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Abstract— Previous research in automated expression analysis 
has focused on discrete actions with little attention to their 
timing either within or between persons. We investigated the 
interpersonal coordination of rigid head motion in 11 intimate 
couples with a history of interpersonal violence. The couples 
participated in both a low-conflict task in which they were 
asked to discuss a neutral topic as well as a high-conflict task in 
which they were asked to discuss an issue that was cause for 
conflict. Actor-partner analysis, which explicitly models that 
each partner is both a cause and an effect of the other’s 
behavior, was used to investigate differences between 
conditions in angular head velocities. Windowed cross-
correlation was used to model interpersonal dynamics.  
Angular head velocities were slower for men than for their 
partners. Head velocities were strongly correlated between 
partners, with frequent shifts in lead-lag relationships between 
them. 
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I. INTRODUCTION 

Expressive behavior in social interaction is an inherently 
dynamic process both within and between participants. 
Within participants, facial actions combine temporally to 
communicate emotion and intent. As examples, the duration 
and amplitude of spontaneous smiles are highly correlated, 
whereas those for posed smiles appear random [31]; smiles 
perceived as social, amused, and embarrassed differ in their 
timing as well [1]. In embarrassment but not amusement, the 
head pitches down and to the side as smile intensity 
increases [6; 10]. Between participants, head motion serves 
back-channeling functions that can communicate attention, 
agreement or disagreement, and approach or withdrawal 
(e.g., [3]).  

Within the last two decades, major strides have been made 
in automated facial expression detection. Until recently, 
most research has focused on posed facial behavior. With 
few exceptions [32], head motion has been considered only 

with respect to the problem of image registration. However, 
dynamics can modify the meaning of communicative actions 
[1] and contribute to the regulation of social interaction [31]. 
For these reasons, it is informative to expand automated 
expression analysis to include interpersonal processes. 
Efforts in this direction have begun.  

One approach is to observe a participant interacting with a 
virtual agent or animated avatar [11, 23, 24, 25, 26] via an 
audio-visual link.  Pfeiffeer et al. [25] used an interactive 
eye-tracking paradigm in which participants interacted with 
a virtual agent. The virtual agent’s gaze was manipulated so 
that it was either averted from or coordinated with that of 
the participant. The authors investigated the influences of 
these variations on whether participants believed that 
another person or a computer program controlled the virtual 
agent. Bailenson and Yee [24] used a controlled virtual 
environment to study the influence of mimicry on 
cooperative behavior. Dynamics was modified by 
transmitting audio-visual signals either in real time or with a 
4s delay.  Von der Pütten and colleagues [26] investigated 
whether participants’ belief that they were interacting with a 
virtual representation of a human or an agent lead to 
different social behaviors. Using an approach developed by 
Theobald and Matthews [19], Boker, Cohn, and colleagues 
[4] used motion-tracked synthesized avatars to randomly 
assign apparent identity and gender during free conversation 
in a videoconference, thereby dissociating sex from motion 
dynamics. They tested the relative contribution of apparent 
identity and head motion dynamics on social perception and 
behavior. 

Two groups have observed directly face-to-face interaction 
[5, 13] between participants. Messinger and colleagues [13] 
used active appearance models and automated measurement 
of expression intensity to model the face-to-face dynamics 
of mothers and their infant. Boker and colleagues [5] used 
motion-capture technology to investigate the influence of 
auditory noise on interpersonal coordination of head motion 
velocity in face-to-face-interaction.  



In all these studies, with the exceptions of [5, 13], 
participants were previously unacquainted and most often 
interacted over an audio-visual (computer) link in a low-
conflict context. In contrast, the current study investigated 
dynamic coordination of head motion in intimate couples 
during both low- and high conflict tasks.  Couples were 
seated side-by-side to create a greater sense of immediacy 
than is possible over an audio-visual link.  A well-validated 
dyadic interaction task was used to elicit conditions of both 
low- and high conflict [15]. 

All the couples had a history of interpersonal violence, and 
one of the partners had recently begun in-patient treatment 
for anger control and substance dependence. Analyzing pre-
existing couples of this sort, instead of solitary participants 
interacting with a virtual agent or previously unacquainted 
participant, posed both advantages and challenges. First, 
intimate partners are more likely to express their emotions in 
an uninhibited manner [15]. Extreme anger was an ever-
present possibility. Second, because the behaviors are 
interpersonal, each participant’s behavior is both cause and 
consequence of the other’s behavior. Patterns of symmetry 
and asymmetry may shift rapidly as one or the other partner 
becomes momentarily dominant. Dominance is defined as 
asymmetry in prediction from one participant to another 
over a span of time. Thus, analytic methods were used that 
explicitly acknowledge that dominance may shift across 
time and that influence is bidirectional between participants.  

