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ABSTRACT

EXPLORING THE EFFECTS OF MULTIMODAL FEATURES ON A
MACHINE LEARNING KNOWLEDGE TRACKER

Conversations involve multiple channels of information exchange. Spoken language is
the most common, but non-verbal cues such as gestures, body pose, and movements also
play a role. These channels carry semantic information but are discrete and harder for
machines to detect. Recent advances in multimodal Large Language Models (LLMs) show
that incorporating additional modalities can improve performance, raising the question: how
much do extra modalities contribute, and what are the limits of continually stacking them?
Modeling the flow of conversation remains challenging for Al, particularly in natural, col-
laborative settings where non-verbal channels are prominent. To address this, TRACE was
developed, a multimodal system that monitors shared knowledge in group tasks by tracking
utterances, gestures, and actions. The system runs in real time using speech-only features,
while an offline version integrates broader modalities, including problem-solving cues from
speech, actions, and gestures. This thesis extends the live system by incorporating addi-
tional features. Some require training new models to process visual inputs in real time.
Since components may differ from the offline version, I will conduct a comparative analysis
of both systems. The evaluation will highlight cases where the live version underperforms,
as some loss is expected. A comparison with the current live tracker will also measure the
impact of new modalities. The Weights Task Dataset [Khebour et al., 2024a, 2023| will be
used for training, testing, and evaluation of action and gesture classification. Automating
this process reduces the need for manual annotation and links gestures to broader semantic

context, offering substantial value for future work.
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Chapter 1

Introduction

Collaboration is at the core of human problem-solving. Classrooms, workplaces, and re-
search labs, are all places where groups achieve more when they combine their different
perspectives and thinking processes, to build on each other’s ideas. Despite its importance,
collaboration has received relatively little attention in Al research, as most Al systems still
treat communication as a single-channel process.

Within situated collaborative environments, due to the multiple channels people use to
communicate, the potential benefit of a multimodal model should be self-evidence, where
the richness of interaction requires a broader view of multimodality. However, most previous
work in multimodal machine learning emphasizes the quantity of data or relies on a small
set of modalities, usually images and text.

This thesis takes collaboration as the main application and asks how different modalities
(spoken language, gestures, and other non-verbal cues) contribute to understanding group
interactions. These signals can often determine how and what information is communicated
in real time. A simple head nod can signal agreement while a pointing gesture can anchor
a discussion. That is why, before designing AI systems that can support and eventually
intervene in human teamwork, it is crucial to understand how these modalities work together.

This research provides a conceptual contribution, by advancing our understanding of
multimodal interaction in collaborative settings, and questions the trivial assumption that
"more data is always better", specifically in multimodal machine learning. It also offers prac-
tical contributions, including s a proof of concept for building richer multimodal AT pipelines
that can integrate under-represented features alongside more traditional ones. Showing the
scenarios when multimodality strengthens performance, and when it has the opposite effect,
this works lays the foundation of how to build Al systems that are more context-aware, more

interpretable, and more importantly expandable to better enhance human collaboration.

1.1 Motivation

The traditional focus in machine learning systems has mainly been on a single type of
input, such as text, images, or audio. Real world interactions are, however, multimodal.

Naturally, humans combine speech, gestures, gaze, and body movement to convey meaning.



Only recently, multimodal machine learning has gained visibility [Baltrusaitis et al., 2018].
Technological advances in data collection and data processing made both labor and cost
softer for gathering diverse signals. Also, new multimodal fusion architectures made the
alignment and integration of these signals within the same system possible. As a result,
we get a giant wave of impactful applications, from Al assistants that combine speech and
vision, to generative systems for image captioning and video interpretation. This is very
promising for multimodal AI, but they highlight some open questions: When is it helpful to
add modalities, and when does it create redundancy or noise?

A specific area was left with more questions: collaboration [Barron, 2000]. Multimodal
machine learning is focused on individual tasks, when group interactions introduce more
interesting challenges and opportunities. To sustain an effective collaboration, participants
must maintain a shared common ground [Stalnaker, 2002, Clark, 1996]: an evolving record of
what has been said, agreed upon, or disputed. A shared knowledge grants the group time to
coordinate, avoid misunderstandings, and adapt to new developments in real time. Tracking
common ground is a powerful subject to study for both human and machine understanding
of collaboration. By automatically recognizing when beliefs are aligned, when there’s a new
suggestion, or when progress stalls, Al systems can provide significant support for teamwork.
This support can highlight overlooked contributions or questions, it can prompt alternatives,
and can also develop techniques to keep the group on track.

This thesis aims at tackling that challenge by studying multimodality within machine
learning in collaborative problem solving environments. I aim to uncover both the strengths
and the limitations of multimodal fusion, by isolating and analyzing how the signals of
different features shift the tracking of common ground. The ultimate goal is to inform the
design of Al systems that can enhance human-human conversations by fostering richer and

more effective collaboration.

1.2 Research Questions and Hypotheses

This work’s goal is to explore the following questions:

RQ1: How do additional modalities influence the performance of a multimodal machine

learning model in a collaboration tracking task?
RQ2: What are the limitations of stacking modalities on top of each other?

RQ3: To what extent does the inclusion of low-resourced features impact a model’s perfor-

mance in a collaborative setting?



Following up on the research questions, these hypotheses are formulated:

H1: Adding additional modalities will improve performance of the multimodal model com-

pared to unimodal baselines in collaboration tracking tasks.

H2: The main limitations to stacking modalities on top of each other are computational

(training time, memory usage), rather than performance trade-off.

H3: Low-resource modalities will require more training time to converge compared to high-
resource counterparts, but once trained, their performance contributions will be com-

parable.

1.3 Approach Overview

I will introduce a newly collected dataset of group collaboration, and present a systematic
analysis of modality contributions. I design experiments that ablate specific input channels,
such as speech, gestures, and other non-verbal cues, to isolate their effect on model perfor-
mance. I investigate the advantages and the limitations of multimodal fusion. The goal is
not merely to add more data, but to understand how each modality shapes the Al system’s
learning, and to inform the design of interpretable systems that can adapt the integration of
the most useful channels.

To investigate these multimodal contributions in collaborative settings, this thesis shows
how speech, prosody, gestures and others features affect the performance of a computational
model referred to as Common Ground Tracker (CGT). This model automatically tracks
shared knowledge in collaborative dialogues. And investigating which modalities matter
most and why sheds light on how intelligent systems can better interpret human group
interactions.

The CGT framework was initially introduced in [Khebour et al., 2024b]. It models the
evolving state of common ground. Common Ground is identified as the beliefs and goals
that participants mutually recognize during a collaborative problem-solving. The system
integrates a move classifier, which identifies conversational acts such as Statement, Accept,
and Doubt, and a set of logical closure rules that update the group’s shared belief space. The
CGT offers a dynamic representation of what participants agree/disagree on, which issues
remain open, and how evidence for or against propositions accumulates over time.

The main focus of this research is to understand why multimodality matters. Speech
conveys explicit content and intentions; prosody adds cues about emotion and certainty;

gestures enrich spatial and referential grounding. These channels together can shape the



evolution of common ground.The CGT is trained under different sets of modalities. The
evaluation of performance improvements alone is not enough, I will also present how some
features contribute more effectively than others.

The remainder of this thesis is organized as follows: Chapter 2 reviews related work on
multimodal machine learning, with a focus on collaboration and existing datasets. Chapter
3 details the dataset used in this work and its multimodal richness. Chapter 4 introduces the
real-time Common Ground Tracking system. Chapter 5 presents the analysis and results.
Finally, chapter 6 will conclude this thesis by taking a look at the whole picture, and suggest

directions for future research.



Chapter 2
Related Work

The scope of this research is interdisciplinary, spanning over artificial intelligence, human-
human interactions and learning sciences. This chapter will cover the wide literature that is
connected to these research topics. This section reviews literature from two angles: multi-
modality in machine learning and collaborative problem solving, highlighting studies outside
classroom settings. In the first angle, I will cover the different fusion techniques used in
previous work, and the challenges often met in the process of training a multimodal ML
model. The second angle will help explain the choices made for feature selection, as well
as the design of the model and the system that will solve the task. This chapter will help
address the research questions above as it situates the study of multimodal machine learning
and collaborative problem solving within published work. Indeed, examining fusion strate-
gies and the challenges of combining modalities will lay the groundwork for exploring how

additional low-resourced modalities influence model performance.

2.1 Multimodality in Machine Learning

The goal of multimodal machine learning is to develop models that can process multiple
input channels such as language, vision, audio, gesture and physiological signals, to improve
the performance relative to single-modal AI models. Human communication and cognition
are inherently multimodal, which makes this area relevant for applications in various domains
like human-computer interaction, education, etc.

When designing a multimodal Al system, one of the main decisions that must be taken
is at what point should the different features be fused. Three main fusion strategies are
commonly used: early fusion, late fusion, or hybrid fusion.

Early fusion, or feature-level fusion, is when the data is joined at the beginning of the
Al model. In most cases, the data is simply concatenated, but other aggregate functions
can be used. The obtained tensor is used as a single input. Aggregating the features early
can lead to imbalance in contribution of the final prediction. This technique is best used
when data from all modalities is temporally aligned or when modalities are tightly coupled.
If the different modalities do not share the same format or shape it can be difficult to

find a meaningful way to represent all the features within a single one. Indeed, the new



representation will be biased towards the numerically larger data, thus losing the semantic
information encapsulated in the smaller valued tensor.

Meta-Transformer [Zhang et al., 2023] is a framework that introduced a novel approach
to multimodal learning by using frozen encoder capable of processing different modalities by
mapping raw inputs into a shared token space making it able to learn across 12 modalities.
This is a variation of early fusion using a Transformer encoder that enhanced the model’s
ability to generalize across diverse tasks. Another model that uses early fusion is the 4M
framework [Mizrahi et al., 2023|, unifying different modalities into a token sequence that a
single Transformer model processes to learn from multiple modalities simultaneously. This
model was developed by EPFL researchers to address the limitations of existing multimodal
approaches, beating the aforementioned Meta-Transformer by training across 21 different
modalities.

The second approach is the late fusion , also called score-level fusion, which is when each
modality is separately used to generate a decision score. The scores are then aggregated to
produce a final prediction. A voting system can be used for the final step, where each model
votes on a prediction, then the model outputs the most voted one. This is more suited
when modalities are heterogeneous or unaligned. When working with modals that have
different formats, this method is highly recommended as it preserves multimodality benefits
while maintaining the advantages of unimodal models. However, this technique meets its
limitations faster as it doesn’t have much room where multimodal fusion can improve. One
of the issues that can arise is the computation time that rapidly increases relative to the
earlier fusion. And the size of the neural network can cause the vanishing gradient problem.

One of the more recent models that use a late fusion adaptation is the AutoM3L [Luo
et al., 2024| which leverages the capabilities of LLMs to automatically build multimodal
training pipelines. The model understands modalities and selects adequate models based on
user requirements, making it easier for the researcher and others to do feature engineering
and hyperparameter tuning.

The hybrid fusion approach seems to be the correct equilibrium between the other two
as it trains some modals separately (likely to be the modalities that are disconnected from
the other ones) while the other features can be merged together. This method gives more
room for smarter and specific designs for Al systems since it encourages experimenting with
different fusion points for different combinations of modalities. This can serve as a form of
hyperparameter tuning to optimize fusion configurations. The main advantage of this fusion
process is that feature selection isn’t as restrictive as the previous methods. In fact, a hybrid
fusion based architecture can work with a larger pool of features, where some can share the

same format, and others can have their own shapes.



