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Executive Summary

Objectives in RA1 for the second phase included the implementation of a more flexible dialog system
as a basis for adaptation (WP1.1), the integration of multi-modal object reference resolution (CF ROR)
and modality-independent object representation in cooperation with RA2 (WP1.2) and the annotation
and analysis of the human-robot interaction data gathered in the first phase (WP1.3).
In WP1.1 the finite-state-based dialog system was replaced by a more powerful grounding-based
dialog system. This system realizes a dialog model that represents the agent-based view of dialog:
a dialog is a collaboration between two intelligent agents and grounding regulates this collaboration.
The two main contributions of this model are (1) that it is based on Clark’s theory on grounding [9]
and (2) that it explicitly integrates a multi-modal account of dialog contributions.
In a second line of work (WP1.2) we focused on the resolution of multi-modal object references
in the human-robot dialog. The three essential achievements of this work were (1) the design of
a mechanism to systematically handle multi-modal input, (2) the interaction with an object attention
system developed in RA2 that can focus on objects in the scene based on the description given verbally
by the user, and (3) a representation of objects that both the dialog system and the object attention
system can handle.
The evaluation of the multi-modal dialog (WP1.3) is crucially dependent on the use of reliable data
collection methods. The work on evaluation of dialog has focused on the work with an annotated
multi-modal corpus, based on the experiments in Phase 1. In the second phase the development of the
corpus with respect to the level and type of annotation has been continued.

Role of multi-modal dialogs in Cogniron

Using language to communicate with others is one of the most important cognitive abilities of hu-
mans. Enabling dialog capability is, therefore, essential for a cognitive robot companion which is
supposed to demonstrate human-like capabilities. Since a robot is embodied and situated in the real
environment the dialog system of a robot has to handle more complex interactions than in human
computer interaction. One of the crucial aspects is the handling of multi-modality because in embod-
ied communication human interlocutors make heavy use of gestures and other non-verbal signals and
make references to the shared environment. Building a flexible dialog system with the ability to han-
dle multi-modal information and continuously evaluating the system during the different development
cycles are therefore the focus of this research activity.

Relation to the Key Experiments

We have been concentrating on the home tour scenario in KE1. In this experiment, the interaction with
the user is mainly carried out via the dialog system. The robot acquires information about the home
environment via speech and gesture and forwards it to other system modules for further processing.
The dialog system is, therefore, the main interaction component in this experiment. In the other two
KE’s it is also possible to demonstrate the dialog capability of the robot in a meaningful way.
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1 Multi-modal dialogs

1.1 Adaptive multi-modal dialog

The main focus of work in this workpackage carried out by UniBi with contributions from KTH and
UH with respect to design issues was the implementation of a more flexible dialog framework that
enables the integration of multi-modal cues and adaptation to the user. The main characteristics are
the grounding-based approach and the multi-modal account of dialog contributions.

1. Modeling grounding. Clark [9] proposed the notion of grounding: during a conversation the
interlocutors need to coordinate their mental states based on their mutual understanding about
the current intentions, goals and tasks. This means, one can only react to one’s dialog partner’s
contribution meaningfully (providing acceptance) if she has understood what her partner has
said (presentation), in other words, if the common ground is available. Our dialog model
regulates the dialog initiative distribution and the discourse management based on this idea. We
represent interlocutors’ contributions as exchanges. They reach the state ”grounded” only if the
acceptance of the presentation is available which depends on the communication success (e.g.,
if the speech input is clearly understood) and the robot task execution status. These exchanges
are organized in a stack which represents the ungrounded discourse up to the current state. The
grounding status of the whole stack is dependent on the status of the individual exchanges and
the relations between them. We introduced 4 types of such relations (default, support, correct
and delete). Each contribution of the interlocutors (user and robot) is categorized in terms of its
role, i.e., if it initiates an exchange of a certain relation to the previous exchange or if it is the
acceptance of an existing one. According to this role, either a new exchange is pushed onto the
stack or an old one (or a group of old ones) is popped because it reaches the status ”grounded”.
All the popped exchanges are collected in order to record the complete dialog history. We thus
model the grounding process using an augmented push-down automaton which exhibits local
flexibility in contrast to conventional approaches ([10], [8]). The implemented system enables
a mixed-initiative dialog style and can handle complex repair behaviors.

2. Integrating multi-modality handling ability. We take into account the complete language
production process and extend the conventional representation of a contribution to a two-layered
structure which we call Interaction Unit (IU). Each IU has an intention and conversation layer
that are responsible for generation of intention (based on the robot control system’s messages)
and the generation of language (based on the intention) in verbal and nonverbal form. This
representation enables the system to systematically study both the verbal and the non-verbal
parts of the user input (e.g., speech and gesture) and also to generate multi-modal output (speech
and facial expression).

This model allows us to easily implement several important features: Firstly, a mixed-initiative ability
of the system which allows a more complex behavior of the dialog by enabling a freer structure of
dialog exchanges. This is a consequence of the user studies carried out in the first phase where users
experienced difficulties with the restricted dialog structure.
Secondly, the resolution of multi-modal object references which was done in cooperation with RA2
(see WP 1.2 for detail).
Thirdly, an online communication success measurement that is based on the number of support ex-
changes in the on-going discourse segment. Such a measurement is important for the later integration
of adaptation strategies.
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And, finally, two dialog modes representing different levels of system initiative. This feature provides
an interesting mechanism for studying social aspects of human-robot interaction and the perception
of the robot in user studies as shown in a first evaluation where users were asked to rate the robot’s
personality traits.
The detail of the model, the implemented system and a first evaluation have been documented in [4]
(submitted). First results on the perception of personality traits - inspired by the user studies on per-
sonality performed at UH - are summarized in the attached paper [5] (submitted). These findings are
currently being complemented by a questionnaire study assessing users’ expectations of personality
traits of robots in different scenarios (household, child care, reception).
In 2004 and 2005 the team at the University of Hertfordshire performed some basic research in the area
of interaction styles, personal spaces and social rules in human-robot interaction as part of their work
for WP3.1. This work has implications for the interactive robot programs being developed primarily
for KE1 in RA1. There have been continuing contacts throughout the reporting period at the various
COGNIRON meetings and by email.
The main results from the UH studies have been documented more fully in the associated COGNIRON
deliverables in RA 3. In addition, a short paper has been circulated (refer to D 3.6.1.) which contains
all the main relevant results in a short summary form which enables easy use by partners of our
findings in guiding the development of robot programs and systems which need to incorporate socially
acceptable behavior for a given HRI situation or scenario. More formally, [6] provides further in-depth
details with other related papers on robot social spaces available (see D3.1.1 for more details).

1.2 Representation and integration of knowledge for an embodied multi-modal dialog
system

In this workpackage we followed three essential lines of work: (1) The design of a mechanism to
systematically handle multi-modal input, (2) the interaction with an object attention system developed
in RA2 that can focus on objects in the scene based on users’ specifications given by speech and
gestures, and (3) a representation of objects that both the dialog system and the object attention system
can handle. Work in this workpackage was mainly performed by UniBi.

1. The mechanism provided by the dialog system. The dialog system represents interlocutors’
contributions using a two-layered structure, the so called Interaction Unit (IU). When analyzing
the user’s input, the dialog system first studies the verbal generator on the conversation layer,
i.e., the speech input of the user. If there are unclear object references in this generator the
dialog system will consult the non-verbal generator. Here, the object attention system will be
activated to search for the object in the current scene. If the search was successful the dialog
system proceeds to create its own IU. If no object could be identified, the dialog system initiates
a new support exchange to ask for further specifications.

2. The object attention system (OAS). The OAS was developed within RA2 and integrated with
the dialog module within the home tour scenario (KE1). The OAS receives queries from the
dialog system based on the object specifications extracted from the user’s verbal utterance, such
as its name or color. Upon the request from the dialog system the OAS will start the search in
the current scene with the help of a gesture recognizer. In case of successful search the OAS
assigns an ID to the object and stores the available information about the object (ID, image,
name and other attributes) in a memory and informs the dialog system. If the search was not
successful, the OAS sends a query to the dialog system to ask for further specifications of the
object.
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3. The representation of the object. The objects found in the scene are stored in a memory
that is augmented with a modality converter. This converter is able to select the appropriate
format of data according to the module that initiates a query. For example, if the dialog system
queries the color of an object, the symbolic name of the color will be returned. However, if the
query comes from the OAS the color will be returned in terms of an HSI value (Hue Saturation
Intensity). This converter thus enables a shared representation and usage of object information
from different modules based on different modalities.

The resolution of object references has been successfully implemented for KE1, the home tour sce-
nario where the user can now teach the robot objects by speech and deictic gestures. The dialog
system initiates clarification questions in cases of failure.
A detailed description of this work has been published (in cooperation with RA2) at the ICMI 2005
in [1].

1.3 Evaluation methods

The evaluation of a multi-modal dialog is crucially dependent on the use of reliable data collection
methods. KTH’s work on evaluation of dialog has focused on the work with an annotated multi-modal
corpus, based on experiments in Phase 1.
In the second phase we have continued to develop the corpus with respect to the level and type of
annotation. The corpus is primarily concerned with the home tour scenario described in KE1 and
is based on the experimental data that has been collected in the first phase of the project. We are
using a coding taxonomy for communicative acts that can be viewed as a multi-modal extension of
the DAMSL taxonomy [7], with respect to referential (deictic) gestures. In addition to transcriptions
of communicative acts, i.e., speech and gesture, we are also providing annotations of the relevant
communicative context, e.g., positioning, task information [2] (submitted).
The corpus has been used in the design process by providing data for an initial analysis of miscommu-
nication [3] (submitted). The result of the analysis has been used to inform the design of the natural
language user interface that is being developed in WP1.1. The analysis yielded approximately 20
types of miscommunication. Some of the most frequent types are listed below (cf. Table 1). Further
analysis of these generated a set of design implications, concerning the quality and type of feedback
given by the system.

Miscommunication type Design implication

Users’ knowledge of sys-
tem capabilities

Explicit feedback related to problem is needed

Tutorial introducing general features to first time users
Problems related to feed-
back, Non-relevant re-
sponse

Non-verbal information to give faster and simultaneous feedback
on system state

Feedback on when it is appropriate to talk, i.e., prompting and
alignment to user

Ambiguous or under-
specified reference

Visual feedback display (screen) or deictic gestures should be dis-
played by the robot

Table 1: Some of the most frequent types of miscommunication and design implications.
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There remain challenges in the dialog, for instance miscommunication directly related to performance
of speech recognition components. Speech recognition failures lead to timing errors, when the robot
speaks while the user is providing another command. Although speech recognition poses a main
challenge for natural language user interface research, we are concentrating our efforts to challenges
that are specific to human-robot interaction. Primarily we are focusing on reducing miscommunication
related to the users’ limited knowledge of system capabilities by exploring recovery strategies and
measuring communicative success to perform online adaptation. In a joint discussion between KTH
and UniBi about the corpus analysis and the design implications derived from it two main types of
adaptation were identified:

1. User-specific adaptation: where models are based on user types identified in the corpus (e.g.
cooperative vs. non-cooperative, talkative vs. non-talkative). These models may be initialized
using information gathered in an introductory tutorial. In the tutorial, basic functions and in-
teraction capabilities of the robot are explained. Throughout the tutorial specific information
about the user is acquired, for example concerning interaction preferences.

2. Generic adaptation: where adaptation strategies are selected based on an evaluation of the cur-
rent interaction situation, regardless of the specific user preferences. Generic adaptation models
may use task-specific information derived from a planning component, to select an appropriate
adaptation strategy; for instance, expectations about the next required action of the robot such as
a request to fetch a missing object. Generic adaptation strategies may further be selected based
on a measurement of the current interaction quality. These measures will be based on corpus
data that provide a wide collection of multi-modal user behavior such as utterances, gestures
and gaze direction that can be used to identify symptoms of miscommunication.

Further design implications are related to the situatedness of the interaction and include, for example,
specific means to facilitate the reference resolution by enabling the robot to point to referenced objects
or locations or to allow for directive steering commands.

2 Future Work

In the next phase our focus is to enhance the adaptivity of the dialog system to enable a more personal-
ized and intelligent dialog with different users. We will build explicit user models and adopt different
dialog strategies according to the user type based on the analysis of human-robot interaction data. In
the last phase of the project we will extend this adaptivity to situation awareness so that the robot
can select its interaction strategies by also taking into account situational changes. The design and
evaluation of this new capability will be carried out through collaboration with RA2 for the detection
of human activities, RA5 for spatial representation, and RA6 for exploring the integration of dialog
and action planning. UH (RA3) and UniBi will explore possible collaborations for new studies to be
conducted in 2006 and 2007 in terms of integrating the dialog system in HRI studies at UH.
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4 Annexes

The annex contains a set of papers (published or submitted) which are listed below in order of appear-
ance with a short summary:

[1] Human-style interaction with a robot for cooperative learning of scene objects
S. Li, A. Haasch, B. Wrede, J. Fritsch, G. Sagerer

In research on human-robot interaction interest is shifting from uni-modal dialog systems to
multi-modal interaction schemes. This is based on the observation that human-human interac-
tion rarely relies on a single conceptual modality alone. Rather, humans make use of redundant
and complementary cues provided by different information channels. Accordingly, robots offer
the opportunity to model such embodied interaction in that they provide multi-modal sensory
input and allow for multi-modal output. We present a system for human-style interaction with a
robot that is integrated on our mobile robot BIRON. To model the dialog we adopt an extended
grounding concept with a mechanism to handle multi-modal input and output where object
references are resolved by the interaction with an object attention system (OAS). The OAS in-
tegrates multiple input from, e.g., the object and gesture recognition systems and provides the
information for a common representation. This representation can be accessed by both mod-
ules and combines symbolic verbal attributes with sensor-based features. We argue that such a
representation is necessary to achieve robust and efficient information processing.

[2] Developing a Contextualized Multi-modal Corpus for Human-Robot Interaction
A. Green, H. Hüttenrauch, E. A. Topp, K. Severinson Eklundh

The purpose of this paper is to describe the development process and challenges involved when
collecting and annotating a corpus which is used in the research on cognitive robots in the Eu-
ropean project Cogniron. One important aim is to support the development of natural language
user interfaces. In the long run we aim to enable users to train the robot to perform a wide range
of tasks that are not preprogrammed – using a multi-modal style of interaction. Our corpus con-
tains task oriented conversation with a robot prototype, an ActivMedia PeopleBot, in a so-called
home tour scenario developed in the project. In the scenario the user and robot move around in a
home-like environment and the user names objects and locations using a combination of speech
and gestures. We are striving to collect data from many different sources in order to be able
to contextualize the modalities that are being used for interaction, i.e., communicative actions:
speech and gesture and other actions related to the task. To our knowledge our corpus is unique
because of its domain (task-oriented human-robot communication) and the multidimensionality
of data that is collected and interlinked. So far we have used our corpus in the design process to
evaluate the system from a usability perspective, to analyze miscommunication and to analyze
users’ positioning and task strategies.

