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Preface

Embodied agents play an increasingly important role in cognitive interaction
technology. The two main types of embodied agents are virtual humans inhabiting
simulated environments and humanoid robots inhabiting the real world. So far research
on embodied communicative agents has mainly explored their potential for practical
applications. However, the design of communicative artificial agents can also be of
great heuristic value for the scientific study of communication. It allows researchers to
isolate, implement, and test essential properties of inter-agent communications in
operational models. Modeling communication with robots and virtual humans thus
involves the vision of using communicative machines as research tools. Artificial
systems that reproduce certain aspects of natural, multimodal communication help to
elucidate the internal mechanisms that give rise to different aspects of communication.
In short, constructing embodied agents who are able to communicate may help us to
understand the principles of human communication.

As a comprehensive theme, “Embodied Communication in Humans and Machines”
was taken up by an international research group hosted by Bielefeld University’s
Center for Interdisciplinary Research (ZiF — Zentrum fiir interdisziplindre Forschung)
from October 2005 through September 2006. The overarching goal of this research
year was to develop an integrated perspective of embodiment in communication,
establishing bridges between lower-level, sensorimotor functions and a range of
higher-level, communicative functions involving language and bodily action. The
present volume grew out of a workshop that took place during April 5-8, 2006 at the
ZiF as a part of the research year on embodied communication. The goal of this
workshop was to explore how artificial agents can advance our understanding of key
aspects of embodiment, cognition, and communication.

It turned out that the goals of roboticists and virtual human researchers are quite
similar with regard to mechanisms underlying intelligent, communicative behavior as
illustrated in some of the contributions of the book. For instance, feedback signals and
expressive gestures receive equal attention as means of communicating with
embodied virtual agents as well as robots. Behavior control programs devised for the
coordination between different robots can also support coordination in virtual
humans. Conversely, insights from virtual humans research may be extended to
conversational robots, for instance, on how to utilize corpus data for the control of
communicative behavior in robots.

The present volume reflects the emerging dialogue between robotics research and
research on virtual humans. It contains a selection of 17 articles authored by
researchers from 11 countries. In addition to artificial intelligence research on
communicative agents, the chapters also provide an interdisciplinary perspective from
linguistics, behavioral research, theoretical biology, philosophy, communication
psychology, and computational neuroscience. The topics include studies on human
multimodal communication; the modeling of feedback signals, facial expression, eye
contact, and deception; the recognition and comprehension of hand gestures and head
movements; communication interfaces for humanoid robots; the evolution of
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cognition and language; emotion and social appraisal in nonverbal communication;
dialogue models and methodologies; Theory of Mind and intentionality; complex
systems, dynamic field theory, and connectionist modeling.

We are very grateful to the authors of the articles in this volume as well as to the
international reviewers who provided very helpful input. We hope that the results of
their hard work will be perceived as a timely and inspiring reference for an
interdisciplinary audience of researchers and practitioners interested in multimodal
communication and cognitive interaction technology. Further, we would like to
express our thanks to Manuela Lenzen, Marina Hoffmann, and the whole ZiF team.
They worked tirelessly to make the workshop a successful and lively event. Thanks
also to Mo Tschache, Isabelle Szydlowski, Marion Kdmper, and Christian Becker-
Asano for their support in preparing the book.

December 2007 Ipke Wachsmuth
Giinther Knoblich

Notes

Web pages for the ZiF research year providing further information and links can be
accessed under http://www.uni-bielefeld.de/ZIF/FG/2005Communication/.

A related book is published as: Embodied Communication in Humans and Machines
(I. Wachsmuth, M. Lenzen, G. Knoblich, eds.), Oxford University Press, 2008.
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From Annotated Multimodal Corpora to
Simulated Human-Like Behaviors

Matthias Rehm and Elisabeth André

Augsburg University, Institute of Computer Science
86159 Augsburg, Germany
{rehm,andre}@informatik.uni-augsburg.de
http://mm-werkstatt.informatik.uni-augsburg.de

Abstract. Multimodal corpora prove useful at different stages of the
development process of embodied conversational agents. Insights into
human-human communicative behaviors can be drawn from such cor-
pora. Rules for planning and generating such behavior in agents can be
derived from this information. And even the evaluation of human-agent
interactions can rely on corpus data from human-human communica-
tion. In this paper, we exemplify how corpora can be exploited at the
different development steps, starting with the question of how corpora
are annotated and on what level of granularity. The corpus data can be
used either directly for imitating the human behavior recorded in the
corpus or rules can be derived from the data which govern the behavior
planning process. Corpora can even play a vital role in the evaluation
of agent systems. Several studies are presented that make use of corpora
for the evaluation task.

Keywords: Multimodal interaction, embodied conversational agent, be-
havior modelling, multimodal corpora.

1 Introduction

A number of approaches to modeling the behaviors of embodied conversational
agents (ECA’s) are based on a direct simulation of human behaviors. Conse-
quently, it comes as no surprise that the use of data-driven approaches which
allow us to validate design choices empirically has become increasingly popular
in the ECA field. To get insight into human-human conversation, researchers
rely on a large variety of resources including recordings of users in "natural”
or staged situations, TV interviews, Wizard of Oz studies, and motion captur-
ing data. Various annotation schemes have been designed to extract relevant
information for multimodal behaviors, such as facial expressions, gestures, pos-
tures and gaze. In addition, there has been increasing interest in the design of
annotation schemes to capture emotional behaviors in human-human conversa-
tion. Progress in the field has been boosted by the availability of new tools that
facilitate the acquisition and annotation of corpora.

The use of data-driven approaches provides a promising approach to the mod-
eling of ECA behaviors since it allows us to validate design choices empirically.

I. Wachsmuth and G. Knoblich (Eds.): Modeling Communication, LNAT 4930, pp. 12008.
© Springer-Verlag Berlin Heidelberg 2008



2 M. Rehm and E. André

Model Im -
. plemeanting
Building a e the model
formal model :: %
e L T
Diata |
collection o

. E

—

SHICY Build
Designing
ﬁ%pasta an evaluation

Test

Fig. 1. Development cycle for embodied conversational agents

Nevertheless, the creation of implementable models still leaves many research
issues open. One difficulty lies in the fact that an enormous amount of data
is needed to derive regularities from concrete instantiations of human-human
behavior. In rare cases, we are interested in the replication of behaviors shown
by individuals. Rather, we aim at the extraction of behavior profiles that are
characteristic of a group of people, for example, introverts versus extroverts.
Furthermore, the resulting ECA behaviors only emulate a limited amount of
phenomena of human-human behaviors. In particular, the dynamics of multi-
modal behaviors has been largely neglected so far. Last but not least, there is
the danger that humans expect a different behavior from an ECA than from
a human conversational partner which might limit the potential benefits of a
simulation-based approach.

The methodological approach for modeling communicative behavior for em-
bodied conversational agents is well exemplified by Cassel’s Study-Model-Build-
Test development cycle [§]. Figure [Il gives an overview of the different steps in
this development cycle. To build a formal model for generating realistic agent
behaviors, data of humans that are engaged in a dialogue with other humans are
collected. In most cases, formal models are not built from scratch. Rather, the
data analysis serves to refine existing models found in the literature. The result-
ing models of human-human conversational behavior then serve as a basis for the
implementation of ECAs that replicate the behaviors addressed by the models.
To evaluate the resulting system, experiments are set up in which humans are
confronted with ECAs following the model. Depending on the outcome of such
experiments, the developers might decide to acquire new data from humans so
that the existing models may be refined.



From Annotated Multimodal Corpora to Simulated Human-Like Behaviors 3

B 3
& - [B]x]
+ 0z:04 02:05
E] | T I I | | I O I I 1111 11111 1 111 1 11 111 | I I
Speech is that a |good |or |bad | |idea
Head Mowvement nod nod
e 4| Ln ] [»

Fig. 2. Information of different modalities is annotated in parallel on a temporal score

In the rest of this article, we exemplify how the single steps of the devel-
opment process have been realized by ECA researchers. First we will provide
an overview of existing corpus-based work that has been conducted in order
to get insight on multimodal human-human dialogue with the aim to replicate
such behaviors in an embodied conversational agent. We will present several ap-
proaches to bridge the gap from corpus analysis to behavior generation including
copy-synthesis, generate-and-filter as well as first attempts to realize trainable
generation approaches. Finally, we will discuss several empirical studies that
have been conducted with the aim to validate models derived from a corpus.

2 Multimodal Corpora for Studying Human Behavior

It is undeniable that a rich literature on human communicative behavior exists
covering such diverse areas as dialogue management (e.g. [2]) gesture use (e.g.,
[26]; [20]) or gaze behavior (e.g., [4]; [19]). But for the explicit task of emulat-
ing human communicative behavior by an embodied conversational agent, this
literature is often deficient in one way or another. This is due to the fact that
the proposed theories and models were of course not created with the generation
task in mind and thus often consider only one modality or lack crucial informa-
tion, e.g. about the synchronization of different modalities, making it sometimes
necessary to collect a completely new corpus for deriving this information.

Corpus work has a long tradition in the social sciences where it is employed
as a descriptive tool to gain insights into human communicative behavior. Due
to the increased multimedia abilities of computers, a number of tools for video
analysis have been developed over the last decade allowing for standardized
annotation of multimodal data.

2.1 Annotating Multimodal Information

A corpus is a collection of video recordings of human (or human-agent) commu-
nicative behavior that is annotated or coded with different types of information.
A multimodal corpus analyses more than one modality in a single annotation,
e.g. speech and gesture, and ideally explicates the links and crossmodal relations
between the different modalities. Which kind of information is coded in a given
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corpus is defined in an annotation scheme that specifies the coding attributes
and values. Figure 2] gives an impression of a very simple annotation board that
codes utterances and head movements. Each modality has its own layer in a data
format that resembles a musical score i.e. the information on different modalities
is coded in parallel on a temporal axis. The more widely used tools for anno-
tating multimodal corpora like Anvill or the Nite Workbenct] support tailoring
the annotations scheme to a given task often using an XML format that is pro-
prietary to the given tool. The annotated data is also generally given in XML
format allowing for accessing the information by simply parsing the XML tree.

There is no limit on the number of annotation layers one can define to describe
communicative behavior. Speech, gestures, gaze or facial expressions are good
candidates for which information can be annotated on different levels, such as
the spatio-temporal course of actions, semantic content, or communicative func-
tion. Depending on the research area, a great number of annotation schemes are
available focusing on these different levels of annotation. Basically, we can distin-
guish between how the information in this channel is realized at the signal level
and what kind of information is realized. How the information is realized often
includes the temporal course of an action in a given channel, for gestures e.g.
the distinction between preparation, stroke, and retraction phases (see below).
What kind of information is realized often includes categorizing the elements of a
specific channel and emphasizing the communicative function of the modality by
coding e.g. what kind of feedback is given by a specific gaze behavior. Whereas
the how level of annotation supports the extraction of concrete animation pa-
rameters for an agent and information about the temporal synchronization of
modalities, the what level allows us to derive information concerning crossmodal
functional relations that are of relevance to the behavior planning process.

Elaborate annotation schemes exist (for an overview see e.g. [23]) ranging from
gesture analysis (e.g. [15]; [20]), over general movement analysis (see e.g. [24])
to the coding of facial expressions (e.g. [12]). If they are suitable for the task of
modeling the communicative behavior of an agent — be it at the concrete level of
controlling the animation or at the more abstract level of planning appropriate
multimodal behavior — has to be decided from case to case based on a given
agent system.

The MUMIN corpus focuses on the analysis of gestures and facial displays
which accompany communicative phenomena, such as feedback, turn-taking or
sequencing (J3]), and is a good example of a multimodal corpus that was not
created with the generation of multimodal output in mind. While not focus-
ing on the generation task, the corpus shows how different modalities converge
in their contribution to communicative functions. Feedback, turn management,
and sequencing constitute communicative functions that are not bound to a
single modality, such as speech, but are inherently multimodal in face to face
communication. Gestures and facial displays convey such information and are
only annotated if they play a relevant role for feedback, turn management or

! http://www.anvil-software.de/
2 http://nite.nis.sdu.dk/
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sequencing. Turn management for example consists of the three attributes turn-
gain, turn-end, and turn-hold. Turn-gain can have the values turn-accept and
turn-take distinguishing between a situation where the turn is freely offered by
the other participant and accepted and a situation where the speaker takes the
turn although the other participant was not finished yet. For each modality, these
functional attributes are annotated allowing for a multimodal analysis of com-
municative phenomena, i.e. an analysis of the correlations between the different
modalities in performing the functions. The shape and dynamics of the facial
displays and gestures are only roughly annotated with the aim to characterise
and distinguish the non-verbal expressions. Gestures e.g. are annotated only by
handedness (single vs. double) and trajectory (a number of simple trajectories
was defined).

The standard annotation scheme for the coding of facial expressions is the
facial action coding system (FACS, e.g. [12]). The basic parameter of FACS is
an action unit which corresponds to a facial muscle. A facial expression can thus
be described as a vector of activated action units. This scheme is very successful
for describing human facial expressions, but suitable only to a limited extent for
the generation of multimodal behavior because in general the animation of facial
expressions for agents does not correspond directly to facial muscles. A different
approach takes into account one of the current animation standards (MPEG-4).
MPEG-4 defines a number of facial animation parameters that correspond to
reference points in the face, such as the middle of the right eyebrow. Karpouzis
et al. [I8] describe how these reference points and their movement can be recog-
nized automatically allowing for automatically anntotating facial expressions in
a format that is directly suitable for the animation of a virtual character [34].

A special case is Laban movement analysis [24] which is a detailed description
scheme first introduced to describe dance movements. This scheme was success-
fully utilized in the EMOTE model [II] to control the gestural behavior of a
virtual character (see Sec. Bl). Attempts to exploit this scheme also for the an-
notation of multimodal corpora were only a limited success due to the many
dimensions which make the annotation far too tedious to be reliable [17].

2.2 Multimodal Corpora for ECA Design

So far we have described approaches that annotate information on different lev-
els, such as the signal or the functional level, and that use corpora to achieve
quite diverse goals. In the following, we will concentrate on corpora that have
been collected with the goal of generating appropriate communicative behavior
in virtual agents and exemplify the still diverse annotation approaches with the
annotation of gesture use in human communication.

Basically, we can distinguish between a direct use of corpus data e.g. to gen-
erate animations that directly correspond to the behavior found in the data,
and an indirect use of corpus data, for example to extract abstract rules that
govern the planning and generation process. The direct use calls for annotations
that can be mapped onto instructions for a generation component. An example
includes the annotation of facial expressions using the MPEG-4 standard from
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which facial expressions with an MPEG-4 compliant agent system are generated.
Rule derivation for controlling the behavior planning process on the other hand
requires annotations that refer to a more abstract functional level. An example
is the annotation of categories of facial expressions, such as smiles or frowns, and
their communicative function ideally linked to other modalities, such as speech.

Kipp et al. [22] suggest an annotation scheme for gestures that draws on the
distinction between the temporal course of a gesture and its type and relies on
a gesture typology introduced by McNeill [26]. The temporal course of the ges-
ture is described by a phase layer. Gesture phases are preparation, hold, stroke,
and retraction. Generally, the hands are brought from a resting position into the
gesture space during preparation. The stroke is the phase of the gesture that car-
ries/visualizes its meaning. Afterwards, the hands are brought back to a resting
position during the retraction phase. Because gestures are often co-expressive
with the speech channel, sometimes a hold is necessary. A hold is a break in the
gesture execution if e.g. the utterance has not yet proceeded to the word which
should be accompanied by the gesture. What kind of gesture is realized has to
be annoted in a second layer, the phrase layer. Following McNeill, Kipp et al.
distinguish between adaptors, beats, emblems, deictic, iconic, and metaphoric
gestures. Adaptors comprise every hand movement to other parts of the body,
such as scratching one’s nose. Beats are rhythmic gestures that may emphasize
certain propositions made verbally or that link different parts of an utterance.
Emblems are gestures that are meaningful in themselves, i.e., without any ut-
terance. An example is the American "OK”-emblem, where the thumb and first
finger are in contact at the tips while the other fingers are extended. Deictic
gestures identify referents in the gesture space. The referents can be concrete,
for example, when somebody is pointing to the addressee, or they can be ab-
stract, for example, when somebody is pointing to the left and the right while
uttering the words "the good and the bad”. Iconic gestures depict spatial or
shape-oriented aspects of a referent, e.g., by using two fingers to indicate some-
one walking while uttering "he went down the street”. Metaphoric gestures at
last visualize abstract concepts by the use of metaphors, e.g. by employing a box
gesture to visualize ”a story”. This is an example of the conduit metaphor that
makes use of the idea of a container — in this case a container holding informa-
tion. The goal of Kipp et al. is the imitation of gestural behavior by a virtual
agent. To achieve this goal, information on the spatial layout of the gesture is
also indispensable and coded in terms of attributes, such as handedness, straight-
ness of trajectory, start and end positions for the stroke, three-dimensional hand
position and elbow inclination.

The proposed scheme has the advantage of an economic balance between
coding effort and generation effect. Using the different phase categories for an-
notating gestures with movement information means that in the ideal case a
gesture is coded by three categories (preparation, stroke, retraction). The infor-
mation of the spatial layout is annotated in a way that corresponds to traditional
keyframes of animation. Thus, the data derived from the corpus can more or less
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be directly used to control the gestural behavior of a virtual character resulting
in an imitation of the recorded human behavior.

Abrilian et al. [I] as well as Chafai et al. [I0] annotate instead the expres-
sivity dimensions of gestural activity focusing on how a gesture is accomplished
and not on what kind of gesture is used. They employ six parameters to rate
the movement quality of the gestures (and of head and torso movements) in
the investigated clips: activation, repetition, spatial extent, speed, strength, and
fluidity. All parameters are annotated continuously between two values. Acti-
vation e.g. ranges from passive to active, speed from slow to fast, and fluidity
from jerky to fluid. The annotation revealed correlations between the different
parameters. For example, highly active gestural movements are often observed
together with repetitive and strong movements. Chafai et al. link their expres-
sivity parameters — fluidity, power, spatial expansion, repetition — to the above
mentioned gesture phases that describe the different movement phases of a ges-
ture. They analyse the temporal course of these parameters allowing to pinpoint
irregularities and discontinuities that are interpreted as pragmatic functions in
the ongoing interaction. Irregular and discontinuous movements are interpreted
as attentional clues for the addressee that provide information about relevant
parts of an utterance.

To sum up, the information on a different level than the actual gesture can
serve useful for the generation task. The found regularities about the temporal
course of the parameters and the correlations between them allow to derive rules
for the generation of an agent’s behavior. Moreover, expressivity parameters are
not bound to a single modality, and the consistent use of a parameter, such as
fluidity, over the different modalities, such as gesture, head and body movement,
supports the coherent generation of believable behavior.

