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Abstract 
Conversational events, such as speaking turns, backchannels, topic 
changes, and laughter, are central to the structure of multiparty 
interaction and play a key role in shaping its dynamics. However, 
detecting such events in real world social settings remains chal-
lenging due to perceptual ambiguity, visual occlusion, signal noise, 
and limitations in acquiring high quality audio data. This work ad-
dresses these challenges by focusing on spontaneous interactions 
in socially complex and privacy sensitive environments, exploring 
multimodal, nonverbal cues that do not rely on audio. The goal is to 
develop a novel modeling approach for group context awareness to 
infer conversational events and support social scene understanding 
under real world constraints. 
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1 Introduction and Problem Motivation 
As intelligent systems become increasingly integrated into everyday 
environments, their ability to interpret complex, situated social be-
haviors becomes essential. A foundational step toward this capabil-
ity is the automatic detection of conversational events—temporally 
situated behaviors such as speaking status, backchannels, topic 
transitions, and laughter—which help structure and regulate mul-
tiparty interaction [55]. From a broader perspective, contextual 
conversational events also serve as building blocks for modeling 
higher level dynamics such as participant involvement, rapport, 
and the divergence or convergence of dialogue. These dynamics, 
in turn, support the inference of higher level intentions [35], such 
as initiating a new conversational trajectory, leaving a group, or 
terminating a topic. 

Permission to make digital or hard copies of all or part of this work for personal or 
classroom use is granted without fee provided that copies are not made or distributed 
for profit or commercial advantage and that copies bear this notice and the full citation 
on the first page. Copyrights for third-party components of this work must be honored. 
For all other uses, contact the owner/author(s). 
ICMI ’25, Canberra, ACT, Australia 
© 2025 Copyright held by the owner/author(s). 
ACM ISBN 979-8-4007-1499-3/25/10 
https://doi.org/10.1145/3716553.3750821 

In many real world situations, access to high quality audio and 
front view visual information commonly used to detect conver-
sational signals such as speaking activity, backchannels, laughter, 
and topic transitions—is often limited, unreliable, or ethically con-
strained. At the same time, detecting these events under such con-
ditions presents substantial challenges. In Complex Conversational 
Scenes (CCS) [19], such as informal mingling or networking situa-
tions, interactions are spontaneous, multiparty, and typically lack 
clearly structured turn taking. This spontaneity, combined with 
noisy sensory conditions, overlapping speech, and frequent occlu-
sion, results in a loose and variable alignment between observable 
behavioral cues and the conversational events they represent [45]. 
As a result, it becomes difficult to robustly interpret the underlying 
structure of interaction 

My research aims to reduce reliance on audio and detailed front 
view information of individuals by leveraging non-verbal multi-
modal cues that remain accessible even under challenging sensing 
conditions. It uses a top down view to capture more robust visual in-
formation across participants, enabling scalable deployment while 
sacrificing fine grained individual detail. 

Specifically, my work focuses on modeling non-verbal behaviors 
such as posture, gestures, and movement at the group level, sup-
plemented by inertial data. It explores how individuals coordinate 
with one another in conversational dynamics, aiming to develop a 
multimodal approach for estimating social conversational events 
that aligns with how humans intuitively perceive interactional 
structure. 

An overview of the challenges, task objectives, and proposed 
approach is presented in fiture 1 

To this end, my research is guided by the following questions: 

(1) How can interactional coordination, such as posture, move-
ment, and head orientation be modeled to detect key conver-
sational events, including speaking activity, backchannels, 
topic changes, and laughter, during spontaneous and un-
structured group interactions (e.g., social mingling)? 

(2) How can multimodal models remain robust to missing modal-
ities at inference time, for example detecting conversational 
events without audio at test time, even if audio was available 
during training? 

(3) How can structured, temporally grounded representations be 
learned from multimodal group behavior to support conver-
sational event detectionwhile ensuring consistent alignment 
of cues across individuals and modalities? 
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Figure 1: Overview of the problem space and proposed solution. 

