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Abstract

Observational learning is a fundamental mechanism by which humans acquire
new skills by watching others and understanding the consequences of their ac-
tions. This capability allows for skill acquisition through demonstration, thereby
reducing the need for costly trial-and-error processes. Cognitive development
research has shown that infants can learn complex skills and make inductive
generalizations from sparse samples by observing caregivers and peers; they
leverage statistical evidence that models the covariation of task features, all
without direct physical interaction or explicit linguistic instructions. By iden-
tifying invariant task features – such as keypoints associated with an object’s
functional parts – from high-dimensional visual inputs, it is possible to derive
effective and transferable task representations. These insights have motivated
significant research in robotics to develop Visual Imitation Learning (VIL) systems
that emulate human observational learning mechanisms. Nevertheless, acquir-
ing generalizable task representations solely from sparse human demonstration
videos remains a significant challenge.

In this thesis, we adopt a bottom-up approach that extracts essential invariant
task features from demonstrations without relying on ground-truth labels, di-
rect physical interaction, or linguistic bootstrapping commonly employed in
top-down methodologies. We address the computational challenges of learning
complex manipulation tasks by decomposing them into tractable sub-problems
in both spatial and temporal domains. In spatial domain, our approach extracts
object-centric, keypoint-based geometric constraints that capture the functional
aspects of objects and spatial coordination between arms. We then leverage
neural object descriptors to facilitate the transfer of learned tasks to novel object
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instances or categories. In the temporal domain, we segment human demon-
strations hierarchically and learn temporal coordination and action primitives.
Throughout the work, we employ variance-based statistical analyses to extract
invariant task features – including keypoints, common viewpoints, object and
hand dominance, and spatio-temporal constraints – from sparse human demon-
strations. This research addresses the following key research questions: 1) How
can keypoint-based subsymbolic task representations be modeled to enable
intra-category generalization? 2) How can these representations be effectively
detected and extracted from visual input? 3) How can coordination strategies
for various unimanual and bimanual manipulation be learned and incorporated
into bimanual compliance controllers? 4) How can demonstration videos be seg-
mented at a consistent granularity level to facilitate learning of spatio-temporal
coordination?

Learning Keypoint-based Task Representation

We first focus on modeling generalizable subsymbolic keypoint-based task rep-
resentations and learning them from sparse human demonstration videos of
unimanual manipulation tasks. To this end, we propose a neural descriptor-
based object representation along with a perception pipeline for VIL that detects
humans and objects, tracks their states, proposes keypoint candidates, and es-
tablishes dense correspondences between object instances to address viewpoint
mismatches and object variations. Our Principal Constraint Estimation (PCE)
algorithm extracts sparse yet semantically meaningful keypoints – associated
with object functional parts – from the candidate set by analyzing the statisti-
cal variance of their spatial distribution across multiple demonstrations. PCE
simultaneously derives keypoint-based geometric constraints on principal manifolds,
their corresponding local frames, and movement primitives as subsymbolic task
representations. In contrast to most existing approaches that learn only a subset
of these representations, our method provides a comprehensive understanding
of task constraints. The resulting task representations are interpretable, trans-
ferable, viewpoint invariant, and embodiment-independent. Consequently, the
learned tasks can be robustly generalized to novel object categories and repro-
duced by a novel keypoint-based admittance controller on a humanoid robot.
Our key insight is that a sparse, object-centric representation combined with
dense correspondence detection greatly enhances intra-category generalization,
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enabling the learning of various daily tasks from as few as 10 demonstration
videos in cluttered scenes.

Learning Bimanual Coordination Strategies

Bimanual manipulation introduces additional complexity due to intricate object
relationships, fine-grained motion details, and diverse coordination strategies
between the arms. Similarly to unimanual tasks, bimanual manipulation tasks
exhibit invariant features across multiple demonstrations. We extend our uni-
manual task representations to the bimanual domain by introducing a novel
hybrid master-slave object relationship, which encapsulates the roles of both
objects and hands in a task by exploiting statistical invariances in their spa-
tial distributions. This formulation enables the derivation of various coordi-
nation strategies that cover a complete taxonomy of bimanual manipulation
tasks, thereby unifying uni- and bimanual task representations. Fine-grained,
keypoint-based geometric constraints enable our approach to capture detailed
motion styles from demonstrations, paving the way for modeling personalized
task representations in the future. Based on the extracted bimanual coordination
categories, we develop real-time compliance controllers designed to manage
bimanuality, motion synchronization, and hybrid master-slave relationships.

Keypoint-based Segmentation, Bimanual
Coordination and Grasping

Human demonstrations typically consist of a sequence of actions, making the de-
tection of common motion segments across demonstrations crucial for learning
comprehensive task representations. To address this, we propose a keypoint-
based hierarchical motion segmentation algorithm for VIL that leverages the motion
characteristics of keypoints within object-centric local frames. By exploiting
dense keypoint information, our algorithm accurately identifies changes in the
static and dynamic spatial relationships of objects at the finest granularity. These
fine-grained segments are then merged into semantically meaningful action
primitives using derived contextual information. This bottom-up approach
yields motion segments at consistent granularity levels across different layers,
facilitating precise semantic and temporal alignment of segments across multiple
demonstrations and enabling the learning of spatio-temporal bimanual coordination
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strategies. As an application, we present a task-oriented grasp learning and genera-
tion framework that models task-specific grasp poses in the grasping segments
of human demonstrations as a pose constraint relative to object functional parts,
and transfers it to novel categorical objects during inference time.

Together, these three interconnected components constitute our bottom-up
keypoint-based visual imitation learning (KVIL) framework, which derives subsym-
bolic spatio-temporal task representations from sparse human demonstration
videos for both unimanual and bimanual manipulation tasks. The main ob-
jective of this thesis is to model invariant task features based on keypoints,
geometric constraints, task roles of objects and hands, and spatio-temporal co-
ordination – while also developing effective mathematical methods to extract
these features from video inputs. The developed framework is evaluated across
various daily tasks on humanoid robots, demonstrating its effectiveness and
potential to robustly generalize learned tasks to novel objects and environments,
thereby significantly advancing the state-of-the-art in visual imitation learning.
Furthermore, this thesis opens numerous avenues for future research, including
the exploration of more complex spatio-temporal task models, application to
articulated and soft objects, and the development of more sophisticated learning
algorithms to enhance the robustness and generalization of visual imitation
learning systems to real-world scenarios.
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Deutsche Zusammenfassung

Lernen aus Beobachtung ist ein grundlegender Mechanismus, durch den Men-
schen neue Fähigkeiten erwerben, indem sie andere beobachten und die Konse-
quenzen ihres Handelns verstehen. Diese Fähigkeit ermöglicht den Erwerb von
Fertigkeiten durch Demonstration und reduziert so den Bedarf an kostspieligen
Versuch-und-Irrtum-Prozessen. Forschung zur kognitiven Entwicklung haben
gezeigt, dass Säuglinge komplexe Fertigkeiten erlernen und induktive Verall-
gemeinerungen aus spärlichen Beispielen ableiten können, indem sie Bezugs-
personen beobachten. Dabei nutzen sie statistische Evidenz, die die Kovariation
von Aufgabenmerkmalen modelliert, ohne dabei direkte physische Interaktion
oder explizite sprachliche Instruktionen zu benötigen. Durch die Identifizierung
invarianten Aufgabenmerkmale – wie etwa Schlüsselpunkte, die mit den funk-
tionalen Teilen eines Objekts assoziiert sind – aus hochdimensionalen visuellen
Eingaben ist es möglich, effektive und übertragbare Aufgabenrepräsentationen
abzuleiten. Diese Erkenntnisse haben zu bedeutenden Forschungsfragen in der
Robotik geführt, um Visual Imitation Learning (VIL) Systeme zu entwickeln, die
Mechanismen des Lernen aus Beobachtung bei Menschen nachahmen. Dennoch
stellt der Erwerb generalisierbarer Aufgabenrepräsentationen allein aus spärli-
chen menschlichen Demonstrationsvideos eine erhebliche Herausforderung
dar.

In dieser Dissertation verfolgen wir einen Bottom-up-Ansatz, der wesentliche in-
variante Aufgabenmerkmale aus Demonstrationen extrahiert, ohne auf Ground-
Truth-Labels, direkte physische Interaktion oder sprachliches Bootstrapping,
wie sie in Top-down-Methoden häufig genutzt werden, angewiesen zu sein.
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Wir adressieren die Herausforderungen beim Erlernen komplexer Manipulati-
onsaufgaben, indem wir diese in handhabbare Teilprobleme in den räumlichen
und zeitlichen Domänen zerlegen. Im räumlichen Bereich extrahiert unser An-
satz objektzentrierte, schlüsselpunktbasierte geometrische Einschränkungen,
die die funktionalen Aspekte von Objekten sowie die räumliche Koordination
zwischen den Händen erfassen. Anschließend nutzen wir neuronale Objektde-
skriptoren, um den Transfer erlernter Aufgaben auf neuartige Objektinstanzen
oder Objektkategorien zu erleichtern. Im zeitlichen Bereich segmentieren wir
menschliche Demonstrationen hierarchisch und lernen zeitliche Koordination
sowie Aktionsprimitive.

Während der gesamten Arbeit wenden wir varianzbasierte statistische Analy-
sen an, um invariante Aufgabenmerkmale – einschließlich Schlüsselpunkten,
gemeinsamen Blickwinkeln, der Dominanz von Objekten und Händen sowie
raum-zeitlichen Einschränkungen – aus spärlichen menschlichen Demonstra-
tionen zu extrahieren. Diese Forschung adressiert die folgenden zentralen For-
schungsfragen: 1) Wie können schlüsselpunktbasierte subsymbolische Aufga-
benrepräsentationen modelliert werden, um eine Intra-Kategorie-Generalisation
zu ermöglichen? 2) Wie können diese Repräsentationen effektiv aus visuellen
Eingaben erkannt und extrahiert werden? 3) Wie können Koordinationsstrategi-
en für verschiedene einhändige und beidhändige Manipulationen erlernt und
in bimanuale Compliance-Controller integriert werden? 4) Wie können Demons-
trationsvideos auf einer konsistenten Granularitätsebene segmentiert werden,
um das Erlernen räumlicher und zeitlicher Koordination zu erleichtern?

Erlernen schlüsselpunktbasierter
Aufgabenrepräsentationen

Zunächst konzentrieren wir uns auf die Modellierung generalisierbarer sub-
symbolischer schlüsselpunktbasierter Aufgabenrepräsentationen und deren Erlernen
aus spärlichen menschlichen Demonstrationsvideos von einhändigen Manipula-
tionsaufgaben. Hierzu schlagen wir eine neuronale, deskriptorbasierte Objek-
trepräsentation in Verbindung mit einer Wahrnehmungspipeline für VIL vor,
die Menschen und Objekte erkennt, deren Zustände verfolgt, Schlüsselpunkt-
kandidaten vorschlägt und dichte Korrespondenzen zwischen Objektinstanzen
herstellt, um Blickwinkeldiskrepanzen und Objektvariationen zu adressieren.
Unser Principal Constraint Estimation (PCE)-Algorithmus extrahiert spärliche,

VI



jedoch semantisch aussagekräftige Schlüsselpunkte – welche mit den funktio-
nalen Teilen eines Objekts assoziiert sind – aus dem Kandidatensatz, indem
er die statistische Varianz ihrer räumlichen Verteilung über mehrere Demons-
trationen analysiert. PCE leitet gleichzeitig schlüsselpunktbasierte geometrische
Einschränkungen auf Hauptmannigfaltigkeiten, deren zugehörige lokale Bezugssyste-
me sowie Bewegungsprimitive als subsymbolische Aufgabenrepräsentationen ab.
Im Gegensatz zu den meisten bestehenden Ansätzen, die nur einen Teil dieser
Repräsentationen erlernen, bietet unsere Methode ein umfassendes Verständnis
der Aufgabenbeschränkungen. Die resultierenden Aufgabenrepräsentationen
sind interpretierbar, übertragbar, blickwinkelinvariant und unabhängig vom
Embodiment. Folglich können die erlernten Aufgaben robust auf neuartige Ob-
jektkategorien generalisiert und von einem neuartigen schlüsselpunktbasierten
Admittanz-Controller auf einem humanoiden Roboter reproduziert werden.
Unsere zentrale Erkenntnis ist, dass eine spärliche, objektzentrierte Repräsenta-
tion kombiniert mit dichten Korrespondenzerkennungen die Intra-Kategorie-
Generalisation erheblich verbessert und das Erlernen verschiedener Alltagsauf-
gaben aus bereits wenigen (z.B. 10) Demonstrationsvideos in komplexen Szenen
ermöglicht.

Erlernen von bimanualen Koordinationsstrategien

Beidhändige Manipulationen stellen aufgrund komplexer Objektbeziehungen,
feingranularer Bewegungsdetails und diverser Koordinationsstrategien zwi-
schen den Händen eine zusätzliche Herausforderung dar. Ähnlich wie bei
einhändigen Aufgaben weisen auch beidhändige Manipulationsaufgaben invari-
ante Merkmale über mehrere Demonstrationen hinweg auf. Wir erweitern unse-
re einhändigen Aufgabenrepräsentationen Aufgaben, indem wir eine neuartige
hybride Master-Slave-Objektbeziehung einführen, die die Rollen von Objekten
und Händen in einer Aufgabe durch die Ausnutzung statistischer Invarianzen
in deren räumlichen Verteilung kapselt. Diese Formulierung ermöglicht die
Ableitung diverser Koordinationsstrategien, die eine vollständige Taxonomie
von beidhändigen Manipulationsaufgaben abdecken, und vereinheitlicht da-
mit einhändige und beidhändige Aufgabenrepräsentationen. Feingranulare,
schlüsselpunktbasierte geometrische Einschränkungen ermöglichen es unse-
rem Ansatz, detaillierte Bewegungsstile aus Demonstrationen zu erfassen, was
den Weg für die Modellierung personalisierter Aufgabenrepräsentationen in
der Zukunft ebnet. Basierend auf den extrahierten bimanualen Koordinati-
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onskategorien entwickeln wir Echtzeit-Compliance-Controller, die in der Lage
sind, Beidhändigkeit, Bewegungssynchronisation und hybride Master-Slave-
Beziehungen zu steuern.

Schlüsselpunktbasierte Segmentierung, bimanuale
Koordination und Greifen

Menschliche Demonstrationen bestehen typischerweise aus einer Abfolge von
Aktionen, wodurch die Erkennung gemeinsamer Bewegungssegmente über
verschiedene Demonstrationen hinweg entscheidend für das Erlernen umfas-
sender Aufgabenrepräsentationen ist. Zur Bewältigung dieser Herausforderung
schlagen wir einen schlüsselpunktbasierten hierarchischen Bewegungssegmentierungs-
algorithmus für VIL vor, der die Bewegungseigenschaften von Schlüsselpunkten
in objektzentrierten lokalen Bezugssystemen ausnutzt. Durch die Nutzung dich-
ter Schlüsselpunktinformationen identifiziert der Algorithmus Veränderungen
in den statischen und dynamischen räumlichen Beziehungen von Objekten
auf der feinsten Granularitätsebene. Diese feingranularen Segmente werden
anschließend mithilfe abgeleiteter kontextueller Informationen zu semantisch be-
deutungsvollen Aktionsprimitive zusammengeführt. Dieser Bottom-up-Ansatz
liefert Bewegungssegmente mit konsistenter Granularität über verschiedene
Ebenen hinweg, was eine präzise semantische und zeitliche Ausrichtung der
Segmente über mehrere Demonstrationen hinweg ermöglicht und das Erlernen
von raum-zeitlichen bimanualen Koordinationsstrategien unterstützt. Als Anwen-
dung präsentieren wir ein aufgabenorientiertes Rahmenwerk für das Lernen von
Griffen, das aufgabenbezogene Greifpositionen in den Greifsegmenten menschli-
cher Demonstrationen als Pose-Einschränkung in Bezug auf die funktionalen
Teile von Objekten modelliert und diese während der Inferenz auf neuartige,
kategoriale Objekte überträgt.

Zusammen bilden diese drei miteinander verbundenen Komponenten unseren
Bottom-up-Ansatz des schlüsselpunktbasierten visuellen Imitationslernens (KVIL),
der subsymbolische raum-zeitliche Aufgabenrepräsentationen aus spärlichen
menschlichen Demonstrationsvideos für einhändige und beidhändige Manipula-
tionsaufgaben ableitet. Das Hauptziel dieser Dissertation ist es, invariante Aufga-
benmerkmale basierend auf Schlüsselpunkten, geometrischen Einschränkungen,
Aufgabenrollen von Objekten und Händen sowie räumlich-zeitlicher Koordina-
tion zu modellieren und gleichzeitig effektive Methoden zur Extraktion dieser
Merkmale aus Videodaten zu entwickeln. Das entwickelte Framework wird
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anhand verschiedener Alltagsaufgaben auf humanoiden Robotern evaluiert,
wobei seine Effektivität und sein Potenzial zur robusten Generalisierung erlern-
ter Aufgaben auf neuartige Objekte und Umgebungen demonstriert werden.
Dies stellt einen signifikanten Fortschritt im Stand der Technik des visuellen
Imitationslernens dar. Darüber hinaus eröffnet diese Dissertation zahlreiche
Perspektiven für zukünftige Forschungen, darunter die Erforschung komplexe-
rer räumlich-zeitlicher Aufgabenmodelle, die Anwendung auf artikulierte und
weiche Objekte sowie die Entwicklung anspruchsvollerer Lernalgorithmen zur
Verbesserung der Robustheit und Generalisierbarkeit visueller Imitationslernen-
systeme in realen Szenarien.
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Chapter 1. Introduction

CHAPTER 1

Introduction

Social learning theory, a cornerstone in psychology and cognitive development
introduced in Bandura (1977), elucidates how individuals acquire new behaviors,
attitudes, and emotional responses through observation rather than direct expe-
rience or reinforcement. By integrating observation, imitation, and modeling as
essential learning mechanisms, this theory bridges the gap between behaviorist
and cognitive learning paradigms, offering a foundation for understanding how
social interactions shape learning and behavior.

At its core, social learning theory emphasizes cognitive processes such as atten-
tion, retention, reproduction, and motivation. Extensive research in cognitive
development has shown that observational learning (Burke et al., 2010) plays a
crucial role in human development, beginning in infancy. Infants begin to acquire
complex skills by observing and mimicking the actions of caregivers and peers.
This learning process is not merely a passive mirroring of behaviors; instead,
it involves active cognitive engagement, such as understanding human inten-
tions (Meltzoff, 1995), comprehending object functional analogies (Waismeyer
et al., 2015; Yiu and Gopnik, 2023; Yiu et al., 2024), predicting outcomes (Meltzoff
and Prinz, 2002), and making inductive inferences (Gweon et al., 2010; Schulz,
2012; Meltzoff et al., 2012; Waismeyer et al., 2015) from visual perception alone.

Research has revealed that infants can learn inductive generalizations from
remarkably sparse samples (Gweon et al., 2010; Gweon and Schulz, 2011; Schulz,
2012). Several key factors contribute to this ability. One crucial aspect is the
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modeling of observed statistical evidence from demonstrated samples and the
assessment of the strength of this evidence. Such evidence encompasses object
properties, event probabilities and their sampling processes, invariant features,
and spatio-temporal action constraints. This cognitive process enables infants,
as young as nine months old, to project task properties across object instances
that share semantic labels and/or visual appearances, generalize functionalities
to visually similar objects (Gweon et al., 2010), and reproduce demonstrated
actions on these objects. Further studies indicate that despite early-stage scale
errors, infants can perform the same general action on a class of objects and
calibrate their movements accordingly (DeLoache et al., 2004). This finding
suggests that modeling manipulation skills in an abstract object space and con-
ditioning actions on constraints derived from object properties are beneficial for
generalization. Notably, infants efficiently acquire such inference generalization
from covariation in a few demonstrations without physical interaction (trial-
and-error) and without causal linguistic descriptions from demonstrators, i. e.,
without linguistic bootstrapping (Meltzoff et al., 2012; Waismeyer et al., 2015).

Insights from the cognitive development research on infant observational learn-
ing have significantly influenced robotics research, particularly in the field of
Visual Imitation Learning (VIL). By emulating early human learning processes, hu-
manoid robots can efficiently replicate not only the physical actions of humans
but also their relationships to the environment, such as the connection between
actions and functional parts of objects. For instance, by observing a few videos
of people pouring water from kettles into teacups as shown in Figure 1.1, the
task of visual imitation learning is to determine “what” a pouring task entails,
“how” to perform it, and when to “when” to execute it. This task becomes partic-
ularly challenging when performed under varying conditions: using one arm
(Figure 1.1a), using both arms from different viewpoints with diverse cups and
object poses ( Figure 1.1b), or performing a sequence of actions (Figure 1.1c).

From a computational perspective, learning complex manipulation tasks can
be decomposed into simpler problems in both spatial and temporal domain.
Specifically, geometric task constraints can be framed as a set of keypoint-based
geometric relationships between object parts of object pairs. For instance, in a
pouring task, the spout and handle of a kettle can be represented as keypoints k1

and k2, or as key regions surrounding them. These keypoints or key regions, as
invariant features, facilitate aligning multiple demonstrations of the same task
into a common viewpoint as shown in Figure 1.2a. This alignment allows the
pouring task to be conceptualized as a set of geometric constraints as illustrated
in Figure 1.2b: aligning the spout k1 with a point above the cup’s rim (point-to-
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(a)

(b)

(c)

Figure 1.1.: Human demonstrations of the pouring task. (a) shows the unimanual pour-
ing demonstration, (b) shows bimanual variants recorded from a different
viewpoints, (c) illustrates the coarse sub-actions in the pouring task, includ-
ing reaching ( ), pouring ( ) and placing ( ).

point constraint) and orienting the handle k2 to a curve that controls the kettle’s
inclination angle (point-to-curve constraint). This framework of keypoints, key
regions, and geometric constraints can be generalized to represent a wide array
of daily manipulation tasks. By parameterizing the motion of object functional
parts relative to local frames of reference attached to objects, we create a flexible,
object-centric representation that can adapt to various scenarios.

In the temporal domain, a manipulation tasks consisting of a sequence of sub-
actions can be decomposed into simpler motion segments (Graybiel, 1998),
where each segment can be learned as a primitive in an action library (Pas-
tor et al., 2009). For instance, the pouring task comprises approach, pour and
place actions at the coarse level (see Figure 1.1c). The segmentation granularity
depends on task complexity and coordination requirements. When bimanual co-
ordination strategies vary across task phases, temporal and spatial coordination
must be extracted to reflect the demonstrated motion styles.

To automatically extract these keypoint-based task representations from sparse
demonstrations, invariant features across multiple demonstrations must be
identified: 1) Consistent visual features of object functional parts across differ-
ent object instances or categories (e. g., the container openings); 2) Geometric
constraints that become apparent when the same object across multiple demon-
strations are spatially distributed according to these constraints (e. g., alignment
of spout and cup rim); 3) Common viewpoints, in which these constraints are
most evident; 4) Roles of objects and hands, indicating their dominance in the
task; and 5) Persistent temporal distribution between events occurring on two
arms, indicating bimanual temporal coordination. Leveraging these invariant
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k2

k1

F

trajectory variation

shape variation pose variation

(a) Human demonstrations

k2
k1

F

point-to-point point-to-curve

movement primitives

(b) Geometric task representation

Figure 1.2.: Overview of the KVIL approach. (a) Human demonstration videos of manip-
ulation actions involving categorical objects with shape, pose, and trajectory
variations aligned in a common viewpoint. (b) Extraction of sparse keypoints
k1,k2 subject to certain types of geometric constraints (point-to-point and
point-to-curve), their associated local frames F and the movement primitives
which represent the demonstrated keypoint motions.

features enhances the generalization capability of VIL across diverse objects and
contexts (Kroemer et al., 2021).

A robust robotic VIL framework must incorporate the following key functionali-
ties:

1. A sophisticated visual perception pipeline capable of detecting and track-
ing relevant object parts and their spatial relationships (attention process).

2. Mathematical formulations of subsymbolic keypoint-based task represen-
tations and algorithms for extracting it by leveraging statistical evidence
from multiple demonstrations (retention and modeling process). By de-
composing tasks into spatial and temporal domains, these algorithms can
break down complex problems into smaller, more tractable ones, where
motion patterns and constraints become more visible and salient, thereby
enhancing robustness and generalization capability.

3. Hierarchical controllers that can reproduce the learned tasks and adapt
them to novel objects and scenarios (reproduction process).

The methods developed in this thesis aim improve the task understanding at sub-
symbolic level, enabling robots to efficiently learn and generalize manipulation
skills from visual demonstrations.

The next section formally presents the problem statement that frames the re-
search in this thesis.
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1.1. Problem Statement

This thesis aims to develop a robust visual imitation learning (VIL) framework
for robotics that automatically extracts subsymbolic task representations from a
limited set of human demonstration videos of a sequence of manipulation ac-
tions. The proposed framework unifies unimanual and bimanual manipulation
tasks by modeling various spatio-temporal bimanual coordination strategies, en-
compassing the complete bimanual manipulation taxonomy (Krebs and Asfour,
2022). Crucially, the learned task representations should be designed to gen-
eralize across intra-category object instances, regardless of variations in object
size, shape, and appearance. To this end, we address the following core research
questions.

Learning Subsymbolic Task Representations

Object-centric modeling of task constraints, as illustrated in the pouring example
(see Figure 1.2b), is key to achieving intra-category generalization. By represent-
ing the keypoint-based geometric constraints and their motions in object-centric
local frames associated with object functional parts, we can scale and adapt
the learned task representation to novel and similar object instances. Here, we
explore: 1) What computer vision algorithms facilitate object similarity mea-
surement, invariant feature detection and generalizable object representation?
2) How to model and structure the keypoint-based task constraints based on
invariant task features to maximize generalization capability? 3) What statistical
algorithms can efficiently extract these invariances, mimicking infant learning
processes? and 4) What is the appropriate way to combine adaptable motion
representations with task constraints in compliance control framework?

Learning Bimanual Spatial Coordination

Bimanual manipulation, essential in human activities, presents unique chal-
lenges due to its complexity involving multiple objects, intricate object relation-
ships, fine-grained motion details, and diverse coordination strategies between
both arms. Similarly to the unimanual case, bimanual manipulation tasks also
exhibit invariant features over several demonstrations (Muhlig et al., 2009b,a).
In this thesis, we investigate: 1) How to extend unimanual task representations
to bimanual cases while retaining their properties? 2) What statistical evidence
can be used to extract bimanual spatial coordination strategies from sparse data?
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and 3) How to control robotic arms to fulfill different coordination strategies
and task constraints while maintaining demonstrated motion styles?

Motion Segmentation and Bimanual Temporal Coordination

Human demonstrators often present several sub-tasks in a single demonstra-
tion (Wang et al., 2023a) without providing linguistic descriptions of where
to segment. The superior cognitive capability allows human to properly seg-
ment actions based on contextual evolution and motion characteristics from
visual signals. In this thesis, we explore: 1) Which motion segmentation algo-
rithm can be used to segment a sequence of bimanual actions? and 2) How
to model bimanual temporal coordination and align action segments across
multiple demonstrations, so that the keypoint-based task constraints can be
reliably extracted?

It is important to note that our approach excludes linguistic bootstrapping,
aligning with studies on pre-verbal or non-verbal infants’ ability to grasp motion
patterns, object functionalities, and object spatial relations from visual input
alone (Meltzoff, 1995; Waismeyer et al., 2015).

By addressing these research questions, this thesis aims to significantly enhance
the robustness and generalization capabilities of visual imitation learning frame-
works, thereby advancing the state-of-the-art in robotic learning from human
demonstrations.

1.2. Contributions

The core contribution of this thesis is the development of a Keypoints-based
Visual Imitation Learning (KVIL) system, capable of extracting generalizable sub-
symbolic task representations. KVIL is a bottom-up approach inspired by the
observational learning process exhibited by pre-verbal or non-verbal human
infants (Meltzoff et al., 2012; Waismeyer et al., 2015), without relying on com-
mon sense knowledge embedded in language foundation models (Yiu et al.,
2024). To address the challenges outlined in Section 1.1, we present three ma-
jor contributions in this thesis, namely, 1) modeling and extraction method of
keypoints-based subsymbolic task constraints, 2) learning bimanual spatio-tem-
poral coordination strategies, 3) hierarchical motion segmentation, facilitating
temporal analysis and automatically learning of a series of actions, including
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Figure 1.3.: The core contributions of the keypoints-based visual imitation learning
approach.

task-oriented grasping. Leveraging multiple types of statistical evidence, KVIL
requires only a few visual demonstrations (fewer than 10) to learn effectively.
The resulting task representations are sparse, object-centric, viewpoint-invariant,
embodiment-independent, and generalizable in intra-category settings. An
overview of the contributions is shown in Figure 1.3.

1.2.1. Learning Keypoints-based Subsymbolic Task
Constraints

In the first part of the thesis, we propose a visual imitation learning framework
that automatically extracts keypoint-based subsymbolic task representations
focusing on unimanual tasks, named Uni-KVIL. Key contributions include: 1) A
generalizable object representation based on visual neural descriptors in 2D
and 3D space; 2) A generalizable subsymbolic task representation comprising
keypoint-based geometric constraints on principal manifolds, their associated
local frames, and movement primitives for task reproduction; These geometric
constraints allow composition for modeling complex spatial constraints. 3) An
efficient learning algorithm based on statistical evidence, extracting task repre-
sentations from a single demonstration video and refining them with additional
demonstrations; 4) A novel keypoint-based admittance controller (KAC), which
prioritizes geometric constraints, and enables successful task reproduction in
novel scenarios.
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1.2.2. Learning Bimanual Coordination Strategies

In the second part of the thesis, we extend the keypoints-based visual imita-
tion learning framework to bimanual manipulation tasks, named Bi-KVIL. key
contributions are: 1) A Hybrid Master-Slave Relationship (HMSR) model struc-
turing the roles and relationships of all object pairs, incorporating Uni-KVIL’s
task representation for each object pair as necessary; 2) A rule-based system
for automatically deriving bimanual coordination strategies from the HMSR
graph; 3) A bimanual keypoints-based admittance controller (Bi-KAC), extend-
ing KAC, where control commands propagate through the HMSR graph to the
robot end-effectors, enabling reproduction of fine-grained bimanual tasks.

Notably, Bi-KVIL simultaneously extracts the HMSR, corresponding bimanual
coordination strategies, and keypoints-based subsymbolic task representations
from fewer than 10 demonstration videos, while retaining all properties of
Uni-KVIL’s task representation.

1.2.3. Keypoint-based Segmentation, Bimanual Coordination
and Grasping

In the third part of this thesis, we address bimanual temporal coordination by
developing an object-centric, keypoint-based hierarchical motion segmentation
algorithm. This algorithm produces motion segments with consistent granularity,
thereby facilitating the learning of geometric constraints for each segment using
Bi-KVIL. The key contributions are as follows: 1) A keypoint-based hierarchi-
cal motion segmentation algorithm; 2) A temporal coordination representation
for bimanual tasks, which, when combined with Bi-KVIL’s spatial coordina-
tion, forms comprehensive spatio-temporal coordination strategies for bimanual
manipulation; 3) A task-oriented grasp learning, generation and execution frame-
work that leverages the results of motion segmentation. This framework learns
task-specific grasp pose constraints in object canonical space for each grasping
segment individually, transfers generated target grasp pose to categorical objects,
and executes a series of object grasping and rearrangement tasks.

1.3. Structure of the Thesis

The remainder of this thesis is structured as follows. Chapter 2 presents a
comprehensive review of the literature relevant to the core problems outlined
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in Section 1.1. We begin by discussing structured and unstructured task rep-
resentations, emphasizing the significance of interpretable intermediate task
representations in visual imitation learning. Among structured representations,
keypoint-based constraints play a crucial role in enhancing data efficiency and
transferability. We analyze various keypoints extraction methods, highlighting
their limitations and challenges, and compare them with our proposed approach.
Additionally, we review the literature on bimanual coordination and control, as
well as motion segmentation approaches for imitation learning.

Chapter 3 introduces the foundational methodologies employed in this the-
sis. These include state-of-the-art object feature extraction using dense visual
descriptors, principal manifold learning algorithms, and movement primitive
models. Understanding these components is essential for comprehending the
keypoint-based task representations developed in Chapter 4.

In Chapter 4, we detail the keypoint-based geometric constraints and propose the
Principal Constraint Estimation algorithm, which automatically extracts these con-
straints from the keypoint dataset. We then describe the keypoint-based compliance
controller for task reproduction, followed by extensive evaluation in various
unimanual robot manipulation tasks. To facilitate effective learning from sparse
video demonstrations, we propose a neural descriptor-based generalizable ob-
ject representation and a perception pipeline to obtain dense candidate points,
serving as the basis for extracting keypoint-based task constraints.

Chapter 5 extends the keypoint-based task representations and control frame-
work from Chapter 4 to bimanual manipulation. We introduce a hybrid master-
slave object relationship, which can be automatically extracted from sparse human
demonstrations and used to derive the bimanual coordination strategies in spatial
domain. We further extend the controller to accommodate various bimanual
coordination strategies and evaluate its performance across different bimanual
manipulation tasks.

In Chapter 6, we introduce a keypoint-based hierarchical motion segmentation algo-
rithm that decomposes complete tasks into smaller segments based on keypoint
motion characteristics and static and dynamic proximity relationships between
object pairs. The segments are then grouped into primitive actions relying on
the derived contextual information, facilitating the learning of bimanual spatio-
temporal coordination. Given the importance of grasping in manipulation task, we
introduce task-oriented grasps modeled as a pose constraint using Gaussian Mix-
ture Model in object-centric local frames. We then show an application of motion
segmentation and task-oriented grasping for object rearrangement tasks.
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Finally, Chapter 7 summarizes the core contributions of the thesis. We also dis-
cuss “what” is learned as task representations, “how” these representations
are derived through invariant features and “when” the spatio-temporal con-
straints should be extracted. We examine the invariant features that contribute
to visual imitation learning and the techniques that facilitate generalization and
extrapolation. The chapter concludes by discussing research findings in cogni-
tive development that are yet to be realized in robotics and outlines promising
directions for future research in visual imitation learning.
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CHAPTER 2

Related Work

The fundamental challenge in imitation learning is to solve the correspondence
problem between the demonstrator’s and the imitator’s context (Argall et al.,
2009; Billard et al., 2016; Calinon, 2018; Osa et al., 2018; Liu et al., 2018). This
context typically encompasses variations in viewpoints, objects, trajectories
of states or state-action pairs, acquired from human demonstrators through
various means such as kinesthetic teaching, teleoperation, motion capture, or
video recordings using RGB or RGB-D cameras (Argall et al., 2009; Calinon,
2018).

Obtaining data via kinesthetic teaching necessitate direct access to the robot via
haptic guidance, which can be challenging to achieve for bimanual tasks (Cali-
non, 2018). Motion capture systems, though provide precise 3D reconstructions
of human motion and object status, demand expensive camera setups and te-
dious post-processing steps (Argall et al., 2009). In contrast, visual imitation
learning offers a more accessible and intuitive approach, relying on video record-
ings of demonstrations (Kroemer et al., 2021; Liu et al., 2018). This approach
significantly reduces hardware costs compared to traditional approaches and
enables efficient data collection. However, the reliance on demonstration videos
alone introduces new complexities to the context, as it must encompass the
appearance of objects and demonstrators, their spatial relationships, and motion
trajectories implicitly represented in pixels. A key challenge in visual imitation
learning is the absence of direct access to the underlying state of the physical
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world and the lack of explicit labels mapping context in human domain to
robot’s domain (Kroemer et al., 2021). Without predefined action labels, goal
states, or action space, visual imitation learning approaches must derive these
from raw pixel-level information.

In the literature, the visual imitation learning has been framed as various prob-
lems, each addressing a subset of the key challenge: 1) knowledge retrieval prob-
lem (Pari et al., 2022; Karnan et al., 2022b; Ramachandruni et al., 2020), where
the system retrieves stored expert demonstrations that best matches the current
perception to guide robot execution; 2) motion retargeting problem (Qin et al.,
2022), which employs optimization-based techniques to map detected human
skeletons in demonstration videos to robot motions; 3) image and context trans-
lation problem (Liu et al., 2018; Sharma et al., 2019; Smith et al., 2020), where
the implicit context information in image space of demonstrator’s domain are
mapped to the context in robot’s domain using deep neural networks, without
explicitly extracting explicit intermediate representations; 4) sequence-to-sequence
problem (Zhu et al., 2023; Fu et al., 2024a), which tokenizes trajectories of contex-
tual information (e. g., object and human hand movements) in the demonstration
to train transformer-based policies; and 5) constraint learning problem (Jin and
Jagersand, 2022; Sieb et al., 2019), where explicit geometric or temporal con-
straints between objects and demonstrators are modeled at various levels of
representation (Kroemer et al., 2021).

Each of these approaches addresses different aspects of the visual imitation learn-
ing problem. Knowledge retrieval approaches do not model task constraints,
making them dependent on storing all demonstration videos, which can limit
transferability, especially in cluttered environments where visual appearance
variations affect retrieval accuracy. Motion retargeting approaches primarily
focus on mapping kinematic motions between human and robot embodiment.
While handcrafted hand-object constraints can be used to design optimization
objectives, these approaches often overlook the learning of general task con-
straints between hands and objects.

Approaches based on image and context translation model unstructured task
constraints implicitly using deep neural networks. While these methods can
be effective, they require large amounts of training data and are susceptible to
viewpoint mismatches. In contrast, structured task representations explicitly
model the context using interpretable intermediate representations, such as
objects, parts, or keypoints, along with their spatio-temporal constraints from
demonstrations. This enables object-centric representation for better generaliza-
tion compared to unstructured task representation. The constraint learning and
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sequence-to-sequence modeling approaches fall within this structured paradigm
but differ in their choice of task features and learning methods, leading to varia-
tions in data efficiency, transferability, and scalability. The primary challenges
in visual imitation learning of structured task representations can be summa-
rized as: (i) Detection of visual correspondences between the demonstrator’s
and imitator’s contexts; (ii) Understanding fine-grained task constraints and
scene structures while designing generalizable task representations; (iii) De-
veloping sample-efficient and scalable bimanual coordination strategies and
control policies; and (iv) Ensuring efficiency, reusability and transferability in
learning long-horizon tasks.

In the following, we review the literature on structured and unstructured task
representations in visual imitation learning. In Section 2.1 and Section 2.2, we
discuss different task representation models, with a focus on keypoint-based
approaches. We discuss how the choice of models and the learning methods
affect their generalization capability. Section 2.3 presents methods for modeling
bimanual coordination strategies and control in visual imitation learning, while
Section 2.4 examines how long-horizon tasks are decomposed into more tractable
components through motion segmentation algorithms and bimanual temporal
coordination.

2.1. Structured Task Representation

Human infants demonstrate remarkable cognitive capacities in learning and
generalizing manipulation skills associated with object classes (DeLoache et al.,
2004), and in discovering novel tool usage based on object similarity (Rawlings
and Legare, 2021). Experimental evidence suggests that infants can abstract
motor skills in an abstracted object space from only one or a few demonstra-
tions (DeLoache et al., 2004), enabling them to project learned skills to visually
similar object instances, even under significant variations in object size, prop-
erties, and appearance. This cognitive prowess has inspired roboticists to seek
similar object and scene representations that facilitate efficient learning of gener-
alizable skill representations. In the literature, the understanding of fine-grained
scene structures is primarily achieved through three key aspects: 1) modeling
of object-centric and invariant representation; 2) modeling of object-centric
task constraints on top of this invariant representation; and 3) extraction of a
hierarchy of the scene structure. At the core of these aspects lies the model that
measures object similarity at different granularity levels, which is often called

13



Chapter 2. Related Work

“neural descriptors” in computer vision and robotics (Xie et al., 2022). In the next
section, we first review neural descriptor models in Section 2.1.1, then examine
each of these key aspects in detail in Sections 2.1.2 to 2.1.5, respectively, where
Section 2.1.4 specifically focuses on analyzing different keypoint acquisition
methods.

2.1.1. Neural Descriptors

Robot manipulation has benefited from the significant advancements in fea-
ture representation and correspondence detection, evolving from traditional
handcrafted features to sophisticated neural implicit representations. These
features, also called neural descriptors, serve as similarity measure at a different
granularity, and enable correspondence detection at pixel, part or object instance
level (Kroemer et al., 2021).

Early approaches to feature detection relied on handcrafted algorithms such as
SIFT (Scale-Invariant Feature Transform) (Lowe, 1999) that were robust to scale,
rotation, and illumination variations. While effective for certain visual servoing
tasks (Maxim et al., 2012), SIFT had limitations in dense feature extraction and
robustness to viewpoint changes. Subsequent work led to the development of
dense feature detectors like SuperPoint (DeTone et al., 2018), which leveraged
deep learning to improve detection and tracking of salient features across the
entire image, facilitating VIL of autonomous navigation tasks following a know-
ledge retrieval manner (Karnan et al., 2022b). Similarly, general dense keypoint
tracking algorithms like SpatialTracker (Xiao et al., 2024) and RoboTAP (Ve-
cerik et al., 2024), demonstrated reliable behavior in tracking local features over
time. They perform well in tracking the same objects over time. However, due
to lack of consistent semantic meaning in the features, these neural descrip-
tors do not scale to tasks such as finding correspondence between categorical
objects (Vecerik et al., 2024).

To enable continuous, fine-grained, category-level neural descriptors, Florence
et al. (2018) proposed Dense Object Net (DON), which maps each pixel of an
RGB image to a high-dimensional feature space. Pixels with similar local ap-
pearance are mapped to nearby locations in this space, enabling pixel-level dense
correspondence detection based on feature similarity. Unlike sparse keypoint de-
tection algorithms such as SuperPoint, DON’s continuous feature space allows
arbitrary pixel selection in one image and retrieves corresponding points in
another, making it more flexible for fine-grained perception tasks. Trained via
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self-supervision, DON is task-agnostic and remains consistent across time, view-
points, and object instances, facilitating diverse manipulation tasks for both rigid
and non-rigid objects (Florence et al., 2018; Hadjivelichkov and Kanoulas, 2022;
Florence et al., 2020; Ganapathi et al., 2021; Manuelli et al., 2020). To enhance
efficiency and quality in training data collection, we leverage neural radiance
fields (NeRF, Müller et al. (2022)) as a more advanced alternative to traditional
3D reconstruction methods used in the original DON approach. However, DON
is typically trained on a per-category basis or across a limited set of object
categories, making its extension to an open-world setting challenging.

Recent advancements in large visual foundation models have further revolu-
tionized feature extraction for object representation and semantic understand-
ing (Firoozi et al., 2025). Models such as DINO-ViT (self-DIstillation with NO
labels - Vision Transformer, Amir et al. (2022)), DINOv2 (Oquab et al., 2024), SAM
(Segment Anything Model, Kirillov et al. (2023)), CLIP (Contrastive Language
Image Pre-training, Radford et al. (2021)), Stable Diffusion (Rombach et al., 2022;
Tang et al., 2023), and Depth Anything (Yang et al., 2024), RADIO (Ranzinger
et al., 2024) have demonstrated remarkable capabilities in extracting rich, se-
mantically meaningful, and/or spatial features from images. These models, pre-
trained on vast and diverse image datasets, offer powerful visual representations
that can be leveraged for various downstream tasks without domain-specific
fine-tuning or retraining.

DINO models provide universal feature representations across a wide range
of tasks, from pixel-level to image-level. They embed semantic information,
enabling point-, part- and instance-level correspondence detection. Wang et al.
(2023b); Ju et al. (2024) and Tsagkas et al. (2024) used DINO features at point-level
to transfer grasp position on different object instances, while Lin et al. (2024) used
it as attention mechanism to train Behavior Cloning (BC) policy. At a part-level,
DINO features can be combined with different clustering methods to extract a
sparse set of keypoints on the object, which can then be used by optimization
framework (Huang et al., 2024b), transformer policy (Di Palo and Johns, 2024b),
or graph neural network (Vosylius and Johns, 2023) to generate generalizable
robot actions. At object instance-level, Di Palo and Johns (2024b) proposed to
use the DINO features for matching object instances between demonstration
and deployment, which is then used by a transformer policy to generate actions.
Di Palo and Johns (2024a) proposed an imitation learning approach leveraging
DINO features at instance-level for trajectory retrieval and at point-level for
end-effector alignment with the demonstration.
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The quality and expressiveness of these features can be enhanced by merging
features from multiple visual foundation models. Tsagkas et al. (2024) demon-
strated this by combining DINO and Stable Diffusion features, joining their
strengths in semantic understanding and geometric encoding to distinguish
semantically similar but spatially distinct object parts for grasping tasks (see
also Zhang et al. (2023)). Similarly, Huang et al. (2024b) explored various com-
binations of DINO, SAM and CLIP features, showing that DINOv2 provides
sharper semantic regions compared to ViT and CLIP, while SAM excels at seg-
menting objects from the background. To further improve the granularity and
multi-view consistency, these features can be distilled from multiple images into
3D scene representations. Feature Fields for Robotic Manipulation (F3RM, Shen
et al. (2023)) achieves this by distilling DINO or MaskCLIP (Zhou et al., 2022)
features into a neural field, generating 3D descriptors for arbitrary interaction
point around objects. Similar approaches have been explored in neural implicit
scene representations, including FeatureNerf (Ye et al., 2023), LERF (Kerr et al.,
2023), and Feature 3DGS (Zhou et al., 2024). However, these methods require
dense views and entail time-consuming re-training for each new scene. To elim-
inate retraining, Wang et al. (2023b) proposed D3Fields, which fuses DINO
features of a sequence of images from four camera views to construct a view-
and time-consistent feature field of dynamic scenes. This representation enables
extracting and tracking of descriptors or keypoints from demonstrations for
robot policy learning. However, multi-view setups are often impractical for
humanoid robots, limiting the applicability of the distillation-based approach.

In this thesis, we adopt similar ideas as described in Tsagkas et al. (2024) by
combining 2D DINOv2 feature (Oquab et al., 2024) with Stable Diffusion fea-
ture (Tang et al., 2023) and lifting them to 3D using point clouds derived from
depth images. While this combined feature space generalizes well in open-
vocabulary settings – eliminating the need to train a DON model per object cate-
gory – it lacks the precise pixel-wise dense correspondence detection achieved by
DON. To bridge this gap, we propose integrating a smoothing deformation field
based on the Thin-plate-spline (Duchon, 1977) technique, using the combined
feature space as a guide for deformation (see details in Section 4.1.1), which is
further used in keypoint extraction algorithm (see Section 4.2).