[3] Integrating Miscommunication Analysis in Natural Language Interface Design for a Ser-
vice Robot
A. Green, B. Wrede, S. Li, K. Severinson Eklundh

Natural language user interfaces for cognitive robots should provide an interaction that is per-
ceived as smooth and intuitive to users. We present an analysis of miscommunication in 12
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sessions (three hours) of human-robot dialog and dicuss the way design implications can be in-
tegrated in the development process. A large part of the miscommunication is related to users’
(mis-)understanding of system’s functions. This implies that the robot needs to provide relevant
information about its states and capabilities, together with an efficient strategy for priming user
behavior.

[4] An agent-based multi-modal dialog system for Human-Robot Interaction
S. Li, B. Wrede, G. Sagerer

Dialog systems for mobile robots operating in the real world should enable mixed-initiative
dialog style and handle multi-modal information involved in the communication. Most dialog
systems developed for mobile robots today, however, are often system-oriented and have lim-
ited capabilities. We present an agent-based dialog system that enables mixed-initiative, multi-
modal dialog style. The first evaluation results fo this system indicate that these capabilities
positively effect the interaction between human users and our robot as a whole.

[5] Do you like this robot? The role of robot behavior, robot personality and user personality
B. Wrede, S. Buschkämper, S. Li

We analyzed if users are able to assign personality traits to a robot and which factors influence
liking of the robot. It turned out that users had no difficulties in judging the robot’s personality.
The analysis of the ratings revealed that the robot’s dialog behavior (basic vs. verbose) had an
effect on the personality ratings of the robot. Furthermore, the robot’s behaviour, aspects of the
robot’s perceived personality and the user’s personality contributed independent proportions of
variance in explaining liking of the robot. These results indicate that the personality of users as
well as of robots should be taken into account when designing human-robot interfaces.
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ABSTRACT
In research on human-robot interaction the interest is cur-
rently shifting from uni-modal dialog systems to multi-modal
interaction schemes. We present a system for human-style
interaction with a robot that is integrated on our mobile
robot BIRON. To model the dialog we adopt an extended
grounding concept with a mechanism to handle multi-modal
in- and output where object references are resolved by the in-
teraction with an object attention system (OAS). The OAS
integrates multiple input from, e.g., the object and gesture
recognition systems and provides the information for a com-
mon representation. This representation can be accessed by
both modules and combines symbolic verbal attributes with
sensor-based features. We argue that such a representation
is necessary to achieve a robust and efficient information
processing.

Categories and Subject Descriptors
H.5.2 [Information Interfaces and Presentation]: User
Intefaces—Natural language; I.4.8 [Image Processing and
Computer Vision]: Scene Analysis—Tracking, Object recog-
nition; H.2.5 [Heterogeneous Databases]: Heterogeneous
Databases

General Terms
Management

1. INTRODUCTION
Multi-modality is one of the most important features that

characterize human-human social interaction. Based on this

∗This work has been partially supported by the European
Union within the ’Cognitive Robot Companion’ (COGN-
IRON) project (FP6-002020) and by the German Research
Foundation within the Collaborative Research Center ’Sit-
uated Artificial Communicators’ as well as the Graduate
Program ’Task Oriented Communication’.

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
ICMI’05, October 4–6, 2005, Trento, Italy.
Copyright 2005 ACM 1-59593-028-0/05/0010 ...$5.00.

observation, designers of computer systems have been try-
ing to integrate multi-modal input and output mechanisms
in human-machine interactions to enable more intuitive op-
erations for human users. Given the huge amount of existing
multi-modal systems with quite different notions of multi-
modality we first want to discuss two important aspects of
modality intuitiveness to clarify our position. In general it
is assumed that the degree of intuitiveness of a modality
will determine the smoothness and efficiency of the inter-
action it facilitates. Thus, the question is what modalities
are the most intuitive for users? We argue that the an-
swer is of evolutionary nature and is application-dependent.
For example, the mouse has become the major modality in
human-computer interaction for many users. For these users
the mouse is probably one of the most intuitive ways to op-
erate a computer although it has little to do with the natural
communication channels they use in human-human commu-
nication such as speech. In contrast, many other users pre-
fer to write commands directly. We can imagine that future
generations will find other modalities more intuitive than
a mouse. The feeling of intuitiveness in computer opera-
tion is thus continuously changing. Even the same people
may judge the intuitiveness of one modality differently when
operating different computer systems. For example, people
tend to anthropomorphize mobile robots when interacting
with them. We argue that this is even more the case for
application areas where a robot is supposed to assist and
accompany humans in a social environment such as private
households. Our envisioned robot is supposed to “live” in
a private household. Our long term goal, therefore, is to
endow it with social capabilities so that it can become some
sort of “companion”. This means that we do not envision
it to serve humans in a master-slave manner as people tend
to suppose. Rather, a robot companion should cooperate
with humans to achieve certain goals. One basic function of
such a Robot Companion is to be able to learn interactively
about its environment. We therefore devised the home-tour
scenario within our project where a human user is supposed
to show his/her home to a newly purchased robot.

Based on our goal to design a robot that can be accepted
by the user as a companion we argue that the interaction
with such machines should be in a human style. We define
the term human style modalities as multi-modal communica-
tion channels that humans are biologically equipped for and
(learn to) use from their birth. Typical examples are speech
and gestures. These modalities differ from other modali-
ties like mouse and keyboard in that they are learned nat-



urally and without the use of artificial devices. In contrast,
we define artificial modalities that are commonly used for
human-computer interaction as virtual modalities because
their effect is a virtual one which is only observable by hu-
mans via an artificial interface (e.g., the computer display).
Thus, since people tend to anthropomorphize robots by ex-
pecting human-like abilities and attributes we conclude that
robots should be endowed with human-style modalities for
interaction.

A further aspect concerns the knowledge representation.
Consider our home-tour scenario where the interaction will
involve a high degree of deictic activity as the user will
point to diverse objects in the environment. Thus, when
the user points to his/her computer and explains “This is
my computer”, the robot should be able to recognize the
user’s gesture, find the computer and associate the sym-
bolic name “computer” with a visual representation. This
knowledge should be stored in a multi-modal way in order
to be retrievable from different modules for further interac-
tions. Psychological theories of knowledge representation in
humans suggest that the symbolic name of an object is asso-
ciated with its sensory features like its image or haptic char-
acteristics (e.g. [3]). When activating the name of an object
other features of the object are also activated. This indi-
cates that the cognitive representation of objects in humans
is multi-modal and therfore allows for multi-modal process-
ing of information. In order for a robot to cooperate with
a human, it should therefore be able to also process multi-
modal information to build a representation similar to that
of its human communication partner to support a better mu-
tual understanding. We therefore developed a multi-modal
representation scheme.

To summarize our position shortly: The intuitiveness of
modalities needed for operation of computers and machines
has an evolutionary aspect and depends on the individual
applications. In our Robot Companion domain we are inter-
ested in human-style multi-modality that should be consid-
ered for both, communication channels and the representa-
tion of knowledge. Its impact is of functional and technical
nature.

In this paper we will first present the multi-modal pro-
cessing strategies of the Dialog System (section 4) and the
Object Attention System (section 5) followed by a detailed
description of our multi-modal representation scheme in sec-
tion 6. Results in the form of a dialog example will be given
in section 7.

2. RELATED WORK
While there is an increasing interest in multi-modal inter-

faces there is only a very limited number of applications that
use human-style modalities based on an integrated multi-
modal knowledge representation.

That multi-modal cues are beneficial for increasing the
robustness in human-robot interaction has been shown for
example in [13] where communication errors are detected by
using not only speech recognition scores but also by includ-
ing laser data to infer the presence or absence of communica-
tion partners and noise sources. Repair actions also involve
the use of multiple modalities by either driving around to ac-
tively search for a communication partner or by offering but-
tons as alternative communication channels in noisy environ-
ments. More human-style interactions have been suggested
in [1] by modeling a naturalness support behavior. This be-

havior includes verbal strategies by inserting filler phrases,
as well as non-verbal reactions such as nodding or head
turning as reactions to environmental noise. The authors
report positive reactions by the users but extensive evalua-
tions still remain to be done. The benefits of using multi-
modalities in a learning scenario have been demonstrated in
several applications. For example, the robot Leonardo [2]
can learn the names of buttons when a human communi-
cation partner points them out by verbal and deictic in-
structions. Leonardo also learns specific interactions with
these buttons by demonstration. However, while the inter-
active capabilities of Leonardo are quite realistic the under-
lying representations are simple and no new objects can be
learned. An impressive system running on a mobile robot is
presented by Ghidary et al. [6]. The robot is able to learn
objects by analyzing speech commands and hand postures
of the user. The user gives verbal information about the
object’s size and can describe the spatial relations between
objects, e.g., by phrases like ‘left of my hand’. The rect-
angular views of the learned objects are stored in a map
representing the robot’s environment and can be used for
later interactions. Although the interaction system is very
limited and the resulting map is rather coarse, this system
can be compared to our approach as it also builds up a long-
term memory about objects in the environment. However,
we focus on a more detailed representation of objects and
their later recognition in order to support natural human-
robot interaction going beyond simple navigational tasks.

In general there is a tendency to either focus on building
a robust representation while neglecting interaction smooth-
ness or vice versa. We argue that in order to build a robot
that is able to be perceived as a companion it needs both, a
more natural interaction based on an integrated multi-modal
representation.

3. OVERALL SYSTEM
The scene acquisition system described in this paper is

being implemented on our mobile robot BIRON. BIRON’s
hardware platform is a Pioneer PeopleBot from ActivMe-
dia with a pan-tilt camera for face tracking and object and
gesture recognition, stereo microphones for speaker localiza-
tion and speech recognition, and a SICK laser range finder
for locating legs of potential communication partners. The
overall architecture [10] of BIRON is based on a hybrid con-
trol mechanism and has three layers: a reactive, an inter-
mediate and a deliberative layer (see Fig. 1). Modules that
are responsible for reactive feedback of the system are set
on the reactive layer: the Person Attention System detects
potential communication partners and the OAS detects ob-
jects that users refer to. Since these are purely data-driven
processes they belong to the reactive layer. Modules re-
sponsible for higher-level processing that involve top-down,
expectation-driven strategies such as a planner or the Dia-
log System, are located on the deliberative layer. The Scene
Model, which contains a multi-modal representation of the
objects that the system has observed and can be seen as an
intermediator between the Dialog System and the OAS, is
consequently located on the intermediate layer. The com-
munication between modules is carried out via XCF (XML
Enabled Communication Framework). The system is cen-
trally controlled by the so-called Execution Supervisor on
the intermediate layer. It coordinates the module opera-
tions and makes sure that neither the reactive layer mod-
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Figure 1: Overview of the BIRON architecture
(optional modules currently not implemented are
drawn in grey).

ules control the deliberative layer modules nor vice versa.
Instead, it exerts control by taking into account the overall
system state. This architecture allows for both fast reaction
to dynamic environmental changes and extensive high-level
planning and reasoning activities.

Since we focus on the interaction capabilities of BIRON,
we do currently not integrate a planner and a sequencer.
The Person Attention System establishes the basis for the
interaction with users but is not involved in the process of
resolving object references. In the following we therefore
only describe the interfacing between the Dialog System,
the OAS and the Scene Model.

4. THE DIALOG SYSTEM
The dialog system of BIRON is responsible for carrying

out interactions with the user including handling miscom-
munications [16], guiding the discourse, and transferring
user utterances to internal command for the robot control
system to execute tasks. A dialog is made up of contribu-
tions from the dialog partners. Two central questions of
dialog modeling are therefore (1) how to represent individ-
ual contributions represented and (2) how to represent the
dynamic change of the dialog state represented which is trig-
gered by individual contributions successively. In subsection
4.1 and 4.2 we are going to present our answers to these two
questions. In section 4.3 we focus on the mechanism that
the implemented dialog model provides for the integration
of speech and visual input. A more detailed account on this
integration will be given in section 5.

4.1 The structure of a contribution
Conversants contribute to a dialog in a multi-modal way.

McNeill [12] investigated the relationship between speech
and simultaneous conversational gesture and claims that the
production of them are motivated by one single semantic
source, the so-called “idea unit”. Inspired by this finding,
we represent the conversants’ contribution as the so-called
“interaction unit” that includes two important stages of the
language production process. The structure of the interac-
tion unit is illustrated in Fig. 2. An interaction unit has
two layers: a domain layer and a conversation layer. The
domain layer mirrors the cognitive activities of a dialog par-
ticipant that motivate language production: If the inter-
action unit represents an utterance to be produced by the
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Figure 2: Processing flow in interaction units

robot itself the domain layer is where the Dialog System
accesses the robot’s control system or knowledge base. If
the interaction unit represents an utterance of the user the
domain layer remains empty because we do not make any
assumptions about the user’s cognitive activities behind the
language front. In future work this may be replaced by a
user model. The conversation layer transforms the intention
that is created based on the results of these cognitive activ-
ities to language. For example, based on a successful follow
behavior of the robot that is reported to the domain layer
by the robot control system, the conversation layer formu-
lates and synthesizes a message such as “OK, I follow you”.
The conversation layer consists of two units: a verbal and
a non-verbal unit. Based on the intention that results from
the domain layer they are responsible for generating output
in verbal and non-verbal way, respectively.

The precondition of language production is successful lan-
guage perception. Before reacting, i.e., before creating his/her
own interaction unit to produce a contribution, a conversant
first needs to understand the semantic meaning of his/her di-
alog partner’s contribution by studying the verbal and non-
verbal unit on the conversation layer of the dialog partner’s
interaction unit. Therefore the processing in the interaction
unit should start from this language perception phase. Fig-
ure 2 illustrates how the robot processes user contributions.
In our system, the user’s verbal information as delivered by
the Speech Understanding System initiates the creation of
a user interaction unit (➊). In case that the user’s intention
can not be fully recognized by the verbal unit, the system
will consult the visual perceptual module via OAS in the
non-verbal unit (➋) and fuse these multi-modal information
on the user conversation layer of the interaction unit. Once
the user intention is fully recognized, the system creates an
interaction unit for itself and tries to provide acceptance:
the system first formulates and sends commands to the robot
control system or the knowledge base on the domain layer
(➌) and then generates verbal and non-verbal output on
the conversation layer (➍, ➎) after receiving the execution
results. Currently, we have implemented the visualization
of facial expressions as the only non-verbal output. Thus,
the integration of speech and visual information is mainly
performed on the conversation layer of the interaction unit.

In the whole language perception and production process
problems may occur, e.g., the semantic meaning of the user
interaction unit cannot be resolved or the desired task can-
not be executed by the robot system. These problems can-
not be handled in a single interaction unit, new interaction
units are necessary. Now the question arises as to how to
organize the individual interaction units.



