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1. INTRODUCTION
Research shows that complex interactive activities such as team
work and collaboration are more effective when participants are
not only engaged in the task but also exhibit behaviors that facili-
tate interaction [5]. Successful collaboration is often manifested in
what is known as “entrainment” or convergence between the par-
ticipants of such collaboration. In the educational context, entrain-
ment between collaborators or between student and the tutoring
system is important in understanding learning dynamics, learning
gains and student performance in different learning environments
[6]. Recently Luna Bazaldua et al. demonstrated a statistically sig-
nificant synchronicity of cognitive and non-cognitive behavior be-
tween dyads engaged in online collaborative activity [1]. However,
in their study participants were not able to see each other and only
interacted over a text-based chat interface. This is an important
point to note since the ability to converse face-to-face can signifi-
cantly impact the nature of the dyadic interaction. Therefore, in this
paper we focus on behavioral patterns of emotional expressions be-
tween dyads during face-to-face conversation through a video con-
ferencing system. Our hypothesis is that dyads engaged in face-to-
face collaborative activity demonstrate a significantly different pat-
tern of behavior as opposed to nominal dyads who are artificially
paired up with each other. Notation-wise, we use the term nominal
dyad or artificial dyad interchangeably to mean two subjects whose
data are analyzed as if they were interacting dyadically, but were
actually not.

Explicitly modeling temporal information in such dyadic interac-
tion data is important because each person’s emotional state or be-
havior need not stay constant over the course of the interaction –
they could get fatigued over time, or be more nervous at the very
beginning (resulting in repetitive, cyclic fidgeting behavior), but
gradually settle into a comfort zone later, as they get more famil-
iar with the task and each other. For similar reasons their body
language and emotional state can also fluctuate over the time se-
ries. However, current feature extraction approaches that aggregate
information across time do not explicitly model temporal cooccur-
rence patterns; consider for instance that one person’s emotional
state – joy – generally follows his interlocutor’s emotional state –

say neutral – in a definitive pattern during certain parts of the inter-
action. Capturing such patterns might help us (i) explicitly under-
stand the predictive power of different features (such as the occur-
rence of a given pair of emotions) in temporal context (such as how
often did the emotional state of one person in the dyad occur given
the previous occurrence of another emotional state of the other per-
son in the dyad), thus allowing us to (ii) obtain features that are
more interpretable on visual inspection. We would like to take an
initial stab at bridging this gap in this paper. Specifically, we pro-
pose to adapt a feature based on histograms of cooccurrences [4]
that was developed earlier for analyzing a single time-series (say,
from one person), and extend it to the case of dyads (see Figure 1).
The feature models how different “template” emotional states of
one person in a dyad co-occur within different time lags of a “tem-
plate” emotional states of the other person in the dyad over time.
Such a feature explicitly takes into account the temporal evolution
of emotional states in different interaction contexts.

2. DATA
2.1 The Tetralogue CPS Platform
We used an online collaborative research environment developed
in-house – the Tetralogue [2, 1]. The participants, who may be in
different locations, interact through an online chat box and system
help requests (selecting to view educational videos on the subject
matter). The main avatar, Dr. Garcia, introduces information on
volcanoes, facilitates the simulation, and requires the participants
to answer a set of individual and group questions and tasks. A sec-
ond avatar, Art, takes the role of another student who shows his
own answers to the questions posed by Dr. Garcia, in order to con-
trast his information with that produced by the dyad. Twenty-six
subjects participated in this study and were paired in dyads using
random selection.

3. ANALYSES AND OBSERVATIONS
In order to observe how well HoC features capture dyadic behavior,
we randomly extracted 100 time-intervals (each 10 seconds long)
from the post-processed and synchronized feature streams for all
26 subjects. We then computed HoC features for each of these in-
tervals for each subject, respectively. Now recall that in this pool of
subjects, each subject has one true dyad with whom they completed
the Tetralogue task collaboratively. We hypothesize that the HoC
features computed for true dyads will be significantly different as
compared to the HoC features computed between artificial or nom-
inal dyads (who did not actually engage in a dyadic interaction).
We found that the distances computed between HoC features ex-
tracted from true dyads were significantly lower (p≈ 0) than those
of distances between HoC features computed on artificial dyads.
This finding suggests that (i) not only do true dyads engaged in a
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Figure 1: Schematic depiction of the computation of histograms of cooccur-
rences (HoC) (adapted from [3]).
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Figure 2: Schematic illustrations of the emotion feature clusters computed for
all speakers. Each column represents an emotional cluster centroid, which is a
particular distribution of emotional state activations. There are 10 dimensions
that describe an emotional state, represented by different rows. The colors repre-
sent the odds, in logarithmic (base 10) scale, of a target expression being present
(typically range: [−5,+5]).

collaborative interaction exhibit specific characteristic patterns of
emotional state cooccurences that clearly sets them apart from ar-
tificial dyads, but (ii) such HoC features allow us to capture these
differences in an effective manner.

Figures 2 and 3 gives us some more insight into why these features
perform well. Figure 2 depicts the 16 cluster centroids computed on
(and therefore common to) all speakers. Notice that each column of
Figure 2 represents one cluster centroid, comprising different rel-
ative activation of different emotions – for instance, cluster 2 rep-
resents an emotional state with a higher activation of joy and pos-
itive emotion, while cluster 6 represents a more neutral emotional
state, encompassing an equal (and approximately zero) activation
of all emotions. Recall that these emotion clusters are common
to all speakers. Figure 3 shows feature distributions of HoC fea-
tures computed on one particular speaker and his/her actual dyadic
partner, and those computed on that same speaker and an artifi-
cial dyadic partner. We observe that the feature distributions of the
former are more peaky, with specific certain clusters of emotions
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Figure 3: Average HoC feature distributions (across lags) for the true and
nominal dyad, respectively, of one particular speaker in the database. The color
in the (m,n)th square represents the average normalized activation (between 0
and 1) of cluster m of the speaker represented along the y-axis co-occuring with
cluster n of the speaker represented along the x-axis.

co-occurring more often than others. However, in the case of the
latter, this distribution is more flat and uniformly distributed. Note
that while specific results shown in Figure 3 are particular to the
chosen speaker, we observe the aforementioned trends are in gen-
eral for all speakers. In other words, true dyads display specific
patterns of behavioral cooccurrence and synchronicity that are not
observed in artificial dyads, and such a HoC feature is helpful in
understanding and bringing out these differences.

4. CONCLUSIONS AND OUTLOOK
This paper has made an initial attempt at proposing a novel fea-
ture, dubbed histograms of cooccurrences, that captures how often
different prototypical behavioral states exhibited by one person co-
occur with those exhibited by his/her partner over different tempo-
ral lags. We have shown that not only does this feature bring out the
differences between dyads and non-dyads, but is also interpretable
in that it tells us which behavioral states are most likely to occur in
dyads as opposed to non-dyads.
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