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Abstract

Understanding how humans communicate, respond, and learn in social and educa-

tional settings is central to developing human-aware artificial intelligence. This the-

sis investigates how multimodal behavioural signals—visual, acoustic, and linguis-

tic—can be modelled to interpret key aspects of human interaction, including respon-

siveness, agreement, and learning outcomes. Through three consecutive studies, it

establishes a computational framework for analysing interactional behaviour across

conversational and learning contexts.

The first study focuses on backchannel detection in group conversations, where lis-

teners’ subtle nonverbal cues such as head nods and facial movements indicate atten-

tiveness and understanding. A temporal visual attention framework is proposed to

capture both micro- and macro-level temporal dependencies across behavioural chan-

nels. Experiments on the MPIIGroupInteraction and CCDb datasets demonstrate

that the framework effectively recognises diverse backchannel behaviours and outper-

forms contemporary baselines, highlighting the importance of temporal reasoning and

motion-based feature representation.

Building on this foundation, the second study extends the analysis from behavioural

events to attitudinal meaning by estimating agreement intensity from multimodal

backchannel segments. Audio and visual modalities are integrated through adaptive

temporal fusion to model how listeners express varying degrees of agreement. Results

show that combining visual motion cues with prosodic and spectral features could
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help improve predictive accuracy. Incorporating speaker diarisation further enhances

role-specific modelling, revealing that agreement is often conveyed implicitly through

coordinated facial and vocal cues.

The final study applies multimodal modelling to an educational context by predicting

students’ self-reported learning gains in online service-learning programmes. Using

audio, video, and transcript features from synchronous sessions, the analysis iden-

tifies behavioural indicators associated with different dimensions of learning out-

comes—intellectual, social, civic, and intrapersonal. Screen-content features that

capture the semantic richness and structure of instructional materials are found to

best predict intellectual learning, while visual participation cues—such as camera us-

age and body posture—correlate more strongly with social and civic learning. These

findings indicate that both communicative behaviour and visible participation con-

tribute to effective collaborative learning.

Overall, the three studies establish a coherent research trajectory from low-level be-

havioural detection to high-level outcome prediction. Methodologically, the thesis

contributes interpretable frameworks for temporal attention and multimodal fusion

that generalise across conversational and learning domains. Conceptually, it advances

the computational understanding of how responsiveness, agreement, and learning out-

comes can be inferred from multimodal behaviour, supporting the development of

human-aware AI systems capable of perceiving and facilitating meaningful interac-

tion.
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Chapter 1

Introduction

Human communication is inherently multimodal, encompassing speech, facial expres-

sion, gesture, posture, and gaze. Through these rich behavioural channels, individuals

express thoughts, intentions, and emotions, forming the foundation for collaboration,

learning, and social coordination. Within this broad landscape, group interaction

occupies a particularly significant role, underpinning teamwork in education, work-

places, and community activities. Understanding how individuals behave, respond,

and align with others in such group settings has long been a central question across

psychology, linguistics, and computational social science. With the growing avail-

ability of large-scale multimodal recordings, computational methods now allow us to

examine these fine-grained social signals quantitatively, revealing behavioural dynam-

ics that are difficult to capture through human observation alone.

Recent advances in computer vision, audio processing, and multimodal learning have

enabled automatic modelling of human interaction at unprecedented temporal and be-

havioural resolutions. These developments open new opportunities to study how sub-

tle nonverbal signals—such as listener feedback, facial movements, or vocal prosody—reflect

internal cognitive or affective states, including attentiveness, agreement, and engage-

ment. However, analysing multimodal behaviour in real-world group contexts remains

1



Chapter 1. Introduction

a challenging task. Signals are often subtle, asynchronous, and shaped by conversa-

tional roles, social relationships, and contextual factors. Moreover, connecting these

observable cues to meaningful outcomes, such as social alignment or learning gains,

requires models that can capture temporal dependencies and interpersonal variability.

This thesis addresses these challenges by developing and evaluating computational

methods for modelling multimodal interaction patterns in group conversation and

collaborative learning contexts. Specifically, it focuses on three research directions

that progressively expand the analytical scope—from detecting momentary listener

responses, to estimating attitudinal meaning, and finally, to predicting learning out-

comes:

• Video-based Backchannel Detection in Group Conversation: This study

develops visual models to automatically detect listener backchannel behaviours—such

as head nods, smiles, and gaze shifts—that signal attentiveness and under-

standing. By analysing visual cues at multiple temporal scales, it provides a

foundation for understanding micro-level behavioural coordination during group

communication.

• Multimodal Agreement Estimation from Backchannel Behaviours:

Building upon the detection of backchannel occurrences, this study estimates

the intensity of agreement expressed through these listener responses. By in-

tegrating audio and visual modalities with temporal fusion and role-aware pre-

processing, it models how individuals convey concurrence or divergence within

natural conversations.

• Predicting Learning Gains in Online Service-Learning Programs: Ex-

tending the analysis from attitudinal states to educational outcomes, this study

investigates how multimodal conversational behaviour relates to students’ in-

tellectual, social, civic, and intrapersonal development. By fusing linguistic,

visual, and interactional features from recorded group discussions, it demon-

2



1.1. Background and Motivation

strates the potential of multimodal learning analytics for evaluating authentic

learning processes.

These three research threads form a coherent progression: from recognising low-level

communicative signals, to inferring high-level social meaning, and finally to predicting

broader developmental outcomes. Together, they provide methodological and empiri-

cal insights into how multimodal behaviour reflects cognition, affect, and engagement

in real-world group interaction.

1.1 Background and Motivation

1.1.1 Backchannel Behaviours in Group Interaction

Backchannels are brief listener responses—such as head nods, smiles, eyebrow raises,

or short vocal acknowledgements—that indicate attentiveness or understanding with-

out interrupting the speaker’s turn [102, 77]. In group communication, backchannels

are fundamental for maintaining conversational flow, coordinating turn-taking, and

reinforcing social cohesion. Their frequency, form, and timing vary across individuals,

shaped by cultural norms, personal habits, and situational context. Automatically de-

tecting backchannels presents multiple challenges. These behaviours are often short,

low in visual salience, and easily occluded in multi-person settings. Moreover, the

same gesture may convey different meanings depending on conversational context

and participant role.

Recent studies have explored multimodal and temporal attention models to capture

these subtle behaviours, combining spatial representations of facial and body motion

with temporal cues. However, most existing approaches are limited to dyadic settings

or rely on synthetic annotations, leaving group interaction underexplored. The first

part of this thesis addresses these gaps by developing a visual-based approach for
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robust backchannel detection in multi-party conversations. The proposed method

integrates motion-based feature transformation and temporal attention to identify

listener feedback in realistic conditions, providing both a methodological foundation

and empirical insight for subsequent modelling.

1.1.2 Agreement Expressed by Backchannel Behaviours

While identifying backchannel occurrences reveals when listeners respond, it does not

explain what these behaviours express. Among their possible functions, the expres-

sion of agreement is particularly significant for understanding social alignment and

consensus building. Agreement can be conveyed both verbally and nonverbally, of-

ten through coordinated multimodal patterns such as head nods, smiles, and subtle

changes in vocal prosody. Estimating the intensity of agreement from observed be-

haviour requires models that can integrate information across modalities and account

for speaker–listener dynamics.

Existing studies on agreement recognition have largely focused on verbal transcripts or

isolated nonverbal features, often neglecting their temporal interdependence. More-

over, the degree of agreement is rarely treated as a continuous spectrum. In this

thesis, agreement estimation is formulated as a regression problem that models the

continuous variation of attitudinal alignment. Audio features—including energy, fre-

quency, and spectral descriptors—are combined with visual features such as facial

action units and head movements to infer agreement intensity. The approach cap-

tures how multimodal feedback evolves over time and differs across roles within the

group. This study extends the scope of backchannel analysis from occurrence-level

detection to attitudinal interpretation, contributing to a deeper understanding of how

nonverbal feedback conveys social meaning.

4



1.2. Study Overview

1.1.3 Predicting Learning Gains from Group Conversation

In educational contexts, group discussion serves as an important medium for col-

laborative knowledge construction and experiential learning. Service-learning, in

particular, integrates academic study with community engagement, offering a rich

environment for observing learning as a social and reflective process. Traditional

assessment methods often overlook these dynamic and interpersonal dimensions of

learning. Multimodal learning analytics provides a data-driven means to bridge this

gap by linking behavioural indicators with learning outcomes.

This thesis investigates how features derived from group conversation—including

speech participation, facial expressivity, and linguistic complexity—relate to students’

self-reported learning gains. The study focuses on four major outcome dimensions:

intellectual, social, civic, and intrapersonal growth. Through regression-based mod-

elling, it identifies which behavioural indicators correlate with specific types of learn-

ing gains. For instance, linguistic diversity is found to predict intellectual growth,

while visual engagement features correlate with social and civic learning. This anal-

ysis not only demonstrates the practical relevance of multimodal modelling but also

contributes to the broader understanding of learning as a socially embodied process.

1.2 Study Overview

Figure 1.1 illustrates the overall research flow of the thesis. The three studies are de-

signed as successive stages addressing progressively higher levels of human behaviour

and interpretation.

The first stage focuses on detecting backchannel behaviours from video sequences of

group discussions. This task establishes the methodological foundation by develop-

ing motion-based temporal models capable of recognising subtle nonverbal responses

across participants.
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The second stage extends this framework to infer the meaning of these behaviours

by estimating agreement intensity from multimodal inputs. Through audio–visual

fusion and role-specific analysis, it captures the temporal evolution of agreement as

an attitudinal dimension within interaction.

The final stage applies multimodal analysis to predict learning outcomes in online

service-learning programmes. Using linguistic and visual features extracted from

authentic discussions, the study connects conversational behaviour with measurable

educational outcomes.

Across all stages, the thesis adopts a multimodal and data-driven approach, integrat-

ing computer vision, audio signal processing, and natural language analysis. Each

stage builds upon the previous one, moving from behavioural perception to attitudi-

nal inference and, ultimately, to outcome prediction.

1.3 Thesis Aims and Outline

The aims of this thesis are summarised as follows:

• To develop a robust video-based approach for detecting backchannel behaviours

in natural group conversations, enabling fine-grained analysis of listener respon-

siveness and conversational flow.

• To design a multimodal modelling framework for estimating agreement intensity

from backchannel behaviours by integrating audio and visual cues with temporal

fusion and role-aware processing.

• To investigate how multimodal conversational features relate to students’ learn-

ing gains in online service-learning programmes and to construct predictive

models of learning outcomes across intellectual, social, civic, and intrapersonal

domains.
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Figure 1.1 Overall conceptual framework of the thesis. The research progresses from

(a) video-based backchannel detection, through (b) multimodal agreement estimation,

to (c) learning-gain prediction in online service-learning settings.
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• To establish a unified computational framework that connects behavioural de-

tection, attitudinal inference, and outcome prediction, advancing multimodal

modelling of group interaction.

The remainder of this thesis is organised as follows:

• Chapter 2: Literature Review surveys existing work on multimodal group

interaction analysis, focusing on backchannel detection, agreement estimation,

and learning analytics.

• Chapter 3: Backchannel Detection in Group Conversation presents the

methodology, experimental setup, and evaluation of the proposed visual models

for backchannel detection.

• Chapter 4: Agreement Estimation from Backchannel Behaviours in-

troduces the multimodal fusion architecture and temporal modelling framework

for estimating agreement intensity.

• Chapter 5: Predicting Learning Gains in Online Service-Learning

Programs details the modelling of learning outcomes based on multimodal

conversational features extracted from authentic educational discussions.

• Chapter 6: Discussion discusses the findings across all studies, analyses

methodological and conceptual implications, and examines generalisability.

• Chapter 7: Conclusion and Future Work summarises the key contribu-

tions of the thesis and outlines directions for future research.

• Chapter 8: Other Contributions summarises additional publications, col-

laborative projects, and research outcomes during the Ph.D. study that extend

beyond the core scope of this thesis.

8



Chapter 2

Literature Review

This chapter reviews the theoretical and empirical foundations relevant to understand-

ing and modelling human group interaction. It situates the present work within the

broader research on verbal and nonverbal communication, with particular emphasis

on listener feedback mechanisms such as backchannels and the expression of agree-

ment. It further examines developments in computational approaches to multimodal

interaction analysis and concludes with a discussion of multimodal learning analyt-

ics (MMLA) in educational contexts, highlighting the methodological and conceptual

framework that supports this thesis.

2.1 Verbal and Nonverbal Communication

Human communication is a rich, multimodal process that involves the coordinated use

of verbal and nonverbal signals to exchange information, express emotion, and estab-

lish social relationships [48]. Verbal communication operates through language—spoken

or written—and provides the structured symbolic system through which people ar-

ticulate meaning. Words, syntax, and grammar make abstract reasoning and precise

reference possible. Spoken communication further incorporates prosodic and paralin-
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guistic cues such as intonation, rhythm, pitch, and emphasis, which convey affective

nuance, indicate turn boundaries, and shape interpretation [85].

Nonverbal communication, by contrast, encompasses behaviours that operate outside

linguistic structure but are deeply integrated into meaning-making. Facial expres-

sions, eye gaze, posture, gestures, and other bodily movements reveal emotional states

and relational attitudes often more directly than words [50]. Temporal and spatial

factors also contribute to nonverbal expression: proxemics (use of space) and chrone-

mics (timing, latency, and pacing) regulate social distance and engagement [69]. Par-

alanguage—the non-lexical aspects of voice—serves a similar role, modulating tone,

loudness, and tempo to signal emphasis or stance [82].

Rather than functioning independently, these modalities continuously interact. Non-

verbal cues complement verbal content by reinforcing meaning or guiding conver-

sational structure—for instance, a nod accompanying “yes” intensifies affirmation,

while gaze direction manages turn-taking. They can also contradict verbal messages,

such as a sarcastic tone undermining a literal statement. In group contexts, these

interdependencies multiply: multiple speakers coordinate overlapping contributions

while monitoring others’ verbal and visual signals to maintain shared understand-

ing [64, 33].

The integration of verbal and nonverbal modalities therefore forms the basis for social

coordination and cognitive alignment in conversation. This interdependence underlies

the phenomena examined in this thesis—backchanneling, agreement, and learning-

related behaviours—where subtle variations in multimodal cues shape how meaning,

attention, and understanding emerge in group interaction.
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2.2 Backchannel in Communication

During conversation, listeners play an active role by offering brief, often subtle, feed-

back known as backchannels. These responses—such as nods, smiles, gaze shifts, or

short utterances like “uh-huh,” “yeah,” or “right”—occur without taking the con-

versational floor but signal attentiveness and involvement [102, 29]. Backchannels

sustain conversational rhythm and help speakers monitor comprehension. In multi-

party settings, they also regulate overlapping talk and help distribute attention among

participants [12, 18].

Backchannels perform multiple functions. They can indicate understanding, encour-

age continuation, or convey stance, such as agreement, doubt, or empathy [14]. Schol-

ars often distinguish between continuers, which signal attentiveness, and assessments,

which respond to content [39]. The timing and modality of a backchannel determine

its pragmatic meaning. A nod mid-utterance often signals acknowledgment, while

a nod following a clause boundary may convey agreement or readiness to take a

turn [88].

Both verbal and nonverbal cues contribute to backchanneling. Verbal responses

draw from limited lexical forms, while nonverbal feedback—nodding, smiling, eye-

brow movements, posture shifts—carries relational and affective nuance [51, 75]. Im-

portantly, backchannels are shaped by culture and context: the frequency, form, and

timing vary across languages and social settings [99, 53].

The computational study of backchannels has evolved from descriptive to data-driven

approaches. Early models used prosodic rules or pause-based thresholds to predict

listener feedback [92, 41]. More recent work employs multimodal machine learning to

detect or generate backchannels from acoustic, linguistic, and visual features [63, 71,

2, 17]. Key predictors include head motion, gaze direction, speech energy, and facial

expressions, integrated through temporal or transformer-based architectures [95, 83].
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Despite advances, challenges persist in modelling backchannels in real-world group

settings. Natural interactions involve overlapping speech, variable visibility, and com-

plex attribution—listeners may respond to multiple speakers simultaneously. Accu-

rately identifying to whom a backchannel is directed and interpreting its communica-

tive intent requires temporally precise, multimodal modelling and an understanding

of group structure [37, 38]. These challenges motivate the first stage of this thesis,

which develops visual-based approaches for backchannel detection in natural group

interaction.

2.3 Agreement in Communication

Agreement reflects how interlocutors align cognitively, emotionally, or socially dur-

ing conversation. It signals shared understanding, approval, or acceptance and helps

maintain rapport and conversational flow [77]. In collaborative contexts, agreement

supports consensus-building and coordination, while subtle expressions of disagree-

ment indicate cognitive divergence and drive discussion. It is worth noting that agree-

ment as a communicative construct is not monolithic. Scholars have distinguished

among several related but distinct acts, including acknowledgment (signalling that

a message has been received), endorsement (explicitly supporting a claim), compli-

ance (yielding to social expectation), and affective support (expressing empathy) [88].

These distinctions matter because the same observable behaviour—such as a head

nod—may serve different functions depending on conversational context. The com-

putational studies reviewed below, and the work presented in this thesis, primarily

model agreement as a graded, composite perception of listener alignment rather than

decomposing it into these finer categories; this scope is discussed further in Chapter 4.

Linguistic studies identify lexical and syntactic markers of agreement, such as “yes,”

“exactly,” or “I agree,” along with hedges and mitigations that temper disagree-

ment [52, 43]. Beyond language, prosodic and paralinguistic cues—pitch, stress, and
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rhythm—modulate intensity and certainty [25, 20]. For example, a rising intonation

may express tentative assent, while firm emphasis conveys strong alignment.

Nonverbal cues also play a decisive role. Facial expressions, head nods, smiles, and

sustained eye contact all contribute to the perception of agreement or empathy [73, 3].

These cues are not static but unfold dynamically over time. A quick nod during speech

may function as acknowledgment, whereas a slower, emphatic nod near a speaker’s

pause can convey full endorsement [88]. Backchannel behaviours often carry this dual

role: while ostensibly signalling attention, they also implicitly indicate alignment or

stance toward the ongoing message [19, 77].

Recent computational work has explored agreement estimation using multimodal

features. Early approaches focused on lexical or acoustic indicators [98], but the

integration of visual signals has significantly improved performance [2, 66]. Deep

sequential models such as RNNs, GRUs, and transformers capture temporal depen-

dencies and cross-modal relationships that underlie expressive behaviour [23, 93].

However, the contextual nature of agreement—varying across speakers, cultures, and

roles—remains a key challenge for generalisation.

In multi-party conversation, agreement is distributed across individuals and time.

Listeners may show alignment through subtle feedback directed at a specific speaker,

yet this behaviour also influences group-level perception. Modelling such distributed

agreement requires multimodal temporal representations that can capture interper-

sonal dependencies and contextual variation. This understanding motivates the sec-

ond stage of this thesis, which focuses on estimating agreement intensity from multi-

modal backchannel behaviours.
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2.4 Multimodal Analytics

Human communication is intrinsically multimodal: meaning emerges from the in-

terplay of language, prosody, facial expressions, gaze, and gesture. Analysing these

diverse data streams requires integrative computational approaches capable of cap-

turing temporal and cross-modal relationships [94, 10]. Multimodal analytics offers

a framework for studying such complex interactions, combining feature extraction,

synchronization, and fusion across heterogeneous modalities.

In human interaction research, multimodal approaches have enabled the automated

analysis of turn-taking, engagement, and affective states [36, 13]. Signals from video,

audio, and text are transformed into behavioural features—facial action units, gaze

direction, speech prosody, and semantic embeddings—which are then modelled to

infer social phenomena such as dominance, rapport, or attention [46, 67]. Advances in

deep learning have strengthened this capability by learning hierarchical and temporal

representations directly from raw multimodal data [10, 54]. Yet challenges persist in

synchronisation, interpretability, and scalability, especially for multi-party interaction

where behavioural signals overlap and context shifts rapidly.

Multimodal analytics has also gained prominence in educational research, where it

informs the study of student engagement, collaboration, and learning processes. Tra-

ditional learning analytics primarily rely on log data or assessment outcomes, which

provide limited insight into the behavioural and social dimensions of learning [24, 26].

Multimodal Learning Analytics (MMLA) expands this scope by integrating speech,

gesture, gaze, and physiological data with traditional educational indicators [70, 60].

Through this integration, researchers can examine how cognitive, emotional, and col-

laborative processes unfold during authentic learning activities [1, 58].

However, methodological complexity remains a central issue. Combining heteroge-

neous data streams requires robust feature alignment, temporal segmentation, and

context modelling. Furthermore, the interpretability of deep models poses a barrier

14



2.4. Multimodal Analytics

to educational deployment, where transparency and pedagogical meaning are essen-

tial [65, 61]. Despite these challenges, MMLA holds significant promise for capturing

learning as a situated, multimodal process. By linking behavioural cues with out-

comes such as engagement or learning gains [34, 78], it provides a framework for

understanding how group interaction contributes to individual development.

The studies in this thesis build on these advances. They combine insights from so-

cial signal processing and learning analytics to model multimodal group interaction,

focusing on backchannel detection, agreement estimation, and the prediction of learn-

ing outcomes. Across these three directions, several gaps in the existing literature

motivate the present work: (1) most backchannel detection methods have been devel-

oped for dyadic settings and do not explicitly model multi-scale temporal dynamics

across behavioural channels; (2) agreement estimation has rarely been treated as a

continuous, multimodal regression problem with role-aware preprocessing; and (3)

multimodal learning analytics in synchronous online education has yet to integrate

screen-content and gallery-view modalities alongside linguistic and acoustic features.

The following chapters address these gaps through dedicated methodological contri-

butions and empirical evaluations.
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Chapter 3

Backchannel Detection in Group

Conversation

Backchannel responses constitute an essential part of human communication, enabling

listeners to display attention, understanding, and social alignment without interrupt-

ing the speaker’s flow [42, 90]. These subtle listener cues—such as head nods, gaze

shifts, or brief facial expressions—help maintain conversational rhythm and foster

mutual awareness. They are so common in everyday dialogue that people rarely no-

tice them, yet conversations without backchannels could be perceived as unnatural

or disengaged. Automating their detection is therefore a crucial step toward devel-

oping conversational agents that can interpret social signals and respond in a more

human-like manner.

Although backchannel behaviours are integral to conversation, detecting them com-

putationally remains a challenging problem. They are brief, vary across individuals

and cultural contexts, and are often interwoven with other natural movements such

as posture shifts or gaze adjustments. In group conversations, the difficulty increases:

multiple participants speak and listen at the same time, producing overlapping ges-

tures and expressions. The same physical movement may convey different meanings
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depending on who performs it, when it occurs, and in relation to whom. Reliable de-

tection therefore requires models capable of capturing both temporal dynamics and

relational context—that is, how one participant’s subtle reactions are shaped by the

flow of others’ speech and movement. Previous studies have explored verbal and

acoustic cues for identifying backchannels, yet these modalities face both practical

and cultural constraints. Audio-based features are easily degraded in noisy environ-

ments or unavailable in recordings without a dedicated audio channel, while verbal

responses differ widely across languages and social norms [42]. Visual cues, by con-

trast, are continuously observable and relatively universal. They capture spontaneous

reactions—such as nodding, smiling, or shifting gaze—that frequently accompany un-

derstanding and agreement. This makes them particularly valuable for robust and

cross-situational modeling of listener feedback, especially in group settings where

multiple streams of nonverbal behaviour coexist.

Guided by this motivation, this chapter investigates visual backchannel detection in

multi-party conversation. The goal is to recognise listeners’ responsive behaviours

from continuous video and to capture how these cues evolve over time across multiple

behavioural channels. To this end, we propose the Temporal Multichannel Atten-

tion Network (TMAN), a framework designed to model the temporal coordination

and interaction among four visual cues: body pose, head orientation, gaze direction,

and facial movements. Instead of analysing these cues independently, TMAN learns

how their subtle temporal dependencies jointly indicate listener feedback while filter-

ing out incidental motion and background activity. This approach reflects a broader

aim of this research—to understand how fine-grained visual behaviours encode social

understanding and responsiveness during natural human interaction.

It is worth noting that recent advances in vision transformers and foundation mod-

els have achieved impressive results on general video understanding tasks. How-

ever, as demonstrated in the experiments reported later in this chapter, these generic

architectures—whether used as frozen feature extractors or fine-tuned on the target
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task—do not match the performance of TMAN on backchannel detection. The key

distinction lies in TMAN’s explicit design for social signal understanding: rather than

relying on broad-spectrum visual representations learned from large-scale datasets,

TMAN introduces domain-specific inductive biases through motion-aware feature

transformations, hierarchical cross-channel attention, and multi-scale temporal rea-

soning. These design choices reflect the hypothesis that detecting brief, context-

dependent social cues in group conversation requires architectural mechanisms tai-

lored to the temporal and relational structure of human interaction, rather than

general-purpose visual encoders alone.

The remainder of this chapter is structured as follows. Section 3.1 introduces the

datasets used in this study and explains how backchannel instances were constructed

from continuous conversational recordings. Section 3.2 details the extraction of vi-

sual behavioural features, including body, head, gaze, and facial action-unit cues.

Section 3.3 describes the feature transformation strategies designed to capture mo-

tion dynamics across time. Section 3.4 presents the proposed Temporal Multichannel

Attention Network (TMAN) and its hierarchical attention modules. Section 4.4 re-

ports the experimental results and comparisons with existing approaches, followed by

Section 3.6, which analyses the effects of feature engineering, attention mechanisms,

and visual-channel combinations. Section 3.7 discusses the key findings and their

broader implications. Finally, Section 5.6 summarises the main conclusions of this

chapter and outlines directions for subsequent investigation.

