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ABSTRACT

The user’s behavior and his interpretation of mt&ons with
others is influenced by his cultural backgroundiclprovides
a number of heuristics or patterns of behavior
interpretation. This cultural influence on intefanthas largely
been neglected in HCI research due to two chalenge
grasping culture as a computational term and fiigring the
user’s cultural background by observable measureshis
paper, we describe how the Wiimote can be utilizedncover
the user’s cultural background by analyzing histgrat of
gestural expressivity in a model based on cultdialensions.
With this information at hand, the behavior of ameractive
system can be adapted to culture-dependent pattefns
interaction.

Categories and Subject Descriptors

H.1.2 [Models and Principles]: User/Machine Systems —
human factors, human information processihg;5 [Pattern
Recognition]: Implementation — interactive systems

General Terms
Design, Human Factors.

Keywords
Gesture recognition, Bayesian network modeling, t@al
interactions

1. INTRODUCTION

Our cultural backgrounds largely depend how we rprtt
interactions with others, which aspects we fincevaht, and
what kind of behavior is deemed annoying or inagltiCulture
is pervasive in our interactions and influencesifisgtance how
we negotiate or how close we stand to each othangian
interaction. Figure 1 exemplifies typical hand/gpwstures of
German (crossed arms) and Japanese subjects (jraned).

If we take the evidence from the literature sefipulat users
from different cultures interact based on such uralt
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Figure 1: Typical difference in posture for German(crossed
arms) and Japanese (joint hands) [32].

dependent heuristics, then it is necessary to ackwtedge
these differences for the design of interfaces. Ithis paper
we focus on embodied conversational agents, whichrse as
anthropomorphic communication devices and thus crea
even more severe expectations regarding their behav
(verbal as well as nonverbal). Embodied conversatial
agents as an interface metaphor have a great potéalt to
realize culture specific interaction behavior in seeral fields
of human computer interaction: (i) Information
presentation: By adapting their communication styleto the
culturally dominant persuasion strategy, agents bemme
more efficient in delivering information or selling a point or
a product. (ii) Entertainment. Endowing characters in
games with their own cultural background has two
advantages. It makes the game more entertaining by
providing coherent behavior modifications based onthe
cultural background and it let's characters react n a
believable way to (for them) weird behavior of otheagents
and the user. (iii) Serious games: For educationgdurposes,
experience-based role-plays become possible, e.gor f
increasing cultural awareness of users or for augnming the
standard language textbook with behavioral learning

In this paper we address the question if cultuifiérénces in
multimodal behavior can be utilized for human cotepu
interaction. We claim that we have to tackle twal#nges to
this end. On the one hand we have to identify $e's cultural
background and on the other hand we need a modebwarto
use this information in our interactive system, @ae how to use
culture as a computational notion. Both challengee



addressed in this paper. We present our approach
automatically uncover the user’s cultural backgebased on
his gestural activity. To this end, we make us¢hef Wiimote

controller, which provides acceleration data far three spatial
axes. This informtion on the user’s gestural attiig then used
for adapting the behavior of virtual characters reflect

behavior patterns found in the user’s culture. Sawoeds of

caution are in order here. The user's behavior ddesourse

not only depend on the user’s cultural backgroumdaltso on a
number of other personal and contextual influeneeas,on the
user’s personality, current emotional state, etgarilis and
Suh [37] for instance review work on cultural irdhces on
personality and culture and give an excellent aeenof their

interrelations. Thus, in the long run, an integiataodel is

needed that combines cultural variables and oth#ueince

factors. Nazir and colleagues [30] e.g. proposésa fmodel

that relates culture and personality in a cognisikghitecture.

2. RELATED WORK

Culture has been in the focus of attention relatmglesign
approaches. Marcus and Gould [27] analyze webSBibes all

over the world and show that they are tailored tdtucal

preferences and differ largely in the features #rat deemed
necessary for the entry point of a web presencaildsand

colleagues [9] present an additional in-depth coatpse

analysis of US and Malaysian websites based ondtbetity

and hierarchy dimension of Hofstede [15]. On Malays
websites, information on an organization and &éf $ given in

a prominent place, often on the front page of apretence.
According to Gould and colleagues, this reflectshigh power
distance of the Malaysian culture. On US websiteshe other
hand it is difficult to find this information. Insad, websites
focus on the task an individual user wants to aehiélisham
and Edwards [13] take age as an additional variahie

account in their case study about Malaysian eldeséys.

