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Abstract 

Acquiring domain-specific knowledge necessary for creating a dialog system in a 

new task-oriented domain is a time consuming task that requires domain expertise. This 

dissertation explores the feasibility of using a machine learning approach to infer the 

required domain-specific information automatically from in-domain conversations. In 

order to achieve this goal, two problems need to be addressed: 1) creating a dialog 

representation that is suitable for representing the required domain-specific information, 

and 2) developing a machine learning approach that uses this representation to capture 

information from a corpus of in-domain conversations. 

In order to solve the first problem, I propose a form-based dialog structure 

representation incorporating a three-level structure of task, sub-task, and concept. These 

components are observable in human dialogs. In terms of representation, tasks and sub-

tasks are represented by forms while concepts are slots in a form. The notion of form is 

generalized as a repository of related pieces of information so that it can be applied to 

various types of task-oriented domains. Dialog structure analysis and an annotation 

experiment are used to demonstrate that the form-based representation has all the 

required properties: sufficiency, generality, and learnability. The proposed representation 

is applied to six disparate task-oriented domains (air travel planning, bus schedule 

inquiry, map reading, UAV flight simulation, meeting, and tutoring). While the form-

based approach shows some limitations, it is sufficient to model important phenomena in 

dissimilar types of task-oriented dialogs, and thus has both sufficiency and generality. 

The annotation experiment shows that the form-based dialog structure representation can 

be applied reliably by novice annotators which implies that the representation is 

unambiguous and learnable.  

For the second problem, inferring the form-based dialog structure representation from 

a corpus of in-domain conversations, I divide this dialog structure acquisition problem 

into two sub-problems, concept identification and form identification, to make the 

problem tractable. In order to identify a set of domain concepts, two unsupervised 

concept clustering approaches are investigated: statistical-based clustering and 

knowledge-based clustering. For most statistical-based clustering algorithms, we are able 

to find automatic stopping criteria that yield close to optimal results. The statistical-based 

approaches, which utilize word co-occurrence statistics such as mutual information and 
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the Kullback-Liebler distance, while able to capture domain-specific usage of concept 

words cannot accurately identify infrequent concept words due to a sparse data problem. 

On the other hand, the knowledge-based approach, which 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 source.  

To determine different types of forms and their associated slots, a dialog is first 

segmented into a sequence of sub-tasks by an unsupervised text segmentation algorithm. 

Then, the bisecting K-mean sub-task clustering algorithm is used to group the sub-tasks 

that represent the same form type into the same cluster. Finally, a set of slots that is 

associated with each form is determined from the concepts present in each cluster. To 

handle fine-grained segments in spoken dialogs, TextTiling and HMM-based 

segmentation algorithms are augmented with a data-driven stop word list and distance 

weights. With these modifications significant improvement is achieved. Even though the 

performance of the bisecting K-mean sub-task clustering algorithm can be affected by 

inaccurate sub-task boundaries, I found that moderate segmentation accuracy is sufficient 

for identifying frequent form types. Similarly, moderate sub-task clustering accuracy is 

sufficient for identifying essential slots in each form. 

The results of both dialog structure acquisition problems, concept identification and 

form identification, show that it is feasible to acquire the domain-specific knowledge 

necessary for creating a task-oriented dialog system automatically from a corpus of in-

domain conversations using unsupervised learning approaches. This data-driven approach 

could potentially reduce human effort in developing a new task-oriented dialog system. 
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Chapter 1 

Introduction  

A spoken dialog system is a computer system that interacts with a user via natural 

spoken language to help the user obtains desired information or resolves a problem. As 

for current technologies, a dialog system is one of many natural language applications 

that operate on a specific domain. For instance, the CMU Communicator system 

(Rudnicky et al., 1999) is a dialog system in an air travel domain that provides 

information about flight, car, and hotel reservations. Another example is the JUPITER 

system (Zue et al., 2000) which is a dialog system in a weather domain that provides 

forecast information for a requested city.  

A dialog system typically is composed of the following components: a speech 

recognizer, a natural language understanding module, a dialog manager, a natural 

language generation module and a speech synthesizer. When developing a dialog system 

in a new domain, we may be able to reuse some components from existing dialog systems 

if they were designed independently of domain-specific information. Examples of such 

domain-independent components include speech recognizer and speech synthesizer 

engines. However, the components that are integrated with domain-specific information 

have to be modified or reconstructed for every new domain. In a task-oriented dialog, 

which is the type of dialog that is focused in this thesis, participants engage in a 

conversation in order to achieve a specific goal (i.e. to accomplish a task that they have in 

mind), for example, to obtain the departure time of a particular bus or to order a product 

from a catalog. Hence in the context of this thesis, domain-specific information refers to 

the knowledge which is specific to a task that a dialog system has to support rather than 

the knowledge about general dialogue mechanisms. The work in this thesis also focuses 

specifically on the domain-specific knowledge that is used by a dialog manager rather 

than the one that might be required by other components in the system. The domain-

specific information used by a dialog manager includes a list of tasks that a dialog system 

has to support, a list of steps that needs to be taken in order to successfully accomplish 

each task, and domain keywords which capture pieces of information that dialog 

participants need to communicate in order to achieve these steps. An example of the 

necessary domain knowledge in an air travel domain is shown in Figure 1.2. 
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Conventionally when developing a dialog system in a new domain, the domain-

specific information is identified manually by a human who is familiar 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 necessary domain-specific 

information. However, for unfamiliar domains, such as a military domain (Bohus and 

Rudnicky, 2002), the necessary expertise may be scarce which makes the knowledge 

engineering process more difficult. Furthermore, a domain expertôs decision can be 

subjective and may not cover all of the possible cases as usersô perspectives of a task may 

not be foreseen by the expert (Yankelovich, 1997). As more dialog data becomes 

available, recent approaches in acquiring the domain knowledge are more data-driven. 

Dialog system developers identify the necessary domain information by analyzing 

conversations between the humans who perform similar tasks as a target dialog system. 

The use of in-domain data can be supplemented for the need of a domain expert. A data-

driven approach is less subjective and also reflects more realistic usersô perspectives of a 

task. However, the main drawback of this approach is that analyzing in-domain 

conversations manually is very time consuming. 

In the past decade, the computational linguistics community has focused on 

developing language processing algorithms that can leverage the vast quantities of corpus 

data that are available. The same idea can also be applied to the problem of acquiring 

domain-specific information. A machine learning technique could potentially reduce 

human effort in the knowledge engineering process and alleviate the bottleneck in 

developing a new dialog system. This thesis investigates the possibility of using a 

machine learning approach to acquire the domain-specific information required to build a 

task-oriented dialog system from in-domain conversations. Figure 1.1 outlines the 

proposed solution to the problem of domain knowledge acquisition. Instead of identifying 

the required domain knowledge from in-domain dialogs manually, the knowledge 

engineering process will be done automatically using a machine learning approach. The 

automatically obtained information, such as the one shown in Figure 1.2, can be revised 

by dialog system developers before being used to build a dialog system. Even though 

some revision might be required, the amount of effort spent on revising the learned 

information should be smaller than the amount of effort spent on manually analyzing in-

domain dialogs. This thesis focuses on the highlighted part, inferring the required domain 

knowledge from in-domain dialogs. 
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Figure 1.1: The proposed domain knowledge acquisition process 

 

Figure 1.2: An example output of the proposed machine learning approach 

In the following sections, I will provide some background knowledge about task-

oriented dialog systems and then outline the proposed solution to the problem of 

acquiring the domain-specific information necessary for creating a task-oriented dialog 

system. The rest of this chapter is organized as follows: Section 1.1 provides background 

knowledge on different types of dialog system architectures. Section 1.2 discusses the 

observable structure of a task-oriented dialog and how it reflects the domain-specific 

information required to build a dialog system. Section 1.3 discusses conventional 

approaches that have been used to develop a dialog system in a task-oriented domain. 

Section 1.4 provides the overview of the proposed solution to the problem of domain 
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knowledge acquisition. The thesis statement is given in Section 1.5. Finally, the outline 

of the remainder of this thesis is provided in Section 1.6. 

1.1 Dialog system architecture 

The architecture of a dialog system governs the interaction between the system and a 

user as it sets up expectation on user input, guides 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 categories based on the architecture of the systems:  a finite state-based system, a 

form-based system and an agent-based system.  

1.1.1 Finite state-based systems 

In a finite state-based system (or a graph-based system), a dialog is modeled as a 

sequence of steps or states. The system takes an initiative and leads a user through a 

dialog graph or a state transition network. At each state, the system produces a specific 

prompt to elicit particular responses from the user. Based on the response, the system 

performs an action and transits to a new state. A set of dialog states and eligible 

transitions among the states are fixed and pre-determined. Domain knowledge and other 

information related to a dialog are modeled implicitly by dialog states and their 

transitions. Examples of finite state-based systems are the automatic book club service of 

Larsen and Baekgaard (1994) 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 the interaction and userôs responses at each dialog state are quite 

constrained, technologies 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 McTearôs article (2002). For those reasons, the finite state-based dialog architecture 

has been adopted in many commercial systems. Nevertheless, its simplicity can become a 

drawback as the model is not flexible enough to handle any deviation from expected 

interaction. The state-based dialog architecture is suitable for a well-structured task that 

has a clearly defined set of information items a dialog system 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 pre-determined, (e.g. a task that requires negotiation or 

contains unknown constraints) or can be affected by the dependencies between 

information items.  
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1.1.2 Form-based systems 

A form-based system (or a frame-based or a template-based system) models a dialog 

as an information gathering session analogous to a form-filling task. At each turn, the 

system attempts to elicit a piece of necessary information from a user and uses that 

information to fill the corresponding slot in a form. In the form-based dialog system 

architecture, a form is a repository of items of information required to perform a task 

such 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 a product, a collection of forms (Constantinides et al., 1998) and a typed 

feature structure (Denecke and Waibel, 1997). The Philips train timetable information 

system (Aust et al., 1995) and the CMU Communicator system (Rudnicky et al., 1999) 

are examples of real world applications that use the form-based dialog system 

architecture. 

The information gathering process in the form-based system is quite similar to the 

one in the state-based system; however, the form-based architecture allows more flexible 

and more natural interaction. The flow of a dialog is determined dynamically from dialog 

context rather than pre-defined.  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 content of a form and the userôs previous utterance. 

The form-based system can handles more open input from a user; nevertheless, the 

understanding process focuses primarily on words or phrases that can be filled into a pre-

defined set of lots. The user can take initiative 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, domain-specific information is modeled explicitly by forms and slots and 

is decoupled from a control mechanism. 

Similar to the state-based system, the form-based system is appropriate for a well-

defined task. Even though a dialog flow does not have to be pre-determined as in the 

state-based system, a set of information items the form-based 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 has a dynamic structure 

or requires complex interpretation of dialog context beyond the information represented 

by a form and dialog history. Moreover, since the form-based architecture assumes that a 

dialog is an information gathering interaction where the system acquires 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 Agent-based systems 

An agent-based system models a dialog as collaboration between intelligent agents 

and utilizes Artificial Intelligence (AI) techniques to manage the interaction between the 

system and a user. There are many variants of agent-based systems depending on 

intelligent behaviors and discourse theories adopted by the systems. For example, a 

theorem proving approach was used by Smith and Hipp (1994) while a plan-base 

approach and a rational interaction approach were used by Sadek et al.(1997). Generally, 

an agent-based system follows a human reasoning process by taking into account its own 

goals, beliefs and intentions and sometimes those of the user when determining an 

appropriate action. AI approaches mentioned above provide theoretical foundation on 

how those conceptual components influent the interaction between the system and the 

user as they collaborate in order to accomplish a task. Since the conceptual components 

(e.g. beliefs and intention) sometimes are not explicitly expressed in a 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 model, an agent-based system can support a complicated task 

that the flow of a dialog evolves dynamically and the content of the interaction (e.g. the 

topics and key information discussed) cannot be determined in advance. For instance, 

during a tutoring session additional topics may need to be 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 one. Since both the 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 agent-based systems are the TRAINS system, a dialog system that 

helps a manager solve a routing problem in a transportation domain (Allen et al., 1995) 

and the physics tutoring system (Freedman, 2000). 

The agent-based dialog system architecture can support a more complex task than the 

finite state-based and the form-based architectures. However, a more complicated model 

comes with the cost of intensive computation both in terms of dialog control and userôs 

input interpretation. 
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1.1.4 Dialog system architecture comparison 

The agent-based 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 competent to a human participant. However, for a simple and well-

structured task, the finite state-based and the form-based architectures can be more 

efficient as they take less effort to develop. Simpler interaction is also more robust to 

system errors such as speech recognition errors and understanding problems. Table 1.1 

summarizes the comparison among the three dialog system architectures along three 

aspects: user input, dialog flow and domain information. 

 

Features 

Dialog system architecture 

State-based Frame-based Agent-based 

User input  Single words or phrases 

restricted by system prompts 

Natural language with 

concept spotting 

Unrestricted natural 

language 

Dialog flow  Fixed and pre-determined by 

a state transition diagram 

Determined dynamically 

from the current content of a 

form and the userôs previous 

utterance 

Determined dynamically 

from a model of goals, 

beliefs and intentions 

 

Domain 

information  

Represented implicitly in 

terms of dialog states  

 

Represented explicitly by 

forms and their associated 

slots 

Represented explicitly in a 

knowledgebase and a 

domain reasoning module 

Table 1.1: Dialog system architecture comparison 

1.2 Characteristic of task-oriented conversations 

Observations of goal-oriented human-human dialogs from different domains show 

that such dialogs have clear structures that capture domain-specific information. When 

two or more people engage in a conversation that has a specific goal, such as obtaining 

bus schedule information, they organize their conversion so that key ideas are clearly 

communicated and that progress towards the goal is observable by all the parties. If the 

task the dialog participants try to achieve is complicated, they usually divide the task into 

a series of sub-tasks in which they will pursue one at a time. This observation is similar to 

Groszôs (1978) discussion about dialog structure and task structure. A sub-task is 

accomplished through a domain action and all pieces of information required in order to 

perform the action have to be clearly communicated among the participants. The 

characteristics of task-oriented conversations are reflected in the choice of language, 

which will be instrumental, and will reference the shared representation of a task. This 
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contrasts with the characteristics of non-task-oriented conversations such as the ones in 

the Switchboard corpus (Godfrey et al., 1992) and the CALLHOME corpus (Kingsbury 

et al., 1997). Those corpora are casual social conversations.  

1.3 Conventional approaches in dialog system development 

The development process of a dialog system is similar to development processes of 

other types of computer systems. This process involves specifying 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 developers need 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 determining 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 identifying domain-specific information. 

In the current dialog system development process, dialog system requirements are 

specified manually by dialog system developers based on the knowledge that they have 

about the domain. However, the resulting system may not interact with a user in the way 

that he/she expects it to, as the developersô perspectives of the system could be different 

from the userô perspectives. To avoid this problem, the analysis of in-domain 

conversations is used to guide the design decisions made by the dialog system 

developers. For example, the 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 system (Alexandersson and Reithinger, 

1995). There are two ways to obtain a collection of in-domain 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 human wizard and recording 

conversations between a user and the simulated system.  

The first method creates a corpus of human-human conversations which provides an 

insight into how human participants interact through a dialog to accomplish a task in a 

given domain. There are two types of human-human conversations the one that occurs in 

a real situation, e.g. a call made to a help desk operator of the Pittsburgh Port Authority 

Transit system (Raux et al., 2003), and the one that based on a prescribed scenario, e.g. 

the TRAINS corpus (Gross et al., 1993). Prescribed scenarios are used when it is not 
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possible to record real human-human conversations due to some issues such as a privacy 

issue, or when there is no existing setting that matches a target dialog system. A scenario-

based conversation is less natural since the goal of the conversation is not the participants 

own goal but is given in 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 userôs choice of language which is known as a priming effect 

(Dybkjær et al., 1995). How well scenario-based conversations cover the domain also 

depended on a set of scenarios chosen. Nevertheless, scenario-based conversations still 

provide useful information about the characteristics of a task and the interaction between 

dialog participants. Yankelovich (1997) used pre-design studies to collect human-human 

conversations in four task-oriented domains. Conversations in one of the domains were 

recorded when the participants performed 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 pre-design studies, which took place prior to any system 

design, revealed usersô perspectives of a task that might not be foreseen by dialog system 

developers and helped reduce major design problems. The main drawback of the method 

that elicits dialog system requirements from the analysis of human-human conversations 

is that the language used 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 system is required. A Wizard-of-Oz 

(WOZ) method is commonly used to create simulated human-machine conversations.  In 

this method, a human (a wizard or an experimenter) plays a role of a dialog system and 

responds to a user using a synthesized voice. The user is made to believe that he or she is 

interacting with a computer system. An example of the WOZ method can be found in the 

work by Bangalore, Fabbrizio et al. (2006). In this work, the data collected by the WOZ 

method was analyzed by a user experience engineer to determine dialog system 

specifications and its functionality. However, there are several concerns regarding a 

WOZ procedure (Churcher et al., 1997). For example, it is difficult for a human wizard to 

behave exactly like a dialog system, which has limited communication capability, and 

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 system with limited functionality is used to 

collect real human-machine conversations. The system that has more completed 

functionality is then developed based on the analysis of this initial human-machine data. 
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The prototype of the CMU Communicator system was designed based on the analysis of 

both human-human data and simulated human-machined data (WOZ data) (Eskenazi et 

al., 1999). This prototype system was then used to collect real human-machine dialogs to 

further improve the automatic travel planning system.  