While fusing or distilling 2D features into 3D typically requires a multi-view
camera setup, another research direction focuses on learning 3D features directly
from object 3D data, such as point clouds or triangular meshes. Wang et al.
(2019) and Wen et al. (2022) proposed normalizing different object instances
into a unit cube and finding correspondences based on their coordinates in
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this canonical space. However, ignoring the varying scaling factors of different
semantic object parts can lead to incorrect correspondence, particularly in the
case of significant local shape variation. To address this, methods such as Neural
Descriptor Fields (NDFs, Simeonov et al., 2022a) and Neural Implicit Feature
Transform (NIFT, Huang et al., 2023)) encode local geometric information within
neural implicit representations, learned in a self-supervised manner for 3D shape
reconstruction. These approaches provide view-invariant features, enabling
robust correspondence detection, similarity measurement, and category-level
pick-and-place tasks. However, their dense features struggle to capture fine-
grained details in certain object categories. To overcome this limitation, we
propose a novel, more informative 3D neural descriptor model, Multi-feature
Implicit Model (MIMO, see Section 4.1.2), which enhances fine-grained feature
distinction and is later applied in Section 6.3 for task-oriented grasping. MIMO
outperforms the state-of-the-art models such as NDF and NIFT across various
manipulation tasks. However, like NDF and NIFT, these models are typically
trained on one or a few object categories, limiting their applicability in open-
vocabulary manipulation tasks.

Contributions

In this thesis, we aim to establish a generalizable object representation leveraging
neural descriptors. Specifically, we construct object canonical spaces, establish
dense correspondences, detect and transfer keypoints, and model task-oriented
grasps. To this end, we 1) enhance the data collection pipeline of DON using
neural radiance fields (see Section 3.1.1); 2) introduce a novel, more informative
3D neural descriptor model (Section 4.1.2); and 3) integrate a Thin-plate-spline
(TPS) deformation field with foundation model features for more reliable dense
correspondence detection in open-vocabulary settings (Section 4.1.1).

Leveraging the dense and sparse features as semantic or spatial object descrip-
tors, object-centric representation can be approached in multiple directions,
enabling fine-grained manipulation task-representation invariant of camera
viewpoints. The following section reviews the state-of-the-art in this direction.

2.1.2. Object-centric and Invariant Representation

Visual imitation learning in robotics seeks to acquire robust object manipulation
skills by learning representations that emphasize task-relevant features while
discounting distracting, irrelevant details. In many previous works, the desired
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motion profiles (Ureche et al., 2015) required for manipulation tasks are condi-
tioned on task parameters (Calinon et al., 2014; Zhou et al., 2020) that describe
various scene attributes – ranging from dense visual features, sparse keypoints,
and semantic regions to object instances. Exploiting the compositional structure
of visual scenes not only emphasizes the features most pertinent to the task
but also improves spatial invariance with respect to viewpoint changes, object
transformations, and variations in object shape. In this context, constructing
an effective object-centric representation necessitates the detection of invariant,
task-specific features.

Existing literature has approached this challenge through four main method-
ologies: 1) contrastive learning to ignore irrelevant features; 2) task-agnostic
features; 3) semantic or spatial informative descriptors; or 4) category-level
object poses.

Contrastive Learning: Sermanet et al. (2018) introduced Time-Contrastive Net-
works (TCN), a self-supervised framework that leverages the temporal ordering
of video frames to learn discriminative features. By minimizing the feature dis-
tance between temporally proximate frames and maximizing it for temporally
distant ones, TCN facilitates the learning of viewpoint-invariant latent represen-
tations when demonstrations from multiple viewpoints are provided. Neverthe-
less, this method relies on numerous demonstrations and robot play videos to
effectively establish correspondence between human and robot contexts, render-
ing it embodiment-dependent. Furthermore, when trained on demonstrations
of a single task, TCN may inadequately capture fine-grained spatial details and
struggle to generalize invariant features across a wider range of tasks.

Task-agnostic Features: To improve the data efficiency and transferability, Kar-
nan et al. (2022b) proposed leveraging task-agnostic keypoint detection algo-
rithms – originally applied to vehicle navigation tasks. This approach requires
storing demonstration videos and retrieving the most similar demonstration im-
age (knowledge retrieval) based on the maximum number of matching keypoints
for reward construction. This reduces the number of demonstrations required
by the pixel-level context translators (Smith et al., 2020; Liu et al., 2018; Dwibedi
et al., 2018; Karnan et al., 2022a). Similarly, Vecerik et al. (2024) demonstrated
that effective robot policies can be learned from as few as 4-6 demonstration
videos. However, the task-agnostic nature of these features results in a lack of
consistent semantic meaning, as discussed in Section 2.1.1, which complicates
the extraction of reliable geometric constraints. Consequently, these methods
often average spatial constraints across multiple demonstrations. Moreover,
Yang et al. (2022) proposed a transporter-based representation learning model
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that extracts keypoints from task-agnostic human and robot play data. However,
its reliance on robot execution videos with views matching the demonstrations
limits its ability to learn from human demonstrations captured under diverse
viewpoints. This requirement is also presented in approaches by Pari et al. (2022);
Torabi et al. (2019b,a).

Semantic or Spatial Informative Descriptor: In contrast, approaches that uti-
lize semantic keypoints tied to an object’s functional parts have demonstrated
superior generalization capabilities and data efficiency. Neural descriptors, such
as DON and NDF, capture fine-grained scene features and establish dense
correspondences between categorical objects, thereby enabling point-based rep-
resentation of functional parts. However, approaches by Florence et al. (2020);
Simeonov et al. (2022a); Pathak et al. (2018) require access to the robot state space
in addition to visual demonstrations, contradicting the purpose of pure visual
imitation. Recent advances in visual foundation models have shown promise in
representing objects at various granularities, including point-level (Wang et al.,
2023b; Ju et al., 2024; Tsagkas et al., 2024), part-level (Huang et al., 2024b; Di Palo
and Johns, 2024b; Vosylius and Johns, 2023), instance-level Zhu et al. (2023),
and mixed-levels Di Palo and Johns (2024a). This allows downstream robotic
manipulation tasks in various granularity and in an open-vocabulary setting.

Category-level Object Poses: Alternatively, object poses and bounding boxes
are often used to represent objects at the instance level, though they tend to
overlook fine-grained spatial and appearance details of objects. Early imitation
learning works leverage instance-level poses as predefined task parameters for
motion generation (Calinon et al., 2014; Sena et al., 2019; Huang et al., 2018;
Calinon, 2016; Zhou et al., 2020). These works typically assume the known local
frames and focus on motion generation to novel object configuration. To derive
task parameters from human demonstrations, Perez-D’Arpino and Shah (2017)
and Yuan et al. (2018) proposed learning task space regions (TSR) as constraints
from teleoperation or kinesthetic teaching data. TSR defines a deterministic
region in SE(3) space via a task space pose and a pose deviation margin, which
can be computed from multiple demonstrations by identifying the bounds of
observed poses. These regions are then incorporated into constraint optimization
frameworks for motion planning. However, TSR-based methods require direct
robot involvement during demonstrations to capture end-effector poses.

To circumvent this limitation, recent studies have focused on estimating category-
level object poses from image inputs (Guan et al., 2024). Such approaches enable
the automatic extraction of object 3D poses (or positions) from demonstration
videos, which can subsequently be used for waypoint modeling (Jonnavittula
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(a) Pose versus keypoints for hanging and placement tasks.

(b) Rigid and non-rigid registration.

Note: Reprinted from Manuelli et al. (2019). © 2019 Springer.

Figure 2.1.: Problems with category-level pose representation.

et al., 2025), keypoint-to-pose mapping (Sundaresan et al., 2023), or the for-
mulation of reward functions for reinforcement learning policies (Patel et al.,
2022).

Contributions

Although pose-based methods simplify the representation of manipulation tasks,
they often lack the spatial and visual detail necessary for fine-grained manipu-
lation tasks (Manuelli et al., 2019). Specifically, category-level pose defined on
a fixed location on a template object may yield a physically feasible goal state
in some tasks while failing in others. For instance, given a predefined reference
pose at the opening of a smaller cup, transferring this to a large cup still yields
a successful pouring action. However, for a precise placement task as shown
in Figure 2.1a, this leads to an infeasible target pose. Additionally, traditional
pose estimation techniques – whether based on rigid or non-rigid registration –
often fail with substantial shape variations among objects, thereby limiting their
generalizability (see Figure 2.1b).

In summary, contrastive learning approaches are inherently data-intensive, pos-
ing a challenge for tasks where learning must be achieved from sparse demon-

20



Chapter 2. Related Work

strations. Category-level object poses, by globally representing entire object
instances, neglect the contribution of individual functional parts and their shape
variations, reducing their suitability for generalizable task representations. Sim-
ilarly, task-agnostic features, while efficient, suffer from a lack of semantic
consistency and category-level generalization. In contrast, semantic and spa-
tial informative neural descriptors offer multi-granularity representations that
facilitate learning fine-grained task details from sparse data. Moreover, these
descriptors are not limited to rigid and familiar objects, thereby extending their
applicability to a wider array of manipulation tasks (Huang et al., 2024b). Based
on these considerations, we adopt semantic and spatial informative neural de-
scriptors to form the object representation in Section 4.1. The next section details
the various constraints typically modeled on top of this generalizable object
representation.

2.1.3. Keypoint-based Constraints

Keypoint-based object representations offer remarkable flexibility for robot
manipulation tasks. A single keypoint can denote a grasping location (Tsagkas
et al., 2024) or highlight a semantic region corresponding to an object’s functional
part (Oquab et al., 2024); Multiple keypoints may collectively define the local
pose of an object part (Simeonov et al., 2022a), or even form a special geometric
primitive, such as a line, plane, or curve, that characterizes spatial relations
within the scene Jin and Jagersand (2022); When embedded in a neural network,
a set of keypoints can encode the latent state of objects by integrating information
on the pose, local geometry, and semantics, while also capturing relational
cues among multiple object instances (Wen et al., 2024; Di Palo and Johns,
2024b; Chang et al., 2025). This versatility makes keypoint-based imitation
learning approaches particularly adaptable for addressing a wide spectrum of
manipulation challenges. In the following, we review four types of keypoint-
based constraints that have either been exploited in visual imitation learning or
show promising potential: 1) neural implicit constraint; 2) point set as template;
3) arithmetic operations; 4) keypoint-based geometric constraints.

Neural Implicit Constraint

Human demonstration videos inherently contain rich information regarding
motion, semantics, and physical interactions. End-to-end approaches (Liu et al.,
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2018; Sharma et al., 2019; Smith et al., 2020) reframed imitation learning as an im-
age or video translation problem between contexts However, such formulations
force the model to jointly learn both physical dynamics and visual appearance,
which not only leads to computationally intensive training but also increases
the risk of generating hallucinated or unrealistic outputs. By contrast, reducing
the input from dense, pixel-level data to a sparse set of keypoints allows for
a decoupling of physics, appearance, and policy learning. With keypoint sets
serving as latent representations of demonstration videos, policy models are
relieved from the burden of implicitly extracting appearance features, thereby
enhancing sample efficiency.

For example, Wen et al. (2024) introduced the Any-point Trajectory Model (ATM),
which predicts future keypoint trajectories from a random set of keypoints
located on both the object of interest and the human body, conditioned on
linguistic task descriptions. The predicted trajectories subsequently guide the
training of a transformer-based policy to generate robot actions. Nonetheless,
the training of ATM demands a large corpus of cross-embodiment videos –
including an extensive collection of action-less videos from one embodiment
and at least ten demonstrations from another. This dependence on specific
embodiment and viewpoints restricts its scalability; deploying the policy on a
different robot or from an alternate viewpoint necessitates retraining or fine-
tuning both ATM and the policy. Furthermore, the inherent redundancy in
keypoint selection complicates learning. To mitigate this issue, Wang et al. (2021)
proposed a framework that first employs a 3D attention network to propose
keypoints, followed by an attention-switch network that selects task-relevant
keypoints during different phases. This end-to-end training strategy, however,
still requires a substantial amount of domain-specific data.

To enhance transferability across varying object appearances, recent approaches
have incorporated general object descriptors from off-the-shelf foundation mod-
els. For instance, Di Palo and Johns (2024b) utilized the Best Buddies Nearest
Neighbor algorithm to cluster DINO descriptors of an object into a sparse set
of keypoints, which are then used to train a transformer policy. To avoid com-
plications related to embodiment mapping, this work relies on demonstrations
collected via kinesthetic teaching and models end-effector motion using only
three keypoints, thus unifying the motion representations of both the object and
the robot within a keypoint-based transformer policy. Similarly, works by Chang
et al. (2025) and Lin et al. (2024) employ DINO features to improve the data
efficiency of behavior cloning policies, although these works do not directly use
visual demonstrations.
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Another line of work employed Graph Neural Networks (GNNs) to model
keypoint dynamics in 3D space. These dynamic models are integrated into opti-
mization frameworks (Wang et al., 2023b) and optimal control frameworks (Chen
et al., 2023) to facilitate efficient task reproduction. By leveraging general ob-
ject descriptors, such methods have demonstrated improvements in both data
efficiency compared to approaches that use unstructured pixel-level data, and
transferability over less informative keypoint detectors. Nonetheless, the im-
plicit nature of these constraints – whether represented via keypoint dynamic
models or neural network-based policy models – means that they still require
a substantially larger number of training samples than would be necessary for
human learning.

Point Set as Template

Rather than implicitly encoding task constraints within neural networks, one can
directly use the demonstrated keypoint set as a template. During deployment,
the system minimizes either the Euclidean distance between the test keypoint set
and the demonstrated template or their distance in a learned descriptor space.

For example, Simeonov et al. (2022a) employed a Basis Point Set (BPS, Prokudin
et al., 2019) as a query set to compute a template in a descriptor space embedded
by a Neural Descriptor Field (NDF). Typically, BPS is randomly sampled within a
predefined bounding box (e. g., around the tool center point of the end-effector),
which is effective for grasping tasks but less so for object rearrangements. To
gain finer control over point sampling for object rearrangement, Simeonov et al.
(2022b) demonstrated the selection of an interaction point via kinesthetic teach-
ing, while Biza et al. (2023) derived the interaction point from the closest contact
between an object pair. In both cases, BPS are sampled around the identified
interaction point. Alternatively, Huang et al. (2023) introduced a Neural Inter-
action Field (NIF) and an Interaction Bisector Surface (IBS) to sample query
points along the bisector surface between two object meshes, thereby enhancing
precision in rearrangement tasks. For skill generalization at the object-part level,
Chun et al. (2023) proposed a local NDF that retains a manipulation strategy
akin to that in Simeonov et al. (2022a). Since these methods focus on rigid ob-
jects – where a point set determines a unique homogeneous transformation
– the resulting template is often referred to as a “pose descriptor”. Template
matching is accomplished by optimizing the homogeneous transformation of
the test keypoint set to minimize the distance between its pose descriptor and
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the demonstrated template in descriptor space, after which motion planning
guides the system to the optimized target pose.

To additionally replicate demonstrated motion patterns, Vecerik et al. (2024)
extracted dense keypoint trajectories from demonstrations as references and
employed a visual servoing system to continuously align the test keypoint set
with the demonstrated pattern over time, culminating in a match with the final
goal template. Collectively, these studies have demonstrated the feasibility of
one- and few-shot imitation learning in manipulation tasks.

Furthermore, to represent more complex constraints beyond a single object pair,
Sieb et al. (2019) proposed Visual Entity Graphs (VEGs) based on Dense Object
Nets (DON). VEGs disentangle scene structure into multiple levels (objects, parts,
and points) by sampling a random point set within each object and modeling
both the links between individual points and the object center, as well as the
links among object centers. This hierarchical approach simultaneously captures
object spatial transformations and inter-object relations. A path integral policy
was then trained using a similarity loss based on the distance between the point
sets of the demonstrator’s and the robot’s VEGs.

Nevertheless, these methods often contend with challenges such as unstructured,
unprioritized keypoints and the absence of an explicit constraint model. This
increases the complexity of learning generalizable skills, and the template match-
ing process may result in local minima or incur long optimization times (see
Section 6.3 for more detailed discussion).Moreover, when faced with substantial
shape variations or large pose discrepancies in demonstrations, the optimization
process tends to average across demonstrations, potentially overlooking critical
task-specific details.

Arithmetic Operations

An alternative strategy eschews the use of an unstructured dense point set in
favor of explicitly integrating geometric constraints via arithmetic operations on
keypoints. Huang et al. (2024b) illustrated this approach by clustering DINO
features into a sparse set of keypoint candidates, which are then annotated on
2D images. These annotated keypoints, together with a language prompt, are
used to instruct a large vision-language model (VLM, e. g., GPT-4o (Achiam
et al., 2023)) in generating multi-stage plans. In each stage, goal constraints
are represented as a Python program that performs arithmetic operations –
such as computing the Euclidean L2-distance or the dot product of keypoint
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vectors in a global frame – on a selected subset of keypoints. These operations
define spatial relationships between keypoints on the same or different objects
and are subsequently employed within a trajectory optimization framework to
reproduce robot actions.

Following a similar concept, Huang et al. (2024a) proposed partitioning the
scene image into distinct regions using image segmentation and leveraging the
common-sense knowledge of a large language model to identify task-relevant
regions based on a task prompt. The selected regions are then fitted to line and
surface primitives, enabling the extraction of a directed point (e. g., the center of
a surface along with its outward normal direction). In contrast to Huang et al.
(2024b), this method annotates both points and directional vectors on the input
image, which are then provided to a VLM to generate task-specific arithmetic
constraints, such as point-to-point or line-to-line alignments, parallelism, per-
pendicularity, and metric distances along a given direction. These constraints
are subsequently used in a constrained motion planning framework to achieve
the desired robot action.

Both approaches utilize large vision foundation models to propose keypoints
and annotate RGB images as visual prompts, which, when combined with lin-
guistic prompts, yield arithmetic constraints via VLMs. Although these methods
have achieved promising results in open-world generalization tasks, they pri-
marily follow a top-down visual manipulation paradigm rather than focusing
on visual imitation learning. Their reliance on the common-sense knowledge
inherent in VLMs and large language models stands in contrast to the goal of
this thesis – that is, to enable robots to learn skills from a small number of human
demonstration videos through a bottom-up approach, without the need for extensive
linguistic bootstrapping. Moreover, while these methods allow robots to perform
a wide array of open-world tasks, they tend to generate common-sense motions
that lack the personalized motion styles found in human demonstrations.

In this thesis, we advocate a bottom-up approach that captures the fine-grained
motion style of the demonstrator, thereby mirroring the human observational
learning process, and facilitating personalization as a potential future research
direction.

Keypoint-based Geometric Constraints

In the previous approaches – neural implicit constraints and point set templates
– the geometric constraints are encoded implicitly within neural networks or
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templates, without a formal, explicit geometric formulation. Although arithmetic
operations can yield explicit constraint formats, their expressiveness is often
insufficient for modeling more complex relationships.

Hand-crafted geometric constraint: Explicitly modeling (keypoint-based) ge-
ometric constraints has a long history in robotics. Early visual servoing meth-
ods (Dodds et al., 1999; Hespanha et al., 1999; Gridseth et al., 2016) manually
defined task constraints as simple geometric relationships (e. g., point-to-point
or point-to-line constraints). However, due to the limited capabilities of early
computer vision systems, these hand-crafted constraints could not be robustly
generalized to categorical objects.

Category-level keypoints: Advances in deep learning have enabled the detec-
tion of category-level keypoints that improve the adaptability of constraint-based
imitation learning. For example, Manuelli et al. (2019) introduced kPAM, a
keypoint detection model trained on large annotated datasets to detect a fixed
set of keypoints for each object category, with each keypoint corresponding
to a functional part. For instance, cup has three keypoints at the center of its
opening, handle and bottom. In a manipulation task, task-specific alignments,
such as aligning a kettle’s spout with a cup’s opening, are manually defined
between these keypoints and then used in motion planning. Subsequent work
has enhanced these representations by incorporating object shape completion
for collision avoidance (Gao and Tedrake, 2021b) and by augmenting keypoints
with orientation information for improved control (Gao and Tedrake, 2021a).
However, because the augmented orientations are manually specified and the
keypoints remain task-agnostic. For instance, the three keypoints of a cup remain
the same regardless of how the cup is used in different tasks, which contradict
our intuition as not all keypoints are needed for a placement task. Thereby, these
methods limit the discovery of novel tool-use strategies, i. e., the discovery of
keypoints on tools based on demonstrations, especially for part of the object that
has not yet been labeled. Moreover, they require considerable manual effort to
define constraints for different tasks.

Task-specific keypoints: Visual imitation learning (VIL) aims not only to repro-
duce an action under goal-directed constraints but also to learn such constraints
directly from human demonstrations, thereby reducing manual labeling. These
task-specific constraints can be modeled via either a single keypoint or a set of
keypoints.

A single point: Researchers have demonstrated that a single demonstration of a
task-specific keypoint – such as a grasp or interaction point – can be transferred
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to novel scenes via neural descriptors. For instance, Florence et al. (2018) used
DON to map a demonstrated grasp point to new instances within a category,
and Ganapathi et al. (2021) extended this idea to transfer interaction points on
fabrics. Owing to challenges in training DON for open-world settings, Tsagkas
et al. (2024) leveraged pre-trained neural descriptor models (e. g., DINO and
Stable Diffusion) to achieve effective grasp point transfer. Unlike category-level
keypoints, these task-specific keypoints can be arbitrarily defined on objects;
however, because a single point does not fully constrain a manipulation task in
3D space, additional processes, such as grasp synthesis and motion planning,
are required.

A set of point: For more complex tasks, a single keypoint is insufficient to en-
capsulate the necessary constraints. Jin and Jagersand (2022); Jin et al. (2020a,b)
proposed a framework in which geometric constraints are represented as multi-
entity relationships among sets of feature points, parameterized by an undi-
rected graph. In this framework, geometric primitives (e. g., point-to-point,
point-to-line, line-to-line, and point-to-corner relationships) are defined from
detectable keypoints on a static image. For each primitive type, a corresponding
Visual Geometric Skill (VGS) kernel is implemented via a graph neural network.
The process involves first extracting a dense set of candidate keypoints on the
object surface, then exhaustively enumerating all potential point combinations
that may form these geometric primitives, and finally selecting those combina-
tions that satisfy the VGS kernels. As a result, a set of point combinations, with
each representing a primitive constraint between two objects are extracted from
visual demonstration. Although this approach has demonstrated promising
performance, several limitations persist: 1) The exhaustive search coupled with
graph neural networks is computationally demanding and typically requires
a relatively large number of demonstrations (around 30). As the combination
possibilities scale linearly with the number of points needed to form the con-
straints, this approach also suffers from the curse of dimensionality for more
complex constraints, such as those involving extended curves. 2) Reliance on
semantically limited feature detectors forces demonstrations and reproductions
to be captured from a consistent camera viewpoint. 3) The approach has been
evaluated primarily on a hammering task, with generalization tested only on
hammers nearly identical in appearance to those used in training. Therefore, its
generalization capability in scenarios with large object shape and appearance
variations is unproven. 4) The approach derives constraints solely from key-
points in one static image, limiting its ability to model constraints that manifest
across multiple demonstrations.
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Manifold: An alternative to VGS kernels is to model geometric constraints using
explicit formulations similar to those used in early visual servoing (Dodds et al.,
1999; Hespanha et al., 1999; Gridseth et al., 2016). In daily life, we intuitively use
points, lines, and planes as basic linear constraints. Learning such representa-
tions can be viewed as a parameterization (or embedding) task where these low-
dimensional elements in 3D space are extracted via linear functions. For example,
Principal Component Analysis (PCA, Pearson, 1901) can extract linear primi-
tives from a 3D point set by identifying its principal components. For nonlinear
constraints, such as curves and surfaces, methods including ISOMAP (Tenen-
baum et al., 2000), locally linear embedding (Roweis and Saul, 2000), Laplacian
Eigenmaps (Belkin and Niyogi, 2003), parallel transport unfolding (Budninskiy
et al., 2019), and manifold flow (Cunningham et al., 2022) have been explored.
However, these techniques generally require a large amount of data to achieve
reliable parameterization. Similarly, Sutanto et al. (2021) proposed a manifold
learning method that unifies linear and nonlinear equality constraints as the
zero-level set of a neural network, but this approach demands tens of thousands
of samples and off-manifold negative samples, which is rarely feasible in robotic
imitation learning tasks.

Principal Manifold: Building on the concept of manifold learning, another
line of research models nonlinear embeddings as principal curves and sur-
faces, inspired by early works by Einbeck (1989) and Hastie (1984). Traditional
principal curve representations, however, are limited by requirements such as
arc-length parameterization – which hinders extension to higher dimensions,
inapplicability to self-intersecting curves, e. g., a handwritten digit “8”, and
issues in condition verification (Meng and Eloyan, 2021). To overcome these
limitations, Meng and Eloyan (2021) introduced the Principal Manifold Estima-
tion (PME) algorithm, which incorporates a regularity penalty to jointly learn
linear and nonlinear principal manifolds within a unified framework. PME gen-
eralizes PCA and principal curves by minimizing a least-squares distance term
augmented with a total squared curvature penalty. Unlike the other nonlinear
manifold learning approaches that only focus on the local vicinity of data space,
PME yielding smooth principal manifold which captures the embedding while
predicting reliable expansion trend of the principal manifold, an advantegous
feature facilitating extrapolation for robotics. Despite the existence of numerous
principal manifold models, their application to constraint modeling in robotic
tasks remains largely unexplored – a gap this thesis aims to fill, see Section 4.2.
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Contributions

The approach proposed in this thesis is conceptually similar to that of Jin and
Jagersand (2022) in that it involves: 1) generating a dense set of candidate
keypoints, 2) performing an exhaustive search to identify keypoints that satisfy
various geometric constraints, and 3) formulating these constraints to guide the
manipulation policy.

However, our methodology diverges significantly in several key aspects. First,
we leverage general task-agnostic neural descriptors to transfer task-specific key-
points to test scenes, allowing us to reuse the descriptor model in different tasks
while capturing fine-grained constraints directly from demonstrations. This
results in superior visual generalization. Second, we replace the computationally
intensive VGS learning with an efficient principal manifold learning approach,
enabling the extraction of task-specific keypoints and constraints from a much
smaller number of demonstrations (approximately 3-5 for linear constraints
and fewer than 8 for nonlinear cases). Representing constraints via principal
manifolds not only enhances extrapolation capabilities in the face of large object
shape variations – a property not previously demonstrated, In addition, we use
movement primitives for action modeling, thereby capturing the demonstrator’s
motion style more effectively than traditional visual servoing systems.

2.1.4. Keypoint Extraction Methods

In this section, we review various approaches for keypoint extraction in visual
imitation learning and visual manipulation. The literature can be broadly cate-
gorized into three types of keypoints: 1) semantically less-informative keypoints,
i. e., visually salient keypoints, 2) semantically informative, category-level key-
points, and 3) semantically informative, task-specific keypoints.

As discussed in Section 2.1.3, we favor semantically informative, task-specific
keypoints because they offer better flexibility for learning task-specific con-
straints using a consistent set of task-agnostic neural descriptors across diverse
tasks. Depending on the application – whether at a symbolic or subsymbolic
level, whether fine- or coarse-grained, whether 2D or 3D – the descriptor models
can be interchanged or composed, as explained in Section 2.1.1.

In this thesis, we leverage dense neural descriptors – specifically, DON, MIMO,
and a combination of DINOv2 and Stable Diffusion – for subsymbolic-level task
representation to capture fine-grained details, while DINOv2 features are also
used at the symbolic level to incorporate affordance information.
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We have also reviewed various keypoint extraction methods in Section 2.1.3,
each with its own motivations. In the following, we compare these methods and
explain our rationale by drawing inspiration from infant observational learning
studies discussed in Chapter 1.

Hand-crafted, manual annotation: Keypoints can be manually annotated on
reference images (Dodds et al., 1999; Hespanha et al., 1999; Gridseth et al., 2016;
Florence et al., 2018; Ganapathi et al., 2021; Hadjivelichkov and Kanoulas, 2022;
Tsagkas et al., 2024) or recorded in 3D space via kinesthetic teaching (Simeonov
et al., 2022b). Although this method is straightforward, it requires additional
manual effort and often direct access to the robot, making it less desirable for
our VIL framework.

(Semi-)supervised learning: Keypoints may also be detected using deep neu-
ral networks trained on large datasets. Supervised methods rely on extensive,
manually annotated keypoint datasets (Manuelli et al., 2019; Gao and Tedrake,
2021b,a; Xu et al., 2021), whereas semi-supervised approaches leverage a small
labeled dataset supplemented by a large unlabeled corpus through multi-view
consistency constraints (Vecerik et al., 2021). Typically, these models detect
category-level keypoints on novel images; however, because the set of keypoints
remain fixed regardless of task requirements, they do not allow adjustment of
keypoint positions to suit different manipulation objectives and thus fall short
of our needs.

Random sampling: Another strategy involves randomly sampling keypoints
associated with an object without explicitly considering their structural relation-
ships or importance to the task. In these methods, task representations are im-
plicitly learned by downstream dynamic transition or policy models. Examples
include approaches that utilize 1) randomly sampled task-agnostic features (Kar-
nan et al., 2022b; Vecerik et al., 2024; Yang et al., 2022; Wen et al., 2024; Vecerik
et al., 2024; Chen et al., 2023); 2) informative 2D descriptors (Manuelli et al., 2020;
Sieb et al., 2019); or 3) informative 3D descriptor fields (Simeonov et al., 2022a,b;
Huang et al., 2023; Chun et al., 2023). Although informative descriptors facilitate
the transfer of learned tasks among similar objects or parts, these approaches
typically treat every keypoint equally, ignoring their inherent structure, priority
and spatial relation for a certain task. For example, keypoints on a kettle’s spout
should contribute more significantly to a pouring task than those on its base,
while the latter are more important for a placement task. Therefore, an additional
filtering or selection step is necessary to formulate robust, generalizable task
constraints using a more compact set of keypoints.
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Clustering: As the number of keypoints increases, the complexity of constraint
extraction and policy learning grows due to redundancy. Clustering can reduce
this redundancy by aggregating keypoints into a compact set. Clustering may
be performed based on image patch positions (Jin and Jagersand, 2022; Jin
et al., 2020a,b) or 3D voxels (Wang et al., 2023b). However, clustering solely on
spatial proximity can neglect semantic information, even when the underlying
descriptors (e. g., DINO) are semantically rich. To preserve semantics, clustering
based on descriptor similarity has been employed (Di Palo and Johns, 2024b;
Huang et al., 2024b; Chang et al., 2025), and semantic image segmentation has
been used to partition an image into meaningful regions from which keypoints
are derived (Huang et al., 2024a). We consider such descriptor-based clustering
particularly promising for handling object affordances and improving temporal
consistency. However, the resulting resolution of keypoints highly depends on
the chosen hyperparameter such as number of clusters or cluster size, which
needs to be fine-tuned for object of different size.

Object interaction: Studies in infant observational learning suggest that in-
teraction or contact points between objects (or between humans and objects)
serve as critical parameters for motor skills (Gergely et al., 2002; Meltzoff, 1995;
Gweon and Schulz, 2011). Similarly, robotics research has exploited contact
points as keypoints between robot and object (Sundaresan et al., 2023), hand
and object (Mendonca et al., 2023), and even between objects (Biza et al., 2023)
to parameterize manipulation policies. While effective, a single interaction point
may not fully specify a manipulation task. For instance, the inclination of a kettle
during pouring cannot be determined solely by a keypoint on its spout and key-
points tied to different parts of the object exhibit different characteristics of the
task (Verduyn et al., 2024). We propose that a contact point should be considered
only if it exhibits salient invariance across multiple demonstrations.

Large language model: In recent visual manipulation frameworks, large lan-
guage models (LLMs) are employed to select a representative subset of keypoints
or key regions from a dense set of candidates. For example, Huang et al. (2024b)
used GPT-4o to select keypoints from clustered candidates, enabling the con-
straint model for each task phase to focus on a specific subgroup of keypoints.
Similarly, Huang et al. (2024a) employed GPT-4V to choose semantic patches
from an image and generate constraint formulations based on an associated
keypoint and direction. In these cases, candidate keypoints are annotated as
visual prompts, and together with detailed linguistic prompts of the task, they
guide the vision-language model in keypoint selection and constraint genera-
tion. We noticed that, the linguistic prompt contributes more than the common
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sense knowledge embedded in the foundation models, as they contain detailed
description for each task phase about which part of the object to interact or even
to exclude. For example, “This task requires the initial grasping of the drawer handle,
followed by a linear pull along its normal vector” or “Grasp the flower by its stem, not
the petals”. We argue that relying solely on foundation models with prompt engi-
neering does little to advance our understanding of the observational learning
process. Moreover, these methods depend on extensive linguistic bootstrapping
and does not yet show potential in visual imitation, whereas our thesis focuses
on a bottom-up approach that learns directly from demonstration videos.

Proposal and selection: Alternatively, an agent can learn to infer keypoints as
task parameters in a self-supervised and end-to-end manner through exploration.
For instance, Qin et al. (2020) and Wang et al. (2021) proposed frameworks
that integrate a keypoint (or attention) proposal network with a selection (or
attention switching) network, trained end-to-end with sparse rewards based on
task accomplishment. Similarly, Minderer et al. (2020) trained a keypoint detector
using a self-supervised image reconstruction loss, which was then incorporated
into a model-based inverse reinforcement learning framework (Das et al., 2021).
While promising, these methods typically require large datasets and significant
computational resources.

Alternatively, some approaches adopt an exhaustive search strategy, selecting
keypoints directly from visual demonstrations. For example, Jin and Jagersand
(2022); Jin et al. (2020a,b) propose exhaustively searching through all possible
keypoint combinations to identify geometric primitives in a demonstration im-
age. As discussed in Section 2.1.3, this approach is computationally intensive due
to the combinatorial explosion of candidates and is limited to constraint prim-
itives derivable from keypoints observable in a single static frame. Moreover,
constraints that span multiple demonstration frames have not been adequately
addressed by this method.

Discussion and summary: Inspired by cognitive development experiments –
which suggest that infants leverage statistical evidence to efficiently infer task rep-
resentations from only one or a few demonstrations (see Chapter 1) – we aim to
develop a VIL system that mimics this capability, which has not yet been demon-
strated in the literature. Our approach involves aligning multiple demonstra-
tions to candidate viewpoints defined by the object’s local geometry. Compared
to instance-level object pose alignment approaches, local pose alignment gener-
alizes to both rigid and deformable objects. For a given keypoint detected across
N demonstrations, we treat the resulting N -point dataset as forming a potential
principal manifold. By fitting a principal manifold to these points and analyzing
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the inter-demonstration variance, we obtain statistical evidence regarding the
keypoint’s salience and invariance via fitness scores, i. e., how well the principal
manifold explains the data. We then select the most salient keypoints along with
their corresponding primitive constraints defined by the principal manifold. In
contrast to Jin and Jagersand (2022), our method derives primitive constraints
from a single keypoint observed consistently across multiple demonstrations at
a specific timestep. Finally, by leveraging task-specific keypoints identified via
task-agnostic general descriptors, our approach achieves robust generalization
when transferring the keypoints to similar objects. This strategy offers several
advantages: 1) Task-agnostic general descriptors enable intra-category gener-
alization. 2) Task-specific keypoints facilitate the modeling of object-centric,
viewpoint invariant, fine-grained task constraints that reflect the demonstrator’s
style. 3) Viewpoint alignment based on object local features unifies the repre-
sentation for rigid and deformable objects. 4) Defining constraint primitives on
principal manifolds enhances extrapolation capabilities. 5) The integration of
principal manifold learning with statistical evidence supports data- and compu-
tation-efficient learning. Our approach will be detailed in Chapter 4. Building on
our discussion of keypoint extraction and task-specific constraint formulation,
we now review the literature on hierarchical scene decomposition – a framework
that organizes various levels of object representations into multi-level structures
to capture both local object details and global spatial relationships essential for
complex robotic manipulation tasks.

2.1.5. Hierarchical Scene Decomposition

To better capture the complexity of real-world tasks and enable more flexible
task generalization, hierarchical organization and representation of visual scenes
are essential to facilitate understanding and manipulating objects at multiple
levels of granularity.

Granularity Decomposition: Kroemer et al. (2021) reviewed scene representa-
tion from a granularity perspective by decomposing objects into hierarchical
layers ranging from individual points to parts and complete object instances.
Their review highlighted that different types of task representations often emerge
at distinct layers; for example, spatial relationships are typically modeled at
the object instance level, whereas keypoints are extracted at the point level. We
extend this perspective by proposing that task representations can, and should,
be defined across multiple layers of object representation. For instance, dense point-
level correspondences can be employed to estimate object pose (Simeonov et al.,
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2022a; Huang et al., 2023) or object part pose (Chun et al., 2023), thereby enabling
the transfer of learned manipulation skills to new object instances. Similarly,
spatial relations may be defined at the level of keypoints, object parts, or full
object instances, depending on the task’s granularity. This multi-layered view
of object representation opens up new possibilities for both intracategory and
intercategory generalization, a core research question addressed in this thesis.

Hierarchical Object Relationships: The second aspect of scene decomposition
focuses on hierarchical object relationships. In everyday activities, especially
those requiring bimanual manipulation, multiple objects interact simultaneously.
In such contexts, object-centric task constraints are not solely related to the agent
or defined within a single global frame; rather, objects often exhibit mutual spatio-
temporal relationships, forming a complex graph of interactions. For example, one
object can serve as a reference frame for another, much like how a human hand
(or a robot end-effector) is guided relative to the object it is grasping, or how
a non-dominant hand establishes a frame for a dominant hand in bimanual
tasks (Guiard, 1987a; Kimmerle et al., 2010). Importantly, any layer of object
representation (point, part, or instance-level) can be utilized within this object
relationship graph. For example, in the pouring scenario depicted in Figure 1.2,
the cup is positioned “above” the table (instance-level), while the rim of the
teacup (part-level) defines a local frame for the motion of a keypoint (point-
level) representing the spout (part-level), which in turn maintains an “above”
spatial relationship relative to the cup rim. While prior works such as Sieb et al.
(2019) have used graph representations to learn these relationships implicitly,
our approach seeks to explicitly extract task constraints across different levels.

A primary challenge in modeling hierarchical object relationships lies in identify-
ing the appropriate reference object and determining where on that object a local
frame should be defined. Previous studies have exploited these relationships
to adapt learned motion patterns to novel object configurations (Calinon et al.,
2014; Ureche et al., 2015; Zhu et al., 2022; Sena et al., 2019; Huang et al., 2018;
Calinon, 2016; Zhou et al., 2020). However, these approaches typically assume
predefined local frames at the object level, anchored to fixed locations on the
object.

Ureche et al. (2015) demonstrated that by leveraging variance in motion and force
profiles across multiple demonstrations of hand-tool-object interactions, robots
can dynamically select which predefined local frame to attend to and execute
motions within that frame. However, learning the locations of these local frames
from demonstrations is not considered in this work. Other studies have em-
ployed spatial variance across demonstrations to efficiently choose local frames
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from a set of predefined candidates (Muhlig et al., 2009b), or used human feed-
back to resolve ambiguities among category-level candidate frames (Franzese
et al., 2020). Similarly, Kober et al. (2015) selected a frame that exhibits the lowest
combination of inter-demonstration variance derivative (over time) and final
goal pose variance. Niekum et al. (2012) mapped endpoints of the same motion
segments from multiple demonstrations to all frames and clustered the points.
They discarded singleton cluster (not enough evidence) and selected the frame
with the most consistent evidence from the clusters, either the one where the
endpoints form a clear cluster or the one providing the largest cluster.

Representing learned tasks in such locally defined frames has proven beneficial
by the aforementioned approaches, for transferring skills between different
embodiment and for designing effective control policies. Nevertheless, these
approaches rely on manually defined candidates at the object level and, as
noted in Section 2.1.2, category-level poses often fail to capture the fine-grained
features necessary for dynamically relocating task-specific reference frames
when objects are used in varied ways. Indeed, as pointed out by Sharma et al.
(2019) and Manuelli et al. (2019), applying a fixed pose target to a scaled instance
of an object may lead to physically infeasible or unsuccessful reproduction.

In this thesis, we demonstrate that by combining dense visual descriptors with
a variance-based criterion, it is possible to simultaneously and efficiently extract
both keypoints and their corresponding local frames at a fine-grained level (see
Section 4.2). This integrated approach allows us to define task-specific reference
frames that are both flexible and robust, paving the way for more effective and
generalizable visual imitation learning.

2.2. Unstructured Task Representation

Unlike structured task representations, which require human-designed biases
to organize task information, unstructured task representation seeks to mini-
mize human intervention by adopting end-to-end learning strategies. In these
approaches, deep neural networks implicitly encode task context information
directly from raw image data, and map observations from the demonstrator’s
domain to that of the imitator. This data-driven approach eliminates the need for
explicitly defined intermediate representations, instead allowing the network to
learn relevant features autonomously.

A common strategy in unstructured task representation is context transla-
tion (Liu et al., 2018). To this end, deep neural networks are trained to predict
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observations in the imitator’s (e. g., robot’s) context from those captured in the
demonstrator’s context. For example, given a human demonstration video, these
networks generate a corresponding video of a robot performing the same task,
thereby reducing visual disparity between different embodiment. To achieve
this, various generative models have been employed to ensure cycle consis-
tency between the two contexts, including convolutional neural network-based
auto-encoders (Liu et al., 2018), adversarial generative models (GAN, Smith
et al., 2020; Karnan et al., 2022a), and conditional diffusion models (Ko et al.,
2024). These pixel-level translators are subsequently used to train reinforcement
learning (RL) policies by maximizing the similarity between the predicted and
actual robot observations.

Despite their promising performance, such models are often computationally
expensive and time-consuming to train. To improve training efficiency, Sharma
et al. (2019) proposed decomposing the learning model into a task-specific
GAN-based goal generator and a task-agnostic control policy. This strategy
infers control commands based on generated goal images in the robot’s con-
text, reducing training overhead by allowing the control policy to be trained
independently and shared across tasks. However, these approaches frequently
depend on training data collected from specific robot models and fixed camera
viewpoints, which limits their generalizability across different platforms and
sensor configurations. Furthermore, the absence of dedicated loss functions to
filter out background visual distractors can degrade performance in open-world
settings.

An alternative strategy, proposed by Sermanet et al. (2018) and Dwibedi et al.
(2018), involves embedding scene representations from both human and robot
contexts into a shared latent space. Their time-contrastive networks (TCN) are
trained using surrogate metric-learning losses that enforce temporal consistency
and view invariance, thereby enabling efficient encoding of latent state variables
for policy training. While TCNs enhance the robustness of scene representations
and better attend to task-relevant features, they still require robot motion videos
of similar tasks, which contradicts the goal of visual imitation learning that seeks
to operate without robot-specific data. Moreover, none of these methods can
readily learn complex tasks from only a single or a few demonstration videos.

A common limitation of these approaches is that they encode the latent state
of the scene implicitly within neural networks. This implicit representation
restricts scalability to categorical objects and hinders the explicit extraction
of scene structures in terms of objects and their functional parts. As a result,
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such methods often struggle with category-level generalization across different
viewpoints, object instances, and robot platforms.

In contrast, our proposed approach, KVIL, decomposes the demonstrator’s
context into object-centric, viewpoint-invariant, and embodiment-independent
representations, and organizes them in hierarchical scene structures incorporat-
ing multi-granularity levels of object representation. This eliminates the need for
explicit context translation, extensive robot performance data, and large volumes
of human demonstration data during the learning phase. By leveraging task-
agnostic, pre-trained neural descriptor models that can be shared across tasks,
KVIL’s representations can be acquired from a single or a few demonstrations,
drastically enhancing data efficiency.

2.3. Bimanual Spatial Coordination

Learning fine-grained bimanual tasks from visual observation of human demon-
strations has long been a challenging goal in robotics. Such tasks inherently
involve understanding complex object relationships, bimanual control, and
spatio-temporal coordination, making them considerably more challenging than
the simple sum of two unimanual tasks. While most previous studies have
addressed isolated aspects of bimanual visual imitation learning, our work inte-
grates multiple ideas into a unified framework that encompasses both uni- and
bimanual manipulation tasks. In this section, we review the literature concerning
the representation of complex object relationships and spatial coordination in
bimanual manipulation. For a detailed discussion on temporal decomposition
and coordination in uni- and/or bimanual tasks, see Section 2.4.

2.3.1. Object Relationship

Bimanual manipulation tasks often involve the simultaneous handling of two or
more than two objects. From an object-centric perspective (see Section 2.1.2), one
object usually set a reference frame for the other, and sometimes multiple objects
may provide simultaneous frames of reference. If we treat human hands as a
special object type, all objects in the scene form a complex graph of interactions
(Section 2.1.5). Therefore, understanding the roles and relationships between
objects (and human hands) is critical for successful task execution.

Early studies primarily focused on hand and arm relationships while largely
overlooking the roles played by objects. For instance, the notions of dominant
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and non-dominant hands (or arms) introduced by Guiard (1987a); Kimmerle et al.
(2010) describe asymmetrical bimanual tasks, where the non-dominant hand
typically stabilizes an object to define a frame of reference for the dominant
hand’s motion. In robotics, analogous concepts – such as leader-follower (Zhou
et al., 2016; Liu et al., 2022), active-passive arms (Suomalainen et al., 2019), and
master-slave relationships (Ureche and Billard, 2018) – are used to design control
policies in which the follower (or slave, passive) arm operates within a local
frame defined by the leader (or master, active) arm. In this thesis, we adopt the
master-slave naming convention following Ureche and Billard (2018) and extend
it to describe not only arm coordination but also object relationships, treating
human hands as a special class of objects. This unified representation captures
the roles, relationships, and task constraints relevant to both objects and hands.

Determining the roles of the two arms or hands has been approached in different
ways. For example, Guiard (1987b) conceptually defines the master arm as “the
one that stabilizes an object”, with the slave arm identified by its higher mean
velocity. In contrast, Gribovskaya and Billard (2008) defines the master arm as
the one that is more restricted in its motion. Meanwhile, Ureche and Billard
(2018) suggests establishing the task’s reference frame first and then determining
the master hand based on the force-motion relationship. However, this approach
relies on force information, which is typically unavailable in visual imitation
learning. Our experimental observations indicate that in certain bimanual tasks,
the master arm may be more dynamically salient during the complete task
execution – that is, it can be less limited or even move faster than the slave
arm. This finding motivates our exploration of novel criteria for determining
master-slave roles (see Section 5.1 for further discussion).

Most of the aforementioned works model a single master-slave relationship
between two arms. This is not readily applicable for multiple objects that forms a
graph of interactions as described in Section 2.1.5, where an object set a reference
for another, which itself set another reference frame for a third object. Though
this chained or inter-dependent relationship is implicitly captured by the Visual
Entity Graphs proposed by Sieb et al. (2019), it tends to average the spatial
constraints when multiple demonstrations are provided, and the subsequent
policy learning demands a large amount of data.