4.2 The grounding mechanism
The interaction units have to be organized in a dynamic

way since every new contribution that is added to the dia-
log changes the dialog state. Our dialog model is inspired
by the common ground theory of Clark [5]. According to
this theory a dialog is carried out in the way that one par-
ticipant presents an account (presentation) and the other
issues the evidence of understanding of the account (accep-
tance). The grounding process is complete and both dialog
participants can go on with a new account only if the ac-
ceptance is available. Dialog systems that implement this
psychological model ([15], [4]) differ in their way of defin-
ing grounding units (the units of the discourse where the
grounding takes place) and the organization of these units.
We take exchanges in the style of adjacency pairs [14] as the
grounding units. These exchanges consist of two interaction
units that are initiated by the two dialog partners, respec-
tively. The first interaction unit is the presentation and the
second one is the acceptance, e.g., the first interaction unit
represents a question and the second one the answer. To or-
ganize them we introduce four grounding relations between
exchanges: (1) default : introducing a new task. A grounded
default exchange has no further effect on the grounding of its
preceding exchange. (2) support : clarifying in case of an un-
groundable account. After a support exchange is grounded
its initiator will try to ground the preceding one again that
is updated with the new information. For example, clari-
fication question in case of an incorrect speech recognition
result. (3) correct : correct the previous account. As sup-
port, if such an exchange is grounded the initiator will try to
ground the updated preceding one again. (4) delete: delete
the previous account. If such an exchange is grounded, all
the previous ungrounded exchanges can be deleted.

Each contribution is analyzed in terms of whether it is a
presentation or an acceptance. If it is a presentation, then
we also need to find out its grounding relation to the pre-
ceding exchanges. A presentation initiates the creation of
an exchange that is put onto the top of a stack while an
acceptance completes the top exchange of the stack. When
the top exchange is complete it is popped. Additionally, ac-
tions like updating the preceding exchange can be triggered
according to these relations. As long as there is an incom-
plete exchange on the top of the stack, the conversant other
than the initiator of the exchange’s presentation will try to
ground it. The implemented dialog system enables us to
handle clarification questions (as an exchange with support
relation to its preceding exchange) and take initiative that
is motivated by the robot control system. For example, in
case of technical problems of the robot control system the
implemented dialog system initiates an interaction unit to
report this problem to the user. It does this by encoding the
error message into its domain layer and generating output
to the user on the conversation layer.

4.3 Resolving object references
In the following we detail how the Dialog System and

the OAS cooperate to resolve object references in the user’s
utterances.

According to [9] there are three types of informational
relations between gesture and speech: reinforcement, dis-
ambiguation and adding information. In our work, we fo-
cus on the “adding information” relation. When people use
gestures to complete the meaning of their utterances they

mostly indicate this intention in the utterance. For exam-
ple, if a user says “This is my green mug” while pointing at
a mug, the word “this” serves as a cue for the listener that
he/she is using a gesture to specify the concrete location of
the mug. But in case of the subsequent utterance “The mug
is my favorite one” the listener usually does not expect a
gesture but will search mentally in the dialog history which
cup might be meant. According to these two different cases
the Dialog System activates either the OAS or the Scene
Model to resolve the object reference. This process can be
illustrated as a UML activity diagram (see Fig. 3).

successful?successful?

report success report failure
to DLG to DLG

consult OAS

yes no

successful?

report success report failure
to DLG to DLG

create user verbal unit

Cue of gesture present?

yes no

consult Scene Model

yes no

report success
to DLG

consult OAS

yes no

Figure 3: Resolving object references in user’s ver-
bal input (OAS: Object Attention System, DLG: Di-
alog System)

If there are any cues of the involvement of a gesture in
the user’s verbal input, e.g., the word “this” in the example
above, this will be explicitely pointed out by the Speech Un-
derstanding System. The Dialog System interprets this hint
as evidence that the user’s verbal unit needs to consult the
non-verbal unit. In the non-verbal unit the Dialog System
activates the OAS by sending it the request to resolve the
object reference “my green mug”. The OAS activates the
gesture recognition module. A successful gesture recognition
result helps the OAS to orient the camera towards the posi-
tion of the user’s hand which enables the OAS to confine the
Region Of Interest for its search of a green mug. This search
is carried out, as the case may be, either by an appearance-
based object recognizer or with the help of salient object
features as described in section 5. Subsequently, the OAS
sends the search result back to the Dialog System. In case of
a positive result the OAS also updates the Scene Model with
both symbolic and visual information about the new object
“green mug”. According to this result the Dialog System
creates a system interaction unit (cf. Fig. 2) to provide ac-
ceptance for the user’s input by either acknowledging or by
initiating verbal repair.

If there is no evidence of the involvement of a gesture in
the user’s verbal input but only some objects to be identified
(such as the “mug” in the example “The mug is my favorite
one”) the Dialog System will first try to find a corresponding
entry in the Scene Model. The query is constructed with
all the features of the object present in the current verbal
input; in this case, the owner of the cup and his/her relation
to this object (favorite). If the object can be found in the
Scene Model the Dialog System finishes its processing on the
conversation layer of the user interaction unit and creates an



acceptance to the user’s input; if this object is not registered
in the Scene Model, the Dialog System activates the OAS
to find it in the current scene. This process is described in
detail in the following section.

5. OBJECT ATTENTION SYSTEM
In order for a system to be able to acquire knowledge

about objects in its environment it needs a mechanism to
focus its attention on those objects that the user is currently
talking about. In our context we define attention as the abil-
ity to select and concentrate on a specific stimulus out of all
stimuli that are provided by the environment while suppress-
ing others. The Object Attention System (OAS) therefore
needs to coordinate the visual processing results (which cur-
rently consist of deictic gestures, object recognition results,
and visual object features) and making them accessible for
the Dialog System by storing them in the multi-modal Scene
Model.

The OAS is activated when the user is verbally referring
to an object and the Speech Understanding System has de-
termined that either a gesture is expected or that the robot
has to interact with an object autonomously. In order to ac-
quire visual information about objects, BIRON uses an ac-
tive camera with a maximal opening angle of view of about
50 degrees horizontal and 38 degrees vertical which facili-
tates only a limited field of view. It can therefore be neces-
sary to re-orient the camera to relevant parts of the current
scene which the user refers to. Once the robot has focused
its attention on such a so-called Region Of Interest, the ac-
quisition of information about this object, like position or
view, can be completed. The Region Of Interest is that part
of the image that has been specified by a gesture and con-
tains the distinctive feature verbally specified by the user.
Our assumption is that it contains an image of the object if
the object is known to the robot. If it is unknown the Re-
gion Of Interest encloses the verbally specified visual feature
(e.g. the “round thing” or a color).

The collected object data then has to be added to the
robot’s knowledge base which must allow retrieving stored
object information and updating already stored data. Also,
additional information given verbally by the user has to
be stored. As this knowledge base, subsequently named as
Scene Model, is crucial for the interaction between the Di-
alog System and the OAS because it represents BIRON’s
long-term memory, it is described in detail in section 6.

In addition to the maintenance of the Scene Model for
memorizing tasks, the OAS needs to take care of the coor-
dination of verbal information, gestures, and salient object
features (e.g., color, shape, etc.) perceived by the camera,
as well as the control of the hardware components like the
camera during the object attention phases. This is realized
by a Finite State Machine (see Fig. 5) where the input is
mainly provided by the camera, the Dialog System (cf. sec-
tion 4), the Speech Understanding System, and the gesture
recognition component [7].

A crucial distinction that has to be made during the pro-
cessing of multi-modal information is that between objects
that are already known to the robot and those that are not
(see Fig. 4). This is because in the latter case the OAS will
have to establish (or ‘learn’) a first link between the ver-
bal symbols describing the object and the percepts while in
the former case the object needs to be retrieved from the
database.
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Figure 5: The Finite State Machine of the Object
Attention System.

In both cases the OAS is activated on demand by the
Dialog System if a gesture is expected or an access to the
Scene Model by the Dialog System has failed afore. At this
moment, the Finite State Machine (see Fig. 5) will be in
the idle state Object Alertness (ObjAlert). Once the OAS is
provided with data by the Dialog System, the Finite State
Machine changes to the Input Analysis (IA) state. Now, the
gesture recognition component is activated and provides the
OAS with the user’s hand coordinates and the direction of
the corresponding pointing gesture. Thus, an area within
the camera image is selected as the Region Of Interest. In
case the Dialog System sends a description of the object
(e.g., type, color, owner, etc.) to the OAS, a query to the
Scene Model is initiated in order to check whether the object
type is already known. In the following, we will describe in
detail the processing for the case when the object type is
known to the robot. The more complex process for the case
of unknown objects will be exemplified subsequently.

5.1 Previously known objects
Suppose the user specifies an object type that the system

has already stored in its Scene Model. In this case the Scene
Model will return all object entries that match the symbolic
description of the specified object. In order to verify if one
of the returned objects is indeed the object the user refers
to, the OAS will need to search for the object in the real
scene and compare it with the stored image pattern. This
search involves an object detection process for which we are
currently using a simple appearance-based object recognizer
that is only suitable for a very limited object scenario. It is
based on the fast Normalized Cross-Correlation (NCC) algo-
rithm described in [11] which is a simple but fast algorithm
that is sufficient for our task at hand. However, in order
for the system to work reliably in a more unstructured en-
vironment, as for example a real home-tour scenario a more
sophisticated object recognizer will be needed.

After all appropriate image patterns have been retrieved
for the known object type, the Finite State Machine switches
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from the Input Analysis state to the Object Detection (Ob-
jDet) state. Within the Object Detection state the OAS
uses the retrieved image patterns (e.g., for cups) in order
to feed them to the object recognizer. At the same time
the camera is re-oriented based on the hand coordinates
and the pointing direction that are provided by the ges-
ture recognition component. Also, the position of the hand
is used to determine the relevant Region Of Interest. Based
on this information, the object detection process is initiated
by scanning the Region Of Interest for patterns similar to
those provided by the database. If an object is found by
this procedure a confirmation message is sent to the Dia-
log System (cf. Fig. 4 (➊)) and the Finite State Machine
switches to the Object Store (ObjStor) state. In this state
the position of the object in the scene is updated in the
Scene Model. Finally, the Finite State Machine returns to
the Object Alertness state and the OAS awaits new orders.

If two or more objects of the same type are found in the
real scene during the detection phase (cf. Fig. 4 (➋)) in
the Object Detection state, the Finite State Machine will
switch to the User callback (UCB) state. This means, that
a message is sent to the Dialog System to clarify which of
the found objects was meant by the user. After the Dialog
System has provided a more detailed description, the Finite
State Machine switches to the Object Analysis (ObjAna)
state. In this state a new Region Of Interest is determined
based on the information from the gesture detection and the
extended verbal information. Now the Finite State Machine
returns to the Object Detection state and initiates a new
search. This cycle is performed until the object is found, or
the user aborts the action within the User callback state but
at most two times. Then, the Finite State Machine switches
to the Visual Attention (VisAtt) state (cf. Fig. 4 (➌)). If no
object is found in the Object Detection state (cf. Fig. 4 (➍))
this means that the user is referring to an unknown object
which is supposedly similar to the description of objects pre-
viously retrieved from the Scene Model. However, since the

object is unknown the Finite State Machine switches to the
Visual Attention state, that is also used for the localization
of unknown objects if two reiterations have been reached (cf.
Fig. 4 (➌)).

5.2 Unknown objects
If no object detection is possible because no object en-

try matching the user’s specification has been found in the
Scene Model the OAS will search for salient features in the
camera image such as colors or shapes by applying different
filters that detect salient visual object features as specified
by the user. We call these filters attention maps follow-
ing the terminology of [8] where a similar technique is used.
The use of these attention maps is coordinated within the
Visual Attention state and can help to select Regions Of In-
terest. The appropriate attention map is selected based on
the verbal information (e.g., the color) given by the user (cf.
Fig. 4 (➎)).

Once a region matching the search criteria (i.e., color) is
found within the Region of Interest by the attention map
it is selected within a bounding box (cf. Fig. 4 (➏)). This
bounding box is supposed to contain a view of the retrieved
object (e.g., a blue cup) and is stored in the Scene Model
(cf. Fig. 4 (➊)). Additionally, a confirmation message is sent
to the Dialog System.

If the verbal information given by the user is insufficient to
determine a Region Of Interest, that is if no visual descrip-
tions are given that can be found by the attention map, (cf.
Fig. 4 (➐)), the Finite State Machine changes to the User
callback state. In the User callback state the OAS sends
a request to the Dialog System in order to get more infor-
mation (e.g., shape, position, ...) about the object which
the user refers to. When the user has given a more spe-
cific description which is sent by the Dialog System to the
OAS, the Finite State Machine returns to the Visual Atten-
tion state (cf. Fig. 4 (➑)). The User callback state is also
reached if more than one Region Of Interest is found (cf.
Fig. 4 (➋)). Then, the OAS asks the Dialog System to re-



solve this ambiguity. As soon as the OAS has determined
the Region Of Interest, the Finite State Machine switches
to the Object Analysis state to acquire the position of the
object by means of the hand position of the user. Next, the
Finite State Machine switches to the Object Store state and
stores the extracted view and the position of the object in
the Scene Model (cf. Fig. 4 (➊)). Then, the Finite State
Machine returns to the Object Alertness state to await new
orders.

If no Region of Interest is found during the search for vi-
sual object features, the Finite State Machine switches to
the User Callback state and returns a negative response to
the Dialog System. In parallel, the OAS asks the Dialog Sys-
tem for a more detailed object description and re-initiates a
second search on the image (cf. Fig. 4 (➒)). If for a second
time no Region Of Interest is found, the OAS sends a mes-
sage to the Dialog System, that the search for the referenced
object was not successful and returns into its idle state to
await new orders from the Dialog System.

6. REPRESENTATION
Information acquired by the Dialog System and the OAS

in the ongoing interaction with a user must be stored in an
appropriate way. Because the same information from differ-
ent modalities require different ways of representation the
management of such a multi-modal database is a non-trivial
task. Our approach to such a database, that we call Scene
Model, is based on the concept of an active memory [17]
since it uses intrinsic processes which allow not only a sim-
ple access to the data but also provides intelligent main-
tenance functionalities. One of the intrinsic processes for
example enables the autonomous removal of obsolete in-
formation about objects (e.g., the position of a cup three
months ago). This forget mechanism is quite essential for
our application since the robot’s environment is continously
changing.