As we can see from the discussion above, the analysis of in-domain conversations 

both human-human and human-machine conversations plays an important role in the 

requirement specification and design of a task-oriented dialog system. However, the 

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

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

1.4 Overview of the proposed solution 

This thesis aims at exploring the feasibility of using a machine learning approach to 

infer the domain-specific information required to build a task-oriented dialog system 

from in-domain conversations. The machine learning approach could potentially alleviate 

the bottleneck that occurs in the conventional dialog system development process, where 

the domain-specific information is identified manually, and reduce human effort in 

developing a dialog system in a new task-oriented domain. In this section, I will first 

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

approach. 

Since the knowledge engineering process occurs before the first prototype system is 

created, a collection of recorded conversations between human participants that perform 

the same task as a target dialog system becomes a main resource. In many task-oriented 

domains, collections of human-human conversations already exist. One example is a 

collection of calls made to a help desk operator of the Pittsburgh Port Authority Transit 

system (Raux et al., 2003). Even if there is not one, in the case where we would like to 

replace one of the participantsô roles with a dialog system, a corpus of human-human 

conversations can be collected quite easily. For instance, human-human conversations in 

a travel-planning domain can be collected by recording the conversations between travel 

agents and their clients (Eskenazi et al., 1999). In addition to a dialog corpus of a target 

domain, I am also interested in incorporating information from other knowledge sources 

that are already available to improve learning accuracy. One example of the existing 

resources is the WordNet lexical database. 

There are some previous studies on the differences between human-human 

conversations and human-machine conversations (Dahlbäck et al., 1993; Hauptmann and 

Rudnicky, 1988; Jönsson and Dahlbäck, 1988). These studies 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 with another human participant. For example, the vocabulary size 

and the syntactic variations are smaller when compared to those of human-human 

conversations in the same domain. One explanation of this phenomenon is that humans 

adjust their language to accommodate the machine incomplete communication capability. 

However, the differences are in terms of the language used to communicate information. 

I assume that the structure of a task and domain keywords do not change with the 

communication ability of dialog participants, and that a corpus of human-human 

conversations is still a useful resource for acquiring the domain-specific information that 

will be used to create a dialog system. 

The proposed machine learning approaches for inferring the domain-specific 

information from in-domain conversations are mainly unsupervised. When acquiring the 

domain-specific information for a new task-oriented domain, there is no annotated data 

available for training supervised learning algorithms as the target domain-specific 

information has not been specified and needs to be inferred from in-domain dialogs. For 

that reason, we have to rely on unsupervised learning algorithms. Acquiring the necessary 

domain knowledge from a set of human-human dialogs is considered a knowledge 

acquisition process and is carried out before a dialog system is created. This is contrasted 

with a dialog structure recognition process in which pre-specified dialog structure 

components are recognized as a dialog progresses. Although a supervised learning 

approach usually provides a more accurate result, it comes with the cost of manually 

labeled data. There are also some cases where an unsupervised learning approach 

performs better than a supervised one (Woszczyna and Waibel, 1994). In these cases, the 

unsupervised approach, which doesnôt get any influence from human annotation, better 

reflects the characteristics of the data. Furthermore, it is interesting to see how well an 

unsupervised learning approach can perform on the problem of domain knowledge 

acquisition and what would be its limitations. 

 In order to apply a machine learning approach to the problem of domain knowledge 

acquisition, two research problems have to be addressed: 1) specifying a target 

representation which captures the domain-specific information that a dialog system needs 

to have in order to support a task in that particular domain, and 2) developing a machine 

learning approach that infers the domain information captured by this representation from 

in-domain dialogs. 

For the purpose of this dissertation research, a suitable domain knowledge 

representation should have all of the following properties: 
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ǒ Sufficiency: capturing all domain-specific information required to build a 

dialog system in a new task-oriented domain  

ǒ Generality: being able to describe task-oriented dialogs in dissimilar domains 

and types 

ǒ Learnability: the representation can be identified by a machine learning 

algorithm from observable language behaviors in human-human 

conversations  

In this thesis, I propose a form-based dialog structure representation as a target 

representation of the domain-specific information, which will be inferred from in-domain 

conversations, and claim that it has all of the required properties. The form-based dialog 

structure representation is a three-level structure of task, sub-task and concept. These 

components reflect the observable structure of a task-oriented conversation discussed in 

Section 1.2. Task and sub-task represent the decomposition of a complicated task while 

concepts are items of information (or domain keywords) that dialog 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 task-oriented domains are 

discussed in detail in Chapter 3. The proposed representation is based on the notion of 

form, a data representation used in the form-based dialog system architecture. The use of 

forms and a form-filling strategy in dialog systems was first introduced by Ferrieux and 

Sadek  (1994) and has been adopted in many systems built on the form-based dialog 

system architecture. Forms are well understood by practitioners but in an informal way. 

Typically, a form corresponds to a database query form and contains items of information 

that are search criteria. This interpretation is specific to only information-accessing 

domains. In this thesis, a more generalized interpretation of the form representation is 

provided, so that it can be used to represent the structure of dialogs in other types of task-

oriented domains as well.  

In the following parts of this section, I will briefly discuss the properties of the form-

based dialog structure representation and the approaches that are used to verify these 

properties. Since the form-based dialog structure representation is based on the data 

representation used in the form-based dialog system architecture, it captures all of the 

domain information required to build a form-based dialog system. Thus, the form-based 

representation is sufficient for representing task-oriented dialogs, at least in information-

accessing domains, as demonstrated by the success of the systems that were implemented 

based on the form-based architecture. To verify its sufficiency for other types of task-

oriented domains and its generality, six dissimilar task-oriented domains are analyzed. 
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Those six domains are air travel planning (information-accessing task), bus schedule 

inquiry (information-accessing task), map reading (problem-solving task), UAV flight 

simulation (command-and-control task), meeting and tutoring. These domains are chosen 

to cover dissimilar types of task-oriented domains. The choices of domains are also 

subjected to the availability of human-human data. Dialog coverage, which measures the 

percentage of dialog content that can be accounted for by the proposed dialog structure, is 

also used to verify the sufficiency of the form-based dialog structure representation.  

In terms of learnability, since the components of the form-based dialog structure 

representation can be observed directly from a dialog as they reflect the observable 

structure of a task-oriented conversation discussed in Section 1.2, the form-based 

representation should be learnable through an unsupervised learning algorithm. The 

accuracy of the domain information obtained by the proposed machine learning 

algorithms is used to verify the learnability of the form-based representation. The 

proposed learning algorithms are described below. An additional evaluation, a human 

annotation experiment, is carried out to verify that the proposed form-based dialog 

structure representation can be understood and applied reliably by annotators other than 

the coding scheme developer. This evaluation also verifies the learnability of the form-

based representation in terms of human learnability. High annotation scheme reliability 

suggests that the annotation scheme is concrete and unambiguous which also imply 

learnability. Annotation scheme reliability is assessed along two aspects, reproducibility, 

which measures the level of agreement among novice coders and, and accuracy, which 

measures the correctness of a novice coderôs annotation when compared to an expertôs 

annotation.  

The form-based dialog structure representation also has another desirable property, a 

direct mapping between dialog structure components and dialog system components. By 

using an existing dialog system framework to describe the structure of a task-oriented 

conversation, the connections between the components of the form-based dialog structure 

representation and the components of the system that employs the representation become 

straightforward. This direction is opposite to many other research works that implement a 

dialog system from an existing dialog structure theory. 

To make a dialog structure acquisition problem tractable, I divide the problem into 

two sub-problems: concept identification and form identification (a form is associated 

with a sub-task in the form-based dialog structure representation). Each sub-problem is 

handled separately. However, 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 component can be acquired with 

acceptable accuracy, interaction between components should also be considered in the 

learning process. The accuracy of the acquired domain information is evaluated by 

comparing the learned dialog structure components to the reference components 

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 not pre-specified 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 predefined roles such as person and organization. Two concept 

clustering approaches are investigated in this thesis, statistical clustering and knowledge-

based clustering. By assuming that words that have similar meaning tend to occur in 

similar context, a statistical clustering approach groups concept words together based on 

their distributional similarity. Two statistical clustering algorithms, mutual information-

based clustering and Kullback-Liebler-based clustering, are compared. Both algorithms 

are an agglomerative hierarchical clustering approach (or a bottom-up approach); 

however, they use different heuristics to determine the similarity between words or 

groups of words. Automatic stopping criteria based on the measures available during the 

clustering process are also proposed for both approaches. For knowledge-based 

clustering, the proposed approach utilizes semantic information stored in the WordNet 

lexical database and groups concept words together based on their hypernyms.  

The goal of the second learning problem, form identification, is to determine different 

types of forms and their associated slots that a dialog system needs to know in order to 

perform a task. Since a form represents a segment of a dialog that corresponds to a sub-

task, identifying the sub-tasks in a set of in-domain dialogs can help determine a set of 

forms. The proposed solution is as follows: first segment a dialog into a sequence of sub-

tasks, then group the sub-tasks that are associated with the same form type into a cluster. 

By analyzing the concepts contained in each cluster, a set of slots that is associated with 

each form can be obtained. Two unsupervised discourse segmentation approaches are 

investigated: a TextTiling algorithm and a Hidden Markov Model. Both approaches, 

while performing well with expository text, require some modifications when they are 

applied to a fine-grained segmentation problem of spoken dialogs. The proposed 

modifications include: a data-driven stop word list, a distance weight and an appropriate 

context size. After segmenting all dialogs into sequences of sub-tasks, the bisecting K-
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means clustering algorithm is used to group the dialog segments that belong to the same 

type of sub-task together as they represent the same form type. The bisecting K-means 

algorithm is an unsupervised clustering algorithm that utilizes cosine similarity between 

dialog segments in order to assign the segments into clusters. Information from concept 

annotation is included as an optional feature for both dialog segmentation and sub-task 

clustering algorithms to see how information from another dialog structure component 

affects the learning accuracy. 

1.5 Thesis statement 

This thesis investigates how to infer, from a corpus of task-oriented human-human 

conversations, the domain-specific information 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 participants exchange pieces of information to perform a 

task, and for a complex task, decompose it into a set of sub-tasks which they can pursue 

one at a time. For the domains that exhibit this information-exchanging characteristic, 

when the domain-specific information is clearly expressed in a dialog, it can be 

automatically acquired from the associated language behaviors through unsupervised 

machine learning approaches. 

1.6 Thesis organization 

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

ǒ Chapter 2: Literature Review. This chapter summarizes several well-known 

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 to be used in 

the context of this dissertation. 

ǒ Chapter 3: Form-based Dialog Structure Representation. This chapter 

describes the proposed form-based dialog structure representation and argues 

that it has all of the required properties. Examples on how to model the 

structure of a dialog with the proposed representation in six disparate types of 

task-oriented domains are given. The chapter also discusses the limitations of 

the proposed structure and compares it to existing dialog structures. 

ǒ Chapter 4: Form-based Dialog Structure Representation Evaluation. This 

chapter describes two evaluation procedures: dialog coverage, which 

measures the percentage of dialog content that can be accounted for by the 
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proposed structure, and annotation scheme reliability, which assesses 

annotation agreement among novice coders to verify that the proposed form-

based dialog structure can be understood and applied by annotators other than 

the coding scheme developer. 

ǒ Chapter 5: Concept Identification and Clustering. In this chapter, approaches 

for identifying a set of domain concepts are described along with their 

evaluations. 

ǒ 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 second part describes sub-task 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. 

ǒ 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 data-driven approach to dialog structure modeling. These two areas 

are related to the two research problems that have to be solved in order to achieve the 

goal of this dissertation which is to infer the domain-specific information required to 

build a task-oriented dialog system from in-domain conversations through a machine 

learning approach. The two research problems that have to be solved are 1) specifying a 

dialog structure representation that is suitable for representing the required domain-

specific information, and 2) developing a machine learning approach that infers the 

domain information captured by this representation from in-domain dialogs. Throughout 

this thesis, the terms discourse and dialog 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 organized as follows: Section 2.1 summarizes well-known discourse 

structure theories and models. Section 2.2 discusses the learning approaches that have 

been used to identify a structure of a dialog from data. 

2.1 Discourse structure representations 

Discourse structure modeling has been a topic of interest for several decades. Many 

theories and models have been proposed to explain a structure of a human-human 

conversation. These dialog structure models (or theories) focus on different aspects of 

dialogs depended on the purpose of the models and the assumptions they made about 

human-human conversations. In addition to linguistics, the ideas behind discourse 

structure theories and models were also influenced by many other fields of study 

including psychology, sociology, philosophy, and computer science.  

In the early days, the research in the area of discourse structure modeling focused 

mainly on developing a theory that facilitates the interpretation of discourse meaning that 

goes beyond the level of an individual utterance. These discourse structure theories were 

derived mainly from linguistic and psychological point of views, and were aimed 

preliminary at describing discourse phenomena in both monologs and dialogs with the 
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proposed structure. Recent works on discourse structure modeling are more engineering-

oriented. Practical issues such as predictability of each structure component and a 

computational model that can represent the proposed dialog structure in an automate 

system have been addressed when developing a discourse structure model. Many of these 

representations are derived from the analysis of recorded human-human conversations, 

and thus receive more influence from real data than linguistic and psychological theories.  

In this section, I will review some of the works that are well known in the field or 

have been applied in dialog system implementation. Additional reviews on discourse 

structure representation can be found in many survey articles including the chapter 6 of 

Cole et al.ôs (1997) article, Grosz et al.ôs (1989) article which focuses on discourse 

structure for natural language understanding, and  Moore and Wiemer-Hastingsô (2003) 

article which focuses on discourse structure for natural language generation. 

Most discourse structure models agree that a discourse has a compositional structure 

(Grosz et al., 1989; Moore and Wiemer-Hastings, 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 their relations 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 similar to the informational-intentional 

distinction discussed in the chapter 6 of Cole et al.ôs (1997) article  and also in (Hobbs, 

1996; Moore and Pollack, 1992) 

1. Informational perspective (or content-based perspective) captures the actual 

content being conveyed in a discourse. The content of the discourse can be 

modeled by its surface representation, such as the actual entity that was 

mentioned, or by its semantic representation. 

2. Intentional perspective captures a speakerôs intention behind each utterance 

(i.e. why it was said) and the overall goal 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 can be broadly categorized into 

two groups: informational-oriented discourse structures and intentional-oriented 

discourse structures. After reviewing each group of discourse structure representations in 

Section 2.1.1 and Section 2.1.2 respectively, all discourse structure representations are 
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compared in Section 2.1.3. In Section 2.1.3, I will also discuss the appropriateness of 

these representations if they were to be used in the context of this dissertation. 

2.1.1 Informational-oriented discourse structures 

2.1.1.1 Discourse Representation Theory (DRT) 

Discourse Representation Theory (DRT) is a formal semantic model which focuses 

on the semantic truth conditions of a discourse and aims primarily for discourse 

understanding. The theory was first introduced by Kamp (1981) and further developed by 

Kamp and Reyle (1993). DRT uses a logical language to represent the meaning of text 

similar to a first-order predicate logic; however, the logical representation in DRT is 

extended from the level of a sentence to the level of a discourse by including the 

representation of the context. The semantic representation of a discourse in DRT is called 

a Discourse Representation Structure (DRS). The meaning of a given text is derived on a 

sentence-by-sentence basis. Semantic interpretation rules are used to transform the 

syntactic structure of each sentence to the semantic one. The interpretation of each 

sentence is made in the context of preceding sentences which is represented by the 

current DRS. The result of this interpretation is then used to update the DRS.  The 

advantage of this approach is that the semantic representation of a discourse is built up 

from the contents of the discourse alone without bringing in external information.  DRT 

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 provides a representation for a discourse, it 

focuses more on describing the truth conditions of the discourse rather than its 

compositional structure. Most of DRT mechanisms also focus on sentence level 

processing without taking into account the relationship between sentences. 

2.1.1.2 The Linguistic Discourse Model (LDM) 

The Linguistic Discourse Model (LDM) (Polanyi, 1996) provides a framework for 

discourse interpretation based on the linguistic theory of discourse structure that has been 

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 description of a 

discourse is represented by a Discourse Parse Tree (DPT). Each leaf node in the DPT is a 

Discourse Constituent Unit (DCU), a semantically motivated discourse unit that 

expresses a single event or state of affairs in a discourse world. A DCU is equivalent to a 

single clause or a single phonological phrase and is often marked by discourse 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 a discourse grammar. Polanyi argued 

that for most of the cases, simple context-free rewrite rules are sufficient to describe the 

structure of a discourse. The discourse is processed on a DCU-by-DCU basis. The 

relation between a new DCU and its immediately preceding 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 LDM captures both propositional 

content and discourse contexts, which are modeled by a hierarchy of contextual 

categories (interaction, speech event, genre unit, modality, polarity, and point of view). 