II. METHODS 

A. Participants 
Twenty-five adults (10 women and 15 men) with anger-
control issues from an inpatient treatment program and their 
domestic partners or spouses were recruited for this study. 
To be eligible for the study, participants must have had; at 
least two episodes of physical aggression toward their 
partner within the past year; at least one of the acts of 
physical aggression occurred when not under the influence 
of alcohol; they scored at least a 3 on the physical violence 
subscale of the Straus Conflict Tactics Scales, a well-
validated instrument for assessing intimate conflict [18]; and 
both they and their partner must have agreed to be video-
recorded during a dyadic interaction  task, as described 
below.  
B. Observational Scenario 

The inpatient participants, referred to as probands, and their 
partners participated within 2 weeks of the start of the 
inpatient treatment. They were seated on opposite ends of a 
couch with an experimenter sated in front of them across the 
room. They were asked to engage in two tasks [8]; the first 
was to discuss something neutral, such as how the partner 
had traveled to the treatment center (low conflict); the 
second task was to discuss something about which they 
disagreed (high conflict). They were asked to address each 
other and to ignore the experimenter. Their conversations 
were recorded using two hardware-synchronized VGA 

cameras and a microphone that were input to a special 
effects generator that created a split-screen recording.  The 
video captured their faces and upper chest and shoulders.  
Fig. 1 shows an example of the obtained split-screen for one 
of the 25-couples. To protect the identity of the participants, 
their faces are masked in the presented example. The 
sessions lasted an average of 16.68 min (range: 6.07-46.54 
min). 

 
Figure 1. Example of split-screen video. Images are de-identified to protect 
participants’ identity. 

C. Data Selection 
Because the duration of low- and high-conflict tasks was 
variable across dyads, we selected one minute of low- and 
one minute of high conflict for each couple.  The choice of 
1-minute segments was informed by prior work by [27]. In a 
meta-analysis, they found that 1-minute “thin slices” of 
behavior were sufficient to make judgments of personality 
and related characteristics from behavioral observations.  To 
maximize variance between low- and high conflict 
conditions, the segments were selected according to the 
following criteria.   

• Low conflict: Following the experimenter’s instruction 
to “discuss something simple,” the low-conflict 
segment corresponded to the first minute during which 
the participants spoke to each other and not the 
experimenter. Using this first minute reduced the 
likelihood that the discussion would escalate into 
conflict.  

• High conflict: Following the experimenter’s instruction 
to “discuss something that’s been difficult for the two of 
you,” the high conflict sample corresponds to the last 
minute before the experimenter asked the couple to 
stop.  

During the selected segments, couples spoke only with each 
other and not with the experimenter. 

Head pose and motion of the 25 dyads (50 participants in 
total) was automatically tracked using a cylinder-based 3D 
head tracker as described in the following section. All 
tracking was manually reviewed for untracked frames. To be 
included in the study, we required that all frames be tracked 
during both low- and high conflict conditions for all 
participants.  Using this criterion, 11 couples  (22 



participants) had complete data.  Their data was used for this 
study.   

D.  Head Motion Measurement 
A cylinder-based 3D head tracker was used to model the 6 
degrees of freedom of rigid head motion. The tracker 
covered the wide range of head pose variation that can occur 
in social interaction within couples and proved robust to 
both minor occlusion and rapid changes in pose. For each 
participant, the tracker was initialized on a manually 
selected near-frontal image prior to tracking.  

To assess the concurrent validity of the tracker, it was 
compared with two alternative methods. One was a generic 
cylindrical head tracker [22]. The other was a person-
specific 2D+3D AAM [9].  Test data were from the Sayette 
Group Formation Task (GFT) dataset [16] in which 3-
person groups are recorded while seated around a circular 
table, talking, and consuming drinks containing alcohol or a 
placebo beverage. Moderate to large head motion and 
occlusion occur frequently over the course of these 
spontaneous social interactions. For comparing trackers, we 
selected 6 minutes of interaction from each of 3 participants, 
for a total of 18 minutes of head-tracked video. 

