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Abstract. Two key objectiv es of conversational case-basedreasoning
(CCBR) systems are (1) eliciting casefacts in a manner that minimizes
the user's burden in terms of resourcessuch as time, information cost,
and cognitiv e load, and (2) integrating CBR with other problem solving
modalities. This paper proposesan architecture that addressesboth these
goalsby integrating CBR with a discourse-oriented dialogue engine. The
dialogue engine determines when CBR or other problem-solving tech-
niques are needed to achieve pending discourse goals. Conversely, the
CBR component has the full resourcesof a dialogue engine to handle
topic changes,interruptions, clari�cation questions by either the user or
the system, and other speech acts that arise in problem-solving dialogues.

1 In tro duction

Conversational case-basedreasoning(CCBR) is intended to improve the inter-
action betweenusersand CBR systemsby eliciting casefacts in a manner that
minimizes the user'sburden in terms of resourcessuch astime, information cost,
and cognitive load. The goalof improving the interaction betweenusersand CBR
systemsgivesrise to a number of distinct issues:

1. Minimizing the number or cost of questionsby determining the most infor-
mative question to ask at each stageof an interaction.

2. Giving userscontrol over the degreeto which initiativ e is held by the system
or user.

3. Enabling the systemto explain both why a question was asked and how the
system'sanswer was reached.

4. Handling interruptions (temporary topic shifts) and subgoals(providing in-
formation the userneedsto answer a systemquestion,or eliciting information
neededto answer a question the user is unable to answer).

5. Permitting usersto ask clarifying questions.
6. Enabling the system to ask usersclarifying questionswhen necessary.
7. Integrating CBR with other problem-solving modalities that can answer

questionsthat would otherwise have to be posedto the user.



Most previous work in CCBR has focusedon the �rst of these issues,mini-
mizing the number of questionsasked by the system.Approachesto minimizing
questionsthat have beenexplored include inferring answers to redundant ques-
tions [Aha et al., 1998], recognizingthe earliest point in the dialogueat which no
more questionsare required [McSherry, 2003], and ordering questionsby infor-
mation gain [Doyle and Cunningham, 2000,McSherry, 2001] or similarit y vari-
ance[Kohlmaier et al., 2001].

Recent research hasfocusedon CCBR asa dialogueamenableto the standard
tools of discourseanalysis.For example,[G•oker and Thompson, 2000] identi�ed
a set of dialogueoperators applicable to CCBR, and [Bridge, 2002] modeled the
interactions in CCBR through a dialogue grammar. As CBR becomesincreas-
ingly embedded in general problem-solving agent architectures, rather than in
stand-aloneapplications, these issueswill becomeincreasingly important.

This paper presents a general architecture for CCBR called the Discourse
Goal Stack Model (DGSM). The next section brie
y summarizesthe key issues
in dialogue management. Section 3 outlines the DGSM architecture. Section 4
describesan implementation of this architecture in RealDialog, a conversational
agent for customer relationship management.

2 Dialogue Managemen t

A long-term goal of the computational linguistics communit y hasbeento devise
a conversational agent capable of interacting with humans in two-way natural
languagedialogue. Although a general natural languageunderstanding facilit y
is not in sight, with ever increasing compute cycles at their disposal, design-
ers of conversational agents are approaching their goal at an acceleratingpace.
In addition to pursuing the fundamental research goals of creating a domain-
independent architecture that can provide the languagefunctionalities required
by a conversational agent, computational linguists are motivated by the promise
of creating conversational interfaces that can serve as the front-end to other,
often complex,automated reasoningsystems.By augmenting automated reason-
ing systemswith dialogue functionalities, conversational interfacescan facilitate
collaborative,mixed-initiativ e interactions in which problem-solving responsibil-
ities are sharedby the userand the application. We believe that a conversational
CBR architecture that provides tightly integrated dialoguecapabilities can take
advantage of the communicative functionalities of conversational agents.