The semantic representation in the LDM is an extension of the discourse 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 discourse contexts. 

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 influenced by sentential 

syntax rather than a task structure or discourse goals. 

2.1.1.3 Segmented Discourse Representation Theory (SDRT) 

Segmented Discourse Representation Theory (SDRT) (Asher, 1993) is the extension 

of Discourse Representation Theory (DRT), discussed in Section 2.1.1.1, that takes into 

account the structure of a discourse when combining the semantic representation of a new 

sentence into the overall semantic representation of the discourse. Instead of simply 

merging the sentence-level 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 previous 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 views the structure 

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 DRS in DRT. A set of discourse 

segments, namely a set of DRSs, and a set of discourse relations between these DRSs 
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determine the structure of a discourse. This discourse structure, called a Segmented 

Discourse Representation Structure (Segmented DRS or, 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 relations: structural relation and non-structural relation (or 

semantic relation). Structural relations specify how a discourse is segmented and how the 

segments are organized. For examples, Continuation indicates that a new sentence and 

its previous sentence are in the same discourse segment while Elaboration 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 affect the semantic truth 

conditions of discourse content. Non-structural relations such as CAUSE, 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 to. A 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 sentence-by-sentence basis similar 

to DRT. In order to attach the DRS of a new sentence to 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, available attachment points, the content of 

the current SDRS and the new DRS, and satisfaction conditions of possible relations. 

SDRS is quite similar to the Linguistic Discourse Model (LDM) discussed in Section 

2.1.1.2. However, SDRS puts more 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 processing. 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 Theory (RST) (Mann and Thompson, 1988) was originally 

developed from the analysis of carefully prepared text from various sources. The theory 

explains a structure of a discourse in terms of relations between its parts. The assumption 

behind RST is that every part of coherent text has a reason for its presence. RST provides 

a rich set of coherence relations, yet principally open, that describes a role that one text 
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span (a satellite) has with respect to another text span (a nucleus). These coherence 

relations were defined based on functional and semantic criteria rather than syntactic 

ones. There are two types of relations: a subject matter relation and a presentational 

relation. A subject matter relation (e.g. elaboration and cause) is intended for a reader 

to recognize the relation while a presentational relation (e.g. Motivation and Justify) is 

intended to increase some inclination in the reader. From the two aspects of a discourse 

discussed earlier, a subject matter relation is considered informational as the relation 

itself has to be recognized in order to understand the discourse while a presentational 

relation is considered intentional as it affects the readerôs belief not the meaning of the 

discourse. 

Since a text span is roughly defined as any uninterrupted linear interval of text, one 

can create a hierarchical structure of text by identifying coherence relations between all 

of the compositions of a given discourse (e.g. between sentences, groups of sentences and 

paragraphs). Such a structure is called a rhetorical structure tree or a discourse tree. 

Recently, Taboada and Mann (2006) reviewed and responded to the issues that have been 

addressed on theoretical aspects of RST. In terms of learning, Marcu (1999) proposed a 

rhetorical parsing algorithm that learns to construct a rhetorical structure of text from 

annotated data using a decision tree. 

RST has been used mainly for text generation such as automatic summarization. To 

apply RST to dialogs several modifications are required in order to handle dialog-specific 

behaviors. Stent (2000) captured the collaboration between participants in task-oriented 

dialogs by introducing a new set of relations that describe adjacent pairs such as 

question-response and proposal-accept. However, like other relations, adjacency 

pairs emphasize speakersô rhetorical goals rather than task goals. To capture task-specific 

structural patterns, the notion of schema (e.g. make-plan and describe-situation) was 

added to the annotation scheme. 

2.1.2 Intentional-oriented discourse structures 

2.1.2.1 Speech act theory 

Speech act theory has its root in the field of philosophy of language from the work of 

a philosopher J. A. Austin and his follower J. R. Searle. This theory focuses on the 

function of language that goes beyond the level of semantics (i.e. the truth value of a 

proposition). Speech act theory analyzes the role of an utterance with 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 proposed; however, the one that 

has the strongest influence on the set of dialog acts
1
 used in many dialog systems is 

Searleôs taxonomy of illocutionary acts (Searle, 1975). Searle argued that a number of 

basic categories of intentions behind the use of language is definite and proposed five 

categories of illocutionary acts which are assertives (a speaker conveys the belief that 

something is being the case), directives (a speaker attempts to get a hearer to do 

something), commissives (a speaker commits to do something in the future), expressives 

(a speaker expresses his/her feelings), and declarations (a speaker changes the state of the 

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 domain-specific acts. Alexandersson et al. (1995) extended Searleôs 

speech act taxonomy to a set of 17 dialog acts that describes appointment scheduling 

conversations in the VERBMOBIL speech-to-speech translation system. 

Speech act theory does not describe the overall structure of a discourse but focuses 

only on the level of an utterance. Nevertheless, a speakerôs intention captured by a speech 

act is also a key component in many other theories that use an utterance as a discourse 

structure unit including a dialog grammar, a plan-based model and the theory of 

conversation acts. The details of these theories are discussed below. 

2.1.2.2 Dialog Act Markup in Several Layers (DAMSL)  

The DAMSL annotation scheme (Core and Allen, 1997) was developed from speech 

act theory (Searle, 1975) discussed in the previous section. However, instead of using a 

single label to capture an utteranceôs purpose as in speech act theory, DAMSL uses 

multiple labels in multiple layers to describe the utteranceôs function in various aspects. 

The DAMSL annotation scheme consists of three orthogonal layers: Forward 

Communicative Functions, Backward Communicative Functions, and Utterance 

Features. The Forward Communicative Functions contain a taxonomy similar to the 

actions in speech act theory. The Backward Communicative Functions contain a set of 

labels that indicates the relation between the current utterance and the previous ones such 

as agreement and answer. The Utterance Features describe the content and form of an 

utterance. 

DAMSL was developed by Multiparty Discourse Group as an annotation guideline 

for task-oriented conversations in general. The communicative acts defined in DAMSL 

are primitive communicative actions that are common in various task-oriented domains. 

                                                 
1
 The term dialog act may also be used interchangeably for the term speech act. 
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These communicative acts can be extended to include domain-specific acts as shown in 

Meeting Recorder Dialog Act (MRDA) (Dhillon et al., 2004) and the dialog move 

taxonomy for tutorial dialogs (Tsovaltzi and Karagjosová, 2004). The DAMSL 

annotation scheme can also be augmented with additional layers that describe an 

utteranceôs functions in other aspects. To better describe reasoning and problem-solving 

processes in problem-solving conversations, two additional layers were introduced in the 

COCONUT project (Eugenio et al., 1998). The Topic layer describes the content of an 

utterance with domain-specific tags while the SurfaceFeatures capture syntactic features 

of the utterance such as tense and subject. Hardy et al. (2003) added the semantic layer to 

capture domain-related information enclosed in each utterance.  

Since DAMSL was developed from speech act theory, it too does not describe an 

overall structure of a discourse but focuses only on the level of an utterance. Each 

utterance is described in isolation. A relation between utterances is not captured except 

for the link to 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 specified. Nevertheless, DAMSL is widely used in 

many dialog systems to aid the interpretation of user utterances similar to other 

extensions of speech act theory. Furthermore, it has been shown that the DAMSL tagset 

and its extension can be automatically recognized with acceptable accuracy (Jurafsky et 

al., 1997; Stolcke et al., 2000). 

2.1.2.3 Dialog grammars 

The idea of a dialog grammar is based on the observation that a conversation contains 

regular patterns. The most prominent pattern is known as an adjacency pair such as a 

question/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 followed by an answer. Generally, each pattern is a 

sequence of utterances in which the first utterance of the sequence (or an initiation) 

creates a discourse expectation that will be fulfilled by subsequent utterances (or 

responses). These sequences are then built up into larger patterns in a dialog. Regular 

patterns in a dialog are hierarchical and can be expressed by a grammar. Each grammar 

rule specifies how a dialog or a dialog segment is decomposed into smaller units. 

Usually, the smallest unit of a dialog, or a terminal node in a dialog grammar, is 

represented by a dialog act. The next level non-terminal node is an adjacency pair which 

corresponds to a certain sequence of dialog acts. Non-terminal nodes higher up in the 

hierarchy could be motivated by the characteristics of a conversation. For example, in a 
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task-oriented conversation, some non-terminal may correspond to the sub-goals. By 

describing a dialog using a grammar, the structure of a dialog can be obtained by parsing 

the dialog similar to sentence structure parsing. Unlike some other theories that can be 

applied to any type of discourse, this theory is specific to dialogs.  

One well-known dialog grammar model is a five-level structure proposed by Sinclair 

and Coulthard (1975) from the analysis of the language used by teachers and students. 

The five levels are lesson, transaction, exchange, move, and act. The largest unit of a 

classroom discourse is a lesson. A lesson is a collection of transactions; each of them 

corresponds to one segment of a dialog that has a specific purpose and contributes toward 

the goal of the conversation. A transaction is equivalent to a discourse segment in Grosz 

and Sidnerôs Theory of discourse structure (Grosz and Sidner, 1986) discussed in Section 

2.1.2.6. A transaction in turn consists of a set of related exchanges, a set of initiation-

response sub-dialogs. An exchange is the most apparent pattern in a dialog and can be 

considered as a more general case of a question-answer pair. It consists of an initiation, a 

response, and a feedback, which are the categories of moves. A move is the smallest free 

unit that composes of the smallest dialog units called acts. These acts are also known as 

dialog acts and usually are an extended set of the original speech acts (Searle, 1975). 

The HCRC dialog structure (Carletta et al., 1996) adopted the structure proposed by 

Sinclair and Coulthard (1975), but used only the three middle levels, to describe the 

phenomena in problem-solving conversations in a map reading domain. At the highest 

level of the HCRC hierarchical structure, a dialog is divided into transactions. Each 

transaction is a sub-dialog that corresponds to a major step of a task. A transaction is 

made of a sequence of conversational games or initiation-response exchanges. Each 

exchange consists of an initiation and a sequence of responses that fulfills a discourse 

expectation set by an initiation. Each initiation or response is called a move and 

corresponds to an utterance or a part of an utterance. Lewin et al. (1993) incorporated 

dialog move recognition in the dialog manager of the automatic route-planning system to 

predict the move of another conversation participant. In addition, the corpora annotated 

with the HCRC dialog structure were used to study various language phenomena such as 

intonation and effects of communication conditions. Please refer to the references in the 

conclusion of Carletta et al.ôs (1997) article for more detail.  

In summary, a dialog grammar describes a tree structure of a dialog that has dialog 

acts as terminal nodes and larger dialog segments such as initiation-response exchanges 

as non-terminal nodes. The dialog grammar can be used to prescribe acceptable dialogs in 

a given domain. The grammar rules can also be used to predict the next element in a 
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conversation. The dialog grammar is employed in some dialog systems to predict 

subsequent user utterances and guide a conversation. One example is the rules of 

conversations in SUNDIAL ESPRIT project (Bilange, 1991). The limitation of the dialog 

grammar is that it might be too restrict to describe complicated dialogs. Since the dialog 

grammar uses grammar rules to specify acceptable dialogs, it is quite difficult to generate 

a set of rules that covers all possible variations of conversations in a complex domain. 

2.1.2.4 Plan-based models 

In a plan-based model, a conversation is perceived as a plan that dialog participants 

execute in order to achieve some goals. A plan consists of a sequence of operators that 

transforms an initial world state to a goal state. In a conversation, a speech act is an 

operator that produces an utterance and causes some effect on a hearer and the state of the 

hearerôs world, such as modifying the hearerôs belief. A plan-based model also describes 

how speaker intentions captured by speech acts fit together in the conversation and how 

they relate to the conversation goal. Examples of plan-based models can be found in the 

works of  Carberry (1990), Cohen and Perrault (1979), and Pollack (1992). 

During a conversation, a participant attempts to recognize the plan of another 

participant in order to make an appropriate response. Allen and Perrault (1980) described 

a computational model that infers another participantôs plan from observed actions. An 

action (or an operator) is defined in terms of preconditions, criteria that have to be 

achieved before executing the action, and effects, how the hearerôs world model changes 

after executing the action. The plan inference process can be done by: 1) given expected 

goals, searching for a plan that includes observed actions, or 2) using inference rules to 

infer a goal from observed actions. Partial plans are rated by how well-form the plans are 

in the given context and how well they conform to the expectation. Since a plan-based 

model describes the relations between utterances and a conversation goal, its principle 

can be applied to dialog control or dialog management. The plan-based approach to 

dialog has been implemented in many complex dialog systems such as the VERBMOBIL 

speech-to-speech translation system (Alexandersson, 1995).  

Traditional plan-based 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, they assume that there is no change in the world between the time 

of planning and the time of execution, and that dialog participantsô beliefs persist. 

However, those assumptions are not practical in real situations. Several augmented plan-

based models have been 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 for some types of sub-dialogs (e.g. clarification, 

correction, and topic change) since the models only allow an utterance to describe a step 

in a plan. Litman and Allen (1987) introduced discourse plans to describe various ways 

an utterance can relate to a discourse topic and distinguished them from domain plans 

that are actually used to model the topics (plans in a traditional plan-based model). 

Discourse plans explicitly represent discourse intentions and incorporate the knowledge 

about a discourse into a plan-based model in addition to the knowledge a domain 

captured by traditional domain plans. 

A tripartite model (Lambert and Carberry, 1991) further differentiates discourse plans 

into problem-solving plans and communicative plans. The relationships among the three 

types of plans are organized into a hierarchical dialog model with discourse plans 

(communicative plans) at the lowest level, problem-solving plans at the middle level, and 

domain plans at the highest level. 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 finer-grained differentiation among different types of user 

intentions and allows a different processing to be applied to each type of plan.  

In a negotiation sub-dialog, dialog participants may change their beliefs as the dialog 

progresses which conflicts with a persistent belief assumption made by the traditional 

plan-based models. To handle the changes in beliefs, a multi-strength belief model and 

acceptance actions, were added to the tripartite plan-based model(Lambert and Carberry, 

1992). An acceptance action, which is included in a discourse plan, addresses the 

understandability, believability, or relevance of a particular proposition communicated by 

the participants. The plan-based model combines multiple knowledge sources including 

linguistic, contextual, and world knowledge to recognize the changes in beliefs.  Rosé 

(1995) extended the tripartite model further in order to capture multi-threads of 

negotiations in the scheduling domain. The changes in beliefs occur in negotiation sub-

dialogs suggest that dialog participants need to have shared beliefs in order to collaborate 

on a task. The notions of mutual belief and shared plan are discussed in a collaborative 

planning model in Section 2.1.2.6. 

Rather than assume that an environment is static as in the traditional plan-based 

models, the BDI (Belief, Desire, and Intention) architecture (Bratman et al., 1988; 

Pollack, 1992) allows a plan to be executed in a dynamic environment where it may 

change in the way that makes the plan invalid. The BDI model, also known as IRMA (the 
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Intelligent, Resource-Bounded Machine Architecture), is based on the idea of practical 

reasoning developed by Bratman (1987). Beliefs are uninstantiated plans while desires 

are a participantôs goals. Intentions are steps in the plan that the participant has 

committed but not yet acted on. To handle the change in the environment, 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 the environment. 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 sub-optimal. The BDI model was adopted in the TRAINS 

system (Ferguson et al., 1996), a dialog system that helps a manager solve a routing 

problem in a transportation domain. A reactive planner, such as the one developed by 

Georgeff and Ingrand (1989), is also implemented on the basis of practical reasoning and 

the BDI model. Even though reactive planning was originally developed for real-time 

control systems, it can also be used in a variety of other domains such as tutoring 

(Freedman, 2000). 

The ability to represent complicated conversations of a plan-based model comes with 

the cost of a complex dialog structure. In order to apply the plan-based model to a 

particular task-oriented domain, the following components have to be specified: beliefs 

and goals of the participants, a plan library, and plan elements (e.g. actions and their 

preconditions and effects). The complex structure also leads to a complicated plan 

recognition process. Other drawbacks of the plan-based model are mentioned in the 

chapter 6 of Cole et al.ôs (1997) article. 

2.1.2.5 The theory of conversation acts  

The theory of conversation acts (Traum and Hinkelman, 1992) views a dialog as 

composed of fine-grained actions similar to speech act theory (Searle, 1975) discussed in 

Section 2.1.2.1. However, several extensions were introduced in the theory of 

conversation acts to make it better accounts for the structure of a spoken discourse. The 

theory of conversation acts models the conversation as a collection of joint speaker-

hearer actions instead of single agent actions. This eliminates a mutual understanding 

assumption among conversation participants and makes grounding actions more explicit. 

The extensions include three levels of actions in additional to the core speech act level. 

The theory of conversation acts describes four levels of actions necessary for maintaining 

the coherence and content of the conversation. These four levels are turn-taking acts, 

grounding acts, core speech acts, and argumentation acts. These levels are typically 
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realized by larger segments respectively in a dialog; however, the four-level 

representation of conversation acts is not hierarchical as each dialog act level is 

independent from each other and concerns a distinct aspect of the dialog. Turn-taking acts 

model the participantsô control over a speaking channel while and grounding acts capture 

mutual understanding among the participants. Core speech acts are similar to the 

traditional speech acts and operate at the level of an utterance. The argumentation acts 

level accounts for the structure of the dialog above the level of an utterance. 

