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ABSTRACT

ROBUST GESTURE DETECTION FOR MULTIMODAL PROBLEM SOLVING

Throughout various collaborative problem solving (CPS) tasks, multiple different communica-
tive modalities may be used by participants as they communicate with each other to work towards
some goal. The ability to recognize and act on these modalities is vital for a multimodal Al agent
to effectively interact with humans in a meaningful way. Potential modalities of interest might
include, speech, gesture, action, pose, facial expression, and object positions in three dimensional
space. As Al becomes move commonplace in various collaborative environments, there is a lot of
potential to use an agent to help support learning, training and understanding of how small groups
work together to complete CPS tasks. Designing a well rounded system to best understand small
group interactions, multiple different modalities need to be supported.

Gesture is one of many important features to consider in multimodal design. Robust ges-
ture recognition is a key component of multimodal language understanding in addition to human-
computer interaction. Most vision based approaches for gesture recognition focus on static stan-
dalone gestures that are identifiable in a single video frame. In CPS tasks, more complex gestures
made up of multiple "phases" are more likely to exist. For instance deixis, or pointing, as it is
used to indicate objects and referents in a scene. In this thesis, I present a novel method for robust
gesture detection based on gesture phase semantics. This method is competitive with many state
of the art computer vision approaches while being faster to train on annotated data. I also present
various applications of this method to utilize pointing detection in a real-world collaborative task,
and I discuss the importance of robust gesture detection as an important feature in multimodal

agent design in further depth.
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Chapter 1

Introduction

When humans participate in small group tasks, especially collaborative problem solving (CPS)
tasks, they are very likely to employ multiple different forms of communication as they work with
each other to reach a goal. Various forms of communication might include speech, gesture, body
language, facial expression, and interactions with objects in the environment, amongst others.
As artificial intelligence (AI) becomes more prominent in everyday collaborative settings, like
in education and workplaces, there is additional potential for an Al solution that helps support
learning and team performance by aiding participants as they work together to solve and learn
from various CPS tasks.

There are many different applications for an Al agent with the ability to interpret, learn from,
and provide feedback to human participants as they communicate with one another. In the tra-
ditional education setting our team envisions an Al based solution that would not replace human
educators, but rather aid in the education process by enabling students to collaborate, think, and
reason as they work together to reach the intended solution. Additionally, this system could pro-
vide feedback to the educator on the communication styles and thought processes of individual
students. Much like human-to-human communication, for an agent to effectively interpret the cur-
rent state of any given task, many different communicative modalities need to be extracted and
linked together at once. For example, relying on speech only might not give enough context for
an agent or human to interpret the indented referent of a statement. Combining speech with an-
other modality, such as gesture, provides more context which in term helps an agent determine the
referent of a given statement. Because of this, many design decisions need to be made in order to
extract relevant communicative features efficiently, and bring them together in the most meaning-
ful way. This information could be used to extract context from a scene and provide feedback to

participants in a communication style that best suits their learning needs.



Gesture is an important and central feature of interpersonal communication. The ability to ac-
curately recognize gestures of interest is vital for an agent to effectively interpret communication
in real time. Not only is this crucial to creating multimodal design [29], it is also a critical com-
ponent of intelligent systems that communicate multimodally with humans [23-25]. Most vision
based approaches for gesture recognition focus on static stand alone gestures that are identifiable
in a single frame, as opposed to more complex multi-frame gestures. Additionally, most technical
solutions for gesture recognition usually rely on large neutral networks that require large volumes
of data to train. In my work, I present a 3 stage gesture detection pipeline with the goal of detecting
complex multi-frame gestures. In addition, I work to mitigate the mentioned issues and create a
solution that returns key frames for a wide range of gestures that could be used in a multimodal
system.

Deictic gestures, or gestures that indicate locations in a scene like pointing, are very common in
small group communication and add additional context to speech, by allowing speakers to indicate
the referent or target of interest in their environment. Leveraging the pipeline in this work to iden-
tify key frames for pointing gestures, I extract frames of interest from a video stream, and preform
meaningful target detection for use in the overall multimodal system. Additionally, target detec-
tion outputs could be combined with other features, like speech, to help add context to statements
and help the system understand how humans are communicating as they work to complete the task.
Due to accuracy issues involved with using a single plane pointing vector for target detection, since
it is unlikely that the objects and vector line up perfectly, I experiment with a "pointing frustum"
around the pointing vector to create a "detection” region in three-dimensional space. Objects that
intersect with this region, based on the center of the object, are selected as targets of interest [22].

In this thesis, I explore several potential communicative features of interest, as they have been
discussed and evaluated by our team, and the design considerations we have made to create an ef-
fective agent that could be used in various collaborative settings. Additionally, I go into detail con-
cerning gesture as a feature of interest and discuss methods I have developed for effective, robust

and reusable feature extraction in the context of a CPS task. In one such example, I have utilized



the gesture detection baseline to experiment with meaningful object selection using a "pointing
frustum." Finally, I discuss how my work with gesture is a vital piece to the overall system, but
there are context limitations that come up when relying on a singular modality. These issues could

be mitigated in future work by combining outputs with other modalities to bridge context gaps.



Chapter 2
Related Work

Gesture is a common form of nonverbal communication used to convey additional meaning
in discussions between persons, small group tasks, and more recently, as a means for humans
and computers to interact. In various human computer interaction studies, pointing is a common
gesture used to indicate the intended target of a user or study participant. Use of various complex
gestures, such as pointing for deixis, spans many different languages and cultures [20], making it an
ideal gesture to be integrated with human-computer systems. Pointing is also an important feature
of small group communication especially when combined with other modalities, such as speech,
as it allows individuals to ground their utterances to the physical environment around them, which

nn

adds critical context. For example, any use of demonstratives ("this one," "those," etc.) to refer to
physical entities must almost necessarily be coupled with a deictic gesture to be interpretable.

The ability to identify and act on complex gestures in real time is vital in order to utilize gesture
as a feature in a larger multimodal system. Correct automated identification of key frames in real
time helps reduce noise and aids in accurate identification of gestures, without requiring manually
sifting through video data to identify when a gesture starts and stops. In my work, I propose an
approach to automatically identify the key phases of gestures to aid in semi-automatic detection
and annotation of gesture semantics. Leveraging previous literature on gesture semantics originally
theorized by Kendon [17] and elaborated by McNeill [32], and Lascarides and Stone [26], among
others. I focus on automatic identification of key frames for gestures that comprise of a pre-stroke,
stroke, and post-stroke phases as it unfolds across multiple frames, with the goal of effectively
returning the most distinct key frames for identifying any gesture of interest and allowing for
versatility when used by an Al agent.

While the ability to identify when an individual is pointing adds useful context to communi-

cation, relying only on non-verbal deictic gesture, such as pointing, does not always guarantee

accurate target selection. Various experiments have been run to determine the potential increase



in accuracy of pointing when combined with other features, such as speech [14]. In the men-
tioned study, researchers tested the effectiveness of single plane pointing in an augmented reality
from various perspectives, with and without speech. Participants were required to either point at
or "identify" (with pointing and speech) an intended target from the various perspectives. They
found that combining speech and gesture, increased the accuracy, however there were still errors
selecting the intended target.