Choi and colleagues [5] investigate in detail hosmhility for

interfaces on mobile devices depends on the userdtsiral

background. To this end they utilize two of Hofgted
dimensions (uncertainty and identity) and Hall'@][hotions of

context and time perception. By relating theseutaltvariables
to certain interface instantiations they are abl@resent some
links between interface attributes like prefererfoe large

amount of information and cultural variables likegh

uncertainty avoidance.

tovideo chatting is more popular in collectivist cuéts. They

Whereas the above mentioned studies are concernigd w

information presentation on websites or other giagh
interfaces, others have focused on the relationvdet the
cultural background of a user and interaction styknd
interface use. Massey and colleagues [28] examiatemed
interaction styles for global virtual teams, whittave an
enhanced need for efficient communication. Based
Hofstede’s dimensions of identity and uncertainiyeraction
styles like direct vs. indirect, instrumental véfeetive were
examined in relation to the capabilities of diffetre
communciation devices like video (conferencing)tetephone
vs. email. Cultural differences were exemplifiedthwa case
study on the use of an asynchronous, text-basedeofdrum,
which was in conflict situations more in accordandgéh the
indirect, group oriented style of participants frora
collectivistic culture. On the other hand, usersthwihis
background experienced difficulties in expressimgjrt opinion
only by text as this form of communication deletesst of the
contextual clues of face to face communication. Jére result
is described by Kayan and colleagues [20] for Hiisfaction in
the use of instant messaging. They show that rpalty audio-

on

relate this effect to the fact that these technelmgrovide more
contextual clues than simple text-based systemsd Rmd

Gelderblom [7] present a thorough evaluation ofural effects
on interface use, first identifying characteristimultural

dimensions, then defining interfaces in line witiposite ends
of these dimensions and then measuring the effe¢hase
interfaces on speed, accuracy and satisfactiotsledeisers.

Whereas static presentations like e.g., websitesbea easily
tailored to culture-specific demands during theigteprocess
(given that the designer recognizes the challeng&ractive

systems pose an additional challenge because theyth react
dynamically to situational and contextual factdrs.make such
systems adaptable to cultural differences in ictéva

behavior, one needs a set of parameters or rudgsatiow for

influencing the system processes. Most approachésis area
concentrate on learning environments or interaatole-plays

with virtual characters. Khaled and colleagues]([23]) focus

on cultural differences in persuasion strategies @mesent an
approach of incorporating these insights into spasive game
for a collectivist society. Maniar and Bennett [2&opose a
mobile learning game to overcome cultural shocknigking

cultural differences aware to the user. Johnsoncafidagues
[19] describe a language tutoring system that &@lkes cultural
differences in gesture usage into account. The susee
confronted with some prototypical settings and tdeom

speech input, have to select gestures for thetaes/avioreover
they have to interpret the gestures by the tutentgto solve
their tasks. Warren and colleagues [39] as welRabm and
colleagues [31] aim at cross-cultural training sc@s and
describe ideas on how these can be realized wittuaVi
characters. Jan and colleagues [17] describe aroagp to
modify the behavior of characters by cultural vialés relying

on Hofstede’'s dimensions. The variables are setuaifnin

their system to simulate the behavior of a grouphafracters.

To sum up, most of the above mentioned approacigon a
dimensional theory of culture, which is presenteddétail in
the next section.

3. ENCULTURATING HUMAN
COMPUTER INTERACTION

To integrate culture as a contextual factor inte thuman
computer interaction, two tasks have to be sold.the one
hand, the system’s behavior has to be adaptedeausier’s
cultural background. Therefore, culture specific steyn
behavior has to be defined. On the other hand, uder's
cultural background must be known to the systerheeity
telling it directly or by inferring this backgrounffom the

interaction.Before we present our prototype, it is necessary to

have a closer look on what we mean by culture avd dulture
can be exploited for human computer interaction.

3.1 Definitions of Culture

To allow culture to be used in a computational wayis

necessary to build on a concept of culture thaufea a way to
measure the impact of different cultures on belrawio

expressivity. The definition of culture is not aasg task and
there are many fuzzy definitions of this notion ward.

Nevertheless there is one theoretical school whlaims that
culture can be defined as a set of values and ndhas

members of a certain group adhere to. Kluckhorn and

Strodtbeck [24] for instance distinguish betweere fiifferent
value orientations ranging from people and naturer dime
sense to social relations. Although this is a fitassification of



possible values, the impact on behavior is moranodnecdotal
character not allowing for an operationalizable elodA
similar, value-oriented approach is presented bdywacz and
Sagiv [35]. Values are defined as goals that ses/guiding
principles of behavior. These values are based lueet
universal requirements (biological needs, coordidasocial
interaction, and group functioning). Cultures novifed in
which values, i.e. goals, they relate to theseensal needs and
how they prioritize different values. It remainshte shown how
these different goal structures can be reflectedspecific
interaction behaviors. Hall ([10];[11];[12]) condeates in his
work mainly on three different dimensions: spadmet and
context. Accordingly, he defines high- and low-aarttcultures
refering to spatial behavior, monochronous and golynous
cultures referring to time perception, and low- &igh-context
cultures referring to aspects of group membershim a
associated patterns of communication. Hall assexidifferent
behavior patterns with the three categories, eigh-bontact
cultures are those in which people display conaider inter-
personal closeness and immediacy.

A more recent representative of this line of thivtkis Hofstede
[15], who defines culture as a dimensional concE.theory
is based on a broad empirical survey that givesiléetinsights
in differences of value orientations and norms.dtixfe defines
five dimensions on which cultures vary. Thus, aegiculture is
defined as a point in a five-dimensional space.