In this thesis, we seek to effectively and explicitly extract task constraints across
different object representation levels for each object pairs if necessary in the
graph. To achieve this, we proposed a hybrid master-slave relationship (MSR)
presented in Section 5.1. The bimanual manipulation categories proposed by
Krebs and Asfour (2022) of the demonstrated tasks are then derived from the
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extracted MSR (see Section 5.2). It is important to note that, this approach
unifies the uni- and bimanual manipulation tasks, and captures fine-grained
manipulation styles.

2.3.2. Bimanual Spatial Coordination

Many approaches to bimanual manipulation have concentrated on designing
controllers based on pre-defined coordination categories (Ajoudani et al., 2014;
Savic et al., 2016; Almeida and Karayiannidis, 2019; Mirrazavi Salehian et al.,
2018; Gao et al., 2018; Park and Lee, 2015; Lee and Chang, 2015; Amadio et al.,
2019) rather than learning coordination strategies directly from demonstrations.
These strategies are typically encoded either implicitly within motion trajectories
or explicitly as constraints. In the following subsections, we discuss both implicit
and explicit spatial coordination approaches.

Implicit Spatial Coordination

Trajectory-based bimanual imitation learning methods focus on capturing the
spatio-temporal correlations of bilateral motions using variations of movement
primitives Pairet et al. (2019); Franzese et al. (2024); Dong et al. (2022); Knaust
and Koert (2021) or Transformer-based models Liu et al. (2022). Although these
methods successfully encode coordination implicitly, they tend to overlook
the roles played by objects, thereby limiting their generalization capabilities
when compared to object-centric VIL approaches (see Section 2.1.2). Similarly,
bimanual deep imitation learning methods Zhao et al. (2023); Fu et al. (2024b);
Chen et al. (2022); Kataoka et al. (2022); Xie and Chowdhury (2020); Kim et al.
(2024, 2021) implicitly embed coordination strategies but require a large num-
ber of demonstrations, which are not always available in real-world scenarios.
Despite their effective reactive controllers within trained environments, these
methods do not explicitly encode coordination strategies and constraints, which
restricts their generalizability, especially when only a few demonstrations are
provided.

Explicit Spatial Coordination

In explicit coordination approaches, the representation of coordinated behavior
is abstracted by analyzing factors such as contact and grasp states, object/hand
roles, as well as spatio-temporal and force constraints. For instance, a rule-based
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classification proposed by Krebs and Asfour (2022) categorizes bimanual actions
according to a predefined manipulation taxonomy. Other studies have focused
on object-action relationships (Dreher et al., 2020a) or on learning specific coordi-
nation strategies, such as asymmetric tightly-coupled (Ureche and Billard, 2018).
In the present work, we concentrate on spatio-temporal constraints because
force data, as required by Ureche and Billard (2018), is typically unavailable
in demonstration videos. Specifically, we integrate the bimanual coordination
categories proposed by Krebs and Asfour (2022) within our MSR representation
and control scheme, ensuring each coordination strategy is realized in real-
time compliance controllers. Additionally, we eliminate the need for predefined
object frames (Ureche and Billard, 2018), by combining the automatic extrac-
tion of MSR, bimanual coordination, and object-centric task representations,
including the keypoints, their constraints, and the associated local frames. This
unified approach facilitates the learning of generalizable, fine-grained bimanual
manipulation skills.

2.4. Motion Segmentation and Learning

In the previous sections, we reviewed the literature on learning geometric con-
straints (Section 2.1) and spatial coordination (Section 2.3), focusing on uni-
and bimanual task representations for individual action segments. However, in
practice, humans often demonstrate long-horizon tasks as sequences of actions,
making visual imitation learning a significantly more complex problem (Zhang
et al., 2024a; Prados et al., 2025; Wang et al., 2023a; von Hartz et al., 2024; Kim
et al., 2024). Beyond the challenges of translating high-dimensional, continu-
ous human demonstration videos into executable robot policies, an additional
difficulty arises from the natural variability in human behavior, both spatially
and temporally, even when performing the same action repeatedly (Gutzeit and
Kirchner, 2022).

Monolithic imitation learning approaches, which treat demonstrations as unseg-
mented sequences (Liu et al., 2022), often fail to generalize due to the inherent
variability and compositional nature of human behavior (Graybiel, 1998; Pastor
et al., 2009). These approaches suffer from several critical limitations: 1) Limited
insight into sub-task structure: The inability to explicitly segment tasks makes it
difficult to diagnose errors or integrate prior knowledge for each task phase.
2) Temporal and spatial variability: Subtle differences in timing and hand or object
poses across multiple demonstrations lead to misalignment in spatial and tem-

40



Chapter 2. Related Work

poral domain, hindering the derivation of constraints or robust policies. 3) Lack
of reusability: Skills learned for one task cannot be easily reused, necessitating
repeated learning from scratch.

These limitations underscore the necessity of frameworks that decompose mo-
tion into interpretable, reusable components, reflecting the neural mechanisms
underlying human motor control (Graybiel, 1998). Motion segmentation offers
a biologically inspired solution by decomposing demonstrations into motion
primitives – discrete, semantically meaningful units such as reaching, grasping,
or placing (Bizzi et al., 1991; Mussa–Ivaldi and Bizzi, 2000; Flash and Hochner,
2005). This decomposition significantly reduces the complexity of the learning
problem.

In this section, we first review the literature on motion segmentation algo-
rithms (Section 2.4.1), focusing on the segmentation of long-horizon tasks into
interpretable, reusable motion primitives. We categorize the reviewed works
based on the granularity of the segmentation, distinguishing between action
segmentation and motion segmentation. Action segmentation focuses on par-
titioning high-level human activities into semantically meaningful segments,
while motion segmentation aims to identify subsymbolic motion characteristics
and physical events. We further discuss the challenges of bimanual action seg-
mentation and temporal coordination in Section 2.4.2, which are essential for
learning complex bimanual tasks. Finally, we review the literature on learning
motions in sequential tasks in Section 2.4.3.

2.4.1. Motion Segmentation Algorithms

Temporal segmentation of demonstrations can be performed at multiple granu-
larity levels, such as symbolic-level segmentation with semantic action labels,
subsymbolic-level segmentation based on motion characteristics and physi-
cal events, or a combination of both. Based on the learning paradigm, motion
segmentation approaches can be categorized into (weakly-)supervised, unsuper-
vised, and self-supervised approaches.

Supervised Approaches

Action segmentation approaches (Yang et al., 2023; Xu and Zheng, 2024) parti-
tion high-level human activities (e. g., “opening a fridge”, “pouring water”) into
semantically meaningful segments. While useful for recognizing human actions
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at semantic level, these approaches often fails to capture the underlying execu-
tion details, resulting in fuzzy or context-dependent segmentation boundaries.
For example, a “pouring” action is typically treated as a single segment without
distinguishing sub-actions like “moving bottle toward cup” “tilting bottle to
pour” and “placing bottle back on the table”.

Dreher et al. (2020b) proposed a graph neural network classifier trained with
supervised learning to classify scene graphs representing spatial relations be-
tween object instances. Their approach provides finer granularity than methods
proposed by Yang et al. (2023) and Xu and Zheng (2024), yet struggles with mis-
classifications in phases like lift-place and retreat-approach, even when dynamic
spatial relations (e. g., “moving together” and “moving apart”) are considered.

Based on our experiments, we identified three major limitations of supervised
segmentation approaches: 1) Contextual labeling dilemma: The same motion can
receive conflicting labels depending on the reference object, e. g., “retreating
from object A while approaching object B”. 2) Granularity discrepancy: Human-la-
beled actions (e. g., “approach”) may consist of smaller motion segments (e. g.,
“convergent” and “divergent” motion segments) that are overlooked during
labeling, thereby polluting the training dataset and introducing inconsistencies
in supervised learning. 3) Limited generalization: As noted by Meixner et al. (2023),
supervised motion segmentation methods fail to generalize effectively to novel
scenes or tasks without retraining or fine-tuning, limiting their application in
robotics.

Since imitation learning requires precise temporal alignment for task constraint
learning and executable motion policy derivation, we exclude purely super-
vised semantic-level action segmentation approaches in the remaining sections.
Instead, inspired by Wächter and Asfour (2015), we leverage motion characteris-
tics while incorporating contextual information, such as object categories and
object contact relations, for robust motion segmentation. Similarly to Dreher
et al. (2020b), we construct scene graphs using object proximity status and a set
of predefined primitive actions rather than spatial relations, allowing motion
segmentation to be determined purely by motion characteristics and contextual
information without human labeling (see Chapter 6). In the next, we review
self-supervised and unsupervised motion segmentation algorithms that provide
precise segment points without relying on manual labeling.
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Unsupervised Approaches

In contrast to supervised methods that always require manual labor for an-
notation, unsupervised methods often leverage the trajectory characteristics
of sensor signals to determine segment points, without relying on manual la-
bels. Various characteristics have been explored, including velocity, acceleration,
force profiles, their specific patterns, and spatial relationships of objects. Based
on the segmentation point detection methods, unsupervised methods can be
categorized into threshold-based, kinematic similarity-based, clustering-based,
probabilistic, and hierarchical approaches, which will be detailed next.

Threshold-based approaches: A common technique is Zero-Velocity Crossing
(ZVC, Fod, 2002), which detects segment points when velocity crosses zero.
Variants extend this idea to acceleration (Meixner et al., 2023), force (Su et al.,
2016), and other sensor cues. Many works that employed ZVC for motion
segmentation only consider the translational velocity trajectories in 3D space as
three different signals, and segment them separately (Fod, 2002; Wächter and
Asfour, 2015; Meixner et al., 2023). This tends to introduce over-segmentation,
as the Zero-Velocity Crossing (ZVC) points in one axis may not imply velocities
being zero in other axes. Moreover, overlooking the rotational velocity may
lead to under-segmentation, as the rotational velocity often contains important
information about the task execution. To address this issue, von Hartz et al.
(2024) proposed to factorize the state space using directions and magnitude
of both translational and rotational velocities and only use the magnitude of
them for segmentation. These methods are simple and computationally efficient,
but they often require manual tuning of threshold parameters, making them
sensitive to noise and task-specific characteristics (Meixner et al., 2023).

Kinematic similarity and homogeneity: Model-based approaches fit time-series
data with locally linear (e. g., PCA, HMM, GMM) (Elhamifar and Vidal, 2009;
Barbič et al., 2004; Niekum et al., 2012; Lee et al., 2015; Krishnan et al., 2017) or
nonlinear models (e. g., Locally weighted regression Calinon et al. (2010)). These
methods segment data when the learned local model in previous time windows
fail to explain the current period, i. e. when local models transit. Similarly, trajec-
tory similarity metrics, such as Hausdorff distance, Frec̀het distance, Dynamic
Time Warping (Despinoy et al., 2016), curvature (Tapia et al., 2024; Prados et al.,
2025) and Levenshtein Distance (Tapia et al., 2024) have been used to determine
or refine segment points, by computing the dissimilarity in trajectories. However,
homogeneous motion segmentation tends to over-segment or under-segment
in many cases, leading to inconsistencies in segmentation levels. For example,

43



Chapter 2. Related Work

complex velocity profiles can be segmented into multiple smaller segments to
optimize local approximation, while peaks in velocity profiles are usually not
necessary segment points. On the other hand, segment points at the extrema of
the valleys in velocity profile are usually extracted, without respecting the low-
velocity phase as by Fod (2002), which is often important for learning motion
constraints.

Clustering in spatio-temporal domain: Clustering algorithms, such as DBSCAN,
have been employed to identify dense regions of trajectory points (Hachem and
Damiani, 2018; Damiani et al., 2018). These methods exploit the high density of
points in areas where objects remain stationary for extended periods, using clus-
ter boundaries to infer motion segmentation points. However, such approaches
are inherently limited: they primarily distinguish between static and dynamic
phases without capturing interactions between objects. Furthermore, their per-
formance is highly sensitive to hyperparameter selection, particularly when
data are recorded at varying frequencies, which directly affects the density of
trajectory points. Additionally, these methods predominantly focus on spatial
clustering and often fail to incorporate temporal patterns effectively.

To address this limitation, Tsai et al. (2019) proposed a spatio-temporal clus-
tering approach, refining segmentation points by detecting local extrema in
the distance profile and identifying ZVC points. While this method improves
the segmentation by incorporating temporal information, it does not resolve
the dependency on hyperparameter tuning or the inability to model object
interactions.

An alternative line of research employs clustering techniques such as Gaus-
sian Mixture Models (GMMs) and K-means to refine initial over-segmentations,
which can be obtained using heuristic criteria, including changes in movement
smoothness (Lioutikov et al., 2015, 2017; Prados et al., 2025) or bell-shaped veloc-
ity profiles (Gutzeit, 2022; Gutzeit and Kirchner, 2022). GMMs are then applied
to probabilistically blending segment points from different feature dimensions
of the motion in temporal domain (Lioutikov et al., 2015, 2017; Prados et al.,
2025), while K-means clustering has also been employed for refinement (Gutzeit
and Kirchner, 2022). Nevertheless, these methods often suffer from both over-
segmentation and under-segmentation within different parts of the same task.
Moreover, their sensitivity to clustering parameter – such as Gaussian kernel
size and time window length – hinders their robustness and adaptability to new
tasks.
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Probabilistic approaches: Human demonstrations exhibit variability in motion
speed, sensor noise, and differences in execution styles, posing significant chal-
lenges for parameter tuning in clustering- and threshold-based segmentation
methods. Probabilistic approaches have been introduced to address these chal-
lenges, offering advantages such as the ability to model uncertainty, incorporate
prior knowledge, and adapt to varying numbers of motion segments.

Hidden Markov Models (HMMs) and their extensions (Kulić et al., 2012; Song
et al., 2020; Rozo et al., 2020; Niekum et al., 2012) are widely utilized for mo-
tion segmentation due to their capacity to capture temporal dependencies and
model stochastic transitions between hidden states (e. g., motion primitives).
In these models, each state corresponds to a specific motion segment, and seg-
mentation is derived by decoding the most probable state sequence given the
observed data. However, HMM-based approaches typically require either a
predefined number of states (Tang et al., 2010) or are sensitive to the training
data. These challenges have been reduced by non-parametric extensions, such
as Beta-Process Autoregressive HMM models (Niekum et al., 2012), Dirichlet
Process HMM models (Krishnan et al., 2017), or Bayesian Information Criterion.
These models infer the appropriate state structure and suitable number of states.
However, Lioutikov et al. (2015) and Gutzeit and Kirchner (2022) pointed out
that these methods still produce inaccurate segmentations in daily manipulation
tasks.

Another line of works employ Bayesian non-parametric models to detect change-
points in time series data (Truong et al., 2020). Various search methods, such as
dynamic programming (Bai and Perron, 2003), sliding window, Pruned Exact
Linear Time (Pelt Killick et al. (2012)), have been proposed to optimize the
change-point detection process with different constraints. As an application in
robotics, Zhang et al. (2019) proposed to use Bayesian change point detection to
segment the robot holistic trajectories collected via kinesthetic teaching and fit
Gaussian distribution of GMMs to model the motion primitives, which are then
clustered into groups based on the Kullback-Leibler (KL) divergence between
the mixture models. Similarly to the clustering based approaches, these methods
tends to produce inconsistent levels of segmentation as the semantic information
is neglected in the optimization process.

Hierarchical approach: The clustering-based approaches described earlier (Gutzeit,
2022; Gutzeit and Kirchner, 2022; Prados et al., 2025) represent bottom-up
hierarchical motion segmentation. These methods first generate initial over-
segmentation and then refine the results through a merging or grouping phase.
In contrast, top-down approaches first identify high-level semantic events, such
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as contact occurrences or spatial relationships between objects, and subsequently
apply subsymbolic motion segmentation based on motion characteristics.

A notable example is the work of (Wächter and Asfour, 2015), which detects
contact events using 2D object segmentation. However, this approach does not
clarify how segmentation at multiple levels can be effectively utilized for imi-
tation learning and motion representation, especially when over-segmentation
occurs at the subsymbolic level. Furthermore, contact detection based solely on
2D segmentation masks is prone to occlusion, which may lead to inaccurate
interpretations of contact in 3D space.

To enhance the reliability of contact detection, force feedback or a combination
of position and force signals has been employed (Su et al., 2016). However, such
methods present several challenges: 1) Force-based contact detection is difficult
to obtain from visual demonstrations. 2) Measuring object-object contact forces
is challenging. 3) Certain tasks involve close object proximity without actual
contact (e. g., pouring from a height into a cup). Given that this thesis focuses on
human demonstration videos in RGB-D format, we employ 2D object detection
and lift the detected results to 3D space using the depth image. We integrate a
deformation field, i. e. Thin-Plat-Spline, on top of the keypoint tracking results
to address the occlusion problem, generating reliable object motion data in 3D,
thereby facilitating reliable contact event detection. Moreover, we leverage the
semantic object relations and motion characteristics to refine the segmentation
points, ensuring that the motion segments are both semantically meaningful and
interpretable. Additionally, we further group sub-segments based on a semantic
scene graph representation similarly to that proposed by Dreher et al. (2020b).

Discussion

Object Representations: In many motion segmentation approaches, objects in
the demonstration are often over-simplified or even ignored. For example, some
approaches represent objects as single points (Fod, 2002; Wächter and Asfour,
2015; Prados et al., 2025), which inherently neglects rotational motion and can
lead to inaccurate segmentation, particularly for tasks like pouring (Verduyn
et al., 2024).

To address this issue, researchers have employed local coordinate frames attached
to rigid objects, human hands, or robot end-effectors (Tsai et al., 2019; Verduyn
et al., 2024; Rozo et al., 2020; von Hartz et al., 2024) for motion segmentation.
However, this method is effective only for rigid objects, limiting its applicability
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to deformable objects. An alternative approach involves using (axis-aligned)
bounding boxes (Dreher et al., 2020b) to compute semantic spatial relationships,
which is the input of a graph neural network classifier for action recognition.
Both local frame and bounding boxes do not consider the complex shape of the
objects, thus lack of precision in motion segmentation. More recently, Meixner
et al. (2023) incorporated full object meshes to detect object contact relation. While
this method improves accuracy, it relies on expensive motion capture systems
and predefined object models. Furthermore, the object mesh is used only for
contact detection, while the velocity and acceleration is still point-based.

Since shape completion methods are often imprecise, prone to hallucination,
or computationally expensive, we adopt an object representation based on a
set of keypoints. More specifically, they are densely tracked keypoints on each
object with identity correspondences.This approach accommodates both rigid
and deformable objects while effectively capturing translational and rotational
motion characteristics. Additionally, when applied to contact event detection, it
achieves comparable precision to mesh-based algorithms.

Frame Dependency: Most motion segmentation algorithms rely on a single
reference frame (Fod, 2002; Wächter and Asfour, 2015; Meixner et al., 2023;
Prados et al., 2025; von Hartz et al., 2024). This dependency makes kinematic
features, such as velocity along x, y, z axes, susceptible to variations in frame
selection, thereby hindering generalization and introducing challenges when
viewpoints differ.

Gutzeit and Kirchner (2022) used the demonstrators’ local frame to represent
the motion of their hands and the manipulated objects. Though dependency on
a single global frame selection is revealed, this choice of frame is not always
optimal for motion segmentation, as a static object starts to move when the
demonstrator moves. In contrast, Tsai et al. (2019) attempted to mitigate the
single-global-frame issue by projecting trajectories into multiple random co-
ordinate systems and employing frame-independent motion descriptors, such
as Euclidean distance between objects and trajectory variance in the spatio-
temporal domain. Similarly, von Hartz et al. (2024) propose to utilize only the
magnitude of velocities as cues for motion segmentation, thereby reducing
the dependency on frame selection. However, random frame selection by Tsai
et al. (2019) does not ensure a coherent representation of object relative motion,
particularly when objects exhibit substantial shape variations.

Verduyn et al. (2024) introduced invariant trajectory-shape descriptors based on
screw theory to make motion segmentation independent of specific reference
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frames. However, this method assumes rigid bodies, limiting its applicability.
In contrast, we propose a local pose estimation method (see Section 4.1.3), where
we estimate a local frame attached to each densely sampled keypoints on the
object leveraging neural descriptors. This enables the projection of keypoints
motion of any object (including human hands) to any local object parts, creating
a viewpoint-invariant motion dataset and suitable for both rigid and deformable
objects. We further use frame-independent motion characteristics like the norm
of the velocity as one of the cues for our motion segmentation algorithm. This
allows fine-grained relative motion analysis considering both human-object and
object-object interaction, which is essential for reliable motion segmentation in
complex bimanual tasks.

Hyperparameter Tuning: Various hyperparameters, such as time-window (Barbič
et al., 2004), thresholds for ZVC (Tsai et al., 2019), Gaussian kernel parame-
ters, and merging time-window in probabilistic models (Lioutikov et al., 2017;
Prados et al., 2025), and complexity penalty of Bayesian change point detec-
tion Truong et al. (2020), must be fine-tuned for different tasks. Additionally,
we observed that probabilistic and Bayesian approaches are more computation-
demanding than threshold-based approaches and tend to both under-segment
and over-segment different phases of the same task, making it difficult to define
hyperparameters.

Therefore, in this thesis, we choose threshold-based segmentation methods
leveraging motion characteristics and semantic object relations. To reduce ef-
fort in threshold selection, we propose object-invariant distance thresholds,
soft-thresholding techniques, and relative velocity thresholds, which can be
heuristically defined for various tasks (more details in Section 6.1).

Bottom-up merging: As discussed by Lioutikov et al. (2015, 2017); Meixner
et al. (2023); Prados et al. (2025), heuristic- and threshold-based segmentation
methods tend to over-segment the motion. Various merging techniques, such
as clustering methods (Lioutikov et al., 2015, 2017; Prados et al., 2025; Gutzeit
and Kirchner, 2022) have been explored to group over-segmented components
to reasonable more complex action segments, while Gutzeit and Kirchner (2022)
explored to group the segments hierarchically.

For example, Gutzeit and Kirchner (2022) proposed to use Gaussian means
(g-means) algorithm to automatically cluster the building blocks into the most
suitable number of clusters based on how good each cluster resembles a Gaus-
sian distribution. To achieve more segmentation accuracy in the context of object
manipulation, they cluster based on motion features including the distance of the
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human hand to the manipulated object as well as their speed in the demonstra-
tor’s local frame. Though the clustering is performed interactively at different
levels, the resulting segments are not necessarily consistent corresponding to
task execution levels, as no semantic meaning is considered in the clustering
process.

Alternatively, Prados et al. (2025) centered Gaussian kernels at each over-segmentation
point in time and computed the likelihood of each timestep using the Gaus-
sian Mixture Model. Then they select the time points corresponding to peaks
in the probability distribution function, which is then filtered based on user-
defined time window threshold. However, clustering in the temporal domain
alone overlooks the semantic information of the segments, leading to inconsis-
tent segmentation and hindering the learning of task constraints and bimanual
coordination models.

In contrast, Tsai et al. (2019) applies the DBSCAN clustering algorithm to the
spatial data of over-segmentation points from both hands – grouping closely
located points and filtering out isolated noise – and then determines the final
segmentation points by averaging the time steps of points within each cluster.
However, this approach is specifically tailored for surgical data where segmenta-
tion points of both hands are clustered at once, which is not suitable for everyday
bimanual manipulation tasks where different coordination strategies must be
modeled.

Similarly to Tsai et al. (2019), we refine proximity-based segmentation points
using velocity profiles derived from distance profiles of the closest point pairs
(see Section 6.1.1). These proximity states – such as contact, moving closer,
moving apart – are then used to establish object semantic relations and construct
scene graphs, similarly to that by Dreher et al. (2020b). Unlike clustering-based
merging approaches (Lioutikov et al., 2015, 2017; Prados et al., 2025; Gutzeit
and Kirchner, 2022), our method merges sub-segments based on contextual
information derived from object proximity status and motion characteristics
without relying on probabilistic models in temporal domain, thereby avoiding
inconsistent levels of segmentation.

Most of the motion segmentation methods are developed for and evaluated
on unimanual manipulation tasks, in the next, we focus on bimanual motion
segmentation, which is essential for learning complex everyday tasks.
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2.4.2. Bimanual Motion Segmentation

Bimanual tasks introduce unique challenges for motion segmentation due to
the need for precise spatio-temporal coordination. Each arm must execute dis-
tinct yet interdependent movement primitives (e. g., one stabilizes an object
while the other manipulates it). Proper segmentation allows for the explicit
modeling of coordination constraints and facilitates the analysis of inter-arm
synchronization.

Tsai et al. (2019) segmented 6-DoF trajectories of both hands, detecting transla-
tional and rotational segment points individually using local extrema of distance
profiles and ZVC points. Segments were subsequently merged by clustering
poses of both hands in the spatial domain without distinguishing each arm
individually. Their approach primarily addressed bimanual surgical motion and
did not account for more complex coordination strategies or cases where the
two hands operate independently.

Gutzeit (2022) introduced a hierarchical approach, first segmenting motions
of each arm into building blocks followed by a hierarchical merging step that
groups segments into more complex actions at different levels. However, their
method focused only on tasks where both arms started and ended simultane-
ously, or cases where only one arm is moving, neglecting more intricate temporal
coordination strategies.

Motion segmentation algorithms based on supervised learning (Dreher et al.,
2020b) do provide semantic action segmentation but necessitate manual labeling
and training or fine-tuning data for new tasks, thereby not readily applicable to
visual imitation learning with sparse dataset.

Most existing unsupervised bimanual segmentation approaches prioritize mo-
tion cues from the dominant hand or jointly segment both hands’ movements
without explicitly accounting for different coordination types. Consequently,
their segmentation results are insufficient for learning task constraints and
modeling bimanual coordination in both spatial and temporal domains.

2.4.3. Motion Learning for Sequential Tasks

Some works integrate motion segmentation into motion primitive learning
frameworks like Task-Parameterized Gaussian Mixture Models (TP-GMMs,
Calinon, 2016). For instance, von Hartz et al. (2024) proposed to segment mo-
tions using ZVC on the magnitude of the translational and rotational velocity
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and then determine the segmentation points as the temporal center of the filtered
segments. Then they align motion segments from multiple demonstrations to
model the motion using TP-GMMs. The selection of task parameters, typically
the local frames of reference tied to different objects, is similar to our approach.
They first sample candidates within an object, using neural descriptors to estab-
lish correspondence between objects, and then model the relevancy score of each
candidate over time using Gaussian precision matrices. The most relevant candi-
date is selected as the local frame of reference for that motion segment. However,
a single local frame per motion segment is not readily sufficient for complex
bimanual tasks, where multiple local frames are required to model the spatial
constraints between multiple objects and hands. On the other hand, though the
objects are used for the selection of local frames, their trajectories are ignored
for motion segmentation, which we believe is important for object-centric task
representations. Moreover, this work focuses primarily on modeling the motions
while overlooking the motion constraints, which is essential for learning the task
structure and generalizing to novel scenarios. Similarly, Mendez et al. (2024)
refined TP-GMM segmentation using Kullback-Leibler divergence. However,
TP-GMM-based methods rely on predefined movement libraries, which limit
their generalizability to novel tasks.

2.4.4. Contributions

In this chapter, we have reviewed the literature on motion segmentation al-
gorithms, focusing on their application to visual imitation learning for long-
horizon tasks. We categorized the approaches into supervised and unsupervised
methods, highlighting their respective strengths and limitations.

Supervised methods, while effective in providing semantic action segmentation,
require extensive manual labeling and struggle with generalization to novel
tasks. Unsupervised methods, on the other hand, leverage trajectory characteris-
tics and clustering techniques to identify segment points without labeled data.
However, they often suffer from over-segmentation and under-segmentation
issues, and their performance is highly sensitive to hyperparameter selection.
Probabilistic approaches, such as Hidden Markov Models and Bayesian change
point detection, offer advantages in modeling uncertainty and incorporating
prior knowledge but are computationally demanding and prone to inconsistent
segmentation levels.

We also discussed the challenges specific to bimanual motion segmentation,
emphasizing the need for precise spatio-temporal coordination. Existing meth-
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ods often prioritize motion cues from the dominant hand or jointly segment
both hands’ movements without explicitly accounting for different coordination
types, resulting in insufficient segmentation for learning task constraints and
modeling bimanual coordination.

To address these challenges, we propose a bottom-up keypoint-based hierarchi-
cal motion segmentation algorithm in Chapter 6 that create oversegmentation
based on heuristics and subsequently merge them into semantically meaningful
action primitives. Different from threshold-based approaches in the literature,
our approach employs distance thresholds derived from object size to reduce
the effort in threshold selection.

Furthermore, we adopt an object representation based on a set of densely tracked
keypoints, accommodating both rigid and deformable objects while effectively
capturing translational and rotational motion characteristics. We segment mo-
tions for each object pair in local frames anchored to one ojbect, creating an
object-centric viewpoint alignment, elimitating embiguities encountered by
approaches using a single global frame.

In summary, our proposed method offers a bottom-up, unsupervised, hier-
archical approach to motion segmentation, leveraging keypoint-based object
representation. This approach aims to achieve reliable motion segmentation
with consistent granularity for complex bimanual tasks, facilitating the learning
of task constraints and bimanual spatio-temporal coordination.
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CHAPTER 3

Fundamentals

In this thesis, we construct an object-centric representation that leverages neural
descriptors and dense visual correspondences to enable local pose estimation,
keypoint extraction, and transfer across similar objects. This representation is
a core component of the proposed KVIL framework, significantly enhancing
intra-category generalization. The fundamentals of dense neural descriptors are
introduced in Section 3.1.

Another critical component contributing to KVIL’s generalization capabilities is
the Principal Manifold Estimation (PME) algorithm (Meng and Eloyan, 2021).
PME is used to uncover nonlinear geometric constraints from sets of 3D points by
extracting a low-dimensional embedding – referred to as the principal manifold
(e. g., curves and surfaces) – and predicting their reliable expansion trends.
These capabilities are essential for representing and extrapolating constraints.
We review the mathematical foundation of the PME algorithm in Section 3.2.

Finally, we introduce Via-point Movement Primitives (VMPs) in Section 3.3.
These primitives learn the motions of individual keypoints and adapt the corre-
sponding trajectories to novel via-points or goal points, which are identified in
new scenes using the dense neural descriptors.
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3.1. Dense Visual Descriptor

We investigate three categories of neural descriptors for constructing the object
canonical space: 1) 2D neural descriptors learned via self-supervised training,
2) 3D neural descriptors obtained through similar methods, and 3) foundation–
model-based neural descriptors.

Building on pioneering works such as Dense Object Net (DON) proposed in (Flo-
rence et al., 2018), Neural Descriptor Fields (NDF) proposed in (Simeonov et al.,
2022a), and Neural Interaction Field and Template (NIFT) proposed in (Huang
et al., 2023), we extract 2D and 3D neural descriptors from the first two cate-
gories. These approaches require the collection of data and model training for
each or several object categories. The methodological foundations are detailed
in Section 3.1.1 and Section 3.1.2, respectively.

In parallel, we utilize off-the-shelf models such as DINOv2 (Oquab et al., 2024)
and Stable Diffusion (Tang et al., 2023) to extract foundation-model-based fea-
tures. Pre-trained on large-scale datasets, these models facilitate direct feature
extraction in an open-vocabulary setting. We discuss these foundation-model-
based features in Section 3.1.3.

3.1.1. Self-supervised Training for 2D Features

Inspired by seminal works on dense visual correspondence (Choy et al., 2016;
Schmidt et al., 2017), DON was introduced to learn dense visual descriptors
for object categories, an approach first applied to robot manipulation tasks.
DON learns a mapping function that maps an input RGB image A into a dense
descriptor image AD,

AD = fdon
θ (A) A ∈ RW×H×C ,AD ∈ RW×H×D, (3.1)

where W,H,C denote the width, height, and number of channels of the image,
respectively, and D is the dimensionality of the descriptor space. Consequently,
each pixel of the input image is represented by a D-dimensional descriptor
d ∈ RD.

A well-trained DON model maps similar local patches from images of ob-
jects within the same category to neighboring regions in descriptor space. In
essence, a dense visual correspondence is established when the distance be-
tween two descriptors falls below a predefined threshold. When trained on
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Note: Reprinted from Florence et al. (2020). © 2020 IEEE.

Figure 3.1.: Dense correspondences detected by DON. Given a selected pixel in the left
image, DON finds the corresponding pixel in the right image that exhibits
the highest cosine similarity in descriptor space. The middle column dis-
plays a heatmap of the cosine similarity between the selected pixel and all
pixels in the right image.

intra-category image datasets, DON produces class-consistent descriptors. These
descriptor similarities can be visualized as a heatmap showcasing dense cor-
respondences between images (see Figure 3.1). Such representation enables
downstream robotic tasks to utilize keypoint-based representations for object
manipulation and skill transfer. For instance, given a keypoint on a reference
image of a shoe as a grasping point, DON can be used to find the grasping point
on similar shoes, allowing transferring picking up and arranging skills (Florence
et al., 2018). Leveraging the dense properties of DON, Manuelli et al. (2020)
incorporated DON in a model predictive control framework to control a set of
dense keypoints following a reference trajectory.

In the original implementation, a convolutional neural network (CNN) serves
as the mapping function fdon

θ to learn the dense visual descriptors. Specifically,
various ResNet architectures (He et al., 2016) have been explored to serve as
the backbone for DON, yielding precise dense correspondences between objects
for manipulation tasks (Florence et al., 2018, 2020; Manuelli et al., 2020). No-
tably, this approach performs well for both rigid and deformable objects, even
when significant shape variations are present. It can be extended to new object
categories via retraining.

To train a DON model for a given object category, multiple views of posed
RGB images of various object instances are collected. Florence et al. (2018)
employed an RGB-D camera mounted on a robot arm to capture images from
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Figure 3.2.: The limitations of DON. DON detects precise correspondence of spout when
reference and target objects have similar poses. However, when the target
object is mirrored, DON fails to distinguish the handle from the spout.

diverse viewpoints, using robot forward kinematics to estimate camera extrinsic
parameters for 3D reconstruction. In situations where wrist-mounted cameras
are unavailable, Yen-Chen et al. (2022) proposed using an external camera (e. g.,
a smartphone) combined with Neural Radiance Field (NeRF, Mildenhall et al.,
2021), for 3D reconstruction. However, NeRF-based methods typically require
hours or days of training. In general, any state-of-the-art scene reconstruction
technique is applicable. Inspired by Ichnowski et al. (2021), we modified Instant
Neural Graphics Primitives (Instant-NGP, Müller et al., 2022) to perform rapid
3D reconstruction and depth inference, achieving scene reconstruction in under
two minutes.

Despite their effectiveness, DON tends to over-emphasize the geometric aspect
of the object on the semantic understanding, especially when part of the object is
symmetrical. As shown in Figure 3.2, DON reliably detects the correspondence
points on the spout of reference and target kettles if their poses are similar,
which is also the case between the shoes in Figure 3.1. However, when the target
kettle is mirrored, the detected correspondence points preserves similar spatial
distribution in the image space but overlooks the semantic differences between
the handle and the spout.

3.1.2. Self-supervised Training for 3D Features

To apply 2D image features in 3D object manipulation tasks, it is necessary to lift
these features into 3D space using depth information. In scenarios where only a
single viewpoint is available, as is common with humanoid robots, the detected
keypoints are confined to the observable portion of the scene. This limitation
can be problematic for tasks that require a comprehensive 3D understanding of
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(a) Point descriptor (b) Pose descriptor

Note: Adapted from Simeonov et al. (2022a). © 2022a IEEE.

Figure 3.3.: The architecture of the Neural Descriptor Field (NDF). (a) A point descriptor
represents the spatial features of a 3D point p relative to the object point
cloud P. (b) The descriptors of a set of 3D points collectively represents a
pose in 3D space, named pose descriptor.

the object. To overcome this, recent approaches have exploited features directly
extracted from 3D neural fields for applications such as grasping and object
rearrangement, especially under conditions of partial occlusion.

Neural-fields-based approaches involve training neural networks to learn contin-
uous representations of objects by predicting the physical and spatial properties
of a 3D point relative to its local environment (Xie et al., 2022; Simeonov et al.,
2022a; Huang et al., 2023). These learned models support various tasks, includ-
ing object or scene reconstruction (Mescheder et al., 2019; Park et al., 2019) and
object manipulation (Pfrommer et al., 2021; Karunratanakul et al., 2020). Their
dense correspondence capabilities further enable the transfer of manipulation
skills between similar objects.

Point descriptor: A Neural Descriptor Field (NDF) as described in Simeonov et al.
(2022a) aims to learn a function fNDF

θ that maps an arbitrary 3D point p ∈ R3 to
a feature vector d ∈ RD, which encodes its spatial relationship with respect to a
given object point cloud P ∈ R3×Np with Np points:

fNDF
θ (p|P) : R3 × R3×Np → RD. (3.2)

Unlike 2D descriptors, the 3D point p does not need to reside on the object
surface or be visible from the camera. The resulting feature vector d serves as a
point descriptor for the 3D point p relative to the object point cloud P.

This descriptor is learned by training an SO(3)-Equivariant occupancy net-
work (Mescheder et al., 2019; Deng et al., 2021) on a dataset of mean-centered
object point clouds for category-level 3D reconstruction. The trained model
predicts spatial occupancy from incomplete point clouds, and object shapes
can subsequently be extracted using Multi-resolution IsoSurface Extraction
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(MISE) (Mescheder et al., 2019). MISE incrementally constructs an octree to
extract high-resolution meshes without exhaustively evaluating every point in a
high-dimensional occupancy grid. Feature vectors, extracted from intermediate
layers of the network’s decoder, serve as point descriptors (see Figure 3.3a). The
learned descriptor captures intrinsic geometric features of an object category –
an emergent property of self-supervised training – ensuring that similar point
clouds yield similar features in the descriptor fields. Furthermore, the SO(3)-
Equivariant property guarantees consistent mapping under arbitrary object
orientations.

Pose descriptor: The NDF framework can be extended to yield a pose descriptor
by concatenating the point descriptors of a set of Nq fixed query points Pq ∈
R3×Nq that represent the pose of a rigid object (see Figure 3.3b). These query
points are typically sampled as a Basis Point Set (BPS, Prokudin et al., 2019). A
rigid body pose Tr relative to an object point cloud P is then encoded via the
following mapping:

Dr = f
pose
θ (Tr|P) =

⊕
pi∈Pq

fNDF
θ (Trpi|P), (3.3)

where
⊕

denotes the concatenation operator and D ∈ RD×Nq is the resulting
category-level pose descriptor.

Pose transfer: Given the point cloud P′ of a new object instance of the same cate-
gory fNDF

θ is trained on, we can obtain a matching pose relative to P′ resembling
the spatial relationship between Tr and P, by

T∗ = argmin
T

∥fpose
θ (T|P′)−Dr∥1. (3.4)

When the query points are sampled on robot gripper or humanoid hands, pose
T∗ corresponds to a target grasp pose, while when they are sampled on object,
pose T∗ then defines the target pose of that object relative to point cloud P′.

As illustrated in Figure 3.4a, NDF descriptors sometimes struggle to distinguish
specific regions of an object, such as the handle-side versus the non-handle-side
of a mug or the top versus the bottom of a bottle. To address this limitation,
Huang et al. (2023) introduced the Neural Interaction Field (NIF), which predicts
the geometric features of a 3D point in the frequency domain via spherical
harmonics (see Figure 3.4). The NIF is formulated as a normalized spherical
function f sp

x that aggregates the interception distances dx of rays emitted from a
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(a) Descriptor Fields (b) NIFT Architecture

Note: Reprinted from Huang et al. (2023). © 2023 IEEE.

Figure 3.4.: Comparison of neural descriptor field models and the architecture of NIFT.
(a) shows the feature differences of a reference point to all the points around
the target object for different neural descriptor models, visualized as a
heatmap. (b) illustrates the NIFT architecture, which is similar to NDF but
differs in the output of the prediction head, incorporating SCF features.

point in all directions by the object surface:

f sp
x (θ, ϕ) =

dmin + davg
dx (θ, ϕ) + davg

, (3.5)

where (θ, ϕ) denotes the spherical polar coordinates, and dmin and davg represent
the minimum and average non-infinite intersection distances, respectively. This
function can be decomposed via spherical harmonic expansion (Kazhdan et al.,
2003):

f sp
x (θ, ϕ) =

∞∑
l=0

l∑
m=−l

aml Y
m
l (θ, ϕ) , (3.6)

where Y m
l are the spherical harmonics at frequency l and aml are the correspond-

ing coefficients. Due to the rotation-invariant property of the L2-norm of the
spherical harmonic function, the energy of each frequency component cl is
computed as:

cl =

∥∥∥∥∥
l∑

m=−l

aml Y
m
l

∥∥∥∥∥
2

. (3.7)

By restricting the frequency to n, the frequency information of a point x is
summarized to its space coverage feature (SCF) defined as:

SCFx = {c0, c1, ..., cn} . (3.8)

59



Chapter 3. Fundamentals

See a visualization of SCF in Figure 3.4b. Within the NIF framework, the final
layer of the NDF’s occupancy network is modified to predict the SCF while
preserving the remaining network architecture. Because the SCF encapsulates
richer information, the learned descriptor becomes more distinctive and repre-
sentative of category-level geometric relationships compared to standard NDF,
as shown in Figure 3.4a.

While NIF provides more informative neural descriptors compared to NDF,
it sacrifices the ability to reconstruct object shapes. This is because the shape
reconstruction head in NDF is replaced with an SCF head in NIF, which does not
support shape reconstruction. NIF performs well for grasp transfer when multi-
ple views and a limited number of demonstrations (5-10) are available. However,
its accuracy diminishes with partial views or when only a single demonstration
is provided (Cai et al., 2024). To integrate the strengths of both approaches, we
propose a novel implicit model that predicts multiple spatial features of a point
relative to an object, including occupancy, signed distance, spherical harmonics,
and the direction to the closest surface point. The objective is to construct a more
informative descriptor space while preserving shape reconstruction capabilities.
Our approach outperforms both NDF and NIF in tasks such as shape similarity
measurement, pose transfer, and one-shot imitation learning of manipulation
tasks, particularly under partial observation conditions (see Section 4.1.2).

Next, we explore a recent trend in extracting 2D neural descriptors from pre-
trained large foundation models, which offer robust and general feature extrac-
tion capabilities in an open-vocabulary setting.

3.1.3. Features Extracted from Foundation Models

In addition to self-supervised training methods, we also explore the extraction
of visual descriptors from off-the-shelf visual foundation models. These models,
pre-trained on large-scale datasets, enable robust and general feature extraction
in an open-vocabulary setting. Many such models exist with each focusing on
different aspects of visual understanding.

The neural descriptors extracted from DINOv2 (Oquab et al., 2024) can identify
semantic correspondences between objects, such as detecting the handle of a
mug or the spout of a teapot. However, DINOv2 lacks detailed spatial informa-
tion (Zhang et al., 2024b), which can result in ambiguities between the left and
right sides of an object or between its front and back. As illustrated in Figure 3.5,
the semantic descriptors effectively distinguish the semantic parts of a kettle –
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Figure 3.5.: Semantic descriptors of the DINv2 model are illustrated using kettle images.
The top row shows a reference image where points are selected on differ-
ent semantic parts of a kettle. The middle row displays the best matching
correspondences for these points on a different kettle in a target image. The
bottom row presents heatmaps showing the cosine similarity between the
descriptor of the selected point in the reference image and the descriptors
of all pixels in the target image. Blue indicates higher similarity, while red
represents lower similarity.

including the handle, lid, neck, body, and bottom. Notably, even when the refer-
ence and target kettles exhibit nearly mirrored poses, the semantic descriptors
can still correctly identify corresponding points. These descriptors tend to em-
phasize clear semantic boundaries between object parts (as indicated by the dark
blue areas in Figure 3.5), which, while beneficial for semantic understanding,
may obscure subtle spatial differences.

In contrast, emerging features from self-supervised Transformer and Diffusion
models (DIFT, Tang et al., 2023) offer a smoother feature space that better cap-
tures spatial information. As shown in Figure 3.6, when the reference and target
kettles have similar poses relative to the camera, the cosine similarity between
DIFT features allows accurate correspondence matching. The DIFT feature space
exhibits continuous and smooth variations, which are advantageous for distin-
guishing spatial contexts such as left versus right. However, it generally lack
strong semantic cues, potentially leading to erroneous correspondence when
object poses differ significantly. For instance, when the target kettle is mirrored
(see Figure 3.7a), DIFT features may overly emphasize spatial context, resulting
in mismatches in regions like the spout, handle, or sides of the bottom.
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Figure 3.6.: Geometric descriptors of the DIFT model. The descriptions of point selection,
correspondence detection and colored similarity map resembles that in
Figure 3.5.

These differences are also evident in the low-dimensional visualizations shown
in Figure 3.7b. DINOv2 features form distinct clusters corresponding to semantic
parts of the kettle that remain consistent even under mirroring. In contrast, DIFT
features appear more continuous and primarily capture spatial distributions
(e. g., left-right, top-down), but they lack clear semantic separation, similarly to
DON.

Recently, Ranzinger et al. (2024) introduced a novel foundation model, which
distills the capabilities of several teacher models – including DINOv2, Stable
Diffusion, and CLIP (Contrastive Language-Image Pre-training, Radford et al.,
2021) – into a single framework. However, in many manipulation tasks evaluated
in this thesis, these distilled models do not outperform their individual teacher
models or their combinations. Consequently, we investigate a hybrid approach
that combines semantic features (e. g., from DINOv2) with spatial features (e. g.,
from DIFT) to develop geometry-aware semantic descriptors (Zhang et al., 2024b).
This integrated approach aims to enhance generalization in object manipulation
tasks by leveraging the strengths of both semantic and spatial representations
(see Section 4.1.1).
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(a) DIFT features (b) Colorized features

Figure 3.7.: A comparison of DINOv2 and DIFT features. (a) Correspondence detection
using DIFT features between reference and target kettles, with the target
kettle mirrored in pose. (b) Visualization of DINOv2 and DIFT features from
both reference and target images. The features are projected into a 3D space
using PCA, with the normalized dimensions of the projection mapped to
RGB channels for visual representation.

3.2. Principal Manifold Estimation (PME)

Within the KVIL framework, our objective extends beyond extracting a set of
keypoints to also learning the geometric constraints that these keypoints must
satisfy in order to represent a task. In this context, geometric constraints are
extracted along with the keypoints (see Figure 1.2b). In three-dimensional space,
such a constraint can be modeled as a low-dimensional manifold corresponding
to a point, line, plane, curve, or surface. These low-dimensional embeddings
are typically estimated using dimensionality reduction or manifold learning
techniques, as reviewed in Section 2.1.3.

Among the methods, the Principal Manifold Estimation (PME) algorithm (Meng
and Eloyan, 2021) is notable for its ability to extract both linear and nonlinear
manifolds from sparse data and to predict their expansion trends reliably – an
advantage that is particularly useful for extrapolation. Despite this strength,
PME has not been applied in robotic manipulation tasks.