The head tracker used in the current study demonstrated 
high concurrent validity with the generic and person-specific 
comparison trackers. In comparison with [9], roll = 0.78, 
pitch= 0.96, and yaw = 0.93. In comparison with [22], the 
corresponding values were 0.77, 0.93, and 0.94.  Thus, the 
tracker was used for the results reported below.  An example 
of the tracker’s performance is shown in Fig. 2. 

III. DATA REDUCTION AND ANALYSIS 

A.  Data Reduction 
Following [4], angles of the head in the anterior–posterior 
and lateral directions were selected for analysis. These 

directions correspond to the meaningful motion of head 
nods (i.e. pitch) and head turns (i.e. yaw), respectively. Head 
angles (i.e. pitch and yaw) on a frame-by-frame basis were 
first converted into displacement and velocity. The 
displacement corresponds to the amplitude of movement for 
each selected head angle over the 1-minute segment from 
head angle sample for each frame. The velocity corresponds 
to the speed of the displacement for each head angle over 
the 1-minute segment from head angle sample for each 
frame. The velocity is computed as the derivative of the 
displacement.  

Head displacement and velocity were converted into angular 
displacement and angular velocity by subtracting the mean 
overall head angle across the 1-minute segment from head 
angle sample for each frame. We used the overall mean head 
angle, which afforded an estimate of the overall head 
position for each partner in each condition saving both the 
estimated displacement and velocity for each frame. 

The root mean square (RMS) of the horizontal (RMS–yaw) 
and vertical (RMS–pitch) angular displacement and angular 
velocity was then calculated for each 1-minute condition of 
each dyad interaction for each separate partner. These 
measures are equivalent to standard deviations of angular 
displacement and velocity except that the overall mean 
displacements rather than the within-trial displacements 
were used. 

Angular velocity represents how animated each participant 
was at each frame.  Angular displacement represents how 
much each partner varied from his or her mean orientation at 
each frame. RMS angular displacement could be high either 
because a participant was moving expressively or because 
they were looking away from their mean head pose. Thus, 
both RMS displacement and velocity are informative, but 
RMS velocity is a measure of what is most often thought of 
as head movement. 

As a preliminary analysis, we computed a Student’s paired 
t-test of the RMSs of each separate participant for each one 
of the two head orientations during low and high conflict 
condition, separately for males and females. The results 
showed that angular displacements for pitch and yaw in the 
high conflict condition were significantly different from 
angular displacements in the low conflict condition for 
males (p<=0.05). Corresponding differences were not found 
for women. 

We further wanted to evaluate how the participants affect 
the head movements of each other. However, to estimate 
this, we need to analyze the data while taking into account 
both partners in the dyad simultaneously. To do so, we used 
a variant of actor-partner analysis using Linear Mixture 
Effects analysis [30] as proposed in [4]. 

B. Linear Mixture Effects 
To put both partners in a dyad into the same analysis, we 
used a variant of Actor–Partner analysis [30, 4] For 
example, for the analysis of the RMS–pitch angular 

   

 

Figure 2. Examples of head tracking results. 



velocity, we put both participants’ RMS–pitch angular 
velocity into the same column in the data matrix; and used a 
second column as a dummy code labeled “gender” to 
identify whether the data in the angular velocity column 
came from the male or the female. In a third column, we put 
the RMS–pitch angular velocity from the other participant in 
the conversation. We then use the terminology “Actor” and 
“Partner” to distinguish which variable is the predictor and 
which is the outcome for a selected row in the data matrix. If 
gender = 1, then the male is the “Actor” and the Female is 
the “Partner” in that row of the data matrix. If gender = 0, 
then the female is the “Actor” and the Male is the “Partner.” 
Binary variables then were used to code participants’ 
condition (1= proband, 0 = the spouse or domestic partner) 
and the conflict condition (1 = high conflict, 0 = low 
conflict) [3, 4]. We then fit models using maximum 
likelihood using the R function lme() [4].  

