
4th Workshop on
Knowledge and Reasoning in
Practical Dialogue Systems

Workshop associated with IJCAI'05

Edinburgh, 30th July  2005

Proceedings edited by Ingrid Zukerman, 
Jan Alexandersson and Arne Jönsson



Towards a Robotic Dialogue System with Learning and Planning Capabilities

Karolina Eliasson
Linkoping University

Department of Computer and Information Science
SE - 581 83 Link̈oping

karel@ida.liu.se

Abstract

We present a robotic dialogue system built on case-
based reasoning. The system is capable of solving
references and manage sub-dialogues in a dialogue
with an operator in natural language. The approach
to handle dialogue acts and physical acts in a uni-
son manner together with the use of plans and sub-
plans makes the system very flexible. This flexi-
bility is used for learning purposes where the op-
erator teaches the system a new word and the new
knowledge can directly be integrated and used in
the old plans. The learning from explanation capa-
bility makes the system adaptable to the operator’s
use of language and the domain it is currently oper-
ating in. The implementation of a case-based plan-
ner suggested in the paper will further increase the
learning and adaptation degree.

1 Introduction
Human-Robot Interaction is a broad and interesting area
which deals with the interaction between a human and a phys-
ical embodied robot. In our work we have focused on inter-
action in natural language with an autonomous Unmanned
Aerial Vehicle (UAV). In a dialogue with such a robot, the
dialogue manager must be able both to interpret the utterance
from the operator, receive additional information to be able to
react correctly to the utterance, and perform a sequence of ac-
tions. To do this, it has to distinguish betweendialogue acts
andphysical acts. A dialogue act can be to ask a clarifying
question to the operator and a physical act can be to perform
the high-level commandland . These acts must be executed
in a correct order to solve the problem at hand. If the infor-
mation is not sufficient for the dialogue manager to complete
the task it has to ask for complementary information from the
operator. In such a case a discourse model is needed to solve
anaphoric references and to manage sub-dialogue.

In case the robot will be used by the same operator, it can
be convenient if the robot can adapt to the operator’s use of
language. In that case a flexible control system is needed
which gives the operator the opportunity to explain what a
word means and how a task, new to the dialogue system,
shall be performed. In this manner, the dialogue system can
be adapted not only to the current operator’s use of language

but also to the different tasks that can be of interest in dif-
ferent flight scenarios. To further increase the usefulness of
the dialogue system, we would like it to be able to perform
mixed-initiative planning with user interaction and reuse old
plans and experiences.

In this paper we will describe a dialogue system which uses
case-based reasoning (CBR) to find suitable responses to the
utterances from the operator and messages from the robot.
CBR is a form of machine learning where the system stores
problems and their corresponding solutions in a case base.
When a new target case enters the system, it searches the
case base for similar cases. When the most similar case is
found, its corresponding solution is adapted to the new target
case and the new solution is returned. The new target case
and its solution is then stored in the case base for future use.
See for example[Aamodt, 1994] for an overview. We are
also addressing case-based planning (CBP) where a genera-
tive planner is used when there are no suitable plans in the
case base. The planner should not plan a new solution from
scratch but reuse the old plans as much as possible.

CBR provides our dialogue system with a simple and mod-
ular design where both the dialogue acts and the commands
regarding the physical acts can be represented in a uniform
way. New functionality is directly added by writing new cases
and storing them in the case base. New domain knowledge
similar to existing knowledge can be added to the system
in a simple manner. It can directly be used by the system
without any additional changes to the case base or the case-
bae manager, due to the flexible and adaptable nature of the
CBR design. This provides us with the facility of letting the
system incorporate new information, such as new words or
knowledge about the physical world, into the system. This
knowledge can then directly be used by the cases in the case
base, hence giving the system mechanisms for updating its
own knowledge and increasing its performance. The new in-
formation can be obtained from dialogue with an operator.
Because phrase matching is necessary both in CBR and in
discourse modeling, in the latter to allocate incoming new
phrases to the correct dialogue thread, it makes CBR and dis-
course modeling a suitable combination without producing
any additional overhead.

Our dialogue system CEDERIC, Case-base Enabled Dia-
logue Extension for Robotic Interaction Control, which ad-
dresses the above mentioned features is still under construc-



tion and this paper will discuss both implemented features
and some ideas and work in progress. Most of the parts, such
as the CBR framework which uses existing plans, the dis-
course model, and the learning from explanation dialogues
are implemented and tested in a simulator, but the work with
the planner is still ongoing.

2 CEDERIC
CEDERIC is a dialogue system designed for dialogue with
a physical robot, in particular the WITAS autonomous UAV.
The WITAS project focuses on the development of an air-
borne computer system that is able to make rational decisions
about the continued operation of the aircraft, based on var-
ious sources of knowledge including pre-stored geographi-
cal knowledge, knowledge obtained from vision sensors, and
knowledge communicated to it by data link[Dohertyet al.,
2000]. The UAV used in the project is a Yamaha RMAX
helicopter which an operator can control by high level voice
commands or by written commands. The operator can ask the
UAV to perform different tasks and request information from
it.

CEDERIC consists of aparser, acase base, domain knowl-
edge, adiscourse moduleand acase-base manageras shown
in Figure 1. The parser parses the sentence given by the op-
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Figure 1: Architecture of CEDERIC.

erator and generates a parse tree. The parse tree is matched
against cases in the case base by the case-base manager. The
discourse module is responsible for maintaining a discourse
model of the dialogue so far to be able to interpret the op-
erator’s sentences in the right context. The discourse model
helps the system to interpret references which may refer to
sentences earlier in the dialogue. The domain knowledge
contains an ontology of the world as the robot knows it and a
categorization of the world items. The purpose is twofold.
It serves as a world representation which gives CEDERIC
knowledge about which buildings there are in the known
world, what kind of buildings they are, where they are places,
and their attributes such as color and material. It also gives
CEDERIC fundamental knowledge about categorization e.g.
which items that can be called buildings in the dialogue and
which can not.

(PHRASE1
(VERBPHRASE_IMP}

(VERBPHRASE_IMP7 (FLY FLY) (TO TO)
(NP_FLY_TO

(NP_BUILD (DET THE)
(NOUN_BUILD

(NO_CAT SUPERMARKET)))))))}

Figure 2: Parse tree with an unknown word.

The operator can choose to use either speech or text for
the input to the dialogue system. The speech recognizer used
is the off-the-shelf product Nuance and the speech generator
used is one of the off-the-shelf products Festival or Bright-
speech. When learning a new word using speech recognition,
one can choose between having a considerably bigger gram-
mar for the speech recognition than the dialogue manager and
only consider learning in the dialogue manager, or provide the
new word in text form in the learning phase and then compile
it into the speech recognition grammar if that can be done
at runtime. We have chosen the second approach where the
unknown words are provided in text and the learning phase
extends the grammar and lexical rules in the parser within
CEDERIC. The grammar and the lexical rules are the same
as those for the speech recognizer, so the extensions should
be easy to integrate with the speech recognition system if it
allows runtime updates of the grammars.

Regardless of wether a speech recognizer is used or not,
a sentence from the operator arrives to CEDERIC in plain
text format. It is parsed, processed in the CBR engine and
returns either a new phrase in text format to be sent to the
speech generator, or a request to the robotic control system.
The robot requests are in a format similar to KQML[Finin et
al., 1994]. The response the robot sends back to CEDERIC
is also in a KQML-like format. Those messages are sent to
CEDERIC on a different channel than the one the operator
uses. This is because the response should not be parsed in
any way, but be processed directly in the CBR engine.

2.1 Parser
The text string that results from the speech recognizer or is
obtained directly from the operator if he or she provides the
input in text form, is parsed by a chart parser. The chart parser
returns a parse tree of the input sentence. If some of the words
are unknown to the parser it provides all possible solutions
where the unknown words are first labeled with the possi-
ble label and then with the labelno cat . Figure 2 shows
an example of a parse tree where the wordSUPERMARKET
is unknown. It has been categorized with the possible cate-
gory NOUNBUILD. When there is an unknown word in the
sentence, all the possible parses are collected in a parse tree
which is sent to the case-base manager. The case-base man-
ager can then try the different possible matches and see if it
finds a suitable match with one of its cases.

2.2 Case Design
To be able to reuse parts of a solution, each solution to a sen-
tence is divided into smaller units, each of which performs



an isolated part of the solution. These units are calledatomic
cases. For the robot to know how to construct the whole so-
lution out of the atomic cases it needs a plan. Already known
and tested plans are stored inplan cases. Both plan cases and
atomic cases have aproblem part. This part of the case con-
sists of the name of the case and the problem information that
the target case need to have to match the case. The problem
information can be either:

• a parse tree

• the result from a previously executed atomic case or
plancase

• a response from the robotic control system in KQML-
like format.

They also have adiscourse update partwhich updates the
discourse model of the dialogue with new information about
the current dialogue.

The solution partof a plan case is a plan. The plan con-
sists of the name of other plan cases and atomic cases. The
solution part of an atomic case consists of procedures which
return an answer. An atomic case can for example beget-
referenceidwhich takes a parse-tree of a sentence likewhite
church, checks its domain knowledge for a match and returns
every matching reference id to such a building. The next item
in the plan could then use this information to produce another
step in the plan.

2.3 Case Matching
When a case match is performed, the problem information of
the case is matched against the target case. The whole target
case does not have to match the problem information com-
pletely to be considered a perfect match. It is sufficient that
all the problem information occurs in the correct order in the
target case. This approach makes the cases more general and
does not leave it to the case-base manager to adapt each tar-
get case in a suitable way to obtain the new target case match.
This is very useful when you want a case to be able to match
several similar target cases. An example in our domain is the
commandfly to the red hospital . The parse tree
for this sentence looks like this:

(PHRASE1
(VERBPHRASE_IMP

(VERBPHRASE_IMP7 (FLY FLY) (TO TO)
(NP_FLY_TO

(NP_BUILD (DET THE)
(ADJPHRASE_BUILD (ADJ_COLOR RED))

(NOUN_BUILD HOSPITAL))))))

If the whole parse tree where to be matched, we would need
a new case for every possible combination of color and build-
ing. Moreover, we would have to write new cases for the sim-
ilar cases where another attribute instead of color is given, or
where no attribute at all is provided in the sentence. This
could however be solved with adaptation in the case-base
manager before the match but the more similar target cases
there are, the more information about adaptation of the target
cases has to be hard coded into the case-base manager with no
possibility to learn or expand the knowledge by experience.
We have taken the decision to let the problem information

leave out some of the specific information in the match and
act as a general case. The problem information for a case
matching the example above can look like this:

(PHRASE1
(VERBPHRASE_IMP

(VERBPHRASE_IMP7 (FLY FLY) (TO TO)
(NP_FLY_TO ))))

The cases are ranked dependent on how well they match
the target case. The ranking includes two parameters:

• How well the target case covers the case.

• How well the case covers the target case.

Both parameters are expressed on a scale from 0 to 100. The
first parameter is obviously the most important one and the
cases are firstly sorted by it and secondly by the the second
one. That is, we want cases for which the information in
the target case are enough to fulfill the requirement of the
case and if we find several such cases, we prefer cases which
match as much of the target case as possible.

2.4 Discourse Module
For a dialogue in natural language to run smoothly, the partic-
ipants have to know the history of it. If a computer dialogue
system will be able to work properly in such a natural dia-
logue with a human user it has to maintain a discourse model
of the dialogue so far to be able to interpret the utterances
of the user in the right context. The discourse model helps
the system to interpret references to utterances earlier in the
dialogue.

The discourse model implemented in CEDERIC is a
slightly modified version of the one described in[Eliasson,
2005]. Its design is highly inspired by the discourse model
presented in[Pflegeret al., 2003] for the SmartKom project.
It is built up of four different objects, that are linked to one
another in a hierarchical manner to represent the meaning of
the dialogue.

The linguistic objects. These objects are furthest down in
the chain of objects and thus most specific on the word
level. They contain information of how the nouns in the
dialogue where uttered. They could for example have
been references by the wordit or by a noun and a de-
terminant.