Argumentation acts capture the purposes of discourse segments and can be built up into a 

hierarchy of argumentation acts. At the top levels of the hierarchy, argumentation acts 

resemble tasks and sub-tasks in a task structure while, at the lower levels, they are similar 

to rhetorical relations (Mann and Thompson, 1988) and adjacency pairs.  

Since each level of conversation acts captures distinct dialog information, they are 

employed independently from each other in a dialog system. Turn-taking acts may not be 

necessary in two-party conversations, but are more crucial in multi-party conversations 

while argumentation acts are important in a dialog system that involves complex 

planning. The theory of conversation acts emphasizes more on coordinated activities in 

the conversation, such as turn-taking and grounding, rather than the domain information 

communicated. Among the four levels of conversation acts, the argumentation act level is 

the one that captures the overall structure of a conversation similar to the structure of a 

task. Nevertheless, how to recognize argumentation acts and use them in a dialog system 

was only briefly discussed in the theory where the authors suggested the use of cue words 

together with the knowledge about discourse, language, and the domain for 

argumentation act recognition. 

2.1.2.6 Grosz and Sidnerôs Theory of discourse structure 

Grosz and Sidnerôs Theory of discourse structure (GST) (Grosz and Sidner, 1986) 

provides a framework for interpreting the meaning of an utterance in discourse context 

and for understanding discourse phenomena such as interruption based on the idea that a 

proper account of a discourse structure provides the basis for the interpretation of 

discourse meaning. GST models a structure of a discourse based on the concepts of 

discourse unit and discourse coherence. The proposed structure is composed of three 

components: linguistic structure (the structure of utterances in a discourse), intentional 

structure (the structure of purposes), and attentional state (the state of focus of attention).  

The linguistic structure captures how utterances in a discourse are aggregated into 

discourse units. A discourse unit or a discourse segment is defined as a sequence of 

utterances which fulfill s a certain function with respect to the overall goal of the 



Chapter 2: Literature Review 

 

 

30 

discourse. The intention underlies each discourse segment is called the discourse segment 

purpose. We could also say that a discourse segment is defined based on dialog 

participantsô intention. The second component, the intentional structure, models 

relationships between discourse segment purposes, and thus captures discourse 

coherence. These relationships are structural relations between intentions rather than 

relations between discourse segments as in Rhetorical Structure Theory (Mann and 

Thompson, 1988) discussed in Section 2.1.1.4. Therefore, the number of relations is 

smaller and the relations are also simpler. The last component, the attentional state, 

contains objects, properties, relations, and the purpose of the discourse segment that 

receives the focus of attention from discourse participants at any given point of the 

discourse. The attentional state models the participantsô focus of attention during a 

conversation via focusing structure which uses the information from the intentional 

structure to determine a discourse segment that receives the focus of attention as the 

conversation progresses. The three components together supply contextual information 

necessary for the interpretation of utterances in discourse context.  

GST describes an abstract model of discourse structures. To construct a 

computational model based on this theory the following problems need to be solved: 

discourse segmentation, and the recognition of discourse segment purposes and the 

relationships between them. Grosz and Sidner discussed some of these processing issues 

and suggested the use of cue phrases, utterance-level intention, and the knowledge about 

domain actions and objects to resolve the problems; however, no concrete 

implementation of the structure was proposed. Grosz and Sidner (1990) argued that a 

computational theory for recognizing discourse segment purposes and the intentional 

structure depends on the underlying theory of intention, action and plan and proposed 

SharedPlans, a model of collaborative planning that takes into account mutual beliefs and 

multi-agent actions in addition to a mental state model of a single-agent plan. This model 

also provides a framework for modeling the intentional structure. Lochbaum (1998) 

implemented a computational model that can recognize the intentional structure, and used 

it in discourse processing. The extension of SharedPlans that can handle more 

complicated situations in collaborative planning was proposed by Grosz and Kraus 

(1996). The model of SharedPlans emphasizes discourse-level intentions while a single-

agent plan (Cohen and Perrault, 1979) only concerns with utterance-level intentions. 

Plan-based models are discussed in more detail in Section 2.1.2.4. The SharedPlan 

formalism was adopted in the COLLAGEN framework (Rich et al., 2001) which 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, I will first compare all the discourse structure representations 

reviewed in Section 2.1.1 and Section 2.1.2. Then, I will discuss the appropriateness of 

these representations if they were to be used in the context of this dissertation. The 

following table summarizes the characteristics of each discourse structure model along 

the two aspects, informational and intentional, discussed earlier. The forth column of the 

table describes how each discourse structure model describes a compositional structure of 

a discourse. The reference given in the first column refers to the primary work of each 

model. 

The first group of discourse structures in Table 2.1, informational-oriented discourse 

structures, includes Discourse Representation Theory (DRT), the Linguistic Discourse 

Model (LDM), Segmented Discourse Representation Theory (SDRT) and Rhetorical 

Structure Theory (RST). For the informational perspective, DRT, LDM and SDRT 

capture the content of a discourse with a semantic representation (a first-order predicate 

logic) while RST focuses more on the relations between discourse segments rather than 

their content. In terms of the informational perspective, none of DRT, LDM and SDRT 

explicitly models the participantôs intentions. For RST, even though it captures both 

informational perspective and intentional perspective of a discourse through subject 

matter relations and presentational relations respectively, the theory focuses more on the 

informational perspective (Moore and Pollack, 1992). DRT, LDM, and SDRT differ from 

each other mainly in their compositional structures, i.e. how the structure of a discourse 

affects its semantic representation. DRT does not consider discourse relations among 

sentences when creating a discourse-level semantic representation from sentence-level 

semantic representations. In LDM, the discourse relations only affect the compositional 

structure of the discourse-level semantic representation while, in SDRS, the discourse 

relations also affect the content of the semantic representation. 
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Discourse structure model Informational perspective Intentional perspective Compositional structure Remarks 

Informational -oriented 

Discourse Representation 

Theory (DRT)   

(Kamp, 1981) 

Discourse Representation 

Structure or DRS (a semantic 

representation of a discourse 

using a first-order predicate 

logic) 

- A representation of a discourse is 

aggregated from sentence-level 

representations without considered 

the structure of the discourse.   

 

Linguistic Discourse Model 

(LDM)  

(Polanyi, 1996) 

A semantic representation 

similar to the one used in DRT 

but with a slightly different 

representation for discourse 

context. 

- A discourse parse tree (A 

discourse segment is a 

semantically motivated unit which 

is equivalent to a clause while a 

relation is a syntactic or a 

semantic connection between the 

segments) 

 

Segmented Discourse 

Representation Theory (SDRT)   

(Asher, 1993) 

 

A semantic representation 

similar to the one used in DRT. 

- A Segmented Discourse 

Representation Structure or SDRS 

(A discourse segment is a 

proposition which is equivalent to 

a simple DRS in DRT while a 

relation is a semantic or structural 

relation that specifies how the 

semantic representations of the 

segments should be combined) 

 

Rhetorical Structure Theory 

(RST)  

(Mann and Thompson, 1988) 

Subject matter relations such as 

Elaboration and SolutionHood 

Presentational relations such 

as Motivation and Justify  

A rhetorical structure contains 

rhetorical relations between 

utterances and group of utterances 

(focus on the relations between 

segments) 

The theory focuses 

more on the 

informational 

perspective than the 

intentional perspective 

(Moore and Pollack, 

1992) 

Table 2.1: Discourse structure models comparison 



Chapter 2: Literature Review 

 

 

33 

Discourse structure model Informational perspective Intentional perspective Compositional structure Remarks 

Intentional -oriented 

Speech act theory  

(Searle, 1975) 

- Speech act describes the role 

of each utterance with respect 

to a speakerôs intention and 

its effect on a listener 

A compositional structure of a 

dialog is not described. The theory 

focuses only on the utterance level. 

Domain-specific acts 

can be added. 

Dialog Act Markup in Several 

Layers (DAMSL)  

(Core and Allen, 1997) 

Utterance Features (e.g. the 

content and form of an 

utterance) 

Forward Communicative 

Functions (similar to speech 

acts) 

Backward Communicative 

Functions capture the relations 

between the current utterance and 

the previous ones in the form of a 

link to an antecedent. However, 

these relations only link two 

utterances together. Discourse 

segments and structural relations 

among the segments are not 

specified. 

The model describes the 

role of each utterance 

with multiple labels in 

multiple layers. More 

layers that describe 

other types of utterance 

functions, such as 

domain-specific 

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) 

 

Plan-based models  

(Cohen and Perrault, 1979) 

Conditions, constraints and 

arguments of an action 

A plan describes how speaker 

intentions (speech acts) fit 

together in a dialog in order to 

achieve a dialog goal 

A compositional structure is not 

mentioned directly, but a plan can 

be decomposed into small steps 

(sub-plans). 

 

Table 2.1: Discourse structure models comparison (cont.) 
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Discourse structure model Informational perspective Intentional perspective Compositional structure Remarks 

Intentional -oriented (cont.) 

The theory of conversation acts 

(Traum and Hinkelman, 1992) 

- Core speech act level The level of argumentation acts 

combines core speech acts into a 

hierarchy of higher level discourse 

acts. Some argumentation acts 

resemble the rhetorical relations 

while some argumentation acts 

resemble adjacency pairs. 

Each level represents 

different pieces of 

information. The theory 

also includes turn taking 

acts and grounding acts 

(emphasizes more on 

coordinated activities) 

Grosz and Sidnerôs Theory of 

discourse structure (GST)   

(Grosz and Sidner, 1986) 

Entities in the attentional state Discourse Segment Purpose 

or DSP 

The linguistic structure or the 

structure of utterances describes 

coherent segments in a discourse (a 

discourse segment is defined based 

on intention) while the intentional 

structure models the relations 

between the purposes of these 

segments (between DSPs) 

The theory also models 

the attentional structure 

(the structure of the 

focus of attention) 

Table 2.1: Discourse structure models comparison (cont.) 
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The second group of discourse structures in Table 2.1, intentional-oriented discourse 

structures, includes speech act theory, Dialog Act Markup in Several Layers (DAMSL), a 

dialog grammar, a plan-based model, the theory of conversation acts, and Grosz and 

Sidnerôs Theory of discourse structure (GST). Among these theories and models, speech 

act theory and its successor, DAMSL, only focus at the level of an individual utterance. 

Both of them model a speakerôs intention in uttering each utterance without describing 

how the intentions fit together in a dialog. In DAMSL, richer information about the 

utteranceôs functions is provided. Even though speech act theory does not describe the 

overall structure of a dialog, a speech act, which captures an utterance-level intention, is a 

key component in many other theories that use an utterance as a dialog structure unit 

including a dialog grammar, a plan-based model and the theory of conversation acts. 

These theories model the structure of a dialog from the intentional perspective by 

describing how utterance-level intentions captured by speech acts or dialog acts fit 

together in a dialog. In a dialog grammar, a dialog act is the smallest unit of recurring 

patterns in a dialog. A plan-based model, on the other hand, uses a plan to describe how 

speaker intentions captured by speech acts fit together in a conversation and how they 

relate to the conversation goal. In the theory of conversation acts, the structure of a dialog 

is accounted for by argumentation acts which combine speech acts into a hierarchy of 

higher level discourse acts. GST, on the other hand, uses a larger discourse unit, a 

sequence of utterances. Nevertheless, this discourse segment 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 

capture different aspects of a dialog, they are applied differently in a dialog system. A 

dialog structure that captures the intentional aspect of a dialog, such as a plan-based 

model and Grosz and Sidnerôs Theory of discourse structure, is employed in a natural 

language understanding module to help interpreting user utterances. For instance, the 

TRAINS system (Ferguson et al., 1996) utilizes a plan-based 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 used to interpret the underlying 

intention of a user utterance and determine an appropriate system response. On the other 

hand, a dialog structure model that captures relations between discourse segments, such 

as RST, is utilized in a natural language generation module. In the MATCH system (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 them, the sentence 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 theory (Larsson and Traum, 2000) is another theory that 

describes the structure of a dialog. However, instead of defining a specific dialog 

structure representation, information state theory provides a general dialog modeling 

framework that can be interpreted and implemented in 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 state theory centers on the concept of information state, a 

representation which captures relevant information in a dialog that is necessary for 

distinguishing one dialog from the others. This information also includes the 

accumulative information from previous actions and the obligation for future actions. The 

key idea of this theory concerns the representation of the information state, how it is 

updated and how the updating process is controlled. Information state theory consists of: 

informational components (e.g. domain knowledge, intentions, and a user model), formal 

representations of the informational components, dialog moves that trigger the update of 

the information state, update rules which formalize the way that the information state is 

changed as a dialog progresses, and update strategy which selects an 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 speech act. The architecture and tools that 

facilitate the implementation of the information-state approach is available in TrindiKit, a 

dialog management toolkit developed under the TRINDI project (Larsson and Traum, 

2000). The toolkit has been used to develop many dialog system managers that employ 

different dialog processing techniques. For example, GoDiS (Kruijff -Korbayová et al., 

2003), an information-seeking dialog system in multiple domains, represents the 

information state as a record while MIDAS (Traum et al., 2000), a dialog system in a 

route-planning domain, uses Discourse Representation Structure (DRS) as information 

state representation. 

The goal of this dissertation is to develop a machine learning approach that can infer, 

from a corpus of in-domain conversations, the domain-specific information required to 

build a task-oriented dialog system; therefore, a suitable dialog structure representation 

for this purpose needs to capture all of the necessary domain information. This domain-

specific information includes a list of tasks that a dialog system has to support, and how a 

complicated task should be decomposed into a set of sub-tasks. This information also 
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includes domain keywords which capture pieces of information that dialog participants 

need to communicate in order to achieve each task or sub-task. In a retail domain, for 

instance, a product name and a quantity are domain keywords since they are essential 

information for making a purchase. 

A hierarchical structure of a task and its sub-tasks can be considered as a 

compositional structure of a dialog where a discourse unit is defined based on the 

characteristics of the task. Many of the dialog structures reviewed in the previous sections 

represent a compositional structure of a dialog. 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 

for Grosz and Sidnerôs Theory of discourse structure (GST) which uses a larger discourse 

unit, a sequence of utterances. For those discourse structures that use a sentence or a 

clause as a basic unit, some discourse segments at the upper levels of the compositional 

structure (such as lessons and transactions in Sinclair and Coulthardôs (1975) dialog 

grammar, the components at the top levels of a rhetorical structure, and the 

argumentation acts at the top levels of the hierarchy in the theory of conversation acts) 

may resemble tasks and sub-tasks. 

A domain keyword, another piece of the required domain-specific 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 representation must capture the 

informational aspect of a dialog. Nevertheless, the informational-oriented discourse 

structures reviewed in Section 2.1.1, such as the Linguistic Discourse Model (LDM), 

Segmented Discourse Representation Theory (SDRT), model the meaning of a discourse 

with a semantic representation instead of the actual entities that were mentioned in the 

discourse.  

There are some intentional-oriented dialog structures that also model the 

informational aspect of a dialog including Dialog Act Markup in Several Layers 

(DAMSL), a plan-based model, and Grosz and Sidnerôs Theory of discourse structure 

(GST). In the original DAMSL annotation scheme, the Information Level in the 

Utterance Features layer only captures abstract characteristics of an utterance (e.g. 

whether the utterance addresses a task, a communication process, 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). However, some extensions of the DAMSL 

annotation scheme do capture the actual content of a dialog and some domain-specific 

information. In the COCONUT project (Eugenio et al., 1998), the Topic layer contains 

domain-specific tags such as needItem, haveItem budgetAmount, and 
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budgetRemains that describe the content of an utterance. Nevertheless, some of them 

seem to capture domain-specific intentions rather than domain-specific entities enclosed 

in the utterance. ItemFeature is another set of labels that captures domain-specific 

information. However, only the properties of domain objects (e.g. price and color) are 

annotated, not the objects (e.g. table and chair) themselves.  

Hardy et al.ôs (2003) annotation scheme is another extension of DAMSL that captures 

domain-specific information. The semantic layer was added to the original DAMSL 

annotation scheme in order to model domain-related information enclosed in each 

utterance. The information captured by this layer consists of transactions (or 

AccessFrames) which contain attributes (or slots) and attribute modifiers. In a customer 

service domain, AccessFrames correspond to customer-service tasks such as 

ChangeAddress; this task contains an attribute Address and its modifier New, for 

example. While this semantic layer does capture the informational-aspect of a dialog that 

is also domain-specific, it restricts itself to utterance-level information similar to the 

DAMSL annotation scheme that it is based on. For instance, an AccessFrame only 

captures the name of a task that each utterance belongs to rather than the discourse 

segment that corresponds to the entire task. 

In some plan-based models such as (Litman and Allen, 1987) and (Lambert and 

Carberry, 1991), the parameters of the domain plans are quite similar to the notion of 

domain keywords, items of information that dialog participants need to communicate in 

order to achieve a task. Grosz and Sidnerôs Theory of discourse structure also mentioned 

objects in a 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 is a general dialog modeling framework, the choice of the 

informational components depended on the choice of the dialog structure theory that will 

be adopted in the framework. 