By utilizing gesture and target detection amongst other features, a multimodal agent can be
designed to bring these features together in a meaningful way to extract context from small group
tasks. One style of small group work that employs multiple communicative features is collabo-
rative problem solving or (CPS). CPS involves two or more people using "their knowledge and
skills to solve complex problems without predefined solutions" [39]. As such, this is a partic-
ular method of modeling interaction between users based on research in the learning sciences.
Frameworks for CPS have been developed to capture relevant behaviors and different types of col-
laboration [1, 13, 38]. These frameworks are helpful in creating labeled data and provide a bridge
for computer scientists to operationalize and apply knowledge from the learning sciences. Previous
work has successfully detected and classified these facets, showed improvements when using mul-
timodal models [4,37], explored technical requirements on an Al agent for tracking collaboration
in small groups, such as relevant toolkits [8], and showed how adding contextual features to models
improves the generalizability of the models in collaborative contexts [9]. In this thesis, I discuss
features of interest in context of a CPS task in more depth and go into additional details concerning
methods I’ve developed for gesture extraction and real world applications in a multimodal system

designed to interpret CPS tasks.

2.1 Datasets

Throughout my experiments involving complex gesture detection, I worked with a few different

datasets internal to Colorado State University. In this section I briefly discuss both.



Microgesture Dataset

Microgestures are a category of small, subtle hand gestures requiring less gross motion [43].
The overall goal of such gestures is to reduce the fatigue of a user interacting with a system long-
term. The "Microgesture dataset" is a collection of short single-gesture videos, focusing on a single
hand. 49 gestures are included in this dataset, each unique and identifiable, fitting into categories
including: taps, rotations, move, snap, numbers, zoom, open/close, and slide. Using 3 Microsoft
Azure Kinect cameras positioned at 3 different angles, 72 videos were collected for each gesture,
spanning 10 participants [15]. Each video consists of approximately 60-81 frames with different
start and end points for each gesture, thus making the data a good candidate to test our phase

detection solution.

Weights Task Dataset

The Weights Task Dataset (WTD) provides data that can be used to test our gesture phase
segmentation pipeline on a more realistic scenario. This dataset is a collection of audio-visual
recordings where triads perform a task involving correctly identifying the weights of various col-
ored blocks using a balance scale. Unknown to the participants, the weights of the blocks follow a
specific pattern (the Fibonacci sequence), and the task involves participants collaboratively uncov-
ering this pattern. This dataset, which was created to model an example of a CPS task, involves
multimodal communication using speech, gesture, gaze, and action in context, making the identi-
fication of key gesture semantics important for automated analysis. The dataset spans 10 groups of
3, and includes videos from 3 different camera angles [4, 18]. The videos include many potential
gestures of interest, including pointing, grasping, and placing blocks on a scale, which are good
candidates for automatic phase segmentation and annotation, in addition to pointing and target

detection.



Chapter 3
Multimodal CPS

3.1 Collaborative Problem Solving

In multimodal communicative group work, collaborative problem solving (CPS) is a common
method of collaboration in which small groups work together to solve a non-routine task with no
set plan. The quality of the group’s solution can be evaluated by the team members as the task
proceeds, and there is a differentiation of roles but interdependence within the team [13].

A general CPS support agent requires a framework that is not biased to features of a single
communicative feature, but can also ground CPS skill indicators to specific events as the task
unfolds [4]. To this end, our team has leveraged the framework developed by Sun et al. [38] to
categorize our tasks [42]. In this framework, CPS was formalized into hierarchical levels; 19
indicators that include moves such as proposing a correct solution or interrupting others, and three
facets which are Constructing shared understanding, Negotiation/Coordination and Maintaining
team function. These indicators allow us to identify specific collaborative moves; for example, in
Figure 3.1, the participants are discussing the results of weighing two blocks, where discussing

results 1s an indicator enumerated in the Sun et al. CPS framework.

And that looks like it
might be about
even

By touch feels

Figure 3.1: Stills from the Weights Task Dataset.



3.2 Features

3.2.1 Speech

Speech is a critical method of communication seen in group work. Participants use this modal-
ity to share their understanding, ask questions, discuss results, plan, and more. This is an explicit
method of communication, making it a foundational starting point for any agent tracking group
work. Previous studies demonstrated that speech is a meaningful feature for a model tracking
group states [4,37]. When combined with other features, utterances help add context to how a
participant is interacting with the space around them.

In everyday interpersonal communication, speakers are likely to employ demonstrative terms
and anaphors ("this", "that", "it", etc.) in place of the specific objects being discussed. Auto-
matically interpreting the intended referent of a statement likely involves context from another
modality, potentially deictic gesture. In human-to-human communication it is easy to interpret
both gesture and speech at the same time to extract the intended context of any given statement.
An Al tasked with understanding how a small group is communicating and working together needs
to be able to do the same. For instance, in Figure 3.1, a participant makes the statement "By touch
feels lighter," and the utterance alone does not provide enough context to infer which block they
are referring to. Perhaps the missing context could be extracted from gesture, specifically the grasp
gesture as they place the block on the scale. Because of this link, design considerations concerning
the extraction and combination of speech and gesture are vital in creating the most effective agent,

and thus is an important line of research which my gesture recognition work greatly contributes to.

3.2.2 Acoustics

Acoustic features convey additional meaning in language, and can be thought of as a subset
of the speech feature. From turn-taking to posing a question, the way someone presents their
statements provides additional information to others. Acoustic information allows us to under-

stand sarcasm, perceive tone, recognize high energy, and more. For an agent, acoustics (cadence,



prosody, etc.) help classify the sentiment of statements. For example, if someone was to make the
statement "It seems pretty balanced” in regards to a scale, but in a sarcastic tone, it would effec-
tively negate the statement. Focusing on utterances alone might lose this additional meaning, thus
it’s informative to extract acoustics in conjunction with speech. Prior work has shown that acous-
tics are useful features for a model classifying a group’s state [4,37], thus showing the importance

of considering this feature when designing an overall communicative agent.

3.2.3 Facial Expression

Facial expression is an informative modality for an agent tracking group work, as it helps
indicate level of engagement, by determining the focus of a participant, perhaps utilizing gaze.
Additionally, facial features help determine participants’ attitudes towards individual events or
even each other. Recent work has shown improvement in facial expression recognition through
improvements in deep learning [27,28]. However, there is a great diversity of ways to interpret
different facial expressions, often depending on context. For our purposes I care about the rela-
tions of specific expressions to collaborative problem solving. Toward identifying these affects,
D’mello and Graesser defined patterns in affective states specific to learning [11]. This allows us
to narrow down into expressions that will be important for an agent to track. Some examples of
facial expression that might be informative for an agent to understand might include recognizing
when a participant is confused and needs extra clarification, or determining if a participant has a

positive or negative opinion of something another participant is saying, when coupled with speech.