In the broadest formulation of the problem, conversational agents engagein
spoken dialogues that are mixed-initiativ e, i.e., either the human or the agent
can have control of the dialogue at a particular \turn" [Sene�, 2002]. Thesedi-
aloguesare characterized by all of the complexities that typify human-human
conversations.For example, human-human dialoguesfrequently exploit the dis-
coursecontext to e�ectiv ely communicate using anaphora (using context-based
referring expressionssuch aspronouns)and ellipsis (employing phrasesthat omit
key syntactic components that are implicit).



Creating an end-to-endspoken dialogue systemrequiressolving two families
of problems: speech processingand natural languageprocessing.In the classic
architecture, speech recognition and speech synthesismodulesbracket the natu-
ral languagepipeline. The natural languagepipeline itself proceedsfrom natural
languageunderstanding through dialogue management and closesthe loop with
natural languagegeneration.Dialogue management lies at the heart of conversa-
tional agent architectures. Dialogue managersare assignedresponsibilit y for two
key problems: (1) ensuring that conversationsare coherent acrossmultiple inter-
actions, and (2) supporting mixed-initiativ e interactions that achieve both the
user's and the system's goals [Rudnicky and Xu, 1999]. In this work, we draw
exclusively from the natural languagework on conversational agents.

One can distinguish three fundamental architectures for performing dialogue
management [Allen et al., 2000,Rudnicky and Xu, 1999]. First, graph-based ar-
chitectures (sometimes referred to as \call-
o w based systems") employ �nite
state machinesto guideall interactions. Graph-basedapproacheso�er the advan-
tage of well-structured dialogueswhosegive-and-take can be clearly anticipated
in advance. If a designercan lay out questionsand expected alternate possible
responsesin a tree, e.g., making an operator-assisted long distance call, then
at runtime the conversational agent can respond e�ectiv ely to each of the pos-
sible \mo ves" that the user can make. However, graph-basedapproachessu�er
from a rigidit y that prohibits them from dealing well with unexpected conver-
sational moves. Unless the designercan know in advance with high con�dence
what possiblestructure the dialogueswill have, graph-baseddialogue managers
will encounter unexpected statements, questions,and imperatives of usersand
will fail to react in a manner that is helpful. This limitation is particularly prob-
lematic when dialoguesare to be mixed-initiativ e and user-initiated topic shifts
are the norm rather than the exception.

Second,slot-�l ling architectures (sometimesreferred to as \frame-based" ar-
chitectures) employ a feature vector with values to be determined during the
courseof the conversation. Slot-�lling dialoguemanagerspermit a broader range
of conversations and do not impose the same topic ordering restrictions that
graph-basedsystemsdo. For example, a simple travel reservation system could
use a slot-�lling architecture to determine the time of departure and arrival,
travel dates,and seatingpreferencesthat a prospective passengermight request.
Slot-�lling architectures work well for conversational agents designedto identify
values for a relatively small set of slots. However, they are ine�ectiv e for more
complicated tasks that require the user and the agent to collaboratively create
complex artifacts, e.g., forming a mission plan, creating a multi-faceted travel
itinerary , or synthesizing a design [Allen et al., 2001] and where issuessuch as
intent recognition and plan recognition are central.

Third, plan-based architectures o�er the most generaldialogue management
capabilities [Allen et al., 2001]. The �eld hasnot yet convergedon a singleplan-
basedarchitecture, but many e�orts have yielded dialogue managerswith one
or more of the following features.They may employ a planner to createdomain-



speci�c plans, the executionof which will solve the user'sproblem,1 they may use
an agendato adaptively driveall conversations,or they may incorporate an array
of domain-speci�c goal-handlersto perform arbitrary computations required to
expand particular components of a plan or script that represents the evolving
solution. In our work we draw on each of theseapproaches.