The discourse objects. These objects contain the different
nouns together with their attributes mentioned in the di-
alogue. A discourse object can also be composite. An
enumeration of several objects can be seen as a discourse
object representing the enumeration as such, and this
object contains the enumerated objects as its children.
This gives CEDERIC the opportunity to understand ref-
erences referring to the order of the enumerations, e.g.
the first one . The discourse objects have a link
to the corresponding linguistic object.

The dialogue objects. These objects group those sen-
tences having the same direct goal, with their re-
spective associated information. The sentencefly
to the hospital gives for example, when it is
executed, a dialogue object grouping the sentences



fly to the hospital , ok and I am at the
hospital now . If any sub-dialogues come up, they
will be saved in a new dialogue object with their direct
goal to clarify some matter in the dialogue. Dialogue
objects contain information about the topic of the dia-
logue, which discourse objects were created due to the
utterances, and which future utterances this dialogue ob-
ject expects before considering the dialogue or the sub-
dialogue to be completed. These expectations on future
dialogue are saved in a modifiedinitiative-response (IR)
unit [Ahrenberget al., 1991]. Unlike the original IR-
units described by Ahrenberg, IR-units in our context
can contain more than two subelements. This is neces-
sary because they shall also be able to represent the re-
sponse from the robot when the system sends a request.
The fly to the hospital example above shows
such an example.

The global focus space. The various objects in the dialogue
layer which belongs to the same dialogue, including sub-
dialogues, are grouped together in a top object called
the global focus space. It contains information about
the main topic of the dialogue and about which dialogue
objects belong to it. Each global focus space also keeps
track of the discourse object last mentioned, to be able
to resolve references such asit . This is known as the
local focus stack. The last mentioned discourse object is
said to be in focus.

To keep track of the current dialogue in focus, CEDERIC
saves the different global focus spaces in a stack called the
global focus stack. The global focus space on top of the stack
is said to be the one in focus. If every IR-unit belonging
to a global focus space is closed, that is, has received all its
subelements, the global focus space is marked as closed and
removed from the stack. Several dialogues can be open and
ongoing at the same time and are thus members of the stack
but only one dialogue can be in focus at the same time.

When a new sentence is recognized and matched with a
case in the case base, the discourse update part of the case
is executed. This information creates new objects in the dif-
ferent layers and links them together to reflect the identified
dialogue.

2.5 Case-Base Manager
The case-base manager is the main engine responsible for the
data flow in the dialogue system. It matches the target case
with the cases in the case base as described in section 2.3,
selects the first case in the ranked case list, and evaluates the
first item in the selected case’s plan. During the execution of
the plan it stores the plan history. If one of the plan items in
the current plan does not match the input from a previously
executed plan item, the case-base manager selects the next
case in the ranked case list and checks if the history equals
the first part of that case’s plan. If so, the case-base manager
can switch to that plan and continue with it. In this way, CED-
ERIC can cope with information not known from start. This is
important when the dialogue system has a sub-dialogue with
the operator to clarify some information. With the operator in
the loop, the data gets unpredictable, because CEDERIC can

not know which answer the operator will provide in advance
and hence the plan chosen from the beginning can be found
to be wrong.

The case-base manager is also responsible for keeping
track of the different ongoing dialogues. When a new sen-
tence arrives from the operator, it could be one of the follow-
ing cases:

• The operator continues the current dialogue, possibly by
the start of a sub-dialogue.

• The operator returns to an older non-completed dialogue
with is not presently in focus.

• The operator starts a new dialogue, possibly without
ending the recent dialogue properly.

It is important to recognize which of these three cases it is,
to be able to provide the correct discourse for the evalua-
tion of the sentence. The case-base manager starts by check-
ing if there are any ongoing plans and in that case the case-
base manager tries to go on with it, possibly by changing
to another plan as described above. If it does not give any
result, the manager tests to execute one of the saved older
non-completed plans with its corresponding discourse. If that
fails as well it starts a new dialogue with an empty discourse
model.

2.6 Learning from Explanation
CEDERIC can ask the operator for guidance if the parsed
sentence contains the categoryno cat . As described in sec-
tion 2.1, the parser generates all possible parses with both the
no cat category and the possible category. To be able to
catch thoseno cat parses, CEDERIC needs to have cases
that match both the sentence where theno cat was found
and theno cat itself. By providing CEDERIC with such
cases, it can ask the operator questions that makes him or her
explain how CEDERIC should react. We take the parse tree
in Figure 2 as an example. It has been generated from the
sentenceFly to the supermarket where the word
supermarket is not in the parser’s vocabulary. The case
base contains a case where the problem part is the parse tree
in Figure 2, but with the wordsupermarket omitted (ob-
viously, because we want the case to match all unknown
words!). This case is fully covered by the target parse tree
which characterizes a good match and its plan is executed,
which, depending on the answers from the operator, can result
in the dialogue in Figure 3. After the execution of this dia-
logue, the vocabulary of the parser is extended to also contain
the wordsupermarket which is abuilding . The newly
gained information such as the color and the category of the
supermarket will be saved in the domain knowledge as well.
The next time the operator wants the robot to fly to the super-
market, the sentence will be correctly parsed and the case that
matches such a sentence will provide a correct solution.

The dialogue shown above where the operator guides the
UAV to an unknown building can be used with any word that
the operator wants to use as an identifier for a particular build-
ing. This particular plan case is however not general enough
to handle other types of words, which are not buildings. They
can be handled analogously by using other plan cases which



Operator: Fly to the supermarket.
CEDERIC: I do not know what a supermarket is.

Is it a building?
Operator: Yes.
CEDERIC: Can you give me a reference object near the

supermarket so I can start by flying to it?
Operator: It is near the red hospital.
CEDERIC: Ok, I will start by flying to the hospital and

then I will ask for more guidance.
CEDERIC: I am at the hospital now.
CEDERIC: In which direction shall I fly to look for the.

supermarket and what characteristics does
it have?

Operator: Fly eastwards and look for a blue building.
CEDERIC: I start fly and look for the supermarket.

I will stop when I see it.
CEDERIC: I have found the supermarket now and hover

over it.

Figure 3: An example of a teaching situation between the
operator and CEDERIC.

describes the sub-dialogue suitable to learn CEDERIC how
to react properly on them.

The main approach is generally applicable and a similar
solution has been tested for teaching CEDERIC new verbs,
which are synonyms for already known commands. The sen-
tenceGo to the red hospital , where the wordgo
is unknown to the parser and hence categorized with the cat-
egory no cat and the potential categoryfly , is matched
with a case whose response is to ask the operator if the words
fly andgo are synonyms. If the operator answers yes, CED-
ERIC will process the command as a fly command and put
the new wordgo in the vocabulary. It also creates a new case
which changes the wordgo to fly and calls the plan case for
fly commands.

It should also be possible to learn CEDERIC new compos-
ite commands in a similar fashion, if the building blocks are
already known. This is however not tested yet.

2.7 Planner
Case-based Planning (CBP) is a CBR field where the solution
to a problem is stored as a plan. When a new problem enters
the system, the case base is searched for a case whose plan
can easily be adapted to the new problem. The found plan
may partly be used while the remaining plan items are taken
from another case or by using a generative planner. A survey
of CBP and CBP systems can be found in e.g.[Munoz-Avila
et al., 1998] and[Spalazzi, 2001]. This planning technique
can be very useful in CEDERIC for solving new, unseen com-
posite problems. CEDERIC does already handle plans and it
can switch between plans if the current one turns out to be
wrong, but with the use of CBP the system can also combine
several different plans into a composite one. It can also solve
problems similar to those which have a solution by using the
known solution plans and exchange the non suiting plan items
to other plan items suggested by the generative planner. An
example of the use of CBP is when CEDERIC knows how

to solve the problemFly to the hospital where the
solution is to first look up the position of the hospital in the
domain knowledge and then send a request to the robotic con-
trol system to fly to that position. We assume it also knows
how to ask the robotic control system for a position of a car.
If the operator gives the commandFly to the parked
car , CEDERIC can create a plan which first asks the robotic
control system for a position of the car and then use this po-
sition as input to the second part of the plan for flying to the
hospital.

CBP can also be useful for CEDERIC to understand im-
plicit information and to extend a plan when appropriate. One
example is if the operator tells CEDERIC to fly somewhere
but the UAV has not taken off yet. Then CEDERIC can un-
derstand the implicit command to take off and then perform
the fly command. To make the planning more reliable, the
dialogue system can report the plan to the operator and ask
for confirmation before executing it.

Together with dialogue features already provided by CED-
ERIC, CBP can be used not only to perform planning by itself
but also to implement mixed-initiative planning with user in-
teraction. The system can ask the operator questions and the
planning can be performed in cooperation with the operator.
This will increase the usefulness of the system and the system
will learn from it and can reuse the plans in the future. CBP
can in particular be useful for developing the learning from
explanation features described in section 2.6. further, where
the system and the operator can plan a new learning sequence.

It has been argued that the CBP technique, where already
stored plans are adapted to a new problem, does not add any-
thing considering time complexity compared to generating
new plans from scratch[Nebel and Koehler, 1995]. In our
case however, low time complexity is not the most important
reason for reusing old plans. When dealing with real world
problems, several factors can affect the result and all factors
may not be included in the problem formulation. Therefore,
it is safer to use an already proven plan to a large extent than
to generate a new one.

3 Implementation and Testing
The case base manager and the parser are implemented in
lisp. The case base, domain knowledge and discourse model
are implemented in The Knowledge Machine[Clark and
Porter, 2004]. The planning with a generative planner and
the use of several case plans to achieve a plan to a new target
problem is still work in progress.

CEDERIC has been tested connected to a simulated UAV
situated in a simulated environment. The simulated UAV can
perform high level actions such as flying to a building with a
certain unique identity, flying in a certain direction, take off,
land, ascend and descend. It reports the results of an action
and also reports if it observes any buildings as it flies. It is
able to answer status questions such as the current altitude,
velocity and heading, etc[Andersson, 2005]. The interface
between CEDERIC and the simulator is very similar to the
interface offered by the actual WITAS UAV, in order to make
it straightforward to use CEDERIC during actual flights. The
simulation of UAV movements and environment only goes to



Operator: Fly to the school.
CEDERIC: I have two schools to choose between.

Which one do you mean?
Operator: Which can I choose between?
CEDERIC: You can choose between the one on

Harborroad and the one on Mainstreet.
Operator: The one on Harborroad.
CEDERIC: Ok.
CEDERIC: I am at the school now.

Figure 4: A dialogue example.

the level of detail that is required for this interface, and does
not go down to the level of exact flight dynamics.

Due to the work in progress status of CEDERIC, it has not
yet been rigorously tested in a formal manner. However, it
has been tested with various types of dialogue, from simple
robotic control commands such astake off andland to
complex dialogue with sub-dialogues and learning from ex-
planation. Figure 3 gives an example of an implemented and
tested learning from explanation dialogue. In the tests, the
first sentence has been provided in text because the speech
recognizer does not yet recognize the new word, but the rest
of the dialogue has been tested using a speech recognizer.
The answers are all produced by a speech generator. Figure 4
gives an example of a dialogue with several sub-dialogues. It
has been tested using speech in and speech out.

The sub-dialogue for finding a unique object is not tightly
connected to a specific dialogue but can be used as a sub-plan
in every dialogue where the system needs a unique reference
identification to the object the operator refers to. Other sub-
dialogues can easily be implemented in a similar fashion and
used whenever it may be useful.

4 Related Work
Conversational CBR (CCBR) is an area within CBR where
the user usually wishes to query a database with items, e.g.
searching for a computer to buy on an e-commerce site. Aha
et. al. provide an overview of CCBR in[Aha et al., 2001].
The e-commerce system ExpertClerk is described in[Shi-
mazu, 2002]. Case Advisor is a generic CCBR system which
allows an organization to efficiently author and retrieve solu-
tions from a knowledge database to solve customer problem.
It is a commercial tool but some of its features is described in
e.g.[Racine and Yang, 1997]. CCBR differs from our work
in several essential ways. CEDERIC is capable of learning
from experience and saves new cases in the case base for fur-
ther use, which CCBR systems do not. It is also capable of
learning from explanation whereas CCBR systems are not.
Another big difference is that the sentences in CEDERIC can
be saved in cases of their own and do not have to be coupled
to a physical action, i.e. the questions are separated from the
items in the case base.

