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Dynamics of Collective Group Affect: Group-Level
Annotations and the Multimodal Modeling of

Convergence and Divergence
Navin Raj Prabhu , Member, IEEE, Maria Tsfasman , Catharine Oertel ,
Timo Gerkmann , Senior Member, IEEE, and Nale Lehmann-Willenbrock

Abstract—Collaborating in a purposive group, whether face-to-
face or virtually, involves continuously expressing emotions and
interpreting those of other group members. As such, understanding
group affect is essential to comprehending how groups interact
and succeed in collaborative efforts. In this study, we move be-
yond individual-level affect and investigate group-level affect—a
collective phenomenon that reflects the shared mood or emotions
among group members at a particular moment. As the first in
the literature, we gather annotations for group-level affective ex-
pressions in purposive group interactions using a fine-grained
temporal approach (15 s windows) that also captures the inherent
dynamics of this collective construct. To this end, we extensively
train annotators and develop an annotation procedure specifically
tuned to capture the entire scope of the group interaction from
one interaction moment to the next. In addition, we model the ebb
and flow of group affect by accounting for the underlying conver-
gence (driven by emotional contagion) and divergence (resulting
from emotional reactivity) of affective expressions among group
members. To capture these interpersonal dynamics, we employ two
approaches: (i) extracting synchrony-based handcrafted features
from both audio and visual modalities, and (ii) introducing a novel,
data-driven graph neural network to model interpersonal dynam-
ics among group members. Our results highlight the advantages of
the graph network over the handcrafted features in modeling group
affect, while also emphasizing the importance of temporal modeling
and incorporating multimodal cues. Additionally, our analysis of
affective convergence and divergence reveals that groups tend to
diverge in their social signals during neutral collective affect, while
exhibiting convergence during more emotionally intense moments.
These insights are drawn from comparative results across both
modeling techniques.
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I. INTRODUCTION

GROUP affect is a collective social construct that represents
the jointly experienced shared mood or emotions that

group members hold in common at a given point in time [1],
[2]. There is an important conceptual and empirical difference
between the affective experiences of individual group members
and the collective mood of the group as a whole, not only
regarding how they are measured but also in terms of their
influence on group outcomes [3]. Following [2], we focus our
research on affect at a collective level in purposive groups.1 By
purposive group, we mean “an intact social system, complete
with boundaries, interdependence for some shared purpose, and
differentiated member roles” [4]. This makes purposive groups
distinct from spontaneous social gatherings or large groups.
Purposive groups are prevalent in organizational settings, tasked
with completing a wide variety of assignments across different
time frames [2]. Examples of purposive groups include a group
of software developers or a group of health workers assembled to
brainstorm solutions to a problem. The relevance of collective
group affect towards the functioning and outcomes of purpo-
sive groups is documented well in the literature [5], [6], [7],
[8], [9], [10], [11], [12]. For example, a widely cited review
of the literature discusses the importance of group affect for
shaping (i) group member attitudes, (ii) cooperation and conflict
resolution, (iii) creativity and decision making, and (iv) group
performance [2]. In terms of the factors that give rise to shared
group affect, recent qualitative work points to social learning
and positive emotional sharing [13].

However, there is a notable dearth of quantitative empirical
research on collective group affect as it emerges and fluctuates
during group interactions. Whereas research has extensively
examined affect as an individual-level construct [14], [15],
[16], [17], [18], we know much less about group affect as a
collective phenomenon (for an overview and detailed critique,
see [8]). This is because gathering suitable group interaction

1Throughout this work, we use the term “groups” to specifically represent
purposive groups.
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data, annotating, and analyzing collective group affect and the
related social signals is considerably more complex compared
to that of individual members’ affect [9], [11]. In this work, we
address this knowledge gap through two key contributions: (1)
collecting group affect annotations using an annotation strategy
that aligns methodologically with theoretical frameworks from
organisational psychology on group affect, and (2) leveraging
these annotations to perform multimodal modeling of dynamic
group affect, capturing the underlying phenomena of conver-
gence and divergence.

Collecting annotations of group affect: We identified two key
challenges in annotating group affect from a review on prior
work in organizational psychology and computer science: (i)
capturing fine-grained temporal dynamics [8], [10], [19], [20],
and (ii) accounting for social dynamics in complex purposive
groups [2], [21].

The limited literature on group affect to date has predom-
inantly relied on annotations of static images [9], [19], [22]
or temporally independent video segments [11], [23] with-
out accounting for any temporal context [8], [20]. Annotating
video segments in a temporally independent manner without
accounting for the temporal context is resource efficient, where
annotators need not continuously track the group’s affective
expressions and its associated changes between consecutive
segments. However, such an annotation approach is agnostic
to the inherently dynamic nature of group affect [2], [10], which
limits the resulting empirical contributions and represents a
misalignment between the theoretical construct of group affect
as a dynamic process and its measurement [7], [24].

Based on our review across disciplines, we observe consider-
able theory-method misalignment between theoretical models of
group affect as presented in the organizational behavior literature
(e.g., [1], [2]) and the group affect recognition methodologies de-
veloped in computer science studies (e.g., [9], [19], [25]). While
the theory conceptualizes group affect in complex purposive
group settings involving interpersonal relationships and dynam-
ics [2], group affect recognition research has focused on much
simpler groups that lack social intactness and interdependence
towards a shared goal. As one example, consider the groups
captured in the Video Group Affect dataset, which includes
concerts, silent protests, and fights [11]. Notably, annotating and
modeling collective affect in purposive groups is significantly
more complex, as it requires capturing the dynamics of interper-
sonal relationships, unlike simpler non-purposive groups where
such relationships are largely absent.

The two challenges above informed the design of our anno-
tation strategy. To address the challenge of capturing temporal
dynamics in group affect, we conducted pilot studies to itera-
tively tune the annotation window size, enabling more apt rep-
resentation of affective fluctuations. To handle the complexity
of annotating affect in purposive groups, we extensively trained
organizational psychology students, ensuring context-aware,
high-quality labels. This approach is consistent with prior re-
search emphasizing the need for domain-specific training and the
involvement of social psychologists in annotating group-level
phenomena [20], [26]. Informed by [27], our training incorpo-
rated video markers identified during the pilot study. Together,
these efforts ensure that our annotation process is well-aligned

with organizational psychology theory, which frames group
affect as a dynamic social construct within purposive groups.

Multimodal modeling of dynamic, group-level affect: Anno-
tating dynamic group affect allows for (i) the development of
multimodal predictive models capable of automatic recognition
of group affect with more real-world application possibilities,
coping with changing affect over time, and higher robustness [8],
and (ii) the quantitative analysis of convergence and divergence
in affective expressions that shape the dynamics of group af-
fect [28].

Social signals, such as facial expressions [29] and vocal
pitch [14], encode micro-level behavioral cues like synchrony
and convergence [30], which are fundamental to the develop-
ment of dynamic interpersonal relationships [30] and higher-
order group constructs [26], [31]. In this work, we introduce
two complementary methods for capturing these micro-level
patterns using multimodal, individual-level social signals. The
first approach leverages handcrafted features designed to quan-
tify synchrony and convergence, thereby modeling interpersonal
dynamics (e.g., [26], [31]). The second approach employs a
novel graph neural network (GNN), inspired by social network
theory [32], which represents individuals as nodes and their
relationships as edges, allowing it to learn the structure and
temporal evolution of social interactions. Unlike handcrafted
features, the GNN offers a data-driven framework for modeling
dynamic interpersonal relationships.

Barsade [2], in a review of the organizational psychology liter-
ature, highlighted the need for fine-grained analyses of the tem-
poral dynamics underlying collective group affect. In particular,
the study of convergence and divergence in affective expressions
are ways to study this ebb and flow of group affect. Hareli and
Rafaeli [28] proposed a cyclical model where individual affect
converges via contagion or diverges through reactivity, creating a
feedback loop that shapes group functioning. Recent conceptual
work further emphasizes the need to account for social dynamics
in that lead to shared affect in groups [3]. Despite its theoretical
significance, empirical research on affective convergence and
divergence in group interactions remains limited. To address this
gap, we conduct a quantitative analysis of affective convergence
and divergence using both the handcrafted features and the
data-driven representations from the proposed graph network.