Table I. presents the results of the mixed effects random 
intercept model for the RMS angular velocity of the pitch. 
One can see that the line “Actor is male” displays a point 
estimate of -0.3763°/sec (p=0.01). These results suggest that 
men’s pitch angular velocity was estimated to be about 
0.3763 degrees per second smaller in RMS-pitch angular 
velocity than that of women. The obtained results replicate 
the results of Boker et al., [4], which found that during a 
social conversation men’s vertical angular velocity is 
smaller than women’s.  Line “Probands is male” suggests 
that the male probands display a RMS-pitch angular velocity 
0.4018 degrees per second smaller than the RMS-pitch 
angular velocity of their partner. The obtained effect of 
“Proband is female” is marginally significant, which may 
suggest that when women have anger control and substance 
dependence issues they tend to behave like men.  
 
TABLE I. Pitch RMS angular velocity in degrees predicted 
using a Linear Mixed Effects analysis. (“Proband” is the 
member of the couple that was in in-patient treatment for 
anger control and substance dependence). 
 
 Value Std.Error DF t-value p-value 
(Intercept) 0.0067 0.0008 41 8.259  0.00 
Actor is 
male 

-0.3763 0.1429 41 -2.632  0.01 

Proband is 
male 

-0.4018 0.1859 41 -2.161  0.04 

Proband is 
female 

-0.4242 0.2216 41 -1.913  0.06 

 
The results on the RMS-yaw angular velocity are shown in 
Table II. Similarly to the RMS-Pitch angular velocity, a 
main affect for man compared to their partners was found 
across the conditions. Indeed, males displayed 0.3498 
degrees per second smaller RMS-yaw angular velocity than 
females. However, a marginal effect is found for both 
conditions “Proband is male” and “Proband is female”. 
 
 

TABLE II. YAW RMS ANGULAR VELOCITY IN DEGREES 
PREDICTED USING A LINEAR MIXED EFFECTS ANALYSIS  
 
 Value Std.Error DF t-value p-value 
(Intercept) 0.007 0.0008 41 8.001 0.00 
Actor is 
male 

-0.3498 0.1445 41 -2.420  0.02 

Proband is 
male 

-0.3715 0.1798 41 -2.066 0.05 

Proband is 
female 

-0.3944 0.2148 41 -1.835 0.08 

The obtained results revealed a main effect on the RMS-
pitch angular velocity and RMS-yaw angular velocity for 
males compared to females. Moreover, a significant effect is 
reported for male patients on their partner while a marginal 
effect for female patients suggests that females may behave 
similarly to males when they have anger control issues.  

Linear Mixture Effect analysis of condition effects (low- 
versus high-conflict) failed to converge. Thus, no results of  
Linear Mixture Effects  analysis could be reported for 
condition effects.   
To examine synchrony and a-synchrony in head motion, we 
used windowed cross correlation [35, 36]. This method of 
time-series analysis is appropriate when bivariate time series 
are non-stationary, such that patterns of leading and lagging 
between them change over time.  Non-stationarity may be 
common in behavioral data [2, 5, 20]. 

C. Windowed Cross Correlation and Peak Picking 
The windowed cross correlation is a usual method to 
estimate time varying correlations between signals [35, 36]. 
It produces positive or negative correlation values between 
two signals over time for each (time, lag) pair of values. 
Windowed cross correlation assumes that the mean and 
variance of time series and patterns of dependency between 
them may change over time. The windowed cross 
correlation uses a temporally defined window to calculate 
successive local zero-order correlations over the course of 
an interaction. In Boker et al. [5], for example, the 
windowed cross correlation was used to compare the 
frequency of head and hand motion and their synchrony 
between conversing dyads with and without street noise. In 
Messinger et al., [13], the windowed cross correlation was 
used to measure local correlation between infant and mother 
smiling activity over time and indicated the degree to which 
one partner’s current smiling activity predicted the 
subsequent smiling activity of the other partner within small 
temporal bins of a few seconds. 

1) Implementation of the windowed cross correlation 
and peak picking:  
Following these previous studies, windowed cross 
correlation was used to estimate changes in the correlation 
and synchrony of head movements in low and high levels of 
conflict conditions over time. The windowed cross 
correlation consists in estimating over time the successive 
correlation peak and the corresponding time lag from the 



beginning to the end of the interaction (see Fig. 3).  
Windowed cross correlation requests the definition of a set 
of parameters: the sliding windows size ( ), the 
window increment ( ), maximum lag ( ) and the lag 
increment ( ). The choice of parameter values was based 
on preliminary inspection of the data. 

