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Abstract
We postulate the need for the creation of computational methods
to model interactions specific to commensal settings. They would
be used to analyze and quantify interactions during shared meals,
and to design new devices for commensality. To illustrate the con-
cept, we present algorithms for measuring: 1) food intake ratio and
synchronization, and 2) smile ratio and synchronization in pairs of
eaters. They process images of two commensals captured simulta-
neously to extract information specific to their nonverbal behaviors
and subsequently apply the Event Synchronization algorithm to
compute their degree of synchronization. Next, we test the pro-
posed methods on videos of 12 dyads sharing meals. Our findings
suggest that the self-reported strength of the relationship is posi-
tively correlated with the degree of food intake synchronization and
inversely correlated with the quantity of smiles. We conclude by dis-
cussing potential applications for developing artificial companions
to support solo eaters.
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1 Introduction
Understanding andmodeling social interactions in dyads and groups
is a crucial area of research spanning multiple disciplines, including
psychology, sociology, and artificial intelligence. Such interactions
involve complex dynamics shaped by verbal and nonverbal com-
munication, individual roles, and shared social contexts, requiring
the analysis of interpersonal relationships and coordination pat-
terns. Advances in Social Signal Processing have enabled compu-
tational approaches to capture and interpret nonverbal cues such
as body posture, gaze, and vocal characteristics, thereby offering
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valuable insights into the dynamics of social interactions and their
analysis [57]. Modeling group interactions in terms of both so-
cial exchanges and physical actions has multiple applications in
Human-Computer and Human-Robot Interaction [10]. Apart from
explaining human social behavior, these models are essential when
designing new forms of interaction (e.g., between humans and ar-
tificial agents, or in VR-based environments) and new interactive
devices (e.g., smart tables [69]). Previous research has primarily
focused on structured meetings and free-standing mingling events
to investigate various social phenomena [10]. Meetings typically
involve dyads or small groups of 3–4 participants seated around
a table to perform a predefined task. In contrast, mingling events
feature dynamic social interactions in which individuals sponta-
neously form and dissolve dyads and groups [10]. Such settings
have enabled researchers to analyze key aspects of social dynam-
ics, including engagement [7, 46], group cohesion [53, 68], leader-
ship [39, 42, 60], social roles [1, 66], group performance [27, 48],
mimicry [43], entrainment [25, 62], and so forth. These studies typ-
ically analyze sequences of behaviors exhibited by each interaction
partner, including gaze movements, the start and end of utterances,
interruptions, hand gestures, and the regularities (e.g., repetitions
and patterns) in the behavior of others.

Despite the significant amount of work mentioned above, a con-
siderable gap remains in understanding the dynamics of social
interactions in commensal settings. The new trends in HCI [41, 54]
postulate using technology to enable, enhance or facilitate com-
mensality experience. This encompasses tele-dining [12], designing
new form of interactions such as interactive smart tables [6, 17],
interactive games [2], virtual [26, 32, 55, 59] and augmented real-
ity [61] characters, as well as robotic dining companions [19, 21, 33].
Motivated by the aforementioned studies, in this paper, we advo-
cate for the design of new computational approaches for modeling
interactions specific to commensality.

The act of eating and sharing food [44] is one of themost frequent
social experiences and is as old as humanity. Commensal events are
characterized by rich social interactions, where the act of consum-
ing food provides an opportunity to exchange ideas, strengthen
social bonds (e.g., friendships), or finalize business matters. How-
ever, interactions at the table are highly specific, as participants
continuously divide their attention between food and drink prepara-
tion, consumption, and social engagement. A person may focus on
their plate while listening to a conversation, though the nonverbal
cues they exhibit in this context differ from those in other social
settings. For example, if a diner does not respond to a question
immediately posed by their interaction partner, it does not neces-
sarily mean they are not listening—they may simply be chewing.
Similarly, if they do not maintain eye contact while speaking, it
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could be because they are cutting their food. Instead, in other con-
texts, e.g., brainstorming meetings [20], these behaviors might be
perceived as rude or disruptive to the interaction. Such examples il-
lustrate that existing models may not be well-suited for commensal
settings, highlighting the need for dedicated studies. Consequently,
herein we focus on investigating food intake and smile exchange
in commensal settings between partners with varying levels of
acquaintance.