1. Hierarchy: This dimension describes the extent to
which different distribution of power is accepted b
the less powerful members. According to Hofstede

emotional displays in a culture. Thus, it is moceeptable in
individualistic cultures like the US to publiclygfilay negative
emotions like anger or fear than it is in colleic cultures
like Japan. Based on Hofstede’'s dimensions, Hadsted
Pedersen, and Hofstede [16] define synthetic cedtuas
representations of the end points of the dimensats show
how specific behavior patterns differ in a prinegl way
depending on where a culture is located. Table esauts a
summary for the acoustic and spatial behavior e$¢hsynthetic
cultures, which serve as a starting point for oarametrized
model of cultural variation.

Table 1: Synthetic cultures and corresponding pattes of
behavior for low (L) and high (H) values [16].

Dimension | Synthetic culture | Sound Space
Hiearchy L: Low power Loud Close
H: High power Soft Far
Identity L: Collectivistic Soft Close
H: Individualistic | Loud Far
Gender L: Femininity Soft Close
H: Masculinity Loud Close
Uncertainty | L: Tolerance Soft Close
H: Avoidance Loud Far
Orientation | L: Short-term Soft Close
H: Long-term Soft Far

Similar cultural differences are found for the uxfegestures
and gestural activity. Argyle [1] distinguishesweén different

more coercive and referent power (based on personaltypes or qualities of movements. Movements thabmgzny

charisma and identification with the powerful) sed
in high-H societies and more reward, legitimated an
expert power in low-H societies.

2. ldentity: Here, the degree to which individuals are
integrated into a group is defined. On the
individualist side ties between individuals aredep
and everybody is expected to take care for himself.
On the collectivist side, people are integrated int
strong, cohesive ingroups.

3. Gender: The gender dimension describes
distribution of roles between the genders. In féngn
cultures the roles differ less than in masculine

the

speech, conventionalized movements, i.e. emblemsign
language, movements that give information about tiemal
states and movements that give information abotgopality
traits. Another taxonomy is defined by McNeill [29vho
distinguishes between non-speech related gestwesech
related gestures, and conventionalized gestureschwhre
called emblems. Such emblems have usually beegnaskian
arbitrary meaning, which makes them a likely factoir
intercultural misunderstandings. The American dasifor
example is interpreted as an insult in Italy ([36])

Regarding the quality of gestures, Argyle citegdtffs work on
comparing qualities of gestures like spatial ext@nspeed in

Cultures’ where Competition is accepted and status different groups of immigrants. Similar results described by

symbols are of importance.

Uncertainty: The tolerance for uncertainty and
ambiguity is defined in this dimension. It indicat®
what extent the members of a culture feel either
uncomfortable or comfortable in unstructured
situations which are novel, unknown, surprising, or
different from usual. Whereas uncertainty avoiding
cultures have rules to avoid unknown situations,
uncertainty accepting cultures are more tolerant of
opinions different from what they are used to and
they try to have as few rules as possible.

5. Orientation: This dimension distinguishes long and
short term orientation. Values associated with long
term orientation are thrift and perseverance wiserea
values associated with short term orientation are
respect for tradition, fulfilling social obligatishand
saving one’s face.

According to Hofstede, nonverbal behavior is stigragfected
by cultural affordances. The identity dimension fiostance is
tightly related to the expression of emotions dmaldcceptable

Ting-Toomey [36] for differences in gestural frequg and
spatial extent between Southern European and Narthe
European cultures. Thus, the quality of gestures how a
gesture is realized constitutes a cultural patte#rmonverbal
behavior. McNeill [29] analyses the dynamics oftgess in
more detail and defines three phases of movemkntke pre-
stroke phase the hands are brought into the gespaee, the
gesture itself is done during the stroke phasenaétrds, the
hands are retracted in the post-stroke phase. dfuges are
realized with high frequency one after the othbegst phases
may blend into each other and gestures may betedfdry each
other. Thus, we can for instance expect to findemwir such
effects in the Southern than in the Northern Euaopeultures.
To sum up, cultures differ in their gesture usageddferent
levels like the meaning of a gesture or the quatifythe
movements like speed and spatial extent. Thuselayimg this
information from the literature to Hofstede's cudl
dimensions we are able to model cultural effectsgestural
patterns of behavior. In our model, we concentmte the
quality of the movement to infer the users cultura
background..



3.2 A Bayesian Network Model of Cultural

Influences

Cultural influences manifest themselves on diffedenels of
behavior as we have seen above. Thus, the infamaitbout
the cultural background of an interlocutor is orgirectly
available and has to be derived from observatioh®tboer
variables. To this end, the user's multimodal comitative
behavior like eye gaze, spatial behavior, or gesexpressivity
has to be analyzed.

Fortunately, there are already quite sophisticatsmbgnition
methods available for different modalities on whithe
inference of the wuser's cultural background cany.rel
Nevertheless, the necessary knowledge for thisrante is
unsure and unreliable because on the one hand nitioog
engines are far from perfect, on the other hancetheght be a
prototypical behavior for a given culture but stilspecific user
might deviate from this behavior. Thus, the modas ko cope
with this unreliable information which makes Bayesi
networks well suited for the task.