3.2.4 Physical Space

In order to create an agent that will be able to meaningfully interact with users and support
groups, extracting context from physical space helps make inferences about how participants are
working together and the relationships between the objects themselves [34]. Leveraging this in-
formation and associating it with other features, like gesture, further allows an agent to understand
how participants are interacting and the path they are on to complete a task. Mechanistically, object

tracking and detection requires common calibration settings to allow data extracted using different



ACTION ANNOTATION

(p / put-ACT
:ARGO (pl / participant-1)
:ARG1 (gb / green-block)
:ARG2 (o / on
:opl (rs / right-scale)))

Figure 3.2: Example Action Annotation

tools to be used together (e.g., transform gesture landmarks to the same space as the object loca-
tions). The use of 6DOF object pose estimation [10] to extract object locations involves challenges
when deployed in group work scenarios, particularly those in classroom environments, where ob-
jects in the scene are likely to be small, moved a lot, and subject to partial or complete occlusions.
One way to address this is with a model that estimates the object mask to predict the position of an

object and then crops the masked image to estimate its rotation.

3.2.5 Actions

Actions in context provide important information about the methods participants are using to
compete the task. In a sense, actions can be thought of as an extension of gesture and body lan-
guage. For example, detecting a grasp gesture signals the potential start of an action that involves
putting a block on a scale. Additionally, if an agent can interpret the outcome of an action, i.e., if
the scale will be balanced after placing the block, an agent could theoretically track the progress
of the group and if they are on track to correctly complete the task. For instance, in Figure 3.1, P2
placing the green block on the scale is an indication of infent and of what P2 believes the likely re-
sults will be based on the affordances [12] of the objects involved: in this example, namely, that the
scale will end up balanced. For accurate interpretation of actions, the use of a rigorously-defined
interaction semantics for gesture, object and action tracking is vital. Annotation of all task-specific
actions engaged in by the participants follows an AMR-style syntax, in which statements are bro-
ken down into three arguments: a describer, the subject being described, and the description [3].

Use of this syntax introduces the notion of annotating actions in the style of speech and gesture.

10



3.2.6 Pose Detection

Similarly to gesture, body pose detection can be used as a feature of interest in CPS scenar-
i0s. Important context is likely to be associated with gross body motion in addition to fine-grained
joint positions on the hand. Using the depth channel from Azure Kinect recordings, the x,y, and
z positions of 32 joints across the body are extracted consistently for each participant on a frame
by frame basis, much like hand detection with MediaPipe [44]. The tracked body joint positions
are evaluated for each participant to make meaningful inferences about how group members are
interacting. The general body language of an individual helps determine levels of engagement in a
task, in addition to focus and attention. If a participant’s body is facing towards others in the group
it might signify that they are engaged with what the group is doing or what someone is saying.
Additionally large movement might indicate significant changes in overall atmosphere. Because
the raw joint positions are anchored to the physical location of the different participants, the in-
dividual bodies either need to be segmented and processed individually with distinct models for
each person, or transformed into a normalized space before feature processing and classification.
Additionally, the joint positions for each participant could be used to help localize other modalities
of interest, for example, narrowing down the position of an participants hands for gesture detection

or the position for their face to determine gaze vectors and facial expressions for efficiently.

3.2.7 Gesture

Gesture and pose add context to verbal communication, particularly regarding how someone
interacts with the space around them. For example, one common salient gesture in the Weights
Task is deixis (pointing), and since situated shared tasks often involve use of demonstratives
("this"/"that"), interpreting them involves recourse to deictic gesture. Detecting semantic con-
tent of a point gesture helps identify what a participant is paying attention or attempting to draw
attention to, allowing the interpretation of communicative features within the physical space [40].
For the purposes of model training and for post-facto interpretation, some high-level semantic rep-

resentation of gestures, such as GAMR [6] are required. The recognition of gestures themselves

11



GAMR GESTURE UNIT

(g / gesture—unit

:opl (1 / icon-GA
:ARGO (g2 / gesturer)
:ARG1 (b / block)
:ARG2 (a / addressee))

:op2 (d / deixis—-GA
:ARGO g2
:ARG1 (1 / location)
:ARG2 a))

Figure 3.3: Example GAMR Gesture Unit

is largely based on positions of the individual joints on participants’ hands [33]. These joint val-
ues are extracted using tools such as MediaPipe [44] and used to calculate the pose of the hand
and therefore recognize gestures. Other gesture and pose-based features include distance between
subjects, indicating engagement and inter-subject attitudes. Capturing this often requires depth
information, necessitating RGBD cameras such as the Azure Kinects used to record the Weights

Task Dataset.

GAMR

Gesture AMR (GAMR) is a formalism that encodes the meaning of gesture in multimodal in-
teractions between agents. It is an extension to Abstract Meaning Representation (AMR), adopting
both the annotated graph structure and the predicate-argument representation of that formalism [3].
Gesture AMR was developed to encode how gesture meaning both independently of and as it re-
lates to speech.

Gesture AMR distinguishes four general types of referential gestures: iconic, deictic, metaphoric,
and emblematic [16,21,30,31]. Because our data focuses on gestures in a task-based setting, most
depictions of entities and events appear to reflect their concrete properties, such as the shape of
an object or the manner of an action. Similar to the interactions reported on in [6], metaphoric

gestures do not appear with any frequency.

12



GAMR includes schemata to annotate gestures that fall into one or more of these categories,
thus providing granularity when representing a variety of gestures that might be used to communi-
cate in various CPS tasks. The inset shows the structure for a "gesture unit" including both deixis
and iconic components. ARGO denotes the gesturer, ARG1 the semantic content of the gesture and
ARG?2 is the addressee or intended recipient; these fields exist for each gesture subsection in the

annotation.
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Chapter 4

Robust Gesture Detection

4.1 Gesture Detection Pipeline

In order to perform meaningful robust gesture recognition, I developed a novel pipeline that
aims to automatically identify the key phases of gestures and aids in semi-automatic annotation of
gesture semantics through identifying the sub-gestural phases (see Chapter 2), [17,26,32]. Specif-
ically, I focus on the automatic detection of "key frames," which I define as frames comprising the
union of the hold phases of any given gesture, specifically a combination of the pre-stroke, stroke,
and post-stroke phases. I theorize that the hold phases make up the majority of the semantically
significant movement of a gesture. My gesture recognition pipeline consists of three stages that
aid in reducing noise and distilling videos down to these key frames. It has been evaluated over a
collection of complex, multi-frame gestures in two datasets (see Section. 2.1). Key components of
the pipeline include a classification model whose main purpose is to recognize the general static
shape of complex gestures when in a hold phase (Section 4.1.2), a movement segmentation routine
which aids in breaking down a video into segments of similar movements (Section 4.1.3), and a
phase markup annotation which uses the classification model and the video segments to identify
and annotate the segments and frames that are in a hold phase, and thus most semantically signifi-
cant or adjacent to the most semantically-significant frames (Section 4.1.4). Figure 4.1 shows the
gesture detection pipeline, with the addition of our steps taken for point based target detection (see
Chapter. 5). In this section I will walk step by step through each piece of the pipeline and tools

used in more detail.

