Using Virtual Humansto Study Embodied Social I nteraction

Chen Yu, Hui Zhang and Linda B. Smith
Department of Psychological and Brain Sciences, and Progr&ognitive Science
Indiana University, Bloomington, 47405, IN USA

Abstract kind of interaction, both the learner and the teacher dynam-
An important step to build machines that can learn from ically adjust their behaviors based on the responsive rgtio
social interactions with human users is to understand the from the other agent. Without interfering with the interac-
Bf‘ég{gnﬁ’fiéeg '}'i'rlg'%”svfxdto'”éee?(‘)cutggsihgos fgaf?htirﬁiﬁgn tion, we can control neither the learner's responses nor the
between two agents (e.g. a human supervisor and a machine tea_chers gctlons_. W'thO.Ut systematically manlpulatlom_s .
learner), so that we can systematically manipulate and Variables in the interaction, we cannot perform quantieati
control the dynamic flow of the interaction to create and analyses of the role of social cues in language learning.
examine various interactive learning conditions. In this We argue that the key to solve the above puzzles is to de-
paper, we build a set of virtual humans as language learners Al ; ; ;
possessing different social-cognitive skills, and askl rea Coupl_e the.SOCIaI |_nteract|_ons_ between tWO. agent_s without i
people to teach them object names. Using multisensory terfering with the interaction itself. To achieve this goae
recording devices, we measured how well real people interac  propose and implement a new paradigm based on virtual re-
with virtual humans and how they shape their behaviors to  ality techniques. The central idea is to use virtual humans
adapt to d'fﬂerﬁ.”t Sgﬁ'aé'ctogn'“"e Sk'”ls thgt t"'”“ha'g‘?“fn as well-controlled agents to interact with real users. is th
possess. Wulimodal dala were analyzed fo sned ight on way, we can pre-program virtual humans to generate differen

both perceptual and behavioral aspects of human users in N . ) ;
imeraﬁﬂon_pThese results can be us%d both to guide bgildin Kinds of behaviors and demonstrate different kinds of socia

artificially intelligent system and to provide useful inisig capabilities. Then we can use them as a tool to systemat-
on human-human communication and child language learning. jcally manipulate the learning environment in social iater
Introduction tions and measure the adaptive behaviors of real humans. Fol

lowing this general idea, the present work builds a set of vir
The ways that humans acquire knowledge are quite differtual learners who demonstrate different kinds of sociakund
ent with current machine learning (ML) approaches. Moststanding (e.g. following the eye gaze of real teachers) when
ML systems first collect data with (or without) teaching la- real teachers are asked to interact with them and teach them
bels from users and the environment, and then I’E|y on imp|eobject names. The questions we seek to answer are (l) how
menting efficient mathematical algorithms and applyingithe well real humans perceive behaviors and social skills of vir
onto pre-collected data to infer knowledge. The methodoltual humans; (2) whether and if so, in what ways real humans
ogy largely assumes that a learner (e.g. a machine) passive$hape their behaviors based on their observation of virtual
receives information from a teacher (e.g. a human superviearners’ states; and (3) what kind of learning environment
sor) in a one-way flow. In contrast, humans are situated ieal teachers provide through social interactions.
socia: contexts and acr(]quirﬁ knowledge thrOLfgh ourﬁ/c;arlyday A Virtual Reality Platform
social interactions with others. For example, in child lan- - .
guage learning, parents dynamically adjust their behaviorAS shown in Figure 1, the virtual humans we developed pos-

based on their understanding of a child’s mental state. ,Thu?sjess a set of social capabilities embodied by sensorimotor

language teachers provide “on-demand” information in rea rimitive actions, SL.JCh as facial e_xpressions, po!ntingtat_
time learning. Meanwhile, the child also actively geneq;ateJects by hand, gazing and following a real user's attention.

actions to interact with the physical environment and tesha We design different virtual humans with different sociat ca

e teachers responses and e st n-need dataor (°C11LSS G S e Lo measule i anaee e beravors
learning. Thus, current machine learning studies focus o P y

one aspect of learmning — what kind lrning device can umans. One important issue in our design is the “behav-

. : id ioral realism” of the virtual agents, which means that \aftu
perform effectlvg computations on pre—col_lected data_; t humans should act and respgond like real humans, or in other
nore an equally important aspect of learning — lsr ning !

environment that a learner is situated in. An important way words, they should be believable in terms of both the physica

in which human learning does not resemble passive machin%g::ggz \?vfi t\élr:ggll Eﬂm;‘ﬂ: E&eangé"zlmzna:tdaﬁhe%%%g'alr;nct)ir
learning approaches is that there is an active social partne . o | A .
the learning environment. design, we use Boston Dynamics’s DI-Guy libraries to ani