3.1 Dataset

To evaluate the proposed framework, this study uses publicly available datasets that

capture natural conversational behaviour. However, most existing datasets in human

communication research, such as Vyaktitv [45], P2PSTORY [86], and Canal9 [76],

are not suitable for automatic backchannel detection. Many, including Vyaktitv and
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Figure 3.1 Illustration of the MPIIGroupInteraction and CCDb datasets: (a) ex-

ample frames from MPIIGroupInteraction showing a full-body view of seated group

conversations; (b) example frames from CCDb showing a close-up view (head/face

focus) of seated dyadic conversations; and (c) the data instance construction for both

datasets. Each row shows frame sequences from a 10-second video segment: the

top row corresponds to MPIIGroupInteraction, and the bottom row corresponds to

CCDb. The blue dashed boxes highlight the last one-second segment, which is used

to determine the video label: “BC” (backchannel) if a backchannel response occurs,

or “Non-BC” (non-backchannel) otherwise. Only the target participant’s behaviour

in the last second is used for label assignment; the preceding frames serve as context.

Canal9, lack explicit annotations of backchannel responses, while others, such as

P2PSTORY, label only isolated cues such as head nods or smiles rather than full

backchannel events that combine verbal and nonverbal information. These limita-

tions make it difficult to model the multimodal and context-dependent nature of
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listener feedback. To address this gap, this chapter employs two public datasets that

explicitly annotate backchannel behaviour: MPIIGroupInteraction [67, 66] and the

Cardiff Conversation Database (CCDb) [6]. Both datasets contain video recordings of

spontaneous conversation and include multimodal information suitable for analysing

visual backchannel behaviour in group and dyadic settings.

MPIIGroupInteraction. The MPIIGroupInteraction dataset includes 22 German

group discussions, each about 20 minutes long, adding up to over 440 minutes of

recorded interaction. A total of 78 participants (43 female, 35 male), aged between

18 and 38, were recruited from a German university campus, all native German speak-

ers to keep the language consistent. Each group had either three or four people (10

groups of three, 12 groups of four) who sat in a circular arrangement so they could

see one another. Several cameras were placed around the setup to record near-frontal

views, and individual microphones were used to capture clear audio without blocking

faces. Backchannel events were annotated by three trained annotators, each assigned

to different parts of the dataset. They followed a standardised protocol based on

established definitions of listener feedback. Both auditory and visual signals were

considered. Visual annotations included nodding, head shaking, and facial expres-

sions, while auditory annotations captured verbal and paraverbal responses such as

“yes,” “oh really?,” “uh-huh,” or “aha.” When several cues appeared together, for

example nodding while saying “yes,” they were marked as a single event. Each par-

ticipant, on average, showed around 70 backchannel events. Using these annotations,

10-second video segments were created to include both the backchannel moment and

its immediate context, with each segment ending at the time of a potential backchan-

nel. Negative clips were selected from stretches without annotated backchannels to

keep the data balanced. The dataset used in this study was divided into 6,716 clips

for training (3,358 positive and 3,358 negative), 2,854 for validation, and 4,898 clips

reserved for official testing, for which the ground-truth labels are not publicly re-

leased. The task is thus defined as a binary classification problem to decide whether
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a backchannel occurred within each clip. More details on the dataset and annotation

procedure are described in [67, 66].

Cardiff Conversation Database (CCDb). The CCDb dataset contains 30 dyadic

conversations, each about five minutes long, involving 16 participants (12 male, 4

female) aged 25–56 from Cardiff University in the United Kingdom. In each record-

ing, two speakers sat face-to-face, and both audio and video were captured with a

camera–microphone pair placed in front of each person. As shown in Figure 3.1,

CCDb shares a similar setup with MPIIGroupInteraction but has closer framing that

focuses on facial and head movements.Backchannel annotations were created using

the ELAN toolkit [100], following the procedure described by Aubrey et al. [6]. A

backchannel was defined as any short facial, gestural, or vocal response triggered by

the interlocutor’s behaviour, including smiles, nods, and short utterances like “umm”

or “err.” Following the same segmentation procedure as in MPIIGroupInteraction,

633 backchannel segments were extracted, each 10 seconds long at 30 fps, ending

at the time of the labelled event. An equal number of non-backchannel clips were

sampled, giving 1,266 clips in total. The data were split by conversation session at a

ratio of about 7:3, with 839 clips for training and 427 for validation.

The two datasets capture complementary perspectives on conversation. MPIIGroupIn-

teraction provides a broader view of multi-party discussion with visible body move-

ment and group dynamics, while CCDb focuses on dyadic exchanges that highlight

detailed facial and head behaviour. Using both allows for evaluating visual backchan-

nel detection across settings that differ in scale, viewpoint, and social interaction

structure.
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3.2 Feature Extraction

In this study, we extract a range of nonverbal behavioural features from video to

predict listener backchannel responses. Specifically, four behavioural channels are

considered—body pose, head pose, eye gaze, and facial action units (AUs)—each cap-

turing a distinct but complementary aspect of listener behaviour. Throughout this

chapter, the term channel refers to an individual stream of behavioural information

extracted from the visual modality. Combined, these cues represent attentional, af-

fective, and interactive patterns that reflect listener feedback in natural conversation.

Body pose provides global information about upper-body movement and orientation,

which often indicates attentiveness or responsiveness [44]. Head pose captures local

motion dynamics such as nodding or shaking, which serve as direct indicators of ac-

knowledgment or agreement [66, 95]. Eye gaze represents shifts in visual attention and

turn-taking intention [4], while facial AUs describe subtle muscle activations—such as

eyebrow raises or smiles—that convey understanding, agreement, or empathy [4, 21].

Figure 3.2 Visualization of multimodal behavioral features in a video frame. Left:

Original video frame of the target individual. Middle: Eye gaze estimation (green

vectors), head pose tracking (3D bounding boxes), and facial AUs recognition using

OpenFace 2.0. Right: Body pose estimation (human bounding box and body key-

points (e.g., nose and ears)) using ViTPose

As shown in Figure 3.2, two open-source toolkits are used for feature extraction.

ViTPose [101], a vision transformer–based pose estimator, is employed to obtain
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high-resolution body keypoints, while OpenFace 2.0 [11] extracts facial, head, and

gaze-related attributes. These models are selected for their demonstrated accuracy

and robustness under varied lighting conditions, partial occlusions, and spontaneous

conversational settings. The resulting multichannel visual features serve as the in-

put for temporal modelling in the proposed TMAN framework, and the extraction

procedures for each channel are as follows:

Body Pose. Body pose features describe the two-dimensional spatial configuration

of human keypoints corresponding to skeletal joints. ViTPose is used to extract (x, y)

coordinates for 17 keypoints per frame in the COCO format [57]. In this work, only

11 upper-body keypoints are retained—nose, left and right eyes, left and right ears,

left and right shoulders, left and right elbows, and left and right wrists—since these

regions provide most of the visible behavioural cues relevant to backchanneling. Prior

studies have shown that upper-body movements, including nodding, gesturing, and

posture shifts, are strong indicators of active listening and conversational involvement,

whereas lower-body motion tends to be minimal in seated discussions and susceptible

to occlusion [16, 46, 36]. The extracted joint trajectories form a structured tempo-

ral sequence that captures both micro-movements (e.g., brief nods) and sustained

gestures.

Head Pose. Head pose features capture the three-dimensional position and orien-

tation of the head relative to the camera. OpenFace detects facial landmarks and

estimates six parameters per frame: a 3D position vector (x, y, z) measured in mil-

limetres, and three rotational angles (pitch, yaw, and roll) representing head tilt,

turn, and nod. These features characterize dynamic head behaviour, which is among

the most salient non-verbal signals of feedback in conversation. For instance, peri-

odic nodding or subtle reorientation toward the speaker often signals understanding

or alignment. Head pose sequences therefore serve as a mid-level motion descriptor

bridging global body movement and fine-grained facial expressions.

Eye Gaze. Eye gaze features represent the orientation of the listener’s visual fo-
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cus in three-dimensional space, providing crucial evidence of attention distribution

and engagement. OpenFace outputs gaze direction vectors (x, y, z) for both eyes, as

well as averaged horizontal and vertical gaze components in radians. The horizontal

component reflects whether the listener maintains eye contact or glances away, while

the vertical component captures nodding-related changes in gaze trajectory. Gaze

patterns not only index attentiveness but also reveal coordination with speaker cues,

such as gaze following or turn anticipation, which are highly relevant to backchannel

timing.

Facial Action Units (AUs). Facial AUs quantify the movement intensity of specific

facial muscles according to the Facial Action Coding System (FACS) [30]. OpenFace

extracts the intensity values of 17 AUs, each ranging from 0 (inactive) to 5 (maximum

intensity). These include movements such as inner brow raises (AU1), cheek raisers

(AU6), lip corner pulls (AU12), and chin raisers (AU17), which together describe

affective responses and social alignment. Because the intensity scores already encode

the degree of activation, binary presence indicators are excluded to avoid redundancy.

Within the context of backchannel detection, AU patterns complement body and head

movements by revealing subtle affective cues—such as smiling with a nod—that often

accompany agreement or attentive listening.

The integration of these four behavioural channels provides a layered representation

of listener behaviour across different spatial and temporal scales. Body and head pose

capture broad and mid-level movement patterns, gaze reflects attentional dynamics,

and facial AUs convey fine-grained expressive signals. Together, these complementary

channels form a coherent basis for modelling visual feedback behaviour. Within the

proposed TMAN framework, they enable the network to learn both the temporal

progression and the cross-channel relationships that underpin reliable detection of

backchannel responses in group conversation.
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Figure 3.3 Illustration of skeleton-based motion representation. Consecutive frames

show the displacement of the wrist keypoint over time, where each colored joint

represents the position at frame t, t+1, t+2, and t+3

3.3 Feature Engineering

The frame-level visual features described above preserve spatial and expressive de-

tails of listener behaviour but do not explicitly encode how these cues evolve over

time. Backchannel responses, however, are characterised by short, dynamic move-

ments—such as nodding or subtle posture shifts—that unfold over a few consecutive

frames. To capture these temporal dynamics, we introduce three feature transforma-

tion strategies designed to emphasise inter-frame variation and motion direction.

For each visual channel, temporal differences between consecutive frames are com-

puted as:

∆t = ft+1 − ft,

where ft and ft+1 denote the feature vectors at time t and t+1, respectively. Based

on this operation, three representations are derived:
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1. Original: the untransformed frame-level features, which retain static positional

or intensity information without highlighting motion;

2. Abs-Diff: the absolute difference |ft+1 − ft|, capturing the magnitude of move-

ment while discarding directionality;

3. Subtraction: the signed subtraction (ft+1− ft), which preserves both direction

and magnitude of motion, thereby retaining fine-grained temporal information.

Figure 3.3 illustrates this principle using a simplified example of a hand-waving ges-

ture. The coloured wrist joints represent successive positions across frames, forming

a motion trajectory across each time step. This directional change carries richer tem-

poral information than static coordinates alone, allowing the model to infer not only

the amount of movement but also its evolving trend.

The motion-enhanced features derived from each transformation are organised into

four behavioural channels:

• BodyMovement (Body): displacement of upper-body keypoints across frames,

capturing gestures such as nods, arm shifts, and posture adjustments;

• Head Movement and Rotation (Head): frame-to-frame changes in head

orientation (pitch, yaw, roll) representing nodding, tilting, or turning;

• Gaze Movement (Gaze): directional shifts in visual attention, such as gaze

redirection or fixation changes toward the speaker;

• Facial Action Unit Variation (Facial): inter-frame changes in AU intensity

that reveal micro-expressions and fine affective activations.

These three representations—Original, Abs-Diff, and Subtraction—enable a system-

atic investigation of how static, magnitude-based, and directional motion features

respectively contribute to recognising the subtle dynamics of listener feedback. The
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subtraction-based representation, in particular, provides a more complete description

of motion flow and is expected to enhance the model’s sensitivity to brief, socially

meaningful movements.

3.4 Methodology

This study proposes the Temporal Multichannel Attention Network (TMAN), a frame-

work developed to address the challenges of visual backchannel detection in group

conversation settings. TMAN is designed to capture both the fine-grained temporal

dynamics and the interdependencies among multiple behavioural channels extracted

from video. The architecture integrates three complementary attention-based com-

ponents, each responsible for modelling a specific aspect of temporal or cross-channel

interaction. Through these mechanisms, TMAN learns to combine cues from body

movement, head motion, eye gaze, and facial expressions in an adaptive manner,

enabling contextually sensitive and reliable identification of listener backchannel re-

sponses.

Figure 3.4 Micro Action Cross-Channel Modelling (Micro-CM) Module

Backchannel signalling is a subtle yet complex part of human communication, involv-

ing several behavioural streams that may occur at the same time or in quick succession
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Figure 3.5 Unichannel Temporal Modelling (UTM) Module: Left: The overall frame-

work of UTM processing features from four channels. Right: Computation flow of a

specific channel within a UTM

within a short observation window. Learning meaningful representations from these

diverse visual channels is therefore crucial for accurate backchannel detection. To

capture these relationships, TMAN begins with the Micro Action Cross-Channel

Modelling (Micro-CM) module, which encodes salient visual features while main-

taining both temporal coherence and inter-channel relationships. This module uses

a self-attention mechanism to evaluate the relative importance of each behavioural

channel at each time step, allowing the network to emphasise informative micro ac-

tions—such as head nods, gaze shifts, or subtle facial changes—while suppressing

irrelevant motion. The resulting representations serve as refined channel features

for subsequent temporal processing. An overview of this component is illustrated in

Figure 3.4.

Four input feature sequences are provided to Micro-CM, corresponding to Body Move-

ment, Head Movement and Rotation, Gaze Movement, and Facial Action Unit Vari-
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ation. These are denoted as

MBody ∈ RT×22, MHead ∈ RT×6, MGaze ∈ RT×8, MFacial ∈ RT×17,

where T denotes the number of frames within the temporal window.

Each feature stream is first projected into a common latent dimension h using a linear

layer followed by a ReLU activation:

HBody = ReLU(WBody
h MBody), (3.1)

HHead = ReLU(WHead
h MHead), (3.2)

HGaze = ReLU(WGaze
h MGaze), (3.3)

HFacial = ReLU(W Facial
h MFacial), (3.4)

where WBody
h , WHead

h , WGaze
h , and W Facial

h are the learnable projection matrices for

each channel. The resulting hidden features are reshaped into (T, 1, h) and concate-

nated along the channel dimension to form a unified sequence:

HALL = Concat(HBody, HHead, HGaze, HFacial), (3.5)

yielding HALL ∈ RT×4×h, which serves as the integrated context representation across

all channels.

To capture inter-channel dependencies, the module computes attention weights based

on the query (Q), key (K), and value (V ) projections of HALL:

Q = WqH
ALL, (3.6)

K = WkH
ALL, (3.7)

V = WvH
ALL, (3.8)

where Wq, Wk, and Wv are learnable weight matrices. The attention weight matrix

is obtained as:

WAttn = Softmax

(
QK⊤
√
dk

)
, (3.9)
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where dk is the scaling factor equal to the key dimension.

The re-weighted representation is then produced by applying WAttn to V :

H̃ = WAttnV.

Finally, the output is split back into four channel-specific feature sequences:

MBody
h , MHead

h , MGaze
h , MFacial

h = Split(H̃), (3.10)

where MBody
h ,MHead

h ,MGaze
h ,MFacial

h ∈ RT×h denote the refined feature representa-

tions for each behavioural channel. Through this process, the Micro-CM module

enhances the expressiveness of each visual signal by learning how localised micro ac-

tions interact across channels. The refined feature maps are subsequently passed to

the temporal encoding stage for higher-level sequence modelling.

The next stage of TMAN focuses on modelling the temporal evolution of each be-

havioural channel independently. The Unichannel Temporal Modelling (UTM)

component, illustrated in Figure 3.5, is designed to capture the temporal dependen-

cies that arise within the motion and expression sequences of each visual channel. It

operates on the refined feature maps MBody
h , MHead

h , MGaze
h , and MFacial

h produced

by the Micro-CM, which represent the enhanced signals of body movement, head

orientation, gaze direction, and facial muscle activation, respectively.

A Gated Recurrent Unit (GRU) network is applied to each feature stream to model

how information unfolds over time. GRUs are chosen for their proven efficiency in

temporal sequence encoding and their ability to capture long-range dependencies with

relatively low computational cost [84]. By encoding the evolution of each modality

across frames, UTM learns to represent temporal patterns such as periodic nodding,

sustained eye contact, or gradual changes in facial expression—each of which may

signal different forms of listener engagement.

Backchannel behaviours can vary considerably in timing and duration, from brief

nods to longer expressive gestures. It is therefore important for the model to iden-

30



3.4. Methodology

tify which moments within a temporal sequence are most indicative of a backchannel

response. To achieve this, the UTM integrates an attention mechanism that esti-

mates the saliency of each time step based on its corresponding hidden state from

the GRU. The attention weights allow the model to focus more heavily on temporally

significant frames while down-weighting those that contribute little to the final repre-

sentation. This process results in a condensed temporal descriptor that captures the

most informative parts of each behavioural sequence.

Formally, the GRU updates for each modality at time step t are defined as:

rt = σ(Wirxt + bir + Whrht−1 + bhr), (3.11)

zt = σ(Wizxt + biz + Whzht−1 + bhz), (3.12)

h̃t = tanh(Winxt + bin + rt ⊙ (Whnht−1 + bhn)), (3.13)

ht = (1 − zt) ⊙ ht−1 + zt ⊙ h̃t, (3.14)

where xt denotes the input feature at time step t, ht represents the hidden state,

and σ(·) and ⊙ indicate the sigmoid activation function and element-wise multi-

plication, respectively. Wir,Wiz,Win,Whr,Whz,Whn and their corresponding biases

bir, biz, bin, bhr, bhz, bhn are trainable parameters learned during model optimization.

The temporal attention weights at are then computed to measure the relative impor-

tance of each hidden state:

at = sigmoid(ReLU(Wtht + bt)), (3.15)

cτ =
T∑
t=1

atht, (3.16)

where at represents the attention weight at time step t, and cτ ∈ R1×h is the context

vector that aggregates temporal information across the entire sequence. The param-

eters Wt and bt are learnable weights and biases of the attention layer. In this study,

the sigmoid function is selected for weighting rather than the conventional softmax, as

preliminary experiments showed that it provided more stable attention distributions

and better performance for unimodal feature encoding.
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This temporal modelling process allows the TMAN framework to retain the essen-

tial motion and expression dynamics within each behavioural channel while reducing

redundancy. The resulting context vectors cBody
τ , cHead

τ , cGaze
τ , and cFacial

τ represent

temporally summarised unimodal features that are then used in the next stage for

cross-channel fusion and final backchannel prediction.

Figure 3.6 Macro Behavior Cross-Channel Modelling (Macro-CM) Module

In the last module, TMAN integrates the temporally encoded representations from

all behavioural channels to determine the overall likelihood of a backchannel event.

Simply concatenating these features without considering their relative contribution

would overlook how different behavioural channels vary in importance across conver-

sational contexts. For instance, a listener might primarily express feedback through

head movements such as nodding or shaking, whereas in other cases, backchannel

responses may arise from a combination of cues, such as nodding accompanied by

smiling or slight posture shifts. To address this, TMAN introduces a Macro Be-

haviour Cross-Channel Modelling (Macro-CM) component, illustrated in Fig-

ure 3.6. This component employs an attention mechanism that adaptively estimates

the contribution of each channel’s temporal representation when forming the final

prediction.
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The Macro-CM computes attention weights based on the temporal context vectors cτi

obtained from the preceding temporal modelling stage, where each vector summarises

the sequential dynamics of a specific channel. The attention process is formulated as:

ai = softmax(tanh(cτiWm1 + bm1)Wm2 + bm2), (3.17)

cMf =
N∑
i=1

aic
τ
i , (3.18)

where ai denotes the attention weight assigned to channel i, cτi represents the tem-

poral context vector of that channel, and cMf ∈ R1×h is the aggregated multichannel

representation. Wm1 and Wm2 are learnable weight matrices, while bm1 and bm2 are

their corresponding biases. Through this attention-based fusion, the model learns

to dynamically emphasise the most informative channels for a given conversational

instance.

Finally, the aggregated multichannel representation is passed through two fully con-

nected layers with a sigmoid activation to predict the probability of backchannel

occurrence:

ŷ = sigmoid((cMf Wf1 + bf1)Wf2 + bf2), (3.19)

where Wf1,Wf2 and bf1, bf2 are learnable parameters of the prediction layers, and ŷ

indicates the final binary prediction—1 for backchannel presence and 0 for absence.

By adaptively weighting the contributions of different behavioural channels, the Macro-

CM component ensures that TMAN prioritises the most relevant signals while sup-

pressing less informative ones. This selective integration captures the nuanced inter-

play of multichannel behavioural cues—such as how gaze alignment reinforces head

movement or how facial expressions accompany body gestures—ultimately improving

the model’s robustness and interpretability in visual backchannel detection.
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3.5 Results

This section presents the experimental evaluation of the proposed Temporal Multi-

channel Attention Network (TMAN) for visual backchannel detection. We first de-

scribe the experimental configuration and training procedure, followed by a detailed

analysis of the model’s ablation results and comparative performance against state-

of-the-art approaches, including large-scale vision foundation models and multimodal

large language models (LLMs).

3.5.1 Experimental Setup

Feature extraction follows the procedures described in Section 3.2, using ViTPose

and OpenFace 2.0 to obtain motion- and expression-based features. All models are

implemented in PyTorch and trained on an NVIDIA RTX 3090 GPU with 24 GB of

memory. Each model is trained for 200 epochs with a batch size of 64. The Adam

optimizer is used with an initial learning rate of 0.0005 and a weight decay of 0.0001.

The hidden dimension h is set to 128 in the first module and 32 in subsequent ones.

Within the temporal modelling component, a single-layer GRU with 32 hidden units

and a dropout rate of 0.3 is employed. To mitigate overfitting, layer normalization is

applied after the GRU layer, and additional dropout layers (with a rate of 0.5) are

placed after the attention modules. The binary cross-entropy with logits (BCEWith-

Logits) loss function is adopted for optimization.

We conduct comprehensive ablation studies to examine the contribution of different

architectural choices and preprocessing strategies. Specifically, we test the effect

of (1) the three attention-based modules (Micro-CM, UTM, and Macro-CM ); (2)

various feature transformation methods; (3) different temporal window lengths; (4)

recurrent structures; and (5) combinations of visual channels. All ablation studies

are performed on the training and validation splits of the MPIIGroupInteraction

34



3.5. Results

and CCDb datasets. Based on these analyses, the optimal configuration—using the

Subtraction transformation with a 3-second observation window—is selected for final

testing and comparison with existing methods.

3.5.2 Evaluation of the TMAN Framework

To validate the effectiveness of the proposed TMAN architecture, we evaluate its com-

ponents and their combinations under consistent settings. The full model integrates

all three attention-based components—Micro-CM for cross-channel micro-action en-

coding, UTM for unimodal temporal modelling, and Macro-CM for adaptive mul-

tichannel integration. Models employing subsets of these modules are compared to

determine their contribution to overall performance. In addition, we evaluate different

time-window sizes and feature transformation methods to identify optimal temporal

granularity and motion representation. The results of these analyses demonstrate

that the complete TMAN architecture achieves the most stable and accurate de-

tection performance across both datasets, confirming that each module contributes

distinct and complementary strengths in capturing multiscale behavioural cues.

After determining the best configuration, we train the full TMAN model on the com-

plete training data and evaluate it on the held-out test set. Table 3.1 summarises the

results in comparison with published benchmarks. TMAN achieves a test accuracy

of 70.1%, outperforming existing methods such as Wang et al. [95] (68.6%), Amer

et al. [2] (66.4%), and Sharma et al. [83] (62.1%). The model also substantially ex-

ceeds the baseline systems from Müller et al. [66], which achieved accuracies between

50–60%. The superior performance of TMAN reflects its ability to jointly model

micro-level dynamics, temporal dependencies, and cross-channel interactions—an as-

pect not fully addressed by earlier approaches that focus on single channels or lack

adaptive attention mechanisms.
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Table 3.1: Comparison of test set performances with existing state-of-the-art models

Method Test Accuracy

TMAN (Ours) 0.701

Wang et al. [95] 0.686

Amer et al. [2] 0.664

Anonymous 1 0.658

Ma et al. 0.656

Sharma et al. [83] 0.621

Baseline ’22 (Head + Pose) [66] 0.596

Baseline ’22 (All) [66] 0.592

Baseline ’22 (Trivial) [66] 0.500

3.5.3 Comparison with Vision Foundation Models and Mul-

timodal LLMs

To further situate the performance of TMAN, we benchmark it against several cate-

gories of recent vision and multimodal models, evaluated on both the MPIIGroupIn-

teraction and CCDb datasets (Table 3.2). These comparisons highlight how TMAN

differs from generic pre-trained architectures and task-agnostic large models in han-

dling social behavioural cues.

• Frozen foundation model feature extractors: Vision-language foundation

models such as CLIP [79] and BLIP2 [55] are used as frozen feature encoders.

Their pre-trained embeddings are combined with a GRU-based temporal de-

coder to perform backchannel classification. This setup examines how well

large-scale representations transfer to conversational behaviour understanding

without domain-specific adaptation.

• Fine-tuned multimodal transformers: Transformer-based video models in-
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cluding X-CLIP [59], VideoMAE [91], VideoMAE-V2 [97], and ViViT [5] are

fine-tuned directly on the backchannel detection datasets. These models can

adapt high-level visual and motion representations to the specific downstream

task through supervised training on the training videos.

• Zero-shot multimodal LLMs: Instruction-tuned multimodal large language

models such as QwenVL2.5 [8] and Video-LLaMA3 [103] are evaluated in a

zero-shot setting. Without additional fine-tuning, they rely on generalised cross-

modal reasoning to interpret visual and behavioural cues.