Hybrid fusion was the base of a multitude of models, MultiZoo & MultiBench [Liang
et al., 2023| is composed of a toolkit and a dataset that offer a classic implementation of
more than 20 trivial multimodal algorithms that spread across 15 datasets, 10 modalities
and 20 forecasting tasks and 6 distinct research areas. The toolkit assesses generalization,
computational efficiency and modality robustness. The algorithms used in this framework
offer a variety of fusion strategies including hybrid fusion. Unified-I0-2 [Lu et al., 2023]
is an auto-regressive sequence model that performs joint decoding across modalities while
using separate encoders for modality-specific pretraining. The model was released by Allen
Institute for Al and is open source and was trained on a diverse dataset including 1 billion
image-text pairs and 180 million video clips, making it a significant step toward understand-
ing multimodality. Self-Supervised Multimodal Learning Survey [Zong et al., 2023 discusses
different fusion techniques including contrastive learning methods aligning representations
from different modalities and mutual information maximization strategies enhancing the
shared information across modalities. Different approaches were presented, all aiming at
learning robust multimodal representations all in a self-supervised context. Figure 2.1a
shows an example of early fusion and late fusion architectures, while hybrid frameworks can
take many different forms depending on the feature selection among other factors like model
complexity.

Multimodality is a technical and design decision. This decision determines both what
information is captured and how it is captured to contribute to machine learning. The
above works show the pros and cons of each fusion technique discussed. This thesis does
not propose a novel fusion method but rather aims at extracting the advantages of each
technique as they apply to specific modalities in collaboration problem-solving environment.
Understanding these design decisions provides the foundation for selecting the signals to be

used to automatically track in real-world collaborative environments.
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Figure 2.1: Comparison of Early vs. Late Fusion approaches.



2.2 Domain Knowledge

2.2.1 Collaborative Problem Solving

Collaborative Problem Solving (CPS) is when a group of individuals get together to solve
a common problem. CPS rewards complementary skills, perspectives, knowledge. It is dif-
ferent from individual problem solving as it emphasizes social coordination, communication
and group-decision-making. In the 21st century, collaboration is a skill that has grown in
importance as reflected by many frameworks such as PISA [OECD, 2019] and 21st century
skills [Partnership for 21st Century Learning, 2019]. CPS is present in many theoretical
frameworks, highlighting that knowledge is co-constructed through interaction and dialogue.
Its part of cognition and provides a channel to analyze actions within social and cultural
contexts that are goal driven. Theories reinforce the idea that effective problem solving in
groups necessitates cognitive skills but also social competencies like turn taking, negotiation
and shared attention. But CPS wasn’t spared from the rise of Al in recent times, as we’ve
seen a move toward automating CPS analysis from interactions, leveraging the technolog-
ical advancements made in NLP, and multimodal machine learning. Verbal signals sensor
technologies have also helped with the process of extracting behavioral and nonverbal cues.
Indeed, researchers are now developing models that automatically recognize, predict and
support CPS. Tasks like dialogue act classification can detect collaboration states from con-
versations, while embodied agents and virtual tutors can do knowledge tracing incorporating
collaborative signals.

To mention some of the more recent frameworks and research advancements made to-
wards improving collaborative problem solving, we can invoke ThinkTank [Surabhi et al.,
2025], a framework designed to transform specialized Al agent systems into versatile collab-
orative intelligence platforms that has capacity to help in difficult problem-solving through
different domains. Thinktank gives the power to organizations to leverage collaborative Al
for knowledge based tasks, using frameworks built around Llama 3.1, all in a cost-effective
package offering security and data privacy. Collaborative Multi-Agent, Multi-Reasoning-
Path Prompting (CoMM) [Chen et al., 2024] is a multi-agent framework that improves the
reasoning of LLMs based on a collaboration technique that dispatches the task across differ-
ent roles each assigned to a distinct agent, together forming a problem-solving team. CoMM
employs diverse reasoning paths and a variety of expertise making it robust when facing com-
plex science problems. MetaGPT |[Hong et al., 2024] is another framework that embraces
human workflows into LLM-based multi-agent collaborations. It embeds Standardized Op-

erating Procedures (SOPs) into prompt sequences making it very efficient in collaborative



software engineering benchmarks. CPS-TaskForge [Haduong et al., 2024] is a data generator
capable of generating environments for different communication tasks. This is a great tool
for producing CPS corpora with multiple agents, enabling researchers to dive deeper into
human-human as well as human-Al collaborations.

It is important to understand the dynamics of CPS to clarify why multimodal signals
such as speech, gesture, and action are central to modeling collaborative interactions. These
insights directly inform the feature selection choices and the framing of the prediction tasks

which I will address later in this thesis.

2.2.2 Common Ground Tracking

In a dialogue, the listener has to link the semantic understanding from what the speaker says,
to the speaker’s intent considering the context. This process is referred to as "establishing
common ground" between speakers |Grice, 1975, Clark and Brennan, 1991, Stalnaker, 2002,
Asher, 1998, Traum and Larsson, 2003]. Common Ground refers to the set of common
beliefs among participants in a Human-Human Interaction (HHI) [Markowska et al., Traum,
1994, Hadley et al., 2022|, as well as H-Computer Interaction (HCI) [Krishnaswamy and
Pustejovsky, 2019, Ohmer et al., 2022|] and Human-Robot Interaction (HRI) [Kruijff et al.,
2010, Fischer, 2011, Scheutz et al., 2011]. [Del Tredici et al., 2022| have recently employed
the notion of common ground operationally to identify and select relevant information for
conversational QA system design. [Stewart et al., 2021] and [Bradford et al., 2023] both
study human-human collaboration through the lens of an AI agent. Dialogue state tracking
(DST) focuses on determining the current dialogue state or belief state of users during their
conversations [Budzianowski et al., 2018, Liao et al., 2021, Jacqmin et al., 2022]. Present
DST models can be divided into three categories: fixed ontology [Henderson et al., 2014,
Mrksi¢ et al., 2017, Chen et al., 2020], open vocabulary [Gao et al., 2019, Hosseini-Asl et al.,
2022, Wu et al., 2019], and hybrid approaches [Goel et al., 2019, Zhang et al., 2019, Heck
et al., 2020]. Lately, pretrained language models have gained popularity for modeling slot
relationships, while Graph Attention Networks (GATs) have been employed to represent
the hierarchical structure of DST, allowing for the integration of semantic compositionality,
cross-domain knowledge sharing, and co-reference resolution.

The exploration of nonverbal behavior’s role in multimodal communication has histori-
cally been a focus of research in HCI, but it has recently garnered renewed attention in the
Computational Linguistics field and the broader Al community. Gestures present a variety of
distinct dimensions in communication, including references to specific situations, indications

of precise spatial locations, and expressions of manner and orientation [Rohrer et al., 2020,



Kopp and Wachsmuth, 2010, Kong et al., 2015, Kendon, 1997, 2004, McNeill, 2019|. Ges-
ture Abstract Meaning Representation (GAMR) [Brutti et al., 2022] addresses gestures that
carry the same propositional content and intentionality as speech acts. A gesture can carry
meaning independently or can amplify the meaning conveyed by spoken language [Goldin-
Meadow, 2005, Krishnaswamy and Pustejovsky, 2020]. An essential aspect of multimodal
dialogue is human action, which not only conveys deictic and bridging information but can
also enact enduring changes in the world, thereby influencing the common ground [Tam
et al., 2023|. Significant efforts have been made to enable action recognition from video
[Sigurdsson et al., 2016] |[Gu et al., 2018] [Li et al., 2020], along with annotating particular
semantic roles [Sadhu et al., 2021].

In [Di Maro et al., 2021|, the authors utilize dynamic belief sets represented as graphs,
a method I do not directly employ. Nevertheless, this approach aligns theoretically and
computationally with the one presented in this thesis since the outcome (post-condition)
of a public announcement or observed action can serve as preconditions for transforming
evidenced propositions into strong beliefs, which provides a clear interpretation of common
ground tracking as a graph.

[Alikhani and Stone, 2020| propose a tutorial that focuses on grounding human-human
communication, dialogue systems and multimodal interactive systems. The authors suggest
creative ways that conversational agents might seek all while supporting their understanding
with evidence. The paper presents how humans establish and maintain common ground
during face-to-face communication, how dialogue systems like chatbots use grounding mech-
anisms to improve understanding, and how multimodal systems can integrate grounding
strategies in their designs.

[Udagawa and Aizawa, 2021| address the difficulty with sustaining shared understand-
ing between agents in temporally dynamic environments. The authors introduce Dynamic-
OneCommon, a new task in which agents with randomly shifting views of a shared scene
continuously refer to the same entity as it moves. A large dataset is collected of human dia-
logues rich in spatio-temporal language and they analyze the strategies that participants use
to maintain grounding, such as motion tracking and referring back to previous agreements.
Neural networks were proven to initiate common ground, but they struggle to maintain it
under dynamic conditions.

Reflect [Zhou et al., 2022] is another dataset targeting the role of common ground in
dialogues. It’s composed of 600 dialogue contexts manually annotated by the authors using
five types of inferred shared knowledge or beliefs, then they collect 9000 human responses
grounded in these inferences. Analysis showed that less than half of original dataset responses

meet high quality criteria (sensible, specific, interesting), whereas Reflect’s responses exceed
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the halfway point. They showed a 30% response quality improvement when they fine-tune
BlenderBot or prompt GPT-3 to reflect before replying. They find that inference-aware
generations are more engaging and create a contextually richer dialogue compared to reflexive
replies.

The design of a Common Ground Tracker is a core contribution of this thesis. Reviewing
existing and similar approaches to multimodal representations of interactions establishes the
theoretical basis for developing a model that captures shared understanding in collaborative
settings. Now that the domain of interest has been broken down, let us examine the datasets

available for studying collaborative interactions and common ground.

2.3 Pre-existing Datasets

After laying the theoretical foundations of collaborative problem solving and common ground
tracking, the next step is to look into available data resources for studying these phenomena.
In this section I will introduce pre-existing datasets that influenced this work. However,
these datasets either lack the integration of verbal and physical modalities, or are limited in
capturing genuine collaborative dynamics.

The HCRC Map Task Corpus [Anderson et al., 1991] is a dataset that focuses on studying
natural spontaneous conversations. Its motivation is understanding how people interact and
collaborate when completing tasks. In the Map Task, a first person describes a route to a
second person who possesses a different map, causing a spontaneous friction among them
for engaging them in clarification, negotiation, and mistake correction. The study has been
the object of analysis of various aspects of language, highlighting the way people refer to
different things, how they align their ideas, and how they use nonverbal cues. The dataset
includes conversations with transcriptions, audio recordings, and annotations, making it a
valuable resource for dialogue studies, researching communication, and computational models
of interaction.

[Liu et al., 2017] propose a novel method for human-human interaction recognition by
focusing on spatial relationships and motion trends derived from skeletal data. A feature
descriptor is introduced, to capture how different joints move relative to one another, both
within a single person and across two interacting individuals. Semantic trends such as upward
or forward movement are used to represent motion, then they are encoded into histograms
that reflect interaction patterns across time. The authors use a custom kernel function to
compare them to assess similarity across different sequences. The approach is evaluated on
a newly collected RGB-D dataset, as well as on the SBU Interaction Dataset, and is more

accurate compared to existing methods. Combining semantic motion features with spatial
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configurations proved especially effective in distinguishing nuanced human interactions.