Bayesian networks as described in [18] are a fdsmmalto

represent probabilistic causal interactions. Fatance, they
have already been successfully applied to modeltiens for

virtual agents ([2];[3]). In the domain of cultutkey are also
very suitable, for the following reasons:

layer defines Hofstede’'s dimensions, the bottonedayonsists
of nodes for nonverbal behavior that can eitherdggstered
from the user or set for a given agent. The topenatlich is
labeled “Culture” is just for demonstration andeiqiretative
purposes. It mainly translates the results fromdimeensional
representation of cultures into a probability digsition for
some exemplary cultures.

Figure 2: Bayesian Network modeling the interrelatbn
between cultural dimensions and nonverbal behavior.

There are some arguments if this is a valid apprascause all
of the above mentioned theories describe cultura ascial
(group) phenomenon and not as aspects of singigidodls

1. Bayesian networks handle uncertainty at every like it is with personality traits (see e.g. Roj@8]). Others

processing step. This is very important for our

argue that it can be viewed as a cognitve modelthia

purpose because the link between culture and Vygotskyan sense (see e.g. Vatrapu and Suthery. [B8i] our
nonverbal behavior is a many to many mapping. By purposes we have to distinguish between the twewawhich

using a rule based system, we would get in troifble
one individual is not acting exactly in a way cadrer
to his cultural background.

2. Because the links in a Bayesian network repre$ent t
relations between causes and effects,

we are using the Baysian Network.

1. Infering the user’s cultural background: Making use
of the cultural dimensions allows abstracting frihra
specific culture of the user to a distribution dre t

they are
intuitively meaningful. The theoretical effect diet
gender dimension of culture on the volume (loudness
of the voice, for example, is represented by a link
between these two nodes. The phenomenon that with
increasing masculinity the volume of the voicel&a
rising is easy to realize. The exact probabilitiesy

still be difficult to define, but as we use relatiy
isolated effects and their relations with the aualtu
dimensions, we can use tendencies of behavior
described in the cultural science, especially in
Hofstede’s synthetic cultures.

Bayesian networks allow for different types of
inferences depending on where evidence is
introduced in the network. Thus, in the model given
in Figure 2, a causal inference can be drawn from
evidence regarding the cultural dimensions to
nonverbal behavior, which can be used to set @tur
specific behavior patterns of virtual charactens.tie
other hand, diagnostic inferences can be drawn if
evidence for the specific nonverbal behavior is at
hand, for instance to infer the user's cultural
background i.e. his position on the five dimensjons
based on his nonverbal behavior.

five dimensions. Thus, deviating behavior of therus
i.e. behavior that is not in accordance to known
patterns of behavior for the user’s culture, resinta
different interpretation of the single user’s piasiton
the cultural dimensions. For instance, the usehtnig
be from culture A but shows behavior that is maore i
accordance with culture G. In this case his cultura
background is inferred as G and the system reacts
relative to this interpretation. Consequently, the
behavior of an individual is interpreted by known
patterns of behavior found for certain culturalugps.

It remains to be shown if the user is then irrialby
the system’s behavior which is not in accordandh wi
his “real” cultural background.

Setting the agent’s nonverbal behavior: In thisegas
the Bayesian network delivers information about
dominant patterns of behavior in a culture that is
found at the corresponding locations of the cultura
dimensions, for instance low on hierarchy, low on
identity, high on gender, medium on uncertaintghhi

on orientation. This results in a probability
distribution for each behavior e.g. for volume the
probabilites are 70% high, 29% medium, and 1%
low. In our first prototype (see Section 5), this
information is used directly to set the behavioraof

Our first model is based on Hofstede’'s ideas ofttsstic

cultures, which define stereotypes for the five @hisions. In
the long run, these stereotypical values will htovbe replaced
by specific empirical data. To this end, a largenparative
corpus study was done to retrieve enough datadtotypical

situations for at least two cultures, Germany aaplad [32].
Figure 2 gives an overview of the realized modéle Thiddle

group of agents, who will then speak with high
volume.

Thus, for the diagnostic inference it remains tesbewn if the
user is irritated by the system’s adapted behavewrause his
behavior is interpreted with patterns derived fraroup
interactions. For the causal inference this is mblem because



the behavior of a group of agents is regulated bg t
information derived from the network (see Sectipn 5

4. ACCELEROMETER BASED
GESTURE RECOGNITION

We employ Nintendo’s Wii remote controller (Wiimdtéo
capture the user's gestural behavior. The Wiimotesu
accelerometers to sense its movements in 3D spHce.
controller is able to connect via Bluetooth to ancwon PC.
The acceleration data is gathered for each dimecte:
left/right, y: back/forth, z: up/down) with a sarnmg rate of
100Hz. Figure 3 gives an impression of the Wiimdtew to
handle it, and a typical signal for the three amweheters. To
allow for fast and simple use of the Wiimote in amber of
different applications, we developed the WiiGL&hvironment
(Wii-based Gesture Learning Environment). It allodefining
gesture classes for an application, selecting featdior the
classification task, training and comparing clasesf and using
it as the classification component of an applicatib provides
a programming interface to define own features @asdsifiers.
For the use in our prototype system, we integratadsifiers
from the Weka data mining toolkit [48]Some approaches
already exist to classify gestures from accelenatiata. Most of
these use HMMs for the classification task. Schibrard
colleagues [34] describe a recent approach alsngutie
Wiimote. We claim that fast and simple classifiléke Nearest
Neighbor or Naive Bayes are also suitable for #s&.tTo this
end, we compare the results of a HMM-based appraitththe
results from the WIiiGLE in Section 4.2.3.