Table 3.2: Comparison of different vision foundation models and multimodal LLMs

on MPIIGroupInteraction and CCDb datasets.

Approach Model MPIIGroupInteraction CCDb

Frozen Model

Feature Extractors

CLIP [79] 54.0% 64.3%

BLIP2 [55] 60.3% 66.5%

Fine-tuned Multimodal

Transformers

X-CLIP [59] 50.0% 56.5%

VideoMAE [91] 58.1% 71.8%

VideoMAE-V2 [97] 68.3% 83.5%

ViViT [5] 59.6% 70.9%

Zero-shot

Multimodal LLMs

QwenVL2.5 [8] 51.5% 55.5%

Video-LLaMA3 [103] 51.3% 50.4%

TMAN (Ours) — 76.7% 87.8%

On the MPIIGroupInteraction dataset, fine-tuned video transformers outperform

frozen feature extractors and zero-shot multimodal LLMs by a large margin. Among

them, VideoMAE-V2 reaches 68.3% accuracy, reflecting the benefit of adapting large-

scale video representations to the specific behavioural domain. However, even this

strong baseline falls short of TMAN’s 76.7%. The difference highlights a key lim-
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itation of generic video transformers: while they capture broad motion dynamics,

they are not optimised for the micro-temporal coordination and subtle expressiveness

that characterise backchannel responses. In contrast, TMAN explicitly models fine-

grained motion signals (e.g., nodding, micro-expressions) and integrates them through

temporal and cross-channel attention, enabling it to discern meaningful listener cues

from background movement. A similar pattern emerges on the CCDb dataset, where

TMAN achieves 87.8% accuracy, surpassing all baseline models including VideoMAE-

V2 (83.5%). The overall higher accuracy across methods on CCDb is likely due to its

dyadic setup, which produces clearer frontal views and fewer occlusions compared to

the more visually complex group scenes in MPIIGroupInteraction. Yet even in this

relatively simpler setting, foundation and zero-shot models lag behind, showing that

high-level generalisation alone is insufficient for interpreting nuanced social feedback

behaviours.

These findings reveal several important insights. First, large pre-trained visual mod-

els excel at recognising general visual patterns but are not inherently sensitive to

short, transient cues that depend on interaction context. Second, fine-tuning im-

proves representation alignment but still overlooks the need for multi-scale temporal

reasoning across behavioural channels. Finally, TMAN’s architecture—built around

motion-aware feature transformations and hierarchical attention—demonstrates that

explicit temporal modelling and channel-level integration remain essential for decod-

ing social signals that unfold over time. This combination allows TMAN to bridge

the gap between perceptual understanding and social interpretation, achieving both

higher accuracy and better interpretability in backchannel detection.
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Table 3.3: Ablation study of feature transformations and observation windows on

the MPIIGroupInteraction dataset. The underlined value denotes the best validation

accuracy within each model and transformation setting

Model
Feature

Transformation

Validation Accuracy

1 Sec. 2 Sec. 3 Sec. 4 Sec. 5 Sec.

Micro-CM

Ori. Value 59.8% 60.2% 59.9% 59.5% 59.3%

Abs. Diff 67.2% 69.4% 71.4% 71.1% 70.2%

Subtraction 70.3% 71.1% 73.5% 72.7% 72.4%

Ori. Value 58.5% 59.4% 60.2% 59.2% 58.8%

UTM Abs. Diff 68.2% 70.1% 72.5% 71.3% 71.5%

Subtraction 69.3% 72.5% 74.1% 73.4% 72.2%

Ori. Value 58.6% 58.8% 59.6% 58.8% 58.7%

Macro-CM Abs. Diff 69.5% 71.4% 72.1% 72.8% 72.3%

Subtraction 71.1% 73.5% 74.8% 72.9% 72.0%

Ori. Value 58.4% 59.0% 58.2% 58.1% 58.2%

Micro-CM+UTM Abs. Diff 69.2% 70.8% 72.6% 72.1% 71.9%

Subtraction 72.1% 73.9% 75.5% 75.3% 75.1%

Ori. Value 60.3% 62.1% 63.4% 63.2% 62.8%

UTM+Macro-CM Abs. Diff 69.7% 70.5% 71.2% 71.2% 70.9%

Subtraction 72.1% 73.8% 75.2% 74.4% 74.1%

Ori. Value 58.5% 59.5% 59.6% 59.2% 59.1%

Micro-CM+Macro-CM Abs. Diff 68.8% 70.6% 71.3% 71.1% 70.4%

Subtraction 70.8% 74.4% 75.4% 74.5% 74.5%

Ori. Value 58.8% 60.7% 61.3% 61.0% 60.9%

TMAN Abs. Diff 71.2% 72.7% 73.5% 73.3% 73.1%

Subtraction 74.1% 75.2% 76.7% 75.9% 75.6%
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Table 3.4: Ablation study of feature transformations and observation windows on the

CCDb dataset. The underlined value denotes the best validation accuracy within

each model and transformation setting

Model
Feature

Transformation

Validation Accuracy

1 Sec. 2 Sec. 3 Sec. 4 Sec. 5 Sec.

Micro-CM

Ori. Value 70.3% 70.0% 71.9% 71.4% 72.1%

Abs. Diff 77.5% 82.9% 84.8% 85.5% 85.9%

Subtraction 71.7% 77.8% 82.4% 85.5% 86.1%

Ori. Value 70.5% 70.0% 75.4% 73.5% 77.3%

UTM Abs. Diff 76.1% 80.8% 82.2% 83.4% 84.8%

Subtraction 75.9% 78.2% 80.8% 84.3% 86.2%

Ori. Value 71.2% 71.7% 71.4% 71.0% 71.0%

Macro-CM Abs. Diff 76.1% 79.9% 83.4% 83.8% 83.6%

Subtraction 68.9% 71.7% 79.6% 80.1% 80.6%

Ori. Value 68.9% 68.4% 69.1% 71.0% 71.2%

Micro-CM+UTM Abs. Diff 76.8% 81.7% 83.1% 82.9% 84.8%

Subtraction 74.7% 82.7% 85.7% 85.5% 84.5%

Ori. Value 66.3% 68.6% 73.8% 71.2% 74.5%

UTM+Macro-CM Abs. Diff 76.3% 81.5% 82.4% 83.6% 84.5%

Subtraction 78.7% 81.0% 82.0% 84.8% 85.5%

Ori. Value 69.1% 68.9% 69.1% 67.0% 67.9%

Micro-CM+Macro-CM Abs. Diff 77.0% 82.4% 85.0% 85.0% 85.6%

Subtraction 71.2% 79.4% 82.7% 84.1% 85.7%

Ori. Value 69.8% 67.0% 70.0% 70.3% 71.4%

TMAN Abs. Diff 77.5% 84.5% 85.0% 84.8% 85.0%

Subtraction 75.2% 83.8% 84.3% 83.6% 87.8%
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3.6 Ablation Studies

3.6.1 Observation Windows and Feature Engineering

The selection of an observation window and the design of feature representations are

central to effective feature engineering for backchannel detection. The observation

window defines the amount of temporal context available to the model before it pre-

dicts a listener response, while the feature representation determines how motion and

appearance information within that context are encoded for learning. Both factors

directly influence how well the model captures the timing, dynamics, and respon-

siveness characteristic of conversational coordination. Tables 3.3 and 3.4 present the

validation accuracies obtained from different models across observation windows rang-

ing from one to five seconds, under three feature representation strategies: Original

Value, Absolute Difference (Abs-Diff ), and Subtraction. Two clear trends emerge.

First, model accuracy generally improves as the observation window increases from

one to three seconds, after which further extension yields diminishing or slightly neg-

ative returns. Second, the subtraction-based representation consistently delivers the

highest accuracy across nearly all configurations.

On the MPIIGroupInteraction dataset, most models reach their peak performance

at a three-second window. Micro-CM improves from 59.8% at one second to 73.5%

at three seconds, UTM from 58.5% to 74.1%, and Macro-CM from 58.6% to 74.8%.

Combined configurations show similar behaviour: Micro-CM+UTM achieves 75.5%,

UTM+Macro-CM 75.2%, and Micro-CM+Macro-CM 75.4%. The full TMAN frame-

work attains the highest validation accuracy of 76.7% when using the subtraction-

based representation with a three-second window. Beyond this duration, accuracy ei-

ther plateaus or declines slightly, suggesting that extending the window introduces re-

dundant or weakly related information. These results indicate that for MPIIGroupIn-

teraction, where conversational exchanges are rapid and densely interactive, a three-
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second span provides sufficient context to capture the speaker’s cues and the listener’s

immediate feedback without incorporating unrelated segments of dialogue. In con-

trast, the CCDb dataset exhibits a different temporal pattern. Validation accuracy

continues to rise with longer observation windows, with most models performing

best at five seconds. Using the subtraction-based representation, Micro-CM increases

from 71.7% at one second to 86.1% at five seconds, UTM from 75.9% to 86.2%, and

Macro-CM from 68.9% to 80.6%. Combined configurations also improve progres-

sively, with Micro-CM+UTM and Micro-CM+Macro-CM both reaching 85.7%, and

UTM+Macro-CM achieving 85.5%. The full TMAN model obtains the highest vali-

dation accuracy of 87.8% at a five-second window. The longer temporal span proves

beneficial for CCDb because its dyadic interactions unfold at a slower conversational

pace. Listener feedback often develops gradually through sustained head movement,

gaze adjustment, or posture change, and a longer window allows the model to cap-

ture these continuous behavioural progressions rather than treating them as isolated

gestures.

Across both datasets, subtraction-based representations consistently outperform the

other two methods. On MPIIGroupInteraction, subtraction improves accuracy by

approximately 2–3 percentage points over Abs-Diff and by more than 10 points

compared with unprocessed features. In CCDb, the improvement reaches up to 12

percentage points relative to static representations. This advantage arises because

subtraction highlights inter-frame differences that emphasise motion and temporal

variation while reducing static or background information. Since backchannel be-

haviours are inherently dynamic—manifested through short, temporally structured

movements—representations that encode directional change enable the model to cap-

ture these fine-grained variations more effectively. Overall, these findings demonstrate

that optimal feature engineering for backchannel detection requires balancing tem-

poral coverage and motion sensitivity. The ideal observation window depends on the

interactional rhythm of the dataset: shorter windows better capture the fast and re-
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active exchanges typical of group discussions, whereas longer windows suit the slower

and more deliberate dynamics of dyadic conversation. Regardless of dataset, motion-

sensitive representations derived from frame subtraction enhance model robustness

by focusing learning on the subtle behavioural transitions that convey listener en-

gagement.

3.6.2 Attention Modules

A detailed ablation study was conducted to examine the contribution of each attention

module—Micro Action Cross-Channel Modelling (Micro-CM), Unichannel Temporal

Modelling (UTM), and Macro Behaviour Cross-Channel Modelling (Macro-CM)—as

well as their various combinations within the TMAN framework. The goal was to

evaluate how local cross-channel encoding, unimodal temporal dynamics, and global

multimodal integration collectively influence model performance across different fea-

ture representations and observation windows.

Across both datasets, every individual module improves the baseline performance,

confirming that each one captures a distinct level of behavioural information. On

the MPIIGroupInteraction dataset (Table 3.3), Micro-CM, UTM, and Macro-CM

achieve 73.5%, 74.1%, and 74.8% validation accuracy, respectively, when using the

subtraction-based representation with a three-second observation window. When any

two modules are combined, accuracy increases further: Micro-CM+UTM reaches

75.5%, UTM+Macro-CM achieves 75.2%, and Micro-CM+Macro-CM attains 75.4%.

The full TMAN model, which integrates all three modules, achieves the highest valida-

tion accuracy of 76.7%. This progression demonstrates that the modules provide com-

plementary functions—Micro-CM captures short-term inter-channel relations, UTM

models intra-channel temporal dependencies, and Macro-CM fuses these temporal

signals into a coherent multimodal representation. Results on the CCDb dataset

(Table 3.4) show a similar pattern, though with overall higher accuracy due to the

43



Chapter 3. Backchannel Detection in Group Conversation

clearer visual framing and simpler dyadic setting. Under the same subtraction-based

representation and a five-second window, Micro-CM, UTM, and Macro-CM achieve

86.1%, 86.2%, and 80.6%, respectively. The pairwise combinations again provide

performance gains, with Micro-CM+UTM and Micro-CM+Macro-CM both reaching

85.7%, and UTM+Macro-CM achieving 85.5%. The full TMAN attains the highest

accuracy of 87.8%. These consistent improvements across two datasets with differ-

ing conversational dynamics indicate that the three modules contribute distinct but

complementary forms of information integration.

Functionally, the three modules operate hierarchically. Micro-CM enhances the ex-

pressiveness of each frame by identifying the cross-channel coordination of localised

micro actions, such as nodding accompanied by gaze shifts or subtle facial activations.

UTM then models the temporal progression of each channel independently, learning

how motion or expression patterns evolve over time within the observation window.

Macro-CM integrates the temporally summarised representations and adaptively as-

signs weights to each behavioural channel based on their contextual relevance. This

hierarchy allows TMAN to represent both fast reactive movements and slower, sus-

tained cues within a unified temporal framework. The ablation analysis shows that

the integration of Micro-CM, UTM, and Macro-CM is not merely additive but syn-

ergistic. Each module contributes a distinct analytical perspective—local, temporal,

and global—and their combination results in a more discriminative and robust under-

standing of listener behaviour. By hierarchically aligning motion, temporal dynamics,

and cross-channel interactions, TMAN effectively captures the behavioural patterns

that underlie backchannel signalling in group conversation.

3.6.3 Visual features

We systematically evaluate different combinations of the four visual features—body

movement, head movement and rotation, gaze movement, and facial action units
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Table 3.5: Evaluation of the impact of different modality combinations on TMAN on

MPIIGroupInteraction dataset

Modality Validation Accuracy

Body

Move.

Head Move.

& Rota.

Gaze

Move.

Facial

AUs Var.

1 Sec. 2 Sec. 3 Sec. 4 Sec. 5 Sec.

✓ 50.3% 50.6% 51.1% 50.6% 50.8%

✓ 70.2% 73.2% 74.4% 74.0% 73.9%

✓ 51.8% 53.7% 55.7% 54.8% 54.3%

✓ 59.7% 62.9% 63.5% 64.1% 63.1%

✓ ✓ 70.4% 73.9% 74.7% 74.0% 73.9%

✓ ✓ 51.1% 52.1% 54.2% 51.9% 51.5%

✓ ✓ 59.7% 62.8% 63.8% 62.7% 62.6%

✓ ✓ 70.5% 73.9% 75.1% 74.0% 73.5%

✓ ✓ 71.7% 75.7% 75.4% 74.8% 74.2%

✓ ✓ 59.8% 62.9% 64.1% 63.9% 63.0%

✓ ✓ ✓ 70.6% 74.2% 74.6% 74.2% 73.6%

✓ ✓ ✓ 71.8% 75.6% 75.1% 74.8% 73.9%

✓ ✓ ✓ 59.4% 62.4% 63.6% 63.5% 63.1%

✓ ✓ ✓ 71.5% 74.9% 75.4% 74.6% 73.8%

✓ ✓ ✓ ✓ 72.0% 75.1% 76.7% 75.3% 74.9%
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Table 3.6: Evaluation of the impact of different modality combinations on TMAN on

CCDb dataset

Modality Validation Accuracy

Body

Move.

Head Move.

& Rota.

Gaze

Move.

Facial

AUs Var.

1 Sec. 2 Sec. 3 Sec. 4 Sec. 5 Sec.

✓ 45.0% 52.9% 53.2% 57.6% 45.0%

✓ 63.2% 74.0% 77.3% 77.3% 79.4%

✓ 54.3% 52.1% 54.8% 55.0% 55.0%

✓ 73.1% 74.9% 75.4% 77.3% 77.8%

✓ ✓ 71.0% 82.7% 84.3% 83.1% 83.6%

✓ ✓ 45.0% 58.1% 56.9% 60.7% 65.3%

✓ ✓ 71.0% 76.8% 79.4% 83.1% 84.5%

✓ ✓ 71.2% 81.5% 81.7% 80.8% 84.3%

✓ ✓ 75.2% 75.2% 78.2% 83.4% 84.6%

✓ ✓ 74.0% 78.5% 80.3% 82.7% 84.1%

✓ ✓ ✓ 70.7% 82.4% 83.4% 81.7% 79.4%

✓ ✓ ✓ 72.6% 83.8% 83.4% 82.9% 84.3%

✓ ✓ ✓ 73.5% 81.5% 79.9% 82.9% 83.4%

✓ ✓ ✓ 73.3% 81.0% 82.7% 82.0% 84.8%

✓ ✓ ✓ ✓ 74.0% 76.6% 79.9% 83.6% 87.8%
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(AUs) variation—using the optimal TMAN configuration with the subtraction-based

feature representation. The validation results are summarised in Table 3.5 for the

MPIIGroupInteraction dataset and Table 3.6 for the CCDb dataset. Each row in the

tables corresponds to a unique combination of input channels, where the checkmarks

indicate which behavioural channels are included in the model.

For the MPIIGroupInteraction dataset, head movement and rotation alone pro-

vide the highest accuracy among single-channel inputs, reaching 74.4% with a three-

second observation window. Facial AUs variation also contributes strongly, achieving

64.1% at four seconds, while body and gaze movement yield lower accuracies of 51.1%

and 55.7%, respectively. These results indicate that local head dynamics are the most

reliable single-channel indicators of listener feedback in group interaction, reflecting

their dominant role in conveying acknowledgment and attentiveness. A similar trend

is observed for the CCDb dataset. Head movement and rotation again achieve the

highest performance as a single channel, reaching 79.4% at a five-second window.

Facial AUs follow closely at 77.8%, while body and gaze movement remain less dis-

criminative (57.6% and 55.0%, respectively). Although performance for all channels

improves slightly as the observation window increases, head and facial cues remain

the most informative across window lengths.

Integrating multiple channels consistently enhances detection accuracy across both

datasets. In the MPIIGroupInteraction dataset, combinations that include head and

facial channels—such as head+facial or body+head+facial—achieve strong perfor-

mance, while the full TMAN incorporating all four channels attains the highest accu-

racy of 76.7% with a three-second window. On the CCDb dataset, where interactions

are slower and facial details are more prominent, the complete four-channel model

achieves 87.8% accuracy with a five-second window. These results demonstrate that

individual behavioural channels each provide partial evidence of listener feedback, but

their integration yields a more complete and reliable representation of backchannel

behaviour. Head and facial channels capture immediate expressive responses, whereas
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body and gaze channels contribute contextual cues related to posture and attention.

The combined use of all four channels enables the model to interpret the subtle coor-

dination among these behavioural signals, reflecting the inherently multimodal nature

of human social communication.

Figure 3.7 Visualization of attention mechanisms during an example inference from

the MPIIGroupInteraction dataset. (a) The last three-second frame sequence of the

target listener showing a nodding backchannel response. (b) Cross-channel attention

from the Micro-CM module emphasizing increased focus on head movement. (c)

Temporal attention from the UTM module aligning with the period of head nodding.

(d) Attention weights from the Macro-CM module showing that the head movement

channel is the most dominant
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Figure 3.8 Visualization of attention mechanisms during an example inference from

the CCDb dataset. (a) The last five-second frame sequence of the target listener

showing a head-shake backchannel response. (b) Cross-channel attention from the

Micro-CM module emphasizing increased focus on head movement and facial action-

unit variation. (c) Temporal attention from the UTM module aligning with the

period of the head-shake response. (d) Attention weights from the Macro-CM module

showing that the head and facial channels are relatively important

3.7 Discussion

Impact of Observation Window and Feature Engineering Methods. The

findings of this study underscore the joint importance of temporal context and fea-
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ture transformation strategies in shaping model performance for backchannel detec-

tion. Both dimensions play complementary roles: feature transformation governs

how salient motion patterns are represented, while observation window length de-

termines how much temporal context the model can effectively utilize. Among the

examined transformation techniques, the motion-focused Subtraction approach con-

sistently yields the highest performance across models and datasets. By encoding

frame-to-frame directional differences, this method accentuates fine-grained temporal

variations—such as head nods, gaze shifts, and subtle posture adjustments—that are

emblematic of nonverbal listener feedback. In contrast, the Abs-Diff transformation

captures only the magnitude of motion changes, discarding directional information

that is often essential for characterizing rhythmic and asymmetric behaviors inher-

ent in backchanneling. The superior performance of the Subtraction transformation

thus highlights the value of explicitly modelling directional dynamics to capture the

temporal evolution of nonverbal cues.

Temporal window size further mediates the balance between contextual richness and

noise accumulation. A short window may fail to capture sufficient behavioral precur-

sors, while an overly long one risks diluting relevant motion patterns with unrelated

or redundant activity. On the MPIIGroupInteraction dataset, a three-second ob-

servation window achieves the optimal balance, providing enough temporal coverage

to capture pre-response cues while avoiding excessive contextual drift. In contrast,

the CCDb dataset exhibits peak performance at a five-second window, particularly

when paired with the Subtraction transformation. This suggests that the temporal

extent of meaningful behavioral dependencies may vary with interaction type and

dataset characteristics. The relatively longer optimal window on CCDb implies that

dyadic, close-up conversations may involve slower or more extended gestural rhythms

compared with the faster-paced group discussions in MPIIGroupInteraction.

To further substantiate these observations, a McNemar’s test [62] was conducted

to examine whether the observed improvements across preprocessing methods were
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Table 3.7: Statistical significance (McNemar’s test) of different observation windows

and feature engineering methods

Observation Window Comparison
MPII CCDb

χ2 p χ2 p

1 sec.
Subtraction vs Ori. Value 252.546 0.000 7.206 0.007

Subtract vs Abs. Diff. 10.190 0.001 0.000 1.000

2 sec.
Subtraction vs Ori. Value 346.037 0.000 41.059 0.000

Subtract vs Abs. Diff. 12.187 0.000 0.583 0.445

3 sec.
Subtraction vs Ori. Value 320.350 0.000 45.581 0.000

Subtract vs Abs. Diff. 9.515 0.002 4.661 0.031

4 sec.
Subtraction vs Ori. Value 220.952 0.000 75.155 0.000

Subtract vs Abs. Diff. 9.440 0.002 4.167 0.041

5 sec.
Subtraction vs Ori. Value 260.269 0.000 55.855 0.000

Subtract vs Abs. Diff. 1.309 0.253 4.321 0.038

statistically significant. The McNemar test evaluates paired classification results by

comparing the number of discordant predictions between two models, using the chi-

square statistic:

χ2 =
(|b− c| − 1)2

b + c
, (3.20)

where b and c represent the counts of samples misclassified by one model but correctly

classified by the other. This non-parametric test is particularly suited for verifying

differences in paired binary outcomes, independent of distributional assumptions. As

reported in Table 3.7, the results confirm that the Subtraction preprocessing method

yields statistically significant improvements over the Original Value and Abs-Diff

representations across nearly all observation windows on both datasets (p < 0.01).

Notably, the strongest effects are observed in the 2–4 s range for MPIIGroupInterac-

tion and in the 3–5 s range for CCDb, indicating that directional motion encoding
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offers consistent and reliable benefits across varying temporal contexts. The consis-

tent significance across datasets strengthens the conclusion that motion-differential

preprocessing not only enhances model performance empirically but also provides

statistically verifiable advantages in detecting subtle listener behaviors.

Impact of Attention Modules. The hierarchical attention architecture of TMAN

is pivotal in capturing the multiscale dynamics of listener behavior. Each module

contributes a distinct yet complementary analytical function. The Micro-CM mod-

ule performs local cross-channel reasoning, identifying how fine-grained micro ac-

tions—such as simultaneous head nods and gaze shifts—co-occur across behavioral

streams. The UTM module models temporal dependencies within each channel, cap-

turing how motion and expression evolve across frames. The Macro-CM module

subsequently integrates these temporally encoded signals, adaptively weighting each

modality according to its contextual reliability. The ablation analyses confirm that

each component individually improves baseline performance, while their integration

produces a synergistic effect. This hierarchical structure enables TMAN to repre-

sent both short, reactive gestures and longer, continuous expressions within a unified

modeling framework. From a cognitive perspective, this design mirrors the hierarchi-

cal structure of human perception, where localized sensory cues are first processed

independently and later combined into higher-level perceptual judgments. Analo-

gously, TMAN’s bottom-up attention flow—from micro to macro—allows the model

to distinguish between coincidental movement and socially meaningful responses. The

consistent improvements observed when combining the three modules validate the

necessity of such multilevel integration for decoding socially contingent, temporally

distributed behaviors like backchanneling.

Impact of Visual Channels. The comparative evaluation of single and combined

visual channels reveals that listener feedback is encoded through a distributed net-

work of bodily, facial, and ocular signals, each contributing distinct yet complemen-

tary information. Among individual channels, head movement and rotation are the
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most discriminative indicators of backchanneling, achieving accuracies of 74.4% on

the MPIIGroupInteraction dataset and 79.4% on CCDb. Their dominance reflects

the central role of nodding and re-orientation in signaling acknowledgment and under-

standing. Facial action units further refine this signal by conveying affective valence

and the intensity of agreement—subtly differentiating neutral nods from affirming

smiles. Body movement contributes low-frequency postural adjustments that ground

these micro-actions within broader displays of attentiveness, while gaze direction en-

codes moment-to-moment shifts in attention and turn anticipation. Integrating all

four channels yields the highest performance across both datasets, confirming that

effective recognition of listener feedback requires the joint modeling of expressive,

attentional, and postural components. The Macro-CM module’s adaptive weighting

behavior aligns with these findings: in dyadic CCDb interactions, attention concen-

trates on facial and head channels, whereas in the wider-angle MPIIGroupInteraction

recordings, body and gaze cues gain relative importance. This synergy demonstrates

that backchanneling is not localized to a single modality but emerges from the coor-

dinated dynamics of multiple behavioral layers—an insight that underpins TMAN’s

cross-channel attention design.