In summary, there are several existing discourse structure models which represent a 

compositional structure of a dialog that is similar to a hierarchical structure of a task and 

its sub-tasks. These discourse structure models are Rhetorical Structure Theory (RST), a 

dialog grammar, the theory of conversation acts, and Grosz and Sidnerôs Theory of 

discourse structure (GST). Nevertheless, the entire discourse structure in the first three 

models (RST, a dialog grammar, and the theory of conversation acts) does not correspond 

to the task structure as the discourse units that are lower in the discourse structure 

hierarchy are smaller than steps in a task. The intentional structure in GST is 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 existing dialog structure representations capture the informational aspect 

of a dialog that resembles domain keywords, items of information that dialog participants 

need to communicate in order to achieve a task. These dialog structure representations 

include some variations of a plan-based model and the extension of the DAMSL 

annotation scheme proposed by Hardy et al. (2003). However, Hardy et al.ôs annotation 

scheme only focuses at the level of an individual utterance and does not describe the 

overall structure of a dialog. Although a plan-based model doesnôt address a 

compositional structure of a dialog directly, it allows a plan to be decomposed into 

smaller steps. Thus, a plan-based model appears to be a dialog structure representation 

that captures all of the domain-specific information required to build a dialog system. 

Nevertheless, one difficulty in modeling the required domain-specific information with a 

plan-based model is the complexity of the model. In addition to the required domain-

specific information, a plan-based model includes many intentional components such 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 to support or the domain-specific components required to 

achieve the tasks. Moreover, intentional components are rather abstract and may be 

difficult to be identified directly from in-domain conversations through an unsupervised 

machine learning approach. The reason for using an unsupervised learning approach 

rather than a supervised one is discussed in Section 2.2.3. 

Since none of the existing discourse structure representation is suitable for the 

purpose of this dissertation, which is to infer the domain-specific information required to 

build a task-oriented dialog system from in-domain conversations using an unsupervised 

machine learning approach, a new representation, called a form-based dialog structure 

representation, is proposed. The form-based representation captures all the required 

domain-specific information and focuses only on concrete information that can be 

observed directly from in-domain conversations. Chapter 3 describes the proposed form-

based dialog structure representation in detail.  A comparison between the proposed 

dialog structure representation and existing discourse structure representations is also 

discussed. 
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2.2 Data-driven approaches to dialog structure modeling 

In the past decade, the computational linguistics community has focused on 

developing language processing approaches that can leverage the vast quantities of 

corpus data that are available. The same idea has also been applied by dialog system 

researchers and developers. As more dialog data becomes available, techniques for 

building dialog systems have been shifted from hand-crafted approaches toward data-

driven ones. There has been substantial amount of research on applying data-driven 

approaches to several dialog system components. Those works are different in terms of 

the algorithm used, the component to be learned, and how the learning approach is 

integrated with a dialog system. Reinforcement learning is one best-known approach for 

learning a dialog management policy from in-domain dialogs. Singh et al. (2002) is 

among the first groups who successfully applied this technique to find an optimized 

policy from very large policy space as demonstrated in the NJFun system. Karahan et al. 

(2003), who combined two classifiers (the Bayesian classifier and Boosting) in order to 

identify usersô intents (i.e. call-types) in a customer care application, are among many 

other researchers that applied a machine learning technique to the problem of natural 

language understanding in a goal-oriented spoken dialog system. Various approaches to 

this problem are summarized in (Bangalore, Hakkani-Tür et al., 2006). As for natural 

language generation, Stent et al. (2004) trained a sentence ranker to select an appropriate 

sentence plan from a set of possible ones by applying a boosting algorithm on human-

rated sentences.  

Research on a data-driven approach to dialog structure modeling is relatively new and 

focuses mainly on recognizing a structure of a dialog as it progresses. Since a dialog 

structure encapsulates relations 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 userôs utterance and generate an appropriate response to the user. Various 

dialog structure recognition approaches will be discussed in more detail in Section 2.2.1.  

A data-driven approach to dialog structure modeling can also be used to reduce the 

amount of human effort spent in the knowledge engineering process when developing a 

dialog system in a new task-oriented domain. Necessary 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 example-based learning 

algorithm as described in (Garland et al., 2001) and in Section 2.2.2.2. 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 pre-specified dialog structure components are recognized as a 

dialog progresses. Data-driven approaches for a dialog structure acquisition problem have 

only been explored by a handful of researchers. Some of the interesting works in this area 

are reviewed Section 2.2.2. 

Research works on dialog structure learning (both recognition and acquisition) differ 

from each other in two important aspects: the type of the structure to be learned and the 

learning approach. 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 characteristics of the dialog structure and 

the type of information available for training. For example, a Markov model is suitable 

for sequential structures while a grammar induction approach is suitable for hierarchical 

structures. For a multi-level dialog structure and a hierarchical structure, the 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 reviewed in the 

following sections are organized according to the learning approaches. The overview of 

the proposed learning approach for acquiring the form-based dialog structure 

representation is given in Section 2.2.3. 

2.2.1 Dialog structure recognition approaches 

2.2.1.1 Markov models 

A Markov model is suitable for learning the sequential structure of observations. 

Since some dialog structure components, such as dialog acts, seem to have a sequential 

property, the Markov model has been widely used in many dialog structure learning 

approaches. In (Woszczyna and Waibel, 1994), the structure of a conversation in a 

scheduling domain composes of topics, discourse states, speech acts, and 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 paper. To infer both dialog structure components 

automatically from data, a Markov Model (MM) was used in a supervised scenario and a 

Hidden Markov Model (HMM) was used in an unsupervised scenario. Only word 

sequences were used as features in both models. The Markov model requires training data 

annotated with state labels, which in this case are equivalent to dialog states and speech 

acts. The Hidden Markov model, on the other hand, requires no labeled data; therefore, it 

can utilize all of the data available. The notion of state is obtained automatically from the 
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data given a number of hidden states. The Hidden Markov model performed better than 

the Markov model in terms of perplexity when both models were trained on the same 

amount of data as a pre-defined set of states could be suboptimal for a given set of data. 

The Hidden Markov model 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) used a Markov model to both segment and classify speech acts in 

telephone-based conversations in the CALLHOME SPANISH corpus. Speech acts are 

part of the three-level discourse structure consists of speech acts, dialog games (similar to 

the ones described in Section 2.1.2.3), and discourse segments or topic segments. The 

structure was developed under the CLARITY project (Levin et al., 1998) which aimed at 

exploring the use of discourse structure in dialog understanding. The annotation scheme 

for speech acts was extended from the DAMSL annotation scheme in order to handle 

non-task-oriented conversations in this domain. On a speech act segmentation problem, a 

Markov model was trained on word and part of speech features, and achieved a 

comparable performance to a neural network approach. To classify the speech act of each 

segment, a Markov model was trained on prosodic features, word sequences, and speech 

act sequences. The integrated Markov model for both segmentation and classification was 

also investigated. For a topic segmentation problem, Hearstôs TextTiling algorithm 

(Hearst, 1997) was used to determine topical segment boundaries. 

2.2.1.2 Grammar induction approaches 

A grammar induction approach can be used to identify the structure of a dialog if the 

structure can be described by a context-free grammar. The VERBMOBIL system used a 

plan hierarchy to describe a dialog in a meeting scheduling domain (Bub and Schwinn, 

1996). A plan hierarchy is a four-level organization composes of the dialog act level, the 

turn level, the phrase level, and the dialog level. By viewing plan recognition as parsing, 

the plan hierarchy is compiled into a context-free grammar.  Grammar rules (or plan 

operators) for processing the components in the dialog act level, the phrase level, and the 

dialog level can be hand-coded. However, as the number of turn classes is quite large and 

the sequences of dialog acts that correspond to each turn class are rather complex, it is 

difficult to construct plan operators that generalize for all of the data by hand. 

Alexandersson and Reithinger (1997) used a grammar induction approach based on 

Bayesian model merging to derive a stochastic context free grammar that describes the 

structure of each turn class from the corpus of dialog act annotation. The automatically 

derived plan operators were applied in a plan recognition process to identify the 
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intentional structure of user utterances; 66.8% turn class prediction accuracy was 

reported. They also suggested the focus and relations between new utterances, and the 

current foci as additional information sources for improving the performance. 

In recent research, Bangalore, Fabbrizio et al. (2006) attempted to recognize a 

structure of a task-oriented dialog as it progresses in order to guide a dialog managerôs 

decision and construct an appropriate agent response. Other dialog system components 

besides the dialog manager and the natural language generation module could also benefit 

from the information captured by a dialog structure as well. Based on the SharedPlans 

theory (Grosz and Sidner, 1990) adopted in this research, a dialog structure was 

represented as a tree that encapsulates the task structure, the dialog act structure, and the 

linguistic structure of utterances, which contains the inter-clausal relations and predicate 

argument relations within a clause. The paper focused on recognizing the task structure of 

an on-going dialog in a catalog ordering service domain. A top-down incremental parser 

that incorporates bottom up information was used to discover the most likely plan tree 

that encapsulates the dominance relations (or hierarchical relations) between sub-tasks 

from a sequence of utterances. The utterances were first segmented and classified into a 

sequence of sub-tasks with a maximum entropy classifier in order to identify the 

precedence relations (or sequential relations) between sub-tasks. For each utterance, the 

classifier predicted the most likely sub-task label given word n-gram features of local 

context. Since the label not only represents the type of sub-task but also encodes the 

position of the utterance in relative to the sub-task (i.e. begin, middle and end), the 

classifier can segment a dialog into a sequence of sub-tasks and assign a label to each 

sub-task in a single parse. The paper also discussed dialog structure recognition at the 

level of dialog acts. 

2.2.1.3 Categorical classifiers 

Another type of machine learning algorithm that has been extensively used for dialog 

structure recognition when the sequential structure of the components is not fundamental 

is a categorical classifier; a neural network and a decision tree, for example. Vilar et al. 

(Vilar et al., 2003) used both a neural network and a Hidden Markov Model to identify 

the structures of dialogs in the Spanish train information domain.  The structure consists 

of speech acts, frames and cases. Each frame represents a specific type of user message 

and contains a set of cases or slots that associate with pieces of information that are 

related to a query. Both frames and slots are domain-specific components and could be 

used to improve the understanding process of 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 that reason, a neural network was used to classify the frame type of 

each user turn given context word features while a frame-specific HMM trained on 

annotated data was used to segment each turn into a sequence of semantic units.  Each 

semantic unit captures the 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 segmentation.  

In (Hardy et al., 2004), a vector-based approach was used to train both a task 

identification agent and a dialog act classifier in order to identify the customerôs desired 

transaction and the corresponding dialog act of each utterance respectively in the user-

initiative customer service system, Amities. Both a transaction (also task and frame) and 

a dialog act are components of the dialog structure proposed by Hardy et al. (2003) 

discussed in Section 2.1.3. The vector-based approach used 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 acts or dialog acts may be used independently in a dialog system without 

specifying the structure of an entire dialog. Many classification algorithms, such as a 

decision tree and a maximum entropy model, have been used to predict a dialog act label 

of a give dialog segment such as an utterance. Related works on dialog act classification 

were summarized in (Stolcke 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.  

Categorical classifiers require a set of pre-defined categories and, for each category, 

the training 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 from in-domain dialogs instead of being pre-

specified. 

2.2.2 Dialog structure acquisition approaches 

2.2.2.1 Conceptual clustering  

Möller  (1998) developed a dialog modeling toolkit, DIA-MOLE, to help reduce 

human effort in creating a dialog model for a new application. Instead of using a pre-

defined dialog act taxonomy, an unsupervised learning technique was used to infer a set 

of domain-specific dialog acts (DDAs) from a corpus of in-domain conversations. The 
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DDA learner module in DIA-MOLE utilizes a conceptual clustering algorithm,  

CLASSITALL, to create a DDA hierarchy from segmented utterances and their features. 

A set of features for each segment, which consists of prosodic events, recognized words, 

and semantic structure, is extracted from various knowledge sources available to a dialog 

system and is represented by a set of attribute-value pairs. CLASSITALL allows various 

types of features 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 a feature 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 heuristic that reflects the quality of the clusters to guide the 

hierarchy construction. Based 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 classes, CLASSITALL defines a cluster quality measure, category utility, as a 

tradeoff between intra-class similarity and inter-class dissimilarity. Both intra-class 

similarity and inter-class dissimilarity are computed from a conditional probability of an 

attribute-value pair and a class.  

DIA-MOLE was applied in VERBMOBIL, a dialog system in an appointment 

scheduling domain, where predicted DDAs could help identify an appropriate language 

model for a speech recognizer or guide a spoken language generation module. The 

learned DAA taxonomy was evaluated against the human-assigned taxonomy; 

comparable dialog act prediction rates were reported. 

2.2.2.2 Example-based learning 

Garland et al. (2001) used an example-based learning algorithm to lessen domain 

expert effort in developing a task model, a declarative representation of a task, for a 

collaborative system. The task model, which based on the SharedPlans theory of 

collaborative discourse (Grosz and Sidner, 1990), captures the structure of actions. The 

task model composes of actions and recipes. There are two types of actions, a primitive 

action, which can be executed directly, and a non-primitive action, which can be achieved 

indirectly by achieving other actions. A recipe describes a set of steps required in order to 

achieve a goal or a sub-goal (a non-primitive action). It also contains constrains on the 

order of actions and the logical relations among action parameters. A collaborative 

system, which helps a user achieves a task goal through a spoken conversation, requires 

domain-specific task models in order to adapt agent utterances according to the task. 
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With an example-based learning approach, a domain expert only needs to generate 

examples of how to accomplish a task which is considered more intuitive than 

constructing a complete task model that generalizes for all possible cases. The learning 

algorithm then infers the target task model by inducing the constraints and generalizing 

the model over a series of annotated examples. The approach was tested on two simulated 

tasks: building graphical user interfaces and cooking, but not on real dialogs. Expert 

examples, which were described in terms of actions and relations among them, were 

generated from 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  

Feng et 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 

information extracted from the companyôs website. There are three types of customer 

care dialog systems: 1) an information retrieval aid system (or a question-answering 

system), 2) a form-filling system, which helps a customer fills out an online form, and 3) 

a table-based system, which operates on a table of related information (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; hence, it is a useful resource for extracting 

task-specific information. The task-specific knowledge includes a website structure and 

an information unit, a coherent area in a web page according to its content or its 

behaviors such as LIST-ITEMS and QUESTION-ANSWER. 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 vector machine (SVM). Some 

types of information units may need further processing to extract more useful 

information. Since the information source is a companyôs website rather than a corpus of 

dialogs, the information extracted is not the structure of a dialog or a component 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 dissertation is to infer the domain-specific information required to 

build a task-oriented dialog system from in-domain conversations through a machine 

learning approach. Acquiring the necessary domain knowledge from a set of human-
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human dialogs is considered a knowledge acquisition process and is carried out before a 

dialog system is created. This is contrasted with a dialog structure recognition process in 

which pre-specified dialog structure components are recognized as a dialog progresses.  

Most data-driven approaches to dialog structure recognition discussed in Section 

2.2.1 rely on supervised learning algorithms since they usually provide more accurate 

results but at the cost of manually labeled data. However, for the dialog structure 

acquisition problem investigated in this thesis, the structure of a dialog in a new task-

oriented domain has not been pre-specified and will be explored from data. Hence, a 

corpus of in-domain dialogs annotated with the target dialog structure is not available for 

training a supervised learning algorithm. The example-based learning algorithm and the 

information extraction algorithm discussed in Section 2.2.2.2 and 2.2.2.3 had to utilize 

annotated data from other information sources, examples described in a specific 

annotation language and a well-organized website, respectively. In this thesis an 

unsupervised learning approach is preferred since the goal is to minimize human effort 

including annotation effort in the domain knowledge engineering process. Since this 

process occurs before the first prototype system is created, a corpus of recorded 

conversations between the humans who perform the same task as the target dialog system 

becomes the main resource. The motivation behind the use of an unsupervised learning 

approach is quite similar to the idea that motivates the work in DIA-MOLE, the only 

approach among the dialog structure acquisition approaches discussed in Section 2.2.2 

that utilizes an unsupervised learning algorithm. Nevertheless, different unsupervised 

learning algorithms that are suitable for the target dialog structure, the form-based dialog 

structure representation, are investigated in this thesis. The detail discussions of those 

algorithms are provided in subsequent chapters. 

To make the problem tractable, I divide a dialog structure acquisition problem into 

two sub-problems: concept identification and clustering, and form identification (a form 

is associated with a sub-task in the form-based dialog structure representation). Each sub-

problem is handled separately and is discussed in more detail in Chapter 5 and Chapter 6 

respectively. However, it should be 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, interaction between components should also be considered in the 

learning process. The decomposition of a dialog structure learning problem for a multi-

level dialog structure and a hierarchical dialog structure was also applied by many 

researchers (Finke 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 is to develop a data-driven approach that can 

infer domain-specific information required to build a task-oriented dialog system from a 

corpus of in-domain conversations. In order to achieve this goal, one would have to first 

specify a suitable domain-specific information representation, and then develop a 

machine learning approach that is able to identify the domain information captured by 

this representation from a corpus of in-domain dialogs. This chapter focuses on the first 

step, describing a suitable domain-specific information representation and demonstrating 

how it can be used to model domain information in various types of task-oriented dialogs. 