Plus or minus 2s appeared to be meaningful for perception 
of head nods (i.e. pitch change) and turns (i.e. yaw). We 
therefore set window size = 4 seconds and increment 
window = 1 second. The maximum lag  is the 
maximum interval of time that separates the beginning of 
the two windows. The maximum lag should allow capture of 
the possible lags of interest and exclusion of lags that are not 
of interest. After exploring different lag values, we chose a 
maximum lag =1/2 seconds x 30 sample/sec  = 15 
samples. The exploration of our data showed that 15 
samples were sufficient to predict head movement. Using 
these parameter values, the windowed cross-correlation for 
pitch and yaw of all the dyads was computed for low and 
high conflict conditions. 

In order to be able to analyze patterns of change in the 
obtained peak cross correlation matrix, [5] proposed a peak 
selection algorithm that selects the peak correlation at each 
elapsed time according to flexible criteria. Fig. 2 second line 
shows the correlation peaks obtained with the peak-picking 
algorithm (red represents positive correlation peaks, and 
blue negative).  

2) Description of the windowed cross correlation plots:  
For each dyad interaction, the windowed cross correlation 
measures the correlations between the previous behavior of 
one partner (here head velocity) and the subsequent 
behavior of the other partner. Fig. 3 shows some examples 
for pitch velocities in low- and high conflict conditions.   

For each row, the area above the plot’s midline (Lag > 0) 
represents the relative magnitude of correlations for which 
female’s head velocity predicts the males; and the 
corresponding area below the midline (Lag < 0) represents 
the converse. The midline (Lag =0) indicates that both 
partner are changing their head velocities at the same time. 
Positive correlations (red) convey that head velocity of both 
partners is changing in the same way (i.e. increasing 
together or decreasing together). Negative correlation  (blue) 
conveys that head velocity of both partners is changing in 
the opposite way (e.g., head velocity of one partner 
increases as that of the other partner decreases). 

3) Windowed cross correlation patterns for high versus 
low conflict conditions:  
The obtained rows highlight local periods of positive (red 
plots) and negative correlations (blue plots) between the 
velocity of head movement for males and females (see Fig. 
3).  

Visual examination of Fig. 3 suggests that cross correlations 

are lower during low- than high- conflict but this result is 
primarily due to relatively low correlations occurring in the 
first half of the low-conflict condition.  In the second half of 
the first minute of low conflict, the magnitude of 
correlations resembles that of the high conflict condition.   
This observation suggests that the first half of low conflict 
may represent a period of instability, during which partners 
are seeking to coordinate. Alternatively, the couples may be 
beginning to argue, as in the high-conflict condition. 

It can be also observed that in both low- and high-conflict 
tasks, head velocities were strongly correlated between 
partners with instability and dynamic exchange of the 
correlation signs (appearance of local correlations with 
alternative positive and negative lags). Indeed, the direction 
of the correlations changes dynamically over time. One can 
observe dynamic pattern of correlation in two ways: males’ 
head velocity predict females’ one, characterized by positive 
or negative correlations in the area above the plot’s midline 
(correlations with positive lags); females’ head velocity 
predict males’ one characterized by positive or negative 
correlations in the area below the plot’s midline 
(correlations with negative lags). This dynamic change of 
the direction of the correlations highlights the non-
stationarity of the interaction between the partners.  

Overall, the interaction between males and females changes 
over time (presence of correlation peaks at both negative 
and positive lag over time), consistent with the view that 
interpersonal interaction is a dynamic system. Head 
velocities were strongly correlated between partners with 
alternating periods of instability (low correlation) followed 
by brief stability in which one or the other partner leads the 
other.  

IV. LIMITATIONS AND FUTURE DIRECTIONS 
We investigated the dynamics of head movement during 
dyadic interaction between intimate partners in a face-to-
face interaction. Consistent with previous findings, men’s 
head velocities were slower than those of their women 
partners, which suggests that men were less expressive.  An 
unanticipated finding was that female proband (i.e. women 
that were in treatment for anger control and violence toward 
the partner) behaved more like their male counterparts; that 
is, were less expressive. 

The findings contribute to the literature on nonverbal 
behavior, with possible implications for the design of 
intelligent virtual agents and social robots.  Recent work 
with intelligent virtual agents has explored individual 
differences in personality and expressiveness [33, 34]. ].  To 
achieve even more human-like capabilities, designers might 
broaden their attention to consider the dynamics of 
communicative behavior with humans.  In particular, better 
understanding of the causes of instability (low cross-
correlation) and changes in the direction of lead-lag 
relationships could contribute to more human-like 
interaction between people and virtual agents and social 
robots; making possible greater synchrony, shared intention, 



and goal-corrected outcomes. 