Rehm and André [3T] describe an annotation scheme that analyzes gestures
also on a more abstract functional level. The SEMMEL corpus was created to
capture the relation between linguistic and nonverbal strategies of politeness.
When humans interact with each other, they risk continuously threatening the
face of their conversational partners, for example by showing disapproval or
by putting the other person under pressure. To mitigate such face threats, hu-
mans usually rely on various politeness strategies. The seminal work by Brown
and Levinson [5] contains a rich repertoire of linguistic means of politeness,
but ignores multimodal aspects. Therefore, Rehm and André decided to collect
their own corpus. To code politeness strategies, they follow Walker et al.’s [35]
categorization into direct, approval-oriented, autonomy-oriented, and off-record
strategies. In direct strategies, no redress is used, the speaker just expresses
his concerns. Approval-oriented strategies are related to the positive face needs
of the addressee, using means to approve of her self-image. Autonomy-oriented
strategies on the other hand are related to the negative face wants of the ad-
dressee, trying to take care of her want to act autonomously. Off record strategies
at last are the most vague and indirect form to address someone, demanding an
active inference on the side of the addressee to understand the speaker. The
coding of strategies uses a simplified version of Brown and Levinson’s hierarchy
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annotation board.

distinguishing between seven different approval-oriented, five different autonomy-
oriented, and four different off-record strategies. The coding of gestures follows
Kipp’s approach (see above). Accordingly, two gesture layers are distinguished:
the gesture phase layer and the gesture phrase layer.

The aim of this annotation scheme was to derive information about the func-
tional co-occurence of linguistic politeness strategies and gesture use to inform
the behavior planning process of an embodied conversational agent (see Sec. [3)).
A statistical analysis revealed a correlation between gesture types and linguistic
politeness strategies. The more indirect the strategy, the more abstract gestures
(metaphoric) were used. This correlation is utilized in an overgenerate-and-filter
approach to agent behavior selection (see [31] and Sec. [3).

Poggi et al. ([29]; [7]) realize a multimodal score that integrates both sig-
nal and functional level information in a single annotation scheme. Apart from
the signal type and signal description which specifies the surface features of a
movement, the meaning type and meaning description as well as the function of a
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signal are annotated. The meaning description of a gesture is an interpretation
of what can be seen e.g. raising the right hand is interpreted as just wait, be
careful. To classify the meaning type, a semantic typology is established that
distinguishes between content information, information on the speaker’s mind,
and self presentation (information on the speaker’s identity). The function at
last represents the information contribution of a signal relative to other modali-
ties. The function of a gesture is given in comparison to the co-expressive speech
signal. Five different functions are annotated. Repetition denotes that speech
and gesture bear the same meaning, addition is used if additional information
is given by the gesture, substitution, if a word is omitted, but its information is
given by the gesture, contradiction describes the fact that contradicting infor-
mation is revealed on the speech and on the gesture channel, and independence
indicates that speech and gesture co-occur, but relate to different parts of the
communicative plan.

Thus, Poggi et al.’s scheme explicitly codes the relations between different
modalities (here exemplified for speech and gesture) on a functional level. This
information is employed to model how different modalities are coordinated dur-
ing the behavior planning process.

The presented list of corpora is necessarily incomplete and was selected to
highlight the advantages and challenges of using multimodal corpora. These
challenges include on the one hand the question of how to utilize corpus data for
the control of non-verbal communicative behavior in virtual agents (or robots).
This is dwelled upon in the next section. A second challenge is the question of
how to discover what kinds of links exist between modalities (temporal, spatial,
functional, semantic/conceptual) and how they are represented. Kipp et al. [22]
give an example that this is no trivial problem. They discovered in their data
that the often claimed temporal synchronicity between words and co-expressive
gesture (e.g. [20]) is not as strict as they thought. Thus, other mechanisms
than purely temporal relations seem to be necessary to synchronize these two
modalities that are correlated on a conceptual level.

3 Multimodal Corpora for Modeling Human Behavior

To derive implementable models from empirical data, ECA researchers have
analyzed various aspects of multimodal human behavior in an annotated corpus,
such as the frequency of specific behaviors, the transitions between them, their
co-occurrence with other behaviors as well as expressivity parameters, such as
fluidity. The approaches may be distinguished by the level of the annotations
(signal level versus functional level) from which models are built, the extent
to which the context of a multimodal behaviour is taken into account and the
employed generation mechanism which may involve a direct or indirect use of
the corpus (see Sec. 2).

Some researchers generate ECA behaviors directly from motion capturing
data. For instance, Stone and colleagues [33] recorded a human actor that was
given a script capturing multimodal behaviors that were anticipated as relevant
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to the target domain. Multimodal ECA behaviors were then generated by recom-
bining the speech and motion samples from the recorded data. The technique
produces more naturalistic behaviors than techniques that synthesize behaviors
from scratch. However, the approach requires a mechanism to sequence behav-
iours in a coherent manner. Furthermore, the question arises of how to cope with
situations for which appropriate motion capturing data and speech samples are
missing. To allow for variations in the performance of an ECA, data have to be
collected for different kinds of situation, personality, emotion etc. The problems
may be compared to problems occurring when using a unit selection approach
to synthesize speech.

Another approach is to control an agent by high-level expressivity parameters.
For instance, the EMOTE system by Chi et al. [T1] is based on dance annotation
as described by Laban (see Sec.[2]). The system is able to modify the execution of
a given behavior by changing movement qualities in particular the Laban princi-
ples of effort and shape. Pelachaud and colleagues made use of six dimensions of
expressivity that were derived from perceptual studies [28] (see Sec.[Z2]). The ad-
vantage of both methods is that they enable the modulation of action performance
at a high level of abstraction. Furthermore, they rely on a small set of parameters
that may affect different parts of the body at the same time. The hypothesis be-
hind the approaches is that behaviors that manifest themselves in various channels
with consistent expressivity parameter will lead to a more believable agent behav-
ior. Pelachaud and colleagues extract the setting of the expressivity parameters
from the corresponding annotations in the corpora. They realized a so-called copy-
synthesis approach which replays the annotations in the corpus using an ECA and
corresponds to a direct use of a corpus.

Others perform a statistical analysis of human data to derive rules that guide
the generation process. For instance, Foster and Oberlander [14] conducted ex-
periments with a majority-choice and a weighted-choice model for the generation
of facial displays. In the first case, the facial display that occurred the largest
number of times in a given context is chosen. In the latter case, a random choice
is made where the choice is weighted according to the relative frequency of facial
displays. Context was either defined as non-existing making use of frequencies
calculated over the whole corpus, as simple e.g. by considering the words in the
sentence or the semantic classes of the words, or extended by taking into account
also specific contextual clues like pitch-accent specifications.

Statistical models may be easily combined with an over-generate-and-filter
approach as proposed in the BEAT system (e.g. [9]). The basic idea is to anno-
tate text with plausible gestures based on rules that are derived from studies of
human-human dialogue. Since it may happen that the initially proposed multi-
modal behaviors cannot co-occur physically, modifiable filters are then applied
to trim the gestures down to a set appropriate for a particular character.

An example of an over-generate-and-filter approach includes the work by
Kipp [21] who allow for different degrees of automation in behavior generation.
The human author has the possibility to completely pre-author scripts that are
annotated with instructions for a gesture generator. In addition, the human
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author may devise rules that may be used to automatically generate annotated
scripts. Finally, machine learning methods are employed to derive further rules.
At runtime, all rules that fire are applied to an utterance. After that process, an
utterance may contain a lot of non-verbal actions which may not occur simulta-
neously. The system then applies a filtering approach where manual annotations
are preferred over automated ones.

Rehm and André [3I] make use of an over-generate-and-filtering approach
to enhance natural language utterances with suitable gestures making use of a
gesticon and rules derived from the statistical analysis described in Sec. In
the first step, a probabilistic process selects a gesture type (iconic, metaphoric,
etc.) based on the statistical results of the corpus study. For instance, deictic
gestures may be given a higher priority than iconic gestures when suggesting
non-verbal behaviors for approval-oriented strategies. The enriched natural lan-
guage utterance is passed on to the animation engine. Since non-verbal behaviors
are generated independently of each other, the system may end up with a set of
incompatible gestures. The set of proposed gestures is therefore reduced to those
gestures that are actually realized by the animation module. The findings of cor-
pus studies may not only inform the generation, but also the filtering of gestures.
For instance, iconic gestures may be filtered out with a higher probability than
metaphoric gestures when realizing off record strategies.

Another question is to what extent the context in which specific multimodal
behaviors occur should be taken into account when generating multimodal be-
haviors. One extreme would be to simply determine the frequency of multimodal
behaviors, such as certain kinds of gesture. In this case, the context would not be
considered at all. Instead non-verbal behaviors would be chosen based on the fre-
quency with which they occur in the corpus. A more context-sensitive approach
would be to consider the context provided by the words, by the semantic class of
words or by the communicative strategy used. Kipp [21] introduces rules based
on keyword spotting to annotate utterances with gestures. Rehm and André
define rules that are based on the relative frequency of gestures in combination
with certain strategies of politeness. Foster [I3] discusses a complete representa-
tion of context which is not just defined by linguistic features, but that captures
all aspects of a multimodal utterance including intonation, facial displays and
gestures. Most approaches neglect the temporal context in which multimodal
behaviors occur. An exception includes Kipp who proposed an approach relying
on bigram estimations in order to derive typical sequences of two-handed and
one-handed gestures.

Usually, rules for selecting multimodal behaviors are manually extracted from
a corpus. Kipp [21] discusses the use of machine learning techniques to derive
rules automatically. Unfortunately, such an approach requires a large amount of
data - especially if the context in which a rule may be applied is captured as
well. Therefore, Kipp [21] does not rely on recordings of humans, but on man-
ually authored presentations. Unlike most previous work, he does not emulate
multimodal human-human communicative behavior, but tries to derive design
guidelines of human animators.
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Fig. 4. Greta realizing an iconic vs. a metaphoric gesture

4 Evaluation of Corpus-Based Approaches to Generation

The question arises of how to evaluate ECAs whose behaviour is driven by em-
pirical data. One possibility is to investigate to what extent the derived models
enable a prediction of human-like behaviours. Such an approach has been used to
evaluate the performance of an approach to the data-driven generation of empa-
thetic facial displays by Foster and Oberlander [14]. To compare the performance
of the models against the corpus, they employed 10-fold-cross-validation. For
each fold, 90% of the data were used to derive a behavior model and 10% of the
data were used to validate the models. For each sentence, they measured preci-
sion and recall by comparing the predicted facial displays with the actual displays
in the corpus and then averaged the scores across the sentence. Their evaluation
revealed that majority-choice models resulted into higher precision and recall
than weighted-choice models. A similuar evaluation methods was proposed by
Kipp who partioned his corpus into a training (60%) and a test test(40%) and
measured precision and recall for manual annotations of non-verbal behaviors.
Instead of comparing predicted behaviors with actual behaviors, Buisine and col-
leagues [6] conduct a perceptive evaluation where humans judge to what extent
the replayed behaviors by the agent ressemble the original behaviors. In partic-
ular, they investigated whether humans are able to detect blends of emotions in
an embodied agent.

Of course, a great similarity to human-like behaviors or to pre-authored be-
haviors does not necessarily mean that the resulting agent is positively perceived
by a human observer. To shed light on this question, perception studies are per-
formed which compare how human observers respond to ECAs whose behaviors
are informed by an empirical model in comparison to ECAs with randomized
multimodal behaviors. Garau and colleagues [16] as well as Lee and colleagues
[25] investigate the effect of informed eye gaze models on the perceived quality of
communication. Both research teams observed a superiority of informed eye gaze
behaviors over randomized eye gaze behaviors. Rehm and André [31] investigated
whether a gesturing agent would change the perceived politeness tone compared
to that of the textual utterances and whether the subjective rating is influenced
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by the type of gestures (abstract vs. concrete). They presented subjects with
two variants of utterances including criticism: one in which the criticism was ac-
companied by a gesture of the concrete, and the other one in which the criticism
was accompanied by an abstract gesture (see Fig. ). The subjects then had to
rate the perceived tone of politeness. Their studies revealed that the perception
of politeness depends on the graphical quality of the employed gestures. In cases
where the iconic gesture was rated as being of higher quality than the metaphoric
gesture, they observed a positive effect on the perception of the agent’s willing-
ness to co-operate. In cases where where the iconic gesture was rated as being
of lower quality than the metaphoric gesture, they observed a negative effect on
the perception of the agent’s willingness to co-operate. That is well designed ges-
tures may strengthen, but badly designed gestures weaken pragmatic effects. The
studies by Foster and Oberlander [I4] enable a direct comparison of prediction-
based evaluation methods and perception-based evaluation methods. Foster and
Oberlander investigated how a talking head that was driven by different variants
of a generation algorithm was perceived by human observers. They observed that
humans seem to prefer behaviors that follow a weighted-choice model over be-
haviors that follow a majority-choice model. They conclude that humans prefer
non-verbal behaviors that reflect more of the variations in the corpus even if the
non-verbal behaviors that accompany specific sentences did not correspond to
the non-verbal behaviors in the corpus. The results of their studies show that a
perception-based evaluation method may indeed lead to different results than a
prediction-based evaluation method. Furthermore, they noticed that the users’
opions regarding the acceptability of facial displays may vary systematically. In
particular, they observed interesting gender-specific differences. All preferences
for the weighted-choice models were expressed by the female subjects while the
male subjects did not have any preference at all or seem to slightly prefer the
majority-choice models.

Besides asking users directly for their impression of the agent, researchers in-
vestigated whether an agent that is based on an empirically driven model changes
the nature of the interaction. Garau and colleagues [16] found that model-based
eye gaze improved the quality of communication when a realistic avatar was
used. For cartoonish avatars, no such effect was observed. A study by Nakano
and colleagues [27] revealed that an ECA with a grounding mechanism seems to
encourage more non-verbal feedback from the user than a system without any
grounding mechanism. Sidner and colleagues [32] showed that users are sensitive
to a robot’s conversational gestures and establish mutual gaze with it even if the
set of communicative gesture of the robot is strongly limited.

In contrast to the work above, Rehm and André [30] focus on a direct compar-
ison of human-agent and human-human interaction. The objective of their work
was to investigate whether humans behave differently when interacting with an
agent as opposed to interacting with another human. As a first step, they fo-
cused on gaze behaviors as an important predictor of conversational attention.
To this end, they recorded users interacting with a human and a synthetic game
partner in a game of dice called Mexicali (see Fig. B). The scenario allowed
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Fig. 5. The Gamble system and the CamCup

them to directly compare gaze behaviors in human-human with gaze behaviors
in human-agent interaction. On the one hand, they were able to confirm a num-
ber of findings about attentive behaviors in human-human conversation. For
instance, their subjects spent more time looking at an individual when listening
to it than when talking to it - no matter whether the individual was a human
or a synthetic agent. Furthermore, the addressee type (human vs. synthetic) did
not have any impact on the duration of the speaker’s gaze behaviors towards the
addressee. Even though the game was in principle playable without paying any
notice to the agent’s nonverbal behaviors, the users considered it as worthy of
being attended to. While the users’ behaviors in the user-as-speaker condition
were consistent with findings for human-human conversation, we noticed differ-
ences for the user-as addressee condition. People spent more time looking at an
agent that is addressing them than at a human speaker. Maintaining gaze for
an extended period of time is usually considered as rude and impolite. The fact
that humans do not conform to social norms of politeness when addressing an
agent seems to indicate that they do not regard the agent as an equal conver-
sational partner, but rather as a (somewhat astonishing) artefact that is able to
communicate. This attitude towards the agent was also confirmed by the way
the users addressed the agent verbally.

5 Conclusion

Annotated multimodal corpora serve as useful tools for developing embodied
conversational agents with a rich repertoire of multimodal communicative be-
haviors. We have seen how corpora are employed in the study of human behav-
ior with the aim of simulating human communication. Different approaches were
presented on how the information derived from such corpora is utilized to control
the behavior generation process for an agent. And finally we have exemplified
that corpora can even play a role in evaluating human-agent interactions.
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Although the use of corpora in the development process of embodied con-
versational agents has increased significantly, a number of open research issues
remain. Standardized schemes are not easy to establish due to the different lev-
els of granularity possible in the annotation process. Despite of new annotation
tools, the collection and annotation of corpora is still cumbersome and time-
consuming. A great challenge for the future is therefore de-contextualization of
multimodal data and their automated adaptation to a new context.
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Appendix: Where to Find Multimodal Corpora

Some of the corpora mentioned in this article can be accessed by interested
researchers. The specifics concerning data protection and access regularities
vary from corpus to corpus. A good starting point to search for available mul-
timodal corpora is the website of the Humaine Association (former Humaine
Network of Excellence): http://emotion-research.net/wiki/Databases. Mostly lin-
guistic corpora are available from the European Language Resources Association
(ELRA, http://catalog.elra.info/) or from the Lingustic Data Consortium (LDC,
http://www.ldc.upenn.edu/).

At last, we would like to mention explicitely three exemplary corpora. The
AMI corpus contains around 100 hours of multiparty meeting interactions and
is freely accessible (http://corpus.amiproject.org/). The Smartkom corpus is a
German corpus of a Wizard of Oz experiment on human-computer interactions
in an information kiosk scenario. There is a service charge for accessing this cor-
pus (http://www.bas.uni-muenchen.de/Bas/BasSmartKomHomeeng.html). The
CUBE-G corpus contains around 20 hours of culture-specific interactions from
Germany and Japan in three standardized scenarios (first meeting, negotiation,
status difference). Information on this corpus can be found under http://mm-
werkstatt.informatik.uni-augsburg.de/projects/cube-g/.
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Abstract. In natural communication, both speakers and listeners are active most
of the time. While a speaker contributes new information, a listener gives
feedback by producing unobtrusive (usually short) vocal or non-vocal bodily
expressions to indicate whether he/she is able and willing to communicate,
perceive, and understand the information, and what emotions and attitudes are
triggered by this information. The simulation of feedback behavior for artificial
conversational agents poses big challenges such as the concurrent and
integrated perception and production of multi-modal and multi-functional
expressions. We present an approach on modeling feedback for and with virtual
humans, based on an approach to study “embodied feedback™ as a special case
of a more general theoretical account of embodied communication. A
realization of this approach with the virtual human Max is described and results
are presented.

Keywords: Feedback, Virtual Humans, Embodied Conversational Agent.

1 Introduction

In communication two or more interlocutors change turns to contribute information
that is new to the other. This process is not a ping-pong of turns with one interlocutor
contributing information and the other passively receiving it. Rather, information is
simultaneously and continuously shared between speaker and listener; whenever we
listen to somebody in an interaction, we produce expressions like “hmmm”, “yes” or
“mh” to give feedback on whether the information contributed by the speaker is really
shared. Such feedback is essential for communication. Without it a human dialog
quickly breaks down [31] and simply by giving it properly one can create the illusion
of a dialog partner listening.