2 Background and Related Work 

2.1 Audio-Centric Approaches and Limitation 
Conversational events such as speaking turns, backchannels, laugh-
ter, and topic changes play a critical role in shaping the dynamics 
of human interaction. Traditionally, their automatic detection has 
relied almost exclusively on the acoustic channel. Voice activity 
detection techniques infer speaking status and turn taking from 
energy and prosodic cues [12, 48], and similar prosodic features 
remain standard for backchannel detection [32, 58]. Laughter is 
likewise recognized from prosodic and spectral–temporal patterns 
[2, 25]. 

Topic segmentation has been treated primarily as a lexical prob-
lem, where reliable transcripts presuppose high quality audio [17, 
60]. Prosody based boundaries offer an alternative [47], but they 
also depend on clean acoustic input. 

In real world multiparty gatherings, however, audio streams are 
frequently corrupted by overlapping speech and background noise. 
These factors significantly degrade the performance of acoustic 
feature based detection methods [7, 14], motivating a shift toward 
complementary or alternative modalities. 

2.2 Audiovisual progress and its fragility 
To overcome audio fragility, audiovisual methods have been de-
veloped to integrate facial and vocal signals. These approaches 
consistently outperform unimodal baselines in controlled envi-
ronments. For instance, [50] proposed a bimodal recurrent neural 

network that integrates audio and facial features for robust speech 
activity detection, significantly outperforming audio only models in 
noisy environments. Similarly, [52] combined vocal and visual cues 
such as gestures and facial expressions using LSTM and RNNs to 
predict head nods and turn taking events, highlighting the benefits 
of multimodal integration in dyadic interactions. 

In laughter detection, audiovisual fusion has also shown promise. 
Studies such as [3] and [36] demonstrated that combining facial and 
acoustic signals leads to more accurate recognition of spontaneous 
smiles and laughter, particularly in distinguishing different levels 
of expressive intensity. 

However, these approaches still rely to some extent on high qual-
ity audio and clear frontal facial information. In natural multiparty 
settings, participants may be partially occluded, facial information 
may be unavailable due to privacy preserving measures, and en-
vironmental noise often persists. Consequently, audiovisual based 
approaches can be affected when shifting from controlled environ-
ments to real world deployment. 

2.3 Nonverbal, audio free approaches 
When both audio and frontal facial data are unreliable, researchers 
have explored fully nonverbal alternatives. These methods use body 
motion, pose, and inertial sensing to detect conversational events. 
Full frame methods such as S-VVAD localise speakers from raw 
video by weakly supervised motion segmentation [46], and thoracic 
optical flow traces of respiration co-vary with speech onsets [29]. 
Wearable IMUs combined with pose filtered video have proven 
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effective even with occluded faces [54], and earlier work has shown 
tight coupling between body motion and speaking activity [13, 
53]. Hand motion bursts also flag speaking or listening roles [10]. 
Beyond turn taking, transformer fusion of pose and facial key points 
yields audio free backchannel cues [1], and full body dynamics alone 
can reveal laughter [31, 39]. 

Despite these advancements validating audio free event detec-
tion feasibility, current methods still assume stable upper body 
visibility and rarely address multimodal coordination among multi-
ple interlocutors. Explicitly modeling such coordination remains a 
significant research gap, underscoring the motivation behind the 
present study. 

3 Methodology 

3.1 Conceptual and Theoretical Foundation 
Before addressing conversational event modeling, it is crucial to 
establish a solid conceptual foundation that supports both current 
and future research directions. Given the challenges of privacy 
concerns and unreliable audio or face-based sensing in real-world 
settings, this work shifts focus toward group-level nonverbal be-
havioral cues and wearable sensors. These modalities provide a 
robust, privacy-preserving alternative for capturing conversational 
structure in socially complex environments. 

Understanding dynamic interactions, where participants’ inten-
tions may conflict or evolve, requires insights from social signal 
processing and multimodal communication research. Prior studies 
highlight how gesture, posture, and speech emerge from a unified 
cognitive system [28], how rhythmic nesting of modalities links 
motor behavior to discourse [37], and how subtle nonverbal “honest 
signals” encode trust and engagement [35]. Social signal processing 
frameworks model these cues to infer social roles and group struc-
ture [55], while gestures and bodily orientation are recognized as 
integral to interaction organization [24]. 