Effectiveness and Internal Mechanism of Attention Modules in TMAN

Inference. The qualitative case studies in Figures 3.7–3.8 shed light on how the

three attention modules in TMAN work together to interpret multimodal behaviour.

Alongside the quantitative results, they help explain why the model performs con-

sistently across datasets and conditions. At the first stage, the Micro-CM module

filters and strengthens the most relevant visual cues. When a listener nods, the model

increases attention on the head and gaze channels while reducing the weight of unre-

lated motion. This early filtering enables the network to focus on small but meaningful

movements that usually indicate attentiveness. The UTM module then determines

which moments within the sequence are most informative. It assigns higher weights

to frames corresponding to the start or peak of a backchannel, allowing the model to
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capture both brief reactions and slower, continuous gestures. This mechanism helps

TMAN distinguish between transient background motion and genuine listener feed-

back. Finally, the Macro-CM module integrates the information from all behavioural

channels and adjusts their relative importance according to the visual context. When

head cues are clear and dominant, Macro-CM relies mainly on them; when they are

occluded or ambiguous, the model shifts attention to facial or gaze cues. This flex-

ibility makes TMAN more robust to occlusion, camera angle, and inter-individual

variation. Overall, these modules form a coherent inference process in which local

features are refined, temporally organised, and adaptively combined. The correspon-

dence between attention patterns and observable listener behaviours suggests that

TMAN bases its decisions on meaningful social cues rather than on spurious corre-

lations. This interpretability is valuable for understanding why the model succeeds

or fails in specific cases and for increasing trust in its predictions. Compared with

general-purpose vision-language models, TMAN’s attention mechanisms are explic-

itly designed for social signal understanding. The model’s ability to handle short,

overlapping, and context-dependent cues explains its advantage in detecting subtle

nonverbal feedback. These findings indicate that domain-specific attention designs

remain necessary for tasks where the temporal and relational structure of behaviour

carries the key to understanding.

3.8 Summary

This chapter presented TMAN, a Temporal Multichannel Attention Network designed

for backchannel detection in group conversations. The model employs a hierarchical

attention architecture consisting of the Micro-CM, UTM, and Macro-CM modules to

capture both fine-grained and long-term behavioral patterns. Comprehensive experi-

ments on the MPIIGroupInteraction and CCDb datasets demonstrated that TMAN

achieves strong and consistent performance, surpassing existing state-of-the-art meth-
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ods. The ablation results further confirmed that each attention module contributes

distinct benefits, while motion-focused feature transformations—especially the tem-

poral subtraction representation—significantly improve detection accuracy. The in-

terpretability analyses provided additional insights into how TMAN allocates atten-

tion across time and modalities, explaining its robustness to diverse listener backchan-

nel behaviors. Overall, this study emphasizes the importance of integrating temporal

modeling and multimodal attention for understanding nonverbal communication in

conversation. The next chapter extends this framework toward modeling higher-level

social alignment by estimating agreement intensity from multimodal backchannel be-

haviors.
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Chapter 4

Agreement Estimation from

Backchannel Behaviours

In Chapter 3, we investigated the detection of backchannel responses in group con-

versation, focusing on identifying listeners’ subtle nonverbal signals—such as head

nods, gaze shifts, and facial expressions—that convey attentiveness and understand-

ing. While recognizing the occurrence of backchannels is a fundamental step toward

modelling interactive responsiveness, these cues can serve multiple communicative

functions beyond maintaining conversational flow and turn-taking. Depending on con-

text, a backchannel may signal acknowledgment [102], encouragement for the speaker

to continue [42], or reflect a more affective and cognitive response such as agreement

or disagreement with what has been said [35, 19]. Among these functions, the expres-

sion of agreement represents one of the most salient and socially meaningful aspects

that backchannels can convey.

It is important to note that “agreement” as a communicative phenomenon encom-

passes a range of related but distinct acts. In the communication and pragmatics

literature, scholars have distinguished among acknowledgment (recognising that a

message has been received), alignment (adopting a similar stance or perspective),
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endorsement (explicitly supporting a position), compliance (yielding to a request or

expectation), and affective support (expressing empathy or solidarity) [88, 77]. These

distinctions carry different implications for social dynamics: endorsement implies a

stronger cognitive commitment than acknowledgment, while compliance may reflect

social pressure rather than genuine concurrence. In the present study, the agreement

annotation captures a composite perception of the listener’s attitudinal alignment as

judged by external annotators, without decomposing it into these finer-grained com-

municative functions. The continuous scale from −1 (total disagreement) to +1 (full

agreement) therefore represents the annotators’ holistic impression of the listener’s

stance, which may blend elements of cognitive alignment, affective warmth, and so-

cial courtesy. This operationalisation is consistent with prior computational work on

agreement estimation [66, 19], but it is important to recognise that the resulting mod-

els capture perceived agreement intensity rather than a specific communicative act.

Future work could benefit from more differentiated annotation schemes that separate

these dimensions, enabling models to predict not only the degree but also the type of

agreement being expressed.

This chapter therefore extends the analysis from identifying the presence of backchan-

nel responses to estimating the degree of agreement they express, investigating how

multimodal listener cues reveal varying levels of agreement during conversation. Specif-

ically, we aim to quantify the extent to which visual feedback behaviours—such as

nodding, smiling, or gaze coordination—reflect the listener’s affective and cognitive

alignment with the speaker. Building upon the temporal and cross-channel modelling

framework established in Chapter 3, we introduce methods for estimating agreement

intensity from multimodal backchannel behaviours. This task not only deepens our

understanding of how social consensus is expressed nonverbally but also provides an

important step toward developing intelligent systems capable of interpreting subtle

interpersonal dynamics in human communication.

The remainder of this chapter is structured as follows. Section 4.1 introduces the
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dataset and annotation protocol used for agreement estimation. Section 4.2 details

the extraction of multimodal behavioural features from audio and video streams.

Section 4.3 presents the proposed hierarchical framework for multimodal agreement

estimation. Section 4.4 reports the experimental setup and evaluation results, while

Section 4.5 conducts ablation studies examining the influence of different features,

preprocessing strategies, and speaker diarization. Section 4.6 discusses the empirical

findings and their broader implications. Finally, Section 4.7 summarises the key

insights and outlines directions for subsequent research.

4.1 Dataset

This study employs the MPIIGroupInteraction dataset [67, 66], which provides syn-

chronized audiovisual recordings of natural multi-party discussions and includes an-

notations for both the presence of backchannel responses and the degree of agreement

they express. The dataset comprises 22 group discussions, each lasting approximately

20 minutes, amounting to over 440 minutes of interaction data. A total of 78 partic-

ipants (43 female, 35 male), aged between 18 and 38, were recruited from a German

university campus, all native German speakers to ensure linguistic consistency. Each

group consisted of either three or four participants (10 groups of three and 12 groups

of four), seated in a circular arrangement to allow mutual visibility.

As shown in Figure 4.1, the conversations were captured using inward-facing cameras

and microphones, providing synchronized video and audio streams for each partici-

pant. Each recording was manually segmented into ten-second clips, where the final

second corresponds to a listener’s backchannel response. Annotators examined both

the visual and auditory modalities to determine the extent of agreement or disagree-

ment expressed in each response. Specifically, head nods, smiles, and affirmative vo-

calizations (e.g., “yeah,” “right”) were considered indicators of agreement, while head

shakes, frowns, and hesitant utterances (e.g., “hmm,” “well”) were associated with
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Figure 4.1 Illustration of the dataset and the annotation scheme: multimodal record-

ings of group conversations are captured using synchronized video and audio streams

from multiple cameras and microphones. Annotators assign continuous agreement

scores (y ∈ [−1, 1]) based on visual and auditory backchannel cues

disagreement. The perceived intensity of agreement was rated on a continuous scale

y ∈ [−1, 1], where +1 represents full agreement, −1 represents total disagreement,

and 0 denotes a neutral or ambiguous reaction. This annotation scheme captures

both binary and graded expressions of listener alignment, enabling more fine-grained

modeling than categorical labels.

To ensure reliability, three trained annotators independently reviewed all candidate

backchannel segments. If any annotator judged a segment as incorrectly labeled or

ambiguous, it was flagged for further review. Segments unanimously deemed incorrect

were removed from the dataset. Inter-annotator consistency yielded a Cohen’s κ of

0.62 [66], indicating substantial agreement. The final ground-truth label for each

sample was obtained by averaging the three annotators’ ratings. This process resulted

in a total of 7,234 validated backchannel instances, which were divided into 3,358

training samples and 1,427 validation samples. Each instance includes a ten-second

video clip and its aligned audio waveform, with the target value representing the

mean agreement intensity of the final second. The overall distribution of annotated

agreement levels is shown in Figure 4.2. The majority of samples cluster in the

mildly positive range (0–0.5), reflecting that agreement occurs more frequently than

59



Chapter 4. Agreement Estimation from Backchannel Behaviours

Figure 4.2 Distribution of annotated agreement scores in the training and validation

sets. Most samples fall within the mildly positive range (0–0.5), indicating that

agreement responses are more frequent than disagreement in natural conversation.

disagreement in natural conversation. Instances of strong disagreement (below 0)

are comparatively rare, which presents a notable challenge for model training and

evaluation. This imbalance underscores the subtle nature of disagreement cues in

spontaneous social interaction and highlights the need for robust multimodal modeling

strategies capable of capturing both overt and nuanced listener feedback.

4.2 Feature Extraction

For agreement estimation, we extract multimodal behavioural features from both the

visual and auditory modalities to capture the expressive cues underlying different

degrees of agreement. Whereas Chapter 3 focused on detecting the occurrence of

visual backchannel responses, this chapter aims to estimate their semantic orienta-

tion—whether a listener’s reaction expresses agreement, neutrality, or disagreement.
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Such interpretation often requires integrating information across modalities, as agree-

ment is conveyed not only through visible movements but also through prosodic and

vocal characteristics that reflect the speaker’s affective stance. Therefore, the present

task adopts a multimodal feature representation combining both video and audio

streams. Furthermore, we employ the Whisper [80] to automatically transcribe the

audio into text, from which additional linguistic features are extracted for analysis.

Speaker Diarization

Before multimodal feature extraction, it is essential to accurately identify when each

participant is speaking, as this allows us to distinguish the true source of vocal ac-

tivity in multi-party recordings. In the recording setup, multiple tabletop micro-

phones are used to capture the group discussion, resulting in mixed audio signals

that contain overlapping voices from all participants without explicit channel sepa-

ration. Consequently, without reliable speaker identification, it becomes difficult to

determine whether a particular sound or utterance originates from the target indi-

vidual or another participant. This distinction is crucial, as brief vocalizations from

listeners—such as short utterances or paraverbal cues—often form part of backchan-

nel behaviour and convey varying degrees of agreement or engagement. Accurate

detection of speaking moments therefore ensures that the extracted audio-visual and

linguistic features correspond to the correct speaker, preventing cross-contamination

between speaker and listener behaviours. To achieve this, we employ an audio-visual

active speaker detection (ASD) model [56] that robustly identifies frame-level speak-

ing activity for each participant.

The ASD model integrates facial motion and acoustic energy to determine speaking

status at the frame level. Given a sequence of video frames V = {v1, v2, . . . , vT} and

the corresponding audio stream A = {a1, a2, . . . , aT}, the ASD network fASD predicts
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a binary label for each frame:

st = fASD(vt, at), st ∈ {0, 1}, (4.1)

where st = 1 denotes that the target individual is speaking at time t, and st = 0

indicates silence or listening behaviour. The model jointly analyses visual cues such as

lip motion, facial dynamics, and temporal consistency, alongside audio features such

as short-term energy and speech activity, to infer st robustly even under conditions

of overlapping speech or background noise.

Figure 4.3 Illustration of speaking instances identification using audio-visual signals

and active speaker detection. Each frame is classified as “Speaking” (green) or “Not

Speaking” (red) for the target individual.

As illustrated in Figure 4.3, each frame is classified as either “Speaking” (green) or

“Not Speaking” (red). The resulting binary sequence forms a temporal mask that

delineates speaker activity throughout the conversation. Only the frames labelled as

speaking (st = 1) are retained for the extraction of audio-visual features associated

with the speaker’s utterances, whereas the remaining frames are reserved for analysing

listener behaviour and potential backchannel responses. This diarization process en-

sures that all subsequent multimodal representations are temporally aligned with the

correct speaker identity, thereby enhancing the precision of agreement estimation in

multi-party conversation.
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Audio Features

Acoustic signals provide rich paralinguistic information that complements visual be-

haviour in agreement estimation. While visual cues reflect overt gestures and facial

expressions, audio features capture subtle prosodic variations—such as pitch, loud-

ness, and rhythm—that convey the listener’s affective state and level of endorsement.

For instance, an affirmative “yeah” is often produced with higher pitch and smoother

intonation than a hesitant “hmm” or a reluctant “well.” These vocal modulations re-

veal the emotional and attitudinal dimension of agreement that may not be observable

through facial or bodily motion alone.

Low-level Acoustic Features. To quantify these paralinguistic cues, we extract

features using the extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) [32,

31]. eGeMAPS provides a compact yet perceptually meaningful representation of vo-

cal expression, resulting in a de-dimensional feature vector per analysis window. Each

feature group captures a distinct aspect of the speech signal relevant to affective and

interactional analysis:

• Frequency-related features: Fundamental frequency (F0), jitter, and for-

mant frequencies (F1–F3) capture pitch contour and vocal stability. Higher

average F0 and reduced jitter are typically associated with positive affect and

agreement, whereas increased irregularity or pitch lowering may indicate hesi-

tation or disagreement.

• Energy-related features: Loudness, root-mean-square (RMS) energy, and

shimmer describe amplitude dynamics and vocal effort. Listeners expressing

agreement often produce more energetic and continuous vocal responses, while

lower intensity or abrupt amplitude changes may correspond to weak endorse-

ment or disengagement.
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• Spectral-related features: Spectral flux, centroid, and slope reflect timbral

and articulatory properties that contribute to the perceived tone and warmth of

the voice. These parameters help distinguish soft, supportive backchannels (e.g.,

“mm-hmm”) from sharper or more abrupt responses conveying disapproval or

contrast.

All acoustic features are extracted using the openSMILE toolkit [32] with a one-second

window and a stride corresponding to 30 frames per second, ensuring that one audio

feature vector is temporally aligned with each video frame. This synchronization

ensures that the temporal evolution of vocal and visual signals can be jointly modelled

within the multimodal framework.

Pretrained Audio Embeddings. In addition to handcrafted acoustic descriptors,

we extract high-level audio representations using the pretrained WavLM model [22].

WavLM is a transformer-based self-supervised speech model trained on large-scale

speech corpora to capture both phonetic and prosodic information across diverse

acoustic environments. Unlike eGeMAPS, which encodes predefined low-level signal

properties, WavLM embeddings represent abstract latent features that integrate con-

textual, temporal, and affective characteristics of speech. These embeddings provide a

richer description of vocal tone and delivery, enabling the model to differentiate subtle

variations in listener responses such as confident agreement, uncertain acknowledg-

ment, or mild disagreement. For each audio segment, WavLM processes the waveform

and outputs frame-level embeddings at 50 Hz, which are subsequently downsampled

to 30 frames per second to maintain alignment with visual features. These pretrained

representations complement the low-level eGeMAPS features by capturing higher-

order patterns of intonation and prosody, thereby enhancing the model’s ability to

infer the affective and semantic orientation of backchannel utterances.
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Video Features

Visual behaviours play a crucial role in signalling agreement during conversation,

as subtle facial and bodily cues often reveal a listener’s evaluative stance even in

the absence of speech. While Chapter 3 focused on visual backchannel detection to

identify the presence of listener feedback, the present task extends this analysis to

quantify the degree of agreement conveyed by such behaviours. In this study, we

extract multiple video-based features to capture both macro-level motion and micro-

level facial expressions that correspond to different levels of attitudinal alignment.

Facial Behaviour Features. In this study, we employ OpenFace 2.0 [11] to extract

a comprehensive set of facial features, including eye gaze, head orientation, facial

landmarks, and facial action units (AUs):

• Eye gaze: OpenFace estimates the three-dimensional gaze direction vector

(x, y, z) for each eye and provides averaged horizontal and vertical components

in radians. Gaze orientation reflects the listener’s visual focus and attentional

engagement with the speaker. Sustained eye contact or synchronized gaze shifts

often indicate agreement or active listening, while gaze aversion may signal

hesitation or mild disagreement.

• Head pose: Six parameters are extracted for head position and rotation in

three-dimensional space: translational coordinates (x, y, z) in millimetres and

rotational angles (pitch, yaw, roll) in degrees. Head nods, tilts, and shakes con-

stitute primary nonverbal indicators of agreement and disagreement. Positive

agreement is frequently expressed through rhythmic nodding or forward incli-

nation, whereas lateral or downward head movements may convey reservation

or disapproval.

• Facial action units (AUs): Seventeen facial AUs are extracted according to

the Facial Action Coding System (FACS) [30], each representing the activation
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intensity of specific muscle groups on a continuous scale from 0 (inactive) to 5

(strongly active). Relevant indicators of agreement include AU6 (cheek raiser)

and AU12 (lip corner puller), which correspond to smiling, while AUs such as

AU15 (lip corner depressor) or AU17 (chin raiser) may accompany disagreement

or uncertainty.

• Facial landmarks: OpenFace detects 68 two-dimensional facial landmarks

corresponding to key points around the eyes, eyebrows, nose, mouth, and jaw-

line. These coordinates describe the geometric configuration of the face and

capture subtle spatial deformations associated with expressions of agreement or

disagreement. For example, upward movement of the lip corners, eyebrow raises,

or changes in mouth shape can indicate positive alignment, while tightened lips

or downward mouth curvature may signal disagreement or uncertainty. The

landmark coordinates are normalised with respect to the bounding box size and

centred at the nose tip to ensure scale and translation invariance across frames

and participants.

Body Pose Features. In addition to facial and gaze cues, upper-body movement

provides important contextual information for interpreting agreement and disagree-

ment. Body motion often complements facial expressions, reinforcing or modulating

the listener’s affective stance. Following the procedure in Chapter 3, we employ ViT-

Pose [101], a vision transformer–based pose estimator, to extract two-dimensional

skeletal keypoints from each video frame. ViTPose detects 17 body joints in the

COCO format [57], from which we retain 11 upper-body keypoints—nose, eyes, ears,

shoulders, elbows, and wrists—since these regions are consistently visible and most

relevant to backchannel and agreement behaviours in seated conversations. The spa-

tial coordinates (x, y) of these joints are normalised with respect to the bounding

box size to ensure scale invariance across participants and camera views. The result-

ing joint trajectories capture both global and local body movements that accompany
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attitudinal expressions.

Frame Embedding Features. To complement low-level behavioural descriptors,

we extract high-level semantic representations from raw video frames using a pre-

trained Vision Transformer (ViT) model [28]. While features from OpenFace and

ViTPose capture explicit motion and expression dynamics, ViT embeddings provide

a holistic encoding of visual appearance and spatial configuration, enabling the model

to capture contextual and compositional cues that may underlie agreement-related

behaviours. The inclusion of such high-level visual embeddings allows the framework

to integrate both interpretable behavioural features and abstract visual semantics

within a unified representation. Specifically, we employ the ViT-B/16 architecture

pretrained on ImageNet [27] to generate frame-level embeddings. Each frame is re-

sized to 224×224 pixels and divided into non-overlapping patches, which are linearly

projected and processed through transformer layers to yield a dv-dimensional fea-

ture vector. These embeddings capture spatial relations among facial regions, body

posture, and background context without relying on explicit landmark detection.

The extracted features across all modalities are summarised in Table 4.1. Each modal-

ity provides complementary information reflecting different behavioural dimensions of

agreement. Audio features capture prosodic and spectral variations that reveal vocal

tone and emphasis, while video features encode facial expressions, gaze dynamics,

and postural movement indicative of social alignment. High-level embeddings from

WavLM and ViT further enrich these handcrafted descriptors by providing abstract,

context-aware representations. Together, these multimodal features form the input

representation for subsequent temporal modelling and agreement estimation.
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Table 4.1: Feature categories, feature names, and their dimensions extracted from

each modality.

Modality Category Features Dimension

Audio
Acoustic Features

Frequency-related 20

Energy-related 21

Spectral-related 47

Speech Embedding WavLM Embedding 768

Video

Facial Behaviors

Facial Landmarks 136

Eye Gaze 6

Head Pose 6

Facial Action Units 35

Body Pose Body Keypoints 22

Frame Embedding Pretrained ViT Embedding 768

4.3 Methodology

This study proposes a hierarchical multimodal framework for estimating the degree

of agreement expressed during group conversations. The architecture is designed to

model both the temporal evolution and the cross-modal interplay of behavioural and

acoustic cues that signal agreement or disagreement. As illustrated in Figure 4.4, the

model processes audio and video streams through three successive stages: (1) Tem-

poral Modelling, which encodes the short-term dynamics within each modality; (2)

Intra-Modality Fusion, which integrates heterogeneous features within the same

modality to produce unified modality-level representations; and (3) Multimodal Fu-

sion, which captures interdependencies between modalities to estimate a continuous

agreement score. Through this hierarchical design, the system learns to combine com-
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plementary cues such as prosody, facial expression, and body motion in an adaptive

and context-aware manner.

Figure 4.4 Overview of the proposed multimodal agreement estimation framework.

Audio and video features are first processed independently through temporal mod-

elling and intra-modality fusion. The resulting modality-specific embeddings are then

integrated through multimodal attention to predict the final agreement intensity.

Temporal Modelling. The first stage of the framework focuses on learning the

temporal dependencies that characterise dynamic behavioural patterns within each

modality. Let X (m) = {x(m)
1 , x

(m)
2 , . . . , x

(m)
T } denote the feature sequence of modal-

ity m ∈ {audio, video}, where T represents the number of frames or time steps in

a ten-second segment. Each sequence is passed through a Gated Recurrent Unit

(GRU) network, which captures both short- and long-range temporal correlations by
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recursively updating its hidden state:

r
(m)
t = σ(W (m)

r x
(m)
t + U (m)

r h
(m)
t−1), (4.2)

z
(m)
t = σ(W (m)

z x
(m)
t + U (m)

z h
(m)
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h̃
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(m)
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h h

(m)
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h
(m)
t = (1 − z

(m)
t ) ⊙ h

(m)
t−1 + z

(m)
t ⊙ h̃

(m)
t , (4.5)

where x
(m)
t and h

(m)
t denote the input and hidden state of modality m at time step

t, σ(·) is the sigmoid function, and ⊙ denotes element-wise multiplication. The

GRU transforms the input sequence into a temporally encoded representation H(m) =

{h(m)
1 , . . . , h

(m)
T } that preserves contextual information over time.

To emphasise the most informative temporal regions, we apply a temporal attention

mechanism that weights each hidden state according to its relevance:

α
(m)
t = softmax(w(m)⊤

a tanh(W (m)
a h

(m)
t + b(m)

a )), (4.6)

c(m) =
T∑
t=1

α
(m)
t h

(m)
t , (4.7)

where α
(m)
t represents the attention weight at time step t, and c(m) ∈ Rh is the

context vector summarising the temporal evolution of modality m. This mechanism

enables the network to focus on key moments, such as short affirmative vocalisations

or expressive gestures, that are most indicative of agreement.

Intra-Modality Fusion. Each modality comprises multiple feature sources that

provide complementary information. For instance, the audio modality includes low-

level acoustic descriptors (eGeMAPS) and high-level speech embeddings (WavLM),

while the video modality combines interpretable behavioural cues (OpenFace, ViT-

Pose) with high-level semantic embeddings (ViT). To integrate these within-modality

signals, we employ an attention-based fusion mechanism that learns to balance their

relative importance dynamically.
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Given a set of Km feature embeddings for modality m, {c(m,1), c(m,2), . . . , c(m,Km)}, we

compute their weighted combination as:

β
(m)
k = softmax(w

(m)⊤
f tanh(W

(m)
f c(m,k) + b

(m)
f )), (4.8)

f (m) =
Km∑
k=1

β
(m)
k c(m,k), (4.9)

where β
(m)
k denotes the attention weight of the k-th feature source, and f (m) is the

fused intra-modality representation. This mechanism allows the model to adaptively

emphasise the most informative feature types within each modality—for example,

prioritising prosodic patterns when vocal tone dominates agreement cues, or giving

more weight to facial and postural movements when visual expressiveness is stronger.

Multimodal Fusion. The final stage integrates the modality-specific embeddings

{f (audio), f (video)} to capture cross-modal interactions that jointly convey agreement.

Rather than treating modalities independently, we use a multimodal attention mech-

anism that aligns and fuses their latent representations:

γm = softmax(w⊤
M tanh(WMf (m) + bM)), (4.10)

f ∗ =
∑
m

γmf
(m), (4.11)

where γm denotes the modality-level attention weight and f ∗ represents the fused

multimodal embedding. This step enables the model to learn synergistic relationships,

such as how a smile reinforces a positive vocal tone, or how mismatched cues—like

neutral facial expression with a hesitant tone—reduce the perceived agreement.

Finally, the fused representation is passed through a regression head composed of two

fully connected layers with nonlinear activation to predict a continuous agreement

score:

ŷ = W2 ReLU(W1f
∗ + b1) + b2, (4.12)

where ŷ ∈ [−1, 1] denotes the estimated agreement intensity, with higher values in-

dicating stronger agreement. The network is trained using the mean squared error
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(MSE) loss between the predicted and annotated agreement scores:

LMSE =
1

N

N∑
i=1

(ŷi − yi)
2, (4.13)

where N is the number of training samples and yi is the ground-truth label.

