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Abstract

Bimanual manipulation is a fundamental skill humans acquire through years of
practice, enabling complex coordination for tasks ranging from daily activities
to expert-level performances. In robotics, achieving purposeful bimanual coor-
dination remains a challenge due to intricate temporal and spatial constraints.
However, mastering this skill is crucial for humanoid robots to enhance task effi-
ciency and enable effective programming by demonstration (PbD) and imitation
learning (IL).

This thesis develops methods for learning task models for bimanual manip-
ulation from human demonstrations. The work consists of three parts: The
tirst is the development of a taxonomy for bimanual manipulation based on
human motion analysis and findings from neuroscience and robotics. In the
second part, methods for recognizing the categories defined by the taxonomy
are developed and evaluated using new data sets for bimanual manipulation
in a household context. Finally, the implementation of the constraints result-
ing from the respective categories in control strategies for humanoid robots is
shown.

Bimanual Manipulation Taxonomy In robotics, especially in robotic grasp-
ing, taxonomies are a common technique to cope with the complexity of the
problem, in this case the high number of degrees of freedom of the hands. This
thesis introduces a novel taxonomy designed to formalize the temporal and
spatial constraints governing bimanual coordination. Grounded in insights from
neuroscience and robotics, the taxonomy is developed to facilitate both the anal-
ysis of human movements and the synthesis of bimanual tasks for humanoid



robots. It explicitly accounts for coordination, interaction, and role differenti-
ation between the hands. Notably, in scenarios with limited demonstrations,
the taxonomy serves as a powerful framework for generating functional robot
movements.

Recognition of Bimanual Categories in Human Demonstrations Methods
for recognizing bimanual categories in human demonstrations are developed
and evaluated using high-precision marker-based motion capture data from
the KIT Bimanual Manipulation Dataset and RGB-D data from the KIT Bimanual
Actions Dataset and its extension. First, a rule-based approach is presented
for categorizing bimanual manipulation tasks, relying on spatial relationships
between hands and objects. This method provides a clear decision-making
process and demonstrates high performance on marker-based motion capture
data. Additionally, a learning-based approach utilizing Graph Neural Networks
(GNNSs) is introduced to improve recognition of bimanual categories, even with
less precise RGB-D data typically found in robotics. Spatial relations between
hands and objects are encoded in graphs, and relevant features are extracted to
optimize classification. The approach not only improves recognition accuracy

with motion capture data but also shows robust classification performance with
RGB-D data.

Taxonomy-driven Execution of Bimanual Tasks To equip humanoid robots
with effective bimanual manipulation skills, this work investigates the integra-
tion of constraints derived from bimanual categories into a comprehensive task
model. A control framework is proposed that incorporates category-specific
constraints into actions associated with distinct bimanual categories. The ef-
fectiveness of the approach is demonstrated through real robot experiments.
Furthermore, the broader implications of these constraints for sequences of
bimanual manipulation actions are discussed, highlighting their potential for
improving task execution.

II



Deutsche Zusammenfassung

Beidhdndige Manipulation ist ein komplexer motorischer und kognitiver Pro-
zess, den Menschen in den ersten Lebensjahren erlernen. Diese Fahigkeit entwi-
ckelt sich schrittweise, beginnend mit dem Greifen einzelner Gegenstidnde, tiber
das Ubergeben von Gegenstidnden von der einen Hand in die andere, bis hin
zum gleichzeitigen Gebrauch mehrerer Gegenstidnde. Im Alltag ist beidhdndige
Manipulation eine unverzichtbare Fahigkeit fiir eine Vielzahl von Aktivitdten.
Dies reicht von Aktivitdten des tdglichen Lebens wie der Zubereitung von Mahl-
zeiten zu handwerklichen Tatigkeiten. Mit viel Ubung kann die Koordination
zwischen beiden Handen ein beeindruckendes Niveau erreichen, wie Musiker
beweisen.

Die Fahigkeit des Menschen, Objekte mit beiden Hinden zu manipulieren, ist
einzigartig und bleibt fiir Roboter bislang unerreicht. Die zielgerichtete Koordi-
nation der Hande in der Robotik ist eine besondere Herausforderung, da meh-
rere zeitliche und rdumliche Beschrankungen berticksichtigt werden miissen.
Dennoch ist dies eine entscheidende Fahigkeit fiir humanoide Roboter. Sie ver-
bessert die Effizienz der Aufgabenausfiihrung und ermoglicht die effektive
Abbildung menschlicher Demonstrationen - die in der Regel beide Hande einbe-
ziehen - im Rahmen der Programmierung durch Demonstration (PbD) oder des
Imitationslernens (IL).

Ziel dieser Arbeit ist es, Methoden zum Lernen von Aufgabenmodellen fiir
beidhdndige Manipulationen aus menschlichen Demonstrationen zu entwi-
ckeln. Zu diesem Zweck werden menschliche Manipulationen analysiert, um
die zugrundeliegenden Strategien zu extrahieren, die von Menschen bei der
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Ausfiihrung solcher Aufgaben verwendet werden. Basierend auf dieser Analyse
und inspiriert von Erkenntnissen aus den Neurowissenschaften und der Rehabi-
litationswissenschaft wird eine Taxonomie zur Kategorisierung beidhdndiger
Manipulationen vorgeschlagen, die explizit die damit verbundenen Herausfor-
derungen in der Robotik berticksichtigt. Es werden Methoden fiir die Erken-
nung dieser Kategorien basierend auf unterschiedlichen Eingabemodalitiaten
entwickelt. SchliefSlich werden kategoriespezifische Robotersteuerungsstrategi-
en verwendet, um sicherzustellen, dass die durch die zeitliche und raumliche
Koordination beider Hande auferlegten Beschrankungen bei der Ausfithrung
beidhdndiger Manipulationsaufgaben auf einem humanoiden Roboter erfiillt

werden.

Die Arbeit besteht aus drei Teilen: Der erste ist die Entwicklung einer Taxonomie
tiir beidhdndige Manipulation, die auf der menschlichen Bewegungsanalyse
und Erkenntnissen der Neurowissenschaften und der Robotik basiert. Im zwei-
ten Teil werden Methoden zur Erkennung der durch die Taxonomie definierten
Kategorien entwickelt und anhand neuer Datensitze fiir beidhdndige Manipula-
tionen in einem Haushaltskontext evaluiert. Abschlieflend wird die Umsetzung
der sich aus den jeweiligen Kategorien ergebenden Randbedingungen in Kon-
trollstrategien fiir humanoide Roboter gezeigt.

Eine Taxonomie der beidhandigen Manipulation In der Robotik, insbeson-
dere beim robotergestiitzten Greifen, sind Taxonomien eine giangige Technik,
um die Komplexitadt des Problems zu bewdltigen, insbesondere die hohe Anzahl
von Bewegungsfreiheitsgraden der Hande. In dieser Arbeit wird eine neue Ta-
xonomie vorgeschlagen, die zur Formalisierung der zeitlichen und rdumlichen
Beschrankungen zwischen den beiden Handen verwendet wird. Die Taxonomie
wird auf der Grundlage des bisherigen Wissens aus den Neurowissenschaften
und der Robotik konzipiert, wobei der Schwerpunkt auf der Anwendbarkeit
fiir die Analyse menschlicher Bewegungen und die Synthese von zweihdndigen
humanoiden Roboteraufgaben liegt. Die Taxonomie berticksichtigt die Aspekte
der Koordination, Interaktion und unterschiedlichen Rollen der Hande. Insbe-
sondere fiir das Lernen aus wenigen Demonstration, kann die Taxonomie als
wertvolles Werkzeug fiir die Generierung funktionaler Roboterbewegungen
dienen.
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Erkennung beidhandiger Kategorien in menschlichen Demonstrationen
Die Arbeit entwickelt Methoden zur Erkennung der beidhdndigen Kategorien
der vorgeschlagenen Taxonomie. Die entwickelten Ansédtze werden anhand
hochpréziser markerbasierter Motion-Capture-Daten des KIT Bimanual Manipu-
lation Dataset sowie RGB-D-Daten des KIT Bimanual Actions Dataset und dessen
Erweiterung evaluiert. Zundchst wird ein regelbasierter Ansatz zur Kategori-
sierung beidhdndiger Manipulationsaufgaben vorgestellt, der raumliche Be-
ziehungen zwischen Handen und Objekten nutzt. Diese Methode ermoglicht
eine nachvollziehbare Analyse des Entscheidungsprozesses und zeigt eine hohe
Leistungsfahigkeit bei markerbasierten Motion-Capture-Daten. Dariiber hin-
aus wird ein lernbasierter Ansatz auf der Grundlage von GNNs entwickelt,
um die Erkennung von beidhdndigen Kategorien auch bei weniger prazisen
RGB-D-Daten, wie sie in der Robotik tiblich sind, zu verbessern. Dabei wer-
den rdumliche Relationen zwischen Hianden und Objekten in Graphen kodiert
und relevante Merkmale extrahiert, um die Klassifikation zu optimieren. Ne-
ben der verbesserten Erkennungsleistung bei Motion-Capture-Daten zeigt die-
ser Ansatz eine hohe Robustheit bei der Klassifikation basierend auf RGB-D-
Daten.

Nutzung beidhandiger Kategorien fiir humanoide Roboter Ziel dieser Ar-
beit ist die zuvor entwickelten Konzepte fiir die Ausfithrung von Aktionen
auf humanoiden Robotern nutzbar zu machen. Um dies zu erreichen, werden
zuvor definierte Einschrdankungen, die aus beidhdndigen Kategorien abgeleitet
wurden, in ein umfassendes Aufgabenmodell integriert. Auf der Grundlage
der beidhdndigen Kategorien wird eine Kontrollstrategie vorgeschlagen, die
die Einhaltung der zeitlichen und rdumlichen Beschrankungen der jeweiligen
Kategorie gewihrleistet. Der Ansatz wird durch Experimente mit einem realen
Roboter validiert. Zudem werden die weitergehenden Implikationen dieser
Beschrankungen fiir Sequenzen beidhdndiger Manipulationshandlungen analy-
siert und ihr Potenzial zur Verbesserung der Aufgabenausfiithrung herausgear-
beitet.
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CHAPTER 1

Introduction

Bimanual manipulation involves complex motor and cognitive processes that
humans learn over the first years of their lives (Kimmerle et al., 2010; Swinnen,
2002). Bimanual skills develop progressively, beginning with grasping of indi-
vidual objects, advancing to handing them over, and eventually mastering the
simultaneous use of multiple objects. In daily life, bimanual manipulation is
an indispensable skill for various activities. With extensive practice, the coordi-
nation between both hands can achieve an impressive level of proficiency, as
demonstrated by musicians.

The human ability to manipulate objects using both hands remains unprece-
dented and has not yet been achieved by robots (Billard and Kragi¢, 2019).
Achieving goal-directed coordination of the hands in robotics is particularly
challenging due to the necessity of accommodating multiple temporal and spa-
tial constraints. Satisfying these constraints is essential for tasks such as carrying
a large object, which is infeasible with a single hand and demands precise inter-
hand collaboration. Therefore, bimanual manipulation is a critical capability
for humanoid robots. It enhances task execution efficiency and enables the
effective mapping of human demonstrations—which typically involve both
hands—within the frameworks of programming by demonstration (PbD) or
imitation learning (IL). Consequently, bimanuality must be integrated into the
development of task models derived from human demonstrations for robotic
execution. These models need to incorporate the intricate temporal and spatial
constraints and dependencies between the hands.
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Achieving successful bimanual manipulation is challenging due to the com-
plexity of the high-dimensional configuration space that must be considered.
This challenge is similar to robotic grasping, where taxonomies have been
introduced to address the complexity of hand design and grasp synthesis (Ka-
makura et al., 1980; Cutkosky, 1989; Feix et al., 2015). While previous studies
have applied taxonomies to broader manipulation scenarios (Bullock et al.,
2012; Borras and Asfour, 2015), this thesis specifically focuses on bimanual
manipulation. Categorizing bimanual coordination patterns can serve various
purposes, such as learning task models from human demonstrations, enhanc-
ing human-robot collaboration, improving action recognition, and deriving
constraints for the coordinated execution of robotic bimanual manipulation
tasks.

This chapter introduces the central research questions addressed in this thesis
and outlines the contributions made toward answering them. It then provides
an overview of the structure of this thesis.

1.1. Problem Statement

The aim of the thesis is to explore how robots can learn from and replicate hu-
man manipulation capabilities, with a particular focus on utilizing both hands
effectively and mastering the spatial and temporal constraints inherent in bi-
manual manipulation tasks. A humanoid robot should be able to autonomously
extract those constraints from human demonstration, incorporate them into a
task model, and account for them when executing the respective tasks. In order
to achieve these goals, the following questions and challenges are addressed in
this thesis:

* How can the constraints arising in human bimanual manipulation be
formalized into a taxonomy? When humans engage in bimanual activities,
there is typically a form of coordination between the hands, implying
the presence of constraints governing their interaction. To effectively
capture these essential task constraints, they must be first identified and
then formalized. Previous research in robotic grasping has shown that
taxonomies can be a powerful tool for describing interdependencies of
hand joint movements and provide a structured approach to categorizing
constraints. In the context of bimanual manipulation, the research question
arises: How can a taxonomy for bimanual manipulation be defined?
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* How can the bimanal coordination patterns, so-called bimanal cate-
gories, formulated by this taxonomy be recognized in human demon-
strations? In order to integrate the usage of a taxonomy in Learning from
Demonstration (L{D) frameworks, such bimanal categories should be auto-
matically detectable in human demonstrations. The required segmentation
and classification should be ideally performed using visual data collected
by the robot.

* How can the constraints associated with different bimanual categories
defined in the taxonomy be leveraged to develop control strategies for bi-
manual manipulation? Control methods for humanoid robots are needed
that can adhere to the various constraints specific to each category of the
taxonomy and maintain these constraints even in the presence of external
perturbations.

1.2. Contributions

This thesis aims to advance methods for learning task models for bimanual ma-
nipulation based on human demonstrations. To achieve this, human bimanual
manipulations are analyzed to uncover the underlying strategies utilized in
such tasks. Drawing on insights from neuroscience and rehabilitation science,
a taxonomy for categorizing bimanual manipulations is proposed, explicitly
addressing the associated challenges in robotics. Learning-based methods are
then developed and evaluated for recognizing these categories across various
input modalities. Finally, category-specific robot control strategies are imple-
mented to ensure that the temporal and spatial coordination constraints of both
hands are satisfied during the execution of bimanual manipulation tasks on
a humanoid robot. An overview of the main contribution is depicted in Fig-
ure 1.1.

A Bimanual Manipulation Taxonomy This thesis combines insights from
neuroscience and robotics to propose a taxonomy of bimanual manipulations
designed for both analyzing bimanual human manipulations and synthesizing
bimanual tasks for humanoid robots. In robotics, particularly within robotic
grasping, taxonomies are a prevalent technique for addressing complexity, as
they provide reasonable assumptions about task constraints with minimal initial
information, even if they may not match the specificity of application-specitic
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solutions. The proposed taxonomy addresses key aspects such as coordina-
tion, physical interactions, and different roles of the hands during bimanual
manipulations. This contribution facilitates the development of more efficient
and effective bimanual manipulation strategies in humanoid robotics, leverag-
ing a structured approach to understanding and replicating human bimanual
capabilities.

Recognition of Bimanual Categories in Human Demonstration The thesis
develops methods for recognizing bimanual categories in human demonstra-
tions and evaluates them on the KIT Bimanual Manipulation Dataset, which con-
sists of high-accuracy marker-based motion capture data, as well as on the KIT
Bimanual Actions Dataset and its extension for single-view RGB-D data, which is
commonly available on robots.

To detect bimanual categories in human demonstrations, the thesis introduces a
rule-based approach that leverages spatial relations between hands and objects.
This approach provides human-interpretable introspection into the decision-
making process and performs well on marker-based motion capture data. Fur-
thermore, recognizing the need for robustness when handling less precise
RGB-D data typically encountered in robotics, the thesis develops a learning-
based method based on GNNs. This approach encodes spatial relations between
hands and objects into graphs, leveraging extracted features to enhance category
recognition. In addition to improving performance on motion capture data, the
method demonstrates the capability to robustly recognize bimanual categories
in RGB-D data.

Leveraging Bimanual Categories for Robot Control This thesis contributes
to the execution of bimanual tasks by integrating bimanual categories from a
predefined taxonomy into a structured task model suitable for humanoid robots.
The proposed approach enables task execution with minimal prior knowledge,
relying only on a few demonstrations without requiring a dynamic model of the
environment or force-torque sensors. A task-space impedance controller ensures
compliant behavior while preserving spatial and temporal constraints, allowing
the system to adapt reactively to external disturbances. Additionally, transitions
between bimanual action categories are designed to respect predefined temporal
constraints, improving task execution efficiency. The framework is validated
through real-robot experiments, demonstrating its feasibility for bimanual task

execution.
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Recognition in
Human

Demonstration

Bimanual
Manipulation
Taxonom

Manipulation
Strategies For
Robots

Figure 1.1.: Overview of the three parts of the thesis: A bimanual manipulation
taxonomy, recognition of bimanual categories in human demonstra-
tion and leveraging those categories for robot control strategies.

1.3. Structure of the Thesis

The thesis is organized into six chapters, outlining related work and presenting
the primary contributions of this research.

Chapter 2 introduces relevant related work. First, it explores the neuroscien-
tific foundations of bimanual manipulation and reviews existing taxonomies in
neuroscience, rehabilitation science, and robotics. Next, methods for bimanual
action and category recognition are detailed, followed by an overview of biman-
ual control strategies. The chapter concludes with a survey of existing datasets
dedicated to bimanual human manipulation.

Chapter 3 presents the developed Bimanual Manipulation Taxonomy based on the
design principles of coordination, interaction, and hand roles during bimanual
manipulations. Further, the temporal and spatial constraints associated with the
different categories of the taxonomy are formalized.

Chapter 4 describes the datasets collected for this research, aimed at analyzing
bimanual manipulation actions and detecting the categories of the taxonomy.
This includes the multimodal KIT Bimanual Manipulation Dataset, which pro-
vides high-precision marker-based motion capture recordings of human and
object movements, along with other data modalities. Additionally, the existing
KIT Bimanual Actions Dataset, which consists of single-view RGB-D data, is ex-
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tended with new scenarios to cover a broader range of bimanual manipulation
strategies.

Chapter 5 focuses on the development of recognition methods tailored for
the simultaneous segmentation and classification of categories defined in the
Bimanual Manipulation Taxonomy from human motion recordings. To this end, a
rule-based and a learning-based approach are proposed and evaluated on the
data presented in Chapter 4.

Chapter 6 introduces the proposed approach for executing bimanual tasks
based on a taxonomy of bimanual categories. It details the task model, control
framework, and constraint integration, followed by an experimental evaluation
demonstrating the feasibility of the approach.

Chapter 7 concludes the thesis by summarizing the contributions and the
achieved results. It provides a critical review of both the strengths and weak-
nesses of the proposed methods. Additionally, the chapter discusses potential
extensions and future research directions.



CHAPTER 2

Related Work

Bimanual manipulation in robotics remains an emerging research area with sig-
nificant untapped potential (Billard and Kragi¢, 2019). The increased complexity
of bimanual tasks compared to single-arm manipulation is underlined by Smith
et al. (2012).

This chapter reviews the current state of the art in several fields relevant to this
thesis. It begins with neuroscientific foundations of bimanual manipulation,
examining existing taxonomies from neuroscience, rehabilitation science, and
robotics. The discussion then transitions to human activity recognition, focusing
on the identification and classification of bimanual categories. Next, the chapter
explores how constraints inherent to bimanual manipulation are addressed in
robotic control frameworks, including both explicit constraint modeling and
implicit approaches leveraging deep learning techniques. Finally, an overview
of existing datasets for human bimanual manipulation is provided, highlighting
their relevance to this area of research.

2.1. Bimanual Manipulation Taxonomies

In this thesis, we aim to develop a taxonomy that describes bimanual ma-
nipulation and use it to enhance bimanual manipulation capabilities of hu-
manoid robots. To achieve this, we first review and discuss previous re-
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search on taxonomies from the fields of neuroscience, rehabilitation, and
robotics.

2.1.1. Bimanual Manipulation in Neuroscience

Given that this thesis seeks to draw inspiration from human bimanual manipu-
lation, we initially examine the current body of knowledge on human bimanual
manipulation, with a particular emphasis on aspects that hold potential rele-
vance for robotics. We consider common behavioral patterns in human temporal
and spatial coordination, the underlying cognitive representations, and the
involved brain regions.

The study of motor control and learning in bimanual manipulation and coordi-
nation has a long-standing history in neuroscience, neuro-rehabilitation, and the
clinical assessment of motor impairments affecting daily activities. Bimanual
manipulation and coordination in humans represent a complex process that
develops during childhood (Barral et al., 2006; Kimmerle et al., 2010) and can be
affected by neurodegenerative diseases and brain pathologies (Hung and Zeng,
2020; Roebuck-Spencer et al., 2004).

As stated by Swinnen and Wenderoth (2004), two primary theoretical frame-
works dominate the study of bimanual motor control: (i) the dynamic pattern
perspective and (ii) the information-processing perspective. The dynamic pat-
tern perspective views biological systems as comprising various subsystems that
evolve over time, where behaviors emerge in a self-organized manner. These
subsystems can be understood as multiple underlying constraints that influence
and shape the resulting bimanual behavior. This perspective aligns with the
optimal control theory, a widely used approach in robotics. In contrast, the
information-processing perspective conceptualizes bimanual movements as
tasks that encounter structural interference due to the finite capacity of neural
resources, leading to neural leakage during bimanual activities. By default,
both arms are strongly coupled by what is termed neural cross-talk. The objec-
tive in learning bimanual coordination is to overcome this coupling, thereby
enabling distinct behaviors of both hands. This perspective is prevalent in
neuroscience and is crucial to consider when evaluating various studies in this
domain.

In the realm of bimanual manipulation research, a disproportionate focus exists
regarding the types of tasks examined. The majority of studies concentrate on
cyclic bimanual coordination, while object-oriented and goal-directed bimanual
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tasks have been largely overlooked (Obhi, 2004). Cyclic motions in bimanual
coordination can be subdivided into in-phase and out-of-phase movements
(Kelso, 1984). Furthermore, Swinnen (2002) introduces anti-phase patterns,
which describe cyclic movements with a phase angle difference of 180° between
the two end-effectors. The author asserts that anti-phase patterns are less stable
than in-phase movements but more stable than out-of-phase movements. Non-
cyclic, goal-oriented tasks have received less attention historically. Perrig et al.
(1999) analyzed interlimb synchronization and temporal correlation in goal-
directed bimanual tasks. For instance, in the task of pulling a drawer with one
hand and grasping a peg inside with the other, the study demonstrated not
only near-synchronous motion onset but also simultaneous goal achievement.
The hypothesis was further reinforced by Kelso et al. (1979), who observed a
tendency for both arms to initiate and conclude their movements at nearly the
same time, even when the amplitudes of the movements differed. A different
hypothesis was presented by Guiard (1987) who stated that in role-differentiated
bimanual actions the non-dominant hand usually starts its motion slightly earlier
than the other hand.

Ivry et al. (2004) underscore the critical role of action representation in human
bimanual coordination, asserting that limitations in bimanual manipulation
significantly overlap with cognitive constraints. The authors demonstrate how
various task representations influence the extent of neural cross-talk as described
by the information-processing theory. Specifically, they highlight the importance
of action representations in coordinating both arms. For instance, spatial inter-
terence (neural cross-talk) during response planning differs markedly between
congruent and incongruent hand motions when tasks are symbolically encoded,
such as using symbols (e. g., letters) to indicate target locations that require inter-
pretation or translation into spatial coordinates (e. g., nearer or farther targets).
Conversely, when tasks are directly cued through visual representation of the
target location, hand behavior for congruent and incongruent motions becomes
more similar. This influence of task conceptualization extends beyond spatial
constraints to temporal ones. According to Ivry et al. (2004), discrete motions
can be conceptualized using an event structure, where the complexity depends
on the number of salient events. This framework aligns with the findings of
Swinnen (2002), who demonstrated that in-phase motions, representable by a
single salient event, are inherently more stable than anti-phase motions, which
necessitate the representation of two salient events. The observed stability and
faster execution of simpler encodings suggest that cognitive limitations play a
pivotal role in bimanual manipulation. These findings also imply that designing
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compact and minimally complex task representations in robotics could better
align robotic behavior with human performance.

The differentiation of roles between the hands is a further characteristic feature
of human behavior. Anthropological evidence, including studies of tool produc-
tion techniques, tool usage, and cave art, suggests a long-standing preference
for right-handedness (handedness bias) that dates back to at least the time of
the Neanderthals (Cashmore et al., 2008). While this bias is often interpreted
as reflecting the superiority of the dominant hand, Guiard (1987) proposes an
alternative perspective, viewing it as a division of labor where each hand per-
forms distinct, complementary roles. Tasks that exhibit these differentiated roles
are described as asymmetrical in the context of his work. He identifies three
overarching principles governing such bimanual actions: (i) the dominant hand
operates within a reference frame established by the non-dominant hand; (ii) the
hands exhibit a contrast in spatio-temporal scales, with the non-dominant hand
performing macrometric actions and the dominant hand handling micrometric
actions; and (iii) the non-dominant hand often precedes the dominant hand in
task execution. In Nakamura et al. (2019), the factors influencing the choice be-
tween unimanual, self-handover, and symmetric bimanual actions in transport
tasks are investigated. The study finds that self-handover is primarily used to
transfer an object between the right and left hemispheres. Further, bimanual
transport, while offering increased stability compared to unimanual transport,
requires greater effort.

The neural implementation of bimanual manipulation involves multiple brain
regions rather than a single location. These include the corpus callosum (Swin-
nen, 2002; Wiesendanger and Serrien, 2001; Ivry et al., 2004), cerebellum (Tracy
et al., 2001), primary motor cortex, premotor cortex, and supplementary motor
areas (Toyokura et al., 1999, 2002). In many cases, distinct areas are special-
ized for managing different types of constraints. The cerebellum is particularly
critical for representing temporal information, especially in encoding event
structures during discontinuous movements (Ivry et al., 2004). In contrast, the
corpus callosum, which facilitates communication between the left and right
cerebral hemispheres, plays a key role in mediating spatial interactions during
bimanual tasks.

The cognitive neuroscience of motor control has provided valuable insights into
the constraints governing bimanual movements in humans, including spatial
and temporal interference effects. A key finding is that the conceptualization of
task goals significantly influences the patterns of interference between the two
movements (Ivry et al., 2004). While the constraints observed in human biman-
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ual coordination may not directly translate to robotic systems, neuroscientific
tindings offer a powerful framework for developing efficient action represen-
tations in robotics. By considering resource limitations and leveraging these
principles, robotic systems can be designed to emulate human-like coordination
and adaptability in bimanual tasks.

2.1.2. Taxonomies in Neuroscience and Rehabilitation
Science

Several classifications of bimanual manipulation have been proposed in the
past. Guiard (1987), analyzes bimanual manipulation by considering the roles
of the two hands. For symmetrical movements, both hands perform the same
role, such as transporting a large box. In contrast, for asymmetric movements,
the hands assume different roles; one hand stabilizes an object while the other
acts on it. Such movements are also referred to as role-differentiated bimanual
manipulations (RDBMs) (Kimmerle et al., 2010). Within these manipulations,
the dominant and non-dominant hands often have specific roles. According to
Guiard, the non-dominant hand provides a spatial frame of reference within
which the dominant hand moves. Additionally, there is a contrast in the spatio-
temporal scale of the motions of the hands. Sainburg (2002) introduced the
dynamic dominance hypothesis, suggesting that the dominant hand is more
effective in adapting to novel task dynamics.

Shirota et al. (2016) compare different definitions, assessment methods, and
robotic devices for therapy. Their goal is to standardize the terms and methods
in robotic and sensor-based assessments and establish a common language for
communication and collaboration among clinicians, neuroscientists, and engi-
neers researching interlimb coordination. The authors also present a taxonomy
of interlimb activities, which does not have a hierarchical structure but defines
terms for describing one limb independently (e. g., periodic) and in relation to
the other (e. g., in-phase).