To the best of our knowledge, this is the first study to develop
predictive models of dynamic group affect in complex purposive
group interactions, and the first to present an empirical analy-
sis of affective convergence and divergence in such dynamic
settings. For a detailed comparison of our study contribution
beyond existing approaches in the literature, see Appendix Ta-
ble S2.

II. BACKGROUND AND RELATED WORK

A. Affect in Purposive Groups

While individual affect has been extensively studied in the
past few decades [14], collective group affect has received
considerably less research attention [2], [8], [20]. Empirical
research [33] has demonstrated that group-level affect is distinct
from individual-level affect and that they are shared among
interlocutors in purposive interactions. This has consequences
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for research design, requiring scholars to pay attention to the
actual social interaction dynamics that give rise to group affect
(for an overview, see [7]). Understanding group affect is a key
element of understanding how groups interact and achieve col-
laborative performance [2], [7]. This study specifically focuses
on the under-researched construct of collective group affect.

To analyze affect in groups, quantification of affect is the first
step. Two types of quantification techniques have been widely
used in the literature: (1) Ekman’s six basic emotions [34] (e.g.,
happy, angry) or (2) Russell’s circumplex model [35], where
affect is quantified using two continuous, bipolar, and orthogonal
dimensions of arousal and valence. In recent years, research
in social science as well as state-of-the-art datasets for affect
recognition in computer science have moved from categorical
representations to the circumplex model, owing to the fact
that the circumplex model is more suitable for capturing the
ambiguous and fuzzy nature of affective expressions (e.g., [10],
[15], [36]). In line with this development across disciplines, in
this work we rely on the circumplex model to quantify collective
group affect.

B. Dynamics Inherent in Group Affect

Theorizing on group affect as a dynamic, temporally evolving
social construct characterized by bottom-up and top-down pro-
cesses, while intuitively appealing, has received only limited em-
pirical validation efforts [2]. This is likely due to the challenge of
annotating collective group behavior while also accounting for
its inherent temporal dynamics [19], [20]. Two key challenges
in this space are: (i) the time and cost inefficiencies stemming
from the complexity of group constructs [10], [11], [19], and (ii)
the need for domain expertise, particularly the involvement of
social psychologists, and intensive annotator training [20], [26].

Moreover, the appropriate window size required to capture
the dynamics of group-level social constructs remains an open
research question across disciplines. Choices regarding the tem-
poral granularity of annotations differ substantially in the prior
literature. For example, Mo et al. [37] used 20-second windows,
whereas Barsade [38] or Lei et al. [10] used 2-minute windows
to capture dynamic changes in group affect. Of note, recent re-
search on individual-level affect has moved from segment-level
annotations (≈ 5 secs) [17] to much smaller time windows, as
small as 10 ms [16], [18]. Annotating larger time windows is
simpler and more resource-efficient, as annotators need not track
micro-level behaviors and events, and require fewer labels for
an entire interaction. However, such windows are less suited
for capturing the dynamics of group affect, which often shifts
and changes from one conversational moment to the next. In
contrast, smaller time windows better reflect these dynamics
but make the annotation process significantly more complex and
time-consuming [18].

In this work, we address these challenges by training annota-
tors with a background in social psychology to attentively track
the full scope of group interactions and annotate for dynamic
group affect. This training enables annotators to incorporate both
top-down and bottom-up processes that underlie the emergence
of group-level affect. To aptly capture the dynamic fluctuations
of group affect, we eploy a window size that is iteratively

tuned with respect to the construct and the social setting at
hand.

C. Automatic Recognition of Dynamic Group Affect

Dhall et al. [9] were among the first to explore automatic group
affect recognition using static web images of non-purposive
groups (e.g., concerts, silent protests [39]), annotated with six
levels of happiness intensity. This foundational work was ex-
tended by [25] and [40], and later evolved into a multimodal
framework through the efforts of Sharma et al. [11], [41]. To
promote further progress in the field, a series of benchmark chal-
lenges were introduced [22], [23], [39], and [42] open-sourced
an interactive, multimodal group affect analysis toolkit for use
in diverse social settings.

More recently, GNNs have gained attention for this purpose
due to their ability to model relational structures [20]. Early
GNN-based approaches [19], [43] primarily focused on static
group images, capturing only spatial relationships among indi-
viduals and their environments, without the temporal context.
Addressing this gap, Wang et al. [44] introduced a unimodal,
video-based GNN that represents individuals as nodes and in-
cludes pseudo-nodes to aggregate spatial and temporal features
between neighboring time frames, within a fixed-length, tempo-
rally independent video segment. Of note, the model is limited to
fixed-duration inputs and does not scale well to longer temporal
contexts, as the GNN’s adjacency matrix expands proportionally
with input duration and the growing number of pseudo-nodes.

Despite recent progress, a key limitation remains in group
affect recognition research: insufficient temporal modeling—
most existing methods treat video segments as temporally in-
dependent, overlooking how group affect unfolds over time. To
address this, propose a GNN-based model that represents indi-
viduals as nodes initialized with multimodal, individual-level
social cues, and with edges trained to capture interpersonal
relationships. Subsequently, a long short-term memory (LSTM)
layer operates on the edge representations to model temporal
dynamics between consecutive video segments. Leveraging the
collected, temporally evolving annotations, the model captures
fluctuations in group affect across variable-length interactions—
integrating both bottom-up and top-down processes, thus align-
ing computational modeling more closely with established psy-
chological theory [2], [8], [10].

D. Fine-Grained Analyses of Dynamic Group Affect

The investigation of affective convergence and divergence al-
lows insights into collective group-level affect and its underlying
dynamics [28]. Organizational psychology literature [21], [28]
identifies emotional contagion and reactivity as key mechanisms
through which convergence and divergence emerge within social
groups. These processes involve one person or group influencing
the emotions or behaviors of others through the conscious or
unconscious induction of emotional states and behavioral re-
sponses [28], [45]. For emotional contagion to occur, individuals
must first express their emotional states through observable so-
cial behaviors, which others may then mirror (i.e., convergence)
or contrast with (i.e., divergence). Capturing this dynamic, recip-
rocal exchange of micro-level behaviors requires the extraction
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of synchrony and convergence features, as outlined in [30]. For
example, group members may express more activated speech
adapting to other group members’ level of activation (emotional
contagion), or they might gasp in response to a group member’s
ill-fated story (emotion reactivity).

To capture these affective contagion and reactivity within
groups, we employ graph attention networks (GATs), a variant
of GNNs that learn attention weights between interlocutors rep-
resented as nodes. Alongside an analysis based on handcrafted
synchrony and convergence features, we examine the learned
GAT attention weights to gain insight into convergence and
divergence processes.

III. DYNAMIC GROUP AFFECT: CONCEPTUALIZATION AND

ANNOTATION

The experimental workflow of this research comprises two
pipelines: (1) the Annotation Strategy, used to collect group
affect annotations, and (2) the Modeling process, which lever-
ages these annotations to analyze dynamic group affect. An
illustration of this workflow is in Appendix Fig. S2. This section
focuses on the first pipeline, detailing the annotation strategy
employed.

Barsade and Knight [2] defined group affect as the amal-
gamation of group members’ affective states and the mutual
influence of a group’s affective context. Recently, theorists have
expanded on the temporal dynamics of group affect, showing
how momentary individual- and group- affective experiences
become inputs for future group affective experiences [28], [46].
In line with these organization psychology theories on group
affect [2], [7], [28], [46], we conceptualize group affect as a
dynamic and continually evolving social phenomenon in groups.
Specifically, we define group affect as the collective affective
state of the group, which is the amalgamation of group mem-
bers’ affective states expressed during group interactions (i.e.,
a bottom-up process) and which in turn affects future affective
experiences of the group (i.e., top-down influence). Of note,
this amalgamation requires individual behavior to be expressed
in terms of social signals which can be annotated by external
annotators.