4.4 Results

This section presents the experimental evaluation of the proposed multimodal frame-

work for agreement estimation. We first describe the experimental setup and training

configuration, followed by an analysis of the optimal model settings. Comprehensive

ablation studies are then conducted to examine the influence of different backbone

architectures, observation window lengths, and speaker diarization strategies, as well

as the contribution of individual modalities and the effectiveness of the proposed

multimodal integration scheme.

4.4.1 Experimental Setup

Feature extraction follows the procedures described in Section 4.2, using both audio

and visual modalities. Acoustic features are derived from eGeMAPS and WavLM to

capture low-level prosodic attributes and high-level contextual representations, while

visual features are obtained from OpenFace 2.0, ViTPose, and the Vision Trans-

former (ViT) to represent facial, postural, and spatial–semantic cues. All features

are temporally aligned at 25 frames per second to ensure consistent synchronisa-

tion across modalities. All models are implemented in PyTorch and trained on an

NVIDIA RTX 3090 GPU with 24 GB of memory. Each model is trained for up to

150 epochs with a batch size of 64. The Adam optimiser is used with an initial

learning rate of 0.0005 and a weight decay of 0.0001. Within the temporal modelling

component, a single-layer GRU with 64 hidden units and a dropout rate of 0.3 is
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employed. Layer normalisation is applied after the GRU, and additional dropout

layers (with a rate of 0.5) are inserted after fusion modules to mitigate overfitting.

The hidden dimension h is set to 128 for temporal encoding and 64 for subsequent

integration layers. The network is optimised using the mean squared error (MSE) loss

between predicted and ground-truth agreement scores. To ensure fair comparison, all

experiments are conducted on the training and validation splits of the MPIIGroupIn-

teraction dataset, following the continuous agreement annotation protocol described

in Section 4.1. Model performance is evaluated using mean squared error (MSE) as

the sole metric to assess the precision of regression-based agreement estimation.

4.4.2 Evaluation of the overall framework

We evaluate the proposed multimodal framework for agreement estimation against

several established baselines and recent state-of-the-art approaches. The comparison

covers both unimodal and multimodal configurations using the MPIIGroupInteraction

dataset, with results reported in terms of the best validation mean squared error

(MSE). As shown in Table 4.2, our framework consistently outperforms previous

methods across all evaluated modalities.

The baseline models adapted from Müller et al. [66] represent traditional unimodal

and multimodal fusion schemes based on handcrafted descriptors such as head pose

and eGeMAPS. These approaches show limited ability to capture the temporal and

contextual subtleties of agreement behaviour, yielding validation MSEs between 0.075

and 0.085. Sharma et al. [83] employ graph-based fusion of deep audio-visual fea-

tures, while Amer et al. [2] use OpenFace and OpenPose for visual cue extraction;

both obtain moderate improvements, with the latter achieving an MSE of 0.064.

The proposed framework yields further improvements, particularly in the multimodal

setting. The video-based model combining facial landmarks, head pose, and facial

action units attains an MSE of 0.054, outperforming all previous visual methods in-
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Table 4.2: Comparison of different methods, modalities, and feature configurations

for agreement estimation on the MPIIGroupInteraction dataset. Results are reported

in terms of the best validation mean squared error (MSE).

Method Modality Features
Best

Val. MSE

Müller et al. [66]

Video Head Pose 0.075

Audio eGeMAPS 0.085

Audio+Video All features 0.079

Sharma et al. [83] Audio+Video Deep features 0.075

Amer et al. [2] Video OpenFace + OpenPose 0.064

Ours

Video Facial Landmarks+Head Pose+Facial AUs 0.054

Audio Energy+Spectral 0.076

Audio+Video
Facial Landmarks+Head Pose+Facial AUs

+Energy+Spectral
0.052

cluding Amer et al. (0.064). Integrating audio and video modalities further improves

performance, with the configuration combining visual features and selected acous-

tic descriptors (energy and spectral features) attaining the lowest validation MSE of

0.052. These results suggest that acoustic and visual cues provide complementary

information for estimating listener agreement. The contribution of speaker diariza-

tion to both modalities is examined in detail in Section 4.5. Overall, the findings

indicate that the proposed framework benefits from the joint modelling of prosodic

and behavioural cues, and that incorporating speaker information enhances the re-

liability of multimodal agreement estimation. The integration of temporal encoding

with adaptive multimodal fusion appears to facilitate a more consistent estimation of

subtle agreement variations in natural conversational settings.
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4.5 Ablation Studies

To understand the contribution of each modality and modeling component to the

prediction of agreement intensity, this section presents a series of ablation exper-

iments conducted on the proposed framework. These analyses aim to disentangle

how distinct feature types, temporal modeling strategies, preprocessing methods, and

role segmentation mechanisms influence model performance. By systematically iso-

lating and evaluating each factor, we provide quantitative evidence for the design

choices made in the final multimodal architecture. The ablation is organized into

three complementary parts. First, we investigate the audio modality, examining

how different acoustic descriptors, backbone architectures, and temporal preprocess-

ing strategies affect estimation accuracy. The analysis reveals that prosodic energy

and spectral cues offer the most reliable audio signals for agreement modeling. Sec-

ond, we focus on the video modality, evaluating various facial, head, and body

representations. By applying temporal differencing and selective intra-modality fu-

sion, this analysis demonstrates that fine-grained facial dynamics substantially out-

perform holistic frame embeddings and body posture features. Finally, we assess

the impact of speaker diarization, comparing results obtained with and without

explicit separation of speaker roles. This experiment clarifies how isolating listener-

specific segments improves both audio and visual modalities by reducing interference

from non-listener activity. These ablation studies establish the relative importance

of different modalities and processing strategies. The results confirm that short-term

visual dynamics and energy-based acoustic variations are the dominant indicators of

listener agreement, while speaker diarization provides an additional refinement that

enhances signal clarity and model interpretability.

4.5.1 Audio Features

We examine the performance of the audio modality through systematic analyses of

unimodal feature types, backbone architectures, feature engineering methods, tem-
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Table 4.3: Evaluation of audio features

Category Feature Model Feature Engineering 1s 2s 3s 4s 5s

Acoustic

Features

Energy

GRU
Original 0.084 0.083 0.082 0.081 0.079

Subtraction 0.084 0.082 0.082 0.080 0.081

Transformer
Original 0.086 0.085 0.084 0.081 0.082

Subtraction 0.085 0.086 0.086 0.083 0.083

Frequency

GRU
Original 0.085 0.084 0.083 0.083 0.082

Subtraction 0.085 0.083 0.082 0.083 0.083

Transformer
Original 0.085 0.084 0.084 0.083 0.082

Subtraction 0.086 0.084 0.084 0.083 0.083

Spectral

GRU
Original 0.084 0.082 0.083 0.082 0.080

Subtraction 0.083 0.083 0.083 0.083 0.082

Transformer
Original 0.085 0.084 0.083 0.083 0.082

Subtraction 0.088 0.086 0.086 0.084 0.083

Speech

Embedding

WavLM

Embedding

GRU
Original 0.084 0.084 0.083 0.081 0.080

Subtraction 0.083 0.084 0.082 0.082 0.081

Transformer
Original 0.083 0.084 0.082 0.082 0.081

Subtraction 0.084 0.084 0.083 0.083 0.082

poral window lengths, and intra-modality fusion strategies. All results are evaluated

using the validation mean squared error (MSE).

Backbone Architectures. Two sequence modeling architectures are compared: a

gated recurrent unit (GRU) network [23] and a Transformer encoder [93]. The GRU

models short-term temporal dependencies through recurrent gating, making it well

suited for capturing smooth prosodic contours and local variations in energy and

pitch. The Transformer, in contrast, employs self-attention to integrate information

across longer temporal spans, allowing it to capture broader contextual patterns. As

shown in Table 4.3, both architectures achieve comparable performance across feature
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categories, yet the GRU consistently attains slightly lower MSE values—typically by

about 0.002 to 0.004—across energy-, frequency-, spectral-, and embedding-based

features. This steady advantage implies that agreement-related cues such as subtle

modulations in loudness, pitch, and spectral composition are primarily short-range

phenomena that can be effectively modeled through recurrent dynamics without re-

quiring extended attention over distant frames. The Transformer performs competi-

tively on high-level learned embeddings such as WavLM, where temporally aggregated

representations benefit from attention-based integration, but it offers no clear advan-

tage for handcrafted acoustic features.

Observation Windows. To determine the effective temporal span of relevant

acoustic information, we vary the observation window from one to five seconds pre-

ceding each backchannel response. The results show a consistent decline in MSE

with longer windows, followed by a plateau at around five seconds. For instance, the

GRU with energy features improves from 0.084 at a one-second window to 0.079 at

five seconds. Similar trends appear for frequency, spectral, and embedding features,

all stabilizing around 0.080–0.082. These results suggest that the acoustic precur-

sors of perceived agreement are short-term yet contextually accumulated within a

few seconds before the listener’s response. Extending the window beyond five sec-

onds introduces minimal benefit, likely due to the inclusion of acoustically irrelevant

information from preceding speech segments.

Feature Engineering. We further compare raw frame-level features with a sub-

traction transformation, which computes the temporal difference between consecutive

frames to emphasize local changes in acoustic dynamics. However, as shown in Ta-

ble 4.3, subtraction does not improve performance in this task. Across all feature

categories, models trained on the original features consistently achieve slightly lower

MSEs—by roughly 0.001–0.002—than their subtraction-based counterparts. This
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pattern suggests that absolute acoustic magnitudes, rather than their temporal deriva-

tives, provide more stable cues for estimating agreement intensity in audio signals.

Unlike in backchannel detection (see Chapter 3), where rapid changes in energy or

pitch serve as strong triggers, agreement-related cues appear to rely more on steady

prosodic patterns than on abrupt variations.

Unimodal Feature Analysis. Among the four categories of audio features, energy-

related descriptors achieve the best overall performance, with the GRU model attain-

ing the lowest MSE of 0.079 at a five-second observation window. Spectral and

WavLM features follow closely with MSEs of 0.080, while frequency-based features

perform slightly worse at around 0.082. The narrow range of differences indicates

that multiple aspects of the acoustic signal—energy dynamics, spectral composition,

and high-level speech embeddings—each capture partially overlapping yet comple-

mentary cues of listener agreement. Energy-based features likely reflect the intensity

and prosodic rhythm of speech that accompany agreement responses, whereas spec-

tral descriptors encode timbral and resonance variations associated with emphasis or

vocal tone. Meanwhile, WavLM embeddings encapsulate both prosodic and phonetic

information through learned high-level representations. Overall, the audio modality

alone yields moderate but consistent predictive power for agreement estimation, with

both handcrafted and learned features contributing distinct, complementary perspec-

tives on listener behavior.

Intra-Modality Fusion. We further examine whether combining multiple acoustic

feature types within the audio modality enhances model performance. Using the op-

timal configurations from the unimodal experiments, several feature combinations are

evaluated. As shown in Table 4.4, the fusion of energy and spectral features achieves

the lowest validation MSE of 0.076, outperforming all individual features by ap-

proximately 0.003. This combination leverages the complementary strengths of both

descriptors: energy features capture temporal variations in vocal intensity, whereas

78



4.5. Ablation Studies

Table 4.4: Evaluation of intra-modality fusion on the audio modality

Energy Frequency Spectral WavLM Embedding Val. MSE

✓ ✓ 0.079

✓ ✓ 0.076

✓ ✓ 0.080

✓ ✓ ✓ 0.078

✓ ✓ ✓ 0.080

✓ ✓ ✓ 0.081

✓ ✓ ✓ ✓ 0.080

spectral features encode frequency distribution and timbral texture. In contrast,

adding additional features—such as frequency-based descriptors or WavLM embed-

dings—does not further reduce the error and occasionally degrades performance (MSE

≈ 0.080). The degradation likely arises from redundancy among high-dimensional

representations and the limited contribution of less informative cues. These results

indicate that targeted fusion of acoustically complementary features yields greater

benefit than combining all available descriptors indiscriminately, emphasizing the im-

portance of selective integration within a single modality.

4.5.2 Video Features

In addition to the audio modality, we evaluate the contribution of visual cues to agree-

ment estimation. The same analytical structure is applied here—examining unimodal

feature performance, temporal differencing, and intra-modality fusion—allowing di-

rect comparison with the audio analysis in Section 4.5.1. Whereas acoustic features

primarily encode prosodic and spectral variations, visual signals provide complemen-

tary information through observable facial and bodily dynamics that accompany sub-

tle forms of listener feedback.
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Table 4.5: Evaluation of video features.

Category Feature Model Model Input 1s 2s 3s 4s 5s

Facial

Behaviors

Facial

Landmarks

GRU
Ori. Value 0.084 0.083 0.084 0.083 0.084

Subtraction 0.063 0.059 0.058 0.058 0.059

Transformer
Ori. Value 0.085 0.085 0.085 0.083 0.084

Subtraction 0.068 0.061 0.060 0.064 0.065

Eye Gaze

GRU
Ori. Value 0.084 0.085 0.084 0.084 0.084

Subtraction 0.080 0.078 0.080 0.079 0.080

Transformer
Ori. Value 0.085 0.085 0.085 0.083 0.085

Subtraction 0.084 0.080 0.080 0.082 0.082

Head

Pose

GRU
Ori. Value 0.086 0.086 0.085 0.086 0.086

Subtraction 0.075 0.076 0.074 0.077 0.077

Transformer
Ori. Value 0.085 0.085 0.085 0.085 0.086

Subtraction 0.081 0.079 0.077 0.078 0.079

Facial Action

Units

GRU
Ori. Value 0.082 0.083 0.083 0.083 0.083

Subtraction 0.084 0.081 0.080 0.080 0.080

Transformer
Ori. Value 0.084 0.084 0.085 0.086 0.084

Subtraction 0.083 0.084 0.082 0.084 0.083

Body

Pose

Body

Keypoints

GRU
Ori. Value 0.084 0.084 0.084 0.084 0.084

Subtraction 0.086 0.083 0.082 0.081 0.083

Transformer
Ori. Value 0.084 0.084 0.084 0.084 0.085

Subtraction 0.084 0.085 0.086 0.086 0.086

Frame

Embedding

Pretrained

ViT Embedding

GRU
Ori. Value 0.086 0.086 0.088 0.088 0.085

Subtraction 0.084 0.084 0.084 0.084 0.085

Transformer
Ori. Value 0.085 0.085 0.085 0.084 0.085

Subtraction 0.086 0.085 0.085 0.086 0.087
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Table 4.6: Evaluation of intra-modality fusion on the video modality

Facial Landmarks Eye Gaze Head Pose Facial AUs Body Keypoints ViT Embedding Val. MSE

✓ ✓ 0.060

✓ ✓ 0.058

✓ ✓ 0.058

✓ ✓ 0.068

✓ ✓ 0.078

✓ ✓ 0.077

✓ ✓ 0.071

✓ ✓ 0.078

✓ ✓ 0.081

✓ ✓ 0.063

✓ ✓ 0.077

✓ ✓ 0.080

✓ ✓ 0.078

✓ ✓ 0.071

✓ ✓ 0.081

✓ ✓ ✓ 0.058

✓ ✓ ✓ 0.055

✓ ✓ ✓ 0.058

✓ ✓ ✓ 0.059

✓ ✓ ✓ 0.069

✓ ✓ ✓ 0.071

✓ ✓ ✓ 0.073

✓ ✓ ✓ 0.067

✓ ✓ ✓ 0.077

✓ ✓ ✓ 0.078

✓ ✓ ✓ ✓ 0.058

✓ ✓ ✓ ✓ 0.062

✓ ✓ ✓ ✓ 0.078

✓ ✓ ✓ ✓ 0.075

✓ ✓ ✓ ✓ 0.079

✓ ✓ ✓ ✓ 0.080

✓ ✓ ✓ ✓ ✓ ✓ 0.081
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Backbone Architectures. Consistent with the audio experiments, both a gated

recurrent unit (GRU) network and a Transformer encoder are evaluated for temporal

modeling. The GRU, designed to capture local temporal dependencies, consistently

yields lower MSEs than the Transformer across nearly all visual features, mirroring

the pattern observed in the audio modality. This similarity reinforces that short-term

temporal continuity—whether in vocal or visual behavior—plays a dominant role in

conveying agreement cues, while long-range attention contributes little additional

benefit.

Feature Engineering. We again examine the effect of framewise subtraction, which

captures temporal differences between consecutive frames. The impact is markedly

stronger in the visual modality than in the acoustic one. As shown in Table 4.5,

subtraction substantially reduces prediction error for all facial behaviour features.

The MSE for Facial Landmarks decreases from 0.083 to 0.058, and for Head Pose from

0.085 to 0.074. These improvements indicate that dynamic visual changes—micro-

movements, nods, or brief gaze shifts—carry more discriminative information than

static appearances. In contrast to the audio modality, where subtraction yielded

negligible benefit, temporal differencing proves essential for highlighting the motion-

based cues that accompany nonverbal agreement.

Unimodal Feature Analysis. Among the six visual descriptors, Facial Landmarks

achieve the lowest validation MSE (0.058), outperforming all other video-based fea-

tures and any unimodal audio counterpart (best audio MSE = 0.079). Head Pose and

Eye Gaze follow with MSEs of approximately 0.074, reflecting their shared sensitivity

to attentional orientation. Facial Action Units (AUs) yield 0.080, suggesting that

local muscular activations, such as smiles or eyebrow raises, contribute moderately to

agreement estimation. Body Keypoints (0.081) and ViT embeddings (0.084) perform

least effectively, as coarse body posture and holistic frame appearance encode less

82



4.5. Ablation Studies

reliable affective information. Together, these results indicate that fine-grained facial

dynamics are considerably more informative than global visual context, and more

predictive than acoustic fluctuations alone.

Intra-Modality Fusion. To explore complementarity among visual cues, we con-

duct feature-level fusion within the video modality using the same strategy applied

in audio fusion (Section 4.5.1). As reported in Table 4.6, the combination of Facial

Landmarks, Head Pose, and Facial AUs achieves the lowest validation MSE of 0.055,

improving upon the best unimodal result by about 0.003. This gain parallels the

improvement seen in the optimal audio fusion (energy + spectral features, MSE =

0.076), though the visual fusion attains substantially lower overall error. The perfor-

mance advantage arises from integrating geometric (landmarks and head orientation)

and expressive (AUs) cues, which together capture both structural alignment and

affective feedback. Adding additional streams—such as Eye Gaze, Body Keypoints,

or ViT embeddings—does not enhance prediction accuracy and often leads to degra-

dation (MSE ≈ 0.07–0.08), similar to the redundancy effect observed in the audio

modality.

4.5.3 Speaker Diarization

To further examine how separating speaker roles affects modeling accuracy, we com-

pare the performance of all acoustic and visual features with and without speaker

diarization. This analysis aims to determine whether isolating listener-specific seg-

ments enhances the estimation of agreement intensity by reducing interference from

irrelevant speech or visual cues belonging to other participants.

Audio Modality. Table 4.7 presents the comparison for audio features. Speaker

diarization slightly improves performance across most handcrafted acoustic descrip-
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Table 4.7: Evaluation of audio features with and without speaker diarization

Category Feature W/O Speaker Diarization Speaker Diarization

Acoustic Features

Energy 0.079 0.076

Frequency 0.082 0.081

Spectral 0.080 0.078

Speech Embedding WavLM Embedding 0.080 0.081

tors, with average reductions of 0.002–0.003 in validation MSE. The most notable gain

is observed for the energy-based features (from 0.079 to 0.076), followed by spectral

features (from 0.080 to 0.078). These improvements indicate that distinguishing who

is speaking clarifies short-term prosodic fluctuations and removes misleading back-

ground speech segments that otherwise distort the estimation of listener agreement.

Frequency features exhibit a marginal change (0.082 to 0.081), suggesting their sen-

sitivity to broader spectral ranges makes them less affected by overlapping speakers.

In contrast, the deep speech embedding WavLM shows no consistent improvement

(0.080 to 0.081), possibly because the model’s learned representation already encodes

speaker-invariant information, reducing the relative benefit of explicit diarization.

Table 4.8: Evaluation of video features with and without speaker diarization

Category Feature W/O Speaker Diarization Speaker Diarization

Facial Behaviors

Facial Landmarks 0.058 0.056

Eye Gaze 0.080 0.077

Head Pose 0.074 0.072

Facial Action Units 0.080 0.078

Body Pose Body Keypoints 0.081 0.079

Frame Embedding ViT Embedding 0.084 0.084
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Video Modality. Table 4.8 shows the corresponding results for visual features.

Speaker diarization produces a similar but slightly stronger effect in the video modal-

ity, particularly for facial cues. The Facial Landmark features improve from 0.058

to 0.056, while Head Pose and Facial Action Units decrease from 0.074 and 0.080 to

0.072 and 0.078, respectively. These results suggest that clearly segmenting frames

belonging to the active listener helps the model focus on relevant head and facial

movements instead of those of the current speaker. Eye Gaze also benefits modestly

(0.080 to 0.077), indicating that gaze direction is more reliably interpreted once lis-

tener frames are isolated. Body Keypoints and ViT embeddings show minimal or no

change, reflecting that broad body posture and global frame features are less sensitive

to speaker segmentation.

4.6 Discussion

This section synthesises the experimental findings presented above to interpret how

different modalities and processing strategies contribute to estimating agreement in-

tensity. In contrast to Chapter 3, which examined when listeners produce backchannel

responses, the present discussion focuses on how the expressive properties of those

responses reveal the listener’s degree of attitudinal alignment.

Unimodal features. The unimodal analyses highlight distinct behavioural signa-

tures captured by audio and video features. Within the audio modality, prosodic de-

scriptors—particularly energy and spectral features—emerge as the most discrimina-

tive indicators of agreement. Their effectiveness stems from encoding subtle modula-

tions in loudness, resonance, and smoothness of vocal tone that accompany affirmative

utterances such as “yeah” or “right.” In contrast, frequency-related cues contribute

less, reflecting that pitch contour alone does not fully differentiate agreement from

other listener states. Learned embeddings from WavLM achieve performance com-

parable to handcrafted descriptors, suggesting that both low- and high-level acoustic
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representations encode overlapping affective information. As to the visual modal-

ity, the strongest signals arise from facial landmarks, head pose, and facial action

units, which together capture fine-grained micro-movements such as nodding, eye-

brow raising, and smiling. Temporal differencing proves critical for these features,

substantially lowering prediction error by emphasising motion-based cues rather than

static appearance. Body keypoints and holistic ViT embeddings contribute little,

confirming that agreement is primarily conveyed through localized facial dynamics

rather than full-body posture or global visual context.

Multimodal fusion. The intra-modality and cross-modality fusion results demon-

strate that agreement perception depends on the concurrent expression of comple-

mentary acoustic and visual cues. Selective feature integration within each modal-

ity—such as combining energy and spectral features for audio, or facial landmarks,

head pose, and AUs for video—achieves higher accuracy than fusing all sources indis-

criminately. This indicates that redundant or weakly correlated features can obscure

the most informative patterns. When both modalities are integrated, the model at-

tains the lowest validation error, underscoring the inherently multimodal nature of

agreement behaviour. Audio contributes prosodic warmth and rhythm, while visual

cues reveal attentional engagement and affective alignment. Temporal attention anal-

ysis further shows that the model dynamically alternates its reliance between modali-

ties: audio weights increase during voiced affirmations, whereas visual cues dominate

during silent nods or smiles. Such adaptive weighting reflects the contextual flexibility

required to interpret multimodal listener feedback in spontaneous interaction.

Effect of temporal context and preprocessing. To statistically examine the

impact of feature preprocessing on regression performance, a paired t-test was con-

ducted to compare the Subtraction-based and original representations across tempo-

ral windows. As shown in Table 4.9, all comparisons yield highly significant results

(p < 10−20), confirming that the subtraction method consistently improves both the

explained variance and the temporal agreement with ground truth annotations. The
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Table 4.9: Paired t-test results comparing different feature engineering methods across

observation windows on the MPIIGroupInteraction dataset.

Window t p R2
ori R2

sub CCCori CCCsub

1 s -10.13 2.49× 10−23 0.036 0.253 0.074 0.368

2 s -13.42 9.42× 10−39 0.040 0.325 0.077 0.450

3 s -13.61 9.14× 10−40 0.036 0.338 0.062 0.487

4 s -14.27 2.63× 10−43 0.024 0.320 0.035 0.448

5 s -12.57 1.82× 10−34 0.035 0.310 0.062 0.442

increase in R2 values—from approximately 0.03 to over 0.33—indicates that motion-

differential preprocessing captures substantially more meaningful behavioural vari-

ance than static representations. Likewise, the concordance correlation coefficient

(CCC) rises from below 0.08 to nearly 0.49, reflecting a marked improvement in the

consistency between predicted and annotated agreement trajectories. Performance

peaks at the three-second window, beyond which both R2 and CCC begin to decline

slightly. This suggests that agreement-related cues are primarily concentrated within

a short temporal interval preceding the listener’s feedback, while longer segments in-

troduce irrelevant context or overlapping behaviours. These findings align with the

broader pattern observed in Chapter 3, where moderate contextual spans also yielded

the most stable improvements. Collectively, the statistical evidence demonstrates that

motion-differential preprocessing enhances sensitivity to attitudinal variations by am-

plifying localised behavioural dynamics, providing a statistically robust foundation

for modelling continuous agreement intensity.

Speaker diarization. The quantitative results in Tables 4.7 and 4.8 indicate that

speaker diarization improves model performance across both audio and visual modal-

ities, with the largest relative gain observed in energy-based acoustic features (from

0.079 to 0.076). This improvement suggests that separating speaker roles most ef-

fectively clarifies the distribution of vocal energy, which is easily confounded when
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Figure 4.5 Visualization of acoustic patterns when the target responds with verbal

backchannels versus remains silent.

multiple participants speak simultaneously. To further understand this phenomenon,

a qualitative case study was conducted, as illustrated in Figure 4.5.