Another dataset that’s closely related to the one proposed here is the one published by
[Van Gemeren et al., 2016]. The paper a novel spatio-temportal deformable part model
designed for offline identification of fine-grained interactions between two people in video
sequences. The model is evaluated on a newly assembled interaction dataset and established
benchmarks. The ShakeFive2 dataset is composed of 94 RGB-D video clips recorded in a
controlled environment. FEach video features two individuals interacting and is accompanied
by skeleton joint annotations on a frame-level obtained using Kinect2. The videos present
small variations in viewpoint. They are clustered into five close proximity interaction classes:
fist bump, hand shake, high five, hug and pass object, where the last category describes a
small orange object being passed from one person to the other.

All in all, the datasets mentioned above are very valuable in their respective domains
and offer different perspectives on human interaction. The HCRC Map Task Corpus focuses
on verbal coordination and linguistic grounding in task-oriented dialogues, exploring how
common ground is negotiated through speech and clarification. In contrast to that, the
datasets published by |Liu et al., 2017] and [Van Gemeren et al., 2016] prioritize spatial and
motion-based cues over verbal communication, by focusing on physical interaction captured
via RGB-D and skeletal data. Both use temporal and joint spatial coordinates to model
specific dyadic interactions. However, they do not take into account the multimodal and
communicative interchange between physical action and spoken language. They also either
constrained in terms of modality coverage, or validity in capturing genuine natural collabo-
rative dynamics. The next chapter will build on these weaknesses to present a dataset that

meets the demands of this thesis.
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Chapter 3
Dataset

In this chapter, I will introduce the dataset used to perform the multimodal analysis as well
as answer the problem of common ground tracking. Modeling human-human interactions in
collaboration environments requires more than speech alone. Focusing just on the speech
channel would omit important information that might affect the Human-Human interaction.
The channels that make the backbone of knowledge sharing includes a multitude of modal-
ities, among which are speech, gestures, physical grounding actions, gaze, joint attention,
level of engagement. These additional channels can enhance AI agents’ understanding of
human-human interactions but they require processing to extract meaningful semantic in-
formation. I will present a multimodal dataset of a situated and shared collaborative task
that comprises the channels mentioned above annotated to encode the different aspects of
the involvement of participants in the task.

This dataset will be the bridge to answer the research questions as it offers a variety of
modalities. By offering both well-established and low-resourced modalities, it enables the
analysis of how these channels individually and jointly contribute to model performance,
what limitations arise from stacking them, and how less conventional or low-resourced fea-
tures influence learning in collaborative contexts.

The collection of this dataset, as well as its annotation was a collective work with other
researchers; Mariah Bradford, Richard Brutti, Indrani Dey, Rachel Dickler, Kelsey Sikes,
Kenneth Lai, Brittany Cates, Paige Hansen, Changsoo Jung, Brett Wisniewski and Corbyn
Terpstra.

3.1 The Weights Task Dataset

By integrating task-driven dialogue, gesture and physical manipulation, the Weights Task
Dataset offers a multimodal, collaborative multiparty setting in which verbal and nonverbal
modalities jointly contribute to problem solving. This places the dataset as a novelty resource
for studying multimodal common ground tracking among other interesting tasks.

At a circular table, triads accomplish the Weights Task (explained in the next paragraph).
Participants and task equipment are captured by a webcam. 3 Kinect Azure cameras record

RGB-D footage from various perspectives. Task equipment include six blocks of various
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weights, sizes, and colors, a balancing scale, a worksheet, and a computer with a survey which
participants must complete. Participants were chosen among Colorado State University
students who spoke English and were at least eighteen years old. Informed consent was

acquired with knowledge. The gender and ethnicity breakdown is shown in Table 3.1.

Figure 3.1: P3 adjusts the scale while P2 seeks clarification, highlighting the need for mul-
timodal understanding.

Table 3.1: Demographic Breakdown of Participants in the Weights Task Dataset

Male Female Caucasian  Non- Hispanic /
Hispanic Latino or
Asian
80% 20% 60% 10% 30%

A balance scale is provided to the participants so they may infer the weights of the first
five block handed to them after being provided the weight of the red block (10g). Each
block is placed on the worksheet in the cell that corresponds to its weight once it has been
determined. Participants are then given a new block and are asked to determine its weight
using the pattern seen in the original block weights, without the use of a scale. Ultimately,

participants must deduce the weight of the subsequent hypothetical block in the set and
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articulate their reasoning. The block weights follow the Fibonacci sequence (10g, 10g, 20g,
30g, 50g, ...).

Table 3.2: Descriptive Statistics for Participants and Video Lengths

Measure AVG. SD MIN MAX
Participant age (yrs.) 24.58 4.58 19 35
Video length (mins.)  17.00 7.00 9 34

Following each phase, groups submit their responses via the survey form. The dataset
comprises 10 videos (approximately 170 minutes). Table 3.2 presents descriptive statistics
of the data. Figure 3.1 illustrates participants interacting with the objects on the table from
the viewpoint of the primary Kinect. Figure 3.2 displays various annotations (explained in

the coming section).
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Figure 3.2: Multichannel (GAMR, NICE, speech transcription, and CPS) annotation “score”
using ELAN [Brugman and Russel, 2004].

Having introduced the general structure and collection process of the dataset, the fol-
lowing sections describe the annotation procedures and the various modalities that compose
it.
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3.1.1 Annotation Process

By convention, participants are identified numerically from left (P1) to right (P3). Camera
and microphone positioning are kept constant and the cameras calibrated using the standard

Kinect SDK calibration procedure at the start of each session.

Segmentation and Automatic Speech Recognition

For AT agents to be active within the real world, they need to accurately understand the
environment and exchanges that are happening around them. In the case where the agent is
deployed in a classroom setting, it must have the capability to distinguish different speakers,
and when a speech starts and ends. This is referred to as speech segmentation and speech
diarization. In the context of the WTD, it can be very challenging to identify distinct
discourse components, as these are real-life exchanges that include interruptions, people
speaking at random times and orders, and other difficult scenarios. This problem in itself
can spiral into a more complex challenge, but since it’s not the main purpose of this thesis,
we will avoid delving too much into details.

Automatic Speech Recognition (ASR) is the automatic process of determining the tran-
scription of a spoken utterance. Several options exist in terms of ASR models, where each
segments audio using a different strategy. [Terpstra et al., 2023] proposed a deeper study on
a few of these options, mainly Whisper [Radford et al., 2022] and Google ASR [Velikovich
et al., 2018|. It compared these models to the oracle — or manual — segmentation of the audio.
Although it revealed limitations in automatic solutions, it also highlighted their advantages
in situations where the automation of this process is necessary. These models are also used

to transcribe the speech within the audio segmentation.

Collaborative Problems Solving (CPS) Facets

CPS coding is conducted at the utterance level utilizing the framework established by [Sun
et al., 2020b]. Annotators viewed the video and assigned multiple labels to each utterance
based on its content, context, and its position within the conversational sequence. Two
annotators annotated the videos (with a Kappa score k = 0.62), and an expert, who received
comprehensive training in the framework, adjudicated the results. The CPS data is provided

in .csv files.
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Gesture Abstract Meaning Representation (GAMR)

Participants’ gestures are annotated utilizing the GAMR framework [Brutti et al., 2022]. The
majority of WTD gestures are deictic, signifying reference to an object or a location. Iconic
gestures depict attributes of an action or object. The significance of emblematic gestures
is determined by cultural convention. GAMR was annotated by two annotators who were
trained by the authors of the framework (SMATCH F1-score = 0.75). This data is presented
in PENMAN notation within .eaf files.

Nonverbal Indicators of Collaborative-Learning Environments (NICE)

The NICE coding scheme [Dey et al., 2023| captures nonverbal behaviors when people are
working together in groups, such as the direction of gaze, posture (e.g., leaning toward or
away from the activity area), and usage of tools (including pointing at or to the tool, as
well as directly manipulating it). NICE was annotated by an author of the framework over
Groups 1-3 and Group 5. This data is presented in .xlsx format. Annotating this modality
is time-intensive, and other works were prioritized, but it is still part of the dataset, and

offers valuable insight about it.

Azure Kinect Data

Joint positions and orientations were extracted from each frame of the raw RGBD data. For
all 32 joints on each body detected by Microsoft’s body tracking SDK. This information
(which is available in .JSON files) can be used to analyze body pose and gesture correlation
to other modalities, or alone to classify gestures.

The raw data was recorded in .mkv format, including the depth channel, which is too
large to include in the distributable dataset. We converted the RGBD videos to .mp4 and
extracted the skeleton data from Azure depth channel.

Together, these multimodal annotations form the backbone of the analyses conducted
in later chapters, enabling the examination of both verbal and nonverbal contributions to

collaborative understanding.

The main purpose of collecting this data was to examine multimodal indicators of CPS.
Its rich multichannel nature also makes it suitable for other research directions. It can
benefit researches in education and learning sciences to create activities that encourage
group collaboration and learning. This dataset ca be useful in natural language processing
tasks like the evaluation of speech recognition fidelity (e.g., |Terpstra et al., 2023|, which

compared the effects of different segmentation methods) and for studying interactive behavior
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and communication, such as modeling the evolution of group common ground over time, a la
[Clark and Carlson, 1981|. Al researchers will benefit from the rich multimodality it offer, for
instance, object and action detectors or gesture recognition algorithms (e.g., [VanderHoeven
et al., 2023]) can be developed and trained using Kinect data. By evaluating important
multimodal features of collaborative group interaction in context, the various modalities
can operate as signals to an interactive Al agent that supports facilitators and scales up
collaborative group activities (cf. |Bradford et al., 2023]).

Early fusion might benefit from synchronized Kinect along audio streams; hybrid fusion
can leverage partially aligned modalities like gestures and speech; late fusion could combine
CPS annotations with NICE features.

While the Weights Task Dataset provides a rich multimodal setting, it also comes with
practical limitations that influence model generalization and evaluation. This dataset was
collected as a starting point to build a functional proof of concept, it only contains 10 videos,
making it easy for a ML model to overfit, especially when it presents some data imbalance
issues. Indeed, since there’s only the Weights Task to be completed by the participants,
it can be observed that certain gestures might be more frequent than others. Another
problem is the diversity in educational background of the participants, as they have all been
recruited from CSU’s Computer Science Department. Additional limitations may emerge
as the dataset evolves, but for now, this dataset will be more than enough to answer the

research questions proposed above.
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Chapter 4

Real-Time Common Ground Tracking

When examining interactions in collaborative problem solving tasks, a variety of interpretable
communication modalities are likely to be present. These modalities may encompass speech,
gestures, actions, emotions, body posture, and the positioning of objects in physical space,
among others. As Al increasingly becomes prevalent in everyday applications and diverse
learning settings, such as educational institutions, there exists an opportunity for it to en-
hance our understanding of how small groups collaborate to work on CPS tasks. The design
of interactive Al to facilitate CPS necessitates the development of a system that accommo-
dates multiple modalities. In this chapter, I address the significance of the chosen multi-
modal features in modeling CPS, the necessity for different modal channels to interact within
a multimodal Al agent that can assist with a broad spectrum of tasks, and the design con-
siderations that must be contemplated when constructing such a system to effectively engage
with and support small groups in successfully completing CPS tasks. Additionally, I present
various tool sets that can be utilized to enhance each individual feature and their integra-
tion, along with potential applications for such a system. The design and implementation
of this system were the result of a collaborative effort between the SIGNAL and VISION
laboratories at Colorado State University. The efforts was distributed as would suggest the
authors’ orders in the publications that were produced; [Bradford et al., 2023], [Venkatesha
et al., 2024], [Khebour et al., 2024b|, [VanderHoeven et al., 2024], [VanderHoeven et al.,
2025] and |Venkatesha et al., 2025].