Originally the term “feedback” stems from the cybernetic notion by Wiener [30]
and describes “processes by which a control unit gets information about the effects
and consequences of its actions”. Since feedback words are often produced during the
speaker’s contribution, Yngve [31] has introduced the term ‘“back-channel” to
emphasize this permanent bi-directionality of human communication. Other terms and
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definitions that have been put forth for different nuances of feedback are “listener
responses”’, “acknowledgers”, “response words”, “conversational grunts” or ‘“roger
function” (e.g., [1,28]). A comparative classification of feedback is difficult because
analyzing its semantic/pragmatic content is fairly complex and involves several
different dimensions: a “yes” can mean agreement as well as indifference, a “no” may
signal surprised agreement one time and disagreement the other time. For the German
“hm” feedback, Ehlich [9] counts nine different meanings in a transcribed dialog.
Obviously, linguistic feedback involves a high degree of context dependence with
regard to features of the preceding communicative act, such as the type of speech act
(mood), its factual polarity, information status, or evocative function (cf. [2]). Often it
directly responds to cues that speakers emit in order to clarify the dialog status, e.g.
by gazing at the listener or by producing certain prosodic features [27,20].

Allwood et al. [2] assume that feedback is a central functional subsystem of human
communication. It consists of those methods that allow for providing, in unobtrusive
ways and without interrupting or breaking dialog rules, information about the most
basic communicative functions in face-to-face dialogue. In detail, feedback consists
of unobtrusive (usually short) expressions whereby a recipient of information informs
the contributor about her/his ability and willingness to communicative (have contact),
to perceive the information, and to understand the information [2]. That is, feedback
serves as an early warning system to signal how speech perception or understanding is
succeeding. A feedback utterance at the right time can communicate to the speaker
that she should, e.g., repeat the previous utterance and speak more clearly, or use
words that are easier to understand. A further possible function of feedback is to
communicate whether the recipient is accepting the main evocative intention about
the contribution, i.e. can a statement be believed, a question be answered, or a request
complied with. Furthermore, feedback can indicate the emotions and attitudes
triggered by the information in the recipient.

Clearly, the essential role of feedback in natural communication makes it a crucial
issue in the development of artificial conversational agents. However, the conception
and implementation of computational simulations of natural communicative feedback
so far remained a tough, but also very timely modeling challenge, for the high degree
of interactivity and responsiveness needed requires the realization of concurrent,
incremental processes of perception and production of multimodal, multi-functional
expressions. In this paper, we start with a review of the techniques that have been
previously employed to enable feedback for virtual or robotic agents. We then
propose a more general approach to “embodied feedback™ that considers feedback a
special case of a more general theoretical account of embodied communication. Based
on this, we present a computational model of an embodied feedback system with the
conversational virtual human Max, and we give examples of communicative feedback
behaviors that become possible this way.

2 Previous Approaches to Modeling Feedback

Almost every existing conversational agent system has, implicitly or explicitly,
modeled aspects of communicative feedback. Much work has been directed to the
presentation of emotional feedback, usually given though continuously adapted facial
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expressions of the agent that often are combined with prosodic cues. Such feedback
can either express the agent’s own emotional state, and how it changes over the
course of dialogue [4], or it can be used to intentionally convey affective states like
commiseration. In the Greta character [17], thematic and rhematic parts of a
communicative act are assigned an affective state, yielding performative facial
expressions that are drawn from large lexicons of codified behavior. Heylen et al. [12]
utilize affective feedback to support learning effects with the tutoring system INES,
taking into account elements of the student’s character, the harmfulness of errors
made, and the emotional effects of errors. AutoTutor [10] is another example of a so-
called pedagogical agent that deliberately employs positive (“Great!”), neutral
(“Umm”), or negative feedback (“Wrong”) to enhance learning by the student.
Feedback is modeled as a special kind of dialogue moves that lead from one
knowledge goal state (e.g., get the student to articulate the expectation under focus) or
dialogue state (e.g., the student just expressed an assertion as her first turn in
answering the question) to another, and that are triggered by fuzzy production rules.

Earlier systems have already acknowledged feedback as integral part of
communicative behavior, stressing its importance e.g. for managing the flow of
conversation. The Gandalf system [23] employs pause duration models to generate
agent feedback, i.e. verbal back-channel utterances or head nods were given after a
silent pause of a certain duration (110ms) in the speaker’s utterance. Gandalf
simulated turn-taking behavior by looking away from the listener while speaking,
returning his gaze when finishing the turn. The REA system [7] also used a pause
duration model and employed different modalities for feedback (head nods, short
feedback utterances): when the dialog partner has finished a turn, she nodded; if she
did not understand what was said to her, she raised the eyebrows and asked a repair
question. Like Gandalf, Rea looked away at the beginning of her turn and returned the
gaze to the listener when a turn change is intended. BodyChat [24] was a system that
demonstrates the automation of communicative behaviors in avatars for users that
communicate via text. Their avatars automatically animate attention, salutation, turn-
taking, back-channel feedback and facial expression, as well as simple body functions
such as the blinking of the eyes. Feedback behavior selection was boiled down to
rules such as “RequestFeedback by Looking or RaiseEyebrows”, “GiveFeedback by
Looking and HeadNod”. Beun & van FEijk [5] propose a model to generate elementary
feedback sequences at the knowledge level of dialogue participants. Based on an
explicit model of the mental states of the dialogue partners, they state dialogue rules
to enable a computer system to generate corrective feedback sequences when a user
and a computer system have different conceptualizations of a particular discourse
domain.

In the last few years, several systems tried to improve on predicting the right time
for feedback. Ward and Tsukahara [29], noticing that feedback is often interlaced into
pauses between two words or phrases of the speaker, describe a pause-duration model
that also incorporates prosodic cues based on the best fit to a speech corpus. It can be
stated in a rule-based fashion: After a relatively low pitch for at least 110ms,
following at least 700ms of speech, and given that you have not output back-channel
feedback within the preceding 800ms, wait another 700ms and then produce back-
channel feedback. Takeuchi et al. [22] augment this approach with incrementally
obtained information about word classes. Fujie et al. [10], in addition to analyzing
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prosody information to extract proper feedback timing, employ a network of finite
state transducers, including one that maps recognized words onto content for possible
feedback before the end of the utterance. Their model is implemented in the
conversational robot ROBISUKE that also uses short head nods for feedback.

The effects of modeled feedback behaviors have been tested in evaluation studies
from early on. In experiments with the Gandalf agent, the presentation of content-
related feedback (successful question answering or command execution) together with
so-called envelope feedback such as gaze and head movement for turn-taking/-giving
or co-verbal beat gestures were found to lead to smoother interactions with fewer user
repetitions and hesitations. Additionally, the language capability of the system,
though being identical to the other conditions, was rated higher [6]. Other evaluation
studies showed that the commonly used models are able to predict feedback only to a
limited extent. Cathcart et al. [8] evaluated three different approaches: (1) the baseline
model simply inserts a feedback utterance every n words and achieves a accuracy of
only 6% (n=7); (2) the pause duration model gives feedback after silent pauses of a
certain length, often combined with part-of-speech information, and achieves 32%
accuracy; (3) integrating both methods increased accuracy to 35%.

Gratch et al. [11] describe a recent experiment on multimodal, yet purely nonverbal
agent feedback and its effects on the establishment of rapport. Their “Rapport Agent”
was built to elicit rapport while listening and giving feedback to a human who is
telling a previously watched cartoon sequence. This system analyzes the speaker’s
head moves and body posture through a camera and implements the pitch cue
algorithm of [29] to determine the right moment for giving feedback by head nods,
head shakes, head rolls and gaze. Compared to random head moves and posture shifts
the system seems to elicit an increased feeling of rapport in the human dialog
partners: subjects used significantly more words and told longer recaps with the
Rapport Agent. Further, subjects’ self-report evaluation showed higher ratings of the
agent’s understanding of the story and a stronger feeling of having made use of the
agent’s feedback. One caveat, though, is that random feedback is obviously a very
low baseline for it will constantly create situations of odd and disturbing agent
behavior (although, remarkably, about one quarter of subjects in the random condition
felt they were given useful feedback). Correspondingly, subjects were equally likely
to find the rapport-inducing avatar more helpful (40%) or more disturbing (another
40%) than the random feedback (where most subjects judged they were ’not sure”).

In summary, with the exception of the systems originating from Gandalf, previous
modeling attempts have mainly relied on rules that state on a behavioral level how to
map speaker events onto feedback reactions by the system, and evaluation studies
have revealed shortcomings of this approach. We propose that embodied feedback
must also be conceptualized and structured in terms of more abstract functional
notions, which can be meaningfully tied to events occurring within a listener as she
actively attempts to perceive, understand, and respond to a speaker’s contribution.

3 Framing Embodied Feedback

As part of the research year on “Embodied Communication” at the Center for
Interdisciplinary Research [25], we embarked on a more comprehensive feedback
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model based upon a general theoretical account of embodied communication. This
approach emphasizes that communication is a highly dynamical, co-constructive,
multimodal, and multi-level process, taking place between two interlocutors with
similar embodiments. It is this embodiment that allows agents to be expressive in
many different ways and on different levels of speed, awareness, or intentionality.
Further, their congruent embodiments enable them to ground perception and
understanding of physical expressions of the other in own bodily experiences.
Feedback as an aspect of human communication shares all these characteristics.

<1D

CONTROL
ACCESS
DECREASING

EVALUATION EVALUATION
APPRAISAL APPRAISAL
MIRRORING MIRRORING
ADAPTION ADAPTION
FEEDBACK FEEDBACK

Fig. 1. General outline of the embodied feedback model. While speaker A is contributing
information, employing multimodal behaviors at different levels of speed, awareness, or
communicative intentionality, listener B is responding with multiple, simultaneous feedback
expressions at the same levels (see text for explanations).

Figure 1 illustrates our overall view on embodied feedback as it can takes place
between two communicators, A and B. Vocal as well as visual expressions can run in
both directions on different concurrent levels of communication (thus subsuming the
classical notion of backchannels). Both, speaker and listener employ these levels and
thereby operate upon different time scale as well as with different degrees of
communicative intentionality and awareness. In order to frame our account of
embodied feedback more concretely we start with considering the dimensions that can
be applied in order to characterize and distinguish the various expressions involved.
We consider the following to be most relevant in this context.

Types of expression or modality

Feedback is obviously more than just a verbal phenomenon. Listeners employ non-
verbal means like posture, facial expression, gaze, gesture, posture or prosody to give
feedback, often in combination with verbal backchannels. For example, prosodic and
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temporal features carry information about how successfully the recipient has
integrated the information into her existing body of knowledge [9], head nods and
jerks frequently accompany and can even change the function of verbal feedback [13].

Types of function/content of the expressions

Every expression, considered as a behavioral feedback unit, has two functional sides.
On the one hand it can evoke reactions from the interlocutor, on the other hand it can
respond to evocative aspects of a previous contribution. Note that responding to
evocative aspects does not mean that the listener only produces feedback in direct
reaction to explicit cues by the speaker. Instead, we stress here that feedback is not
purely reflexive but is often also triggered by some internal state changes of the
listener. Nevertheless, these state changes are caused by, and thus responsive to, the
contribution of the speaker. In this sense giving feedback is mainly responsive, while
eliciting feedback is mainly evocative. Each feedback behavior may thereby serve the
four basic responsive feedback functions described above [2]: contact (C), perception
(P), understanding (U), and acceptance/ agreement (A). In addition, further emotional
or attitudinal information (E) may be expressed concurrently, e.g. by an enthusiastic
prosody and a friendly smile, or by affect bursts like a sigh, a yawn or a "wow” [18].

Degrees of intentional control and awareness

In communication, agents are causally influencing each other. Such causal influence
might to some extent be innately given and function independently of awareness and
intentional control of the sender, e.g. when blushing. Other types of causal influence
are learned and then automatized, i.e. with less intentional control but still potentially
amenable to it (e.g. smiles or emotional prosody). Still other forms of influence are
correlated with higher degrees of awareness and/or intentional control. Consequently,
we assume that feedback information concerning the basic functions (C, P, U, A, E)
can also be given on many levels of communicative intentionality. In order to
simplify matters, we distinguish three levels from the point of view of the sender [1]:
(i) Indicated information is information that the sender is not aware of, or intending to
convey, but is seen as an indexical (i.e., causal) sign. (ii) Displayed information is
intended to be “showed”. (iii) Signaled information is intended to be recognized by
the recipient as being displayed. In this respect, feedback can range from explicit
signals to implicit, unintentional indicators of how information processing is
unfolding, where we regard linguistic feedback as being signals by convention.

Types of reception

We assume that feedback results from a two-stage process of appraisal and evaluation
of information in the receiver: First, an unconscious “appraisal” is tied to the
occurrence of perception, emotions and other primary bodily reactions. If perception
and emotion is connected to further processing involving meaningful connections to
memory, then understanding, empathy and other cognitive attitudes, like surprise or
hope, may arise. Secondly, this stage can lead to a more aware ‘“evaluation”
concerning the evocative functions (C, P, U) of the preceding contribution and
especially its main evocative function (A), which can be accepted, rejected or met
with some form of intermediary reaction (e.g. modal words like perhaps, maybe). We
use the term “reactive” when the behavior is more automatic and linked to earlier
stages of receptive processing, and the term “response” when the behavior is more
aware and linked to later stages.
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Degree of continuity

Feedback information can be expressed in analog ways, such as prosodic patterns in
speech, continuous body movements and facial expressions, which evolve over
stretches of interaction. It may also be more digital and discrete, such as feedback
words, word repetitions or head nods and shakes. Normally, analog and digital
expressions are used in combination.

4 A Computational Model of Embodied Feedback

The previously described theoretical account indicates what aspects a computational
model needs to address and to integrate in order to be able to achieve simulation of
natural feedback. Previous approaches, as discussed in Sect. 2, tend to focus on the
mechanistic aspect of feedback in that it is solely reflexive to the behavior of the
speaker. This notion has been proven successful to keep a conversation going, and
thus may suffice for a pure story-listening system. But it is clearly insufficient for a
truly conversational agent that is to hold up its end of a dialogue and to respond in a
reasonable way to a statement made or a questions asked by its human user. The
feedback of such an agent should reflect in a faithful and immediate manner its
internal state, as it will come to bear in its next utterance anyway, thus being able to
serve as an early warning system. We argue that the more abstract functional notions
described above can help to conceptualize feedback behaviors and their potential
causes in order to facilitate its modeling within a communicative agent.

In this section, we present such a computational modeling attempt for the virtual
human Max. We first describe the Max system and the most relevant features of its
general architecture as well as its dialog model (see [15] for more detailed
explanations). We then devise a multimodal feedback system (for German) along the
lines of our theoretical framework, and we present an approach to computationally
model it for simulating embodied feedback with Max.

4.1 The Virtual Human Max

Max is a virtual human under development at the A.I. Group at Bielefeld University.
The system used here has been applied as an information kiosk in the Heinz-Nixdorf-
MuseumsForum (HNF) since January 2004. HNF is a public computer museum in
Paderborn (Germany), where Max engages visitors in face-to-face small-talk
conversations and provides them with information about the museum, the exhibition,
and other topics (on average, about 30 conversations a day). Visitors enter typed
natural language input to the system using a keyboard, whereas Max responds with
synthetic German speech along with nonverbal behaviors like manual gestures, facial
expressions, gaze, or locomotion [15].

Max is designed as a general cognitive agent, based on an architecture that runs
perception, action, and deliberative reasoning in parallel and connected on multiple
levels. All processes, whatever level in the architecture they belong to, can exchange
information either via multi-agent message passing or via a direct routing of data
along connections between input/output fields.

Perception and action are connected through a reactive component in which
numerous behaviors run continuously, concurrently, and under varying influence by
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cognitively higher levels. Such behaviors implement reactive loops like gaze tracking
the current interlocutor or secondary behavior like eye blink and breathing. A
behavior realization component, being part of the action layer of the architecture, is in
charge of realizing requests from other components and fusing them into coherent
agent behavior. This includes the step-wise realization and blending of chunks of
multimodal utterance, for which it combines the synthesis of prosodic speech and the
procedural animation of emotional facial expressions, lip-sync speech, and co-verbal
gestures, with the scheduling and synchronous execution of the implied verbal and
nonverbal behaviors [14].

Reasoning and deliberative processing take place in a cognition component that
determines when and how the agent acts. This decision making is driven by both the
internal goals and intentions the system is having, and the incoming events which, in
turn, may originate either externally (user input, persons that have newly entered or
left the agents visual field) or internally (changing emotions, assertion of a new goal
etc.). It is carried out by a BDI interpreter, which continuously pursues multiple,
possibly nested plans (intentions) to achieve goals (desires) in the context of up-to-
date knowledge about the world (beliefs). It draws on a dynamic knowledge base that
comprises the agent’s currents beliefs, goals and intentions, a model of the ongoing
discourse and a model with basic facts about the current interlocutor.

All capabilities of dialogue management, language interpretation and behavior
selection are represented as plans: so-called skeleton plans constitute the agent’s
general dialogue skills like negotiating initiative or structuring a presentation. These
plans are domain-independent. They are adjoined by a larger number of plans that
basically implement condition-action rules. These rule plans are used to define both
the broad conversation knowledge of Max (e.g., the dialogue goals that can be
pursued, possible interpretations of input, small talk answers) as well as his more
detailed knowledge about specific presentation contents or general world knowledge.
Such condition-action rules test either user input or the dynamic memories (beliefs);
their actions can alter dynamic knowledge structures, raise internal goals and thus
invoke corresponding further planning, or trigger the generation of an utterance. The
latter happens by choosing a template of a communicative act (words plus
conversational function), refining its performative aspects with further semantic-
pragmatic information, and marking up the focused words. The action layer of Max
comprises a behavior planning that selects further nonverbal behaviors (body
gestures, head gestures, facial expressions) based on the conversational function.

Using these rule plans, the deliberative component interprets an incoming event,
decides how to react depending on current context, and produces an appropriate
response. Thanks to its general capabilities of pursuing and managing plans, Max is
thereby able to conduct longer, coherent dialogues and to act proactively, e.g. to take
over the initiative, instead of being purely reactive as classical chatterbots are. In its
current state, Max employs roughly 900 skeleton plans and about 1.200 rule plans of
conversational and presentational knowledge; see [15] for concrete examples.