Figure 4.5 presents two conversational segments annotated with similar agreement

levels but exhibiting distinct acoustic–visual characteristics. In the speaker condition

(left), the target produces a short verbal backchannel (e.g., “yeah”) that overlaps

with the main speaker’s utterance, producing a noticeable rise in both pitch and

loudness. In contrast, in the non-speaker condition (right), the target remains silent

while the main speaker continues speaking; the perceived agreement is instead con-

veyed through nonverbal gestures such as a nod or brief facial movement. Although

the annotated agreement intensity is comparable between the two cases, their acous-

tic profiles differ substantially: the first involves superimposed vocal activity, while

the second contains only the dominant speaker’s voice. This comparison highlights

how overlapping speech can distort acoustic indicators such as energy or loudness

if diarization is not applied. Without role separation, the system may incorrectly

attribute the main speaker’s high vocal energy to the listener, leading to inaccurate

estimation of agreement. Speaker diarization effectively mitigates this issue by iso-

lating listener-specific segments, ensuring that prosodic fluctuations are attributed

to the correct individual. The improvement in energy-based and spectral features

thus stems from their restored correspondence with true listener activity, rather than

contamination from concurrent speech. The same principle extends to the visual
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modality, where diarization clarifies which participant’s facial or head movements

correspond to feedback behaviour. Overall, the case study confirms that accurate

speaker segmentation not only refines acoustic feature reliability but also enhances

interpretability in multimodal analysis. By isolating listener-specific moments, di-

arization enables the framework to disentangle overlapping behavioural streams and

more faithfully capture the cues that underpin agreement perception.

Limitations regarding cultural context and generalisability. The agreement

estimation experiments rely exclusively on the MPIIGroupInteraction dataset, which

comprises German-speaking university students in a specific age range and cultural

context. Research in cross-cultural pragmatics has established that the expression and

perception of agreement are shaped by cultural norms around politeness, directness,

and social hierarchy. For instance, cultures that emphasise indirect communication

may express agreement through more subtle or ambiguous cues, while those that value

direct expression may produce more overt verbal and nonverbal signals. The patterns

learned by the proposed framework—such as the relative importance of head nodding

versus facial action units—may therefore reflect culturally specific behavioural norms

rather than universal indicators of agreement. Although the model achieves strong

performance within the studied dataset, its generalisability to other linguistic and

cultural contexts remains an open empirical question that warrants investigation in

future work.

4.7 Summary

This chapter has extended the investigation of listener feedback from the detection

of backchannel occurrences to the estimation of their attitudinal orientation. By fo-

cusing on how multimodal backchannel behaviours express different degrees of agree-

ment, the study has provided both behavioural and computational insights into the

mechanisms through which social alignment is conveyed in conversation. Compre-
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hensive unimodal analyses revealed that energy- and spectral-based acoustic features

and fine-grained facial dynamics constitute the most informative cues for agreement

estimation. Whereas the acoustic stream captures prosodic smoothness and vocal

intensity associated with affirmative responses, visual descriptors such as facial land-

marks, head pose, and action units encode subtle nonverbal correlates of agreement,

including nods and smiles. Temporal differencing was found to be crucial for video

features, enhancing sensitivity to micro-expressions and motion-based signals, while

handcrafted audio descriptors remained more stable in their raw form. Through

selective intra- and cross-modality fusion, the framework effectively integrated com-

plementary acoustic and visual information, achieving the lowest estimation error

among all evaluated configurations. The fusion analyses confirmed that agreement

is inherently multimodal: audio cues contribute to the affective tone of verbal ac-

knowledgements, whereas visual cues reveal the listener’s attentional and emotional

alignment during silent responses. Speaker diarization further refined the estimation

by isolating listener-specific segments, reducing interference from active speakers, and

enhancing the interpretability of multimodal cues.

Overall, the findings demonstrate that the degree of agreement can be reliably inferred

from short, contextually coherent windows of multimodal behaviour. In contrast to

the previous chapter, which addressed the temporal occurrence of backchannels, the

present work establishes that their expressive form reflects graded social alignment

and shared understanding. These results underscore that backchannels are not merely

signals of attention but carry meaningful affective and cognitive information about

the listener’s stance. The next chapter builds on this foundation to explore how such

behavioural indicators of agreement and engagement can be leveraged to assess group

interaction quality and learning-related outcomes.
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Chapter 5

Predicting Learning Gains in

Online Service-Learning Programs

5.1 Introduction

Advances in digital technology have substantially reduced the constraints of distance

and time in higher education, enabling students to participate in live discussions, col-

laborate on problem-solving, and share resources within stable online environments.

As a result, e-learning has become an integral component of institutional strategy

and is widely promoted as a means to broaden participation and enhance instruc-

tional quality [40]. Among available platforms, videoconferencing systems such as

Zoom have become central to synchronous online learning, supporting real-time com-

munication and flexible content delivery [74]. However, this form of instruction also

presents challenges. Instructors often face difficulty in observing learners’ engagement

and understanding through limited on-screen cues. When direct indicators of learn-

ing progress are absent, it becomes difficult to adapt teaching strategies in a timely

and targeted manner. This challenge has motivated increasing interest in predicting

learning gains from the digital traces generated during online sessions. These traces
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offer valuable evidence of learner behaviour and interaction, potentially informing

adaptive instruction and the design of data-driven pedagogical interventions. Nev-

ertheless, identifying which behavioural signals most effectively represent learning

remains difficult because learning processes are multifaceted, temporally dynamic,

and context dependent.

Prior research suggests that the multimodal data streams available in videoconferenc-

ing environments—spoken language, audio signals, shared-screen content, and video

of participants—each provide distinctive insights into cognitive and social dimen-

sions of learning [49, 9]. Multimodal Learning Analytics (MMLA) offers a principled

framework for modelling these heterogeneous data sources to capture meaningful be-

havioural patterns. Despite its potential, two key limitations remain. First, many

studies rely primarily on self-report measures rather than automatically recorded be-

havioural data, limiting ecological validity and objectivity [68, 96]. Second, conven-

tional statistical analyses often fail to exploit the scale and complexity of multimodal

datasets, constraining their ability to uncover cross-modal relationships and temporal

dynamics [68, 96].

This study addresses these limitations through a multimodal analysis of authentic syn-

chronous service-learning sessions. The dataset comprises four synchronised streams:

(1) high-quality audio recordings, (2) automatically generated speech transcripts, (3)

shared-screen videos, and (4) gallery-view recordings capturing participants’ camera

feeds. The inclusion of the gallery-view modality enables examination of visual indi-

cators such as camera usage and body-pose dynamics, yielding a more comprehensive

representation of learner behaviour. The study systematically compares alternative

feature constructions for each modality and evaluates both single-modality models

and multimodal fusion approaches for predicting students’ learning gains. The anal-

ysis is guided by the following research questions:

RQ1: Among transcript-, audio-, screen-, and gallery-view-based features, which
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features of specific single modality provides the most accurate prediction of

student learning gains in synchronous videoconference classes?

RQ2: To what extent does multimodal fusion enhance predictive performance com-

pared with unimodal approaches?

Four groups of features were constructed in alignment with the corresponding modal-

ities. Transcript features include surface linguistic measures (e.g., word counts) and

sentence-level semantic embeddings generated by Sentence Transformers [89]. Audio

features consist of acoustic descriptors (e.g., loudness, pitch, and Mel-frequency cep-

stral coefficients) together with contextual paralinguistic representations derived from

wav2vec 2.0 [7]. Screen-content features are obtained from shared-screen recordings

using an automated captioning pipeline for textual content and key-frame seman-

tic representations generated by BLIP-2 [55]. Finally, gallery-view features are ex-

tracted from participants’ camera streams and include indicators of camera usage

as well as motion-based features computed from body poses using ViTPose [101].

Predictive models are trained using both unimodal inputs and multimodal fusion

strategies, including early- and late-fusion designs. Comparative analyses demon-

strate that an attention-based late-fusion model integrating transcript, audio, screen,

and gallery-view features achieves the highest predictive accuracy. This study makes

three principal contributions. First, it presents a systematic multimodal analysis

of authentic videoconference-based instruction that incorporates both screen-sharing

and gallery-view recordings linked to validated measures of learning gain. Second,

it provides a comprehensive evaluation of unimodal and multimodal fusion models

across four complementary data modalities. Third, it identifies cross-modal interac-

tion patterns—spanning linguistic, acoustic, visual, and instructional content—that

are most closely associated with positive learning outcomes, offering empirical insights

for the design of data-informed, adaptive online teaching.

The remainder of this chapter is organized as follows. Section 3.1 describes the mul-
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timodal dataset collected from synchronous service-learning programs, including the

session structure and the measurement of self-reported learning outcomes. Section 5.3

details the extraction of linguistic, acoustic, screen-based, and visual features aligned

at the utterance level. Section 5.4 presents the experimental design and reports the

results for both unimodal and multimodal models. Section 5.5 discusses the findings

and their implications. Finally, Section 5.6 summarizes the key contributions and

highlights the significance of this study for multimodal learning analytics in online

education.

5.2 Dataset

This section describes the context of the online service-learning programs, the mul-

timodal dataset collected from synchronous sessions, and the self-report instrument

used to assess student learning gains.

5.2.1 Zoom Dataset for Online Service-Learning Programs

Data for this study were collected from a series of online service-learning programs

organised by a public university in Hong Kong during the 2022–2023 academic year,

when remote teaching was still widely adopted due to the COVID-19 pandemic. These

programs formed part of the university’s broader initiative to promote international

collaboration through technology-mediated service-learning.

University students enrolled in service-learning courses were organised into small in-

structional teams responsible for designing and delivering interactive online work-

shops. The workshops aimed to teach fundamental concepts in artificial intelligence

(AI), object recognition, machine learning, and block-based programming. Each tutor

team developed its own teaching materials that combined short lectures, live demon-

strations, and hands-on exercises designed for accessibility to younger learners. The
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Figure 5.1 Illustration of the data structure and recording examples of the online

service-learning programs

workshops were delivered to international service recipients (SRs) located in India,

the Philippines, and South Africa, thereby fostering cross-cultural communication

and technology exchange within an authentic educational setting.

A total of 166 SRs participated in the study, with an approximately balanced dis-

tribution across the three countries, as shown in Figure 5.2. Among them, 44.6%

identified as male and 55.4% as female. Most participants were secondary school

students aged between 12 and 18, while 10.8% were over 18 years old. On the tutor

side, 95 Hong Kong university students participated as instructors. Each program

was facilitated by a team of three to four tutors who jointly conducted two five-day

workshop sessions. Both sessions followed the same curriculum but were delivered to

distinct SR groups, each comprising three to five participants. In total, 25 programs

were conducted, producing approximately 250 recorded Zoom sessions for subsequent
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Figure 5.2 Statistics of the service-recipients

analysis.

All sessions were hosted and recorded via the Zoom platform, which automatically

generated synchronised data streams, including (1) screen-sharing videos, (2) gallery-

view recordings, (3) high-quality audio tracks, and (4) time-aligned transcripts. To-

gether, these records provided a comprehensive representation of the online learning

environment, encompassing both the instructional content and the interpersonal dy-

namics between tutors and SRs. Figure 5.1 illustrates the multimodal composition

of the dataset.

Each transcript consists of a sequential set of utterance blocks, with the following

components:

• Utterance ID: a unique identifier assigned to each utterance in chronological

order;

• Timestamp: start and end times recorded in the hour:minute:second.millisecond

format;

• Speaker: an anonymised label, where university tutors are denoted as Tar-

get Student{ID} (e.g., Target Student1 ) and service recipients as Service Recipient{ID}

(e.g., Service Recipient1 );

• Utterance: the text content of each spoken segment automatically transcribed

by Zoom.
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The transcript serves as a natural temporal anchor for multimodal alignment and

analysis. Each utterance defines a discrete interactional unit that determines the

corresponding time window for extracting audio, visual, and screen features. Using

these utterance boundaries, all modalities are segmented and synchronised according

to the start and end times of each spoken segment. This design enables multimodal

features to be aligned at the utterance level. Consequently, the transcript provides

a consistent and interpretable reference structure for integrating heterogeneous data

streams in subsequent predictive modelling.

5.2.2 Self-Reported Learning Gains Dataset

In this study, we aim at evaluating the learning gains of the university students

who served as tutors in the service-learning programs using the multimodal features

extracted from the online synchronous session. To evaluate their perceived learning

gains, the 95 student tutors were invited to complete a bilingual Chinese–English Self-

Reported Learning Gains Inventory (SRLGI) at the conclusion of the courses. The

SRLGI was specifically designed to capture their reflections on multiple dimensions

of learning outcomes associated with service-learning.

The SRLGI was adapted and validated for this research through a rigorous multi-stage

process. Drawing upon prior studies on service-learning assessment, the instrument

was tailored to the specific context of these programs. A panel of experienced service-

learning educators and researchers reviewed the items to ensure both content and face

validity. Subsequent exploratory and confirmatory factor analyses confirmed the in-

ternal structure of the four-factor model, with satisfactory fit indices (CFI = 0.973,

TLI = 0.956, NFI = 0.971, RMSEA = 0.073), demonstrating the instrument’s reliabil-

ity and construct validity. All participants were informed of the study’s purpose and

assured that participation was voluntary and unrelated to academic evaluation. Eth-

ical approval for data collection and analysis was granted by the university’s research
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ethics committee.

Table 5.1: Self-Reported Learning Gains Inventory (SRLGI)

Learning

Outcomes
Items:

To what extent do you think the service-learning course/program increased

or improved your...

Intellectual

Ability to apply knowledge and skill in real life

Ability to solve problems

Ability to think creatively

Ability to reflect on and learn from your experiences

Ability to analyze issues from multiple perspectives

Social

Ability to establish and maintain good relationships with other people

Ability to work with others in a team to achieve common goals

Respect for people with different backgrounds or perspectives

Civic

Understanding of the needs, potentials, and resources of the community

that you served

Empathy for disadvantaged people

Commitment to creating a better society

Intrapersonal

Self-confidence

Self-understanding

Commitment to continued self-improvement

As shown in Table 5.1, the inventory consists of fourteen items grouped into four

learning-outcome dimensions: Intellectual (ILO), Social (SLO), Civic (CLO), and

Intrapersonal (IPLO). Each item was rated on a ten-point Likert scale, where 1 in-

dicated “very little” benefit and 10 indicated “very much” benefit. Of the 95 tu-

tors, 66 voluntarily completed the post-program inventory, yielding a response rate

of 69.5%. Every service-learning program was represented by at least one response,

ensuring complete program-level coverage despite the partial participation rate. For

each learning dimension, the mean of its corresponding items was computed to obtain
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an overall score.

Figure 5.3 Distribution of averaged learning outcomes: ILO (mean = 7.60, SD =

1.96), SLO (mean = 8.01, SD = 1.81), CLO (mean = 7.87, SD = 1.91), and IPLO

(mean = 7.86, SD = 1.88)

Figure 5.4 Illustration of learning gain classification scheme

Figure 5.3 presents the distribution of the averaged SRLGI scores across the four

learning-outcome dimensions: Intellectual (ILO), Social (SLO), Civic (CLO), and In-

trapersonal (IPLO). All four dimensions exhibit positively skewed distributions with

median values clustered between 7.5 and 8.0, indicating that most tutors reported

moderate to high perceived learning gains. The relatively narrow interquartile ranges

and standard deviations (approximately 1.8–2.0) suggest a consistent learning ex-
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perience across participants, with only a few low-scoring outliers. Among the four

categories, the Social and Civic outcomes show slightly higher medians and tighter

spreads, implying stronger and more homogeneous development in interpersonal and

community-oriented skills. By contrast, the Intellectual and Intrapersonal outcomes

display wider score ranges, reflecting greater individual variability in cognitive growth

and self-reflective learning.

Task definition: This study aims to predict individual tutors’ self-reported learn-

ing outcomes using multimodal features extracted from the recorded service-learning

sessions. For each tutor, the averaged scores from the Self-Reported Learning Gains

Inventory (SRLGI) serve as the target variables corresponding to the four outcome

dimensions. To formulate a supervised classification task, the continuous scores are

discretised into three levels—Top 25%, Middle 50%, and Bottom 25%—according to

their empirical distribution (Figure 5.4). This process yields 16, 34, and 16 samples in

the top, middle, and bottom categories, respectively. The predictive models take as

input the temporally aligned transcript, audio, and screen-based features described in

the previous sections. This formulation enables systematic examination of how mul-

timodal behavioural patterns correspond to different levels of self-perceived learning

gains and evaluates the relative contribution of linguistic, acoustic, and visual modali-

ties. By combining session-level multimodal data with post-program self-assessments,

the study provides an integrated view of how tutors’ interactional and instructional

behaviours are associated with their learning development in online service-learning

environments.

5.3 Feature Extraction

As illustrated in Figure 5.5, the utterance serves as the fundamental unit for synchro-

nizing multimodal feature extraction from the transcript, audio, and screen-sharing

streams. Each utterance is precisely defined by its timestamp in the transcript, pro-
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Figure 5.5 Overall framework for multimodal feature extraction, illustrating the

alignment of transcript, audio, and screen-sharing data at the utterance level and the

corresponding feature groups derived from each modality

viding an explicit start and end time for alignment across modalities. For example, an

utterance spanning 00:10:52.230–00:10:53.370 specifies the exact temporal window

for which the corresponding acoustic and visual features are extracted. This design

ensures that all features correspond to the same communicative event, allowing the

analysis to capture not only the linguistic content of what was said but also the ac-

companying vocal and visual expressions. The use of the utterance as the temporal

reference unit offers several advantages. First, it provides a natural segmentation of

interaction that reflects conversational flow rather than arbitrary time slicing. Second,

it enables consistent multimodal alignment by matching the audio waveform, screen

content, and camera-view frames directly to the linguistic transcript without resam-

pling or interpolation. Through this alignment scheme, multimodal data streams are

converted into utterance-level feature vectors that can be integrated into downstream

predictive models.
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Transcript Features

Linguistic characteristics of spoken utterances provide important cues for under-

standing engagement, cognition, and communication processes in learning environ-

ments [1, 58]. In this study, both statistical and semantic features were extracted from

each transcribed utterance, covering surface-level linguistic indicators and higher-level

semantic representations. The extracted features are summarised as follows:

1. Basic Linguistic Features: For each utterance, we compute the total word

count, the count of content words (nouns, verbs, adjectives, and adverbs), and

the utterance duration derived from the transcript timestamps. These measures

reflect linguistic productivity and fluency, which are often associated with the

speaker’s communicative involvement and cognitive effort.

2. LIWC-Based Psycholinguistic Features: The Linguistic Inquiry and Word

Count (LIWC) lexicon categorises words into psychologically meaningful di-

mensions, enabling the analysis of cognitive, emotional, and social aspects of

language use. In this work, we focus on two major categories: cognitive pro-

cesses (e.g., insight, causation) and affective states (e.g., positive and nega-

tive emotions). Cognitive-process terms reflect reasoning and reflection, while

affective-state terms capture emotional tone and motivational stance during

communication.

3. Dialogue Act Features: Each utterance is annotated with one or more dia-

logue act categories to represent its communicative function, including Greeting,

Question, Answer, Feedback, Agreement, Disagreement, Clarification, Request,

Suggestion, Thanking, and Closing. Because Zoom transcriptions often include

compound or multifunctional sentences, multiple dialogue act labels may co-

occur within a single utterance. These annotations provide a pragmatic layer

that complements linguistic content with interactional intent.
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4. Semantic Embeddings: To capture the contextual meaning beyond surface-

level word use, each utterance is encoded into a 768-dimensional vector using

a pre-trained Sentence-BERT model [81]. These embeddings represent seman-

tic similarity and discourse coherence across utterances in a continuous vector

space, enabling downstream models to learn patterns of meaning and topic

alignment that are not explicitly observable in lexical statistics.

Audio Features

Acoustic features extracted from speech provide valuable information for analysing

engagement, affective states, and interaction quality in educational contexts [87].

Beyond basic signal descriptors, paralinguistic characteristics such as prosody and

speaking style convey subtle cues about communicative behaviour and emotional

involvement [72]. In this study, four groups of audio features are extracted for each

utterance, combining low-level acoustic descriptors from the eGeMAPS feature set

with high-level contextual embeddings derived from a self-supervised speech model.

1. Frequency-Related Features: Capture pitch and harmonic properties of

speech, including measures such as fundamental frequency (F0), formant fre-

quencies, jitter, and harmonic-to-noise ratio. These features provide informa-

tion about pitch variability and prosodic patterns during interaction.

2. Energy-Related Features: Describe the loudness and energy dynamics of

speech, including overall loudness, standard deviation, and the range and slope

of energy changes. Such features reflect vocal intensity and emphasis, which are

linked to engagement and affective expression.

3. Spectral-Related Features: Characterise the spectral shape and timbre of

speech, with measures such as spectral flux, Mel-frequency cepstral coefficients

(MFCCs), and spectral slopes. These features capture the richness and clarity
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of the voice signal and are informative for distinguishing variation in speech

quality.

4. Paralinguistic Embeddings: High-level representations derived from a pre-

trained wav2vec 2.0 model [7]. Each utterance is encoded as a fixed-length (768)

embedding that captures complex prosodic and contextual acoustic patterns

beyond those represented by hand-crafted descriptors.

Figure 5.6 Illustration of screen content embedding extraction

Screen Recording Features

The quality and delivery of instructional content, conveyed through screen presen-

tations in online teaching, are recognised as significant factors influencing student

engagement and learning outcomes [49, 9]. Visual information, alongside spoken lan-

guage and audio cues, shapes how learners process and retain material. To capture

both the informational content and the visual characteristics of screen sharing, we

extract two types of features from the video recordings:

1. Content Embeddings: Each keyframe from the shared-screen recordings is

first processed using the multimodal vision–language model Qwen2.5-VL [8],

which automatically identifies the scene type (e.g., slide, video, coding interface)

and generates a concise description of the on-screen content, such as titles, bullet

points, or visual elements. The combined textual output—comprising both
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scene type and content description—is then encoded into semantic embeddings

using the same Sentence-BERT model employed for transcript features. This

design ensures cross-modality consistency and allows the semantic alignment of

spoken and visual instructional content within a unified embedding space.

2. Keyframe Embeddings: To complement the textual description, direct vi-

sual embeddings are extracted from the same keyframes using BLIP-2 [55], a

vision–language pre-trained model capable of encoding high-level scene seman-

tics. These embeddings capture spatial layout, visual complexity, and stylistic

structure, providing information about how instructional content is visually or-

ganised and presented.

By integrating textual and visual representations, this feature set captures both the

conceptual meaning of instructional materials and the perceptual characteristics of

their delivery, offering a holistic view of how screen-shared content supports commu-

nication and learning.

Figure 5.7 Examples of camera usage change and pose extraction
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Gallery-View Recording Features

The gallery-view recordings capture the simultaneous video feeds of all participants

during the synchronous sessions, providing visual information about their on-camera

presence and nonverbal behaviour. As illustrated in Figure 5.7, each frame con-

tains multiple participants—tutors, peers, and service recipients (SRs)—whose video

streams are analysed to extract two categories of features: camera usage and body

pose.

1. Camera Usage: Prior studies have shown that camera usage in videocon-

ferencing can influence learners’ satisfaction, sense of presence, and perceived

learning outcomes [15, 47, 9]. In this study, camera-usage features are computed

per utterance for the target tutor, aligned to the utterance’s start–end times-

tamps. Let u denote an utterance and Fu the number of gallery-view frames

that fall within the utterance window. Define Cu,f ∈ {0, 1} as an indicator that

equals 1 if the target’s camera is on in frame f of utterance u, and 0 otherwise.

Then,

CCTu =
Fu∑
f=1

I(Cu,f = 1), CRTu =
1

Fu

Fu∑
f=1

I(Cu,f = 1),

where CCTu represents the camera-on frame count within utterance u, and

CRTu denotes the corresponding proportion of on-camera frames within that

utterance. When aggregated beyond the utterance level—such as by role con-

dition or session date—these utterance-level statistics are averaged accordingly.

2. Body Pose: Body-pose features are extracted from gallery-view frames using

ViTPose [101], which detects skeletal keypoints of each participant in real time.

From these keypoints, two motion-based descriptors are computed: (1) the

Pose of Target (PT), representing the aggregated body-pose features of the tar-

get tutor across frames, which describe overall posture and movement dynamics

during interaction; and (2) the Body Movement of Target (BMT), representing
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the frame-wise variation of the target’s body pose, measured as the temporal

difference between consecutive pose vectors, as introduced in the feature en-

gineering procedure in Chapter 3. BMT reflects the magnitude of movement

change and serves as an indicator of physical activity or visible engagement

intensity captured through the camera.

To contextualise these visual features, all gallery-view recordings are segmented ac-

cording to the active speaker identified from the transcript. Each segment is labelled

as one of three conversational conditions: (1) Target Speaking, when the focal tutor is

speaking; (2) Peer Speaking, when another tutor is speaking; and (3) Service Recipient

Speaking, when an SR is speaking. Within each condition, camera-usage and body-

pose features are averaged to represent the participants’ overall visual state. This

role-based contextualisation enables the analysis of how tutors and learners maintain

visual presence and bodily activity across different phases of group interaction, link-

ing observable nonverbal behaviour to learning dynamics in online service-learning

sessions.

5.4 Experiment Results

5.4.1 Experiment Design

To evaluate the effectiveness of different modelling strategies for multimodal feature

analysis, we systematically compare alternative approaches to feature construction

and fusion. Multimodal features are extracted at the utterance level for each target

student, and two methods are employed to construct the final feature representation

for prediction: utterance-based and date-based.