A domain-specific information representation that is suitable for the purpose of this 

dissertation should have all of the following properties: sufficiency, generality, and 

learnability. 

ǒ Sufficiency is implied if the representation captures all domain-specific 

information required to build a task-oriented dialog system.  

This domain-specific information includes a list of tasks that a dialog 

system has to support, for a complicated task how it should be decomposed 

into smaller steps or sub-tasks, and domain keywords which capture pieces of 

information that dialog participants need to communicate in order to achieve 

each task or sub-task. 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 of information are essential for making a purchase. 

ǒ Generality is implied if the representation can describe task-oriented dialogs 

in dissimilar domains and types. 

Different types of task-oriented domains have different characteristics; for 

instance, some discourse phenomena such as grounding do not occur in every 

domain. Therefore, a desired domain-specific information representation 

should be generalized for various types of task-oriented domains, namely, it 

should be domain-independent. 
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ǒ Learnability is implied if the representation can be identified by a machine 

learning algorithm from observable language behaviors in human-human 

conversations.  

When acquiring the domain-specific information for a new task-oriented 

domain, there is no annotated data available for training a supervised learning 

algorithm as the target domain-specific information has not been specified 

and will be explored from in-domain conversations. Since we have to rely on 

an unsupervised learning approach, the representation of the domain-specific 

information has to be observable from the conversations.  

Existing dialog structure representations do not have all of the three required 

properties. Most of them do not capture all of the domain-specific information required to 

build a dialog system as discussed in Section 2.1.3. Some of these discourse structure 

models and theories describe the compositional structure of a dialog that resembles tasks 

and sub-tasks but do not represent domain keywords, or vice versa. For the one that 

captures all of the required domain-specific information, namely, a plan-based model, its 

discourse structure is quite complex and contains many intentional components, such as 

beliefs and intentions. These abstract components are rather difficult to be observed 

directly from a conversation and, as for the current technology, may not be learnable 

through an unsupervised machine learning approach. Moreover, these additional 

components, while capturing useful information for processing a dialog, do not directly 

describe a task or domain-specific elements required to achieve the task. 

In order to have a domain-specific 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, I propose a new 

representation, called a form-based dialog structure representation, as a target 

representation of the domain-specific information that will be inferred from in-domain 

conversations. This representation is based on the notion of form, a data representation 

used in the form-based dialog system architecture. The form-based dialog system 

architecture is described in detail in section 1.1.2. I 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 captures the domain-specific information a dialog system 

needs to have in order to support a task. It is quite easy to demonstrate that the 

representation is sufficient for representing task-oriented conversations which is one of 

the three required properties. The sufficiency of the form-based dialog structure 
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representation has been demonstrated by the success of the systems that were 

implemented based on the form-based dialog system architecture. Another advantage of 

using an existing dialog system framework to describe the structure of a task-oriented 

conversation is that the connections between the dialog structure components and the 

components of a dialog system that employs the structure become straightforward. This 

direction is opposite to many other approaches that implement a dialog system from an 

existing dialog structure theory. 

In addition to sufficiency, the form-based dialog structure representation needs to 

have other two properties: generality and learnability. The form-based dialog system 

architecture has been used mainly in information-accessing domains where a form 

corresponds to a database query form while slots in the form represent search criteria. In 

this thesis, a more generalized definition of the form representation is provided, so that it 

can be used to represent the structure of dialogs in other types of task-oriented domains 

as well. In terms of learnability, the form-based dialog structure representation focuses 

only on concrete information that can be observed directly from in-domain conversations; 

hence, it should be learnable through an unsupervised learning approach. In the 

following parts of this section, I will describe the form-based dialog structure 

representation and discuss its properties in more detail. The approaches that are used to 

verify these properties are also described. 

The form-based dialog structure representation is a three-level structure of task, sub-

task, and concept. This representation models the tasks that a dialog system has to 

support, a set of sub-tasks (a decomposition of a task) which corresponds to the steps that 

needs to be taken in order to successfully accomplish the task, and concepts which are the 

items of information (or domain keywords) that dialog participants have to communicate 

in order to achieve a task or a sub-task. The components of the form-based dialog 

structure representation (i.e. task, sub-task, and concept) reflect the observable structure 

of a task-oriented conversation discussed in Section 1.2. A hierarchical structure of a task 

and its sub-tasks 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. Along the two aspects of a discourse (informational and 

intentional) discussed in Section 2.1, the form-based representation focuses more on the 

informational aspect as it represents the actual content of the discourse. The intentional 

aspect is addressed by a conversation goal which is included in the definition of a task. A 

formal definition of each component is provided in Section 3.1. As the name indicates, 

the form-based dialog structure uses a form as a central representation. The concepts that 
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the participants have to communicate in order to achieve a particular sub-task are stored 

together in the same form. Therefore, a task is represented by one or more forms 

depending on the number of its sub-tasks. 

The use of forms and a form-filling strategy in dialog systems was first introduced by 

Ferrieux and Sadek (1994) and has been adopted in many systems that built on the form-

based dialog system architecture. In the form-based dialog system, a form specifies all 

relevant pieces of information (or slots) that must be filled in before a system can take an 

action, such as query a database. All domain-specific information a dialog system needs 

to have in order to support a task is captured by forms; hence, the form-based dialog 

structure representation is sufficient for representing a task-oriented conversation as 

demonstrated by the success of the systems that were implemented based on the form-

based architecture. Examples of these systems are the Philips train timetable information 

system (Aust et al., 1995) and the CMU Communicator system (Rudnicky et al., 1999). 

Dialog coverage, which measures the percentage of dialog content that can be accounted 

for by the proposed dialog structure, is also used to verify the sufficiency of the form-

based dialog structure representation. Dialog coverage is reported in Section 4.1. 

The form-based dialog system architecture has been used mainly in information-

accessing domains where a form corresponds to a database query form while slots in the 

form represent search criteria. To make the form representation generalized for other 

types of task-oriented domains as well, a broader definition of the form representation is 

provided. In this thesis, the notion of form is generalized as a repository of related pieces 

of information. These pieces of information are not restricted to only the search criteria 

so that the form can be applied to various types of task-oriented domains. To verify the 

generality of the form-based dialog structure representation, six dissimilar task-oriented 

domains are analyzed. These six domains are air travel planning (information-accessing 

task), bus schedule inquiry (information-accessing task), map reading (problem-solving 

task), UAV flight simulation (command-and-control task), meeting and tutoring. Dialog 

structure analyses of these six domains are given in Section 3.2 - Section 3.7 respectively. 

These disparate domains are chosen to cover various types of task-oriented conversations. 

The choices of domains are also subjected to the availability of human-human data. The 

corpora of human-human conversations used in the dialog structure analyses are taken 

from various projects conducted by different research institutes. Some of the corpora 

were collected during the development process of a spoken dialog system. However, 

some of the corpora were originally collected for other purposes. 
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In terms of learnability, 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 belief and an 

intention. The components of the form-based dialog structure representation (i.e. task, 

sub-task, and concept) can be observed directly from a dialog as it reflects the observable 

structure of a task-oriented conversation discussed in Section 1.2. Task and sub-task 

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 goal. By focusing only on the observable structure of a dialog, the form-

based dialog structure model works well when all of the domain-specific information 

necessary for supporting a task is communicated clearly in a dialog. This occurs when a 

dialog has the following characteristics: 1) the conversation goal is achieved through the 

execution of domain actions, and 2) the dialog participants have to communicate the 

information required to perform these actions through dialog. However, if the goal of a 

dialog is achieved in a different manner or if the necessary domain-specific information 

is not communicated through the dialog, we may not be able to represent this dialog with 

the form-based dialog structure representation. The difficulties in representing various 

types of task-oriented dialogs with the form-based dialog structure representation are 

discussed in Section 3.8. For the type of dialog that the dialog goal is not directly 

reflected in the conversation, a more complex dialog structure which also models 

unobservable aspects of a dialog, such as participants beliefs and intentions, may be 

required. 

Another characteristic of the form-based dialog structure representation that makes it 

possible to be inferred from in-domain conversations through an unsupervised learning 

approach is its simplicity. Compared to other dialog structure representations used in 

other types of dialog system architectures such as a plan-based system, the form-based 

representation is quite a bit simpler. The detailed discussion about different types of 

dialog system architectures and the comparison among them can be found in Section 1.1. 

However, by choosing the representation that is quite simple, we may not be able to 

model a complex task that has a dynamic structure such as a planning task as discussed in 

Section 1.1. Nonetheless, the form-based system has been applied successfully in many 

real world applications. Example of these dialog systems are the Philips train timetable 

information system (Aust et al., 1995), the CMU Communicator system (Rudnicky et al., 

1999), and many other systems built under the RavenClaw framework (Bohus and 

Rudnicky, 2003).  
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The learnability of the form-based dialog structure representation is verified with the 

accuracy of the domain information obtained from the proposed machine learning 

algorithms described in Chapter 5 and Chapter 6. Annotation scheme reliability, which is 

obtained from a human annotation experiment described in Section 4.2, can also verifies 

the learnability of the form-based representation in terms of human learnability. High 

annotation scheme reliability suggests that the annotation scheme is concrete and 

unambiguous which imply learnability. 

The rest of this chapter is organized as follows: Section 3.1 provides a detailed 

description of the form-based dialog structure representation along with the definition of 

each component. A comparison between the form-based representation and existing 

dialog structure representations is discussed at the end of Section 3.1.  Examples on how 

to model the structure of a dialog with the proposed representation in six task-oriented 

domains (air travel planning, bus schedule inquiry, map reading, UAV flight simulation, 

meeting and tutoring) are given in Section 3.2 - Section 3.7 respectively. These dialog 

structure analyses are done manually by the developer of the form-based dialog structure 

representation. The difficulties in applying the form-based dialog structure representation 

to these task-oriented domains are discussed in Section 3.8. Finally, Section 3.9 

summarizes the properties of the proposed dialog structure representation. 

3.1 Components in form-based dialog structure representation 

In task-oriented domains, participants engage in a conversation in order to achieve a 

specific goal such as to obtain the departure time of a particular bus or to order a product 

from a catalog. For simplicity, I will refer to the participants as a client and an operator. 

Typically the clientôs goal is to have the operator perform actions that serve his or her 

need. The operator in turn needs specific information from the client in order to perform 

each action. Actions are domain-specific; for instance, in a bus schedule inquiry domain 

an action is looking up information from a bus schedule while in a retail domain an action 

is ordering a product. The action occurs when all necessary information has been 

gathered. For example, in the retail domain, the name of a product and a quantity need to 

be specified before an order can be placed. The purpose of the goal-oriented conversation 

is to communicate this information among the participants and to ensure that the 

information is consistent.  

Different task-oriented domains may have some dissimilar characteristics; for 

instance, some discourse phenomena such as grounding do not occur in every domain. 

Therefore, in order to develop a dialog structure representation that is generalized across 
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these differences, dialogs from different types of task-oriented domains have to be 

analyzed. The initial form-based dialog structure representation was derived from the 

analysis of conversations in information-accessing domains which are the most common 

application domains of form-based dialog systems. Constraints from a backend database 

make it easier to identify the form in this type of task-oriented domain. Then 

conversations from other types of task-oriented domains, namely a problem-solving task 

and a command-and-control task, were analyzed to verify the completeness of the initial 

dialog structure. The form-based dialog structure was modified when necessary to 

account for new discourse phenomena in the new domain. Finally, the definitions of all of 

the components in the form-based dialog structure representation were verified through 

several iterations of pilot annotation experiments (human annotation experiments are 

described in Section 4.2).  

In summary, conversations in various task-oriented domains have the following 

characteristics. In order to achieve a conversation goal, one or more actions must be 

taken, and all of the information required in order to perform these actions has to be 

clearly communicated. The form-based dialog structure representation organizes domain-

specific information necessary for achieving the conversation goal into a three-level 

structure of task, sub-task and concept.  The definition of each component is given below. 

3.1.1 Component definitions and representations 
 

1. A task is a subset of a dialog that has one specific goal.  

A simple dialog usually has only one goal; therefore, the entire dialog 

corresponds to a single task. A complex dialog can have multiple goals. For 

instance, a customer who makes a call to a customer service may have two 

goals, to obtain account balance and to change the address; therefore, this 

dialog consists of two tasks, one for each goal. To decompose a dialog into 

multiple tasks, each sub-dialog, 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 accomplish a task goal, one or more actions need to be taken. When 

multiple actions are required, the task is decomposed into a set of sub-tasks, 

one for each action. However, if only one action is required, no further 

decomposition is necessary. 

2. A sub-task is a step in a task that contains sufficient information to execute a 

domain action. 



Chapter 3:Form-based Dialog Structure Representation 

 

55 

Within each sub-task, dialog participants exchange information in order to 

execute the corresponding action. The sub-task ends when the action is 

executed. When there is a discussion about the outcome of the action, such as 

a discussion about the information retrieved from a database, the sub-tasks 

ends at the end of the discussion 

A task can be decomposed into both a sequence of different types of sub-

tasks and a series of the same type of sub-task. For example, to reserve a 

round trip ticket, a client must provide the criteria for a flight in each leg; 

therefore, a task of reserving a round trip ticket can be decomposed into two 

sub-tasks: specifying a departing flight and specifying a return flight. In some 

cases, a sub-task can be further decomposed if it is associated with a complex 

action. This creates a hierarchical structure of a task and sub-tasks. More 

examples of the task structure decomposition are given in the following 

sections. 

3. A concept is a word or a group of words which captures a 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 might be complex and contain several 

components. For example, an address is composed of a street, a city, a zip 

code, etc. Street, City  or ZipCode can be a concept by itself since it captures 

a distinguishable piece of information that may be used separately. A concept 

that contains other concepts such as Address is called a structured concept.  

It is possible that the same word or group of words belongs to more than 

one concept. For example, ñtom@cmu.eduò can be both a SenderEmail and 

a RecipientEmail. It is important to distinguish between similar concepts that 

have different functionalities such as between a sender and a recipient as 

shown in this example. 

Each dialog structure component has two aspects: type and instance. A type is an 

abstraction of similar information items while an instance is 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 task are instances. For a 

concept, an instance is also called a concept member or a slot value. For example, Color 

is a concept type while ñred,ò ñblue,ò and ñgreenò are concept members.  

mailto:tom@cmu.edu


Chapter 3:Form-based Dialog Structure Representation 

 

56 

A dialog structure needs to be generalized over all relevant dialogs in a domain. 

Hence, for the same type of task, some sub-tasks may be optional. Similarly, some 

concepts may not be required in order to perform the same action. For instance, since not 

all of the criteria have to be specified in order to retrieve flight information from a 

database, some concepts, such as Airline  and NoOfStop, are optional.  

As the name indicates, the form-based dialog structure uses a form as a central 

representation. Related pieces of information necessary for performing a particular 

action, i.e. concepts, are organized into a form. A dialog structure is associated with a 

form in the following ways. A simple task, which contains only one action, is represented 

by a single form while a complex task is presented by a set of forms; each of its sub-tasks 

is associated with one form. We can also say that each form represents information in a 

subset of a dialog that contributes toward one action. Lastly, a concept is a slot inside a 

form. Even though a structured concept is composed of a set of concepts, it is not 

equivalent to a form because there is no action associated with it. A diagram in Figure 3.1 

shows how a form captures information from a conversation in a retail domain along with 

the action that makes use of the information in the form. 

 
 

 

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

As a conversation progresses, the participants gradually fill in a form with pieces of 

information. They may also verify the correctness of the information as they try to fill it 

I want to buy scarves 

How many do 
you want? 

Two please 

client  agent 

Form: Order Form 

ProductName: scarves 

Quantity: two 

fill form 

Action: order_a_product 
 (order two scarves) 
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into the form. When the form is complete (when all of the required pieces of information 

are obtained) an action that associates with the form is ready to be executed. The purpose 

of a goal-directed conversation is to fill one or more forms and to ensure that the 

information is consistent.How each utterance affects the form and its content is described 

in the next section. 

3.1.2 Form operators 

In the form-based dialog structure framework, when a participant speaks, his/her 

utterance is considered as an operator (or an operation) that operates on a form and its 

content. At the beginning of a dialog, an utterance fills the corresponding slot in the form 

with the concept enclosed in the utterance. When the form is complete and its associated 

action is ready to be taken, an utterance executes the action that is associated with the 

form or indicates that the action has been executed. After that, the subsequent utterances 

discuss the outcome of the action.  These three basic operations are fill_form, 

execute_form, and report_outcome, and are summarized in Table 3.1. If the 

participants are not satisfied with the outcome of the action, they may fill the form with 

different slot values and then re-execute 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 set of slot values get filled into the form 

through the same fill_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 operator uses the information 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 

examples are taken from various task-oriented domains as indicated in the last column of 

the tables. Air Travel is the Air travel planning domain described in Section 3.2; Bus 

Schedule is the Bus schedule inquiry domain described in Section 3.3; Map Reading is 

the Map reading domain described in Section 3.4; UAV is the UAV flight simulation 

domain described in Section 3.5. 

