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Abstract

Computer Vision technology is an invaluable additio cross-cultural communication training for maity personnel. It allows
trainers to assess trainees in real time and pedi@ddback grounded in social science researchpiidsent study reports on a
joint analysis of military cross-cultural trainindpta by Computer Vision specialists from GE GloBaisearch as well as
analyses from Georgetown University’s Social Intécm Research Group (SIRG). Data for this studyewedllected over 10
days at the Army Infantry Basic Officer Leaders @&au(IBOLC). 80 lieutenants participated in classnorole-play scenarios
designed to assess their ability to communicatescooilturally. GE and SIRG researchers video-rembidteractions among the
role players and Soldiers and correlations weremesl between these automatic interpretations lamgktgleaned by the SIRG
analysis team in order to augment understandirteo&fficacy of the cross-cultural training. Foe Bomputer Vision methods,
Each person was represented as a stream of viseslvehich include: position, articulated motiorgidh expressions and gaze
directions. The social science researchers conduwtdtimodal (including embodied elements suchyesgaze, hand gestures,
and body positioning), mixed method (qualitativel @uantitative) discourse analyses of the dataG3#&earchers developed a
coding scheme, marking specific human behavioratufes within each interaction. From such codingRGidentified key
skills in cross-cultural interaction, including @pgation and adaptation to unfamiliar communicatiagms, rapport building,
and trouble recovery (for details see Logan-Terrp&mari, forthcoming). Various correlations betweaw computer vision
measurements and the social science coding schasehgerved. Such results represent a signifitapttewards establishing
the efficacy of the joint analysis of automated @aiter Vision and established social science metkgtiisregards to complex
social interaction analysis.
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1. Introduction

The relevance of non-verbal communication, suchyasgaze, body positioning, gestures, and facjalessions,
has been widely studied in the fields of sociaésce and computer vision. Social signal proces&8P) [1] is a
research field within the discipline of computesioh that focuses on enabling computers to intenpoe-verbal
cues for the purposes of interpreting human sagiatactions in an automatic fashion. Computerovigechniques
such as facial expression analysis [2], gaze dmecestimation [3,4] and gesture recognition [Svénebeen
successfully applied to social interaction analyliswever, there exist two major challenges indbeelopment of
SSP. First, the automatic extraction of non-verhats from raw video data is a challenging task][6&cond,
studies in computer vision and social science oftetke use of different nomenclatures and modesalysis.
Within the field of social science, sociolinguisticesearchers use the umbrella term ‘embodied caoncation’ to
denote the study of non-verbal features of languagéd their usage to show involvement [8], builgpart [9],
complete an action [10] and send implicit messaggmed ‘metamessages’, that help the addressempiiat what
was said [11,12]. For the purposes of consistemcyhis paper, we will be utilizing the social saenterm
‘embodied communication’ when discussing non-vefbatures of language. In this paper, researchens $ocial
science and computer vision fields jointly perfoemcase study on a military social interaction/crogdsural
communication training activity, in order to combiour research backgrounds and methodologies hétlyoal of
bridging the gap between these two disciplines.

We investigate the use of a computer vision systeavaluating the efficacy of social interactiom'ss-cultural
communication in a military training course. Thedef social intelligence in modern military opéas is rising,
as military personnel are often called to act asestevel diplomats and negotiators, where dynastcial
proficiencies are the key for mission success. & liegh-stakes encounters can be shaped by thetipbtbneat of
violence on all sides, making interactional sucassssue of life or death. These training coussese as a low-
stakes environment for the trainees to practicerdndtural communication strategies, and learn ftbeir errors in
a safe, controlled environment. The goal of thduataon software, developed as part of a largeebsé Advanced
Research Projects Agency (DARPA) funded projectioidacilitate this kind of social interaction tnéiig by
leveraging an automatic visual system to providdirma social interaction evaluation to improve caaidesign and
feedback, and investigate the correlation betweachine distilled visual cues and assessment olotdinen social
scientists.