Kantak et al. (2017) present a classification of bimanual tasks (see Figure 2.1)
to study bimanual coordination in rehabilitation. According to their pro-
posed classification, bimanual tasks can be characterized by the symmetry
of arm movements, the task goal, and the necessity of cooperative interac-
tion.
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bimanual
M 1 1
symmetric asymmetric arm movements
common independent common independent task goals
goals goals goals goals

!—l—\!—l—\

parallel cooperative parallel cooperative

Figure 2.1.: Taxonomy presented in (Kantak et al., 2017).

These insights from human bimanual coordination can play a sig-
nificant role in the execution of goal-directed bimanual tasks by
robots.

2.1.3. Taxonomies in Robotics

In robotics, grasp taxonomies are a widely used method to manage the com-
plexity of hand design and grasp synthesis (Kamakura et al., 1980; Cutkosky,
1989; Feix et al., 2015; Arapi et al., 2021). While prior research has utilized
taxonomies for broader manipulation contexts (Bullock et al., 2012; Borras and
Asfour, 2015), in this section we specifically focus on bimanuality. Such a classifi-
cation of bimanual patterns can be utilized for learning task models from human
demonstrations, enhancing human-robot collaboration, recognizing actions, and
establishing constraints for the coordination and execution of robot bimanual
manipulation tasks.

Some studies in the literature focus on specific types of bimanual manipulation
rather than offering a comprehensive classification. For instance, Pais Ureche
and Billard (2018) explore the extraction of constraints in asymmetric biman-
ual tasks from human demonstrations, where tasks are either executed au-
tonomously by a robot or in collaboration with a human. This work assumes a
master-slave dynamic between the end-effectors and explicitly accounts for the
interaction forces. Similarly, Pais and Billard (2014) examines hand dominance
by analyzing the force-motion relationship between the hands to identify key
task constraints. Laghi et al. (2018) introduce a framework for intuitive bimanual
telemanipulation, which includes a dual-arm teleoperation mode and a control
strategy for symmetric motions, where both robot arms are controlled by a
single human arm. The operator can seamlessly switch between control strate-
gies using gesture commands. Experimental results from box transport tasks
demonstrate that the symmetric control strategy leads to improved performance
and reduced variance in two out of three tasks.
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Paulius et al. (2019) introduce a manipulation motion taxonomy that focuses
on features such as contact type, engagement type (rigid/soft), trajectory type,
contact duration (discontinuous/continuous), and manual operation (uniman-
ual/bimanual). However, bimanual manipulation is addressed only as a binary
attribute rather than a primary focus. In contrast, Yao et al. (2021) present a
hand pose taxonomy specifically designed for high-precision, bimanual fine-
manipulation tasks, like those in watchmaking. This taxonomy is based on the
analysis of virtual fingers in relation to force and torque demands. Although it
is applied to each hand individually, the authors illustrate how the hand pose
matrix can describe and visualize functional distributions across both hands. A
sparse matrix indicates low variance in hand pose combinations, while concen-
tration in the upper or lower diagonals suggests handedness. This method is
more suitable for analyzing hand pose selection throughout an entire task rather
than for classifying individual motion segments.

Several studies have categorized bimanual manipulations to facilitate subse-
quent planning or control processes. For instance, Zollner et al. (2004) presents a
classification of dual-arm manipulation, which is used for task segmentation in
robot programming by demonstration. In this work, bimanual tasks are divided
into two main categories: uncoordinated and coordinated. Coordinated tasks are
turther classified as either symmetric or asymmetric. In symmetric tasks, both
hands grasp the same object, whereas in asymmetric tasks, they manipulate dif-
ferent objects. Although the authors introduce these categories and demonstrate
their application for motion segmentation within the three subcategories, their
planning approach only incorporates the distinction between coordinated and
unimanual tasks. Another example for the application in robot control is the
work of Surdilovic et al. (2010). Bimanual manipulation tasks are categorized
into non-coordinated and coordinated tasks. Within coordinated tasks, the authors
further distinguish between goal-coordinated and bimanual operations, which
can be either symmetric/asymmetric or congruent/non-congruent. The resulting
taxonomy is illustrated in Figure 2.2.

dual-arm lopera'[ion

[ |
non-coordinated coordinated

goal-coordinated bimanual

symmetric asymmetric

Figure 2.2.: Taxonomy presented in (Surdilovic et al., 2010).
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While this taxonomy offers greater detail compared to the one proposed by
Zollner et al. (2004), it is introduced only briefly, with no in-depth definitions
or practical applications discussed. The primary focus of the study was to
develop an impedance controller for contact-based bimanual operations. Similar
to Zollner et al. (2004), this work also considers the decomposition of tasks into
single-arm and bimanual actions.

Another application of bimanual manipulation classification is in the intuitive
control of prosthetics, as described in Volkmar et al. (2019). Movements are cate-
gorized based on onset and direction into unimanual, bimanual synchronous, and
bimanual asynchronous. Once a bimanual category is recognized, the prosthesis
automatically controls wrist rotation accordingly. In Rakita et al. (2019), a biman-
ual action vocabulary is introduced to enhance the performance of dual-arm
teleoperation systems. This vocabulary includes categories such as fixed offset,
one hand fixed, self-handover, and one hand seeking. Additionally, Park and Lee
(2016) leverage a taxonomy for subsymbolic motion representation, introducing
the Extended-Cooperative-Task Space (ECTS) for coordinated motions between
two end-effectors. The ECTS coefficients are used to split motions into absolute
and relative components, allowing categorization as uncoordinated or coordi-
nated, with further subcategories of parallel, blended, and serial. The work in
Boehm et al. (2021) focus on the online recognition of bimanual coordination
modes in teleoperated robots, distinguishing between different symmetry types
and relative movement directions.

2.1.4. Discussion

The goal is to propose a taxonomy with clearly differentiable categories and
special focus on applications in bimanual robotic manipulation. As discussed in
Section 2.1.1, clear categorizations of bimanual manipulation exist in neuroreha-
bilitation. However, within this field, less attention is paid to deriving methods
and tools for automatic recognition of different bimanual actions but to the
assessment of therapy progress in the context of bimanual motor coordination.
In particular, Kantak’s taxonomy (Kantak et al., 2017) contains important criteria.
While symmetry is of great importance in neurology due to the characteristic
muscle activation or the way of interhemispheric communication, the focus
in robotics is rather on the fulfillment of or dependencies on task goals to be
achieved. In contrast, previous approaches in the field of robotics focus less on
the precise definition and classification of different categories but on providing
a schema that supports the development of control and planning strategies
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for dual-arm manipulation tasks. Accordingly, some consider a limited set
of bimanual categories (Pais Ureche and Billard, 2018; Volkmar et al., 2019).
In other cases the presented taxonomies are very promising but their precise
definition is lacking since the focus of the respective publication was purely
on the technical implementation (Surdilovic et al., 2010). Taking into account
previous work in neuroscience (in particular Kantak et al. (2017)) and robotics,
we propose a bimanual manipulation taxonomy that is not primarily tailored to
the evaluation of therapy progress in rehabilitation, but rather dedicated to the
representation of bimanual robotic manipulation tasks. This includes learning
such representations from human motion data and making use of this knowl-
edge to improve the execution of bimanual manipulation tasks in humanoid
robotics.

Based on the bimanual manipulation taxonomy proposed in this thesis, Zi-
aeetabar et al. (2024) present a modification of the taxonomy by considering hand
spatial relation (closed hands, crossed hands, stacked hands) and the precision level
(low, medium, high). Unlike our taxonomy, which assigns a manipulation to a
single leaf node, the enriched taxonomy allows a manipulation to be associated
with multiple nodes. The authors use the taxonomy to create semantic action
descriptions.

2.2. Bimanual Action and Category Recognition

In this section, we provide a systematic review of prior research on the recog-
nition of bimanual categories in human demonstrations. We define bimanual
categories as cases where a single label represents the coordinated activity of
both arms, highlighting their interplay and synchronization. This contrasts with
classical action recognition, which typically focuses on task-related subactions
performed by individual hands, such as e. g., cut, approach, or open. Although
bimanual category recognition differs in focus, it can be situated within the
broader framework of Human Activity and Recognition (HAR). HAR aims to
automatically detect and classify human activities from video or other sensor
data (Aggarwal and Ryoo, 2011). Consequently, we also examine the latest ad-
vancements and methodologies in the field of HAR, particularly in the subfield
of action recognition.

In this section, we address the tasks of segmentation and classification. Segmen-
tation involves the temporal decomposition of a continuous data stream by
identifying the start and end points of distinct, coherent segments. Classification,
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in contrast, entails assigning labels from a predefined set to these temporally
delineated segments.

2.2.1. Category Recognition

There are several works addressing the recognition of certain bimanual cate-
gories. However, the definition of those categories as well as the available sensor
data differs significantly.

Several approaches stem from the medical field. Boehm et al. (2021) employ a
rule-based classification approach to recognize bimanual coordination modes
in robot-assisted surgery. These modes are characterized by the direction (e. g.,
move together or away) and symmetry (e. g., point or mirror) of the movements.
The classification relies on the analysis of end-effector positions over time. To
improve bimanual interaction with a semi-autonomously controlled prosthetic
hand, Volkmar et al. (2019) differentiate between unimanual, bimanual asyn-
chronous, and bimanual synchronous movements. These movements are detected
through a rule-based classification of data obtained from two inertial measure-
ment units (IMUs) attached to the prosthesis and the other hand. Another
rule-based approach in robotics is presented by Zollner et al. (2004), who con-
sider factors such as whether both hands are in a grasped state and whether a
closed kinematic chain is formed.

Miller and Wade (2021) classify similar categories based on motion symmetry
to monitor the rehabilitation progress of post-stroke patients. Artificial neural
networks are applied to both raw IMU data and features extracted from this
data. Rakita et al. (2019) proposed an approach for teleoperation of dual-arm
robots utilizing a defined set of bimanual action categories termed the bimanual
action vocabulary. This vocabulary includes specific actions such as one hand
seeking, self-handover, fixed offset, and one hand fixed. To classify these actions, they
employed a sequence-to-sequence recurrent neural network (RNN) capable of
predicting the most likely bimanual action category based on observed data
sequences.

Comparative quantitative analysis of existing approaches is challenging due
to variations in defined categories and the use of different sensory modalities.
Some methods, such as Boehm et al. (2021); Volkmar et al. (2019), employ
rule-based approaches, which offer intuitive classification and straightforward
error analysis in cases of misclassification. In contrast, other approaches, like
Miller and Wade (2021), leverage neural networks to handle noisy and complex
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data, aiming for robust classification performance. Additionally, approaches
such as that of Rakita et al. (2019) draw inspiration from neural processes in
humans to enhance teleoperation strategies for dual-arm robots. Overall, there
are only a few works focusing on the classification of bimanual categories, and
to our knowledge, none utilize RGB or RGB-D sensor data for solving this
problem.

2.2.2. Action Recognition

The problem of recognizing bimanual categories can be viewed more broadly as
a Human Activity Recognition (HAR) problem, where the objective is to assign
semantic labels to human activities based on time-series data collected from
various sensors. In this context, numerous methods have been developed that
utilize various sensor modalities, often incorporating vision data (e.g., RGB or
RGB-D) commonly available on humanoid robot platforms. Consequently, we
will also examine related research in the domain of human action recognition.
We begin by elaborating on general methods employed for action recognition,
with a particular focus on the concept of Graph Neural Networks, which will
be utilized in this thesis. Subsequently, we present a detailed overview of
approaches for bimanual action recognition, categorized into two main groups:
skeleton-based methods, which rely on predefined features such as detected objects
and human skeleton representations, and visual feature-based methods, which
additionally process raw image data.

Khaire and Kumar (2022) conducted a recent survey focusing on deep learning
approaches and RGB-D-based recognition of human actions, human-human
interactions, and human-object interactions. Their work provides insights into
relevant datasets and commonly employed techniques. Specifically, for human-
object interaction detection, which involves identifying manipulation-related
actions, the survey highlights that predominant methods rely on graph-based
representations. Another recent review by Sun et al. (2022) explores human
action recognition, emphasizing the utilization of various sensor modalities.
Skeleton-based action recognition is considered a distinct modality alongside
RGB and depth data. Approaches in this domain are categorized into three
main types: Recurrent Neural Networks (RNNs), including variants such as
Long Short-Term Memory networks (LSTMs) (Liu et al., 2017; Song et al., 2017);
Convolutional Neural Networks (CNNs) (Yang et al., 2019; Tang et al., 2022);
and GNNSs (Shi et al., 2019; Dreher et al., 2020). GNNs are particularly notable
because they not only maintain the expressive capabilities of graph structures
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but also excel in handling inputs of varying sizes. This adaptability makes
GNNs well-suited for capturing intricate relationships within skeleton-based
action recognition tasks.

Graph Neural Networks

While the skeleton modality, as discussed in Sun et al. (2022), focuses solely on
describing the human body in manipulation tasks, it is crucial to consider the
involvement of objects as well. This aspect is explicitly addressed in Dreher
et al. (2020), where GNNs are employed for action recognition and segmentation.
In this approach, each hand and detected object in the scene is represented as
a node in a graph-based structure. The edges connecting these nodes encode
spatial relationships between the hands and objects, facilitating comprehensive
understanding of interactions in bimanual tasks.

Graph Networks (GN) (Battaglia et al., 2018) is a framework operating on graph-
structured representation. In this context a graph is defined as a 3-tuple
G = (u,V, E), with u being the global attribute of the graph, V' the set of nodes
in the graph and £ the set of edges. The set of nodes V' consists of the node
attributes v, € V' and the edges E of 3-tuples e = (e,, s,7) € E. Within the edges,
e, represents the edges attributes and s and r are the sender and receiver nodes
in V. GN blocks are the main computation unit of the GN framework. Each GN
block contains the update functions ®¢, ®*, ®* and the aggregation functions p*~*,
p<", p'7". A full GN block is depicted in Figure 2.3b. Computations proceed
from edge to node, to global level.

u [ u [} —u
V v E £’
s @ ’ v
Edge block | Node block | Global block Edge block | Node block | Global block
(a) Independent GN block (b) Full GN block

Figure 2.3.: Graph Network (GN) blocks as described in (Battaglia et al., 2018).

When employing GN frameworks the input graphs determine how representa-
tions interact instead of this being determined by the model architecture. This
way the expressive power of grasps can leveraged for the respective task. At
the same time entities, in this case nodes of the input graph and their relations
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are treated as sets and are therefore invariant to permutations. Further, since
per-edge and per-node functions are reused across all edges and nodes, GNs
support a form of combinatorial generalization meaning that graphs can have
different input sizes and shapes.

GN blocks can be combined to create various architectures. A common archi-
tecture design is the encode-process-decode configuration (see Figure 2.4). Gy, is
transformed into a latent representation by an encoder G.,., then a shared
core block GN,,,. is applied M times and finally the result is decoded by
Gaee-

GNCOT‘C
x M

GNenc GNdec

Gm Gout

Figure 2.4.: Encode-process-decode architecture. By concatenating GN blocks
different network architectures can be created. x M indicated that
the block is concatenated M times with itself. This figure is taken
from (Battaglia et al., 2018).

Skeleton-Based Approaches

This section focuses on work that leverages previously extracted features, such
as human skeleton representations and detected objects. Graph Networks (GNs)
in the encode-process-decode configuration (Figure 2.4) were utilized for hand-wise
action classification in Dreher et al. (2020). The encoding and decoding stages
consist of independent graph network blocks, while the core processing block is
a fully connected network. Multi-layer perceptrons (MLPs) serve as the update
functions. This method operates not on raw image data but on extracted 3D
bounding boxes of hands and objects, along with their spatial relationships. In
the fully connected input graphs, nodes represent hands and objects within
the scene, with spatial relationships encoded as edge attributes. To incorpo-
rate temporal dynamics, these scene graphs from multiple frames are linked
by temporal edges that connect the same entities across frames. The Graph
Neural Network (GNN) is applied to classify short sequences. By employing
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a sliding window approach, simultaneous classification and segmentation are
achieved. Ziaeetabar et al. (2024) introduces an approach called the Bimanual
Graph Neural Network (BiGNN), which, similar to Dreher et al. (2020), utilizes
scene graphs and GNNs. The key distinction lies in its more sophisticated ar-
chitecture, which incorporates a hierarchical Graph Attention Network (GAT).
The multi-head attention mechanism in BiGNN facilitates the capture of both
local and global contextual information. The extracted features are subsequently
processed by a Temporal Convolutional Network (TCN) to model temporal de-
pendencies. Additionally, unlike the one-hot encoding used in previous works,
BiGNN employs numerical encoding for attributes, offering a more nuanced

representation.

Pyramid Graph Convolutional Network (PGCN) (Xing and Burschka, 2022)
follow the basic idea of downsampling the data to distill essential spatial infor-
mation and then upsample it back to the temporal scale of the input. It consists
of three central elements: an attention-based graph convolutional encoder, a
temporal pyramid upsampling decoder and a convolution-based predictor. The
proposed temporal pyramid pooling (TPP) layer is capable of extracting spa-
tial information with various temporal scales and improves the segmentation
performance significantly. The authors subsequently extended their work by
proposing the Uncertainty Quantified Temporal Fusion Graph Convolution
Network (UQ-TFGCN) (Xing and Burschka, 2024). This approach incorpo-
rates an attention-based graph convolutional encoder and a novel temporal
fusion decoder comprising multiple parallel temporal-pyramid pooling blocks.
UQ-TFGCN addresses the challenge of over-segmentation in human action
recognition while also providing confidence values for predictions. However,
the increased number of parameters results in significantly higher computa-
tional demands. Compared to PCGN, UQ-TFGCN demonstrates a modest

improvement in performance.

Interactive Spatiotemporal Token Attention Networks (ISTA-Net) (Wen et al.,
2023) utilize skeleton data to learn relationships between entities without requir-
ing initial adjacency information. ISTA-Net employs interactive spatiotemporal
tokens (ISTs) and integrates multi-head self-attention blocks with 3D convolu-
tions to capture inter-token correlations. Unlike other approaches that rely on
graph-based methods, ISTA-Net ensures entity permutation invariance through
entity rearrangement. Notably, ISTA-Net is originally designed for classification
tasks rather than segmentation.
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Visual Feature-Based Approaches

Several recent graph-based models in HAR utilize raw visual features instead of
only previously extracted features. One example are Asynchronous-Sparse In-
teraction Graph Networks (ASSIGN) (Morais et al., 2021) which take framewise
visual features extracted from the 2D bounding boxes of humans and objects
from a complete recording as input. ASSIGN considers the segmentation and
the classification task explicitly in their network architecture, thereby preventing
over-segmentation. The framework (see Figure 2.5) consists of two layers with
different functionalities. In the frame layer, outputs of Bidirectional Recurrent
Neural Network (BiRNN) units send messages to other entities. Entities corre-
spond to hands and objects in the scene. Based on the current recurrent state
and the messages from neighboring nodes which are weighted by an attention
mechanism, the detector decides whether this frame is considered a segmen-
tation node or not. In case of a detected segmentation point a change signal is
sent to the corresponding node in the segment layer, triggering a segmentation
point. Afterwards the previous segment is classified based on information of
the frame- and segment level.

layer X
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Figure 2.5.: The ASSIGN architecture (Morais et al., 2021) consists of two layers.
Nodes represent human (triangle) and object (circle) entities. Tem-
poral edges (black arrows) are modeled with BiRNNs, spatial edges
(green arrows) with message passing. At each time step, the frame
level is updated, and for each entity, it is determined whether the
corresponding segment-level entity changes its state (indicated by
solid diamonds) or skips the update (indicated by hollow diamonds).
This sparse change signal results in asynchronous and sparse up-
dates at the segment level.
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Another approach considering visual input data is the Spatio-Temporal Inter-
action Graph Parsing Network (STIGPN) (Wang et al., 2021). The two-stream
architecture consists of a visual stream including a feature extraction network
and bounding boxes of the entities, and a semantic stream that uses bounding
boxes and object knowledge. Each stream has the same network architecture
and its own predictor. A self-attention mechanism is used to reset edges in the
dense graph and infer a sparser one. Like ASSIGN, STIGPN uses a BiRNN.
The approach in its original form is for classification and not for segmenta-
tion.

2.2.3. Discussion

Since the methods presented in the previous section are partially evaluated on
the same datasets, we provide a quantitative comparison in Table 2.1. Apart
from the GNN (Dreher et al., 2020) most approaches perform in a similar range,
with the PGCN (Xing and Burschka, 2022) performing the best on the Bimacs
dataset (Dreher et al., 2020).

Table 2.1.: Comparison of action recognition approaches on HOI datasets. The
best-achieved scores are highlighted respectively for each dataset.

Dataset Model Class1f1cat.10n Segmentation
macro F1 micro F1 [F1@10 Fl@25
GNN
(Dreher et al,, 2020) 0.630 0.640 | 0.41 0.35
Bimacs ASSIGN
(Dreher et al., 2020) (Morais et al., 2021) 0.798 0.826 | 0.84 0.81
. HEEN 0.815 0.869 | 0.89 0.86
(Xing and Burschka, 2022)
ASSIGN
CAD120 (Morais et al., 2021) 0.878 0.899 1 0.88 0.85
(Koppula et al., 2013) STIGPN ) _
(Wang et al., 2021) tenler et
H20 ISTA-Net ) 0.891 ) )
(Kwon et al., 2021) (Wen et al., 2023) )

However, not only the quantitative performance is relevant but also general
aspects, which are compared in Table 2.2. This includes whether the approaches
use previously extracted higher-level features or rely on raw visual features.
Additionally, some methods explicitly handle segmentation, while others focus
on classification but can be adapted for segmentation with a sliding window
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approach. This aspect often affects whether the method is suitable for real-time
applications. For example, methods such as ASSIGN (Morais et al., 2021) and
PGCN (Xing and Burschka, 2022) require the entire demonstration for infer-
ence, making them unsuitable for real-time use. Another key consideration is
object knowledge, which involves the model’s ability to recognize and track
the same symbolic object across multiple data points from different demon-
strations. This means the model is able to identify that the same object (e. g., a
rolling pin) is held during symmetric motions and retain this information during
inference.

Table 2.2.: Comparison of the different approaches based on general aspects.

Visual ) Object
Model Segmentation
Features Knowledge
GNN v
(Dreher et al., 2020)
STIGPN
(Wang et al., 2021)
ASSIGN
(Morais et al., 2021)
PGCN
(Xing and Burschka, 2022)
ISTA-Net
(Wen et al., 2023)

In this thesis, the focus is on detecting different categories of bimanual manipu-
lation. While, as shown in Section 2.2.1, for this purpose rule-based approaches
are commonly used in the field of category recognition, recent action recognition
methods show the enormous potential of learning-based approaches. This thesis
will design and evaluate both rule-based and learning-based methods for the
simultaneous classification and segmentation of bimanual categories in human
demonstrations.
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2.3. Constraints in Robotic Bimanual Manipulation

To implement efficient and robust bimanual control policies, it is essential to
consider the various constraints involved. In Section 2.3.1, we analyze ap-
proaches that explicitly address these constraints. Although this necessitates
a comprehensive understanding of the underlying constraints to develop the
respective approach, the resulting controllers are human-understandable. Re-
cently, learning-based approaches have gained popularity, which we will discuss
in Section 2.3.2. In these approaches, bimanual coordination is not explicitly en-
coded but implicitly emerges from the learned policy.

2.3.1. Explicit Consideration of Constraints

Bimanual manipulation is influenced by various types of constraints that govern
the coordination between hands. Pek et al. (2023) classify these constraints into
two primary categories: spatial and temporal, each of which can be further
subdivided. Temporal constraints arise in scenarios where specific sequences
of actions are required, such as opening a bottle before pouring, or when a
continuous spatial-temporal relationship must be maintained, such as ensuring
a stable relative pose between hands while jointly carrying a large object. Spa-
tial constraints, on the other hand, define dependencies in the spatial domain.
These constraints may exist at a symbolic level, such as placing an object on
top of another, or at the trajectory level, as seen in tasks like stirring a cup
held by the other hand. In robotics, force-based constraints are also frequently
considered. These involve the transfer of forces between the hands, either
directly, as in clamping an object between the hands, or indirectly through
tools, such as holding a vegetable in one hand while using a peeler with the
other.

Temporal Constraints

Several approaches exist for describing temporal constraints. Allen’s Interval
Algebra (Allen, 1983) is a well-established formalism for describing temporal
relations using 13 distinct relations, such as before and during. Building on this,
Dreher and Asfour (2022) propose a softened formulation of temporal relations
that is applicable to real-world data, particularly for bimanual manipulation
tasks. They further represent temporal task models using graphs and infer
subtasks from these representations. In a more recent work, Dreher and Asfour
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(2024) use Gaussian mixture Models for the representation of temporal differ-
ences between semantic temporal waypoints. They further show how fuzzy
Allan relations can be inferred from those.

Another well-established formalism is Linear Temporal Logic (LTL) (Pnueli,
1977) which allows a mathematically precise and unambiguous formulation
of temporal dependencies. In Rosu and Bensalem (2006) it is shown that a
discrete variant of Allen’s temporal logic can be translated into an equivalent
LTL formula. Puranic et al. (2021) use an extension of LTL, signal temporal logic
(STL) to rank demonstrations based on their temporal specifications and to infer
rewards for model-free reinforcement learning.

Other methods for describing temporal constraints include task precedence
graphs (Pardowitz et al., 2007) to describe sequential dependencies between
different subtasks. Zollner et al. (2004) propose one Petri net to model the
concurrency in bimanual manipulation. In this net, each hand can assume one
of two conditions (ready or active). Events are triggered either when the task of
one specific hand is triggered or if there are new tasks. Compared to alternative
methods like behavior trees, Petri nets inherently provide a robust framework
for modeling concurrent and parallel processes. This makes them particularly
advantageous for representing shared resources, such as the coordination of two
hands in the context of bimanual tasks. These constraints can also be directly
implemented into control strategies. For instance, Mirrazavi Salehian et al.
(2018) present an approach for coordinating multiple agents to reach a moving
object while avoiding self-collision, using a centralized inverse kinematic solver
formulated as a quadratic program.

Spatial Constraints

Spatial constraints can be described at a symbolic level using spatial relations
such as right of, behind, and close (Ziaeetabar et al., 2018; Kartmann et al., 2020)
or at a trajectory level. Trajectory-level coordination often employs a leader-
follower approach (Luh and Zheng, 1987; Zhou et al., 2016) or the cooperative-
task space (CTS) method (Uchiyama and Dauchez, 1992), both of which focus
on physical interaction tasks.

Aksoy et al. (2011) introduced the extraction of symbolic relations, such as
touching and overlapping, from segmented images. They analyzed the temporal
evolution of spatial relations during tasks by employing transition matrices
referred to as Semantic Event Chains (SECs). Building on this foundation,
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Ziaeetabar et al. (2018) extended SECs to include a broader spectrum of static and
dynamic spatial relations. Static relations, such as contact, right, and front, can
be derived from individual frames, whereas dynamic relations, such as moving
together and getting close, require temporal information from preceding frames.
The evaluation of these spatial relations was facilitated by approximating objects
using 3D bounding boxes, which were generated from RGB-D images. Similar
symbolic spatial relations are considered by (Kartmann and Asfour, 2023), which
focus on incremental learning of a generative, sub-symbolic representation of
spatial relations based on cylindrical probability distributions (Kartmann et al.,
2020, 2021) by having the robot request more information from the human.
To this end, symbolic representations commonly used in human language are
grounded in sub-symbolic representations to bridge the gap between abstract
concepts and sensory data.

Other approaches focus on spatial relations at the trajectory level. Traditionally,
bimanual motions have been represented in two primary ways: the Cooper-
ative Task Space (CTS) representation (Uchiyama and Dauchez, 1992; Chiac-
chio et al., 1996), which models the manipulation of a rigid object by a dual-
arm system, and leader-follower approaches, where the motion of one hand
serves as the reference frame for the other (Smith et al., 2012). Park and Lee
(2015, 2016) introduced the Extended Cooperative Task Space (ECTS), a uni-
tied framework that integrates the CTS representation with the leader-follower
approach, providing a more comprehensive representation of bimanual mo-

tion.