3 The Discourse Goal Stack Mo del

The DiscourseGoal Stack Model (DGSM) is basedon a view of CCBR asa spe-
cialized form of goal-oriented dialogue. The central tasks of CCBR|selecting
appropriate cases,eliciting case descriptions, and responding to requests for
clari�cation or topic changes|can all be viewed as handling speci�c types of
discoursegoals.We addressthesegoalsthrough a goal stack that (1) permits all
dialogue goalsto be handled in a uniform fashion and (2) handles interruptions
and subgoals,even when interleaved or nestedto arbitrary depth.

DGSM builds on the observation that there is a symmetry between the dis-
coursegoals that trigger CBR and the discoursegoals that arise in CBR when
the facts of a problem description are being elicited. When a system is engaged
in a dialogue with a user, the user may make direct or indirect requestsfor in-
formation that can only be answered if the systemelicits additional information
from the user.For example,if the userrequestsinformation that can be provided
through CBR, such as diagnostic or product selection information, the system
generally must elicit facts speci�c to the user's request, such as symptoms or
product requirements. Invoking CBR is thus one way among many of satisfying
the discoursegoal of providing information to a customer.

Similarly, during CBR a user may fail to understand a question, be unable
or unwilling to �nd out the answer, or temporarily changethe subject. Each of
theseevents givesrise to new systemdiscoursegoals,such asanswering the user's
request for clari�cation or satisfying the system'sneedto clarify a question.

DGSM consistsof a goal stack, a collection of discoursegoal types,a forest of
augmented transition networks (ATNs) in which nodes are discoursegoalsand
arcs are speech acts by the user or the system, and a goal handler responsible
for determining the appropriate action to take in responseto the goal at the top
of the stack. The goal handler selectsfrom among the following actions, based
on the value of the current top-of-stack and the most recent speech act by the
user:

1. If the current goal correspondsto a node in an ATN and the user'sutterance
is recognizedas a speech act matching a transition from that node, the goal
handler pops the stack and pushesthe node at the end of the transition.

2. If the current goal corresponds to a node in an ATN but the transition
contains a speech act by the system, the speech act is generated,the stack
is popped, and the top of stack is replaced by the node at the end of the
transition.

1 Similar techniques are used in non-natural-language-based approaches to mixed-
initiativ e interaction, e.g., [Rich and Sidner, 1998].



3. If the user'sutterance doesn't correspond to a transition from the state at the
top-of-stack but matchesan initial transition in another ATN, the utterance
is interpreted as a changeof topic. The state at the end of the transition is
therefore pushedonto the stack.

4. If the state at the top-of-stack is the end state of an ATN, it is popped.
5. If the top-of-stack is a goal that can only be achieved by an external module,

such as the case-basedreasoner,a constraint-satisfaction problem solver, or
an inferenceengine,the module is invoked.External modulesmay themselves
generatediscoursegoals.

The algorithm for DGSM's goal handler is depicted in Figure 1.

4 Case-Based Reasoning in DGSM

In DGSM, CBR is invoked when the goal handler encounters a selection goal,
that is, a goal that requires selecting one element from a set of entities, such
as diagnosesor inventory items, basedat least in part on information provided
by, or speci�c to, the user. DGSM is consistent with the standard CCBR model
[Aha et al., 1998] in assuming that each case is speci�ed by a unique set of
attribute/v alue pairs. Associated with each attribute is question text and type
information specifying acceptable answers (described in more detail below in
Section 4.1).

When a selection goal is encountered, the selection handler instantiates a
caseCollection object with a collection of initial hypothesescorresponding to the
selection goal. For example, if the system interpreted a statement by the user
as a request to troubleshoot a printer2 and the system had a collection of cases
corresponding to the goal of selectinga printer diagnostic state, a caseCollection
would be instantiated and the CBR module invoked by pushing its start state
onto the stack.

Initially , all casesassociated with the speci�c selection goal are candidates.
The CBR module iterativ ely selectsthe question that discriminates best among
the current candidate casesand posesit to the user until a unique caseremains
or there are no more questionsthat can discriminate among the remaining can-
didates. If there is a unique case,it is reported to the user;otherwise, the system
reports a failure.