Finally, Max is also equipped with an emotion system [4] that continuously runs a
dynamic simulation to model the agent’s emotional state, which is then transmitted
within the architecture. That way, the current emotional state continuously modulates
subtle aspects of the agent’s behavior such as pitch, speech rate, and variation width of
the voice, or the rate of breathing and eye blink. The current emotion category (e.g.
happy, angry, sad, etc.) is mapped onto Max’s facial expression, and it is sent to the
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deliberative component where a belief is formed about every significant emotional state.
That is, Max becomes aware of his current emotional state and can include it in further
deliberations. The emotion system, in turn, receives input both from the perception and
the deliberative component. For example, seeing a person or achieving a goal triggers a
weighted positive stimulus, while detecting obscene or politically incorrect wordings in
the user input lead to negative impulses on Max’s emotional system.

4.2 A Feedback System for Max

As with the generation of general conversational behavior, feedback requires a
prescriptive model that predicts which vocal or non-vocal expressions are suitable and
when, by formulating conditions upon the selection and triggering of the single
feedback behaviors. As we have noted earlier, this model must cover both the more
reflexive functions of feedback, when listeners on different levels of awareness react
to cues produced by the speaker, and the more declarative functions of feedback,
when listener by themselves inform about the success or failure of their evaluation/
appraisal of what a speaker is contributing. Based on the theoretical model that
captures and refines both kinds of functions, we define the potential sources (or
causes) of feedback by Max as follows:

= =+ Contact (C): always positive, unless the visitor or Max leaves the scene

=+ Perception (P): positive as long as the words typed in by the user are known to
the system. This evaluation must run incrementally in a word-by-word fashion,
while the user is typing in.

= + Understanding (U): positive if the user input can be successfully interpreted,
i.e. Max can derive a conversational function by having found an interpretation
rule that fires under current context condition. This evaluation should, also, run
incrementally word-by-word whilst the user is typing in.

= + Acceptance (A): the main evocative intention of the user input must be
evaluated as to whether it complies with the agent’s current beliefs (convictions),
desires, or intentions.

= Emotion and attitude (E): the emotional reaction of the agent is caused by
positive/negative impulses that are sent to the emotion system upon detection of
specific events as described above, e.g. when appraising the politeness or
offensiveness of user input. All C, P, U evaluations can be fused into an
assessment of the (un-)certainty of the agent about the current locution.

What behavior repertoire is needed to fulfill each of these functions in the positive
or negative case? Based on the results of an analysis of the most frequent words in
spoken German, we conceive of a basic feedback system for Max to encompass the
following verbal-vocal expressions (English translation in parentheses): “Ja” (yes),
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mhm”, “nn”, “genau” (exactly), “nein” (no), “ne” (no), “doch” (however, still),
“und?” (and?), “was?” (what?), “wie bitte?” (pardon?), “ich wei} nicht” (I don’t
know), “ich verstehe nicht” (I don’t understand), “was meinst du?” (what do you
mean?). These expressions can be combined with each other and/or can be repeated
(self-repetition). Likewise, they can be combined with a repetition of the speaker’s
contribution (other-repetitions) or a reformulation of it.

Often overlooked, vocal backchannel expressions like “mhm” or “nn” must be
generated with appropriate prosodic cues, which contribute decisively to the
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conveyance of the main feedback function as well as attitudinal or emotional coloring.
Recent studies [21,26] demonstrate that the interpretation of a backchannel
significantly changes, e.g., with the position of the peak, with interaction effects of
the combination with pitch and duration. However, only few prosodic backchannels
receive unambiguous interpretations, underlining the importance of discourse context
and the accompanying non-vocal expressions. The most important embodied
feedback expressions are head nod, shake, head tilt, and head protrusion, each with
different numbers of repetitions and different movement qualities. Further, the agent
should have facial display of emotions as well as epistemic attitudes like surprise or
(un-)certainty (e.g. frown), showing up immediately as they arise when interpreting
an ongoing contribution. Finally, gaze as basic turn-taking and grounding cue [16]
and emblematic manual gestures like shrug are to be incorporated. In the next section
we will present an approach to endowing Max with the ability to employ some of
these nonverbal behaviors along with the abovementioned vocal backchannels for
giving appropriate feedback at appropriate places.

4.3 Architecture and Realization

A conversational agent with feedback capability is expected not only to deliver
correct backchannels, but also to show them at the right places and times during the
speaker contribution. In a linguistic context delays can have the potential to modulate
the meaning of the following utterance—especially in the case of feedback
expressions that are supposed to immediately provide information on, e.g, the
intelligibility or acceptability of a speaker statement. As a consequence it is absolutely
vital for an implemented feedback model to cut latencies to the minimum and to avoid
giving feedback at the wrong moments in conversation. We follow Thdrisson [23] in
that correct and relevant feedback generation in human-like agents should result from
a correct and incremental functional analysis of a multimodal action, as long as
generated behaviors are executed at the time they are relevant. The model that we
present here thus strives to simulate and integrate the mechanisms of appraisal and
evaluation distinguished in Sect. 3, operating on different time scales and levels of
awareness or automaticity. These processes can all feed into reaction response
dispositions and then trigger the aforementioned agent feedback behaviors.

Figure 2 shows an overview of the proposed model of embodied feedback and how
it is interweaved with Max’s general architectural set-up. The model comprises four
general stages for detecting, processing, planning, and producing multimodal
feedback behavior, connected on two layers. The planning layer consists of dedicated
processes that are running to keep track of the contact, perception, and understanding
listener states of the agent and, based on this information, decide which feedback
behavior to generate and when. Input processing continuously updates the listener
states and sends important events directly to a feedback planner. For example, if the
gaze has moved and the speaker now directly looks at the listener (Max), this may be
a hint that feedback is expected. Results of feedback planning are abstract requests for
expressions of different functions. A generation module maps them along with
information about the current listener states onto specifications of suitable multimodal
behaviors that are then realized by a set of modality-specific generators.
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Fig. 2. Overview of the system architecture for generating embodied feedback. All Processing

and Planning modules operate incrementally upon incoming user input.
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Our current implementation comprises explicit numerical parameters to quantify
the agent’s listener state in terms of contact, perception, and understanding
evaluations. Perception has continuous values between one (1.0) for excellent,
flawless perception of the received verbal events and zero (0.0) for completely
incomprehensible input. Understanding has values between one (1.0) for complete
understanding of the incoming utterances in the phrasal context and zero (0.0) for an
unintelligible input. With each new user input, both variables start with the value 1.0.
Importantly, perception and understanding are unidirectionally linked such that a
lowering of perception will always result in a lowering of understanding, but not vice
versa as it is sometimes possible to infer the meaning of an only partly perceived
contribution from context (thus having high understanding with low perception).

The emotional state of Max is directly affected by appraisal of the user input, when
an interpretation rule determines a praising or an insulting phrase (not included in
Figure 2 for sake of clarity). Being simulated independent, the emotional state
influences the planning of feedback behaviors, and it directly triggers behavioral
outlets of emotions. For instance, emotional appraisal can asynchronously send
impulses to the emotion system, which runs a continuous dynamic simulation and
affects the facial expression of Max several times a second. To this end, and as
nowadays common in agent architectures, the planning layer is augmented with a
reactive layer of feedback generation. This layer is constituted by direct connections
from the input processing units to the production units, as provided by Max’s
architectural framework. This pathway allows for incorporating feedback behaviors
that function independently of awareness and intentional control of the sender, e.g.
blushing, as well as behaviors that are only potentially amenable to awareness and
control, like smiles or emotional prosody. In addition, the planner delegates control of
behaviors with a longer duration (e.g. raising the eyebrows as long as input is not
understood) to this layer. Behaviors using this path support the rest of the generated
feedback instead of replacing it.

Input processing

In order to produce intra-phrasal feedback, incoming events must be evaluated as
soon as possible and in an incremental fashion. Since we are dealing with typed
language input, single words are the minimal unit of verbal input processing. Two
modules, the lexicon and the parser accomplish verbal processing. The “Lexicon”
processes every newly entered word by, first, trying to determine its word class
(adjective, noun etc.) using part-of-speech tagging [19]. A possibly required process
step is stemming, removal of morphological inflection, of the text events whose
sophistication varies with the language used. Second, a lexicon lookup is done for the
resulting lemma. If the lookup fails, perception (and, consequently, understanding) is
lowered by a constant amount. This amount is bigger for a content word than for a
function word, i.e. not having perceived correctly a noun is worse than having missed
an article. Note that if the word could be found, the perception parameter is not
increased again but stays at the same level (initially 1.0).

The “Parser” component is a means of directly controlling the understanding
parameter. Ideally, it would evaluate incoming words for their potential fit into the
currently constructed syntactic-semantic structure. In the current state of the system,
this is implemented by probing the applicability of interpretation rules after each
newly entered word. That is, it is checked with the dialog engine whether the
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currently available input is interpretable by the system under the current context
conditions (represented by Max’s beliefs). For example, the input ‘“24 yeers” would
normally result in low perception and understanding values as the word “yeers” is
unknown. However, if the system has asked the user about her age just before, the
detection of numeric input will result in an interpretation that the user is informing the
agent about her age. If a conversational function could be determined, as in this case,
understanding is generally increased.

One of the most important aspects when it comes to determining the right moment
for giving feedback is end-of-utterance (EOU) detection. Purely textual input as Max
uses it at the moment can be considered an impoverished input for EOU detection,
which usually draws on prosodic information. An implementation must thus try to
gain as much information as possible from the words flowing into the system. As
feedback often occurs on phrase boundaries, a possible way would be to use an
incremental parser that can signal the upcoming probable completion of a phrase.
Currently, end of utterances are simply signaled by enter-pressed events. In addition,
appropriate places for feedback are found using the part-of-speech tags supplied by
the lexicon. Feedback after e.g. articles is very improbable, while feedback after
content words like nouns or verbs is more appropriate. Processing of user prosody,
gaze, gesture or facial expression are mapped out but currently not implemented. That
is, Max currently gives feedback solely based on verbal input.

Table 1. Rules for the event-based generation of perception and understanding feedback

Perception

After NPs Match in Lexicon “mhm”, slight nod, silent
prosody

After pauses “mhm”, slight nod

After contribution | Match in lexicon “mhm”, nod

No match in lexicon “was?, “wie bitte?*, repetition
of unknown word

“mhm”, nod

No match for 2nd time after
negative perception FB

Understanding

After pauses Match in lexicon and | “mhm”, “ja”, “ich verstehe”,
matching interpretation | slight head nod, word repetition
rule(s)

After contribution | Match in lexicon and | “mhm”, “ja”, “ich verstehe”,

or pauses matching interpretation | head nod, word repetition
rule(s)

After contribution | No matching interpretation | “was meinst du damit?”,

Or pauses rule puzzled look

Word not in lexicon and no
matching interpretation rule

“Was?”, “wie bitte?”, “ich habe
nicht verstanden”, “ich verstehe
nicht“, puzzled look, other

word repetition
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Feedback planning

The feedback planner controls the production of multimodal feedback and is only
active while the agent is in the listening state as well as in turn-transition phases
(indicated by the turn state). Feedback planning reacts to events from input analysis as
well as to significant changes in the listener state variables. Generally, thus, the
simulation of communicative feedback calls for a combination of an event-based
model with a “reservoir” model. The former can be modeled following a rule-based
approach that explicitly states contextual or conventionalized conditions for a specific
feedback behavior. The latter must couple the generation of feedback behaviors to
how perception and understanding is gradually decreasing. We adopt a probabilistic
approach that can capture these not so clear-cut, less aware causal-effect structures
obtained from empirical data. The current rule-based part of the planner is based on a
linguistic analysis of the German feedback system and defines which expressions
from our basic feedback system can be used to provide feedback on perception and
understanding in an appropriate, context-sensitive way (see Table 1).

After every new word flowing into the system, the probabilistic component of the
planner computes the probabilities of all single backchannels that Max could give. In
detail, the planner draws a Bayesian inference in order to calculate the conditional
probability P(BIU=x) of the feedback behavior B, given that the current understanding
level is x, according to equation (1).

P(BIU=x) = P(U=xIB)P(B) / P(U=x) (D

That is, P(BIU=x) is expressed in terms of three other probabilities. P(U=x) is the a
priori probability of successful understanding of the currently provided user input.
This probability is taken to be identical to the understanding value determined by the
input processing as described above. P(B) is the a priori probability of behavior B
being used for giving feedback. This probability is set differently depending on
whether the human pauses, continues with, or ends her contribution. Finally,
P(U=xIB) is the conditional probability that an agent performing the feedback
behavior B has a certain level x of understanding. In our current implementation,
which aims to explore whether communicative feedback can be modeled for virtual
humans in this way, P(B) and P(UIB) are predefined by hand as educated guesses. An
empirical study is underway that will inform the setting up of these values [3].
Figure 3 shows the probabilities P(UIB) for several backchannel behaviors. They are
approximated as piecewise linear distributions over the possible values of U. Note
that it may be appropriate for one ECA to give a lot of feedback, while another agent
may be intended to be more shy and thus to give less. This can be modeled easily by
setting the a priori probabilities P(B) accordingly.

Since both the rule-based and the probabilistic mechanism need to be integrated,
the model seeks for a behavioral combination that suits the currently requested
feedback functions best. The feedback planner and generator therefore have to deal
with the more general question of how feedback categories can be combined. The
functions are not disjunctive in the sense that, although positive understanding
feedback implies successful perception, negative understanding can override positive
perception or contact.
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P(U|Nod) P(U]Tilt) (U|Frown) P(U[Vocal)

] \ ! !
P(U"Ja") P(U[*Mhm") P(U[*Mm") P(U|“Nn")

Ul | U U U

Fig. 3. The approximated probability distributions P(UIB) for several feedback behaviors B.
“Vocal” (top right) is the general probability of vocal feedback, the bottom row contains the
single distributions for vocal backchannels.

One can think of a resolution method, e.g., where behaviors are picked from the
repertoire by order of priority, with higher levels of evaluation (understanding) having
higher priorities than lower appraisals (e.g. perception). In our current
implementation, the different types of planning and generating feedback simply work
in parallel, yet in a cascaded fashion. Lower processes are faster and trigger behavior
earlier than higher processes. The lower processes may thus gain temporary access to
effectors. In result, Max will at first look certain and nod due to positive contact and
perception evaluations, but then start to look confused once a negative understanding
evaluation has barged in, eventually leading to a verbal request for repetition or
elaboration like “wie bitte?”.

Results of feedback planning can be either specific requests for verbal feedback,
along with prosodic features, or more abstract specifications of weighted to-be-
achieved feedback functions that also make explicit the different types of
communicative intentionality discussed above (e.g. “signal-positive-understanding”
or “display-negative-perception”). The latter allow the generator module to compose a
multimodal feedback expression by drawing on modality-specific behavior repertoires
and test relevant constraints, e.g., for the availability of required effectors. The output
of this generation step is an XML behavior specification in MURML that combines
all required information regarding, e.g., head movements and prosodic verbal output.
This specification is sent to the Articulated Communicator Engine [14], which
realizes the production stage in Fig. 2 by employing a set of concurrent, modality-
specific behavior generators. Verbal and prosody production build on a text-to-speech
component that has been extended to enable the on-demand generation of verbal
backchannels with characteristic pitch contours. Currently, six different pitch contours
with a variable duration, hesitation (time ratio between first phone and remaining
phones), and raising slope parameters are possible. Beyond the scope of this paper,
combinations of these parameters where found in user studies to reliably indicate
boredom, anger, agreement or a happy mood, on top of the same verbal feedback
signal “ja” (see [21]). Mimic production controls eyebrow raises, lip-sync speech
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animation, and a weighted facial display of basic emotions. Gaze and head behaviors
are realized by means of procedural animation.

5 Generation Examples

The model described in Sect. 4 was realized in Max. It enables him to give embodied
feedback based on incrementally processing the verbal input as the user is typing it in.
Table 2 contains two examples to demonstrate the embodied feedback given by Max
over time; Fig. 4 shows snapshots of the corresponding non-vocal backchannels. In
Table 2, the last row of each sub-table contains the text inputted by the human user
word by word. The rows above indicate when Max has produced verbal, head, or
eyebrow feedback, in addition to the continuous evolvement of the understanding
status of the agent in the top row.

Table 2. Examples of Max’s feedback behaviors produced on typed language input. The inputs
(given in the bottom rows) develop from left to right; see text for translations and explanation.

Underst. 1.0 0.8 0.8 0.6 0.6 1.0

Verbal “Ja, ich bin begeistert.”
Head Tilt Tilt Nod

Browes Frown

Human “Bielefeld st eine tolle  Stadt”

Underst. | 10 10 (08 08 |08 04 |04 | 04
Verbal “Wie bitte?” |

Head Nod Tilt Tilt
Browes Frown
Human “Bielefeld liegt direkt am Totoburger Wald glaube ich”

The first input phrase (English translation: “Bielefeld is a great city.”) is under-
standable for Max, albeit two words (“Bielefeld” and “tolle”) are unknown to the POS
tagger in the Lexicon. Perception drops slightly, thereby increasing the probability of
negative feedback (head tilt and frown, as can be seen from the negative slope of the
probability curves in Fig. 3). In result, two head tilts and a frown occur. Yet, Max was
able to interpret the input, which resets the understanding level to 1.0 and results in
vocal feedback “Ja” preceding the verbal response “Ich bin begeistert” (“I’'m
delighted”) produced by the rule-based component (Table 1).

The second sentence (translating to “Bielefeld is located close to the Totoburger
Forrest™) serves as an example for a more problematic perception and understanding,
the reason being that “Totoburger” is a wrong, completely unknown word. At first,
Max follows attentively with successful understanding — the probabilistic component
did not trigger any positive feedback here due to the generally smaller prior
probabilities of backchannels during continuing input. Upon reception of the word
“Totoburger” however, perception drops significantly and this results in frequent
vocal as well as non-vocal feedback.
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Fig. 4. Examples of embodied feedback in the virtual human Max. From left to right: Head tilt
and frown, vocal feedback, and nodding in a positive mood.

6 Conclusions

In this paper, we presented work towards an account of communicative embodied
feedback and, in particular, towards the modeling of more natural feedback behavior
of virtual humans. The computational model we have presented extends the
architectural layout commonly employed in current embodied conversational agents.
At large, it can be considered a row of individual augmentations of the classical
modules for interpretation, planning, and realization, affording an incremental
processing of the incoming input. One main innovation in this respect was to refine
the step size and time scale at which these stages processes input, along with a
suitable routing of information via the deliberative or the reactive pathways. One
main shortcoming of the interactions currently possible with Max is the need to type
in the input, which for instance may result in people focusing their attention on their
typing activity and not noticing online feedback given by Max. While spoken
language recognition is easily possible in laboratory settings, we want to keep the
system as robust as possible in the museum scenario, which affords us with great
opportunities for evaluating our models. We are thus planning to stick to the typed
input but will discard the need to press enter upon completion of an utterance. Thus,
instead of explicitly transmitting the input to the system, Max is to inform the human
about having received sufficient information by employing his now developed
feedback capabilities. Additional, future work will address the inclusion of additional
input modalities like prosody or gesture, which will require new models for an
incremental segmentation and processing of more analog aspects of communication.
Our model further represents a new approach to the context-sensitive selection and
placement problems of feedback behavior. The feedback planner reacts to both
feedback eliciting cues as well as significant changes in the listener-internal
assessments of the current perception, understanding, and agreement states. It thus
combines a ,,shallow* feedback model covering mainly conventionalized mappings,
largely akin to most previous systems, with a deeper, theoretically grounded model
that accounts for processes of appraisal and evaluation and their effect on the
continuously evolving listener states. These states are assumed to capture some of the
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relevant factors that give rise to responsive functions of feedback expressions and that
can be mapped onto different expressions and modalities to realize these functions.