There are three limitations to address in future studies. One 
is the definition of high versus low conflict episodes. In the 
current contribution, high versus low conflict episodes were 
identified according to the instructions given to the 
participants. However, windowed correlations from the 
second half of the low-conflict condition suggest that 
couples may not have complied. It is possible that they may 
have begun arguing in the nominally low-conflict task.  To 
examine this possibility, observational data will be needed.  
We plan to use linguistic and perhaps additional behavioral 
criteria to better define low- and high conflict episodes. 

Another limitation was that the high-conflict condition 
always followed the low-conflict condition.  Because order 
and condition were confounded, it is possible that the results 
observed were due in part to when in time observations 
occurred.  In future work, we will sample low- and high 
conflict episodes from across the entire period of 
observation. High conflict episodes, for instance, could be 
identified as the situations in which one partner initiates an 
oppositional act that include disagreeing, hostile behavior, 
or deliberate attempt to upset or provoke the other.  These 
conditions then could be sampled across the course of the 

observations. 

A final limitation is the amount of data that were included 
for analysis. It would be useful to investigate longer periods 
of interaction and more couples. By relaxing the selection 
criteria to allow interactions in which some tracking failures 
occurred, more couples could be included in the analyses.  

V. CONCLUSION 
We proposed an analysis of the interpersonal timing of head 
movements in dyadic (two person) interaction. Videos of 
intimate couples with a history of violence toward each 
other were analyzed in each of two conditions. One was 
intended to be low conflict and the other high conflict. 

The root mean square of horizontal and vertical angular 
displacement and angular velocity was used to evaluate how 
animated each participant was during each condition. A 
variant of actor-partner analysis was also used to detect 
differences between men and women and probands in 
expressiveness. Windowed cross correlation analysis was 
used to examine moment-to-moment dynamics of head 
motion expressiveness. These revealed temporal patterns of 
frequent shifts in stability and instability over time in both 
low and high conflict conditions. 

 
ACKNOWLEDGMENTS 

This work was supported in part through collaborative 
participation in the Robotics Consortium sponsored by the 
U.S Army Research Laboratory under the Collaborative 
Technology Alliance Program, Cooperative Agreement 
W911NF-10-2-0016 and by NIH grant R01 MH096951.  

 
REFERENCES 

 
[1]  Z. Ambadar, J. F. Cohn,  and R. L. Ian. "All smiles are not created 

equal: Morphology and timing of smiles perceived as amused, 
polite, and embarrassed/nervous". Journal of Nonverbal 
Behavior, vol. 33 (1), pp. 17-34, 2009.  

[2] K. T.Ashenfelter,  S. M. Boker,  J. R. Waddell, and N. Vitanov,  
(2009). "Spatiotemporal symmetry and multifractal structure of 
head movements during dyadic conversation," Journal of 
Experimental Psychology: Human Perception and Performance, 
vol. 35 (4), pp. 1072-1091, 2009. 

[3] S. M. Boker, and J. F. Cohn, "Real-time dissociation of facial 
appearance and dynamics during natural conversation," In 
Dynamic faces: Insights from experiments and computation C. 
Curio, H. H. B. lthoff and M. A. Giese, (Eds.), Cambridge, MA: 
MIT, 2011, pp. 239-254. 

[4] S. M. Boker, J. F. Cohn, B. J. Theobald,, I. Matthews, M. Mangini,  J. 
R. Spies,  T. R. Brick, "Something in the way we move: Motion, 
not perceived sex, influences nods in conversation." Journal of 
Experimental Psychology: Human Perception and Performance, 
vol. 37(3), pp. 874-891 2011. doi: 10.1037/a0021928 

[5] S. M. Boker, J. L. Rotondo,  M. Xu, and  K. King, "Windowed cross–
correlation and peak picking for the analysis of variability in the 

association between behavioral time series," Psychological 
Methods, vol. 7(1), pp. 338-355, 2002.   

[6] J. F. Cohn, L. I. Reed, T. Moriyama, J. Xiao,, K. L. Schmidt, and Z. 
Ambadar, "Multimodal coordination of facial action, head 
rotation, and eye motion," Paper presented at the 6th IEEE 
International Conference on Automatic Face and Gesture 
Recognition, Seoul, Korea 2004.. 