Figure 3: The Wiimote (left), a user handling the Wiimote
(middle), and the signal for the three acceleromets (right).

In  principal,
interpreting gestural behavior of the user: (i) hawgesture is
done by the user, and (ii) what gesture is donthéwser.

How a gesture is done can be described by whatkeall[8]
calls expressivity or expressive style. Gallahetegarizes
gestural style by a number of expressivity pararseg. how
fast a gesture is done, how much space one usesrfirm a
gesture, and links expressive style to personatitits.
Bevacqua and colleagues [4] describe how thesenedeas can
be exploited to analyse the behavior of a user asel the
results to vary the behavior of a virtual charact®ome of
Gallaher’'s parameters are also described in tleeatiire on
culture-specific gestural behavior. For instanceutBern
Europeans are said to do more, bigger, and fasstiges than
Northern Europeans (e.g. Ting-Toomey [36]), whiche a
described by the parameters overall activation @mmof
gestures per time interval), spatial extent, areedp Thus, we
claim that at least some of the expressivity pataraecan also
be linked to culture and not only to personality. dur first
model we integrated the three parameters alreadytioned
plus the additional parameter power.

! http://mm-werkstatt.informatik.uni-
augsburg.de/project_details.php?id=46

2 http://www.cs.waikato.ac.nz/ml/weka/

we can distinguish between two way§ o

Can the recognition of which gesture is performgdhe user
inform a system about the cultural background efulker? As
stated above, emblems have clearly defined forroeyey a
communicative meaning, and are culture-dependem. A
example from the German emblems is “Waving a hanftoint
of one’s eyes”, which communicates the opinion thiae
addressee is stupid. Thus, certain gestures caulgséd as an
additional source of information to infer the usecultural

background. Consequently, the next two subsections present

not only the recognition of gestural expressivityt lalso of
discrete gesture classes.

4.1 Recognizing Gestural Expressivity
Expressivity recognition can either be realizeddajculating
the expressivity parameters as features on thesigwal which
has the advantage of continous results. Or it @arehblized by
classifying the signal in discrete classes like,lavedium, high
for each expressivity parameter.

4.1.1 Expressivity Recognition as a problem of

feature calculation
To obtain the selected expressivity features fromm tiser's
gesture in a format we can use, we first must foarsit from
raw data to feature values. For a better readgbilie define
two variables S and L that are calculated on thedata:

n n n

a;+ a+ a

i=0 i=0 i=0

S=

n n n
L= Jal+ fal+ ] e
i=0 i=0 i=0
Power (3) is derived straightforward as it is egiewt with
energy and can thus be calculated in the usual way.

1 .
Power=—S where n denotes the signal length (3)
n

To find formulas for the expressivity parameteratip extent
and speed we used an experimental approach. Wedeet@0
similar gestures from one person, 10 with big a@dvith low
spatial extent, to find a reliable formula. We fduthat the
signal’'s power (3) divided by the signal's sum tf absolute
values is a good representation of spatial extenveld from
the acceleration data (see formula 4).

SpExt= % 4)

For finding the formula for speed, we also recor@8dsimilar
gestures from one person, 10 with fast speed andithOlow
speed. We found that a light variation of the folarfor spatial
extent (4) by multiplying instead of dividing thigsal’s power
(3) by the sum of its absolute values,
approximation of the gestures speed (see formula 5)

1
Speed= — SL where n denotes signal length (5)
n

% For more information on German emblems see thinenl
version of the Berlin dictionary of everyday gestur
http://www.ims.uni-stuttgart.de/projekte/nite/BLAG/ (25th
April 2008).

gives a good



Table 2: Results of feature calculation

Power Speed Spatial Ext.
Low 100% 94.8% 62.4%
High 100% 67.1% 59.5%
Overall 100% 81% 61%

Our gesture set for finding these formulas was lieriged. The
gestures were all similar and from one single persoavoid
any gesture- or user-dependent side effects. Imtéantime we
recorded a large set of gestures. We asked seugactito
write three numbers (1, 5 and 8) in the air in frohthemselves
with the Wiimote and different expressivity. Eacbsture was
performed 10 times with 6 different expressiveesylhigh and
low power, high and low speed, and high and lowtiapa
extent. In total we recorded 1260 gestures, 42@lpss.

This gesture set was used to evaluate the abovainebt
formulas (see Table 2). Power can be detected utitboy
problems. We couldn’t find any overlap within thalaulated
features of the two classes high and low. Therefbie no
suprise to get a highly significant result fromwatailed t-test

(t(418) = 25.6; p < 8*18). Speed gives as a total recognition

result of 81%, whereas the recognition for low speemuch
more accurate than for high speed. We optimizedhteshold
to achieve the best recognition rate. The significdifference
for low and high speed is still very high (t(418)18, 8; p <
4*10°%). The recognition results for spatial extent azgy\poor
and cannot really be used at all. Although the edéffice
between high and low spatial extent is still higklgnificant
(t(418) = 4.0; p < 6*10°), we cannot find a threshold to differ
spatial extent.