Besides the three 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 dialog. An example of a cancel operation illustrated in Table 3.1 is 

taken from the air travel planning domain when an agent canceled a clientôs previous 

operation, a fill_form operation which operated on the form of the second leg, in order to 

continue with the form of the first leg (the current sub-task). If a serious 



Chapter 3:Form-based Dialog Structure Representation 

 

58 

misunderstanding occurs the participant can use a start_over operator to clear the 

content of the current form and restart the sub-task all over again. 

Nevertheless, some 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, a request_repetition operator repairs a communication problem by 

requesting another dialog participant to repeat the previous utterance again. This operator 

doesnôt modify or use the content of the form. This group of operators can be regarded as 

a discourse-oriented operator while the first group of operators that directly manipulates 

the form and is listed in Table 3.1 is considered a task-oriented operator. Discourse-

oriented operators are listed in Table 3.2.  

Since the form-based dialog structure model uses the same form representation to 

represent domain-specific information in every task-oriented domain, the set of operators 

that can be used to manipulate the form representation is the same across all of the 

domains. Thus, the lists of form operators in Table 3.1 and Table 3.2 are domain-

independent. The consequence of the same operator is the same regardless of the domain. 

For example, a fill_form operator, which fills a specific slot in a form with 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 value) that are different. 

The effect of the fill_form operator on the corresponding form in the air travel planning 

domain and in the map reading domain are shown in Figure 3.2 and Figure 3.3 

respectively. However, the consequence of an execute_form operator is the only 

exception. Since the execute_form operator executes the domain-specific action that is 

associated with a form, its consequence is domain-dependent. Even though a list of form 

operators and their effects on a form are domain-independent, the expressions that are 

associated with each operator vary according to the characteristic of a task as illustrated 

by example expressions taken from dissimilar task-oriented domains in Table 3.1 and 

Table 3.2. 
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Operator Description Example utterance Domain 

initiate_form Initiate a new form (and a new sub-task) ñI also need a carò Air Travel 

fill_form Fill a slot in a form with a specific concept 

value 

 

ñIôd like to fly to Houston Texasò Air Travel 

ñI'm looking for a 41E leaving downtown Pittsburgh 

around three o'clockò 

Bus Schedule 

 

ñTo the left for about an inchò Map Reading 

ñAVO, radius of H-area is five milesò UAV 

execute_form 

 

Perform a domain-specific action that is 

associated with a form  

ñJust make the reservationò  Air Travel 

ñWe got a good photo for H-areaò  UAV 

report_outcome Report the outcome of an execute_form 

operator 

ñThat round trip fare is four hundred three dollars 

and fifty centsò 

Air Travel 

 

ñCurrently 7ı miles out from H-areaò UAV 

cancel Cancel the previous operator ñI would like to complete this leg firstò Air Travel 

start_over Clear the content of a form and restart the 

sub-task all over again 

ñStart againò Map Reading 

Table 3.1: A list of task-oriented operators 
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Operator Description Example utterance Domain 

acknowledge Show understanding of another participantôs previous 

utterance. (can be considered as a backchannel 

response) 

ñRightò Map Reading 

ñRogerò UAV 

request_repetition Request another participant to repeat the previous 

utterance 

ñPardon meò Bus Schedule 

ñPlease repeat that again one more 

time. F-area?ò 

UAV 

greeting A social utterance at the beginning of the 

conversation 

ñThank you for calling port authority 

this is Dalisa how may I help youò 

Bus Schedule 

 

closing A social utterance at the end of the conversation  ñOkay thank youò  Air Travel 

Table 3.2: A list of discourse-oriented operators
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Figure 3.2: A fill_form operator and its effect on the corresponding form in the air travel 

planning domain 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3: A fill_form operator and its effect on the corresponding form in the map 

reading domain 

The effect of a task-oriented operator listed in Table 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 task-oriented dialog, the effects of some utterances on a 

form may depend on a response from another participant. There are three types of 

response-dependent operators: request, suggest and confirm. Any task-oriented 

operator can be transformed into a request operator, a suggest operator, or a confirm 

operator (e.g. request_fill_form, suggest_fill_form, or confirm_fill_form). Examples of 

response-dependent operators are given in Figure 3.4. The names of the operators are 

Client:   (fill_form) i'd like to fly to  houston  texas 

           [ArriveCity] [ArriveState] 

 

 Form: flight query 

DepartCity:  
DepartState: 
DepartDate:   
DepartTime:  
ArriveCity: houston 

ArriveState: texas 

 

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:  
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enclosed in parentheses. The dialog in Figure 3.4 is taken from the air travel planning 

domain and is the same dialog as the one in Figure 3.12.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4: Examples of response-dependent 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 dialog in Figure 

3.4, an agent requested a client to fill_form with an ArriveCity . The client then 

responded by performing a fill_form operator that filled both ArriveCity  and 

ArriveState into a flight query form. The request operator by itself doesnôt affect the 

form; nevertheless, it creates an obligation on a listener to perform the requested 

operation. 

When a speaker requests that a listener perform an operation, the speaker doesnôt 

specify all of the parameters of the requested operation; it is up to the listener to choose 

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 form. The suggest_fill_form 

operator by itself didnôt fill any of these values into the form as a response from the client 

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   

    FlightInfo:[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 

          FlightInfo:[Airline] 

Client 15: (respond) yes 
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was required in order to decide which concept value should be used. The flight query 

form actually got filled in the fifth utterance by the fill_form operator which is the clientôs 

response to the agentôs suggest_fill_form operator.  

A dialog participant may verify the correctness of an operator and its parameters that 

have been specified earlier in a dialog with a confirmation utterance. To confirm the 

correctness of the fill_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 selected flight got 

filled into a flight reservation form. A confirm 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 utterance or 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 

distinguishable effect on a form. For instance, a clientôs turn in Figure 3.5 corresponds to 

two operators: respond and init_form. In the first part of the turn the client gave a 

negative response to an agent question about a car reservation while in the second part of 

the turn the client initiated a discussion about a hotel reservation.  
 

 

 

 

 

 

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

I would like to note that even though a form operator describes the role of an 

utterance in a task-oriented 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 form-based dialog structure 

representation than on form operators since the form-based representation models 

domain-dependent components which have to be acquired in every new domain while a 

list of form operators is domain-independent and is pre-specified. 

3.1.3 Task and sub-task decomposition 

A list of actions constrains how a task is decomposed into a set of sub-tasks in each 

domain. An action in the form-based dialog structure representation is defined as a 

process that uses the information gathered during the conversation to create an outcome 

 

Agent:  (suggest_init_form)  do you need a car 
Client:  (respond)   no 
              (init_form)  but I do need a hotel 
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that contributes toward the conversation goal. The outcome can be the desired piece of 

information, such as the inquired departure time from a bus schedule, or a new dialog 

state that is closer to the desired goal state. However, a process through which a dialog 

participant acquires each piece of information is not considered as an action. For 

instance, in a retail domain, obtaining a product name or a quantity from a client is not an 

action; it fills a form in preparation for eventual execution of the corresponding action. 

But using the product name and the quantity to make an order is an action since this 

process makes a dialog reaches its goal state.  

Usually, an action is observable from a verbal expression that associates with it (for 

example, ñlet me look that up for youò) or from a physical action (for example, an 

operator types a query and submits it to a database system). Another indication of an 

action that can be observed is a discussion of the new information obtained from the 

execution of the action. A retrieved departure 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). A grounding action associates a word with its definition 

or its properties. This knowledge is stored for future reference. If a dialog participant only 

memorizes the knowledge, neither physical action nor verbal expression occurs. 

Nevertheless, the process that discusses the term and the information regarding its 

definition and properties are observable. The grounding process is considered a sub-task 

which corresponds to a grounding action while the term, its definition, and properties are 

concepts. The grounding process is further discussed in Section 3.4 and 3.5 when the 

structures of dialogs in the map reading domain and the UAV flight simulation domain 

are analyzed respectively. 

The definition of an action in the form-based dialog structure representation is 

different from the one in the plan-based model discussed in Section 2.1.2.3. The action in 

the plan-based model is a communicative action expressed by an utterance and is usually 

represented by a speech act. The communicative action is more fine-grained and captures 

a speakerôs intention rather than a physical action while the action in the form-based 

representation occurs at the end of an information-exchanging sub-dialog and is defined 

as a process (usually observable) that uses the exchanged information to create an 

outcome that contributes toward the conversation goal. 

I would like to note that the notions of AccessFrame and attribute proposed by Hardy 

et al. (2003) and reviewed in Section 2.1.3 are fairly similar to the notions of task and 

concept in the proposed form-based dialog structure representation. However, the form-

based representation offers a richer representation by providing a hierarchical structure of 
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tasks and sub-tasks rather than a flat structure. The form-based representation also 

provides a more general definition for each dialog structure component and is, therefore, 

applicable to various types of task-oriented domains. Since Hardyôs dialog structure 

representation is based on the DAMSL annotation scheme, it restricts itself to the 

information available at the level of utterance (e.g. an AccessFrame only describes a task 

that corresponds to each utterance) and does not describe an aggregate structure over 

multiple utterances. The intentional structure in Grosz and Sidnerôs Theory of discourse 

structure (Grosz and Sidner, 1986) is also closely related to the structure of tasks and sub-

tasks. However, the intentional structure is influenced by discourse segment purposes and 

their relations rather than domain-specific actions, which capture the characteristics of the 

tasks more directly, as in case of the form-based dialog structure representation. 

To model the structure of a dialog in a new task-oriented domain with the form-based 

dialog structure representation, a list of tasks, sub-tasks, and concepts in that domain has 

to be identified. This list can be considered as a domain-dependent tagset and is not pre-

specified by the form-based representation but will be identified from in-domain dialogs. 

The notions of task, sub-task, and concept defined in this section can be regarded as 

meta-tags and are domain-independent. A summary of task, sub-task, and concept 

definitions are given in Figure 3.6. 

For consistency, I will use the following formatting styles to mark tasks, sub-tasks, 

concepts, and actions in the rest of this thesis document. 

ǒ Task and sub-task types are marked in bold with ñ_ò connects all the words 

together, e.g. create_an_itinerary and grounding. 

ǒ Concept types are marked in bold with all the first letter of each word 

capitalized e.g. ProductName and Quantity . 

ǒ All task, sub-task and concept instances are marked with double quotation 

marks e.g. ñblueò and ñgreenò. 

ǒ Actions are marked in bold italic with ñ_ò connects all the words together e.g. 

make_a_flight_reservation. 
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Figure 3.6: The summary of the form-based dialog structure representation 

3.2 Air travel planning domain 

A dialog in an air travel planning domain is a conversation between an experienced 

travel agent and a client arranging a trip that includes plane, hotel and car reservations. A 

plane ticket reservation is mandatory while hotel and car reservations are optional. A trip 

can be either a domestic or an international one. In some conversations, a client may have 

multiple destinations. A corpus of human-human conversations in this domain was 

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

process is described in (Eskenazi et al., 1999). Figure 3.7 shows a transcript of a recorded 

conversation in the air travel planning domain. The number that follows the speaker label 

is an utterance ID. The transcript also includes some noises and fillers (e.g. /UH/ and 

*PAUSE*) made by both participants and from the environment. Examples of dialog 

structure analysis discussed in this section are drawn mainly from this dialog. 

 

 

 

Task is a subset of a dialog that has one specific goal 
ǒ A dialog corresponds to one task if it has only one goal 
ǒ A dialog corresponds to a set of tasks if it has multiple goals and each task 

may stand alone as a separate dialog 
ǒ 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* 
ǒ 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  
ǒ the information necessary for performing an action 
ǒ the information about the outcome of an action 

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

*An action is a process that uses related pieces of information stored in a form to 
ǒ create a new piece of information (for example, through computation or 

database retrieval) 
or,  
ǒ 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. 
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Figure 3.7: An example dialog in the air travel planning domain  

Client 1: HELLO 
Agent 2: /H#/ HI PEOPLE'S TRAVEL WHAT CITY WOULD YOU LIKE TO FLY TO 
Client 3: I'D LIKE TO FLY TO HOUSTON TEXAS 
Agent 4: INTO INTERCONTINENTAL AIRPORT OR HOBBY 
Client 5: AT THE /UH/ INTERCONTINENTAL 
Agent 6: AND DEPARTING PITTSBURGH ON WHAT DATE 
Client 7: DEPARTING ON FEBRUARY TWENTIETH 
Agent 8: WHAT TIME WOULD YOU LIKE TO DEPART PITTSBURGH 
Client 9: /UM/ EARLY MORNING NOT BEFORE SEVEN 
Agent 10: OKAY U.S. AIRWAYS HAS A NON-STOP AT TEN OH FIVE A.M. YOU'LL ARRIVE INTO 

HOUSTON AT TWELVE TWENTY P.M. 
Client 11: IS THERE AN EARLIER FLIGHT 
Agent 12: THE ONLY FLIGHT I 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 

Client 13: THAT'S OKAY I'LL TAKE THAT 
Agent 14: YOU'LL TAKE THE CONTINENTAL FLIGHT 
Client 15: YES 
Agent 16: AND WHAT DAY WOULD YOU BE RETURNING 
Client 17: ON /UM/ *PAUSE* MONDAY FEBRUARY TWENTY THIRD 
Agent 18: WHAT TIME WOULD YOU LIKE TO DEPART HOUSTON 
Client 19: AROUND FIVE P.M. 
Agent 20: I HAVE A NON-STOP ON CONTINENTAL DEPARTING HOUSTON AT SIX FORTY FIVE 

P.M. ARRIVING INTO PITTSBURGH AT TEN TWENTY THREE P.M. 
Client 21: OKAY 
Agent 22: THAT ROUND TRIP FARE IS FOUR HUNDRED THREE DOLLARS AND FIFTY CENTS 
Client 23: OKAY 
Agent 24: WOULD YOU LIKE ME TO MAKE THE RESERVATION AND DID YOU NEED A CAR 
Client 25: YEAH 
Agent 26: THEY LEAST EXPENSIVE RATE I HAVE WOULD BE WITH THRIFTY RENTAL CAR AT 

THE HOUSTON AIRPORT FOR THE WEEKEND RATE OF TWENTY THREE NINETY A 
DAY 

Client 27: OKAY 
Agent 28: WOULD YOU LIKE ME TO BOOK THAT CAR FOR YOU 
Client 29: YES 
Agent 30: OKAY AND WOULD YOU NEED A HOTEL WHILE YOU'RE IN HOUSTON 
Client 31: YES 
Agent 32: AND WHERE AT IN HOUSTON 
Client 33: /UM/ DOWNTOWN 
Agent 34: OKAY 
Agent 35: DID YOU HAVE A HOTEL PREFERENCE 
Client 36: /UM/ ANYTHING HILTON #NOISE# MARRIOTT 
Agent 37: I HAVE A MARRIOTT IN DOWNTOWN HOUSTON FOR ONE OH NINE A NIGHT 
Client 38: OKAY 
Agent 39: WOULD YOU LIKE ME TO BOOK THAT 
Client 40: YES 
Agent 41: OKAY 
Agent 42: WOULD YOU LIKE TO PURCHASE THE TICKET TODAY OR JUST MAKE THE 

RESERVATION 
Client 43: /H#/ JUST MAKE THE RESERVATION 
Agent 44: I CAN HOLD THAT TICKET FOR YOU UNTIL TOMORROW AT FIVE P.M. IF YOU 

COULD PLEASE CALL US BY THEN 
Client 45: OKAY 
Agent 46: OKAY THANK YOU 
Client 47: THANK YOU #CUT_IN# 
Agent 48: BYE BYE 
Client 49: YEAH BYE 



Chapter 3:Form-based Dialog Structure Representation 

 

68 

A conversation in the air travel domain is an information-accessing task. In this 

domain, a travel agent helps a client arrange an air-travel itinerary by retrieving flight, 

hotel, and car rental information from a backend database. In order to do so, the client has 

to provide the agent with his/her preferences and constraints on the itinerary. Since 1) the 

conversation goal is achieved by performing domain actions (retrieving information from 

the database and making a travel 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 form-based dialog structure representation. Thus, a dialog in this domain could be 

modeled by the form-based 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 create an air-travel 

itinerary for a trip. In each conversation, a client usually has only one trip in mind; 

therefore, the entire dialog corresponds to a single task, create_an_itinerary. However, 

in some cases, a client may want to arrange several trips in one conversation. In that case, 

a dialog corresponds to several create_an_itinerary tasks; one for each trip. 

An air-travel itinerary consists of three types of reservations: a plane ticket 

reservation, a hotel reservation, and a car rental reservation. A plane ticket reservation is 

accomplished through a make_a_flight_reservation action. Similarly, a hotel reservation 

and a car rental reservation are achieved by a make_a_hotel_reservation action and a 

make_a_car_reservation respectively. Hence, the create_an_itinerary  task is 

decomposed into three sub-tasks, one for each type of reservation (flight, hotel, and car). 