2 Related Work
Human behavior understanding through social signals has been
extensively examined in a recent survey [10], which categorizes
research into three main areas: (1) the detection of social traits
such as leadership, dominance, and personality traits, (2) social
role recognition and the identification of social relations, and (3)
interaction dynamics analysis to assess group cohesion, empathy,
rapport, and similar aspects. Several approaches identified leaders
and their styles by analyzing speaking, head, and body activity, as
well as factors like variations in prosody, the number of speaking
turns, and body motion patterns [8, 9, 51]. Another widely studied
area has been the automatic recognition of personality traits using
cues such as speaking activity, visual focus of attention, prosody,
and body movements. In this line, while most studies have con-
centrated on meetings with 3–4 participants [63, 65], relatively
few methods have been tested in settings, including people watch-
ing movies together [36], free-standing conversations [14, 15], and
surveillance videos [64]. Studies on automated social role detection
demonstrated the effectiveness of turn-taking patterns, prosodic
features, and lexical information in role recognition [13, 58, 65]
while other effective cues are found to be facial expressions, head
pose, and body movement e.g., [18, 52, 66]. On the other hand, the
automated detection of social relations has largely relied on com-
puter vision techniques, utilizing large datasets from movies, and
YouTube videos [30, 31]. Another well-studied area is interaction
dynamics in dyads and groups, encompassing aspects such as con-
versational context e.g., [35], engagement e.g., [56], group cohesion
e.g., [53, 67], empathy e.g.,[39, 62], and rapport e.g., [27, 38]. A key
factor in these dynamics is vocal entrainment, where individuals
synchronize their words or speaking styles. Furthermore, nonver-
bal behavior analysis has been widely used to assess group per-
formance [37], interaction quality [22], and satisfaction levels [23].
Computational studies have focused on automatically distinguish-
ing different types of group conversations, including brainstorming
vs. decision-making [20], formal vs. informal [34], focused vs. un-
focused [5], and scenario-based vs. non-scenario interactions [35].
Regarding commensality, Ondras et al. [47] analyze interaction
dynamics in a group of human eaters. Their Bite Timing Predic-
tion model predicts socially appropriate bite timing in a 6-second
window, using gaze, speech, and skeleton data from all three par-
ticipants. This model, although designed for assistive robotics, is
one of the first to analyze the interaction dynamics of a commensal
triad.

3 Quantifying Commensal Interactions
Modeling commensality involves a dyad or a group sharing meals,
which traditionally, in many cultures, takes place at a table. At the

level of nonverbal communication, this interaction is characterized
by a continuous exchange of gaze, smiles, and other social signals
that contribute to phenomena such as mimicry, synchronization,
or entrainment. At a higher level, these signals and actions may
provide information about the quality of the interaction, user satis-
faction, and their well-being. Modeling social interaction is realized
at two levels: the first (i.e., low-level) consists of modeling single
actions (e.g., food intake) and social signals (e.g., gaze direction);
the second (i.e., high-level) consists of modeling their meaning on
a longer time scales, such as the strength of the relation between
the participants, and their enjoyment of the interaction. In our
approach, we focus on the latter while addressing low-level model-
ing, we use the existing approaches frequently used in the litera-
ture. Among the cues specific to commensality, the most important
are probably related to food and drink intake. During commensal
events, individuals alternate between consuming food and engag-
ing socially. Engaging interactions likely involve long moments
of desynchronization, where one person speaks while the other
listens and/or consumes food. In contrast, less interaction probably
can be associated with faster food intake. Thus, food intake (e.g., its
speed) and the degree of food intake synchronization can serve as
indicators of the quality of interaction, as well as provide insights
into the type of relationship between the eaters. More standard
measurements include smile quantity and synchronization. The
smile is one of the most important social signals, frequently studied
by HCI researchers, e.g., [43, 45]. It can convey various meanings,
such as an expression of enjoyment and satisfaction, a backchan-
nel signal, and politeness. All these various meanings of the smile
may be plausible in a commensal scenario. The frequency and in-
terpersonal smile synchronization may indicate a rewarding and
enjoyable interaction.