The modeling and simulation work described here is only one line of research we
pursue in order to gain a better understanding of the human feedback system and its
underlying mechanisms. In other work, our theoretical approach provides the basis of
a framework for analyzing empirical data on embodied feedback in natural
interactions (Allwood et al., submitted). We have started to design a coding scheme
and a data analysis method suited to capture those features that are decisive in this
account (such as type of expression, relevant function, or time scale). Both lines of
research, the empirical and the simulative, are meant to converge. For example, the
corpus analysis can directly inform our predictive feedback model by providing
transition probabilities for the feedback planner. The other way around, the
computational modeling yields observable simulations that can be compared with real
data to scrutinize the theoretical assumptions.

A mandatory next step will be to conduct an evaluation of the Max’s behavior. For
one thing, it remains to be shown that it succeeds to serve as an early warning system,
which can indeed increase the efficiency and naturalness of human-agent interactions
by evoking those repairs from speakers that compensate for the very problems Max is
facing with their contributions. Another interesting, more general question along the
same line is whether different dimensions of feedback bear different effects on
persons interacting with Max (their behavior and attitudes towards Max).
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Abstract. In this paper I review current and past approaches towards
the use of hand gesture recognition and comprehension in human-com-
puter interaction. I point out properties of natural coverbal gestures in
human communication and identify challenges for gesture comprehen-
sion systems in three areas. The first challenge is to derive the meaning
of a gesture given that its semantics is defined in three semiotic dimen-
sions that have to be addressed differently. A second challenge is the
spatial composition of gestures in imagistic spaces. Finally, a third tech-
nical challenge is the development of an integrated processing model for
speech and gesture.

Keywords: gesture comprehension, gesture recognition.

1 Introduction

When people talk, their speech is usually accompanied by gestures of the hands
and arms. These coverbal gestures and synchronous speech are assumed to ex-
press the same meaning at the same time, but the modalities differ considerably
in that speech packages content linearly in symbolic form, while gesture embodies
meaning and depicts it in 3D space [42]. Many gesture researchers consider speech
and coverbal gesture as surface realizations of a common “idea unit”, produced
by an integrated, multimodal system of communication [33J43/34]. Similarly, a
tight coupling of the two modalities is assumed for language comprehension
T3]

Due to the ubiquity and expressive power of gesture in communication, it
has also received attention as a means to communicate with computer systems,
embodied virtual agents, or robots [22J64/5]. The goal of this paper is to survey
the research on hand gesture recognition and comprehension in human-computer
interaction (HCI) and to relate technical achievements to the current knowledge
on coverbal gesture in human communication. Particular attention will be given
to the notion of gesture semantics and the implications for computational ap-
proaches that aim to model the meaning of natural gestures for HCI. In the first
part of the paper, I will review gesture input for HCI with an emphasis on speech
and coverbal gesture integration. In the second part, I will point out properties
of coverbal gestures in everyday communication not yet touched upon in com-
puter systems and sketch ways of addressing them computationally. Finally, I
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© Springer-Verlag Berlin Heidelberg 2008
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will summarize the agenda for the development of future gesture comprehension
systems.

2 Gesture Recognition and Comprehension in HCI

In human-computer interaction the term gesture input refers to a range of dif-
ferent interaction styles, many of which have little or nothing in common with
coverbal gestures observed in human communication. Some of these input tech-
niques, e.g. in the form of 2D-pen strokes on a screen, are as old as the first
graphical user interface. However, it is only since the 80s that hand gestures
have been employed in prototypical interfaces with the outspoken aim of mak-
ing interaction with a computer more natural [5]. In the following sections, I will
sketch the current state of affairs for the different sub-tasks involved in gesture
recognition, beginning with body movement tracking, followed by gesture clas-
sification using pattern recognition, gesture segmentation, and concluding with
multimodal systems that combine gesture and speech input.

2.1 Sensing Technology

The processing chain from gestural expression to interpretation begins with the
capture of the signal via sensing devices. In a broad sense, signal capturing can
be divided in two dimensions, active vs. passive and invasive vs. non-invasive
sensing methods. Active sensors capture movement and posture information by
themselves — they are little pieces of electronics. Passive methods use markers
which are captured by other means. Invasive methods use active devices or pas-
sive markers mounted on the user’s hands and arms. A frequently used and quite
accurate device for measuring hand posture is the dataglove. Datagloves contain
goniometers to measure the flexion of hand and finger joints either based on fiber
optics or on electrical conductance [TTI35]. Most types measure the proximal and
middle finger joints. Additionally, some models capture the distal joint, finger
abduction, thumb rotation, palm curvature, and wrist flexion.

Several invasive methods for hand position and orientation tracking are avail-
able. Mechanical approaches using exoskeletons or arrangements of levers
attached to the hands and arms as, for instance, the Phantom device [9], are re-
liable, but also cumbersome. Electromagnetic tracking systems use pulsed fields
emitted from a central sender unit, that can be measured by small receivers
attached to the user (Fig. [l left). Benefits of this technique are barrier-free
movement and the absence of any occlusion problems. Active sensing is in gen-
eral more obtrusive than the use of passive markers, since sensor data has to be
retrieved, which is often done via cables or a radio transmitter (cf. Fig. [] right,
for an example of a passive, marker-based system). To minimize occlusion prob-
lems in marker-based system, data from several cameras with different viewing
angles can be combined.

Non-invasive sensing methods are usually based on computer vision [61]. The
first task for a vision-based gesture input system is to determine the configura-
tion of the body (particularly the hands and arms) in space. For most natural
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MOTION
TRACKING

Fig. 1. Motion tracking devices: active sensor-based (left) and passive marker-based

(right). (from [58])

gestures, only the hands (and possibly the head) play a role for the determination
of meaning (in some gestures, however, other body parts such as the upper/lower
arms are semantically relevant). Hence, body configuration recognition is often
simplified to just include hand and head position tracking. With appropriate
long-sleeved and dark clothing, tracking can be accomplished with skin color
segmentation of the video image [556]. Full-body tracking methods usually
rely on a-priori or adaptive body models in 2D or 3D [26/12]. The detection
of hand-shape is particularly difficult in vision-based systems. Comprehensive
overviews of gesture recognition in computer vision including the problem of
hand-shape recognition can be found in [50] and [68]. Note that some vision-
based recognition approaches do not use information on the limbs’ configuration
at all. Instead, they directly classify gestures from the video image.

Generally speaking, using invasive or non-invasive sensing methods is a mat-
ter of trade-off between algorithmic complexity of signal capturing on the one
hand and accuracy and obstructiveness on the other. Obstructiveness from mar-
ker-based to non-contact, vision-based methods decreases. However, freedom of
movement comes at the expense of accuracy and simplicity of the algorithms.

2.2 Gesture Recognition

In human-computer interaction the term gesture recognition is most often used
in the sense of pattern classification. Under the classification paradigm, a given
sequence of preprocessed input data acquired from the sensing devices is al-
lotted one class ¢; of a pre-defined set of classes C' = ¢q,...,¢n. The classes
depend on the demands of the target application. Thus, as Benoit et al. [3] put
it, “[the recognition of] 2D or 3D gestures is a typical pattern recognition prob-
lem. Standard pattern recognition techniques, such as template matching and
feature-based recognition, are sufficient for gesture recognition” (p. 32). Seman-
tic processing is outside the scope of gesture recognition, and I will use the term
gesture comprehension for systems that include a semantic layer.

Most pattern matching approaches for gesture recognition are based on train-
ing, which means that a set of training samples containing movement input data
is collected and manually alloted the correct class. In the training phase, these
examples are used to adjust the internal parameters of the model such that the
recognition rate improves. A popular, training-based technique for gesture recog-
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nition are hidden markov models (HMMs) [53]. They model a continuous process
as a series of discrete states with state-change probabilities. HMMs are well suited
for the classification of time-varying signals that fulfill the Markov property: the
probability of a state in the future only depends on the current state, but not
on past states. A helpful feature of HMMs is their ability to compensate time
and amplitude variances which improves the robustness for interpersonal move-
ment differences. HMMs have been applied for the classification of dataglove- and
accelerometer-based input [24], for gesture classification on difference images [54],
or for input data that represents the angles of the joints and end-effectors in the
human kinematic chain [49]. Further training-based approaches include artificial
neural networks, used for data-glove and motion tracker input [62], and combina-
tions of HMM and neural network classifiers [15].

2.3 Gesture Segmentation

Gestures are meaningful segments in the continuous stream of bodily movement.
A gestural movement, also called gesture phrase, usually has a certain tempo-
ral structure consisting of subsequent phases [33I34]. Within a phrase, only a
single phase, called the stroke or expressive phase, is meaningful. Other phases
serve different purposes, e.g. to make the hand ready for a stroke (preparation
phase), or to move it back to a rest position (retraction phase) among others. In
natural movement, there is also non-gestural activity such as body posture tran-
sitions (someone changing his rest position from hands on lap to arms folded),
or adjusting the clothes. A gesture comprehension system has to filter the stroke
portion out of the movement and has to distinguish gesture phrases from non-
gestural movements. This (difficult) task is commonly called the gesture segmen-
tation problem [23]. In HMMs the segmentation problem can be solved within the
model by introducing separate states for each stroke phase to be detected and
common states for the optional preparation and retraction phase. With a cyclic
HMM containing “garbage” models parallel to the model of the gesture phrase,
the rejection of non-gestural movements is possible [49]. These model-inherent
segmentation techniques are feasible because of the limited, and pre-defined set
of gestures. An unknown movement phase that precedes or succeeds a stroke is
a preparation or retraction. Any other movement that does not fit the trained
gesture classes can be assigned to the “garbage” model.

Explicit segmentation, external to the recognition model, is facilitated by
certain kinematic properties or segmentation cues in the movement [39]. The
transition between hand/arm movement and pause is an easily detectable seg-
mentation cue exploitable for different kinds of input data. It has been used
for vision-based input by computing the change of an image from one frame to
the next [25], or in tracking-based systems for the detection of hand movement
alone [37], or combined hand and finger movement [24]. Based on the idea that
intentional gestures will require effort, hand tension has been suggested as a
segmentation cue and employed in glove-based systems [23I21]. Hand tension is
the deviation of the joint angles in the hand from a “normal”, relaxed position.
A fully stretched or rolled finger, for instance, deviates strongly from a relaxed
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middle position and causes a lot of tension. Another cue based on the idea that
gesture coincides with effort is the overall torque at the arm joints caused by
gravity when a person maintains a certain body posture [58]. Effort in movement
can also be measured as the activity of a body segment in terms of momentum,
kinetic energy, and force. Local minima of these properties have been used as
segmentation cues that signal a segment border [30]. Kinetic energy was used as
a segmentation cue in [].

2.4 Gesture and Speech

In the following sections, systems using gesture input in the context of speech
(and vice versa) are examined. They are usually called multimodal systems,
because they integrate input information from more than one communicative
modality. Multimodal speech and gesture systems come in three flavors, de-
pending on the purpose and the processing stage at which the modalities are
conjoined.

Gesture Facilitates Speech Recognition. Systems of the first flavor focus on speech
recognition and comprehension, while they treat gestures as facilitators that con-
tribute contextual information for speech input processing. Gestural information
is exploited for different purposes. Qu and Chai describe a speech recognition
system that uses pointing gestures on a 2D screen to improve speech recogni-
tion performance [52]. Their approach is based on salience modeling for pointing
gestures. It is assumed that pointing increases the salience of the target in a com-
municative situation. The higher salience causes a priming effect increasing the
chances of recognizing a word connected to the target. Qu and Chai model the
priming effect at two different steps in the speech recognition engine. For the first
solution they modified the word probability in the language model] by a term
that depends on the pointing position. For an alternative approach, they applied
a standard language model, but re-ranked the output of the recognition system,
the n-best list of the most probable words, according to the salience model. In
both cases, the additional information provided by gesture is “consumed” and
the system’s output is the recognized spoken utterance.

Gesture is not only exploited for speech recognition, but also as a facilita-
tor in later stages of the speech processing pipeline. One important task of a
comprehension system during semantic processing is the determination of coref-
erence, i.e. the question whether two linguistic expressions refer to the same
entity. Eisenstein and Davis examined the relationship between coreference and
positional /kinematic features of the hands [17]. They found a significant connec-
tion between coreference of two noun phrases and features such as the distance

1 A speech recognizer usually relies on two data sets: an acoustic model and a language
model. The acoustic model provides the probability of recognizing a certain phoneme
sequence given that a certain word was uttered. The language model reflects the
probability that a given sequence of words is followed by a certain word in a multi-
word utterance.
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between the positions of the hands in focus measured when the phrases were
uttered or use of the same hand. In addition to verbal information, such ges-
tural features can thus be used as predictors for coreference and contribute to
linguistic processing.

Gestures were also applied as facilitators for sentence unit (SU) detection
in spontaneous speech. The determination of SUs may improve speech recog-
nition and subsequent processing stages such as parsing. Chen, Liu, Harper,
& Shriberg as well as Eisenstein and Davis suggested multimodal approaches
for SU detection based on Hidden Markov Models incorporating gestural cues
[10]. While Chen et al. used hold and effort features automatically extracted by
vision-based hand detectors, Eisenstein and Davis hand-coded gesture phrases
and phases and used phase boundaries for SU prediction. While both approaches
failed to yield statistically significant improvements using a gesture-enhanced SU
detection model, follow-up work by Chen, Harper, & Huang demonstrates an im-
provement over speech-only SU detection by using a maximum entropy approach
instead of an HMM [IT].

Speech Facilitates Gesture Recognition. The second flavor of multimodal speech-
gesture input systems focuses on gesture recognition and treats speech as a
facilitative factor. Sharma et al. created an HMM-based system to recognize
continuous gestures in narrations of a TV weather anchorman [57]. Their sys-
tem could distinguish three gesture types typical for the weather domain: point-
ing gestures, contour gestures (enclosing an area with a movement), and area
gestures (sweeping over an area). A keyword recognition system trained on fre-
quent words (this, here, east, west, storm, region etc.) was running in parallel to
the gesture recognizer. Using the keyword/gesture type co-occurrence likelihood
from a corpus evaluation, Sharma et al. were able to improve the classifier’s
performance.

Improving gesture recognition with speech also works with the suprasegmen-
tal information contained in the speech signal. Kettebekov, Yeasin & Sharma
describe a gesture recognition system that exploits prosodic cues to differentiate
meaningful phases of pointing and contour gestures, preparation, and retraction
phases of gestural movements [36]. They implemented two different approaches:
In the first approach prosodic cues are considered as features in an HMM-based
recognizer. For the second approach, they employed a Bayesian network. Both
prosody-supported methods yield significantly better recognition results than
the gesture recognizer alone, whereas the Bayesian network performed better
than the augmented HMM model.

Integration of Gesture and Speech. There are several generic approaches towards
the integration of input information originating from different modalities. Com-
monly, two main subtypes of these multimodal architectures are distinguished
[47]. First, there are feature-level, or early fusion approaches in which the recogni-
tion of information from one modality is supported by another modality and vice
versa in a pre-semantic stage. Feature-level fusion can be applied if the modal-
ities are physically or temporally strongly coupled such as (acoustic) speech
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signals and (visual) lip shape information. Second, semantic-level, or late fusion
approaches combine semantic information derived independently from the dif-
ferent modalities. Gesture and speech integration is usually considered on the
semantic level. The underlying idea of semantic-level fusion is to end up with a
common meaning specification of a multimodal command or interaction which
is executed by the computer.

A frequently applied semantic-level fusion method is to consider the meaning
specification as a frame structure of attribute-value pairs [66/46/60]: First, the
input from each modality is evaluated and it produces partially filled frames.
Corresponding frames are then integrated until all attribute slots are filled with
values and the application command is thus fully specified.

In simple frame-based multimodal integration approaches all partially filled
frames are structured equally and the attribute values are simple “scalar” data
types such as symbols or numbers. Therefore, they cannot model complex struc-
tured commands. An integration method that employs substructures within
frames and thus allows to build up structural hierarchies was proposed in
[2927IT4]. The fusion mechanism is based on the unification of typed feature
structures (Fig. 2)). For each structural unit and sub-unit, such as a pointing
gesture or an object creation command, there is a typed feature structure de-
scribing the sub-features needed for completion. An object creation command,
for example, needs a type and a location to be complete. The location could be
provided via pointing.

object type mial
echelon platoon
= unit
! xcoord 9
location ycoord 3

point create_unit

_ { xcoord 9
location
. type miai ycoord 3
object [ N point

echelon platool command

unit

location [ ] . . coordlist
point J create_unit location | 19 3) (10,4)]
i

Fig. 2. Multimodal integration with typed feature structures: Speech input (lower left)
is unified with one of two alternative interpretations of a gesture performed with a pen
(lower right) to a common feature structure.

command

In order to cope with the uncertain nature of unimodal information sources,
the unification approach can be extended by allowing multiple alternative input
and output interpretations tagged by their respective recognition probabilities as
suggested in [3I]. The speech and gesture recognizers in their system prototype,
for instance, provide an mn-best list of the most probable input hypotheses for
each modality. The probability of a multimodal integrated feature structure is
computed based on the probabilities of the input hypotheses.
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An alternative approach based on finite-state machines (FSM) was proposed
in [28]. Multimodal grammars are modeled with FSMs consisting of one input
tape for each modality and an output tape containing the meaning of the mul-
timodal speech-act after parsing. According to the authors, the advantages of
the FSM approach over unification grammars are less complex formalisms and
better integratability with speech recognition systems.

A similar, but more flexible approach in which temporal constraints can be
expressed explicitly was described by Latoschik [39]. He represents multimodal
grammars with augmented transition networks enriched by temporal information
at each node (tATN). The state transitions model lexical input (words), temporal
tests on the presence of gesture attributes, like “user was pointing”, and allow
for logical negation and conjunctions of attributes.