Figure 2 depicts the CBR module. Circles represent discoursegoals,squares
and diamonds represent proceduresand branches, respectively, unitalicized arc
labels represent the propositional content of speech acts, and the arc labeled
\Call Dir ected Elicitation(Q) " causesthe Directed Elicitation ATN (shown in
Figure 3) to be invoked by pushing its start state onto the goal stack.

Becausethere is a unique set of hypothesesfor each selectiongoal, DGSM is
not limited to CBR in a single domain, but can handle an arbitrary number of
distinct selectiongoals.

2 The techniques for interpreting statements by usersused in RealDialog are set forth
below in Section 5.
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4.1 Directed Elicitation

Dir ected elicitation is a generalmechanism for leading the user to provide infor-
mation speci�c to a selectiongoalwhile permitting interruptions and clari�cation
questionsby either the system or the user. As mentioned above, each caseat-
tribute is associated with a question text and a speci�cation of the acceptable
answer type. After the CBR module hasselectedthe attribute that discriminates
best among the current hypotheses,it posesthe question corresponding to the
attribute and invokesdirected elicitation with the required answer type.

Figure 3 illustrates the structure of directed-elicitation ATNs. A directed-
elicitation ATN is invoked by pushing its start state onto the goal stack. The
goal handler asks the question corresponding to the transition from this start
state, then comparesthe user's utterance with the transition that is expected
from the get answer state. If the utterance expressesa value of the expected
type found, the value is recorded in a conversation variable, a global variable
representing information speci�c to the current dialogue.If the utterance doesn't
match the expected transition, then the goal handler searches for alternativ e
ATNs with initial transitions that match the utterance. If one is found, the
utterance is interpreted as an interruption, and the start state of the ATN with
the matching initial transition is pushed onto the stack. When the local end
state of this ATN is reached, it is popped and the dialoguecontext in which the
interruption occurred is restored.

Start
Directed

Elicitation

Get
answer

Local
end

Return
answer

Ask question

User: Answer
of required 

type

Store answer
 in variable

Fig. 3. The structure of directed-elicitation ATNs. A separatedirected elicitation ATN
exists for each question type.

Typical directed-elicitation ATN types include the following:

{ Yes/no
{ Selectionfrom list
{ Free text
{ Integer



{ Real
{ Integer range
{ Date
{ Date range
{ Date list

In addition to a directed-elicitation ATN, it is desirableto havea termination
ATN, as shown in Figure 4, to permit the user to end the CBR episode without
ending the dialogue with the system.

Clear stack
down to
selection

goal

I want to quitStart
terminate
diagnosis

Fig. 4. An ATN to permit a CBR episode to be terminated without ending the user's
dialogue with the system.

4.2 Example

The following highly simpli�ed exampleillustrates how the DGSM model permits
interruptions to be handled during a CBR interaction. Supposethat there is a
diagnostic caselibrary containing the following cases:

1. in
uenza
{ fever: true
{ rash: false

2. measles
{ fever: true
{ rash: true

3. dermatitis
{ fever: false
{ rash: true

4. food poisoning
{ fever: false
{ nausea:true

Supposethat the dialoguesystemincludesthe ATN shown in Figure 5, which
is intendedto recognizewhena requestfor diagnosishasbeenmadeand to trigger
a diagnosisselection.

Consider the following dialogue betweena user and a system:



Diagnosis
selection

goal

User: 
What is wrong 

with me?Start
diagnosis

Fig. 5. An ATN to identify when a request for diagnosis has beenmade and to trigger
a diagnosis selection.

...
User: What is wrong with me?
Agent: Do you have a fever?
User: Howdo I tell if I have a fever?
Agent: Measure your temperature with a thermometer.
User: Howhigh of a temperature is a fever?
Agent: A temperature above 37 is considered a fever.
User: Then I don't have a fever.
Agent: Do you have a rash?
...