4.1.1 MediaPipe

Hand detection tools, like MediaPipe, an open source library developed by Google [44], sup-

port gesture recognition tasks by detecting and returning joint locations of individual hands in a
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Robust Gesture Detection Pipeline

GAMR
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Static
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(VanderHoeven et al., 2023)

Figure 4.1: Complex gesture and target detection pipeline. Items within the box denote components of
the robust gesture detection pipeline (discussed in Chapter. 4), the values on the right are outline how the
outputs of the gesture pipeline have been used for meaning point target detection (discussed in Chapter. 5).

frame. MediaPipe tracks hands using 21 landmarks that consist of z, y, and 2 (relative depth) co-
ordinates. It uses a two-stage pipeline: 1) the palm, as opposed to the full hand with all fingers, is
detected using a neural model over the full input image. The palm based bounding box is returned
and formed to mark its initial location; 2) more precise hand landmarks (joint positions) are located
using encoder/decoder feature extraction based on the location of the palm bounding box. Figure
4.2, shows the constant joint locations or landmarks of detected hands, meaning index O is always
the "WRIST", index 4 is always the "THUMB_TIP". These landmarks values are used to train
custom gesture recognition models that can be used for a variety of tasks. Additionally, models are
trained more efficiently than counterparts using RGB data, by removing noise from RGB data and

focusing solely on the shape of the hand.

4.1.2 Static Classification Model

The first step of my gesture detection pipeline is creating a binary classifier whose purpose is to

help identify individual frames where the hand appears in the general shape of the "stroke" phase
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Figure 4.2: MediaPipe Hand Landmarks (reproduced from [44])

of a given gesture of interest. In this section I outline the annotation method used to create data for

this classifier and the details of the classifier itself.

Annotation

Some manual annotation is required to create a static classification tool for any given complex
gesture. In order to create this data, I developed an annotation script for the Microgesture and
Weights Task datasets. Using this script I programmatically step frame by frame through a sample
video using OpenCYV, and for each frame and identifiable hand I save off the phase type, gesture
type, participant ID, and normalized landmarks returned from MediaPipe. For the Weights Task
dataset I include additional fields: hand index and group ID. Phase type can be one of two values:
hold, which signifies a frame in which the hand shape is similar to the shape of the gesture in any of
the stroke phases, and no hold which represents a noise shape (dissimilar from stroke) that should
be ignored. Gesture type maps directly to a user defined index of the gesture. Figures 4.3 and 4.4
show examples of annotated data from each of the datasets used in this work.

For annotation using the Microgesture dataset, I used the default tracking and detection values
for MediaPipe (cf. Section 4.1.1), and set the maximum number of hands to 1. For the Weights
Task data both tracking and detection values were set to 0.6 with maximum hands set to 6, thus

allowing us to annotate any combination of hands returned from MediaPipe.
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Figure 4.3: Annotation examples from Microgesture dataset

Frame: 4861 Frame: 18221
point
no hold

Figure 4.4: Annotation examples from Weights Task dataset

Classification Model

To test my pipeline I experimented with a subset of gestures from the Microgesture dataset
and created a classification model for each. To generate this subset I selected one gesture from a
few of the hierarchical categories of the Microgesture dataset [15]. I selected one gesture from the
following categories: move, snap, number, zoom, open/close. The categories were chosen with the
intent to create a diverse selection of gestures across multiple categories. I selected one specific
gesture from each category, including two for number, index finger swipe right for move, hand
close for open/close, zoom in with palm for zoom and snap for snap. Because each gesture comes
from a different category, I expected each to be distinctly identifiable using key frames. Fig. 4.5
shows samples of each of the 5 gestures of interest selected for evaluation.

Using the annotated values for each frame in the sample data for each gesture, I created a
random forest binary classifier using the scikit—-1learn library for each gesture of interest. A
random forest classifier is made up of a collection of independent decision-tree classifiers generated

from a randomly selected subset of training data. These classifiers then vote on the most probable
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Figure 4.5: Hold phase stills (from top left): zoom in with palm, hand close, snap, two, and index finger

swipe right

Table 4.1: Overall accuracy, balanced accuracy, Kappa, and AUROC. Gestures of interest come from the

Microgesture Dataset.

Gesture Accuracy Balanced Accuracy  Kappa  AUROC
Two 0.92 0.93 0.92 0.92
Index finger swipe right 0.91 0.87 0.89 0.89
Hand close 0.87 0.78 0.84 0.82
Zoom in with palm 0.83 0.91 0.88 0.87
Snap 0.94 0.95 0.95 0.95

classification for any given input [5]. Random forest classifiers have been used in other MediaPipe
based classification projects (e.g., [7] and [35]). The overall purpose of this classification model is
to identify when a hand is in a hold phase or not. Table 4.1 shows the accuracy metrics, Cohen’s
Kappa, and AUROC values, which were selected as metrics to show the overall performance of
a binary classifier beyond just using accuracy, of each of the random forest classifiers generated.
The high values for all metrics on each gesture shows that landmarks can be used to identify the

general shape of the hold in a single frame; however, as mentioned before this is not enough to

identify key frames and additional processing is required.
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4.1.3 Movement Segmentation

The pipeline’s second phase involves grouping similar individual frames into like movements.
For each frame, I computed a value representing the hand’s general location in the frame, specif-
ically the average (x,y) values in pixel space, using the 21 landmarks returned from MediaPipe.
Fig. 4.6 shows an example of average hand location determined from the individual landmarks.
Hereafter I defined a collection of frames with a difference in average location under a defined
threshold as a "segment."

In order to generate segments for a video, I first cached off information for each frame, in-
cluding the video number, frame number, MediaPipe landmarks, the normalized landmark values,
and the average (x,y) location of the hand. If the current frame’s average location is significantly
different from the last frame this marks the start of a new segment, otherwise the frame is added
to the current segment. The threshold value used in our experiments is 0.8 pixels, however the
most effective value for other scenarios or datasets may very and thus the value is user-definable.
Figs. 4.7 and 4.8 show a visualized example of these steps on a subsection of zoom in with palm

frames.

4.1.4 Phase Breakdown

After the video has been broken down into segments, I analyzed the segments using our clas-
sification model to identify segments with a significant percentage of frames in hold. For each
segment in the video I ran the static shape classifier on each frame in the corresponding segment.
If at least 80% of the frames are in hold, I mark that entire segment in hold. During this process
I look for the following pattern: the first hold segment found marks the potential start of the key
frames interval, or a "section of interest." After a hold is found, the next no hold segment marks the
end of the section of interest. The entire detected section should span the pre-stroke, stroke, and
post-stroke phases. For each section of interest found in a video, I also calculate the total number

of frames. The user can define the number of frames required to mark the section as significant or
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Figure 4.6: Example of average hand location, shown by the yellow dot.

Figure 4.7: Movement Segmentation: cached frame values

key frames and thus as a candidate for automatic annotation. Fig. 4.9 shows a visualized example
of this grouping, continuing the example from the previous section.