This interdisciplinary study resulted in both mateeel and micro-level analyses: the computer wvisio
researchers conducted a macro-level analysis, ifugus aggregate levels of rapport and hostilitpidtaneously
from all individuals in the scenario. The socialestists conducted a discourse analysis that fatuse the
individual interlocutors, analyzing both verbal asmhbodied communication to assess the traineegeusi'good
stranger behavior’ [13]. We found that rapport lsvim the computer vision approach correspond o gbcial
science rapport-building codes, particularly thdse greetings and gift giving. In addition, we falrhat the
discourse analytic approach is better equippedfferentiate between a source of trouble and a dgnte a source
of trouble, often confused in the computer visiggp@ach, while the computer vision approach suckestd
identifying occasions of non-explicit sources afuble that are not referred to by the interlocutomd thus cannot
be coded by the social scientists. These findirey® implications for the improvement of social mtgion/cross-
cultural communication training in military settgigas well as improvements in joint methodologias Social
science and computer vision researchers.

2. Methodology
2.1.Previous methods

There is a wide breadth of social science/socioiistgc research on embodied communication. Acrossse
cultural contexts, gestures can be used in ordaidt@r enhance understanding, indicate the top@oversation,

identify an addressee, and convey meaning. Gestange from iconic ‘emblems’ to less regimentedstgrilation’
accompanying talk [14]. They are often conventiteal, and are linked not only to linguistic struetdut also to
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other social and cultural aspects of speech. Relséas shown that gestures can inform, add emplzasifunction
as part of situationally appropriate rituals sustgeeeting or departing rituals [10,15,16,17,18].

Eye gaze is another feature of embodied commupitdkiat has been studied extensively in sociahseieand
linguistics research. Eye contact is key in detaing addressivity and engagement [8,19]. It all®psakers to
identify their addressee and gauge interest anohinment, while simultaneously allowing listenevsdemonstrate
their attentiveness to talk [20]. Backchannelshsag nodding or shaking one’s head or saying “uti;hare verbal
and embodied signals that can also indicate lisshiie and engagement in the conversation [21]. hewethe
same features can also be used to indicate sympeghgement or disagreement. This can lead toti@arian how
backchannels are interpreted.

Additionally, body positioning and movement can idade degrees of intimacy and relative affiliatioos
participants [19,22] Coding variables for proxemiesmid to include: distance, postural identifier®.(isitting,
standing), and orientation of frontal body plane.(idegree one faces another) [23,24]. Culturafigrapriate
distance has been shown to enhance persuasioikahility, while misunderstandings and withdrawatsur when
the appropriate distances is misjudged [25]. Sautli@ve also found a relationship between body mewerand
hostility or perceived threats. One study found thasituations of perceived threat, participantsuld increase the
distance between themselves and the source oftioeiped threat, creating a personal buffer zogg [@bserving
and mirroring these types of embodied communicabieleaviors, especially in situations with varyingrms, can
be instrumental in the creation of rapport andrjggesonal involvement, which contribute to sucadssiteraction
[9,27].

Computer vision methods for the purposes of inttipg human behaviors have been successfully appdie
social interaction analysis. Visual cues that carabtomatically harvested include: facial expressii2,28], pupil
motion/gaze direction [3,4] as well as body motiarsl gestures [5]. For the purposes of group leeelal
interaction analysis, an opportunistic standoff tipld-camera sensing platform capable of captuviagous visual
cues from live video streams has been developdd T2@ system uses sets of fixed RGB+D camerasaitat for
reliable person detection and tracking. In additeooming of Pan-Tilt-Zoom (PTZ) cameras automaticaéirget
individuals so as to capture high-resolution fastabts for facial expression and gaze analysis.

2.2.Methodology

Our data collection took place at the Army InfarBgsic Officer Leaders Course (IBOLC) at Fort BexgniThis
data collection occurred as part of a larger, DARBAded interdisciplinary project called Strateddocial
Interaction Modules (SSIM). The overall goal of th8IM project is the development of methods fortéreching
and subsequent measurement of interactional sidllted to effective cross-cultural communicatiddlls for
military and law enforcement personiel.