Grammar-based approaches such as unification or FSMs impose a (more or
less rigid) structure on multimodal input. In an alternative approach that is less
susceptible to violations of structure, each input modality was encoded includ-
ing the context as attributed relational graphs [8]. The nodes represent possible
reference objects, while the arcs stand for temporal or semantic relations be-
tween the referents. Multimodal integration is thus expressed as a graph match-
ing problem. The matching algorithm tries to maximize the overall fit of the
modality-specific graphs.

A common challenge for all semantic-level integration methods is the corre-
spondence problem originally defined for the combination of linguistic and visual
information [59]. Applied to gesture and speech integration, its central issue is
how to correlate chunks of information from one modality to the other. Usually,
temporal proximity is employed as a cue to determine corresponding input infor-
mation. Grammar-based integration methods either implicitly consider temporal
proximity coarsely by the linear ordering of input events, or via explicit tempo-
ral constraint or integration rules. In [63] an integration method based on the
idea of communicative rhythms is described. A regular pulse defines temporal
windows within which multimodal input events are assumed to correlate.

Interpretation of Pointing. The value of gestural pointing in speech-based inter-
faces has been recognized early on in the HCI community. “Put-that-there” is
the first natural language interface that incorporated pointing in 3D space [5].
The system could interpret instructions for object creation, manipulation, and
deletion such as “create a blue square there” or “move this to the right of the
square” while the user was pointing to a large screen. Whenever a demonstrative
was encountered, the pointing direction was evaluated to resolve the reference.
The direction was captured with a position/orientation tracker mounted at the
user’s wrist. The interpretation of the pointing depends on the type of demon-
strative. A reference to an object (this, that) is resolved by the object closest to
the spot pointed at. A location reference (here) is resolved by the z, y-coordinates
from pointing. More recent approaches consider pointing in fully immersive 3D
environments and with more natural gesture forms. In [39] pointing gestures are
also used for object and location references, but they are recognized based on the
hand-shape and are integrated with speech if a pointing hand-shape co-occurs
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with a demonstrative based on a multimodal grammar (see above). Pointing ref-
erences are interpreted using lists that order all visible objects according to the
proximity to the pointing ray at any point in time. Using the referent list, the
system considers more than one possible alternative as the correct referent, and
may integrate deictic reference by gesture with reference by verbal description
to come up with the best combined choice. In [38] and [37] a pointing cone was
used that preselects possible object or location references.

In addition to free-hand pointing in a 3D environment, 2D pointing using
the mouse or other devices has been used in multimodal systems. Typically, a
pointing gesture in 2D is interpreted as reference to an object of the application
domain as in [44], but there are also cases of speech-dependent interpretation,
for instance as a point or line in a map-based application [I4]. In [7], pointing
is interpreted as an attentional signal that controls the focus stack and thus
indirectly influences the interpretation of speech. Still, other complex cases of
pointing, such as pars-pro-toto pointing (pointing to the part but referring to
the whole), can be observed in everyday human interaction and were modeled
in prototypical applications [65].

3 Challenges for Technology

Given this landscape of technical approaches towards gesture and speech input
processing, I will now consider three areas of interest for coverbal gesture recog-
nition and interpretation. The following issues should be considered in more
detail when designing computational systems.

3.1 Three Semiotic Dimensions of Meaning

The task of a gesture comprehension system is to determine the meaning of
gestures — but what exactly is the meaning of a gesture? In current and past
engineering approaches, we have seen that gesture meaning can be a position on
a screen, an ordered list of reference objects computed from a pointing ray, an
abstract model of shape, a style of movement, etc. In most cases, however, the
issue of meaning is not touched upon, because the systems stop at the recog-
nition stage. In contrast to words, the meaning of gestures is more difficult to
access, because if we consider gestures as signs in the sense of Peirce [51], we
will realize that gestures acquire meaning in three different ways, or in three
different semiotic dimensions. Each of these dimensions must be accounted for
in order to build an adequate model of gesture meaning.

Peirce divides signs into three classes. His trichotomy of signs reappears as
one fundamental principle of differentiation in almost any classification schema
for gestures [I6[T0M2II8]. According to [51l 2.304], “[a] sign is either an icon,
an index, or a symbol. An icon is a sign which would possess the character
which renders it significant, even though its object had no existence”. It refers
to something by similarity between its representamen and the object. Thus, it
can be said that meaning is an inherent part of the icon. Peirce continues: “An
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inder is a sign which would, at once, lose the character which makes it a sign
if its object were removed, but would not lose that character if there were no
interpretant.” That is to say, an index needs context to signify, since the object
is a part of that context. The link between representamen and object of an
index is physical, no mental instance (interpretant) is needed for representation.
Signposts are typical indices in this sense, since they indicate the driving or
walking direction and become meaningless deprived of context. Finally Peirce
defines a symbol as “a sign which would lose the character which renders it a sign
if there were no interpretant.” Symbols are signs which have a conventionalized
meaning in a social group or class. The meaning of a symbol therefore depends
on a mental, not physical, connection to its object. Each word, perhaps with the
exception of onomatopoeia, is a symbol.

The Peircean trichotomy of signs is applicable to gestures, too. It would natu-
rally lead to iconic gestures, indexical or deictic gestures, and symbolic gestures.
Though in Peirce’s wording the three classes seem to be mutually exclusive, they
are in fact not. Each single gesture can signify at the same time in the iconic,
deicti(ﬂ and symbolic dimension of meaning. Consider, for instance, someone
referring to a nearby pole by “pointing” to it while moving the hand up and
down. This gesture signifies in the deictic dimension, because it links to the vis-
ible world and the reference (the pole) could not be determined without this
context. Yet, with the movement, a part of the gesture’s meaning is inherent in
the gesture itself (something like longitudinal extent), and thus signifies in the
iconic dimension.

A computational model that extracts meaning from the iconic dimension must
provide a means to detect the similarity between the gesture’s physical form
and the referent. The term similarity is not to be taken in a pictorial sense
here, since gestures are no pictures of their referents. They simply cannot be,
because the hands’ capabilities of depiction in space are limited, and have to be
compensated for by depiction in time. We also have to keep in mind that the
referent of (the iconic dimension of) a gesture is usually not a physical object that
is depicted by the gesture. Computational approaches, in particular those dealing
with graphical environments, may suggest that view, because reference resolution
to determine the target object of some operation has been a focal application
domain in gesture-based systems. Gesture may refer to properties, experiences,
or relations that are important and newsworthy at the moment of speaking.
These could include, for instance, a certain geometric property of an object, a
way to handle it, a capability of this object, all of which are somehow associated
with the object. Detecting similarity means that the bodily action has to be
associated with its referent via some analogical link mediated by experience. The
kind of experience required to understand iconicity could be visual or practical.
The interpretation of the deictic aspect of a gesture requires the availability of an
appropriate contextual model to which the gesture refers. In multimodal systems,
this was always a model of the visual context, i.e. either of the real world, or the
model underlying the artificial world created by computer graphics. However,

2 Deictic is used synonymously for indexical.
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this is not the only context a gesture could refer to deictically as the following
section will show. So for a computer system to understand gestural deixis, the
correct contextual model has to be chosen. The symbolic dimension is perhaps
the easiest to handle with a computer system, since it only requires a fixed
association between gesture form and some internal representation of meaning.

3.2 Deixis All over the Place

So far, gestures have been discussed and considered as detached signs in the spa-
tial medium that signify in three semiotic dimensions. Computational approaches
towards gesture comprehension take on these dimensions by interpreting the spa-
tial sign, possibly in the context of speech. Yet, besides the verbal context there is
the spatial context of the gesture that contributes to meaning. Despite its signif-
icance for the formation of meaning, the spatial context has not attracted much
attention in the human-computer interaction community. Gestures are not only
signs in the spatial medium, but they may acquire meaning through space and,
at the same time, they may structure their own medium by imposing meaning on
space. This process of setting up and referring to spatial meaning (which is inher-
ently deictic since it requires a context) may be iterative: gestures may thus refer
to the context other gestures have brought into existence. This deictic potential
is present in all gesture types, not only in gestures commonly called deictics.
One variety of gestures building up a spatial context can be found in narrative
discourse. As McNeill points out, successive gestures in action descriptions often
employ space in a coherent way [42]. The right field of the gesture space, for
instance, may be reserved for one character in the narration, while the left field
represents another. The placement of gestures in either field then implies the
character. Abstract semantic values such as time or episodes can also be bound
to specific portions of space. In such examples, the semantically “loaded” area,
which I will call referent space henceforth, is discrete. Emmorey et al. describe
cohesive depictions of spatial content in a continuous referent space via iconic
gestures [19]. They consist of “three or more successive gestures that are used to
convey structural features of the environment” (p. 160). The spatial relations be-
tween gestures may quantitatively reflect corresponding relations between their
referents. Thus, referent space may map almost linearly to the space depicted.
Liddell describes similar patterns of spatial organization in sign language. Such
mental spaces co-exist with grammatical structures [4I40]. A special strategy
for depicting spatial relations with coverbal gestures is to anchor the position of
one referent with one hand (e.g. a certain place or landmark) and to use the other
hand successively to indicate further referents in relation to the first (see [37] for
a system using such two-gesture combinations). Usually the non-dominant hand
is used as the anchor and is often held while the dominant hand performs further
gestures. The first gesture in such a spatially coherent sequence may even set
up a reference coordinate system as observed in descriptions of complex, struc-
tured objects [20058]. The first gesture, often performed bimanually, introduces
a coarse outline of the object in space, while successive gestures elaborate the
description by depicting details or parts relative to this frame of reference. Again,
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Fig. 3. Different types of imagination and explication via gestures and speech

the maintenance of the reference frame with the non-dominant hand is typical
for these depiction strategies.

In all these cases, gestures set up a spatial context that is maintained for
some time and is used to place subsequent gestures within. They represent a
form of deixis without a static, visually accessible context, comparable to what
Karl Biihler called “Deixis am Phantasma” of which he distinguished three sub-
types [6]: the first is characterized by a referent space as an augmentation of real
space with an imagined object, for instance, if someone is looking at the empty
window ledge in the living room and imagines a vase of flowers placed upon it.
The second type involves a change of origo, the center of a speaker’s coordinate
system defining here, now, and I. A speaker or listener in a communicative
situation may mentally transfer his/her origo with respect to time, place, and
person, such as in any description of distant places. Here, the referent space
completely replaces real space. The third main type is characterized by referring
to a distant, currently inaccessible referent without a shift of origo. Pointing into
the direction of one’s home town illustrates this type.

Biihler’s analysis applies in the same vein to referent spaces which are not
purely imagistic, but externalized by gesture as a material, though ephemeral,
carrier as illustrated in Fig. Bl The first row depicts an augmentation of the real
space by referent space, the second illustrates a replacement of real space by
referent space, and the third row shows a combination of both spaces.

Biihler’s three types of deixis to invisible and purely imagistic referents are
illustrated in the first column of Fig.[3l In the first row, the visible environment
is augmented by an imaginary object, in the second row, the imaginary object
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or scene does not relate to the current environment, but replaces it, and in
the third row, the imaginary referent exists and is referred to from the current
situation, but is not visibly accessible. Columns two and three illustrate how
gesture can be used by the speaker to structure space and impose meaning in
the three situations. The difference between the situations depicted in the second
and third column is in the area used to locate imagistic entities. In the second
column imagistic entities appear in far space. In the third column, they are
located in gesture space. The difference in physical accessibility of these two
areas has consequences for the gestural realization. Areas beyond gesture space
are accessible only by projection typically using pointing gestures. When the
referent is created in gesture space, the gesture’s location and form are usually
more immediately connected to the referent’s properties such that an iconic
gesture is more likely to appear.

Treating gestures not as individual signs, but as components in a coherent
spatial frame of reference could be highly beneficial for application domains
where properties such as spatial configuration or complex, structured objects
are in focus. Technical realizations of spatial coherence would require keeping
track of the location of gestures in gesture space and thus modeling the referent
space. In order to assess meaning, the mapping between referent space and the
world has to be determined. First steps in this direction were taken in [37I58].
A serious problem is the differentiation of one referent space from another, a
task that resembles the segmentation problem for individual gestures, but on a
higher processing level. For how long do successive gestures cohere in a common
spatial frame of reference, where does a frame of reference dissolve, and where
does another one begin? One cue in gesture form is the use of the non-dominant
hand that explicitly signals the maintenance of spatial coherence in the cases
mentioned above. Is has to be examined whether there are other structural cues
exploitable in gesture comprehension systems.

3.3 Integrated Multimodal Language Comprehension

Current psycholinguistic thinking promotes the idea of an integrated system
for language comprehension comprising verbal and non-verbal activity likewise.
Psycholinguistic studies show that language comprehension is facilitated by the
visibility of coverbal gestures (cf. [2] for an overview). It is assumed that all
pieces of nonverbal communicative activity and speech contribute to compound
messages. These messages are brought about and comprehended by a multi-
modal system of communication in which speech and gesture are processed in a
tightly integrated fashion [TJT3]. This idea finds support in neurocognitive studies
demonstrating a semantic dependency of gesture and speech input processing.
When subjects are confronted with speech and gesture stimuli, electrophysiolog-
ical responses differ for semantically matching and mismatching stimulus pairs
[32/48]. Another experiment demonstrates an electrophysiological effect of iconic
gestures on the processing of speech even if attention was distracted from gesture
[69]. Recent results from fMRI studies lend further support to the integrative
theory by showing that both action and language recruit overlapping parts of
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the brain in multimodal comprehension tasks [67]. Together, these results are
taken as evidence for a common semantic processing of both modalities.

Given the psycholinguistic and neurocognitive findings on the relevance of
non-verbal signals in face-to-face communication, we may maintain the working
hypothesis that language comprehension is essentially multimodal. This para-
digm could be adopted for the design of computational models of gesture and
speech comprehension. Research and multimodal system engineering may profit
from this idea in two respects: By moving towards an architecture built alongside
insights from cognitive science, multimodal systems may provide a platform to
test and to refine models of comprehension. At the same time, better recognition
performance and increased robustness can be expected, if we build systems where
the global-imagistic visual and the linear-segmented verbal sides disambiguate
each other and influence each other’s course of processing during comprehension.

The survey of gesture and speech input systems distinguished three classes
of approaches described in the literature: gesture facilitates speech recognition,
speech facilitates gesture recognition, and gesture and speech integration. The
former two areas have only attracted attention in the past 7-8 years, while the
latter has quite a long tradition in research. All hand gesture and speech integra-
tion approaches are so-called late-fusion models [47], where the meanings of the
modalities are determined independently from each other and merged in a later
processing step. A big challenge, but also a chance for system builders would
be to integrate the facilitative function of gesture for speech and vice versa in a
gesture-speech integration model. This approach would get us closer to a truly
interactive and closely-coupled mechanism for multimodal comprehension. Yet,
the models of mutual facilitation described in [24] are based on statistics and do
not consider semantics yet.

In accordance with a more interactive model of comprehension, the informa-
tion of one modality could be used to influence the recognition and meaning
formation process in the other modality and vice versa. Imagine speech-based
interaction with a system in a noisy environment or over a distance (e.g. distant
communication with a mobile robot). An instruction by the human interlocutor
such as “turn around” could be accompanied by an iconic gesture that expresses
the idea of rotation, for instance, a circular movement of the hand. An instruc-
tion to pick up a small object could be accompanied by indicating a small size
with a small distance between the tip of the thumb and the index finger. In such
cases, the iconic information present in gestures could be exploited to increase
the chances of recognizing the correct words co-expressive with the gestural idea
(“urn around”, “small”). An implementation of these properties would require
a conceptualization of the gesture in an appropriate spatial format which in turn
activates words that correspond to the spatial idea (“around” would be linked
to the spatial concept of circular movement). This strategy leads to a partial
disintegration of the modular structures in the system. The speech recognition
system, for instance, cannot be a separate module in the multimodal system any
longer, but has to be broken up to allow gestural information to enter the system.
Successful cross-modal facilitation also relies on a deep semantic model of the
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domain in which words that imply some spatial meaning are linked to various
spatial representations into which iconic gesture input can be transformed [55].

In analogy to the facilitation of speech recognition, gesture recognition and
segmentation could in turn benefit from semantic processing of speech. Note that
such reciprocal backlinks from semantic processing to recognition might require
a revision of earlier hypotheses (initial speech recognition leads to a semantic
process which in turn links back to gesture recognition — but gesture recognition
has already built up a hypothesis). Eventually, such a system architecture will
have less in common with a modular multimodal system that leads from gesture
and speech input to a common interpretation, than with a dynamic system
getting input from two sides that stabilizes and zeroes in on a solution.

4 Conclusion

I have laid out challenges for gesture recognition in three areas: the semiotic
domains, deixis in imagistic space, and an integrated processing approach for
gesture-accompanied speech. The review of the computational approaches still
shows a huge gap between gesture recognition and comprehension technology
in human-computer interaction and the potential of coverbal gesture as a car-
rier of meaning in human communication. The majority of systems still focus
on gesture recognition as a pattern classification problem. Only a few systems
model the semantic dimensions of deixis and iconicity, and those are limited to
specific domains. Modeling gestural deixis in imagistic spaces will open the door
to advanced gesture-based applications and conversational interfaces that do not
rely exclusively on the perceivable world as a context model. In particular, the
augmentation of real space by an imagined space anchored in gestures opens up
a new area of research with applications that connect visual perception, imagery,
and deixis. Bound to an integrated multimodal processing approach comprising
models for gestural deixis and iconicity is the prospect that cross-modal facili-
tation can produce more robust systems for speech and gesture understanding.
Besides building computational models more in line with current research in cog-
nitive science, early integration may avoid the cumulation of recognition errors
leading to unstable systems.
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Abstract. Building animated conversational agents requires develop-
ing a fine-grained analysis of the motions and meanings available to in-
terlocutors in face-to-face conversation and implementing strategies for
using these motions and meanings to communicate effectively. In this
paper, we sketch our efforts to characterize people’s facial displays of
uncertainty in face-to-face conversation. We analyze empirical data from
human—human conversation and extend our platform for conversational
animation, including RUTH (the Rutgers University Talking Head), to
simulate what we find. This methodology leads to a range of new in-
sights into the structure, timing, expressive content and communicative
function of facial actions.
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1 Introduction

Our cooperative conversations are amazingly complex activities. As we talk, we
must contribute appropriate content, we must give each contribution an ap-
propriate emphasis to show why we are making it, and we must support the
interaction by collaborating to ensure that we are understood. With all this to
do, it’s no wonder that words alone are not enough.

Research has shown that people canuse nonverbal behaviors as an integral part
of their face-to-face conversations [1I213]. For example, coverbal gesture can help
contribute content to the conversation in ways that interlocutors pick up on and
remember [4]. Eyebrow flashes can help to mark emphasis in the accompanying
speech and disambiguate its contribution to the discourse [5]. Even how one
holds one’s body [6] and directs one’s head [7] can give visible form to one’s
efforts to structure and track the conversation, and can help to support the
robust dynamics of natural communication.