Once key frames are identified, a few values are saved off that can then be utilized to help
extract key frames from a video subsequently to train additional models to classify a collection of
gestures in real time. These values include the first and last frame of the key frame section, and
the first and last frame of the peak segment, which is defined as the segment that contained the
most frames. In addition, the frame count for each segment can be plotted to show the pattern of
motion for any gesture of interest. It is worth noting that the pattern of peaks and valleys on this
chart can be used to map the occurrence of the stroke phase, and for some gestures this could take

place in or around the peak segment. Figs. 4.10-4.12 show example plots of the distributions for
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Segment 1 Segment 2 Segment 3 Segment 4 Segment 5

Figure 4.8: Movement Segmentation: creating segments

Key Frames

Segment 1 Segment 2 Segment 3 Segment 4 Segment 5

Figure 4.9: Phase Breakdown: locating key frames

each of the five gestures examined. It is worth noting that for each gesture the start location and
length of the key frames vary, showing the importance of dynamic key frame selection. Selecting
one static key frame location across all values in the dataset would lead to noise in training inputs.

The "peaks" shown in these charts indicate a section of frames where motion was relatively small
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(that is, a high concentration of similar frames), whereas valleys show locations where change in

motion is more significant.
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Figure 4.12: Key frame examples from index finger swipe right

4.2 Experiments and Evaluation

The major motivation in this work has been to develop a way to automatically pinpoint the exact
locations of key frames for any given gesture, so they can be utilized in a larger multimodal system.
Success in this aim means that automatically extracted key frames should be more informative of
a gesture to a recognition system than a naive or random baseline. In my work I’ve demonstrated
success on such a recognition task.

My initial goal was to train a classifier to recognize multi-frame gestures across the entire
Microgesture dataset using MediaPipe’s landmark data. In an initial attempt, where all frames in
each video were gathered and fed into a simple classifier, the resulting accuracy that was equivalent
to a random guess. To reduce noise and trim down the number of frames being fed into our
classifier, I tried gathering 10 frames starting at the 20th frame for each video. This resulted in
performance very similar to the first attempt. Various additional attempts were made to select
a number of frames from the same static location in each video that best fit the entire dataset.
Through my experiments [ was able to improve accuracy slightly only to a maximum accuracy of
about 20%. This value using naive or static key frame selection serves as a baseline. I hypothesize
this occurred because the true location of the key frames varied greatly for each gesture, and no

single starting position would be effective across the entire dataset. Selecting one static location
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across all videos leads to noise being mixed into the training data. In order to improve accuracy
key frames would need to be identified on a video by video basis, and our dynamic key frame
selection method serves as a possible automated solution.

To test this proposed solution I repeated our initial experiment on the Microgesture subset
referenced in Section 4.1.2 (the gestures of interest include snap, two, index finger swipe right,
hand close, and zoom in with palm). Using both the static and dynamic key frame collection
methods, I trained a feedforward neural network on this subset, using 2 ReLU-activated hidden
layers of 20 and 10 units, respectively, with a final softmax classification layer. The model was
trained for 100 epochs with an Adam optimizer, a learning rate of 0.001 and batch size of 16, using
a leave one out split for each of the 10 participants. In both cases I gathered 10 frames from each
video.

The experiment results show an average of all 10 leave-one-out splits. Table 4.2 shows statis-
tics from both classifiers. Table 4.3 shows associated standard deviations across all 10 splits for
each figure. The baseline values are much higher than the values in my initial experiments that
spanned the entire Microgesture dataset. For the subset selected, the static frame selection does
better at selecting relevant information. However, the results show that when using dynamic key
frame selection, there is a significant increase in overall performance. Figs. 4.13 and 4.14 show
the performance of the classifier using both frame selection methods in the form of confusion ma-
trices (summed over all splits). It is evident from Fig. 4.14 that dynamic key frame selection does
significantly better over all the gestures of interest. The experiments show that my pipeline and
dynamic key frame selection is a promising solution to reduce visual noise in a dataset by focus-
ing on segmenting gestures using semantically-informed key inflection points, thus improving the
performance of models tasked with identifying complex multi-frame gestures, that in turn could

be used to help identify movements on interest in various CPS tasks.

24



Table 4.2: Average reported metrics: precision, recall, F1, and top-k accuracy (selected to show the addi-
tional detail of the multinomial classification) 10 frames were gathered for both methods. Static collection
started at frame 20 of each video. Dynamic started at the unique key frame location for each individual
video.

Method Precision  Recall F1 Top-1  Top-3
Static 35.28 39.16 33.86 4148 83.49
Dynamic 66.35 66.48 62.78 69.10 89.10

Table 4.3: Standard deviation of reported metrics: precision, recall, F1, and top-% accuracy.

Method Precision  Recall F1 Top-1  Top-3

Static 23.99 20.36 21.97 21.16 9.78
Dynamic 22.80 19.00 22.00 18.28 9.86
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Figure 4.13: Classification results using static key frame selection
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Chapter 5

Pointing For Target Detection

A critical component of multimodal human-human interaction is deictic gesture (pointing),
and therefore accurate identification of pointing targets in real time is an important feature for
multimodal language understanding and human-computer interaction. By using pointing vectors
to aid in identifying targets in three-dimensional space, the semantic target of a user is extracted
from a video stream [41]. In addition, when combined with other features, such as speech, the
data extracted further aids the overall understanding of how humans are communicating with one
another or with an intelligent system. For the most accurate analysis and seamless use, correctly
and consistently identifying people, gestures, and their intended semantic targets in real time is
vital. Leveraging my previously developed pipeline I automatically detect preparatory, "stroke,"
and recovery phases of gestures [40], based on the gesture semantics previously developed by the
community [2, 17,26]. I have been able to show promising results in automatic identification of
complex multi-frame pointing gestures in real time, which in turn could be utilized a the larger
multimodal system.

To effectively extract instances of pointing and the associated targets from a small group
scenario, a few things must be considered. First, accurate gesture and body detection on a per-
participant basis is necessary to consistently match a pointing vector with who is communicating.
Second, precision errors can occur when a single vector is used to select objects since it is unlikely
that the objects and vector line up perfectly. van der Sluis and Krahmer [36] studied deixis in the
context of multimodal referring expressions and found a main effect of distance. The decreased
specificity of pointing over distance can be modeled as a “cone” a la Kranstedt et al. [22]—a vol-
ume narrower at the vertex (the pointing digit) and wider as distance from the digit increases. To
account for this, a "pointing frustum" (viz. a cone with the tip truncated) is formed around the
pointing vector to create a "detection" region in three-dimensional space. Objects that intersect

with this region, based on the center of the object are selected as targets on interest [22].

27



As pointing specificity degrades with distance from the pointer to the target but is still inter-
pretable by other humans at a distance [36], selecting the most fitting near and far base radii to
create the pointing frustum is important to correctly identify intended targets in a small space,
without selecting unintended targets. I compare an automatic pointing detection method with a
human-annotated ground truth, and frustum radii to determine the feasibility of point and target
detection of small objects. With these points in mind, I have established a novel baseline for object
detection in a joint situated task using deictic gesture only, and in the process expose how chal-
lenging automatic inference of indicated objects in a collaborative setting could be due to variation

across individuals and groups in communication and deictic strategies.