HICUP [Aha et al., 2001] is a CCBR system with inte-
grated planning capabilities developed by Aha et al. HICUP
is used to plan noncombatant evacuation operations (NEOs).
HICUP uses published military doctrines as well as informa-

tion from previously performed NEOs to guide the search. As
in CCBR, the user gets simple questions to narrow the simi-
lar case set. HICUP does not save its own solutions and thus
does not learn from experience more than using the informa-
tion from previously performed NEOs which is manually fed
into the system, in contrast to CEDERIC which saves the so-
lutions for further use. HICUP also differs from CEDERIC
in the use of language in the system. HICUP does not pro-
vide the user with a rich dialogue and does not learn from
explanation.

Within the WITAS project, several dialogue systems
with various capabilities have been developed. The first
WITAS Dialogue System[Lemon et al., 2001] was a sys-
tem for multi-threaded robot dialogue using spoken I/O. The
DOSAR-1 system[Sandewallet al., 2003] was a new im-
plementation using another architecture and a logical base.
This system has been extended into the current OPAS sys-
tem[Sandewallet al., 2005]. Our work takes a rather differ-
ent approach than their systems due to the use of CBR, the in-
tegration of learning capabilities using adaptation of the cases
and learning from explanation. Our system also addresses the
issue of planning and reuse of plans in dialogue and robotic
actions.

Some work has been done concerning robotic dialogue and
learning from explanation. Asoh et al.[Asoh et al., 1997]
have developed a robot called Jijo-2, which is able to create
a map over its surroundings through conversation with a hu-
man teacher. The human teacher can give the robot a descrip-
tion of how the surroundings look like and how to solve way-
finding problems and the robot can ask the teacher questions.
Theobalt et al. have created a robot similar to Jijo-2, which
uses domain knowledge in the learning process[Theobaltet
al., 2002]. Carl [Lopes, 2002] is a robot which has some ca-
pabilities of learning from explanation. The operator can tell
Carl facts that are stored in the memory of the robot. This
information can be used later on in the dialogue. None of
these robots use CBP for their dialogue and task planning as
CEDERIC does and they can not reuse old plans unless told
to learn them in advance as in learning from explanation.

5 Conclusions and Future Work

We propose a robotic dialogue system with learning capabili-
ties which make it adaptable with respect to the operator and
the problem domain. The system, CEDERIC, is built using
CBR techniques and includes aparser, a case base, domain
knowledge, a discourse moduleand acase-base manager. It
is capable of having a dialogue including sub-dialogue such
as clarifying questions and can handle references. The dia-
logue acts and the commands regarded the physical acts are
treated in a uniform manner and the dialogue acts contributes
to the solution of a problem as much as the physical acts
do. The acts are saved in the case base and can be reused
at any time. The case base also includes plan cases whose
solution is a plan consisting of other sub-plans or atomic ac-
tions. The operator can adapt the system by serving as a
teacher. The systems learns from explanation and when a
new word is learnt, it can easily be used in different contexts.
This is done by the flexible plan architecture where compos-



ite acts are modeled as plans. Several plans can match the
initial problem definition and if it turns out that the selected
plan does not match the actual course of events, the system
switches to another more suiting plan.

CEDERIC is tested connected to a simulated UAV and it
is able to send and receive messages both from the operator
and the robotic control system and to perform a dialogue in
natural language. More exhaustive tests will be performed
when the system reaches a mature status.

CEDERIC is work in progress and an integrated planner
module built on CBP techniques is currently developed. The
planner module will provide CEDERIC with advanced learn-
ing functions and abilities to understand implicit knowledge
that the operator does not provide. The planner performs
mixed initiative case-based planning with user interaction
where the system is able to reuse parts of plans from several
cases in the case base to solve a new planning problem. Using
the dialogue features, the operator can guide the search and
teach the system new information during a planning action.

We expect CEDERIC to be a full fledged dialogue and
planning system which can work in cooperation with the op-
erator in a safe and secure way. When it is mature enough, we
expect to test the system connected to the physical helicopter
and to demonstrate the system in actual flight.
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Abstract

We describe how information from the dialogue
history and the user model is incorporated into the
output-planning process of the COMIC multimodal
dialogue system, and present the results of experi-
ments analysing the impact of both of these factors
on the generated descriptions. The results of the
experiments confirm and extend previous results by
showing that both forms of adaptation make a per-
ceptible difference in the generated speech. They
also point to ways in which the system output can
be improved to take further advantage of these in-
formation sources; in particular, they indicate the
importance of concessions to negative preferences
to the perceptibility of user-model tailoring.

1 Introduction
In this paper, we describe how information from the dia-
logue history and the user model is used to adapt the output-
planning process of the COMIC multimodal dialogue system,
and present the results of experiments analysing the impact of
both of these factors on the generated descriptions.

COMIC1 (COnversational Multimodal Interaction with
Computers) is an EU IST 5th Framework project combin-
ing fundamental research on human-human interaction with
advanced technology development for multimodal conversa-
tional systems. The multimodal dialogue system built as part
of the project adds a dialogue interface to a CAD-like applica-
tion used in sales situations to help clients redesign their bath-
rooms. The input to the system includes speech, handwriting,
and pen gestures; the output combines synthesised speech, an
animated talking head, deictic gestures at on-screen objects,
and direct control of the underlying application.

There are four main phases in the full COMIC system.
First, the user specifies the blueprint of their own bathroom,
using a combination of speech input, pen-gesture recognition
and handwriting recognition. Next, the user chooses a lay-
out for the sanitary ware in the room. After that, the sys-
tem guides the user in browsing through a range of tiling
options for the bathroom. Finally, the user is given a three-
dimensional virtual tour of the finished bathroom.

1http://www.hcrc.ed.ac.uk/comic/

We will concentrate on the third phase of the interaction,
where the system helps the user to explore the space of tiling
options. The metaphor for this part of the system is one of
guided browsing, and the goal is for the user to develop a
better understanding of the range of possibilities and to have
a clearer idea of the features that they like and dislike. The
next step is for the user to work with a human sales consultant
to fine-tune the exact tiling solution to use in their new room.

The rest of this paper is arranged as follows. In Section 2,
we describe how adaptive output was generated and evalu-
ated in several previous systems, and compare them with the
COMIC system. In Section 3, we then give details of how
adaptive output is created in COMIC using information from
the dialogue history and the user model. Then, in Section 4,
we describe experiments designed to assess the individual
impact on the generated output of each of these knowledge
sources. Finally, in Section 5, we summarise the results of the
evaluations, and make recommendations for adaptive genera-
tion in future systems of this type.

2 Evaluating Adaptive Output
The approach we took to adaptive output in COMIC was in-
spired by the approaches taken in the GEA[Carenini, 2000],
M-PIRO [Isard et al., 2003], and MATCH [Walker et al.,
2002] systems. In this section, we review the types of adapta-
tion employed in each of these systems, and describe how
the impact of the adaptation was assessed. At the end of
the section, we compare and contrast the types of adapta-
tion in COMIC with those in the earlier systems, and give
an overview of the evaluation reported in this paper.

The GEA system was designed to generate evaluative argu-
ments tailored to user preferences in the domain of real estate,
in the context of a graphical data-exploration environment.
When generating a description of an option, the user prefer-
ences influenced the features that were included, the ordering
of those features, and the use of scalar adjectives and adverbs
in the text. A task-based evaluation of the generated argu-
ments[Carenini and Moore, 2001] took the following form.
While the subjects were using the data-exploration system,
a new house was added to the options. A subject was in-
formed about this new house in one of three ways: in some
cases, they were just notified that there was a new house, with
no description. In other cases, they were given a textual de-
scription of the new option; the description was either tailored



“ [Look at screen]THIS DESIGN [circling gesture]uses tiles from SPHINX TILES’s HE-
LENUS series. As you can see, there areGEOMETRIC SHAPESon theDECORATIVE tiles.
It is in theMODERN style.”

Figure 1: COMIC interface and sample output

to their preferences, or not tailored at all. The effectiveness
of the three presentation strategies was assessed by examin-
ing the user’s behaviour after the presentation of the new op-
tion. The authors found that tailored descriptions were sig-
nificantly more effective than both non-tailored descriptions
and no descriptions, while non-tailored descriptions were not
any better than no descriptions.

The M-PIRO system generates dynamic descriptions of
museum artifacts, with the goal of instructing the user. In
the evaluation described by[Karasimos and Isard, 2004],
subjects read a series of textual descriptions of artifacts that
were generated either with or without sophisticated text struc-
turing. There were two forms of text structuring, which
were either both enabled or both disabled together: combin-
ing semantically-related propositions into complex sentences
(aggregation), and using common attributes to make links
between the current object and any previously-seen objects
(comparison). In this study, the subjects performed signif-
icantly better on a factual recall task when the descriptions
they had read included aggregation and comparison; they also
gave higher subjective scores to the generated texts that used
these structuring techniques.

The MATCH system generates multimodal descriptions
and comparisons of restaurants in New York City, tailored
to the user’s preferences. The user preferences control the
restaurants that are recommended to the user, as well as the
features of the selected restaurants that are included in the
output. [Walker et al., 2004] evaluated the user tailoring by
directly asking subjects to judge the quality of the generated
output. Subjects were presented with a series of responses
to user requests that were tailored either to the subject’s own
preferences or to the preferences of some other user; the re-
sponses were presented in text first and then in speech. They
found that subjects significantly preferred descriptions tai-
lored to their own user model, with similar results for both

speech and text.
In COMIC, output is adapted both to the user preferences

(as in GEA and MATCH) and to the dialogue history (like
M-PIRO). The primary output format in COMIC is synthe-
sised speech, like MATCH and unlike GEA and M-PIRO. The
guided-browsing task—in which the system helps the user ex-
plore and understand a space with which they are initially
unfamiliar—is most similar to the task of M-PIRO; in GEA
and MATCH, the role of the system is more one of helping
the user to find a relevant option in a space with which they
are already familiar. For this paper, we chose to assess di-
rectly whether the adaptations were perceptible to users, as
in MATCH; we leave for future work questions of whether
the adaptation has an impact on on task performance and user
satisfaction.

3 Output Planning in COMIC
Figure 1 shows the interface for the guided-browsing phase
of the COMIC system, along with a typical example of the
output generated in this phase (where small capitals indicate
pitch accents in the speech). The output combines the follow-
ing modalities:

• Synthesised speech, generated using the OpenCCG sur-
face realiser[White, 2004; 2005a; 2005b] and synthe-
sised using a custom Festival 2 voice[Clarket al., 2004]
with support for APML prosodic markup[de Caroliset
al., 2004].

• Facial expressions and gaze shifts of the talking head.

• Deictic gestures at objects on the bathroom-application
screen, using a simulated mouse pointer.

All of the information about tile designs in the COMIC sys-
tem is stored in an ontology, which is linked to the dialogue
history and the user model. The dialogue manager makes use



of these resources to choose the next set of designs to de-
scribe to the user, while the presentation planner uses them
to select and structure the content of the descriptions that are
generated.

3.1 Information and Knowledge Sources

Ontology Information about the available tile designs is
stored in an ontology represented in DAML+OIL.2 The on-
tology contains catalogue information including the manufac-
turer and series name, style, colours, and decoration, as well
as any canned descriptive text associated with each design.

Dialogue History For each design in the ontology, the di-
alogue history keeps track of whether it has been mentioned
in the dialogue. It also records the properties of each design
that have been described to the user; note that a property may
be described directly (e.g.,this design is classic) or indirectly
(e.g.,here are some classic designswhen pointing to several
designs). The dialogue history also stores the identity of the
last design that was described.