In the training course, uninstructed trainees pipdted in a set of challenging role-play scenarigsich are
designed to assess their communication and deeisaking skills [30]. There were approximately eigheutenant
participants that took part in this social inter@icross-cultural competence training. While tinégning took place
in a classroom, both the trainee and the role-ptageuld operate freely in the scenario. The twenacios we
analyzed for this paper were titled “Cafe Conundramd “La Comandanta’Cafe Conundrumequired the trainee
to pick up on implicit signals of distress from igillan with whom they had already built rapportdalocate the
hostile insurgent who is the source of that streasComandantachallenged the trainees to build rapport with a
local militia leader with whom there was minimalaseéd linguistic repertoire. Their mission was tsadin the
militia without losing the militia leader’s respemnd support. Each iteration of the scenarios wesrded, both by
the computer vision cameras and by the social seiezsearchers.

For the computer vision methods, the training fgcivas instrumented with a collection of fixed aRdZ
cameras. Tracking was performed so as to compatétation of both the training subject and altlé different
role players. PTZ cameras were then tasked witleaolg high-resolution facial imagery of all indiwals. Each

! DARPA SSIM website: http://www.darpa.mil/Our_WdBJO/Programs/Strategic_Social_Interaction_Modul@iMsaspx
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person was then represented as a stream of visiesd, avhich include: position, articulated motiolagciél
expressions and gaze directions. PTZ cameras d¢bazaceach individual's gaze directions and faeigbressions
including anger, fear, joy, surprise, and frustnatbn a per-frame basis in real-tiBased on these measurements,
various aggregate statistics were computed onraeftay frame basis resulting in measures of fouralianalytics,
namely affect, proximity, engagement and body nmtithese visual analytics are normalized to théesoch[0,1].
(I) Emotional affect is a pooling of expressionmsile and frustration) extracted from the particifsaof the group.
(I Proximity is calculated using the average aliste of each participant to the group center. @ihgagement
captures whether the group is sufficiently engagethe social interaction. We use the gaze directd each
participant as an indication of engagement. If nawisthe participants are looking roughly in theediion of the
group center then we deem that engagement leva taigh. (1V) Activity/Motion is an expressive cfier social
interaction, e.g., gesturing and uneasy shiftihgs designed to estimate the number of individtladéd are highly
“animated”.

Graphical models for instantaneous group level eptx such as rapport and hostility were appliedhtse
visual analytics in a continuous fashion. We madebport and hostility as two latent variables iHidden Markov
Model (HMM). At each time step the probabilities lobstility and rapport are estimated from observisdial
analytics.

Social scientists at the Social Interaction Rede&@coup (SIRG) in Georgetown University’'s Departmeh
Linguistics conducted multi-modal, mixed methodcdisgrse analyses of the data, using both audio e wata to
gain a deeper understanding of the interaction. gdmeral framework for the qualitative analysigjisunded in
Interactional Sociolinguistics [12,27,31,32,33], M@ersation Analysis [34,35], Ethnomethodology [3@ind
Pragmatics [37,38,39]. For the larger DARPA-fungedject, SIRG researchers had developed a codingnse,
marking specific human behavioral features withatte interaction. From such coding, SIRG identifibdee
overarching key skills in cross-cultural communicat observation and adaptation to unfamiliar comioative
norms, rapport building, and trouble recov@myithin those codes, the videos were flagged foumber of specific
features that supported that skill, such as ‘gnggéti‘gift giving’, or ‘use of local language’. Celm’'s Kappa was
performed in order to establish intercoder relighiland descriptive statistics were run using SPB® coding,
completed using the software ELAN, was then settiéccomputer vision researchers for comparison.

Initially comparison of the two methodologies washiaved via the construction of a software packtug
allows for visualization of both computer vision aserements along with social interaction codessi®wn in
Figure 1, this system replays video and shows nagpa hostility levels (as a probability) and \asgues (affect,
proximity, etc.) in parallel with social interacticodes (e.g. “gift offering”). This was followed lanalyses of the
correlations between these observations both abraied macro levels.