This chapter addresses the research questions in chapter 1 by proposing a model designed
to use multimodal signals. To better understand how these signals contribute to shared
understanding, the following sections first examine the role of nonverbal indicators before

introducing the mechanisms through which these modalities are fused within the system.

4.1 Nonverbal Indicators

While verbal communication is pivotal in collaborative problem solving (CPS), a significant
portion of the communicative intent during group interactions is transmitted through nonver-
bal means. Gestures, body posture, eye contact, facial expressions, and the manipulation of

objects within a shared physical environment frequently provide essential insights regarding
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attention, intention, uncertainty, disagreement, or mutual understanding—sometimes even
more consistently than verbal language. In group collaboration, such nonverbal indicators
are necessary to synchronize actions, negotiate meanings and establishing common objectives
among coworkers.

Al systems are slowly starting to integrate into collaborative environments, as suggested
the literature review in chapter 2. There is still opportunity to expand this angle of research,
creating agents that do not merely analyze speech in isolation rather interpret the compre-
hensive spectrum of communicative signals, specifically nonverbal ones. In this chapter,
I propose an advanced Al agent that analyzes human communication, promoting natural
group dynamics by acknowledging the nuanced nonverbal signals that are fundamental to
effective collaboration. Instead of delivering direct solutions, this agent can observe how in-
dividuals communicate—through gestures, movements, and interactions with objects—and
aid in fostering productive, self-directed problem solving within the group.

For an Al system to effectively interpret signals, it is crucial to incorporate information
from various modalities and to reduce the possible confusion that may arise when signals
are analyzed independently. Nonverbal behaviors are vital in augmenting verbal communi-
cation, as they emphasize important messages and reflect changes in group focus. Therefore,
it is vital to make deliberate design choices concerning the selection, extraction, and in-
tegration of these various modalities. Such decisions influence how an Al agent perceives
and represents the changing knowledge and emotions of participants, ultimately promoting
a more human-like comprehension of group dynamics. This study uses the Weights Task
Dataset in conjunction with its multimodal system to illustrate this goal: the objective is to
create agents capable of engaging in collaborative tasks by comprehending both the verbal

exchanges of participants and their physical and social interactions.

4.2 Common Ground Structure

In this discourse, I examine the framework of a multi-participant, task-oriented dialogue that
includes communication via diverse content-generating modalities, such as language and ges-
tures, in addition to mutually interpretable non-verbal actions (e.g., behaviors) [Kruijff et al.,
2010, Pustejovsky and Krishnaswamy, 2021]. To enable this, it is crucial to create a data
structure that reflects the common ground within this context, which can be dynamically
updated during the conversation.A variant of the Dialogue Game Board (DGB) is used, as
outlined in |Ginzburg, 2012]. Given the fluid and dynamic characteristics of co-interactive
dialogue and situated actions, the approaches of [van Benthem et al., 2014] and [Pacuit, 2017]

inspired the implementation of an evidence-based model of belief. In this model, the commit-
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ments to propositions that describe situations or facts are not simply binary; rather, they
are graded, allowing them to either weaken or strengthen based on the available evidence as
the dialogue unfolds.

Let the minimal structure of a task-oriented interaction as a sequence, D, of dialogue
steps, such that each move in the dialogue changes its situation or state.

Let P = {p1,p2,p3}, be the participants in our dialogue. From any situation sj, we
define a D move, m;, as m; = (p;, C}, Sg11): participant p; performs a communicative act
Cj, bringing the multimodal dialogue into situation siy;. The D can be defined as the
sequence of these moves: D = myq, ..., m,.

The objective is to monitor the situational content arising from each move: the collection
of propositions that reflects the present state of the world, the ongoing advancement towards
a goal, or the condition of a task. Furthermore, it encompasses the current inquiries being
discussed and the beliefs held within the dialogue.

In light of these factors, three elements essential for monitoring shared understanding in
conversation are recognized: a basic static framework representing levels of belief; a data
structure that differentiates the components of the agents’ shared understanding that are
being monitored; and a dynamic process that refreshes this structure when new information
and evidence become accessible to the agents. We will examine each of these components
sequentially below.

[Pacuit, 2017] presents a model for evidence-based belief, wherein agents gather evidence
supporting a proposition, ¢, and can ultimately come to believe . We utilize a streamlined
version of the evidence-based Dynamic Epistemic Logic (EB-DEL) as articulated in [van
Benthem et al., 2014| and [Pacuit, 2017]. We characterize a model as a tuple, M = (W, E, V),

where

(1) a. W is a non-empty set of worlds;
b. E is an evidence relation;

c. V is a valuation function.

Let E(w) signify the set {X | wEX}, which includes the worlds accessible to w via the
evidencing relation, E. The evidence-based epistemic language, £, comprises the set of

formulas produced by the following grammar:

2) pl-eleny [ [Ele]|[Ble|[Ale

As shown in (2), the language £ can be built from six types of expressions. p means that
a proposition can be atomic which represent simple facts about the world. More complex

statements can be formed. A proposition (¢) can be negated (—¢) or can be a conjunction
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(o A ). [E]e expresses an agent having evidence for ¢, while [B]p expresses the agent
expressing belief in that proposition, whereas [A]p expresses that all the agents have evidence
for or believe .

We differentiate the scenario in which an agent possesses "evidence in favor of" a propo-
sition ¢, denoted as ¢. Given that an agent may hold evidence for propositions that present
contradictory information, it can contemplate both [E]y and [E]—p. This situation reflects
an agent having multiple neighborhoods, X, each evidenced in a distinct manner by w.
Nevertheless, we should consider the set of non-contradictory worlds as a unique subset of
X, which possesses what [van Benthem and Pacuit, 2011| describes as the finite intersec-
tion property (fip). This property enables us to identify a neighborhood of accessible worlds
characterized by non-contradictory propositional content. When this condition is met, we
assert that an agent holds belief in a proposition, [B]y. Ultimately, the universal modality
is regarded as "knowledge" of a proposition, [A]y.

Capturing situational state information within a task-oriented dialogue is essential for
accurately representing the current common ground and for anticipating future dialogue
actions [Traum and Larsson, 2003, Schlangen and Skantze, 2011, Zhang et al., 2020b, Jacqmin
et al., 2022]. For the purposes of this discussion, we utilize the concept of a Dialogue Game
Board |Ginzburg, 1996, 2012|, which has been adapted to account for the varying levels of
evidence related to the propositions being discussed. A Common Ground Structure, denoted
as cgs, is defined as a triple, (QB, EB, F'B), defined as such:

(3) a. Questions Under Discussion (QBANK): set of topics or unknowns that need to be
answered to solve the task;
b. Evidence (EBANK): set of propositions for which there is some evidence they are
true;

c. Facts (FBANK): set of propositions believed as true by all participants.

The process commences with a collection of unknowns known as the “Questions under
Discussion” (QUDs). In this implementation, we construct a finite model that encompasses a
finite model of questions. For every object within the domain pertinent to the task, questions
are formulated for each relationship involved in the task concerning that object. For instance,
in the Weights Task, the objective is to ascertain the weights of five distinct blocks, followed
by determining the algebraic relationship among them, specifically the Fibonacci sequence.
The weight of each block varies from 10 to 50 grams, in increments of 10 grams. Therefore,
for each block in B, where B = {red, blue, yellow, green, purple}, we have five potential
values, articulated as yes/no questions. Consequently, the initialization of the QBank yields

the following set:
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(4) QBank = {Eq(r,10)?,..., Eq(r,50)7, ..., Eq(p,10)?,... Eq(p,50)7}

At the beginning of the discussion, both EBank and FBank start as empty sets, since no

task-related propositions have been recognized or accepted as commonly evident.

4.3 Closure Rules

In light of the epistemic logic discussed previously, we present the mechanisms that modify
the information state during a dialogue. Building on the work of [Plaza, 1989] and the
later advancements in Public Announcement Logic [Baltag et al., 2016|, we propose a novel
operator for the model, known as the announcement operator, !. Public announcements are
declarations made to all agents, and following such an announcement, every agent is aware
that the statement has been made and that it holds true.

If [!¢] represents the act of announcing ¢, then [lp]i) means “after ¢ is announced, then
1 is believed to be the case."

In order to distinguish evidence for ¢ from belief in ¢, we relativize the impact of a

statement to the context within which it is uttered. Let us interpret [!¢]¢ as follows.

(5) a. Update with FEvidence:

[l¢][E]1: Given the announcement of ¢, there is evidence for v;

b. Update with Belief:
[E]le — [l¢][B]v: Belief in ¢ is conditionalized on ¢’s announcement in the prior

context of evidence for .

Semantically, an update represents the state of affairs after an announcement. This
entails transforming the current model by removing all states where the announced formula
is false. With evidence distinguished from belief/knowledge, we also update the evidence

function, where [l¢]:

(6) a. Updates the worlds: W/ =W N
b. Updates the Evidence function: E'(w) = E(w) N

e. (M,w) | implies (M, w) = [EJ

This update fundamentally alters the foundational evidence sets. The announcement is re-
garded as a form of direct evidence. Therefore, in order to acknowledge that the announce-
ment of ¢ transforms into evidence rather than mere belief, the evidence sets for each agent
are constrained (or revised) to represent the scenarios in which ¢ holds true. Consequently,

the belief function will inherently modify in response to the updated evidence sets.
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Operationally, once (5a) is executed, the model is adjusted to reflect evidencing neighbor-
hoods where ¢ holds true. The proposed approach identifies 3 types of dialogue moves that
concern the task of common ground tracking with the WTD; STATEMENT, ACCEPT,
and DOUBT. A STATEMENT is the announcement of an evidence ¢. An Accept is an
agreement with evidence ¢. A DOUBT is a disagreement with evidence for ¢. These move
dialogues will be the tools to update the common ground structure. As mentioned above, the
structure initializes with EBank and FBank as empty while the QBank contains all possible
questions for the participants to answer. By the end of the task the FBank must contain
all correct propositions, while both QBank and EBank are empty. The updates are as such:
A STATEMENT will take a proposition from the QBank to the EBank; when a participant
announces a proposition, then there’s evidence supporting it. When a dialogue has an AC-
CEPT move type, the proposition announced is moved from the EBank to the FBank. If an
utterance has a DOUBT, then the proposition is stripped of the evidence that was backing
it, this moves a proposition from the FBank or the EBank back to the QBank.

4.4 Speech Transcription

Speech is essential for effective communication in group settings, allowing participants to
share insights, ask questions, discuss results, and formulate strategies. It lays a strong
groundwork for managing group activities. Research indicates that speech is a key component
in frameworks that examine group dynamics [Bradford et al., 2023, Stewart et al., 2021].
When combined with other elements, spoken language can offer important context about
how participants interact with one another. Advanced Automatic Speech Recognition (ASR)
technologies, like Google ASR and Whisper ASR [Radford et al., 2022, Velikovich et al., 2018,
can accurately segment and transcribe audio into clear speech. Choosing between automatic
and manual segmentation is a crucial decision, as it greatly affects the precision of the
interpretations made from the speech data |Terpstra et al., 2023|. For real-time assistance,
an agent relies on an ASR system that must effectively diarize and transcribe speech to
function properly. As will be explained further more in the next sections, the system being
studied runs in real-time, so the need to find a reliable, fast, and accurate ASR and speech
transcriber model is present. Faster-Whisper was a good solution for this specific deman, as

it is a fast, lightweight inference wrapper around OpenAl’s Whisper model.
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4.5 Gestures

Gestures are very important modalities in communication. They are mostly used as com-
plementary to speech to remove ambiguity. Some gestures referred to as deictic are used to
indicate locations when speech is not enough or when it requires too many words to trans-
late specific details. In collaboration, gestures are commonly interpreted as indicators of
engagement, and it shows through the weights task dataset. Particularly, pointing gestures
are very present, often used along demonstratives words like "this" "that". Ignoring this
modality can create misunderstandings as participants will not be able to establish common
ground. But a gesture can have multiple meanings, and their interpretation is subjective,
which is why a structure representation is required to maintain semantic fidelity especially
on a computational level.