Conversational events such as laughter and backchannels are 
inherently embedded in social and temporal contexts, often align-
ing with speaking dynamics and topic transitions [9, 16, 18, 22, 61]. 
These observations suggest that events should be modeled as coordi-
nated, context-sensitive phenomena rather than isolated instances. 
Multimodal behavioral signals are not mere proxies for missing 
audio but meaningful indicators of conversational flow, reflecting 
latent dynamics like alignment, hesitation, or conflict. 

To operationalize these perspectives, this research emphasizes 
group-level coordination signals, patterns of bodily movement, spa-
tial arrangement, and orientation emerging from interaction among 
participants [24, 55]. Mutual body orientation, shared posture dy-
namics, and temporal synchrony in gestures provide rich indicators 
of conversational engagement. 

While gaze direction is fundamental for conveying attention and 
turn-taking, privacy constraints and our top-down view setting 
often prevent its fine-grained tracking. Therefore, this study em-
ploys head orientation as a practical proxy, modeling relative head 
orientation dynamics to infer shared focus. 

Temporal synchrony in upper-body movements, such as co-
occurring postural shifts or gestures, signals interactional attune-
ment and group-level engagement [11, 28, 35, 37]. These distributed 
coordination cues remain valuable when audio and facial data are 

limited, supporting robust conversational event inference under 
real-world constraints. 

3.2 Dataset 
To support this research, I utilize existing multimodal datasets 
that meet key requirements: availability of audio (at least during 
training) for event annotation, top-down or wide angle visual per-
spectives to reduce occlusion and capture group coordination, joint 
keypoints for modeling posture and gestures, and group-level labels 
indicating conversational participation. Datasets with finer annota-
tions of nonverbal behaviors are especially valuable for analyzing 
spontaneous interaction dynamics. 

Three datasets are central to this work. MatchNMingle [5] pro-
vides overhead video, audio, inertial, and proximity data with an-
notations of social actions and F-formations in mingling scenarios. 
PopGlass offers high-quality individual audio, multi-angle over-
head video, periodic F-formation labels, and inertial data. ConfLab 
[42] includes top-down video, full-body keypoints, synchronized 
IMUs, and detailed annotations of speaking status and laughter. Ad-
ditionally, I am contributing to a new dataset collection featuring 
high quality audio, top-down video, and multiple IMUs, designed to 
support topic change detection and conversational event modeling 
under privacy-sensitive, multimodal conditions. 

These datasets vary in social settings, sensor quality, and annota-
tion density. While this diversity introduces challenges for domain 
adaptation, it also allows for evaluating representation-level gener-
alizability across different data sources. 

3.3 Speaking Status and Backchannel 
Estimation 

The modeling is grounded in observations from multiparty commu-
nication, where the relative orientation of individuals’ heads and 
bodies—along with accompanying hand gestures—often reflects 
the current speaker. Shifts in these orientations typically signal 
speaker changes. These patterns and transitions also provide valu-
able cues for identifying individuals likely to produce backchannel 
responses. However, backchannels are brief in duration and may 
not always coincide with distinct gestures, making them difficult 
to detect. To address this, the initial work leverages high frequency 
speaking status labels from the ConfLab dataset to distinguish short 
non-speaking intervals or brief turns when backchannels are more 
likely to occur. Approximate head behavior will be inferred using 
keypoints following [34], while self-supervised representations de-
veloped in [41], supplemented by inertial data, will support group 
context based estimation of speaking status and backchannel activ-
ity. 

3.4 Topic Change and Laughter Detection 
This research jointly models topic change and laughter, as these 
phenomena often co-occur and fulfill similar interactional roles 
[15, 18, 27, 33]. Subtle, individually produced laughter often lacking 
clear group-level synchrony is difficult to detect from movement 
cues alone, but incorporating topic dynamics is expected to improve 
its recognition. 

The proposed method leverages group-level posture, gestures, 
movements, and head-body orientation, based on the hypothesis 
that shifts in these nonverbal cues co-vary with conversational 
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topic transitions [6, 38, 43, 45]. Rather than modeling absolute posi-
tions, it focuses on relative behavioral changes among participants, 
employing rotation-invariant representations to ensure spatial ro-
bustness, especially from top-down views [21]. 

