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ABSTRACT

We consider the problem of dialogue adaptation in our Smart
Personal Assistant (SPA), which uses a plan-based dialogue
model. We present a novel way of integrating learning into
a BDI architecture so the agent can learn to select the most
suitable plan amongst those applicable, enabling the SPA to
tailor its responses according to the conversational context
and the user’s physical context, device and preferences.

Categories and Subject Descriptors

1.2.1 [Artificial Intelligence]: Applications and Expert
Systems—natural language interfaces; 1.2.11 [Artificial In-
telligence]: Distributed Artificial Intelligence—intelligent
agents

General Terms

Human Factors

Keywords

BDI agents, dialogue management, adaptive dialogue sys-
tems, symbolic machine learning

1. INTRODUCTION

The Smart Personal Assistant (SPA) [9] is an applica-
tion for desktops and PDAs that allows users to conduct
spoken dialogues with the system to remotely access and
manipulate their e-mail and calendar. The SPA consists
of a dialogue manager agent and a collection of task assis-
tants, each specializing in a particular task domain. The
dialogue manager [5] is implemented using a BDI agent ar-
chitecture, which has a set of plans for processing user re-
quests. This BDI approach allows a high level of abstraction
in designing the dialogue model, which consists of complex
but modular plans, each associated with a communicative
goal or dialogue aspect. There are also plans for handling
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domain-specific tasks. The control flow of the dialogue is not
specified directly, but derived automatically using the plan
selection mechanism as part of the BDI interpretation cy-
cle. This approach preserves modularity within the dialogue
model at the level of plans, allowing domain-independent
discourse-level plans to be reused for other domains. The
belief state of the dialogue manager contains the past and
current states of the dialogue as a stack of conversational
acts performed by the user, the dialogue manager and other
task assistants. These conversational acts constitute a hier-
archy of dialogue segments, each having a segment purpose
which represents a task-specific intention of the user.
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Figure 1: Dialogue manager’s plans and beliefs

The dialogue manager has about forty plans, which can
be roughly grouped into five classes according to their func-
tion, as in Figure 1. The first group, semantic analysis, is
for classifying the user’s requests into a task domain and for-
mulating its semantic representation using the agent’s lin-
guistic knowledge. The second group, pragmatic analysis,
is for determining the user’s underlying conversational act
and associated task-specific intention, which may involve re-
solving references. The e-mail and calendar task processing
groups contain domain-specific plans for performing domain
tasks, which requires interaction with the other task assis-
tants. The last group is for generating responses to the user,
including system requests for clarification.

In this paper, we consider the problem of dialogue adapta-
tion in the SPA. The motivation is that the usability of the
SPA on a mobile device with small screen and limited band-



width can be enhanced by adaptively tailoring responses ac-
cording to the conversational context and the user’s phys-
ical context, device and preferences. For example, e-mail
messages are often too long to fit on one PDA screen, thus
showing only a message summary could sometimes be more
desirable. Similarly, in different conversational contexts, the
same information might be presented to the user in different
ways, e.g. using a different modality, format or layout. Be-
cause the SPA’s dialogue manager uses plans for generating
responses, the problem of dialogue adaptation becomes the
problem of learning which dialogue plan should be selected
and executed in a given context.

There has been comparatively little work in the area of
dialogue adaptation; existing work tends to be concerned
with either adapting the system’s questions for eliciting user
preferences [7] or learning strategies in a game-theoretic ap-
proach to dialogue modelling such as the Email Voice In-
teractive System (ELVIS) by Walker et al. [8] and the work
by Jokinen et al. in the Interact project [3]. In the game-
theoretic approach, training dialogues are used to build an
adaptivity model using reinforcement learning. However,
the dialogue models are less complex than that of the SPA.

There have been very few attempts to incorporate learn-
ing within BDI models of agency [1, 6], of which none has
looked at the problem of how the agent learns to select the
most appropriate plan amongst those applicable in a given
context. Typically, this work provides a loose coupling of the
agent architecture and the learner, while for the problem of
learning plan selection, a closer integration is required.

2. AN ADAPTIVE DIALOGUE AGENT

To build an adaptive plan-based dialogue manager, there
are two problems to be solved: (i) defining the possible
system actions in any given situation, and (ii) defining the
mechanism for the system to decide when to choose which
action. Using the plan-based approach to dialogue manage-
ment, system modularity is facilitated through the use of
plans, each handling some dialogue aspect or domain task.
Hence the possible choices of system action can be modelled
as different plans applicable in the same situation, and the
learner is used for the selection mechanism to choose the
most suitable plan according to the agent’s beliefs, which
represent the user’s context and/or preferences. Thus the
learner accepts as input a set of possible plans and some of
the agent’s beliefs and outputs the most suitable plan(s).

The dialogue manager of the SPA is implemented us-
ing a Java-based PRS-style agent platform, JACK Intelli-
gent Agents™ [2]. JACK provides meta-level reasoning,
posting a special PlanChoice event, as a way to overwrite
the agent’s plan selection mechanism, making the integra-
tion with learning easier. We have chosen to integrate the
Alkemy symbolic decision tree learner [4] into the dialogue
manager to develop an adaptive dialogue agent. In Alkemy,
the learning individuals are represented in a typed, higher-
order logic, which supports representation of domain data
with complex structure. Moreover, Alkemy provides a highly-
expressive predicate rewrite system to constrain the hypoth-
esis space for the learner.