A. Dataset: MEMO

To investigate dynamic group affect in the context of a
purposive group interactions, we drew suitable data from the
multimodal longitudinal meeting corpus (MeMo) [47], con-
sisting of 45 unscripted video-call discussions in groups of
three to six participants. The MeMo corpus, with its setup of
purpose-driven group discussions and longitudinal recordings,
is an ideal dataset for studying group affect in purposive groups.
To achieve maximum affect elicitation, we selected those MeMo
group discussions that focused on group members’ experiences
during the COVID-19 pandemic, recorded in the year 2021.
A group discussion on COVID-19 is likely to evoke strong
emotional responses due to several factors, including polarized
opinions, economic impact, hope and resilience, loss and grief,
and shared experiences. The recorded group interactions lasted
for approximately 45 mins (average duration of 41 mins and

35 secs; with a standard-deviation of 7 mins and 30 secs). As
a longitudinal meeting corpus, participants were divided into
15 groups, and each group met 3 times over the course of 2
weeks using a video-conferencing software. At the start, the
participants were reported to be complete strangers, having never
met each other before the first session.

The interactions were guided by professional facilitators in
order to promote active discussions among the group members.
The selected facilitators were experienced in moderating meet-
ings and facilitating creative sessions. To maximize the diversity
of in-group opinions, participants were recruited from various
COVID-19 affected demographics in every group, e.g., parents
with young children, adults of age 50+, students, (ex)-business
owners. Overall, 15 groups, totaling 53 participants (25 Male, 28
Female; 18-76 years old) and 4 moderators (3 Male, 1 Female;
24-45 years old) took part in the interactions collected as part of
MeMo.

To facilitate future research on these novel group affect anno-
tations, we commit to making the annotations public along with
the MeMo corpus [47]. Initially, the annotations will be publicly
accessible following the review process and can be obtained
by agreeing to the end-user agreement.2 It is important to note
that the annotations can be released immediately, as they have
already been anonymized using pseudonyms for both annotators
and interlocutors and do not include any sensitive personal
information. Conversely, the raw behavioral group interaction
data recorded in the MeMo corpus contains sensitive and private
information shared by the interlocutors [47]. To protect the
data of the interlocutors, a thorough review process is currently
being conducted to eliminate any sensitive or potentially private
information. Following this process, the MeMo corpus will also
be made publicly available in the same data repository as the
annotations (please see [47] for more details).

For this work, we used only the spontaneous interaction
segments within the MeMo corpus. All interactions had eye-gaze
calibration and administrative tasks at the beginning and at
the end, respectively. Furthermore, in some interactions, par-
ticipants were late to join the interaction. We cropped these
segments out of all the interaction videos for our annotation
procedure. The timestamps of these segments were manually
annotated by the lead author.

B. Annotators

In [26], [48], efforts to annotate conversation quality at both
individual and group levels reveal that group-level constructs
are more complex to annotate and typically have lower inter-
annotator agreement than individual-level constructs. The im-
portance of involving social psychologists in the annotation of
group affect is further underscored in [20].

Following this, instead of relying on naive annotators, we
trained annotators for the task of annotating dynamic group
affect. This approach helped us overcome several limitations
regarding the annotation of group affect in the prior literature.
These include: (i) accurately capturing the dynamic bottom-up

2For access to the annotations, contact co-author Catharine Oertel.
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and top-down processes involved in group affect [10], [19], and
(ii) addressing the difficulty of conceptualizing group affect
within complex purposive group interaction settings [9], [37],
[41]. To achieve this, we recruited students with an organiza-
tional psychology background, either at the bachelor’s or mas-
ter’s level. They were familiar with the topic of affect in groups
through their study curriculum. A total of eight annotators (3
male and 5 female; ages 18-25) were recruited.

C. Initial Pilot Studies

We began with an initial pilot study to (1) refine the annotation
procedure for the social construct and dataset, and (2) train our
annotators. We selected three videos from the MeMo corpus
that were perceived to have the maximum affective variances,
which were then randomly assigned to four out of the eight
annotators to annotate group-level arousal and valence using
INTERACT [49]. As a primer for further training of annotators,
we held individual meetings with each of the four annotators to
discuss the definitions of dynamic group affect and the circum-
plex model.

1) Tuning the Annotation Procedure: We tuned the annota-
tion procedure in terms of two key parameters: (i) the scale
to be used to annotate group affect and (ii) the time-window
size to be used to aptly capture the affective dynamics. For the
pilot study, we began by utilizing the Self Assessment Manikin
(SAM) [50] to annotate group-level arousal and valence [16],
employing 20-second time windows in accordance with [37].

After the four annotators completed the annotations of the
videos part of the pilot study, a meeting was setup with the
annotators to discuss on the two parameters to be tuned. The
discussion during the meeting was specifically on two ques-
tions: (i) “Should we increase or decrease or keep the same
time-window size?”, and, (ii) “Do you accept the scale used?
Does it well capture the affective expressions and fluctuations
in the interactions?”.

Based on the consensus reached during this discussion, we
made two changes to the initial setup for the annotation proce-
dure. First, we reduced the time-window size to 15 secs. This
decision was based on the consensus that the dynamics of group
affect in the videos fluctuate rather faster and a smaller time-
window size would capture the fluctuations more adequately.
Second, we replaced the SAM scale with an ordinal scale ranging
from 1 to 9. All annotators felt that the SAM scale had extreme
arousal and valence categories on the scale that were not usually
present in the observed spontaneous interactions in the MEMO
corpus. Because of this, the resulting affect annotations had only
limited affective variance. Our decision to replace the SAM scale
with an ordinal scale aligns with arguments in favor of the ordinal
nature of emotions in previous work [51].

We used an evidence-based approach to determine the most
appropriate window-size to capture meaningful fluctuations in
observed group-level affect. To this end, we iterated our pilot
study until a consensus was reached between annotators to
freeze the annotation procedure. While the annotators in our
pilot study agreed that the initial window size of 20 secs was not
adequate to capture all fluctuations in collective group affect,
they reached a consensus that a 15 secs window was more

effective in capturing these fluctuations. They also concurred
that a smaller window size was unnecessary and would not add
value in terms of capturing additional nuance in group affect
dynamics. This choice aligns with the literature which indicates
that collective group-level affect tends to change somewhat more
slowly compared to individual-level affect [7]. More specifically,
the development of group affect necessitates the expression of
individual affect and the occurrence of a bottom-up process,
leading to relatively slower fluctuations of collective group affect
compared to fluctuations in individual affect.

Moreover, during the iterative tuning rounds, a critical prob-
lem raised by most of the annotators was that a particular
moderator in the MeMo corpus dominated most of the interac-
tion preventing the interaction from being an active discussion
amongst all group members. With respect to this, we got rid
of all 9 interactions from that particular moderator. After this,
the final dataset had in total 35 group interactions. We attribute
the richness of the discussions with the annotators to their
educational backgrounds and the prior experience of some in
annotating social behaviors.

2) Video Markers: A pitfall in using an ordinal scale over
the SAM scale is that the annotators do not have a reference
affective expression associated with each ordinal value of the
scale, such as the illustrations in SAM. This leaves room for
interpretation and confusion, as annotators are unsure when to
assign a relatively higher or lower value on a scale. To tackle this
problem, when training our annotators, we used video markers
developed for each point on the ordinal scale. The objective
was to link each point on the scale to a specific expression of
collective group affect by identifying a fitting 15 secs video
segment from within the MeMo corpus, which would serve as
a behavioral anchor for the respective point on the scale. This
video marker-based training of the annotators was inspired by
the nonverbal behavioral anchors for affect expressions devel-
oped by Bartel and Saavedra [27], which were subsequently
adopted by other works for the annotation of group affect and
group mood (e.g., [10], [36], [38]). Notably, whereas Bartel and
Saavedra [27] devised a list of nonverbal behaviors describing
each point of their rating instrument, we aimed to contextualize
this information and provide a temporal setting for each type
of group affect expression, so annotators would have specific
video segments that clearly illustrated each point on our ordinal
scale for annotating group affect, for their reference during the
annotation procedure.