Gesture Abstract Meaning Representation, or GAMR, is a method to encode the mean-
ing of gestures in interactions where multiple agents use different modes of communication.
It builds on Abstract Meaning Representation (AMR), using its graph structure and how it
represents actions and their parts. Gesture AMR was created to show how gestures carry
meaning on their own and also work together with speech. It also explains how the meaning
of a gesture changes over time and depends on the situation.

Gesture AMR identifies four main types of referential gestures: iconic, deictic, metaphoric,
and emblematic. These categories are based on research from several studies [Kendon, 2004,
Kong et al., 2015, Mather, 2005, McNeill, 1992|. Since our data is focused on gestures that
happen during task-based activities, most gestures show the physical features of things or
actions, like the shape of an object or how an action is done. Like the findings in another
study [Brutti et al., 2022|, metaphorical gestures are not very common in this kind of setting.

GAMR uses a system that can note gestures that fit into one or more of these categories.
This allows for more detailed descriptions of different gestures that people might use when
working on various CPS tasks. The inset shows how a "gesture unit" is structured, including
both pointing (deixis) and symbolic (iconic) parts. In this system, ARGO is the person making
the gesture, ARG1 is what the gesture is about, and ARG2 is who the gesture is meant for.
These parts exist for each gesture subsection in the annotation.

For a gesture recognition task, multiple solutions are available [Fan et al., 2021, Hara
et al., 2018, Narayana et al., 2018, Tong et al., 2022|, but most of these solutions fail at
the same challenge, recognizing gestures at unusual angles, or gestures that are too far from
the camera, and fine-tuning the state of the art models can be useless as these models have
been heavily trained on data that doesn’t address these issues. This calls for a solution more

adapted for our dataset, and that can be flexible to minor changes in its training data to

25



answer some of the more specific issues that the weights task dataset and that the task at
hand require.

Table 4.1 shows the distribution patterns across gesture type, ARGO, and ARG1 in
the WTD. These patterns strongly justify the inclusion of GAMR as input for the move
classifier. Indeed, gestures not only carry strong semantic meaning, but they also show a
correlation with conversational moves. For instance, deictic gestures (deixis-GA) — typically
pointing gestures — overwhelmingly co-occur with STATEMENTS (/92%), which suggests
that participants often use pointing to anchor verbal references to objects or locations during
propositional moves. Conversely, iconic and emblematic gestures show more balanced dis-
tributions between Accept and Statement, showing that they accompany agreement-related
utterances. Similarly, ARG1 values reveal strong grounding in object- and action-related
semantics: entities like blocks, colors, or “put” dominate Statements, mapping onto task-
oriented actions. Additionally, the occurrence of head gestures (“yes’/“no”) corresponds
closely to Accept/Doubt categories, reinforcing the multimodal coupling between gesture
and move type. Overall, the clear, intuitional and systematic alignment between gesture
semantics, and conversational grounding behaviors underscores the value of incorporating
GAMR representations to capture the multimodal regularities that a text-only model would
likely miss.

From past findings relative to gesture semantics, we see a tradition of modeling a gesture
into phases, mainly pre-stroke, post-stroke and the stroke [Arnheim, 1994, Kendon, 1980,
Lascarides and Stone, 2009|. Based on this, I use a gesture recognition pipeline previously de-
veloped by [VanderHoeven et al., 2023|, with the goal to streamline the detection of complex
gestures, for a faster deployment in real time. This pipeline is built using hand detection
tools like MediaPipe |Zhang et al., 2020a| for joint location detection, which extracts 21
joints in 3D coordinates from an individual’s hands in a frame. The pipeline has three main
parts. The first is a static classification model that identifies the basic shape of a gesture
during any "hold" phase. The second is a movement segmentation algorithm that watches
how hands move over time and divides a video into parts based on changes in movement.
The third part breaks down phases using the results from the first two steps to find parts of
the video that are in a "hold" phase. The start and end of these hold parts are marked as
"key frames", and these frames are the most meaningful frames of a gesture.

Each static classification model can be trained for different gestures that are useful for
CPS tasks, making the system flexible and detailed. This pipeline was used to detect various
types of complex gestures, including small, subtle hand movements called microgestures
[Wolf et al., 2011, VanderHoeven et al., 2023, Kandoi et al., 2023|, as well as deictic gestures
[VanderHoeven et al., 2024].
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Figure 4.1 shows how this recognition model is used to detect pointing in the WTD.
In the figure, participant 1 points at the blocks on the scale. A pointing frustum is built
around the vector extended out from the pointer’s index. This structure narrows down the
blue block as the target of interest, which can be confirmed by checking with the GAMR

annotations at the same time interval.

Frame: 3256
Timestamp: 0:01:48

F—Radi: 60 N—Radi: 30

(d / deixis-GA
:ARGO (p1 / participant_1)
:ARG1 (b / blue_block)
:ARG2 (g / group))

EA P B T,

Figure 4.1: Group 1 deixis with GAMR example (reproduced from [VanderHoeven et al.,
2024])

In the original CGT task, gesture features were encoded using k-sparse representations.
We replace these with embeddings generated by an attention-based graph encoder-decoder
architecture (see Fig. 4.3). The gesture type itself serves as the root node, while the argument
values act as leaf nodes (see Figure 4.2). Each leaf node is connected to the root node through
bidirectional edges, allowing the leaf nodes to learn not only from the root but also from their
neighboring nodes. This bidirectional connectivity ensures that the embeddings effectively
capture both local and global dependencies within the graph, enhancing the representation

of gesture semantics.
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Figure 4.2: A GAMR annotation represented as a structured semantic graph.
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Figure 4.3: Attention based graph encoder-decoder architecture.

We adopt the attention-based message passing mechanism, EdgeGAT, from [Zhang and
Ji, 2021] to construct the encoder. For each node in the graph, attention scores are computed
for all neighboring nodes by concatenating node and edge features, passing them through
a fully connected layer, and applying Leaky ReLU followed by a softmax function. The

neighborhood information is then aggregated using these attention scores, normalized, and
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combined with the original node feature, weighted by a parameter \.

The encoder consists of three layers of EdgeGAT, each followed by ReLLU activation except
for the last. The model processes nodes in batches while retaining their graph membership.
This ensures that node embeddings are computed jointly but still associated with their
respective graphs, allowing for meaningful graph-level representations.

The decoder reconstructs the adjacency matrix A from the learned node embeddings,

where the reconstructed adjacency matrix is given by:

A=o(22"), (4.1)

where Z is the matrix of node embeddings from the final EdgeGAT layer, and o(-) is the
sigmoid activation function.

The model is trained using leave-one-out cross-validation with an edge-based loss for-
mulation. We treat observed edges as positive examples and randomly sample non-existing
edges as negative examples. The reconstruction loss is defined as the binary cross-entropy

loss:

1

L=—
B,

A 1 A
JEET (i,j)eE~

J

Here, ET represents the set of positive edges (existing connections), and E~ denotes the
set of sampled negative edges (non-existent connections).
During evaluation, we obtain the GAMR feature representation by aggregating node

embeddings via average pooling:

1
g = mzhm (4.3)

=%
where V' denotes the set of nodes in the GAMR graph and h; denotes the embedding of
the i-th node. This pooled graph-level representation serves as the final feature vector for

downstream multimodal learning tasks.

4.6 Object Detection

In the context of the Weights Task, knowing where the objects, or in this case the blocks,
are is evidently important. For the participants, being able to see which blocks are available,
which ones are on the scale and which are on the table makes a big difference in understanding

the task progression. For the common ground tracker, the objects’ positions is relevant to
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not only track which objects are in action, but also which ones are being pointed at by the
participants.

The location of an object in 3D space can be figured out by predicting its 6DOF pose,
which means knowing how it translates and rotates in all three orthogonal directions [Hu
et al., 2020, Labbé et al., 2020, Wang et al., 2021]. Being able to track the object’s posi-
tion over time helps understand how it interacts with its surroundings, especially if those
interactions change how the object is arranged or behaves. Usually, this information can be
gathered from regular video images, but in this case, we also use depth information from

Azure Kinect devices, to get better and more accurate results.
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Figure 4.4: 6DOF Pose Annotation Tool on WTD. A shows the current frame number, B
shows the position and rotation information for each object of interest, and C' (expanded in
inset) shows annotated 2D and 3D bounding boxes.

In common ground tracking, 6D pose estimation meets some difficulties in visual feature
extraction. The camera placement is one of them. Indeed, to record enough information
the Kinects must be placed further away from the blocks than they typically are in 6D pose
estimation tasks and datasets [Rennie et al., 2016, Tyree et al., 2022]. This bigger distance is
required to capture the participants and their interactions. The tradeoff is that the objects
appear too small for not only the annotation process but also for a typical object detection

model, as shows the figure 4.4.
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Figure 4.5: Ground truth object bounding boxes (blue) and predicted bounding boxes (red).
Deixis is used to select a spatial region containing one or more objects, which may be further
disambiguated by contemporaneous speech or prior context.

Figure 4.5 illustrates the convergence of pointing and object detection. In the context
of automated object selection utilizing deixis, an end-to-end solution necessitates the simul-
taneous automatic detection of objects within the scene alongside gesture recognition, as
opposed to relying on pre-annotated bounding boxes (as depicted in Figure 4.1). Leading
methodologies for such tasks are generally comprised of multiple modules, which are trained
using a mix of real images and 3D renderings of the objects of interest across various orien-
tations. A conventional approach may initiate with a convolutional neural network (CNN)
designed to extract spatial information and visual features of the objects. These visual fea-
tures are subsequently employed to predict the poses of the objects in the following module.
After this, a ’refinement step’ occurs, wherein the module estimates the object pose, and
these estimates are utilized to render images of the objects, which are then juxtaposed with
the actual training images. Errors are backpropagated until the renderings and real images
converge within a suitably small epsilon.

The Common Ground Tracker’s object detector is built using a FasterRCNN ResNet-
50-FPN model [Lin et al., 2017|. Faster-R-CNN produces feature maps using a backbone
network, in this case the ResNet-50 feature pyramid network. Subsequently, the region
proposal network (RPN) which is a smaller convolutional network, traverses the feature
maps to create bounding-box predictions. These RPN region predictions are then input
into a Fast R-CNN |Girshick, 2015| detection network, which ultimately yields the predicted
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bounding boxes. Alongside the bounding boxes, the model also provides confidence scores
during inference for each predicted bounding box, and we select the bounding boxes with
the highest confidence scores for each class. Given the RPN’s capability to swiftly generate
region proposals, Faster R-CNN is an appropriate model for real-time object detection.

This model was trained on block bounding box annotations from The Weights Task
Dataset. This model was trained for 10 epochs, with a batch size of 32, input size of
3x416x416, using a Stochastic Gradient Descent, a learning rate of le-3, a momentum of
9e-1 and a weight decay of be-4.