In this thesis, we leverage the PME algorithm to uncover geometric constraints
as low-dimensional embeddings from sets of 3D keypoints observed in human
demonstrations. In PME, the principal manifold is defined as a minimum of the
functional with a regularity penalty term derived on a Sobolev space. Specifically,
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the PME algorithm minimizes the loss function

L(fr, πd) = E ∥p− fr(πd(p))∥2 + λ∥κf∥2, (3.9)

where πd : RD → Rd is the projection index that maps a D-dimensional vector
p onto a d-dimensional principal manifold (with d < D), fr : Rd → RD is the
reconstruction function, ∥κf∥2 represents the high-dimensional generalization
of the total squared curvature of the principal manifold. The parameter and
λ ∈ [0,∞) controls the model complexity. In this formulation, the first term
quantifies the reconstruction error, while the second term regularizes the model
to mitigate overfitting.

It is noteworthy that as λ→∞, PME converges to linear PCA. The linearity and
the dimensionality d of the principal manifold determine the type of subspace.
For example, in 3-dimensional world (D = 3), a nonlinear principal manifold
with d = 1 corresponds to a principal curve (i. e., a curve constraint), whereas
with λ→∞ and d = 1, 2, the principal manifold reduces to a principal line or
plane, respectively (i. e., linear constraints). These linear principal manifolds
essentially reduce to the principal components obtained via PCA. Given that
PME is an iterative algorithm, its computation cost is higher than that of PCA;
therefore, for linear constraints, PCA may serve as a more efficient alternative.
Further details on constraint extraction are provided in Section 4.2.

3.3. Via-point Movement Primitive (VMP)

In addition to extracting keypoint constraints, we aim to learn their associated
motions from human demonstration videos. For example, consider the motion
of a kettle spout represented in a local frame attached to the opening of a cup.
In imitation learning, movement primitives are widely used to represent and
reproduce motion patterns (Osa et al., 2018). Here, we adopt Via-point Move-
ment Primitives (VMPs) (Zhou et al., 2019) because they enable learning from
multiple demonstrations of keypoint trajectories and robustly adapting these
trajectories to novel via-points, thereby supporting effective extrapolation.

A VMP models a trajectory as the sum of a linear elementary component hvmp

and a nonlinear shape modulation fvmp:

y(x) = hvmp(x) + fvmp(x) = g + x(y0 − g) +ψ(x)Tw,
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where x is the canonical variable decreasing linearly from 1 to 0, y is the position
at canonical variable x, y0 is the initial position, g is the target position, and
w is the weight parameters. The shape modulation term is defined as a linear
regression model based on Nk squared exponential (SE) kernels:

ψi(x) = exp(−hi(x− ci)2), i ∈ [1, Nk], (3.10)

where hi, ci are pre-defined constants representing the width and center of the
kernels. Similarly to probabilistic movement primitives (ProMP) (Paraschos
et al., 2018), VMPs assume that the weight parameters w follow a Gaussian
distribution w ∼ N (µw,Σw), and can thus be learned via maximum likelihood
estimation (MLE). VMPs provide enhanced extrapolation capability compared
to ProMP, as they handle via-points (including start and target positions) adap-
tation to points that lie out of the demonstrated distributions.

In this thesis, VMPs are employed to learn the demonstrated motion styles of
individual keypoints and adapt their trajectories to novel via-points identified
using dense neural descriptors. In contrast to keypoint-based visual imitation
learning approaches that rely on reinforcement learning control policies (Sieb
et al., 2019) or visual servoing techniques (Jin and Jagersand, 2022), VMP-based
control policies offer flexible temporal scaling and reliable via-point adaptation,
while being able to effectively learn from a few demonstrations.

In the next chapter, we present the proposed KVIL approach, which integrates
dense neural descriptors, Principal Manifold Estimation, and Via-point Move-
ment Primitives to learn keypoint-based task representations from video demon-
strations and to reproduce the learned manipulation skills on humanoid robots
in various scenarios.
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CHAPTER 4

Learning Keypoint-based Task Representation

This chapter addresses the fundamental challenges outlined in the first research
question: learning subsymbolic keypoint-based task representations from sparse hu-
man video demonstrations of manipulation tasks. These challenges include:
1) developing neural descriptor-based, generalizable object representations;
2) modeling keypoint-based task constraints; 3) effectively extracting these
task constraints; and 4) formulating keypoint-based control policies for task
reproduction.

To address the first challenge, we develop robust object representations using
neural descriptors. While existing methods show promise (see Section 2.1.1),
they often struggle with generalization in everyday manipulation tasks due to
inconsistencies in geometric and semantic meanings within the descriptor space.
In Section 4.1, we propose solutions that overcome these limitations by extract-
ing robust keypoint-based object representations from human demonstration
videos.

Building on these object representations, we tackle the second core challenge
in Section 4.2 by modeling keypoint-based geometric constraints on principal
manifolds as a fundamental component of generalizable task representation.
We define geometric constraints as subspaces in our 3D world, encompassing
points, lines, planes, curves, surfaces, poses, and their combinations. Critically,
these constraints are expressed relative to local frames anchored to specific
object parts, enabling object-centric task representation and hierarchical scene
decomposition for enhanced generalization capabilities.
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For the third core challenge, we employ statistical methods – specifically Princi-
pal Component Analysis (PCA, Pearson, 1901) and Principal Manifold Estima-
tion algorithms (PME, Meng and Eloyan, 2021) – to identify and extract invariant
features (i. e., keypoints and constraints) across multiple human demonstrations
(see Section 4.2). Our methodology begins with densely sampling candidate
points on objects and leveraging dense neural descriptors to track their tra-
jectories throughout demonstration videos (see Section 4.1.4). Subsequently,
we jointly extract a set of sparse keypoints from these dense candidates, their
associated object-centric local frames, and geometric constraints that collectively
represent the task, as illustrated in Figure 1.2b.

The representation of tasks through keypoints and their constraints enables
the implementation of movement primitives for task execution, addressing our
fourth core challenge. We encode keypoint motions relative to their correspond-
ing local frames as Via-point Movement Primitives (VMPs, Zhou et al., 2019),
which offer flexibility in temporal scaling and trajectory adaptation while pre-
serving the style of demonstrated motions. These learned keypoint motions
can then be executed on a robot using our novel keypoint-based admittance
controller (see Section 4.3).

We validate our approach by learning various daily tasks from video demon-
strations and reproducing them with a humanoid robot (see Section 4.4). The
results demonstrate that KVIL efficiently extracts generalizable manipulation
skills, handles viewpoint mismatches, and effectively manages large pose and
shape variations of categorical objects in cluttered scenes.

The contributions of this chapter are summarized in Section 1.2.1. Parts of the
content presented in this chapter were published by Gao et al. (2023) and Cai
et al. (2024). As this chapter focuses specifically on unimanual tasks, we refer to
our approach as Uni-KVIL, which will be extended to bimanual manipulation
tasks in Chapter 5 and a series of sub-tasks in Chapter 6.

4.1. Generalizable Object Representation

Object representation plays an essential role in establishing generalizable task
representations for robotic manipulation (see Sections 2.1.1 and 2.1.5). Our
primary objective in this section is to establish a generalizable object represen-
tation by leveraging 2D and 3D neural descriptors in Sections 4.1.1 and 4.1.2,
respectively. We then construct a canonical space per object category to facilitate
knowledge transfer across different object instances (see Section 4.1.3). Finally,
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we introduce a perception pipeline utilizing the neural descriptors, object canon-
ical space, and other state-of-the-art computer vision techniques to detect and
track dense points on objects and human hands, effectively handling challenging
occlusions (see Section 4.1.4). This preprocessing pipeline provides high-quality
point-based data for subsequent modeling of keypoint-based constraints and
their extraction algorithms in Section 4.2.

4.1.1. Neural Descriptors Derived from RGB Images

As detailed in Section 3.1, neural descriptors derived from RGB images establish
dense correspondences between objects and their constituent parts, which is
fundamental for achieving viewpoint invariance and intra-category generaliza-
tions. Despite promising advances in the literature, applying these techniques
to daily manipulation tasks reveals significant challenges.

A typical limitation of geometric descriptors – such as DON and DIFT features
– is their inability to capture semantic information of objects. This limitation
becomes more pronounced when reference and target objects have mirrored
poses, as illustrated in Figure 3.2 and Figure 3.7. Conversely, pure semantic fea-
tures – such as DINO – lack geometric information; they offer clear boundaries
between object semantic parts but cannot produce smooth feature spaces or
distinguish spatial differences between semantically similar points, as illustrated
in Figure 3.5.

To address these limitations, we follow Zhang et al. (2024b) in combining the
geometric features of DIFT (Tang et al., 2023) with the semantic features of
DINOv2 (Oquab et al., 2024) to create a more informative geometry-aware semantic
descriptor space. Specifically, given an input image A, the combined feature image
AD are obtained by concatenating the DINOv2 and DIFT descriptors:

AD = fDINO(A)
⊕

fDIFT(A) A ∈ RW×H×3,AD ∈ RW×H×D, (4.1)

where D = DDINO +DDIFT is the dimensionality of the resulting descriptor space
as a sum of the dimensionality of the DINOv2 and DIFT feature spaces. Note
that, for simplicity, we refer these features derived from 2D RGB images “2D
descriptors” and those derived from 3D data “3D descriptors”, where “2D” and
“3D” reflect the data modality instead of the dimensionality of the feature space.
For simplicity, we denote the combined model fDD

x , which maps each pixel x
in the image to the combined descriptor space. Here, the superscript DD stands
for the combination of DINOv2 and DIFT: The descriptor for a pixel using the
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Figure 4.1.: Geometry-aware semantic descriptors obtained by concatenating the
DINOv2 and DIFT descriptors. Correspondence detection in fine-grained
area of spout (left) and handle (right) parts of the kettle are shown. The
descriptions of point selection, correspondence detection and colored simi-
larity map resembles that in Figure 3.5.

combined model is

d = fDD
x (x) = fDINO

x (x)
⊕

fDIFT
x (x) x ∈ R3,d ∈ RD, (4.2)

where d denotes the combined descriptor for pixel x and fx denotes the corre-
sponding descriptor model applied a specific pixel.

To detect correspondences between reference and target objects, we utilize the
cosine similarity between two descriptors dref and dtar:

SIM(dref,dtar) =
dref · dtar

∥dref∥∥dtar∥
. (4.3)

The Best Matching (BM) point in the target image At is identified by finding the
pixel with the highest cosine similarity to the reference descriptor:

x∗
t = BM(xr) = argmax

x∈At

SIM(fDD
x (xr), f

DD
x (x)), (4.4)

where xr is the reference pixel, and dr = fDD
x (xr) is the reference descriptor. To

further constrain the detected correspondence within the target object region,
we employ the GroundingDINO (Liu et al., 2024) object detection algorithm to
provide the object bounding box, which is subsequently used by the Segment
Anything Model (SAM, Kirillov et al., 2023) to generate object binary masks.
The cosine similarity is then computed between the descriptors of the reference
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Figure 4.2.: The DINOv2 features are not able to distinguish different points within the
handle of the kettle.

point and those within the target object’s binary mask. Given the binary mask
of the target object Mt, the best matching point is determined by:

x∗
t = BM(xr,Mt) = argmax

x∈Mt

SIM(fDD
x (xr), f

DD
x (x)). (4.5)

As demonstrated in Figure 4.1, given a selected pixel in a reference image of
a kettle, the combined features successfully detect correspondences in fine-
grained areas such as the spout and handle of the target kettle – regions that
are challenging for individual features. In contrast, DINOv2 features struggle to
distinguish different points within the handle in cases with similar and mirrored
poses (see Figure 4.2), while DIFT features fail to correspond to semantic parts
as shown in Figure 3.7.

Despite these improvements, the combined features still exhibit limitations
including artifacts, uneven smoothness, viewpoint variance, and imbalanced
contributions of DINOv2 and DIFT features in the descriptor space. For instance,
as shown in Figure 4.3, when reference and target objects exhibit mirrored poses,
the combined features outperform DIFT in locating handles but fail to smoothly
distinguish between points on the handle due to the dominance of DINOv2
features. Although incorporating DIFT features enhances geometry-awareness in
cases with similar poses (see Figure 4.1), at the bottom of the kettle, the combined
features are dominated by DIFT features, resulting in difficulty distinguishing
left from right. Furthermore, artifacts and missing smoothness in the combined
descriptor space are evident in the kettle’s body, where slight changes in the
reference point lead to significant shifts in the detected correspondence point.
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Figure 4.3.: Imprecise or incorrect correspondence of the combined DINOv2 and DIFT
model for kettle’s spout, handle and bottom part, when reference and target
objects are mirrored.

These artifacts and discontinuities can also be observed in cases with similar
poses.

Dense Correspondence Detection

The capability to detect potential keypoints at arbitrary locations on objects
is essential for developing task representations at the finest granularity. This
requires a viewpoint-invariant, smooth, and geometry-aware semantic descriptor space
that can distinguish both semantic parts and fine-grained geometric details
of objects, such as the top, middle, and bottom parts of a kettle’s handle as
shown in Figure 4.1. We present a four-step correspondence detection algorithm,
involving: 1) viewpoint augmentation, 2) similarity-based retrieval, 3) sparse
matching, and 4) dense warping. The goal of this algorithm is to reliably de-
tect corresponding pixels on categorical objects in target images, regardless of
viewpoint differences between reference and target images.

Viewpoint augmentation: To address the viewpoint variance problem, Zhang
et al. (2024b) proposed applying viewpoint augmentation to images – including
horizontal flips, double flips, and rotations of +90◦, 180◦, and −90◦ – to improve
pose estimation accuracy. Similarly, Ausserlechner et al. (2024) employed mul-
tiple views of target objects to find target images with the best matching pose,
followed by correspondence-based object pose estimation. However, augment-
ing target images at testing time requires computing features for all multi-view
images, which is computationally expensive. We propose a pipeline with offline
augmentation of reference images and an online exhaustive matching on a single
target image. To achieve better performance for objects with arbitrary poses, we

72



Chapter 4. Learning Keypoint-based Task Representation

Figure 4.4.: The dense correspondence detection pipeline. Notations: Ar,Mr are the
reference images, Ai

r,M
i
r are the augmentation images, At,Mt and A∗

t ,M
∗
t

are the target and corrected target images. Connections show the estimation
of descriptors ( ), similarity-based correspondence detection ( ), and
image transformation ( ). The color gradient of sampled reference points is
computed based on the distance to the top-left corner of the image. Point
colors of dense correspondence points are based on the identity matching
to the reference point. Colors of the descriptor images are determined as in
Figure 3.7.

extend the augmentation views by rotating reference images in 18◦ increments
20 times, covering the full 360◦ rotation. These images are subsequently flipped
horizontally to account for mirrored cases. Augmentation details are presented
in Appendix A.3.

Similarity-based retrieval: We propose a novel retrieval method based on
image feature similarities and the number of matching pixels. The objective
is to identify the best matching image from the augmented set of reference
images for a given target image. Once identified, we transform the target image
to align with the original reference image using the transformation parameters
of the best matching augmented reference image.

As shown in Figure 4.4, we compute the combined descriptors for each aug-
mented image within the masked area of the object. Given a test image of a
different kettle on the top right, we obtain its descriptor image and apply a
matching algorithm to retrieve the rotation and flipping augmentation parame-
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ters that result in the most similar reference image. As an alternative to the Best
Matching (BM) technique in Eq. (4.4) for correspondence detection, we improve
cyclic consistency by using the Best-Buddies Matching (BBM) algorithm (Dekel
et al., 2015). The BBM algorithm identifies pairs of points on the reference and
target object’s masked areas (Mr,Mt) where each point is the best match of the
other:

XBBM = {(xr,xt) |xt = BM(xr,Mt),xr = BM(xt,Mr)

∀xr ∈Mr,xt ∈Mt}.
(4.6)

For each augmented image (Ai, Mi), we compute the probability that it is a
best-buddies matching of the target image in terms of the average similarity
score and the number of best buddies corresponding to the detected set of points
X i

BBM. Specifically,

Si =
1

|X i
BBM|

∑
(xi

r,xt)∈X i
BBM

SIM
(
fDD
x (xi

r), f
DD
x (xt)

)
,xi

r ∈Mi (4.7)

PriSIM =
Si∑Na

j=1 S
j

(4.8)

Prinum =
|X i

BBM|∑Na

j=1 |X
j
BBM|

(4.9)

where Si is the similarity score between the i-th reference image and the target
image, PriSIM and Prinum are the normalized probabilities of the similarity scores
and the detected number of best buddies across all Na augmented images. The
best match is retrieved as

i∗ = argmax
i∈[1,Na]∩Z

PriSIM · Prinum. (4.10)

The corresponding augmentation transformation operator T ∗ is then used to
inversely transform the target image to obtain the corrected viewpoint of the
target image that best matches the original reference image, denoted A∗

t .

Sparse matching: We then propose a Soft-Best-Buddies matching (SBBM) algo-
rithm to obtain sparse pixel correspondences between reference and transformed
target images.

Subsequently, we employ the cosine similarity between the descriptors of the ref-
erence image Ar and the corrected target image A∗

t to find dense correspondence
points. Given a set of points Ps

r on the reference object as shown in Figure 4.4,
correspondence points on the target image can be estimated using BM or BBM
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Matching Pairs Matching + TPS Result

BM

BBM

SBBM

Figure 4.5.: Comparison of three different correspondence detection algorithms, namely
Best Matching (BM), Best-Buddies Matching (BBM) and Soft Best-Buddies
Matching (SBBM). The first image column depicts the matching point pairs
of each algorithm, with the reference image on the left and the transformed
target image on the right; The second image column shows the results of the
combination of correspondence matching and TPS. Note that we use a target
image (right most column) with a mirrored pose compared to the reference
image to show that we can also handle cases with viewpoint mismatch; but
the matching and TPS steps are applied on the transformed target image A∗

t .
The last column shows the resulting correspondence points on the original
target image At.
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algorithms. The matching pairs of both algorithms for different target kettles
are shown in Figure 4.5. However, due to artifacts and unsmoothness in the
descriptor space, BM tends to find correspondence points clustered in small
areas, while both BM and BBM fail to find enough correct correspondences in
the areas marked with white circles.

To address this limitation, we propose the Soft-Best-Buddies matching (SBBM)
algorithm that extends BBM by relaxing the strict requirement of being the
absolute best match. Instead, it considers points whose cyclic best buddies are
within a distance threshold ξpixel in image space:

XSBBM = {(xr,xt) | ∥xr − BM(xt,Mr)∥ < ξpixel,

xt = BM(xr,Mt) ∀xr ∈Mr}.
(4.11)

Both BBM and SBBM improve cyclic consistency by enforcing a bidirectional
matching constraint, which helps eliminate spurious matches and enhances
the reliability of correspondences between points in the source and target sets.
Though SBBM generally increases the number of sparse matching pairs, as
shown in Figure 4.5, its result is not directly applicable for dense correspon-
dence.

Dense warping: To address this problem, we propose a novel dense correspon-
dence detection algorithm by integrating SBBM with a smoothing deformation
field leveraging Thin-plate-spline (TPS, Duchon, 1977).

The TPS algorithm is a non-rigid deformation technique that warps the reference
image to the target image by minimizing bending energy to ensure the smoothest
possible deformation. The deformation field is guided by control points extracted
from both the reference and target images, which are then used to compute the
transformation warping the reference image to the target image. In our case, the
control points are the set of matching pairs, such as XBBM and XSBBM.

Given a randomly sampled pixel x′
r = (u, v) on the reference object, it can be

lifted to a 3D point pr via triangular geometry of the camera and the depth
image D,

pr = Lift(x′
r,D(x′

r)) = D(x′
r) ·K−1

(
u, v, 1

)T

, pr ∈ R3 (4.12)
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where K is the camera intrinsic parameter. Similarly, the set of matching pixel
pairs, such as the soft best-buddies XSBBM, are lifted to 3D by:

Psrc = {Lift(xr,D(xr)) | (xr,xt) ∈ XSBBM} , (4.13)

Ptgt = {Lift(xt,D(xt)) | (xr,xt) ∈ XSBBM} , (4.14)

where Psrc and Ptgt serve as source and target control points for the TPS algo-
rithm. We then estimate the correspondence pt on the target images by:

pt = TPS(pr | Psrc,Ptgt) (4.15)

where TPS is the smooth deformation field conditioned on the control points
Psrc and Ptgt, which can be replaced by matching pairs of BM or BBM.

As an application, assume we have a set of sampled pixels Xr evenly distributed
on the reference object as shown in Figure 4.4. We lift them to 3D and apply the
TPS operator using the same set of control points to obtain the dense correspon-
dences Pt on the target images:

Pr = {Lift(xr,D(xr)) | xr ∈ Xr} , (4.16)

Pt =
{
TPS(pr | Psrc,Ptgt) | pr ∈ Pr

}
(4.17)

We denote the set of pixels obtained by projecting the 3D correspondence points
Pt onto the target image as Xt, which is depicted in the bottom-right corner of
Figure 4.4.

In practice, the quality of the matching pairs significantly affects the deformation
field of TPS. As shown in the second column of Figure 4.5, the TPS deformation
field is applied to the reference image to warp the sampled set of dense reference
points to the target image using different matching algorithms. Since all sampled
points in the reference image are assigned a correspondence in the BM case (first
row in Figure 4.5), making them the control points, applying TPS has little
effect on the control points themselves. Therefore, clusters and holes remain.
Comparing the results of BBM and SBBM, we clearly see that the additional
control points provided by SBBM enhance the smoothness of the TPS field,
yielding better dense correspondence, especially in the areas marked with white
circles.

As shown in Figure 4.4, the dense correspondence results are then projected
back to the original target image using the best matching transformation T ∗.
Similar results are depicted in the last column of Figure 4.5.
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Summary: We proposed a novel dense correspondence algorithm between pixels
in reference and target images. It consists of 1) viewpoint augmentation of reference
image, 2) retrieval of best matching reference image and correction of target image
based on feature similarity and the number of matching pixels, 3) SBBM and
4) TPS-based dense warping.

It is important to note that augmented reference images, their descriptors, and
sampled reference points serve as important building blocks of the object canon-
ical space, which is essential in building object-centric task representations,
as will be detailed in Section 4.1.3. The four-step correspondence detection
pipeline allows robust dense correspondence detection on categorical objects by
leveraging emerging features in visual foundation models.

4.1.2. Neural Descriptors Derived from 3D Data

While neural descriptors derived from RGB images are effective for visible
regions, they face significant limitations when it comes to modeling task con-
straints on hidden object parts due to the single viewpoint constraint. To over-
come this, we can leverage three-dimensional representations, such as partially
observed object point clouds, by training neural networks for object reconstruc-
tion and extracting 3D descriptors.

We introduced NDF and NIFT models in this direction in Section 3.1.2. However,
they also exhibit limitation in capturing geometric details. As illustrated in
Figure 4.6, when given a point selected on a reference object and a partially-
observed categorical object, NDF produces imprecise point correspondences,
while NIFT frequently fails to distinguish directional attributes, such as the up
and down orientation of bottles or mugs. To create more informative descriptor
fields, we propose Multi-feature Implicit Model (MIMO).

As depicted in Figure 4.7a, MIMO employs a Vector Neurons-PointNet (Deng
et al., 2021) encoder ε(P) that embeds the geometric information of point cloud
P in an equivariant latent code. It also utilizes a partly shared Multi-Layer Percep-
tron (MLP) decoder with multiple branches to represent SO(3)-invariant spatial
relations between a point p and point cloud P.

The occupancy Φocc (Mescheder et al., 2019) and signed distance Φsdf (Park et al.,
2019) branches enable MIMO to reconstruct object shapes. Specifically, given
a fully- or partially-observed point cloud of an object, we extract the object
mesh from the trained occupancy branch using the Multi-resolution IsoSurface
Extraction algorithm Mescheder et al. (2019). Our experiments demonstrate that
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Ref. Obj. Obs. MIMO NDF NIFT

Note: Reprinted from Cai et al. (2024). © 2024 IEEE.

Figure 4.6.: Comparison of point correspondence detection results of MIMO, NDF and
NIFT. Given a point ( • ) on a reference object and partially-observed point
clouds ( • ), we colorize the novel object mesh based on the L1 distance of
point descriptors to the reference point, where blue means more similar, and
marks the most similar points ( • ).

jointly training the signed distance and occupancy branches yields more precise
shape reconstruction compared to training the occupancy branch alone.

Additionally, we introduce two novel feature branches: 1) the extended SCF
(ESCF) branch Φescf, and 2) the closest distance direction (CDD) branch Φcdd.
Unlike the SCF branch in NIFT, which only considers the power spectrum of
each degree in the spherical harmonics expansion, our ESCF branch is directly
supervised by the coefficients of spherical harmonics expansion across all orders
and degrees. This approach enables ESCF to capture significantly finer geometric
details.

To further enhance the neural field’s directional awareness, we introduce CDD,
defined as the inner product of unit vectors vd and vp. Here, vd points from a
point p to the closest point on the object, while vp follows a chosen principal
direction, such as pointing upward when the object is positioned vertically (see
Figure 4.7b).

Similar to NDF, we concatenate the activation layers of the partly-shared decoder
for Φescf and Φcdd to form the point descriptor:

d = fMIMO
θ (p|P) : R3 × R3×Np → RD. (4.18)

This descriptor space effectively measures geometric similarity (see Figure 4.7c).
By training with four branches, our descriptor space becomes more informative
in distinguishing fine geometric details.

In practice, we observed performance degradation in similarity measures when
directly inferring point descriptors from noisy partially-observed point clouds
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(a) Network Structure of MIMO.
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Ref. Obj. Categorical. Obj.

(c) Similarity Measure.

Note: Adapted from Cai et al. (2024). © 2024 IEEE.

Figure 4.7.: The model architecture of Multi-feature Implicit Model (MIMO) and its
application for similarity measure. (a) MIMO takes as input an object point
cloud P and a point coordinate p and outputs multiple spatial features of
p relative to P, including occupancy Φocc, signed distance Φsdf, Extended
Space Coverage Feature (ESCF) Φescf and Closest Distance Direction (CDD)
Φcdd. The concatenation of activation layers of the decoder for Φescf and
Φcdd forms the point descriptor d of p. (b) The CDD is represented as the
inner product of two unit vectors vp and vd. (c) The high-dimensional point
descriptors of each reference object are reduced to a 3D space using PCA
representing the RGB channels of the color map. Each point of other categor-
ical object instances (at each row) is colorized according to the most similar
point (smallest L1 distance in point descriptors) from the corresponding
reference object at the same row.

P. To address this challenge, we first reconstruct the mesh, then sample a point
cloud Pr from it, which serves as input to MIMO for inferring the point de-
scriptor d = fMIMO

θ (p|Pr). MIMO consistently outperforms both NDF and NIFT
in finding accurate point correspondences, resulting in higher success rate in
downstream manipulation tasks Cai et al. (2024). Comparison of correspondence
detection performances with bottle and mug are shown in Figure 4.6.

Crucially, MIMO estimates neural descriptors for arbitrary points in 3D space
around the object point cloud. This capability allows point-based task repre-
sentations not only on the object surface but also in the surrounding space – a
functionality that neural descriptors derived from RGB data cannot provide.
Both types of neural descriptors presented in this thesis enable dense corre-
spondence detection between categorical objects, facilitating object-centric task
representations via the object canonical space, which we detail in the following
section. The loss function design, and training details of the MIMO model are
presented in Appendix A.4.
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4.1.3. Object Canonical Space and Knowledge Transfer

In this thesis, the objective of object-centric task representation is achieved
through the definition of an object canonical space – a correspondence-based
representation framework that uses an exemplar object instance as a reference
template for a given category. This space is defined by a 1) a template object, 2) a
set candidate points 3) a set of visual descriptors, and 4) a set of local frames.

Canonical space using 2D descriptors

When using 2D descriptors, we assume a single viewpoint of an examplar object
is provided. The canonical space derived from this viewpoint consists of:

1. A template object: An object intance of a category observed from a spe-
cific viewpoint, providing RGB, depth, mask information, and viewpoint
augmentation;

2. A set candidate points: A set of densely sampled points within the masked
region, lifted to 3D using the depth map;

3. A set of visual descriptors: the neural descriptors for each candidate point,
extracted from visual foundation model or 3D neural descriptor fields; and

4. A set of local frames: Each reference frame is established using the neighbor-
hood structure of each candidate point.

As illustrated in Figure 4.4, we select an exemplar kettle in reference image Ar

to construct the canonical space. We apply viewpoint augmentation and visual
descriptor models to the augmented images. With a sampled set of reference
pixels Xr on the exemplar object, we lift them to a 3D point set Pr and obtain
their visual descriptors Dr using visual foundation models. Since Pr represents
the observable shape of the object category, we refer to it as the canonical shape.

Based on this representation, we can employ SBBM and TPS methods to establish
dense correspondences between the canonical space and a new kettle instance
(see Figure 4.8-top). These correspondences enable keypoint and local pose
mapping between categorical object instances, which is essential in knowledge
transfer. For example, keypoints on the handle and spout can be precisely
mapped to a target kettle (see Figure 4.8-middle). Furthermore, local frames
anchored to these keypoints can be mapped to the target kettle by leveraging
their local neighborhood structure (see Figure 4.8-bottom).

Formally, we define one canonical local frame F equal to identity centered at
each reference point p ∈ Pr of the canonical space. Each local frame is assigned
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the Q closest reference points to its origin, whose positions in this local frame
are denoted as the template neighborhood structure, p∗

q . In other words, each
local frame is parameterized by

ϑF =
{
{dq}Qq=1 ,

{
p∗
q

}Q

q=1

}
, (4.19)

where dq are the descriptors of the Q neighboring points.

These neighboring points are then used to detect the corresponding local frame
on another instance of the same object category (see Figure 4.8-bottom). Specifi-
cally, the local frame F is detected by minimizing the mean squared displace-
ment of the observed coordinates {pq}Qq=1 of the neighboring points with their
reference values {p∗

q}
Q
q=1:

F∗ = argmin
F

Q∑
q=1

∥∥p∗
q − pq

∥∥2
. (4.20)

The set of local frames on the reference object in canonical space is denoted as
Θ =

{
ϑFj

: j ∈ [1, |Pr|] ∩ Z
}

. The complete canonical space of an object therefore
includes the sampled set of pixels, their 3D positions, neural descriptors, and
parameters of local frames tied to them: can2 = {Xr,Pr,Dr,Θ}.

Canonical space using 3D descriptors

The correspondence detection using 3D descriptors differs in the neural fields
fMIMO
θ (· | P) that is conditioned on the partially observed or reconstructed

point cloud, which can be applied to arbitrary point in 3D space. Therefore,
the canonical space can be constructed by densely sampling a set Pr of point
from the 3D mesh of a template object of a category and computing their de-
scriptors Dr using trained MIMO. Differently from the pose transfer of 2D case
using point positions (Eqs. (4.19) and (4.20)), 3D pose transfer is achieved di-
rectly by minimizing the L1-distance between two pose descriptors (Eq. (3.4)),
where each candidate local frame is parameterized by its neighboring points’
descriptors ϑF = {dq}Qq=1. The canonical space can then be summarized as
can3 = {Pr,Dr,Θ}, where Θ =

{
ϑFj

: j ∈ [1, |Pr|] ∩ Z
}

.

Summary

Overall, both types of canonical spaces enables four key capabilities:
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Figure 4.8.: Local frame detection and transfer leveraging object canonical space and
2D neural descriptors. Color gradient of correspondence pairs in SBBM and
TPS are determined based on the distance of each pixel to the top left corner
of the image, while the colors of the 3D points in the last row are the same
as their 2D counterparts. Each local frame is determined by the closest 60
neighboring points ( • ).

1. Cross-instance correspondence detection within the same object category,
applicable to both rigid and deformable objects;

2. Transfer of local pose information between different object instances;

3. Representation of tasks using keypoints and constraints in object-relative
local coordinate frames; and

4. Generalization of manipulation skills across varying object geometries.

The canonical space serves as a critical bridge between perception and action,
where object-specific properties are anchored to semantically consistent reference
points rather than to absolute spatial coordinates or idealized object models. Task
constraints are encoded relative to these semantically consistent local frames,
creating a representation that maintains invariance to instance-level geometric
variations and viewpoint changes, while preserving category-level semantic
structure.
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4.1.4. Perception Pipeline

Human demonstration videos of manipulation tasks present significant chal-
lenges for task learning due to inconsistent viewpoints, object variations, and
occlusions. In the previous section, we proposed an object canonical space and
neural descriptor-based correspondence detection approach that ensures object-
centric representation independent of viewpoints and invariant to instance-
level geometric variations. This section details the integration of the proposed
method, the state-of-the-art keypoint tracking algorithms, and human pose
estimation into a robust perception pipeline for preprocessing human demon-
stration videos.

We record1 N human demonstration videos V = {Vn}Nn=1 of a unimanual manip-
ulation task in 3-dimensional task space, with each video containing a sequence
of RGB and depth images Vn =

{
{A(t)}Tt=1 , {D(t)}Tt=1

}
, where T is the time

horizon2. We assume that all demonstrations contain the motion segment of
interest and that the list of object categories O = {Oi}No

i=1 involved in this task is
known, where No is the number of objects. For the visual perception pipeline
relying on 2D neural descriptors, we additionally assume that all task-relevant
keypoints are located in regions on the object surface that remain visible to the
imitator and are not occluded in the first image frame.

Our data preprocessing comprises the following steps: 1) Object canonical space
construction; 2) Dense correspondence detection; 3) Dense keypoints tracking
and occlusion-aware warping; 4) Human hand pose estimation and tracking;
5) Local pose trajectory estimation; and 6) Object role assignment. Note that this
section focuses on the perception pipeline using 2D neural descriptors; while
the 3D descriptors will be used in Section 6.3 for pose transfer tasks.

Constructing object canonical space

We begin by taking the first image frame of each video and detecting object
instances using GroundingDINO Liu et al. (2024), an open-vocabulary object
detection model that produces bounding boxes based on language prompts
containing object category information. These detected bounding boxes serve as
prompt for the Segment Anything Model (SAM, Kirillov et al., 2023) to estimate
binary masks corresponding to each object.

1Details of hardware setup and the video format are presented in Appendix A.1.
2We resample the demonstration videos to have an equal number of image frames.
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We then select detected objects from a random demonstration to construct object
canonical spaces following the steps presented in Section 4.1.3, as only one
reference object per category is required. The canonical space of each object Oi

includes sampled pixels, their corresponding 3D points (i. e., canonical shape), and
descriptors {Xr,i,Pr,i,Dr,i,Θi}. Any point in the sets of the sampled reference
points across all objects is considered a candidate keypoint, while the local frame
tied to it is a candidate local frame. All candidate points in 2D and 3D for a given
task are denoted by:

Xc =
⋃

i∈[1,No]∩Z

Xr,i, Pc =
⋃

i∈[1,No]∩Z

Pr,i. (4.21)

We denote the total number of candidate points as Nc = |Pc|.

Furthermore, we define the spatial scale φi ∈ R as the maximum distance between
any pair of candidates on the canonical shape of each object (see details of
mathematical formulation in Appendix B.1). This property will be used in
Section 4.2.1 to determine object-independent thresholds.

Dense correspondence detection

Categorical objects detected in other demonstrations are treated as target objects.
For these objects, we estimate dense correspondence pairs using SBBM and
TPS, which are further used to estimate local frames tied to each detected
correspondence point on the target object (see Figure 4.8).

For each n-th demonstration at the first image frame (t = 1), we obtain a bi-
nary mask image Mn

i (t) for each object Oi, along with dense correspondence
points – represented as a set of 2D pixels X n

i (t) and a set of 3D points Pn
i (t) –

corresponding to each object’s canonical space {Xr,i,Pr,i,Dr,i,Θi}. As illustrated
in Figure 4.9, kettles in nine demonstrations are detected, and point correspon-
dences between them are established via the canonical space. Simultaneously, a
set of local frames Θn

Oi
(t) tied to local neighborhoods of each object are estimated

according to Eq. (4.20). Two example local frames on the spout and handle of the
kettle are shown in Figure 4.9. Importantly, these local frames enable us to align
demonstrations recorded from different viewpoints to a common perspective,
facilitating geometric constraint extraction and keypoint identification, as will
be discussed in Section 4.2.

Dense correspondence detection on the first image frame of each demonstration
provides {Mn

i (t),X n
i (t),Pn

i (t),Θ
n
i (t) | t = 1, i = [1, No] ∩ Z}, which will subse-
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Figure 4.9.: Local frame detection and transfer on kettle objects across nine demonstra-
tions. Two example local frames on the spout and handle are shown. The
object instance in the bottom left corner represents the canonical space.

quently be used for tracking object masks and keypoints in Section 4.1.4 and
estimating local pose trajectories in Section 4.1.4.

Dense keypoints tracking and occlusion-aware warping

To track the motion of all candidates and objects throughout the demonstration,
we employ Segment and Track Anything (SAM-Track, Cheng et al., 2023) for
object mask tracking based on the initial mask image Mn

i (t) of each object Oi

at t = 1. We integrate the Spatial Tracker model (Xiao et al., 2024) for dense
point tracking. As shown in Figure 4.10, spatial tracker takes the 2D dense
correspondence points of all object categories at the first image frame as query
points:

X n
query =

⋃
i∈[1,No]∩Z

X n
i (t), t = 1, n ∈ [1, N ] ∩ Z, |X n

query| = Nc (4.22)

and tracks these pixels over time for a given demonstration video. The resulting
pixel trajectories must be lifted to 3D trajectories of candidate points before
constraint extraction. Visible pixels can be projected to 3D using the Lift operator
and the depth image, while occluded pixels cannot be naively lifted to 3D as
their corresponding depth values are incorrect. To overcome this issue, we need
to estimate the occlusion status of each candidate point and determine their 3D
positions based on their observable neighborhoods.

While Spatial Tracker can robustly handle occlusion between objects or between
hand and object in 2D image space, its estimated occlusion status is not con-
sistently reliable. As shown in Figure 4.10c, the human left hand occludes the
cup handle in area 3, where the occlusion status is accurately estimated. How-
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(a) Query points (b) Tracks (c) Occlusion

Figure 4.10.: Keypoints tracking with occlusion-aware Spatial Tracker. (a) Starting from
the dense correspondence point sets of all objects at the first image frame
(t = 1) as query point, (b) Spatial Tracker trackers these pixels even when
they are under occlusion. (c) The occluded pixels are displayed as hollow
circles while observable ones with filled circles.

ever, in area 1, the occlusion status of pixels on the kettle’s handle occluded
by the human right hand is not detected, while occluded pixels in area 2 are
mostly false positives. To address this, we propose an alternative method to
estimate occlusion status based on object binary masks and depth maps, which
is both computationally efficient and more reliable than Spatial Tracker. Detailed
methodology is provided in Appendix A.5.

We then apply Thin-plate-spline (TPS) algorithm for each object Oi recursively,
starting from the 3D positions Pn

i (t) at t = 1. At each time step t, we use the
3D positions of all visible points on the object as control points to warp the 3D
positions of occluded points based on their positions at the previous time step
t − 1. By applying these tracking and warping steps to all N demonstration
videos, we obtain 3D trajectories of densely sampled candidate points on objects,
denoted by Tc = {τh}Nc

h , where τh ∈ R3×N×T .

These trajectories are represented in the camera frame. To eliminate noise from
keypoint detection and tracking algorithms, we utilize Savitzky-Golay (SG)
filters (Press and Teukolsky, 1990). The SG filters also allow us to obtain velocity
trajectories as the first-order time derivatives of position trajectories. For sim-
plicity, we denote the smoothed trajectories with the same symbols T and τ
throughout the remaining content.

Human hand pose estimation and tracking

In addition to candidate points on objects, KVIL requires keypoints of human
hands and handedness information (i. e., left/right hand labels). In natural
visual demonstrations, human hands often experience heavy (self-)occlusion
in several image frames, causing methods like MediaPipe Lugaresi et al. (2019)
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Figure 4.11.: Hand pose estimation and tracking using InterWild.

and RTMPose Jiang et al. (2023) to fail. We found that InterWild (Moon, 2023)
robustly estimates human hand poses, providing representations of hands as 3D
meshes, 3D keypoints, and handedness information, which enables mapping
different sub-tasks to the robot’s hands. While InterWild’s estimation of hand 3D
positions based on monocular images and estimated camera parameters is not
accurate or temporally consistent, its 2D keypoints on images are highly accurate.
Therefore, we re-base the hand mesh to the most probable visible keypoint of the
hand lifted to 3D using the depth map, where the probability of each keypoint is
determined by object-hand mask overlay and pre-defined priority. The human
binary masks are also tracked with SAM-Track. We empirically observed that
our framework outperforms other models such as MediaPipe, RTMPose, and
OSX Lin et al. (2023) when hands are under heavy (self-)occlusion.

InterWild uses the MANO model (Romero et al., 2017) of human hands, which
contains 21 keypoints for each hand. In total, we obtain trajectories of hand
keypoints {τj}Nh

j=1, where τj ∈ R3×N×T and Nh = 21 is the number of keypoints
on a hand for unimanual tasks in this chapter, while Nh = 42 for bimanual
manipulation in Chapter 5. Similar to object trajectories, we apply SG filters
to smooth the hand trajectories and compute their velocities. Since both hands
and objects in human demonstrations exhibit the same format of point data, we
treat the human hand as a special object type in the remainder of this thesis.
As shown in Figure 4.11, the hand skeleton connecting the 21 keypoints at two
timesteps is visualized for the pouring water task. The hand-object interaction
is precisely captured in this point-based dataset, facilitating fine-grained task
representation, including motion segmentation and grasp detection Section 6.1.1,
task-oriented grasp modeling Section 6.3.
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Local pose trajectory estimation

As explained in Section 4.1.3, we can estimate local frames tied to each candidate
using their closest Q neighbors. Having obtained trajectories of all candidate
points throughout the demonstrations, we can apply Eq. (4.20) to each candidate
point at each time step to derive a set of local pose trajectories TF = {τF ,h}Nc

h ,
where τF ,h ∈ R4×4×N×T when a local frame is represented as a homogeneous
transformation matrix. We define one local frame per hand attached to the
middle finger MCP keypoint (Romero et al., 2017), the orientation is defined
with z-axis pointing from palm to finger, x axis go through palm and y axis from
thumb to pinky finger, as detailed in Appendix A.2. Their trajectories τF ,h are
also estimated for each demonstration, where h ∈ {Left,Right}.

Object role assignment

Geometric constraints alone are insufficient to fully represent a task. For example,
one constraint in a pouring task is kettle-cup alignment, which could be achieved
by moving the cup toward a static kettle. However, pouring specifically requires
motion of the kettle. Uni-KVIL addresses this issue by considering the role
of objects for the task at hand. We detect object motion saliency using the
candidate trajectories similarly to Muhlig et al. (2009b) to determine object roles
R = {γi}No

i=1, where γi ∈ {master, slave}.

The master object Om is defined as the object with the lowest average variance
of candidates’ trajectories, while other objects are designated as slave object Os.
Uni-KVIL accounts for these object roles by extracting local frames only on the
master object and extracting keypoints only on the slave objects.

Summary

In summary, the preprocessed data from theN demonstration videos contains:

1. the canonical spaces of objects involved in the task, including sampled pixels,
their 3D positions (i. e., canonical shape), neural descriptors, and parameters
of candidate local frames tied to them {{Xr,i,Pr,i,Dr,i,Θi}}No

i=1;

2. the set of object spatial scales Φ = {φi}No

i=1;

3. trajectories of candidate points and candidate local frames across all demon-
strations Tc, TF ; and

4. the set of object rolesR = {γi | γi ∈ {master, slave}}No

i=1.
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This structure is illustrated in the overview diagram (see Figure 4.12). Based
on the assigned roles of objects as either master or slave, the candidates (see
Eq. (4.21)) can be divided into two subsets: candidate points on master objects
and those on slave objects. This division is similarly applied to their correspond-
ing descriptors, position trajectories, and pose trajectories:

Pc = Pm ∪ Ps, Pd = Dm ∪ Ds (4.23)

Tc = Tm ∪ Ts, TF = TF ,m ∪ TF ,s. (4.24)

4.2. Extracting Keypoint-based Task
Representation

Given the preprocessed data, our objective is to simultaneously extract a set P
of keypoints and a corresponding set C = {Cl}Ll=1 of geometric constraints. We
define six elementary geometric constraints in a 3D Cartesian space, namely
point-to-point (p2p), point-to-line (p2l), point-to-plane (p2P), point-to-curve (p2c),
point-to-surface (p2S), and pose constraints, as illustrated in Figure 4.13.

To determine which candidate points are subject to linear constraints – such
as p2p, p2l, and p2P – we analyze the principal components of each candidate
point’s position across multiple demonstrations using PCA (Halko et al., 2011).
This analysis is based on the explained variance of each principal component
(see Section 4.2.1). Conversely, nonlinear geometric constraints (p2c and p2S)
are estimated through the iterative PME method (see Section 3.2). Complex
constraints such as colinearity, coplanarity, parallelism, and perpendicularity emerge
from combinations of these fundamental constraint types.

Additionally, a distribution of hand grasp poses or object poses associated
with specific functional parts can be modeled using Gaussian Mixture Models
(GMMs). However, Uni-KVIL primarily focuses on learning constraints for
action segments corresponding to object manipulation, without addressing
automatic grasping. We, therefore, discuss the modeling of pose constraints and
task-oriented grasping separately in Section 6.3.

To ensure robust constraint estimation, the criteria for Principal Constraints Esti-
mation (PCE) adapt to the number of demonstrations. For single-demonstration
scenarios (i. e., one-shot imitation learning), learning generalizable skills is
inherently limited due to the lack of variability. Thus, we employ heuristic
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Figure 4.12.: Overview of Uni-KVIL’s architecture. After preprocessing the demonstration videos, Uni-KVIL jointly extracts a set of sparse
keypoints, a set of keypoint-based geometric constraints, and a set of movement primitive parameters that fully represent the
task. The robot then leverages the proposed keypoint-based admittance controller to reproduce the task in novel scenes.
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distance-based criteria to fully constrain the pose of objects (see Section 4.2.1).
In contrast, when multiple demonstrations are available (i. e., few-shot imitation
learning), keypoints and geometric constraints are determined based on the
spatial distribution and variability of candidate points across demonstrations
(see Section 4.2.1). Nonlinear constraints are incorporated only when a sufficient
number of demonstrations are available.

4.2.1. Principal Constraints Estimation

We now introduce the criteria for estimating linear and nonlinear geometric
constraints on principal manifolds.

Distance criteria for a single demonstration

A single demonstration (N = 1) does not provide sufficient variation to learn
generalizable skills. Consequently, we constrain the pose of objects by assuming
rigidity and extracting three keypoints for each slave object to fully define its
pose in 3D space.