In order for CBR to be triggered, the system must recognizethat the user's
�rst utterance matchesthe transition shown in Figure 5. When the goal handler
recognizesthe utterance matching the initial (and only) transition of the Figure 5
ATN, it pushesthe \Diagnosis selection goal" state onto the stack. The goal
handler instantiates a caseCollectionobject with the casescorresponding to this
diagnosisgoal, i.e., the four casesshown above, pops the goal, and pushesthe
�rst state of the CBR module onto the stack.

Sincethere is not a unique caseand there are multiple remaining questions,
the CBR module �nds the most discriminating attribute, in this casefever, poses
the question text to the user(\Do you havea fever?"), and pushesthe start state
of the directed elicitation ATN for Yes/No onto the stack.

The user's answer, \Ho w do I tell if I have a fever?", is not of the expected
type (it is neither an a�rmativ e nor a negative). If the systemcontains the ATN
shown in Figure 6, the goal handler (following the third branch in the diagram
shown in Figure 1) will push the secondstate of the top ATN in Figure 6 onto
the stack, produce the text corresponding to the transition from that state,
\Measure your temperature with a thermometer," and pop the local end state,
returning the stack to a state in which the top-of-stack is the secondstate in the
directed elicitation ATN.

The user's statement, \Ho w high of a temperature is a fever?", once again
doesnot match the transition from the state at the top of the goal stack, soagain
the system �nds an ATN whoseinitial transition matches the user's utterance,
i.e., the lower ATN in Figure 6, pushesthe secondstate in this ATN onto the
stack, and producesthe text corresponding to the transition from that state, \A
temperature above 37 is considereda fever."



The user'sstatement, \Then I don't have a fever," matchesthe transition in
the directed-elicitation ATN corresponding becauseit is a negative. The nega-
tiv e response is recorded in a conversation variable, the local end state of the
directed-elicitation ATN is popped, and the \Call directed elicitation" transition
in Figure 2 is completed, returning the CBR module to a state in which it tests
for a unique hypothesis.Sincethere is still no unique hypothesisand there is at
least oneremaining question, directed elicitation is invoked again, this time with
the rash attribute, giving rise to the system statement \Do you have a rash?"
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a fever?Start
recognize

fever

Agent: Measure your 
temperature with 
a thermometer  Local 

end

Provide
fever

definition

User: How high of 
a temperature 

is a fever?Start
fever

definition

Agent: A temperature 
above 37 is 

considered a 
fever  Local 

end

Fig. 6. ATNs providing the procedure to recognizea fever and the temperature thresh-
old for a fever.

This example illustrates how topic shifts intro duced by the user's need for
additional information to help answer the system's question are handled in a
simple and general fashion in a goal-stack architecture.

5 The Implemen tation of DGSM

Any implementation of DGSM must specify the modalit y in which users and
agents interact and the manner in which userutterancesare interpreted. DGSM
is implemented in RealDialog, a web-basedconversational agent for customer
relationship management. While RealDialog is an enterprise software system in
use at a number of companies,the implementation of DGSM in RealDialog is
an experimental component that is currently in the protot ype phase and has
not yet been used in commercial installations. RealDialog's interface is shown
in Figure 7. Users type queries into a text �eld, and answers are displayed in
a conversation area. Optionally , additional information can be displayed in a
web-display panel.

The full details of the interpretation of utterances are beyond the scope of
this paper (see [Lester et al., 2004] for a general discussionof utterance inter-
pretation in conversational agent architectures). However, the basic steps are
as follows. The �rst step is tokenization of the user's statement, that is, divi-
sion of the input in a seriesof distinct lexical entities. Tokenization includes



Agent: How can I help you?

User: I would like to buy a computer

Fig. 7. The RealDialog interface.



spell-correction and interpretation of apostrophes.The secondstep is syntactic
analysis. In RealDialog, this consistsof part-of-speech tagging and parsing. The
result of the tokenization, tagging, and parsing is a parsetree.

Parse trees often require reference resolution, interpretation of referring ex-
pressions,such as the \it" in, \I would like to buy it now." A related problem is
interpretation of ellipsis, that is, material omitted from a statement but implicit
in the conversational context.