To create these video markers, we began by utilizing the anno-
tations derived from the fine-tuning processes of the annotation
procedure. We selected several potential candidates for each
element of the ordinal scale. These candidates were discussed
with the four annotators who participated in the pilot study,
using the two definitions provided to them (i.e., the definition
of dynamic group affect and the circumplex model). Of note,
the development of video markers was carried out alongside
the training of the annotators. Throughout the training and
the accompanying discussions among the annotators, the video
markers were consistently adjusted, with the goal of establishing
a single, definitive video marker for each element of the ordi-
nal scale. The specific topics covered in these discussions are
presented in the next section.
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3) Training Annotators: The main objective of the training
was to help annotators focus on the most important aspects
of dynamic group affect, with discussions conducted on the
following topics.

Aggregation of affective expressions: Two key ideas were dis-
cussed under this topic: (i) “How do you aggregate the individual
affective expressions to group affect?” (i.e., on the bottom-up
phenomena), and, (ii) “How do you track and aggregate the
dynamic fluctuations in group affect?” (i.e., on the top-down
phenomena). Moreover, owing to the ordinal nature of scale, the
scale differences between video markers belonging to adjacent
scale elements were also discussed.

Contribution of the Group Facilitators: The role and the
contribution of the group facilitator in the interaction towards
the group affective state was also discussed. To capture the
unscripted nature of the interaction, we instructed the annotators
to treat the moderator as one of the group members and not to
perceive them differently from the participants, especially in
light of the bottom-up nature of collective group affect.

Focusing on Affective Expressions: Research on emotional
contagion and group affect indicates that behaviorally express-
ing an emotion, such as smiling, can lead to experiencing it,
such as feeling happiness [38]. Accordingly, in this work, we
instructed annotators to focus solely on the affect expressed by
group members, following the circumplex model of affective
expressions [35]. For example, when one of the observed group
members used sarcasm (i.e., a positive valence expression to
convey negatively valenced conversational content), the anno-
tators were instructed to only focus on the affect expressed (in
this case, positive valence). This approach generally aligns with
the affect recognition literature that prioritizes expressed over
experienced emotion [14], [16], [17].

Based on these discussion topics, one candidate was selected
as the emotion marker for a particular scale item. These emotion
markers are then used as reference videos to explain the respec-
tive scale item. At the end, all other annotators who were not part
of the initial pilot studies were also trained using the outcome
of the studies and the video markers derived for the ordinal
scale.

D. Annotation Procedure

1) Annotation Software Setup and Location: During training
and for the entire annotation procedure that followed, we used
INTERACT software [49] which provides a graphical user in-
terface where annotators can scroll through videos to annotate
observed behavior directly from an audio or video file. The
software allowed us to systematize and synchronize the entire
annotation procedure across annotators. INTERACT was set up
to request an annotation for every 15 seconds segment of each
video. Clicking on each segment would play the respective slice
of the video. The annotators were allowed to watch each 15
seconds time-window any number of times. They used their
number pad in the keyboard to input a number between 1 and
9 as their ordinal scale annotations, and any wrong input would
not be accepted by INTERACT. To ensure an appropriate setting
without distractions, annotators were asked to come to the labo-
ratory where they were provided with an individual workspace,

TABLE I
INTER-ANNOTATOR AGREEMENTS

including a desktop computer with INTERACT installed and a
two-screen setup.

2) Distribution of Videos: The 35 interaction videos were
provided in a randomized order to each of the annotators,
to prevent any potential annotator bias which might occur if
all the annotators received the videos in the same order. The
videos were distributed in batches of 5 videos to ensure that
the annotators followed the order provided. The annotators
worked 10-20 hours per week, annotating approximately 2-5
videos per week. The annotation procedure ensured that each
group discussion received at least five annotations throughout
(i.e., five annotations for each 15-second window of each of
the 35 group discussions). In comparison, most state-of-the-art
individual-level affect recognition datasets have three to five
annotators [17], [52], with literature on uncertainty modeling
suggesting that at least four annotations should be collected for
a reliable annotation distribution and its ground-truth consen-
sus [53]. The annotations for arousal and valence were done
independently, similar to [17], [18], with the annotators watching
the entire video separately while annotating for each dimension
of affect.

3) Inter-Annotator Agreement: To measure the inter-
annotator agreement, we used three different metrics: (i)
quadratic weighted kappa (κ) [54], (ii) Cronbach’s alpha
(α) [55], and (iii) Pearson’s correlation coefficients (PCC) [56].
The three metrics are chosen with their respective advantages
in mind. Firstly, the quadratic weighted kappa measure κ is
a variant of Cohen’s kappa that is specifically designed to
measure agreements in the ordinal scale data [54]. However,
it is constraint to calculating agreement between only pairs of
annotators. Hence, following common practices [18], [26], [48],
we report the average in all possible combinations of annotators.
Secondly, Cronbach’s alpha (α) measure overcomes this limi-
tation by allowing one to measure the agreement between an
arbitrary number of annotators. Finally, as we annotate a time-
dependent dynamic construct, we also use the PCC measure as
the inter-annotator agreement metric.

As the group affect annotations collected here are novel,
both in terms of the social setting at hand and its dynamic
nature that captures the temporal fluctuations, there is no di-
rect comparison that can be made in terms of the agreement
scores. However, to better understand the agreement scores, we
compare their value with other agreement scores reported in the
existing literature on collecting affect annotations (see Table I).
The criteria for selecting the literature to compare with is as
follows: (i) the annotations are performed on affect either at
the individual-level or group-level, (ii) the agreement scores
are presented on the metrics chosen above. Note that no hard
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TABLE II
QUADRATIC WEIGHTED KAPPA κ SCORES WHEN A PARTICULAR ANNOTATOR

IS EXCLUDED

filter was set on the social setting at hand, due to the less avail-
ability of literature on group affect in an purposive interaction
setting.

Quadratic weighted kappa κ measure: From Table I, we
observe a κ =0.41 and κ =0.58 for arousal and valence, respec-
tively. This indicates a moderate agreement for both arousal and
valence dimensions of group affect [54]. As a comparison, which
is also presented in Table I, the MSP-Conversation dataset [18],
on a much simpler annotation task of individual-level affect, has
an agreement of κ =0.50 and κ =0.54 for arousal and valence,
respectively (i.e., higher than ours on arousal and lower on
valence).

Cronbach’s α measure: From Table I, we observe an α of
0.82 and 0.89 for arousal and valence, respectively, indicating a
good and satisfactory level of agreement [55]. For comparison,
the annotations of individual affect in groups collected by [37]
have an α agreement of 0.80 for arousal and 0.89 for valence,
which is lower than our arousal annotations and virtually the
same as our valence annotations. Note here that [37] worked on a
much simpler social settings without accounting for interactions
between interlocutors.

Pearson Correlation (PCC) measure: From Table I, we ob-
serve a PCC of 0.51 and 0.64 for arousal and valence, respec-
tively. The individual-level affect annotations in the RECOLA
dataset [16], in comparison, have a PCC agreement of 0.435
for arousal and 0.407 for valence, which is much less than our
agreement scores, despite being on a much more simpler social
construct.

From Table I we note that in general the agreement for
valence is higher than that of arousal, which aligns with the
literature [18], [53]. Furthermore, in Table II, we present the
κ scores when a particular annotator was excluded, where Δ
is the increase (+) or decrease (−) in κ when the annotator
was excluded. Table II reveals that in most cases (i.e., for six
out of eight annotators), excluding the annotator only decreases
the κ score (−) in terms of both arousal and valence. Only for
annotator 5 a large increase in Δ is noted when excluded, i.e., Δ
of +0.020 is noted for valence. In all other cases, the Δ is rather
minimal, i.e., Δ < +0.01. This points to the reliability of the
collected annotations, even when annotations from an annotator
are omitted.