We map the trajectories of all candidate points on the slave objects into can-
didate local frames Fj(t) on the master object at each time step t, aligning
demonstrations to a common viewpoint, where Fj ∈ TF ,m is the jth candidate
local frame on the master object. Examples of viewpoint alignment are discussed
in Section 4.4.2. We denote these transformed trajectories as τ̃ k

j (t) ∈ R3×N , the
positions of the kth candidate point on a slave object represented in the jth candi-
date local frame at timestep t across N demonstrations. We use this variable to
denote the candidate positions in the remainder of this thesis.

Empirical observations suggest that, in daily manipulation tasks, the closest
point k1 on the slave object to the master object is crucial for maintaining contact
or avoiding collisions. The farthest point k2, in combination with k1, helps define
the object’s pose. Based on these heuristics, we extract the local frame F∗(t) from
all candidates that is, on average, closest to all candidates on the slave objects.
We then identify two keypoints, k1 and k2, as the closest and farthest candidates
from F∗(t), respectively. For 3D tasks, an additional keypoint k3 is selected as
the farthest from both k1 and k2.

These three keypoints fully define the slave object’s pose and are subject to p2p

constraints. For each slave object, we obtain a set Pd = {kl}3l=1 of keypoints
and their associated geometric constraints C = {Cl}3l=1, where each constraint
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Cl specifies a p2p constraint on a “0-dimensional” principal manifold at time t
within the selected local frame:

Cl =
{
Mpoint(kl), t, θF∗(t), p2p

}
, l ∈ {1, 2, 3} , (4.25)

where θF∗(t) is the parameterization of the selected local frame.

To fully determine the pose of the slave object, the three keypoints are subject to
linear p2p constraints. For each slave object, we finally obtain a set Pd = {kl}Dl=1

of keypoints and the corresponding geometric constraints C = {Cl}Dl=1, where
Cl = {Mpoint(kl), t, ϑF∗(t), p2p} defines a p2p constraint on a 0-dimensional prin-
cipal manifoldMpoint on point kl at time t in the local frame parameterized by
ϑF∗ .

Notably, the local frame parameters (Eq. (4.19)) encode the position profiles
of neighboring points and their neural descriptors. These descriptors enable
detecting neighborhood points on a new instance of the master object via dense
correspondence detection (Section 4.1.1). This information, in turn, is used in
Eq. (4.20) to estimate the pose of the local frame in the new scene, thereby en-
abling the transfer of keypoint constraints to novel environments and supporting
an object-centric task representation with category-level generalization.

Variance criteria for linear constraints

When several demonstrations (N > 1) are available, we leverage their variability
to estimate linear constraints beyond p2p. To do so, we obtain the candidate
positions τ̃ k

j (t) in the canonical local frames Fj(t) at time t as described in
Section 4.2.1. We then compute the explained variance νk

j (t) of each candidate’s
position at timestep t across multiple demonstrations using PCA.

νk
j (t) = VPCA[τ̃

k
j (t)] ∈ R3, τ̃ k

j (t) ∈ R3×N . (4.26)

The spatial variability ηk
j (t) is then defined as

ηk
j (t) =

(
νk
j (t)

)1/2
/φ̃i, (4.27)

with φ̃i the spatial scale of the slave object Oi to which the kth candidate be-
longs.

In contrast to the explained variance, spatial variability removes dependencies
on the object size. This allows us to empirically define two object-agnostic lower
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(a) p2p (b) p2l (c) p2P

(d) p2c (e) p2S (f) Pose

Note: Adapted from Gao et al. (2023). © 2023 IEEE.

Figure 4.13.: Six types of geometric constraints. The constraints are obtained from candi-
date points (•) from N demonstrations. The density function σ(z), z ∈ Rd

is estimated from the projections (•) of the candidate positions on the
d-dimensional principal manifold. We also depict the mean pm ( • ), the
spatial variability ( , ) on the principal manifold along the principal
components, the stress vector s ( ), and examples of extrapolation of the
keypoints (×) on the manifolds.

and upper thresholds ξ1, ξ2 to identify appropriate linear geometric constraints
based on the computed spatial variability.

Candidates are classified into constraints based on the following conditions:
1) Low spatial variability in all components (ηkj,1(t) < ξ1) suggests a fixed-point
constraint (p2p); 2) variability along only one principal component (ηkj,2(t) < ξ1,
ηkj,1(t) > ξ2) suggests a line constraint (p2l); and 3) variability along two principal
components (ηkj,3(t) < ξ1, ηkj,2(t) > ξ2) suggests a plane constraint (p2P).

Any spatial variability ηk
j (t) satisfying the above conditions indicates the joint

selection of the kth candidate point, the jth candidate local frame at time step
t. All candidates selected as such form a set Pl of keypoints subject to linear
geometric constraints.

Note that, due to the fact that two distinct points define a line and three non-
collinear points define a plane, we learn p2l constraints when N > 2 and of p2P
constraints when N > 3.
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Variance criteria for nonlinear constraints

Linear constraints may not sufficiently capture certain task constraints, such
as the different inclination angles of the kettle across different pouring demon-
strations (see Figure 1.2a). In such cases, nonlinear constraints (p2c, p2S) are
estimated using PME.

Candidate points on slave objects that do not satisfy any linear constraints are
considered potential candidates for nonlinear constraints. In our case, we replace
the random D-dimensional vector p in (3.9) with the candidate point’s positions
τ̃ k
j (t) at time step t across multiple demonstrations, so that the PME loss in

Eq. (3.9) becomes

L(f, πd) = E
∥∥τ̃ k

j (t)− f(πd(τ̃ k
j (t)))

∥∥2
+ λ∥κf∥2, k ∈ [1, |Ps|] ∩ Z.

After obtaining the projection index πd from PME, we compute the projections
of candidates onto the manifold, i. e.,

τ̂ k
j (t) = πd(τ̃

k
j (t)), τ̂ k

j (t) ∈ Rd×N . (4.28)

Then, analogously to Section 4.2.1, we define the explained variance νkj,∥(t) in the
tangential direction of the principal manifold as the variance of the projections:

νkj,∥(t) = V[∥τ̂ k
j (t)∥] ∈ R. (4.29)

The explained variance νkj,⊥(t) in the orthogonal direction corresponds to the
variance of the length of the stress vectors

νkj,⊥(t) = V[∥s∥], s = τ̃ k
j (t)− f(τ̂ k

j (t)), (4.30)

where f(·) is the reconstruction function of PME and f(τ̂ k
j (t)) ∈ R3×N are the

orthogonal projection points of τ̃ k
j (t).

Similar to the linear case, the spatial variability is defined as

ηkj,z(t) =
√
νkj,z(t)/φ̃i, z ∈ {⊥, ∥}. (4.31)

The set of keypoints subject to nonlinear geometric constraints is determined
by:

Pnl =
{
pk | νkj,⊥(t) < ξ1, ν

k
j,∥(t) > ξ2,pk ∈ Ps, k ∈ [1, |Ps|] ∩ Z

}
. (4.32)
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0 t−∆t1 t T −∆t2 T

(a) Time clustering

k1 : p2p

k2 : p2l

(b) Position clustering

F∗

(c) Equivalent local frames F

F∗
k1

k2

(d) Insertion

Note: Adapted from Gao et al. (2023). © 2023 IEEE.

Figure 4.14.: Hierarchical agglomerative clustering for inserting a stick into a paper roll
(see also Section 4.4 for the task description). (a) The selected candidates are
first clustered in time ( ) to identify the adjacent timesteps. (b) The candi-
dates (×) in each time cluster (e. g., here in the last time cluster [T −∆t2, T ])
are then clustered based on their positions in the canonical shape ( ) of
the stick for each constraint (here p2p and p2l). For each position cluster,
the keypoint ( ) with the lowest variability is finally selected. (c) Since
the paper roll has no shape variation, i.e., all canonical local frames are
equivalent, the closest frame F∗ to the selected keypoints is selected. (d)
Final task representation (see also Figure 4.22).

The type of the geometric constraints is determined by the intrinsic dimension d
of the learned principal manifold, i. e., d = 1 and d = 2 indicate a p2c and a p2S

constraint, respectively. Notice that, in order to guarantee their reliable estima-
tion, nonlinear constraints are considered only when enough demonstrations
(e. g., N ≥ 8) are available.

Hierarchical Agglomerative Clustering (HAC)

As described in Section 4.2.1, each selected candidate keypoint k in the sets
of linear and nonlinear constraints, Pl and Pnl, corresponds to a specific time
step t and local frame Fj . Redundancy may arise due to adjacent timesteps,
neighboring keypoints, or equivalent local frames.

To address this, we first apply Hierarchical Agglomerative Clustering (HAC) to
group keypoints in time, identifying adjacent timesteps. Figure 4.14 illustrates
an example of HAC applied to an insertion task. Next, we cluster keypoints
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Mline Mplane Mcurve Msurface

Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Figure 4.15.: Orthogonal direction ( ) to the principal manifolds.

τ̃l

Mcurve

t = 0

τ̃l,⊥

τl,⊥

Note: Adapted from Gao et al. (2023). © 2023 IEEE.

Figure 4.16.: Projected and reproduced trajectories using a VMP for a p2c constraint.
The demonstrated trajectory τ̃l ( ) is projected at each time step in the
orthogonal direction ( ) of the principal manifoldMcurve. The projected
trajectory τ̃l,⊥ ( ) is used to train movement primitives, which is then
used to reproduce trajectories, e. g., τl,⊥ ( ) with a new start position at
0.1m and goal position at 0m. The arrows ( ) mark the corresponding
projected trajectory between the 3D and 2D plots at two timesteps.

within each time cluster based on their positions in the canonical shape of the
slave object, thus grouping neighboring keypoints. Redundancy is resolved by
selecting the keypoint with the lowest variability within each position cluster,
ensuring robustness against sensor and correspondence detection noise. If mul-
tiple constraints exist for a selected keypoint at a given time step in different
local frames, we choose the local frame closest to the keypoint on average.

In summary, the proposed PCE extracts a sparse set of L keypoints, given by
P = Pd∪Pl∪Pnl, along with their associated (non)linear constraints, C = {Cl}Ll=1,
which are used to represent the task as described next.

4.2.2. Extraction of the Complete Task Representation

The keypoints and associated constraints extracted in Section 4.2 provide an
understanding of the demonstrated task. However, a control policy is necessary
for task reproduction. We propose modeling the observed keypoint trajectories
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Figure 4.17.: Illustration of the attraction and density forces when the keypoints k1 and
k2 are subject to p2p and p2l constraints, respectively. Left: The approach
force fa of k2 is computed by the virtual spring-damper system between
the attractor k∗

2 and k2. The density force fσ is then projected onto the
tangent space of the sphere at k2. The control force of k2 is the combination
of the attraction and the projected density force. Right: k1 is controlled by
the attraction force f1 following the attractor k∗

1 and the VMP ( ) to reach
the target kg

1, which coincides with the demonstrated target km
1 . Note that

the target kg
2 of k2 does not coincide with km

2 due to object shape variation,
i.e., the distance ( ) between k1 and k2 during reproduction is longer than
for the demonstration ( ).

using VMPs (Zhou et al., 2019). These VMPs are trained from an object-centric
perspective and adhere to the constraints estimated via PCE.

Specifically, for each keypoint subject to a p2p constraint, we train a VMP on its
observed trajectory τ̃l within the corresponding local frame Fj from time step 1

to the extracted time step t, i. e., τ̃l = (τ k
j (1), . . . , τ

k
j (t))

T, where k and l indicates
that the kth candidate point in the dense set Ps is selected as the lth keypoint in
the sparse set P.

For constraints with intrinsic dimension d > 0 (e. g., p2l, p2P, p2c, p2S), fulfill-
ment requires that the keypoint reach the corresponding principal manifold at
the end of the control period. While the exact location on the manifold does
not affect constraint satisfaction, it influences the similarity between the demon-
strated and reproduced object poses. Thus, we decompose keypoint control
into orthogonal and tangential components relative to the principal manifold
(Figure 4.15).

The orthogonal motion ensures adherence to the constraint by guiding the
keypoint onto the manifold, while the tangential motion regulates object pose
similarity between demonstrations and reproduction. Since slave object’s shape
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Figure 4.18.: Illustration of the attraction and density forces when k2 is subject to a p2P
constraint. In contrast to Figure 4.17, the density force fσ is projected onto
the intersection line ( ) of the shifted principal manifoldM′

plane and the
tangent space. Legend as in Figure 4.17.

variations may affect target keypoint positions on the principal manifold, we
train the VMP only on the orthogonal component of the trajectory, τ̃l,⊥.

Notably, the principal manifold reliably predicts the expansion trend of the
geometric constraints even to regions in space far away from the training data
distribution. This allows Uni-KVIL to extrapolate keypoints target positions
along the manifold, a unique property that enhances the generalization capabil-
ity, which has not yet been demonstrated in the literature.

Figure 4.16 presents an example of projected and reproduced trajectories under
a p2c constraint. During reproduction, at each time step, we determine the
3D target position of a keypoint by adding the VMP-generated offset in the
orthogonal direction of the principal manifold, controlling the keypoints toward
its orthogonal projection on the principal manifold (e. g., k∗

2 in Figure 4.17 and
Figure 4.18). Setting the VMP goal to zero ensures constraint satisfaction at the
trajectory’s end. The keypoint’s motion along both directions is regulated by the
keypoint-based admittance controller introduced in the next section.

In conclusion, Uni-KVIL’s final task representation consists of a set of keypoints,
characterized by their descriptors D = {dl}Ll=1, their geometric constraints C =
{Cl}Ll=1, and movement primitives encoded via the weight set Ω = {wl}Ll=1.
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4.3. Keypoints-based Admittance Controller

After learning the representation of a given task from demonstrations, our goal
is to enable robots to reproduce this task by interacting with objects such that
their keypoints fulfill the learned constrained. This requires bridging the gap be-
tween Uni-KVIL’s task representation and real-time robot controllers. To address
this challenge, we propose a Keypoint-based Admittance Controller (KAC), which
effectively: 1) accommodates variable numbers of keypoints across different
tasks; 2) balances constraint fulfillment with extrapolation of keypoint target
positions on their learned principal manifolds; 3) resolves potential interfer-
ence between different types of geometric constraints. Notably, capabilities 2)
and 3) are essential for handling significant object shape variations during task
reproduction.

The KAC associates each keypoint in P with a virtual spring-damper system,
whose attractor is computed via the corresponding VMPs (see Section 4.3.1).
As detailed in Section 4.3.4, the accumulated attraction forces from all keypoints’
spring-damper systems serve as the task-space force command for the robot.
This design enables the KAC to handle varying numbers of keypoints across
different tasks. Regarding capability 2), extrapolation of keypoint target posi-
tions under p2p constraints is prohibited. For non-p2p constraints, the controller
decomposes control forces into orthogonal and tangential directions relative
to the learned principal manifolds (see Section 4.2.2). Consequently, keypoints
approach the principal manifolds following motion profiles learned from the
projected trajectories in orthogonal directions.

The control force generated by each keypoint’s virtual spring-damper system
maintains orthogonality to the principal manifold throughout execution, en-
suring keypoints satisfy the corresponding geometric constraints when the
VMP execution concludes. While this approach allows for the extrapolation of
keypoint target positions on the principal manifold, it does not consider the dis-
tance between demonstrated3 and extrapolated targets4. Therefore, we propose
balancing extrapolation and regulation by estimating the density function of
demonstrated targets on the principal manifolds, as described in Section 4.3.2.
This density information is then utilized to compute an additional force – the
density force – that guides each keypoint toward demonstrated targets.

3Demonstrated targets refer to the keypoint target positions on the principal manifold obtained
from demonstrations.

4Extrapolated targets are keypoint target positions sampled on the principal manifold outside
the demonstrated distribution.
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Finally, we obtain capability 3) by assigning different priorities to different types
of geometric constraints, as described in Section 4.3.3. The following subsections
detail each component of the KAC.

4.3.1. Attraction force

Given the learned task representation and a new image frame At for task re-
production, we identify the keypoints representing the task. Specifically, we
estimate the correspondence point of each keypoint kl on At using their visual
descriptors dl and dense correspondence detection (see Section 4.1.1). These
positions are then mapped to robot local frame Fr.

The attractor k∗
l of the virtual spring-damper system at each time step– i. e., the

keypoint target position – is computed for each keypoint by the corresponding
VMPs projected onto Fr. The attraction force generated by the virtual spring-
damper system is then computed as:

fa,l = K̄p(k
∗
l − kl) + K̄d(k̇

∗
l − k̇l), (4.33)

where K̄p, K̄d are diagonal stiffness and damping matrices, respectively, and k̇l

and k̇∗
l are the velocity of kl and k∗

l , respectively.

As explained in Section 4.2.2, for non-p2p constraints, the VMPs are trained on
trajectories projected in directions orthogonal to the principal manifold. There-
fore, the learned VMPs and resulting attraction forces reproduce the demon-
strated motion patterns in the orthogonal direction. This means that the final
positions of keypoints can be extrapolated anywhere on the principal manifolds
to accommodate object shape variations and other geometric constraints. How-
ever, without considering the demonstrated targets on the principal manifold,
we risk losing critical information about successful task execution or specific
execution styles. We capture this information using kernel density estimation
and provide additional density forces to guide keypoints toward demonstrated
targets.

4.3.2. Density force

For a non-p2p constraint, we project the demonstrated keypoint positions τ̃l(t)
at the extracted time step t onto the corresponding d-dimensional principal
manifold using the learned projection index πd, yielding k̂m

l = πd(τ̃l(t)) ∈ RN×d.
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Since at time step t the lth keypoint should fulfill the geometric constraints, we
interpret k̂m

l as its demonstrated target positions on the manifold.

We then estimate the density function σ(x) of the keypoint target positions
from k̂m

l using kernel density estimation Pedregosa et al. (2011) with SE kernels.
Examples of estimated density functions for p2l, p2P, p2c, and p2S constraints
are illustrated in Figures 4.13b to 4.13e. This density function indicates the
probability of a keypoint target position on the corresponding principal manifold
given the demonstrated target positions. In other words, the density function
quantifies the confidence level when extrapolating keypoint target positions to
new locations on the principal manifold, which may occur due to object shape
variations during reproduction.

Examples of extrapolated keypoint target positions (×) during reproduction are
shown in Figures 4.13b to 4.13e. Notice that the target position in Figure 4.13b-
left has a lower probability (i. e., lower extrapolation confidence) than the one in
Figure 4.13b-right due to its greater distance from demonstrated target positions.
This illustrates that keypoint control must not only fulfill geometric constraints
but also position keypoints as close as possible to demonstrated targets on the
constraints.

Therefore, in addition to the attraction force fa,l that ensures geometric constraint
fulfillment, we define a density force fσ,l to guide keypoints toward regions with
higher probability. First, we define the driving force fσ,1 computed from the
density gradient∇σ(x) as:

fσ,1 = g1 · f(∇σ(x)). (4.34)

For regions where fσ,1 is insufficient to move keypoints effectively, we define a
minimal driving force fσ,2 as:

fσ,2 = g2 · f(
km − k′

l

∥km − k′
l∥2

), (4.35)

where k′
l = πd(kl) ∈ Rd is the projection of the keypoint onto the principal mani-

fold, f(·) is the reconstruction function (see Section 4.2.1), and g1 and g2 are force
scaling parameters. Note that fσ,2 points directly to the mean of the demonstrated
targets k̂m

l on the principal manifold, i. e., km = avg(k̂m
l ).

The density force is then defined as the maximum of fσ,1 and fσ,2:

fσ,l = argmax
f

∥f∥2, f ∈ {fσ,1, fσ,2} . (4.36)
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Examples of these density forces fσ for p2l and p2P constraints are illustrated in
Figures 4.17 and 4.18.

4.3.3. Priority

When accommodating large object shape variations, controlling a p2l constraint
with the same priority as a p2p constraint may lead to violations of the latter. To
mitigate such interference, we assign higher priority to p2p constraints compared
to other constraint types.

For clarity, we use Figures 4.17 and 4.18 to explain this concept. Figure 4.17
shows the case of two constraints: p2p for k1 and p2l for k2, while in Figure 4.18,
k2 is subject to a p2P constraint. In both scenarios, we construct a sphere centered
at k1 with radius ∥k2 − k1∥ and define the tangent space of the sphere at k2 as
the plane formed by all lines tangent to the sphere at k2.

Figures 4.17 and 4.18 also depict the corresponding principal manifoldsMline

andMplane shifted in parallel to pass through k2 asM′
line andM′

plane. Assuming
solid connections ( ) between k1 and k2, strong density forces fσ applied to k2

would drag k1 in the same direction. This could violate the p2p constraint for k1

and potentially cause collisions if k1 is near the master object.

To reduce such interference when the principal manifold is a line Mline, we
project fσ onto the tangent space TxMs of the sphere Ms, ensuring that k1’s
position remains unaffected by the projected density force f ′σ (see Figure 4.17).
Similarly, when the principal manifold is a plane (Figure 4.18), we project fσ
onto the intersection between the tangent space and the shifted principal plane
M′

plane. This approach also applies to nonlinear constraints (p2c and p2S), for
which we use a linear approximation at each time step.

In summary, the density force ensures that the reproduced task resembles the
demonstrations on the principal manifold, while the priority mechanism reduces
interference with p2p constraints while preserving the extrapolation capability.
The decomposition of control forces into attraction forces (Section 4.3.1) and
density forces (Sections 4.3.2 and 4.3.3) is crucial for balancing reproduction
fidelity and extrapolation capability.

In practice, we empirically tune the stiffness and damping gains of the virtual
spring-damper systems to achieve optimal tracking accuracy and control stabil-
ity. One-shot IL represents a special case (see Section 4.2.1) where the learned
task representation comprises three keypoints subject to p2p constraints. In
this scenario, no density force is required, and constraint priorities are defined
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as Pri1 > Pri2 > Pri3, since k1 typically represents the contact point between ob-
jects. To ensure higher control precision for k1, we set the stiffness gains of the
three keypoints to K̄p,1= 5K̄p,2= 10K̄p,3 and the respective damping gains to
K̄d,l = 2K̄

1/2
p,l , where l ∈ [1, 3], ensuring critically damped behavior for control

stability.

4.3.4. Admittance controller

The KAC computes the robot arm control command by combining attraction
forces fa and projected density forces f ′σ for all keypoints. First, we compute the
control force for each keypoint as fl = fa,l + f ′σ,l and define a virtual tool-center-
point (TCP) k̄ =

∑L
l=1 kl/L as the mean of all keypoint positions (see Figure 4.17-

right, Figure 4.18-right).

The virtual TCP is driven by a virtual force and torque:

ff =
L∑
l=1

fl and fτ =
L∑
l=1

(kl − k̄)× fl

where × denotes the vector cross product.

The total control force fv = [fTf , f
T
τ ]

T is applied to the robot end-effector (i.e., the
humanoid hand) to calculate the virtual acceleration:

ẍv = K̃p(x0 − xv)− K̃dẋv − K̃mfv,

where x0,xv are the initial and virtual poses of the robot end-effector, ẋv is
its virtual velocity, and K̃m, K̃d, and K̃p are the inertia, damping, and stiffness
factors, respectively.

The robot is controlled using a task space inverse dynamics controller, whose
task space control force fm is calculated as:

fm = Kp(xv − x) +Kd(ẋv − ẋ) + hc,

where x, ẋ are the current end-effector pose and velocity, Kd, and Kp are the
damping and stiffness factors of the impedance controller, respectively, and hc

represents the Coriolis and gravitational force in the task space.
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4.4. Evaluation

We evaluate our approach across five daily manipulation tasks involving diverse
geometric constraints and various categorical objects (see Figure 4.19). The tasks
include: press button (PB, Figure 4.20), fetch tissue (FT, Figure 4.21), insert
sticks into a paper roll (IS, Figure 4.22), pour water (PW, Figure 4.23), hang hat
on a rack (HH, Figure 4.24), and clean table with a dustpan and a brush (CT,
Figure 4.25).

For all experiments, the number of candidate points on each slave object is set
to Pi = 300 for objects and Pi = 21 for hands, while the number of neighboring
points around each candidate local frame on the master object is Q = 50 for
objects and Q = 10 for hands. We utilized 20 kernels for the VMPs. Thresholds
ξ1 and ξ2 are empirically selected, and controller gains are tuned based for our
humanoid robot.

Our evaluation first examines Uni-KVIL’s ability to extract generalizable task
representations given varying numbers of demonstrations (see Section 4.4.2
for one-shot and Section 4.4.2 for few-shot visual imitation learning, as well
as Figures 4.20 to 4.25). We demonstrate how variations in objects’ pose and
shape contribute to efficient extraction of generalizable task representations
and evaluate Uni-KVIL’s ability to reproduce corresponding tasks learned from
different numbers of demonstrations.

We discuss challenges arising from scarce demonstrations in Section 4.4.2 and
show how these challenges are resolved through additional demonstrations.
We summarize the minimum number of demonstrations required to learn a
generalizable representation for each task. Finally, we evaluate the proposed
KAC in terms of control accuracy, precision, and success rate in Section 4.4.3.
More evaluation results can be found in the accompanying website5 of the
published paper (Gao et al., 2023).

4.4.1. Evaluation Protocols

We record human demonstration videos as detailed in Appendix A.1. For tasks
involving categorical objects, we distinguish between the object instances used
for the demonstrations, and for the reproductions. When only one instance
of a specific object category was available, we used it for demonstrations and
reproductions.

5https://sites.google.com/view/k-vil
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Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Figure 4.19.: Objects used in our paper include (a) tissue boxes, (b) teacups, (c) a rack
and a hat, (d) kettles, (e) a paper roll, (f) sticks, (g) dustpans and brushes.
Note that the rack can be assembled with stick #6-10 to have multiple shape
variations.

We define a set of extraction tasks TE = {PB,FT,PW,HH, IS,CT} for which we
evaluate Uni-KVIL’s ability to extract generalizable task representations given
N ∈ {1, 3, 4, 5, 11} demonstrations. For clarity, we evaluate only the representa-
tions of the last time cluster, i. e., the goal configuration of each task when t = T .
This can be easily extended to other time clusters if necessary.

We then define a set of reproduction tasks TR = {Task N : Task ∈ TE}, each rep-
resenting the reproduction of Task by ARMAR-6 using the task representation
extracted from N demonstrations.

To evaluate reproduction and adaptation of learned task representations in new
cluttered scenes, we arbitrarily perturb the scene before each execution trial.
Specifically, we place involved objects and robot hands in different locations
within the workspace and camera view. We use the image frame captured by the
robot right before the execution to parameterize the learned task representation,
including identifying keypoints, detecting local frames, configuring geometric
constraints, and generating keypoint motion trajectories using learned VMPs.

We consider a task learned from N demonstrations and from a third-person
view to be generalizable when it can be successfully reproduced by the robot with
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Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Figure 4.20.: Press a button on the kettle to open the lid with variations in hand orien-
tation. The candidate points (colored points) and the skeleton of hands
(colored line segments) are overlain on the objects at time step T . Different
colors denote different trials. The keypoints kl ( ) are extracted from dif-
ferent number N of demonstrations in each subfigure. The demonstrated
trajectories ( ), the local frames F , and the estimated principal manifolds
( ) are also depicted. Notice that the demonstrations were provided from
different viewpoints, although they are here represented aligned to the
local frame F for a better illustration of the extracted keypoints and con-
straints (for viewpoint mismatch, see Figure 4.25.)

categorical objects in new cluttered scenes. Below, we describe specifications for
each task in terms of demonstration collection and successful robot reproduction.
Table 4.7 lists all considered tasks.

Press Button (PB): A human demonstrates opening a kettle lid by pressing
its button with the middle finger’s tip using either hand. We used kettle #5
in Figure 4.19d for this task. The demonstrations include different hand poses
approaching the button (see Figure 4.20). For robot reproduction, we designed
fixed maps between human hand keypoints and robot hand keypoints. Success-
ful reproduction requires the robot to reach the button with its fingertip within
5mm and open the lid by slightly closing the finger to press the button.

Fetch Tissue (FT): A human demonstrates fetching tissue from two different
tissue boxes (#3 and #4 in Figure 4.19a) with various hand poses (see Figure 4.21).
Tissue boxes #4-10 were used for reproduction. Successful reproduction requires
the robot to grasp the tissue and pull it out with a predefined pulling action.
Although shape variations between demonstration boxes #3-4 are subtle, box
#10 introduces significant shape variations for reproduction testing.

Insert Stick (IS): Sticks #2-4 in Figure 4.19f and paper roll in Figure 4.19e were
used for human demonstrations (see Figure 4.22). We did not insert sticks fully
into the paper roll to be able to observe the aligning status of the stick to its
line constraints. While pose variations were not considered, shape variations
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Figure 4.21.: Fetch tissue with variations in hand orientation. Legend as in Figure 4.20.
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Figure 4.22.: Approach the insertion position to insert sticks with 3 length variations
into a paper roll. Legend as Figure 4.20.

were introduced through sticks of different lengths and thicknesses. For repro-
duction, sticks were initially tilted between −30◦ to 80◦, extending beyond the
demonstration range (0◦ to 45◦). Successful reproduction requires placing the
stick’s lower tip directly above the paper roll’s center hole without collision to
the paper roll during the execution.

Pour Water (PW): A human demonstrated pouring with kettle #5 in Figure 4.19d
and teacups #1 and #3 in Figure 4.19b, incorporating teacup shape variations
and kettle pose variations (see Figure 4.23). Teacups #1-4 and all kettles were
used for reproduction. Successful reproduction requires aligning the kettle spout
above the teacup rim and tilting the kettle appropriately.

Hang Hat (HH): The rack was assembled with different-length sticks (#6-10 in
Figure 4.19f). Racks assembled with sticks #7-8 were used for demonstrations,
while sticks #6-10 were used for reproduction. Specifically, stick #7 was used
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Figure 4.23.: Pouring task with variations in the shape of cups and the orientation of
the kettle. The principal plane in (b) is represented by orthogonal vectors
Mplane,x ( ) andMplane,y ( ). Other legends as in Figure 4.20.

in Figures 4.24a, 4.24b and 4.24d and sticks #7-8 in Figure 4.24c. Successful
reproduction occurs when the hat rim is placed on the stick tip regardless of
stick length and initial hat pose.

Clean Table (CT): Dustpans #2-3 and brushes #3-4 in Figure 4.19g were used for
demonstrations, while dustpan #1 and brushes #1-2 were used for reproduction.
The task is successful when the brush head aligns parallel above the dustpan
edge.

4.4.2. Evaluation of Uni-KVIL’s Task Representation

As discussed in Section 4.2, Uni-KVIL’s task representation can be acquired
from one or a few demonstration videos based on distance and variance criteria.
Therefore, the number of demonstrations and variations in object poses and
shapes play essential roles.

In this evaluation, we address three key questions: (i) How do task represen-
tations learned from different numbers of demonstrations affect reproduction
performance? What are the limitations of representations learned from scarce
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Figure 4.24.: Hang a hat on a rack. Note that there are only slightly deformations of
the hat in (a)-(c) and relatively more obvious deformations in (d) (see (e)),
while pose variations in the hats are considered in all cases. The racks in (c)
have two shape variations. Legend as Figure 4.20.

demonstrations? (ii) How many demonstrations are required to learn generaliz-
able task representations? (iii) How do shape and pose variations contribute to
successful extraction of task representations?

We evaluate Uni-KVIL in one-shot and few-shot imitation learning setups in
Section 4.4.2 and Section 4.4.2, respectively, and answer these questions in
Section 4.4.2.

One-shot Imitation Learning

With a single demonstration, Uni-KVIL learns a task representation based on
the distance criteria presented in Section 4.2.1, resulting in a set of three linear
p2p constraints.

Task extraction: We first learned the insertion task from a single demonstration
involving stick #4 (Figure 4.19f) and a paper roll. Here, the master object is the
paper roll, and the slave object is the stick. As shown in Figure 4.22a, Uni-KVIL
extracts three keypoints subject to p2p constraints on the stick. Notably, the local
frame F and keypoint k1 are located near the contact point, while k2 is the
farthest point on the stick from the paper roll.
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Similarly, in Figures 4.20a, 4.21a, 4.23a and 4.24a, local frames are constructed on
the master objects (kettle, tissue box, teacup, and rack, respectively) with three
p2p constraints extracted to fully constrain the pose of the slave objects (hand,
hand, kettle, and hat, respectively).

Task reproduction: Following Section 4.3.3, priorities of the three keypoints are
ranked as Pri1 > Pri2 > Pri3. This reflects that k1 is typically the contact point
between objects, allowing KAC to reproduce k1’s motion more accurately than
k2 and k3.

The first five columns of Table 4.1 show examples of reproducing the insertion
task learned from a single demonstration (IS 1 ), and reproductions without
priority in KAC as an ablation study (ISnp 1 ). We display cases with a short
stick (#10), a long stick (#6, longer than demonstration sticks), and an extra-
long stick (concatenation of #8 and #9), with the largest length difference being
approximately 300mm.

The first row demonstrates Uni-KVIL’s ability to correctly adapt task represen-
tations of the insertion task to new scenes. This includes estimating the local
frame F on the paper roll, establishing three p2p geometric constraints in F ,
identifying keypoints on the sticks, and generating VMP trajectories.

Importantly, without priority in KAC, keypoint k1 in ISnp 1 -short cannot reach
its target as accurately as in IS 1 -short. Moreover, IS 1 -long executes successfully
without collision between stick and paper roll due to KAC’s priority mechanism,
unlike ISnp 1 -long. However, both IS 1 -ext. long and ISnp 1 -ext. long result in
collisions due to the extreme stick length compared to demonstrations, with
more severe collision without priority.

One-shot VIL may generally fail when learned geometric constraints are un-
reachable, especially with third-person-view demonstrations. For example, task
representations learned from single demonstrations of PB and FT (Figures 4.20a
and 4.21a) fail during reproduction (tasks A: PB 1 and D: FT 1 in Table 4.2) due
to unreachable target keypoint positions. This indicates that one-demonstration
task representations may not be sufficiently generalizable for motion reproduc-
tion.

Summary: Despite some execution failures, Uni-KVIL consistently adapts the
tasks to new scenes. Uni-KVIL reliably identifies keypoint positions, locates their
targets in the detected local frames, and generates corresponding VMPs. This
level of generalization for one-shot VIL is achieved leveraging the combination
of proposed task representation with dense visual correspondence models.
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Note: Adapted from Gao et al. (2023). © 2023 IEEE.

Figure 4.25.: Uni-KVIL handles viewpoint mismatch in the three demonstrations (a)-(c)
by aligning the corresponding local frames on the master object dustpan
in (d), which results in an aligned viewpoint in (e). Two p2l constraints
and their probability density functions on the principal lines are visualized.
The robot reproduces the CT 3 task from a new viewpoint with a novel
brush and dustpan (f), with the keypoints ( k1, k2) detected on the
brush hair (g). The local frame on the dustpan is determined by the Q = 50
neighboring points as shown in (g). (f) and (h) depict the keypoints and
their movement primitives in 2D and 3D respectively.

Furthermore, the prioritized KAC enables handling shape variations in categori-
cal objects through keypoint target position extrapolation. However, very large
shape variations remain challenging. In other words, single demonstrations limit
the learning of embodiment-independent generalizable task representations,
motivating our evaluation of performance with multiple demonstrations.

Handling viewpoint mismatch

When demonstration videos come from different viewpoints, as in the CT 3

task (Figure 4.25), we need to align demonstrations into a common viewpoint.
As explained in Section 4.2.1, we have in total |Pm| candidate local frames –
i. e., common viewpoints – on the master object. We project the slave objects’
motions (e. g., brush) into each candidate local frame F̂j (e. g., dustpan) and then
apply PCE to extract task representations. PCE jointly extracts keypoints, their
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constraints, and the local frame in which these constraints are most prominent.
This resolves the viewpoint mismatch problem.

As shown in Figure 4.25e, the geometric constraints become obvious in the
aligned viewpoint, which is not the case in Figure 4.25d. Uni-KVIL extracts two
p2l constraints for the CT 3 task, which together approximately form a parallel
constraint. The estimated probability density functions of the two keypoints on
their corresponding principal lines ensure their target positions lie above the
dustpan edge.

Notably, using Uni-KVIL’s task representation, not only can demonstrations be
recorded from different viewpoints, but the robot’s reproduction can also be
performed from a viewpoint significantly different from any demonstration, as
shown in Figures 4.25f to 4.25h. For clarity, we discuss the remaining evaluation
results in aligned viewpoints, although demonstrations and reproductions occur
in different viewpoints as shown for the CT 3 task.

Updating Constraints Incrementally

Here, we apply Uni-KVIL to few-shot imitation learning scenarios where addi-
tional demonstrations are incrementally provided for each task. Task constraints
in the form of various linear and non-linear principal manifolds are extracted
based on variance criteria (see Sections 4.2.1- 4.2.1). Figures 4.20 to 4.24 show
the constraints for each task in TE extracted by Uni-KVIL from several demon-
strations

Task extraction and reproduction of insertion tasks IS. Multiple demonstrations
allow consideration of task variations and extraction of prioritized geometric
constraints. For example, keypoint k1 in Figure 4.22b is the most invariant point
on the stick across demonstrations, while k2 is subject to a p2l constraint – con-
trasting with Figure 4.22a, where all keypoints were subject to p2p constraints.

With this task representation, KAC successfully handles all stick lengths by
fulfilling the p2p and p2l constraints, as shown in Table 4.1 for IS 3 (P). Despite
reduced accuracy and precision (see Section 4.4.3, Table 4.7), KAC without
priority still achieves successful task completion (see ISnp 3 (Q) in Table 4.1).

Overall, Uni-KVIL’s extrapolation abilities significantly improve with three
demonstrations versus only one. Due to the nature of the p2l constraint and
KAC’s priority mechanism, sticks of arbitrary length can be handled. As the line
manifold approximately passes through both k1 and k2, Uni-KVIL implicitly
learns a collinear constraint for these keypoints.
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Tasks N: IS 1 O: ISnp 1 N: IS 1 N: IS 1 O: ISnp 1 P: IS 3 Q: ISnp 3 P: IS 3 Q: ISnp 3

stick short short long ext. long ext. long short short ext. long ext. long

T
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3×p2p p2p, p2l

F F F F F F F F F

R
ep
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ct
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n

Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Table 4.1.: Reproduction of the insertion tasks with/without priorities. Given an image of the scene before execution, Uni-KVIL’s task
representation (TR) of each task is used to identify the local frame F , the keypoints ( k1, k2, k3), their targets positions (
kg
1, kg

2, kg
3), their movement primitives ( , , ), and the line principal manifold ( ) in tasks P and Q. The short, long

and extremely long sticks correspond to sticks #10, #6, and the concatenation of #8 and #9. Task names and statistics are listed in
Table 4.7. The subscript np indicates that the task was reproduced without priority in KAC. The figures in each column are from
one of the 20 trials for each task.

11
4



C
hapter

4.
Learning

K
eypoint-based

Task
R

epresentation

Tasks A: PB 1 B: PB 3 C: PB 4 D: FT 1 E: FT 3 F: FT 4

T
R

3×p2p p2p, p2l p2p 3×p2p p2p, p2l p2p

F F F F F F

R
ep

ro
du

ct
io

n
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Table 4.2.: Reproductions of tasks PB and FT learned from a third-person view without enough demonstrations lead to failure, due to
unreachable geometric constraints, see tasks A, B, D, E. Generalizable task representations of PB and FT learned from enough
demonstrations can be successfully executed in C and F. Legend as in Table 4.1.
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Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Table 4.3.: Reproductions of tasks PW learned from different number of demonstrations. For task H, I and J, we mark the learned principal
manifold Mline ( ), Mplane ( , ) and Mcurve ( ), respectively. Additionally, the point ( ) indicates the mean of the
demonstrated targets of keypoint k2 on the corresponding principal manifolds, which attracts the keypoint’s target point ( ) on
the manifold. The last row numbers the trails. Other legends as in Table 4.1.

11
6



Chapter 4. Learning Keypoint-based Task Representation
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Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Table 4.4.: Reproductions of tasks HH. Legend as in Table 4.1.

Task extraction and reproduction of PB and FT tasks. For these tasks, three
demonstrations are insufficient for complete task representation. In these cases,
Uni-KVIL may extract superfluous p2l constraints (seeMline in Figure 4.20b and
Figure 4.21b). This forces the robot to position its hand similarly to the human
demonstrator. However, due to third-person demonstrations, the robot cannot
achieve this, resulting in failed executions of tasks PB 3 and FT 3 , similarly to
PB 1 and FT 1 (see Table 4.2).

These unnecessary p2l constraints are eliminated with an additional demonstra-
tion (see Figures 4.20c and 4.21c), enabling successful task reproduction (see
PB 4 and FT 4 in Table 4.2).

Task extraction and reproduction of PW tasks. Similarly to the PB and FT tasks,
learning PW task from three demonstrations results in superfluous p2p and p2l

constraints. Though the task may still be executable (see the 2nd trail in Table 4.3),
these constraints can lead to collisions between the kettle and environment in
other scenarios. For instance, in the the 3rd trail, with certain initial kettle poses,
the generated VMPs and line constraints cause reversed kettle rotation during
execution, leading to reproduction failures.

These restrictive representations are mitigated by providing an additional demon-
stration, which updates problematic constraints to different types – e. g., the p2l

constraint in Figure 4.23b becomes a p2P constraint in Figure 4.23c. This signifi-
cantly improves the pour motion, as the p2P constraint appropriately constrains
the kettle in a vertical plane while being less restrictive than the previous p2l

constraint. The density force within the plane constraint ensures the kettle’s
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tilting angle resembles the demonstrations. A successful reproduction of these
task representations is shown in Table 4.3-(PW 4 ).

With sufficient demonstrations (N = 11 in Figure 4.23d), Uni-KVIL extracts
a p2c constraint for keypoint k2 at the kettle’s bottom. Reproduction results
with different kettle instances are shown in Table 4.3-(PW 11 ). Intuitively, the
p2c constraint better aligns with our understanding of pouring. Moreover, the
last column shows KAC’s ability to correct kettle pose despite a tilted initial
position.

The PW tasks in Table 4.3 demonstrate that our approach generalizes well to
categorical objects with varying colors, sizes, and shapes, and remains robust to
background and viewpoint changes.

Task extraction and reproduction of HH tasks. Unlike the PB, FT, and PW tasks,
learning HH task from three demonstrations does not produce superfluous p2l
constraints. Instead, due to obvious hat pose variations, Uni-KVIL consistently
extracts a single keypoint k1 on the hat’s backside with a p2p constraint repre-
sented in the local frame near the hanging stick’s end.

As shown in Table 4.4, target poses for the hat in HH 3 vary according to different
initial poses, while in HH 1 , they are fully determined by three p2p constraints.
Moreover, as shown in Figures 4.24c to 4.24e, by introducing shape variations
of the rack with stick #7 and #8 in Figure 4.24c, the keypoint k1 only shows
position invariances in the extract local frame. This demonstrates that object
shape variations in the demonstrations allow for a more precise selection of the
local frames that align with our intuition.

Evaluation summary

Our experiments demonstrate that Uni-KVIL’s task representations enable suc-
cessful learning of diverse tasks and their reproduction in new cluttered scenes
with significant shape and pose variations in categorical objects. Unlike ap-
proaches such as Pari et al. (2022); Yang et al. (2022), our method does not
require maintaining the same viewpoint between demonstrations and reproduc-
tions, offering greater flexibility. We now discuss how the number and diversity
of demonstrations influence these task representations.

Limitations of scarce demonstrations. Task representations learned from a few
demonstrations hinder Uni-KVIL’s performance and extrapolation ability in
three ways: 1) they may be embodiment-dependent and thus unreproducible
by the robot, as in Table 4.2 for PB 1 , PB 3 , FT 1 , and FT 3 ; 2) they may cause

118



Chapter 4. Learning Keypoint-based Task Representation

Number of demonstrations (N)

TE 1 3 4 5 11

a PB 3× p2p p2p, p2l p2p p2p p2p
b FT 3× p2p p2p, p2l p2p p2p p2p
c PW 3× p2p p2p, p2l p2p, p2P p2p, p2P p2p, p2c
d HH 3× p2p p2p p2p p2p p2p
e IS 3× p2p p2p, p2l p2p, p2l p2p, p2l p2p, p2l
f CT 3× p2p p2l, p2l p2l, p2l p2l, p2l p2l, p2l

Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Table 4.5.: Extraction tasks and the geometric constraints of each task learned from
different number of demonstrations. We mark the cases ( ) where the
learned task representations converge, and highlight the cases (in blue) where
the learned task representations are generalizable.

collisions during execution, as in IS 3 -ext. long (see Table 4.1) and PW 3 with im-
proper kettle starting pose (see Table 4.3); 3) even when successfully reproduced,
they yield reduced control accuracy compared to representations learned from
more demonstrations (see Section 4.4.3). These limitations motivate our evalua-
tion of the minimum number of demonstrations required for generalizable task
representations according to criteria in Section 4.4.1.

Adequate number of demonstrations. Table 4.5 summarizes extracted geomet-
ric constraints for the extraction tasks across different numbers of demonstra-
tions. Notably, learned task representations converge after a certain number of
demonstrations: N = 4 for PB and FT, N = 11 for PW, and N = 3 for HH and
IS.

Furthermore, representations become generalizable almost simultaneously with
convergence. As an exception, PW representations already generalize with p2p

and p2P constraints learned from just four demonstrations. Importantly, gener-
alizable representations do not necessarily require p2p constraints, as evidenced
by the CT task represented by two p2l constraints.

Overall, our approach efficiently extracts generalizable task representations from
considerably fewer demonstrations than state-of-the-art methods.

Object pose and shape variations. Uni-KVIL’s task representations funda-
mentally rely on variations observed in demonstrations to extract appropriate
constraints. For example, in PB, the demonstrator’s hand pose variations (Fig-
ure 4.20c) allow Uni-KVIL to distinguish the middle finger’s tip (used for button
pressing) from other candidate points on the hand. These variations enable
efficient extraction of keypoint k1 subject to a p2p constraint.
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index TE role object PV SV TR

1 PB
master kettle - ✗ Figures 4.20b and 4.20cslave hand ✓ ✗

2 FT
master tissue box - ✓ Figures 4.21b and 4.21cslave hand ✓ ✗

3 PW
master teacups - ✓ Figures 4.23b to 4.23dslave kettle ✓ ✓

4 HH
master rack - ✗ Figure 4.24bslave hat ✓ ✗

5 HH
master rack - ✓ Figure 4.24cslave hat ✓ ✗

6 HH
master rack - ✗ Figures 4.24d and 4.24eslave hat ✓ ✓

7 IS
master paper roll - ✗ Figures 4.22b and 4.22cslave stick ✗ ✓

8 CT
master dustpan - ✓ Figure 4.25slave brush ✓ ✓

Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Table 4.6.: Pose variations (PV) and shape variations (SV) in the demonstrations along
with the detected master and slave objects. The corresponding task repre-
sentations (TR) are linked in the last column. Pose variations of the master
objects are not relevant (-) as the local frames representing the object pose are
constructed on the masters.