The velocity vector of the first (2;) and the second manipulator () are described
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dependent on the absolute velocity (x,) and the relative velocity (x,) and pa-
rameterized by the balance coefficient o € [0, 1] and the coordination coeffi-
cient 5 € 0,1. Based on the parameterization of & and § four modi can be
described: orthogonal (uncoordinated), serial (analogous to leader-follower),
parallel (where hand motions are relative to an absolute trajectory between
them) and blended. Recently, ECTS combined with quadratic programming was
used for grasping and tossing an object in motion (Bombile Bosongo and Billard,
2022).

Several studies leverage the concepts of global and relative task definitions in the
context of bimanual manipulation. These definitions pertain to the reference
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frame in which a trajectory is relative, which can be a global reference frame within
the environment or relative to other frames in the scene, such as objects or frames
on the robot. One approach describes tasks as sequences of relative, global, and
local targets, where local means with respect to the robot frame (Stavridis et al.,
2021). Another approach represents tasks as absolute and relative skills encoded
as Dynamical Movement Primitives (DMPs) (Pairet et al., 2019). Liu et al. (2023)
propose a relative parameterization method for bimanual manipulation based
on Gaussian Mixture Models (GMMs) and motion generation methods based on
optimal control for leader-follower and synergistic motions. Furthermore, some
researchers introduce a hierarchy prioritizing relative goals over global ones
(Tarbouriech et al., 2022), while others use deep learning methods to predict
when relative actions are required (Kim et al., 2024). Gao et al. (2024) present
a framework for visual imitation learning of bimanual manipulation actions,
based on hybrid master-slave relationships between the hands and extracted
key points on objects. This framework allows for a flexible combination of action
definitions, both relative to the other hand and the environment, which can be
automatically learned.

Force-based Constraints

Force-based constraints between the hands (directly or via tools and objects) play
an essential role in tightly-coupled bimanual tasks. The cooperative transport
of a single object has been extensively investigated. In these tasks, a certain
”squeezing” force must be applied to maintain the object’s stability between
the hands. The methods employed for such tasks can be categorized into two
main approaches: object-level impedance control and a combination of Projected
Inverse Dynamic Control (PIDC) with the grasp matrix. Object-level impedance
control has been explored by researchers such as Wimbock et al. (2012) and
Shahbazi et al. (2017). The combination of PIDC and the grasp matrix has been
discussed in works by Walker et al. (1991), Dehio et al. (2018), and Gao et al.
(2018a). Interaction forces also serve as significant constraints in asymmetric
tasks, as described in Pais Ureche and Billard (2018).

In summary, various methods have been developed to address temporal, spa-
tial, and force constraints in bimanual manipulation. These methods are typ-
ically designed for specific application scenarios and are not easily adaptable
to different types of actions. In this work, we aim to establish general repre-
sentations for spatial and temporal constraints between the hands, drawing
from established concepts. Furthermore, we will develop template versions of
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these constraints tailored to the different categories in the Bimanual Manipu-
lation Taxonomy. By representing a task as a sequence of bimanual categories,
we can derive the appropriate temporal and spatial constraints for the entire
task.

2.3.2. Implicit Consideration of Constraints

In addition to the methods described in the previous subsection, several ap-
proaches implicitly encode the constraints between the hands within the task
model. Early work predominantly employed Movement Primitives. Later,
those approaches were supplemented with deep learning-based methods which
can be split into methods using imitation learning and reinforcement learn-

ing.

Movement Primitives for Bimanual Manipulation

Common representations of movement primitives for general manipulation
tasks, not specifically bimanual cases, include Dynamic Movement Primitives
(DMPs) (Ijspeert et al., 2002a), Probabilistic Movement Primitives (ProMPs)
(Paraschos et al., 2013), Task-Parameterized Gaussian Mixture Models (TP-
GMMs), and Via-Point Movement Primitives (VMPs) (Zhou et al., 2019). Meth-
ods of task-specific generalization of DMPs are presented in (Ude et al., 2010).
To extend DMPs for interaction with the environment, Coupling Movement
Primitives (CMPs) (Gams et al., 2014) integrate force/torque feedback. This
framework has been demonstrated to facilitate bimanual tasks in scenarios
where control of the two arms is distributed rather than centralized. Distributed,
in contrast to centralized, refers to the absence of a central coordinating entity,
with each controlled arm governed by its own independent controller (Umlauft
et al., 2014). Similarly, another approach to cooperative manipulation under
distributed control, based on DMPs, is proposed by Umlauft et al. (2014). Their
method implements formation control by incorporating a cooperation feedback
term derived from artificial potential fields.

For centralized bimanual manipulation, Coordinate Change Dynamic Move-
ment Primitives (CCDMPs) (Zhou et al., 2016) offer an alternative by defining
the DMPs governing the follower’s motion within the reference frame of the
leader. This leader-follower configuration enables coordinated control. Batinica
et al. (2017) propose a control strategy for bimanual manipulation that achieves
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low trajectory errors and compliant control without relying on explicit task mod-
els, utilizing Compliant Movement Primitives (CMPs) (Denisa et al., 2015). The
end effectors are compliant in their absolute task but stiff in their relative task.
This is accomplished by formulating tasks with separately adjustable stiffness
and damping for the relative and absolute tasks, and by applying additional
torque based on virtual force translation. However, the CMPs and correspond-
ing torque profiles are task-specific, limiting generalizability. Additionally, since
CMPs are defined in joint space, the approach is effective only when the robot’s
joint configuration matches that of the demonstration.

In some cases, movement primitives are used to reduce the action space in
imitation learning. Xie et al. (2020) represent movement primitives as graph
recurrent neural networks (RNNs with a graph attention layer) and combine
a high-level planner for sequencing 13 pre-learned primitives and a low-level
controller to combine primitive dynamics. The learning model is specifically
designed to capture relational information within the scene, thereby facilitating
bimanual manipulations. The sequence of primitives is inferred based on the
observed sequence of states. The safe, interactive movement primitive learning
(SIMPLe) algorithm (Franzese et al., 2023) offers a method for encoding policies
using graphs based on Gaussian process regression. This approach enables
the interactive adaptation and synchronization of single-arm demonstrations
through kinesthetic human feedback, providing a foundation for versatile and
responsive bimanual coordination.

Building on the concept of combining primitive actions with more learning-
based control techniques, Avigal et al. (2022) propose a garment folding frame-
work. Their method integrates a neural network with predefined bimanual
action primitives, allowing the prediction of gripper pose pairs and the param-
eterization of action sequences. This hybrid approach leverages the strengths
of both data-driven predictions and structured primitives. Extending to rein-
forcement learning applications, Amadio et al. (2019) present a symmetriza-
tion method for probabilistic movement primitives (ProMPs). By mapping a
single-arm MP to the second arm, they enable efficient learning of coordinated
bimanual tasks, demonstrating accelerated convergence in reinforcement learn-
ing scenarios. Stepputtis et al. (2022) introduce an imitation framework for
contact-rich bimanual manipulation tasks. Their approach employs Bayesian
Interaction Primitives (BIP) for temporal and spatial reasoning, highlighting the
critical role of force/torque data in phase estimation and task success. Applied
to insertion tasks, their study also assesses manipulation robustness, user mental
demand, and the effectiveness of teaching methods such as kinesthetic guid-
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ance and teleoperation. The orchestration of predefined, hand-crafted skills in
bimanual scenarios has been explored using a Large Language Model (LLM) to
generate action plans that include both coordinated and uncoordinated sections
(Chu et al., 2024). Results show that integrating bimanual category labels, as
outlined in taxonomies, into the LLM prompts improves the effectiveness of this
approach.

Imitation Learning

Imitation learning involves acquiring a desired behavior by replicating the ac-
tions of a demonstrator (Osa et al., 2018). In this thesis, the term specifically refers
to supervised, deep learning-based methods for Learning from Demonstrations
(LfD). Recently, transformer architectures have emerged as the most commonly
used models in imitation learning, demonstrating strong performance across var-
ious applications. In some instances, these architectures are integrated with clas-
sifiers and leverage movement or action primitives.

An early approach leveraging transformers for bimanual manipulation is pre-
sented in Kim et al. (2021). Self-attention is used to mask out sensory input which
is not relevant for the current task. Building on the potential of transformer-
based approaches, ALOHA (Zhao et al., 2023) has recently emerged as a notable
framework. A low-cost bimanual robot setup including a teleoperation interface
is presented as well as the imitation learning approach Action Chunking with
Transformers (ACT). This end-to-end learning policy is using action chunking
and temporal assembling to help with non-markovian behavior (depending on
past states) and mitigating the effect of compounding errors. The approach is
evaluated based on about 10 minutes of training data for each task. The tasks
are selected to be precise, contact-rich and dynamic. The performance of ACT
is compared to multiple baseline approaches. The work is extended to mobile
manipulation in Fu et al. (2024b). The hardware setup is adapted to allow for
mobile manipulation, and the policy learning method is applied for mobile ma-
nipulation tasks. The authors show that co-training with the data from the static
ALOHA dataset can be efficient and robust for different data mixtures. This
work is extended in Lee et al. (2024) through the integration of hierarchical atten-
tion mechanisms, designed to capture dependencies between the joint states of
the arms and visual input. By employing a hierarchical attention encoder along
with a multi-arm decoder, the authors demonstrate, through both simulation and
real-world experiments, that this approach achieves superior performance com-
pared to ACT. Their results indicate that incorporating mechanisms to capture
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inter-arm coordination within the network architecture can significantly enhance
the effectiveness of the imitation learning framework.

Some works include different hand roles in the design of their approach.
Grannen et al. (2023) differentiate between a stabilizing and an acting role for
the hands. Policies are learned for both hands individually. The policy for
the stabilizing hand is conditioned on a visual key point which is extracted
from the environment and the policy for the acting hand. Similarly, in Liu
et al. (2024a) the arms are assigned either an acting or a stabilizing role. They
present VoxAct-B, which is a voxel-based and language-conditioned method
that leverages Vision Language Models (LVMs). Additionally, they extend the
RLBench benchmark (James et al., 2020) with asymmetric bimanual tasks (open
drawer, open jar, put item in drawer). In a parallel work, Grotz et al. (2024)
also propose a benchmark for bimanual manipulation tasks by extending the
RLBench benchmark. A new network architecture called PerAct’ is presented
which extends to existing PerAct framework (Shridhar et al., 2023) to bimanual
cases. PerAct’ takes a 3D voxel grid, proprioception data and a language goal as
input and generates a discretized action (6 Degree of Freedom (DoF) end-effector
pose, gripper state, flag for collision-free motion planning) for each arm. Unlike
e.g., Zhao et al. (2023) action goals are generated in task-space instead of in joint
space. To enable coordination between both arms a new self-attention module is
suggested.

The Bimanual Keypose-Conditioned Consistency Policy (BiKC) (Yu et al., 2024)
is a hierarchical imitation learning framework that incorporates a high-level
keypose predictor and a low-level trajectory generator using consistency models
(CMs) as the visuomotor policy. This design addresses the typical inference
latency found in diffusion policies by enabling CMs to produce outputs in a
single step, whereas standard diffusion models require multiple denoising steps.
Evaluated within the ALOHA framework, this approach shows improvements
in both success rate and operational efficiency.

Drolet et al. (2024) provide a comparison of imitation learning algorithms for
bimanual insertion tasks in a MuJoCo simulation. They compare Generative
Adversarial Imitation Learning (GAIL), Implicit Behavioral Cloning (IBC) (Flo-
rence et al., 2022), Dataset Aggregation (DAgger) (Ross et al., 2011), Behavioral
Cloning (BC) (Pomerleau, 1988), Action Chunking Transformer (ACT) (Zhao
et al., 2023), and Diffusion policy (Chi et al., 2023) trained on 200 expert demon-
strations. They found that ACT and Diffusion performed best in particular in
regard to hyperparameter and noise tolerance, compute efficiency and training
stability.
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Table 2.3 provides a summary of relevant studies published after 2020, focusing
on the neural network architectures employed. The table explicitly identifies the
use of diffusion policies, transformer-based models and classifiers, while other
deep learning architectures are not specified. Additionally, it highlights cases
where movement primitives or primitive actions are integrated into the proposed
approaches and whether distinct roles of the hands/arms are assumed. As
shown in Table 2.3, relatively few studies focus on diffusion models for bimanual
manipulation. This might be due to the significant inference latency inherent
to diffusion models due to iterative denoising. However, diffusion models are
frequently used as a baseline for comparison (Fu et al., 2024b; Grotz et al., 2024;
Drolet et al., 2024). While primitive-based approaches were more prevalent in
earlier work, they remain in use, often in combination with modern techniques
such as transformers. Further, it is interesting to note that several works do
not rely on pure end-to-end learning but include some prior knowledge in
their model. This can mean using classifiers e. g., to select suitable, predefined
primitives (Grannen et al., 2022; Avigal et al., 2022) or assuming the hands
taking over distinct roles such as the stabilizing and acting hand in Grannen et al.
(2023).

Table 2.3.: Publications after 2020 employing deep learning-based approaches
for robotic bimanual manipulation.

Publication Diffusion | Transformer | Classifier | Primitives | Hand Roles
(Kim et al., 2021) v
(Liu et al., 2022) v
(Grannen et al., 2022) v
(Stepputtis et al., 2022)
(Avigal et al., 2022) v
(Liu et al., 2023)
(Franzese et al., 2023)
(Zhao et al., 2023)
(Grannen et al., 2023)
(Fu et al., 2024b)

(Lee et al., 2024)
(Kim et al., 2024)

(Yu et al., 2024) v
(Grotz et al., 2024)
(Liu et al., 2024a)
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Reinforcement Learning

While imitation learning is limited to the available demonstrations, Reinforce-
ment Learning (RL) allows the robot to discover new policies by exploring the
state-action space (Billard et al., 2016). As mentioned in (Oh et al., 2024) deep RL
holds specific challenges for bimanual manipulation, namely 1. credit assignment
(each arms contribution to the reward function), 2. vanishing memory (restricts
handling multiple action sequences) and 3. the exploration-exloitation trade-off
which is more severe in the bimanual case.

Several studies explore RL with sparse rewards in the context of bimanual
manipulation. This assumption is particularly relevant in robotic manipulation,
where success is typically defined by the complete and accurate execution of the
task. For instance, in a pick-and-place scenario, the task is considered successful
only if the object is safely and correctly placed in the target location. Chitnis et al.
(2020) focus on improving the sample efficiency of model-free RL for sparse-
reward tasks by learning to compose skills. Their approach involves dividing
the problem into two parts: learning a state-independent task schema, which
is a sequence of skills, and a state-dependent policy for selecting appropriate
parameters. The method assumes the availability of a library of generic skills.
Tasks are bimanual, but the bimanuality is not explicitly considered in the
model design. Similarly, Zhang et al. (2021) also address sparse rewards by
decomposing a task into subtasks and using curriculum learning. The approach
ensures that each robot focuses on distinct sub-tasks, minimizing the risk of
one arm dominating the other or causing operational conflicts. The framework
leverages an attention mechanism and a multilayer perceptron (MLP) to learn
the desired position shifts and gripper states for both arms. In another work, Li
et al. (2023) propose a symmetry-aware actor-critic framework that captures the
interchangeable roles of the two arms in bimanual handover and rearrangement
tasks. To address sparse rewards, they utilize curriculum learning and introduce
an object-centric relabeling technique based on Hindsight Experience Replay
(HER) (Andrychowicz et al., 2017). As an alternative to curriculum learning,
Schwarke et al. (2023) leverage intrinsic motivation to guide agent exploration,
utilizing Random Network Distillation (RND) as a mechanism for exploration
incentives. This approach is applied to tasks such as door opening and package
manipulation, demonstrating its effectiveness in mobile bimanual manipulation
with a wheeled-legged robot.

A significant challenge in RL is the high cost and potential safety risks asso-
ciated with training models on real-world data. As a result, RL models are
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frequently trained in simulation environments like MuJoCo or Isaac Gym. How-
ever, deploying these learned policies on real robots involves the often difficult
task of sim-to-real transfer, where the discrepancies between the simulated and
real-world environments must be effectively addressed. Kataoka et al. (2022)
present a reinforcement learning approach for a bimanual connect task and
describe in detail how to modify the RL framework, particularly the simulator
modifications, to facilitate sim-to-real transfer. Lin et al. (2023) instead focus on
RL and the corresponding sim-to-real transfer for bimanual tasks using tactile
sensing.

In contrast to previously discussed approaches where robot arms do not have
hands at all (Lin et al., 2023; Schwarke et al., 2023) or only two-jaw grippers
(Kataoka et al., 2022; Chitnis et al., 2020; Zhang et al., 2021), in other works
two dexterous, multi-fingered hands are controlled. (Yang et al., 2024) present
the Asymmetric Dexterity (AsymDex) framework which leverages the inherent
symmetry between the hands to reduce the dimensional complexity in Rl of
bimanual manipulation tasks, thereby enhancing sample efficiency. The frame-
work comprises two main components. First, following an approach similar
to Grannen et al. (2022), AsymDex assigns specialized roles to each hand: the
facilitating hand repositions and reorients the object, while the dominant hand
performs intricate, dexterous manipulation. Second, AsymDex learns the relative
motion between the two hands, focusing on the coordinated interaction between
them.

The BiDexHD framework (Zhou et al., 2024) standardizes task construction
from existing bimanual datasets and utilizes a teacher-student policy learning
approach. The teacher learns state-based policies across related tasks using
a unified reward function, followed by policy distillation. The student con-
solidates these multi-task policies into a vision-based policy. Evaluation is

conducted on tasks spanning six categories from the TACO dataset (Liu et al.,
2024b).

In addition to standard single-agent RL methods, cooperative Multi-Agent
Reinforcement Learning (MARL) can be utilized for bimanual manipulation
tasks. (Chen et al., 2022) present the benchmark Bi-DexHands for bimanual
manipulation based on two floating dexterous hands and tasks with varying
complexity associated with different levels of human motor skills. They com-
pare single-agent RL algorithms such as Proximal Policy Optimization (PPO)
(Schulman et al., 2017) or Soft-Actor Critic (SAC) (Haarnoja et al., 2018) with
multi-agent approaches such as Heterogenous-Agent Proximal Policy Optimiza-
tion (HAPPO) (Kuba et al., 2021) and Multi-Agent Proximal Policy Optimization
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(MAPPO) (Yu et al., 2022) where each agent represents a hand. Results indicate
that single-agent PPO generally outperforms multi-agent methods, although
the performance gap diminishes for more complex tasks. SAC consistently
shows the lowest performance. Gu and Demiris (2024) combine MAPPO with
a variable impedance action space for the contact-rich task of bathing bed-
bound people using two robot arms. They show the superior performance
of MAPPO compared to PPO for their application. Focusing on safe MARL,
(Zhan and Chin, 2024) propose Multi-Agent Constrained Proximal Advantage
Optimization (MACPAO) which ensures adherence to safety constraints in each
iteration by sequentially updating the agents. Their approach is evaluated based
on multiple bimanual object manipulation tasks with two floating dexterous
hands.

Recent progress in RL includes the introduction of Transformer Reinforcement
Learning (TRL). A notable development in this domain is the Multi-Agent Trans-
former (MAT) (Wen et al., 2022), designed to integrate cooperative MARL with
general sequence models (SMs). MAT employs an encoder-decoder structure
and utilizes the multi-agent advantage decomposition theorem to recast the
joint policy optimization task as a sequential decision-making problem. Eval-
uated against various benchmarks, including Bi-DexHands (Chen et al., 2022),
which addresses bimanual dexterous manipulation, MAT demonstrates supe-
rior performance compared to state-of-the-art MARL methods such as MAPPO
and HAPPO. Temporal Context Transformer Reinforcement Learning (TC-TRL)
(Oh et al., 2024) extends these advancements by addressing long-horizon tasks
through a hybrid offline-online learning approach. Offline learning with behav-
ior cloning (BC) reduces excessive exploration, while online learning employs
a temporal-context transformer module integrating an observation encoder, a
multi-agent critic network, and an action decoder to generate optimal action
sequences. For long-horizon tasks, TC-TRL achieves superior performance
compared to MAT, MAPPO, and HAPPO.

The approaches discussed in this section are summarized and compared in
Table 2.4. Among them, PPO-based methods encompass both single-agent and
multi-agent reinforcement learning techniques leveraging PPO. The comparison
highlights that the application of RL for bimanual, dexterous manipulation on
real robots remains a largely underexplored area.

35



Chapter 2. Related Work

Table 2.4.: Comparison of publications in the field of RL considering the us-
age of dexterous (multi-fingered) hands, the execution of real-world
experiments and the method used for RL: Soft-Actor Critic (SAC),
approaches based on Proximal Policy Optimization (PPO) or using

Transformers.

o Dexterous | Real-Robot PPO- Trans-
Publication Hands | Experiments SAC based | former RL
(Chitnis et al., 2020) v v
(Zhang et al., 2021) v
(Kataoka et al., 2022) v v
(Chen et al., 2022) v v? V2
(Wen et al., 2022) vl v
(Li et al., 2023) v v
(Lin et al., 2023) v v
(Schwarke et al., 2023) v v
(Gu and Demiris, 2024) v v
(Zhan and Chin, 2024) vl v
(Yang et al., 2024) vl v
(Zhou et al., 2024) v v
(Oh et al., 2024) v v

! only hands considered (no robotic arm) 2 benchmarking several methods

2.3.3. Discussion

Bimanual coordination constraints can be addressed through various ap-
proaches. One strategy involved explicit modelling of temporal and spa-
tial constraints, as discussed in Section 2.3.1. This approach requires a de-
tailed understanding of the task, providing human-interpretable insights
into the control framework, which facilitates error detection and correc-
tion.

Alternatively, implicit learning-based methods (see Section 2.3.2) autonomously
infer bimanual constraints and embed them directly into their models. While
these methods eliminate the need for explicit task modeling, imitation learn-
ing approaches often require extensive training data and face challenges in
generalizing beyond the provided training distribution. Reinforcement Learn-
ing (RL) methods, in contrast, do not rely on pre-recorded training data and
can independently explore solutions of the task. However, the design of
effective reward functions can be tedious and task-specific. Furthermore,
since most RL approaches are trained in simulation, transferring learned
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policies from simulation to real-world applications remains a persistent chal-
lenge.

This thesis primarily utilizes explicit constraint formulations that integrate tem-
poral and spatial constraints for bimanual manipulation. These constraints
are grounded in the proposed taxonomy, which defines general coordination
patterns in bimanual manipulation tasks rather than being tailored to specific
tasks. In contrast, recent trends and advances in robotic bimanual manipulation
often rely on learning-based methods. While this thesis does not expand upon
such approaches, an analysis of the related literature highlights that general
knowledge of bimanual coordination patterns, as outlined in our taxonomy,
can inform model architectures (e. g., Grannen et al. (2023); Liu et al. (2024a);
Yang et al. (2024)) or provide insights that facilitate subaction scheduling (Chu
et al., 2024). This suggests that taxonomy-supported approaches hold signifi-
cant potential in areas such as imitation learning and reinforcement learning,
where they could enhance model design and improve task execution strate-
gies.

2.4. Datasets for Bimanual Manipulation

This section reviews relevant human motion datasets, with a particular focus
on multi-modal bimanual recordings of daily household and kitchen activities.
The datasets are categorized based on the sensor modalities used. An overview
of the most relevant related works is presented in Table 2.5. Our comparison
considers several key factors including the provided action annotations, the
sensor modalities, the accuracy of whole-body pose and object interaction, and
the variations captured within each action type. Many datasets offer uncon-
strained recordings of various subjects performing naturally in unstructured
environments, aiming to capture a broad variance in data across all dimensions.
Nevertheless, the explicit introduction of single variations in object types and
relations, as well as bimanual execution of actions, can be advantageous for
research focused on generalizing bimanual task models. This approach allows
for a more precise analysis and comparison of how different task parameters
influence execution, thus facilitating a deeper understanding of coordination in
bimanual manipulation tasks
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2.4.1. Single-View Video Datasets

Several large-scale datasets capturing video recordings of humans performing
various actions in different daily scenarios are available. Head-mounted video
cameras are frequently utilized to record a human subject’s field of view, creating
datasets of daily activities in natural environments (e. g., Damen et al. (2022);
Fathi et al. (2011); Cai et al. (2017)). These cameras are convenient to attach to
the human body and can continuously capture the subject’s workspace, even
during mobile manipulation. The EPIC Kitchen Dataset-100 (Damen et al., 2022),
which includes 100 hours of long-term unscripted kitchen activities, is the largest
annotated egocentric action dataset. Similarly, the 20BN-Something-Something
dataset Goyal et al. (2017) offers a large collection of very short video clips
containing both first- and third-person human-object interactions. However,
it is important to note that both datasets lack recordings of the human whole-
body motion and have been collected within an unknown or changing camera
coordinate system.

In Das et al. (2013), the YouCook dataset was created by collecting and annotating
88 publicly available third-person cooking videos from YouTube. By contrast,
the MPII Cooking Activities Dataset (Rohrbach et al., 2016) consists of 27 hours
of annotated videos captured using a static camera setup, depicting subjects
preparing real dishes in a kitchen environment. These datasets typically consist
of a large volume of videos captured in diverse, unstructured settings, benefiting
from the relatively low effort required for data collection. Recordings are either
sourced from open video platforms or captured in real-world scenarios, as
they do not necessitate extensive sensor setups or specialized equipment. The
substantial size of these datasets makes them particularly valuable for training
and evaluating machine learning algorithms, especially in the domains of action

recognition, detection, anticipation, and retrieval.

Various computer vision techniques for extracting 2D (Cao et al., 2019) and 3D
(Mehta et al., 2017) human poses, grasp types (Cai et al., 2017), as well as object
bounding boxes (Redmon et al., 2016) and 3D poses (Pauwels and Kragic, 2015)
from RGB videos, can be applied to derive various types of information from
video data. However, achieving accurate information retrieval across diverse
scenarios and conditions remains challenging. Moreover, the development of
robot manipulation concepts based on video datasets, as outlined in Shao et al.
(2020), could greatly benefit from datasets that provide comprehensive insights

into human demonstrations.
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2.4.2. Multi-View and/or Multi-Modal Video Datasets

Collecting multi-view video datasets or employing additional sensor modalities
to capture human demonstrations enhances the extraction of comprehensive
knowledge from these demonstrations.

The TUM Kitchen Data Set (Tenorth et al., 2009) integrates multiple RGB camera
streams to reconstruct three-dimensional human poses. Additionally, RFID tags
and magnetic sensors are utilized to detect actions such as opening a door or
drawer while setting a table. The 50 Salads dataset (Stein and McKenna, 2013)
includes task recordings of different salad preparations, incorporating rough
object trajectories obtained from accelerometers. In Pieropan et al. (2014), sub-
jects are observed preparing cereal from multiple viewpoints, with audio signals
recorded as an additional sensor modality. Another approach involves using an
egocentric RGB-D camera to collect data for classifying grasp types and predict-
ing contact points and forces (Rogez et al., 2015).

CAD-120 (Koppula et al., 2013) collect RGB-D data from a single view for 10 dif-
ferent high-level, long-term activities in a kitchen context. The ETRI-Activity3D
dataset (Jang et al., 2020) is designed to capture motions for recognizing daily ac-
tivities of elderly individuals. RGB-D videos of a large group of both young and
elderly subjects are recorded from eight different viewpoints. In the LEMMA
dataset (Jia et al., 2020), two static RGB-D cameras and two egocentric RGB
cameras are used to record two agents cooperating to perform tasks in various
kitchen and living room environments. The KIT Bimanual Actions Dataset (Dreher
et al., 2020) include RGB-D videos from a single camera and focuses on human
action recognition in bimanual household tasks emphasizing spatial relations.
Action labels are assigned to each hand individually, increasing the granularity
of the provided annotations. Similarly, the H20 (Kwon et al., 2021) dataset
provides multi-view RGB-D (including egocentric) recordings associated with
respective object and hand poses and interaction labels. Recent datasets such
as GigaHands (Fu et al., 2024a) focus on the combination of motion recordings
and text annotations. In a studio setting over 50 subjects interact with more than
400 real-world objects are recorded. Based on an instruct-to-annotate pipeline
instruction scripts are generated that result in recorded motion sequences with
a high variety.