3.1 Dataset
To illustrate the concept, we use audio-visual recordings of co-
located pairs sharing meals. It comprises 12 sessions recorded in
the same room, featuring pairs with varying levels of acquaintance.
Participants generally consumed similar food, such as pasta or
rice. Additionally, water and napkins were provided. The videos
were recorded using two cameras. Each recording includes the
synchronized view of two participants facing each other. Videos
were recorded at a resolution of 1920×1080 with a frame rate of 25
frames per second. In total, 234 minutes were recorded, with the
shortest session lasting 8 minutes and the longest 39 minutes. The
participants filled out a set of questionnaires before and after dining.
A combination of standard and in-house-designed questionnaires
was used. Before the meal, each person completed a questionnaire
measuring their attitude toward commensality in general (in total
10 questions with a Likert scale from 1 to 5), the frequency of eating
together in the last 6 months (in total 5 questions with a Likert
scale from 1 to 5), the use of technology during eating and two
standard questionnaires measuring their relationship with their
partner: the Inclusion of Other in the Self (IOS) Scale [3] and the
Quality of Relationships Inventory (QRI) [49]. Additionally, on
the day of the experiment, the participants filled out another in-
house designed questionnaire (𝑃𝑅𝐸_𝑄) to address their emotions
and attitude toward the person they were scheduled to meet that
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Figure 1: The time-flow of the data collection.

day, which includes questions, e.g, “My feelings/attitude towards
the person X before this meeting are ...” and “I am happy to meet
the person X right now” (in total 7 questions with a Likert scale
from 1 to 7). Finally, another set of questions (𝑃𝑂𝑆𝑇_𝑄) was posed
after the experiment (25 questions), composed of e.g., “In general, I
would rate this experience...” or “My feelings/attitude towards the
person X after this meeting are ...”, and so on. Questionnaires are
available at https://zenodo.org/records/15399785. All stages of the
data collection are explained in Fig. 1.

3.2 Food Intake Ratio and Synchronization
Given a video of two eaters, 𝐴 and 𝐵, we measure the distance
between i) the center of the mouth area and ii) the wrist of the
dominant hand of each eater, 𝐴 and 𝐵, independently to estimate
their food intake. The coordinates of the wrist and face are extracted
using MediaPipe’s Pose and FaceMesh models [28]. The mouth
center is computed by averaging the 𝑥 and 𝑦 coordinates of two
landmarks: the center of the upper and lower lip. Next, the Euclidean
distance between the mouth center and the wrist is calculated, and
the resulting value is normalized by computing its ratio relative to
the face dimensions in the same image frame. The same operations
are repeated for the second eater, resulting in two vectors 𝑑𝐴 and 𝑑𝐵
of distances, with lengths corresponding to the number of frames
in the original video.

In the following step, we detect significant events in 𝑑𝐴 and
𝑑𝐵 that correspond to food intake. More specifically, we search
for moments when the normalized distance remains below the
empirically chosen threshold of 1.25 for more than 0.35 but less
than 3.5 seconds. According to our observations, this time interval
typically corresponds to one food intake. Actions shorter than this
may correspond to gestures performed close to the face, while
longer durations may occur, e.g., when the person is not eating
but rather resting their head on their hand. Next, we create two
binary time series of events 𝑡𝑠𝐴 and 𝑡𝑠𝐵 with the same length as
the original distance vectors, such that the detected beginnings
of food intake events are marked with ones, while all remaining
positions are filled with zeros. Finally, we compute the degree of
synchronization for each pair using the Event Synchronization
technique (EV) [50] originally proposed to analyze brain signals
by measuring synchronization between events occurring in two
binary time series. More recently, this technique was successfully
applied to analyze, e.g., intra-personal synchronization [29]. The
computed values express the degree of synchronization of food
intake between commensal partners. This approach is illustrated
in Fig. 2, which presents four extracts of dyads with varying levels
of acquaintance. It can be seen that, in the first row, the events
(in green and orange) are more synchronized. In contrast, in the