[7] J. F. Cohn,, and  M. A. Sayette, "Spontaneous facial expression in a 
small group can be automatically measured:  An initial 
demonstration," Behavior Research Methods, vol 42(4), pp. 
1079-1086, 2010. 

[8] T. D. George, M. J. Phillips, M. Lifshitz, T. A. Lionetti, D. E. Spero, 
N. Ghassemzedah, et al., "Fluoxetine Treatment of Alcoholic 
Perpetrators of Domestic Violence: A 12-Week, Double-Blind, 
Randomized Placebo-Controlled Intervention Study." Journal of 
Clinical Psychiatry vol. 72(1): 6, (2011). 

[9] J. S. Jang, and T. Kanade, "Robust 3D head tracking by online feature 
registration," IEEE International Conference on Automatic Face 
and Gesture Recognition, Amsterdam, The Netherlands. 
September, 2008. 

[10] D. Keltner, "Signs of appeasement:  Evidence for the distinct displays 
of embarrassment, amusement and shame," Journal of 
Personality and Social Psychology, vol. 68(3), pp. 441-454 
1995.  

[11] A. G. Van Kleef, and S Côté, Expressing anger in conflict: When it 
helps and when it hurts," Journal of Applied Psychology, vol. 
92(6), pp. 1557-1569, 2007.  

[12] I. Matthews, J. Xiao, and S. Baker, "2D vs. 3D deformable face 
models: Representational power, construction, and real-time 
fitting," International Journal of Computer Vision, vol. 75(1), 
pp. 93–113, 2007.  



[13] D. S. Messinger, M. H. Mahoor, S. M. Chow, and  J. F. Cohn, 
"Automated measurement of facial expression in infant-mother 
interaction: A pilot study," Infancy, vol 14(3), pp. 285-305, 
2009.  

[14] D. S. Messinger, W. I. Mattson, M. H. Mohammad,, and J. F. Cohn, 
"The eyes have it:  Making positive expressions more positive 
and negative expressions more negative," Emotion. 2012. 

[15] N. A. Roberts, J. L. Tsai, and J. A. Coan, "Emotion elicitation using 
dyadic interaction tasks," In Handbook of Emotion Elicitation 
and Assessment, J. A. Coan and J. J. B. Allen (Eds.) , New 
York, NY: Oxford University Press, 2007, pp. 106-123. 

[16] M. A. Sayette, K. G. Creswell, J. D. Dimoff, C. E. Fairbairn, J. F. 
Cohn, B.W. Heckman,  R. L. Moreland, "Alcohol and group 
formation: A multimodal investigation of the effects of alcohol 
on emotion and social bonding," Psychological Science, vol. 
23(8), pp. 869-878,  2012. doi: 10.1177/0956797611435134 

[17] J. Santo,  S. Lucey, and J. N. Chiquero,  "3D head tracker robust to 
pose, occlusion, and rapid changes in head motion," Technical 
Report: CSIRO, Brisbane, Australia, 2012. 

[18] M. A. Straus, "Measuring intrafamily conflict and violence: The 
Conflict Tactics (CT) Scales," Physical violence in american 
families,  vol. 41(1), pp.  75-88, 1979.  

[19] B. J. Theobald, I. Matthews, M. Mangini, J. R. Spies, T. Brick, J. F. 
Cohn, and S. M. Boker, "Mapping and manipulating facial 
expression," Language and Speech, vol. 52(2 & 3), pp. 369-386, 
2009.  

[20] E. Z. Tronick, and J. F. Cohn, "Infant-mother face-to-face interaction: 
Age and gender differences in coordination and the occurrence 
of miscoordination," Child Development, vol. 60, pp. 85-92, 
1989.  

[21] M. F. Valstar, M. Pantic, Z. Ambadar, and  J. F. Cohn,  "Spontaneous 
vs. posed facial behavior: Automatic analysis of brow actions," 
Paper presented at the ACM International Conference on 
Multimodal Interfaces, Banff, Canada, 2006.  

[22] J. Xiao, S. Baker, I. Matthews, and  T. Kanade, "Real-time combined 
2D+3D active appearance models," IEEE Computer Society 
Conference on Computer Vision and Pattern Recognition, pp. 
535-542, 2004.  