Fig. 1. Distribution of final ground-truth for dynamic group affect yEWE,(i)
s,t ,

in terms of arousal and valence.

E. Ground-Truth

To derive the final ground-truth of dynamic group affect,
we use the Evaluator Weighted Estimator (EWE) [57], a
common technique to derive ground-truth for individual-level
affect recognition [16], [18]. The EWE, to derive the ground-
truth, weights annotations with respect to the annotator-wise
correlation coefficients, and is formulated for a time segment t
in an interaction sample s as follows:

y
EWE,(i)
s,t =

1∑K
k=1 r

(i)
k,s

K∑
k=1

r
(i)
k,s y

(i)
s,t (1)

where r
(i)
k,s denotes the average correlation coefficient of the

annotator k with other annotators for a particular interaction
sample s and emotion dimension i. For unreliable annotators
with r

(i)
k,s < 0 a lower bound of zero is defined. In cases where

all k annotators have the same correlation coefficients r(i)k,s, they

result in the same correlation weighting and thereby y
EWE,(i)
s,t =

y
(i)
s,t . For the rest of the experiments and analyses in this work we

will use y
EWE,(i)
s,t as the ground-truth of dynamic group affect.

The distribution of the ground-truth in terms of the arousal and
valence dimensions can be seen in Fig. 1. From the plot, we note
that the independently annotated arousal and valence, depicted
by the histograms of the marginal distribution, have considerable
variances. Arousal annotations are distributed with a mean (m)
of 5.10, a standard-deviation (s) of 0.88, a minimum value (min)
of 1.80, and a maximum value (max) of 8.61. Similarly, the
valence annotations are distributed with m = 4.84, s = 0.90,
min = 1.80, and max = 8.80.

Samples in Quadrant I denote high-arousal and positive-
valence (e.g., emotions such as happy and excitement). Quadrant
II denotes high-arousal and negative-valence (e.g., emotions
such as anger and frustration). Quadrant III denotes low-arousal
and negative-valence (e.g., emotions such as depressed and
gloomy). Quadrant IV denotes low-arousal and positive-valence
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(e.g., emotions such as relaxed). With respect to the joint dis-
tribution of arousal and valence, depicted by the heatmap and
the scatter plots (in Fig. 1), the variances are noted only in some
of these quadrants of the circumplex model. For example, good
number of samples are noted in Quadrant I. Similarly, a good
number of samples can also be noted for low-arousal and neutral-
valence (i.e., between Quadrant III and IV; emotions like tired
and melancholic), and for neutral-arousal and negative-valence
(i.e., between Quadrant II and III; emotions like bored and sad).
However, in Quadrant IV and Quadrant II extreme samples are
not noted. This could be because the participants in MeMo
were reported to be non-preacquainted and complete strangers
at the beginning of the longitudinal study that spanned over
3 interactions in two weeks. In such short longitudinal cases,
amongst non-preacquainted participants, extreme expressions
are very rare [58], likely due to professional behavioral norms.

See Appendix Section 2 for examples of the collected anno-
tations and corresponding video frames, providing a qualitative
illustration of how the annotations capture the dynamic ebb
and flow of group affect. These examples, together with the
inter-annotator agreement results, thereby substantiate the first
contribution—the development of an annotation strategy for
group affect that establishes theory-method alignment with con-
cepts from organizational psychology—outlined in Section I.

IV. MODELING GROUP AFFECT DYNAMICS

This section outlines our approach to modeling dynamic
group affect. We begin with preprocessing of raw audio
and video data (Section IV-A), followed by the extraction
of individual-level features (Section IV-B). Finally, in
Section IV-C, we present two complementary methods for
modeling group affect as a dynamic and collective construct:
(i) handcrafted features capturing synchrony and convergence,
and (ii) a graph neural network-based approach that models
interpersonal relationships in a data-driven manner.

A. Preprocessing

The MeMo corpus provides with manually diarized and
synchronized audio for each of the interlocutors, collected at
a sample rate of 16 kHz [47]. Similarly, video recordings of
online group discussions are also provided at a frame rate of
60 fps. The group discussion video frames are cropped to obtain
individual-level frames of each of the interlocutors.

B. Individual-Level Feature Extraction

Existing research works have revealed the multimodal nature
of affect. For instance, the audio modality has shown to be more
informative of the arousal dimension of affect, whereas the video
and text modalities better explain the valence dimension [59],
[60], [61], [62]. To this, we employ a multimodal strategy to
model group affect, by employing both audio-based and video-
based features.

Audio features: As the audio features we extract the first
5 MFCC coefficients, Voice Intensity, Pitch, VGGish, and the
Speech Rate. This set of individual-level paralinguistic audio
cues are selected owing to their demonstrated effectiveness in

the automatic recognition of individual-level affect [63] and
also other group-level constructs such as cohesion [31]. The
MFCC and pitch features were calculated using the librosa
package, for every 10 ms with a sliding window of 30 ms. The
voice intensity and speech rate features were extracted using
Praat [64]. The voice intensity was calculated at the same rate
as the MFCCs while the speech rate was calculated in vowels
per second using [65] at a rate of 1.5 secs following [31]. The
VGGish features are pretrained deep learning based features and
was extracted using the pretrained weights from [66].

Video features: As the video features we extract Facial Action
Units (AUs), Face Pose, and ResNet50. Action units, Face pose
and ResNet50 features have been successfully used in existing
literature for several tasks, such as sentiment analysis [67] and
emotion recognition [29]. Individual-level AUs (subset available
in the OpenFace toolkit) and the face pose (pitch, roll and
yaw) were extracted using theOpenFace toolkit [29], for every
0.5 sec. Similar to the VGGish audio features, the ResNet50
network was used to extract framewise pretrained deep learning
based features and was extracted using the pretrained weights
from [68].

C. Group-Level Modeling Techniques

1) Handcrafted Features Based Group Modeling: Social in-
teractions are multilevel systems where interpersonal relation-
ships and affective states emerge at multiple levels of the in-
teraction, i.e., at the individual, dyadic and group level [69].
With respect to this theoretical framework of group-level con-
structs, in this work, to study dynamic group affect, from the
individual-level features we extract dyadic-level and group-level
features that are descriptive of the interpersonal relationships
shared between a dyad in the interaction and the group as a
whole, respectively. The complete list of handcrafted features
extracted can be seen in the Appendix Table S1.

Dyad-level features: We extract two sets of dyad-level in-
terpersonal relationship-based features: (1) Synchrony and (2)
Convergence. As the synchrony feature set, following [26], we
use linear correlation coefficient-based measures: (i) the corre-
lation coefficient ρ, the linear correlation without a time-lag, (ii)
lagged correlation ρδ , the linear correlation with the best time-
lag, and (iii) the best lag δ defined as the time-lag used to obtain
the maximum linear correlation between the two individual-level
signals. Existing literature notes that synchronous behavior is
displayed by interlocutors often in a time-lagged manner, with a
leader and a follower [26], [30]. The three synchrony measures
are extracted using the formulation below:

Correlation coeff. ρ : X � Y

Lagged correlation ρδ : max z(X,Y )

Best lag δ : arg max
l

z(X,Y, l)− ||X||+ 1 (2)

z(X,Y, l) =

||X||−1∑
k=0

Xl � Yk−l+N−1 (3)

where z(.,.) is the cross-correlation function,� denotes linear
correlation between two signals, ||X|| denotes the length of
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signal X , l = 0, 1, . . ., ||X||+ ||Y || − 2 denoting the time-lags
possible, and N = max(||X||, ||Y ||).