User Model As in [Carenini, 2000; Walkeret al., 2002;
Moore et al., 2004], user preferences are represented in
COMIC using a model based on multi-attribute decision the-
ory. Multi-attribute decision models are based on the notion
that, if anything is valued, it is valued for multiple reasons.
The value of a particular design for a user is computed as the
weighted sum of its value on a number of primitive features;
to create a specific user’s model, we must therefore set the
weights of the attributes and the evaluation function for each
individual attribute.

The tile-design user model in COMIC is made up of four
features: style, colour, designer, and decoration. These fea-
tures are represented in a one-level tree. The evaluation func-
tion for each of these features assigns a score between 0 and
1 to every possible value of that attribute. A score of 0.5 rep-
resents a neutral evaluation; scores above or below that value
indicate that the user respectively likes or dislikes that value,
with the distance from 0.5 corresponding to the strength of
that preference. For the colour and decoration attributes,
which may have multiple values on a design, the score is com-
puted by combining the individual attribute values.

The user-model manager supports two types of queries. It
can produce an overall evaluation of a set of designs, to help
the dialogue manager to choose options that are relevant to
the user; it can also produce a detailed evaluation of a single
design with scores on each individual attribute, to help the
presentation planner create descriptions focussing on the op-
tions that are most important for that user. The detailed eval-
uation of a design is created by retrieving its features from
the ontology and computing the evaluation of each feature;
the overall evaluation is the weighted sum of the individual
evaluations.

There are two ways that a user model can be defined in
COMIC. One possibility is that a complete model is created

2http://www.w3.org/TR/daml+oil-reference

and stored offline, before the dialogue begins, and is then se-
lected and loaded at the start of the interaction. The other pos-
sibility is that the dialogue begins with a neutral user model,
which then gets updated during the course of the interaction
to take into account emerging preferences. In the current sys-
tem, this is implemented by increasing the score for attribute
values that the user specifically requests. For example, if the
user asks for designs with blue tiles, the score for the colour
blue is increased in the model for the remainder of the dia-
logue. There is no support in the current COMIC system for
dynamically decreasing scores during the interaction, or for
explicitly discussing the user model as part of the dialogue.

3.2 Planning Adaptive Output
When browsing through tile designs, the user may request
designs with a particular feature—for example,Show me de-
signs with blue tiles. To choose the next set of tile designs to
present in response to such a user request, the dialogue man-
ager selects all designs from the ontology that meet the user’s
criterion, and then uses the dialogue-history and user-model
information to rank these designs, favouring those that have
not been seen before and those with higher overall scores in
the user model.

The dialogue manager then sends a message to the presen-
tation planner that it should describe a particular design to
the user. This message contains only a high-level request to
describe a particular design, optionally including any features
that must be included in the description for dialogue-flow rea-
sons; it is up to the presentation planner to flesh out such a
specification into a full description.

The presentation planner selects and structures content
from the ontology to meet the dialogue-manager specifica-
tion, and then creates a logical form for each sentence in
the turn. The logical forms are then sent to the OpenCCG
surface realiser, which produces prosodically-annotated text
that is sent to the Festival speech synthesiser. Festival cre-
ates the waveform for the synthetic speech and returns the
timing information for the words and phonemes in the text.
This timing information from Festival is then used to set the
schedule for output in the other modalities (talking-head be-
haviours, gestures at objects on the screen). When a com-
plete schedule has been prepared for all of the output chan-
nels, the presentation planner starts the output. Full de-
tails of this process are given in[Foster and White, 2004;
Foster, 2005].

The presentation planner has three main decisions to make
when creating the content of a design description: choosing
the features of the design to include, structuring the selected
content appropriately, and choosing the eventual surface form
of the resulting text. Information from the dialogue history
and user model influences all of these decisions, as follows.

The maximum length of a description is normally three
facts about the design being described. The presentation plan-
ner always includes any features specifically requested by the
dialogue manager; it then chooses the rest of the content (up
to the maximum length) based on information from the user
model and dialogue history, as follows. First, it includes all
features that have not been previously mentioned and that
have a non-neutral evaluation in the user model, in decreas-



<!--
"Once again it is modern, but here the tiles
are from the Carioca collection by Aparici."
-->
<messages>

<msg type="same-different">
<slot name="same">

<msg type="prop-has-val"
same-as-last="true" prop="has_style">

<slot name="object" value="Tileset4"/>
<slot name="value" value="modern"/>

</msg>
</slot>
<slot name="different">

<msg type="prop-has-val"
same-as-last="false"
prop="has_designer-series">

<slot name="object" value="Tileset4"/>
<slot name="designer" value="Aparici"/>
<slot name="series" value="Carioca"/>

</msg>
</slot>

</msg>
</messages>

Figure 2: Combined text-planning messages

ing priority of user-model score, breaking ties arbitrarily. If
there is still space in the description, it then includes any other
features that have not previously been mentioned, again in an
arbitrary order. Finally, the planner may choose to include
a feature with a positive evaluation even if it has previously
been described, if it is needed to offset an otherwise entirely
negative description. If the result of this process is that no
features are selected (because all of the features of the design
have already been described), the planner chooses the most
highly-ranked previously-mentioned feature to include.

Once the content of a description has been selected, user-
model and dialogue-history information is also used to help
create an overall structure for the description. When ordering
the messages, for example, features with a positive evaluation
are generally put earlier in the description. The contextual
information is also used to combine adjacent messages into
complex sentences where possible. We can combine a feature
that is common between the current design and the previous
one with one that differs between the two; Figure 2 shows the
text planner’s internal XML representation of two messages
that have been combined in this way. A feature with a high
user-model evaluation can be combined with one with a lower
evaluation in a similar way.

Finally, the user model and dialogue history also impact the
surface form of the description. For example, if a description
is to include a fact that we have already told the user, we
signal this repetition with words such asas I said beforeor
as I mentioned earlier. If two facts have been combined to
make a comparison with the previous design as in Figure 2,
we use a structure such asOnce again X, but here Y. If we are
mentioning a property that we know the user does not like, we
add words such asthoughor althoughto the sentence.

4 Experiments

We conducted two studies to assess the effectiveness of the
adaptive generation described above, looking separately at
the impact on the generated output of each of the two knowl-
edge sources; we did not address the dialogue manager’s se-
lection of designs to describe. Like[Walkeret al., 2004], we
used an “overhearer” paradigm in which the subjects watched
and listened to recorded interactions between the system and
a user and judged the quality of those interactions.

As pointed out by[Whittaker and Walker, 2005], an over-
hearer evaluation provides several advantages for evaluating
multimodal dialogue systems. It allows judgements to be
gathered during the course of a dialogue rather than at the
end, and allows multiple alternative dialogue strategies to be
compared in the same dialogue context. It also avoids any
possible problems with speech recognition and language un-
derstanding, and allows the evaluation to be run on computers
not powerful enough to support the full system. However, it
does have the disadvantage that it measures only perception,
rather than behaviour change, task performance, or user sat-
isfaction; in Section 5, we discuss how these factors could be
assessed.

The interactions were all synthesised in advance, and were
presented to the subjects using a modified version of the
COMIC system that was able to play back scripted output.
User input was provided by playing recordings of a user mak-
ing requests to the system. This allowed us to ensure that ev-
ery subject saw and heard exactly the same version of each
system turn. The output modules in these experiments were
the speech synthesiser and an output-only emulator of the
bathroom-design application able to display tile designs and
animate pointer gestures; the talking head and full bathroom
application were not used.

In both experiments, the basic structure was as follows.
Subjects saw and heard two possible versions of a short inter-
action between a user and the COMIC system. Subjects were
then asked to choose which version was better, based on see-
ing and hearing the presentation. They were then shown the
transcripts of both versions of the interaction (in a format sim-
ilar to Figure 3), and were asked again to choose between the
versions. Even though written text is not an output modality
of COMIC, we chose to present the transcripts in order to as-
sess whether there were aspects of the adaptation that would
have had an effect, but that were missed due to intelligibility
issues with the synthesised speech.

Note that our experiment design differs somewhat from
that used by[Walker et al., 2004]: the MATCH subjects
judged all of the outputs first using text, and then judged
them all again in speech, and answered Likert-scale ques-
tions to assess the quality of each output individually. We
presented the speech first because speech is the primary
modality for the COMIC system; the text presentation was
shown afterwards to allow the modalities to be compared.
We chose to do a forced-choice study instead of using Lik-
ert scales because, for a transient medium like speech, di-
rect judgements are difficult to make consistently, especially
when the differences are subtle (cf.[Baker et al., 2004;
Rocha, 2004]).



(1) a. User: Tell me about this design[click on Lollipop]
b. COMIC: Here is a family design. Its tiles are from the Lollipop collection by Agrob Buchtal. The colours are blue and green.
c. User: What about this one[click on Asterix]
d. COMIC: Herewe haveanotherdesignin the family style. Its tiles are from the Asterix collection by Villeroy and Boch. It

has comic motifs on the decorative tiles.

(2) a. User: Tell me about this design[click on Lollipop]
b. COMIC: This design is in the family style. The tiles are from the Lollipop collection by Agrob Buchtal. The tiles have a blue

and green colour scheme.
c. User: What about this one[click on Asterix]
d. COMIC: This designis in the family style. Its tiles are from the Asterix collection by Villeroy and Boch. As you can see,

there are comic motifs on the decorative tiles.

Figure 3:Also-class dialogue with dialogue history enabled (1) and disabled (2)
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Figure 4: Graphs of dialogue-history results

The two experiments were run consecutively in the same
session. Subjects were recruited through an email to the In-
formatics departmental student mailing list, and were com-
pensated for their participation in the experiment. There were
25 subjects (20 male, 5 female) for the dialogue-history eval-
uation; due to technical difficulties, only 23 of those subjects
were able to complete the user-model study as well. The full
study took approximately half an hour to complete.

4.1 Dialogue-History Study
Materials and Presentation We created a set of six short
dialogues between COMIC and the user, using a neutral user
model. Each dialogue had two system turns. The tile de-
signs used in each dialogue were selected arbitrarily, except
in those cases where it was necessary that the designs selected
have some factor in common. We generated two versions of
each dialogue: one in which the second system turn made use
of the context provided by the first turn, and one in which it
did not.

The set consists of two dialogues in each of the following
three classes, representing the three different ways in which
the dialogue history can affect the generated output:

Also COMIC makes links between features in the current de-

scription and those in the preceding description.

Repeat Whenever possible, COMIC avoids repeating infor-
mation that it has already said about a design.

Said-before When COMIC does repeat previously-
mentioned information—for example, because there
is nothing new to say about a design—it signals the
repetition.

Figure 3 shows both versions of one of the dialogues that
was generated in classAlso: (1) makes use of the dialogue
history, while (2) does not. The primary dialogue-history-
based difference between the two versions is highlighted; all
of the other surface differences occur because they were inde-
pendently generated by the full COMIC presentation planner,
which incorporates variation into its planning process.

All 25 subjects in this experiment were shown the same
six dialogues, each in an individually randomised order; the
order of versions within each dialogue was counterbalanced
randomly so that they saw the dialogue-history version first
in three trials, and second in the other three. Subjects were
instructed to pay attention to how the system responded to the
user’s requests and how it kept track of what had already been
said in the conversation. After they had seen both versions



(3) (target)Here is a family design.As you cansee,thetiles havea blueandgreencolourscheme. It has floral motifs and artwork on
the decorative tiles.

(4) (other)Here is a family design. Its tiles are from the Lollipop collection by Agrob Buchtal.Althoughthe tiles havea bluecolour
scheme,it doesalsofeaturegreen.

(5) (neutral)This design is in the family style. It uses tiles from Agrob Buchtal’s Lollipop series. There are artwork and floral motifs
on the decorative tiles.

Figure 5: Output generated for three different user models

of each complete dialogue, subjects were asked the following
question:Which conversation had a more natural sequence of
turns?They chose initially based on the speech presentation,
and then chose again after reading the transcripts.