4.1.2 Expressivity Recognition as a Classification

Problem

As we have seen above, calculating expressivityrpaters
directly on the acceleration data only works welt power,
which can be derived in a straightforward way frtme raw
signal. The recognition results for the other patams (with

the exception of high speed) are not accepatablet B

expressivity recognition can also be defined atassdication
problem, making it available to standard recognitioethods.
Three classifiers are needed for this task, one dach
parameter that is trained on the two-class problem
distinguishing between low and high values for éxpressivity
parameters.

First of all, features are calculated on the ragnal. For the
acceleration data, we calculated the length ofdigeal, the
minimum and maximum for each axis, the median aadmfor
each axis, and the gradient for each axis. The $eaiméng set
that was described above was used for this methddn-fold
cross-validation of a Naive Bayes (NB), NearesgNeor (NN)
and Multilayer Perceptron (MLP) classifier were don

The results of this approach are given in TablE@®.the two-

class problem, all classifiers deliver acceptabhilts. The best
recognition rate can be seen for the MultilayercBptron but

because the calculation is faster for the Nearesighbor

classifier, the latter is preferred for the appiima.

4.2 Recognizing Discrete Gestures
Accelerometer based gesture recognition is alsilplesfor
discrete gestures, i.e to determine which gestae done by
the user. The above proposed recognition enginelissuited

Table 3: Recognition results for expressivity clasfication.

Power
L H All
NB 99.5% 100% 99.8%
MLP 100% 100% 100%
NN 100% 100% 100%
Speed
L H All
NB 93.8% 93.3% 93.6%
MLP 97.1% 97.1% 97.1%
NN 95.2% 94.3% 94.8%
Spatial Extent
L H All
NB 91.9% 91.4% 91.7%
MLP 98.6% 99% 98.8%
NN 97.1% 97.1% 97.1%

to recognize such gestures, which could be emplayednvey
conversational meaning, special input symbols, pstesn
control parameters. To this end, WiiGLE was testedthree
gesture sets: (i) digits from 0 to 9, (ii) a seGd#rman emblems,
(iif) VCR control gestures. Digits were chosen hessathey are
a standard problem of handwriting recognition amesent a
complex (10-class) closed problem space. The s&epfan
emblems exemplifies the usefulness of recognizighs

conventionalized gestures as an additional sourde o

information on the user's cultural background. TWER
control gestures at last were chosen for the rea$a@tiowing
the comparison of a HMM based approach to the smghd
less costly techniques integrated in WiiGLE.

Figure 4: Gesture set one: digits from 0 to 9.

4.2.1 Gesture set one: Digits

This set has the advantage of being conceptualged, easy to
grasp by the user, and having some classes thaegresimilar

in regard to shape and motion like 0 and 6 to mtie
classification problem difficult enough. Seven ssewere
recorded doing ten gestures for each digit (sear€ig for an
overview of the gestures in this set). Thus, faheelass (digit)
70 examples were collected. The same set of featwas
employed in this task, i.e. 16 features were catedl (see
above). Recognition accuracy for the classifiers waaluated
under two conditions. In the user-independent domithe

whole training set was employed. Recognition acuraas

assessed by a ten-fold cross-validation. Resultsgaren in

Table 4. Due to the bad result for the Naive Bages

Multilayer Perceptron classifiers, the data setthofe random
users were taken to test user-dependent performancthe

gesture sets, i.e. for each user 100 samples weitalzle, 10
per digit. As can be seen in Table 4 performancehis

condition incresases significantly and is even rogtifor the

third user.



Table 4: Results for gesture recognition with WiiGLE for
gesture set one: digits from 0 to 9.

User-independent User-dependent
Classifier 7 users 1 2 3
NB 58.1% 90.2%| 99% 1009
MLP 69.9% 93.1%| 99% 100%
NN 100% 100%| 100% 1009

4.2.2 Gesture set two: German emblems
Emblems are conventionalized gestures in a givétureuand
thus provide additional information on the user'sltaral
background. From the “Berlin Dictionary of GermaneE/day
Gestures” we chose eight gestdréBable Table 5). One user
prepared ten training samples for each class. Ada@é Naive
Bayes, the Nearest Neighbor and the MLP classifiere
trained on this set and tested with a test setistimg of 5
instances per class. Recogniton results are coivpata the
previous problem (Table 6). All classifiers had lgemms with
emblem A13, which was misclassified as A23.

Table 5: Gesture set three: seven German emblems.

Table 6: Results for gesture recognition with WiiGLE for
gesture set two: German emblems.