Following the technique proposed in [70] and [26], we ex-
tract three convergence features: (i) global, (ii) symmetric and
(iii) asymmetric convergence. Global convergence captures the
change in similarity between two individual’s social signals,
specifically between the initial time-segments and the later time-
segments. Similarly, symmetric and asymmetric convergence
features capture the decrease or increase in similarity between
the two individual’s social signals, without and with a time-lag,
respectively. The three measures are formulated as:

GlobalΘgbl :

||X||/2∑
i=0

(Xi − Yi)
2 −

||X||∑
j=||X||/2

(Xj − Yj)
2

SymmetricΘs : (Xl − Yl)
2 � L

AsymmetricΘas : p(Yb/θXa
)� L (4)

where, L = [0, 1, . . ., ||X||], l ∈ L, and θ is the parameter of a
Gaussian mixture model (GMM) trained using the expectation-
maximization procedure on the data points from X in the ini-
tial period of the interaction, i.e., a ∈ [0,m],m = 2 · ||X||/3.
Similarly, Yb are data points from Y in the later period of the
interaction, i.e., a ∈ [m, ||Y ||].

Group-level features: To extract group-level features from the
individual and dyadic features, following [26], [31], we use six
aggregation techniques that are agnostic to group size: aver-
age, standard-deviation, median, minimum, maxi-
mum, and gradient. The core idea here is that these different
types of aggregations, each with an unique approach, describe
the distribution of dyadic-level features within a group thereby
capturing the interpersonal nuances within all possible dyads
in the group. The average and standard-deviation
explains the average and the deviation from the average of syn-
chrony measures across all possible dyads in a group. Similarly,
the gradient aggregator explains the deviation between the
least and most synchronous dyad, i.e., the absolute difference
between the minimum and maximum.

It is important to note that the group-level aggregations were
computed from fine-grained temporal features at the dyad level,
capturing detailed nuances in the temporal dimension. However,
one could argue that these aggregations may miss finer details
in the interpersonal relationship dimension. To address this, we
propose using GNNs in the following section as a data-driven
alternative to handcrafted features for modeling group affect.

2) Graph-Based Group Modeling: Grounded in social net-
work theory [32], we frame group affect modeling as a graph
classification task using GNNs, where the group interaction is
represented as an undirected graph G = (V,E), with V denot-
ing the set of M nodes and E the set of edges. Each node
Vi ∈ V represents an interlocutor with individual-level features
hi ∈ RF , and each edgeEi,j ∈ E denotes a connection between
two nodes. The adjacency matrix A captures the edge structure,
where Ai,j = 1 if nodes i and j are connected and Ai,j = 0
otherwise.

A standard GNN training pipeline, as introduced in Graph
Convolutional Networks (GCN) by Kipf et al. [71], consists of

two main steps: (1) convolution, where each node transforms its
feature representation (hi) to share with adjacent nodes, and (2)
message passing, wherein these features are propagated to the
adjacent nodes. Nodes subsequently update their representations
by aggregating information from their neighbors, typically using
simple operations such as summation or averaging. However,
this approach can produce identical output features for nodes
with identical neighborhoods, thereby limiting the model’s ex-
pressiveness for certain graph structures. For example, this poses
a challenge in group affect modeling, where interlocutors are
connected through a fully connected graph that captures over-
all group membership but overlooks the distinct relationships
between individuals. To address this limitation, we employ an
attention-based message passing mechanism, as proposed in
Graph Attention Networks (GAT) [72].

Unlike basic sum or average aggregations in GCN, the atten-
tion based GAT compute a weighted average of multiple node
features. These weights are dynamically determined based on
a combination of the node’s own features, the interlocutor’s
individual-level features (hi), and the features of adjacent nodes
(hj), which represent the interacting counterparts of the inter-
locutor. The GAT layer obtains an attention based aggregation
formulated as:

h
(l+1)
i = φ

⎛
⎝∑

j∈Ni

αijW
(l)h

(l)
j

⎞
⎠ , (5)

where W(l) is the learnable weight parameters that transforms
the node features, φ represents an arbitrary activation function,
and αij , the learnable attention weight between nodes i and j.
The attention weight αij is formulated as:

αij =
exp (LeakyReLU (�a [Whi||Whj ]))∑

k∈Ni
exp (LeakyReLU (�a [Whi||Whk]))

, (6)

where || denotes concatenation,�a represents the attention mech-
anism, implemented as a single-layer feedforward neural net-
work parameterized by a weight vector �a ∈ R2F , LeakyReLU
is the chosen activation function, and Ni denotes the indices of
the adjacent nodes of node i. To accommodate varying group
sizes (g), we fix the number of nodes M to the maximum group
size in the dataset. For groups with fewer than M members,
dummy nodes without edges are added, ensuring that Ax,j = 0
for such nodes (g < x ≤ M ).

The overall architecture consists of three GAT layers followed
by an LSTM, enabling temporal modeling across consecutive
15-second time segments. Mini-batching is employed to ensure
that each batch contains segments from the same interaction
and maintains temporal continuity. This batching strategy is
commonly used in end-to-end continuous emotion recognition
techniques [53], [59], [73].

V. RESULTS

This section analyzes and discusses the results of group affect
modeling. First, Section V-A presents predictive modeling based
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Fig. 2. Overview of the predictive modeling architecture.

on the collected group affect annotations. Then, Section V-B ex-
plores quantitative analyses of the convergence and divergence
phenomena.

A. Predictive Modeling

Using the handcrafted features described in Section IV-C1 and
the graph neural network in Section IV-C2, we frame the predic-
tive modeling of group affect as a regression task. Fig. 2 presents
the block diagram of the modeling technique’s architecture. As
shown, a simple Multi-Layer Perceptron (MLP) performs the
regression task, using as input either the handcrafted features or
the average pooled output of the GAT layers. The MLP is made
up of three linear layers with ReLU and Batch Norm after each
of the layers. The MLP’s architecture was tuned with respect
to the loss obtained on the validation dataset. The code for
the modeling technique, including the extraction of handcrafted
features and the implementation of the graph neural network, is
publicly available and can be found here3.

1) Experimental Setup: Feature Sets: To evaluate the predic-
tive capabilities of the extracted handcrafted features (HCF),
we employ three sets of group-level features: (1) Basic, where
individual-level features are directly aggregated to the group
level using group-level aggregators. This set does not account for
interpersonal or dyadic relationships and only partially captures
social signal dynamics due to the use of average temporal
and group-level aggregations. (2) Synchrony (or Sync.), where
dyadic synchrony and convergence-based features are extracted
before applying group-level aggregations. This set effectively
captures both social signal dynamics and interpersonal relation-
ships among interlocutors. (3) Combined (or Comb.), which
fuses the Basic and Synchrony feature sets, integrating both
aspects into a unified model. These feature sets are further
classified into audio, video, and audio-visual categories.

Contrarily, to study the predictive capabilities of the proposed
graph based modeling (GAT), we use only individual-level
features (or Indiv.) as input, categorized into audio, video, and
audio-visual feature sets. For this, we initialise the node features
hi of the graph G with the individual-level features of the
respective interlocutor.

Loss Function: The concordance correlation coefficient
(CCC) [74] is used as the loss function and as the metric to
validate the performances. The CCC has been widely used in

3https://github.com/sp-uhh/group_affect

TABLE III
RESULTS OF THE PREDICTIVE MODELING

literature for the task of individual-level affect recognition [14].
The CCC measures the agreement between two variables and
ranges from −1 to +1, with perfect agreement at +1. In contrast
to Pearson’s correlation, the CCC takes both the linear correla-
tion and the bias in to account, which makes it preferable over
Pearson’s correlation as the loss function and as the evaluation
metric.

Training Strategy: The models are trained using the ADAM
optimizer with a learning rate of 10−4. The strategy includes
an early-stopping on the validation loss improvements with a
patience of 10 epochs. The best model during training is selected
as the one with the best validation loss.

Data Partition: The dataset is partitioned following the strat-
egy proposed in [17]. The partitions were made such that there
is no speaker overlap between the training and testing datasets.
This also includes non-overlapping moderators in the MeMo
corpus. The validation dataset however may have an overlap of
moderators in some samples, but not overlapping participants.
Overall, the training-testing split is made with a 80-20% split,
and 10% of the training datasets is split for the validation dataset.