Results and Discussion In general, the subjects chose the
versions generated with the dialogue history enabled more
often than those with it disabled, in both text and speech, as
shown in Figure 4(a). Both differences are significant at the
p < 0.001 level in a binomial test. Figure 4(b) divides the
counts by dialogue class. To analyse statistical significance
in this post-hoc analysis of the divided counts, we modified
the requiredp value using a Bonferroni correction for mul-
tiple comparisons; the required significance value to achieve
p < 0.05 overall isp < 0.017 on each individual test. All of
the differences were significant at this level except forSaid-
before in speech andRepeat in text (p' 0.16 and 0.06, re-
spectively).

There was little overall difference between the choices
made across the modalities; that they were not equal is proba-
bly due to intelligibility issues with the speech. For example,
on theAlso-class dialogue shown in Figure 3, preferences
were essentially at chance when subjects chose on the basis
of the speech (12–13;p ' 0.65). However, when subjects
were able to read the text, there was a trend3 for the dialogue-
history version (18–7;p' 0.02). As highlighted in the figure,
the primary difference between the two versions is the single
use of the wordanother; this was evidently difficult to pick
up based on the speech, but was noticed often when subjects
were able to read the transcripts. Adaptations with more ob-
vious surface impacts—e.g., sayingas I said beforeto signal
a repetition, or describing multiple common properties of two
designs—were perceived at a similar rate in text and speech.

4.2 User-Model Study
Materials and Presentation For this part of the experi-
ment, four random user models were generated. Each model
was generated by selecting three feature values that the user
liked—which were given an evaluation of 0.8—and five val-
ues that the user disliked—which were given an evaluation
of 0.2. All other values were given the default evaluation of
0.5. Note that the feature weights were equal in all four user
models. One of the random models is shown in Figure 6.

For each model, an individual dialogue with the system
was then created. Each dialogue started with the system’s de-

3The necessary Bonferroni adjusted value forp < 0.05 overall
significance isp < 0.0083 on each of the six individual instances.

Feature Likes Dislikes

Colour blue, beige pink
Style modern, classic
Decoration floral motifs geometric shapes
Designer Porcelaingres

Figure 6: Sample user model

fault selection of designs, and consisted of eight user requests
and system responses. The user requests were selected to be
plausible for the target user model, and the dialogue-manager
also made its choices based on that target model. Four addi-
tional versions were then generated of each system output in
each dialogue: one version based on the preferences of each
of the other three random models, as well as a version based
on a neutral user model (all evaluations 0.5). Figure 5 shows
three versions of a system turn: (3) is generated based on the
user model in Figure 6, (4) reflects the preferences of one of
the other user models, while (5) is based on a neutral model.

Subjects were assigned to one of the four target user mod-
els in rotation. The target model was shown on screen
throughout the study, in a window similar to Figure 6. Sub-
jects were asked to read through the user preferences be-
fore beginning, and to keep them in mind when making their
choices. Two versions of each system turn in the dialogue
were played—the version generated for the target model, and
one of the other versions. The target model version was com-
pared with versions for each of the other models twice, in an
individually randomly-chosen order; the order within the tri-
als was counterbalanced so that the target model version was
seen first in four trials and second in the other four.

After seeing and hearing both versions of each system
turn, a subject was asked the following question:Which
COMIC output was more appropriate for this user?As in
the dialogue-history study, subjects chose first on the basis of
the speech presentation, and then again after reading the text.

Results and Discussion As shown in Figure 7(a), the over-
all results were similar to those in the dialogue-history evalu-
ation: subjects generally chose the presentation generated for
the target model over the one generated for the other model,
using both speech and text. These preferences were both sig-
nificant atp < 0.001.

In the MATCH evaluation[Walker et al., 2004], the tri-
als were subdivided based on the distance between the target
model and the other model. However, the distance measure
used there was based on the difference between the feature
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Figure 7: Graphs of user-model results

weights, and is therefore not applicable to the current study
in which the weights were the same in all the models. Instead,
we divided the trials based on conflicting use of explicit con-
cessions to negative preferences in the two descriptions. For
example, the highlighted sentence in (4) has the concession
although the tiles have a blue colour scheme, as if the user
disliked the colour blue; in contrast, (3) has no such conces-
sion. This resulted in the following two categories of trials:

Conflict There was at least one conflicting concession across
the two versions.

No conflict There were no concessions at all, or the conces-
sions were the same in both versions.

Note that, due to the way the user models were selected, the
majority of trials fell into theConflict class. Figure 7(b)
shows the counts for each of these classes. There is a very
significant preference for the target description (p< 0.00001)
in theConflict class, but there is no significant preference ei-
ther way in theNo conflict class; the results are similar in
both modalities.

The positive preferences do have an effect on the content
that is selected for a description and the order in which it is
presented: features that the user likes will always be included
in the description, and are generally placed nearer the begin-
ning (e.g., compare the content selection in descriptions (3)
and (5) in Figure 5). However, this effect was not noticed by
the subjects in this study, perhaps because they were basing
their judgements on a random user model instead of their own
preferences.

5 Conclusions and Future Work

These studies together demonstrate that the types of adapta-
tion employed in the COMIC presentation planner do have
a perceptible positive effect on the system output. Our re-
sults confirm and extend the results of previous studies, and
point to ways in which the interaction could be improved to
take better advantage of the information stored in the dialogue
history and user model.

The results for the dialogue-history tailoring show that it
does have a perceptible effect in all cases. This both confirms
and refines the results of the M-PIRO study, which presented
the output in text and did not examine the effects of aggrega-
tion and comparison independently. We also found that with
spoken output, dialogue-history adaptations that affect only
the surface form may occasionally be missed if the synthetic
speech is difficult to understand. However, when the text can
be read, such adaptations are perceptible, so with improved
speech synthesis they should also have a perceptible effect.

When the output is tailored according to a user model, sub-
jects generally chose the target versions, using both speech
and text; this is in line with the results of the GEA and
MATCH evaluations. The results of this study demonstrate
that the effect of the user-tailored generation in COMIC is
only noticeable when there are conflicting concessions to
negative preferences in the two versions. Such concessions
are also included in the output of GEA, but not in that of
MATCH. In general, our subjects could not tell the differ-
ence between a description intended to be positive and one
intended to be neutral; this may be partly due to the fact that
the subjects in our study were basing their judgements on
a randomly-generated user model, rather than on their own
preferences as in GEA and MATCH. Note that the positive
preferences are also used by the dialogue manager to select
designs that are likely to be relevant to the user; the effect
of this selection was not studied here, but the results of the
MATCH evaluation suggest that it would also be perceptible.

While these studies demonstrate that users are able to no-
tice the adaptive generation in COMIC, we have not yet
shown that the adaptation has any effect on interactions with
the full COMIC system. In future work, we hope to exam-
ine this question, using measures such as subjective user-
satisfaction scores, objective measures of dialogue quality,
and scores on a factual recall task, as in[White et al., 2005].
COMIC could support such an evaluation of the dialogue-
history adaptations in its current form; however, a full evalu-
ation of the user-model adaptations would require some mod-
ifications to the COMIC system.



To get a true picture of the impact of the user tailoring,
the system would have to respond based on the user’s actual
preferences. In GEA and MATCH, the user model is obtained
before the interaction begins, by filling in a form. Note that
the domains of these systems—real estate and restaurants,
respectively—are ones where users can be expected to have a
clear idea of their likes and dislikes before using the system.
In contrast, with COMIC, it is not realistic to gather a full user
model before the interaction begins, as the purpose of guided
browsing is to help users become familiar with the range of
available options. Thus, the most natural way to gather pref-
erences would be through the course of the interaction. In the
current system, the model is optionally updated by increasing
the score for explicitly-requested features; however, there is
no way to query or modify the user model that is updated in
this way, and the system does not learn any negative prefer-
ences.

The system could take more initiative in inferring a user’s
preferences based on their browsing behaviour, possibly us-
ing the work of[Carberryet al., 1999] as a basis. For exam-
ple, if the user has rejected a series of proposed tile designs
that all have green tiles, the system could hypothesise that the
user does not like the colour green, and update the model ac-
cordingly. Instead of directly updating the user model based
on these hypothesis, with no feedback, the system could also
ask a confirmation question such asIt appears that you don’t
like green much.This would give the user the opportunity
to confirm or reject the system’s beliefs about their prefer-
ences, and should help avoid getting “painted into a corner”
prematurely. In the future, we hope to explore extended user-
modelling and interaction capabilities in this way, and to as-
sess the effect of the adaptively-generated output on user in-
teractions with the system.
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Linköping University, SWEDEN

ponjo@ida.liu.se

Abstract

Conversational recommender systems (CRSs) ap-
proach user preference acquisition from a conversa-
tional point of view, where preferences are captured
and put to use in the course of on-going natural lan-
guage dialogue. The approach is motivated by its
aim to make interaction efficient and natural, to ac-
quire preferences from the user in a context when
she is motivated to give them, as well as to facilitate
exploration of the domain and the development of
the user’s preferences. A CRS’s dialogue strategy
to achieve these aspects of the interaction is cru-
cial for its performance and usability. This paper
reports on a user satisfaction evaluation ofACORN,
which is a CRS in the movie domain. The results
of the study indicate a high user satisfaction with
the interaction from nine usability aspects, and that
ACORN’s dialogue strategy is suitable for efficient
interaction and user preference modeling, and fa-
cilitates domain exploration.

1 Introduction
Recommender systems produce personalized recommenda-
tions of potentially useful items from a large space of possible
options (see[Montaneret al., 2003] for a recent overview).
To accomplish this, the system needs a model of the user’s
preferences in the chosen domain, and a recommendation en-
gine that uses the user preference model to predict domain
items.

The design of systems aiming at user-adaptive functional-
ity based on user modeling rests on three steps: (1) initial-
ization, (2) update, and (3) usage of the user model to gener-
ate adaptive functionality[Wu, 2002]. The initialization step
consists of user preference acquisition in order to construct
a correct and sufficient preference model[Burke, 2002]. The
update part is a more long-term maintenance of the preference
model in order to keep it up-to-date with the user’s prefer-
ences. It involves keeping track of purchased items, changed
ratings of items or attributes, and more. User feedback on
recommended items is one common way to update the model.
After being initialized, the user preference model is put to use
by an engine based on one or a combination of several recom-
mendation algorithms.

There are several types of recommendation algorithms
available. The two most commonly used today arecollab-
orative and content-basedfiltering. Collaborative (or soci-
ological) filtering [Hananiet al., 2001] depends on a user-
item matrix where a population of users’ ratings of domain
items (e.g. books, movies, web pages, etc.) are clustered into
“neighborhoods”. Users belonging to the same neighborhood
thus have similar preferences, and items are recommended to
them on the basis that they are relevant to other users in the
same neighborhood. In content-based systems, items are de-
fined by properties (e.g. actors, director and genre for movie
items), and recommended based on matching item properties
to users’ preference model contents.

While collaborative filtering represents a major strategy
for recommending items and is capable of performing cross-
property recommendations, it is not fool-proof. Sometimes
users may want recommendations based not only on previ-
ous ratings, but rather on explicitly defined rules. This calls
for combining different prediction techniques into hybrid en-
gines[Burke, 2002], as well as employing an interaction tech-
nique that allows users to state such preferences in a natural
and efficient way. Point-and-click information-providing sys-
tems often fall short in this context. For example, the Inter-
net Movie Database1 (IMDB ) search engine provides aPower
Searchmode where users can formulate refined queries using
standard GUI widgets. ThePower Searchuser interface con-
sists of 17 text fields, 20 choice boxes, 6 check boxes, and
requires vertical scrolling before a query can be submitted.
Despite this complex interface, users are limited in several
ways; e.g. only two genres may be combined and there is
very limited support for negations. Quantifications and nega-
tions are generally hard to capture in graphical user inter-
faces, but easy to express in natural language[Cohen, 1992;
Androutsopouloset al., 1995].