Similar to larger single video datasets, most of the datasets discussed offer pri-
marily unconstrained motion recordings, which are essential for the training
and evaluation of action recognition and prediction methods. Additionally,
these datasets play a crucial role in tasks that involve learning from human
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observations. Examples include identifying changes in 3D semantic relations
during bimanual manipulation (Dreher et al., 2020), learning simple motion
primitives (Dometios et al., 2018), and understanding object affordances (Kop-
pula et al., 2013). Nevertheless, complex bimanual manipulation scenarios
require more sophisticated motion tracking approaches. These scenarios of-
ten involve multiple small or featureless objects and occlusions, making it
challenging to accurately extract motion trajectories of both subjects and ob-
jects.

2.4.3. Motion Capture Datasets

Several large-scale human motion databases have been developed (Ionescu
et al., 2014; Mandery et al., 2015, Mahmood et al., 2019), yet most do not
explicitly focus on object manipulation. The KIT Whole-Body Human Motion
Database (Mandery et al., 2015) represents a notable exception, as it comprises
extensive marker-based motion recordings of whole-body actions while also
tracking interactions with objects. This database is continuously expanded
with additional motion recordings and augmented with complementary sen-
sor modalities, such as force plates and data gloves. This thesis contributes
to the ongoing expansion of the database by incorporating additional motion
recordings.

Other multimodal datasets have been introduced to capture specific human
activities. The Carnegie Mellon University Multimodal Activity (CMU-MMAC)
database (De la Torre et al., 2009) records subjects engaged in cooking and food
preparation tasks using various sensor modalities. Meanwhile, the AnDyDataset
(Maurice et al., 2019) captures industrial activities such as screwing and load ma-
nipulation under diverse conditions, employing a multi-modal sensor setup for
classifying, predicting, or assessing human motions in industrial environments.
However, both datasets primarily focus on capturing object motion within video
data. By contrast, the OPPORTUNITY Activity Recognition Data Set (Roggen
et al., 2010) involves subjects performing daily tasks, with their poses tracked
using inertial measurement units (IMUs), and interactions with objects and
the environment captured using various sensor modalities. In comparison, the
Daily Interactive Manipulation (DIM) Dataset (Huang and Sun, 2019) is specifically
designed for interactive manipulation, focusing on fine motions where objects
or tools are manipulated to interact with other objects. The dataset features a
custom-built handle equipped with a force-torque sensor attached to various
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tools. It includes a large collection of short actions, particularly pouring ac-
tions with variations in objects and contents. Alongside force data, object poses
are captured using RGB-D sensors. However, this dataset primarily captures
subsymbolic information such as position and force trajectories of unimanual
motions performed with the sensorized tool. This setup limits natural grasping
and manipulation behaviors and does not include human motion during task
execution. In Pais Ureche and Billard (2018), recordings involve subjects per-
forming a “fruit scooping” task. Similar to the DIM Dataset, a sensorized tool is
used, but in this case, the human hand and forearm are tracked using multiple
sensors, including motion capture. The task involves bimanual manipulation
where one hand guides a robotic arm to hold the fruit while the other performs
the scooping action. The GRAB: GRasping Actions with Bodies dataset (Taheri
et al., 2020) offers extensive marker-based motion capture recordings, encom-
passing full 3D human shape and pose sequences, including hand and face
motions, as subjects interact with 51 different 3D-printed objects. This dataset
emphasizes whole-body grasping and the accurate estimation of grasp contact
surfaces. However, it primarily focuses on interactions with individual objects
during bimanual grasping actions. Motion capture datasets exhibit various
focuses. The MoGaze dataset (Kratzer et al., 2020) focuses on gaze tracking
in unimanual pick-and-place tasks. It considers full body motions including
eye-gaze and the workspace geometry. Other recent datasets focus on hand
interactions with single articulated objects (Fan et al., 2023), or specific actions
like flipping food during grilling (Pereira et al., 2022).

Recently, Liu et al. (2024b) introduced a large-scale dataset for hand-object ma-
nipulation, encompassing a wide variety of tool-action-object compositions in
daily activities. Objects are tracked using markers that are subsequently re-
moved from the data, while hand poses are detected through vision methods.
Based on this dataset, three benchmark tasks are proposed: compositional ac-
tion recognition, generalizable hand-object motion forecasting, and cooperative
grasp synthesis. OAKINK 2 (Zhan et al., 2024) is another dataset focusing on
hand-object interactions. This paper emphasizes hand mesh reconstruction,
task-aware motion fulfillment (TaMF), and complex task completion (CTS). Ad-
ditionally, Zakour et al. (2024) presents a dataset of hand-object interactions
(HOIs), recording up to two subjects simultaneously and including longer se-
quences. Key contributions of this dataset are multi-view, multi-hand 3D pose
annotations, and the tasks of Hand Mesh Recovery (HMR) and Hand Action
Segmentation (HAS). A recent large dataset using marker-based motion track-
ing of the upper body and additionally recording with a stereocamera system
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is BiCap (Carmona and Yu, 2024). The focus is on spatial, object and partici-
pant variations for the actions pour, open and pass. Only a task plan but no
segmentation is provided for each recording.

2.4.4. Discussion

Recently, robot motion datasets have gained prominence in which demonstra-
tions are generated not by recording human demonstrators but by directly
executing actions on specific robotic platforms, such as through teleopera-
tion.

This includes datasets where data from a single robot arm is collected such as
BridgeData V2 (Walke et al., 2023), the Open X-Embodiment dataset (O’Neill
et al., 2024) and (Khazatsky et al., 2024) but also datasets where two robot arms
are considered such as ALOHA (Zhao et al., 2023), mobile ALOHA (Fu et al.,
2024b) and BRMData (Zhang et al., 2024). The Open X-Embodiment dataset
(O'Neill et al., 2024) is a collection of multiple existing robot training sets and
seeks to train “generalist” policies, inspired by the success of general-purpose
models in computer vision and NLP. They demonstrate that co-training on
diverse, large-scale datasets enhances model performance, particularly when
the original dataset is small. Most models, however, are specialized for specific
robots, tasks, and environments, restricting their generalization. Further, most
datasets only collect data with a single arm not capturing the coordination
between both arms which is essential for humanoid robots. When using a
different robot, embodiment transfer challenges similar to those encountered
when learning from human data persist. Human motion recordings remain
valuable due to their cost-effectiveness, accessibility, and the direct encoding of
the demonstrator’s motion intelligence, independent of specific teleoperation
interfaces or robotic platforms.

An overview of the most relevant related works is provided in Table 2.5. Datasets
are listed chronologically based on the year of their publication. Our comparison
is based on the provided action annotations, sensor modalities, particularly the
accuracy of whole-body pose and object interaction, and the captured variations
within an action type. Only datasets that include bimanual manipulation actions
are considered. At the time of writing this thesis, several of the more recent
datasets were not yet publicly accessible, rendering it impossible to conclusively
verify certain aspects.

Our KIT Bimanual Manipulation Dataset (Krebs et al., 2021) (see Chapter 4.1)
exceeds prior datasets in key aspects, particularly in multi-modality, action
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variability, and precise tracking of whole-body, hand, and object motions (see
Table 2.5). The dataset extends the Whole-Body Human Motion Database (Mandery
et al., 2015). The dataset’s design is guided by the objective of enabling compre-
hensive learning of task models from human demonstrations, with an emphasis
on capturing variations in object types and their relationships in bimanual tasks.
Furthermore, it includes manually annotated actions for each hand, enhancing
the dataset’s granularity and utility for learning and analytical purposes. Con-
sidering these aspects our dataset was also not yet matched by more recently
published datasets.
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Table 2.5.: Overview of human motion datasets for bimanual object manipulation.
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CHAPTER 3

Bimanual Manipulation Taxonomy

Manipulation remains a significant challenge in robotics. Compared to uniman-
ual manipulation, bimanual tasks introduce additional complexities, including
arm coordination strategies, redundancy resolution in closed kinematic chains,
self-collision avoidance, and advanced force-based control (Smith et al., 2012).
To address this complexity inherent to highly redundant systems, grasping
taxonomies (Kamakura et al., 1980; Cutkosky, 1989; Feix et al., 2015) have been
widely employed in robotics.

Building upon prior work in neuroscience (Kantak et al., 2017) and robotics
(see Section 2.1), we propose a bimanual manipulation taxonomy specifically
designed for robotic applications which was originally published in Krebs and
Asfour (2022). Unlike taxonomies developed primarily for evaluating therapy
progress in rehabilitation, this taxonomy focuses on representing bimanual
robotic manipulation tasks. It facilitates the formation of task models for biman-
ual manipulation and explicitly encodes the spatial and temporal constraints
arising between the hands.

3.1. Design Principles

In the following, we elaborate on the critical aspects of bimanual manipulation
that must be considered when developing a novel taxonomy for bimanual
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manipulation tasks in robotics. These key aspects include: (i) coordination
between both hands, (ii) physical interaction between both hands and (iii) the
role of each hand.

Coordination This criterion addresses whether there is any form of spatial or
temporal coordination between the hands as defined by task-specific constraints.
Uncoordinated movements are, in essence, simultaneous unimanual actions.
An action is considered uncoordinated if the same outcome can be achieved by
performing the action consecutively in any order with a single arm. In such
cases, both arms operate without spatial or temporal coordination and do not
pursue directly connected goals. For instance, one hand may hold a coffee cup
while the other hand takes notes. Here, each hand adheres to its task-specific
constraints, but spatial coordination is limited to avoiding collisions, and there
is no temporal coupling.

In humans, uncoordinated actions performed by individual hands cannot be
excessively complex. In the example mentioned, one hand can effectively write
because holding the cup is a highly automated action requiring minimal cog-
nitive resources. Practically, distinguishing between coordinated and uncoor-
dinated movements can be challenging, as the relationship often emerges over
time rather than at a single point. For example, if one hand closes a chest lid
while the other hand holds an object, the connection may be unclear. However, if
it is observed that one hand initially opened the chest to allow the other hand to
retrieve something, then the actions are likely coordinated. Another challenging
category involves actions that include support poses. In Borras and Asfour
(2015), the authors present an approach for distinguishing between support
poses and manipulation by analyzing transitions within a whole-body support
pose taxonomy. For instance, when an individual leans on a table with one hand
to grasp a distant object with the other, there is an interdependence despite the
seemingly different activities of the hands. Without the support, the person
would be unable to reach the distant object. In contrast, there are situations
within the context of support poses where both hands operate independently.
For example, one hand may hold a cup of coffee while the other hand grips a
handrail while climbing a staircase. It is evident that some cases are difficult to
recognize from pure observation, even for humans, and are only apparent if the
action is repeated in a different manner.

Interaction In bimanual manipulation, physical interaction between hands
may or may not occur; regradless of high-level coordination imposed by spa-
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tial or temporal constraints. This interaction entails the transmission of forces
between hands, directly or via common objects. Examples include holding
a large object with both hands or using one hand to hold an object while
the other applies force to it using a tool. Understanding these interactions
is critical for bimanual dexterous manipulation tasks, where interactions with
objects and potentially between hands are pivotal for successful task comple-

tion.

Hand Roles In bimanual manipulation tasks, the hands often assume dis-
tinct roles, as discussed in (Guiard, 1987), where symmetry refers not to the
movement, but to the abstract roles of the hands. Symmetric manipulation
tasks entail both hands assuming identical roles, exemplified by jointly holding
and transporting a large box, forming a closed kinematic chain. Conversely,
asymmetric movements entail the hands undertaking different roles, such as
one hand stabilizing an object while the other performs an action on it, as in
stirring a cup while holding it. In humans, hand roles in asymmetric tasks are
closely tied to hand dominance, with the non-dominant hand typically serving
as the stabilizing hand, providing a reference frame for the dominant hand.
Additionally, temporal-spatial differences exist, with the dominant hand usu-
ally exhibiting a higher frequency of movement. However, these roles are not
rigidly assigned to the right or left hand and may be altered to optimize task
completion. For instance, finer manipulation tasks, like closing a bottle lid, may
be performed with the left hand if the right hand already holds the bottle from
drinking.

3.2. Taxonomy for Bimanual Manipulation

Building on the discussion of key aspects in bimanual manipulation in Sec-
tion 3.1, we propose a taxonomy specifically tailored to bimanual manipulation
tasks from a robotics perspective, as illustrated in Figure 3.1. The objective
is to create a taxonomy that facilitates the learning of task models for biman-
ual manipulation from human observations, enabling their implementation on
bimanual robotic systems, such as humanoid robots.

At the top level, we distinguish between coordinated and uncoordinated bimanual
actions based on the presence of spatial and/or temporal constraints needed
for task execution. Uncoordinated actions resemble simultaneously executed
unimanual actions e. g., holding a cup of coffee in one hand while writing with
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the other, This encompasses instances where one hand serves no explicit task,
so-called unimanual actions. These actions do not require complex coordination
between the hands on motor level, as each hand operates independently. In con-
trast, coordinated actions involve varying degrees of interdependence between
hands. We define loose coupling as coordination characterized by constraints
on hand actions that primarily involve common via points (spatial) or synchro-
nization points (temporal), without a persistent trajectory dependency. The
concept of coordinated, loosely coupled actions can be exemplified in the context of
self-handovers, where one hand passes an object to the other. Before physical
interaction between the hands occurs, spatial and temporal constraints must be
satisfied to ensure a smooth transition into the handover process. This requires
the hands to be appropriately positioned and synchronized but without a strong
reliance on the specific motion trajectory.

bimanual manipulation

|
| }

uncoordinated coordinated

I |
' ! !

ummanual blmanual loosely coupled tightly coupled

] i \ f% @

left dominant right dominant

VAU AN

Figure 3.1.: Bimanual Manipulation Taxonomy. Tasks are classified based on the
aspects coordination, interaction, hand role and symmetry.
Source: Krebs and Asfour (2022) © 2022 IEEE

Moreover, we introduce the category of tightly coupled coordinated actions.
These are characterized not only by spatial and temporal constraints but also
by force-based constraints resulting from contact-rich interactions between the
hands and trajectory-level dependency. Within this category, we refer to the
work of Guiard (1987) regarding hand roles in asymmetrical activities, where
the non-dominant hand provides a reference frame for the dominant hand,
guiding its motion and influencing trajectory formulation. Determining how the
roles of the hands are assigned cannot be solved only based on the handedness
of the demonstrator but can differ across tasks. These relations between the
hands in such cases form a functional coupling where their roles and motions
are highly interdependent. Activities where both hands assume identical roles
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are denoted as symmetric. Although primarily addressing hand roles rather
than motion trajectories, this often coincides with symmetrical motion patterns,
especially when both hands manipulate the same object. Here, the dependency
between hands is notably stronger due to a fixed transformation between the
hands.

Although it holds significant importance in neuroscience (Kantak et al., 2017),
we argue that strict geometric motion symmetry is less critical in the context of
robotics. For loosely coupled actions, motion symmetry assumes a functional
role only in exceptional cases e. g., when conducting an orchestra. While not im-
perative for bimanual reaching, it may hold relevance in gestures like conducting
an orchestra. Consequently, in our taxonomy, we exclusively address symme-
try within tightly coupled actions, emphasizing the symmetry of hand role
distribution rather than strict geometric symmetry.

In the remainder of this thesis the abbreviation introduced in Table 3.1 will be
used for the different categories of the taxonomy.

Table 3.1.: Abbreviations for the categories of the Bimanual Manipulation

Taxonomy.
Bimanual Category Abbreviation
No action no_action
Unimanual left uni_|
Unimanual right uni_r
Uncoordinated bimanual uncoord_bi
Loosely coupled loosely
Tightly coupled asymmetrical left dominant asym_|
Tightly coupled asymmetrical right dominant  asym_r
Tightly coupled symmetrical sym

3.3. Formalization of Constraints Imposed by the
Taxonomy

To provide a structured approach to using the taxonomy in bimanual robot
manipulation tasks, a formalization of the constraints imposed by the taxonomy
is needed. This will allow the implementation of appropriate coordination
strategies. In the following we present an explicit representation of temporal and
spatial constraints for each category of the taxonomy, with a particular emphasis
on their integration into robot controllers for bimanual task execution. These
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constraints are not merely descriptive but functionally essential as they must
be maintained even when motion execution is adapted or subjected to external
disturbances. This is especially critical for compliant robots, such as humanoid
robots designed for human collaboration, where controllers must ensure both
functional and safe task execution, even in the presence of external perturbations.
The formalization of these spatial and temporal constraints within the taxonomy
has been published in Krebs and Asfour (2024).

3.3.1. Spatial Constraints

Our objective is to develop a methodology for the formalization of biman-
ual constraints that aligns with established techniques documented in the lit-
erature, as elaborated in Section 2.3.1. We achieve this by formalizing the
spatial constraints applied to each hand through the adoption of specific
states:

* Unspecified: The hand is not actively engaged in a task of interest. Besides
avoiding collisions and adhering to soft criteria, such as enhancing human-
like appearance, the hand’s pose is considered irrelevant.

® Global: The hand’s target is defined independently of the other hand, either
within a fixed world frame or relative to the robot’s root frame.

* Relative: The hand’s target is defined relative to the pose of the other hand.

This aligns with the global, local, and relative constraints as defined by (Stavridis
et al.,, 2021). In their framework, global constraints refer to a world frame,
while local constraints pertain to the robot’s root frame. In our approach,
we focus on the constraints between the hands, which leads us to integrate
both frames and include object-centric task descriptions within the global con-
straints.

Table 3.2 delineates the primary constraints pertinent to each category. The
primary task space goals are denoted by an x, while secondary task space
goals are indicated with an (x). For asymmetric categories, this configuration
essentially adopts a leader-follower paradigm, where the non-dominant hand
functions as the leader and the dominant hand as the follower. For uni_r/uni_l,
the movement of the right/left hand is governed by global constraints, whereas
the other hand remains unspecified. The three states of spatial constraints -
unspecified, global, and relative - can be applied either to the start and end points
of a segment or to the entire trajectory.
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Table 3.2.: Spatial constraints for different categories.
Source: Krebs and Asfour (2024) © 2024 IEEE

Bimanual Category Right Hand Left Hand
Global Relative |Global Relative

uncoord_bi X X

uni_l X

uni_r X

asym_| X X

asym_r X X

sym (x) X (x) X

We formalize the spatial specification as a directed graph, where nodes represent
spatial states and edges denote the trajectories connecting them. The types of
edges (£) and nodes (V) are defined in Figure 3.2.

--------- » unspecified O unspecified
— > global O global
— relative ® relative

Figure 3.2.: Edges F (left) and nodes V' (right) of the spatial graph.
Source: Krebs and Asfour (2024) © 2024 IEEE

We consider all possible tuples (e, v) of trajectories e € E and goal statesv € V" as
shown in Figure 3.3. The permutations highlighted in grey are logically impossi-
ble due to inherent contradictions: if the entire trajectory is defined globally, the
goal state cannot be unspecified; similarly, if the trajectory is defined relatively,
the goal state must also be defined relatively. The feasible permutations are
grouped based on the goal pose, labeled as A-D. The combination of a relative
edge and node (group D) is treated separately, as this scenario is particularly
pertinent for actions involving physical interaction between the hands (tightly
coupled categories). Different combinations of these groups for the left and
right hand correspond to various categories within the Bimanual Manipulation
Taxonomy (see Table 3.3).

If a task is described as a sequence of categories, the spatial constraints for the
entire sequence can be represented using the elements shown in Figure 3.3. The
differentiation between unspecified and global trajectories within the blue (B) and
orange group (C) requires further investigation based on the precise motion
performed by the respective hand.
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Figure 3.3.: Spatial permutations considering elements defined in Figure 3.2.
Source: Krebs and Asfour (2024) © 2024 IEEE

In the presented application in Chapter 6, we employ the more restrictive formu-
lation with the global trajectory definition. The combinations at the bottom right
of the Table 3.3, indicated with X, do not exist as they would be underspecified
with both goal states being relative to the other. Combinations labeled asym_r or
asym_l could also fall into the loosely category if there is no physical interaction
(no force constraints) between the hands. The category sym is only denoted in
brackets in Table 3.3. As shown in Table 3.2 for sym, relative constraints are
most important for both hands. However, since this leaves the system under-
specified, some global grounding needs to be introduced. Conceptually, this
can be achieved by defining both hands relative to the same global trajectory.
Another option to maintain the relative pose in case of perturbations is to use
the asymmetric formulation, ensuring that the perturbed arm is considered the
leader (non-dominant hand).

Table 3.3.: Assignment of different spatial combinations to bimanual categories,
x indicates that this combination does not exist.
Source: Krebs and Asfour (2024) © 2024 IEEE

Left Hand

A|  no_action uni_l loosely “;g;:elly/
.o
& B uni_r uncoord_bi loosely asym_1 /
T loosely
fo C loosely loosely X %
~

o|  asym.r / asym_r/ ) oy

loosely loosely
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3.3.2. Temporal Constraints

For the coordinated execution of dual-arm tasks, Zollner et al. (2004) use Petri
nets to describe how task executions of the right/left arm or both arms can
be triggered, facilitating the transition between an active and a ready state for
both hands. In this work, we extend the concept described in Zollner et al.
(2004) to define the category-specific constraints and behaviors in response to
perturbations. This leads to different Petri net templates shown in Figures 3.4-3.7.
Specifically, we add the concept of phase stopping and goal synchronization
and formulate those dependent on the bimanual categories. Phase stopping
refers to pausing the variable governing the temporal evolution of motion when
deviations from the desired trajectory become too large, similar to the concept
of phase stopping for Movement Primitives (MPs) presented in Ijspeert et al.
(2002b).

Petri nets are described by the 4-tuple N = (P, T, A, m), with P being the set of
places, T the set of transitions, A the set of arcs and m the initial marking of the
net. In the following Petri net representations, transitions are represented within
rectangles, and places are indicated next to circles.

Petri net templates are defined to depict individual bimanual categories and can
be sequenced to outline the entire task. Initial markings are positioned on the
left, indicating their initiation from a preceding category, and their transition to
subsequent categories is shown on the right.

The category-specific template Petri nets delineate, firstly, the behavior spe-
cific to each category in response to perturbations (such as phase stop-
ping), and secondly, the behavior during transitions (e.g., transitioning in-
dependently or only when both hands have completed their respective
tasks).

The terms ErrL and ErrR within the transitions 7" indicate the error of the left
and right hand, respectively, computed based on the current pose compared to
the pose computed in the previous timestep. The transitions are triggered when
the error exceeds a specified threshold.

Figure 3.4 illustrates the Petri net representation for uni_r. The temporal evo-
lution of the hands exhibits independence, as reflected in the disconnected
paths within the Petri net structure. The inactive hand, in this case, the left
hand, can directly transition to the next category upon entering the current
one. The right hand follows a trajectory with active phase stopping, meaning
that the progression of the MP is halted if an error exceeding a predefined
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threshold is detected. The transition to the completed state occurs once the
entire motion primitive has been executed and the target pose has been reached.
For uni_l, the Petri net structure remains identical, with the roles of the hands

reversed.
R1 R2 R4
—>@—> Start? Q Is finished? O
[ ¥
ErrR < threshold ErrR > threshold
R3
1 N |
N
L1 L2 L4
—>@—> Start? O Is finished? O

Figure 3.4.: Petri net template for uni_r with places P for right/left hand re-
spectively: R1/L1: ready, R2/L2: active, R3/L3: paused, R4/L4:
completed. Based on Krebs and Asfour (2024).

In the case of the uncoord_bi category (see fig. 3.5), the hands also evolve
independently. However, unlike in the uni_r case, where only the right
hand follows a MP with phase stopping, here both hands exhibit this behav-

10r.

R1 R2 R4
—>@—> Start? () Is finished? O
[ |
ErrR < threshold ErrR > threshold
R3
1 N |
N
L1 L2 L4
—>®—> Start? 9 Is finished? O
[ ¥
ErrR < threshold ErrR > threshold
L3
1 N |
N

Figure 3.5.: Petri net template for uncoord_bi with places P for right/left hand
respectively: R1/L1: ready, R2/L2: active, R3/L3: paused, R4/L4:
completed. Based on Krebs and Asfour (2024).
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The category asym_r represents the most complex case (see Figure 3.6). Here,
the right hand assumes the role of the follower and behaves similarly to the
individual hands in the uncoord_bi category. Specifically, it follows a predefined
MP and is subject to phase stopping when its tracking error exceeds a predefined
threshold. The temporal execution of the right hand remains independent of
the left hand. Conversely, the left hand (or more generally, the leader hand)
also transitions into phase stopping if the right hand’s tracking error surpasses
the threshold. This constraint ensures that spatial dependencies, such as the
relative pose between the hands, are maintained. Initially, both hands are
synchronized upon entering a category section; however, the right hand may
complete its motion and transition to the next category independently. The
category asym_l follows the same structure but with the roles of the hands

reversed.
R4
Is finished? —{ ———
R2
R1 ———>| Start? ———>
:I<— ErrR < threshold R3 ErrR > threshold
L1 3,b

—(o)— L2 L4
— Start? Is finished? 4©—>

[ ¥
ErrL < threshold ErrL > threshold

{ |

L3,a

Figure 3.6.: Petri net template for asym_r with places P for right/left hand re-
spectively: R1/L1: ready, R2/L2: active, R3/L3: paused, R4/L4:
completed. Based on Krebs and Asfour (2024).

Finally, Figure 3.7 depicts the sym category. In this case, both hands are fully
temporally synchronized, meaning they enter and exit each segment simultane-
ously. If the tracking error of either hand exceeds the predefined threshold, both
hands halt execution. Movement resumes only when the errors of both hands
fall within the acceptable range.
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R1

R2/12 R4/14

Start? ———> Is finished?
L1
O ! l

ErrR < threshold ErrR > threshold
AND ErrL < threshold OR ErrL > threshold
1 ) |
/

R3/R4

Figure 3.7.: Petri net template for sym with places P for right/left hand respec-
tively: R1/L1: ready, R2/L2: active, R3/L3: paused, R4/L4: com-
pleted. Based on Krebs and Asfour (2024).

Regarding the category loosely, which encompasses all categories with spatial
and temporal constraints but without physical interaction, we do not present a
specific temporal Petri net template because it encompasses various coordination
patterns. Further investigation may be needed to define subcategories within
loosely.

Spatial and temporal constraints are largely modeled concurrently in this frame-
work, but there are interdependencies. Each segment (category) is formalized
with spatial and temporal constraints. Spatial constraints determine whether a
relative or global trajectory is followed within the Petri nets. Temporal constraints
can halt the progression of these reference trajectories, thereby influencing spa-
tial outcomes.

3.3.3. Transitions Between Categories

In the previous Subsection, we described how spatial and temporal con-
straints can be formalized within a bimanual category. However, a complete
task consists of a sequence of these categories and the associated trajecto-

ries.

The temporal conditions for transitions between categories are implicitly derived
from their representation as Petri nets. This includes synchronization at the start
of a category, such as for asym_r/asym_l and sym. In the case of uncoordinated
categories, the hands evolve independently.

In order to model the spatial constraints over time, the representations for dif-
ferent categories can be concatenated to form a common graph. An example
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for the case of rolling dough is shown in Figure 3.8. This task consists of the
following categories: both hands start from a global resting position, the left
hand moves an object out of the way (uni_l), both hands move to the rolling
pin (uncoord_bi), both hands hold the rolling pin and roll out the dough (sym),
and finally, the hands release the rolling pin and move back to their resting
position (uncoord_bi). The symmetric segment is represented as a combination
of relative and global constraints since both are needed for a complete descrip-

tion.
uni_l uncoord_bi sym uncoord_bi
right hand O PO S S +0
left hand oO—0—— TG m— < >0

Figure 3.8.: Sequencing of spatial constraints for rolling dough.
Source: Krebs and Asfour (2024) © 2024 IEEE

If no specific trajectory is defined, traditional planners can be employed. Given
trajectories can be easily adapted to new start or goal poses by using MPs such
as Dynamic Movement Primitives (DMPs) (Ijspeert et al., 2002a), Via-Point
Movement Primitives (VMPs) (Zhou et al., 2019), or Probabilistic Movement
Primitives (ProMPs) (Paraschos et al., 2013).

