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ABSTRACT 

We describe the design, deployment and testing of a module to 
track and graphically represent user movement in a collaborative 
virtual environment. This module allows for the comparison of 
ground-truth user/observer ratings of the affective qualities of an 
interaction with automatically generated representations of the 
participants’ movements in real time. In this example, we generate 
three charts visible both to participants and external researchers. 
Two display the sum of the tracked movements of each participant, 
and a third displays a “synchrony visualizer”, or a correlation 
coefficient based on the relationship between the two participants’ 
movements. Users and observers thus see a visual representation of 
“nonverbal synchrony” as it evolves over the course of the 
interaction. We discuss this module in the context of other 
applications beyond synchrony. 
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1 INTRODUCTION 
With the increased availability of consumer networked virtual 
reality platforms come more opportunities to study the behavior of 
users as they engage in social interactions in virtual environments. 
The head and hand tracking available from most consumer devices 
allows participants to control their own avatars and see the 
movements of other users represented by avatars. In addition, 
researchers and designers (when granted the appropriate 
permissions) can access participants’ movement data and use these 
data to interpret the interactions and provide feedback. In the 
following paper, we describe a module designed to capture users’ 
movement data and present a visual representation of a simple 
algorithm designed to capture a specific behavior in real time.  

   Nonverbal behavior has been studied in the context of embodied 
virtual environments for many years [9]. While people’s behavior 
in virtual worlds can be intentionally transformed to alter social 
interactions [1], users often react to nonverbal behavior in virtual 
worlds similarly to how they would react to such behavior in the 
physical world. For example, eye gaze that is linked to turn taking 
during a conversation is preferred to random gaze [4], although 
behavioral realism may have the reverse effect when avatar 
appearance is less realistic [8].  

 

 

   Recording movement data is one method of capturing nonverbal 
behavior and gaining insight into affect [14]. Movement data is also 
revealing in social contexts [2, 7], such as the potentially prosocial 
consequences demonstrated in interpersonal synchrony [11] and 
the link established between synchrony and creative collaboration 
[15]. Thus, it is a rich source of potential feedback to users in social 
situations, and also an area of interest to researchers. In this 
application, we sought to provide novel real time analysis of 
tracked participant movements to both the participants and the 
observing researchers. In this study, we elected to use the free 
platform High Fidelity [6] as a networked virtual environment. 
However, the principles of designing and testing the application can 
readily be modified for other systems. 

   This project required a means to store the movement data, and a 
web interface to provide visual feedback that would allow us to tune 
the measures in real time. We created an external web server to 
store and sync data. The external web server resolves the limitations 
of only using a client-based script by not only building connections 
between the computer running the script and the computer storing 
data, but also piping out and storing data. A database connected to 
the web server allows for complex queries of the piped data. 
Detailed setup instructions, along with an application programming 
interface (API), can be found on the GitHub repository 
[https://github.com/oshaikh13/SynchronousFidelity]. 

2 CREATING A “SYNCHRONY VISUALIZER” 
As a test case, we created a “synchrony visualizer” (Figure 1) that 
was designed to capture the behavior of two interactants, combine 
it, and feed this characterization back into the virtual scene. For this 
case, we compared the summed Euclidean distance frame by frame 
for each participant using Pearson’s r for a rough measure of 
synchrony. This method allowed users to capture a general 
relationship between participant movement without being overly 
granular [10]. The “synchrony visualizer” updating throughout the 
course of the interaction provided a concise but informative live 
movement summary of two individuals in a collaborative virtual 
environment using consumer systems.  
 

 
Figure 1:The synchrony visualizer shown in-world, with users 
represented by two generic avatars. 
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   Three graphs reflected the movements of both participants and 
one measure of the relationship between their movement data. The 
first graph showed the Pearson’s r correlation of the total movement 
between two participants over a defined interval. The second and 
the third graphs showed the summed head and hand movements of 
first participant (Participant A) and the second participant 
(Participant B) respectively. The x-axis represents the timestamp, 
and the y-axis represents the total change of participants’ head and 
hand movement within ten seconds. Large changes in movement 
resulted in increases of the y values for the individual participants, 
and vice versa. However, changes in the combined graph were 
driven by the relationship between both participants summed 
movements over 30 second intervals. When participants stayed 
still, the live movement correlation hovered around zero, because 
the natural tremor of each participant’s head and hands were not 
correlated with his or her partner.  
 
3 RESULTS 
 
We created two different datasets to assess the accuracy of our 
system in tracking movements, and in assessing the usefulness of 
the simple correlation used to characterize nonverbal synchrony. 
We compared the “ground truth” of validating pairs, who 
intentionally synchronized their movements, to a control condition. 
In this control condition, we created dummy pairs by combining the 
movement datasets of two participants who did not actually 
interact. For example, Validating Pair 1 would consist of 
Participants 1A and 1B, but to create a dummy control pair, we 
would combine the movements of participant 1A with the 
movements of participant 2B—two people who never actually saw 
each other in the virtual world. As expected, the correlations 
between the movements of the validating pairs were much higher 
(M = .50, SD = 0.09) than the random control pairs (M = .00, SD = 
0.08): (t (33.1) = 17.13, p < .001).  
 
4 DISCUSSION 
 
In this paper, we used simple correlation coefficients between 
participants’ summed movements as a measure of nonverbal 
synchrony.  However, we note that there are many methods to 
characterize synchrony. Among these approaches are utilizing a 
dynamic model of “interlimb coordination” [13], creating 
interpersonal synergies from coupling two participants’ degrees of 
freedom in their movement system [12], utilizing dynamic time 
warping [3], and finding cointegration between participants [5].  
   As high resolution of data and low latency of requests are both 
required to make live R analysis accurate, both the web server and 
the database are best hosted on the local area network, or on a 
virtual private server with low latency. In these situations, a single 
frame of movement data should take 10 to 15 milliseconds to save.  
   We also limited ourselves to a consumer system, which provides 
head and hand tracking as a default. However, this platform is 
easily modifiable to support more points of tracking, which would 
allow for other types of analysis. 
   Applications for this module are far-ranging. We used a single, 
simple method to capture one version of nonverbal synchrony as an 
example. As discussed above, other calculations of synchrony 
could be used. However, many other aspects of movement could 
also be characterized and visualized in this manner; for example, 
the expansiveness or speed of a participant’s gestures, or the 
tendency of participants to share turn-taking. 
   In addition, the visualization does not need to be in the form of a 
chart. Researchers can represent changing synchrony by altering 
objects in the world, such as changing the color of the virtual sky, 

changing the appearance of users’ avatars, or providing audio cues 
as feedback to users.  
   Visualizing aspects of the movement data in close to real time can 
also be informative by allowing aspects of the movement data to be 
easily compared to other observable variables such as conversation 
topic, tone of voice, etc. It also allows users to relate quantified 
movement to self-reported variables, such as fatigue, concentration, 
and engagement level. In these explorations, we hope that the 
documented API on GitHub may prove useful to other researchers. 

5 CONCLUSION 
Our “synchrony visualizer” tracked and presented two individuals’ 
live movements and their correlation in a consumer networked 
virtual reality platform. We propose that automatically capturing 
and displaying such subtle nonverbal behaviors in real time can 
reveal many characteristics of an interaction in a way that informs 
both users and designers, leading to a wide range of opportunities 
to increase the range of embodied virtual social interactions. 
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