Within our work we have extended the functionality of
the active memory in order to be able to handle the dif-
ferent modalities by storing the same data in different for-
mats. This information that might seem to be redundant at
first glance is necessary because the Scene Model is used as
BIRON’s long-term memory and both Dialog System and
OAS access the data stored in it. For example, consider the
color of an object: the Dialog System may store its value in
form of a character string, e.g.,“blue”; but after finding it in
the current scene the OAS may need to store its color value
based on the Hue Saturation Intensity (HSI) color model.
The same holds true for the position of an object, which the
Dialog System would store symbolically as “on the table”
while the OAS would store its coordinates. The coordinates
describing the position of an object are obviously quite use-
less for the Dialog System when the user asks “where is my
blue cup?”. On the other hand, the OAS would not be able
to handle the value “blue” when it has to find a blue cup in
the camera image.

Consequently, the Scene Model needs to include a compo-
nent that is able to convert the format of data, the so-called
Modality Converter. The Modality Converter is a simple yet
powerful mechanism that is not only able to convert single
object features like the color. It can also search the data base
and will return whole object entries matching given descrip-
tions. This may be necessary for example when the OAS
fails to detect an object by matching all memorized views

against the current camera image and the object’s color is
not yet known to the OAS. Then, in order to extend the
search for visual object features, the OAS sends a request
for the object’s color to the Dialog System. Subsequently,
a search for the newly given color can be performed, after
an appropriate conversion of the Dialog System’s response
is received by the OAS.

For the conversion process the Modality Converter uses
a lookup table (cf. Table 1) that contains for every stored
predicate name (e.g., color, relation, ...) two attribute fields,
in particular a symbolic description as well as a visual feature
description. Since the HSI values might vary for a distinctive
verbally named color, the corresponding value field can con-
tain specific values as well as ranges of values. Depending by
which module a query is sent the Scene Model returns auto-
matically the adequate description if available. For instance,
if the query origins from the Dialog System the Converter
will automatically return the attribute “Symbolic”.

Predicate name Symbolic Visual
Color red 330..20,0..1.0,0..1.0

0.0,1.0,1.0
Color green 135,1.0,0.7
Relation O1 under O2 O1.y < O2.y

Table 1: Lookup table of the Modality Converter

Note that this converter is a very powerful tool since it
does not only convert pre-defined symbol-value pairs but it
is also able to learn new associations. In sum, three dif-
ferent responses to queries are possible. ➀ The converter
finds an entry where all data fields match the attributes of
the specified object. In this case, it will return the value
suitable for the inquiring component. ➁ The converter finds
no valid entry because there is no correspondence of the en-
try in the other modality as for example for the symbolic
name “transparent” which does not have an HSI equivalent.
➂ The converter finds no valid entry because it is not yet
complete. This usually occurs when after a search for visual
object features a new HSI value is stored in the Scene Model
for which no symbolic name is yet known. Then, the Dialog
System will ask the user for the color name of the Region
Of Interest.

7. RESULTS
In order to illustrate our results we present a dialog exam-

ple where the resolution of object references is involved. In
this example, the user asks the robot to pay attention to a
mug. Fig. 6 illustrates the dialog flow, the operations of the
modules underlying the robot output and the content of the
Scene Model in the first, second and third column respec-
tively. We assume that the robot has already recognized the
user as Thomas.

In the utterance U1 the word “this” indicates a possible
accompanying gesture which can help to specify its mean-
ing. The Dialog System therefore sends a request to the
OAS to search for the object mug (➊). Upon this request
the OAS will first query the Scene Model for an object of
the type mug in order to provide a template to the object
recognizer (➋). In our example, no such object is stored in
the Scene Model (➌). The OAS now switches to its sec-
ond searching strategy: search with salient features of the
object in the current scene. But since neither salient fea-
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generateOutput(need(color))
name: mug
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image:
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Figure 6: A dialog example (U: User; R: Robot;
DLG: the Dialog System; OAS: the Object Atten-
tion System; SM: Scene Model)

tures of the mug were specified, nor a gesture was found in
the current scene (➍), the OAS informs the Dialog System
about its need of a salient feature, namely the color (➎).
The Dialog System will then generate the output R1 to get
the requested information from the user (➏). Thomas an-
swers the question and the value of the color is sent from
the Dialog System to the OAS (➐). With this information
the OAS successfully finds the object mug (➑) and informs
the Dialog System about this result (➓). At the same time
the multi-modal information about the mug is entered in
the Scene Model by the OAS (●)11 . The Dialog System can
now generate a confirmation (●)12 as feedback to the user.
In U3 the user specifies two further features of the mug, the
owner (“mine”) and a description (“my favorite”). This in-
formation is directly entered into the Scene Model by the
Dialog System since there is no evidence of the involvement
of a user gesture, which would indicate that a new object
is being specified, and there is only one entry in the Scene
Model that matches the described object.

8. CONCLUSION
In order for a mobile robot to be able to communicate in

a human-style it needs processing and representation strate-
gies that can deal with multi-modal information. We there-
fore integrated a Dialog System using multi-modal inter-
action units with an Object Attention System that is able
to resolve object references. The interaction between these
modules is based on a multi-modal representation, the Scene
Model, which stores the acquired scene information and pro-
vides a Modality Converter that not only converts informa-
tion from one modality to another but also can learn associ-
ations between data from different modalities such as color
names and HSI values. This powerful mechanism allows on
the one hand to use a pre-defined knowledge base while it is
on the other hand capable of adapting to new environments
by learning new objects and salient features.

The current system still has some limitations. Firstly, the
robot cannot yet learn new words, this means, the robot can

only learn objects with known symbolic names. A solution
of this problem can be adding a mechanism into the DLG
that can store and reuse new words once they are spelled
by the user. Secondly, a global 3D coordinate system rep-
resenting the absolute position of an object in relation to
the room is not yet integrated into the OAS. The conse-
quence is, the robot can only find the object again if it is
in the position as it learned the object. Thirdly, no naviga-
tion system is implemented for the robot so that the robot
cannot autonomously move from one location to another to
find an object. These limitations are also the motivation for
our future work.
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Introduction

The purpose of this paper is to describe the development process and challenges involved when
collecting and annotating a corpus which is used in the research on cognitive robots in the Eu-
ropean project Cogniron1. One important aim is to support the development of natural language
user interfaces. In the long run we aim to enable users to train the robot to perform a wide range
of tasks that are not preprogrammed – using a multimodal style of interaction.

Our corpus contains task oriented conversation with a robot prototype, an ActivMedia PeopleBot,
in a so-called Home-Tour scenario developed in the project (cf. Green, Hüttenrauch, & Severin-
son Eklundh, 2004). In the scenario the user and robot moves around in a home-like environment
and the user names objects and locations using a combination of speech and gestures.

We are striving to collect data from many different sources in order to be able to contextualize the
modalities that are being used for interaction, i.e., communicative actions: speech and gesture
and other actions related to the task. To our knowledge our corpus is unique because of its
domain (task-oriented human-robot communication) and the multidimensionality of data that is
collected and interlinked.

There are initiatives to collect corpora for multimodal interfaces (e.g., Knudsen, Dykjær, &
Bernsen, 2001; Schiel, Steininger, & Türk, 2002) but few that are targeted for robotics (e.g.,
Bugmann, Klein, Lauria, & Kyriacou, 2004; Wolf & Bugmann, 2005). Koide et al (2004) have
collected and analyzed interaction statistics to investigate human reactions to specific robot be-
haviors (Koide et al., 2004). Other uses of corpus data include observations of user behavior,
e.g., gaze behavior, to evaluate human engagement in interaction (Sidner, Kidd, Lee, & Lesh,
2004).

So far we used our corpus in the design process to evaluate the system from a usability perspec-
tive (Green et al., 2004), to analyze miscommunication and to analyse users’ positioning and task
strategies.

1www.cogniron.org
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Data collection and annotation process

We recorded and transcribed 22 user sessions, each lasting approximately 15 minutes (5.5 hours
of video). We used a Wizard-of-Oz set up that was perceived as realistic to the users. After the
session we administrated a questionnaire. Audio from two different sources was collected: the
sound from the wizard’s video camera and the sound from the stereo microphones placed on top
of the robot. This setup provided the overall picture of the robot and user acting together with
the robot centric sound.

Several different types of data sources have been annotated and interlinked to support usability
research and development of cognitive modules. The relation between dialogue acts and physical
acts (cf. Traum, 2000) is especially interesting with respect to human-robot interaction together
with the question of complexity of representation. We are aiming for a model where annotators
need to make few decisions.

Speech annotation: The audio and video recordings are annotated up to what we could charac-
terize as a baseline level: speech utterances and gestures have been transcribed and synchronized
in order to provide a format that can be used to navigate the recordings. The synchronized
transcriptions have been converted Anvil XML files (Kipp, 2004) allowing the sessions to be
displayed in several layers.

Communicative acts: We are using a coding taxonomy to capture communicative acts that can
be viewed as multimodal extension of the DAMSL coding schema (Allen & Core, 1997). Our
extension of the schema currently involves deictic gestures, emblems, and iconic gestures. We
are using a multi-layered style of annotation that allows for more detailed analyzes. Our approach
is simular to Villasẽnor et al (2000), who proposes the extension of DAMSL with the notion of
contribution as participatory communicative acts, according to (Clark & Schaefer, 1989). In the
paper we will describe and exemplify our schema further and its relation to current theories.

Positioning and spatial distance: We are annotating spatial formation , i.e., the dynamic as-
pects of spatial arrangements using a taxonomy based on Kendon’s F-formation system (Kendon,
1990). This system is based upon the observation that certain patterns of posture and orientation
between participants are maintained during interaction.

We are also coding interpersonal distances according to the classification proposed by Hall (1966).
Social interaction is based upon and governed by four interpersonal distances:intimate(0–1.5
feet),personal(1.5–4 feet),social(4–12 feet), andpublic (>12 feet).

Both the F-formation system and social distances provide discrete representations for spatiality.
Therefore we are also collecting and synchronizing laserdata and video recordings to be able to
study this topic further.

2



Task: The schema used for task annotations is domain dependent and our intention at this point
is that it should be used as background information for more focused analyses.

Scene overview: Images from four network web-cams that can be used to disambiguate the
scene linked to the corpus using the timecode.

Laser range data: The data from the laser range finder is stored as raw data files with time
stamps. This allows for development of different types of applications, e.g., tools for visualiza-
tion or tracking algorithms.

Text descriptions and questionnaire data During the analysis of spatiality we also wrote
down observations on events in the session, these text descriptions are time aligned so they can
be easily retrieved. Questionnaires administered to users concerning their attitudes towards the
system are also available.

Conclusions and future work

We have described the process of developing a contextualized corpus for human-robot interac-
tion. By providing links to data sources, e.g., laser data and text descriptions and data that is
annotated using well established taxonomies we aim to support activities related to the devel-
opment of a cognitive robot. In the near future we will use this corpus in the development of
adaptive models of users’ style of communication and to study communicative behavior related
to the spatial configuration of the robot and user.
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ABSTRACT
Natural language user interfaces for cognitive robots should
attempt to reduce the occurence of miscommunication in
order to be perceived as providing a smooth and intuitive
interaction to its users. This paper will describe how we
integrate miscommunication analysis in the design process.
By analysing data from 12 sessions, where subjects inter-
acted with a service robot in a home like environment, we
arrived at a set of observations, e.g., that users misunder-
stand the robot’s functionality; and that feedback sometimes
is ill-timed with respect to the situation; we also observed
that referencing objects is important with respect to lexical
choice and deixis. The design implications from our analysis
are that we need to equip our robots to provide more and
relevant feedback with respect to the system’s functional-
ity. Another design implication is to explore strategies that
prime the user to respond in a way that can be handled by
the robot system.

Categories and Subject Descriptors
H.5.2 [User Interfaces]: Natural language; I.2.9 [Robotics]:
Operator interfaces

General Terms
Human Factors, Design

Keywords
Human-Robot Interaction, Miscommunication, Error han-
dling, Dialouge design, Wizard-of-Oz

1. INTRODUCTION
The focus of the research presented here is to investigate
models for how cognitive robots can work beside humans to
assist them in their daily activities. A robot with cognitive

Figure 1: The user assumes an alternative mode
of operation for gesture detection and holds up a
magazine instead of placing it on a flat surface.

capabilities needs an interface modality that ensures an intu-
itive and powerful way to reach the full potential of the sys-
tem. It is generally believed that speech and gesture based
interfaces provide a good model for human-robot interaction
by offering an easy to learn, yet expressive way of commu-
nicating the user’s goals and intention to the robot. Due to
the situatedness and multimodal style of human-robot com-
munication, miscommunication may occur along several di-
mensions, something which poses an even greater challenge
than within the domain of speech interface research.

Therefore, one important goal when designing human-robot
communicative systems is to provide interaction that is char-
acterized by a low level of miscommunication, and is per-
ceived as smooth and efficient by the user. Turning this
into a research objective, our aim with this work is to gain
a solid understanding of the causes of miscommunication
in order to identify and handle it as it occurs during inter-
action. We are approaching this at the concrete level by
evaluating a prototype dialog model that has been devel-
oped for the robot BIRON [15] using a Wizard-of-Oz type
of setup [7] to collect data.



This paper is organized as follows. First we present related
work and then we discuss how miscommunication analysis
is used within our user oriented design process. Then we
describe the setup of the study, the results from the mis-
communication analysis and discuss the implications of it in
terms of new dialogue design.

2. RELATED RESEARCH
Miscommunication can be defined as a state of misalignment
between the mental states of agents involved in communi-
cation [17]. Either the speaker fails to produce the effect
intended with the communicative acts issued or the hearer
fails to perceive what the speaker intended to communicate.
Analysis of miscommunication is sometimes referred to as
“breakdown analysis”. But a breakdown is only one extreme
in a wide spectrum of possible miscommunication. It should
be noted that we are not primarily interested in analyzing
breakdowns per se, but symptoms of miscommunication that
may lead to breakdowns.

There are few examples of focused miscommunication anal-
ysis in the field of human-robot interaction. Green et al [8]
presented an explorative study of communicative errors re-
lating them to the grounding model presented by Brennan &
Hulteen [4]. Strategies for reducing miscommunication, i.e.,
using back-channel responses were discussed by Trafton et
al [16]. In a recent study Breazeal et al [3] analyzed miscom-
munication in order to measure the effects of different non-
verbal strategies that affect the efficiency and robustness
of human-robot communication. Corpus collection e.g., [5]
aimed at studying linguistic phenomena related to human-
robot communication will typically contain data that can
serve as a basis for miscommunication analysis.

The study of miscommunication has attracted interest within
the spoken dialogue community. Here miscommunication
is approached from different perspectives. Martinowsky &
Traum [13] provide an example of how miscommunication
analysis can be used to discuss human reaction to spoken
dialogue systems. Symptoms of miscommunication are dis-
played at different levels in the exchange, e.g., as dialogue
acts attempting to repair misunderstandings, as erroneous
actions resulting from misunderstandings, and attitudinal
responses to the exchange. They studied different phenom-
ena that can be taken as indications of miscommunication,
e.g., intonation, emphatic speech elliptic speech, vocatives,
extra-linguistic signs and hyper-articulation.