A Conversational Recommender System(CRS) utilizes
natural language dialogue between the user and the system
where user preferences are initialized, continuously updated,
and put to use in order to calculate and present personal-
ized item recommendations. One underlying motivation for
the conversational approach is that it aims to exploit situa-
tions where the user has a high motivation to provide prefer-
ence data. This can be contrasted to the “standard approach”,

1http://us.imdb.com



where preference acquisition burdens the user at initialization
time and results in a delayed benefit for the user[Careniniet
al., 2003]. This delayed benefit is known as the new-user
cold-start problem and is a crucial problem for recommender
system performance.

Conversational interaction also seems promising for per-
sonalized recommender systems since on-going dialogue
may enhance the robustness of the interaction as progress
can be made through negotiation[Zadroznyet al., 2000].
This also ties into anexploratory interaction aspect: users
can learn about new items and concepts in the domain in an
incremental fashion throughout the negotiation dialogue and
explore the domain, and as a result, evolve their own prefer-
ences within it.

The conversational approach is exemplified with the
FINDME assisted browsing framework, which is applicable
in domains too complex for users to articulate fully speci-
fied queries[Burke et al., 1997]. In such situations, incre-
mental refinement in a dialogue fashion is suitable. When
faced with a retrieved item in the FINDME framework, the
user may articulate some critique of the item. The critique
signals what attributes are important for a specific user, and
updates the preference model accordingly. Dialogue context
can also be utilized to model preference strength depending
on the conversational circumstance in which a preference oc-
curs[Carberryet al., 1999]. A recent approach allows users
of the ADAPTIVE PLACE ADVISOR system to derive prefer-
ences from on-going spoken interaction by gradually narrow-
ing down choices with partial item descriptions[Thompsonet
al., 2004]. Users are aided in their understanding of the do-
main and their preferences by thinking about questions in the
dialogue. The ADAPTIVE PLACE ADVISOR utilizes dialogue
moves to modify the current query and the user preference
model.

Since CRSs rely heavily on dialogue and incremental mod-
ification of queries and preference models, a system’sdia-
logue strategyto initialize, update, and use the preference
model in the interaction is crucial for the system’s perfor-
mance and usability. The work presented here reports on a
user satisfaction evaluation of the CRSACORN2 that employs
a dialogue strategy covering these aspects. An experiment
with twenty users that carry out tasks in a pre-given scenario
usingACORN has been conducted, and by analyzing the dia-
logue sessions and users’ responses to a questionnaire, nine
aspects of user satisfaction are assessed.

2 ACORN
ACORN is a text-based dialogue system built specifically to
implement and evaluate a recommendation dialogue strategy
in the movie domain. Figure 1 shows an excerpt of a dialogue
with ACORN, and illustrates some key points of its dialogue
strategy:

• System-driven preference acquisition: the system’s
agenda is to interview the user for her movie prefer-
ences. User responses are utilized to gather preference
data that can be used in future recommendations (e.g.
utterances A2 and A4 in Figure 1).

2Adaptive COnversational RecommeNder

• User-driven information requests: at any time the user
is allowed to take initiative and issue information re-
quests, and let the user retrieve desired pieces of in-
formation about items in the domain as in utterances
U5 and U8. In effect, this drives the dialogue forward,
shown in utterances A5-U5-A6-U6 (since Sean Connery
appears on the actor list in A6).

• Recommendations in a dialogue context: the recom-
mendations are presented and properly motivated in a
personalized manner within the on-going dialogue (e.g.
A8).

A1: How may I be of service?
U1: I feel like watching a comedy
A2: OK. Can you tell me one of your favorite actors or ac-

tresses?
U2: I think Brad Pitt is good
A3: I see. Have you seen the movieSnatch (2000)?
U3: Yes
A4: What do you think about that movie?
U4: It is great
A5: Do you want another recommendation?
U5: Who is acting in the movie Entrapment?
A6: Entrapment (1999)has the following cast. (ACORN dis-

plays a list of actors:Sean Connery, Catherine Zeta-
Jones, ...).

U6: Can you recommend a drama withSean Connery?
A7: OK. Have you seenFinding Forrester (2000)?
U7: No
A8: Finding Forrester (2000)is a drama starringSean Con-

nery.
U8: Who else is starring in it?

Figure 1: Recommendation dialogue about movies between
theACORN system (A) and a user (U). The dialogue has been
translated from Swedish.

The user interface (see Figure 2) consists of a chat-style
panel where the dialogue betweenACORN and the user takes
place and a text field where the user types her input. To the
right of the chat panel is a result presentation panel where
movie information and other pieces of domain information is
displayed.

ACORN’s architecture is phase-based[Degerstedt and Jo-
hansson, 2003] and builds on theMOLINC toolkit3. The
main components ofACORN are: adialogue manager(in-
cluding the recommendation dialogue strategy and a standard
information-providing dialogue system), adomain knowl-
edge manager(including a basic content-based recommen-
dation engine and a movie database), and apreference man-
ager.

2.1 Dialogue Management
ACORN’s dialogue capabilities are divided into two initiative
types: system-driven preference acquisition and recommen-
dations, and user-driven information requests. The dialogue
behavior is based on an empirical investigation of human-
human recommendation dialogues, and has been adapted to

3Available at http://nlpfarm.sourceforge.net/.



Figure 2: TheACORN user interface.

human-computer dialogues by the process of dialogue distill-
ing [Larssonet al., 2000]. Dialogue-specific modules include
a state graph describing the preference acquisition and recom-
mendation strategy (see Figure 3); a phase graph[Degerstedt
and Johansson, 2003] describing information-providing func-
tionality, and that facilitates local focus shifts and anaphora;
and standard linguistic resources such as a lexicon and a
grammar for the interpreting module.

Preference Acquisition and Recommendations
The preference acquisition takes place as a series of ques-
tions to the user, much like an interview guide. User re-
sponses are captured, and the interpretations are used to de-
cide what question to issue next. The strategy consists of
sixteen dialogue states depicted in Figure 3. Each state (ex-
cept for the square nodes) corresponds to a specific prefer-
ence and recommendation question or statement. TheRe-
cEnginenode is the interface to the back-end recommenda-
tion engine which is described below. AllACORN’s utter-
ances in Figure 1 except A6 are examples of individual dia-
logue states in the model. Transitions between states depend
on the interpreted user utterance. A more detailed descrip-
tion of the dialogue strategy and its implementation is found
elsewhere[Wärnest̊al, 2005; Johansson, 2004].

Information Requests
While the preference acquisition and recommendation part of
ACORN dialogues are system-driven, users can take initiative
and ask for domain information at any time in the dialogue.
The turn U5-A6 in Figure 1 are examples of user-initiated
information requests.

This information-providing part of the dialogue manager
consists of a phase-based component consisting of four
phases that operate on a data structure holding information
on interpretation, dialogue move, task, and generated output.
The phase graph can be accessed from each of the above men-
tioned preference dialogue states, allowing the user to issue
information requests at any time in the dialogue.

The Linguistic Analysis phase uses a parser module that
produces a task representation of the user utterance. In
thePragmatic Interpretation phase a refined interpretation

Figure 3: ACORN’s recommendation dialogue strategy.
Rounded nodes correspond to system utterances, square
nodes to system actions. Solid transitions correspond to inter-
preted user utterances, and dashed to system logic decisions.
Some transitions have been omitted for clarity.

based on dialogue context is carried out by using a dialogue
memory to add/change information in the task representa-
tion. The Pragmatic Interpretation phase is required for sim-
ple sub-dialogue capabilities, such as asking for clarifications
or additional information, or refinements if the database re-
turns too many or no hits. TheTask Handling phase executes
the task by retrieving information from the database. The re-
sult set is transformed to suitable output in theGeneration
phase with slot-filling templates.

Whenever an information request has been addressed by
ACORN, the preference and recommendation dialogue con-
tinues to gather preferences and provide recommendations,
until a new information request is detected. For more details
see[Johansson, 2004].

Responses to information requests are resolved without the
preference model and recommendation engine filtering. Fur-
thermore, information requests are not modeled in the prefer-
ence model. This means that users are free to ask for any kind
of movie information without having to worry about how or
if their information requests affect future recommendations.

2.2 Domain Knowledge and Recommendation
Engine

ACORN derives information and recommendations from a
local copy of IMDB that covers information about 230,000
movie titles. The searchable features are currently limited to
actor, character, director, genre, and plot information for each
movie.



The recommendation engine is a basic content-based mod-
ule that calculates recommendations on actor, genre, and di-
rector preferences. A more sophisticated recommendation
engine utilizing e.g. collaborative filtering for cross-property
recommendations in addition to the current content-based
component would be desired[Swearingen and Sinha, 2002],
but for the purpose of this study the mechanisms described
above are deemed sufficient. A collaborative filtering ap-
proach relies on item (in this case movie title) ratings. This
is supported by the dialogue strategy and could thus be used
with a hybrid recommendation engine without modification.
The current engine does keep track of movie ratings from the
IMDB data set (February 2005) in order to return the highest
ranked movie in the community that matches the current user
preference model, but it does not maintain a user-item matrix
required for collaborative filtering.

The engine’s output after a request from the dialogue strat-
egy can be of three types: (1) the highest ranked movie ti-
tle based on content-based predictions of the user preference
model; (2) a message indicating that the current recommen-
dation base has been exhausted (i.e., there are no more movies
matching the user’s criteria); or (3) a message indicating that
more information is needed in order to perform a recommen-
dation. These messages are shown in Figure 3 as dashed
transitions leading from theRecEnginenode. TheRecEngine
node can thus be seen as a guard before entering theSeenTitle
node that actually recommends a movie to the user.

For example; in the excerpt shown in Figure 1, the recom-
mendation in A3 is based on a genre and an actor. Since the
matching movieSnatch (2000)has the highest ranking and
has not previously been recommended to the user, it is sug-
gested.

2.3 Preference Management
A user’s preference model is constructed during the dialogue
interaction and consists of instances of genres, actors, direc-
tors, and titles that have occurred in the dialogue(s). Users
may provide both positive and negative preferences. The pos-
itive preferences correspond to the matching set the system
tries to retrieve from the database (e.g. comedies starring
Brad Pitt in Figure 1). Negative preferences (if existing) act
as filters to the matching set. Seemingly conflicting prefer-
ences such as utterance U2 in Figure 4 thus affect the dia-
logue flow. The current recommendation base is “comedies”,
and the only actor preference we have detected so far isBrad
Pitt. However, all comedies withBrad Pitt has gained a low
rating, so the recommendation engine signals that the cur-
rent recommendation base has beenexhausted(see Figure 4),
prompting the transition to theRelaxRecBasedialogue state
in Figure 3 that asks for more preferences (A5). Future rec-
ommendations may thus include movies starringBrad Pitt, so
long as they are not comedies.

3 Experimental Design
The study was designed to test the following nine aspects of
user satisfaction withACORN:

• Task ease: How well the user feel that a particular task
can be carried out with the system.

A1: How may I be of service?
U1: I would like a drama
A2: OK. Can you tell me one of your favorite actors or ac-

tresses?
U2: I like Brad Pittbut I can’t stand his comedies
A3: I see. Have you seen the movieFight Club (1999)?
U3: No
A4: Fight Club (1999)is a drama starringBrad Pitt.
U4: Can you recommend a comedy?
A5: OK. Are there any other actor or actress you prefer?

Figure 4: Dialogue excerpt showing preference updates in
ACORN. The dialogue has been translated from Swedish.

• Adaptation: How well the system adapts to an individual
user’s preferences.

• System response time and pace: How fast the system
responds, and whether the interaction pace feels satis-
factory for the user.

• Domain coverage: Measures whether there are enough
items in the domain to solve a task, and whether there is
enough information about each item.

• Interpretation performance: The user’s experience of
how well the system understands her input.

• Generation performance: How well the system performs
when generating linguistic responses (phrase choice,
clarity, and verbosity).

• Expected behavior: Measures how intuitive and natu-
ral the dialogue interaction is, in terms of initiative and
grounding etc.

• Entertainment value: Assesses how entertaining and in-
teresting it is to engage in a dialogue with the system.

• Future use: Whether it is likely that the user will use the
system in the future or not.