2) Discussion: Table III presents the results of the predictive
modeling. The performance is evaluated across four feature
sets (Basic, Synchrony, Combined, and Individual-level), three
modalities (Audio, Video, and Audio-Visual), two modeling
techniques (HCF and GAT), and two temporal settings (with and
without modeling temporal relationships between consecutive
15 s segments).

Multimodal nature of group affect: The results reveal that
dynamic group affect is best captured in a multimodal manner,
with the audio-visual feature set obtaining the best performance
of 0.420 and 0.508 in terms of arousal and valence, respectively.
Furthermore, the visual feature set outperforms the audio feature
sets in predicting group affect, demonstrating superior perfor-
mance across feature sets and modeling techniques. We also note
that the audio modality better explains the arousal dimension
than the valence dimension, while the video modality better
predicts the valence dimension. However, their performance
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differences are not as large as noted in individual-level affect
recognition literature [62].

Relevance of temporal modeling: In Table III, a� in the “TM”
column indicates that the method models temporal relationships
between consecutive 15-second segments, while a × denotes it
does not. Capturing these temporal dynamics allows the model
to represent affective processes such as the top-down influence
of group-level affect on individuals through emotional conta-
gion (as discussed in [2], [75], and partially explored in [19]).
Results show that temporal modeling notably enhances group
affect prediction, particularly in GAT-based models, where CCC
improvements are more consistent across modalities. To our
knowledge, this is the first work to effectively capture this
top-down mechanism of group affect, addressing a key limitation
in prior studies [9], [19] (as discussed in Section II-C). This was
made possible by collecting group affect annotations that reflect
temporal dynamics.

Relevance of capturing interpersonal dynamics: The
results highlight the significance of capturing interpersonal
dynamics in group affect modeling, as both HCF and GAT
modeling techniques demonstrate improved performance. For
example, incorporating synchrony and convergence features into
the video and audio-visual sets increases average CCC from
0.360 to 0.401 and from 0.313 to 0.445, respectively. However,
in the audio modality, synchrony features perform worse than
the basic set, likely due to segments where most interlocutors are
silent, limiting synchrony extraction. This issue does not occur
in the video modality, where participants are typically active,
such as in attentive listening scenarios [76].

HCF vs GAT for capturing interpersonal relationships: Re-
garding the modeling technique used to capture interpersonal
relationships, the data-driven GAT consistently outperforms the
handcrafted synchrony and convergence features (HCF) across
all modalities. The most notable improvement is observed in
the audio-visual setting, where GAT achieves a CCC of 0.410
for arousal and 0.508 for valence, compared to HCF’s 0.396
and 0.447, respectively. The performance gain is greater for
valence than for arousal, highlighting GAT’s stronger ability
to model interpersonal dynamics associated with emotional va-
lence. The GAT model’s improved performance underscores its
effectiveness in modeling group affect by capturing micro-level,
multimodal social dynamics.

B. Analysis on Affective Convergence and Divergence

With the majority of empirical research focused on static
group affect [9], [19], [22], Kelly & Barsade [75] emphasized
on the dynamic nature of affect, i.e., how, over time, the nature
of collective affect can change. The ebb-and-flow of collective
group affect over time is primarily characterized by the affective
convergence and divergence underlying the bottom-up and top-
down processes of group affect [2], [28]. Foundational theories
on affective dynamics (e.g., [45] and [28]) further describe how
several individual interaction- and behavior-level mechanisms,
including facial mimicry, emotional similarity and dissimilarity,
and empathy, contribute to affective convergence and divergence
in groups.

Building on these theorizations, in this section, we present
a quantitative analysis on the relationship between interaction-
and behavior-level cues, that quantify the level of affective con-
vergence and divergence within interlocutors, and the collected
annotations of dynamic group affect. To this end, we analyse
affective convergence and divergence using the two techniques,
HCF and GAT, that were employed in the predictive modeling
discussed in Section V-A.

1) Experimental Setup: Analyses using HCF: As the inde-
pendent variable, we use the group-level handcrafted features
that explain the within-group convergence and divergence, the
similarity and dissimilarity in social signals amongst inter-
locutors. Specifically, the mean (μ) aggregation of the dyad-
level features, and the standard-deviation (σ) of the
individual-level features are used. Intuitively, larger σ of in-
dividual level features indicate a group that is diverging, while
smaller values indicate that it is converging. Contrarily, larger
μ of dyad level features imply convergence and smaller values
that of divergence. As the dependent variable, the ground-truth
annotations of group affect is used. To model the relationship,
a least-squares based polynomial regression with two degrees
of freedom is used, where the relationship is modeled as a 2nd

degree polynomial in the independent variables. The regression
model is formulated as yt = αx2

t + βxt + c .
For the quantitative analysis the regression coefficients of

the polynomial model (α, β, and c) are analyzed for all the
independent measures used. Along with the regression coeffi-
cients, the polynomial model’s R-Squared (R2) is also analyzed.
Additionally, the Kendal’s rank correlation coefficient τ , along
with its statistical significance ascertained with a two-tailed
p-value ≤ 10% (denoted by ∗), is used to reveal the direction
(positive or negative) of linear relationship in the ordinal scale
of group affect.

Analyses using GAT: The GAT layer models interpersonal
relationships within a group by learning an attention weight αij

for each dyad (as discussed in Section IV-C2), where higher
values indicate greater importance in modeling group affect—
suggesting more synchronous (convergent or divergent) behav-
ior between interlocutors i and j. Lower values imply weaker
synchronization and less affective alignment. For visualization,
in Fig. 4 we plot the graph G with edge width and opacity
proportional to the corresponding αij values. Additionally, we
also analyze the standard deviation σ(αij) and mean μ(αij) of
attention weights of the graph at a particular time segment. To
preserve the full dynamic range and expressivity of the attention
weights, we compute the mean and standard deviation on the raw,
non-normalized values. A lower value ofσ(αij) indicates that all
interpersonal relationships are of equal equal (un-)importance,
with none being especially prominent, whereas a higher value
implies that certain interpersonal relationships are assigned a
notably greater level of importance than others. Similarly, a
higher value of μ(αij) suggests that, on average, the model
assigns greater importance to interpersonal connections overall,
while a lower value indicates a more uniformly low weighting
across relationships.

2) Quantitative Analyses and Discussion: The convergence-
divergence analyses using HCF is presented in Table IV and
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TABLE IV
QUANTITATIVE ANALYSIS OF THE CONVERGENCE-DIVERGENCE PROCESSES

Fig. 3. Relationship between convergence-divergence measures and group affect: Arousal (a,b) and Valence (c,d).

Fig. 4. Visualization of attention weights αij , for Positive (a), Negative (b), and Neutral (c and d) samples.

Fig. 3. Similarly, the analyses using GAT can be seen in Figs. 4
and 5. Based on both these analyses we make the following
observations.

Trends across the affect scale: We note that the interacting
groups tend to diverge in terms of their social signals along
neutral levels of arousal and valence (i.e., mid-scale values of 4
to 6) and converge along extreme levels of arousal and valence

(i.e., strong positive affect values of 8-9, or, strong negative
values of 1-2). This trend is inferred using the negative α values
for deviation based group-level features (i.e., σ features), and
positive α values for synchrony and convergence based features
(i.e., ρ, ρδ , Θs features). Note that negative α values denote
concave curves (e.g., seen in Fig. 3(a) and (c)), and positive α
values denote convex curves (e.g., seen in Fig. 3(b) and (d)).
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Fig. 5. Distribution of the aggregates of attention weights (αij ) relative to
arousal and valence.

However, there are instances where this trend does not align,
such as with the ρ and Θas features of VGGish. Notably, in these
cases, the degree of convexity or concavity is rather minimal; that
is, the |α| ≤ 0.005. As a result, the significance of the negative
or positive sign diminishes, particularly when α tends towards
0, making the relationship more linear.