Classifier NB MLP NN
88.6% 91.4% 94.3%

Result

Thus, classifying emblematic gestures poses nocipted
problem for our accelerometer-based approach.nfiaies an
issue of discussion if the Wiimote is the suitabkvice for
capturing the necessary data as it has to be grdspgerform
the gestures. Currently, we are experimenting wittlifferent
device that is less obstrusive and can be attachtia: forearm.
Combining the information derived from the classifion of
the emblematic gestures with other types of infaimmaabout
the cultural background of the user like the exgikéty of the
gesture, his proxemics behavior, etc. can be eradlop

* Video samples of the emblems can be found ondahevfing
website: http://www.ims.uni-stuttgart.de/projekiefBLAG/

ID Description Movement
AO01 | Reproaching someoneWaving a hand in front o
for stupidity one’s eyes
AO2 | Requesting someornielndicating to one’s wrist
to hurry up
A04 | Refusing an offer Moving hands horizontally
back and forth
AO5 | Asking for something Drinking from a container
to drink
A13 | Requesting calm Repeatedly lowering
downward facing palms
A21 | Expressing existentigl Cutting one’s throat
crisis
A23 | Expressing distrust Rotating one’s hand back
and forth

disambiguate problematic gestures like the abovatiomed
American ok-sign, which is interpreted as an insultaly.

4.2.3 Gesture set three: VCR control

Gesture set three was used to compare the regulte &WVii-
based approach with an approach described intdratlire that
also relies on accelerometer data but classifiesuges with
HMMs ([21];[26]). The raw acceleration data is gtified and
then used for training the HMM models, i.e. no ghevel
feature calculation is done on the gestures. Incjple HMMs
could be used for continous gesture recognitontteittest set
for the VCR control does not take this advantage account.
Thus, our approach of calculating features on igaat and
classify the whole gesture is applicable in thisndm (see
Figure 5 for the eight gestures in this set).

Figure 5: Gesture set three: VCR control. Top row fom left
to right: gestures for play, stop, next, previousBottom row
from left to right: gestures for increase, decrease fast
forward, fast rewind.

Méntijarvi and colleagues [26] test different tiaim procedures
to increase the recognition rate of their classifithe best
result they achieve is 97.2% recognition rate. Thitaken as

the benchmark to compare the WIiiGLE toolbox against

Gestures were recorded under the same conditions. uSer
did 30 gestures per class, which were recordedidnsessions.
In each session, 15 gestures per class were pedorm
Recognition rates were caculated by a 14-fold evadislation.
Results are given in Table 7 and show clearly thatfaster,
computationally less complex classifiers like NaBayes or
Nearest Neighbor are sufficient to solve the redagntask for
a given user. All classifiers had a problem withe ttkame
gesture. They classified one example of gesturehteig
(precision: 1, recall: 0.967, F-score: 0.983) astge seven
(precision: 0.968, recall: 1, F-score: 0.984). Tesults are
satisfying and comparable to the results given tfer user-
dependent condition of gesture set one. It wouldhberesting
to see test results for the HMM model for the ueeependent
condition.

Table 7: Results for gesture recognition with WiiGLE for
gesture set three: VCR control.

WiiGLE Méntijarvi et al.
Classifier NB MLP NN HMM
Result 99.6%| 99.6%| 99.6% 97.2%

5. ADAPTING TO THE USER’S
CULTURAL BACKGROUND

The Wiimote serves as the input device for our apgtlication,
which we call a cultural mirror. It exemplifies hatlve user’s
cultural background can be automatically inferrednf his



gestural behavior and utilized to adapt the systemactions.
Figure 6 gives an overview of our system architectiihe grey
parts have not been integrated so far. In the tomg the user
will be equipped with additional input devices allng for
analysing his gaze behavior or his emotional stsieg the
audio signal. The signal from the Wiimote is semd the
Recognition Engine which classifies the input. This
information is then forwarded to a context senstnglkit
(ACOSAS) [6] and to th&€ulture Recognitiorcomponent that
incorporates the Bayesian network described abduee
information from the network will then be availabier the
interaction planning but at the moment is just pdssn to the
behavior modification moduleCultural Modification which
consists of a second copy of the network and all@wvsetting
the cultural dimensions of the agents and then ciele
correponding behaviors that are displayed to tlee. us

Figure 6: Proposed system architecture. Shaded arganot
integrated yet.

The current processing of the probability distribatfor the
cultural dimensions consists in selecting the vahith the
highest dimension. For instance, if the resulttfa hierarchy
dimension is 45% high, 33% low, and 22% medium,hlee
high is selected. For each cultural dimension nodehe
modification module, evidence is set for the seldctalue, in
this case for high on the hierarchy dimension. FRaore
sophisticated interpretations of the network’s ltssuare
possible, which could for instance take the distidn for each
node into account to modify the agents’ behaviativiitually
and thus reflecting this distribution.

Although the user can only provide input to theteyysby his
gestural expressivity, the use of the Bayesian owtvallows
modifying other agent behaviors as well. Currendlyart from
the gestural expressivity the agents’ spatial bielav
(proxemics) and the volume of speech are influenEgglre 7
gives an example of different proxemics behavioa giroup of
agents as a reaction to the user’s gestural expitgss

6. CONCLUSION

In this paper we discussed the challenge of howunall
influences can be parametrized to adapt the behafian
interactive system to a given user. To this endswggest to
analyze the user's behavior as a contextual cla¢ aiows
automatically infering his cultural background. Jhi
information is then used to modify the behavioraofroup of
virtual characters to reflect patterns of behakioown for the
infered culture. We claim that in general the chadie of
enculturating human computer interaction always toasake
these two processing steps into account.