Pose variations also provide the spatial distribution of keypoints across demon-
strations. This allows Uni-KVIL to associate keypoint k2 with geometric con-
straints such as p2l (Figures 4.23b and 4.25e), p2P (Figure 4.23c), and p2c (Fig-
ure 4.23d).

Shape variations likewise facilitate efficient extraction of keypoints and geo-
metric constraints. For instance, stick length variations in the IS task enable
Uni-KVIL to extract keypoints k1 and k2 subject to p2p and p2l constraints,
respectively, as shown in Figure 4.22b.

In other cases, shape variations in master objects help eliminate redundancy
in candidate local frames. For example, all 300 candidate local frames on the
rack in HH (Figure 4.24b) are equivalent due to the absence of rack variations
across demonstrations. Here, we empirically selects local frame F as the closest
on average to keypoint k1 on the hat.

This redundancy is resolved by introducing shape variations in master ob-
jects. For example, considering two rack variations in HH (Figure 4.24c), k1 is
position-invariant only in local frames near the contact point between rack and
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hat. This allows Uni-KVIL to focus on these frames and filter out others. Fig-
ure 4.24d shows that the representation converges and remains consistent with
Figures 4.24b and 4.24c even with more demonstrations containing significant
hat shape and pose variations.

Similarly, tissue box shape variations in FT enable selection of local frames
around the grasping point, while teacup shape variations in PW ensure local
frames for pouring are positioned around the rim.

Table 4.6 summarizes the impact of pose and shape variations on the considered
tasks. Uni-KVIL effectively handles and leverages pose and shape variations
in master and slave objects during demonstrations, enabling robust extraction
of local frames, keypoints, and geometric constraints. These results highlight
that beyond generalizable task representations, the quality of human demon-
strations plays a critical role for data-efficient Visual Imitation Learning (VIL)
approaches.

4.4.3. Evaluation of KAC

In Section 4.4.2, we demonstrated Uni-KVIL’s ability to extract generalizable
task representations from a few demonstrations. Specifically, we showed these
task representations successfully adapt to new cluttered scenes with categorical
objects. To reliably execute these learned tasks, we propose the prioritized
keypoint-based admittance controller (KAC) in Section 4.3, which effectively
handles varying numbers of keypoints across different task representations, as
shown in Table 4.5. In this section, we evaluate the proposed KAC in terms of
control accuracy, precision (i. e., repeatability), and success rate across the 18

tasks described in Section 4.4.1 (see also Table 4.7).

Following the evaluation protocol in Section 4.4.1, each task is reproduced
Nr = 20 times. We record the trajectories of all relevant keypoints during execu-
tion. Since we are particularly interested in KAC’s regulation behavior when
keypoints satisfy their corresponding geometric constraints (i. e., when the VMPs
finish), we record keypoint trajectories for an additional 2 s time window, de-
noted by Tend. These trajectories are then compared to their corresponding target
trajectories – VMP trajectories for keypoints subject to p2p constraints, and at-
tractor trajectories for keypoints subject to other constraint types. Notably, for
the latter, the 3D position of the attractor is recovered from the corresponding
1-dimensional VMP in the orthogonal direction of the corresponding principal
manifold (see also Section 4.3.1).
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Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Figure 4.26.: Regulation errors between each keypoint and its target estimated in Tend
over Nr = 20 trials for tasks C to R in Table 4.7. The mean regulation error,
i.e., control accuracy Acc., is depicted as . The box shows the first and
third quartiles of the regulation error of each keypoint, with the bar inside
it indicating the median.

First, we evaluate KAC’s ability to satisfy the learned keypoints’ geometric
constraints by computing the regulation error of each keypoint during Tend for
each trial:

ev =
1

Tr

Tr∑
t=0

∥kg
l,v(t)− kl,v(t)∥2, v ∈ [1, Nr] ∩ Z,

where Tr represents the total timesteps recorded in Tend, and kl,v,k
g
l,v are the

recorded and target positions of the considered keypoint in the vth trial, respec-
tively. Figure 4.26 displays the distribution of keypoint regulation errors across
20 trials for each task, with mean values ( ) corresponding to control accuracy:

Acc =
1

Nr

Nr∑
v=0

ev.

Second, we evaluate KAC’s control precision (i. e., repeatability) for all keypoints
across all tasks, computed as:

Prec =

√√√√ 1

Nr

1

Tr

Nr∑
v=1

Tr∑
t=1

∥kl,v(t)− µkl,v
∥22, (4.37)

where µkl,v
= 1

Tr

∑Tr

t=1 kl,v(t). Finally, we report the success rate for each task
according to the evaluation protocols described in Section 4.4.1.

Table 4.7 presents the evaluation results of KAC across all three metrics. As
indicated by qualitative evaluations in Table 4.2, the tasks PB and FT result
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in a 0% success rate when learned from fewer than four demonstrations (see
A-B, D-E in Table 4.7). As discussed in Section 4.4.2, this failure stems from
geometric constraints that are unreachable for the robot. In contrast, task rep-
resentations learned from four demonstrations are generalizable (see Table 4.5
in Section 4.4.2), enabling KAC to achieve sub-millimeter control accuracy and
precision, as well as ≥ 90% success rates (see C and F in Table 4.7).

As evidenced in Figure 4.26 and Table 4.7 (G-J), PW 4 and PW 11 outperform
PW 3 in terms of control accuracy, precision, and success rate. This superiority
stems from the fact that, unlike PW 3 , both PW 4 and PW 11 are generalizable
(see Table 4.5 and Table 4.3). Although PW 1 exhibits relatively high control
precision and success rate, its control accuracy remains low, and the kettle’s
pose is fully constrained by three p2p constraints, which significantly limits its
extrapolation capabilities. Interestingly, while k1’s control accuracy in the PW

task increases with the number of demonstrations, k2’s highest control accuracy
is achieved in PW 4 (I). This results from k2’s p2P constraint in PW 4 , which
is easier to satisfy than the p2c constraint in PW 11 . For the same reason, we
observe lower precision in PW 4 compared to PW 11 .

Similar to the pattern observed in PW, HH 3 (M) and IS 3 (P) demonstrate
higher control accuracy and precision than HH 1 (L) and IS 1 (N), respectively.
Furthermore, thanks to the priority mechanism introduced in KAC, HH 1 (L) and
IS 1 (N) achieve 95% and 62% success rates, respectively, despite the availability
of only a single demonstration. The lower performance of IS 1 is attributed to
the extremely long stick used in reproduction (see Table 4.1) due to its large
shape variation, which demands high generalization capabilities. In contrast,
the hat in HH is only slightly deformable with minimal shape variations.

It is important to note that for HH and IS, we do not compare control accuracy
between keypoints subject to different geometric constraints (shown in gray
in Table 4.7). Since these keypoints are controlled according to different priori-
ties within KAC, their reported accuracy heavily depends on the object shape
variations occurring in these tasks. For example, when using sticks of various
lengths in the insertion task IS 1 (N), KAC assigns highest priority to keypoint
k1, ensuring that k1 is controlled with significantly higher accuracy than k2 and
k3. Notably, k2’s highest regulation error in this task is approximately 150mm,
which corresponds precisely to the maximum length difference between sticks
used in demonstration versus reproduction. Therefore, in HH and IS, the control
accuracy of k2 and k3 is more influenced by experimental setups (e. g., stick
lengths) than by KAC itself. In CT 3 , where two p2l constraints share the same
priority, both keypoints are equally controlled toward regions with high likeli-
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Acc. (mm) Prec. (mm)

TR TR k1 k2 k3 k1 k2 k3 R (%)

A PB 1 Figure 4.20a × × × × × × 0
B PB 3 Figure 4.20b × × × × × × 0
C PB 4 Figure 4.20c 0.67 - - 0.34 - - 90

D FT 1 Figure 4.21a × × × × × × 0

E FT 3 Figure 4.21b × × × × × × 0

F FT 4 Figure 4.21c 0.82 - - 0.65 - - 100
G PW 1 Figure 4.23a 4.81 15.01 32.09 0.75 0.78 0.72 95

H PW 3 Figure 4.23b 3.56 3.21 - 1.20 2.12 - 87

I PW 4 Figure 4.23c 2.01 0.88 - 1.04 5.67 - 94

J PW 11 Figure 4.23d 0.93 6.80 - 0.42 0.56 - 100

K PWnp 11 Figure 4.23d 9.71 20.08 - 0.90 1.16 - 100

L HH 1 Figure 4.24a 13.53 51.33 54.28 0.67 0.67 0.67 95

M HH 3 Figure 4.24b 1.48 - - 0.47 - - 95

N IS 1 Figure 4.22a 17.77 125.40 51.98 1.55 1.30 1.34 62

O ISnp 1 Figure 4.22a 74.55 77.05 13.40 1.03 0.97 1.02 25

P IS 3 Figure 4.22b 1.01 0.63 - 0.36 0.36 - 95

Q ISnp 3 Figure 4.22b 2.46 1.50 - 2.32 1.39 - 90

R CT 3 Figure 4.25e 8.89 10.22 - 2.04 2.03 - 95

Note: Reprinted from Gao et al. (2023). © 2023 IEEE.

Table 4.7.: Evaluation of KAC in terms of control accuracy (Acc.), precision (Prec.), and
success rate (R) for each category of tasks with task representations (TR)
learned from different numbers N of demonstrations. Ablation studies (de-
noted by ·np) are also conducted in tasks K, O, and Q by removing the priority
(see Section 4.3.3) from KAC. The cases where data is not available due to
failure execution and where a specific keypoint is not required are denoted
as × and -, respectively. Gray numbers in N and O indicate inconsequential
values.

hood on their corresponding principal lines. The two spring-damper systems
for these keypoints reach equilibrium, resulting in comparable control accuracy
and precision.

Compared to IS 1 , the ablation study ISnp 1 (O), conducted without KAC’s pri-
ority mechanism, shows a significant drop in success rate (down to 25%), as
k3 achieves the highest accuracy at the expense of k1 and k2. This outcome is
expected, as the three identical virtual spring-damper systems for k1, k2, and k3

reach equilibrium, with k3 typically positioned between k1 and k2. For the abla-
tion tasks PWnp 11 (K) and ISnp 3 (Q), which are reproduced from generalizable
task representations, removing KAC’s priorities does not affect their success
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rates. However, both control accuracy and precision decrease compared to their
prioritized counterparts PW 11 (J) and IS 3 (P).

4.5. Conclusion and Discussion

In this chapter, we introduced the novel keypoints-based visual imitation learn-
ing focusing on unimanual manipulation tasks, named Uni-KVIL. We first
propose a neural-descriptor-based generalizable object representation, allowing us
to detect dense correspondences and transfer keypoints and poses between
categorical objects via object canonical spaces. This facilitates keypoint-based task
representation at finest granularity and intra-category generalization, as well as
a robust percpetion pipeline preprocessing human demonstration videos under
viewpoint mismatch and occlusion challenges.

Given the high-quality point-based dataset extracted from a small set of human
demonstration videos, Uni-KVIL learns sparse, object-centric, viewpoint invariant,
and embodiment-independent task representations. The proposed task represen-
tations are based on the extraction of a wide range of geometric constraints on
principal manifolds, leveraging the proposed Principal Constraint Estimation (PCE)
algorithm – a data-efficient statistical method that effectively identify invari-
ant task features. PCE jointly extracts keypoints, their constraints and the local
frames anchored to master object’s functional parts, making the representation
object-centric, significantly enhancing the generalization capabilities. Uni-KVIL
enables one-shot and few-shot VIL and incrementally updates learned task rep-
resentations when additional demonstrations are provided, thereby enhancing
their extrapolation capabilities. Uni-KVIL’s task representations also incorporate
task-specific keypoint control policies encoded as VMPs, which are leveraged
for task execution through a prioritized keypoint-based admittance controller (KAC).
Compared to control policies based on RL or visual servoing, our approach al-
low flexible temporal scaling and support via-point adaptation (including start
and target positions). Consequently, they substantially contribute to Uni-KVIL’s
generalization capabilities by extrapolating keypoint target positions on the
learned principal manifold.

Our evaluation demonstrates that Uni-KVIL consistently learned generalizable
task representations for six manipulation tasks involving cluttered scenes, new
instances of categorical objects, and significant variations in object poses and
shapes. Importantly, we showed that the learned task representations converge
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and become generalizable with substantially fewer demonstrations than state-
of-the-art approaches such as Sermanet et al. (2018); Sharma et al. (2019); Pathak
et al. (2018); Jin and Jagersand (2022). Interestingly, the sparse keypoint-based
geometric constraints extracted by Uni-KVIL largely aligned with human intu-
ition. These include the extraction of a single p2p constraint for button pressing,
a pair of p2p and p2l constraints for the insertion task, and a p2p coupled with a
p2c constraint for the pouring task, among others.

It is important to emphasize that the decomposed control and priority mech-
anism of KAC significantly enhanced Uni-KVIL’s extrapolation capabilities.
Our quantitative evaluations demonstrated its ability to reproduce learned task
representations with high control accuracy, precision, and success rates. Notably,
Uni-KVIL accurately handled extensive shape variations in the insertion task.
In contrast, previous works either did not address or only briefly discussed the
extrapolation capabilities of their approaches (Sieb et al., 2019; Yang et al., 2022;
Jin and Jagersand, 2022; Karnan et al., 2022a). For instance, Jin & Jagersand Jin
and Jagersand (2022) only demonstrated extrapolation to another instance of
the hammer category with minimal shape variation, without providing any
quantitative evaluations.

It is essential to recognize that variations in object poses and shapes play a
critical role in learning generalizable task representations, especially when only
a limited number of demonstrations are available. Without such variations,
our approach can still generalize to categorical objects through dense neural
descriptors but achieves lower control accuracy, precision, and success rates,
and may fail in extreme cases, such as in one-shot VIL scenarios.

Uni-KVIL faces limitations in terms of bimanual manipulation, learning from
demonstrations containing a series of actions, neural descriptor models, and
inter-category generalization.

Bimanuality: In this chapter, we focused on unimanual manipulation tasks
involving at most two objects, modeled within a single-layer master-slave rela-
tionship. While our generalizable object representation enables the hierarchical
decomposition of scenes involving multiple objects, this capability has not yet
been fully exploited.

In Chapter 5, we extend Uni-KVIL to bimanual manipulation tasks by introduc-
ing a hierarchical structure of master-slave object relationships. This allows us to
model various bimanual coordination strategies (Krebs and Asfour, 2022). Fur-
thermore, bimanual manipulation often demands precise spatial coordination,
which is essential for tasks with various execution styles. For instance, pouring
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beer, requires tilting the glass and aligning the beer with the glass’s side, which
differs from the pouring water tasks evaluated in this chapter. Therefor, we
explore fine-grained task execution styles in this context.

Motion segmentation: Currently, the motion segments of interest are manually
extracted from the demonstration videos. For example, in the pouring task,
we only consider the segment where the kettle is moved to the cup and the
pouring action is performed, excluding the reaching and placement segments.
To automate the extraction of these motion segments and align semantically
identical segments across multiple demonstrations for learning Uni-KVIL’s task
representation, a motion segmentation algorithm is necessary. As we also focus
on bimanual manipulation in Chapter 5, this segmentation algorithm should ro-
bustly identify segments to facilitate the extraction of bimanual spatio-temporal
coordination strategies. To address this, we introduce a motion segmentation
algorithm in Chapter 6.

Neural Descriptor Models: We proposed a generalizable object representa-
tion leveraging both 2D and 3D neural descriptors and object canonical space.
However, these descriptors are used separately, each with its own limitations.
For instance, 2D descriptors require keypoints to be located on object surfaces,
limiting Uni-KVIL’s ability to find occluded keypoints. On the other hand,
MIMO-based 3D descriptors necessitate extensive training on known object
categories, hindering application to open-vocabulary settings.

Relying on multiple descriptor models not only requires extensive GPU memory
but also slows down processing speed, which hinders online visual imitation
learning. A lightweight neural descriptor model encompassing both 2D and 3D
features with competitive performance has not yet been thoroughly explored in
the literature.

Looking forward, we believe that dense correspondence models should account
for multiple data modalities, improve granularity, and enhance viewpoint con-
sistency for more reliable knowledge transfer. It is important to note that the
visual descriptor models are interchangeable, and more informative models can
be explored in future work.

Inter-category generalization: A key challenge in (visual) imitation learning is
bridging the gap between symbolic and subsymbolic task representations. Key-
points, which encode subsymbolic parameters, are essential for task execution
but often lack a clear semantic interpretation. This limitation hinders the learn-
ing of comprehensive task models. For instance, in a pouring task, the contain

affordance implies that the kettle’s spout – corresponding to the pour affordance
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– should be positioned above the contain affordance region (Hadjivelichkov et al.,
2022). However, semantic representations alone cannot fully describe different
pouring styles like the pouring beer example above. To accommodate such
variations, additional subsymbolic parameters must be incorporated.

Uni-KVIL addresses the subsymbolic aspects of task modeling by extracting
keypoint-based geometric constraints and generalize them to categorical objects
via visual correspondences. To further enhance Uni-KVIL’s generalization capa-
bility, an extraction method (Jiang et al., 2021) could be incorporated to establish
links between extracted keypoints and symbolic task representations. For ex-
ample, keypoint neighborhoods in the semantic descriptor space can suggest
affordance regions (Hadjivelichkov et al., 2022; Do et al., 2018). Understand-
ing the concept of affordance allow transferring a learned pouring water task
to similar tasks like pouring milk into a bowl. Additionally, spatial relations
are commonly used to model the distribution of affordance regions or object
instances (Kartmann et al., 2021), which facilitate transferring of tasks such as
from “placing an apple on the right of a bowl” to “placing a banana on the left
of a cup”. These semantic concepts improve the generalization of learned task
representations across different object categories and tasks. We will consider
these extensions as future work.
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CHAPTER 5

Learning Bimanual Coordination Strategies

Bimanual manipulation is essential to human daily activities, allowing tasks
that require precise spatio-temporal coordination of both arms, such as cooking,
assembling, and transporting. These tasks often involve complementary or
synchronized movements, with each limb potentially taking on a distinct role
depending on the task.

Human activities rarely exist as purely unimanual or bimanual actions. Instead,
most complete task executions involve a fluid combination of both modalities.
Moreover, certain tasks can be performed either unimanually or bimanually,
depending on the context. For instance, pouring milk into a bowl typically
requires unimanual skill, while pouring beer often engages both arms – one arm
stabilizing the tilted cup while the other performs the pouring action. As shown
in Figure 1.1, the pouring water action can be performed both with a single arm
or with both arms depending on the context. This flexibility demonstrates the
adaptability and fine-grained motion details inherent in human manipulation
skills.

As highlighted by Krebs and Asfour (2022), bimanual coordination can be cat-
egorized into distinct categories: uncoordinated, loosely coupled, and tightly
coupled coordination. This categorization underscores that bimanual manipula-
tion is not simply the sum of two unimanual task representations, but rather a
complex interplay of coordinated actions.
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The unique challenges of bimanual manipulation stem from its inherent com-
plexity involving intricate object relationships, fine-grained motion details, and
diverse coordination strategies between arms. Visual imitation learning provides
a powerful approach to teaching robots new skills from human demonstrations,
leveraging visual data to capture the complex spatio-temporal relationships
intrinsic to bimanual tasks. This approach not only reduces the need for explicit
programming of coordination strategies and control policies but also facilitates
the generalization of learned skills to novel scenarios. However, integrating
visual perception with bimanual coordination and control introduces unique
challenges, such as modeling coordination and geometric constraints between
objects from high-dimensional visual inputs.

Similar to unimanual tasks, bimanual manipulation tasks are typically charac-
terized by invariant task features across multiple demonstrations (Muhlig et al.,
2009b,a). For instance, pouring tasks are defined by the alignment of the kettle’s
spout to the cup’s rim, while each hand grasps and controls one object. Although
bimanual tasks often involve simultaneous manipulation of two or more objects,
this invariant feature allows us to decompose the task to focus on geometric
constraints between object pairs. This decomposition yields a graph of object
relationships, the structure of which implies different coordination categories.

In this chapter, we propose Bi-KVIL, an extension of Uni-KVIL for keypoint-
based learning of bimanual manipulation task representations, which capture
all relevant geometric constraints between hands and objects. To address the
challenges outlined above, we first introduce the novel hybrid Master-Slave
Relationship (MSR) in Section 5.1, extending the concept of single master-slave
pair of Uni-KVIL (see Section 4.2) to a master-slave graph that encompasses all
task-relevant objects. In this extended graph, each master object can also function
as a slave object paired with another master object. Consequently, we unify the
representation of roles, relationships, and task constraints for both objects and
hands. The coordination categories (Krebs and Asfour, 2022) of demonstrated
bimanual tasks are then derived from the extracted MSR described in Section 5.2.
Finally, we extend the keypoint-based admittance controller of Uni-KVIL to
bimanual tasks (Section 5.3), followed by evaluation with various manipulation
tasks in Section 5.4. Overall, Bi-KVIL unifies the learning of object-centric uni-
and bimanual manipulation tasks and captures fine-grained manipulation styles.
Note that we specifically focus on the spatial aspect of bimanual coordination
in this chapter, while temporal coordination is addressed in Chapter 6. The
contributions of this chapter are summarized in Section 1.2.2. Parts of the content
presented in this chapter were previously published by Gao et al. (2024).
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5.1. Hybrid Master-Slave Relationship

To systematically analyze object-object and object-hand relationships in ma-
nipulation tasks, we propose five types of Master-Slave Relationships (MSRs)
commonly observed in unimanual and bimanual manipulation: single, multiple,
multi-level, hierarchical, and hybrid MSR (see Figure 5.1). This nomenclature draws
inspiration from the definition and graph representation of inheritance in C++
programming language.
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S0

(a) Single

M0
0 M0

1

S0

(b) Multiple

M0
0
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0
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(e) Hybrid

Note: Adapted from Gao et al. (2024). © 2024 IEEE.

Figure 5.1.: The proposed MSR diagrams. Mi
j represents the j-th master object at level

i. For level i > 0, a master object is itself a slave object paired to another
master object at level i− 1. The slave objects are located at the lowest level.
The doted blue arrow ( ) is only for the proposed MSR, and does not exist
in the topology of inheritance in the C++ programming language.

1. A single MSR (Figure 5.1a) corresponds the scenario in Uni-KVIL, where
only two objects interact within a single master-slave pair. Examples in-
clude any single-hand grasping task or a pouring action from a kettle into
a cup when considering only the kettle-cup pair.

2. In contrast, multiple MSR (Figure 5.1b) describes cases where the motion of
a slave object is defined in local frames of multiple master objects. This is
particularly valuable in assembly, stacking, or multi-object rearrangement
tasks, where the pose of one object depends on multiple other objects.

3. The multi-level MSR (Figure 5.1c) extends this concept further by allowing
a slave object to simultaneously act as a master for another slave object.
For example, when using a broom to sweep debris into a dustpan, the
broom acts as both a master object for the hand and a slave object relative
to the dustpan.

We can further combine these three building blocks (single, multiple and multi-
level) to create more complex object relationships.
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4. A hierarchical MSR (Figure 5.1d) forms a tree-like structure where each
master object can be associated with multiple slave objects.

5. The hybrid MSR (HMSR, Figure 5.1e) combines multiple and hierarchical
MSRs, resulting in a Directed Acyclic Graph (DAG). In this graph, a slave
object can have master objects at different levels (e. g., S1 in Figure 5.1e).

Unlike inheritance in C++, a slave object in the HMSR does not inherit geometric
constraints from its master. Instead, each master provides a reference frame only
for its direct slave object, with constraints explicitly defined for each object pair
(as illustrated by the line in Figure 5.1e). For example, in the pouring task
(Figure 1.1), the cup is designated as the master object that provides local frames
and constraints for the kettle. In turn, the kettle acts as a master object, where
its handle provides a local frame to define a grasp constraint for the right hand.
Here, the local frames and constraints provided by the cup apply only to the
kettle and are not transmitted to the hand via the kettle. More examples are
discussed in Section 5.4.1. In the remainder of this chapter, we employ HMSR as
a general framework that subsumes all other MSR types.

To extract the HMSR, we initially construct an initial DAG using motion saliency,
grasping, and pose invariance detection (see Sections 5.1.1, 5.1.3 and 5.1.4). Each
valid master-slave pair in the graph must exhibit at least one of the constraints
described in Section 4.2. In Section 5.1.5, we then apply Uni-KVIL on each object
pair within the HMSR, truncating those pairs without constraints to obtain a
sparse and compact graph.

5.1.1. Absolute Motion Saliency Detection

Any object motion must be represented in a local frame attached to an object in
the scene. This reference object can be selected from one of three categories: 1) a
static object (e. g., a table), 2) a moving object (e. g., goods on a conveyor belt,
dishes on a rotating table, or an object being transferred during handover), or
3) the initial state of an object that is about to be moved. An illustrative example
of the third case is lifting a cup from a table and then wiping the area where the
cup was initially placed (see Figure 5.2). In this scenario, using the table as the
reference object is generally unsuitable, as the wiping location depends on the
cup’s original position.

We assume that when constraints are extracted between moving and globally
static objects, the static object serves as a top-level master object. To distinguish
between static and moving objects, we analyze their point velocities in the global
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virtual cup

real cup

table

Fvc

Figure 5.2.: Virtual object: the virtual cup is defined as the initial state of the real cup.
The local frame Fvc establishes a reference for representing the motion of
the real cup.

coordinate system. In our experiments, the camera frame is used as the global
frame since it remains stationary during each recording, though the viewpoint
may change across different demonstrations.

Given the 3D velocity trajectories of all candidate points on objects and human
hands (see Section 4.1.4), we compute the average norm of the velocity of all
points on an object Oi across all timesteps. An object is considered static if this
average is below the threshold ξstatic, i. e.,

Ostatic =

{
Oi

∣∣∣∣∣
∑Pi

p=0

∑T
t=0 ∥ṗi,p(t)∥
TPi

< ξstatic, i ∈ [1, I] ∩ Z, I = |O|

}
, (5.1)

where T is time horizon, Pi is the number of candidate points on object Oi, and
ṗi,p(t) denotes the velocity vector of the pth candidate point on Oi. All objects
not meeting this criterion are classified as moving, i. e., Omoving = O \ Ostatic.

5.1.2. Virtual Object

To avoid cases where the table might be inappropriately chosen as the master
object (as in the wiping example), we define local frames on the initial state of
moving objects, with respect to which the constraints and subsequent motion
are modeled (see Figure 5.2). Specifically, the initial state of each moving object
Oi – the sampled set of candidate points on it at the first timestep (t = 0) – is
treated as a special entity called a virtual object, denoted Ov

i . The virtual object
retains its initial position throughout the demonstration, thereby keeping its
candidate points static.

Intuitively, a virtual object can considered an imaginary object preserving the
initial state of the real moving object throughout the demonstration. The virtual
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object is treated equivalently to real objects in the HMSR framework; it will be
pruned if no clear geometric constraints to other objects are identified.

5.1.3. Grasp Detection

Before analyzing bimanual coordination, it is essential to determine the grasping
relationships between hands and objects. Analogous to Uni-KVIL, the human
hand is treated as a special object with 21 keypoints (Romero et al., 2017). A
firm grasp is detected when the following conditions are met: 1) the hand is in
contact with the object, 2) the hand remains relatively static to the object, and
3) a subset of the candidate points on the object is enclosed by the fingers.

Contact between two objects is determined by assessing their relative spatial
distances and velocities. Specifically, a hand-object pair is considered in contact
when the mean distance between the top-k closest point pairs drops below a
threshold and when the average change in these distances (e. g., the velocity) is
also below a threshold (see Appendix B.2 for details).

Since changes in distance alone do not capture the complete motion (e. g., a hand
sliding on a table or rotating around a button while maintaining contact), we fur-
ther analyze the relative static status between the object and the hand. For each
hand-object pair, the hand candidate points’ trajectories are projected onto all
candidate local frames on the object, and the velocity trajectories are computed
using a first-order Savitzky-Golay filter. The mean norm of the projected hand
keypoint velocities in the time-varying top-k closest pairs is then computed (see
Appendix B.3 for more details. If this mean velocity is below the relative velocity
threshold ξr,vel, the hand and object are considered to be relatively static.

Finally, we determine whether the convex hull of the finger skeleton encloses
any part of the object. If all three conditions (contact, relative static status, and
enclosure) are satisfied, a firm grasp is detected. In our object-centric representa-
tion, grasps are modeled with respect to the grasped object. More specifically,
the grasp constraint is formulated as a pose distribution within a local frame anchored
to the object’s functional parts (e. g., a handle), analogous to how a slave object’s
constraints are modeled relative to a master object. Thus, the hand is designated
as a slave object paired with the grasped master object.

5.1.4. Pose Invariance Detection

The bottom-up approach of KVIL determines object roles solely from the mo-
tion characteristics of sampled points, without any prior semantic knowledge
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of object function or task roles. In Uni-KVIL, the master-slave relationship is
established based on relative motion saliency (see Section 4.1.4). While this
approach is feasible for scenarios involving a single master-slave pair, it does
not generalize to bimanual tasks where both objects may move. This raises the
question: Which motion characteristics can reliably determine the master-slave roles in
bimanual manipulation?

Since the motion of object A relative to object B is equivalent to that of B rela-
tive to A, a bidirectional MSR might be erroneously constructed, resulting in
improper reproductions. For example, in a pouring task, merely tilting a moving
cup toward the kettle spout could generate the same relative motion regardless
of which object is considered the master, leading to an invalid action.

To resolve this ambiguity, Krebs and Asfour (2022) proposed designating the
master object as the less mobile one, based on absolute motion saliency. However,
this assumption may fail without clearly defining the period of the task during
which motion saliency is measured. In practice, the master object may sometimes
move faster or farther than the slave – for instance, a cup is typically considered
the master in pouring tasks even if it travels a longer distance. Observations
also indicate that bimanual coordination is more carefully controlled when
interacting objects are in close proximity or contact. In the pouring example, the
kettle moves more than the cup during the phase pouring, but this may not hold
true when considering both the reaching and pouring phases together.

Motivated by these observations, we propose an invariance criterion. First, we
define the object interaction period as the time during which objects are either in
contact or close by. During this period, we compute the spatial variation of both
objects in all static candidate local frames (i. e., local frames anchored to static
objects). The object exhibiting the lowest spatial variation in any such frame
is designated as the master, while the other becomes the slave. This approach
leverages statistical evidence to identify invariant task features, such as object
roles.

More formally, given a pair of moving objects (OA, OB) with trajectories ob-
tained via the perception pipeline in Section 4.1.4, we first detect the interaction
period for each demonstration, denoted by [tn0 , t

n
1 ], where n = [1, N ] ∩ Z (see

Appendix B.2). Then, we compute the translational and rotational variability of
each object relative to all static local frames on Ostatic. Without compromising
generalizability, the jth candidate local frame Fj is selected on a static object,
and the following sections describe the detailed computations.
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Translational variability

For a moving object Ol, we map the position trajectories of its candidate points
to a common viewpoint, i. e., the local frame Fj , and compute the translational
deviation during the interaction period for each demonstration:

Pl,i,j =
{
pn
l,i,j(t

n
1 )− pn

l,i,j(t
n
0 )

∣∣n ∈ [1, N ] ∩ Z
}
, (5.2)

Pl,j = {Pl,i,j | i ∈ [1, Pl] ∩ Z} , (5.3)

where Pl is the number of candidate points on Ol, and pn
l,i,j(t) denotes the po-

sition of the ith candidate point on Ol, expressed in Fj at time t during the nth

demonstration. We then apply PCA to the N deviation vectors in Pl,i,j to obtain
the covariance matrix Σt

l,i,j for each candidate point. The translational variabil-
ity is measured by the normalized trace of the covariance matrix (Dümbgen,
1998):

ηt
l,i,j =

tr(Σt
l,i,j)

dφl

, (5.4)

where φl denotes the spatial scale of Ol. This normalization ensures that the
score is independent of the object’s size. The overall variability score for object
Ol with respect to the local frame Fj is computed as

ηt
l,j =

1

Pl

Pl∑
i=1

ηt
l,i,j. (5.5)

Rotational variability

Analogously, we compute the rotational variability using the trajectories of
candidate local frames estimated in Section 4.1.4. Mapping these trajectories
to the local frame Fj , we obtain the rotation deviation for each candidate local
frame on Ol:

Rl,i,j =
{
Rn

l,i,j(t
n
1 )R

n
l,i,j(t

n
0 )

⊤ ∣∣n ∈ [1, N ] ∩ Z
}
, (5.6)

Rl,j = {Rl,i,j | i ∈ [1, Pl] ∩ Z} , (5.7)

where Rn
l,i,j(t) is the rotation matrix of the ith candidate local frame on Ol, ex-

pressed in Fj at time t during the nth demonstration. We compute the covariance
matrix Σr

l,i,j of the set Rl,i,j on the Riemannian manifold (R3 × S3), and subse-
quently define the rotational variability score for each candidate local frame
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as
ηr
l,i,j = tr(Σr

l,i,j). (5.8)

The overall rotational variability for object Ol with respect to Fj is then

ηr
l,j =

1

Pl

Pl∑
i=1

ηr
l,i,j. (5.9)

Master-slave relationship proposal

Since the units of translation and rotation differ, we first normalize the variability
scores of all moving objects:

η̂t
l,j =

ηt
l,j∑|Omoving|

l=1 ηt
l,j

, η̂r
l,j =

ηr
l,j∑|Omoving|

l=1 ηr
l,j

. (5.10)

The master object for a moving object pair (OA, OB) is then identified as the one
with the lower normalized translational or rotational variability observed in any
static local frame. Formally, the master object and the corresponding local frame
are jointly extracted by

l∗, j∗ = argmin
l,j

{
η̂t
l,j, η̂

r
l,j

}
l∈{A,B} . (5.11)

Since the variability scores are normalized and ranked across all moving objects,
it is ensured that two objects cannot simultaneously act as the master with
respect to one another. By exhaustively comparing all moving object pairs, we
ensure that no bidirectional master-slave relationships occur. Moreover, each
moving object is also considered as a potential slave to any virtual object. When
a firm hand-object grasp is detected, the corresponding grasp relationship is
established by assigning the object a master relative to the hand. Collectively,
these steps yield a directed acyclic graph that captures the potential master-slave
relationships.

For example, in the pouring water task shown in Figure 1.1 over eight demon-
strations, the right hand is detected to grasp the kettle, making the kettle the
master for the right hand, while the cup becomes the master for the left hand.
Although both the kettle and the cup are moving, the cup is determined as the
master relative to the kettle because its translational and rotational variability
is lower. Subsequently, both the kettle and the cup are paired with their virtual
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Figure 5.3.: The process of determining HMSR. (a) Starting from an initial proposal
of DAG, (b) Uni-KVIL is applied to each link to derive the geometric con-
straints; (c) edges without constraints will be pruned; and (d) finally a pose
constraint is added for the real cup relative to the virtual cup.

objects, yielding the initial DAG shown in Figure 5.3a. Redundant relationships
in the initial DAG are pruned in the following truncation step.

5.1.5. Truncation

For each potential master-slave pair in the initial DAG, we employ Uni-KVIL to
identify keypoint-based geometric constraints between them. For instance, when
applying Uni-KVIL the kettle-cup pair in the DAG, we obtain a p2p constraint
and two p2c constraints with the cup acting as the master, similar to the result
presented in Uni-KVIL (see Figure 4.23d). No constraints are detected in other
object pairs (indicated by in Figure 5.3b). We then remove all pairs without any
constraints, resulting in a more compact HMSR graph, where each remaining
master-slave pair is supported by subsymbolic geometric constraints. After
truncation, only the two hand-object pairs and the kettle-cup pair remain in the
DAG (see Figure 5.3c).

As the number of demonstrations increases, the HMSR graph becomes increas-
ingly compact and converges, a phenomenon discussed further in Section 5.4.
With limited demonstrations, all salient geometric constraints must be consid-
ered due to the limited task knowledge; however, with more data, unnecessary
constraints can be pruned based on accumulated statistical evidence.

When a moving master object Omoving is not constrained by any static object after
truncation (e. g., the cup in Figure 5.3c), it is allowed to move freely in space
following a task-space VMP. Training a VMP, however, requires demonstrated
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trajectory data of a selected local frame onOmoving, and adaptation to a new scene
necessitates modeling a pose constraint to derive the target pose for Omoving. In
the absence of detected constraints for any candidate point on Omoving, we select
a local frame based on the extracted task constraints. Since Omoving serves as a
master object providing a local frame for its slave, we choose its candidate local
frame Fmoving that defines the highest priority constraints for the slave object.
Given that Omoving shares the same initial state as its virtual object Ov

moving, the
selected local frame is also defined on the virtual object (i. e., as Fv

moving) and is
used as the reference for mapping trajectories of Fmoving into a common aligned
viewpoint for VMP training.

Finally, we model the distribution of the selected frame Fmoving at the final
timestep T using a Gaussian Mixture Model (GMM) within the common view-
point Fv

moving. For task reproduction with a novel instance of Omoving, the selected
frame is detected using the object canonical space described in Section 4.1.3, and
a target pose is sampled from the learned GMM to adapt the VMP for execution.
This constraint corresponds to the pose constraint illustrated in Figure 4.13f –
an example of which, between the virtual cup and the real cup in the pouring
water task, is shown in Figure 5.3d.

5.2. Bimanual Spatial Coordination Strategies

According to the bimanual manipulation taxonomy (Krebs and Asfour, 2022),
bimanual tasks are classified into uncoordinated and coordinated categories.
Unimanual manipulation –a subset of bimanual manipulation in which one arm
is primarily used while the other remains idle –is included in both categories.
The uncoordinated category is further subdivided into unimanual and bimanual
uncoordinated tasks. In contrast, coordinated tasks are split into loosely and
tightly coupled tasks based on the degree of interdependency between the arms.
Loosely coupled tasks require only brief spatio-temporal coordination, whereas
tightly coupled tasks are characterized by sustained physical interaction between
the arms. Moreover, tightly coupled tasks can be symmetric, where both hands
have the same role, or asymmetric, where one hand acts as a master, establishing
reference frames for the other hand to execute the motion at different goals.
This framework advances our ability to unify policy representations for both
unimanual and bimanual manipulation.

Building upon this taxonomy, we propose a rule-based method to derive coordi-
nation strategies from the Hybrid Master-Slave Relationship (HMSR) described
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in Section 5.1. In contrast to the approach in (Krebs and Asfour, 2022), our
method learns bimanual coordination strategies from purely visual demon-
strations; thus, the force information required to infer physical interaction is
unavailable. Moreover, as the HMSR contains only spatial information, this
chapter focuses on bimanual spatial coordination strategies, while temporal
coordination is addressed in Chapter 6.

5.2.1. Uncoordinated Unimanual

Uncoordinated unimanual tasks involve scenarios in which a single arm is
used. In the context of the HMSR, such tasks are represented by HMSR with
a single hand leaf node. Common examples in daily activities include: 1) A
single MSR with a hand-object pair (e. g., pressing a button or fetching tissue
as shown in Figure 4.20 and Figure 4.21), where the hand directly manipulates
the object. 2) A single-branch, multi-level MSR in which a hand grasps an object
and manipulates it for tasks such as rearrangement relative to another object
(e. g., hanging a hat in Figure 4.24, insertion in Figure 4.22, or pouring water in
Figure 4.23) or uses it as a tool (e. g., cleaning a table as depicted in Figure 4.25).

More complex tasks may occur (e. g., mounting a part whose position is de-
termined by two distinct mounting points, corresponding to a single-branch,
three-level MSR with two master objects), or cases where an object’s target is
derived from multiple levels of master objects as in the Hybrid MSR. Although
our framework supports a wide range of manipulation tasks, in this thesis we
focus on common and simpler scenarios, leaving highly complex tasks for future
work.

5.2.2. Uncoordinated Bimanual

In contrast to the unimanual case, the HMSR for uncoordinated bimanual tasks
comprises two independent branches, each containing a single-hand leaf node.
Each branch resembles the HMSR structure of uncoordinated unimanual tasks.
For instance, each hand may grasp a different slave object and perform inde-
pendent tasks, such as placing the objects at distinct locations. As illustrated
in Figure 5.4a, the left and right hands place a spoon and a banana relative to
different objects independently. In another example (Figure 5.4b), the left and
right hands grasp the handles of a cutting board and a pan, respectively, without
any constraints imposed between the arms during the grasping phase.
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(a) (b) (c) (d) (e)

Figure 5.4.: Examples of different coordination strategies in daily tasks. In (a), an unco-
ordinated bimanual task is shown where the left hand places a spoon on
a plate while the right hand independently places a banana on a tablemat.
In (b), another uncoordinated bimanual scenario is depicted: the left hand
reaches for the cutting board handle while the right hand approaches the
pan handle, each operating independently. In (c), a loosely coupled coor-
dination strategy is demonstrated; here, the left hand positions the plate
beneath the spoon while the right hand lifts and then places the spoon back
on top of the plate. (d) presents a case where the left hand positions the
cutting board above the pan, and simultaneously the right hand places the
pan onto a tablemat. Finally, in (e), tightly coupled symmetric coordination
is illustrated by the simultaneous transport of a serving tray using both
hands.

5.2.3. Loosely-coupled Coordination

Interaction forces between two hand groups (i. e., a hand and its grasped objects)
are critical in distinguishing loosely coupled from tightly coupled asymmetric
coordination strategies (Krebs and Asfour, 2022). Because estimating these forces
from visual demonstrations is challenging, we do not differentiate between the
two and instead group them under a single loosely coupled category. Specifically,
if constraints exist between the objects grasped by each hand or if both grasped
slave objects share at least one master object, the hand groups are classified as
loosely coupled. In the first case, one hand is constrained by the other; in the
second, both hands are directed toward the same master object.

For example, as shown in Figure 5.4c, a task in which a spoon is lifted from
a table to place a plate beneath it requires modeling the virtual spoon at its
initial location to derive the plate’s goal. Here, the target placement of the
spoon depends on the plate, and the two hand groups are spatially coordinated
by the geometric constraints between the spoon and the plate. Similarly, in
a transport task (Figure 5.4d), a cutting board must be positioned above a
pan opening, establishing spatial coordination between the hand groups. Even
without considering physical interaction forces, these cases demonstrate the
derivation of loosely coupled coordination strategies.
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5.2.4. Tightly-coupled Symmetric Coordination

In tightly coupled symmetric coordination, the following conditions hold over a
significant time window: 1) Both hands grasp the same object. 2) The distance
between the hands remains approximately constant, with a change rate below
a specified threshold. The shared object between two hand groups implies
physical interaction between them via the common object, resulting in tightly
coupled symmetric coordination. As shown in Figure 5.4e, bimanual transport
tasks often require this strategy, which is typically characterized by synchronized
motion of both arms.

In the following section, we introduce a controller framework capable of repro-
ducing all coordination strategies using keypoint-based task representations. In
Section 5.4, we detail how the HMSR and the corresponding coordination cate-
gories are extracted from visual human demonstrations of various manipulation
tasks.

5.3. Bimanual Keypoints-based Admittance
Controller

Based on the subsymbolic task representations in the HMSR graph (including
keypoints, their associated local frames, geometric constraints, and movement
primitives), we derive a compliant, torque-controlled bimanual keypoint-based
controller capable of executing diverse bimanual coordination strategies.

Each robot hand’s Tool Center Point (TCP) is controlled using an admittance
controller. The target pose for each TCP is derived from the task goal assigned
to the corresponding hand group. Initially, hand groups are identified based on
the grasp relationships specified in the HMSR. Because Bi-KVIL’s subsymbolic
task representation for each object pair in the HMSR is defined relative to the
corresponding master object, the TCP command is computed by cascading the
control commands of each master-slave pair back to the leaf node (i. e., the TCP).
As described in Section 4.3, the control command for each master-slave pair
combines attraction and density forces acting on the keypoints belonging to that
pair. This principle is extended to each hand group in bimanual manipulation.
However, in contrast to KAC in Uni-KVIL, the constraints on the keypoints
may now depend on a moving master object manipulated by another arm or on
multiple objects in the scene, with the associated VMP trajectories represented in
a moving local frame anchored to the other object. These steps collectively form
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a bimanual control framework, termed Bi-KAC – a natural extension of KAC that
handles bimanual coordination by propagating control forces through master-
slave relations to determine the control force for each TCP and, consequently, its
target pose via Admittance law.

Furthermore, based on the bimanual coordination category extracted from the
HMSR, we can implement different coordination strategies in the underlying
real-time compliance controller to ensure robust performance under external
perturbations. For example, in symmetric coordination, the target poses of both
TCPs are subject to a constant distance constraint, and when a static relative pose
is detected, a fixed SE(3) transformation constraint is applied between them. In
loosely coupled cases, the target pose of the dominant arm is expressed in the
TCP local frame of the other arm. In uncoordinated or unimanual cases, the two
arms are controlled independently using the admittance controller.

By integrating the keypoint-based control framework with the coordination
strategies derived from the HMSR into a real-time compliance controller, we
achieve a unified control scheme that supports both unimanual and bimanual
manipulations across diverse coordination categories, while simultaneously
satisfying the task constraints for each object pair. In the following sections,
we demonstrate how Bi-KVIL and Bi-KAC capture a wide range of bimanual
coordination strategies from human demonstration videos and extract distinct
fine-grained execution styles for the same task.

5.4. Evaluation

We evaluate our approach on eight manipulation tasks:

1. pouring water (Pow),

2. pouring beer (Pob),

3. placing a spoon (Plsp),

4. placing a serving tray (Plst),

5. placing a spoon and plate (Plsp,pt),

6. placing a cutting board and pan (Plcb,pa),

7. placing a spoon and banana (Plsp,ba), and

8. cleaning a table (Cta).
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For each task, demonstration videos are recorded with either an Azure Kinect
or a Stereolab ZED camera. Our perception pipeline then extracts 3D point
trajectories for objects and hands, from which the HMSR and the corresponding
coordination strategy are derived. Finally, the tasks are reproduced with Bi-
KAC in novel scenes featuring categorical objects. Our evaluation focuses on
Bi-KVIL’s ability to: 1) extract a consistent HMSR from demonstrations with
varied task styles, 2) capture fine-grained subsymbolic task representations, and
3) reproduce the learned tasks with intra-category generalization.

5.4.1. Task Extraction

For each task, we provide demonstrations in different styles and in varying
numbers N , resulting in a total of 14 evaluations.

Place spoon on plate with different execution styles

In the Plsp task, the motion styles are defined as follows:

Pl1sp: The plate moves toward the initial position of the spoon, and the spoon is
lifted and placed at the center of the plate.

Pl2sp: Similar to Pl1sp, but the plates originate from various positions above the
table.

Pl3sp: As in Pl1sp, but the spoon is placed at an arbitrary position on the plate.

Pl4sp: The plate moves to an arbitrary position on the table while maintaining
the goal of the spoon at its center.

Pl5sp: A unimanual placement scenario.