After careful examination of the model’s output, it was clear that it had some difficulties
with certain scenarios. Issues with object occlusions, diversity in block positions and in light
conditions, were mainly the focus of the next upgrade. In the WTD, participants were seen
handling blocks in certain ways that occluded these objects enough for the object detector to
fail to at predicting accurate boundin boxes. Blocks can easily be occluded by participants
as well as by other blocks or the scale on the table. The object detector also showed weakness
with frames were objects where shadowed when participants reached across the table. The
color of the blocks get darker and the model was too sensitive to a variation of the lights.
In the WTD, the objects usually start at the center of the work zone, which in this case is
the table. But throughout the task, the objects can be moved around, and if they’re placed
at the edge of the table, the object detection model loses its positions.

Additional data was collected to augment the WTD to improve the object detection
model’s performance. The new data was collected on two separate occasions for different
objectives. The initial set was aimed at assessing light conditions. It was collected under
varying light conditions: full illumination, partial illumination, and natural light (Figure 4.6).
Table 4.2 illustrates the quantity of frames collected under the different lighting scenarios.
While the next set focused on occlusions arising from various interactions. This set, captured
four distinct gestures to examine occlusions during interactions. The four gestures included
those predominantly utilized in the collaborative task: pinching the center of the block,
pinching the top of the block, covering the top of the block, and placing the blocks on palms.
Table 4.3 presents the number of samples corresponding to the various gestures. Both sets
comprise frames depicting the blocks positioned on the table alongside the scale, mirroring
the actual Weights Task. The blocks-on-scale scenario presented numerous instances of
occlusion caused by the horizontal and vertical stacking of blocks. Furthermore, we altered
the placements of the blocks and scale in each instance to ensure diverse object positions
within every frame. The supplementary data was annotated utilizing SAM2 within the
CVAT annotation tool.
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Figure 4.6: Additional data collection in variant light conditions.

With the new augmented WTD, the faster-RCNN model’s training process had to be
updated. The object detector was first trained on ImageNet-1K [Deng et al., 2009]|, then
fine-tuned on 300,000 frames from the WTD, 5,428 frames from a private demo of the Weights
Task, and on the newly captured frames from different light conditions, gestures, and block

placements, mentioned above.

4.7 Dense Paraphrase

A significant number of demonstrative expressions and anaphoric references (such as “this”,
“that”, “it”, etc.) are involved in conversations during contextually shared tasks. The au-
tomatic interpretation of these terms often necessitates the use of an additional modality,
like deictic gestures. As a method of interpretation, Dense Paraphrasing serves as a lin-
guistically grounded strategy for textual enhancement that makes explicit the compositional
operations that are typically omitted in the meaning of language. This approach generally
encompasses three types of interpretive activities: (i) acknowledging the various linguistic
forms that can correspond to the same fundamental semantic representation (paraphrases);
(ii) pinpointing semantic elements or variables that are either present or assumed by the
lexical semantics of the words in the text, which may include omitted, concealed, or implicit
arguments; and (iii) analyzing or calculating the dynamic alterations that actions, events,

and other communicative modalities exert on the objects mentioned in the text.
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More formally, given the pair, (S, P), where S is a source expression (e.g., a textual
narrative, image caption, or a speech transcription), and P is a linguistic expression, we say
P is a valid dense paraphrase of S if: P is a lexeme, phrase, or sentence that eliminates any
contextual ambiguity that may be present in S, but that also makes explicit the underlying
semantics that is not (usually) expressed in the economy of sentence structure, e.g., default or
hidden arguments, dropped objects or adjuncts. P is both meaning-preserving (consistent)

and ampliative (informative) with respect to S.

4.8 Prosody

Prosody is observed using what is referenced to as prosodic features. These non-linguistic
features are extracted from the speech of each group’s audio recording which is processed
using openSMILE. These features relate to frequency, amplitude and balance of the speaker’s
voice. The extended feature set predefined by |Eyben et al., 2015|. This feature set is
minimalist but very effective in capturing significant information. In total, this framework
proposes 88 prosodic features for each utterance, including information like loudness and

spectral flux.

4.9 Proposition Extractor

Propositions include the semantic content of an utterance that is relevant to defining the
state of the task. For instance, one of the participants may have a relatively lengthy utterance
that intends to propose a solution such as "I think the blue block weighs the same as the
red block is it’s also equal to 10 grams", in this case the proposition expressed is blue = 10.
A key problem in propositional extraction from natural dialogues is that people may have
radically different ways of expressing the same underlying semantic content—they use filler
words, disfluencies, and have different idiosyncracies and preferences for expressing certain
content. This problem was previously addressed by [Venkatesha et al., 2024|, and we use their
system as our propositional extractor. We also use the information of presence or absence of
a proposition as a feature for one of our model’s components (the move classifier—see below)
as we observed a high correlation between the feature and the type of move an utterance
contains (STATEMENT, ACCEPT, DOUBT).

Propositions are primarily extracted from speech transcriptions, as the semantic content
mostly resides in the words spoken. However, like CPS facets, non-verbal features play a
role. Due to the situated nature of the Weights Task, a lot of information is expressed

using aligned speech and gestures—specifically demonstrative pronouns and deictic gestures
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(pointing). For instance, green = 20 might be expressed by the utterance "I think that
one’s 20 grams" while pointing to the green block. In this case, the transcribed speech alone
will not enable the model to recognize which block the participant is referring to. Thus we
use a dense paraphrasing procedure [Tu et al., 2024] which decontextualizes the reference by
rewriting it with explicit information from other modal channels. Under this transformation,
"I think that one’s 20 grams" plus pointing at the green block gets rewritten to "I think
[green block[’s 20 grams."

4.10 CPS

Collaborative Problem Solving (CPS) facets are a way of representing different dimensions of
a group’s interaction as they contribute to successful problem-solving in a team setting. We
use the framework by Sun et al. [Sun et al., 2020a|. Specifically, we used as features the CPS
facets, or the highest level of this framework’s hierarchy. These facets include constructing
shared knowledge, negotiation/coordination, and maintaining team function. Successful ex-
hibition of these facets in the course of an interaction are assumed to facilitate the exchange
of information, align team efforts, and ensure that all members’ opinions are considered,
thus enhancing team function, encouraging collective understanding, and enabling teams
to tackle complex tasks which would have been challenging for individuals to solve alone.
A crucial aspect of CPS is that certain facets may be expressed non-verbally. Intonation,
facial expressions and body language all play significant roles in conveying intent, emotion,
agreement, confusion or other significant indicators of the current state of the collaboration.
These non-verbal cues support verbal communication, making interactions richer, which im-
proves group performance. In this work, we use speech and prosody as input for a random
forest model, as first reported in [Bradford et al., 2023|, to infer the presence or absence of

CPS facets from an utterance.

4.11 Move Classifier

The move classifier is a multimodal LSTM-based model, intended to capture contextual
information that conditions the sequence of cognitive states in a dialogue. Each utterance,
including a prior context of w = 3 previous utterances, was processed through a linear layer
(512 units) followed by ReLU activation and an LSTM block of 512 units. The final hidden
states of the LSTM block for each modality of interest were concatenated and passed through
a b12-unit linear layer, tanh, another 512-unit linear layer, and SiLU before the classification

layer. Fig. 4.7 shows this architecture.
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Figure 4.7: Move classifier architecture.

I optimized for the detection of STATEMENT, ACCEPT, and DOUBT. To alleviate
imbalance during training, we augmented the data with SMOTE [Chawla et al., 2002|. T
trained using Kaiming initialization with a uniform distribution [He et al., 2015]. All layers
except the classification layer are trained using a triplet loss with a margin of 1 [Balntas
et al., 2016] for 200 epochs and a learning rate of 10~%. Subsequently the entire model was
trained using cross-entropy loss and a learning rate of 1073 for 100 epochs, and for 200 further
epochs with a learning rate of 10~*. Evaluation was done using a 10-group-fold validation.
Meaning that 10 instances of the model were created, each trained over 9 groups from the
dataset, and evaluated on the remaining group which is different for each instance.

The move classifier can be used with many modalities, including, speech transcription
BERT embeddings, prosodic features, GAMR annotations, actions annotations and pres-
ence/absence of a proposition for the utterance of interest. [Khebour et al., 2024b| has
shown how some groups of participants have been more expressive than others using differ-
ent communication channels like gestures and body pose. This supports the diversification

of input modalities for the move classifier, and also for the tracker.
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4.12 TRACE

Trace is a modular framework that integrates features from speech, acoustic, RGB, and
depth channels to analyze the linguistic and nonverbal behaviors of task participants, thereby
modeling their shared task-relevant beliefs. All feature modules define an output interface
or a class that represents the data type produced by a module. Additionally, modules
specify zero or more input interfaces that are necessary for generating the output. For
instance, the Propositional Extraction module requires solely text input, whereas the Dense
Paraphrasing module necessitates text, gesture, and object inputs (Fig. 4.8). Trace facilitates
modules in designating their input interfaces as dependencies, ensuring that the contents of
the required output interface are automatically transmitted to the dependent input interface.
Consequently, the entire system, or any system constructed using trace, can be organized as
a directed graph, with features represented as vertices and edges linking a module to all of its
dependencies. This architecture permits the interchange of various multimodal processing
modules, enabling the creation of different variants of the system. The most important
feature that TRACE adds on previous works is its real time processing. Running a real-time
multimodal tracker presents several notable challenges. Several machine learning models,
particularly those employed in NLP or CV, are high consumers in resources, and thus are
generally optimized for offline inference. Which creates the first challenge, as some of the
models used in the TRACE system can be limited by standard hardware and can lead to
potential lag or frame drop, especially if they are ran in parallel and continuously. Secondly,
multimodal inputs are received asynchronously and at different frequencies (for instance,
audio at 44.1kHz, video at 30fps, and skeletal tracking at lower rates), which complicates
real-time alignment and fusion. Thirdly, real-time systems must adeptly manage missing or
noisy data—such as when gesture tracking temporarily fails or speech becomes unclear due
to overlapping dialogue or background noise. TRACE answers to these challenges through
meticulous modular optimization, which allows for selective computation, close integration
between modules, and pipeline designs that reduce latency offering a consistent output rates.

The system processes inputs at 6 FPS demonstrating the robustness of TRACE’s design.
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Figure 4.8: High-level schematic of information flow in real-time multimodal common ground
tracking. We combine signals from speech, gesture, and objects in the environment to
determine the task-relevant content being discussed, and the epistemic positioning expressed
in each utterance. Logical closure rules unify these outputs into the set of common QUDs
(QBANK—mot displayed for space reasons), pieces of evidence (EBANK), and facts (FBANK).
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Table 4.1: Distributions of move types (STATEMENT, ACCEPT, DOUBT) across gesture
types, ARGO, and ARG1. Values in parentheses indicate percentages.