3.4. Summary

This thesis introduces a taxonomy for bimanual manipulation, drawing inspira-
tion from previous research in robotics, neuroscience, and rehabilitation science.
The taxonomy differentiates various coordination patterns in bimanual manip-
ulation tasks by considering key aspects such as coordination and interaction
between the hands, the roles of the hands in the task, and the symmetry in
task execution. Additionally, we define and formalize the temporal and spatial
constraints applicable to actions within the different categories outlined in the
Bimanual Manipulation Taxonomy.

This taxonomy contributes to a deeper understanding of bimanual coordination
in humans and facilitates the transfer of human strategies for executing bimanual
tasks to robotic systems. Unlike existing taxonomies, it is specifically structured
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for robotic applications and provides precise definitions for individual cate-
gories. Using the taxonomy, bimanual manipulation tasks can be described as a
sequence of bimanual categories, encoding the relevant spatial and temporal
constraints necessary for execution. This representation enables the selection of
appropriate controllers for different phases of a bimanual task and the switching
between different control strategies, such as transitioning from a leader-follower
control scheme for tightly coupled actions to independent controllers for unco-
ordinated actions. This approach will be discussed in Chapter 6. Furthermore,
the proposed taxonomy can enhance action and intention recognition in human-
robot interaction tasks and improve bimanual interactions with prostheses, as
demonstrated in (Volkmar et al., 2019).
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CHAPTER 4

KIT Bimanual Datasets

As highlighted in the state-of-the-art discussion (Section 2.4), there remains a
deficiency in human motion datasets that encompass a diverse range of biman-
ual manipulation actions and the corresponding objects involved. To address
this gap, this thesis contributes a novel multi-modal dataset, namely the KIT Bi-
manual Manipulation Dataset (KIT BMD), and extends an existing RGB-D dataset,
namely the KIT Bimanual Actions Dataset (Bimacs) (Dreher et al., 2020). Datasets
with such a variety of bimanual manipulation actions are essential to validate
the proposed taxonomy presented in the previous chapter (see chapter 3). These
datasets are not only utilized in this work but are also made publicly available
to the broader research community to foster and advance research in bimanual
manipulation.

¢ KIT Bimanual Manipulation Dataset: multi-modal recordings using five
different sensor modalities

— Actions: 588 recordings, 73 minutes, 2 subjects
- Sequences: 90 recordings, 104 minutes, 6 subjects

* Extension KIT Bimanual Actions Dataset: single-view RGB-D data, 120
recordings, 60 minutes, 6 subjects
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4.1. KIT Bimanual Manipulation Dataset

Our objective is to develop a novel multi-modal dataset of whole-body motions
to facilitate the learning of task models for bimanual manipulations. The design
of this dataset is driven by the need to provide comprehensive information
required for learning such task models from human demonstrations, with a par-
ticular emphasis on capturing variations in object types and object relationships
within bimanual tasks.

The original KIT BMD as presented in Krebs and Meixner et al. (2021)! com-
prises of multi-modal recordings of rather isolated household actions. This
dataset was extended in Meixner et al. (2023) with more complex, longer se-
quences consisting of the actions recorded in the original dataset. The complete
dataset is publicly available as part of the KIT Whole-Body Human Motion
Database?.

In the following, we refer to the subparts of this dataset as KIT BMD Actions
and KIT BMD Sequences. This chapter discusses the multi-modal sensor setup
used for the recordings and the objects and actions covered. Further, the record-
ing procedure as well as the post-processing of the data is detailed. The pro-
vided information holds for both subsets of the dataset if not indicated other-
wise.

RGB-D Camera GoPro
Motion Capture IMUs
Camera

Data Gloves

Figure 4.1.: Subject and multi-modal sensor setup during a recording of Cut.

The KIT Blmanal Manipulation Dataset resulted from joint work with André Meixner, who
contributed equally to the creation of the dataset and publication.
Zhttps:/ /motion-database.humanoids.kit.edu/list/datasets/
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4.1.1. Sensor Setup

The sensor setup comprises five distinct sensor modalities (see Fig-
ure 4.1):

* A marker-based VICON motion capture system is employed to precisely
capture the trajectories of body segments and objects at a frequency of
100 Hz. Figure 4.3 provides an overview of the camera setup in our motion
lab, which features nine static motion capture cameras (MX T10) mounted
on the walls around the capture area at a height of approximately three
meters. Additionally, mobile cameras (Vero®) are positioned on tripods
around the subject. As depicted in Figure 4.1, the subject wears a full-body
suit fitted with optical markers of 14 mm diameter, which are tracked by
the infrared cameras. Simultaneously, the experiments are recorded with a
synchronized digital video camera for documentation purposes.

* For capturing hand grasping movements in bimanual tasks, participants
wear Cyber Glove I1I data gloves* on each hand. These gloves measure
tinger joint angles, palm curvature, and wrist angles. In our laboratory
setup, we used a right-hand data glove with 22 degrees of freedom (DoF)
and a left-hand data glove with 18 DoF, which excludes the distal finger
joints. The gloves are calibrated following the procedure detailed in a
previous study (Starke et al., 2018), and they record finger joint positions at
90 Hz. Data gloves are the preferred method for tracking finger movements
in bimanual tasks, as using the marker-based motion capture system alone
would require numerous additional markers on each hand, leading to
occlusions and incorrect marker associations during close hand-object
interactions.

¢ Additionally, three 9-DoF inertial measurement units (IMUs) (Blue Tri-
dent by Vicon Motion Systems®) are affixed to the body (see Figure 4.2)
to measure linear accelerations and angular velocities at a frequency of
225Hz. The data is up-sampled to 300 Hz to achieve an integer number of
sub-samples per frame of the VICON system. The sensors are positioned
on anatomical landmarks: one on each forearm near the wrist (dorsal
side of the antebrachium above carpals) and one on the back between the
shoulder blades (approximately at thoracic vertebra T4).

Shttps:/ /www.vicon.com/hardware/cameras/vero/
*https:/ /www.cyberglovesystems.com/cyberglove-iii
Shttps:/ /www.vicon.com/hardware/blue-trident/
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Figure 4.2.: The IMU sensors are positioned on both wrists and on the upper
back of the subject.

¢ Furthermore, three RGB-D cameras (Azure Kinect®) are placed on fixed
tripods (see Figure 4.1). These cameras are strategically positioned to
provide various viewpoints of the scene and to simulate potential positions
of a robot learning from human demonstrations. The video recordings are
captured at 30 FPS with 1080p RGB resolution and 640x576 pixel depth

resolution.

¢ To capture egocentric RGB images from the subject’s perspective, Full HD
video recordings are made using a head-mounted action camera (GoPro
Hero 87) at 60 FPS in SuperView mode with HyperSmooth enabled for auto-
matic image stabilization. The RGB images are cropped to focus on key

areas of interest.

To accurately determine and monitor the position of the RGB-D and ac-
tion cameras within the scene, optical markers are affixed to these cam-
eras. These markers enable the motion capture system to record their precise
poses. For privacy protection, subjects are anonymized in all video record-
ings.

For KIT BMD Sequences an additional table has been incorporated into the scene
(see Figure 4.3 right). This modification not only offers extra space for manipula-
tion but also creates a kitchen nook. The placements of the digital video, RGB-D,
and motion capture cameras were subtly altered to adapt to this new setup.
Each recording starts with the subject positioned in a T-pose, approximately one
to two meters away from the tables.

®https:/ /learn.microsoft.com/de-de/azure/kinect-dk /hardware-specification
"https:/ / gopro.com/content/dam /help /hero8-black /manuals/HERO8Black_UM_ENG_REVB.pdf
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Figure 4.3.: The arrangement of cameras utilized in the KIT BMD Actions (left)
and the KIT BMD Sequences (right) is illustrated. The bold line
indicates the orientation of each camera. The red coordinate system
designates the origin of the motion capture system.

Sources: Krebs and Meixner et al. (2021) © 2021 (left),
Krebs and Leven et al. (2023) © 2023 IEEE

4.1.2. Actions and Objects

The dataset was recorded using a total of 21 real household objects and food
items (e. g., cucumber), as illustrated in Figure 4.4. All actions took place on or
behind a table with a height of 88 cm, matching the height of standard kitchen
counters. Each object had at least four markers attached to it to track its pose
using the motion capture system. The markers used varied in size, with options
of 6mm, 9.5 mm, or 14 mm depending on the object. The dataset includes 3D
models of all objects, created either with a 3D scanner or CAD software for
objects with simple geometry.

KIT BMD Actions

Twelve manipulation actions (see Table 4.1) commonly used in household activi-
ties were selected for the dataset, emphasizing the variety of objects used and
the bimanual nature of the actions.

Although some actions, such as pouring, can be executed with a single hand, this
dataset specifically focuses on performing these tasks with both hands. Many of
these actions involve asymmetric movements (Guiard, 1987), where one hand
stabilizes an object while the other manipulates it. For instance, the left hand
might hold a cup steady on a table or in midair while the right hand pours
water from a bottle. Additionally, some tasks require both hands to hold the
same object, such as sweeping or rolling out dough, or involve self-handovers.
Special cases include walking while manipulating an object or holding an object
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Figure 4.4.: Objects used in the KIT Bimanual Manipulation Datasest.
Source: Krebs and Meixner et al. (2021) © 2021 IEEE

by enclosing it with the entire arm. All actions were recorded as they would
be naturally performed by right-handed individuals. To capture variations in
natural human action execution, each variation was repeated three times by each
subject. Additionally, semantic variations within each action type were included,
such as different object locations. For example, a bottle might be positioned
on the left or right side of a cup, and placed either close to or farther from the
subject. These variations are crucial for studying how motion trajectories adapt
to new scenes and situations. The dataset also incorporates different objects,
focusing on changes in specific task parameters such as object height or diameter
(e.g., small vs. large cup or bowl). Various tool-based actions are included as
well, such as scooping with a spoon or ladle, noting that the handling of tools
differs even when used for the same purpose. Different methods of executing
bimanual manipulation actions are considered, for example, the left hand might
hold, tilt, or lift a bowl while the right hand stirs. In some cases, the object held
during manipulation can vary. There is an imbalance in the number of recorded
variations per action type. This discrepancy arises because certain actions offer
more opportunities for interesting parameter variations (e. g., position, direction,
height), resulting in more diverse executions.

KIT BMD Sequences

The KIT BMD Sequences consists of three different scenarios, each consisting
of multiple of the individual actions recorded previously. The scenarios are
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preparing a meal, preparing a pie, and cleaning up. Table 4.1 shows which actions
are part of which scenario. Additional details about the scenarios are available in
the recording descriptions in our motion database®.

Table 4.1.: Assignment of actions to different scenarios.

Scenarios

preparing a meal preparing a cake cleaning up
Close vl vl
Cut
Mix
Open
Peel
Pour
Rollout
Scoop v
Stir
Sweep v

SNENENENEN
(\

Actions

SNENENEN

Transfer v
Wipe v
[1] optional

4.1.3. Recordings Procedure

This study received approval from the ethics committee of the Karlsruhe Insti-
tute of Technology, Karlsruhe, Germany. Participants provided written informed
consent before the experiments, agreeing that the data could be publicly avail-
able for research purposes in the KIT Whole-Body Human Motion Database. For
privacy reasons, the faces of subjects are blurred in all publicly available visual
recordings.

KIT BMD Actions

Two healthy young adults (1 male, 1 female) participated in the experiments.
Both individuals are right-handed, have normal vision, and do not have any up-
per limb orthopedic impairments. Anthropometric data including body height,
hand segment lengths, and weight were recorded for each subject. It should
be noted that only these two subjects are included in the dataset. This decision

Shttps:/ /motion-database.humanoids.kit.edu/details /datasets /3521 /?listpage=1
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was made due to the extensive effort required to record each subject and the
emphasis on capturing a high number of action variations and repetitions. The
dataset focuses on maintaining comparability by not introducing variations be-
tween different subjects performing various actions or tasks. While the subjects
were familiar with the tasks performed, they were instructed to execute the
actions in the manner they would typically perform them in their own home

environments.

During each recording session, the subjects begin and end standing behind a
table with their hands placed flat on its surface. Specific configurations at the
start and end of the scene, including hand and body posture, are standardized.
Task instructions, such as “cut off three slices of the cucumber”, are provided
to the subjects. The exact execution details, such as the temporal synchro-
nization of hand movements and types of grasps used, are left to the subject.
Each action was recorded with three repetitions per subject, resulting in a total
of 588 demonstrations. Across different variations of an action, the order of
recordings was consistent within subjects, but the sequence of actions (e. g.,
scoop, pour) varied. The duration of each action recording ranged from 5 to 15
seconds.

KIT BMD Sequences

Six healthy, right-handed individuals (three male and three female) carried out
sequences of manipulation tasks within three everyday household scenarios.
The two subjects of the KIT BMD Actions also were part of the subjects recorded
for longer sequences. Before each recording subjects were briefly informed about
the overall objectives of the respective scenario. However, they could freely
decide the sequence and manner of performing the individual actions. After
each iteration, the instructor randomly rearranged the positions of the objects
on and around the table.

4.1.4. Data Processing

Data Synchronization

To ensure temporal synchronization of data from various sensor modalities used
in our dataset collection, we developed a software tool called CaptureCompo-
nent. This software synchronously triggers recordings across different sensors
deployed on multiple remote host computers. The component communicates
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common signals via UDP packets to remote software components associated
with each sensor. It manages recording-specific details such as filename, date,
and duration. Each sensor is equipped with a dedicated remote software compo-
nent that encapsulates its functionalities, enabling remote access and distributed
processing regardless of the sensor interface’s programming language or the
operating system. The CaptureComponent also facilitates monitoring of sensor
status and provides access to each remote component for status checks. Fur-
ther synchronization is achieved by collecting and aligning timestamps from
each sensor recording, ensuring precise coordination of data across all sensor
modalities.

Master Motor Map (MMM) Framework

To facilitate accessibility of the collected data across different sensors for the
research community, we build upon and extend our earlier work with the Mas-
ter Motor Map (MMM) framework® (Mandery et al., 2016). This open-source
framework offers a unified representation of human motions as well as their
perception, visualization, reproduction and recognition. Further, it provides
standardized data structures tailored for organizing and storing data within
extensive motion databases. To align captured human motions with a reference
kinematics and dynamics model of the human body, subject-specific parameters
are employed to normalize and present the motions in a standardized format.
This process ensures consistency and comparability across different datasets. For
mapping these captured human motions onto a target robot embodiment, we
minimize the squared distances between real markers attached to the subject’s
body at predefined anatomical landmarks and virtual markers on the MMM
reference model, which also correspond to these anatomical landmarks. This
alignment is achieved using non-linear optimization techniques, ensuring ac-
curate and precise mapping of human movements to the virtual model. This
approach is crucial for applications where human motion data needs to be trans-
ferred to robotic systems or simulations effectively.

In this study, we extend the mapping process by incorporating the subject’s
hand size, scaling the hand model within the MMM independently of the sub-
ject’s height. The hand size is determined by measuring the distance from the
subject’s wrist to the tip of their middle finger. To further refine the accuracy
of hand pose mapping, each hand marker’s squared error is adjusted using
a specific weighting parameter. This approach ensures that hand movements

https:/ /h2t.iarkit.edu/752.php
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are accurately represented relative to the MMM reference model. While we
provide one predefined mapping of hand motions in this dataset, this mapping
can be customized or replaced to suit specific application requirements. Addi-
tionally, the XML-based MMM data format and framework have been adapted
to accommodate and manage data from all additional sensor modalities used
in this dataset, such as IMUs, RGB, RGB-D, and data gloves. This adaptation
utilizes an extendable, plugin-based sensor structure, enabling efficient storage,
handling, and visualization of multi-modal data. The videos are stored in a
suitable video container format (e. g., mp4) and are referenced within the MMM
data format, ensuring comprehensive integration of visual data alongside other
sensor modalities.

Segmentation and Labeling

To facilitate comprehensive processing of recorded human movements, the
MMM data format has been expanded to support both manual and automatic
hierarchical segmentation. This segmentation operates on symbolic and sub-
symbolic levels, following the hierarchical segmentation approach presented
in (Wachter et al., 2015). Additionally, the data can be annotated to provide
detailed contextual information. Similar to the approach described in (Dreher
et al., 2020), the motion recordings in this study are manually segmented and
annotated based on the actions performed by each hand. This segmentation and
annotation process enhances the dataset’s utility by categorizing movements
into meaningful segments, aiding in analysis and interpretation for various
research applications.

Manipulation tasks typically involve multiple sequential actions such as ap-
proaching an object, lifting it, performing a manipulation, placing the object,
and retracting the hand. Annotations in this dataset encompass various types
of actions, including manipulation actions (e. g., scoop, wipe, peel), supporting
actions (e. g., hold, move), and phases describing different stages of grasping
(e.g., approach, lift, place, retreat). A segmentation example for scooping is
illustrated in Figure 4.5. In this scenario, the manipulation task for the right
hand is segmented into detailed actions such as approaching the ladle with
the right hand, lifting the ladle, moving the hand with the ladle into the bowl,
performing the scoop action, moving the hand with the ladle to the cup, pouring
from the ladle into the cup, and so forth.

Each manipulation action, such as scoop, is further hierarchically segmented into
fine-grained segments, which can be valuable when analyzing isolated partial
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actions. Annotations also include relevant objects involved in the task. There
are distinctions between a main object (the grasped object), a target object (with
which the main object interacts), and a source object (if interaction occurs at the
beginning of the manipulation task). For example, in the manipulation action
“scooping from a bowl into a cup using a ladle,” the bowl is categorized as the
source object, the cup as the target object, and the ladle as the main object. These
annotations provide a detailed context about the objects and actions involved in
each recorded manipulation task.

Figure 4.5.: Bimanual segmentation for scooping from a bowl to a cup. Top:
Visualisation of the motion on the MMM reference model. Bottom:
Segmentation tracks for both hands (Left, Right). Occuring actions
are: W idle, [ approach, [ lift , @ hold , B move, @ place, [ retreat, W
scoop as well as additional actions W pre, @ pour, B post within the
scooping task.

Source: Krebs and Meixner et al. (2021) © 2021 IEEE

4.2. Extension of the KIT Bimanual Actions Dataset

In the scope of this thesis, the previously existing KIT Bimanual Actions Dataset
was extended. The Bimacs (Dreher et al., 2020) provides RGB-D data of 6 sub-
jects performing 9 different actions. Each task was recorded 10 times using
a PrimeSense Carmine 1.09 camera. The dataset additionally provides ex-
tracted 3D bounding boxes of objects and spatial relations of those. Since
the original dataset barely includes any motion of the symmetric bimanual cat-
egory, in the scope of this thesis it was extended with two further tasks as
presented in Krebs and Leven et al. (2023). The extension consists of 120
recordings with a total duration of 1 hour and 2 minutes and is publicly avail-
able'?.

Ohttps:/ /bimanual-actions.humanoids.kit.edu/bimanual_categories
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4.2.1. Sensor Setup

The data was recorded from a single-view using an RGB-D camera, positioned
opposite the human to mimic a scenario where a robot observes a demonstration.
The recordings were captured at 30 FPS with a resolution of 1920x 1080 pixels
for RGB and 640x576 pixels for depth data. The setup replicates the original
sensor configuration described in (Dreher et al., 2020). However, instead of
the PrimeSense used in the previous study, this research employs an Azure
Kinect!.

4.2.2. Actions and Objects

Two additional tasks in a household scenario were recorded: set table (see Fig-
ure 4.6) and prepare dough (see Figure 4.7). In the first task, subjects reach for
various objects and place them on the opposite side of the table. Additionally,
they must take a piece of bread from a bowl and place it on a plate. In the
second task, subjects first empty a cup into a bowl and stir the contents with
a whisk. Following this, they transfer the contents of the bowl onto the table
and use a rolling pin to roll it out. In both tasks, the application of the sym-
metric bimanual category is promoted either by the presence of large objects,
such as a bowl or plate or by the use of an object specifically designed for bi-
manual manipulation, such as a rolling bin. For those recordings six different
objects are used: a mixing bowl, a cup, a plate, a rolling pin, a spoon and a
whisk.

Figure 4.6.: Example frames of a set table recording. Based on Krebs and Leven
et al. (2023).

Uhttps:/ /learn.microsoft.com/de-de/azure/kinect-dk /hardware-specification
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Figure 4.7.: Example frames of a prepare dough recordings. Based on Krebs and
Leven et al. (2023).

4.2.3. Recordings Procedure

As in the KIT Bimanual Actions Dataset, six subjects were recorded (3 male,
3 female; 5 right-handed, 1 left-handed) using an RGB-D camera. This study
was approved by the ethics committee of the Karlsruhe Institute of Technology,
Karlsruhe, Germany. The participants gave their written informed consent
before the experiments that the data may be made publicly available for research
purposes. In the collected video data faces are anonymized. The structure of
the recordings was designed to match the data of the Bimacs dataset (Dreher
et al., 2020). Two new household tasks were each recorded 10 times for each
subject. Subjects were provided with a description of the overall goal to be
achieved, but the precise execution was left to them. Initial object positions
were varied within different recordings. The two new tasks are designed to
include symmetric actions within a household context. Symmetric motions
are expected for transferring big objects like a bowl or a plate and for using a
rolling pin. In total, we collected 120 new recordings with a total duration of
60.2 minutes.

4.2.4. Data Processing

To detect objects within RGB video sequences, we use YOLOv7 (Wang et al.,
2022), trained on a custom dataset specific to our objects of interest. The re-
sulting 2D bounding boxes were utilized to extract relevant points from a
corresponding point cloud generated from the depth images. These points
were then filtered based on the color characteristics of the detected objects.
Subsequently, a 3D bounding box, accurately reflecting the dimensions of the
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detected object, was positioned at the centroid of the remaining filtered point
cloud.

For hand tracking, we utilized the Azure Kinect Body Tracking SDK'?. A 3D
bounding box for each hand was constructed by determining the minimum and

maximum coordinates of four key points: the wrist, the hand, the tip of the
hand, and the thumb.

As a further step, we employed the methods outlined in (Kartmann et al., 2018)
to extract 15 static and dynamic spatial relations between the identified 3D
axis-aligned bounding boxes, as defined in (Ziaeetabar et al., 2018). These
spatial relations include: contact, above, below, left of, right of, in front of, behind,
inside, surround, moving together, halting together, fixed moving together, getting close,
moving apart, and stable.

To establish a global coordinate system, ArUco markers (Garrido-Jurado et al.,,
2014) are used in conjunction with OpenCV (Bradski, 2000). The choice of ArUco
markers is motivated by their high robustness to noise (Garrido-Jurado et al.,
2014) and the comprehensive processing methods available in the OpenCV
library. Furthermore, ArUco markers are cost-effective due to their ease of
generation and printing. Two distinct markers are affixed to the front corners
of the table: the left marker defines the origin of the global coordinate system,
while the right marker serves as a backup in case the left marker is not detected.
The configuration of the recording setup and the markers’ coordinate system
are illustrated in Figure 4.8.

Figure 4.8.: Exemplary recording setup. The coordinate system defined by the
ArUco markers are depicted.

2https:/ /microsoft.github.io / Azure-Kinect-Body-Tracking
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The labeling tool™ used in (Dreher et al., 2020) was adapted to label the data
with bimanual categories as defined in the taxonomy. The data from the two
new tasks as well as the five kitchen tasks of the original KIT Bimanual Actions
Dataset are labeled with bimanual categories.

4.3. Summary

In this chapter, we introduced the datasets collected for this thesis, which are
intended to support both the research questions in this thesis and the broader
scientific community. By making these datasets available, we aim to contribute
to the advancement of research in bimanual manipulation. Therefore the KIT
Bimanual Manipulation Dataset'* as well as the Extension to the KIT Biman-
ual Manipulation Dataset™ are publicly available. In the scope of this thesis,
both datasets are used to develop methods for the recognition of the biman-
ual categories defined by the taxonomy which will be described in detail in
Chapter 5.

KIT Bimanual Manipulation Dataset A new multi-modal dataset of bimanual
manipulation actions has been created, featuring precise human whole-body mo-
tion data, comprehensive hand configurations, and the 6D pose and trajectories
of all objects involved in the tasks. Data collection utilized five different sensor
systems: a motion capture system, two data gloves, three RGB-D cameras, a
head-mounted egocentric camera, and three inertial measurement units (IMUs).
The dataset comprises 12 bimanual daily household activities performed by two
healthy subjects, including a large number of intra-action variations and three
repetitions of each action variation, totaling 588 recorded demonstrations. A to-
tal of 21 household items are used in various actions.

Extension of the KIT Bimanual Actions Dataset The pre-existing KIT Biman-
ual Actions Dataset (Dreher et al., 2020) is a well-established resource within the
community, frequently utilized as a benchmark for action recognition (Morais
et al., 2021; Xing and Burschka, 2022; Ziaeetabar et al., 2024). However, the
original dataset rarely includes bimanual, symmetric actions where both hands
grasp a common object. To address this critical gap, two additional tasks in

13h’ctps: / /git.h2tiarkit.edu/sw/bimanual-actions/action-labeller
14https: / /motion-database. humanoids.kit.edu/list/datasets/
Bhttps:/ /bimanual-actions.humanoids.kit.edu/bimanual_categories
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a kitchen context, focusing on such symmetrical actions, were recorded. The
new data maintain consistency with the original dataset by following the same
recording structure — number of subjects and repetitions — and providing identi-
cal extracted features including 3D-bounding boxes of hands and objects and

their spatial relationships.
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CHAPTER 5

Recognition of Bimanual Categories
in Human Demonstrations

To effectively utilize the bimanual categories defined in the Bimanual Manipu-
lation Taxonomy, as introduced in Chapter 3, they must be reliably recognized
in human demonstrations. Only then can these labels serve as the basis for
an autonomously generated task representation derived from demonstration
data.

This chapter presents both a rule-based and a learning-based approach for frame-
wise classification of the bimanual categories defined by the taxonomy, with
the latter employing Graph Neural Networks. A sliding window technique is
employed to segment motion data into distinct bimanual categories based on
the Bimanual Manipulation Taxonomy. Since we aim for such an online capable
approach, we treat the categories uncoord_bi and loosely as a joint category which
we refer to as loosely. This is due to the fact, that this distinction requires analyz-
ing the role of both hands within a wider temporal context. The chapter begins
by introducing the data used for evaluating both approaches, which consists of
marker-based motion capture data and RGB-D recordings. Subsequently, both
approaches are described in detail, followed by a comprehensive evaluation of

their performance.

The rule-based approach for processing motion capture data was first introduced
by Krebs and Asfour (2022), while the learning-based method was proposed in
Krebs and Leven et al. (2023).
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5.1. Evaluation Data

For the evaluation of the approaches, the data presented in Chapter 4 is used.
This section provides a concise overview of the data used and outlines the
additional preprocessing steps applied.

5.1.1. Motion Capture Data

For our analysis, we utilize a dataset comprising 120 recordings from the KIT
Bimanual Manipulation Dataset (Krebs and Meixner et al., 2021), which is
described in detail in Section 4.1. This dataset contains multimodal recordings
of various bimanual household activities. Each motion sequence in the dataset
starts and ends with both hands resting on the table, encapsulating a distinct

bimanual manipulation task.

Our analysis is based on high-fidelity whole-body human and object motion
data, captured using a marker-based Vicon motion capture system operating at
100 Hz. Additionally, hand motion data is recorded at 90 Hz using 18-DoF data
gloves. This comprehensive dataset enables precise reconstruction of full-body
movements, including detailed hand configurations and the 6D poses of all
interacting objects.

Since both subjects in this dataset are right-handed, the data is mirrored along
the sagittal plane to enhance dataset balance and mitigate potential bias. This
results in a total number of 187 690 labeled frames. The distribution of bimanual
categories in the dataset, which are used as ground truth data is depicted in
Figure 5.1.