Results are presented in Table 5.1. With three and four demonstrations in Pl1sp 3

and 4 , Bi-KVIL extracts more p2p constraints (highlighted with ) than in
other tasks. This arises from the fact that the pose variations of plates relative to
a virtual plate within four demonstrations are very small, which is not sufficient
to estimate plane constraints. When additional demonstrations are provided
in Pl1sp 5 and 6 , p2P constraints for the spoon are extracted with respect to
multiple master objects (i. e., the plate, virtual spoon, and virtual plate). Since
the plate always remains on the table, the existence of multiple p2P constraints
is expected.

When the plate begins above the table in Pl2sp 6 with six demonstrations, Bi-KVIL
learns to eliminate redundant master-slave pairs associated with the virtual
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Table 5.1.: Loosely-coupled task: place spoon (Plsp) on a plate with different styles. Objects include a spoon (sp), a plate (pt), and two hands
(lh, rh). We prefix the letter v to the corresponding virtual object, e. g., vs stands for the virtual spoon.
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plate. This includes the pair between plate and virtual plate, and between spoon
and virtual plate, as well as the corresponding p2P constraints (depicted as ),
resulting in a more compact HMSR graph. This illustrates that when a virtual
object is not necessary in defining task constraints, it will be pruned.

When the execution style changes, the corresponding type of constraints will
probability also change. For instance, instead of always placing the spoon head at
the center of the plate like in Pl1sp and Pl2sp, the spoon head is placed at an arbitrary
location on the plate in Pl3sp. Given six demonstrations, Bi-KVIL truncates the
p2p constraints between the spoon and its two masters originally extracted in
task Pl1sp and Pl2sp, and creates of an p2P constraint as a replacement (highlighted
by ). This aligns with the demonstration, as the spoon head is placed on the
plate’s surface, which approximately forms a plane constraint. The far end of
the spoon handle is also subject to a p2P constraint as it is placed with different
angles making its candidate points scatter on a plane aligning table surface.

Similarly, in Pl4sp 6 , the plate is constrained solely by the table surface, causing
the p2p constraints between the plate and virtual spoon to be replaced by p2P

constraints (highlighted by ).

When only one arm is used to position the spoon head at the center of the plate
in Pl5sp 6 , the plate remains globally static. In this scenario, the spatial constraints
between the plate and the spoon in the form of p2p and p2P are identified,
with the plate serving as the master object in a single-branch, multi-level MSR
structure. This configuration indicates a unimanual, uncoordinated strategy.

Excluding the redundant master-slave pair observed in Pl1sp 5 / 6 and the uni-
manual case in Pl5sp 6 , the HMSR graph maintains a consistent structure across
different task styles while differing in the subsymbolic constraints that capture
motion differences. Moreover, as more diverse demonstrations are provided,
redundant relations and constraints are eliminated. For all bimanual Plsp tasks,
Bi-KVIL extracts a loosely coupled bimanual coordination strategy by iden-
tifying constraints between the two hand groups, with the right-hand group
deemed non-dominant because the plate functions as the master for the spoon.

Pouring with different styles

In the Po task, the motion styles are defined as follows:

Po1: The cup is fetched from a far position on the table and is moved closer to
the kettle for pouring. The cup is held upright during the pouring action,
while the kettle tilts with different angles across eight demonstrations.
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Po1 8

Po2 8

Figure 5.5.: Different styles of pour task. Given eight demonstration videos of each
pouring style, we employ Bi-KVIL to extract the HMSR and geometric
constraints. The corresponding p2p, p2c and pose constraints are illustrated
in their corresponding local frames, respectively.

Po2: In contrast to Po1, the cup is placed initially close by the glass bottle, and
tilts to a certain angle during pouring. Similarly, the glass bottle tilts with
different angles across eight demonstrations.

As shown in Figure 5.5, the two pouring styles share the same HMSR structure
at a symbolic level, differing only in the subsymbolic definitions of the p2p, p2c,
and pose constraints. The p2p constraints in both cases are identified at the spout
of the kettle and glass bottle, while the curve constraints p2c are located at the
bottom of both objects. This result highly align with our intuition, showcasing
the benefit of explicit representation of keypoints and geometric constraints.
Notably, the pose constraints required to tilt the cup in the Po2 task are captured
by a GMM, while in Po1 the GMM learns to generate upright cup poses. In
both cases, the GMMs are represented in the virtual cup’s local frame, which
corresponds to the one defining the p2p constraints.

In both cases, the cup is designated a master object for the other object. It is
important to notice that, in Po1 task, the cup travels longer and faster on average
than the kettle or the glass bottle during human demonstrations. In this case,
the master-slave role assignment algorithm (Krebs and Asfour, 2022) relying
on global motion saliency would fail, our pose invariance criteria presented
in Section 5.1.4 correctly identify the cup as the master due to its reduced
translational and rotational variability during the interaction period. This proves
the effectiveness of the proposed method.
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Figure 5.6.: The reproduction of the pouring water task using ARMAR-6. Given a RGB
image from the robot perspective (top-left), we first perform the dense
correspondence detection on both objects, i. e., kettle (kt) and cup (cp) to
identify the keypoints on kettle and the corresponding local frames on the
cup. Then we reconstruct the p2p, p2c and pose constraints. We execute
the pouring action using Bi-KAC (top-right). After execution, we store
trajectories of keypoints and local frames of both hands and the cup rim,
and display them in the bottom-right image.

As shown in Figure 5.6, the left hand grasps the kettle following p2p and p2c

constraints. The corresponding VMPs and constraints are dynamically updated
based on the moving master cup grasped by the right hand, which is controlled
by a task-space VMP aimed at a pose constraint defined on a static virtual cup.
Importantly, as illustrated in the bottom-right image, the local frame attached to
the cup’s rim follows a VMP to move upward. Since the p2p and p2c constraints
and their VMPs are represented in this local frame, they are continuously up-
dated to reflect the upward motion. Therefore, the trajectory generated by the
VMP for the first keypoint (p2p) in the initial frame (bottom-left) is updated over
time, resulting in a global trajectory that combines the upward motion and its
VMP trajectory.

Virtual objects

In both Po and Plsp tasks, the manipulated objects (e. g., kettle-cup, glass bottle-
cup, and spoon-plate) are in motion during the manipulation, and virtual objects
are maintained in the final HMSR representations as top-level master objects.
For instance, the virtual cup in Po is initially truncated because no keypoint-
based constraints are extracted; however, it is later appended to provide a pose
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Table 5.2.: HMSR for Plst, Plcb,pa, Plsp,pt, and Plsp,ba tasks. Legend as Table 5.1 and
tm, sp, pm, cb, pt, ba stand for tablemat, spoon, potmat, cutboard, plate, and
banana. We show an example of a human demonstration (Demo.), the ex-
tracted HMSR, and an example of reproduction on ARMAR-6 (Repr.).

constraint (Section 5.1.5) for the moving master object, namely the real cup. In
contrast, the virtual plate and virtual spoon remain in the representation since
they provide essential keypoint-based constraints required by the task for either
the real plate or real spoon.

It is important to note that virtual objects can be pruned when no constraints
exist between them and the corresponding real objects. For example, the virtual
plate is pruned in tasks Pl2sp, Pl3sp, and Pl4sp, while both the virtual kettle and the
virtual glass bottle are pruned in the pouring tasks Po1 and Po2.

When a globally static real object is present, the virtual object may become
redundant because the static object offers more pronounced spatial invariances
for the moving objects under common viewpoints. In demonstrations with
sufficient pose or shape variations, Bi-KVIL truncates the virtual objects in tasks
Plst, Plcb,pa, Plsp,pt, and Plsp,ba, thereby allowing a static real object to serve as the
top-level master (see Table 5.2).

For example, in task Plst 6 , Bi-KVIL extracts subsymbolic constraints p2p and
p2P that define the target pose of the serving tray above the center of the table
mat – a globally static object designated as the top-level master. A symmetric
coordination is also extracted: in addition to the grasp constraint that ensures
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both hands share a common serving tray, the near-zero rate of change in distance
between the left and right hand suggest a prolonged period of physical interac-
tion between the hand groups, constraining both hands to move synchronously
with the serving tray.

Bi-KVIL also accommodates tasks that involve more than two objects e. g.,
Plcb,pa 8 , Plsp,pt 6 , and Plsp,ba 6 ). In task Plcb,pa 8 (Figure 5.4d), the left hand places
the cutting board above the pan such that its lower edge aligns with a point
above the center of the pan, while simultaneously the pan is placed on the
pot mat by the right hand. The master-slave relationship in the HMSR reveals
that the left and right hand groups converge at the common object, the pan,
indicating a loosely coupled coordination. Since the pot mat is globally static
and provides constraints for the pan, virtual objects are not necessary for the
task, thereby are pruned.

In contrast to task Plst 6 , no direct symmetric constraints are applied to both
arms in the transport task Plcb,pa 8 , as they do not maintain a constant distance
during the motion; here, the point-based constraints are utilized only for defin-
ing the temporal via points or the goal configuration of the objects. Similarly,
task Plsp,pt 6 requires both hand groups to achieve a common goal configura-
tion defined by the top-level master object, the table mat, while the spoon in
the left hand group is constrained by the plate in the right hand group. This
configuration also results in a loosely coupled coordination.

In task Plsp,ba 6 , the connections between the two hand groups are truncated
when no salient geometric constraint is identified, leading to two independent
branches in the extracted HMSR. This outcome indicates uncoordinated biman-
ual actions; in each branch, real objects (the table mat and the plate) serve as the
top-level master objects, eliminating the need for a virtual object. During repro-
duction, the two arms are controlled independently to follow the trajectories of
the corresponding keypoints on each hand group.

Master object at multiple levels

In Section 5.1, we established that a master object defines constraints solely for
its direct slave, contrasting with the inheritance mechanisms typical in object-
oriented programming. As illustrated by task Pl2sp 6 in Table 5.1, the spoon is
constrained by multiple master objects (e. g., the plate and the virtual spoon)
at distinct hierarchical levels, with the virtual spoon also serving as the master
for the plate. The three p2p constraints are also displayed in Table 5.3 – (1st row).
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Table 5.3.: Reproduction of the Plsp tasks with different styles corresponding to Pl2−5
sp 6 .

Images in each row correspond to RGB perception from the robot’s viewpoint,
the task representation (TR), and the start and end of execution.

The p2p constraint between the plate and the virtual spoon is not propagated to
the spoon; instead, the virtual spoon directly imposes a separate p2p constraint
on the spoon within a different local frame. Similar behavior is observed in the
MSR of other tasks.

5.4.2. Task Reproduction

We qualitatively evaluate Bi-KAC for each task described in Section 5.4.1. In
particular, one representative example per style of the Plsp task is selected to
illustrate the performance of Bi-KAC when reproducing the learned task using
the ARMAR-6 humanoid robot (Asfour et al., 2019) with categorical objects in
cluttered scenes.

For each row of Table 5.3, we show the learned task representation (TR) adapted
to the perceived RGB image from the robot’s viewpoint. The start and end states
of the execution are shown from a third-person perspective.

For the task Pl2sp 6 shown in the first row, the plate is driven to the initial position
of the spoon due to the p2p constraints between the plate and the virtual spoon.
Concurrently, the spoon head is positioned above the center of the plate as a
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result of the p2p constraints between the spoon head and the plate, while an
additional p2p constraint governs the vertical motion of the spoon relative to the
virtual spoon. The depicted curves represent the reproduced VMP trajectories
of these three keypoints in their respective local frames at the initial timestep.
Although the trajectory of the p2p constraint appears to direct the spoon head
toward the plate due to the object-centric viewpoint, the combined execution
of all trajectories results in an approximately vertical motion; the horizontal
components cancel out as the plate moves toward the virtual spoon and the
spoon moves toward the plate.

In contrast, for the task Pl4sp 6 , a keypoint on the spoon head (indicated by p2p)
follows a VMP trajectory toward the plate center from above, while a second
keypoint on the spoon handle adheres to a planar constraint. Simultaneously,
the plate is subject to a p2P constraint that is approximately parallel to that of
the spoon handle; consequently, the plate moves to its most probable position
on the plane manifold as determined by its learned density function.

In Pl3sp 6 , the p2p constraints between the spoon head and the plate in task
Pl2sp 6 are eliminated due to various target positions on the plate rather than
always at the center. Though both the plate and spoon can be placed on the
table, making the initial position of the spoon head lying on the target plane
constraint, the learned VMP for such a p2P constraint still captures the up and
down motion of the spoon head and handle as the motion’s projection on the
orthogonal direction of the plane constraint is used to train the VMP. As a result
of the reproduction, the spoon head is not necessarily placed at the plate center
anymore, rather it is guided by the density function on the plane constraint.

Furthermore, the learned tasks generalize to a variety of objects, including
spoons of different shapes, plates of varying sizes and colors, and even cases
where cooking pans replace plates in Plsp (see Table 5.3). Additional evalua-
tion results are available on our website1, which accompanies the published
paper (Gao et al., 2024).

5.5. Conclusion and Discussion

In this chapter, we extended Uni-KVIL’s keypoint-based task representation
to bimanual manipulation by leveraging an object-centric representation and
hierarchical scene decomposition, resulting in the new approach named Bi-KVIL.

1Website for Bi-KVIL: https://sites.google.com/view/bi-kvil
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Specifically, we proposed a novel Hybrid Master-Slave Relationship (HMSR)
that effectively determines master-slave relationships among objects and or-
ganizes them in a compact directed acyclic graph. This framework extracts
keypoint-based subsymbolic task representations for each object pair and sub-
sequently derives the corresponding bimanual coordination strategies from
the graph. The HMSR covers the bimanual manipulation taxonomy (Krebs
and Asfour, 2022) and enables unified keypoint-based controllers for both uni-
manual and bimanual tasks. By explicitly modeling master-slave relationships
and geometric constraints in an object-centric manner, our representation is
embodiment-independent, viewpoint invariant, and generalizes well to categor-
ical objects.

Furthermore, when a task is demonstrated with various fine-grained execution
styles, Bi-KVIL effectively captures these differences through keypoint-based
constraints while preserving a consistent HMSR topology. As discussed in
Section 4.4.2, Bi-KVIL updates the constraint types as more demonstrations
become available and prunes erroneous or redundant master-slave pairs to yield
a more compact HMSR for task representation.

Bi-KVIL enables the learning of bimanual task representations with fewer than
eight human demonstration videos captured via RGB-D or stereo cameras, with-
out the need for additional devices. In comparison, other bimanual imitation
learning approaches require a significantly larger number of demonstrations,
e. g., 20 to 50 (Zhao et al., 2023; Fu et al., 2024b), 2500 to 4700 (Xie and Chowd-
hury, 2020), or 256 to 4000 (Kim et al., 2021, 2024). Some approaches also depend
on teleoperation data (Zhao et al., 2023; Fu et al., 2024b) or human pose data
recorded via motion capture systems (Liu et al., 2022). In contrast to methods
that model keypoints implicitly as discussed in Section 2.1.3, our task constraints
are explicit and closely aligned with human intuition.

As noted in Section 4.5, both Uni-KVIL and Bi-KVIL assume that the action of
interest has been pre-segmented. Since natural human demonstrations often
comprise sequences of actions, it is necessary to temporally decompose the
demonstrations and group semantically aligned segments to learn both biman-
ual spatial coordination and task constraints. While motion segmentation yields
elementary actions in the temporal domain, it also facilitates the analysis of
bimanual temporal coordination, an essential aspect of bimanual manipulation,
which will be investigated in Chapter 6.
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CHAPTER 6

Keypoint-based Segmentation, Bimanual Coordination
and Grasping

Manipulation tasks in daily activities typically consist of multiple sequential
subtasks, each of which can be decomposed into distinct phases characterized
by goal-directed motions (Kroemer et al., 2021). For example, a pouring task
(Figure 1.1c) may serve as a subtask within a higher level “making tea” activity.
This pouring task can itself be segmented into several goal-directed motions —-
such as reaching, grasping, lifting, pouring, placing, releasing, and retrieving
the hand. By decomposing the task into smaller components, the problem of
learning task representations becomes more tractable as fewer factors need
to be considered simultaneously. Moreover, such hierarchical decomposition
facilitates the modular representation of common action segments (e. g., reaching
and grasping) that recur across different high-level tasks.

In this chapter, we tackle the fundamental challenges outlined by our third
research question on learning action sequences. Although many approaches have
been developed in robotics and human motion analysis for temporal task de-
composition, their application to bimanual visual imitation learning introduces
unique challenges. These include issues related to object representation, de-
pendency on local frame selection, hyperparameter tuning, and inconsistent
segmentation granularity (see Section 2.4.1).

To overcome these challenges, we propose a novel keypoint-based hierarchical
motion segmentation algorithm in Section 6.1. This algorithm decomposes visual
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demonstrations into fine-grained motion segments and subsequently merges
them into primitive actions. These primitives provide a consistent granularity
that Bi-KVIL leverages to learn subsymbolic task representations. Furthermore,
the perception pipeline proposed in Section 4.1.4 preserves detailed object shape
information via a set of candidate points and establishes local frame alignment
using an object’s canonical space. By normalizing motion characteristics with an
object spatial scaling factor, our method uses threshold values that are indepen-
dent of specific objects or tasks, thereby enhancing generalizability.

In Section 6.2, we integrate temporal coordination into the Hybrid Master-Slave
Relationship (HMSR) representation by leveraging the motion segmentation re-
sults. This integration yields a set of HMSRs that encapsulate the spatio-temporal
task representations of each primitive action. A notable contribution in this context
is our task-oriented grasping framework presented in Section 6.3, which is trained
using human demonstrated grasping data captured at the starting point of the
grasp segment.

Related content has been partially published in Cai et al. (2024). The contribu-
tions of this chapter are summarized in Section 1.2.2.

6.1. Keypoints-based hierarchical motion
segmentation

Unlike the pre-segmented human demonstration videos used in Chapter 4
and Chapter 5 – which capture individual actions – the videos in this chapter
consist of complete action sequences. These videos are preprocessed using the
visual perception pipeline described in Section 4.1.4 to extract the position
and velocity trajectories of candidate points, as well as the pose trajectories of
candidate local frames. In our object-centric framework, each point trajectory is
projected onto the candidate local frames associated with other objects. Figure 6.1
illustrates an example of a transport task with a sequence of RGB images and
the corresponding candidate points at each step.

The proposed keypoint-based hierarchical motion segmentation algorithm partitions
continuous motion into tractable segments and then merges these segments
into higher-level action primitives with consistent granularity – a consistency
that is critical for Bi-KVIL to effectively learn subsymbolic task representations.
Notably, our approach derives all contextual information solely from object
categories and motion characteristics.
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Figure 6.1.: A demonstration of a transport task. Twelve keyframes are shown, with RGB images, the candidate points on cutting board (cb),
pan (pa) and potmat (pm), and human point cloud. The contact relation graph corresponding to each keyframe is displayed at
the bottom left part of the image.
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Because multiple objects (including hands) are typically involved in a task, the
relative motion between each object pair provides valuable cues for identifying
segmentation points and establishing the master-slave relationships discussed
in Section 5.1.4. To this end, we first segment the motions for each object pair (see
Section 6.1.1) and then merge the over-segmented elements into coherent higher-
level action primitives through hand-group detection (see Section 6.1.2).

6.1.1. Proximity Detection

The hierarchical motion segmentation algorithms (Wächter and Asfour, 2015;
Meixner et al., 2023) typically estimate only the object contact status. However,
our experiments indicate that relying solely on contact events is insufficient in
many scenarios. For instance, during a pouring task, the kettle and cup may
not make direct contact if the pouring occurs from above the cup’s rim. In such
cases, contact represents a special instance of static proximity – where the distance
between objects is nearly zero – while pouring from above reflects a different
proximity status. Moreover, as demonstrated by Dreher et al. (2020b), dynamic
spatial relationships (e. g., objects moving apart or converging) provide valuable
cues for symbolic-level motion segmentation. We refer to the phase in which
objects move apart as divergent motion (div) and the phase in which they converge
as convergent motion (conv); both are classified under dynamic proximity.

Based on the relative distance and the nature of dynamic proximity before and
after a static phase, we classify static interactions into four distinct categories:
1) static contact, 2) static proximity, 3) static middle, and 4) static separation, which
are detailed in the subsequent sections.

Importantly, both static and dynamic proximity statuses are determined solely
by motion characteristics, eliminating the need for manual labeling. To auto-
matically identify the proximity status from the point-based representation of
demonstration videos, we propose a three-step algorithm: contact detection, global
and relative motion saliency detection, and subsequent classification.

Contact detection

For a given object pair (OA, OB), we analyze the position trajectories of candi-
date points to detect pairwise contact events at each time step, as described
in Appendix B.2. Instead of using an absolute distance threshold, we adopt a
ratio-based threshold relative to the spatial scale of the smaller or non-hand
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object. Specifically, if OA is the smaller or non-hand object with spatial scale φA,
the distance threshold is defined as

ξdist = ξ̂dist · φA,

and the corresponding threshold for the rate of change in distance is

ξdist,v = ξ̂dist,v · φA,

where ξ̂dist and ξ̂dist,v are predefined ratio-based constants.

We define a hover status when the rate of distance change drops below ξdist,v

while the distance remains above ξdist, and a contact status when both values fall
below their corresponding thresholds.

Global and relative motion saliency detection

The global motion saliency of an object is represented by the average norm of
its candidate velocities in the global (i. e., camera) frame. We define a global
static phase if the value drops below a threshold ξg,v, otherwise a global dynamic
phase.

As noted in Section 5.1.4, the distance criterion alone does not capture the
complete extent of relatively static information because it only considers the
closest point pairs between objects. To overcome this limitation, we compute the
velocity of the projected point trajectories of OA across all candidate local frames
onOB. A larger spatial scale ensures a broader spatial extent, which in turn yields
more accurate local frame tracking and improved relative velocity estimation.
We quantify this by calculating a relative motion score as the average norm of the
top-k largest velocities, thereby capturing the magnitude of prominent motions
of OA as observed from various perspectives on OB. A static phase is then
identified by applying the Zero-Velocity Crossing (ZVC, Fod, 2002) method to
the relative motion score against a ratio-based threshold

ξr,v = ξ̂r,v · φA,

where ξ̂r,v is the relative velocity ratio threshold. If the score falls below ξr,v,
the phase is considered relative static; otherwise, it is classified as relative dy-
namic. This frame-independent approach helps reduce over-segmentation. The
mathematical formulation is provided in Appendix B.4.
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To mitigate the effects of noise in the velocity signals, we employ a soft-threshold
technique. If no significant relative velocity peak is detected during a phase
initially classified as dynamic, that phase is reclassified as static.

Classification

Based on the relative static status of each phase, the proximity status is deter-
mined by its motion characteristics.

Relative dynamic proximity: Relative dynamic phases can be combined with
different proximity statuses to model fine-grained dynamic proximity:

1. Divergent motion (div): A dynamic phase in which the average rate of change
v of the top-k closest point pairs is positive.

2. Convergent motion (conv): A dynamic phase in which v is negative.

3. Slide (slide): A dynamic contact phase indicating that one object is moving
along the surface of another.

4. Dynamic hover (hoverd): An overlap of dynamic and hover phases.

Relative static proximity: The relative static proximity status is determined by
the surrounding dynamic proximity and the presence or absence of contact:

1. Static contact (conts): Occurs between a convergent and a divergent motion
when the objects are in contact (i. e., the distance falls below ξdist).

2. Static proximity (proxs): A static phase between a convergent and a divergent
motion where the objects are not in contact.

3. Static middle (mids): A static phase occurring between either two convergent
motions or two divergent motions.

4. Static separation (seps): A terminal static phase following a divergent motion
or an initial static phase preceding a convergent motion.

Derived proximity status: Based on the above static and dynamic proximity
statuses, we derive additional special proximity statuses commonly encountered
in daily activities:

1. Grasp (grasp): A special type of static contact that additionally meets the
enclosure criteria, i. e., when the fingers enclose any part of the object, as
explained in Section 5.1.3.

2. Touch (touch): A static contact that does not meet the enclosure criteria.

3. Static hover (hovers): An overlap of static and hover phases.
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4. Snatch (snatch): A combination of a convergent motion phase directly fol-
lowed by a grasp phase (conv–grasp), indicating that a hand moves toward
an object, grasps it, and moves with the object without stopping.

These steps are applied to each object pair in every demonstration video, yielding
the finest-grained motion segments based on proximity statuses.

Discussion

As discussed in Section 2.4.1, two major challenges emerge at this level: the
contextual labeling dilemma and granularity discrepancy. Additional challenges
arise in part from the varied demonstration styles that complicate the temporal
alignment of semantically corresponding segments across multiple trials.

Granularity discrepancy: In Figure 6.2 steps #a–f, the cutting board is trans-
ported from the table to a position above the pan. During this motion, its distance
to the pot mat increases and then decreases, producing segmentation points
#a, #c, and #f in the last row of the plot. Notably, segmentation point #c marks
the transition between a divergent and a convergent motion, indicating the
furthest distance between the cutting board and the pot mat. Typically, the trans-
port motion is learned as a continuous whole (from point #a to #f) to ensure a
smooth trajectory. Therefore, segmentation point #c is not essential for learning
constraints or motion representations, necessitating a merging step.

Furthermore, when segmenting motion based on trajectories of an object pair
where one provides the local frames, simultaneous motion of both objects may
result in a period of constant relative distance between either convergent or
divergent phases. For example, as illustrated in Figure 6.2, a static middle phase
(mids: steps #d–e) is detected between two convergent phases (conv: steps #b–d
and #e–f), indicating that while the cutting board is moving closer to the pan,
the distance remains nearly constant for a brief period. Such segments should
ideally be merged to form a smooth and continuous motion.

Varied demonstration styles: Human demonstrations of the same task often
exhibit diverse styles across different trials, resulting in varied proximity statuses
for semantically identical actions. For example, the relative position of a kettle’s
spout to the cup rim may differ between demonstrations. If the distance in one
demonstration exceeds the contact threshold due to a higher pouring position,
the segmentation algorithm (Wächter and Asfour, 2015) may fail to register a
contact event, thereby misaligning the pouring segments across trials. However,
since both pouring styles are temporally located between a convergent and a
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Figure 6.2.: Proximity status estimation. For each object pair, the relative velocity (Rel.
Vel.), distance (Dist.), and the change rate of the distance are used to deter-
mine the proximity statues (Prox.). The change rate of the distance is plotted
together with the proximity statuses (last two rows). The third row shows
the proximity status estimated without relative velocity, while the last row
with relative velocity. Pruning of the static middle (mids) is also shown in
the last row.

divergent motion phase, the resulting static contact (conts) or static proximity
(proxs) segments can be aligned based on their contextual sequence. Leveraging
the overall context of the detected proximity statuses enables effective grouping
and alignment of segments from multiple demonstrations.

Temporal misalignment: The segmentation points are highly dependent on the
execution of each demonstration and may not be consistently detected across
different trials, leading to segments of varying granularity. This variability com-
plicates the alignment of segments for learning Bi-KVIL’s task representations.
Moreover, although the sequence of actions is assumed to follow a consistent
order across demonstrations, the precise timing for each arm’s action can vary.
For example, in Figure 6.1 (steps #1–4), the right hand grasps the handles of

162



Chapter 6. Keypoint-based Segmentation, Bimanual Coordination and Grasping

the pan and before the left hand grasps the cutting board. In another trial, the
left hand might grasp first. Such temporal misalignment, while indicative of
temporal coordination of two arms, pose challenges for segment alignment and
must be appropriately managed.

Segmentation point as via-point: Steps #6–11 in Figure 6.1 demonstrate a se-
quence in which the right hand reaches for the cutting board (#5–7), sweeps
along its surface (#8–9), and then retracts (#9–11). As shown in Figure 6.3, the
sweeping phase is characterized by a slide status between steps #b and #c, as a
contact between the right hand and the cutting board is detected during rela-
tive dynamic motion. Although the continuous motion can be segmented and
learned separately – with each phase’s terminal hand pose serving as a target
–this approach typically results in three discrete motions. When each motion seg-
ment is learned as a discrete motion individually, a motion blending technique
is necessary to ensure smooth execution.

Figure 6.3.: Motion characteristics and proximity status for sweeping action.

Alternatively, considering that humans perform these actions continuously,
it is reasonable to represent the entire motion as a unified sequence. In this
framework, the hand poses corresponding to the points of contact initiation and
termination serve as via-points. This strategy leverages the via-point adaptation
capability of VMP (Section 3.3), which offers superior extrapolation compared to
other movement primitive representations. Notably, since the slide status occurs
between convergent and divergent motion phases (conv–slide–div), VMP can
also be applied to learn dynamic hover motions if they follow a conv–hoverd–div
sequence. Similarly, a snatch motion (snatch) can be modeled with the snatching
target defined as a via-point relative to the object being grasped.
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These types of actions are prevalent in daily activities such as sweeping debris
on a table or vegetables on a cutting board, snatching a water bottle, spilling salt
into a salad, or even playing tennis.

Contextual Labeling Dilemma: In Figure 6.1 (step #7), the right hand simul-
taneously leaves the pan handle while approaching the cutting board. The
corresponding proximity detection results are illustrated in Figure 6.3 between
steps #a and #b. When observed from the pan’s perspective, the right hand
appears to be diverging (div), whereas from the cutting board’s perspective,
it is converging (conv). Consequently, a single motion segment ambiguously
encapsulates two distinct semantic meanings, depending on the viewpoint. This
contextual ambiguity complicates the assignment of a unique semantic label
to the segment when the context shifts. To address this challenge, the subse-
quent grouping technique must robustly incorporate these ambiguities, thereby
supporting the learning of motion representations from multiple perspectives.

Next, we present a merging technique to address these challenges and to in-
troduce the temporal coordination based on the segmentation results in Sec-
tion 6.2.

6.1.2. Merging

Various merging algorithms have been explored in the literature (Section 2.4.1),
such as merging temporal segmentation points using Gaussian Mixture Mod-
els (Prados et al., 2025) or combining similar segments based on their motion
characteristics (Gutzeit and Kirchner, 2022; Tsai et al., 2019). However, these
methods generally overlook the contextual information of over-segmented com-
ponents, often resulting in inconsistent segmentation granularity. Furthermore,
because motion segmentation for imitation learning tasks and the subsequent
motion representation should be considered holistically, decoupling these prob-
lems may lead to misaligned motions that hinder robust motion representation.
The degree to which motion segments should be merged depends on the repre-
sentational capabilities of the motion model.

Hand group detection

We assume that a hand can only grasp one object at a time, though it may interact
with multiple objects either by using the grasped object as a tool or via direct
contact with other objects. This assumption imposes a priority among proximity
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statuses for determining hand groups. Based on our observations of human
activities, we define the following priority for the proximity statuses presented
in Section 6.1.1:

grasp > touch > slide > hoverd, conts > proxs > mids > seps. (6.1)

For each hand and for every hand-object pair associated with that hand, we
first detect whether the hand exhibits a grasp (grasp), a static contact (conts), or a
static proximity (proxs) status with any object. If lower priority phases overlap
a higher priority phase, they are pruned. We then group the remaining static
phases (grasp, conts, proxs) with the continuously connected relative dynamic
phases that precede and follow them until the next static phase is reached.
These grouped phases collectively constitute a valid hand group. Note that non-
contact phases at the beginning or end are excluded from hand group detection
because they lack sufficient contextual information. These steps are summarized
in Algorithm 1.

For example, in the transport task shown in Figure 6.1, the left hand approaches
the cutting board, grasps it, transports it above the pan, places it back, and
finally retracts. As depicted in Figure 6.4, the left hand’s grasp (grasp) of the
cutting board is clearly detected, while lower-priority static hover (hovers) phases
between the left hand and the pan or pot mat during the grasp phase are pruned.
Similarly, a static separation (seps) phase overlapping the beginning of the grasp
phase is also pruned. With only the grasp phase remaining between the hand and
the cutting board, the dynamic phases preceding and following it are grouped
into a valid left-hand group represented as conv– grasp– div.

Similarly, for the right hand, static separation (seps) and static hover (hovers)
phases that overlap the grasp (grasp) phase with the pan are pruned. Grouping
the dynamic phases around the remaining grasp phase yields a first valid right-
hand group (conv– grasp– div) corresponding to reaching, grasping, transporting
the pan, and releasing it. This group ends at step #c when the subsequent
convergent motion conflicts with a slide (slide) phase between the right hand and
the cutting board. By collecting the dynamic phases around the grasp phase and
considering the imposed temporal limits, a second right-hand group is formed
(conv– slide– div), which represents reaching for the cutting board, sweeping
across its surface, and moving apart until the right hand remains still.

It is important to note that the proximity phases defined in Eq. (6.1) are not
allowed to overlap; any lower-priority phases must be pruned when overlapping
with a higher-priority phase. However, other proximity statuses may overlap.
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Algorithm 1 Hand Group Detection Algorithm
Require: Sprox: A set of proximity status sequences for a set of object pairs in a demonstration
Require: H: Set of hands
Require: O: Set of objects
Ensure: Gh = {HG}: Detected set of hand groups
1: Gh ← ∅ ▷ Initialize hand groups
2: for all Oh ∈ H do ▷ Loop over each hand
3: for all (Oh, O) ∈ H ×O do ▷ Loop over all hand-object pairs
4: Sprox(Oh, O) ∈ Sprox
5: S ← detect static phases(Sprox(Oh, O)) ▷ Detect grasp, conts, proxs
6: S ← prune low priority(S)
7: S ← prune non contact(S)
8: for all s ∈ S do ▷ Loop over all remaining static phases
9: Gh ← Gh ∪ group dynamic phases(s,S,Sprox(Oh, O))

10: end for
11: end for
12: end for
13:
14: function DETECT STATIC PHASES(Sprox(Oh, O))
15: return {s ∈ Sprox(Oh, O) | s ∈ {grasp, conts, proxs}}
16: end function
17:
18: function PRUNE LOW PRIORITY(S)
19: return {s ∈ S | s does not overlap with higher priority status}
20: end function
21:
22: function PRUNE NON CONTACT(S)
23: return {s ∈ S | s is not initial or terminal non-contact status}
24: end function
25:
26: function GROUP DYNAMIC PHASES(s,S,Sprox(Oh, O))
27: G ← ∅
28: for all d ∈ Sprox(Oh, O) do
29: G ← {d | d is dynamic phase connected to s before reaching another s′ ∈ S}
30: end for
31: return G
32: end function

For instance, the right hand may exhibit a divergent motion (div) from the
pan while simultaneously showing a convergent motion (conv) toward the
cutting board, thereby addressing the contextual labeling dilemma presented in
Section 6.1.1.

Hand Group Segmentation

Because our hand group detection relies on the relative proximity status between
hand-object pairs, a static phase (e. g., a grasp phase) may consist of multiple
sub-segments that need to be subdivided based on additional motion cues. For
example, the left hand grasps the cutting board from step #4 to #11 in Figure 6.1
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Figure 6.4.: Hand group detection for the transport task. Left hand forms a hand group
with the cutting board HG(lh, cb) during the complete demonstration. Right
hand forms two groups with pan HG(rh, pa) and with the cutting board
HG(rh, cb). These two groups overlap at a dynamic phase.

(including moving the cutting board to the pan, holding it steady, and placing
it back on the table). Learning the motion for the entire hand group may not
be optimal; therefore, for each hand group, we further collect object-object
segmentation points during the static phase if the object is associated with that
hand group.

The objective of the hand group segmentation is to determine precise segmentation
points for each hand group by leveraging relative dynamic phases and subdivid-
ing the static phase based on additional motion cues extracted from object-object
interactions. To this end, we define three types of segmentation points based on
their purpose and the confidence derived from motion cues:

1. A hard segmentation point is determined with high confidence and indicates
the start or stop of a discrete motion.

2. A weak segmentation point is identified with lower confidence, but still
indicates the start or stop of a discrete motion.

3. A soft segmentation point marks the initiation or termination of a slide, snatch,
or hoverd phase, and can be used to determine via-points.

In contrast to soft segmentation points, hard and weak segmentation points
are typically used to define the definitive start and target points of a discrete
motion.

We propose a five-step algorithm to detect these segmentation points.
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Step 1 Identification of Relative Dynamic Phases: For a hand Oh, with h ∈
{left, right}, and a hand group HG(Oh, OA) associated with object OA, we
first identify all relative dynamic phases in the proximity sequence of
object pairs involving OA (i. e., object pairs OA–OB) that overlap with the
static phase of HG(Oh, OA).

The insight here is that even ifOh is relatively static with respect toOA, both
may still be moving together when observed from a local frame of another
object OB with which OA will interact. For example, from the local frame
of the pan or pot mat, the left hand and the cutting board are observed to
move together during steps #4–6 and #9–11 in Figure 6.1.

Step 2 Merging of Successive Dynamic Phases: Successive dynamic phases
of the categories conv and div within HG(Oh, OA) are merged to form a
continuous, smooth trajectory for approaching and retracting motions.
This step addresses the granularity discrepancy discussed in Section 6.1.1.
Similarly, successive conv and div phases in the proximity sequences of
each object pair OA–OB are merged.

Step 3 Determination of Intra-Group Segmentation Points: Within the detected
hand group HG(Oh, OA), each motion segment provides hard segmentation
points at its start and end, with the exception of slide, hoverd, and snatch

phases. These exceptional phases yield soft segmentation points that are
used to specify via-points. If a hard segmentation point overlaps a soft
segmentation point, the soft segmentation point is chosen.

Step 4 Incorporation of External Segmentation Cues: We then incorporate seg-
mentation points provided by object pairs that lie outside the hand group
HG(Oh, OA). If a dynamic phase of the pair OA–OB (i. e., a phase dur-
ing which OA moves relative to OB) overlaps with the static phase in
HG(Oh, OA), we first crop the dynamic phase to ensure it is completely
enclosed by the static phase. We then evaluate how many objects OB con-
tribute segmentation information over the overlapping period:

1. In cases with a single such object, its start and end points are added
as hard segmentation points if OB is globally static within a time
window ξsg,t around the segmentation point. Otherwise, they are
added as weak segmentation points.

2. In cases with multiple such objects {OB}, we analyze the overlapping
dynamic phases from different objects. The final decision is made by
selecting the earliest hard starting segmentation point and the latest
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hard terminating segmentation point. If both the starting or terminat-
ing segmentation points across these phases are soft segmentation
points, their average is taken to define the start and end, respectively.

For example, when a hand grasps the kettle and remains relatively static
during the pouring action, the start point of the hand group, as well as the
critical point where pouring takes place, is determined by analyzing the
kettle’s motion relative to an external object, such as the cup.

Step 5 Final Merging and Pruning: Finally, overlapping segmentation points of
the same type – often corresponding to the end of one segment and the
start of the next – are merged by averaging their timestamps. Moreover,
any weak segmentation point that lies within the time window ξsg,t of a
hard segmentation point is removed to ensure consistency and reduce
redundancy.

The hand group segmentation algorithm is summarized in Algorithm 2. These
five steps are repeated for each hand group, yielding refined motion segmenta-
tion points for each arm individually.

Summary

It is important to note that the keypoint-based motion segmentation algorithm
produces segmentations at multiple levels of granularity. At the finest level,
the proximity-based motion segments represent motion components that are
coherent with respect to specific motion characteristics, such as maintaining
contact and exhibiting convergent or divergent relative motion. Although these
segments are derived purely from motion characteristics of object pairs, the
resulting static and dynamic proximity statuses provide rich semantic cues for
the hand group detection and segmentation algorithms. These cues enable the
effective grouping and merging of fine-grained motion segments.

The proposed algorithms leverage both hand-object and object-object interac-
tions to produce motion segmentation at the hand-group level and a more
detailed sub-level, ensuring consistent granularity across segments. This merg-
ing technique not only addresses the challenges of contextual labeling and
granularity discrepancy but also establishes a robust foundation for subsequent
temporal coordination and constraint learning, as discussed in the following
section.
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Algorithm 2 Hand Group Segmentation Algorithm
Require: H: Set of hands
Require: O: Set of objects
Require: Hand group HG(Oh, OA) ∈ Gh
Require: Proximity sequences Sprox(OA, ·) of object pairs including OA

Ensure: Precise segmentation points for each hand group
1: OB ← {O | O ∈ O, O /∈ H, O ̸= OA}
2:
3: Step 1: Identification of Relative Dynamic Phases
4: for each object pair OA–OB, OB ∈ OB do
5: Identify relative dynamic phases in Sprox(OA, OB) overlapping with HG(Oh, OA)
6: end for
7:
8: Step 2: Merging of Successive Dynamic Phases
9: for each identified dynamic phase in HG(Oh, OA) and OA–OB do

10: Merge successive conv and div phases
11: end for
12:
13: Step 3: Determination of Intra-Group Segmentation Points
14: for each motion segment in HG(Oh, OA) do
15: Determine hard and soft segmentation points
16: end for
17:
18: Step 4: Incorporation of External Segmentation Cues
19: for each dynamic phase of OA–OB, OB ∈ OB overlapping a static phase in HG(Oh, OA) do
20: Crop dynamic phase to fit within static phase
21: if single object OB then
22: Add start and end points as hard or weak segmentation points
23: else
24: Analyze overlapping dynamic phases from multiple objects
25: Select earliest hard start and latest hard endpoints
26: end if
27: end for
28:
29: Step 5: Final Merging and Pruning
30: for each overlapping or close-by segmentation point do
31: Merge by averaging timestamps if they have the same type
32: if weak segmentation point within ξsg,t of hard point then
33: Remove weak segmentation point
34: end if
35: end for
36: return Precise segmentation points for each hand group
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6.2. Spatio-temporal Bimanual Coordination

In Chapter 5, we introduced the Hybrid Master-Slave Relationship (HMSR)
to capture spatial constraints between object pairs and to describe the spatial
coordination between two hands. However, this framework does not incorporate
representations of temporal coordination. In this section, we investigate the
temporal aspect of bimanual coordination, leveraging the motion segmentation
results presented in Section 6.1. To achieve this integration, it is essential first to
identify motion segments across multiple demonstrations that share identical
semantic meanings (Section 6.2.1). By selecting one demonstration as a reference,
we analyze the temporal coordination between the hand groups of both arms.
The alignment of temporally corresponding segments, as detailed in Section 6.2.2,
facilitates the extraction of spatial coordination and constraints via the Bi-KVIL
framework. The result is a robust spatio-temporal task representation applicable to
both unimanual and bimanual manipulation tasks. A qualitative evaluation of
the proposed method using the transport task is provided in Section 6.2.3.

6.2.1. Semantic Alignment

Our approach enhances motion segmentation for bimanual actions by incor-
porating contextual information from the hand group segmentation algorithm
presented in Section 6.1.2. Given the hand group segmentations for all demon-
strations, we first perform an alignment at a coarse-granularity level, using the
hand-object interaction relationships as strong indicators for proper alignment.
Specifically, we detect all hand groups HG(Oh, Oi) in each demonstration using
Algorithm 1 and establish a coarse alignment for hand groups corresponding
to the same hand-object pair, Oh–Oi. For example, in all demonstrations of the
transport task (Figure 6.1), the right hand initially groups with the pan to grasp
and place it above the pot mat, and later groups with the cutting board during
a sweeping action. This coarse alignment prevents the misalignment of mo-
tion segments that, despite exhibiting similar motion characteristics, belong to
distinct hand groups.

Subsequently, motion segments within each hand group are aligned based on
object-object interaction relationships. This process can be viewed as construct-
ing object interaction graphs, where nodes represent objects and edges indicate
different proximity statuses. For instance, as depicted in the bottom left corner
of Figure 6.1, the five objects involved in the task are arranged in a graph that
reflects their initial spatial arrangement in the RGB image at step #1. We use
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arrows between object nodes to indicate a convergent motion if it points to
another, and a divergent motion if it is reversed. A contact or static proximity
status is established with a solid line connecting object nodes. In this way, we
extend the contact relation graph of (Wächter and Asfour, 2015) and the spa-
tial relation graphs described in (Ziaeetabar et al., 2018; Dreher et al., 2020b)
using the proposed proximity statuses. This proximity relation graph robustly
identifies semantically aligned motion segments within each hand group.

6.2.2. Temporal Coordination

By combining bottom-up segmentation and merging with top-down semantic
alignment, we obtain aligned segmentation points for the hand groups of both
arms. Using one arm as a temporal reference, we analyze the temporal distri-
bution of the other arm’s segmentation points across multiple demonstrations
using a Gaussian Mixture Model. In this study, we adopt a simple temporal
coordination criterion based on a predefined temporal threshold. For motion
segments from two hand groups that overlap in time beyond the threshold
ξoverlap, we estimate the distribution of the temporal segmentation points – both
at the beginning and end of the segments. We then compute the entropy and
variance of these distributions and compare them to predefined threshold val-
ues. A consistently narrow time window for the temporal differences indicates
that one event either consistently occurs simultaneously with, or a fixed time t
seconds before or after, the corresponding event in the other arm.

Formally, we define temporal coordination as follows: Two motion segments from
different hand groups are temporally coordinated if the temporal difference
between their corresponding events (either initial or terminating points) con-
sistently falls within a predefined narrow time window ξoverlap. This definition
encompasses cases where the events occur simultaneously or with a consistent
fixed time offset.

In scenarios where motion segments in one arm correspond to globally static
phases of the other, we consider them loosely coordinated. In temporally coordi-
nated cases, we align the segments at their initial and terminating points and
apply the Bi-KVIL framework to analyze the geometric constraints, thereby ob-
taining the spatial coordination as represented by the HMSR (Section 5.1). Both
coordination types collectively represent the complete bimanual manipulation
strategy.
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6.2.3. Evaluation

We evaluate the effectiveness of our proposed keypoint-based hierarchical mo-
tion segmentation algorithm. We present a detailed analysis of the hand group
detection and segmentation results, followed by an assessment of the semantic
alignment process. Finally, we examine the temporal coordination between hand
groups and summarize the overall performance of our approach in capturing
robust spatio-temporal task representations.

Hand group detection and segmentation

Figure 6.5 illustrates the application of the hand group detection algorithm (Al-
gorithm 1), which extracts the hand groups for each hand over different time
periods. For instance, a hand group HG(lh, cb) is identified in Figure 6.5a–(top),
indicating that the left hand interacts continuously with the cutting board during
the demonstration. At the onset of this hand group, a phase characterized by
both divergent and convergent motion (div and conv) leads into the grasping
phase (grasp), corresponding to a smooth, continuous approach action. However,
this action is subdivided due to a change in the sign of the velocity of the relative
distance. These over-segmented phases are subsequently merged using the hand
group segmentation algorithm (Algorithm 2), resulting in a single dynamic phase
corresponding to the approach action (steps #1–4 in Figure 6.1).

Rather than focusing solely on the object directly interacting with the hand,
our approach also considers objects that interact with the manipulated objects,
thereby providing additional motion cues and contextual information for more
robust segmentation. For example, the interaction between the pan and the
pot mat characterizes the overall motion of the left hand group during a rela-
tively static grasp phase. Over-segmentation arising from these object-object
interactions is also merged within the hand group segmentation algorithm,
yielding a simpler composed motion segment and reducing redundancy in the
segmentation points.