In this paper, we explore the use of animation and simulation as a methodol-
ogy that can help to characterize this rich repertoire of expressive behaviors. Our
investigation focuses on the facial displays that interlocutors can use to signal
their certainty or uncertainty about their contributions to face-to-face conversa-
tion. In fact, as part of a broader investigation, we have found that interlocutors
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do have behaviors at their disposal that can accurately indicate their level of
certainty to viewers, and reproducing those behaviors can allow viewers to in-
fer an animated agent’s level of certainty too [SI9UI0]. However, these behaviors
are quite complex, involving the orchestration of many fine-grained expressive
movements that play out over time in synchrony with a spoken utterance. They
include emblematic displays with relevant meanings, such as the “facial shrug”
meaning I don’t know, which is performed by raising the eyebrows and using
the muscle at the chin to raise and project the lower lip. But they also in-
clude specific combined uses of signals with other emotional and conversational
meanings, spanning subjects’ eyes, eyebrows, mouth shape and head pose. In
these utterances, it seems that uncertain speakers dramatize their cognitive ef-
fort for their interlocutors, as they formulate contributions to conversation word
by word, and showcase their appraisal of that effort as problematic, difficult or
comical. Viewers infer speakers’ uncertainty indirectly, by tracking the cognitive
effort and appreciating the appraisal. The multifaceted and dynamic nature of
uncertainty communication poses a substantial challenge for creating embodied
conversational agents with the rich expressive capabilities that people use.

The specific contribution of this paper is to describe how we have extended
the capabilities of our face animation system RUTH (Rutgers University Talking
Head) [IT] to support the study of such specific, naturalistic facial movements as
performed in synchrony with coverbal SpeechE[ We begin in Sec. 2] by exploring
how people communicate uncertainty face-to-face, and how we are combining
observational research, computer animation, and psychological studies to char-
acterize how this communication works. We also describe some of the difficulties
we encountered in using the original version of RUTH, within this methodology,
to animate the kind of complex naturalistic behaviors that speakers use to com-
municate uncertainty. In Sec. Bl we explain how the empirical data we wanted
to model led to substantial revisions in the capabilities of the animation system
and the way the animation interfaces with utterance representations and dia-
logue architecture. Finally, as we discuss in Sec. H] the data also gives us reason
to reconsider more general design principles for future animated agents.

Our presentation reports one aspect of a broader project. In addition to the
data analysis and animation research we describe here, this project also included
validation experiments to document viewers’ interpretations of recorded utter-
ances and of RUTH animations. We can only summarize these other ingredients
of the project here, and we refer interested readers to [10], which summarizes our
evaluation of RUTH, and to [8], which describes all our experiments in detail.

2 Communicating Uncertainty Face-to-face

Both speakers and their audience are sensitive to uncertainty in conversation.
When they are uncertain, speakers give answers more slowly, and are more likely
to use rising intonation, to qualify their statements with hedges, and to provide

! The updated version of RUTH is available for research use at
http://www.cs.rutgers.edu/ village/ruth
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commentary evaluating their search for information [12]. Listeners can recog-
nize these cues from recorded speech [I3]. This uncertainty shows itself in the
nonverbal cues that speakers use as well. A recent survey [I4], elaborating a
common-sense inventory that goes back at least to Darwin [I5], proposes that
such cues can include frowns, sideward eye movements, lip-pouting, lip-pursing,
tensed mouths, side-to-side head-shakes, head tilts, self-touch gestures, hand-
behind-head cues, palm-up gestures, and the shoulder-shrug. Such “expressions
of uncertainty” —mnonverbal signals that can be interpreted as giving evidence
about speakers’ uncertainty or related states such as confusion—count as some
of the most frequent displays in American conversation [16]. And their interpre-
tations are robust. Swerts and Krahmer [I7/18], for example, found that eyebrow
movements, smiling, diverted gaze, and marked facial expressions were reliable
visual cues that speakers produced and addressees used to distinguish responses
where speakers felt confident in the information they were providing from those
where speakers did not.

It is less clear how expressive nonverbal behaviors manage to succeed in draw-
ing out these interpretations. The subjective meaning of uncertainty is hotly de-
bated in the communication literature [T6JI9], but in typical cases, uncertainty
seems to combine both cognitive and affective components [20/19]. The cognitive
state of uncertainty is one’s judgment that, for all one knows, a question of inter-
est could have more than one possible resolution, each with a substantial proba-
bility associated with it. Uncertainty carries affective meaning because it usually
involves a secondary judgment that one should know how things are. Recogniz-
ing that one’s ignorance is a problem may trigger a range of emotions, such as
discomfort, fear, anger, or embarrassment. The subjective complexity of uncer-
tainty suggests that specific expressions might convey uncertainty indirectly, by
signaling specific ingredients of the cognitive or affective state associated with
an interlocutor’s uncertainty.

We can illustrate the potential for these nuances of interpretation by con-
sidering eyebrow movements as signals of uncertainty. From descriptive work
[21UT4] and perceptual work [IT/I8] we know that speakers can use brow raises
and frowns to convey their uncertainty. But these actions are used in many other
situations; they have very general meanings. Brow raises can signal surprise or
interest, and are used conversationally to emphasize noteworthy information.
Frowns can signal anger or difficulty, and are used conversationally when infor-
mation needs serious consideration. For such underspecified meanings to convey
uncertainty as effectively as they do, the intended interpretation must be cued
somehow, perhaps by how the speaker performs the behavior, when the speaker
performs it, or what else the speaker does at the same time. In our data, for
example, some uncertain speakers showed a brief frown as a reaction to a dif-
ficult question, before formulating a response. Others combined a frown with
eyelid tightening while delivering the response, as in Fig. [Il as if to dramatize
with a complex collection of movements the difficulty of getting their contribu-
tion “into focus”. Still others accompanied delimited intonation units highlight-
ing uncertain information in their answers with extended brow raises, delivered
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with a head pose and gaze direction that seemed to engage the interlocutor.
This delivery seemed to convey uncertainty by indicating the speaker’s specific
expectation that their contribution was provisional and might require further
back-and-forth. In each of these cases, a fine-grained analysis of the utterance
suggests hypothetical principles that might derive a specific interpretation of un-
certainty from the more general meanings of raises, frowns and other behaviors
in context. We need to confirm such principles empirically, so we need closer
descriptive and perceptual investigations of the nonverbal communication of un-
certainty. This goal motivates our effort to recreate and adapt specific patterns
of observed movement on an animated character, so that we can present viewers
with systematically varied conversational displays and obtain judgments about
them.

Of course, in investigating uncertainty communication through animation, we
also aim to lay the groundwork for embodied conversational agents that can
convey their uncertainty over the course of a conversation. People constantly
show their level of understanding and perceive others’ level of understanding
through a variety of audiovisual channels, and thereby adapt their contributions
to make sure they can be understood [722JT718]. Theoretical accounts suggest
that this ability is crucial to interlocutors’ success in avoiding, detecting, and
resolving misunderstandings, and in reaching mutual understanding [23/24]. In
effect, interlocutors in conversation often have only probabilistic information
about what their partner meant or what they might best contribute in response.
In these situations, interlocutors’ nonverbal cues can reveal not only that they are
uncertain, but also how the uncertainty makes them feel, and what consequences
it might have for the interaction. These appraisals of conversational process can
help focus interlocutors’ joint effort towards resolving the uncertainty as the
conversation proceeds.

Embodied conversational agents are also likely to have probabilistic informa-
tion about what their partner meant or what they should contribute in response.
In fact, agents face particular uncertainty because of the difficulty of automatic
speech recognition and because of the incompleteness of practical models of the
world and the limitations of models of human users. Uncertainty has therefore
received particular attention for human—computer interaction, for example in
tutorial dialogue [2526].

One output for our research, then, may be a repertoire of behaviors for agents
to use in such uncertain contexts. Concretely, in the simplest case, a probabilistic
dialogue manager could specify its uncertainty about a planned move as part
of the input to generation. In response, the generator would select words and
embodied actions not only to convey the specified content but also to convey the
specified uncertainty. It might do this by selecting facial displays to perform in
synchrony with the units of the utterance using a pattern that we have seen an
individual communicator use in natural conversation and that we know viewers
tend to interpret accurately. In this way, our empirical investigation may lead to
systems that can signal their own uncertainty and recognize their interlocutors’,
and consequently interact more robustly with people.
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2.1 Visual Communication of Uncertainty

We designed and carried out a series of experiments to identify illustrative ex-
amples of behavior that reliably communicate speakers’ uncertainty. Full details
about the experiments can be found in [§]. The investigation deliberately narrows
in on the empirical prerequisites for our central theoretical and computational
problem: how to generate and interpret specific patterns of behavior as convey-
ing uncertainty. The narrow focus has implications for the kinds of conclusions
we can draw. Our experiments cannot characterize how people tend generally
to show uncertainty, or even what signals of uncertainty are most common in
natural conversation. Nor can they establish differences across individuals or
across cultures in how interlocutors express uncertainty. We do not have enough
data to address these issues. They represent important unresolved problems for
future work.

We began by collecting a corpus of speech and video of subjects engaged in
a face-to-face interaction designed to elicit a range of contexts and degrees of
uncertainty. Subjects spoke in an informal conversation with an experimenter,
and discussed a familiar topic, Rutgers University. Along the way, the exper-
imenter asked a series of questions about the university drawn from the Uni-
versity’s frequently-asked questions website. At key questions, the experimenter
also asked subjects how certain they were of their answer on a scale of zero
to one hundred. We used this self-report as a ground truth measure in corre-
lating speaker behaviors and viewer judgments with subjective uncertainty. In
fact, however, a number of prior experiments have shown that subjects’ meta-
cognitive judgments about whether they know an answer correlate closely with
whether they do in fact know [T2I3I17].

For further analysis, we focused on two questions that elicited a wide range of
different certainty responses: Who is the current Rutgers University president?
and Do you know in what year the University was chartered?B We first aimed
to discover whether subjects’ responses showed reliable cues to their level of cer-
tainty [9I§]. Following [I3JI7], we presented recordings of answers to new judges,
who rated how certain the speaker seemed in their response. Each judge was
assigned to one of four conditions for the experiment: in different conditions,
judges rated the text transcript of the speaker’s response, the video (no sound),
the audio (no video), or both video and audio. In keeping with the results of
[I7], we found that judges’ ratings of a speaker’s apparent certainty correlate
quite closely with the certainty the speaker themselves reported—as long as
judges get at least the video or the audio from a recording of the subject’s
original delivery. For example, the correlation between an individual judge’s
rating of recorded video and the speaker’s self-reported uncertainty was 0.796
(Spearman’s p correlation, p < 0.01 by two-tailed permutation test). However,

2 The latter question might seem somewhat obscure to outsiders, but the Rutgers
campus is festooned with flags and monuments commemorating the founding of the
University in 1766. So students definitely feel this is something they should know,
even if they can’t always come up with the exact year.
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with our examples, judges were not able to recognize a speaker’s uncertainty
merely from the text transcript of what was said.

We then wanted to investigate whether we could reproduce the visual cues
to uncertainty on an animated agent, and use those cues to communicate the
agent’s uncertainty. We therefore created (silent) animations with RUTH that
reproduced subjects’ deliveries in our test items as closely as possible. As we
describe presently, this process required substantial revision to RUTH. Once we
had these videos, we showed them to new sets of judges, under three different
conditions, and found that their ratings of RUTH’s apparent certainty also cor-
relate quite closely with the subject’s reported certainty. See [I0]. To start, the
correlation between an individual judge’s rating of a fully-realized RUTH ani-
mation and the speaker’s self-reported uncertainty in the utterance from which
the recording was derived was 0.635 (Spearman’s p correlation, p < 0.01 by
two-tailed permutation test). Moreover, by manipulating the elements of the an-
imated performance and running corresponding ratings conditions, we were able
to show that both facial movements (displays of affect) and head and eye move-
ments (manifestations of cognitive state) seem to contribute to viewers’ judg-
ments. A second group of judges saw RUTH animations which reproduced the
head and eye movements of the original performance, along with lip movements
for synthetic speech. Their ratings correlate with self-report only at 0.541 (Spear-
man’s p correlation, p < 0.01 by two-tailed permutation test). A final group saw
RUTH animations which omitted the head and eye movements, but included lip
movements and other expressive movements of the face. Their ratings correlate
even less with self-report, at 0.405 (Spearman’s p correlation, p < 0.01 by two-
tailed permutation test). These results are consonant with the idea that viewers’
attributions of uncertainty are inferences from speakers’ meta-level signals both
about their cognitive effort and about their affective state. Now that we know
that RUTH animations can be interpreted like videos of people, and can vary
the information they contain, we can refine our perceptual experimentation in
future work to test this idea more precisely.

2.2 Starting Point: RUTH

Our focus in this paper is on the process of encoding human behaviors onto
RUTH, and the particular lessons we learned by developing a representation
of the performance of specific embodied utterances that bridges the fields of
communication, linguistics, and computer animation. Although we have always
aimed at such a synthesis in developing RUTH [I1], we had never before at-
tempted to realize animations that faithfully reproduced such complex signals
of interactional and expressive state from qualitative specifications. So our initial
starting points—our initial prototype of RUTH, and a FACS coding of people’s
behaviors in specific utterances—were further apart than we anticipated.
RUTH [I1] is a real-time facial animation system that animates conversa-
tional facial displays and head movements in synchrony with speech and lip
movements. RUTH’s animation primitives include arbitrary point-based defor-
mations of an underlying polygonal mesh. RUTH has no dynamical models of
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the action of muscles or the motion of the skin. Deformations for active motions
are represented as vector offsets to mesh vertices and are summed linearly to de-
termine the shape of the face at a particular frame of animation. RUTH handles
head movements by applying rotations and translations to part of the model;
the effect fades out across the neck to maintain smooth geometry. The eyes
also rotate in place. For animating speech, RUTH uses a coarticulation model
based on dominance functions [27I28/29] to capture the fact that different speech
sounds are visible to different degrees and for different durations during articu-
lation. RUTH is designed for use both with recorded and synthetic speech. The
interface in either case is raw audio data paired with a symbolic specification of
phoneme timings. We have instrumented the Festival speech synthesizer [30] to
output phoneme timing information directly to RUTH; for recorded speech, we
label phoneme timings by hand or use speech-recognition software to compute
a forced alignment with the text transcript.

To explore the relationship between nonverbal actions and speech, RUTH
offers a high-level specification of utterance realization in which qualitative non-
verbal behaviors are timed in synchrony with the prosodic structure of utter-
ances. RUTH assumes the ToBI model of English intonation [31], and uses the
timestamps of accented syllables and of breaks between phrases as possible syn-
chronization points between speech and gesture. Short behaviors (such as a nod)
can synchronize with an accented syllable. Longer behaviors (such as raised eye-
brows) can synchronize with a phrase as a whole; in this case, key milestones
in the time-course of the animated behavior are timed to coincide with the be-
ginning of the phrase, the first accented syllable in the phrase, the last accented
syllable in the phrase, and the end of the phrase. In the resulting animations—as
in people’s natural utterances—units of prosodic structure coincide with units
of gesture and prominent syllables coincide with the most prominent phases in
the realization of accompanying behaviors [2TI32/TIJ3].

We prototyped RUTH using a small collection of recordings of scripted utter-
ances, mostly from the domain of broadcast news. Our initial design captured
only the most frequent behaviors from these recordings. In particular, we started
with those behaviors that signal discourse structure and emphasis, rather than
those that express affect or help manage interaction. The prototypical display
of emphasis is a symmetrical movement of the brows, highlighting an individual
word or an extended phrase. See also [5]. Speakers may use raised eyebrows or,
less commonly, a frown. Brief movements of the head offer a more general clue to
the function of a word or phrase in the ongoing discourse. A downward nod on a
word or phrase is the most common case, but speakers can also avail themselves
of a range of other behaviors, including head raises, tilts, and turns, to mark
what is said with a particular prominence or contrast.

2.3 Data and Analysis

We selected ten interaction segments from our data set for in-depth analysis.
We transcribed all spoken words and obtained timings for individual phonemes
in the speech by using the Praat speech analysis program (www.praat.org) to
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hand-correct an automatic alignment of sound and transcript. Two trained
coders used the Facial Action Coding System (FACS [33]) to characterize the
movements of the face. The coders worked independently then met to work out
a consensus labeling. Agreement statistics for this process are not available, but
both coders had passed the FACS reliability test, and preliminary assessments
of their work were in keeping with published reliability statistics for FACS, with
agreement on presence or absence of individual behaviors over 0.8 [33]. FACS
specifies specific criteria to assess the type, intensity, and timing of facial move-
ment into categories that can be reliably assessed by viewers. An inventory of
types of facial action are considered, such as, for example, eyelid tightening, ac-
tion unit 7, which achieves a squinting look that, in conversation, can convey
doubt, and chin raise, action unit 17, which results in a pouting effect that is
part of the classic “facial shrug” emblem shown in Figs. H(b) and H(c). FACS
guidelines describe the degree of each appearance change as an intensity level
from smallest (A) to greatest (E). Time denotes the duration of a movement,
from the onset where the motion is first visible, to the apex where it reaches its
maximum intensity level, to the offset where the motion is last visible. One of
the most important aspects of using FACS to extend the behavioral repertoire
of conversational agents is its comprehensiveness—it measures all visible facial
movement, not just that presumed to be associated with emotion or cognitive
states—and thus it allows for discovery of relationships between movement and
psychological states [34].

We used an event-based coding, which means that we marked the durations of
actions and their peak of intensity, rather than giving a frame-by-frame classifi-
cation of action and intensity. We departed from the typical event-based coding
in FACS, however, in allowing coders to identify an interval for the apex over
which an action peaks, rather than just a single frame. This is important for
conversational displays because they are often consciously held for an extended
interval; it also anticipates our goals of linking the annotations to the time course
of an animation and to events in the synchronous speech.

To code head pose and eye direction, we developed our own rough categoriza-
tion of the appearance of the subject. (We found the FACS coding for head and
eyes, which directly describe individual degrees of freedom for moevemnt, some-
what counterintuitive and difficult to use.) We coded the apparent tilt of the sub-
ject’s head as a clock direction, so that for example 12 is straight up, 1 slightly to
the left, 11 slightly to the right, and so forth. Then, we coded the intensity and
direction of the subject’s eyes and nose as another clock direction (e.g. 3 is turned
to the left, 9 to the right, N for straight ahead), judged with respect to the nat-
ural axis of the subject’s head, which was perhaps tilted away from the vertical.
We didn’t explicitly mark forward and backward motion, but we did attempt to
reconstruct it later when realizing specific movements in animation.