2 See Chang et al. (forthcoming) for further detaiighis system [29].
3 See Logan-Terry & Damari (2015) for further detaih these key skills [13].
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Fig. 1. Social Interaction analysis software fomparison of visual cues and social interaction sode

3. Results and discussion

During the analysis of the results of the two stadresearchers found that rapport levels in timepober vision
(CV) approach are related to social science ragpgltiing codes, particularly those for greetingsl aift giving.
In an example of this correlation, the Comandantascenario presents the trainee with an offer of fdadan
iteration in which the trainee gracefully accepis gift, the CV rapport levels increase while tloeial science
analysis marks the offer of the gift as a rappaiitding action. In order to characterize this olaéion numerically,
we compared the CV rapport levels and visual cederb and after typical rapport-building actionaprely “gift
giving”, “name giving” and “asking for chair”. Webserved that, after these actions, the averageorajgyvel
increases from 0.41 to 0.54, while the averageilhgskevel decreases from 0.81 to 0.77. We alscesbed
increases in the average value of several visualytics (affect increases from 0.53 to 0.68, praiinincreases
from 0.47 to 0.65, engagement increases from @ 8335).

In the area of problematic elements in the scesati® hostility levels found in the CV approachretate with
the social science coding for interactional troubte particular, our findings show decreases in @astility
generally occur after a trainee engages in whatosded by social science researchers as an ‘iti@nat trouble
remedy’. This is displayed in an iteration of the Comandantacenario, as the trainee receives a radio call from
his commander during the interaction. This is catizgd in the social science analysis as a sourggeractional
trouble, as the civilian is visibly displeased bg faction, while the CV analysis identifies thisi@t as an increase
in the hostility in the room. The trainee’s recoyein the form of a rapid ending of the call andura to the
interaction in response to the civilian’s disple&sis also marked in both analyses; the sociahse coding marks
the recovery action as a resolution of the previowmsble source, and the CV analysis finds a deerégathe room-
wide hostility level.

In short, CV approaches the scenario looking teulate the aggregate levels of rapport and haogsiititthe
room, as participants who are not engaged in ttexantion can affect it through embodied commuiocatFor
example, theCafe Conundrumscenario is designed to have a hostile insurgéserving the scene upon the
trainee’s entrance. As such, the positioning andagtied cues from the insurgent have an increadfiegteon the
aggregate level of hostility in the scenario. Theial science approach balances this macro-analjgisa micro-
level analysis; it focuses on specific actions andagements on the part of interlocutors. In thevatexample, the
social science analyses focus on the specific retd the trainee in response to the increasedlibost the room,
rather than the general atmosphere.

The two approaches are complementary; each notsrcenteractional and physical cues that the othisses.
Specifically, the CV approach succeeds at idemgfybccasions of non-explicit sources of troublda gescape the
social science analyses, while the social scieppeoach is better equipped to differentiate betwaesource of
trouble and a remedy to a source of trouble, ofmfused in the CV approach. In cases of the forther social
science approach does not identify sources ofénti&mal trouble unless an interlocutor explicitlsings up the
issue, thus creating a sense of moments of trdbbleare allowed to pass without comment. An instaof this is
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in the La Comandantascenario, requiring the trainee to perform a fdrebrace as a culturally appropriate
greeting. The trainee attempts to perform a hardshehich is culturally inappropriate greeting. Yeis no
interlocutor attempts to correct the greeting, sbeial science analysis merely takes note of theste. The CV
approach, here, is able to provide a broader asabfsthe room at large, thus capturing such momémtthe
broader measures of rapport and hostility. In casfethe latter, the social science approach is ablenake
distinctions based on knowledge of the interacdod the outcome. For example, Bafe Conundrunscenario
involves a physical altercation between two rolaypts, requiring the trainee to diffuse the sitwatind, ideally,
recover the interaction. In one iteration of thiening scenario, a trainee uses both palms tagestownwards in
an attempt to lessen interactional tension. Thidas successful, de-escalating the situationragaining some of
the rapport lost in the altercation. In this, theeial science research approach was able to exghessecovery
action and the subsequent recovery of rapport, egtsethe CV approach merely saw continued high dewél
hostility due to the aggressive positioning of ithterlocutors.