5.1 Methodologies

5.1.1 Data Preprocessing

A few data prepossessing steps were required in order to test the proposed target selection
solution using the WTD. Human annotation of frames in which pointing gestures occurred were
gathered for a subset of groups. This process involved manually stepping through each frame and
marking a participant ID' along with the start and stop frame for each deictic gesture. For each
manually annotated frame the team, saved the block’s color, quaternion describing its location,
location in 3D Cartesian space, and 2D bounding box information. This gives a maximally precise
object location in each frame against which to assess the quality of object selection with automated
deixis detection compared to a human-annotated ground truth. From there with the help of the
team, we ran a linear interpolation algorithm to fill in the object locations for the intervening video
frames. Figure 5.1 shows an example of the target blocks on the scale, with and without the
overlaid 2D bounding box drawn from the manual annotations. Because of the time required to

annotate each video, only a representative subset of groups were selected for our experiments.

'Participants are conventionally indexed 1-3 from left to right in the video frame.
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Figure 5.1: Target blocks, with and without bounding box overlay.

5.1.2 Pointing Frustum

Bringing together MediaPipe and our robust gesture recognition pipeline, I automatically iden-
tify frames of interest for deictic gestures, and from there use the hand landmarks to calculate a
pointing vector to identify target objects in a scene. For the purposes of my experiments I calculate
the pointing vector by extending a ray through the base and tip of the index finger, comprising the
MediaPipe landmarks at index 5 and 8, respectively. I then extend the vector out into the environ-
ment 5 times the distance from finger base joint to fingertip, starting from the tip of the index finger
(joint 8). Figure 5.2 shows the joints used to create the pointing vector relative to the MediaPipe
landmarks.

When using a vector embedded within a single plane to detect targets of interest, it is very un-
likely that the vector and object of interest will line up perfectly. Because of this, I use a "pointing
frustum" to create a target detection region. A frustum is a geometric shape resembling a cone,
where a radius value is set for the top and bottom of said cone. I specify a "near" (or top) radius at
the base of the index finger and "far" (or bottom) radius at the end of the pointing vector to allow
increased granularity when experimenting with detection regions. This reproduces the pointing
cone semantics of [22], and makes it extensible to allow for different levels of imprecision at dis-
tance. Figure 5.3 shows a top down view of the frustum, note that in a real scenario, the frustum

is a three-dimensional volume with circular cross-sections. The red block in the figure denotes
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Figure 5.2: Pointing vector relative to MediaPipe landmarks.

Far Radius

1

-

Near Radius

Figure 5.3: Top down view of the pointing frustum. The red block is an example of an object that falls

outside the detection region, the green block is an example of an object that falls inside the detection region
and would be marked a target of interest.

a target object outside the detection region, whereas the green box is an example of a target of

interest. I determine if a target is in the detection region by first finding the location of the target
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Figure 5.4: Calculation of pointing vector target, where P represents the pointing vector, p3 represents the
center of a target object, and x represents p3 projected onto P

perpendicular to the vector, outlined in Figure 5.4. From there the radius of the frustum is found
at that point and it is determined if the center of the object is within that radius. This process is

depicted in Figure 5.4 and Equation 5.1. x denotes the center of the candidate target object pro-

rE—Tn
21l

jected onto the pointing vector (P). rq = 7, + || A|| gives the radius of the pointing frustum
at distance || A|| from the "near" plane (where 7,, and r are the near and far radii, respectively). If
the distance from the center of the candidate target to its projection x is less than or equal to 74, the

candidate lies within the pointing frustum and is considered "retrieved."

5.1.3 Azure Landmarks

In order to implement gesture recognition on multiple participants, additional assurances needed
to be built on top of the MediaPipe hand recognition [40]. MediaPipe includes the ability to track
multiple hands but does not guarantee the order of the returned hands. This means that it is pos-
sible for participants’ hands to get mixed up (for instance, if they overlap, or leave the frame and
return), leading to incorrect assignment and therefore gesture classifications and attributions. For
instance, if participant 1 is pointing at the blue block, but the gesture is associated with participant
2, the result would be inaccurate representations of gestures within the scene. I therefore took the
locations of joints on the bodies of the different participants, which were extracted from the depth

video stream (see Figure 5.5). Using these, I calculated a bounding box on each of the partici-
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pants’ hands, to allow MediaPipe to retrieve the hand joints from a localized area. By tracking the
bounding box to the wrist joint according to Azure, I more consistently associate hands (and thus

complex gestures and movements) with a participant.

Figure 5.5: Azure body landmarks overlaid on a frame.

5.1.4 Depth Information

In addition to body landmark locations, the Azure SDK facilitates retrieving framewise depth
information. This depth information is saved as grayscale Z-coordinate values for each pixel in
field of view, measured in millimeters. Figure 5.6 shows an example depth frame with a semi-
opaque overlay of the RGB data. The depth information allowed me to convert hand landmarks
and object locations between two-dimensional and three-dimensional space, thus allowing us to

create a pointing vector, and detect targets in three-dimensional space.

5.1.5 GAMR

Ground truth values for the intended target objects annotations are provided in the WTD in

the form of Gesture Abstract Meaning Representation (GAMR) annotations [6]. Refer back to
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Figure 5.6: Azure Depth Data with RGB overlay

Section 3.2.7 for additional details on the annotation scheme. For the purposes of the experiments
in this chapter, I focus only on the deictic gesture type, i.e., gestures that refer to a location by
pointing. Figure 5.7 shows an example of a pointing gesture referencing a block. Figures 5.8 and
5.9 show examples of GAMR annotations from the WTD. Note that in, e.g., Figure 5.8, the gesturer
(ARGO) is participant_1 and semantic content of the gesture (ARG1) is the blue_block.
This information is used in conjunction with the targets selected by intersection with the pointing

frustum to verify if object selections were correct.

(d / deixis—GA
:ARGO (g / gesturer)
:ARG1 (b / block)
:ARG2 (a / addressee))

Figure 5.7: Deixis GAMR template according to [6].
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Frame: 3256
Timestamp: 0:01:48

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

Frame: 4204
Timestamp: 0:02:23

| (d/ deixis-GA

' :ARGO (p2 / participant_2)
:ARG1 (g / green_block)
:ARG2 (g2 / group))

Figure 5.9: Group 2 deixis GAMR example.

5.2 Experiments and Evaluation

To test the feasibility of the point based target selection, my experimental protocol involved as-
sessing the values of near and far frustum radii that provided the best possible and most consistent
object selection across multiple groups. Relevant video frames that were tested against included
those which were annotated with GAMR type deixis—GA, and had been annotated as contain-

ing a point gesture, or the gesture recognizer detected one. From there I assessed which objects
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intersected the pointing frustum. Per-frame recall, precision, and F1 were calculated against the
ARG of the GAMR annotation. This process was repeated for each relevant frame while keeping
a running average for each metric across the entire video. In order to determine the number of
correct inferences and type I or type II errors based on selected blocks, I created the following

guidelines using the GAMR annotations:

» If ARG1 is a single block, if the selected block matches the annotation, it is considered a true

positive. If selected blocks do not match the annotation, they are considered false positives.