Figure 2 shows the learning problem for the meta plan to
decide which plan to use to display a set of e-mail messages
to the user. Decision tree learners are not able to learn a
set of values, and in our learning problem it is necessary to
predict more than one possible plan, so given the current
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context, for each available Return Response plan, a learn-
ing individual is generated that includes information about
the current context and the plan name. This is classified as
either True or False. If the result is True, the plan is consid-
ered an option; otherwise, the plan does not meet the user’s
preferences is not an option. If there is more than one plan
classified True, they are all options, and in this case the
Request User Clarify Preference plan is executed, ask-
ing the user to specify the preferred system action (i.e. the
most preferred plan) and then updating the learner accord-
ingly. The Alkemy specification for this learning problem
includes the following data constructors:

PDA, Desktop : Dewvice ;
Speech, Text, None : Mode ;

Search, Read, Show, ..., Notify : Task ;

Low, High, Normal : Priority ;

Length = Int ;

Folder = String ;

ReturnMsgList, ..., ReturnMsgSortedBySender : Plan ;

True, False : Class ;

The Mode element indicates the current modality of the
dialogue, where Text corresponds to typed text and None
means the user is currently using only the GUI. The dia-
logue result included in the learning individual includes a
set of e-mail messages. Each message is represented by four
components: the sender, the length, the folder and the pri-
ority. Thus each learning individual (training example) is of
the Product type defined as follows:

Ind = Device X Task X Mode x (Set Email) x Plan;

Each learning example is pre-computed and sent as input
to the learner. The individuals include information about
the current context, e.g. the modality of interaction, the
device, etc., the result set of e-mail messages and the name
of the plan to be considered. The learning problem is to
predict whether a plan is an option in the current context
according to the user’s preferences. Thus the function that
needs to be learned is ResponsePlan : Ind — Class .

Alkemy uses a predicate rewrite system for constructing
the hypothesis space. Predicates are composed from basic
functions called transformations. For example, a transfor-
mation on Email to extract its length is a projection of its
second component as follows:

projLength : Email — Int;
projLength : project(1);
The following predicate is true iff the e-mail set contains
exactly one message whose length is less than thirty lines:
and (projEmails o numOfEmasls(true) o eql)
(projEmails o setEmail Exists(projLength o 1t30))
A part of the predicate rewrite system for our learning



problem is shown in Figure 3. The predicates are con-
structed by applying the predicate rewrites to expand the
predicate tree starting from the root. For example, replac-
ing top in (1) by (7) results in a predicate which is true iff
the user’s device is a PDA. Predicate rewrite (3) is useful
when there is no e-mail message in the result. Expanding
(4) or (5) results in predicates for checking the length or the
priority of the only e-mail message in the result. The rule
(6) is used for constraining the total number of messages.
Note that defining this predicate rewrite system requires the
expression of domain-specific knowledge. Furthermore, con-
straining the learner’s hypothesis space is necessary because
of the limited availability of training data.

(1) top — projDevice.top;

(2) top — projPlan.top;

(3) top — and (projEmails. numOfEmails(true).eq0)(top)

(4) top — and (projEmails.numOfEmails(true).eql)
(projEmails.setEmail Existsl(projLength.top));

(5) top — and (projEmails. numOfEmails(true).eql)
(projEmails.setEmail Existsl
(projPriority.top));

Egg top — proDjEmailliglszfEmails(true).top;

top — eqDevice ;
(8) top — eqPriorityHIGH,
(9) top — 1t30;

Figure 3: The predicate rewrite system

We first show an example dialogue without adaptation:

User Is there any new mail from Wayne?

SPA You have one new message from Wayne Wobcke.

SPA Displays the message from Wayne Wobcke.

User Find all messages about meeting in the Inbox.

SPA There are twenty messages about meeting in your Inbox.
Displays the headers of the twenty messages.

User Show me the one from John.

SPA Here you are.
Shows the content of the message from John Lloyd.

Now assume that the user is using a PDA for interacting
with the SPA, with dialogue adaption enabled; the example

dialogue above would become:

User Is there any new mail from Wayne?

SPA You have one new message from Wayne Wobcke.
The message is more than thirty lines, should I
show you just the summary?

User Yes please.

SPA Displays the summary of message from Wayne Wobcke
SPA learns to display only the summary
1f the message length is more than 30 lines.

User Find all messages about meetings in the Imnbox.

SPA SPA has learned in the past to show only the first few
messages if there are too many messages in the result.
The message headers should also be sorted by sender.
I am showing the first ten of twenty messages
sorted by sender.
Displays the first 10 message headers sorted by sender.

User Show me the one from John.

SPA Here is the summary of the message from John Lloyd.
SPA shows user the summary of the message according
the user’s preferences that have been learned so far.

Note from the dialogue above how the dialogue manager
has learned to adapt its responses according to the user’s
preferences. When the user requests the summary of the
message from Wayne, the system has learned to show only
the summary if the message body is more than thirty lines.
Hence later on in the dialogue, the system immediately
shows the summary of the e-mail message from John Lloyd
because its length is also more than thirty lines. A typical
example of a decision list representing the user’s preferences
that results in such adaptive behaviour is as follows:

if numOfEmail is O then
if plan is ReturnResponse then True
else if numOfEmail is 1 and length is greater than 30 then
if plan is ReturnSummaryContent then True
else if numOfEmail is 1 and priority is HIGH then False
else
if numOfEmail is less than 15 then
if plan is ReturnMessageSortedBySender then True

else if plan is ReturnSubList then True

3. CONCLUSION

We have proposed a way of incorporating learning into a
BDI agent architecture that allows the agent to learn the
appropriate plan to select in a given context. The technique
can be applied to plan-based dialogue systems to achieve di-
alogue adaptation, which is particularly useful in dialogue-
based applications for mobile devices, where the interaction
should be tailored to suit the current conversational context,
the physical environment and the user’s device and prefer-
ences.
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