There are also other more formal ways of classifying mis-
communication, for instance Aberdeen & Ferro [1] who clas-
sified miscommunication using four features: the type of er-
ror; surface evidence available to the user (e.g., a repair act);
the correction mechanism used (e.g., start over) and the out-
come, whether the error was resolved or unresolved. Applied
coherently this schema allows for using machine learning
approaches to be used in the development process. While
the data used by Aberdeen & Ferro [2] and Walker & Pas-
sonneau [18] was dialogue only, the multimodal character
of human-robot communication complicates the discovery
of error because users’ gestures, posture and gaze behavior
needs to be taken into account. Walker & Passonneau [18]
were interested in more formal evaluation of dialogue sys-
tems providing the means of comparing different dialogue
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Figure 2: The role of miscommunication analysis in
the design process.

strategies. Their classification scheme was used to develop
a dialogue parser and distinguishes between three orthogo-
nally different levels of utterance classification: speech-acts,
task-subtask dimension and conversational-domain dimen-
sion. The nature of development of human-robot commu-
nicative systems is that systems often are tightly connected
with the domain and the particular robot platform and thus
comparison between different systems is rarely a matter of
concern.

3. MISCOMMUNICATION ANALYSIS
The way miscommunication analysis is being used within
our design process can be illustrated with the schema de-
picted in Figure 2. When a prototype is evaluated it is ana-
lyzed from different perspectives. The result of an analysis
focusing on miscommunication is a list of trouble spots. This
list of identified problems can then be sorted according to
different levels of priority. The severity of the problem needs
to be weighed against the cost of addressing them. For in-
stance, some problems can be addressed through changes in
the dialogue design, e.g., by using a more effective prompt-
ing strategy or different wording, without the need to im-
prove the backend components like speech recogntion and
dialogue handling. Other problems require technical devel-
opment, e.g., a more advanced microphone setup or new
types of perceptual capabilities, for instance vision capabil-
ity to handle pointing gestures.

Based on the sorted list of problems and the proposed solu-
tions we can address problems in a systematic way. Thus,
some problems can be addressed in the next version of the
system but some will remain, either to the next level of sys-
tem development or throughout the life time of the system.
At the far end of this spectrum we find problems that require
common sense knowledge or machine perception similar to
human capability.

3.1 Purpose of the study
Methods for high-fidelity simulation, like the Wizard-of-Oz [7]
framework provide an opportunity for different stakeholders
in the development process to visualize and try-out the sys-
tem without implementing it. In this framework a system
that is being evaluated trough hi-fi simulation is fully or



partially simulated providing a situation where the user be-
lieves that she is interacting with a real system. This allows
data collection in a realistic but yet controlled interaction
situation.

In the context of the COGNIRON project we are interested
both in improving the BIRON system and addressing more
general topics of human-robot communication, such as as-
pects pertaining to the quality of communication.

3.2 Dialogue model
The prototype dialog model that has been adapted for the
study described in the following sections is represented as
a Finite State Machine (FSM) extended with a slot-filling
mechanism [15]. This model has been implemented on the
robot BIRON [15], an interactive robot system based on an
ActiveMedia PeopleBot platform. A basic component of the
robot system is the person attention system which enables
the robot to focus its attention on one person. Based on
this attention the robot can physically follow the person of
interest and engage in verbal interactions. The heart of the
system is the Execution Supervisor [15] which coordinates
the communication between the different software compo-
nents and represents the internal status of the system as an
FSM.
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Figure 3: The dialog model described as a Finite
State Machine.
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Figure 4: Sub-dialog of state “Follow”.

The underlying FSM of the dialog system is identical to that
of the central Execution Supervisor. The different states can

thus be seen as the global ”context” of the robot, indicating
which task the robot is currently performing. Figure 3 il-
lustrates the FSM of the dialog. Basically, the user can ask
BIRON to do two things: either to follow her (”FOLLOW”)
or to pay attention to an object that is being shown to the
robot (”INTERACTION”). This ”interaction” state means,
that the user has to ”warn” the robot before she is showing
an object. This is necessary because it needs to adjust its
camera to the hands of the user to be able to detect a point-
ing gesture instead of focusing on the face. In each of these
states, the robot can only do one thing, and the correspond-
ing dialog between the user and the robot in this state will
only focus on achieving this task.

These ”sub-dialogs” are modeled by individual FSMs which
also served as a basis for the specification of the robot behav-
ior we investigated in this study (see Section 3.3.1). Figure 4
gives an example of the sub-dialog in the state ”FOLLOW”.
Thus, if the user asks the robot to follow her, the robot
will react depending on whether or not it detects the per-
son. If the basic conditions for the task are met, that is if
a person is detected, the robot will start following. How-
ever, once the robot notices that the distance to the user
becomes too large it will try to correct this by informing the
user. Similarly, the algorithm for the dialog exchanges in
the interaction state are specified based on whether or not
the system detects a gesture and an object.

3.3 Scenario and test procedure
We are envisioning a scenario where the user is teaching the
robot important locations and objects using speech and ges-
tures in combination, the so-called “Home Tour Scenario”.
Using the information given by the user the robot should
then be able to perform tasks within the environment.

The scenario can be characterized as Co-operative Service
Discovery and Configuration, stressing the way the user and
robot are intended to engage in a joint effort to inform each
other of relevant knowledge about the environment. This
means that the user is able to configure the robot and dis-
cover what the it can do by actively providing information
about artifacts and regions present in the environment (e.g.,
objects and locations) and; trying the actions that the robot
can perform related to artifacts and regions (e.g., moving to
places and finding objects).

For this study one requirement was that we would recruit
users that were not familiar with robotics. We wanted to test
the system in a setting that is as realistic as possible. To
achieve this we decided to use the Wizard-of-Oz framework
in a test area within the robot laboratory that is equipped
with furniture normally found in a living room: a couch, a
dining table with chairs, bookshelves, a TV set etc. Together
with the “living-room” furniture, objects, like a fruit bowl,
a remote control and some magazines were added to provide
a set of objects that could be taught to the robot by users.

3.3.1 Adaptation of dialogue patterns
Thus we aim to test the system in a realistic but non-rigid
manner, i.e., by providing a dialogue model with similar
constraints as the implemented dialogue, but with enough
robustness to allow for a habitable [10] dialogue system, i.e.



that there are no points in the system where the system
lacks a model to handle input.

We used the dialogue patterns described in section 3.2 as a
point of departure for the functions supported by the sys-
tem:

Greeting: responding to utterances like “hello
robot”.

Closing: responding to utterances like “goodbye
robot”

Person following allowing the user to tell the robot to fol-
low the user

Referencing loca-
tions and objects

responding to references to objects us-
ing speech (e.g. “this is an orange”) to-
gether with deictic gestures

We are indeed interested in miscommunication but we do
not want to provoke miscommunication. Thus we need to
balance the system so that the aspects that want to test, i.e.,
particular dialogue design, are used in a way that makes
them justice. Otherwise there is a risk that the user will
experience an interaction filled with constant breakdowns
due to causes that are unrelated to the dialogues system
put up for evaluation.

3.3.2 Technical setup and test procedure
The robot system used in the data collection was an Activ-
Media PeopleBot (similar to BIRON [15]). The robot was
controlled by two researchers, also referred to as “wizards”.
The task of the wizards was divided in two roles: the navi-
gator wizard and the dialogue wizard. The dialogue wizard
provided the verbal means for the robot to reply to users
commands using a speech synthesizer. The navigator wiz-
ard controlled the movements of the robot, including those
of the camera, which is mounted on top of the PeopleBot.

Initially we performed a formative pilot study with a few
staff members in order to fine tune the setup. In the next
phase we recruited 22 test persons among students on the
KTH campus. This means that there is a bias towards well-
educated young people in the study, but since the aim of
the study is primarily explorative we have accepted this cir-
cumstance. Upon arrival the subject was greeted by the
test leader and offered a cup of coffee. Then the test leader
informed the subject of the purpose of the study, without
revealing that the wizards were controlling the system. In-
stead the wizards were described as ”technicians” with the
purpose of controlling the technical setup and making ”on-
line annotations”. After the introduction the subject signed
an agreement giving consent to storing of personal informa-
tion. The users read the written instruction that explained
the purpose of the study and the general functions the robot
supported (see Section 3.3.1). The test leader also showed
the follow behavior and pointed out an object to the robot.
Then the robot was sent back to the standby position and
the user could start the session. After about 15 minutes the
session was ended on the initiative of the test leader. After
the session we administrated a questionnaire assessing users’
opinions of the interaction. Before leaving the subject was
rewarded a cinema ticket voucher.

About 5.5 hours of video from the user sessions were recorded
using a digital camcorder (MiniDV). Audio from two differ-

ent sources was collected: the sound from the wizard’s video
camera and the sound from the stereo microphones placed
on top of the robot. This setup provided the overall picture
of the robot and user acting together with the robot centric
sound.

4. RESULTS OF THE ANALYSIS
The video recordings from the first 12 user sessions have
been transcribed and synchronized on the utterance level.
We then printed out all dialogues and analyzed them by
marking utterances that could be considered trouble spots,
or symptoms of miscommunication. Then we checked the
trouble spots in the video material to get a clearer picture
of the characteristics of each situation. We then annotated
the material using the Anvil [11] tool which provides visu-
alization in the style of a musical score. We also generated
a hypertext document that allowed us to move between a
categorized and sorted list of trouble spots and the corpus
texts to provide context.

In all we identified about 20 types of trouble spots, some oc-
curred just once or twice but some were more frequent. We
will limit our discussion to the categories that are frequent
and that have had implications for the new design.

4.1 Users’ system knowledge
At some points during the sessions exchanges that could be
characterized as ”trouble spots” either in terms of communi-
cation, i.e., where symptoms of miscommunication occurred
or as in the exchange in the sequence U1-U7 (below), where
a mismatch between the robot task capability and the tasks
the user thinks the robot should handle.

U1 stop robot 31.306 - 31.935

U2 turn around 34.227 - 35.040

R3 Stopped following 35.778 - 36.895

R4 Cannot do that 38.154 - 38.904

U5 Rotate 40.579 - 41.317

R6 Cannot do that 43.118 - 43.835

U7 follow me 49.836 - 50.412

We have classified these errors as SYSTEM KNOWLEDGE

referring to a trouble spot that can be attributed to what
the user knows about the communicative capabilities of the
system. This category also covers what may be considered
requests for tasks that are out of the domain, e.g., praising
the robot by saying ”Good work robot”. There are cases
that are not clear cut, for instance when a user shows the
robot and object by holding it in his hand instead of placing
it on a flat surface. It is clear to the wizards that this is
not an acceptable gesture, and it should also be clear to the
user that holding objects should not work. The error can be
said to belong in both categories, i.e., it is a communicative
problem because the system fails to detect a gesture, but
it is also a domain problem since the robot is supposed to
handle objects on flat surfaces only.

In the sequence U1-U7 (above), several phenomena that
can be characterized as symptoms of miscommunications
occur. Initially the user is stacking commands: first the
user is commanding the robot to stop, and then he asks the



robot to turn around. The response from the robot, i.e.,
that it has stopped following the user (utterance R3), in the
contributions following the ones stacked by the user (U1,
U2) is delayed about four seconds.

The stacking is in itself not a sign of miscommunication but
the lack of feedback from the robot during the four seconds
following the user’s stop command can be regarded as an
instance of the robot failing to make its contribution in a
timely manner. It is worth noting that the robot actually
stops right after the user has given the stop command, well
before issuing the response ”Stopped following” (U3). This
renders the utterance spurious and ill-timed. On the other
hand, when the robot utters ”Cannot do that” (R4), refer-
ring to the users command ”turn around” (U2), the user
seems to interpret this as relevant to the exchange and at-
tempts another adapted version of the turn command (U4).

After issuing the first turn command, ”turn around” (in U2)
the user has yet to discover that the robot cannot handle
directive commands1. After the robot system has reported
that it cannot perform the turn action, the user chooses to
adapt his command by using the synonym ”Rotate” (U5).
After the robot has responded negatively to the second turn
command (in U6) the user resorts to using what we believe
the user considers a fallback command namely ”follow me”
(U7). The usage of the follow command in this type of
situation is frequent in the material.

Another problem that is related to the users’ erroneous in-
ferences about the system’s capability. Small objects, such
as magazines, pens etc, were sometimes moved before being
shown to the robot. Users tried to hold up objects in front
of the camera. This was considered to be an error according
to the task model and an a repair was issued by the commu-
nicator wizard. This behavior is illustrated in Figure 1. In
the example below, the user is holding the pen while utter-
ing U11. The repair U10 then influences the user’s actions
and a pointing gesture is issued.

U8 this is a table 119.256 - 120.323

R9 Found dinner table 136.353 - 137.520

U10 this is a pen 140.054 - 140.938

R11 Rearrange the objects please 146.797 - 147.897

U12 this is a pen 150.366 - 151.291

R13 Found one object 155.376 - 156.701

4.2 Feedback problems
We have noted several types of problems related to feedback
in our data. Providing relevant and timely feedback essen-
tial to maintaining an orderly and well managed dialogue.
We have identified problems related to timing, i.e., feed-
back is ill-timed, something which may render it incoherent,
like in utterances U14-U16 (below). When the user utters
“stop” (U14) and then tries to specifiy an object (R15) he is
interrupted by the robot saying “stopped following” (U16).
Issuing “stopped following” (U16) is thus non-relevant since
the robot already stopped. At this point in dialogue this
does not cause a breakdown but if the error occurs again,
the user needs to adapt to the system’s behavior, something
that might affect the attitude towards the system.
1Except for ”back” which we added to make it possible to
get the robot free when it got stuck or to close.

U14stop 122.355 - 122.804

U15this is a table 125.819 - 127.233

R16Stopped following 127.233 - 127.847

Another problem that occurred in the material was lack of
feedback, i.e., the robot does not respond to the user’s con-
tribution before the user decides to make another contri-
bution (cf. U17-U19) utterances. Here the time between
repetitions may be used to provide a measure of the time
limits for what the user will accept as a response time in the
system [8].

U17this is a computer 62.436 - 64.253

U18this is a computer 68.746 - 70.380

R19Found one object 76.857 - 78.257

4.3 Irrelevant response
In the following example the robot speech output overlaps
(U21-R22) with the users command. This seems to lead to
hesitation of the user in the later utterance (U24). This is
a symptom of miscommunication but as a single instant it
seems that it is not sufficient to cause a breakdown.