The present study attempts to systematically investigate t mate lifelike human characters that can be created andyeadi
role of social interaction in automatic language learning i programmed to generate realistic human-like behaviotsan t

machines. A tvpical scenario of lanauade learming is IikeVirtuaI world, includinggazing andpointing at an object or a
: yp guag 9 ersonwalking, andmoving lipsto synchronize with speech

this: a language teacher provides spoken names of things {fj ;e cheaking: In addition, the virtual human can generate 7
the physical world. Meanwhile, a language learner PETEEIVE jittarent kinds offacial expression, such as smile, trust, sad,

?Qﬁmpéﬁfgﬁzeiﬁéngggg?“gpt:grlI%Céelj?lérﬁirgVtgsalgag]rm?;t?lv'mad and distrust. All these combine to result in smooth and
P Y. lifelike behaviors being generated automatically.

227



Virtual Environment cial intelligence/lengagement measures how much the par-
ticipants felt that virtual learners were engaged durirtgrin
Real Human Rerception  Vinual Human action. (3)Overall intelligence measures participants’ esti-
T raeeion mates of thual_learners intelligence. (@)azet_lmeesnma-
tion asks participants were also asked to estimate the amount
pction Acion of time (on a scale of 0 to 100 percent) that virtual humans
‘ paid attention to their behaviors.
Objects Facial 5
Static — B10%
,,,,,,,,,,,,,,,,,,, 90%
s ] .

Figure 1:Areal person and a virtual human interact in a virtual en-
vironment. We control the actions of the virtual person arehsure
the behavioral responses of a real person.

Experiment 11 —

As shown in Figure 2, we recruited 26 college students who
were aSked tO teaCh Virtual foreigners the names Of Several joint attention & social intelligence overall intelligence
everyday objects. They were allowed to point to, gaze at and eye contact
g]o%\;ir;?r?tsgb%%te\?\}sefthtrﬁeuﬁEa&:‘/et%gcga)s/cgf?/\s]ﬁag—trf]li? h";sz '[]QT_ Figure 3:Participants’ evaluations of three virtual humans.
do. There were three conditions in this experiment wherein able 1: The estimated engagement times of virtual humans
three virtual agents demonstrated different levels of gaga 10% 50% 90%

ment in interaction - engaged in 10%, 50% or 90% of total | 9aze| M=22.50% | M=54.37% | M=86%
interaction time. When a virtual human is fully engaged in in time | SD=22.10%| SD=23.89%| SD=16.1%
teraction, she would share visual attention with a realteac . . .
by gazing at the object attended by a real teacher and generat Figure 3 shows a comparison of the results of three virtual
ing positive facial expressions (e.g. smile, trust, etd/jile umans with different engagement levels. Clearly, partici
she is not engaged, she would look at somewhere else with@nts were aware of social behaviors of virutal humans and
negative facial expressions (e.g. sad, conniving, etcje T Provided quite consistant estimates of their social semsit
objects attended by a real person are detected based on whifS: Thus, the significant differences between three eondi
he is looking as well as his actions on those objects througfONS &ré not surprising. We note that even when the virtual
the touch screen. The attentional information is then sent thuman almost fully engaged in interaction by following the
the virtual human so that she can switch her attention to thE8@! Person’s actions in 90% of the total time, most people
right objects in real time when she is in the engaged state/€'® still not satified with th_e V|rtual_ human'’s s_OC|aI behav
We recorded real people’s behaviors in interaction incigdi 'S- Table 1 shows the estimated times that virtual humans
their pointing and moving actions, speech acts and eye gazB2Y attention to participants’ behaviors. Although the nea

Moreover, they were asked to complete questionnaires at i two out of three estimated times are close to 50% and 90%
end of thé experiment. seperately. Surperisingly, participants provided quiffed

ent estimates in all of three conditions.
Conclusion

Compared with using real robots, virtual humans are easy to
implement and use because we can neglect low-level techni-
cal problems, such as motor control of joint angles, which
perfectly matches our research purpose — studying higi-lev
social-cognitive skills in language learning. Our resalisw

that real people treat virtual humans as social partnerasnd
willing to interact with them. We report our first steps tosys
tematically and quantitatively study social cues in largia
learning, suggesting that learning words through soctatin
Figure 2: Left: a participant wearing an eye tracker and a mi- action will have the best chance to approaching human ca-
crophone interacts with the virtual human in a virtual eomiment  pacity. In addition, we argue that the new proposed paradigm
through a touch screen. Right: the VR scene consists of aavirt itself is promising to study the roles of social cues in both

human and three objects on a table in each trial. . s .
Co ~ human language Iearnlré? and machine intelligence.
A 5-point Likert scale was used for a set of 10 questions References
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