Figure 7: Modifying the agents’ behavior as a reaén to
high spatial extent and high speed (above) vs. logpatial
extent and low speed (below).

1. Recognizing the user’s cultural background
2. Modifying the system’s behavior

This was exemplified with the use of a novel irded device
featuring acceleration sensors and by virtual dtara
interacting in a virtual environment. But the samodds true for
other forms of human computer interaction like tralitional
website as was shown in Section 2. It would berésting to
see a dynamic adaptation of the website designdbasethe
cultural preferences of the user. An adhoc appraeacid infer
the user’s culture simply by his IP-address. Themetwork
similar to the one described here could be useddtpt the
design. The output nodes then would model desigdegnes
for culture preferences.

Our current approach is deficient in two ways.Tlije model
can only be as good as the data that is used tifigpthe

probabilities. The first approrach mainly relies Hofstede's
ideas of synthetic cultures. Currently, the resfrtisn a large-
scale corpus study [32] in two different cultures ategrated
into the model. The corpus was recorded for thre¢opypical

situations present in every culture and providdstasource of
empirical data for updating the model. (i) So fee have
concentrated on the technical aspect of analytiagiser input
and applying it to the behavior selection of theerdg. The
evaluation of the input techniques was presentetiignpaper.
The next step of course is to show if users aisfigat with the
reactions of the system and if they can intergretliehavior of
the agents coherently.

The envisioned application for our work is an exgrece-based
training of cultural communication skills followinguggestions
by Hofstede [14] who presents three steps for suttaining
endeavour.

1. Awareness: The first step of gaining intercultural

competence is being aware and accepting that there

are differences in behavior. To realize this stemi
learning system with virtual characters, the traimne
confronted with a group of characters displaying th
behavior routines of the target culture. With the
knowledge of the trainee’s cultural background, the
agents could also contrast the behavior of theetarg
culture with the behavior of the trainee’s culture.
Comparing the behavior patterns the trainee
recognizes that there are differences but mighteot
able to pin them down.



2. Knowledge: In the second step, the trainee’s editors, Perception and Interactive TechnologiesT (P
knowledge of what exactly is different in the beloav 2006), pages 40-52, Springer: Berlin, Heidelbe®§&2
is increased, which can be interpreted as getting a [4]

|ntellec_:tual_ grasp_on where and h_OW on_e’s own Karpouzis, C. Pelachaud, and M. Mancini. Multimodal
behavu_)r d|ﬁgrs. For instance _the trainee mighteha sensing, interpretation and copying of movementsaby
fe.lt a little bit uncomfortable in step one d”e_ do virtual agent. In E. André, L. D. W. Minker, H. Nmann,
different pattern of gaze behavior. In step twowkie and M. Weber, editors, Perception and Interactive

gain the knowledge on how his patterns differ from Technologies (PIT 2006), pages 164—174, 2006.
the patterns of the target culture and what the

consequences are. In the learning system, theimiser [5] B. Choi, I. Lee, Y. Jeon, and J. Kim. A qualitatioeoss-
confronted with reactions to his behavior by his national study of cultural influences on mobileadagrvice

interlocutors. For instance, the agents could move design. In CHI 2005, pages 661-670, 2005.
away if the user comes too close. Moreover, the [6] D. Erdmann, K. Dorfmiiller-Ulhaas, and E. André.

E. Bevacqua, A. Raouzaiou, C. Peters, G. Cariddkis,

agents could replay specific behavior routineshef t Integrating VR-Authoring and Context Sensing: Touear
user and contrast them to the behavior routingbeof the Creation of Context-Aware Stories. In: Techgas
target culture, pointing out where exactly the lsser for Interactive Digital Storyteling and Entertaient
behavior deviates from the target culture. (TIDSE), 2006.

3. Skills: Hofstede argues that the first two steps ar [7] G. Ford and H. Gelderblom. The Effects of Culture o
sufficient to avoid most of the obvious blunders in Performance Achieved through the use of Human
cross-cultural communication. If the trainee has th Computer Interaction. In Proceedings of SAICSITggm
ambition to blend into the target culture and adapt 218-230, 2003.

own behavior, a third step is necessary: the mgiof

o S . [8] P. E. Gallaher. Individual Differences in Nonverbal
specific nonverbal communication skills. If e.g.

avoiding eye contact in negotiations is interpreasd Behavior: Dimensions of Style. Journal of Persdpalnd

a sign of disinterest in the target culture, it mige a Social Psychology, 63(1):133-145, 1992.

good idea to train sustained eye contact for such [9] E. W. Gould, N. Zakaria, and S. A. M. Yusof. Applgi
scenarios. Again, virtual characters can play al vit culture to website design: a comparison of Malaysiad
role in this learning endeavour. US websites. In Proceedings of IEEE professional
communication  society international  professional
communication conference and Proceedings of thé 18t
annual ACM international conference on Computer
documentation: technology & teamwork, pages 161171
2000.
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