Gesture Type Accept Doubt Statement
and 1 (12.5%) 1 (12.5%) 6 (75.0%)
deixis-GA 25 (6.7%) 5 (1.4%) 341 (91.9%)
emblem-GA 12 (28.6%) 0 (0.0%) 30 (71.4%)
icon-GA 4 (44.4%) 1 (11.1%) 4 (44.4%)
ARGO Accept Doubt Statement

participant_ 1 20 (18.2%) 2 (1.8%) 88 (80.0%)
participant_2 10 (6.1%) 3 (1.8%) 150 (92.0%)
participant 3 12 (7.6%) 2 (1.3%) 143 (91.1%)

ARG1 Accept Doubt Statement
agree-01 1 (50.0%) 0 (0.0%) 1 (50.0%)

block 11 (16.2%) 1 (15%) 56 (82.4%)
blocks 1(3.6%)  1(3.6%) 26 (92.9%)
blue_block 2 (6.7%)  1(33%) 27 (90.0%)
brown_ block 0 (0.0%) 0 (0.0%) 13 (100.0%)
computer 1(11.1%) 0 (0.0%) 8 (88.9%)

cup 0(0.0%)  0(0.0%) 1 (100.0%)
even 0 (0.0%) 0 (0.0%) 1 (100 0%)
green_ block 1 (1.9%) 0 (0.0%) 1 (98.1%)
i-don’t-know 0(0.0%) 0 (0.0%) 1 (100.0%)
i-dont-know 1 (25.0%) 0 (0.0%) 3 (75.0%)

laptop 0 (0.0%) 0 (0.0%) 3 (100.0%)
list 0(0.0%)  0(0.0%) 1 (100.0%)
location 0 (0.0%) 1 (20.0%) 4 (80.0%)

maybe 0 (0.0%) 0 (0.0%) 1 (100.0%)
move-01 0(0.0%)  0(0.0%) 1 (100.0%)
mystery block 0 (0.0%) 0 (0.0%) 1 (100.0%)
no 0(0.0%) 0 (0.0%) 2 (100 0%)
paper 2 (3.9%) 0 (0.0%) 9 (96.1%)
participant 1 0 (0.0%) 1 (100.0%) 0 (0.0%)

participant_2 0 (0.0%) 0 (0.0%) 1 (100.0%)
participant 3 0 (0.0%) 0 (0.0%) 3 (100.0%)
phone 1(25.0%)  0(0.0%) 3 (75.0%)

purple block 5 (10.9%) 1 (2.2%) 40 (87.0%)
put 2 (100.0%) 0 (0.0%) 0 (0.0%)

range 2 (100.0%) 0 (0.0%) 0 (0.0%)

red_block 2 (11.8%) 0 (0.0%) 5 (88.2%)
researcher 0 (0.0%) 0 (0.0%) 1 (100.0%)
scale 0 (0.0%) 1 (12.5%) 7 (87.5%)

stop-01 0(0.0%)  0(0.0%) 1 (100.0%)
worksheet 0 (0.0%) 0 (0.0%) 2 (100.0%)
yellow _block 0(0.0%)  0(0.0%) 38 (100.0%)
yes 10 (34.5%) 0 (0.0%) 19 (65.5%)

Table 4.2: Number of Frames on Various Light Conditions

Light Condition Blocks on Table Blocks on Scale

Full Lights 53 26
Half Lights 53 78
Natural Light Only 60 49
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Table 4.3: Number of Frames on Various Gestures

Gesture Blocks on Table Blocks on Scale
Pinch the center of block 15 12
Pinch the top of block 20 9
Cover the top of block 14 14
Put the blocks on palm 13 -
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Chapter 5
Multimodal Analysis

This chapter presents a multimodal evaluation of TRACE. I will test the limitations of
this system by trying different combinations of input modals. One thing worth highlighting
from the start of this chapter, is that the goal of this work is not to enhance the system’s
performance. The goal is rather to analyze the effects of different features, mainly the non-
verbal ones, in knowledge tracking. I will enumerate the experimental design adapted for this
analysis, as well as the evaluation process adopted and the results found after the fact. By
systematically varying the combination of modalities and examining their performance across
interaction phases, this analysis directly addresses the three research questions outlined in
Chapter 1.

5.1 Experiments

The TRACE system offers a multitude of modalities. To better understand the effects of their
presence within the live tracker, I have specifically designed a set of experiments that should
provide strong insights about the limitations of multimodal machine learning in common
ground tracking.

TRACE strictly needs speech as a modality since without it, it becomes impossible to keep
up with the conversation held among the group members, and thus their shared knowledge.
That is why all the experiments will run with speech even if not mentioned.

However, the speech transcripts can be automatically extracted from the voice record-
ings, as well as manually. The term Ground truth Speech will refer to switching the speech
transcription into using the manually annotated data, as opposed to the automatically tran-
scribed speech using FasterWhisper.

The same way I can switch the speech channel from using automatic to manual data, I
can do the same for both gestures and objects. Indeed, the ground truth objects data consist
of using manually annotated coordinates of the bounding boxes for the objects, namely the
blocks in the WTD. The ground truth gestures data replaces the automatically extracted
GAMR annotations obtained using MediaPipe’s hand landmarks, the block positions, and
the gesture detector, by GAMR data annotated by experts. Exploiting these ground truth

data will help track the system’s limitations, and how error can propagate from one end to
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another.

Various components can be turned on and off in order to realize the experiments of
interest. The first component is the dense paraphrase model. As a reminder, this component
takes ambiguous words off a sentence and replaces them with appropriate wording while
maintaining semantic fidelity. Turning off this model may imply a weaker understanding of
the context, as some utterances would be left without enough information to comprehend
the speaker’s intention. This model uses speech transcripts, blocks positions, and hand
landmarks for gesture recognition and point tracking. It’s output is linked to the move
classifier and the propositional extractor, making it a very important component of the
TRACE pipeline. That is why, testing the sensibility of the system relative to the Dense
Paraphraser provides a deeper grasp of the effects of the available feature set.

Other modalities can be removed and reinstated back into the system for a better analysis.
These modalities are prosody, CPS, proposition presence, and GAMR annotations. These
modalities are non-verbal, and are employed to fill in the gaps that text transcripts leaves
behind. Prosody contains information relative to the voice tone and other cues. CPS showed
correlation with move types, and so did presence of proposition, which is why they will be
parts of the experiments.

The list of experiments consists of 9 tests where each uses a different combination of
input channels to investigate how the model reacts. This list can be found in table 5.1, with

the components used for each experiment.

Table 5.1: Experiments with additional modalities and evaluation features (speech tran-
scripts feature is always included and so is not shown here, e.g., Experiment 1 is an automatic
speech transcription-only baseline).

Experiment Dense Ground Ground Ground Prosody CPS Proposition GAMR

No. Para- Truth Truth Truth

phrase Speech Ges- Ob-

ture ject

1
2 X
3 X X
4 X
5 X X X
6 X X X X X
7 X X X X
8 X X X X X X
9 X X X X X
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5.2 Evaluation process

The Sgrensen-Dice Coefficient (DSC) is used as the primary evaluation metric. DSC is an
IoU-style (Intersection over Union) metric that normalizes for the sizes of the sets being
compared. This is also the primary metric used in [Khebour et al., 2024b|.

DSC, also referred to as the Dice coefficient, is widely used as a similarity metric to
2|ANB|
|Al+|B]*
observed, this coefficient gives more importance to the overlap in small sets, making it

As can be

compare the overlap between two sets. It’s defined as Dice(A, B) =

effective for tasks involving short texts or sparse features [Schiitze et al., 2008]. It’s bounded
between 0 and 1, facilitating its interpretability and its adoption in different applications
[Dice, 1945]. The coefficient is very efficient for binary or categorical data comparisons,
such as in image segmentation and token-based similarity tasks [Zou et al., 2004]. It’s
equivalent to the Fl-score in binary classification scenarios [Van Rijsbergen, 1979 as it
balances precision and recall. However, the coefficient shows a few limitations. It does not
account for true negatives, which may lead to misleading evaluations in imbalanced datasets
[Powers, 2020]. It is very sensitive to small perturbations in small sets, which causes large
changes in similarity with only slight differences [Bilenko and Mooney, 2003|. Additionally,
it fails to capture structural or sequential relationships, making it less reliable in applications
that depend on syntax or graph structures.

The test dataset is composed of 4 videos out of the 10 that exist in the Weights Task
Dataset. These videos (Groups 1, 2, 4, and 5) contained ground truth annotations for all the
relevant modalities, enabling a complete suite of experiments. I use a leave-one-group-out
experimental format where models were trained over all but one group and evaluated on
the remaining group. I calculate the average DSC for each one of the 4 test groups, then I
compute the average across those 4 values.

The evaluation will be the comparison of different set from the Common Ground Struc-
ture, over the predicted and the ground truth. I use the Common Ground Annotation
method (CGA) to obtain the ground truth data. The statement IDs from the common
ground annotation are used to systematically align them with the propositions expressed
in the utterance. During the move prediction, the alignment is referred to to retrieve the
propositional content to be linked to the move during the common ground structure update.
Since annotators had access to the video channel and all other modalities when annotating
the propositions expressed, this method is a multimodally-informed method of propositional
extraction. Then the closure rules are used to finalize the construction of the ground truth.

The results analysis, in the following section, focuses the comparison on F U E. This set

is more expressing, as the move classifier limits TRACE’s performance. Indeed, the model
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does not perform very well when it comes to distinguish doubts and accepts from statements.
This is due to data imbalance in the WTD. This limitation causes the tracker to blur the
FBANK-EBANK border.

5.3 Results Analysis

Let’s start this section by going through the results of the object detector’s performance on
the augmented WTD compared to the base version. A test set consisting of 1,786 frames
from a separate private demo of the Weights Task is used to measure the performance of the
fasterrcnn_resnet50_fpn. For each fine-tuning stage, Table 5.2 shows the global mean
average precision (mAP), mAP at an intersection over union (IoU) threshold of 0.5 (mAP5),
mAP at an IoU threshold of 0.75 (mAP75), and mean average recall for the model’s top 10
predictions based on the confidence scores (mARjp). The mAP metric takes the mean of
the average precision for each class at IoU thresholds € {0.5,0.55,...,0.95}. The base
fine-tuning stage represents the model weights after being fine-tuned on the WTD and the
private demo data, and the following stages (light conditions, gestures, and light conditions

+ gestures) are further fine-tuned using the base stage as a starting point.

Table 5.2: Faster R-CNN Fine-tuning Performance

Fine-tuning Stage mAP mAP;5, mAP 5 mAR;,
Base 0.3843 0.7107 0.3698 0.4385
Light Conditions 0.4626 0.7578 0.4976 0.5725
Gestures 0.4477 0.7565 0.4467 0.5767

Light Conditions + Gestures 0.5100 0.7472 0.5652 0.6337

The table 5.2 shows how, despite the small size of the new frames added to address the
issues of prior version, there’s is a very evident increase in performance. In fact, only the
mean Precision with an IoU threshold of 50 isn’t at its maximum with all the augmented
data. But even in that case the additional frames for different light conditions improves
compared to the base WTD. This is very important because it decreases the error rate
propagated by the object detector, a good news since most of the experiments in table 5.1

are dependent of this model.
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Table 5.3: Experimental results averaged across test groups. F U E denotes the union of
FBANK and EBANK Khebour et al. [2024b| and this serves as a proxy for extraction of the
correct propositional content even if the level of evidence assigned to it is incorrect. Bold
shows which feature set performed best for each bank.

Exp 1 Exp2 Exp3 Exp4 Exp5 Exp6 Exp7 Exp8 Exp9

Average QBANK DSC  0.583 0.592 0.608 0.575 0.583 0.560 0.559 0.563 0.515
Average EBANK DSC 0.189 0.159 0.168 0.179 0.208 0.127 0.213 0.170 0.160
Average FBANK DSC 0.057 0.069 0.146 0.065 0.046 0.082 0.100 0.166 0.129
Average F U E DSC 0.397 0.477 0.514 0.373 0.443 0.429 0.411 0.378 0.324

The results of the experiments in Table 5.1 can be found in Table 5.3, and the best results
across all experiments from that table are compared to the CGT—the offline version—using the
average DSC over the test set. Experiment 1 provides a baseline using only automatically-
transcribed speech. Experiment 2 shows the maximum utility of speech alone, as it uses the
ground truth data. Experiments 1 and 2 show that with automatic transcriptions (Experi-
ment 1), the models can get almost .40 DSC for F U E, and that is over 83% of the potential
of speech when using ground truth.

