifty cents
DepartCity: Houston Name:
ArriveCity: Pittsburgh ' _
DepartDate: Monday February PaymentMethod:
twenty third
DepartTime: five p.m.
(b) (c)

Form: car query Form: car reservation
PickUpLoc: Houston Carinfo:
PickUpDate: February twentieth PickUpLoc: Houston airport
PickUpTime: after eight fifty RentalCompany: Thrifty
DropOffLoc: Houston Fare: twenty three ninety a day
DropOffDate: February twenty third Name:
DropOffTime: before six forty-five p.m. PaymentMethod:

(d) (e)
Form: hotel query Form: hotel reservation

: Hotellnfo:
City: Houston o
Area: downtown 2:25:%1\J/\7rggwn
HotelName: Hilton, Marriott HoteiName' Marriott
ChecklInDate: February twentieth Fare: one O'h nine a niaht
CheckOutDate: February twenty third Name'. g
PaymentMethod:
() (9)

Figure 3.13: All of the forms that correspond tioe dialog structurannotation irthe air
traveldomainpresentedn Figure3.12
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3.3 Bus schedule inquiry domain

Conversationsinthebussld ul e i nquiry domain are
(Raux et al., Q03) This corpus is a collection of calls to the Pittsburgh Port Authority
Transit system enquiring abaile bus schedule and other related issues such aardst
found and driver behavior complaint. Each conversation is a telephone conversation
betwe@ a help desk operator and a client. We selected those conversations that involved
enquiries abouthe bus schedule for the analysfs example of dialogs in this domain is
shown inFigure3.14. The number that ftows the speaker label is an utterance The
transcript also includes some noises and filigsg. /um/ and /feefi/made by both
participants and from the environment.

Operator 1:
Client 2:

Operator 3:

Client 4:

thank you for calling port authority this is dalisa how may i help you
yeah /feed/ i'm looking for a 41E leaving downtown pittsburgh /um/
around three o'clock

there would be one due at two_forty_five three_seventeen or
three_forty five

ok thank you

Figure 3.14: An example dialog ithe bus schedule enquiry domain

A conversationin the bus schedule inquirgomainis consideredan information
accessing task similar to a conversatiothm air traveplanningdomaindiscussed in the
previous section. In this domain, an operator helpslient find the desired bus
information by lookingup the information fromhe bus scheduleln order to do so, the
client has to provide enough criteria to do the sedafce 1) the conversation goal is
achieved through the execution of a domain adfiooking up the information fronthe
bus schedule and 2) the client and the operator have to exchange information required to
perform this action through dialog, the characteristics of a dialog in the bus schedule
inquiry domain match all of the assungpis made by the forrbased dialog structure
representation. Therefore, a dialog in this domain could be modeled by thbdset
representation. Detailed analysis of the structure of a bus schedule inquiry dialog is given

below.

The goal of a conversatioin this domain is to obtain information abdbe bus

schedul

e. However , unl i ke a conversat.

t ake

on

specific goal may vary from dialog to dialog depending on the specific piece of
information thathe client wouldlike to obtain fronthebus schedule (e.g., the time that a
specific bus leaves a given bus stop location, or the nundfetise buses that run
between two locations).