5.1.2. RGB-D Data

The second dataset comprises RGB-D data, which is more representative of
the sensory input available to a robot due to its compact and mobile sensor
configuration. For evaluation, we utilize the kitchen tasks of the Bimacs dataset
(Dreher et al., 2020) and its extension presented in Section 4.2. The combined
dataset consists of 420 recordings with a total duration of about 127 minutes
which we refer to as the combined dataset in the remainder of this chapter. 53.6 %
of the frames belong to the Bimacs dataset and 47.4 % are part of the extension.
A single annotator manually labeled the data on a frame-wise basis using the
categories of the Bimanual Manipulation Taxonomy:.
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loosely
no_action
asym_l

asym_r

Occurence [%]

Figure 5.1.: Distribution of the categories in the ground truth motion capture
data.

To mitigate the imbalance between right- and left-handed subjects, the com-
plete dataset was mirrored, effectively doubling the data and ensuring a more
balanced distribution. This augmented dataset consists of 457 092 frames. The

distribution of bimanual categories in the dataset, which are used as ground
truth data is depicted in Figure 5.2.

loosely
sym
asym_|
asym_r
no_action
uni_l

uni_r

Occurence [%]

Figure 5.2.: Distribution of the categories in the ground truth RGB-D data.
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5.2. Rule-based Approach

The objective of this study is to analyze the presence and manifestation of
bimanual categories, as defined by our taxonomy, in human demonstrations
of daily tasks. As an initial step, we employ a rule-based approach to verify
whether these categories can be inherently distinguished in human behavior.
A rule-based classification offers several advantages, including efficient data
utilization and a reduced risk of overfitting. Additionally, it enhances inter-
pretability by providing explicit decision criteria, facilitating introspection into
the decision-making process, and improving the traceability of errors. The rule-
based approach presented in this section was originally presented in Krebs and
Asfour (2022).

5.2.1. Method

A contact graph is constructed based on the hands and objects present in the
scene. For motion capture data, precise 3D models of the objects and hands are
used, whereas in RGB-D data, these are approximated using axis-aligned bound-
ing boxes. The extraction of contact relationships builds upon previous research
on semantic relation extraction (Kartmann et al., 2018). The contact graph is gen-
erated frame-by-frame, capturing both contact relationships and their variations
throughout the execution of a task. The classification of bimanual categories is
derived from the topological structure of this graph.

Additionally, motion features of the hands and objects are of paramount impor-
tance. Each node of the graph is augmented with

¢ the global pose and velocity of the node,

* an object ID as unique identifier of the node, e.g., the object names
rolling_pin, sponge_small, etc. and

¢ a group ID for rightGroup, leftGoup, background and scene.

The construction of the contact graph begins with the evaluation of contact
relations in the scene, followed by the assignment of the objects to distinct
groups. Objects that remain stationary and are not subject to manipulation, such
as tables or walls, are manually assigned to the background group to prevent
erroneous contact detections between hands and these objects. The rightGroup
and leftGroup include the respective hand together with all objects in direct
or indirect contact with it. The right hand and left hand are assigned to the
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corresponding groups rightGroup and leftGroup, which are continuously updated
based on changes of the topological structure of the contact graph. Objects
in contact with elements of the rightGroup or leftGroup are appended to the
corresponding group unless they are already assigned to another group. All
remaining nodes are classified under the scene group. Node pose information
is obtained by tracking the hands and objects, while node velocity is estimated
through numerical differentiation.

While object information is utilized for constructing the contact graph, our
approach remains object-agnostic, as the determination of bimanual categories
relies solely on the topological structure of the graph. The overall approach is
represented in Figure 5.3.

Contact Motion Feature Rule-Based
Graph Extraction Classification
* Nodes are the + Extract poses and * Classification
hands and all velocities of based on contact
objects each node of the graph and motion
« Edges are contact contact graph features
relations detected * Assign each node * Defragmentation

using the 3D ., of segmentation

models

to a group
Yar

Figure 5.3.: Pipeline for extracting bimanual categories. The figure shows also an
example of the contact graph with nodes associated to the rightGroup
(red), leftGroup (blue), background (green) and scene (yellow) as well
as the detected bimanual category as tightly coupled, asymmetric

with a dominant right hand.
Source: Krebs and Asfour (2022) © 2022 IEEE

To determine the category of bimanual actions, we employ a rule-based classifica-
tion approach, where decisions are made based on predefined and interpretable
if-else rules given in Figure 5.4. Starting with the contact graph constructed for
each frame of the motion, we employ sliding window approach with a window
size of 10 frames for motion classification.

We start at the root node of the decision tree and determine whether there is
contact between elements of the rightGroup and leftGroup in the contact graph,
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indicating physical interaction between the hands. If no contact exists, we
analyze the average vector norms of the hand velocities ||, || and ||vz|| to guide
decisions at subsequent levels of the tree. A hand is deemed inactive if its
velocity falls below a predefined threshold v, and it is not in contact with any
object other than background objects. If only one hand is active, the motion
segment is labeled as uni_r or uni_l depending on which hand is moving. If
neither hand is active, the motion segment is classified as no_action, whereas if
both hands are active, it is classified as loosely.

In the event of contact between the hand groups, we compare the average
distance ||zp — x| between the hands during motion execution against the
distance at the beginning of the respective window ||zg o — x| (right sub-tree
in Figure 5.4). If the difference is below a given threshold z,,,, +;, , the motion
segment is classified as sym. Additionally, we validate contact persistence even
with minimal model inflation, a necessary requirement for motions classified as
sym.

If the motion does not fit the sym category, we compare the velocities of the
hands. Following the concept of Guiard (1987), the hand with the higher mean
velocity is deemed the dominant hand, resulting in classification as either asym_r
or asym_|l at the leaf node of the tree.

[ No contact detected between hand groups. |

TRUE \ FALSE
HFRH < vy, AND (I‘ight hand HER — TLH — HTR-,O — 5[170“ < ZTsym,th AND
group contains only hand) (contact detected even with minimal model inflation)
TRUE \ FALSE TRUE |  FALSE
L]l < v AND (left hand 5Ll < v, AND (left hand
group contains only hand) group contains only hand)
TRUE FALSE TRUE FALSE
| no_action | [ wnid | [ unir | [ loosely | | sy | | asymr ] [ asyml |

Figure 5.4.: Decision tree for the rule-based classification. Abbreviations are
used as defined in Table 3.1.
Source: Krebs and Asfour (2022) © 2022 IEEE

To apply these procedures to longer action sequences, we utilize a sliding win-
dow approach, where each window independently yields a category as a classifi-
cation result. Adjacent windows assigned to the same category are merged into
a single segment. A subsequent defragmentation step eliminates any resulting
small segments. In essence, the approach not only classifies bimanual actions
into predefined categories but also segments the demonstration accordingly.
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The threshold parameters used for classification are listed in the Appendix (see
Table Al).

5.2.2. Evaluation

We evaluate the proposed approach using the data described in Section 5.1. First,
we analyze motion capture data from the KIT Bimanual Manipulation dataset,
which provides high-precision measurements of human and object movements.
Next, we apply the rule-based approach to features extracted from RGB-D data.
While RGB-D data is inherently less precise, it offers a more practical and realistic
representation for robotic applications.

Motion Capture Data

The manually segmented reference data was compared frame-by-frame to the
automatically generated labels. Figure 5.5 presents the confusion matrix for all
motions.

1.0
no_action -ﬂ 08 .08 .10

uni_l 24 0.8
Uni_r - 24
0.6

loosely 4 01 .01 .01 A 03 .02
sym - 02 18 .18 L 0.4
asym_r 06 .09 04

asym_| - 06 08 .04 n - 02
T T T T T T —

RIS A SN SR S ¢
SOR IR AL R\

True labels

Predicted labels

Figure 5.5.: Normalized confusion matrix using the rule-based approach applied
on motion capture data.
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Confusion frequently arises also within tightly-coupled actions. One contributing
factor is that the conditions required for rule-based classification are not always
strictly satisfied. For example, the condition of constant offset between the
hands during rolling is occasionally violated due to subtle changes in hand
poses during execution. Furthermore, it is important to acknowledge that,
although manually labeled data is used as ground truth, it is still subject to
human errors and imprecisions. In some cases, the key points generated by
the automatic segmentation may even be more accurate than the manually
labeled ones. For example, at the end of the wiping action, a segment is often
labeled as asym_I because the wiping action on the plate has stopped, and the
plate is being moved away in a transitional motion to place it down while still
in contact with the sponge. Furthermore, the onset of hand motions might
be labeled too early or too late, leading to confusion between unimanual and
loosely frames. Table 5.1 details precision, recall and the Fj-score for the different
categories.

Table 5.1.: Metrics of the rule-based approach applied on motion capture data.

Category  Precision Recall Fj-score

no_action 0.92 073  0.82
uni_| 0.53 076  0.62
uni_r 0.53 076  0.62
loosely 0.93 092 092
sym 0.79 0.62 0.70
asym_r 0.72 0.81 0.76
asym_| 0.72 082 0.76

Micro avg. 0.83 083  0.83
Macro avg. 0.73 077 0.74
Weigh. avg.  0.83 083 0.83

As also evident from the confusion matrix, the recall values for the categories
no_action, uni_l, and uni_r are relatively similar. However, their precision differs
considerably, with no_action exhibiting a substantially higher precision. This dis-
crepancy is likely due to misclassifications occurring during transitions between
no_action and uni_l/uni_r, as well as between these categories and loosely. Notably,
this effect is more pronounced for the unimanual categories due to their consid-
erably lower frequency in the dataset (see Figure 5.1).
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RGB-D Data

In the case of RBG-D data, we leverage features that are extracted from the
raw RBG-D data including bounding boxes of hands and objects, along with
their spatial relationships. However, compared to the application of the ap-
proach on motion capture data, minor adaptations are required. Specifically,
the consideration of orientation is omitted, as axis-aligned bounding boxes are
utilized. Furthermore, heuristics were implemented to handle objects not de-
tected in intermediate frames and objects only detected in few isolated frames.
Threshold parameters are adapted to better suit the less precise data. Further,
in the RGB-D dataset spatial relations instead of only contacts are available. In
order to extract the contact relations from the spatial relations we consider the
attributes contact, fixed moving together, halting together, moving together, surround
and inside as indicators for contact. As for the GNN-based approach the orig-
inal and mirrored data is considered. Figure 5.6 shows the confusion matrix
for the rule-based classification based on the combined dataset including both
the original Bimacs dataset and the extension and Table 5.2 the corresponding
metrics.

1.0
no_action -ﬂ 13 13 16 .04 01 .01

uni_l 4 .04 02 33 .02 .02 .07 0.8
— unir 4 04 .02 33 .02 07 .02
2 | 0.6
[¢]
v loosely 4 02 .07 .07 06 .09 .09
5 - 0.4
= sym -4 o1 .03 04 13 37 21 21 0
asymr 4 o1 19 04 18 29 24 04 L 0.2
asyml 4 01 .04 19 18 29 .04 24
T T T T T T T — 0.0
. VRS oD
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Predicted label

Figure 5.6.: Normalized confusion matrix using the rule-based approach applied
on RGB-D data.
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The performance is significantly worse for RGB-D data which can be observed
e.g., based on the weighted F}-score of 0.49 compared to a value of 0.83 for the
motion capture data. This is due to the reduced quality of RGB-D data compared
to accurate motion capture data used in Section 5.2.2. Notably, predictions are
particularly imprecise for the tightly coupled categories. This indicates that for
most cases, the contact-based differentiation still works reasonably well, but the
motion-based differentiation within the tightly coupled categories is not working
anymore. This is due to the fact that a rule-based approach with fixed thresholds
performs worse for the information extracted from the noisy RGB-D data. In
addition, not considering orientations due to using axis-aligned bounding boxes
might increase the effect. The high number of frames that are wrongly classified
as loosely supports this hypothesis. There are some categories whose true labels
belong to the tightly coupled categories indicating that a misclassification oc-
curred due to failure in contact detection. However, there are even more frames
with true labels that are either unimanual or no_action. This is likely to be either
due to missing objects or imprecise motion data.

Table 5.2.: Metrics of the rule-based approach applied on RGB-D data.

Category  Precision Recall Fi-score

no_action 0.73 053  0.61
uni_l 0.30 050  0.38
uni_r 0.30 051  0.38
loosely 0.71 0.61  0.66
sym 0.35 037 036
asym_r 0.24 0.24 0.24
asym_| 0.24 024 024

Micro avg. 0.48 048 048
Macro avg. 0.41 043 041
Weigh. avg.  0.52 048 049

5.3. Learning-Based Approach

While the rule-based approach demonstrated reasonable performance for motion
capture data, its effectiveness for RGB-D data proved insufficient. To address
this limitation, we explore alternative methodologies commonly employed
in action recognition. As discussed in Section 2.2.2, deep neural networks are
widely utilized for this purpose. In this section, we introduce the neural network
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architecture used in our study, along with its training process and evaluation for
both motion capture and RGB-D data

5.3.1. Method

The selected network architecture must satisfy several requirements. On the
one hand, the network must be capable of dealing with variable input sizes
due to the variable structure of the considered scene resulting from different
numbers of objects and spatial relations. On the other hand, the network should
be able to process graph-based representations similar to the scene graphs used
in our previous rule-based approach. GNNSs are predestined for such tasks as
they fulfill both requirements. Thus, GNNs are selected for the recognition of

bimanual manipulation categories.

As described in (Dreher et al., 2020) and originally defined in (Battaglia et al.,
2018), we define a graph G as a 3-tuple G = (u, V, E), with u being the global
attribute of the graph, V' the set of nodes in the graph and E the set of edges.
The set of nodes V' consists of the node attributes v, € V' and the edges £ of
3-tuples e = (e,, s,7) € E. Within the edges, e, represents the edges attributes
and s and r are the sender and receiver nodes in V. In our case, the input
graph is constructed based on the extracted features in each frame, where nodes
are the object/hand instances and edges encode the spatial relations between
them. Furthermore, the scene graph of the current and the last nine frames are
concatenated by temporal edges connecting the node of a specific object instance
between consecutive frames. The global attribute u is not used in the input
graph but encodes the determined category as one-hot-encoding in the output
graph.

Given the similarity of the problem in Dreher et al. (2020), which involves es-
senetially the same input graph, a similar network structure is used. The model
consists of two independent graph network blocks for the encoder and decoder,
respectively, and one full graph network block for the core. The architecture fol-
lows an encode-process-decode configuration. In all blocks Multilayer Perceptrons
(MLPs) were used as update functions with the sum function used as an aggrega-
tion function. A hyperparameter search was performed to determine the number
of layers and neurons per layer for all MLPs, as well as the batch size, learning
rate, history size and processing steps of the core.
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5.3.2. Evaluation

We evaluate the proposed approach using the datasets described in Section 5.1.
The results for both motion capture and RGB-D data are presented and compared
to those obtained with the rule-based approach. Additionally, we analyze and

compare the resulting motion segmentations.

Motion Capture Data

To employ a GNN for frame-wise classification of marker-based motion capture
data, the same features used for classifying RGB-D recordings are extracted from
the recordings analyzed in the rule-based approach, including the mirrored
data. These features encompass bounding boxes for hands and objects, derived
from object poses, as well as the computation of their spatial relationships.
Testing the performance of GNNs on this type of data remains a preliminary
investigation, as the dataset size is relatively small for a learning-based approach.
A leave-one-subject-out cross-validation scheme is employed for evaluation. In
this setup, the model is trained using the data from one subject, with every
sixth recording reserved for validation, and subsequently evaluated on the
data from the other subject. To achieve a more balanced distribution in the
training dataset (see Figure 5.1), only every third frame labeled as loosely is
considered.

We train GNNs with two different architectures: i) the same hyperparam-
eters that have been determined for the RGB-D data as given in Table 5.5
and ii) a model with reduced size. The reduced model differs to the large
model in regard of having only one layer, 64 neurons and 5 processing
steps.

The resulting F}-scores are presented in Table 5.3, demonstrating that both archi-
tectures achieve superior performance compared to the rule-based classification.
Notably, they perform very similar but the smaller model exhibits a slight per-
formance advantage over the larger one. The confusion matrix for the smaller
model is shown in Figure 5.7 and the larger one in the Appendix (see Figure Al).
When comparing Figure 5.7 with the confusion matrix of the rule-based ap-
proach for the same dataset (Figure 5.5), it becomes evident that the rule-based
method frequently misclassifies the symmetric category as asymmetric, whereas
this issue does not occur with the GNN-based approach. However, both models
exhibit problems in correctly classifying unimanual samples, which are often
misidentified as loosely.
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Table 5.3.: Comparison of the rule-based and GNN-based classification of motion
capture data. The Micro Fj-score corresponds to the accuracy.

Fi-score
Micro Macro Weighted
Rule-based 083 0.71 0.83
GNN (large model) 090  0.83 0.90
GNN (small model) 092 0.85 0.92
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Figure 5.7.: Normalized confusion matrix using the GNN-based approach (small
model) applied on motion capture data.

Table 5.4 shows the overall high performance of the GNN-based approach
applied on motion capture data with a weighted average Fj-score of
0.92.
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Table 5.4.: Metrics of the GNN-based approach applied on motion capture data.

Category  Precision Recall Fj-score

no_action 0.81 0.81 0.82
uni_l 0.63 0.69  0.66
uni_r 0.64 0.69  0.67
loosely 0.94 090  0.92
sym 0.98 099  0.98
asym_r 0.91 097 094
asym_| 091 096  0.94

Micro avg. 0.92 0.92 0.92
Macro avg. 0.83 0.86 0.85
Weigh. avg.  0.92 092 092

RGB-D Data

As the evaluation of the rule-based approach on RGB-D data yielded subop-
timal results, with a weighted average F-score of only 0.49, learning-based
approaches offer significant potential, particularly for RGB-D data. Such meth-
ods may be better suited for handling the inherent noise and imprecision of this
data. For training and evaluation, the RGB-D dataset described in Section 5.1.2 is
used. To account for the overrepresentation of loosely coupled bimanual actions
(see Figure 5.2) with over 40 % of all frames for the training of the GNN, two of
three frames labeled as loosely are skipped. To identify the optimal parameters
for the GNN network structure, a systematic evaluation was conducted based
on the data of a single subject, beginning with the initial parameter settings
reported in Dreher et al. (2020). As shown in Table 5.5, the highlighted row
corresponds to the parameters yielding one of the highest F; scores and was
selected as the final configuration. Although configurations with marginally
higher F; scores were observed—achieved through either larger history sizes
or an increased number of processing steps—these were excluded due to the
substantially longer training times required.

The dataset was split into a training set and a testing set. Testing sets contain all
recordings from one subject (one subject of each dataset including its mirrored
motions), while training sets contain all remaining recordings. Additionally,
before training, one out of the ten repetitions for each task in the training set
was put aside as a validation set. For the quantitative evaluation of the classifier,
a leave-one-subject-out cross-validation was performed to obtain six folds of
training and testing sets.
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Table 5.5.: Parameter evaluation of the MLPs was conducted on a single subject.
The highlighted row indicates our final parameter selection.
Source: Krebs and Leven et al. (2023) © 2023 IEEE

Batch Learning History Process Macro
Layers Neurons

size rate size steps Fi-score
2 256 256 0.001 10 10 0.7086
1 256 256 0.001 10 10 0.6870
3 256 256 0.001 10 10 0.6996
2 128 256  0.001 10 10 0.6892
2 512 256 0.001 10 10 0.7045
2 256 32 0.001 10 10 0.6874
2 256 128  0.001 10 10 0.6851
2 256 512 0.001 10 10 0.6980
2 256 256 0.01 10 10 0.5029
2 256 256 0.0001 10 10 0.6734
2 256 256 0.001 1 10 0.6463
2 256 256 0.001 5 10 0.6886
2 256 256 0.001 20 10 0.7027
2 256 256 0.001 10 5 0.6882
2 256 256 0.001 10 20 0.7101

A combined evaluation of the six test sets results in a weighted average F; score
of 0.72. The confusion matrix is shown in Figure 5.8. The overfitting of the
loosely category is visible and is caused by the fact that the loosely category is
the category with the highest occurrence in the training data. However, we
hypothesize that this distribution is legitimate for the training data, as both
datasets suggest that the category loosely is indeed more prevalent in natural
movements than other categories.

Table 5.6 shows the macro metrics obtained in the evaluation for the different
categories. It can be observed that particularly the tightly-coupled categories
(asym_r, asym_l, sym) are detected best. The precision and F; score are also high
for loosely. However, the recall is significantly lower, since as shown in the
confusion matrix in Figure 5.8 many unimanual motions are falsely detected as
loosely.

In the described scenario, the node IDs of the input graphs are consistently associ-
ated with a specific hand or object across the entire dataset. While the GNN does
not explicitly encode the semantic properties of an object (e. g., recognizing that a
rolling pin is used for rolling), it does capture the correlation between the object’s
use and its associated category. For instance, the GNN frequently recognizes the
symmetric category when a rolling pin is involved in rolling. During inference,
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the GNN can leverage the object ID to aid in classification, effectively utilizing
object-specific information as part of its knowledge.

1.0
no_action -ﬂ 02 04 16 02
uni_l 4 .03 n 02 29 04 01 0.8
— uni_r 4 .02
2 0.6
[¢]
> loosely o .06
=]
H =
= sym 4 o1 0.4
asym_r 4 | 0.9
asym_l -
T —- 0.0
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< W Q ) M
009 S & ©
Predicted label

Figure 5.8.: Normalized confusion matrix using GNN-based approach with ob-
ject knowledge applied on RGB-D data.

Table 5.6.: Metrics of the GNN-based approach with object knowledge applied
on RGB-D data.

Category  Precision Recall Fj-score

no_action 0.65 0.76 0.70
uni_l 0.52 0.60 0.56
uni_r 0.50 0.62 0.55
loosely 0.78 069 0.73
sym 0.79 0.86 0.82
asym_r 0.76 075 076
asym_l 0.75 0.76 0.75

Micro avg. 0.72 0.72 0.72
Macro avg. 0.68 072  0.70
Weigh. avg.  0.73 0.72 0.72

To also investigate the case of unknown objects, we keep the object IDs the same
only within one recording. This corresponds to the case where the object is
unknown but can be tracked through a demonstration. For different recordings,
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the IDs are assigned differently, so that it is not possible for the model to learn a
relation as described above. This results in a lower weighted average F} score
of 0.62, the confusion matrix depicted in Figure 5.9 and detailed metrics can be
found in the Appendix (Table A6). As can be seen from the confusion matrix,
the results are worse across all categories showing the relevance and advantage
of using object knowledge.

1.0
no_action -ﬂ 03 .03 21 .04

unil <4 06 38 12 38 05 .02 .02 0.8

unir 4 06 07 4 37 04 .03 .01

loosely 4 08 .04 .05 ﬂ 04 06 .04
- 0.4

sym o 04 03 04 I3 02 .01
asym.r - 01 03 24 .03 08 L 0.2

asym_| - 02 .02 25 .03 21 |46
T T T T T T T —= 0.0

0.6
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Figure 5.9.: Normalized confusion matrix using GNN-based approach without
object knowledge applied on RGB-D data.

Compared to the results of the rule-based approach applied to RGB-D data (see
Table 5.2 and Figure 5.6), the GNN-based method demonstrates a substantial
improvement in performance. The weighted average [ score increased from
0.49 for the rule-based approach to 0.72 for the model incorporating object
knowledge. This indicates that while category recognition is feasible using
RGB-D data, a more sophisticated model than a rule-based approach is required
to achieve higher accuracy.

Ablation Study The presented results demonstrate that GNNs significantly
outperform the rule-based approach when applied to imperfect data and features
extracted from RGB-D. In this section, we analyze the specific characteristics
of the GNN and their influence on the network’s performance. The GNN uses
spatial relations instead of only contact relations as done in the rule-based
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approach in (Krebs and Asfour, 2022). For comparison, we also train a GNN by
only considering contact relations. Furthermore, we consider a version where
the input graph contains information from one frame only and there are no
temporal edges connecting object instances in the scene graphs over multiple
frames. This is evaluated both with spatial relations and only contact relations.
We also add the version without object knowledge for comparison. The resulting
macro scores are shown in Table 5.7 and the weighted scores can be found in the
Appendix (see Table A7).

As expected, the suggested approach yields the best performance. However,
interestingly, omitting the temporal edges decreases the performance less than
considering only contact relations. This could be due to certain temporal in-
formation being encoded within dynamic spatial relations e. g., halting together,
moving apart. As expected, the lowest scores are obtained for the model that
only considers contacts without any temporal edges. However, even this variant
outperforms the rule-based approach (see Table 5.2).

Table 5.7.: Ablation study comparing the macro metrics.

Training data Results
Spatial Temporal Object ..
Reli tions® E dI;es Kno v\gle dge Precision Recall F-score

v v v 0.68 0.72 0.70

v v 0.54 0.58 0.55

v v 0.63 0.68 0.65

v 0.48 0.55 0.50

v v 0.56 0.56 0.56

* . . . .
In case of no spatial relations only contact relations are considered.

Comparison to State-Of-the-Art Methods As discussed in Section 2.2.2, sev-
eral studies have explored activity recognition using RGB-D data. To facili-
tate a comparative analysis, we retrain selected state-of-the-art approaches for
the specific task of bimanual category recognition and evaluate their perfor-
mance’.

For our learning-based approach, we employ GNNSs, as they are inherently well-
suited for modeling structural dependencies in data that can be represented as
graphs, particularly when both temporal and spatial constraints are present, as is
in our case. Our GNN operates on predefined features that can be extracted from

!This analysis was performed in the bachelor’s thesis of Christian Diehm.
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multiple sensor modalities, specifically motion capture and RGB-D data. We
hypothesize that this prior feature selection enhances generalization by reducing
the risk of overfitting to irrelevant factors such as background information.
Consequently, we opted against approaches that directly process raw visual
data, such as STIGPN (Wang et al., 2021) and ASSIGN (Morais et al., 2021) (see
Table 2.2).

In Table 5.8, we compare our approach against the methods discussed Sec-
tion 2.2.2. PGCN (Xing and Burschka, 2022) is excluded from the evalua-
tion, as its implementation is not publicly available, preventing a rigorous
and reproducible comparison. The evaluation follows the same methodol-
ogy as for the GNN, utilizing a leave-one-subject-out cross-validation ap-
proach.

Approach Macro F; Micro Fy
Ours 0.70 0.72
STIGPN (Wang et al., 2021) 0.65 0.71
ASSIGN (Morais et al., 2021)  0.78 0.82
ISTA-Net (Wen et al., 2023) 0.70 0.75

Table 5.8.: Comparison of our GNN-based approach applied on RGB-D data
with other state-of-the-art methods for activity recognition.

The performance of our model is comparable to existing approaches in action
recognition. It slightly outperforms STIGPN (Wang et al., 2021) and achieves
results similar to ISTA-Net (Wen et al., 2023). Only ASSIGN (Morais et al.,
2021) demonstrates a notably superior performance. However, as discussed
in Section 2.2.2, ASSIGN is unsuitable for online applications, as it requires
the entire motion sequence to be recorded before classification and segmen-
tation can be performed. This limitation is particularly relevant for potential
deployment on a humanoid robot, where near real-time processing is essen-
tial.

Segmentation Results

While the previous section mainly considered the classification, in this sec-
tion we focus on segmentation. Considering the segmentation of RGB-D
data, an exemplary segmentation for an extract of the newly recorded task
prepare dough is shown in Figure 5.10a and for the task set table in Fig-
ure 5.10b.
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ground truth

rule-based

GNN

ground truth

rule-based

GNN .

|
| N
(b) Example segmentation of the set table task.