U20 Stop 122.355 - 122.804

U21 this is a table 125.819 - 127.233

R22 Stopped following 127.233 - 127.847

R23 Found coffee table 137.918 - 139.268

U24 ahm 141.081 - 141.738

U25 please follow me 144.195 - 145.254

4.4 Reference
In the manner the system was simulated we allowed for a
”robust” object recognition system, meaning that the sys-
tem would recognize any object given that it was small
enough and placed on a flat surface. We had not added lex-
ical entries in the simulated dialogue system meaning that
we sometimes needed to reference objects with the word
”object”. This caused some concerns for some users since
they, as we have interpreted their behaviour, were not sure
about the status of the recognized object. In the following
example the user attempts to get the system to name the
object by saying ”Identify object” (U28). Once again it is
hard to classify this trouble spot. This exchange could also
be related to the category System Knowledge. If we take on
a strict logical perspective, the positive response of the user
to the utterance ”Is this the object” cannot justify that the
robot actually found the newspaper. The information can
be said to have been negotiated, but since there is no point-
ing capability apart from the general direction indicated by
the front robot and the onboard camera, there is no way of
indicating precisely which object has been detected.

U26 this is a newspaper 1013.560 - 1014.829

R27 Found one object 1020.069 - 1021.379

U28 identify object 1023.030 - 1024.488

R29 Is this the object 1029.984 - 1031.220

U30 Yes 1032.057 - 1032.610

R31 Ok 1035.993 - 1036.602

5. DESIGN IMPLICATIONS
The examples given in the previous section describe the most
frequent types of communication difficulties in an embedded



human-robot-situation. Based on this data we identified
four main aspects that need to be optimised in our dialog
model: increase the information given to the user, prime the
user to only use words known to the system, monitor the
communicational success, and develop recovery strategies.

5.1 Information given to the user
Many problems arise because of the users’ limited or erro-
neous knowledge of the system’s functionalities and because
the feedback given by the robot is not sufficient. This is re-
lated to the observations to the categories System knowledge
(Section 4.1) and Feedback (Section 4.2).

Such problems are especially frequent in embodied conver-
sations since the understanding of an utterance is heavily
dependent on the sensory information which are the base
of the robot’s world model. This world model of the real
world can thus be highly error-prone and therefore needs to
be communicated to the user.

One obvious strategy is to provide information upon ex-
plicit questions by the user (e.g. “what can you do?” or
“what now?”). However, this requires a thorough design of
the answer, based on information optimization criteria (e.g.
Gricean Maxims [9]) and initiative modeling.

More promising is therefore a more implicit strategy of giv-
ing more specific information when they are required, for
example when a user command cannot be executed as in ex-
ample U10-U11 (“rearrange objects”) where the user holds
up an object instead of pointing to it. Here, the user does
not know how to solve the problem and gives up the task. In
such cases more information that helps to solve the problem
is necessary.

However, as the system itself does not have enough infor-
mation to know exactly what the problem is – the system’s
problem is simply that it did not detect a gesture – the help
needs to be based on prior knowledge about users’ errors
such as user studies. In this case the user has to be in-
formed that the objects need to be on a flat surface. To
be able to issue context dependent help in this manner, the
system needs to know when it misdetects a gesture.

A further strategy is the use of additional non-verbal (mainly
visual) feedback to provide faster or simultaneous informa-
tion, i.e., without blocking the audio channel. For example,
in the sequence U1–U7 the (redundant) feedback “stopped
following” is given too late (U3) and completely unnecessar-
ily since the robot has already stopped, bringing the inter-
action out of synchronization. In such cases, the execution
of the task is a sufficient feedback signal. In our new dia-
log model each interaction unit is composed by a verbal and
a non-verbal contribution and provides thus a convenient
framework for using non-verbal feedback. However, non-
verbal feedback is not appropriate for all tasks. Non-verbal
reactions to instructions such as “This is a book” gener-
ally need much more time than the verbal reaction since the
movement of the camera towards the target position requires
a lot of computation time in order to detect the gesture and
compute the goal position of the camera. Thus, based on
time-measurements from real system interactions it is pos-
sible to group the robot’s non-verbal reactions with respect

to whether or not they are fast enough to replace the verbal
feedback.

A second line of problems that can be tackled by giving non-
verbal information relates to resolving references. In exam-
ple U28 (“identify object”) the user initiates a clarification
dialog to make sure that the robot focuses on the object
referenced by he user. Given the complexity of the task to
resolve references to objects in the real world we ended up
defining a very narrow menu-like clarification structure with
the help of a visual feedback screen replacing a pointing de-
vice [12]. Reverting to a more restricted dialog structure in
difficult communication situations is a well known strategy
in dialog design [19]. Even if this strategy alleviates some
problems related to providing feedback, increasing the con-
versational capabilities to make the interaction more natural
remains a research challenge.

5.2 User priming
Speech recognition errors and errors related to language un-
derstanding were the easiest ones to detect and to react to
by the wizards in the simulated system – needing only a
feedback asking for repetition. However, we observed that
they caused severe problems with respect to the communi-
cational smoothness of the interaction.

In general, repeated speech recognition errors lead to a break-
up of the current task by the user initiating a new task (e.g.,
utterance U25). These difficulties are much harder to detect
than problems related to non-executable tasks since they
are more implicit and can only be detected as a pattern
ranging over several consecutive utterances. Thus, since
detection and repair may pose severe challenges, a better
strategy might be to avoid these problems at all. One main
problem causing these difficulties lies in the use of out-of-
vocabulary (OOV) words. This is because the user is not
aware of the robot’s lexical capabilities. However, theories
about alignment (e.g. Pickering & Garrod [14]) in human-
human communication predict that the speaking styles of
communication partners will converge during a communica-
tion, affecting lexical choice as well as syntactic, prosodic
and pragmatic structures. Thus, by only using words that
are part of the passive lexicon of the speech processing sys-
tem we can prime the user to use words known to the system
rather than OOV words. This also applies to the syntactic
structure of the utterances that the speech recognition sys-
tem accepts. Based on this observation we follow the strat-
egy of implicit priming as described by Yankelovich [19]. For
example, upon the computer’s self explanation ”I can follow
you” the user is much more likely to use the command ”fol-
low me” instead of ”come here” or ”move”.

5.3 Monitoring communicational success
If an abrupt topic switch can not be averted it will still
be important for the system to monitor the quality of the
current interaction in order to adapt the strategies of the
system, taking measures to increase the communicative suc-
cess. We may for instance adopt a more restricted dialog
structure, or we may provide detailed feedback as suggested
above.

In future work, we will introduce a measurement of the com-
municational success that monitors the ongoing interaction



and detects patterns indicating troubles. In the new dia-
log model, we have defined a first basic version of such a
measure by counting the number of system initiated repair
utterances. A more sophisticated approach would be to col-
lect as many potential features as possible, e.g. duration
between utterances, emotional cues, expectation violations,
topic progression etc. and compute a communication suc-
cess rate by using pattern recognition methods or defining
thresholds.

5.4 Recovery strategies
Even though our goal is to minimize communication diffi-
culties there will always be trouble spots. For such cases
it is important to provide recovery strategies that help to
re-establish the communication if a breakdown occurs. In
the Woz studies we observed that users develop their own
strategies. One strategy that we observed several times in
the material was the use of a “fallback” strategy, i.e., com-
municative actions that the users have learned is working
robustly. The most prominent example of this is the use of
the “follow me” command (e.g., utterance U25).

Another type of recovery that is necessary comes from the
many attempts at using directive commands such as “turn
around” etc. This has to do with the users’ knowledge about
the system (see Section 4.1).

In the further design process of the whole system it is there-
fore necessary to provide the system with small but robust
functionalities such as directive commands (e.g., “back”,
“rotate left” etc), or offering sub-dialogues related to the
current situation (e.g., User questions “what else can I do?”
or “what do you suggest now?”).

5.5 Discussion
Considering all these implications for our new dialog model,
instead of the (rather system-oriented) FSM model, we will
employ a model based on theories of grounding (e.g. [6]).
This will allow us to react to the current situation in a more
flexible way instead of using pre-defined situation patterns
and responses.

This allows us to interpret the ongoing interaction with re-
spect to grounding aspects and to design the feedback with
respect to how well the communication proceeds. Thus, if
the system can not accept a fact presented by the user, e.g.
because of execution problems, the system will initiate a
clarification dialog. Additionally, in the new dialogue model
each contribution has a verbal and a non-verbal part allow-
ing sharing of complementary information between modali-
ties. Furthermore, it also allows to define different response
strategies based on situational variables such as the commu-
nicational success or other available information.

6. CONCLUSIONS
We have described a model for how miscommunication anal-
ysis can be integrated in the design of the user interface for
a robot with cognitive skills. We collected and analyzed
dialogue data using a Wizard-of-Oz setup, simulating the
movements and the dialogue system. The transcribed data
was annotated with respect to miscommunication. We found
miscommunication of different types and on different levels
in the communication.

The most prominent type of miscommunication was related
to the users’ understanding of the capability of the system.
The gulf between what the system can handle and what the
users believe the robot is capable of, can be viewed from
different perspectives.

First of all, users are not accustomed to cognitive robots
at all. This means that the user is involved in a learning
experience from the start. Miscommunication, according to
Martinowsky and Traum [13], gives the users information
about the boundaries of the system’s capabilities, allowing
the user to test hypotheses about the system allowing for
learning to take place. For instance, when the users assume
that the system can handle several similar types of directive
commands because the function “backwards” was allowed.
Another case where learning takes place, but where it is not
a clear cut case is when the user is supposing some task
capability that the robot cannot handle, for instance, when
the user holds an object in his hand instead of placing it
on a flat surface. Here communication works – the robot
provides negative feedback or directions to the user – but
the task cannot be performed.

Thus the design implication, that users need more and rel-
evant information, related to specific situations can be seen
as a way of increasing the opportunity for users to learn from
instances of miscommunication. However, information given
to the user needs to be relevant. By carefully modeling feed-
back provided by the system, e.g., based on communicative
principles, like Gricean Maxims [9], we can provide informa-
tion to the user but avoid an excessively talkative robot.

Miscommunication related to speech recognition and natural
language understanding affects the smoothness of communi-
cation. This leads to the design implication that we should
attempt to prime the user into selecting lexical terms and
syntactic structures that the system can handle. Priming
can be considered a well established practice in more clas-
sical approaches to designing speech based system. This is
one example how practices from human-computer interac-
tion can be used in designing human-robot communication.
However, establishing what types of strategies, e.g., as dis-
cussed by Yankelovic [19] that can be transferred easily and
if some strategies will be invented remains a topic of re-
search. One such area regards how multimodal feedback
can be used in the robot interface to reference objects, for
instance as proposed in Section 5.1 using visual feedback
devices to disambiguate object references.

Adapting to communicative strategies of different users is
an area where we miscommunication analysis serves an im-
portant purpose. The collected data can be used in various
ways to train or inform models for measuring communica-
tive success, something that well motivates the thorough
annotation procedure.

If we think about miscommunication analysis as a step per-
formed as an integral part of the design process, the way we
have ordered the list of errors has influenced what design
implications that we found worth concentrating our efforts
and resources on when developing the next version of the
system. We cannot hope to catch all errors in one system
iteration, but should aim to get rid of the most severe prob-



lems every time we revise the system. They key here is to
prioritize the list of identified problems so that we address
them in an order that will have the most positive impact on
the amount of problems that recur in later versions of the
system.

We should see miscommunication analysis, and the resulting
list of trouble spots, both as a way of increasing the under-
standing of the particular system being evaluated and as a
way of tracking recurring and difficult problems. With this
perspective on miscommunication analysis we are both pro-
viding a basis for improved design in the short term as well
as providing challenging problems for research on human-
robot communication.
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Abstract

Dialog systems for mobile robots operat-
ing in the real world should enable mixed-
initiative dialog style and handle multi-
modal information involved in the com-
munication. Most dialog systems devel-
oped for mobile robots today, however, are
often system-oriented and have limited ca-
pabilities. We present an agent-based di-
alog system that enables mixed-initiative,
multi-modal dialog style. The first eval-
uation results of this system indicate that
these capabilities positively effect the in-
teraction between human users and our
robot as a whole.

1 Introduction

Natural language is the most intuitive way to com-
municate for human beings (Allen et al., 2001). It is,
therefore, very important to enable dialog capability
for personal service robots which should help peo-
ple in their everyday life. However, the interaction
with a robot as a mobile, autonomous device is dif-
ferent than with many other computer controlled de-
vices which effects the dialog system design. Here
we want to first clarify the most essential require-
ments for dialog systems for human-robot interac-
tion (HRI) and then outline state-of-the-art dialog
modeling approaches to position ourselves.

The first requirement results from thesituated-
ness(Brooks, 1986) of HRI. A mobile robot is sit-
uated “here and now” and cohabits the same phys-
ical world as the user. Environmental changes can
have massive influence on the task execution. For
example, a robot should fetch a cup from the kitchen
but the door is locked. Under this circumstance the
dialog systemmustsupport mixed-initiative dialog
style to receive user commands on the one side and
to report on the percepted environmental changes on

the other side. Otherwise the robot had to break up
the task execution and there is no way for the user to
find out the reason.

Another challenge for HRI dialog management is
the embodiment(Duffy and Joue, 2000) of a robot
which changes the way of interaction. Empirical
studies show that the visual access to the inter-
locutor’s body affects the conversation in the way
that non-verbal behaviors are used as communica-
tive signals (Nakano et al., 2003). For example, to
refer to a cup that is visible both to the speaker and
the listener, the speaker tends to say “this cup” while
pointing to it. The same strategy is considerably in-
effective during a phone call. This example shows,
multi-modal communicative cues must be taken into
account for a HRI dialog system.

To enable mixed-initiative, multi-modal dialog
style is also the ambition of many HCI dialog model-
ing approaches. McTear (2002) classified these ap-
proaches into three main types:finite-state-based,
frame-based, and agent-based. The finite-state-
based approach follows a simple script of prompts
and users have to answer predefined questions rel-
evant to the task. In the frame-based approach
the fixed dialog context is represented as a set of
parameters that need to be filled before the task
can be initiated. Both approaches can only han-
dle well-structured tasks and enable either system-
or user-led dialog styles. In the agent-based ap-
proach, the communication is viewed as acollabo-
ration between two intelligent agents. In such ap-
proaches, dialog planning is often integrated into
the task planning process. For example, within the
TRAINS/TRIPS project several complex dialog sys-
tems for collaborative problem solving have been
developed (Allen et al., 2001). Here the dialog sys-
tem is viewed as a conversatonal agent that performs
communicative acts. During a conversation, the di-
alog system selects the communicative goal that is
based on its current belief about the domain and
the general conversational obligations. In such sys-



tems both the system and the user can ask questions,
request clarification, etc. They thus enable mixed-
initiative dialog style and can handle more complex
tasks. However, it is difficult to port such systems to
a new domain since the domain-specific task plan-
ning is a part of the system. To eliminate this disad-
vantage Allen (2001) proposed anabstract problem-
solving model. In the HRI field, due to the complex-
ity of the overall systems, usually finite-state-based
and frame-based strategies are employed for dia-
log systems e.g., (Aoyama and Shimomura, 2005;
Bischoff and Graefe, 2002) or only certain aspects
of the communication are studied in-depth e.g., (Fry
et al., 1998; Kanda et al., 2002). As to the issue
of multi-modality, most dialog systems view it as an
architectural issue: The nonverbal behaviors are im-
plemented as extra module that runs more or less
“independently” of the spoken dialog system, i.e.,
when necessary, the nonverbal processing is acti-
vated to help to resolve ambiguity (Rothkrantz et al.,
2004) or to smooth the spoken dialog flow (Aoyama
and Shimomura, 2005).