* If ARG1 is a combination of blocks, such as when the GAMR annotations did not specify a
single block as the denoted target, but rather a set, each selected block that matches a block
in ARG1 is considered a true positive. Selected blocks not contained in ARG1 are considered

false positives.

* If a block included in ARG is not selected, it is considered a false negative.

The subset of groups I evaluated against included groups 1, 2, 4, and 5 of the WTD (see
Section. 2.1).

Table 5.1 shows the average F1, recall and precision across all 4 videos for different combina-
tions of radii, assessed against both the human-annotated pointing frames and those retrieved by
the automated gesture detection (see Section. 4.1). It is worth noting the variability in F1 scores; in
many cases the standard deviation is almost the same as the average. This indicates the challenge
in selecting a single set of frustum radii for the most effective target selection. Additionally, the F1
scores over the the human-annotated frames and the automatically selected frames are generally
very similar, showing that our automated pipeline’s frame selection achieves similar results when
compared to human annotators.

The relatively high standard deviations shown in Table 5.1 indicate the variation present across
groups in the dataset. I also present group-wise results showing the average metrics across all

frames vs. the radius sizes. This provides additional granularity in determining the most effective
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Table 5.1: Average target detection F1 for human annotated and automatically detected frames from groups
1,2,4,andS.

Near Far yHumanFl1 o HumanFl1 ; AutoF1 o Auto F1

20 50 0.187 0.170 0.185 0.192
30 60 0.213 0.175 0.199 0.191
40 70 0.282 0.254 0.275 0.278
50 80 0.349 0.235 0.338 0.274
60 90 0.401 0.216 0.384 0.267
70 100 0.417 0.207 0.404 0.260
80 110 0.420 0.210 0.404 0.261
90 120 0.418 0.206 0.400 0.261
100 130 0.416 0.195 0.396 0.253

radius combination on a per group basis, as opposed to selecting and testing radius combinations

one at a time.

: = :
Timestamp: 0:01:48 X L Timestamp: 0:01:48

Frame: 3256 . Sl Frame: 3250
Timestamp: 0:01:48 X if Timestamp: 0:01:48

Figure 5.10: Incremental radius step example, Group 1.

Figures 5.10 and 5.11 show examples of the incremental radius steps, and show how as the size

of the pointing frustum grows, the detected targets change. Blocks outlined in green indicate those
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Frame: 4284 Frame: 4284
Timestamp: 0:02:23 Timestamp: 0:02:23

Frame: 4284 Frame: 4284
Timestamp: 0:02:23 Timestamp: 0:02:23

Figure 5.11: Incremental radius step Example, Group 2.

selected as targets of pointing. Red indicates those not selected. Note that in Figure 5.11, as the
radius grows the green block is the only one ever selected. This is because the remaining blocks
are resting on the paper behind the scale, and are therefore behind the origin of the pointing vector
and the frustum’s near plane.

Figures 5.12a—5.12d show experimental results across a range of different near and far radius
combinations for each group, averaged across all relevant frames of the video. I compare metrics
over those frames annotated by humans (ground truth), and those where pointing gestures were
detected by the automated detection pipeline (therefore comprising an end-to-end system with
gesture detection and target selection in a single step, see Chapter. 4). Maximum F1 score is
indicated with the purple dot. The maximum F1 scores vary anywhere between 0.33 (Group 4)
and 0.69 (Group 2). This range is likely due to variability in accuracy and style of pointing as
they are used by each participant/group. In addition to human inaccuracy, pointing in such a small

space is likely to return more than one object as the radii grow. Because of this, as the frustum size
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increases there is potential to return more false positive targets. This is reflected in the increase in
recall as the radii grow, but the eventual decline in precision and F1.

In most cases, except Group 4, using the end-to-end system, where frames were selected by the
automated gesture pipeline, outperformed detection over human annotations. In Group 5 partic-
ularly, the gesture pipeline frames eventually overtook the human annotated frames by about 0.1
F1 overall and thereafter remained consistent. I hypothesize this may be because the automatically
selected frames are ones that the static classification model recognizes as a point with the index
finger. In Group 5, sometimes participants would point with pens, or would gesture at the blocks
using their entire hand. Overcoming this limitation is another potential area for future work. In
other groups the accuracy statistic of the human annotated frames more closely matches the auto-
mated frames, indicating that the participants were more likely to point using the index finger (as
expected).

The “best" near and far radii values for each group (where the F1 score was the highest) ranges
anywhere from 70/100 - 85/115, with an outlier at 185/215 (near/far respectively.) These values
are highly dependent on the length of the pointing vector, distance between participants, the size
of the work space and the of the objects being detected. That said, in order to utilize these results
to determine the “best" radii values for other scenarios linear interpolation could be done using the
distance and size values for different scenes and tasks. Outlier values, likely due to differences
in pointing style as mentioned previously, may skew this calculation and could likely be ignored.
To overcome possible errors in future calculations the experiments are setup in a way where they
could be re-run on other tasks further verify this hypothesis.

These experiments show the feasibility of robust gesture identification and target selection.
These breakthroughs provide a vital link between users and computer vision algorithms that, for
example, may meaningfully and efficiently capitalize on users for real time context identification
from a scene. Further, the efficiency of the methodology provides a direct platform for real-time
human-AlI interaction. Future work will need to incorporate features from additional modalities in

such a way that allows more accurate target selection, and context extraction for this and other CPS
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Figure 5.12: Average precision, recall, and F1 for 4 test groups, averaged over all frames. Solid lines
indicate where frame selection was performed using the robust gesture detection pipeline [40]. Dashed lines
indicate where frame selection was performed by human annotation.

tasks; however, the addition of additional modalities should balance performance improvements

with real-time interaction constraints.
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Chapter 6

Applications and Future Work

6.1 Applications

The ability to detect and understand gestures is vital piece for the development of an Al agent
whose goal is to interpret and understand small group communication; however, applications for
this work extend across a vast amount of additional contexts where gesture is utilized in conjunc-
tion with other modalities such as speech, pose and physical space.

Figure 6.1 shows an example of a single interaction in the Weights Task. In this situation, there
are many inferences an Al agent could draw about the current state of the task. For instance, P1
and P3 are speaking and gesturing. P3 says "one of these," while performing what appears to be a
grasp gesture (cf. [40]). With hand and object detection to localize the blocks in the working space,
an agent could infer that the group is speaking about the red or blue blocks. This could be used
further determine if the overall statement made by P3 is true, thus helping the agent understand the
current progress toward successful task completion. P2 is not speaking, gesturing or interacting
with the blocks: however, the general direction of their gaze and forward-leaning pose indicate
they remain engaged in the task. P1’s statement "but I think it’s still 20," combined with certain
cadence or prosodic patterns could signal P1’s confusion or hesitation about the group’s current
trajectory (cf. [4]). Leveraging the combined modalities, such an agent would be able to maintain
a relatively detailed model of what is currently happening in the scene, from specific action-level
occurrences to the general level of contribution of each participant.

Additionally, there are many different use cases and design considerations for multimodal sys-
tems not only interpret a scene but also return feedback based on small group communication,
such considerations are a potential area for continued and deeper research. A well-designed Al
agent would collect and interpret enough context from a situation to aid in the problem solving

process. For example, it could point out information the group members may not have considered,
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’ We said this
one’s 30, but |
still think it's

Let's try
replacing one of
these with 20.
We’'d get 60
here.