Figure 5.10.: Example segmentation of the prepare dough and Set table tasks which
are part of the RGB-D dataset. The top bar visualizes the ground
truth, the middle bar is the segmentation of the rule-based ap-
proach, and the bottom bar is the segmentation of the GNN-based
approach. Categories: Wl no_action, M uni_r, B uni_l, Wl loosely, [ sym,
D asym_r, [ asym_l
Source: Krebs and Leven et al. (2023) © 2023 IEEE

The manually annotated ground truth segmentation is compared against the
rule-based and GNN-based approach. Compared to the rule-based approach
the segmentation points of the GNN are quite close to the ground truth data.
During the loosely actions in Figure 5.10a there are some segments of unimanual
actions in both approaches which means, that the activity of one hand was not
properly detected. For the rule-based approach, the asym_r actions also have a
high misclassification rate because the threshold for symmetric motions leads to
the wrong label sym, and the failure to recognize contact relations results in the
wrong label loosely. This is also evident in Figure 5.10b where particularly the
rule-based approach is erroneous within the loosely segment and hardly detects
the sym category at all.

Figure 5.11 shows example segmentations for results for the motion capture
data. For both examples, it is clearly evident that the GNN outperforms the rule-
based method. In these examples particularly the problems of the rule-based
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approach to differentiate between tightly-coupled actions (here asym_r and sym)
is evident.

ground truth

rule-based

GNN

ground truth
rule-based

GNN

(b) Example segmentation of the wipe task.

Figure 5.11.: Example segmentation of the roll and wipe tasks which are part
of the motion capture dataset and represented using the MMM
model. The top bar visualizes the ground truth, the middle bar
the segmentation of the rule-based approach, the bottom bar the
segmentation of the GNN-based approach. Categories: [l no_action,
W uni_r, W uni_l, W loosely, @ sym, [ asym_r, [J asym_|
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5.4. Summary

In this chapter, we demonstrate the recognition of bimanual categories, as
defined by the Bimanual Manipulation Taxonomy in the context of human
bimanual manipulation.

We first show that a rule-based approach achieves good results on high-quality
marker-based motion capture data, with a weighted average F} score of 0.83.
However, this modality is impractical for humanoid robots. Therefore, we
also consider RGB-D data, which can be recorded using onboard cameras.
In this case, rule-based methods perform notably worse, with a weighted
average Fy score of 0.49. To overcome this limitation, we develop methods
that are tailored to work with lower-quality features extracted from RGB-D
data.

Building on existing research in human-object interaction recognition and hu-
man activity recognition (HAR), we introduce learning-based methods lever-
aging GNN s to tackle this challenge. These methods substantially improve
classification performance for RGB-D data, achieving a weighted average F
score of 0.72. This demonstrates that bimanual categories can be effectively

recognized in human demonstrations.

In this study, axis-aligned bounding boxes were used as features for RGB-D data.
We hypothesize that incorporating more precise motion tracking techniques and
6D pose estimation (e. g., Labbé et al. (2022)) could further enhance classification
performance.
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CHAPTER 6

Taxonomy-driven Execution of Bimanual Tasks

This chapter introduces the formulation of a bimanual task model for humanoid
robots based on bimanual categories (Section 6.1), as defined in the Bimanual
Manipulation Taxonomy described in Chapter 3. The chapter is structured
to systematically address the different levels of the task model. Section 6.2
provides a detailed explanation of the low-level task impedance controller. Sub-
sequently, Section 6.3 explores motion generation based on bimanual categories,
supported by experimental validation on a humanoid robot. Finally, Section 6.4
presents a conceptual discussion on the sequencing of Bimanual Action Cate-
gories.

6.1. Taxonomy-Driven Task Model

A task model for bimanual manipulation must effectively represent actions and
their associated constraints to ensure smooth and coordinated execution. We
assume that the sequence of actions for both hands is given, either learned from
human demonstrations or generated by a symbolic planner. The task model
should not only capture the sequence of bimanual actions but also incorporate
the constraints inherent to each category, such as relative hand positioning, force
interactions, and temporal dependencies. By integrating these constraints, the
model ensures that execution remains consistent with the constraints defined by
the bimanual categories.
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Within the taxonomy-driven task model, we define a task 7" as a sequence of
N bimanual action categories BAC,,, withn € {1,..., N} and can be described
as

T ={BAC,, BAC,,...,BACy}. (6.1)

A bimanual action category BAC,, is given by the actions performed by both
hands as well as the constraints specified by each bimanual action category.
Thus, we can describe a BAC,, as a triple

BACn = (ln,CLL,CLR), (62)

where [,, is the bimanual category label, corresponding to a specific bimanual
category as defined in the Bimanual Manipulation Taxonomy and a; /ay are the
actions to be executed by the left and right hand.

For successful execution, actions must be mapped to controllers with spe-
cific parameters that define their key characteristics, including start and end
configuration, duration and other relevant motion attributes. In this work,
we employ via-point movement primitives (Zhou et al., 2019) for action ex-
ecution. This approach allows for smooth and flexible motion generation
by defining intermediate waypoints that guide the trajectory while main-
taining task-specific constraints. Formally, an action « is represented by a
triple

a = (mp,c, ), (6.3)

where mp represents the motion primitive, c is the parametrization of the motion
primitive (including start, end, and duration), and ¢ is the current temporal
state of the motion primitive.

The resulting structure of the taxonomy-driven task model and hierarchical
controller for execution is shown in Figure 6.1.

1. Task Level: This level is responsible for high-level planning, i.e., the
generation of plans as sequences of actions to achieve the goal of a task
such as setup a table for two persons. This high-level symbolic planning is
not addressed in the thesis as this goes beyond the scope of the work.

2. Bimanual Action Category Level: This level represents specific bimanual
action categories, which describe actions performed by both hands and
their corresponding constraints such as place a bowl on the table. It does
not only receive this information from the task model but also keeps its

internal Sgac.
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3. Category-Based Motion Generation Level: This level translates bimanual
action categories into task-space targets based on the system’s current state
and information from the higher level.

4. Control Level: This level implements the low-level robot controller to map
task-space targets to robot control commands.

The Task Level contains the task model 7" including the sequence of bimanual
action categories. During task execution, one bimanual action category BAC,, is
processed at a time. Each BAC), is sent to the Bimanual Action Category Level,
which, in turn, sends the following information

g = (l7 £L,d7 gR,dy grel)a

to the Category-Based Motion Generation Level, where

* [is the current bimanual category and

* &1.d,ERra, §rel are task-space goals for both arms and the relative pose of the
hands as computed by the current actions.

The Category-Based Motion Generation Level outputs task-space goals for both
arms. These goals are then converted into joint torque setpoints at the Control
Level and sent to the robot.

From a bottom-up perspective, the robot continuously transmits its current state
r to the Control Level, which subsequently provides the current poses of the
robot’s end-effectors {r ., {1 . to the Category-Based Motion Generator Level.
This evaluates whether the executed motions are being tracked with sufficient
accuracy. If deviations exceed given thresholds, stopping signal vz, v, are issued.
Based on this evaluation and its current internal state Sp 4, the Bimanual Action
Category Level updates its internal state and determines whether a transition to
the next bimanual action category is possible. If so, the decision is communicated
to the Task Level.
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Figure 6.1.: Hierachical task model based on categories of the bimanual manipu-
lation taxonomy.
T: task, BAC,: bimanual action category, Spac: internal state of
Bimanual Action Category Level, g: tuple including bimanual cate-
gory label and desired end-effector poses, I: bimanual category label,
a: action, 7: indication of phase stopping, {: robot end-effector poses,
7: torque commands, s: current robot state, indices L/R denote the
left/right hand respectively.

The thesis focuses on the Bimanual Action Category Level and the Category-
Based Motion Generation Level, which serve as intermediary layers for trans-
lating symbolic bimanual categories into effective robot control strategies. In
the following, we start by describing the low-level robot controller (Section 6.2),
which serves as the basis for the realization of the category-based controller
(Section 6.3). Finally, we describe how transitions between bimanual action
categories are implemented (Section 6.4).
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6.2. Low-Level Controller

To ensure safe human-robot interaction, we implement an impedance-control-
based scheme that specifically enforces two key safety constraints: self-collision
avoidance and joint limit protection'. These constraints are particularly criti-
cal in bimanual scenarios, where the risk of arm collisions and the reduction
of available nullspace due to closed-kinematic chain configurations must be
addressed. The control approach must be reactive and capable of operating in
real-time. To achieve a cycle time of 1kHz, we focus on methods that utilize
artificial potential fields (APFs).

In this section, we provide an overview of the key components of the controller,
focusing on self-collision avoidance as presented in (Dietrich et al., 2012b) (Sec-
tion 6.2.1) and joint limit avoidance based on (Eckhoff et al., 2023) (Section 6.2.2).
Additionally, we explain how these components are integrated with task space
impedance and joint space control to form a hierarchical control structure (Sec-
tion 6.2.3). A more comprehensive discussion of related work on these topics
can be found in appendix B.

6.2.1. Self-Collision Avoidance

The implementation of self-collision avoidance is based on prior work by (Di-
etrich et al., 2012b). The authors show that this approach can effectively avoid
self-collisions for a dual-arm robot in real-time. In this section, we recall the
main mathematical concepts of their work, details can be found in their original

paper.
The core concept can be summarized as the generation of repulsive forces at
contact points on robot links that are in close proximity, based on minimum

distance criteria. These forces are then mapped to joint torques to prevent
collisions.

Based on the maximum repulsive force F),.., a specified distance d, and the
distance d; ; between the points z; and x;, the repulsive force F,., is defined
as

(6.4)

/[:7-].

Frop(ds;) = — DVrevia _ S (dig — do)* Vi < dy
me od 0 de‘d‘ > d().

IThis control scheme was implemented as part of the bachelor’s thesis of Jan Fenker, which
was co-supervised by Jianfeng Gao.

101



Chapter 6. Taxonomy-driven Execution of Bimanual Tasks

In order to map the forces at specific contact points into joint space, Jacobians
are projected into the direction of collision. The Jacobian J, ; at the point x; is

defined as
_ Ox;(q;)
Toig) = =5 00 (65)
Based on this, the projected Jacobian is computed as
Ji(a) = e/ J..i(a), (6.6)

where e; is a unit vector pointing from x; to x,. If both contact points are
on the same arm, the repulsive force is only applied to the point that is fur-
ther away from the robot’s root. A key consideration in dissipating kinetic
energy during motion is the introduction of damping. In the context of self-
collision avoidance, this implies that limbs should be maintained outside critical
zones, while avoiding excessive displacement beyond what is necessary for
safety. As for the repulsive force, damping is applied for all considered contact
pairs.

The configuration dependent damping Dg; ; applied on point x; is com-
puted based on the Double Diagonalization method (Albu-Schiffer et al.,
2004).

Overall, as discussed in (Dietrich et al., 2012b), the repulsive force and the
damping force of n, contact points can be combined and transformed into

torque commands

& (M) —Fop(diy)\ . (d
Teoll = ; <JjT(q)) (( Foo(ds.) ) Dgy; ; <d]>> . (6.7)

6.2.2. Joint-Limit Avoidance

The objective is to incorporate joint-limit avoidance into the same computa-
tional framework as self-collision avoidance, utilizing a methodology akin to
(Dietrich et al., 2012b). Building on the approach of (Eckhoff et al., 2023), we
outline a method for avoiding joint limits in revolute joints. While this ap-
proach leverages similar concepts as those used in self-collision avoidance
(see Section 6.2.1), the relevant quantities (joint angles) already reside in joint
space, thereby obviating the need for a mapping between task space and joint
space.
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We denote the position of the joint as g;, where k represents a specific joint
of the robot. For most revolute joints, mechanical constraints define both a
lower and upper limit, such that @m0 < @& < Qimnign- The distance of
a joint position from its respective limits plays a role analogous to the dis-
tance between contact points in the framework used for self-collision avoid-

ance.

Since these limits can be different for each joint £, it is not beneficial to set a fixed
distance to define the zone in which joint limit avoidance is applied. Instead,
the borders of the buffer zone are defined based on a parameter 7, which defines
a proportion of the total area gy, range-

Qk,range = Qlim,max — qlim,min (68)

qk,0 = N4k, range (69)

Based on gy, o the upper limit of the lower buffer zone g ,,;, and the lower limit of
the upper buffer zone ¢ ;.. can be computed. The following equations concern
a single joint, however the subscript k is omitted.

qo,low = QZim,min+q0 (610)
qo,high = Qlim,maz — 40 (611)

Similar to Equation (6.4), but directly in joint space, the repulsive torque can be
computed as

g (qo,low - Q)2 vq S q0,low

%@

Trepk(q) = 0 V0,100 < ¢ < Qo high (6.12)

ez (g — Go.nigh)®  Yqopigh < .

2
90

The local stiffness K, = &%f@ can be computed based on the derivative of

the repulsive torque.

Using local stiffness the joint space damping is computed based on Double Diago-
nalization (Albu-Schiffer et al., 2004). To obtain the joints space inertia matrix the
Composite-Rigid-Body Algorithm described in (Featherstone, 2020) is used. The
diagonal inertia element is computed with respect to the entire subtree of the
kinematic chain. As a result, it completely captures the inertia associated with

any movement around the corresponding joint axis.
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For each joint this results in

Trep,k — Dd,kq if q S qo,low
Tjtk = § 0 if go1ow < ¢ < qo,high (6.13)
_(Trep,k: + Dd,kQ) lf qO,high S q.

The overall torque command 7 is obtained by assembling the individual ele-
ments 7;; ;, into a vector:

T = (le,l Tjl2 * le,k>T> (6~14)

where 7j; represents the torque contribution from the k-th
joint.

6.2.3. Hierarchy

To achieve a hierarchical controller, differently prioritizing goals, we employ
the continuous nullspace projection method proposed in (Dietrich et al., 2012a),
which is capable of dealing with dynamic hierarchies and unilateral constraints
by designing a suitable redundancy resolution method for the system. This
allows the activation of certain constraints, thereby locking some DoFs, only
when they become relevant, such as near joint limits or during potential self-
collision. In these cases, only the behavior in the critical direction is altered.
Further, this approach leads to a continuous transition to ensure the stability of
the system. The approach to join limit avoidance based on (Eckhoff et al., 2023)
described in the previous section is integrated into the hierarchical framework
by (Dietrich et al., 2012a).

Based on (Dietrich et al, 2012a) the nullspace is defined
as
N=I1-J'J7, (6.15)

with the generalized inverse

J=wJgrgw-1gh)-, (6.16)

with a weighting matrix W. The commonly used Moore-Penrose pseudoin-
verse corresponds to the case where the weighting matrix is the identity ma-
trix.
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This can be used to compute the control torques 7., for including the
torques of a secondary task goal 7. in the nullspace of a primary task goal

Tprim:

Temd = Tprim + IN Tsec- (6.17)

By actively shaping the nullspace N, the task-relevant directions in which
the primary control input, 7,,;,, operates can be constrained, preventing the
secondary control input, 7., from affecting the execution of the primary task.
This ensures that the secondary task does not interfere with the higher-priority
task, establishing a strict task hierarchy. This approach is known as statically
consistent nullspace projection (Dietrich et al., 2012a).

As demonstrated in (Dietrich et al., 2012b), applying singular value decomposi-
tion (SVD) for Equation (6.15) results in

N=1-vst'ut(vstuh” (6.18)
=I-vSstuTustvT (6.19)
=I-V§S'stTyT, (6.20)

A

with the unitary matrices U and V' and the diagonal matrix S containing
all singular values o;. The activation matrix A € R"*" can be described
as

A = diag(ay, az, ..am, 01x(n—m)); (6.21)

with
0 ifo; <e
a; = (6.22)
1 otherwise.

When unilateral constraints are considered, the nullspace projector IN can be
dynamically adapted based on the constraint. For instance, in the case of self-
collision avoidance, the secondary task proceeds uninterrupted as long as no col-
lision risk is present. However, upon detecting a potential collision, the nullspace
projector is engaged to constrain the DoFs in the direction of the collision. The
transition between the inactive and active states of the projector must be smooth
to ensure system stability during the shift. To enable a smooth transition we use
the methods proposed in Dietrich et al. (2012a).

They define the activator for a diagonal element in A as

Ades = 1— Ndes(z)a (623)
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parameterized by variable z which can, for example, indicate the distance be-
tween contact pairs.

For the continuous transition Dietrich et al. (2012a) propose a third-order poly-

nomial

g(2) = 12 + 22 + 32 + 4. (6.24)

For the case where for z < z (e.g., close to collision), the secondary torque
should be completely disabled. To ensure a smooth transition between z; and z,
the desired nullspace projector is defined as follows:

0 if z <z
Ndes(z) = g(Z) if 21 <z < 29 (625)
1, otherwise.

The parameters ¢, - ¢4 can be computed based on the boundary constraints for a
smooth transition

g(z1) =0, g(z2) =1, g(21) =0, g(22) = 0. (6.26)

Nullspace Self-Collision Avoidance

As shown in (Dietrich et al., 2012a) this method can be used to integrate self-
collision avoidance into a hierarchical framework. In this case, the parameter 2
corresponds to the distance between contact pairs. z; and 2, define the transition
zone between completely locking the respective direction and unconstraint
movements in regard to the lower priority tasks. However, while the unilateral
constrained is defined in task space, the corresponding nullspace projection
matrix for each collision pair can be computed as

Ncoll,i =1I- jiTadesjiy (627)

where J; = H.JI_H is the normalized projected Jacobian in collision direction
in the contact point i and a4 is defined as described in Equations 6.23 -

6.25.

The overall nullspace N.; projection matrix is computed by multi-
plying the projection matrices resulting from all considered contact
points:
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Neoy = H Ncoll,i~ (628)
=1

Nullspace Joint Limit Avoidance

In contrast to self-collision avoidance, where constraints are typically formu-
lated in task space, joint limit avoidance is inherently defined in joint space
for revolute joints, as considered in this work. Further, adaptions of Equa-
tion (6.25) are required to account for both the lower and upper joint limits.
Therefore, two transition zones parameterized by g1 1ow, 2,lows 71 high, G2,high are

introduced.

.

0 if ¢ < 110w OF ¢ > Q1 high

glow(Q) if q1,low S q S 42,low
Naes jik(q) = _ (6.29)
Gnigh(q) i @2 pigh < ¢ < Q1 high

(1, otherwise

As observable in Figure 6.2, @ijow,@21ow denote transition area for
the lower bound and ¢ pigh,@2nign the transition area of the higher

bound.

Qlim,min AN @im mes denote the physical limits of the respective joint and g o,
and go nign (see Section 6.2.2) define where the repulsive potential field is active.
q1low> 42,Jows q1high and g2 high are computed similar to go 0w and go nign (see Sec-

1.0

0.0

Qlim,low [~
q1,low
0 B i e
q0.low
q0,high
O 1 R e e
q1,high

Qlim high 7~

Figure 6.2.: Nullspace projector Ng.; for joint limit avoidance.
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tion 6.2.2 - 6.11). Based on the ratios 7., and 7., with 7.1 < 7., they are computed
as

q1,low = Qlim,low + Nz14k range q1,high = Qlim,high — 12149k range (630)

q2,low = lim,low + Nz24k, range q2,high = Qlim,high — 1224k range- (631)

Based on the computed values of Ny ji.x(¢) for each joint k the matrix IN;; can
be constructed as a diagonal matrix

Ndes7jl,1 0
0 Ndes,jl,2 0 e 0
Nj = 0 0 Naes,jik , (6.32)
0 0 0 T Ndes,jl,K
where K corresponds to the number of actuated joints.
Overall Hierarchy
Overall the hierarchical control framework can be described by
Temd = Ty + Teoll + Tjl + <H Ncoll,i) le (Timp + Nimijs) . (633)
i=1

TV Vv
Priority 1 Priority 2 Priority 3

Self-collision avoidance and joint-limit avoidance are assigned the highest
priority. In the nullspace of priority 1, task space impedance targets are
followed as priority 2. Finally, in the nullspace of priority 1 and 2, joint
space targets are considered. The meaning of all variables is described in Ta-
ble 6.1.

To clarify the working mechanisms of this structure we consider two exemplary
cases.

* In case 1 the current robot state is far enough from joint limits and self-
collision, so that none of the respective potential fields is active. For this
case T.oy = Tj; = 0 and N,y ; = INj = 1, resulting in the overall equation

Temd = Tg + Timp + NimpTjs, (6.34)

which corresponds to a standard task space impedance control law.

108



Chapter 6. Taxonomy-driven Execution of Bimanual Tasks

e To also consider the other extreme, in case 2 the robot is not in a state
where it is not close to joint limits but very close to a self-collision. For this
case 7j; = 0 and IN;; = 1 resulting in

np

Temd = Tg + Teoll + (H Ncoll,i) (Timp + Nimijs>' (635)

i=1

For the directions of the collision pairs n, only the gravity compensation
torque 7, and the self-collision avoidance torque 7, remain.

Symbol Explanation

T, Gravity compensation torque
Teoll Self-collision avoidance torque
Tl Joint limit avoidance torque

Timp Torque of impedance control

Tjs Torque of joint space control

N_ o Self-collision nullspace projector
N; Joint limit nullspace projector

Ny,  Impedance control nullspace projector

Table 6.1.: Explanation of symbols used in the control law equations

6.3. Category-Based Controller

The bimanual categories defined by the bimanual manipulation taxonomy serve
as a basis for selecting control strategies that enforce category-specific constraints.
Our goal is to develop an approach suitable for robots operating in close prox-
imity to humans, such as assistive robots in household environments. This
necessitates a compliant and reactive control framework capable of adapting
to external disturbances while maintaining a robust task execution. Address-
ing this challenge requires balancing precise execution with responsiveness
to unexpected interactions. To achieve this, we introduce a category-based
controller that leverages the constraints associated with a category. The con-

cepts discussed in this section were previously presented in Krebs and Asfour
(2024).
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YL, VR
l |
€r,4,.€R,d, &rer | Category-
Bimanual Action based €r.&r | Control
Category Level l Motion Level
Generation
T £L,Ca £R,c

Figure 6.3.: Framework for category-based robot control. The meaning of vari-
ables is given in Table 6.2.

Table 6.2.: Global variables for the descriptions of task space goals.

Variable Meaning

£€1,6r  computed target hand pose

€14, &R, desired hand pose for the current state

(el desired relative pose (right hand in frame of left)
&1, &r, actual measured hand pose for the current state

6.3.1. Methods

We introduce a framework that ensures category-specific spatial and tempo-
ral constraints are met while being reactive to external perturbations. This
section focuses on single-category bimanual segments, excluding transitions
between bimanual categories. The framework operates with minimal en-
vironmental knowledge and does not rely on extensive force-torque sens-
ing.

This functionality corresponds to the Category-Based Motion Generation level
in the overall task model (Figure 6.1). As illustrated in Figure 6.3 (with variables
explained in Table 6.2), the module receives desired relative and absolute hand
poses along with the category label from higher-level components. Using this
input and the robot’s current end-effector poses, it computes task space targets,
which are then converted into control commands via an impedance controller to
ensure precise execution.

The category-specific behavior is designed based on the constraints imposed on
each hand, as detailed in Section 3.3.1. This approach considers the categories
outlined in Table 3.2 and parameterizes their trajectories while accounting for
the most relevant constraints.

Spatial constraints: The task model provides the currently desired poses of
both hands as input. Using this information, reactive target poses for each
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hand are formulated based on the specified category. Poses are represented as
homogeneous 4 x4 matrices, §, defined relative to the global coordinate system.
Each hand’s target pose can be defined either directly using its global target
pose

§L=ELa §r = &Rra (6.36)

or indirectly based on the current pose of the other hand and the specified rela-
tive trajectory. The relative trajectory can be derived from the initial, unaltered
trajectories. Relative poses, denoted as &,.;, represent the pose of the right hand
relative to the left hand. Consequently, global target poses based on the relative
pose are computed as:

Er =E&rc &re £ =Ere & (6.37)

For different categories, target poses are combined in various ways, as outlined
in Table 3.2.

* In the asym_r case, the left hand acts as the leader, with its pose defined as
&1, = €14, while the right hand takes on the role of the follower, defined by
&€r = &L .- &re. Conversely, for the uncoord_bi case, both hands are described
globally as £, = &1, 4 and &€r = &rq.

* The most complex case is sym, where relative poses are prioritized, but
global poses are followed when possible. To achieve this, the framework
alternates between the two asymmetric categories, selecting the perturbed
hand as the leader (i. e., the non-dominant hand). Switching the roles of
leader and follower is triggered only when the error calculated for the
follower exceeds the leader’s error by a predefined value.

Temporal constraints are described through the Petri net templates shown in
Figures 3.4-3.7. This implementation enables uncoordinated motions to ad-
vance independently while ensuring synchronization when needed. In the
event of a perturbation, the corresponding trajectory progression is paused.
This behavior aligns with the concept of phase stopping of movement primi-
tives.

* For tightly coupled categories, start synchronization is implemented, en-
suring that a segment begins only when both hands are ready; i. e., when
the preceding segment is completed for both hands.
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* In symmetric cases, hand motions are described within a shared temporal
system, meaning that a perturbation to one hand triggers phase stopping
for the other hand, thereby achieving implicit goal synchronization.

* In asymmetric cases, phase stopping is applied to both hands only if the
follower experiences a perturbation.

Threshold values must be adjusted based on the task-space controller and its
tracking accuracy.

6.3.2. Evaluation

The objective of this section is to validate that the designed control modes satisfy
the constraints associated with each category. To this end, we conduct experi-
ments in both simulation and real-robot settings.

Simulation Experiments

To quantitatively assess the effectiveness of the proposed method in satisfy-
ing spatial constraints, we conduct experiments using the humanoid robot
ARMAR-6 (Asfour et al., 2019) within a MuJoCo simulation environment
(Todorov et al., 2012). Simulations provide a controlled setting for applying
perturbations in a reproducible manner, thereby facilitating the generation of
comparable results.

Figure 6.4.: Robot experiments in a MuJoCo simulation. The hands move down-
wards with a constant offset. For ¢ € [3, 7] seconds, a constant force
of 100 N in z-direction is applied on the left wrist.

Sources: Krebs and Asfour (2024) © 2024 IEEE

As illustrated in Figure 6.4, the robot executes a simple downward motion with

a constant offset between its hands. The motion spans a total duration of 10
seconds. During the interval ¢ € [3, 7] seconds, a perturbation force of 100 N
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is applied to the left arm in the negative z-direction, as indicated by the red
arrow.

We configure the controller based on the defined bimanual control categories.
Figure 6.5 presents the position data for three distinct scenarios: uncoord_bi,
asym_l and sym. In the uncoord_bi case, the motion of the right hand remains un-
affected by the perturbation applied to the left hand.

position left position right
1.50 1.50
I i N e
- 1.00 1.00
=
~ 075 0.75
S - -
S E o050 E o050
S
S 025 0.25
0.00 0.00
-0.25 -0.25
1.50 1.50
1.25 \&r_/\ 125 x
1.001 1.001
= 0754 . 0.75
S, E o050 E 0.501
vy
<
0.251 0.251
0.001 0.001
~0.251 -0.251
1.50 1.50
1.25 \\/_/\ 1.25 \\f_/\
1.001 1.001
075 0757 o _____
S - - ~——
S E o050 E 0.501
L 2 N R
0.251 0.251
0.001 0.001
~0.251 -0.251
00 25 50 7.5 100 12.5 150 17.5 00 25 50 7.5 100 12.5 150 17.5
duration [s] duration [s]

Figure 6.5.: Positions for both hands in the case of a perturbation of the left hand
for t € [3,7] s. Color legend: actual x (=), actual y (=), actual z (—),
computed x (- -), computed y (--), computed z (- -).

Sources: Krebs and Asfour (2024) © 2024 IEEE

In the asym_l scenario, the right hand does not adapt its spatial trajectory but
halts its movement. Lastly, in the sym case, the right hand not only spatially
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adjusts but also pauses its trajectory execution while the left hand is subjected
to perturbation. Figure 6.5 additionally illustrates perturbations in both the
z- and y-directions, as the force is applied at the wrist while the position is
measured at the tool center point (TCP), located near the center of the robot’s
palm.

Each experiment is conducted five times using different simulation seed values.
We measure both the absolute and relative positional errors of the robot’s hands
under unperturbed and perturbed conditions. The errors are calculated as
the translational discrepancies between two frames. Specifically, the absolute
error is calculated as the Euclidean difference between &g 4 and &g ., while the
relative error is determined as the Euclidean difference between 52’105 r,c and

grel-

The average errors are presented in Table 6.3, with the most relevant errors (ac-
cording to Table 3.2) for each category highlighted in gray. For the unperturbed
case, the errors are in general rather small.