In this paper we present an agent-based dialog
model for HRI. As described in section 2, the two
main contributions of this model are the new mod-
eling approach of Clark’s grounding mechanism and
the integration of multi-modality handling ability. In
section 3 we outline the capabilities of the imple-
mented system and in section 4 we present the re-
sults of the first system evaluation.

2 Dialog Model

We view a dialog as a collaboration between two
agents. Agents are subject to common conversa-
tional rules and participate in a conversation by issu-
ing multi-modal contributions (e.g., by saying some-
thing or showing some facial expression). In sub-
section 2.1 we show how we handle conversational
tasks by modeling the conversational rules based on
grounding and in subsection 2.2 we present how we
model individual contributions to tackle the issue of
multi-modality. In subsection 2.3 we put these two
things together to complete the model description.

2.1 Grounding

One of the most influential theories on the collab-
orative nature of dialog is the common ground the-

ory of Clark (1992). In his opinion, agents need
to coordinate their mental states based on their mu-
tual understanding about the current tasks, inten-
tions, and goals during a conversation. Clark termed
this process asgrounding and proposed a contri-
bution model. In this model, “contributions” from
conversational agents are considered to be the basic
component of a conversation. Each contribution has
two phases: aPresentationphase and anAcceptance
phase. In the Presentation phase the speaker presents
an utterance to the listener, in the Acceptance phase
the listener issues an evidence of understanding to
the speaker. The speaker can only be sure that the ut-
terance she presented previously has become a part
of their common ground if this evidence is available.

Although this well established theory provides
comprehensive insight into human conversation two
issues in this theory remain critical when being used
to model dialog. The first one is the recursivity of
Acceptance. Clark claimed, since everything said
by a conversational agent needs to be understood by
her interlocutor, each Acceptance should also play
the role of Presentation which needs to be accepted,
too. The contributions are thus to be organized as
a graph. However, this implies that the grounding
process might never really end (Traum, 1994). The
second critical issue is taking contribution as the
most basicgrounding unit. In Clark’s view, the basic
grounding unit, i.e., the unit of conversation at which
grounding takes place, is the contribution. To pro-
vide Acceptance for a contribution agents may need
to issue clarification questions or repair. But when
modeling a dialog, especially a task-oriented dialog,
it is hard to map one single contribution from one
agent to a domain task since tasks are always coop-
erately done by the two agents (Cahn and Brennan,
1999). Traum (1994) addressed the first issue by in-
troducing a finite-state based grounding mechanism
and Cahn and Brennan (1999) used “exchanges”’ as
the basic grounding unit to tackle the second critical
issue. We combine the advantages of their work and
present a grounding mechanism based on an aug-
mented push-down automaton as described below.

Basic grounding unit: As Cahn and Brennan we
takeexchangeas the most basic grounding unit. An
exchange is a pair of contributions initiated by the
two conversational agents. They represent the idea
of adjacency pairs(Schegloff and Sacks, 1973). The



first contribution of the exchange is the Presentation
and the second contribution is the Acceptance, e.g.,
if one asks a question and the other answers it, then
the question is the Presentation and the answer is
the Acceptance. In our model, a contribution only
representsonespeech act. For example, if an agent
says “Hello, my name is Tom, what is your name?”
this utterances is segmented into three Presentations
(a greeting, a statement, and a question) although
they occur in one turn. These three Presentations
initiate three exchanges and each of them needs to
be accepted by the interlocutor.

Changing status of grounding units: Also as
proposed by Cahn and Brennan, an exchange has
two states:not (yet) groundedand grounded. An
exchange is grounded if the Acceptance of the Pre-
sentation is available. Note, the Acceptance can be
an implicit one, e.g, in form of “continued atten-
tion” in Clark’s term. Taking the example above, the
other agent would reply “Hello, my name is Jane.”
without explicitely commenting Tom’s name, yet the
three exchanges that Tom initiated were all accepted.

Organization of grounding units: As Traum we
do not think that the Presentation of one exchange
should play the role of the Acceptance of its previ-
ous exchange. Instead, we organize exchanges in a
stack. The stack represents the whole ungrounded
discourse: ungrounded exchanges are pushed onto
it and the grounded ones are popped out of it. One
major question of this representation is:What has
the grounding status of one exchange to do with the
grounding status of the whole stack?Jane’s Accep-
tance of Tom’s greeting has no apparent relation to
the remaining two still ungrounded exchanges ini-
tiated by Tom. But in thecenter embeddingex-
ample in Fig. 1, the Acceptance of B1 (utterance
A2) contributes to the Acceptance of A1 (utterance
B2). These examples show that the grounding status
of the whole discourse depends on (1) the ground-
ing status of the individual exchanges and (2) the
relationship between these exchanges, theground-
ing relation. These relations are introduced by the
Presentation of each exchange because they start an
exchange. We identified 4 types of grounding rela-
tions: Default, Support, Correct, andDelete. In the
following we look at these relations in more detail
and refer to exchanges with relationx to its imme-
diately preceding exchange(IPE) as “x exchange”,

e.g., Support exchange:
Default: The current Presentation introduces a

new account that is independent of the previous ex-
change in terms of grounding, e.g., what Tom said to
Jane constructs three Presentations that initiate three
default exchanges. Such exchanges can be grounded
independently of each other.

Support: If an agent can not provide Acceptance
for the given Presentation she will initiate a new ex-
change to support the grounding process of the un-
grounded exchange. A typical example of such an
exchange is a clarification question like “I beg your
pardon?”. If a Support exchange is grounded its
initiator will try to ground the IPE again with the
newly collected information through the supporting
exchange.

Correct: Some exchanges are created to correct
the content of the IPE, e.g., in case that the listener
misunderstood the speaker and the speaker corrects
it. Similar to Support, after such an exchange is
grounded its IPE is updated with new information
and has to be grounded again.

Delete: Agents can give up their effort to build a
common ground with her interlocutor, e.g., by say-
ing “Forget it.”. If the interlocutor agrees, such ex-
changes have the effect that all the ungrounded ex-
changes from the initial Default exchange till now
are no longer relevant and the agents do not need to
ground them any more.

Having looked at the effects of the grounding re-
lations we can describe the grounding mechanism
with an augmented push-down automaton (APDA).
This automaton (see Fig. 2) is augmented in so far
that transitions can trigger actions and variable num-
ber of exchanges can be popped or pushed in one
step. There are five states in this APDA and they rep-
resent the fact what kind of ungrounded exchange is
on the top of the stack. Along the arrows that con-
nect different states the input (denoted as I[...]), the
resulting stack operation (denoted as S[...]) and the
possible action that is triggered (denoted as A[...])
are given. The input of this automaton includes Pre-
sentation with one of the four relations to its IPE
(e.g., “defaultP” stands for “Default Presentation”)
and Acceptance.

As long as there is an ungrounded exchange at the
top of the stack, the addressee will try to ground it by
providing Acceptance, unless she deletes its valid-



A1: What do you think about Mr. Watton?
B1: Mr. Watton? our music teacher?
A2: Yes. (accept B1)
B2: Well, he is OK. (accept A1)

Figure 1: An example of center embedding
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Figure 2: Grounding APDA

ity. For the reason of space, we only can explain the
APDA with the center embedding example in Fig. 1.
Contribution A1 introduces a question into the dis-
course which initiates a Default exchange, say Ex1.
This exchange is pushed onto the stack. Instead of
providing Acceptance to A1, contribution B1 (Mr.
Watton? Our music teacher?) initiates a new ex-
change, say Ex2, with grounding relation Support to
Ex1 and is pushed onto the stack. Then contribution
A2 (Yes.) acknowledges B1 so that Ex2 is grounded
and popped out of the stack. The top element of the
stack is now the ungrounded Ex1. Since Ex2 sup-
ported Ex1, the Ex1 is updated with the information
contained in Ex2 (The music teacher was meant) and
B2 then successfully ground this updated Ex1.

In our model, every exchange can be individu-
ally grounded and contributes to the grounding of
the whole ungrounded discourse by acting on the
IPE according to their grounding relations. This way
we can organize the discourse in a sequence without
losing the local grounding flexibility. This model
allows both the user and the system as equal con-
versational agents to easily take initiative or issue
clarification questions. To implement this model,
however, two points are crucial. The first one is the
recognition of the user’s contribution type: for every
user contribution, the dialog system needs to decide
whether it is a Presentation or an Acceptance. If it

is a Presentation, the system needs further to decide
whether it initiates a new account, corrects or sup-
ports the current one, or deletes it. This issue of in-
tention recognition is a classical challenge for dialog
systems. We present our solution in section 3. The
second point is that the dialog system needs to know
when to create an exchange of certain grounding re-
lation by generating an appropriate Presentation and
when to create an Acceptance. For that we need to
first look at the structure of individual contributions
more closely in the next subsection.

2.2 The structure of agents’ contributions

To represent the structure of the individual contribu-
tions we take into account the whole language gen-
eration process which enables us to come up with a
powerful solution as described below.

The layers of a contribution: What we can ob-
serve in a conversation are only exchanges of agents’
contributions in verbal or non-verbal form. But in
fact the contributions are the end-product of a com-
plex cognitive process: language production. Lev-
elt (1989) identified three phases of language pro-
duction:conceptualization, formulation, andarticu-
lation. The production of an utterance starts from
the conception of acommunicative intentionand
the semantic organization in the conceptualization
phase before the utterance can be formulated and ar-
ticulated in the next two phases. Intentions can arise
from the previous discourse or from other motiva-
tions such as needs for help or information. This
finding motivates us to set up a two-layered structure
of contributions. One layer is the so-calledinten-
tion layerwhere communication intentions are con-
ceived. For a robot the communication intentions
come from the analysis of the previous discourse or
from the robot control system. The other layer is
the conversation layer. The communication inten-
tions are formulated and articulated here1. These
two layers represent the intention conception and the
language generation process, respectively. We term
this two-layered structure of contributioninteraction
unit (IU).

The issue of multi-modality: Face-to-face con-
versations are multi-modal. Speech and body lan-

1Since most robot systems use speech synthesizer for acous-
tic output which replaces the articulation process, only formu-
lation is performed on this layer.



guage (e.g., gesture) can happen simultaneously .
McNeill (1992) stated that gesture and speech arise
from the same semantic source, the so-called “idea
unit” and are co-expressive. Since semantic rep-
resentation is created out of communicative inten-
tions (Levelt, 1989) we assume the communication
intentions are the modality independent base that
governs the multi-modal language production. We,
therefore, extend our structure above by introducing
two generators on the conversation layer: oneverbal
and onenon-verbalgenerator that represent the ver-
bal and non-verbal language generation mechanism
based on the communication intentions created on
the intention layer. The relationship between these
two generators is variable. For example, Iverson
et al. (1999) identified three types of relationship

- Conversation Layer -

verbal
generator

non-verbal
generator

intention conception

- Intention Layer -

Figure 3: IU

between speech and gesture:
reinforcement, disambiguation,
andadding-information. In our
work we focus on the adding-
information relation, i.e., the
gesture (generated by the non-
verbal generator) contributes to
the information conveyed in the
speech (generated by the verbal generator). The
structure of an IU is illustrated in Fig. 3.

Operation flow within an interaction unit: Dur-
ing a conversation an agent either initiates an ac-
count or reply to the interlocutor’s account. The
communication intentions can thus beself-motivated
or other-motivated. For a robot, self-motivated in-
tentions can be triggered by the robot control sys-
tem, e.g., observed environmental changes. In this
case, an IU is created with its intention layer import-
ing the message from the robot control system and
exporting an intention. This intention is transfered to
the conversation layer which then formulates a ver-
bal message with the verbal generator and/or con-
structs a body language expression with the non-
verbal generator. Other-motivated intentions can be
triggered by the needs of the on-going conversation,
e.g., the need to answer a question, or be triggered
by certain task execution results provided by the
robot control system. The operation flow is simi-
lar to that of the self-motivation apart from the fact
that, in case of intentions motivated by conversa-
tional needs, the intention layer of the IU does not
import any robot control system message but creates

an intention directly. Note, the IUs that are initiated
by the robot and by the user have identical struc-
ture. But in case of user initiated IUs we do not
make any assumption of their underlying intention
building process and the intention layer of their IUs
are thus always empty.

With the IUs, we can integrate the non-verbal be-
havior systematically into the communication pro-
cess and model multi-modal language production
(even if in the implemented system the image pro-
cessing that is needed for the non-verbal behavior
analysis is usually done by another robot compo-
nent). The close coupling of intention and language
production helps to achieve behavior consistency
(Badler and Allbeck, 2000). We can also extend the
conversation layer with a modality selection compo-
nent that selects the best suitable modality for cer-
tain intentions to simulate more natural interaction
behavior for a robot.

2.3 Putting things together

Till now we have discussed our concept of using a
grounding mechanism to organize contributions and
of representing individual contributions as IU. Now
it is time to look at the still open point at the end of
the section 2.1: when to create an IU as Presentation
and when an IU as Acceptance.

Self-motivated intentions usually trigger the cre-
ation of an IU as Presentation with Default rela-
tion to its IPE. For example, if the robot needs to
report something to the user it can create a De-
fault exchange by generating an IU as its Presen-
tation. The user is then expected to signal her Ac-
ceptance. Other-motivated intentions can, according
to the context, result in either Presentation or Ac-
ceptance. To make the correct decision we devel-
oped criteria based on thejoint intention theoryof
Levesque et al. (1990) which predicts that during a
collaboration the partners are committed to a joint
goal that they will always try to conform till they
reach the goal or give up. Note, this does not mean
that one will always agree with her interlocutor, but
they will behave in the way that they think is the
best to achieve the goal. This theory can be applied
to human-robot dialog in a twofold sense: Firstly,
a dialog can be generally seen as a collaboration as
Clark proposed. Secondly, the human-robot dialog
is mostly task-oriented, i.e., the human and the robot



work towards the same goal. With this theory in
mind we describe how we process other-motivated
contributions in the following.