Figure 6.1: Still of Group 1 from the Weights Task. Potential communicative modalities in the scene include
but are not limited to, speech, gesture, pose, action, gaze, and acoustics.

realign priorities based on team needs, and incorporate collaborator knowledge on the fly through a
representation of objectives, subgoaling, changing plans, uncertainty, etc. An agent would able to
interpret the group’s general understanding as they work to discover said outcome of a task, based
on how they communicate and the CPS skills they display, aid the participants by helping them
reach the correct conclusion organically, and could also learn based on participants’ task behavior,
further tuning its feedback to the group to support their learning in an optimal way. A similar feed-
back cycle could be applied to any collaborative task, thus empowering teams to think and reason
better in a wide range of different tasks and circumstances.

An agent might also take a more direct interactive approach to aiding small groups. One way
would be to model the shared and individual beliefs of group members. This would enable it
to raise questions about unspoken or unresolved conflicts or intervene in cases of groupthink for
which there is no evidence. This is an important capability to prevent groups from making critical
errors. As the agent gathers data on communication style and the beliefs of individuals, it would
directly intervene and steer the conversation to correct misapprehensions or encourage more pro-
ductive solutions to relevant subgoals. In a CPS task, this might occur when one or more individ-
uals believe a statement that is incorrect. The agent could step in and ask participants to follow a

different line of thought. It could then analyze both if the correct conclusion was drawn from the
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red=10g,

"N red#10g, blue=10g

Figure 6.2: Example of a CPS task. A group is working to discover the weight of the blue block, based on
inferences about the red block. Red text over each participant shows beliefs each apparently holds at this
point, based on their prior utterances and actions.

action, and which CPS skills were displayed during the subdialogue. This interaction style could
also be applied to a variety of CPS tasks providing a more direct teaching style for team support.

Figure 6.2 shows a still of a group preforming a CPS task in which they are working to deter-
mine the weight of the blue block, based on previous inferences about the red blocks. In this scene
multiple different modalities are extracted by an agent to determine the validity of the group’s
thought process, including but not limited to, what participants are saying, which blocks they are
pointing at or grasping, and the location of the blocks relative to the scale. For instance, the whole
group believes the blue block weighs 10g, but P2 and P3 disagree about the red block. P3 acts
based on his belief but P2 makes an inference based on his (expressed in speech).

Both of the aforementioned agent styles would be valid ways to help the group succeed. Lever-
aging the mentioned example, in a more organic approach the agent would continually collect and
process dialogue moves and analyze how the group is working towards the intended goal; for exam-
ple, by performing inferences over recognized gestures and actions to understand what blocks are
being interacted with, object recognition of their locations on the scale, and linguistic understand-
ing of the group’s statements to each other, the agent could verify that the current thought process
is generally directed toward discovering the correct pattern even if there are specific inaccuracies

at the current time. Using a more direct approach, the agent could reason over the inferences of
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each individual up to the current point in the task and intervene with corrective measures to help

drive valid inferences toward the discovery of the overall pattern.

6.2 Future Work

6.2.1 Multimodal Fusion

After identifying and extracting key features of interest, they need to be brought together in a
meaningful way so they can be used by an agent. A key foundational challenge of signal fusion
is one of aligning the different modal channels, and is thus an important area for future research.
For instance, a non-linguistic feature such as gesture, could align with more than one utterance.
One potential method to handle feature mapping to utterances involves linking a statement to the
feature it overlaps with the most. This causes issues if an utterance spans multiple gestures or
actions, and those gestures in question span multiple utterances. To mitigate some of these issues
design decisions need to made concerning various fusion methods to bring features together in the
most effective way. Design choices in fusion algorithms will primarily revolve around the step at
which the fusion of the different feature types takes place, of which there are 3 primary classes:
early fusion, late fusion, or hybrid fusion [19].

In early fusion, the data is fused at the start of the learning algorithm, such as through con-
catenation, then processed as a single input. This may lead to imbalance in feature contribution
to the final output. Late fusion trains on each modality separately in unimodal submodules, and
then merges those outputs. This method handles imbalance in feature input size, as the submod-
ules’ output sizes are controllable and specifiable. Hybrid fusion mixes the previous two where
some modalities are trained separately, but if two or more modalities have a certain connection
(e.g., overlaps between gesture and action), or if they have the same format and sizes, they may be
handled together. Figures 6.3a and 6.3b show high-level schematic diagrams of early and late fu-
sion, respectively. Hybrid fusion combines the two, in that the some modalities may be processed

through individual submodules while others are input directly to the fusion layer.
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Chapter 7

Conclusion

Small groups engaged in CPS are likely to engage in various forms of multimodal communi-
cation, often simultaneously. Potential modalities of interest might include speech, gestures, pose,
and interaction with objects in physical space. In order to design an Al agent with the ability track
and understand how a group communicates effectively, the ability to extract each communicative
feature is vital. However, it’s important to note that while each feature of interest is important and
provides unique information for use in the overall system, on their own none of the features of
interest provide enough information to fully understand what is happening in a scene.

Design considerations concerning the exact methods that will bring features together, in addi-
tion to how the participants will interact with the agent remain to be determined and is a potential
area for future work (see Chapter 6). A complete system might integrate implementations of
6DOF object recognition, action detection, expression recognition, pose estimation, and speech
reconfiguration, in addition to gesture detection [42]. The majority of my research has been based
in effective, robust and meaningful gesture detection with the intention of leveraging extracted
information for use with other modalities in a future more complete multimodal system.

As an initial, general solution for complex gesture detection, I developed a pipeline for key
frame selection based in the foundational work on the semantics of gesture used to model the
behavior of humans in multimodal communication, namely the hold and stroke phases of a gesture
[40]. This pipeline aids in the semi-automatic annotation of a range of various gestures, and proved
to be a promising solution for extracting key frames of many various gestures that could in turn be
used in the overall multimodal system.

One gesture of interest that could be extracted from a video to add meaningful context to a
scene are deictic gestures, which are common in small group communication as a means to indi-
cate objects and referents in real time. The ability to both identify deictic gestures, such as pointing,

and to identify their denotata in context is a critical capability in interpreting multimodal commu-
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nicative acts in situated physical shared tasks. Leveraging my previously-developed pipeline to
help automatically detect semantically significant movement for a given gesture, and save off the
"key frames" [40], I was able to create a "pointing frustum" based on that information for meaning-
ful target detection [41]. The combination of the automated pointing detection and the "pointing
frustum" showed promise as a means to detect the intended target of a participant. However, the
experiments also show that gesture alone is not enough to extract complete context from a scene,
and additional features are likely needed for an agent to determine the state of any given task. Re-
garding the deictic gestures, combining this data with the speech feature might add the necessary
context to more accurately identify a target. It is worth noting that, the detection pipeline pre-
formed similarly, and in some situations better than, the human annotated ground truth annotation
as a reliable, efficient, and robust way of performing object selection via deixis in challenging,

real-world data.
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