In the utterance-based method, features from all utterances spoken by a target student

are concatenated in temporal order to form a feature matrix of size [Nutterance, Dfeat],
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where Nutterance is the number of utterances and Dfeat is the dimensionality of each

feature vector. This sequence is then modelled with a gated recurrent unit (GRU)

to predict the student’s learning outcomes. In the date-based method, utterances

are grouped by session date, producing feature matrices of size [Ndate, Dfeat], where

Ndate denotes the number of days in which the student participated. GRU models

are then applied to capture temporal dependencies across days. Both feature con-

struction methods are implemented under unimodal and multimodal conditions. For

multimodal experiments, we compare two fusion strategies: (1) direct concatenation,

which merges feature vectors from different modalities, and (2) attention-based fu-

sion, which dynamically assigns weights to each modality according to its predictive

contribution.

All models are trained and evaluated using student-level five-fold cross-validation,

with results reported as the average across folds. Early stopping with a patience

of 10 epochs is applied based on validation loss, with a maximum of 200 training

epochs per run. Optimization is performed using Adam with a learning rate of 1 ×

10−4. Hyperparameters are selected through heuristic search to identify appropriate

configurations for each experimental condition. The dataset of 66 target students is

randomly divided into a training set of 49 and a test set of 17, corresponding to a 0.75

train-test split. Model performance is assessed by predicting self-reported learning

outcomes using the constructed feature representations.

5.4.2 Unimodal Features

The unimodal experiments assess the predictive power of individual feature sets de-

rived from transcript, audio, screen, and gallery-view modalities. Results are com-

pared across feature types and feature construction strategies. Model performance is

evaluated for four self-reported learning gains categories: Intellectual, Social, Civic,

and Intrapersonal. Each modality is modelled independently to identify which fea-
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Table 5.2: Predictive performance of transcript features under two feature construc-

tion methods

Features
Feature

Construction

Intellectual Social Civic Intrapersonal

Acc. F1 Acc. F1 Acc. F1 Acc. F1

Speech

Features

Utterance 0.53 0.51 0.55 0.54 0.42 0.41 0.64 0.62

Date 0.59 0.58 0.57 0.56 0.45 0.44 0.68 0.67

LIWC

Features

Utterance 0.54 0.52 0.58 0.57 0.62 0.61 0.49 0.48

Date 0.58 0.56 0.60 0.59 0.65 0.64 0.51 0.50

Dialogue

Act

Utterance 0.49 0.48 0.62 0.61 0.46 0.45 0.44 0.42

Date 0.55 0.54 0.66 0.65 0.50 0.49 0.47 0.46

Utterance

Embeddings

Utterance 0.53 0.57 0.55 0.54 0.54 0.53 0.48 0.47

Date 0.64 0.62 0.56 0.55 0.52 0.51 0.64 0.63

tures are most indicative of learning gains and how different feature construction

methods influence predictive effectiveness. Specifically, transcript features capture

linguistic and semantic patterns in tutors’ speech; audio features model vocal and

prosodic characteristics; screen features represent the instructional content being

shared; and gallery-view features quantify visible participation and body pose during

online interaction. This decomposition enables a systematic examination of how each

modality, considered in isolation, relates to tutors’ perceived learning development

before exploring cross-modal dependencies in subsequent sections.

Transcript Features As shown in Table 5.2, transcript-based models demonstrate

solid predictive capability across all four learning outcomes, with performance rang-

ing between 0.42 and 0.68 in weighted accuracy. Among the feature types, Utterance

Embeddings consistently achieve the strongest overall results, reaching 0.64 in ac-
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curacy and 0.62 in F1-score for both the Intellectual and Intrapersonal outcomes

under the date-based configuration. This indicates that high-level semantic repre-

sentations effectively capture discourse coherence and conceptual depth in tutors’

language, which are closely tied to reflective learning and cognitive growth. LIWC

Features also yield competitive performance, particularly for Civic (0.65) and So-

cial (0.60) outcomes, outperforming other linguistic categories in these dimensions.

This pattern suggests that psychologically informed lexical indicators—such as words

associated with reasoning, empathy, and social processes—are reliable markers of

community-oriented and collaborative learning. Dialogue Act Features show moder-

ate but distinctive predictive power, with notably high performance on Social learn-

ing (0.66 accuracy, 0.65 F1), reflecting that communicative functions such as giving

feedback, agreeing, and responding to peers correlate with the development of inter-

personal skills. In contrast, surface-level Speech Features perform relatively lower in

most dimensions (0.53–0.59 accuracy) but attain the best results for Intrapersonal

learning (0.68 accuracy, 0.67 F1). This may reflect that verbosity, elaboration, and

temporal pacing are linked to tutors’ self-reflective expression and confidence during

instruction. Across all feature categories, the date-based construction method gen-

erally outperforms utterance-based modelling, with improvements of approximately

0.03–0.07 across outcomes. This may indicate that aggregating linguistic behaviour

over entire sessions captures more stable communicative patterns, reducing noise from

local variations at the utterance level. Overall, transcript-based models reveal that

both semantic and psychologically grounded linguistic indicators are robust predictors

of tutors’ perceived learning gains, particularly for intellectual and social-cognitive di-

mensions.

Audio Features As presented in Table 5.3, audio-based features display moderate

yet consistent predictive performance across all learning outcomes, with accuracies

ranging between 0.40 and 0.62. Among the four feature categories, Paralinguistic
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Table 5.3: Predictive performance of audio features under two feature construction

methods

Features
Feature

Construction

Intellectual Social Civic Intrapersonal

Acc. F1 Acc. F1 Acc. F1 Acc. F1

Frequency
Utterance 0.45 0.43 0.48 0.46 0.41 0.39 0.52 0.50

Date 0.49 0.47 0.50 0.49 0.44 0.42 0.55 0.54

Energy
Utterance 0.48 0.46 0.52 0.51 0.56 0.55 0.44 0.43

Date 0.51 0.50 0.54 0.53 0.46 0.45 0.59 0.58

Spectral
Utterance 0.44 0.42 0.47 0.45 0.40 0.38 0.50 0.49

Date 0.47 0.45 0.49 0.48 0.43 0.41 0.53 0.52

Paralinguistic

Embeddings

Utterance 0.56 0.55 0.53 0.51 0.47 0.46 0.58 0.57

Date 0.62 0.60 0.55 0.54 0.50 0.49 0.62 0.61

Embeddings achieve the highest overall results, particularly for the Intellectual (0.62

accuracy, 0.60 F1) and Intrapersonal (0.62 accuracy, 0.61 F1) outcomes under the

date-based configuration. These embeddings, derived from wav2vec 2.0, encode rich

prosodic and contextual acoustic representations that extend beyond handcrafted

signal descriptors, capturing subtle variations in speaking style, tone, and emphasis

associated with cognitive engagement and self-reflective expression. Low-level de-

scriptors—including Frequency-, Energy-, and Spectral -related features—show com-

plementary yet differentiated predictive patterns. Frequency features exhibit steady

performance across all learning dimensions (0.45–0.50 accuracy), suggesting that

prosodic variation such as pitch modulation reflects attentional focus and commu-

nicative adaptability during instruction. Energy-related features yield higher scores

in the Civic outcome (0.56 accuracy, 0.55 F1 in utterance-based) and strong perfor-

mance for Intrapersonal learning (0.59 accuracy, 0.58 F1 in date-based), indicating

that vocal intensity and loudness dynamics may signal tutors’ affective involvement
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Table 5.4: Predictive performance of screen features under two feature construction

methods

Features
Feature

Construction

Intellectual Social Civic Intrapersonal

Acc. F1 Acc. F1 Acc. F1 Acc. F1

Content

Embeddings

Utterance 0.60 0.59 0.45 0.43 0.50 0.49 0.51 0.50

Date 0.67 0.66 0.48 0.46 0.54 0.53 0.55 0.54

Keyframe

Embeddings

Utterance 0.50 0.48 0.54 0.53 0.53 0.52 0.45 0.43

Date 0.53 0.51 0.56 0.55 0.48 0.46 0.57 0.56

and assertiveness in guiding interactions. Spectral features produce slightly lower

but stable results (0.40–0.53 accuracy), which likely capture articulation clarity and

sound quality nuances that correlate with communication fluency.

Screen Recording Features As shown in Table 5.4, screen-based features yield

competitive predictive performance, revealing that the instructional content displayed

through screen sharing provides meaningful cues about tutors’ learning outcomes.

The Content Embeddings, generated from textual descriptions of the shared-screen

keyframes, achieve the highest overall accuracy across outcomes, with particularly

strong performance in the Intellectual dimension (0.67 accuracy, 0.66 F1). This sug-

gests that the semantic richness and topical diversity of the presented material cor-

relate with tutors’ cognitive engagement and conceptual mastery. Tutors who deliver

more content-dense, well-structured explanations may also demonstrate deeper un-

derstanding and reflective learning. By contrast, Keyframe Embeddings, which encode

the visual composition and layout of the shared screen, show relatively stronger re-

sults for the Social (0.56 accuracy, 0.55 F1) and Intrapersonal (0.57 accuracy, 0.56 F1)

categories. These outcomes imply that visually engaging and dynamic instructional

materials—such as activity slides, demonstrations, or graphical elements—may foster
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Table 5.5: Predictive performance of gallery-view features under two feature con-

struction methods

Features
Feature

Construction

Intellectual Social Civic Intrapersonal

Acc. F1 Acc. F1 Acc. F1 Acc. F1

Camera-On

Count (CCT)

Utterance 0.55 0.53 0.59 0.57 0.56 0.54 0.27 0.26

Date 0.54 0.52 0.63 0.61 0.60 0.58 0.30 0.29

Camera-On

Ratio (CRT)

Utterance 0.50 0.48 0.61 0.60 0.54 0.52 0.26 0.25

Date 0.52 0.51 0.59 0.57 0.57 0.56 0.28 0.27

Pose of Target

(PT)

Utterance 0.58 0.56 0.52 0.51 0.59 0.57 0.33 0.32

Date 0.56 0.54 0.55 0.53 0.58 0.57 0.34 0.33

Pose-Difference

of Target (PDT)

Utterance 0.57 0.55 0.57 0.55 0.61 0.60 0.33 0.32

Date 0.59 0.57 0.55 0.53 0.59 0.57 0.35 0.34

interpersonal collaboration and self-reflective awareness. Interestingly, the Civic out-

come displays mixed results: utterance-based keyframe features slightly outperform

date-based ones (0.53 vs. 0.48), suggesting that short-term variations in instructional

context or screen transitions may capture momentary social responsiveness that ag-

gregated representations tend to smooth out.

Gallery-view Recording Features As shown in Table 5.5, gallery-view features

exhibit consistent predictive capability across learning outcomes, demonstrating that

visible participation and nonverbal behaviour captured through the camera provide

informative cues for modelling learning-related engagement. Overall, accuracy ranges

between 0.25 and 0.63, with the strongest results observed for the Social and Civic

outcomes, reflecting the interactional and community-oriented characteristics of the

service-learning context.
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For the camera-usage features, both the Camera-On Count (CCT) and the Camera-

On Ratio (CRT) achieve moderate but reliable performance. CCT slightly outper-

forms CRT across most outcomes, reaching 0.63 accuracy and 0.61 F1 for Social

learning and 0.60 accuracy and 0.58 F1 for Civic learning under the date-based con-

figuration. These results suggest that tutors who appear on camera more frequently

are more engaged in interaction and more active in maintaining social presence. In

contrast, CRT, which reflects the proportion of frames in which the camera remains

active, performs marginally lower but still captures complementary aspects of sus-

tained participation and attentiveness. The body-pose features provide additional

insight into tutors’ physical activity and embodied engagement. The Pose of Target

(PT) features, which represent overall posture and movement distribution, achieve

competitive performance across all dimensions, with the highest accuracy of 0.58 for

Intellectual learning in the utterance-based model. The Pose-Difference of Target

(PDT) features, capturing frame-to-frame pose variation, yield the best results over-

all, reaching 0.59 accuracy (0.57 F1) for Intellectual and 0.61 accuracy (0.60 F1)

for Civic outcomes. These findings indicate that dynamic bodily movements—such

as head nods, gestural emphasis, and posture shifts—reflect cognitive and affective

engagement signals that correlate with perceived learning.

5.4.3 Multimodal Features

To evaluate the joint contribution of linguistic, acoustic, and visual modalities, mul-

timodal experiments were conducted by combining transcript, audio, screen, and

gallery-view features under two fusion strategies: concatenation and attention-based

fusion. Results are summarised in Table 5.6. Overall, fusing complementary modal-

ities led to consistent performance gains over unimodal baselines, confirming that

learners’ behaviours and communicative cues are more effectively represented when

information from multiple channels is integrated.
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Table 5.6: Predictive performance of multimodal features under two fusion strate-

gies

Feature

Combination

Fusion

Strategy

Intellectual Social Civic Intrapersonal

Acc. F1 Acc. F1 Acc. F1 Acc. F1

Transcript + Audio
Concat 0.61 0.59 0.70 0.66 0.51 0.49 0.68 0.66

Attention 0.60 0.58 0.72 0.69 0.53 0.51 0.69 0.68

Transcript + Screen
Concat 0.68 0.66 0.63 0.61 0.55 0.53 0.67 0.65

Attention 0.69 0.68 0.65 0.63 0.54 0.52 0.68 0.67

Transcript + Gallery
Concat 0.65 0.63 0.68 0.66 0.55 0.53 0.65 0.64

Attention 0.67 0.65 0.69 0.67 0.56 0.55 0.67 0.66

Audio + Screen
Concat 0.59 0.57 0.63 0.61 0.48 0.46 0.62 0.61

Attention 0.57 0.55 0.62 0.60 0.49 0.47 0.61 0.60

Audio + Gallery
Concat 0.58 0.56 0.65 0.63 0.52 0.50 0.63 0.62

Attention 0.60 0.58 0.66 0.64 0.53 0.52 0.64 0.63

Screen + Gallery
Concat 0.63 0.61 0.64 0.62 0.54 0.52 0.65 0.63

Attention 0.62 0.60 0.65 0.63 0.53 0.51 0.66 0.65

Transcript + Audio

+ Screen

Concat 0.68 0.67 0.71 0.69 0.53 0.52 0.69 0.68

Attention 0.71 0.70 0.74 0.72 0.55 0.54 0.72 0.71

Transcript + Audio

+ Gallery

Concat 0.69 0.67 0.73 0.71 0.56 0.54 0.70 0.68

Attention 0.71 0.69 0.72 0.70 0.57 0.55 0.72 0.70

Transcript + Screen

+ Gallery

Concat 0.69 0.67 0.71 0.69 0.56 0.54 0.70 0.68

Attention 0.68 0.66 0.70 0.68 0.55 0.53 0.71 0.70

Audio + Screen

+ Gallery

Concat 0.61 0.59 0.63 0.61 0.49 0.47 0.63 0.61

Attention 0.60 0.58 0.61 0.59 0.51 0.49 0.64 0.62

All

(T + A + S + G)

Concat 0.69 0.68 0.72 0.70 0.55 0.54 0.70 0.69

Attention 0.73 0.72 0.75 0.73 0.57 0.56 0.73 0.72
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Among two-modality combinations, Transcript+Audio and Transcript+Gallery achieved

the strongest results, particularly on the Social and Intrapersonal outcomes. These

improvements suggest that coupling spoken content with vocal and visual responsive-

ness provides a more complete view of interpersonal engagement and self-expression.

In contrast, the Audio+Screen and Audio+Gallery pairs exhibited modest improve-

ments, indicating that purely perceptual channels without linguistic grounding are

less predictive of learning gains. The Screen+Gallery combination performed mod-

erately well, implying that observable on-screen activity and visible body movement

capture complementary but weaker behavioural signals compared to speech-related

features.

For three-modality settings, the inclusion of transcript features consistently enhanced

predictive accuracy across outcomes. The combinations Transcript+Audio+Screen

and Transcript+Audio+Gallery both surpassed their bimodal counterparts, with the

latter showing particularly high F1-scores on the Social dimension (0.73) and In-

trapersonal learning (0.72). This indicates that integrating verbal, paralinguistic,

and visual behaviours helps model not only cognitive but also relational aspects of

engagement during collaborative learning.

The four-modality fusion (T+A+S+G) achieved the overall best results, reaching an

F1-score of 0.73 on Social learning and 0.72 on Intrapersonal outcomes. However,

the gains over three-modality settings were incremental, suggesting a saturation ef-

fect where additional modalities contribute diminishing returns once core linguistic

and affective signals are included. Furthermore, attention-based fusion was not uni-

versally superior—simple concatenation performed comparably or slightly better in

several configurations such as Transcript+Audio and Screen+Gallery. This indicates

that, under limited training data, explicit weighting mechanisms do not always gen-

eralise better than direct feature integration. Overall, these findings highlight that

multimodal modelling benefits from a balanced fusion of language, sound, and vision,

where each channel enriches different dimensions of learners’ behavioural representa-
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tion.

5.5 Discussion

RQ1: Which single-modality feature set (transcript, audio, screen, or

gallery-view descriptors) most accurately predicts student learning gains

in synchronous service-learning classes? Among the four modalities, transcript

features emerge as the most effective predictors of student learning gains. Utterance

embeddings derived from Sentence-BERT models capture not only lexical content but

also semantic coherence and contextual relevance within instructional dialogue. When

aggregated at the session level, these embeddings reflect the degree of conceptual or-

ganisation and the tutors’ ability to sustain meaningful discourse over time. Their

consistent superiority across learning outcomes indicates that language-based repre-

sentations are closely aligned with cognitive engagement and reflective understand-

ing. LIWC-based psycholinguistic features further enrich this linguistic perspective

by quantifying metacognitive and affective markers—such as causal reasoning and re-

flective verbs—that are theoretically linked to deep learning processes. Dialogue-act

features complement these signals by modelling the communicative intent of utter-

ances; acts such as clarification, feedback, and agreement correspond to collaborative

sense-making and social coordination, which are particularly relevant to Social and

Civic learning outcomes.

Audio features provide complementary but comparatively weaker predictive power.

Paralinguistic embeddings from wav2vec 2.0 encode prosodic variation and vocal

style, yielding moderate accuracy for the Intellectual and Intrapersonal dimensions.

These cues capture how tutors express themselves—through tone, emphasis, and

rhythm—rather than what they say, and are thus more indicative of affective involve-

ment and confidence than of cognitive depth. Low-level frequency, energy, and spec-

tral features show more limited contribution, reflecting that surface acoustic variation
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alone does not directly signify conceptual understanding or reflective engagement.

Figure 5.8 Average frame counts of different scene types across intellectual gain

groups

Table 5.7: Scene type statistics under different learning gain groups (ILO).

Scene Type Bottom Middle High F -value p-value

Others 150.000 208.484 164.438 0.310 0.734

Video Playing 143.714 82.935 106.375 1.459 0.241

Game 45.071 51.645 95.313 1.592 0.212

Web Page 341.929 344.258 422.063 0.201 0.819

Coding Experiment 280.145 261.389 607.125 315393.800 0.000**

PPT 255.348 426.164 563.211 323882.465 0.000**

Screen-based features demonstrate strong predictive power for the Intellectual learn-

ing dimension, highlighting the role of instructional content and presentation context

in shaping cognitive outcomes. The analysis of scene-type distributions (Figure 5.8

and Table 5.7) reveals significant differences across learning-gain groups, particularly
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for the Coding Experiment and PPT scenes (p < 0.001). High-gain tutors spent sub-

stantially more time presenting slides and conducting coding demonstrations, indicat-

ing that active engagement with structured and content-rich instructional materials

corresponds to higher intellectual learning gains. In contrast, low-gain participants

exhibited relatively greater proportions of passive or unstructured scenes such as

video playing or browsing, suggesting a weaker instructional focus. The superior per-

formance of content embeddings (0.67 F1) further supports this interpretation. These

embeddings, which capture the semantic richness and organisational clarity of shared

materials, appear to reflect tutors’ conceptual depth and pedagogical preparation

more effectively than purely visual or aesthetic features. By contrast, keyframe em-

beddings show only moderate predictive accuracy, implying that the layout or visual

design of materials contributes less to learning outcomes than their semantic con-

tent. Overall, these results demonstrate that cognitively active and well-structured

screen activities—particularly those involving explanation, demonstration, and syn-

thesis—serve as reliable indicators of intellectual learning gain.

Figure 5.9 Average camera-on frame counts of target students across different speak-

ing roles (Target, Peer, and SR) under varying learning gain groups
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Table 5.8: Camera-on frame statistics of target students across different speaking

roles under varying learning gain groups

Role (Speaking to Target) Bottom Middle High F-value p-value

Target Speaking 12,687.38 20,325.88 32,117.25 1,099.39 0.000**

Peer Speaking 1,874.36 2,487.69 3,512.70 539.83 0.000**

SR Speaking 192.19 467.50 769.11 1,152.64 0.000**

The gallery-view analysis extends the multimodal framework to visible social and

embodied engagement. As shown in Figure 5.9 and Table 5.8, camera-usage statis-

tics vary significantly across learning-gain groups (p < 0.001). High-gain participants

maintain substantially higher camera-on frame counts across all speaking roles, with

the largest increase observed during their own speaking turns (over 32,000 frames on

average). This consistent on-camera presence suggests stronger social engagement

and willingness to communicate visually, aligning with the collaborative and civic

objectives of the service-learning environment. In addition, higher camera-on rates

when peers or service recipients are speaking indicate attentive participation and

responsive listening—behaviours that likely contribute to perceived social connected-

ness and empathy. These findings correspond to the positive correlations observed

between camera-usage features (CCT and CRT) and Social and Civic learning gains.

Body-pose dynamics, particularly the Pose-Difference of Target (PDT), achieve the

strongest Civic and Intellectual predictions (0.61 F1), showing that visible bodily

expressiveness and micro-movements serve as secondary but meaningful cues of en-

gagement and reflection. Together, the gallery-view results suggest that sustained

visibility, active physical presence, and responsive nonverbal behaviours distinguish

more socially and cognitively engaged learners.

RQ2: To what extent does multimodal fusion enhance predictive perfor-

mance compared with the best single-modality baseline? Multimodal fusion
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generally improves predictive performance over unimodal models, but the magnitude

and consistency of improvement vary across learning outcomes and modality combi-

nations. Among bimodal models, the combination of Transcript+Audio and Tran-

script+Gallery yields the highest gains, with F1-scores up to 0.69–0.70 on Social and

Intrapersonal dimensions. These results suggest that the integration of linguistic con-

tent with vocal tone or visible social responsiveness provides a richer representation

of communicative engagement and self-expression. The combinations Audio+Screen

and Audio+Gallery, by contrast, yield smaller gains, indicating that perceptual cues

without linguistic grounding capture limited cognitive information.

In three-modality settings, the inclusion of transcript features consistently enhances

performance. Both Transcript+Audio+Screen and Transcript+Audio+Gallery ex-

ceed the best bimodal results, achieving up to 0.72 F1 in the Social and Intrap-

ersonal categories. The latter combination is particularly effective, demonstrating

that combining verbal, paralinguistic, and visible social cues captures not only cogni-

tive processing but also interpersonal coordination—core attributes of collaborative

learning in service-learning contexts. However, the gains diminish when adding a

fourth modality: the full T+A+S+G model achieves the highest average F1 (0.73 in

Social, 0.72 in Intrapersonal), but only modestly improves over the three-modality

systems. This pattern reflects a saturation effect typical in multimodal learning ana-

lytics, where additional modalities yield diminishing returns once primary linguistic

and behavioural channels are represented.

Interestingly, the superiority of the attention-based fusion strategy is not universal.

While attention mechanisms produce the best overall results in most configurations,

simple concatenation occasionally performs equally well or slightly better (e.g., in

Transcript+Audio or Screen+Gallery combinations). This suggests that when train-

ing data are limited, the added parameterization of attention may introduce noise

rather than consistent benefit, and straightforward integration can provide more sta-

ble generalisation. Nevertheless, attention-based fusion retains interpretive advan-
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tages, as it enables dynamic weighting of modalities according to their contextual

relevance for each prediction.

Overall, the findings confirm that multimodal fusion enhances the robustness and ex-

pressiveness of learning prediction models by integrating complementary behavioural

signals across linguistic, paralinguistic, and visual domains. Language remains the

dominant modality, but acoustic, screen-based, and visual cues together enrich the

model’s understanding of how cognitive, social, and affective processes jointly mani-

fest in online service-learning environments. The results thus highlight the importance

of balanced multimodal integration—where linguistic features anchor conceptual un-

derstanding, and visual and acoustic modalities provide behavioural context—to build

reliable, scalable analytics for adaptive online education.

5.5.1 Limitations and contextual considerations

Several limitations of this study should be acknowledged. First, the participant sam-

ple comprises university students from Hong Kong serving as tutors to international

service recipients from India, the Philippines, and South Africa. This cross-cultural

composition introduces considerable variation in communicative norms, language pro-

ficiency, and interactional expectations. While this diversity reflects the authentic

conditions of international service-learning, it also means that the behavioural pat-

terns captured by the models may be shaped by culture-specific factors—such as

norms around camera usage, verbal participation, and nonverbal expressiveness—

that limit direct generalisability to other educational settings or cultural contexts.

Second, the theoretical mechanisms linking specific behavioural features to specific

learning dimensions deserve further elaboration. The finding that linguistic features

best predict intellectual learning gains is consistent with constructivist theories of

learning, which posit that articulating ideas through discourse promotes cognitive

restructuring and deeper understanding. Similarly, the association between camera-

122



5.6. Summary

usage features and social and civic learning outcomes aligns with theories of social

presence, which suggest that visible participation fosters interpersonal trust, empathy,

and a sense of shared purpose. However, the current predictive framework does not

model these mediating processes explicitly; it establishes statistical associations rather

than causal pathways. Future work could integrate mediation analysis or structural

equation modelling to test whether specific behavioural indicators serve as proxies for

theoretically motivated latent processes such as cognitive elaboration, social bonding,

or reflective self-regulation.