In general,a dialoguesystemmust perform someform of pragmatic analysis,
that is, determining the speech or communication act [Searle,1969] that the
utterance performs. For example, \Can you reach the salt?" is in the form of a
question, but its pragmatic e�ect is a request for the salt. \I would like to buy
it now" is in the form of a declaration, but its pragmatic e�ect is also a request.
Similarly, the pragmatic e�ect of \Y es" is a request for more in response to
\W ould you like some more" but the opposite in response to \Ha ve you had
enough?"

In a stack-baseddialoguearchitecture like DGSM, pragmatic analysisis typ-
ically performed implicitly as a side-e�ect of the locality of ATNs. For example,
the meaning of a Yes/No answer obtained through directed elicitation depends
on the question to which the user's utterance is a response.In general,by com-
paring the user's utterance to the transitions from the current top-of-state, a
stack architecture biasesthe interpretation of an utterance toward the meaning
that is most appropriate in the current context.

RealDialog hasbeenin commercial usein enterprise installations since2002.
The primary customersare large commercialenterpriseswith extensive call cen-
ters. RealDialog has been employed both in \out ward-facing" deployments, in
which it is available to usersvisiting the business'sweb site, and \in ward-facing
deployments" in which it is used by customer service representativ es to help
�nd the answers to users' questionsmore e�cien tly . The primary functionalit y
usedby theseapplications is simply one-stepquestion answering, but the CCBR
component is an implemented component of the system.

6 Summary and Future work

This paper has described an architecture that integrates CBR with a discourse-
oriented dialogue engine. This architecture permits CBR or other problem-
solving techniquesto be selectedwhen neededto achieve pending discoursegoals
and, conversely, makes the full resourcesof a dialogue engineavailable to CBR
component to handle topic changes,interruptions, clari�cation questionsby ei-
ther the user or the system,and other speech acts that arise in problem-solving
dialogues.

The DGSM described in this paper is a �rst step in the integration of CBR
with discourse-oriented dialogue engines.In the enumeration of CCBR issuesin
the intro duction, DGSM addressesIssue2|giving userscontrol over the degree
to which the initiativ e is held by the system or the user|b y (1) taking the
initiativ e from the user in responseto discoursegoals that require questionsto



be answeredby the userbut (2) permitting the user to seizethe initiativ e at any
point. Issues4 and 5 are addressedby handling clarifying questionsand other
interruptions. Issue7|in tegrating CBR with other problem-solving modalities{
is addressedby embedding the CBR module in a dialoguesystemthat treats all
goalsin a uniform fashion.Under this approach, a singlegoal handler can invoke
whatever problem-solving modules have beenimplemented in a given system.

However, several issuesare not addressedby DGSM. DGSM doesnot in it-
self help with Issue3, enabling the systemto explain either why a question was
asked and how the system's answer was reached, and it is completely indepen-
dent of Issue1, minimizing questions.Issue6, enabling the system to ask users
clarifying questions, can be addressedin the DGSM framework. However, it is
a complex problem of interpretation to recognizewhen an utterance is relevant
but ambiguous, equivocal, or vague (and therefore in need of clari�cation), as
opposedto simply incoherent or irrelevant (and therefore a deviation from the
topic).

As noted above, the implementation of DGSM in RealDialog is an experimen-
tal component that hasnot beenusedin commercial installations. It doesnot in-
clude constraint relaxing dialoguesas proposedin [G•oker and Thompson, 2000]
to recover from situations in which no casesareconsistent with the attribute/v alue
pairs speci�ed by the user. RealDialog's tool suite doesnot currently include an
adequatecaseeditor, and the criteria for selectingthe most discriminating case
attribute is not customizable.However, RealDialog illustrates how CBR can be
integrated into a goal-stack architecture and how the resulting integration can
signi�can tly improve the 
exibilit y and robustnessof conversational case-based
reasoning.
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