Going beyond the correlation between temporallaldV and social science observations, we now denghe
ability of a CV system to predict an overall assgsst of a given engagement as made by social s&terfor the
social interaction/cross-cultural communicatiorirtirag course, we focus on the behavior of the raimstead of
the whole group. A regression model between rawptder vision measurements and the social sciendago
scheme focus on trainee’s performance is derivea. Jocial scientists independently rate the santakaction for
each trainee with respect to overall “rapport” leffiom 1 to 5) by walking through the videos. Juumts are made
according to the validated non-verbal cues of Baimt.al. [7]. The CV measurements (Table 1) ateaeted from
trainee and role-players [30] respectively.

Table 1. Computer vision measurement of teaened role-players.

Sr Time percentage of trainee with smile expression.

FT Time percentage of trainee with frustration expoess

Sk Average time percentage of role-players with smipression.

Fg Average time percentage of role-players with fratstn expression.

D, Time percentage when subject is very close (< 0témo role-players.
Dy Time percentage when subject is far (> 1.8 metem frole-players.

All measurements are normalized to the range of].(OThus, the visual cues of a training session are
characterized by a 6-dimensional vecto[Sr, Fr, Sg, Fr, D, Dy]. We use half of the data (40 subjects) to train a
simple linear regressaf(V) =W -V to predict the rapport levelR() labeled by social scientists. The linear
coefficient W can be obtained at the learning sthgeminimizing the prediction error in the traiginlata: W =
argming, Y ||IF(V;) — R;||, where N is the number of training subjects. Thiaimization is solved using a
standard SVD approach.

We applied this regression model to predict thepoaplevel of the remaining dataset. A positiveretation
(0.35, p < 0.05) was observed between the predateldreported rapport level. The CV results fourat positive
emotion emanating from the role players (smilimgXhe strongest indicator of rapport, while frustra of both
trainee and role-players is negatively correlateith wapport. However, smiling of the trainee is atgely
correlated with rapport, which is counter-intuititdowever, the analysis found that low rapport meas resulted
when trainees continued to smile even though tleplayers were visibly frustrated.

Such results represent a significant step towastiablishing the efficacy of the joint analysis aft@mated
computer vision and established social science odstlwith regards to complex social interaction/srogltural
communication analysis. In terms of social intd@dtross-cultural communication training for maliy personnel,
these types of analyses can be used to improveasgcetesign to optimize the trainee’s ability. Thdagpes of
analyses illustrate potential for a shift towardlvéme feedback on specific elements of the traninteraction,
allowing for immediate evaluation of the relativecsess of the trainee’s cross-cultural performance.
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4. Conclusion

Via the joint analysis of over 80 role-playing eggeents using state of the art computer visionralgos and
well-established social science methodologies,fifs¢ steps towards understanding the efficacy afoabined
approach have been made in this paper. Correldbegeen specific CV and social science observatizare both
observed and measured. While the semantic precésisociated with direct human observation is B&lfond the
capabilities of automated methods, CV’s abilitysimultaneously observe all individuals at all tinresults in a
form of real-time continuous measurement that fanynapplications would not be practical via marathods.

Going forward, social scientists armed with these fiorms of automatic measurement capabilities béllable
to develop and verify new models of human intecactind cross-cultural communication skills whichtum will
enable machines to provide real time feedback tociizants and other stake holders. This form dbmation will
go beyond training and may one day result in a feem of situational awareness that can be usedawitor and
facilitate a great variety of social interactiomglacross-cultural communications that take placeunday to day
lives. In this way, the present paper points todrtgmt methodological as well as real world impiicas of these
types of state-of-the art joint research efforts.
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