Figure 2: Four extracts: the first row shows the wrist-to-hand
distances and synchronization events for two couples that
reported a strong relationship, while the second row shows
corresponding data for individuals who reported a low ac-
quaintance.

second row, there are long periods without food intake, by one or
both eaters. Next, we compare the degree of synchronization with
the responses given by participants for the IOS Scale [3], and 14
questions of QRI [49]. To obtain the scores that describe a dyad, we
sum the responses of both eaters on: 1) the IOS Scale and 2) the
IRQ, and compute their correlations with EV across all videos for 4
buffers: 𝜏 = 50, 100, 200, and 400 frames (i.e., from 2 to 16 seconds).
The resulting correlations fall within the intervals of 0.66–0.69 (IRQ)
and 0.53–0.66 (IOS). While these results are promising, they should
be interpreted with caution due to the small number of participants
considered. We also examined the correlations for the frequency
of food intakes, calculated as the sum of food intakes by both
participants, obtaining 0.56 and 0.53 for 𝐼𝑂𝑆 and 𝐼𝑅𝑄 , respectively.

3.3 Smiling Ratio and Synchronization
The main visible indicator of a smile is Action Unit 12 (AU12) in
the FACS notation [16], which refers to the activation of the zy-
gomaticus major muscle. While different smile types may include
other Action Units, the AU12 is present in all of them. We use Open-
Face [4] to extract the AU12 activity for each frame, and each eater.
We normalize extracted values and filter them, obtaining two time
series 𝑠𝐴 and 𝑠𝐵 of distances, with lengths corresponding to the
number of frames in the original video. Next, we extract significant
events from 𝑠𝐴 and 𝑠𝐵 , which occur when AU12 activity remains
above the empirically chosen threshold, which is lasting more than
0.6 seconds (to exclude short muscle activation related to chewing
or speaking). We create two binary time series of events 𝑡𝑠𝐴 and
𝑡𝑠𝐵 with the same length 𝑠𝐴 and 𝑠𝐵 : detected beginnings of smiles
are marked with ones, while all remaining positions are filled with
zeros. Finally, we compute the degree of synchronization on 𝑠𝐴 ,
𝑠𝐵 using EV [50]. In the final step, we analyze the correlations. A
slight inverse correlation was observed: the strength of the rela-
tionship appears to correspond to reduced smile synchronization
(the strongest correlation with 𝐼𝑂𝑆 was −0.57, 𝜏 = 200). We also
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examined the correlations for the frequency of smiles (i.e., the sum
of detected smile events of both participants), obtaining −0.67 and
−0.66 for the IOS and IRQ, respectively.

3.4 Discussion
The results for 12 videos are presented in Fig. 3. The average ac-
quaintance measured with the IOS is 3.4 on a 7-point scale, with a
relatively large standard deviation (SD = 2.24); 5 people reported
the maximum score, 9 reported the minimum. This shows that
there is substantial variability in the reported acquaintance across
studied pairs. It appears that interactions between dyads reporting
a strong relationship showed more synchronized food intake, but
fewer smiles and lower smile synchronization. This may seem sur-
prising at first glance, but two points should be considered. First,
even individuals who did not know each other well voluntarily par-
ticipated in the data collection (the results might differ significantly
if random people were forced to eat together). Therefore, it can-
not be excluded, participants (especially if they did not know each
other well) were adapting their behavior, including smiling and
quantity of conversation, to create favorable impressions (so-called
impression management). When meeting new people, individu-
als may engage more to establish rapport and appear likable. In
contrast, with familiar companions, the need for such impression
management diminishes. Moreover, various types of smiles exist
and are used in different social situations [11, 24, 45]. In future
work, we need to differentiate between different types of smiles.
This highlights the need for multifactorial models and large-scale
data collection to better understand interaction dynamics.