These factors are assessed by analyzing (a) dialogues from
the user sessions, and (b) a post-study questionnaire filled out
by the each of the participants.

The questions are inspired by thePARADISE dialogue sys-
tem evaluation framework[Litman and Pan, 1999, page 59].
The PARADISE framework is for evaluating spoken dialogue
systems, with a focus on task-oriented systems[Walker et
al., 1997]. In this study the set of user satisfaction aspects—
and corresponding questions in the questionnaire—were en-
hanced in order to address e.g. entertainment value and adap-
tation assessment.

3.1 Participants
Twenty participants of varying age, gender, and background
were recruited as users. None of them had any special knowl-
edge of dialogue systems, but were all proficient computer
users. They were not paid.

3.2 Procedure
Each participant received a quick tutorial explaining rudimen-
tary facts aboutACORN (e.g. it being a movie information and
recommendation system, that the interaction is typed, and that



the language of interaction is Swedish, etc.). Next, the partic-
ipant was presented with a short scenario consisting of three
sub-tasks (see Appendix A). The tasks ranged from strict
(tasks 1 and 3) to a bit more open-ended (task 2) in order
to ensure that the sessions are comparable (cf.[Walkeret al.,
1997]), but at the same time allow for some variety in the so-
lutions. In addition to the comparable quality, strict tasks are
also a way to determine efficiency (i.e. that a specific task
is resolved), since users have no reason to persist in artificial
constructed open-ended tasks and may settle for almost any-
thing if there is no “real” or personal motivation. During the
dialogue session, the participants noted their solutions/results
of each task on a protocol. After completing the scenario,
they were asked to fill out the questionnaire. The question-
naire consists of 23 questions regarding user attitudes towards
task solution, system performance, and dialogue interaction.
Response values are encoded on an ordinal scale of 1–4 cor-
responding to the statementsI strongly disagree(1), I some-
what disagree(2), I somewhat agree(3), andI strongly agree
(4). The sessions were also logged during the interaction and
time-stamped and saved on file.

4 Results

The study yielded two kinds of data. First, the dialogue logs
constitute data for a dialogue corpus analysis. Second, the
questionnaire responses provides data for a user satisfaction
analysis.

4.1 Dialogue Corpus Analysis

Session logs of the interactions resulted in a corpus with a to-
tal of 226 complete turns, and a total elapsed time of 4 hours
(mean 12 minutes per dialogue). The corpus was annotated
manually with the number of system interpretation failures,
and the number of system restarts. Furthermore, each dia-
logue was compared to an “optimal” scenario solution which
represent the shortest number of turns that are required to
solve all sub-tasks in the scenario. The scenario can be com-
pleted in seven turns, which is the “key” to an efficient dia-
logue. However, since the scenario can be resolved in a va-
riety of ways, an additional turn or two may still feel both
optimal and natural for a particular user. All twenty subjects
accomplished all tasks in the scenario. The average number
of turns for completing the tasks is 11.3, and 10 subjects ac-
complished the scenario within the optimal range (7–9 turns,
depending on their strategy, and personal choice in the open-
ended task).

Dialogues longer than 7–9 turns are the result of (i) system
interpretation failures (due to a variety of factors, such as lack
of linguistic coverage on the system’s part, or on uncoopera-
tive behavior or misspellings on the user’s part, etc.), (ii) do-
main exploration (e.g. asking for more recommendations, or
additional information not required by the scenario), or (iii)
miscellaneous turn types, such as clarification sub-dialogues
due to too many database hits, etc.

Table 1 shows some interesting aspects of the data, which
will be discussed below.

User TRN FAL EXP MSC SAT
01 14 6 0 1 2.5
02 7 0 0 0 3.1
03 9 1 1 0 2.7
04 14 0 2 5 3.2
05 9 1 0 1 3.3
06 12 1 0 4 3.2
07 15 0 5 3 3.3
08 17 1 5 4 2.7
09 17 0 6 4 3.2
10 7 0 0 0 3.3
11 7 0 0 0 2.9
12 7 0 0 0 2.9
13 7 0 0 0 3.3
14 8 0 0 1 3.0
15 23 7 1 8 2.6
16 10 0 0 3 2.8
17 9 2 0 0 3.0
18 9 0 1 1 3.0
19 12 2 2 1 2.8
20 13 3 3 0 3.0

Total 226 24 26 36 N/A
Mean 11.3 1.2 1.3 1.8 3.0

Table 1: Total number of dialogue turns (TRN), number of
interpretation failure turns (FAL), domain exploring turns
(EXP), miscellaneous turns (MSC), and mean user satisfac-
tion over the nine categories from the questionnaire (SAT).

Interpretation failure turns (FAL) are defined as turns
that were not successfully parsed by the system, i.e. not cov-
ered byACORN’s linguistic resources. The total interpretation
failure rate for the complete corpus is 1.2 turns per dialogue,
with twelve completely error-free dialogues.

Domain exploring turns (EXP) are requests that are “not
necessary” in order to complete scenarios. Examples include
asking for plot information even though no task in the sce-
nario requires that kind of information, or asking for more
recommendations than required. Nine of the users used one
or more turns for such additional domain exploring. The dia-
logue excerpt in Figure 5 is an example of when the user asks
for more information and recommendations than required by
the scenario.

Miscellaneous turns (MSC) include a variety of turns, and
have deliberately been merged together for the purpose of
this analysis since they are not in focus here. These turns
include e.g. sub-dialogue clarifications when the database re-
turns none or too many hits. Another example of turns in this
category arises due to the constructed and artificial nature of
the scenario: A user may for example not like the actor Adam
Sandler, and may dislike his comedies even more; and this has
an impact on the dialogue of Task 3 (see Appendix A), since
users may respond negatively to the resulting recommenda-
tion. This causesACORN to spend turns trying to find out
what is wrong with its preference model of the user. This phe-



Figure 6: User satisfaction based on the subjects’ own assessment split into nine categories based on the post-study ques-
tionnaire. Response values are:I strongly disagree(1), I somewhat disagree(2), I somewhat agree(3), andI strongly agree
(4).

U1: please recommend a drama withSean Connery
A1: Have you seen the movieAction of the Tiger (1957)?
U2: no
A2: Action of the Tiger (1957)is a drama starringSean Con-

nery. Do you want another recommendation?
U3: yes please
A3: Have you seen the movieAnderson Tapes, The (1971)?
U4: what is it about?
A4: Here is the plot forAnderson Tapes, The (1971). Have

you seen it?
U5: no
A5: Anderson Tapes, The (1971)is a drama starringSean

Connery. Do you want another recommendation?
U6: yes a comedy withAdam Sandler

Figure 5: Excerpt where the user deviates from the scenario
requirements in order to explore the domain. The turns U3-
A5 are clearly outside the scope of the scenario since it only
requires one recommendation based on the attributes in U1,
and no additional information requests such as U4. The dia-
logue has been translated from Swedish.

nomenon would not arise in “real” situations because users
disliking Adam Sandler’s comedies would not ask for such
recommendations.

User satisfaction (SAT) is a metric that consists of mean
values of the questionnaire responses (graded 1–4) for each
of the nine aspects. The mean values should naturally be in-
terpreted with care, since the questionnaire provides an or-
dinal scale. However, they are still useful indicators for the
upcoming user satisfaction analysis.

4.2 User Satisfaction Analysis
The 23 questionnaire items were grouped into the nine cate-
gories, and the responses were weighed together. For exam-
ple, for the category Adaptation users responded to the fol-
lowing questionnaire:

1. ACORN’s responses were relevant and helped me solve
the tasks.

2. ACORN’s recommendations were effective and matched
the preferences I had put in.

3. ACORN adapted continuously to my preferences.

Figure 6 shows the results of each of the nine user satisfaction
categories for all twenty users.

It is noteworthy that nine out of twenty users engage in do-
main exploration dialogues. This should be considered rather
high, since the users werenot instructed or even encour-
aged to engage in such dialogues. Domain Coverage (mean
score 3.9) and Entertainment Value (3.7) are the two highest-
ranking aspects, and users engaging in exploration turns give
the highest entertainment value ratings.

In the higher range we also find Expected Behavior (3.6),
Generation Performance (3.5) and Future Use (3.5). Adap-



tation (3.2) is slightly lower, and could be affected by that
the given scenario contains tasks that do not fit certain users,
such as the given choice of actors and genres in task 3. An-
other important factor to consider is that adaptation typically
requires more long-term use than just one session.

System Response Time (2.0) is significantly lower than the
other rankings and is due to the slow response-time because
of the large database.

5 Discussion
The study shows thatACORN’s dialogue strategy allows for
efficientdialogues, since all users accomplished the scenario,
and that several even completed the tasks within the optimal
number of turns. This capability may be seen as a prerequisite
for CRSs, not to say for dialogue systems in general.

The low interpretation error rate would suggest that the
user satisfaction rates are indeed measuring the desired as-
pects, without them being influenced by a general dissatisfac-
tion with interpretation performance of the system.

One interesting observation is that the dialogue interaction
has anentertainingquality. The number of domain exploring
initiatives suggests that users finds the interaction interesting
enough to deviate from the scenario, and engage in the dia-
logue out of personal interest. Exploratory behavior seems to
happen towards the middle or end of the dialogue sessions,
which indicate that such behavior is not only an attempt to
familiarize with the system. Users engaging in exploration
turns also give the highest Entertainment Value ratings. This
suggests that exploring the large domain space is an enter-
taining feature of interacting withACORN. The questionnaire
analysis shows that this is one of the most high-ranked sat-
isfaction aspects. It is thus clear that dialogues longer than
the “optimal efficiency” may still have a high user satisfac-
tion value attached. This is especially true in exploratory di-
alogues where it is a quality in itself for the user to be able
to learn more about the domain than initially planned. Ob-
viously, this comes with the domain and the purpose of the
system. Exploring the movie domain and receiving person-
alized recommendations is different from finding train table
information as quickly as possible.

As pointed out in Section 1, previous research suggests that
an important reason for investigating and developing CRSs is
that they allow the system to capture user preferences when
users are as motivated as possible to give them. One promis-
ing way to achieve this is to employ a dialogue strategy with
entertaining dialogues that encourage domain exploration but
still allows for efficient handling of user tasks.

An interesting fact is that the users’ opinion on Interpreta-
tion Performance according to the questionnaire seems rather
low compared to the factual number of interpretation failures
(FAL rates in Table 1). When examining these dialogues in
detail it seems that users that encountered an interpretation
failure in thebeginningof their session, did not readACORN’s
responses as carefully in the remainder of the session. An ex-
ample of this is found in Figure 7 where utterance U1 was
not understood byACORN, resulting in the help message A1.
After the additional help message the user does not seem to
care much aboutACORN’s prompts, and fails to realize that

her request has been addressed correctly. This stresses the

U1: I want to know aboutBrad Pitt
A1: To be able to provide recommendations I need to know

about your movie preferences. Say for example: “I
would like a drama”.

U2: a movie starringBrad Pitt
A2: Ok. I need more information in order to give you a rec-

ommendation. You can for example provide a genre
you’re interested in.

U3: comedy
A3: Have you seen the movieSnatch (2000)?
U4: I want a comedy starringBrad Pitt, can you do that?

Figure 7: Excerpt showing a user’s failure to realize that a
correct recommendation has been given. (The recommended
movie Snatch (2000)is a comedy starringBrad Pitt, which
is what the user asked for). The dialogue has been translated
from Swedish.

importance of interpretation performance since a lack thereof
takes away the feeling of interacting with a competent conver-
sational partner, and this causes the user to pay less attention
to the system’s utterances and dialogue.