Similar patterns emerge in the analysis of the attention weights
αij within the GAT layers. As illustrated in Fig. 4, the distribu-
tion of αij varies distinctly across different levels of arousal
and valence. A notable contrast is observed between extreme
affective states and neutral levels. First, in the case of extreme
arousal and valence levels (see Fig. 4(a) and (b)), several αij

values stand out prominently, exhibiting significantly higher
weights compared to other dyadic relationships (captured by
αij) as well as individual-level contributions (captured by αii).
Importantly, every interlocutor in such groups is involved in at
least one high-weight dyadic connection, suggesting the pres-
ence of strong interpersonal dynamics indicative of extreme
group affect levels. These groups are characterized by a high
σ(αij), reflecting greater variability in dyadic attention weights.
In contrast, for groups exhibiting neutral affective states, no
dyadic connection is notably strong, with all αij values re-
main uniformly low. This indicates that interpersonal synchrony
is weak or undifferentiated, and such groups exhibit a low
σ(αij). Second, for extreme affective states, dyadic interactions
dominate the graph structure, with αij > αii, highlighting the
significance of interpersonal relationships over individual-level
cues. Conversely, in neutral conditions, individual features are
equally or more influential, withαij ≤ αii. Additional examples
supporting these two key observations are provided in Appendix
Section 5.1.

To further investigate this pattern, Fig. 5(a) presents a plot of
σ(αij) as a function of the corresponding arousal and valence
levels. The visualization reveals two distinct clustering patterns.
First, two clusters outlined with blue dotted boundaries represent
group samples exhibiting high σ(αij) values, corresponding to
extreme levels of arousal and valence. Second, a cluster enclosed
by a red dashed boundary captures group samples with neutral
affective states, characterized by low σ(αij) values. Appendix
Section 5.2 presents additional analyses illustrating the evolu-
tion of GAT-based attention weights during transitions between
different levels of affect.

Positive vs negative affect: We note that convergence is higher
for positive affect than for negative affect, in both arousal and
valence, suggesting that interlocutors align their social signals
more during activities that lead to the emergence of positive
affect than when negative affect arises. In the context of the HCF-
based analysis (see Table IV), this is reflected by the negative
Kendall’s τ for σ features, and the positive τ values for features
related to synchrony and convergence (e.g., ρ and ρδ).

In the context of GAT layers, although the attention weight
patterns αij appear similar for both positive and negative affect
(see Fig. 4(a) and (b), respectively), we further examine the
differences by plotting the mean attention weights μ(αij) as a
function of arousal and valence in Fig. 5(b). This plot reveals
that the average αij associated with group interaction segments
tends to be higher for positive affect compared to negative
affect. There is a clear decreasing trend in the mean attention
weights, with μ(αij) gradually reducing as group affect shifts
from high arousal-valence to low arousal-valence states. This
suggests that the GAT learns attention weights αij in a way that
the aggregated node representations hi (5) positively correlate
with the corresponding ground-truth affect. This behavior is
consistent with the earlier observations of positive Kendall’s τ
coefficients (see Table IV) between group affect and handcrafted
features capturing synchrony and convergence.

The results of the predictive modeling, along with the
convergence-divergence analyses, thereby substantiate the sec-
ond contribution—the multimodal modeling of dynamic group
affect through capturing the underlying phenomena of conver-
gence and divergence—outlined in Section I.

VI. CONCLUSION

In this work, we move beyond the traditional emphasis on
individual-level affect [14], [17], [77] to address the relatively
underexplored collective, group-level affect [8], [20], [78]. Our
contributions to this area are twofold: (1) we proposed a novel
group affect annotation methodology grounded in organizational
psychology theory, and (2) we introduced a multimodal mod-
eling approach capable of capturing the complex dynamics of
affective convergence and divergence underlying dynamic group
affect.

For the first contribution, we developed an annotation strategy
that not only addresses key challenges in group affect annota-
tion, but also ensures methodological alignment with theoretical
frameworks from organizational psychology [2], [58], [78].
Specifically, we tackled the critical challenge of capturing the
temporal dynamics inherent in group affect. While previous
literature often neglected these dynamic aspects [19], [22], [25],
existing modeling techniques were also constrained by the lack
of annotations that reflect the temporal context within which
affective expressions occur [9], [19]. Our approach leverages
an iteratively tuned 15-second window to more accurately cap-
ture the evolution and fluctuation of group affect over time.
Furthermore, our study focuses on complex, purposive groups
characterized by dynamic interpersonal interactions—unlike
prior works [9], [19], [43], [44], which often centered on non-
purposive groups lacking social intactness and goal-oriented
interdependence. The inter-annotator agreement analysis on the
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collected annotations indicated a moderate level of agreement,
as interpreted using Cohen’sκ. The quality of the obtained group
affect annotations is also evidenced by their ability to capture
the ebb and flow of affect, including subtle differences in social
signals between consecutive segments of the observed group
interactions (see Appendix Section 2 for more detail).

Regarding the second contribution, leveraging the col-
lected annotations for group affect, we explored two modeling
paradigms for predicting group affect: (i) a handcrafted approach
based on synchrony and convergence features, and (ii) a data-
driven model employing graph attention mechanisms informed
by social network theory. Our findings underscore the critical
role of interpersonal dynamics in modeling group affect: the
graph-based model consistently outperformed the handcrafted
method. Moreover, integrating both audio and visual modalities
improved prediction performance for arousal and valence. To
further investigate group affect dynamics, we analyzed patterns
of convergence and divergence using both feature-based mea-
sures and attention weights from the graph model. Quantitative
results indicate that when social signals among group mem-
bers diverged, the group affect tended toward neutral levels,
whereas convergence corresponded with more extreme affect
(either strongly positive or negative). Our results also reveal that
group members are more synchronized during the emergence of
positive affect compared to negative affect.

In summary, our work advances the study of collective affect
by providing a theoretically grounded annotation methodology
and demonstrating that modeling fine-grained group dynamics
is essential to understanding how group affect emerges and
fluctuates in social interactions.

A. Limitations and Future Research Avenues

The group interactions present in MeMo [47] occur among
groups of unacquainted participants, with a short longitudinal
study spanning 3 interactions over the course of 2 weeks.
While this zero-history group setup is very suitable to study
emergence processes such as group affect [79], we cannot draw
conclusions regarding collective affect and its convergence or
divergence mechanisms in groups that share a history. Despite
our observations of rather vivid discussions among participants
in MeMo [47], the interactions are still not “real” groups that
collaborate on a day-to-day basis, which may explain the rel-
atively small nuances of affective variance in our annotations
(see Fig. 1). Hence, it would be of interest to collect group affect
annotations on longitudinal data of “real” groups that collaborate
on a day-to-day basis as a future research endeavor.

Moreover, in line with the affect recognition literature that
prioritizes expressed over experienced emotion [14], [17], we
instructed annotators to focus solely on the affect collectively
expressed by group members. However, ambiguity can arise
when the experienced emotion is not fully expressed [15], such
as when individuals surface-act to maintain a happy face [80],
down-regulate their emotional expressions in line with social
norms [81], or manage their emotional expressions for strate-
gic purposes [82]. To capture such possibilities is beyond the
scope of this research work, however this might be addressed

in future research by adding self-report measures of emotional
labor (e.g., [83]) following a group interaction and examine to
what extent observable expressions of collective group affect
as studied in the current work may be influenced by individual
emotion regulation.

Finally, future work could extend large language models
(LLMs) beyond individual-level affect recognition toward mod-
eling group-level emotions and their temporal evolution—two
critical yet largely underexplored frontiers in affective comput-
ing. Current LLM-based approaches predominantly focus on
static, categorical emotion classification and lack mechanisms
to capture fine-grained, time-varying affective dynamics across
interacting individuals [84], [85], [86], [87]. A promising re-
search direction lies in integrating the relational and temporal
reasoning strengths of GNNs with the generative and multimodal
reasoning capabilities of LLMs [88]. Such a hybrid framework
could enable more holistic modeling of group affect by com-
bining structured interpersonal representations with the contex-
tual understanding of language and vision offered by LLMs.
Developing this integration would require advancing LLMs to
reason over temporal dependencies, interpersonal dynamics, and
continuous affective dimensions—thereby opening new possi-
bilities for understanding and modulating collective emotions in
social interactions.
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