All participants reported being satisfiedwith their experience (Q1
in 𝑃𝑂𝑆𝑇_𝑄), with an average score of 6.1 on a 7-point scale (𝑆𝐷 =

0.82). Interestingly, at the same time, some participants reported
feeling uncomfortable (Q9 in 𝑃𝑂𝑆𝑇_𝑄), with 5 participants giving
average or higher ratings (average score of feeling unconformable
was 1.56 on a 5-point scale, 𝑆𝐷 = 0.84), and not relaxed (Q10 in
𝑃𝑂𝑆𝑇_𝑄), with 6 participants providing average or lower ratings
(average score of feeling relaxed was 4.13 on a 5-point scale, 𝑆𝐷 =

1.04), during the interaction. Furthermore, 9 persons reported an
increase in positive attitude towards their interaction partner after
eating (measured as the difference before and after the session, that
is: Q3 in 𝑃𝑂𝑆𝑇_𝑄 - Q2 in 𝑃𝑅𝐸_𝑄), while 6 participants reported a
decrease in positive attitudes (in total, an average increase of 0.2

Figure 3: The synchronization results with respect to the
questionnaire responses: shades of green correspond to the
answers given in the questionnaires, different shades of gray
represent the degree of food intake synchronization, and the
various shades of brown show smile synchronization values.

on a 7-point scale was observed). Interestingly, there was a much
larger consensus regarding the imagined attitude of the interaction
partners towards the participants themselves. Twelve participants
believed that their attitude towards them had improved, while only
four thought it had worsened (measured as the difference before
and after the session, that is: Q19 𝑃𝑂𝑆𝑇_𝑄 - Q6 in 𝑃𝑅𝐸_𝑄). These
factors (e.g., feeling uncomfortable) could influence the behaviors of
some of the participants and should be taken into account in future
models, when more data will be collected. However, at this stage
of research, too few participants reported any negative outcomes,
while they were generally satisfied, to perform such analyses.

4 Conclusions
We presented a method to compute degrees of food intake syn-
chronization and smile synchronization of eating partners to model
commensal interactions. Our analysis shows that the former ap-
pears to correlate with the reported strength of the relationship. In
the future, we will include other cues based on gaze direction and
speech. For instance, we will examine whether, when one person is
speaking, the other maintains eye contact or looks at their plate,
focusing on food intake. This could be measured as the percent-
age of time Partner B maintains eye contact while Partner A is
speaking, and vice versa. Similarly, we could measure the percent-
age of time Partner B is chewing while Partner A is speaking, as
well as the percentage of time spent i) in silence (i.e., when nei-
ther person is speaking), and ii) in mutual eye contact. Most of
these cues can be potentially extracted, like how we analyzed food
intake. At the same time, we will analyze other factors included
in the questionnaires, such as attitude changes during the meal,
reciprocal expectations regarding the behavior of the interaction
partners, reported relax/stress levels, as well as general preferences
regarding the commensality. Our methods need to be tested on
larger datasets, preferably recorded in diverse settings (e.g., public
places), contexts (e.g., dates, family meetings, business lunches),
and with more people. Another interesting research direction is
to study potential imbalance in groups. While at the moment we
simply sum up the responses of the two persons, they often did not
agree even on the reported strength of the relationship. It would be
worth to examine whether these reported inequalities are reflected
in their behaviors.

We believe that such methods can serve as tools to evaluate
the commensal experience in terms of satisfaction from the shared
meal, group cohesion, but also the type of commensal event, and
more. Beyond that, they can be used for designing new interactive
systems for commensality. Several researchers [19, 21] postulate
the creation of artificial commensal companions, that is, "active
partners during mealtime, able to interact with a human partner
and influence their eating experience" [40]. Such agents may bring
the benefits of commensality, such as healthier food choices, in-
creased well-being, and more, especially for individuals who are
constrained to eat alone. However, existing virtual commensal com-
panions (e.g., [26, 32, 55]) still lack the skills to perform human-like
interactions, as often reported in their evaluations. Models of inter-
action dynamics, such as those presented in this paper, are essential
for enabling such virtual companions to cultivate rewarding and
enjoyable interactions when people are eating in their company.
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