Experiment 3, which uses ground truth speech and dense paraphrasing with automatically-
detected gestures and objects, shows the maximum performance on QBANK and FBANK
using that feature set and the utility of dense paraphrasing. However, Experiment 4 shows
that noise in the automatic speech recognition does have an impact, and reduces performance
evaluated on F U E by about 27%.

With Experiment 5, we see that if we remove the ground truth of the speech and replace
it with the ground truth for both the objects and gestures features, the model’s performance
slightly drops, thus proving that speech remains the most important feature, as the context
and information it encompasses are far greater than what the pointing gestures and objects
do alone.

Experiment 6 adds more non-verbal features linked to the move classifier, but with ground
truth speech, while Experiment 7 uses the same features without the ground truth data
speech. Here, performance is similar between the two, showing the impact that features like
CPS facets, propositions, and prosody can have even with noise introduced by automatic
extraction methods, in that they largely allow the model to close the gap with the ground
truth induced by the automatic speech transcriptions. This shows a faster path for model
optimization; while several works have shown that increasing training data size in AI models
is crucial for performance increase, this result suggests that in a task such as CGT, increasing
the number of available modalities may also help.

In Experiments 8 and 9 we introduce the GAMR representation into the move classifier.
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Here, we see a decrease in performance compared to the previous experiments. We also see
that the model’s limits using ground truth data (Experiment 8), takes a hit as well. When
we average the DSC values from Experiment 9 and compare them to those in Experiment 8,
we see that the model operates at 88% of its capacity, which is higher than the 75% capacity
of the model at Experiment 2, but lower than the capacity found at Experiment 7. This
can be explained by the sparsity of the GAMR annotations. In fact, real-time TRACE only
extracts 8 GAMR annotations from all 4 test groups, compared to the 326 GAMR features
we find in annotations of the same 4 groups; all of these are at the disposal of the offline
version, but not the real-time version.

There’s a noticeable decrease in performance when we compare Experiment 1 with Ex-
periment 9, even though we added more modalities. This is very different from the results
from Khebour et al. [Khebour et al., 2024b]. In that version, we see a mix of trends, but
the decreases are not as big as with TRACE in real-time. In offline CGT the general trend
across the test groups and all 4 values of DSC, is a drop of 1% when more modalities are
used, whereas the live model shows an 8% drop. This is explained by the sparsity of the
additional modalities in the move classifier. These features also go deeper into the model
compared to the dense paraphrase, the outputs of which impact many other components of
TRACE, further indicating the data sparsity issue. The best performing experiment that
did not use any ground truth data is Experiment 7, which uses automatic speech transcrip-
tions, dense paraphrases with ASR transcripts, automatically detected pointing gestures,
and automatically-detected objects, as well as prosodic, CPS, and propositional features.
This indicates a plausible best feature set for future work in real-time common ground ex-
traction. GAMR features may also still have utility in a less-sparse data condition. The

figures in Fig 5.1 presents a more visual summary of the results of the experiments.

Table 5.4: Average DSC over test groups comparing CGT with TRACE. The last row shows
TRACE results reported in Table 5.3

Modalities QBank EBank FBank FUE
CGT-All modalities 0.714 0.535 0.313 0.851
CGT-Speech only 0.725 0.551 0.184 0.928
TRACE-best performance  0.608 0.213 0.166 0.514

Fig 5.2 shows the Kernel Density Estimation of the experiments in Tab 5.3. The KDE
plots show more instability along the experiments using more modalities as we see the bell
thickening from experiment 6 until 9. The estimations also suggest optimal stability is

reached with experiment 4, where the model only uses dense paraphrase and speech.
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Figure 5.1: Summary figures for the results analysis presented in this section.
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Chapter 6

Discussion and Future Work

6.1 Results Discussion

This thesis examined the integration of multiple modalities into a real-time multimodal
common ground tracker (TRACE) and analyzed how the inclusion of additional, potentially
low-resourced modalities influences model performance in collaborative problem-solving con-
texts. Through the systematic addition and evaluation of visual and audio features, this
work provided empirical evidence about the benefits and limitations of multimodal fusion in
human—AlI collaboration tracking tasks.

RQ1: How do additional modalities influence the performance of a multimodal machine
learning model?

RQ1 explores how a multimodal ML model in a collaborative setting can be affected
by different modalities. The results were more nuanced than expected, highlighting how
the community’s knowledge in multimodality might have been overestimated. Indeed, the
addition of audio-based features improved the model’s performance, however the visually
extracted modalities (such as gesture and object-based cues) often caused a decrease in
accuracy. This performance drop can largely be blamed on the difference in the temporal
resolution of these modalities. As the TRACE system was designed to run in real-time,
visual data had to be down-sampled substantially to maintain computational feasibility. The
sparsity in the visual signals reduced the model’s ability to extract consistent, meaningful
features, leading to a degraded performance. In contrast audio modalities, characterized by
the continuity and the high-frequency of their signals, retained a certain consistency that
better aligned with TRACE’s dynamic inference and learning process.

H1: Adding additional modalities will improve performance of the multimodal model com-
pared to unimodal baselines in collaboration tracking tasks.

To relate back to the hypotheses from the first chapter, the findings only partially support
H1. Although adding audio modalities did improve performance over unimodal baselines,
the inclusion of visual modalities had the opposite effect by reducing accuracy, showing that
not all added modalities necessarily enhance model performance.

RQ2: What are the limitations of stacking modalities on top of each other?

RQ2 focused on understanding the limitations of stacking multiple modalities together.
There was a clear trade-off between model complexity and informative gain shown by the

experimental results. Increasing the number of modalities can boost representational capac-
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ity, but doing so comes with greater computing overhead, synchronization problems, and
possible noise.

The thesis demonstrated that the model approaches a performance plateau after a cer-
tain point, indicating the presence of an upper limit dictated by the complementarity of its
features as well as the model’s architecture. This supports the notion that theoretical and
empirical arguments, not only the availability of data, should serve as the basis for multi-
modality. Suboptimal outcomes may arise from an indiscriminate mix of modalities that
dilutes the signal-to-noise ratio.

Therefore, the contribution here is to define a realistic boundary for building multimodal
models: in order to achieve consistent, temporally aligned input streams and achieve effective
performance gains, modalities must be balanced in addition to being stacked.

H2: The main limitations to stacking modalities on top of each other are computational
(training time, memory usage), rather than performance trade-off.

H2 was not confirmed. The results demonstrated that the limitations of stacking modal-
ities extend beyond computational costs. Performance trade-offs due to noise, redundancy,
and lack of complementarity were more significant than expected, indicating that multimodal
fusion requires careful theoretical justification rather than simply scaling input sources.

RQ3: To what extent does the inclusion of low-resourced features impact a model’s per-
formance in a collaborative setting?

The third research question examined how low-resourced or sparsely represented modali-
ties impact performance. The experiments involving the GAMR gesture embedding features
highlighted a key challenge in integrating such modalities. The sparseness of gesture features
led to reduced utility in real-time inference, emphasizing that low-resourced features can only
contribute meaningfully when they are sufficiently continuous or densely represented.

However, these characteristics could be useful for offline or hybrid systems with less
stringent computing requirements. Additionally, they might encode supplementary data that
could improve comprehension of group dynamics in cooperative tasks, like affect, attention,
or engagement indications. Therefore, the results encourage a more focused investigation into
the ways in which low-resourced characteristics might be improved for multimodal learning
systems by being redefined, enhanced, or temporally smoothed.

HS3: Low-resource modalities will require more training time to converge compared to high-
resource counterparts, but once trained their performance contributions will be comparable.

Finally, H3 was only weakly supported. Low-resource modalities such as gesture fea-
tures did not reach comparable contributions to higher-resource counterparts in real-time
conditions, even with extended training. However, their potential value in offline or hybrid

systems suggests that the hypothesis holds in less time-constrained settings, but not in the
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real-time collaborative context studied here.

Overall, by showing how modality characteristics—particularly frequency and continu-
ity—affect the design and effectiveness of multimodal systems, this thesis adds to the expand-
ing corpus of work at the nexus of artificial intelligence and human—computer interaction. It
offers a framework for critically evaluating which modalities to use and how best to combine

them for collaborative analysis in real time.

6.2 Implications

The findings of this study have a number of ramifications for both the practical and research
fields. They start by emphasizing how crucial modality selection and synchronization are
for real-time systems. Multimodal architecture designers need to take into account how a
modality interacts with other modality across time in addition to the information it offers.
Compared to semantically rich but sparse modality (such as gestures or object data), a
continuous but low-level modality (such as audio) can frequently contribute more to temporal
inference.

Second, this study emphasizes how important multimodal balance is. The best configura-
tion depends on matching data frequency, informativeness, and computing feasibility; adding
modalities does not ensure better performance. These results go beyond cooperation tracking
and could influence the development of multimodal perception models for communication
analysis, social robotics, and education.

Finally, the study also shows that current multimodal fusion techniques do not involve
any learning related to the relations between modalities. The fusion approach used as well as
the other existing techniques fail at aligning modalities the way humans do. They are efficient
mathematical ways of using multiple modalities within the same system, but they did not
provide sufficient proof that the model understands how the modalities align temporally but

also semantically.

6.3 Limitations

This study gave insightful information, however, these results remain limited by a number
of constrains in terms of generalizability. The video recordings from WTD were carried out
in a controlled environment, with no back noise, solving a particular task which is different
from real life scenarios. Additionally, due to computational constraints, visual modalities
had to be down-sampled, which limited the investigation of higher-frequency vision-based

properties.
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Other models may show varying sensitivity to modality imbalance; the architecture em-
ployed also reflects a particular multimodal fusion implementation. Lastly, the methodology
limited the interpretive depth of the results by concentrating on the common ground—the

participants’ shared beliefs—without going as far as individual belief modeling.

6.4 Future Work

Future work can be inspired from the discovering of this thesis. One promising direction
can be the investigation of more continuous visual features such as eye gaze tracking and
body pose estimation, which could offer temporally stable signals along with the audio
modalities. Also, refining the gesture features to be more continuous could help overcome
some of the limitations discussed, but the solution has to be computationally light to avoid
down-sampling the input.

Theoretically, expanding the scope from common to individual belief modeling can offer
deeper insights into cognitive and social processes underpinning collaboration. Watching how
personal beliefs evolve in time during a collaboration could also deepen our understanding
on how to create a machine capable of understanding human-human communication.

Another potentially interesting avenue to explore in the future is hybrid online-offline
architectures so that the system can process modalities at their natural frequencies without
the real-time constraints. These systems could closely assess the contribution of each modal-
ity, and guide the development of adaptive real-time resource distribution to strategically
prioritize modalities based on context.

These findings confirm that while multimodality is crucial for rich human—AI understand-
ing, not all modalities contribute equally under real-time constraints. Effective multimodal
systems thus depend not only on the quantity but on the temporal and structural compati-
bility of the modalities being combined. However, it is still notable that TRACE unlocked
more potential in its capabilities when more modalities were given. These results showed

that a well designed multimodal system can outperform unimodal models.
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