Beyond boundary detection, the approach aims to distinguish 
successful vs. unsuccessful topic shift attempts, and to capture finer 
sub-topic transitions, informed by conversational topic dynamics 
literature [4, 44]. Detailed modeling of coordination patterns is 
also expected to enhance sensitivity to subtle laughter moments 
occurring during topic re-alignments. 

Given the limited annotated data, self-supervised and contrastive 
learning methods will be employed to extract structured behav-
ioral patterns from sparse supervision [8, 41]. Transformer-based 
architectures with strong pretrained backbones (e.g., ViT, DINOv2) 
will support flexible multimodal fusion and robust representation 
learning, especially under missing modality conditions. A BiLSTM-
CRF sequence labeling framework [57] will be implemented as a 
baseline, with future architectural improvements planned as the 
project progresses. 

While topic shifts are inherently semantic, nonverbal behaviors, 
such as posture shifts, head orientation changes, and group coordi-
nation can signal attempts to steer conversation flow. This study 
focuses on detecting such topic shift attempts through observable 
social cues, with future work exploring cross-modal semantic rep-
resentations where language and audio signals aid inference from 
nonverbal modalities when audio is unavailable at test time. 

3.5 Handling Missing Modalities and Temporal 
Disruptions 

This research considers two types of modality missingness. The 
first is modality absence at inference, where certain modalities like 
high-quality audio are present during training but unavailable at 
test time, common in real-world deployments like topic change 
detection under sensor limitations. The second is temporal degra-
dation, where occlusion, noise, or sensor failures cause intermittent 
gaps in nonverbal signals such as posture or gestures. 

To address these challenges, two main strategies will be explored. 
One applies modality dropout during training to encourage robust-
ness and modality-invariant representations [26, 30, 51]. The other 
uses full modality supervision during training to compensate for 
missing inputs at inference, through techniques such as cross-modal 
distillation [20, 56], modality hallucination [23, 59], and parameter-
efficient adaptation of pretrained models [40]. 

Additionally, temporal smoothness priors will be applied to esti-
mate occluded cues like head orientation and posture, leveraging 
sequential dynamics as proposed in [49]. 

4 Preliminary Result and Remaining Work 
To examine how modality affects annotation quality, I analyzed an-
notators’ laughter labeling decisions under three conditions—video 
only, audio only, and audiovisual (AV)—using the Conflab dataset 
[42]. Inter-annotator agreement varied across conditions, echoing 
prior findings [39]. While AV and audio-only labels were mostly 
consistent, discrepancies arose from timing mismatches or ambigu-
ous durations. Visual cues sometimes caused source misattribution, 
while gestures compensated for weak audio signals. Video-only 

annotations showed the greatest divergence, often reflecting “per-
ceived laughter” inferred from visible behaviors. 

As an exploratory step, I computed synchrony metrics to test 
whether laughter aligns more strongly within conversational groups 
than across them. Within-group pairs consistently exhibited higher 
synchrony, supporting the role of laughter as an in-group bonding 
cue [15]. Cluster-based permutation tests further revealed that real 
laughter events form denser temporal clusters than chance, with 
group size influencing clustering patterns [11, 18]. 

Preliminary correlations between upper-body keypoints and 
laughter episodes indicate that certain movements are strongly asso-
ciated with laughter, despite individual expressive differences. Syn-
chrony in posture and gestures also appears linked to co-laughter 
dynamics, warranting further investigation. 

These findings provide a foundation for detecting laughter through 
group-level nonverbal cues and offer insights into its role in multi-
party interactions. They also highlight how modality-dependent 
annotation biases can inform the design of contrastive learning 
strategies, laying the groundwork for jointly modeling topic shifts 
and laughter. 

5 Research Contributions 
This research develops methods for estimating conversational events 
in real-world multiparty settings, particularly when speech signals 
are missing or unreliable. By leveraging nonverbal cues like move-
ment, posture, gestures, and orientation, it focuses on modeling 
group-level coordination to support robust inference of interaction 
dynamics. The approach produces temporally grounded, context-
aware representations that bridge low-level behavioral signals and 
higher-level constructs such as social involvement, topic shifts, and 
communicative intent, enabling downstream modeling of complex 
social phenomena. 
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