All types of reservations are regarded as sub-tasks instead of tasks even though each of 

them has a clear goal (to make a specific type of reservation) because they belong to the 

same itinerary and there is also some dependency between them as will be discussed later 

in this section. Figure 3.8 shows a decomposition of the task create_an_itinerary into 

three sub-tasks: reserve_flight, reserve_hotel, and reserve_car together with their 

corresponding forms and actions. The detail of each form is omitted and will be discussed 

later on. 

If a trip has multiple destinations, an itinerary may contain more than one plane ticket 

reservation as well as multiple hotel and car reservations. In that case, a dialog may 

contain multiple instances of reserve_flight, reserve_hotel, and reserve_car sub-tasks. 

On the other hand, in some conversations, reserve_hotel, and/or reserve_car sub-tasks 

are optional. Only a reserve_flight sub-task is mandatory in this domain.  
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Figure 3.8: A task, sub-tasks and their corresponding forms and actions in the air travel 

planning domain 

A reserve_flight sub-task can be further decomposed. To make a flight reservation 

for a round trip, an agent needs to know the flight that a client would like to take for each 

leg of the trip (i.e. a departure flight and a return flight). The client must provide criteria 

of the preferred flight for each leg to the agent who then retrieves flight(s) that matches 

the given criteria from a database. Therefore, a reserve_flight sub-task is then 

decomposed into two query_flight_info  sub-subtasks, one for each 

retrieve_flight_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, an ArrivalTime , an Airline , etc. These are concepts in 

a flight query form associated with a query_flight_info  sub-subtask. Since 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 in Figure 3.7, a client would like to reserve a round trip flight from 

Pittsburgh to Houston. Two flight query forms, one for each leg of the round trip 

reservation, are shown in Figure 3.9. Only the slots that are discussed in the dialog are 

presented in the forms. In some examples, detailed representation and annotation are 

omitted for a display purpose. Some concept names may be shortened and structured 

concept components may be excluded. For example, a DepartureDate is a structure 

concept consists of a Month  and a Date, but for simplicity we only represent it as 

ñDepartDate: February twentiethò instead of ñDepartDate: Month:  February Date: 

Dialog A 
 
 
 
 
Goal: create 
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reserve_flight 
 
 
 

: 
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Sub-task:  
reserve_hotel 
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twentiethò in the flight query form. A dialog structure annotation of the conversation in 

Figure 3.7 is given at the end of this section. 

The result of a retrieve_flight_fromDB action is the information of the flight(s) that 

matches the given criteria. ñCONTINENTAL AIRLINES THAT'S AT SIX THIRTY A.M. ARRIVE 

HOUSTON AT EIGHT FIFTYò excerpted from Utterance 12 in Figure 3.7 is one example of 

the result. This piece of information can be regarded as a structured concept FlightInfo , 

which composes of an Airline  ñContinentalò, a DepartTime ñsix thirty a.m.ò, an 

ArriveCity  ñHoustonò, and an Arrive Time ñeight fiftyò. A FlightInfo  is a structured 

concept that refers to a particular flight and will be used by a travel agent to make a flight 

reservation.  

 

 

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

trip reservation 

In many cases, there is more than one flight that matches a clientôs criterion. The 

client needs to select only one flight from a list of flights returned by a 

retrieve_flight_fromDB action. After the client select the desired flight, the FlightInfo  of 

the selected flight gets filled into a flight reservation form. When all required FlightInfos 

for that trip are obtained, e.g. two for a round trip, an agent will perform a 

make_a_flight_reservation action. Figure 3.10 shows a flight reservation form that 

Form: flight query 

DepartCity: Pittsburgh 
ArriveCity: Houston 
ArriveState: Texas 
ArriveAirport: 

Intercontinental airport 
DepartDate:   
 February twentieth 
DepartTime:  
 early morning  
 not before seven 

: 

Action:  retrieve_flight 
 fromDB  
 
Retrieve a flight that 
matches the criteria in a 
flight query form from a 
database 

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

Form: flight query 

 

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

 

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

 

: 

Action:  retrieve_flight 
 fromDB  
 
Retrieve a flight that 
matches the criteria in a 
flight query form from a 
database 

 
 
Sub-subtask:  
query_flight_info 
 

 
 
Sub-subtask:  
query_flight_info 
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contains two FlightInfos , one for each leg of the trip, retrieved by two 

retrieve_flight_fromDB actions in Figure 3.9. In some conversations, a flight reservation 

form may contain additional concepts such as a clientôs Name and a PaymentMethod. 

These additional concepts may not be discussed in some dialogs such as the one in Figure 

3.7 because an agent may already have that information in a clientôs profile.  

Figure 3.10: A reserve_flight sub-task and the corresponding form and action for a round 

trip reservation 

Another action that may occur in a reserve_flight sub-task is a retrieve_flights_fare 

action. A client may want to know the ticket price before making a reservation. Normally 

a ticket fare is based on all of the flights in the itinerary together. For example, a round 

trip fare is usually cheaper than the summation of two one-way fares. Therefore, the 

retrieve_flights_fare action requires information of all of the flights in an itinerary. Since 

a FlightInfo  is an outcome of a retrieve_flight_fromDB action, a query_flights_fare 

sub-subtask, which corresponds to a retrieve_flights_fare action, occurs after all 

query_flight_info  sub-subtasks. Figure 3.11 shows a fare query form for retrieving a 

ticket fare of a round trip ticket in Figure 3.9. 

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:  
 

 
 
 
 
 
Sub-task:  
reserve_flight 
 
 
 

: 

Action:  make_a_flight      
reservation  

 
Make a reservation for 
ña Continental flight 
departing at six thirty 
a.m. arriving Houston at 
eight fiftyò and ña 
Continental flight 
departing Houston at 
six forty-five p.m. 
arriving Pittsburgh at 
ten twenty-three p.m.ò 
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Figure 3.11: A fare query form and its corresponding action. 

Since actions and the corresponding forms for reserve_hotel, and reserve_car sub-

tasks are quite similar, I only discuss a reserve_hotel sub-task in this section. In a 

reserve_hotel sub-task, a client first specifies the criteria of the hotel room that he/she 

would like to reserve such as a HotelName and an Area of a city. These concepts are 

filled into a hotel query form which is then used by an agent to retrieve hotel room(s) that 

matches the given criteria from a database via a retrieve_hotel_info_fromDB action. An 

example of a hotel query form is given in Figure 3.13 (f). query_hotel_info is a sub-

subtask under a reserve_hotel sub-task 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 particular hotel room retrieved from a database. 

The client has to select only one hotel room from a list of hotel rooms retrieved by a 

retrieve_hotel_info_fromDB action. The selected HotelInfo  gets filled into a hotel 

reservation form as illustrated in Figure 3.13  (g).  

A reserve_hotel sub-task is less complex than a reserve_flight sub-task. A hotel for 

each stop in an itinerary can be reserved separately while all of the flights should be 

reserved together as in the case of a round trip. Hence, only one HotelInfo  is required in 

each hotel reservation form while a FlightInfo of every leg in the itinerary is required for 

a flight reservation form. Hotel fare is also associated with an individual hotel room; 

therefore, it can be retrieved from a database by the same retrieve_hotel_info_fromDB 

action as other information in a HotelInfo . A separate retrieve_hotel_fare action is not 

necessary. 
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query_flights_fare 
 
 
 

: 

Action: retrieve_flights_fare  
 
Retrieve a round trip fare for 
ña Continental flight departing 
at six thirty a.m. arriving 
Houston at eight fiftyò and ña 
Continental flight departing 
Houston at six forty-five p.m. 
arriving Pittsburgh at ten 
twenty-three p.m.ò 
 

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. 
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Table 3.3 summarizes the structure of a dialog in the air travel planning domain. The 

hierarchical structure of tasks and sub-tasks is indicated by the numbering in the first 

column. Examples of related concepts for each task or sub-task are presented in the last 

column. 

 

ID Name Associated action Related concepts 

Task 1 create_an_itinerar

y 

  

Sub-task 1.1 reserve_flight make_a_flight_reservation FlightInfos, Name, 

PaymentMethod 

Sub-subtask 1.1.1 query_flight_info retrieve_flight_fromDB DepartCity, ArriveCity, 

DepartTime, DepartDate 

Sub- subtask 1.1.2 query_flights_fare retrieve_flights_fare FlightInfos 

Sub-task 1.2 reserve_hotel make_a_hotel_reservation HotelInfo, Name, 

PaymentMethod 

Sub- subtask 1.2.1 query_hotel_info retrieve_hotel_info_fromD

B 

HotelName, Area 

Sub-task 1.3 reserve_car make_a_car_reservation CarInfo, Name, 

PaymentMethod 

Sub- subtask 1.3.1 query_car_info retrieve_car_info_fromDB RentalCompany, 

CarSize 

Table 3.3: Task, sub-tasks and their corresponding actions and concepts in the air travel 

planning domain 

Figure 3.12 illustrates a dialog structure annotation for the conversation in Figure 3.7. 

In this example, the entire dialog corresponds to one task create_an_itinerary; therefore, 

only sub-task and sub-subtask boundaries are illustrated. 

The following notions are used to illustrate the structure of a dialog. 

ǒ The bracket on the left shows the boundaries of a sub-task while the bracket 

on the right shows the boundaries of a sub-subtasks 

ǒ An instance of a concept is underlined and the concept name is enclosed in a 

square bracket underneath it.  

ǒ The name of the structured concept is placed on the left-handed side next to 

its component names. For simplicity the annotation of some structured 

concept components are excluded. For example, the full annotation for 

ñfebruary twentiethò is DepartDate:[[Month][Date]] . 

ǒ (action: é) indicates approximately when an action occurs in a conversation  



Chapter 3:Form-based Dialog Structure Representation 

 

74 

This dialog consists of three sub-tasks: reserve_flight (round trip), reserve_car, and 

reserve_hotel. The criteria for an out-bound flight and an in-bound flight are captured in 

the flight query forms in Figure 3.13 (a) and (b) respectively. The flights that a client 

selected are presented in a flight reservation form in Figure 3.13  (c) under FlightInfo  

concepts. Both concepts were used to retrieve a Fare in a query_flights_fare sub-

subtask.  A separate fare query form is not presented. The make reservation part of the 

flight reservation was interrupted by the discussion of the car reservation. It was resumed 

at the end of the conversation. Information about a clientôs name and a payment method 

were omitted in this dialog. 

There are a lot of dependencies among a flight reservation, a car reservation, and a 

hotel reservation. An agent did not need more information about a rental car from the 

client as all of the concepts required in a car query form. For instance, PickUpDate and 

PickUpTime could be inferred from the information of the selected flights. These 

implicit concepts are marked in italic in the car query form in Figure 3.13  (d). The 

information of the car that the client reserved is shown in Figure 3.13  (e). For the hotel 

reservation, the agent inquired a preferred Area and HotelName from the client in 

addition to a CheckInDate and a CheckOutDate that can be inferred from the selected 

flights. The hotel query form and the hotel reservation form are shown in Figure 3.13  (f) 

and (g) respectively. Implication of implicit concepts and interrupted sub-tasks on dialog 

structure learning is discussed in Section 3.8. 
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Figure 3.12: An example of dialog structure annotation in the air travel domain  

Client 1: hello 

Agent 2: hi people's travel what city would you like to fly to 

Client 3: i'd like to fly to houston texas 

        [ArriveCity] [ArriveState] 

Agent 4: into intercontinental airport or hobby 

       [ArriveAirport] [ArriveAirport] 

Client 5: at the intercontinental 

           [ArriveAirport] 

Agent 6: and departing pittsburgh on what date 

               [DepartCity] 

Client 7: departing on february twentieth 

          [DepartDate] 

Agent 8: what time would you like to depart pittsburgh 

                [DepartCity] 

Client 9:  early morning not before seven 

   [DepartTime] 

Agent 10: 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] 

Client 11: is there an earlier flight 

Agent 12: 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] 

Client 13: that's okay i'll take that 

       FlightInfo:[FlightRef] 

Agent 14: you'll take the continental flight 

        FlightInfo:[Airline] 

Client 15: yes 

Agent 16: and what day would you be returning 

Client 17: on monday february twenty third 

   [DepartDate] 

Agent 18: what time would you like to depart houston 

            [DepartCity] 

Client 19: around five p.m. 

          [DepartTime] 
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Figure 3.12: An example of dialog structure annotation in the air travel domain (cont.) 

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] 

Client 21: okay 

Agent 22: ( action:  retrieve_flights_fare )  

 that round trip fare is four hundred three dollars and fifty cents 

       [Fare] 
Client 23: okay 

Agent 24: would you like me to make the reservation and do you need a car 

Client 25: yeah 

Agent 26: ( action:  retrieve_car_info_fromDB )  

 the least expensive rate i have would be with thrifty rental car  

      CarInfo:[RentalCompany] 

 at the houston airport for the weekend rate of twenty three ninety a day 

    CarInfo:[PickUpLoc]     CarInfo:[Fare] 

Client 27: 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: yes 

Agent 32: and where at in houston 

         [City] 
Client 33:  downtown 

  [Area] 

Agent 34: okay 

Agent 35: did you have a hotel preference 

Client 36: anything hilton   marriott 

   [HotelName]   [HotelName] 

Agent 37: ( action:  retrie ve_hotel_info_fromDB )  

 i  have  a   marriott   in   downtown   houston   for one oh nine a night 

       HotelInfo:[HotelName]  HotelInfo:[Area] HotelInfo:[City] HotelInfo:[Fare] 

Client 38: okay 

Agent 39: would you like me to book that 

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 

Client 43: just make the reservation ( action:  make_a_flight_reservation )  

Agent 44: i can hold that ticket for you until tomorrow at five p.m. if you could please call us by then 
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Figure 3.13: All of the forms that correspond to the dialog structure annotation in the air 

travel domain presented in Figure 3.12  

Form: flight query 

DepartCity: Houston 
ArriveCity: Pittsburgh 
DepartDate: Monday February  
                      twenty third 

DepartTime: five p.m. 

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. 

Fare: four hundred three dollars  

        and fifty cents 

Name: 

PaymentMethod: 

Form: hotel reservation 

HotelInfo: 
 City: Houston 
 Area: downtown 
 HotelName: Marriott 
 Fare: one oh nine a night 
Name: 
PaymentMethod: 
 
 
 
 
 
 
 
 
 

Form: hotel query 

City: Houston 
Area: downtown  
HotelName: Hilton, Marriott 
CheckInDate: February twentieth   

CheckOutDate: February twenty third 

Form: car query 

PickUpLoc: Houston 
PickUpDate: February twentieth 
PickUpTime: after eight fifty 
DropOffLoc: Houston 
DropOffDate: February twenty third 
DropOffTime: before six forty-five p.m. 

 

Form: flight query 

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

   airport 
DepartDate:  February twentieth 
DepartTime: early morning  

                      not before seven 

Form: car reservation 

CarInfo: 
 PickUpLoc: Houston airport 
 RentalCompany: Thrifty 
 Fare: twenty three ninety a day 
Name: 
PaymentMethod: 
 
 
 
 
 
 
 
 
 

(a) 

(b) (c) 

(d) (e) 

(f) (g) 
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3.3 Bus schedule inquiry domain 

Conversations in the bus schedule inquiry domain are taken from the Letôs Go corpus 

(Raux et al., 2003). This corpus is a collection of calls to the Pittsburgh Port Authority 

Transit system enquiring about the bus schedule and other related issues such as lost-and-

found and driver behavior complaint. Each conversation is a telephone conversation 

between a help desk operator and a client. We selected those conversations that involved 

enquiries about the bus schedule for the analysis. An example of dialogs in this domain is 

shown in Figure 3.14. The number that follows the speaker label is an utterance ID. The 

transcript also includes some noises and fillers (e.g. /um/ and /feed/) made by both 

participants and from the environment. 
 

Figure 3.14: An example dialog in the bus schedule enquiry domain 

A conversation in the bus schedule inquiry domain is considered an information-

accessing task similar to a conversation in the air travel planning domain discussed in the 

previous section. In this domain, an operator helps a client find the desired bus 

information by looking up the information from the bus schedule. In order to do so, the 

client has to provide enough criteria to do the search. Since 1) the conversation goal is 

achieved through the execution of a domain action (looking up the information from the 

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 assumptions made by the form-based dialog structure 

representation. Therefore, a dialog in this domain could be modeled by the form-based 

representation. Detailed analysis of the structure of a bus schedule inquiry dialog is given 

below. 

The goal of a conversation in this domain is to obtain information about the bus 

schedule. However, unlike a conversation in the air travel planning domain, a clientôs 

specific goal may vary from dialog to dialog depending on the specific piece of 

information that the client would like to obtain from the bus schedule (e.g., the time that a 

specific bus leaves a given bus stop location, or the numbers of the buses that run 

between two locations).   

Operator 1:  thank you for calling port authority this is dalisa how may i help you 
Client  2:  yeah /feed/ i'm looking for a 41E leaving downtown pittsburgh /um/ 

around three o'clock 
Operator 3:   there would be one due at two_forty_five three_seventeen or 

three_forty_five 
Client 4: ok thank you 