Table 6.3.: Average errors in mm of 5 repetitions performed in MuJoCo simula-
tion.

unperturbed |perturbed

€a,L. €a,R €rel |€a,L €a,R €rel

uncoord_bim |1.33 1.33 0.63|43.62 0.99 68.49

asym_| 2.49 1.33 1.33|44.32 1.00 43.54
asym_r 1.33 2.50 1.25]43.38 63.98 3.02
sym 1.33 2.50 1.25/43.38 43.87 3.02

The overall highest errors of larger than 2 mm only occur for the less relevant
errors. In the perturbed case across all categories, the absolute error of the left
hand is notably high due to the direct perturbation, which cannot be controlled
by our approach. However, examining the highlighted absolute errors for the
right hand and the relative errors reveals that they remain relatively small, indi-
cating that the relevant constraints are successfully enforced. The only exception
is in the asym_I case, where the relative error is high. This is expected because the
conflicting nature of e,  and e, arises when the left hand is perturbed, leading
to this behavior.
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Real Robot Experiments

We designed four representative household tasks to demonstrate the feasibility
of the proposed approach in real-world scenarios, using the ARMAR-6 robot
(Asfour et al., 2019). These scenarios, depicted in Figures 6.6-6.8, represent
different control categories. Videos of the robot experiments were published with
the original publication? (Krebs and Asfour, 2024).

Unimanual In this scenario, the robot operates in a kitchen, holding a box of
tea bags in its right hand while its left hand obstructs a drawer. A human can
move the robot’s left hand aside to access the drawer, demonstrating how the
exploitation of undefined aspects of the task formulation can be leveraged for
secondary goals.

Uncoordinated The robot holds a box of tea in each hand and places them on
a table. As shown in Figure 6.6, the left hand continues its placing motion even
if the right hand is stopped. The deviation between the actual and desired hand
positions during perturbation matches the predefined threshold for detecting
external disturbances. In the uncoordinated case, the motion of the left hand is

not unnecessarily prolonged.

1000

z [mm]

800

0 5 10 15 20 25
duration [s]

Figure 6.6.: Perturbation of the right hand at ¢ = 5s for an uncoord_bi reaching
motion. Color legend: actual right (—), desired right (- -), actual left (—),
desired left (- -). Based on Krebs and Asfour (2024).

Zhttps:/ /www.youtube.com/watch?v=MQjPv_ELvtE
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Asymmetric In this scenario, the robot holds a bowl with its left hand while
stirring with a ladle in its right hand. The stirring action continues relative to the
pot even if the bowl-holding hand is disturbed (see Figure 6.7), illustrating the
robot’s capacity to maintain the most relevant task constraints despite external
perturbation.

x [mm]
S
2

=
~

>
|

S

I I I I
0 10 20 30 40 50

duration [s]

Figure 6.7.: Perturbation of the left hand during an asym _rstirring motion. Color
legend: actual right (=), desired right (- -), actual left (—), desired left (- -).
Based on Krebs and Asfour (2024).

Symmetric The robot grasps a long tube and moves it upwards. During the
motion, the left hand is perturbed first, followed by the right hand (see Figure 6.8.
Since the controller is configured with the right hand following the left, the right
hand immediately adjusts when the left is perturbed. If the difference between
the desired and actual poses exceeds a set threshold, the motion is paused until
the perturbation is resolved. When the right hand is subsequently disturbed,
the system switches to having the left hand follow the right, again pausing the
motion if a critical threshold is reached.

1
1000 =
g = 72
| ——
£ e
N
800
1 1 1 1
0 5 10 15 20 25

duration [s]

Figure 6.8.: Perturbation of the left hand at ¢ = 45 and of the right at ¢ = 13s
for sym. Color legend: actual right (—), desired right (- -), actual left (—),
desired left (- -). Based on Krebs and Asfour (2024).

Overall, the robot exhibited expected behaviors for each task: Relaxed coordi-
nation constraints allowed the robot to incorporate additional considerations,
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such as moving out of the way in the unimanual scenario and minimizing delays
in the uncoordinated task. In the asymmetric case, the task could proceed despite
perturbations, while in the symmetric case, the robot successfully maintained a
secure grip on the tube.

6.4. Transitions Between Bimanual Action
Categories

This section explores how transitions between bimanual action categories can be
realized by emphasizing the conditions governing these transitions while adher-
ing to spatial and temporal constraints. To illustrate the practical implementation
of the transition behavior, we present exemplary cases demonstrating how dif-
ferent bimanual categories interact within a sequence.

The transition behavior is governed by the temporal constraints outlined in
Section 3.3.2 and illustrated in Figures 3.4-3.7. When the completed place of the
Petri net templates is reached for a bimanual action category BAC,,, a transition
occurs to the ready place of the subsequent bimanual action category BAC), .
The process then either continues immediately or, in the case of asym_r, asym_I,
and sym, may wait for the other hand.

The representation of bimanual categories as a sequence of Petri nets does not
explicitly account for the spatial behavior in cases where one hand remains in
the previous bimanual action category while the other has already transitioned
to the next. This results in a limited number of possible transition combinations.
Notably, this situation does not arise when transitioning into asym_r or asym_I,
as both hands must synchronize upon entering these segments, as illustrated in
Figure 3.6. Likewise, due to the inherent input and output synchronization, this
issue does not occur for sym.

Consequently, only specific transitions allow for overlapping transitions,
where one hand shifts to the next category while the other remains tem-
porarily in the previous one. The eligible transitions for such behavior
are:

e uni |l —uni_r (or uni_r —uni_l)
o uni_r/uni_l —uncoord_bi
o uncoord_bi —uni_r/uni_l

* asym_r —uni_r (or asym_l —uni_l)
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* asym_r —uncoord_bi (or asym_l —uncoord_bi)

In transition periods where one hand remains in the previous category segment
while the other enters the next, the overall category is uncoord_bi for all those
cases. Another case occurs when, due to these transitions, uncoord_bi motions
begin earlier for one hand, causing it to finish earlier as well. Once only one hand
remains active, the category switches to uni_r or uni_l, depending on the active
hand. These temporal category assignments align with the spatial constraints
defined in Table 3.3 and are discussed based on illustrative examples in the next
section.

Example Cases We investigate the role of temporal constraints and the asso-
ciated transition behavior between two bimanual action categories. There-
fore, we take a closer look at some of the possible combinations listed in
the previous section and point out their potential effects on the task execu-
tion.

At its core, the task begins with the initial bimanual action category BAC,. After
defining the respective hand goals, the system assesses its readiness for transi-
tioning to the next bimanual action category. A transition becomes possible when
at least one hand has already completed its current action. In a unimanual scenario,
for example, the inactive hand is immediately available for a subsequent action.
Once the system is deemed ready, the next bimanual action category is requested
from the Task Level. Upon reaching the appropriate transition conditions, the
system updates its internal state according to BACj.

Transitions without external perturbations: We first conduct an exemplary
analysis of the transition from uni_r to uni_l. In this case, we assume that uni_|
initiates only after a predefined temporal delay following uni_r (e.g., Action
2 begins 2s after Action 1 started). This demonstrates the model’s ability to
incorporate such constraints seamlessly. The resulting spatial constraints, as
defined in Figure 3.2, are illustrated in Figure 6.9.

The sequence starts with uni_r, during which a global trajectory for the right hand
is initialized, while the left hand remains in an inactive state. Once the predefined
temporal offset elapses, uni_l begins. At this point, the system verifies that the
left hand is ready for execution and subsequently initiates its global trajectory.
Since the right hand completes its action earlier than the left hand, it transitions
to an inactive state towards the end of the sequence.

Based on this representation of spatial constraints, the effective bimanual cat-
egories at different points in time can be inferred, as depicted in Figure 6.10,
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L_mi,r
Actions
uni_l
Left —————— >C O
Right o S —'O

Figure 6.9.: Transition behavior from uni_r to uni_l. The top section depicts
the executed actions, the bottom section represents the spatial task
representation.

following the principles outlined in Section 3.3.1 (see in particular Table 3.3).
This results in uni_r at the beginning (when only the right hand is active), un-
coord_bi in the middle (when both actions overlap), and uni_l towards the end
(when only the left hand is active).

Left r====- O O
Right O------0

Figure 6.10.: Transition behavior from uni_r to uni_l. The top section depicts
the spatial task representation, the bottom section represents the
emerging bimanual categories.

Categories: W uni_r, Wl uni_l, @ uncoord_bi.

An overall representation of this example is provided in Figure 6.11. The right
side of Figure 6.11 illustrates an additional scenario without perturbations,
specifically the transition from uni_r to uncoord_bi. In this instance, the left hand
executes the motion defined by the uncoord_bi category while the right hand still
follows the trajectory of uni_r, transitioning to uncoord_bi only after completing

its initial motion.

Figure 6.11 clearly demonstrates that, in both cases, the task execution time
is significantly reduced compared to a strictly sequential approach, where the
second action starts only after the first has ended. This acceleration is achieved
while maintaining the constraints imposed by the respective bimanual cate-
gories.
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uni_r uni_r
Actions Actions
uni_l uncoord_bi ]
Left _—----_ O o) Left -0 o_ _____ -0
Right O------0 Right O ©)

Figure 6.11.: Illustrative examples of transition behavior between two bimanual
categories in the absence of perturbations. The top section depicts
the executed actions, the middle section represents the spatial task
representation, and the bottom section shows the resulting biman-
ual categories. Categories: B uni_r, Wl uni_l, B uncoord_bi.

Transitions influenced by external perturbations: In a second set of example
cases, we examine transitions influenced by external perturbations, specifically
from uncoord_bi to uni_r, and from asym_r to uni_r. These cases are represented in
Figure 6.12 in the same manner as the previous examples, with an additional
red section indicating perturbations affecting the left hand and preventing its

motion.
uncoord_bi asym_r
Actions Actions
uni_r uni_r
Left — —Q--------- Ne) Left — O------ O
Right o— o  Right >e b

Figure 6.12.: Illustrative examples of transition behavior between two bimanual
categories with perturbations (indicated in red). The top section
depicts the executed actions, the middle section represents the spa-
tial task representation, and the bottom section shows the resulting
bimanual categories. Categories: Wl uni_r, Wl uni_l, M uncoord_bi, [
asym_r.

In a strictly sequential execution, the second action can only commence once
the first action has been fully completed, resulting in an overall task delay
due to the induced perturbation. In contrast, the examples demonstrate
that, in certain cases, more flexible sequencing approaches enable task ex-
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ecution without prolongation, even in the presence of delaying perturba-
tions.

Since the relative timing and therefore relative poses of the arms might change
compared to the demonstration, the consideration of self-collision avoidance is

essential. This is currently ensured by the previously introduced controller (see
Section 6.2).

6.5. Summary

This chapter presents an approach for incorporating bimanual categories from
the proposed taxonomy into a comprehensive task model suitable for deploy-
ment on humanoid robots.

We begin by detailing the representation of the task model as well as the hierar-
chical control architecture with its layers and their interactions. Subsequently,
we adopt a bottom-up perspective to examine key aspects of these layers. First,
we describe the underlying task-space impedance controller, which hierarchi-
cally accounts for self-collision avoidance and joint limit constraints. Next,
we demonstrate how spatial and temporal constraints can be integrated at the
level of individual categories to enable reactive behavior that preserves these
constraints even in the presence of external perturbations—an essential feature
for the successful execution of bimanual tasks. Finally, we investigate how
individual bimanual action categories can be combined by enabling transitions
that adhere to the previously defined temporal constraints. Through illustrative
examples, we highlight the benefits of this approach, particularly its positive
impact on the overall execution time of a task.
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CHAPTER 7/

Conclusion

This thesis contributes to the advancement of bimanual robotic manipulation by
introducing a novel taxonomy that categorizes bimanual actions based on coor-
dination constraints. The taxonomy serves as a foundation for comprehensive
task representations and facilitates the selection of appropriate control strategies.
The work demonstrates how the taxonomy’s categories can be derived from
motion data and automatically segmented using human motion recordings. Fur-
thermore, the thesis illustrates how representing tasks as a sequence of bimanual
categories enables the enforcement of suitable coordination constraints during
task execution. To achieve this, a reactive control system is implemented, en-
abling adaptive and compliant execution of bimanual tasks. These contributions
provide a foundation for improving both learning bimanual manipulation tasks
from human demonstrations and their execution.

7.1. Scientific Contributions

This section summarizes the four main chapters of this thesis and their respective
scientific contributions.

Bimanual Manipulation Taxonomy: Chapter 3 introduced a novel taxonomy
for bimanual manipulation in robotics, grounded in the principles of coordina-

tion, interaction, and hand roles. Inspired by research in robotics, neuroscience,
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and rehabilitation, this taxonomy addresses the complexity of bimanual manipu-
lation and informs the development of effective control strategies for humanoid
robots. The taxonomy and its categories have been systematically described,
and the associated temporal and spatial constraints have been formalized. The
taxonomy was first published in Krebs and Asfour (2022), with the constraint
formalization presented in Krebs and Asfour (2024).

Datasets of Human Bimanual Manipulation: Programming by Demonstra-
tion (PbD) for bimanual robotic manipulation relies on human manipulation
datasets. This thesis contributes to this field by providing two comprehensive
datasets, detailed in Chapter 4. The KIT Bimanual Manipulation Dataset offers a
multimodal collection of bimanual manipulation actions in kitchen and house-
hold settings, including high-accuracy motion capture data. It captures varia-
tions in object locations, object types, and hand coordination strategies. Addi-
tionally, this thesis extended the existing KIT Bimanual Actions Dataset, which pro-
vides RGB-D data from a third-person perspective. Two new tasks were recorded
to include actions where both hands manipulate a common object, increasing
the diversity of bimanual coordination strategies.

Both datasets are publicly available, including raw data, extracted features, and
segmentation labels. The KIT Bimanual Manipulation Dataset was published in
Krebs and Meixner et al. (2021), and the extension of the KIT Bimanual Actions
Dataset in Krebs and Leven et al. (2023).

Recognition of Bimanual Categories in Human Demonstrations: Chapter5
presented methods for the simultaneous classification and segmentation of
bimanual categories in human motion data, using motion capture data from
the KIT Bimanual Manipulation Dataset and single-view RGB-D data from the
extended KIT Bimanual Actions Dataset. A rule-based approach proved effective
for precise motion capture data but performed poorly on features extracted from
RGB-D data. To address this, we proposed a learning-based approach using
Graph Neural Networks (GNNs), which improved recognition performance
across both datasets. Using the proposed methods, we successfully recognized

bimanual categories in human demonstrations.

The rule-based approach for motion capture data was published in
Krebs and Asfour (2022), while the RGB-D recognition using rule-based
and learning-based methods was presented in Krebs and Leven et al.
(2023).

124



Chapter 7. Conclusion

Leveraging Bimanual Categories for Robot Control In Chapter 6, the appli-
cation of previously introduced constraints for bimanual manipulation, derived
from bimanual categories, to humanoid robotics and their integration into a
comprehensive task model was demonstrated. To achieve this, the underlying
impedance controller was first described, incorporating joint limit avoidance and
self-collision avoidance. Subsequently, the integration of category-specific con-
straints into an action associated with a particular category was illustrated, and
the resulting behavior was validated through real-robot experiments. Finally, a
conceptual discussion on the application of these constraints to a sequence of
bimanual manipulation actions was provided.

The results presented in Section 6.3, including the description of the desired robot
behavior within specific categories and the corresponding experimental valida-
tion, have been published in Krebs and Asfour (2024).

7.2. Discussion and Future Work

This thesis has introduced the Bimanual Manipulation Taxonomy and demon-
strated how the resulting categories can be recognized from human demonstra-
tions and reproduced on humanoid robots. As a key step in this direction, it
establishes a foundation for further developments. This section outlines po-
tential research directions and possible extensions to enhance and refine the
proposed approach.

Correlations Between Grasping and Bimanual Manipulation In an ex-
ploratory study presented in Haas and Endrikat et al. (2024), we investigated
correlations between grasp types and bimanual coordination patterns in a small
video dataset of realistic housekeeping activities. The findings indicate, among
other insights, a correlation between tightly coupled symmetric bimanual coordi-
nation and power grasps. Future research could extend this analysis by utilizing
a larger, higher-quality dataset to further examine the intricate relationship be-
tween unimanual grasp types and bimanual coordination. Additionally, identify-
ing such correlations could enhance the recognition of grasps and manipulation
strategies, supporting activity recognition and informing the design of robotic
systems optimized for specific manipulation tasks.
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Chapter 7. Conclusion

Consideration of Force Constraints While this thesis focuses on the formula-
tion of temporal and spatial constraints between the hands, force constraints also
play a crucial role, particularly in contact-rich interactions. These constraints are
relevant for all bimanual actions classified as tightly coupled. Their importance
spans from the integration of existing approaches for symmetrical tasks, such as
non-prehensile object transport (Gao et al., 2018b), to more task-specific oper-
ations like food scooping (Pais Ureche and Billard, 2018) or manual assembly
tasks, as seen in watchmaking (Yao et al., 2021). To ensure accurate reproduction
on humanoid robots, methods for extracting these constraints, ideally through
visual perception, along with suitable control strategies for their execution,
should be developed.

Integration of Bimanual Categories in Learning Frameworks The approach
presented in this thesis explicitly incorporates constraints between the hands
based on the extracted bimanual action categories. While this provides a data-
efficient framework, it cannot fully match the performance of task-specific
methods. To overcome this limitation, future work could explore integrating
the proposed approach with reinforcement learning. Specifically, the extracted
categories could serve as an initial task hypothesis or be incorporated into
the reward function. This integration would enable task-specific fine-tuning
while simultaneously addressing additional task constraints beyond bimanual
coordination.

Symbolic Planning Using Bimanual Categories While this thesis does not
explicitly address symbolic planning, the findings demonstrate that integrat-
ing symbolic categories for bimanual constraints into the control strategy en-
hances both robustness and execution efficiency. This suggests that incorpo-
rating constraint defined by the bimanual categories into higher-level sym-
bolic planning could further improve task planning for bimanual tasks. In this
context, such coordination categories could play a crucial role in task alloca-
tion and role assignment, enabling more efficient and adaptable collaboration
between multiple robot arms. Future work should explore how the defined
bimanual categories can be taken into account in planning domain descrip-
tion.
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A. Additional Evaluations on the Recognition of
Bimanual Categories
This section contains some additional information on Chapter 5. In Ta-

ble Al the parameters are specified that are used in the rule-based ap-
proach.

Table Al.: Parameters used for the rule-based approach. The exact utilization of
the parameters can be examined through the implementation’.

Parameter Motion Capture Data RGB-D Data
velocity threshold 300mm/s 300mm/s
offset threshold 1mm 13 mm
defragmentation threshold 0.1s 0.33s
defragmentation threshold min 0.02s 0.17s
model padding 8 mm =
model padding min 3mm -

Table A2 to Table A5 show the classification metrics for the individual
subject. The tables show that there is no major difference between sub-

jects.

Thttps:/ / git.h2t.iar.kit.edu/sw/bimanual-category-classification
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Table A2.: Classification results using the rule-based approach on motion cap-
ture data for individual subjects.

Fi-score

Micro Macro Weighted

Subject1 0.81 0.71 0.80
Subject2 0.84 0.77 0.84
Total 083 0.74 0.83

Table A3.: Classification results using the GNN-based approach on motion cap-
ture data for individual subjects.

Fi-score

Micro Macro Weighted

Subject1 091 0.84 091
Subject2 092 0.85 0.92
Total 092 0.85 0.92

Table A4.: GNN-based classification results for RGB-D data for individual sub-
jects. Each subjects results correspond to the combination of one
subject in the orginal Bimacs dataset and one subject of its extension.

Fi-score

Micro Macro Weighted

Subject1 0.76  0.69 0.76
Subject2 0.73 0.71 0.73
Subject3 0.71  0.68 0.72
Subject4 0.74 0.73 0.73
Subject5 0.70 0.70 0.71
Subject6 0.70  0.69 0.71
Total 072 0.70 0.72

Further, we provide some additional data for the evaluation of the GNN-based

approach. Figure Al shows the confusion matrix of the larger GNN for motion

capture data which was not depicted in Chapter 5 due to its similarity with the

smaller model (see Figure 5.7).
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Table A5.: Rule-based classification results for RGB-D data for individual sub-
jects. Each subjects results correspond to the combination of one
subject in the original Bimacs dataset and one subject of its extension.

Fi-score

Micro Macro Weighted
Subject1 0.45 0.36 0.47
Subject2 0.46 0.39 0.47
Subject3 0.52 0.42 0.54
Subject4 0.47 0.40 0.47
Subject5 0.45 0.39 0.46
Subject6 0.54 0.45 0.55
Total 048 041 0.49

1.0
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uni_l 9 .06 23 0.8
uni_r 4 07 .01 28
0.6

)
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Figure Al.: Normalized confusion matrix using the GNN-based approach with
the larger model for motion capture data.

Lastly, we provide additional data for the GNN-based approach on motion
capture data. Table A6 shows the classification metrics for the GNNs without
object knowledge and the ablation study results as weighted average metrics in
Table A7.
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Table A6.: Metrics of the GNN-based evaluated on RGB-D data without object
knowledge.

Category  Precision Recall Fj-score

no_action 0.53 0.68  0.60
uni_l 0.39 036  0.37
uni_r 0.36 0.41 0.38
loosely 0.70 0.69  0.69
sym 0.76 0.74 0.75
asym_r 0.54 0.61 0.58
asym_l 0.63 0.46  0.53

Micro avg. 0.62 0.62 0.62
Macro avg. 0.56 056  0.56
Weigh. avg.  0.63 0.62  0.62

Table A7.: Ablation study comparing the weighted average metrics

Training data Results
Spatial Temporal Object ..
Relpa Hons® E dI;;es Kno V\gle dge Precision Recall F'-score

v v v 0.73 0.72 0.72

v v 0.62 0.60 0.60

v v 0.70 0.68 0.68

v 0.58 0.53 0.53

v v 0.63 0.62 0.62

* . . . .
In case of no spatial relations only contact relations are considered.
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B. Related Work Control Framework

In the following section, we introduce general work for incorporating self-
collision avoidance and joint-limit avoidance into the control framework. Rather
than focusing solely on scenarios where both robotic arms are utilized, we
emphasize methods based on torque control.

B.1. Self-Collision Avoidance

We review key approaches to self-collision avoidance, including optimization-
based methods - often combined with neural networks - and artificial potential
fields.

Optimization- and Learning-based Approaches

Quiroz-Omarfia and Adorno (2019) propose a self-collision avoidance method us-
ing Vector Field Inequalities (VFI) for both velocity and torque control. The robot
is modeled using a combination of spheres and cylinders, with a line-static-line
constraint based on Pliicker lines to prevent collisions between the torso and
the arm. This approach integrates self-collision avoidance, joint limit avoidance,
and static environment collision avoidance, utilizing optimization techniques
such as Quadratic Programming (QP) and Constrained Quadratic Programming
(CQP). However, a key limitation is the lack of a hierarchical structure, as all
tasks are treated as constraints. In Ren et al. (2024), optimization is combined
with a neural network to learn the self-collision boundaries, utilizing Hierar-
chical Quadratic Programming (H-QP) for multi-objective optimization. Tasks
are incorporated as constraints within the optimization problem, akin to the
approach in Quiroz-Omarfa and Adorno (2019). Both methods achieve real-time
calculation times around 6 ms, which fall short of the requirements for a 1 kHz
control cycle.

Koptev et al. (2021) model the self-collision boundaries for the humanoid
robot iCub as smooth functions in joint space using a neural network and
a Support Vector Machine (SVM). These learned boundary functions are inte-
grated into the controller as constraints within a QP-based Inverse Kinemat-
ics solver, enabling real-time generation of collision-free motions. However,
neural networks require suitable training data and can be challenging to in-
terpret, which poses drawbacks for safety-critical applications such as human-
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robot interaction. Furthermore, they are typically customized for a specific
robot.

One other method for collision avoidance is the usage of Control Barrier Func-
tions (CBFs) (Ames et al., 2019). This allows to mathematically proof the absence
of collisions. However, since they rely on optimization, they can conflict with
hard real-time constraints. Khazoom et al. (2022) propose a whole-body con-
troller based on CBFs combined with the QP framework. Despite using an
iterative approach, the solve time of the quadratic programs is very fast com-
pared to other optimization-based approaches.

Artificial Potential Fields

Artificial Potential Fields (APFs) (Khatib, 1986) are widely employed for collision
avoidance. Dietrich et al. (2012b) employ APFs for self-collision avoidance
by integrating them into a task hierarchy with null space projections. This
method benefits from the efficiency of lightweight mathematical functions and a
geometric primitives-based collision model. Eckhoff et al. (2023) further extend
this framework to address collisions with the environment by incorporating
repulsive forces. APFs offer alow computation time which allows the integration
into the real-time control loop. A potential disadvantage of APFs, as pointed
out in Khazoom et al. (2022), is that it remains active near obstacles (below the
threshold distance) even if moving out of the constraint (e. g., away from the
joint limit), which can lead to undesirable behavior.

B.2. Joint-Limit Avoidance

A broad body of research investigates joint limit avoidance through diverse
methodolgies, including Weighted Least Norm (WLN) methods (Chan and
Dubey, 1995; Huang et al., 2014) and the use of reference planes to determine
feasible arm ranges, keeping joints within their limits (Oh et al., 2017). However,
these approaches are predominantly designed for velocity-based controllers.
In Charbonneau et al. (2016) and Pasandi and Pucci (2023), joint limits are
managed by parameterizing the feasible joint positions and velocities using
exogenous states which are additional variables that transform the control
problem from a constrained to an unconstrained one. However, this method is
only applicable in combination with a desired trajectory and not within zero
torque mode.
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In Xu and Sun (2018), a neural network is integrated into the torque control
design, with a cost function based on joint positions that encourages the manip-
ulator to stay near the midpoint of its limits. Meanwhile, Papageorgiou et al.
(2016) employ a passivity-based torque signal to ensure joint limit avoidance in
a redundant manipulator, using a performance function to assess how close the
joint is to its bounds. In Han and Park (2013), an activation function is introduced
that applies a torque input as a joint approaches its limit. To ensure smooth
and continuous transitions, a buffer zone is incorporated when the constraint is
activated, using a piecewise-defined transition function based on the joint limits
to generate the repulsive torque. Similarly, Eckhoff et al. (2023) also produce
a torque to avoid joint limits. They adapt the framework from Dietrich et al.
(2012b) to generate repelling torques instead of forces, converting the mathemat-
ical equations from Cartesian space to joint space.

B.3. Contraint Hierarchy

The most basic approach is to execute tasks at the same priority level. For exam-
ple, in Eckhoff et al. (2023), the torques from impedance control and self-collision
avoidance are combined additively. Similarly, in Quiroz-Omafia and Adorno
(2019), all sub-tasks are incorporated as independent constraints within an opti-
mization problem. However, conflicting objectives can cause undesired robot
behavior. To prevent this, many approaches use a task hierarchy, prioritizing
tasks like collision avoidance over trajectory accuracy.

The H-QP-based optimization method described in Ren et al. (2024) integrates
the framework developed in Kanoun et al. (2011) to enforce a strict priority
hierarchy, with self-collision avoidance taking precedence over other sub-tasks.
The solver begins by addressing the constraints at the highest priority level and
then iteratively optimizes according to the lower-level constraints within the so-
lution set defined by the higher-priority levels. This ensures that the constraints
of higher-priority tasks are fully satisfied before any consideration of lower-
priority tasks. The work by Xu and Sun (2018) prioritizes trajectory tracking
over joint limit avoidance, employing null space projections to ensure that joint
limit avoidance does not interfere with motion in the task space. In contrast, Di-
etrich et al. (2012b) present a clear task hierarchy structure where lower-priority
tasks are projected into the null space of higher-priority tasks. They utilize a
successive projection method, which ensures smooth transitions when unilateral
constraints, such as self-collision avoidance, are activated, thereby preserving a

continuous control law.
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