Third, the reliance on self-reported learning gains, while standard in service-learning

research, introduces the possibility that the models partially capture dispositional

tendencies—such as general positivity or engagement orientation—rather than actual

learning. Complementing self-reports with objective indicators such as project quality

assessments, peer evaluations, or pre-post knowledge tests would provide a more

robust basis for validating the behavioural predictors identified in this study.

5.6 Summary

This chapter presented a comprehensive multimodal analysis of synchronous on-

line service-learning programs, aiming to predict tutors’ self-reported learning gains

from behavioural and communicative cues captured in videoconferencing data. Four

modalities—transcript, audio, screen, and gallery view—were examined under both

unimodal and multimodal configurations, offering complementary perspectives on lin-

guistic, paralinguistic, instructional, and visual behaviour.

Unimodal analyses revealed that linguistic features were the most reliable predictors

of learning gains, reflecting the central role of discourse coherence and metacognitive

language in tutors’ reflective learning processes. Audio features provided additional

affective and expressive information, while screen content captured cognitive and in-
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structional aspects related to knowledge presentation. The newly introduced gallery-

view features extended these insights to nonverbal behaviour, showing that camera

presence and body movement offer meaningful indicators of social engagement and

civic awareness, albeit with weaker standalone predictive power.

Multimodal fusion further improved performance by integrating complementary be-

havioural signals. Models combining transcript, audio, and visual modalities consis-

tently outperformed single-modality baselines, with the four-modality fusion achiev-

ing the highest accuracy on social and intrapersonal outcomes. The results underscore

that learning in synchronous service-learning environments is jointly shaped by lin-

guistic expression, vocal delivery, and visible participation. However, the marginal

gains from additional modalities also suggest a limit to multimodal scalability when

key behavioural dimensions are already well represented.

Overall, this study demonstrates that multimodal learning analytics can effectively

capture the interplay between cognitive, social, and affective processes in online in-

struction. By linking automatically extracted behavioural features to validated mea-

sures of learning gain, the findings provide empirical foundations for developing adap-

tive feedback and analytics tools that support more responsive and reflective online

teaching.
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Discussion

6.1 Evaluation and interpretation of experimental

design

This thesis investigates how multimodal behavioural signals can be used to under-

stand human interaction in group contexts. The three studies—backchannel detec-

tion, agreement estimation, and learning-gain prediction—were all designed to cap-

ture complementary levels of human communication: the occurrence of listener re-

sponses, the interpretation of their attitudinal meaning, and the relation between

interactional behaviour and learning outcomes. Although each task adopts a distinct

dataset and evaluation metric, they share the same underlying assumption: the ob-

served behavioural patterns are reliable indicators of the participant’s communicative

or cognitive state. The validity of this assumption determines the interpretability of

model performance.

In the backchannel detection and agreement estimation studies, the annotation pro-

cess relies on observable nonverbal cues such as head motion, gaze, and facial expres-

sions, combined with temporal alignment to the speaker’s utterances. This approach
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is effective for modelling spontaneous conversation, but it also inherits the ambiguity

of human interpretation. For example, a head nod may indicate acknowledgment,

agreement, or encouragement depending on the conversational context. By mod-

elling the surrounding temporal context through hierarchical attention, the proposed

temporal visual framework mitigates this ambiguity to some extent, yet annotation

reliability remains bounded by subjective perception.

More broadly, the behavioural proxies used across all three studies may not map

onto a single psychological construct. A head nod labelled as a backchannel could

serve as a continuity signal, an expression of agreement, or a polite acknowledgment;

similarly, sustained camera presence in the learning-gain study may reflect genuine

social engagement, habitual behaviour, or compliance with institutional norms rather

than deep cognitive involvement. These one-to-many mappings between observable

behaviour and underlying communicative or cognitive intent represent a fundamental

challenge in social signal processing. While the models in this thesis learn statisti-

cal regularities between behavioural features and annotated labels, the interpretive

link between predicted outputs and psychological constructs should be treated with

caution. Future work could address this limitation by incorporating richer annota-

tion schemes that distinguish among communicative functions, or by triangulating

model predictions with complementary measures such as retrospective self-reports or

physiological indicators.

The learning-gain prediction task is grounded in self-reported outcomes, which pro-

vide a reasonable approximation of individual learning development but cannot fully

capture objective achievement. While the self-report method is widely used in service-

learning research, it may introduce response bias or cultural variation in self-assessment.

To reduce such effects, this study focused on relative rather than absolute predic-

tion accuracy. The use of behavioural rather than content-based features also helps

ensure that the models reflect observable engagement patterns rather than linguis-

tic self-presentation. Nevertheless, integrating external performance indicators, such
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as project assessments or peer ratings, could further strengthen the validity of be-

havioural inference in future studies.

It should also be acknowledged that shared dispositional factors—such as confidence,

engagement tendency, or self-enhancement bias—may simultaneously influence both

behavioural expression and self-reported learning outcomes, introducing a potential

common-method or latent-variable confound. For instance, a naturally outgoing tutor

may speak more frequently, maintain camera presence, and also rate their own learn-

ing gains more favourably, without the behavioural features causally contributing to

the learning outcome. Although the multimodal framework captures meaningful sta-

tistical associations, disentangling the causal pathways from behavioural indicators

to learning outcomes would require designs that control for such dispositional vari-

ables, for example through longitudinal tracking, pre-post personality assessments,

or instrumental variable approaches.

6.2 Comparative analysis of modelling approaches

Throughout the three studies, the choice of modelling strategy strongly influenced

the ability to capture the nature of human behaviours. In backchannel detection, the

proposed temporal visual attention framework demonstrated that multi-scale tem-

poral modelling and channel-specific attention are essential for identifying brief yet

meaningful visual signals. This design allows the model to attend to subtle mo-

tion variations that correspond to listener feedback, achieving higher accuracy than

general-purpose vision models trained on large but unrelated datasets. The results

suggest that human social cues require explicit temporal reasoning rather than broad-

spectrum feature learning.

The agreement estimation task extended this design to multimodal integration. Com-

bining visual descriptors (facial landmarks, head pose, and facial action units) with
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prosodic features significantly improved prediction accuracy over unimodal baselines.

The inclusion of speaker diarisation proved particularly useful: by isolating listener

segments, it reduced noise introduced by the speaker’s movement or speech and en-

abled the model to learn more consistent patterns of listener alignment. These findings

highlight that context-aware preprocessing can be as important as model complexity

in social signal tasks.

In learning-gain prediction, multimodal fusion offered a different set of insights. Lin-

guistic and content-related features dominated the predictive performance, while vi-

sual indicators such as camera use and body posture provided complementary infor-

mation about social presence. Compared with the first two studies, where attention-

based fusion improved accuracy, simple concatenation performed competitively here.

This can be attributed to data scale and noise: with limited samples per class, a

lightweight integration strategy preserved complementary information without intro-

ducing additional parameters that might overfit. Together, these results demonstrate

that the optimal modelling configuration depends on the granularity of the target

construct and the reliability of available signals.

6.3 From prediction to behavioural explanation

The three studies in this thesis demonstrate that multimodal models can predict

communicative events and learning outcomes with meaningful accuracy. However,

predictive performance alone does not fully explain the behavioural processes that

generate these outcomes. Understanding why certain features are predictive—and

what they reveal about the social and cognitive mechanisms at work—is equally

important for translating computational findings into actionable insights for education

and human–computer interaction research.

In the backchannel detection study, the attention visualisations in Chapter 3 provide
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a partial window into the model’s reasoning: the Micro-CM and Macro-CM mod-

ules consistently assign higher weights to head movement and facial channels during

confirmed backchannel events, aligning with the known communicative salience of

nodding and smiling in listener feedback. These correspondences suggest that the

model captures behaviourally meaningful patterns rather than spurious correlations,

yet the framework does not explicitly model the conversational function of each de-

tected backchannel—whether it serves as an acknowledgment, an encouragement, or

an expression of agreement.

In the agreement estimation study, the fusion analyses reveal that energy-based acous-

tic features and fine-grained facial dynamics are the most informative predictors.

These findings are consistent with communication theory, which holds that prosodic

warmth and facial expressiveness signal positive affect and social alignment. Never-

theless, the regression model estimates a continuous agreement score without decom-

posing it into the constituent communicative acts—such as endorsement, compliance,

or affective support—that may underlie the annotation. A richer explanatory account

would require annotation schemes that capture these distinctions and models that can

relate specific feature patterns to specific communicative functions.

In the learning-gain prediction study, the strongest predictors—utterance embeddings

for intellectual outcomes, and camera-usage features for social and civic outcomes—

point to plausible behavioural mechanisms. Linguistically rich and coherent discourse

likely reflects deeper cognitive engagement and conceptual understanding, while sus-

tained visual presence signals interpersonal commitment and collaborative readiness.

Yet the current analysis does not establish whether these behaviours directly cause

learning gains or merely co-occur with them. The theoretical linkage between conver-

sational behaviour and multidimensional learning outcomes remains an area where

future work could draw more explicitly on educational theories of experiential and

service-learning to articulate the mediating processes.

Moreover, the naturalistic settings used across all three studies introduce ecological
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variability that both strengthens and constrains interpretation. The authenticity of

the data ensures that the models encounter realistic behavioural variation, but it also

means that contextual factors—such as discussion topic, task structure, instructor

facilitation style, and session design—may systematically shape the behavioural pat-

terns observed. These factors are not controlled or modelled in the current framework,

and their influence on the results should be considered when generalising the findings

to other settings or populations.

6.4 Contextual and individual factors

The behavioural signals analysed in this thesis are not produced in isolation; they

emerge within specific social, cultural, and interpersonal contexts that shape their

form and interpretation. While the use of naturalistic data is a methodological

strength, it also means that the findings are situated within particular contextual

conditions that warrant explicit acknowledgment.

At the group level, interpersonal dynamics such as familiarity among participants,

perceived social hierarchy, conversational dominance, and role distribution are likely

to influence both backchannel frequency and the expression of agreement. In the MPI-

IGroupInteraction dataset, for instance, some participants may have known each other

prior to the recording, while others may have been strangers, potentially leading to

different baseline levels of nonverbal responsiveness. Similarly, in the service-learning

programmes, tutor teams with stronger pre-existing rapport may exhibit different

interactional patterns than newly formed groups. These group-dynamic factors are

not explicitly modelled or controlled in the current studies and may contribute to

within-dataset variability that the models absorb as noise or as learned regularities

that do not generalise to other group compositions.

At the individual level, personality traits and cognitive characteristics represent an-

130



6.4. Contextual and individual factors

other source of behavioural variability that the current framework does not account

for. Factors such as introversion–extraversion, social anxiety, agreeableness, and neu-

rodivergent characteristics (e.g., autism spectrum traits or ADHD-related tendencies)

are known to influence backchannel frequency, facial expressiveness, gaze patterns,

and participation willingness in group settings. For example, a highly introverted

participant may produce fewer but more deliberate backchannels, while a participant

with high agreeableness may nod frequently regardless of actual cognitive alignment.

These individual differences could introduce systematic variability in the behavioural

features that confounds the relationship between observed cues and the target con-

structs. Incorporating personality or trait-level covariates in future modelling efforts

could help disentangle stable individual tendencies from context-dependent commu-

nicative signals.

The demographic and cultural composition of the participant samples also warrants

consideration. The backchannel detection and agreement estimation studies draw

on the MPIIGroupInteraction dataset (German university students) and the CCDb

dataset (UK university participants), while the learning-gain study involves Hong

Kong university tutors working with international service recipients from India, the

Philippines, and South Africa. Research in cross-cultural pragmatics has established

that backchannel frequency, agreement expression norms, and nonverbal display rules

vary considerably across cultures and languages. Although the models achieve strong

performance within the studied datasets, the extent to which these findings generalise

across cultural and linguistic contexts remains an open question. This is particularly

relevant for the agreement estimation task, where culturally specific norms around

directness, politeness, and the social acceptability of disagreement may shape how

agreement is expressed and perceived. Future studies could address this limitation

by evaluating the proposed frameworks on multilingual or cross-cultural datasets and

by incorporating culture-aware normalisation or adaptation mechanisms.
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6.5 Extending multimodal features under the same

framework

The experiments in this thesis primarily utilise visual, acoustic, and linguistic modal-

ities. However, the same experimental framework could be extended to incorporate

additional sources of behavioural information. Facial micro-expressions and gaze fixa-

tion patterns, already partially represented through OpenFace and ViTPose features,

could be complemented by facial emotion rate or pupil dilation measures if camera

quality allows. These cues are known to correlate with cognitive load and attention

level and may refine agreement estimation and learning-gain prediction.

Similarly, body posture and hand gesture features could be further explored for group

dynamics analysis. The current datasets focus on upper-body cues due to camera

framing, yet gestural emphasis and torso orientation often reflect degrees of involve-

ment. Future data collection could include full-body recordings to support such anal-

ysis. Moreover, incorporating physiological measures such as heart rate variability or

galvanic skin response would provide an objective cross-check for inferred affective

states, analogous to how gaze and mouse coordination were triangulated in earlier

HCI studies.

6.6 Implications beyond the current scope

The contributions of this thesis extend beyond the specific models or datasets em-

ployed. From a methodological perspective, the work demonstrates that temporal en-

coding of fine-grained behaviours—through subtraction, differencing, and attention

weighting—provides a general strategy for translating raw multimodal signals into

interpretable social indicators. From a theoretical standpoint, the findings support

the view that conversational responsiveness, agreement, and learning engagement are
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governed by shared principles of synchrony and adaptation.

Practically, these findings suggest multiple avenues for application. In educational

technology, automatic detection of responsive cues and agreement states could sup-

port real-time facilitation in online group learning, helping instructors monitor en-

gagement without manual annotation. For instance, a dashboard that highlights mo-

ments of low backchannel activity or declining agreement could prompt instructors

to adjust pacing, invite questions, or restructure group composition. In assessment

contexts, the learning-gain prediction framework could complement traditional eval-

uation methods by providing continuous, behaviour-based indicators of engagement

and participation, reducing reliance on end-of-course surveys alone.

In social robotics and virtual communication systems, adaptive models that interpret

visual feedback and prosody could enhance naturalness and empathy in interaction.

A conversational agent equipped with backchannel detection could generate appro-

priately timed listener responses, while agreement-aware systems could adapt their

communication strategy based on the perceived level of user alignment. Beyond

dyadic interaction, the multimodal frameworks developed here could inform the de-

sign of group collaboration tools that monitor and visualise participation balance,

attentional coordination, and affective climate across team members.

The emphasis on interpretable temporal structures also offers a bridge between data-

driven modelling and behavioural theory. By aligning computational attention maps

with known communicative events, such as head nods or gaze shifts, the approach

makes it possible to visualise and validate how models internalise behavioural mean-

ing. This interpretability is essential for building trust in multimodal analytics and

for integrating such systems into real educational and social applications.
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6.7 Summary

This chapter has discussed the methodological, conceptual, and contextual implica-

tions of the three studies presented in this thesis. The evaluation of experimental

design highlighted the construct validity challenges inherent in mapping observable

behaviours to psychological constructs, and the potential for common-method con-

founds in self-reported learning outcomes. The comparative analysis of modelling

approaches confirmed that the optimal configuration depends on the granularity and

reliability of the target construct. The discussion of prediction and explanation un-

derscored the importance of moving beyond performance metrics to articulate the

behavioural mechanisms that underlie model predictions. The analysis of contex-

tual and individual factors acknowledged that group dynamics, personality traits,

and cultural norms represent unmodelled sources of variability that may influence

both behavioural expression and model generalisability. Together, these reflections

confirm that modelling short-term temporal patterns and selectively integrating com-

plementary modalities are crucial for understanding human interaction in naturalistic

settings. Context awareness, role differentiation, construct validity, and interpretabil-

ity emerge as key design principles for future multimodal research. By bridging vi-

sual perception, acoustic modelling, and learning analytics, this work contributes to

a broader framework for computational understanding of social interaction and its

relation to human learning and collaboration.
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Conclusion and Future Work

7.1 Conclusion

This thesis investigates how multimodal behavioural analysis can be used to under-

stand human interaction and learning processes in group contexts. The three studies

collectively examine a hierarchy of phenomena: (i) the occurrence of listener feedback

in group conversation, (ii) the interpretation of agreement intensity expressed through

backchannel behaviours, and (iii) the prediction of learning gains in online service-

learning programmes. Together, these investigations provide a comprehensive view

of how visual, acoustic, and linguistic signals reflect social responsiveness, attitudinal

alignment, and learning engagement.

The first study establishes a temporal visual attention framework for detecting backchan-

nel behaviours in multi-party conversation. By integrating micro-, uni-, and macro-

level temporal modules, the framework captures both instantaneous and sustained

visual dynamics, enabling accurate recognition of subtle listener actions such as nods

and smiles. Evaluation on the MPIIGroupInteraction and CCDb datasets demon-

strates that explicitly modelling temporal continuity and cross-channel relations yields

substantial improvement over baseline and general-purpose vision models. This find-
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ing confirms that fine-grained temporal reasoning is indispensable for decoding spon-

taneous nonverbal cues in natural group interactions.

Building on this foundation, the second study extends the focus from behaviour recog-

nition to attitudinal interpretation. A multimodal regression framework is developed

to estimate agreement intensity by combining visual and acoustic features. The re-

sults show that visual cues—particularly head orientation, facial actions, and gaze

patterns—are reliable indicators of agreement, while energy- and spectral-based au-

dio descriptors provide complementary information about prosodic modulation. The

incorporation of speaker diarisation improves consistency by isolating listener-specific

behaviours from speaker activity. These findings indicate that agreement is best in-

ferred from synchronised, short-term patterns across modalities rather than from

isolated signals, highlighting the role of multimodal convergence in modelling subtle

affective states.

The third study connects micro-level behavioural modelling with macro-level learn-

ing analytics. Using multimodal data from synchronous service-learning sessions, it

predicts students’ intellectual, social, civic, and intrapersonal learning gains from

conversational features. The results reveal that linguistic indicators derived from

transcripts are the strongest predictors of intellectual outcomes, while camera-usage

and pose-difference features from gallery-view videos contribute significantly to so-

cial and civic learning. Screen-content embeddings further capture cognitive aspects

linked to topic depth and task complexity. These results suggest that learning effec-

tiveness in collaborative online settings can be inferred from behavioural markers of

verbal engagement and visual participation.

These studies demonstrate a coherent methodological progression—from visual tem-

poral analysis, to multimodal attitudinal inference, to outcome-level prediction—anchored

in the same principle that short-horizon temporal modelling and selective multimodal

integration are essential for understanding human interaction. The thesis contributes

both methodological advances, such as motion-aware temporal attention and role-
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aware preprocessing, and conceptual insights into how responsiveness, agreement,

and engagement are interlinked across communicative and educational domains.

7.2 Future Work

Although the present studies confirm the feasibility of multimodal modelling for social

and learning behaviours, several directions remain open for future exploration.

(1) Expansion of datasets and domains. The current datasets, while diverse

in modality and context, are limited in scale and demographic coverage. Enlarging

the participant pool and extending to additional cultural or linguistic backgrounds

would allow more generalisable conclusions about behavioural variability. For educa-

tional contexts, expanding the corpus to multiple courses or disciplines could test the

robustness of the learning-gain predictors across pedagogical settings.

(2) Integration of additional modalities. Future work may incorporate comple-

mentary physiological or behavioural signals such as eye-blink rate, pupil dilation, or

heart-rate variability. These signals can provide objective measures of cognitive load

and emotional arousal that enrich interpretation of backchannel and agreement be-

haviours. For learning analytics, combining such measures with video and transcript

features could help disentangle affective engagement from task difficulty.

(3) Adaptive and data-efficient modelling. While the proposed frameworks

perform well on moderate-sized datasets, large-scale deployment requires models that

adapt efficiently to new domains. Few-shot or self-supervised learning methods could

be explored to transfer representations from one interaction context to another. In

educational applications, adaptive models could learn personalised baselines for each

learner or group, similar to the transition from user-independent to user-dependent

settings in HCI studies.

(4) Modelling individual differences and contextual factors. As discussed in
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Chapter 6, the current studies do not explicitly account for individual difference vari-

ables such as personality traits (e.g., introversion–extraversion, agreeableness), social

anxiety, or neurodivergent characteristics, all of which are known to influence nonver-

bal expressiveness and participation patterns. Incorporating such covariates—either

as input features, as conditioning variables, or through personalised normalisation

layers—could improve model robustness and help disentangle stable individual ten-

dencies from context-dependent communicative signals. Similarly, modelling group-

level factors such as familiarity, role hierarchy, and conversational dominance could

enhance the interpretability of backchannel and agreement behaviours in multi-party

settings.

(5) Cross-cultural and cross-linguistic evaluation. The datasets employed in

this thesis are drawn from Western European (German and UK) and East Asian

(Hong Kong) contexts, limiting the cultural scope of the findings. Backchannel

norms, agreement expression, and nonverbal display rules vary substantially across

cultures and languages. Evaluating the proposed frameworks on multilingual or

cross-cultural datasets would test the generalisability of the learned representations

and identify culture-specific behavioural patterns that require adaptation. Devel-

oping culture-aware models—for example, through domain adaptation or culture-

conditioned normalisation—represents a promising direction for building more inclu-

sive multimodal interaction systems.

(6) Application to broader interaction domains. While this thesis focuses on

group conversation and educational settings, the multimodal analysis frameworks de-

veloped here have potential relevance to other domains where group interaction plays a

central role. In team sports, for instance, nonverbal coordination and backchannel-like

feedback among players may relate to team cohesion and performance. In crowd be-

haviour analysis, detecting patterns of collective agreement or attentional synchrony

could support safety monitoring and event management. In clinical and therapeutic

settings, modelling patient–therapist interactional dynamics could inform assessments
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of rapport, engagement, and treatment responsiveness. Exploring these applications

would not only test the generalisability of the proposed methods but also broaden

the impact of multimodal interaction research beyond its current boundaries.

In conclusion, this thesis demonstrates that multimodal and temporally aware com-

putational modelling can provide deep insights into human interaction and learning.

By bridging the analysis of micro-behavioural cues and macro-level outcomes, it lays

a foundation for the development of socially aware and educationally meaningful in-

telligent systems. Future extensions that expand the scope of data, modalities, and

interpretive granularity will further enhance our understanding of how people com-

municate, align, and learn together.
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Chapter 8

Other Contributions

Beyond the core studies presented in this thesis, several additional research efforts

have extended its methodological principles into related domains. These works share

a common objective of advancing multimodal understanding and adaptive represen-

tation learning, spanning areas such as social signal processing, trustworthy commu-

nication, educational data mining, and scientific representation learning. Collectively,

they demonstrate the versatility of temporal modelling and multimodal integration

across diverse applications.

Multimodal Behaviour Analysis and Social Signal Processing

Engagement estimation in human interaction. A lightweight multimodal frame-

work was developed to estimate engagement levels in dyadic conversation by combin-

ing body motion descriptors with short-term audio features. The system captured

temporal synchrony between interlocutors and achieved substantial improvement over

existing baselines. Analyses showed that longer observation windows and the inclusion

of partner features enhanced model stability, reinforcing the importance of contextual

and interpersonal information for engagement estimation.
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Backchannel agreement estimation with individual standardisation. The

CMIS-Net architecture introduced a cascaded multi-scale individual standardisation

mechanism to separate person-specific and invariant behavioural patterns. This ap-

proach reduced inter-personal variability and mitigated data imbalance in agreement-

intensity prediction. Results demonstrated improved generalisation across speakers

and backchannel types, particularly for auditory signals, highlighting the value of

adaptive normalisation in modelling heterogeneous social behaviours.

Trustworthy AI for Communication Security

Privacy-preserving phone-scam detection with modular sanitisation. A

modular adaptive sanitisation framework, MASK, was proposed for privacy-preserving

phone-scam detection using large language models. The system supports configurable

sanitisation strategies—from keyword masking to neural redaction—allowing flexible

trade-offs between privacy protection and detection accuracy. The framework con-

tributes a general architecture and training paradigm for balancing transparency,

reliability, and data protection in real-world conversational AI applications.

LLM-based scam detection framework. A conceptual analysis of LLM-based

scam-detection pipelines was conducted to identify open challenges in robustness,

multilingual generalisation, and privacy. This position work situates the MASK

framework within a broader research landscape and outlines future directions for

developing trustworthy, secure, and adaptable conversational intelligence systems.

Educational Data Mining and Recommender Systems

Multimodal-enhanced collaborative filtering for e-learning A multimodal

collaborative-filtering model was developed to support personalised learning-resource

recommendation. The framework integrates learners’ behavioural histories, seman-
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tic representations of learning materials, and temporal activity dynamics to model

evolving preferences. A learner–resource importance weighting and recurrent tem-

poral component improve both recommendation precision and interpretability, con-

tributing to adaptive learning analytics in online education.

Molecular Representation Learning

Molecular property prediction. The Ring2Vec representation-learning method

was introduced to model molecular substructures as distributional embeddings. By

encoding atomic composition and relational context in a unified vector space, the ap-

proach enables efficient and accurate prediction of key molecular properties in organic

materials. This work extends linguistic-inspired embedding techniques to scientific

data, demonstrating the generalisability of representation-learning principles beyond

human communication.

Across these studies—spanning human interaction analysis, secure communication,

educational recommendation, and molecular modelling—the unifying principle lies in

representation design that aligns structure, context, and meaning. Each contribution

operationalises the core methodological ideas of this thesis: temporal modelling of

sequential dynamics, multimodal fusion of complementary cues, and adaptive stan-

dardisation for individual or contextual variability. Collectively, these works demon-

strate the broader applicability and impact of the research framework developed in

this dissertation.
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