Another possible explanation for this behavior is con-
cerned withwhento issue explanations. Objective explana-
tions of recommendations serve two key points in the interac-
tion: to provide transparency of the system logic, and inspire
trust between the user and system[Swearingen and Sinha,
2002]. In the original human-human corpus—on which
ACORN’s dialogue strategy is based (see section 2.1)— utter-
ance sequences such as A7-U7-A8 in Figure 1) are standard.
That is, the recommender provides an explanation of the rec-
ommendation only if the respondent hasnot seen the recom-
mended title (compare to A3-U3-A4 in Figure 1). However,
providing the explanation of the recommendation afterwards
seems not to be suitable for the dialogue in Figure 7. Here, it
would perhaps be better if the explanation thatSnatch (2000)
is in fact a comedy starringBrad Pitt could be provided as
part of utterance A3. A future version ofACORN’s dialogue
strategy could thus present recommendation explanations ear-
lier; or better yet provideadaptiverecommendation explana-
tions that depends on e.g. the number of previous successful
transactions and recommendations.

6 Summary and Future Work
The results of the study indicate a high user satisfaction with
the interaction from nine usability aspects, and thatACORN’s
dialogue strategy is suitable for both efficient interaction and
domain exploration.ACORN not only suggests recommenda-
tions but also provides means to explore the domain in an in-
formation retrieval dialogue at any point in the conversation.
Entertainment value is one of the highest-ranking aspects of
the interaction, and it is suggested that this is a suitable in-
teraction quality to make use of in order to facilitate domain
exploration and preference modeling for conversational rec-
ommender systems.

Future work includes a long-term user study ofACORN,
where user preference model updates in multiple dialogue



sessions are tracked and used. Such a study would require a
more sophisticated recommendation engine, as well as pref-
erence manager that is able to deal with preference changes
over larger time spans. In a long-term study it would be im-
portant not to have the artificial agenda in the form of a given
scenario, but to study naturally occurring domain exploration
of the type hinted at in this study.
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A Abbreviated Scenario Instructions
The scenario presented to the participants consisted of three
sub-tasks. They are presented here in an abbreviated form.

A.1 Task 1
Find out if the actorBrad Pitt has acted in any comedies.
Please mark your answer in the protocol.

A.2 Task 2
Find out what actors/actresses are starring in the movieEn-
trapment. Note the name of one of them, and askACORN to
recommend a drama starring that actor/actress. Please note
the actor/actress and recommended title in the protocol.

A.3 Task 3
Ask for a comedy starringAdam Sandler, and note the recom-
mended title in the protocol. Then find out who has directed
the movie, and note his/her name in the protocol.
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Abstract

Theintelligibility of responsesin spokendialogue
systemsis importantfor communicatingsuccess-
fully, especiallywhen the systemsare usedvia
cellular phonesin noisy environments.We con-
trivelanguageexpressionsof systemresponsesto
avoid usersmisunderstandings,which mayoccur
whenwordpairsin asystem’svocabularyphono-
logically resembleeachother. We designedand
developeda methodto automaticallyaddclarify-
ing expressionswhen needed. Our methodcan
be appliedto variousdomainsbecauseno hand-
written rulesareneededin new domains. It ex-
ploitsmultipleknowledgesourcessuchasdictio-
nariestogetdistinctivewordsascandidatestouse
in clarifying expressions.To selectthebestone,
we introducea criterion:easein hearing.It is de-
fined as the weightedsum of the uniquenessof
the distinctive word and the differencebetween
thedistinctive andoriginal words. We evaluated
our methodby applyingit to thevocabulariesof
two systems. An experimentwith five subjects
showedthatoursystemimprovedtheintelligibil-
ity of phonologicallysimilarwords.

1 Intr oduction
Becauseof recentimprovementsin spokendialoguesystems,
we can accessinformation systemsverbally with cellular
phones[Komataniet al., 2003;Rauxand Eskenazi,2004].
Sinceno specialnew apparatusesareneededwhenthe tele-
phoneis usedasthe interface,suchinformationservicesare
expectedto beusedby variouspeople,includingtheelderly.

Communicationusingspeechinherentlyinvolvesrecogni-
tion errors. Phones,particularlycellular phones,often pick
up backgroundnoise,sospeechcommunicationmustbero-
bustin suchenvironments.Therefore,variousstudiessuchas
[HirschandPearce,2000] havefocusedonimproving speech
recognitionaccuracy in noisysituations.

In additionto speechrecognitionerrors,whichcorrespond
to thesystemmishearingtheuser, thepossibilityof theuser
mishearingspeechshouldalsobeconsidered.Although the
quality of text-to-speech(TTS) systemshas improved, the

controlof intonationremainsa problem.Automaticallygen-
erating appropriateintonationsand accentsfor individual
propernounsis nearlyimpossible.Therefore,theexpressions
asystemusesshouldbeintelligible sothattheusereasilyun-
derstandsthem,especiallywhenTTS systemsareused.

Wedevelopedamethodof automaticallyaddingappropri-
ateexpressionsto systemresponsesthatmakeshearingcon-
tentwordsincludingpropernounseasier. Weaimedto reduce
usersmishearingandto improvethecertaintyof speechcom-
munications,evenin noisysituations.

To clarify aconfusingspelling,Englishspeakersoftenuse
thephoneticcode,e.g.,“A for alpha”,“B for boy”, and“C for
Charlie”. Becausewethink thatthephoneticcodeis not intu-
itive enough,we alsousedwordsor expressionsthatexplain
largerunitsthanphonesto indicatedifferencesbetweencon-
fusing words. We usedmultiple knowledgesources(dictio-
naries)to automaticallyobtaincandidatewordsto be added
to confirmationsasclarifying expressions.

Criteriaareneededto selectthebestclarifying expression
amongcandidates.We definethe easein hearingthe clar-
ifying expressionusing two criteria: the uniquenessof the
clarifying expressionandits differencefrom theoriginal ex-
pression. By comparingweightedsumsof the two criteria
for eachcandidate,thebestclarifying expressionis selected
and spoken to users. The candidatesare automaticallyex-
tractedfrom knowledgesourcesthataregenerallyused,and
thebestcandidateis automaticallyselected.This meansthat
our methoddoesnot dependon a specificdomain,so it can
beappliedto otherdomainswithoutnew generationrules.

2 Designof SystemResponsesto Avoid User
Misunderstanding

2.1 Misunderstanding Causedby Phonologically
Similar Words

In communicationsusingspeechmedia,speechrecognition
errorscannotbeavoided.To successfullycommunicate,user
mishearingof the system’s responsesmust be avoided, as
mustsystemrecognitionerrors. In particular, errorsin com-
municatingcontentwordsare fatal in spoken dialoguesys-
temsbecausesuchwordsareusedaskeywordsfor queries.
To avoid sucherrors,many systemsrequireconfirmationof
contentwords[Hazenet al., 2000]. Theconfirmation,how-
ever, maynot beunderstoodwhenphonologicallyconfusing



S1:
�

Pleasetell meyourcurrentbusstop,destination,or
specificbusroute.

U1: FromKinkaku-ji ( ����� ) temple.
S2: Did yousay“from Kinkaku-ji ( ����� ) temple”?
U2: ??? (The usercannotdiscernwhetherthe system

saidKinkaku-jior Ginkaku-ji.)

Figure1: Exampledialoguefrom conventionalsystem.

S1: Pleasetell meyourcurrentbusstop,destination,or
specificbusroute.

U1: FromKinkaku-ji ( ����� ) temple.
S2: I amnot surewhetheryou saidKinkaku-ji ( �����

) templeor Ginkaku-ji( ����� ) temple.Doeswhat
yousaidbegin with thecharacter“kin ( � )”, which
meansgold in English?

U2: Yes.

Figure2: Exampledialoguefrom oursystem.

wordsareused.In suchcases,humanscandistinguishsuch
words by focusingon the confusingpart and adjustingthe
intonation,accent,speed,etc.For thesystems,automatically
givingpropernounstheproperintonationandaccentis nearly
impossible,just as non-native speakershave difficulty pro-
nouncingunknown propernounscorrectly. Therefore,intel-
ligible languageexpressionsof theconfirmationsareneeded
aswell aspreciseTTS enginesto correctlytransmitthesys-
temresponses.

Our goalwasto prevent themishearingof contentwords
in spokendialoguesystems.Whenthecontentwordsin con-
firmationresponsesarephonologicallyconfusing,oursystem
automaticallyaddsexpressionsto clarify thewords.Thesys-
temautomaticallyextractsphonologicallysimilar word pairs
from thevocabulary andgeneratesclarifying expressionsby
using multiple knowledgesources. Clarifying expressions
makeconfirmationsintelligible,but mayalsomakedialogues
lengthy. Whatwordswill beaddedto theclarifying expres-
sionscanbecontrolledby settinga thresholdto thephonetic
distancebetweenconfusingwords.

An exampledialoguefrom aconventionalsystemis shown
in Figure 1, and one from our systemis shown in Figure
2. Becausephonologicallyconfusingwordsare in the sys-
tems’vocabulariessuchasKinkaku-jiandGinkaku-ji, which
arenamesof temples,the confirmation“Did you say from
Kinkaku-ji temple?”in Figure1 maysoundsimilar to “from
Ginkaku-jitemple”,especiallywhenthequalityof theTTSis
low or is listenedto in a noisyenvironment. Therefore,our
systemgeneratesa confirmationthat containsan expression
thatclarifiesthedifferencebetweenphonologicallyconfusing
words(e.g.,“Doeswhatyousaidbegin with thecharacterkin
( � ), whichmeansgold in English?”in Figure2).

2.2 GeneratingConfirmation without Dependence
on Domains

Our goalis to generatethekind of confirmationdescribedin
the previoussubsectionwithout dependenceon any specific
domain. That is, we do not manuallydescriberulesfor in-
dividual wordsin a system’s vocabulary, but exploit existing
knowledgesourcessuchasdictionaries. This enablesus to
automaticallyapplyourmethodto varioussystems.

Specifically, oursystemextractswordpairsthatarephono-
logically similar from a system’s vocabulary. It also auto-
maticallyobtainscandidatesfor clarifying expressionsfrom
dictionariesto distinguishthe pairs. As a unit to explain
thedifferencebetweenconfusingpairs,we adoptedChinese
characters1 becausewe think a larger unit than a phoneis
moreintuitive. We exploit existing dictionariesthat explain
the unit, suchas a set of words consistingof several Chi-
nesecharacters,a Japanese-Englishdictionary, a dictionary
describingreadingsof Chinesecharacters,andthe Japanese
phoneticcode2. Noneof thesedictionarieswereconstructed
by handfor our systembut generallyused. The systemau-
tomaticallyselectsthebestcandidateexpressionbasedon its
intelligibility . Thus,theclarifying expressionsaregenerated
automatically.

2.3 Intelligibility of SystemResponses
Weassumethattheintelligibility of systemresponsesconsists
of two factors:difficulty andeasein hearing.

The difficulty indicates whether users understandthe
meaninginstantlyuponhearinganexpression.Therefore,the
intelligibility of a systemresponseis improvedwhenanex-
pressionwith low difficulty is used.We definethedifficulty
of an expressionby thedifficulty of its words. We incorpo-
ratedthe difficulty by usingdictionariesin which difficulty
rankingsaregiven.

The easein hearingindicateswhetherthe expressionis
confusing. Therefore, it is defined by consideringboth
whetherthe expressionis generallysimilar to otherexpres-
sionsandhow theresponsechangedphonologicallyfrom the
original confusingresponseby addingtheclarifying expres-
sion.Wedefinetheformerastheuniquenessandthelatteras
thedifferenceof a clarifying expression.Theeasein hearing
is definedby theweightedsumof thetwo criteria.

3 GeneratingClarifying Expressionsfor
PhonologicallySimilar Words

Wedescribeourmethodfor generatingclarifying expressions
by obtainingdistinctive wordsfrom dictionaries.Confusing
word pairsareautomaticallyextractedfrom the systemvo-
cabulary and are distinguishedusing the distinctive words.
Theprocedureis listedbelow anddepictedin Figure3.

1. We definethe phoneticdistancebetweentwo words.
By calculatingthedistancefor all thecombinationsin

1BecauseChinesecharactersareideograms,Japanesepeopleof-
tentell thedifferencebetweentwo wordsusingthemeaningsof the
characters.

2TheJapanesephoneticcodedescribeseachJapanesesyllable.