The overall annotation we did can be summarized in a behavioral map [35],
showing the different layers and components of a person’s aggregated behavior
in one schematic table. Figure [l offers one example. This overview of the utter-
ance helps to suggest how speakers demonstrate their uncertainty in multimodal



Modeling Facial Expression of Uncertainty in Conversational Animation 65

presentations. It also showcases the complex expressions and fine-grained struc-
ture of movement we were confronted with in looking at facial signals in natural
conversation.

The additional snapshots in Figs. Rlto[Glare also taken from natural utterances
from this data set, or from RUTH animations based on them. The examples sug-
gest the diversity of expression found even in these few examples. In them, we
saw elements of the emotional displays for surprise, happiness, fear, sadness,
anger and disgust, as well as a range of other emblematic displays particularly
involving mouth movements. Many familiar action units were used frequently,
including raising and lowering of the brows, widening and tightening of the eye-
lids, smiles, and facial shrugs. But these actions were realized in many different
combinations—individual displays often showcased one affective or emblematic
meaning with movements around the eyes (e.g., surprise, effort) and another, un-
related meaning (e.g., ignorance, smiles) through movements around the mouth.
Overall we saw no less than fifteen qualitatively different patterns on the face,
and each of these could be further modulated in different ways by the inten-
sity and asymmetry of different movements, as suggested already in Fig. [l The
only expression to be really repeated across utterances was the simple enjoy-
ment smile many speakers showed while laughing (usually making a joke of their
own ignorance). In a very real sense, each of the other expressions in our data
set is unique. This flexibility shows how far we are from a general account of
the meanings and behaviors of face-to-face conversation, and indicates why it is
important and difficult to investigate nonverbal communication through conver-
sational animation.

3 Design Rationales for Extensions

The behavioral analysis described in Sec. gave us a new sense of the ex-
pressive power required to faithfully describe individual utterances such as that
mapped in Fig. [[l To investigate such utterances in RUTH, we needed to give
the animation system comparable expressive power. Two major changes were
required: a new approach to head pose, as described in Sec. 3], and a new
inventory of facial actions, as described in Sec. As we illustrate here, this
expressive power gives us much of the resources we need to reproduce specific
patterns of nonverbal behavior in RUTH, but as Sec.dland Sec.[Blunderscore, we
are still a long way from reproducing all the behaviors we observed in animation,
and from giving a general account of their meanings and interpretations.

3.1 Head Pose

We did not account for posture shifts in the initial specification of RUTH. Head
movements were treated as excursions from a fixed neutral position. Utterances
always began in the neutral position and finished in the neutral position. This
simple scheme sufficed for the monologue data which guided our initial design.

The naturalistic data we collected, however, made it clear that posture shifts
are an important element of conversational behavior. Interlocutors seem to use
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phrases|(silence) seventeen
eyes 2; then 10; then 11 12
head |1 tilt; N turn (held)
face 38B; then R9C+R14C+17C+5D+26C|6C+12C
38: nostril dilator 6: cheek raiser
9: nose wrinkler 12: lip corner puller
14: dimpler
17: chin raiser
26: jaw drop
5: lid raise
phrases|forty two maybe
eyes N N
head |12 tilt; 6B turn 12 tilt; 8B turn
face 4E+47C; 6C+12C continues{6C+12C continues
6: cheek raiser 6: cheek raiser
12: lip corner puller 12: lip corner puller
4: brow lowerer
7: lid tightener

Fig. 1. A map of one subject’s behavior in a specific interaction, as we annotated it. The
top row shows representative images tracing out the subject’s embodied interaction.
The words are broken out into phrases: we have first the initial silence while the subject
planned her response; then the answer, demarcated into three short phrases that help
to set off seventeen as a sure answer and mark forty-two as one possibility, open for
further discussion. The head and eye movements and facial actions are synchronized
with these phases in the presentation of the utterance and, as the detailed coding

suggests, integrate a complex range of behaviors.
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these posture shifts to dramatize the status of their participation in the conver-
sation. Of course, the current state of empirical research is not far enough along
to support a scientific description of exactly how these behaviors function in
conversation. Instead, we will try to convey our intuitions that these behaviors
have relatively transparent meanings by considering examples such as those in
Fig. 2l and offering the impressions that we have as viewers.

While not speaking or formulating an utterance, participants often adopted a
characteristic “listening” pose, with the head brought forward and posed slightly
lower, in a kind of pantomime of attention and deference. The first two images
from the left of each row of Fig. 2] shows listening poses from synthesized ut-
terances. Participants often marked their efforts to search for information or
plan an utterance by repositioning the head and eyes to look upward and away,
as illustrated in the third image in each row of Fig. 2l They adopt distinctive
poses for the delivery of planned utterances, and thereby embody the attitude
with which the material is contributed: raising themselves and facing directly
forward in confident deliveries; orienting their face slightly sideways but their
eyes directly forwards, as if in anticipation of a skeptical response, to proffer
controversial suggestions; or tilting their head on tentative replies as if to in-
vite a collaborative response. The rightmost image in each row of Fig. 2l show
speaking poses. Speakers often mark disfluencies by abrupt head movements, for
example to resume the kinds of attitudes seen in utterance planning.

It is useful to describe such behaviors as posture shifts rather than as ex-
cursions for three reasons. First, successive movements adopt a distinct series
of poses without any return to a neutral resting position. A speaker may move
directly from a listening pose, to a planning pose, to a sceptical delivery, without
ever adopting or even passing through a neutral rest position facing the inter-
locutor with the head held high. Second, there seems to be no intrinsic limit
to the duration of a posture shift, and accordingly no expectation that an in-
terlocutor who adopts a distinctive pose must soon end it. A listening attitude,
for example, can last indefinitely. It’s not a delimited excursion—it is in effect a
change in what counts as the agent’s neutral state. Finally, the qualitative mean-
ing of the behavior follows from the position adopted, and not the trajectory or
excursion that the speaker effects. The examples of Fig. Plillustrate this. Our dis-
cussion narrates the import of these behaviors by interpreting where a speaker
has placed their head as they deliver their contribution, without reference to
where their head has been or where they might put it next.

Our conclusions align with those of Vilhjdlmsson, Cassell and colleagues [366],
who study the posture shifts that agents manifest on their bodies as a whole.
What we say about the face, in dramatizing the state of an interaction and
dramatizing the attitude with which an interlocutor contributes to the discourse,
mirrors, in the small, the same kinds of orienting behaviors that also play out
on people’s shoulders and hips.

Posture shifts continue to align very closely with the prosodic structure of ut-
terances. We do find posture shifts in periods of silence, of course. They are part
of how people signal their participation in the conversation as they listen and
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listening planning speaking

Fig. 2. Posture shifts on the head in the delivery of embodied utterances. Each row
shows four images drawn from our realization of a specific interaction from our data
set—two listening poses, a planning pose, and a speaking pose. The sequence begins
with a neutral listening pose, followed by an attentive pose synched up with the prosodic
excursion at the end of the question-asking utterance and marked, among other things,
by a lowering of the head. The subject then turns away in utterance planning, and
finally adopts a distinctive final pose to deliver their response. These are good examples
of posture shifts, as opposed to nods, shakes, or other conversational head gestures,
because these motions meaningfully target particular poses one after the other, without
returning to a neutral rest.

plan their utterances. But posture shifts that occur along with utterances seem
to align in only one of two ways. Most posture shifts are timed so that the head
adopts its new pose at precisely the same moment as an accompanying prosodic
event. (In our analyses, precisely the same moment refers to the interval of a
single frame of video, or about 0.03 seconds.) Although some such posture shifts
are timed to align with the beginning or the end of an utterance, they most often
coincide with the most prominent accented syllable in a phrase. For example,
in returning after looking away in thought, speakers generally face back forward
again in time with the delivery of the main accent of the contribution they have
planned. This alignment is perhaps somewhat surprising and does add to the
analytical difficulty of distinguishing between posture shifts and movements like
nods that are meaningful as excursions. Finally, of course, we do find some pos-
ture shifts that begin with distinctive prosodic events. This particuarly fits two
cases: disfluencies, where the speaker must wait until the disfluency occurs to
signal it and recover from it; and the ends of utterances, where the resumption
of a listening pose is usually effected in the subsequent silence. These patterns
of timing are consistent with our earlier model [TT] and with much other research
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in nonverbal communication in assuming a close relationship between the timing
of utterances and the timing of coverbal behaviors.

3.2 Facial Displays

We omitted a wide range of facial movements in the original specification of
RUTH. We worked primarily with eyebrow movements and assumed movements
were performed symmetrically on both sides of the face. This fit the data we
originally worked with—factual content delivered in a dispassionate style—but
probably did so only because that data offered few cases where speakers de-
picted the emotional content of what they said or dramatized their attitude in
presenting it. Our new experiment elicited a wide range of additional displays.

Our subjects used many of the elements of prototypical emotional expressions.
However, these seemed less signs of felt emotions than icons that marked speak-
ers’ appraisals of their own contributions to conversation. As suggested in Fig. Bl
this showed both in the forms of the behaviors and—at least impressionistically—
in their meanings. The behaviors had a stylized form; they typically involved only
part of the realization of a true emotion, and were often realized much more in-
tensely on one side of the face than the other. And the interpretation of the
behaviors seemed specifically tied to the ongoing communicative activity. For
example, one subject displayed the characteristic nose scrunching and lip raising
of disgust, just on the right side, and thereby seemed to convey not genuine
revulsion at the proceedings, but rather a lighthearted indication that her con-
tribution to the conversation was, as it were, a bit fishy. Figure [B(b) shows our
realization of this display in RUTH. In another utterance, a different subject
showed part of the signature of fear—specifically the left lip stretcher motion
that pulls the lip down and to the side—midway through utterance planning,
as though to signal her concern that she might be unable to provide needed
information. Figure [3(c) shows this display in RUTH.

Facial behaviors that go beyond our original model show up in expressions
unrelated to the emotions as well. Realizations of such expressions are presented
in Fig.[4l A commonly-seen case is the “facial shrug”, formed by pressing the lips
together and raising the chin, arching the upper lip and allowing the lower lip
to bulge outward. A realization in RUTH appears as Fig. @l(b). The expression,
like a shoulder shrug, is a conventional signal of ignorance. Another case is the
emblem of “holding oneself back”, lowering the jaw but keeping the mouth closed
and tight using a dimpler behavior, often with the lips sucked slightly in. RUTH’s
version is shown in Fig. @(a). Speakers who use this emblem while looking away
in silence, for example, create the impression that they are worried they might
blurt out something wrong—they are reconsidering their utterance, rather than
thinking or planning it from scratch.

To represent these examples, we had to extend the range of motion of our
character. Where a motion can play out separately on different sides of the
face, we introduced separate controls for the two sides. At the same time, we
added motions for widening the eye in surprise (the FACS upper lid raiser),
and tightening the eyelid to squint (the FACS lid tightener); for wrinkling the
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Fig. 3. People adapt the expressions of emotions to provide feedback about the state
of the conversation. In (a), the wide eyes and lowered jaw of surprise combine with
a gesture pulling the lip to the right—perhaps emblematic of chewing over something
tough—to suggest that the speaker is working through a tough surprise. In (b), the lip
raiser on the right evokes disgust, and hints that the utterance being planned will be
unsatisfying. In (c), the lip is pulled down on the left, drawing on the basic expression of
fear, again conveying the speaker’s negative appraisal of the projected outcome of their
search for the right thing to say. Example (d) gives another, more striking example of
a conversational facial gesture colored by fear. All four examples are based on subjects’
behavior after being asked a question but before providing an answer; they show the
subject acknowledging their understanding of the question and attempting to formulate
a satisfactory response.

nose and for raising the lip, as in disgust; for lowering the lower lip (the FACS
lip corner depressor) and stretching the lips downward and outward (the FACS
lip stretcher), as in fear; and for raising the chin. In a number of cases, these
behaviors no longer combine together in the linear way presupposed by our
underlying animation engine. To keep the animation believable, we therefore
created separate primitives to describe key behaviors in combination. These cases
typically involve treating motions with lips closed differently to corresponding
motions with lips open, to take into account the changes in deformation as the
lips start to press against one another.

4 Future Extensions and Issues

Our detailed analysis of particular utterances has left us with a more concrete
sense of the gaps between human behaviors and the animations of RUTH, even
as we have extended it. For one thing, there are a range of miscellaneous move-
ments that we saw in human conversation but have not implemented in RUTH,
including among others sucking in the lips, licking the lips, and blowing out air
through tense lips in a sigh of frustration. These are difficult to animate with
RUTH’s current architecture of prespecified deformations in linear combination;
more so than the other behaviors we have animated these motions depend closely
on the physical dynamics of force and contact across the face. However, these
motions do fall into the important category of manipulators [37] some of which
should probably be included in any agent’s behavioral repertoire. Agents need
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Fig. 4. Not all expressions get their meaning by reference to emotion. The pose in
(a) is our rendering of an emblem for “holding oneself back”, with the jaw low and
mouth stretched. (We have not animated RUTH sucking the lips in, another com-
mon ingredient of this emblem.) This speaker seems to be zeroing in on the required
information—in contrast to the situation in (b), where the speaker raises the chin (and
the lower lip along with it), as part of an emblem of ignorance: the “facial shrug”.
Image (c) shows a facial shrug on the lower face colored by elements of surprise and
fear across the eyes, a pose that works as an ensemble to portray ignorance and its
associated negative affect. The snapshots of (a) and (¢) are again taken from the in-
terval between question and answer, while (b) accompanies a hesitation at a moment
of difficulty in completing an answer.

to fidget when distracted or uncomfortable. This is one of the most common
indicators of difficulty in conversation (at least in our data).

Even for those FACS action units which we included in RUTH’s repertoire,
there are significant differences between how they look on human faces and
how they look on RUTH. Figure [ shows a pair of contrasts that illustrate
the limitation of RUTH’s model in reproducing conversational displays. Most
human faces have permanent infraorbital furrows (below the lower eyelid) or
nasolabial furrows (adjacent to the nostril wings) that become more prominent
in many actions and can sometimes be crucial in allowing viewers to recognize
them [33]. However, RUTH does not yet show changes in skin marks such as
lines, wrinkles, and furrows. Animating such changes goes beyond the resources
of RUTH’s current design, which handles smooth deformations but not these

Fig.5. The absence of wrinkles and other appearance changes in RUTH animations
may color the meaning of RUTH’s displays and make them more difficult for viewers
to recognize.
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other appearance changes. However, by leaving out these movements, we may
have made RUTH’s facial expressions much harder to recognize.

Let us look at the example of Fig. Bl When we make side-by-side comparisons
between the actual human expression and RUTH’s implementation, we can see
that missing skin marks can be a critical issue. In the left pair of images, there
are crucial wrinkles on the bridge of the subject’s nose and around the subject’s
mouth. These help to show that the upper face portrays an emblem of disgust,
and that the lower face overlays a smile over the dimpler and chin raise of a facial
shrug. Without these indicators of the specific combination of action units that
lead to this facial expression, the RUTH implementation is more ambiguous. In
particular, unlike the photo, it is compatible with a straightforward expression of
anger. In the same manner, the third image portrays the subject as apologetic,
which is close to sadness. The RUTH version, without the brow wrinkles to
indicate the involvement of the frowning muscle, and without the chin wrinkles
that indicate that the mouth pose is a deliberate use of a facial shrug emblem, is
more readily interpreted as surprise or fear. Our perception experiment showed
that the difference between the original human facial expression and RUTH
implementation is not large. However, these examples illustrate the possibility
that the missing cues and marks can actually alter how displays are interpreted.

Fig. 6. Animation should lead to the same visual impression as the original video. That
may mean exaggerating the human motions on RUTH. In this figure, the reorentation
of RUTH’s eyes involves a comparable rotation in space as the original example but
does not give as strong an impression of looking away.

One way to compensate may be to exaggerate RUTH’s expressions over the
original human data. In fact, when an ECA coder reads the annotations without
watching original video, it is still very difficult to know exactly how much move-
ment responds to each intensity level. After all, FACS is designed to annotate
observable movements from the face, not to provide specifications for computer
implementation. Therefore, ECA researchers have to make an inference as to
how that FACS code should be coded into RUTH. Figure [ shows RUTH with
eyes turned away to the same degree as the human subject. Nevertheless, the
expressiveness from the human subject appeared to be relatively stronger. The
slight and yet perceivable difference could be in part due to the simple physi-
cal difference in its appearance. For example, RUTH’s eyes are relatively bigger
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than those of humans, thus diluting the effect of the same amount of movement
on RUTH.

5 Conclusion

In this paper, we have explored the complex behaviors that interlocutors use to
convey uncertainty face-to-face. These behaviors reveal movements of the head
and eyes that signal the state of the conversation and the cognitive activity
that the speaker is engaged in, and diverse expressive movements across the
face that convey the speaker’s appraisal of their efforts to contribute to conver-
sation. Through the analysis of these behaviors, we have articulated a clearer
understanding of the capabilities that face animation systems should support
to reproduce people’s signals of uncertainty in perceptual studies and prototype
conversational agents. Some of these new requirements are realized in a new
implementation of RUTH, the Rutgers University Talking Head.

The revised implementation of RUTH synthesizes a range of insights from
across the science of communication. We have drawn on the Facial Action Coding
System (FACS [33]) in broadening the animation inventory of our agent by
implementing an extended range of qualitatively different movements. We have
drawn on previous animated agents, and the literature on speech prosody, such
as [31], to describe how those movements are aligned in time with the prosodic
structure of speech.

Our methodology embraces psychological techniques for human-subjects in-
vestigations of the interpretation of embodied utterances. In addition to inte-
grating our new animations into conversational systems, we have also begun to
take our new animations into the lab and evaluate them. In future work, we
hope to repeat the cycle of data collection, synthesis and perceptual studies to
get a broader and more precise fix on the ways people communicate face-to-face.
For example, we would like to assess whether the behaviors that we have identi-
fied are representative or common, and to find behaviors that are. Similarly, we
would like to confirm that these behaviors have general meanings and interpre-
tations across individuals, while getting a better handle on the ways nonverbal
behaviors vary across individuals. On the one hand, we would like to run addi-
tional perceptual studies of the component motions of complex communicative
actions, to understand how interlocutors’ understanding of individual motions
combines together to yield a coherent interpretation of embodied utterances.
On the other, we would like to follow up on the hypothesis that differences in
nonverbal behavior, like differences in choices of words, arise because different
people take different approaches to co-constructing the conversational context
and correspondingly choose to convey different information. The diverse possi-
bilities for future work illustrate the generality and power of the methodology
we have described for combining observational, computational and psychologi-
cal techniques to understand face-to-face conversation and extend the behavioral
repertoire of conversational agents.
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