[23] M. Stel, R. B. van Baaren, J. Blascovich, E. Van Dijk, C. McCall, M. 
M. Pollmann, "Effects of a priori liking on the elicitation of 
mimicry." Experimental psychology vol. 57(6), pp. 412-418 
2010. 

[24] J. N. Bailenson,  and N. Yee, "A Longitudinal Study of Task 
Performance, Head Movements, Subjective Report, Simulator 
Sickness, and Transformed Social Interaction in Collaborative 
Virtual Environments" Presence  vol. 15(6), pp 18, 2006. 

[25] U. J. Pfeiffe, B. Timmermans, G. Bente  K. Vogeley, and L. 
Schilbach,  "A Non-Verbal Turing Test: Differentiating Mind 
from Machine in Gaze-Based Social Interaction," PLoS ONE 
6(11): e27591, 2011. doi:10.1371/journal.pone.0027591 

[26] A. M.Von der Pütten, N. C. Krämer, J. Gratch, and S. Kang,  (2010). 
"‘‘It doesn’t matter what you are!” Explaining social effects of 
agents and avatars," Computers in Human Behavior vol. 26:10 
2010.. 

[27] N. Ambady, and R. Rosenthal, "Half a minute: Predicting teacher 
evaluations from thin slices of nonverbal behavior and physical 
attractiveness," Journal of Personality and Social Psychology, 
vol. 64(3), pp. 431-441, 1993. doi: 10.1037/0022-3514.64.3.431 

[28] D. A. Kashy, and D. A.Kenny,  "The analysis of data from dyads and 
groups," in Handbook of research methods in social psychology 
IH. Reis amd C. M. Judd Eds., New York: Cambridge 
University Press, 2000, pp. 451-477. 

[29] D. A. Kenny, L. Mannetti, A. Pierro, S. Livi,  and D. A. Kashy,  "The 
statistical analysis of data from small groups," Journal of 
Personality and Social Psychology, vol. 83, pp. 126–137, 2002. 

[30] J. F. Cohn and  K. L. Schmidt, "The timing of facial motion in posed 
and spontaneous smiles," International Journal of Wavelets, 
Multiresolution and Information Processing, 2, pp. 1-12 2004.  

[31] S. Duncan,  "Some signals and rules for taking speaking turns in 
conversations," Journal of Personality & Social Psychology, vol. 
23(2), pp. 283-292, 1972.  

[32] L-P. Morency, I. de Kok,  and J. Gratch,  "Predicting listener 
backchannels: A probabilistic multimodal approach," Paper 
presented at the Conference on Intelligent Virutal Agents (IVA 
2008).  

[33] C. Pelachaud,  "Modelling multimodal expression of  emotion in a 
virtual agent," Philosophical Transactions B of the Royal 
Society vol. 364, pp. 3539-3548 2009.  

[34] M. Schröder, E. Bevacqua, R. Cowie, F. Eyben, H. Gunes, D. Haylen, 
et. al., "Building Autonomous Sesitive Artificial Listeners," 
IEEE  Transactions on Affective Computing, 2012. 

[35] G. Laurent and H. Davidowitz, "Encoding of olfactory information 
with oscillating neural assemblies". Science vol.265, pp. 1872-
1875. 

[36] G. Laurent,  M. Wehr, and H., Davidowitz,  "Temporal 
representations of odors in an olfactory network." 
J Neurosci  vol. 16(12), pp. 3837-47, 1996. 

 

 

 
 
 
 
 
 
 
 



 

Fi
gu

re
 3

. W
in

do
w

ed
 c

ro
ss

-c
or

re
la

tio
n 

fo
r P

itc
h 

an
gl

e 
ve

lo
ci

ty
 in

 lo
w

- a
nd

 h
ig

h 
co

nf
lic

t c
on

di
tio

ns
 (l

ef
t a

nd
 ri

gh
t c

ol
um

ns
, r

es
pe

ct
iv

el
y)

. E
ac

h 
ro

w
 is

 th
e 

cr
os

s-
co

rr
el

at
io

n 
fu

nc
tio

n 
fo

r a
 d

iff
er

en
t c

ou
pl

e.
  I

n 
in

te
re

st
 o

f s
pa

ce
, r

es
ul

ts
 a

re
 sh

ow
n 

fo
r o

nl
y 

7 
co

up
le

s. 

 