The precondition of language production based
on other-motivated intentions is language percep-
tion. Before reacting, i.e., before creating her own
IU, an agent first needs to understand the intention
conveyed by her interlocutor’s IU by studying its
conversation layer. We assume that agents first study
the generated verbal information, if the intention can
not be fully recognized here, one will further study
the information provided by the non-verbal gener-
ator (e.g., a gesture) and fuse the verbal and non-
verbal information. If the intention recognition is
still unsuccessful, the agent can not provide Accep-
tance for the given IU. If she is still committed to
the dialog she will issue a clarification question, i.e.,
she generates an IU as Presentation that initiates
a Support exchange to the current ungrounded ex-
change. If the intention of her interlocutor is suc-
cessfully recognized the language perception pro-
cess ends and the agent tries to create her own IU.
As described in subsection 2.2 the creation of the
IU starts from the creation of an intention on the in-
tention layer. In case of a robot, the dialog system
accesses the robot control system and awaits its re-
action to the conveyed information (e.g., a user in-
struction). Usually, a robot is designated to do some-
thing for the user, i.e., the robot is committed to the
goal proposed by the user, so we definethe robot
can only provide acceptance if the task is success-
fully executed. In this case, the robot completes the
current IU with the filled intention layer by generat-
ing an confirmation on its conversation layer. After-
wards, this grounded exchange can be popped from
the stack. If the robot can not execute the task for
some reasons, then the current exchange can not be
grounded and the robot will take the current IU with
the filled intention layer as another Presentation that
initiates a Support or Correct exchange to the current
ungrounded exchange, similar as the case in Fig. 1.
The conversation layer of this IU can thus formulate
something like “Sorry, I can’t do that because...” and
present a sorrowful face. This new Support or Cor-
rect exchange is pushed onto the stack. Figure 4 il-
lustrates this process as a UML activity diagram.

In our model we only do general conversational
planning instead of domain specific task planning.

study non−verbal info on the CL

intention recognized?

intention recognized?

intention conforms
the joint goal?

complete IU as Acceptance
create IU as Presentation

push Exchange with the interlocutor’s IU as presentationn

yes no

yes

no

no

yes

study verbal info on the interlocutor’s CL

Support or Correct relationground exchange n

pop exchange n

create exchange n+1 with

push exchange n+1

(access robot control system)
create one’s own IL

Figure 4: Handling other-motivated contribution
(CL: Conversation layer; IL: Intention Layer)

What the dialog system needs to know from the
robot control system is what types of intentions it
can produce in terms of whether they start a new ac-
count, support or correct one, or delete it. Based on
this information IUs are generated that operate ac-
cording to the grounding mechanism as described in
section 2.1.

3 Implementation

This dialog model was implemented for our robot
BIRON, a personal robot with learning abilities. It
can detect and follow persons, focus on objects (ac-
cording to detected deictic gestures) and store col-
lected multi-modal information into a memory. Our
implementation scenario is the so-calledhome tour:
a user shows a new robot her home to prepare it for
future tasks. The robot should be able to “learn”
features of objects that it was shown, e.g., its name,
color, images etc. and to remember them (by putting
this information into the memory).

The dialog system is linked to a speech under-
standing system which transforms parts of speech
from a speech recognizer into semantic representa-
tion in a speech-act-based form. To recognize the
user’s intention, the dialog system classifies this in-
put into 10 categories of three groups according to
heuristics, e.g.,instruction, description, andquery
initiate new tasks and thus a new Default exchange;
deletionandcorrection initiate Delete and Correct
exchanges that are related to early exchanges; and
confirmation, negation, etc. can only be responses
and are, therefore, considered as user’s Acceptance



of exchanges that the robot initiates. The main part
of the dialog system is the Dialog Manager that does
all the grounding analysis and stack operations. The
Robot Control Manager receives messages from the
robot control system and calls the Dialog Manager
to do relevant operations. This dialog system en-
ables multi-modal, mixed-initiative dialog style and
can handle complex clarification questions and re-
pair. With the example dialog in Table 1 (U: user, R:
robot), which is transcripted from a real interaction
session between a user and BIRON, we describe the
two most important features of our system.

Table 1: Dialog example with the extrovert BIRON

R1: Hello human! (looking friendly)
U1: Hello robot! Um, who are you?
R2: My name is BIRON. If you show me something I can

remember it. (looking friendly)
U2: OK, um, look, this is a mug.
R3: I beg your pardon? (looking puzzled)
U3: This is a mug, umm, here.
R4: Sorry, can you use some other words? (looking sad)
U4: This is a mug!
R5: Sorry, I can’t find it. Are you pointing to it with your

finger? (looking sad)
U5: Yes!
R6: I know it is sometimes difficult with me, but don’t

feel discouraged! (looking ashamed)
U7: (laugh)
R8: OK, I’ve found it. It is really nice! (looking happily)

Taking Initiative and robot personality: Initia-
tives that a dialog system can take often depends
on its back-end application. Since BIRON does not
have a task planner which would be ideal to demon-
strate this ability we implemented anextrovertper-
sonality for BIRON (additionally to itsbasicperson-
ality) that takes communication-related initiatives.
The basic BIRON behaves in a rather passive way
and only says something if user asks it. In con-
trast, the extrovert BIRON greets persons actively
(R1 in Table 1) and remarks on its own performance
(R6). When the robot control system detects a per-
son in its vicinity the dialog system initiates a De-
fault exchange to greet her. BIRON can also mea-
sure its own performance by counting the number
of Support exchanges it has initiated for the current
topic. Since the Support exchanges are only cre-
ated if BIRON can not provide Acceptance to the
user’s Presentation (because it does not understand
the user or it can not execute a task), the amount of
the Support exchanges thus has direct correlation to

its overall performance. On the other hand, the more
Default exchanges there are, the better is the per-
formance because the agents can proceed to another
topic only if the current one is grounded (or deleted).
Based on this performance indication BIRON does
remarks to motivate users.

Resolving multi-modal object references: It
happens quite frequently in the home tour scenario
that the user points to some objects and says “This is
a y”. BIRON needs to associate its symbolic name
(and eventually other features) mentioned by the
user with the image of the object. The resolution of
such multi-modal object references (U4-R8 in Table
1) is solved as following: the Dialog Manager cre-
ates an IU for the user-initiated utterance (e.g., “this
is a cup”) and studies the verbal and non-verbal gen-
erator on its conversation layer. In the verbal gener-
ator, what the pronoun “this” refers to is unclear, but
it indicates that the user might be using a gesture.
Therefore, the Dialog Manager further studies the
non-verbal generator. The responsible robot control
module is activated here to search for a gesture and
to identify the object cup. If the cup is found in the
scene, this module assigns an ID to the image and
stores it in the memory. After the Dialog Manager
receives this ID, the processing of the conversation
layer of the user IU ends, the Dialog Manager pro-
ceeds to create its own IU to react to the user’s IU.
Problems with the object identification indicate fail-
ure of the intention recognition process on the user
conversation layer. In this case, the Dialog Manager
creates a Support exchange to ask the user which ob-
ject she refers to and retries it if she dose not oppose
(R8). This process is described in (Li et al., 2005) in
detail.

4 Evaluation

The first evaluation of our dialog system was done
in the context of the overall robot system. In sum-
mary, each of the 14 subjects who were not familiar
with BIRON interacted with it for two consecutive
runs and each run took approx. 5 minutes. Half
the subjects interacted with the extrovert (Group-
E), the other half with the basic (Group-B) version
of the dialog. With this between-subject scenario
we wanted to find out if and how the implemented
communication-related initiative taking functional-



ity affects the users’ perception of the interaction
quality.

In total 28 runs the dialog system generated 903
exchanges with an average processing time of 11
ms. The analysis of the filled questionnaires showed
more interesting results: 86% in Group-E as com-
pared to 28% in Group-B stated that they ’liked’
BIRON. Furthermore, only 28% of Group-E criti-
criticized BIRON was not giving enough feedback
as compared to 57% in Group-B. In general, sub-
jects of Group-E tended to describe the capabilities
of X in a more positive way in open questions and
to tolerate performance problems more easily than
subjects in Group-B. Thus, although the robot per-
formance in both conditions remained the same the
extrovert dialog type did seem to positively affects
the users’ perception of the interaction quality. Of
course evaluations of larger scale need to be carried
out to investigate this effect in more detail, but this
result is a strong evidence for the effectivity of the
mixed-initiative dialog style that our system enables.

5 Conclusion

In this paper we presented an agent-based dialog
system for HRI. The implemented system enables
multi-modal, mixed-initiative dialog style and is rel-
atively domain independent. The evaluation results
provide strong evidence for the positive effect of
these features. We will port this system to another
robot system to enable the robot to take task-related
initiative and to test it with more complex dialog.
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ABSTRACT
We analyzed if users are able to assign personality traits to a
robot and which factors influence liking of the robot. It turned
out that users had no difficulties in judging the robot’s
personality. The analysis of the ratings revealed that the
robot’s dialog behavior (basic vs. verbose) had an effect on the
personality ratings of the robot. Furthermore, the robot‘s
behavior, aspects of the robot’s personality, and the user’s
personality contributed independent proportions of variance
in explaining liking of the robot. These results indicate that
the personality of users as well as of robots should be taken
into account when designing human-robot interfaces.

Categories and Subject Descriptors
H.5.2 [User Interfaces]: Natural language; I.2.9 [Robotics]:
Operator interfaces

General Terms
User evaluations, Human-Robot dialog, HRI foundations, HRI
applications

Keywords
Personality ratings, speech-based human-robot interaction

1. INTRODUCTION
If users are to accept robots in their private lives robots need
to blend in the social situation and act according to social
rules. One factor that would foster such social blending in (or
social embedding [1]), is to design robots in such a way that
people perceive them as likeable personalities. However, is i t
possible that a user attributes human personality traits to an
artificial system? This seems plausible as not only children
but also adults tend to anthropomorphize inanimate objects.
Second, it has already been shown that users are able to use
descriptions of human personality traits to describe the
personality of robots [2]. But do users really feel that such
personality descriptions are adequate and does robot
personality indeed influence how users feel about the robot?
In our study we addressed the following three questions: (1) If
asked to describe a robot’s personality with traits established
in personality psychology, how easy do users find this task
and how sure are they about their judgment? (2) Does the
robot’s behavior influence the perceived personality? (3) Is
the robot’s personality relevant for whether or not people like
the robot and what other factors play a role?

2. DATA COLLECTION
The basis of our data collection was a user study carried out
with our mobile robot BIRON (Bielefeld Robot Companion) an
interactive robotic system based on an ActiveMedia PeopleBot
platform. A basic component of the robot is a person attention
system [3] which enables the robot to focus its attention on
one person. Based on this attention the robot can physically
follow the person of interest and engage in verbal interactions.
A multi-modal object attention module allows the system to
learn new objects that the user is showing. For the purpose of
this study we disabled BIRON’s mobility so that it remained
fixed on its place.

In total 14 users aged between 25 and 37 interacted with
BIRON in two subsequent sessions. The second session was
preceded by a technical information explaining the underlying
functionality of BIRON in more detail. After the second
session the users completed a set of questionnaires regarding
their judgment of the interaction as well as their own
personality and the perceived personality of the robot. The
personality of the robot and the user were each assessed by a
time-economic questionnaire, the BFI-10 [4], which measures
personality according to the widely accepted and cross
culturally applicable Big Five Model of personality [5].

The mean interaction time of each session was 5 minutes. In
order to assess the influence of different behavior on the
perceived personality of the robot we used two different
interaction types distributed randomly over the subjects. The
basic interaction type gives only feedback when the robot i s
addressed by the user. In contrast, the verbose interaction type
will actively engage in a conversation by initiating an
interaction when the system detects a person and will also give
comments relating to the success of the communication at
certain points during the interaction (e.g. “It’s really fun doing
interaction with you” or “I know it’s sometimes difficult with
me. But please don’t feel discourage.”).

3. ANALYSIS
After rating the robot’s personality users were asked how easy
the task of judging BIRON’s personality was and how sure
they felt about their judgment. 71.4% of all our users felt very
or rather sure about their judgment and 57.1% thought the task
was

very or rather easy. For both items only 14.3% of our users
thought the task was difficult or were not sure about their
judgment. Both ratings were substantially correlated (r =.71, p
<.01).



One of our main findings was that users interacting with the
verbose version of BIRON rated the robot significantly more
extraverted than users interacting with the less talkative
version (t-test for independent samples: p < .05, see Fig. 1).
Interestingly, the standard deviations indicate that the verbose
version might also provoke more heterogeneous judgments.
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Figure 1: Personality profiles of BIRON with basic vs.
verbose dialog behavior (E: Extraversion, A: Agreeableness,

C: Conscientiousness, ES: Emotional Stability, O:
Openness).

Given that users found it so easy to assign a personality to the
robot we wondered if the perceived personality had an
influence on whether or not the users liked BIRON or if other
factors also played a role. As candidate factors that might have
an influence we considered the robot’s behavior (verbose vs.
basic), the robot personality as rated by the user, and the user’s
own personality.

By using stepwise multiple regression analysis we identified
in a first step the robot’s perceived agreeableness and the
user’s openness to experience as personality traits that might
be useful in explaining variances in users liking BIRON. In a
second step these personality traits together with robot
behavior (verbose vs. basic) were used as predictors in a
multiple regression analysis with simultaneous entry of the
predictor variables. The results showed that with these three
predictors it was possible to explain 78.1% of the variance of
the liking judgments (see Fig. 2). Each of the predictors
contributed independently between 11.8% and 22.8% of
variance. Note that each of these unique contributions is not
explainable by the other two predictors.

Figure 2: Factors explaining variance in the                   users’
ratings for liking BIRON.

Interestingly, in the course of this analysis it became obvious
that the perceived extraversion of BIRON is not significantly
linked to how much the users like BIRON (r  = -.13, n.s.).
Therefore  one can conclude that different aspects of BIRON’s
behavior influence users’ extraversion rating and the users’
liking of BIRON. On the other hand the perceived
agreeableness of BIRON was not significantly influenced by
BIRON’s interactive style (r = .28, n.s., see also Fig. 1).  

4. CONCLUSION
Our data support the hypothesis that attributing human-like
personality traits to a socially embedded interacting robot
comes naturally to users. Our subjects neither found i t
difficult to describe the robot’s personality nor did they feel
uncertain about their judgment.

A second finding was that the robot behavior can influence the
users’ judgments of the robot’s personality traits and possibly
also the homogeneity of these judgments. That a significant
difference was found only for one out of five personality traits
might be due to the nature of the behavior differences, the
interaction task, the influence other factors have on the
personality rating (e.g. design features or morphology), or any
interaction of these aspects. It will be necessary to challenge
these results with more data.

Finally, the behavior of the robot, the personality of the robot
as judged by the users, and also the user’s personality
contribute independent proportions of variance to explaining
differences in liking the robot. Personality ratings – of the
robot as well as of the user - are thus not redundant with
behavioral and interaction variables when explaining users’
acceptance of a robot.

Personality characteristics of the robot as well as of the users
should be taken into account when developing robots for
social tasks and for different user groups.
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