Similarly, for the right hand, two distinct hand groups are extracted: HG(rh, pa)
and HG(rh, cb). These groups overlap during a dynamic phase, where the motion
is recognized as divergent from the perspective of the pan and convergent
from the perspective of the cutting board. This overlap resolves the contextual
labeling issues discussed in Section 6.1.1. Furthermore, a sliding phase (slide) that
represents the sweeping action is precisely captured. Soft segmentation points
serve as via-points to ensure a smooth motion transition covering reaching,

173



Chapter 6. Keypoint-based Segmentation, Bimanual Coordination and Grasping

sweeping, and retracting. Notably, weak segmentation points for the right hand
group HG(rh, pa), originally provided by the pan and cutting board pair, are
eliminated when hard segmentation points from the pan and pot mat pair are
available, thereby further reducing redundancy.

Figure 6.5b presents a second example of the transport task performed with a
slightly different style and timing. As in the first demonstration, over-segmentation
is merged and key proximity statuses are captured to extract consistent segmen-
tation points. The motion segment structure and hand groups closely resemble
those found in the first demonstration, allowing for consistent contextual infor-
mation to establish robust semantic and temporal alignment of motion segments
across different demonstrations.

Semantic Alignment

The proposed hand group segmentation algorithm yields a hierarchical tempo-
ral structure of the decomposed task. At the top level, hand groups provide a
coarse alignment of motion segments, while at the finest level, proximity sta-
tuses facilitate detailed alignment. As illustrated in Figure 6.6, the light green
area represents the aligned first right hand group HG(rh, pa) across three demon-
strations of the transport task, whereas the light blue region marks the aligned
second right hand group HG(rh, cb). This alignment is achieved by identifying
the underlying hand-object interaction relationships.

Within each hand group, motion segments are further aligned based on their
proximity types and object-object interaction relationships. As shown in Fig-
ure 6.7, our approach associates individual motion segments with their coun-
terparts across different demonstrations. This alignment enables, for instance,
the convergent motion at the beginning of HG(rh, pa) – which corresponds to
the action of approaching the pan handle – to be associated and learned as a
movement primitive model. This model is then parameterized by a target grasp
pose derived from the hand pose relative to the pan handle. The detailed motion
representation and grasp learning will be discussed in Section 6.3.

It is important to note that the two hand groups corresponding to the same hand
may overlap during dynamic phases, such as conv and div. In these cases, the
same motion is captured from different perspectives, and the corresponding
movement primitives are learned in different local frames (e. g., one relative to
the pan and another relative to the cutting board).

174



Chapter 6. Keypoint-based Segmentation, Bimanual Coordination and Grasping

(a) Demonstration 1

(b) Demonstration 2

Figure 6.5.: Hand group detection (HG-Det.) and segmentation (HG-Seg.) results for
two demonstrations of the transport task are shown in Figure 6.1. In each
segment, the corresponding proximity statuses are annotated at the center.
The hard segmentation point ( • ), weak segmentation point ( ), and soft
segmentation points ( ) are marked in the top-left corner for the starting
point and in the bottom-right corner for the terminating point. The hand-
object and object-object pairs corresponding to each row are annotated on
the left side of the plot, where lh, rh, cb, pan, pm, and comp represent left-
hand, right-hand, cutting board, pan, pot mat, and a composition of multiple
cues, respectively.
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Figure 6.6.: Hand group alignment. Legend as Figure 6.5.

Figure 6.7.: Alignment of motion segments within a hand group. Legend as Figure 6.5.

Temporal Alignment and Coordination

As shown in Figure 6.5, the segmentation points for semantically identical seg-
ments are shifted in time across different demonstrations. For instance, the
approaching action of the hand group HG(rh, pa) is longer in the second demon-
stration than in the first. With seven demonstrations of the transport task, we
extract the temporal differences of corresponding segments between the left and
right hand groups and analyze their distribution.

Figure 6.8 displays examples of the extracted temporal difference distributions
for the grasping and transport actions. The distribution for grasping (blue)
indicates that, relative to the time when the left hand grasps the cutting board,
the right hand most likely grasps the pan handle at time represented by the
two modes. In contrast, the transport distribution shows that the pan placement
event typically occurs at a fixed time offset relative to when the cutting board is
placed above the pan. Notably, the grasping distribution exhibits two modes and
a wider spread, suggesting that the grasping events of both hands may occur
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Figure 6.8.: Alignment of motion segments within a hand group.

independently. Conversely, the transport action demonstrates clear temporal
coordination, with the pan transport consistently concluding approximately 7
steps earlier than the cutting board transport. This clear temporal coordination
enables us to align the terminating points of the transport actions for both
arms and to apply Bi-KVIL to extract the corresponding geometric constraints.
We obtain identity HMSR as in task Plcb,pa 8 shown in Table 5.2, facilitating a
spatio-temporal bimanual coordination representation.

Summary

We have presented a keypoint-based hierarchical motion segmentation approach
capable of performing bottom-up segmentation solely based on motion charac-
teristics and derived contextual information. This method provides consistent
segmentation granularity across multiple levels, thereby facilitating the semantic
alignment of motion segments across different demonstrations. Such alignment,
in turn, enables the extraction of both temporal and spatial coordination using
the Bi-KVIL framework. Evaluation of our approach on bimanual transport
tasks shows promising results; similar performance has been observed in other
tasks such as bimanual pouring with different styles (see Section 5.4). Future
work will involve a comprehensive evaluation against state-of-the-art methods
across various daily manipulation tasks.

Given that the segmented actions involve approaching an object and grasping
it in a task-specific manner for subsequent manipulation, the next section will
investigate task-oriented grasp learning using the data collected during the
grasping segment. Other action segments, such as approaching, pouring, placing,
and retracting, are also learned. These learned actions are then evaluated on a
robot to execute a series of tasks for object grasping and rearrangement.
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6.3. Task-oriented Grasping

In the previous section, we introduced a keypoint-based motion segmentation
algorithm that exploits semantic context and motion characteristics to decom-
pose human demonstration trajectories into semantically coherent segments.
This segmentation enables the precise identification of critical events, such as the
exact time points when grasping occurs. These instants capture essential hand
configurations and pose information used for successful object manipulation,
which we term task-oriented grasps.

In an object-centric framework, the distribution of demonstrated task-oriented
grasp poses is modeled as a geometric constraint relative to an object (see
Section 4.2) using a Gaussian Mixture Model (GMM; see Appendix B.6) defined
on a Riemannian manifold (R3 × S3). The learned grasp constraints are then
transferred to categorical objects to ensure robust reproduction. To achieve
this, we introduce a grasp learning and generation framework, as illustrated in
Figure 6.9.

Pr, {Ts} {Pd} , {Td}

Pr

{Tr}

{
T̄r

}
T̂ Pt

Tt Ph

ϵ(·)

T∗
t

fDD
θ

fMIMO
θ

Figure 6.9.: The task-oriented grasping framework.

Grasp Learning

We assume that the object categories demonstrated by humans are known and
that Multi-feature Implicit Model (MIMO) is pre-trained on these categories.
Given an object canonical space as described in Section 4.1.3 and a set of demon-
strated grasp poses {Td} on corresponding object point clouds {Pd}, we derive
a set of task-relevant grasp candidates {Tr} in the canonical space using two
complementary strategies:
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1. We first generate a set of task-agnostic grasp candidates {Ts} using the
method proposed in Sundermeyer et al. (2021) on the canonical point
cloud Pr. Next, we employ MIMO as a discriminator to select the grasp
candidates from {Ts} that are most similar to the human demonstrations
in {Td} based on a pose similarity measure.

2. Alternatively, we directly transfer the demonstrated grasps {Td} using
2D or 3D pose transfer (Eqs. (3.4) and (4.20)) to obtain candidate grasps
relative to the canonical point cloud.

The candidate grasps {Tr} obtained from these strategies are subsequently
validated in a simulation environment using Isaac Gym (Makoviychuk et al.,
2021) with a humanoid hand to eliminate unstable candidates. The remaining
candidates, denoted by

{
T̄r

}
, are used to train a GMM, which is then employed

to sample a target pose T̂t in the canonical space. This target pose is transferred
to a novel object instance with an observed point cloud Pt via pose transfer
during inference, resulting in a target grasp pose Tt for the testing object.

Grasp Evaluation and Refinement

To enhance generalizability, we propose a task-agnostic grasp evaluation network
that predicts the robustness of executing a target grasp Tt. This network is
implemented as a Multi-Layer Perceptron (MLP) ϕ(·, ·, ·) that takes as input
the hand pose, the positions of its keypoints, and the latent code of the object
point cloud obtained from a frozen encoder in MIMO. It outputs a grasp success
probability:

prob = ϕ(Tt,Ph, ϵ(Pt)) ∈ [0, 1]. (6.2)

The network is trained using a binary cross-entropy loss on a dataset that fuses
task-agnostic grasp candidates across all objects and tasks, with binary labels
indicating successful grasps as determined during the validation phase.

If the predicted grasp success probability falls below a predetermined threshold
ξgrasp, the grasp pose is refined by maximizing the grasp success likelihood
according to the evaluation network:

∆T∗
t = argmax

∆Tt

ϕ(∆TtTt,Ph, ε(Pt)), (6.3)

resulting in the optimal grasp pose T∗
t = ∆T∗

tTt for execution.
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Figure 6.10.: Demonstration of task-oriented grasping, object reconstruction and repro-
duction.

6.3.1. Evaluation

The objective of the task-oriented grasping framework is to learn task-specific
grasp constraints from human demonstrations and to generate corresponding
target grasp poses for categorical objects. Notably, the same object may be
manipulated differently depending on the task, thus the grasp constraint for
each task may be anchored to a distinct functional part of the object category.
In our evaluation, we define four tasks, where the mug and bottle are grasped
differently for pouring and placement:

Pom: Grasp a mug by its handle to pour into a bowl.

Plm: Grasp a mug by its rim to place it upright in a container.

Pob: Grasp a bottle by its body to pour into a bowl.

Plb: Grasp a bottle by its neck to place it upright in a container.

Examples for the first two tasks are illustrated in Figure 6.10.

Grasping the mug handle for pouring

For the task Pom, we provide a single demonstration that encompasses reaching,
grasping, pouring, placing, and retracting phases. Human hand pose trajectories
and object point clouds are obtained using the perception pipeline described
in Section 4.1.4. Motion segmentation algorithms (Section 6.1) are then applied
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Figure 6.11.: Qualitative evaluation results of the grasp cup handle for pouring task.
Keyframes at grasping, pouring and placement are shown for each trial.

to identify keyframes corresponding to grasping, pouring, and placing. These
keyframes partition the hand trajectory into distinct phases (reaching, pour-
ing, placing, and retracting), which are subsequently used to train Via-point
Movement Primitives (VMPs, Section 3.3).

As detailed in Section 4.1.2, MIMO first reconstructs the object meshes from
the partially observed point clouds (see Figure 6.10 – 2nd row), which are then
used to sample a point set for determining pose descriptors. For the grasping
keyframe, the mug and hand are detected as a single MSR (Section 5.1) with
the mug designated as the master object. The hand pose descriptor is computed
by conditioning MIMO on the reconstructed point cloud of the mug. Similarly,
for the pouring keyframe, the bowl is detected as the master object for the mug,
and the pose descriptor of the mug is computed accordingly. For placement, we
assume that the target hand pose remains the same as the initial grasp pose.

The object pose constraints between the mug and bowl are learned using a
GMM, which allows direct sampling of the target pose for a mug relative to a
new bowl during inference, similarly to the pose constraint of the cup in the
pouring task described in Section 5.1.5. For the grasp pose constraint, a GMM is
trained following the grasp learning procedure, and a refined target grasp pose
is then obtained relative to a new mug instance. These target poses are used to
adapt the corresponding VMPs for reaching, pouring, and placing motions.

A reproduction example for task Pom using the humanoid robot ARMAR-6 is
shown in Figure 6.10 – (3rd row, left). In this example, the robot successfully
grasps the mug handle and executes the subsequent pouring action. The com-
plete motion sequence, including the placement of the mug and hand retraction,
is displayed in Figure 6.12 – (1st row). Multiple executions of each task are per-
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Figure 6.12.: Execution of the learned action sequence for pouring and placement with mug and bottle, individually.
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formed with various categorical objects rearranged on the table (e. g., different
cups and bowls as shown in Figure 6.11).

Grasping mug rim for placement

When placing a mug in a box, a side grasp on the handle may lead to a collision
between the hand and the box. Consequently, a top grasp at the mug’s rim is
demonstrated (see Figure 6.10 – right). The evaluation procedure mirrors that of
Pom, except that following the placement of the mug inside the box, the robot
directly retracts its hand as demonstrated. Successful execution examples are
provided in Figures 6.10 and 6.12. Additional qualitative evaluation results for
this task with categorical objects are detailed in Cai et al. (2024).

A similar evaluation is conducted for pouring and placement tasks using cat-
egorical bottles, bowls, and boxes. For the pouring task, the robot grasps the
bottle’s body, whereas for the placement task, it grasps the bottle’s neck, follow-
ing a single human demonstration per task. An example of robot reproduction
is shown in Figure 6.12, with further results provided in Cai et al. (2024).

6.3.2. Summary

In this section, we presented a task-oriented grasping framework that learns task-
specific grasp constraints modeled as Gaussian Mixture Models (GMMs). By
leveraging the object canonical space provided by Multi-feature Implicit Model
(MIMO), the framework effectively transfers and optimizes learned grasps and
object poses to new instances of categorical objects. Notably, the superior ability
of MIMO to distinguish fine-grained geometric details (Figure 4.6) enables the
system to generalize from a single demonstration with only partial scene obser-
vations, a challenge where state-of-the-art methods such as Neural Descriptor
Field (NDF, Simeonov et al., 2022a) and Neural Interaction Field and Template
(NIFT, Huang et al., 2023) tend to fail. Quantitative evaluations presented in Cai
et al. (2024) demonstrate that MIMO consistently outperforms NDF and NIFT
across multi-view, single-view, multi-demonstration, and single-demonstration
setups in simulated environments involving grasping and object rearrangement
tasks.

Similarly to Dense Object Nets (DON, Florence et al., 2018), MIMO is trained
per object category or per set of object categories, which presents challenges for
deployment in open-vocabulary settings. Moreover, current 3D descriptor mod-
els (NDF, NIFT, and MIMO) have been evaluated exclusively on rigid objects for
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point and pose correspondence detection and knowledge transfer. In contrast,
the combined features of DINOv2 and DIFT (Section 4.1.1) offer unique capa-
bilities for open-vocabulary tasks involving both rigid and deformable objects.
The rich semantic information provided by DINOv2 features, which correspond
to object functional parts, shows promise for generalizing subsymbolic task
representations across object categories. However, 2D descriptors are inherently
limited to detecting point correspondences on observable object surfaces. Al-
though the pose transfer (Eq. (4.20)) leveraging 2D neural descriptors can also
be applied to (grasp) pose transfer, its performance in inter-category scenarios
has not yet been explored. In the context of visual imitation learning, we believe
tackling object visual correspondence problem encompassing both 2D and 3D
features in an open-vocabulary setting is a valuable research direction in the
future.

6.4. Conclusion and Discussion

In this chapter, we proposed a keypoint-based hierarchical motion segmentation
algorithm that consists of three main stages: proximity detection, hand group detec-
tion, and segmentation. This bottom-up approach relies on motion characteristics
and derived contextual information to robustly merge and group initially over-
segmented motion components into semantically meaningful longer segments,
while preserving consistent granularity across multiple demonstrations. The
resulting hierarchy—from high-level hand groups to fine-level proximity sta-
tuses – enables effective semantic and temporal alignment of motion segments,
thereby facilitating the extraction of spatio-temporal task representations, including
bimanual spatio-temporal coordination.

Building on this segmentation framework, we further developed a task-oriented
grasping and generation framework. This framework effectively learns demon-
strated grasps from a single or multiple demonstrations using partial scene
observations and transfers the learned grasps to novel categorical objects. This
is achieved by leveraging the Multi-feature Implicit Model (MIMO) architecture
alongside a generalizable object representation based on object canonical spaces.
The MIMO-based grasp learning and refinement framework demonstrates supe-
rior performance compared to state-of-the-art models in simulated and real en-
vironments, as evidenced across multi-view, single-view, multi-demonstration,
and single-demonstration setups in grasping and object rearrangement tasks.
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Although the proposed motion segmentation algorithms show promising results
in reducing the manual segmentation effort previously required in the Uni-
KVIL and Bi-KVIL frameworks – and are effectively applied in task-oriented
evaluation scenarios – they have not been thoroughly evaluated in real-world
long-horizon tasks. Furthermore, our current approach assumes that human
demonstration videos consistently follow the same order in action sequences.
In practice, this is not always the case, necessitating a more comprehensive
temporal analysis, as discussed in Dreher and Asfour (2022).

Moreover, building a library of action primitives would enable the reuse of
learned actions in new tasks, thereby enhancing the modularity and generaliza-
tion capabilities of the imitation learning system. For instance, a learned pouring
motion could be adapted from a “kettle-mug” task to a “milk box-bowl” task,
as the objects used in the two tasks share similar functionalities and thereby
should also resemble the task representations. Such transfer requires a similar-
ity measure between task features, constraints, and motions. One promising
approach is to measure object similarities at the part level by leveraging affor-
dance regions (Hadjivelichkov et al., 2022) and transferring associated constraints
across different object categories. Similarly, spatial relations (Kartmann et al.,
2020) can capture task similarities, such as aligning the kettle’s pout or milk
box above the container, even when the objects and extracted subsymbolic con-
straints differ. These research directions are particularly important for achieving
inter-category generalization, a critical capability for applying visual imitation
learning systems in real-world scenarios, which will be considered in our future
work.
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CHAPTER 7

Conclusion and Future Work

The primary objectives of this thesis were to develop effective methods for
extracting invariant task features – based on keypoints, geometric and temporal
constraints, common viewpoints, and object-hand roles – from sparse human
demonstration videos. In doing so, we established generalizable spatio-temporal
task representations that unify unimanual and bimanual manipulation tasks.
These objectives align with fundamental research questions in learning from
human demonstration: what to imitate, how to imitate, and when to imitate (Billard
et al., 2016). In this work, we focused on these three questions, assuming that a
single demonstrator in the video is for imitation:

1) What to imitate: Identify and model invariant task features that are critical
for task execution;

2) How to imitate: Develop statistical methods to extract these features as task
representation; and

3) When to imitate: Determine appropriate temporal points for feature extrac-
tion to establish spatio-temporal coordination.

Inspired by the observational learning processes of human infants, we propose a
bottom-up Visual Imitation Learning (VIL) framework that automatically extracts
task features from human demonstration videos without relying on physical
interaction or linguistic bootstrapping. The resulting task representation is in-
terpretable, transferable, viewpoint-invariant, and embodiment-independent,
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thereby significantly enhancing the generalization capability of VIL systems. We
now summarize the core contributions of this thesis.

7.1. Contributions

In this thesis, we propose a novel Keypoints-based Visual Imitation Learning (KVIL)
system that automatically extracts subsymbolic task representations from a small
number of human visual demonstrations of both unimanual and bimanual ma-
nipulation tasks. The task representation consists of keypoints, their associated
geometric constraints, local frames and movement primitives, as well as spatio-
temporal coordination strategies. This system is designed to transfer across
viewpoints, embodiment and intra-category object instances despite variations
in object size, shape, and appearance.

7.1.1. Learning Keypoints-based Subsymbolic Task
Constraints

The first major contribution is the development of Uni-KVIL (Chapter 4), a
framework for learning keypoints-based subsymbolic task constraints for uni-
manual tasks. This includes: 1) A neural-descriptor-based object representation that
enables dense correspondence detection, facilitating keypoint, pose transfer,
and viewpoint alignment. 2) A generalizable task representation defined by key-
point-based geometric constraints on principal manifolds, their associated local
frames, and movement primitives. 3) An efficient Principal Constraint Estimation
(PCE) algorithm that jointly extracts all task representations from sparse human
demonstrations. Notably, as more demonstrations are processed, the extracted
constraints converge toward a more generalizable representation that better cap-
tures the task requirements. 4) A novel keypoint-based admittance controller (KAC)
that prioritizes geometric constraints and enables successful task reproduction
in novel scenarios. Evaluations on various manipulation tasks demonstrate that
Uni-KVIL effectively extracts generalizable task representations in one-shot
and few-shot VIL settings, while also exhibiting extrapolation capabilities by
adapting to variations in object size, shape, and pose.
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7.1.2. Learning Bimanual Coordination Strategies

Our second major contribution is the extension of the Uni-KVIL framework
to learn bimanual coordination strategies, resulting in the Bi-KVIL system as
presented in In Chapter 5. The principal contributions of this extension are: 1) A
Hybrid Master-Slave Relationship (HMSR) model that structures the roles and rela-
tionships between object pairs. This model decomposes the scene by establishing
master-slave relationships among objects and organizing them hierarchically in
a compact directed acyclic graph. Each master object provides local frames and
constraints for the associated slave objects. 2) The introduction of a pose invari-
ance criterion, which leverages translational and spatial variabilities to identify
motion-salient objects during interactions and designate them as slave objects.
3) The novel concept of virtual object to facilitate the modeling of task constraints
relative to the initial states of the objects involved. 4) A rule-based system that
automatically derives bimanual coordination strategies from the HMSR graph,
thereby unifying unimanual and bimanual manipulation tasks under a single
framework. 5) A bimanual keypoints-based admittance controller (Bi-KAC), which
extends KAC with specialized control strategies for each coordination category.
Control commands propagate through the HMSR graph to the robot end-effec-
tors, enabling the reproduction of fine-grained bimanual tasks. The evaluation
results demonstrate that Bi-KVIL successfully captures the fine-grained mo-
tion styles of the demonstrated tasks in the HMSR topology and the geometric
constraints between each master-slave object pair. Moreover, the system can
prune redundant master-slave pairs and constraints when they are no longer
necessary.

7.1.3. Keypoint-based Segmentation, Bimanual Coordination
and Grasping

The third major contribution of this thesis is the development of a framework
that leverages the keypoint-based object representation to address motion seg-
mentation, bimanual spatio-temporal coordination, and task-oriented grasp-
ing, as detailed in Chapter 6. Key contributions include: 1) A bottom-up key-
point-based hierarchical motion segmentation algorithm that decomposes bimanual
demonstrations into fine-grained components based on the motion character-
istics of object pairs and their proximity statuses. A subsequent hand-group
detection and segmentation algorithm aggregates over-segmentations into ac-
tion primitives of consistent granularity across multiple demonstrations, facil-
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itating both semantic and temporal alignment. 2) Spatio-temporal coordination
strategies for bimanual manipulation, where temporal coordination is modeled
as a Gaussian Mixture Model based on motion segmentation results and spatial
coordination is derived using Bi-KVIL. 3) A task-oriented grasping learning and
generation framework based on Multi-feature Implicit Model (MIMO), which ef-
fectively learns demonstrated grasps in an object-canonical space and transfers
the sampled target poses to novel object instances by leveraging the 3D neural
descriptors provided by MIMO. This framework outperforms state-of-the-art
approaches in single-view, multi-view, single-demonstration, and multi-demon-
stration settings.

7.1.4. Summary

In summary, this thesis presents a comprehensive approach to visual imitation
learning by developing the KVIL system. Our work identifies several invari-
ant task features that enhance generalization: 1) sparse keypoints, 2) geometric
constraints, 3) common viewpoints, 4) roles of objects and hands, and 5) temporal
distribution. To estimate these invariances, we employ robust and efficient sta-
tistical methods, including: 1) Principal Component Analysis (PCA) and Principal
Manifold Estimation (PME), 2) Gaussian Mixture Models, and 3) a Pose Invariance
Criterion. Furthermore, we investigate the factors that contribute to the system’s
generalization and extrapolation capabilities, such as: 1) neural descriptor-based
object representation, 2) structured task representation, 3) keypoint-based geometric con-
straints on principal manifolds, 4) movement primitives with via-point adaptation, and
5) temporal decomposition of tasks. The contributions made in learning keypoint-
based subsymbolic task constraints and bimanual spatio-temporal coordination
strategies establish a robust foundation for future research in visual imitation
learning.

7.2. Outlook and Future Work

The thesis has laid a solid foundation for visual imitation learning by developing
a comprehensive framework that addresses key aspects of task representation,
bimanual coordination, and motion segmentation. Nevertheless, several promis-
ing research directions remain to further enhance the capabilities and practical
applications of visual imitation learning systems.
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7.2.1. Visual Correspondence

We have demonstrated that the 2D neural descriptors can effectively detect
correspondences between categorical objects in open-vocabulary settings. How-
ever, without integrating techniques such as Thin-Plate Spline warping, the 2D
descriptor model’s feature space is insufficient for establishing smooth, dense
correspondences. Although the proposed 3D descriptor model (MIMO) provides
a smooth feature field and reliable correspondence detection around the object,
it requires extensive training, making it challenging to apply in open-vocabulary
settings. Future work will focus on developing neural descriptor models that
integrate multiple data modalities to address these challenges. Compared to
the current approaching of combining DINOv2 and DIFT features, unifying
multiple data modalities in a single model can potentially also reduce the model
size and inference time, facilitating online visual imitation learning. Importantly,
because the neural descriptor models employed in this thesis are interchange-
able, the subsequent keypoint and constraint extraction methods will not require
modification.

7.2.2. Inter-category generalization via symbolic-level task
representations

KVIL addresses the subsymbolic aspects of task modeling by extracting keypoint-
based geometric constraints and generalizing them to categorical objects through
visual correspondences. This generalization can be further enhanced by link-
ing the extracted keypoints to symbolic task representations, such as affor-
dances (Jiang et al., 2021). For example, keypoint neighborhoods in the semantic
descriptor space may suggest affordance regions (Hadjivelichkov et al., 2022;
Do et al., 2018), thereby enabling the transfer of a learned pouring task to similar
tasks like pouring milk into a bowl. Moreover, spatial relations – commonly used
to model the spatial distribution of affordance regions or object instances (Kart-
mann et al., 2021) – could facilitate transferring tasks such as “placing a bottle
on the right of a bowl” to “placing a cup on the right of a plate.” These semantic
concepts improve the generalization of learned task representations across dif-
ferent object categories and tasks. We will consider integrating affordance and
spatial relation representations to our VIL system as future work.

191



Chapter 7. Conclusion and Future Work

7.2.3. Articulated and Soft Object

The keypoint-based geometric constraints in this thesis are extracted based on a
keypoint’s position across multiple demonstrations at specific time points. In
contrast, Sturm et al. (2011) presented a framework for learning linear and
revolute articulated joints by leveraging the temporal trajectory of a point.
Although our approach differs in the mathematical models used to represent
geometric constraints, the similarities between the methods suggest that KVIL
can be extended to estimate constraints for articulated objects. Future work will
explore reconstructing articulation models from human demonstrations.

Furthermore, while the 2D neural descriptor models presented in Section 4.1.1
are applicable to both rigid and soft objects, their performance with soft and
articulated objects has not been thoroughly investigated. Challenges may arise
from severe occlusions and the numerous configurations of soft objects, making
state tracking difficult without dynamic modeling. For instance, Huang et al.
(2024b) demonstrated simple cloth folding tasks using DINOv2 features in a
constraint-based optimization framework. It shows the potential of extracting
keypoints on cloths placed flat on the table but does not cover more complicated
soft object manipulation scenarios. Future extensions of the KVIL system will
incorporate additional modeling techniques and constraints to effectively handle
articulated and soft objects.

7.2.4. Social Learning

Psychological studies have shown that infants under two years old understand
that evidence can be sampled in different ways, with each sampling process lead-
ing to different generalizations (Schulz, 2012). As noted by Gweon et al. (2010),
samples may be drawn randomly from an entire population (weak sampling)
or selectively from a subset (strong sampling). The selective sampling process,
which reflects the demonstrator’s preferences, remains a largely unexplored
research area in robotics. Most task representation extraction methods focus
on learning from samples while overlooking the significance of the sampling
process. Moreover, learning the demonstrator’s motion preferences is crucial
for personalizing skills. For example, the varying pouring styles shown in Fig-
ure 5.5 may correspond to individual preferences, such as the desired cup tilt,
while the evaluation in Table 5.1 suggests variations in spoon placement on a
plate. Future research will investigate applying the KVIL framework to person-
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alized skill learning and further explore the role of sampling processes in task
representation.

7.2.5. Incremental Learning

While we have demonstrated that KVIL can update extracted geometric con-
straints with additional demonstration videos (e. g., in the pouring task shown
in Figure 4.23 and the placing task in Table 5.1), the current approach employs a
batch process using the Principal Constraint Estimation (PCE) algorithm. Future
work will focus on developing incremental learning techniques that enable con-
tinuous updating and refinement of task representations as new demonstration
data become available. Such incremental learning is critical for adapting to new
tasks and environments without the need for complete re-extraction or extensive
data storage, thereby enhancing the efficiency and scalability of visual imitation
learning systems (Billard et al., 2016).

7.2.6. Reinforcement

Beyond updating task representations with new demonstrations, future research
could explore the integration of Reinforcement Learning (RL) to further refine
the learned geometric constraints and motion representations. By using the
extracted task representations as a warm start, RL can significantly reduce
the exploration space and improve learning efficiency. For instance, keypoint-
based geometric constraints can serve as priors that guide an RL agent to focus
on relevant areas of the state space, thereby avoiding redundant exploration.
Additionally, the learned motion primitives can act as initial policies, which can
be fine-tuned through RL to adapt to new environments or optimize specific
performance metrics. This hybrid approach combining imitation learning with
reinforcement learning holds great promise for enhancing the adaptability and
performance of robotic systems.
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APPENDIX A

Computer Vision and Graphics

A.1. Recording of Human Demonstrations

For each task, we record a few demonstration videos (RGB-D) of a human per-
forming the task using an Azure Kinect or a ZED 2i stereo camera mounted on a
tripot in front of the demonstrator. The demonstrator is instructed to perform the
same task with categorical objects varying in their shape, appearance, position
and orientation on the table in each trial. The sequence of images are extracted
from the recorded videos. When using Azure Kinect, we directly obtain depth
images aligned with RGB images. In the case of ZED 2i stereo camera, we esti-
mate the depth from the two stereo RGB images leveraging RaftStereo (Lipson
et al., 2021), a deep learning model trained on Middlebury dataset (Scharstein
et al., 2014). This approach accounts for transluscent, black and metal objects
more robustly, where Azure Kinect tends perceive incorrect depth images.

For Chapter 4 and Chapter 5, we manually segment the motion period of interest
corresponding to the task to be learned, while for Chapter 6, we provide the
complete recording. In all cases, the demonstrations are resampled to have
the same number of images, so that it is easier to leverage parallel computing
for faster data processing. Since speed information is important for motion
segmentation, we additionally provide the time stamps of each sampled image
frame to the motion segmentation algorithm.
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A.2. Hand Pose

The left and right hands’s skeleton model with 21 keypoints corresponding to
the MANO model (Romero et al., 2017) is shown in Figure A.1. The local frame
of a hand is attached to the middle finger MCP keypoint, the orientation is
defined with z-axis ( ) pointing from palm to finger, x-axis ( ) go through
palm and y-axis ( ) from thumb to pinky finger. The coordinate system for
right hand is a right-handed coordinate system while for left hand a left-handed
coordinate system. A mapping from left-handed to right-handed coordinate
system is applied to have hand poses always represented as a right-handed
coordinate system. Two grasp poses relative the kettle and cup handles are
shown on the right-side of Figure A.1.

Figure A.1.: The definition of hand poses on left and right hand individually and an
example of grasp poses around kettle and cup handles.

A.3. Viewpoint Augmentation

As illustrated in Figure A.2, we perform viewpoint augmentation on an image
of an object by first detecting its binary mask. We then rotate both the RGB and
mask images at various angles within the range [0, 2π]. Next, we crop the rotated
images to obtain square patches centered around the object mask, ensuring
that the object’s bounding box occupies at least 80% of the cropped image area.
Finally, we apply a horizontal flip operation to all the rotated images.

A.4. Multi-feature Implicit Model

A.4.1. Multi-task Loss Function

To train MIMO with four distinct feature branches, we combine the loss func-
tions of each branch through a weighted sum. However, manually tuning these
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Figure A.2.: Viewpoint augmentation by rotation and horizontal flip.

weights is challenging. To address this problem, we introduce homoscedastic un-
certainty (Kendall et al., 2018) for each branch, where the likelihood is defined as
a Gaussian p(yi|fWi

(x)) = N (fWi
(x), σ2

i ), i ∈ [1, 4] with the model output fWi
(x)

as the mean and the variance σi representing the uncertainty. The objective is
to minimize the negative log-likelihood, i. e. L =

∑4
i=1(

1
2σ2

i
Li(Wi) + log(σi)),

where Li are binary cross entropy loss for occupancy, clamped L1 loss for signed
distance, and L1 losses for ESCF and CDD, respectively. For numerical stability,
we set si = log(σ2

i ), i = {1, 2, 3, 4} as per Kendall et al. (2018). Thus, the total loss
is reformulated as L =

∑4
i=1(e

−siLi(Wi) + si). During training, both the model
weights Wi and uncertainties si are optimized automatically, eliminating the
need for manual tuning.

A.5. Boundary-Based Occlusion Detection
Methodology

This thesis introduces a robust methodology for occlusion detection based on
depth discontinuities at object boundaries. The approach leverages binary seg-
mentation masks and depth information to identify occluded regions with
quantifiable confidence metrics.

The proposed occlusion detection algorithm operates on the premise that depth
discontinuities at object boundaries provide reliable indicators of occlusion
relationships. The procedure is formalized as follows:
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1. For each object instance in the scene, we extract a binary segmentation
mask MOi

and identify its boundary contour ∂MOi
.

2. For each pixel x ∈ ∂MOi
on the boundary, we compute the normal vector

nx oriented outward from the mask.

3. We define two sampling regions along each normal vector: namely 1) in-
ternal region Rin(x), and 2) external region Rout(x), expressed by

Rin(x) = {x− bnx|0 < b ≤ δin}, (A.1)

Rout(x) = {x+ bnx|0 < b ≤ δout}, (A.2)

where δin and δout define the sampling distances inside and outside the
mask, respectively.

4. We compute the average depth values within these regions:

din(x) =
1

|Rin(x)|
∑

y∈Rin(x)

D(y) (A.3)

dout(x) =
1

|Rout(x)|
∑

y∈Rout(x)

D(y) (A.4)

where D(y) represents the depth value at point y.

5. We establish an occlusion confidence measure Cocc(x) at boundary point x:

Cocc(x) = din(x)− dout(x) (A.5)

6. A boundary point x is classified as occluded if Cocc(x) > ξocc, where ξocc is
a threshold parameter determined empirically to account for sensor noise
and sampling variations.

7. Any pixel belong to an object is classified as occluded if it is outside the
binary mask and the closest boundary point to it is occluded.

As illustrated in Figure A.3, binary masks for all objects (e.g., table, kettle, cup,
and human) are detected. The boundary of each mask is utilized to estimate
the normal direction, which is then used to compute occlusion scores at each
boundary pixel using depth information.

Pixels on the boudary highlighted in red indicate that the kettle is occluding the
area outside its mask, while blue pixels show regions where the kettle is occluded
by nearby objects. The rightmost column displays the occlusion boundaries for
all objects.
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Figure A.3.: Occlusion detection.

The occlusion confidence measure provides a continuous value rather than
a binary classification, allowing for probabilistic reasoning about occlusion
relationships. Higher positive values of Cocc(x) indicate stronger evidence of oc-
clusion, as they correspond to scenarios where the external region is significantly
closer to the camera than the internal region of the object.

This methodology offers several advantages over Spatial Tracker’s internal
occlusion estimation, including robustness to textural variations, independence
from semantic understanding, and computational efficiency, as it operates solely
on geometric properties derived from depth measurements.

201





Appendix B. Object and Spatial Relation Detection

APPENDIX B

Object and Spatial Relation Detection

B.1. Object Spatial Scale

Let Pi = {pp | p = 1, . . . , Pi} ⊂ R3 denote the set of candidate points on the
object Oi. We formally define the spatial scale φi ∈ R as

φi = max
p,p′∈Pi

∥p− p′∥2,

where ∥·∥2 denotes the Euclidean norm. This formulation captures the maximum
distance between any pair of candidate points on Oi, thereby quantifying the
overall spatial extent of the object’s shape.

B.2. Contact Detection

Let Pi(t) = {pp | p = 1, . . . , Pi} be the set of keypoints on object Oi at time t
and Pj(t) = {pp | p = 1, . . . , Pj} be the set of points on object Oj . We define the
Euclidean distance between points in Pi(t) and Pj(t) as

dij = ∥pi − pj∥, ∀pi ∈ Pi(t), ∀pj ∈ Pj(t). (B.1)

Let Dk be the set of the top-k smallest distances,

Dk = {di1j1 , di2j2 , . . . , dikjk}, where di1j1 ≤ di2j2 ≤ · · · ≤ dikjk . (B.2)
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The hand and the object are considered in contact at timestep t if the mean of
these top-k distances is below a threshold ξcontact:

1

k

∑
d∈Dk

d < ξcontact. (B.3)

The temporal segmentation point can be refined by also incorporating the ve-
locities of the pair-wise relative distances. Specifically, given vil,jl ∈ R being
the velocity of the relative distance corresponding to the lth point-pair in the
top-k set Dk and a velocity threshold that is close to zero ξcont,v, we determine
the temporal point when the average absolute value of the velocity drops below
the threshold

1

k

∑
v∈Vk

|v| < ξcont,v, Vk = {vi1j1 , vi2j2 , . . . , vikjk} . (B.4)

The contact is detected when both conditions are satisfied.

B.3. Relative Motion Saliency

Assume P points on objectOA, represented as a setPA = {pi ∈ R3 | i = 1, . . . , P}.
And Q points on object OB, represented as a set PB = {pj ∈ R3 | j = 1, . . . , Q}.
Each point pi on OA has an associated local frame Fi, which is determined by
the neighborhood of each point as explained in Section 4.1.3. The points of OB

are projected into each frame Fi, yielding a transformed set of points:

Pi,B = {p̃i,j ∈ R3 | j = 1, . . . , Q}, ∀i ∈ [1, P ] (B.5)

The velocity of each point is denoted as ṗ, meaning the velocity of the trans-
formed points in each frame is

ṗi,j ∀i ∈ [1, P ], j ∈ [1, Q]. (B.6)

We detect the closest frames on object OA to all points on object OB, Define the
Euclidean distances di,j between each point pi ∈ PA and each point pj ∈ PB:

di,j = ∥pi − pj∥ (B.7)

Let Dk be the set of top-k smallest distances:
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Dk = {di1,j1 , di2,j2 , . . . , dik,jk}, where di1,j1 ≤ di2,j2 ≤ · · · ≤ dik,jk . (B.8)

These correspond to the top-k closest frames Fi1 , Fi2 , . . . , Fik .

Mean Norm of Projected Velocities: We compute the mean of the norms of
projected keypoint velocities of all points in B, across the top-k closest frames

1

kQ

∑
i∈Dk

Q∑
j=1

∥ṗi,j∥ (B.9)

where the inner sum computes the sum of velocity norms over all points in B
for a given frame Fi and the outer sum averages over the top-k closest frames.

B.4. Projected Relative Motion Saliency

Given object pair (OA, OB), and OA is the smaller or non-hand object with spatial
scale φA. Assume, at time t, P points on object OA, represented as a set PA =

{pi ∈ R3 | i = 1, . . . , P}. And Q points on object OB, represented as a set
PB = {pj ∈ R3 | j = 1, . . . , Q}.

We choose object OB as the one providing local frames Fj , as its broader spa-
tial extent guarantees more precise velocity estimation. The points of OA are
projected into each frame Fj , yielding a transformed set of points:

Pj,A = {p̃i,j ∈ R3 | i = 1, . . . , P}, ∀j ∈ [1, Q] (B.10)

The velocity of each point, denoted as ṗ, meaning the velocity of the transformed
points in each frame is

ṗi,j ∀i ∈ [1, P ], j ∈ [1, Q]. (B.11)

We detect the top-k largest norm of velocities vi,j

vi,j = ∥ṗi,j∥2, (B.12)

and obtain

Vk = {vi1,j1 , vi2,j2 , . . . , vik,jk}, where vi1,j1 ≥ vi2,j2 ≥ · · · ≥ vik,jk . (B.13)
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We then compute the mean of the top-k velocities,

score(t) =
1

k

∑
v∈Vk

v (B.14)

If this score falls below the threshold ξr,v = ξ̂r,v · φA in a period of motion, the
phase is considered static; otherwise, it is categorized dynamic.

B.5. Velocity Peak Detection

Given the score value score(t) at each time t from Appendix B.4, we first identify
dynamic phases by comparing the score with the threshold ξr,v. For each dynamic
period, we check if score(t) > 5×ξr,v. If this condition is met, a peak is detected. If
not, we then evaluate the ratio of the period where score(t) > 3× ξr,v. If this ratio
exceeds a threshold value ξpeak, a peak is also considered detected. If neither
condition is satisfied, the velocity does not exhibit a significant increase during
the dynamic period, and the phase is corrected to static. In this case, the relative
motion is attributed to noise or minor adjustments.

B.6. Gaussian Mixture Model on Riemannian
Manifolds

Recent work has demonstrated the successful application of Gaussian Mixture
Models (GMMs) on Riemannian manifolds in various robotic tasks, including
robot learning and control (Zeestraten, 2018; Jaquier and Calinon, 2017; Jaquier
et al., 2021). A Riemannian manifold is a smooth, curved space that locally
resembles Euclidean space. Many parameters in robotics naturally reside on
such manifolds; for example, a unit quaternion representing orientation lies
on a spherical manifold. By modeling data on Riemannian manifolds, one
can leverage the intrinsic geometry, resulting in improved data efficiency and
performance.

Consider a grasp pose defined by its origin p and orientation as a unit Quater-
nion q, which lies on the manifold

z = (p⊤,q⊤)⊤ ∈M = R3 × S3. (B.15)
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Here, the position p is in a Euclidean space, while the orientation q is on a
hypersphere manifold S3. A GMM with K components on the manifoldM is
given by

p(p) =
K∑
k=1

πkNM(p | µk,Σk),

where each component is characterized by a mixture coefficient πk, a mean
µk ∈M, and a covariance Σk defined in the tangent space Tµk

M.

Parameter estimation for these models is achieved using an expectation maxi-
mization (EM) algorithm, similar to the Euclidean case. However, the maximiza-
tion step differs: the mean is updated using the Gauss-Newton algorithm, and
the covariance is computed in the tangent space at the updated mean.
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APPENDIX C

Symbols and Hyperparameters

Table C.1.: Summary of notations

Notation Meaning

A an RGB image
M a binary mask image
D a depth image
K the camera intrinsic parameter
AD an image in descriptor space

fdon
θ the DON model
fDINOv2
θ the DINOv2 model
fDIFT
θ the DIFT model
fDD
θ the combination of DINOv2 and DIFT model
fNDF
θ the NDF model
fNIFT
θ the NIFT model
fMIMO
θ the MIMO model
f

pose
θ the pose estimation model

SIM cosine similarity
BM the best matching operator
BBM the best-buddies matching operator

Continued on next page
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Table C.1 – continued from previous page

Notation Meaning

SBBM the soft-best-buddies matching operator
Lift the map from 2D pixel coordinate to 3D coordinate
TPS the Thin-Plate-Spline mapping

d the intrinsic dimension of a principal manifold
g1, g2 force scaling parameters
H the total number of candidate points
I the number of objects
L the number of constraints
N the number of demonstrations
P,Q the number of points
T time horizon

ξpixel soft matching threshold in image space
ξdist point distance threshold
ξ̂dist ratio-based distance threshold
ξdist,v threshold for change rate of the distance
ξ̂dist,v ratio-based threshold for change rate of the distance
ξr,v the velocity threshold for relative motion saliency
ξ̂r,v the ratio-based velocity threshold for relative motion saliency
ξg,v velocity threshold for global motion saliency detection
ξgrasp threshold for grasp success probability
ξsg,t threshold as a time window for motion segmentation algorithm
ξoverlap threshold above which segments are considered to overlap
ξpeak threshold in ratio of high velocity occupancy for peak detection
ξ1, ξ2 lower and upper thresholds of spatial variability

H the set of hands
C the set of constraints
D the set of descriptors
Θ a set of local frame parameterization
S the set of canonical shapes of all objects
V the set of demonstration videos
X a set of pixels

d the descriptor, feature vector
p a position vector of a 3D point

Continued on next page
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Table C.1 – continued from previous page

Notation Meaning

P a 3D point cloud
T SE(3) transformation
D pose descriptor
x a pixel coordinate vector
C geometric constraint
D the dimension of the descriptor space
F a local frame
θF parameterization of a local frame
M a manifold
O,O an object category, the set of objects
P the set of keypoints / candidate points
γ,R the role of the object, the set of object roles
V a single demonstration video
φ,Φ the spatial scale, the set of spatial scales
λ the regularization factor of PME
κf the curvature of the principal manifold
f a force vector
hc the Coriolis and gravitational force in task space
k, k̇ the position and velocity vector of a keypoint
w,Σw a weights vector of the VMP and its covariance
µw the mean of w
ν the explained variance
η the spatial variability
V computing variance of the input data
K diagonal stiffness, damping and inertia matrices
S the canonical shape
τ trajectories of points
τc trajectories of candidate points
τF trajectories of local frames
σ(·) the density force on the d-dimensional manifold
∇σ(·) the density field
πd(·) the projection index of a principal manifold
fr(·) the reconstruction function of a principal manifold
fvmp the nonlinear shape modulation of VMP
hvmp the elementary component of VMP

Continued on next page
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Table C.1 – continued from previous page

Notation Meaning

ψi(·) the squared exponential kernel
fr(·) the reconstruction function of a principal manifold
ψ(·) the squared exponential (SE) kernels in VMP

conts static contact
proxs static proximity
mids static middle
seps static separation
grasp grasp phase
hover hover phase
hovers static hover
hoverd dynamic hover
div divergent motion
conv convergent motion
snatch snatch phase
slide slide phase
HG hand group
Gh set of hand groups
Sprox Proximity status sequence

Rin(x) internal region of a pixel in the normal direction of the mask boundary
Rout(x) external region of a pixel in the normal direction of the mask boundary
Cocc occlusion confidence
ξocc occlusion threshold
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Asfour, T., Wächter, M., Kaul, L., Rader, S., Weiner, P., Ottenhaus, S., Grimm,
R., Zhou, Y., Grotz, M., and Paus, F. (2019). ARMAR-6: A High-Performance
Humanoid for Human-Robot Collaboration in Real World Scenarios. IEEE
Robotics and Automation Magazine, 26(4):108–121. Cited on page 151.

Ausserlechner, P., Haberger, D., Thalhammer, S., Weibel, J.-B., and Vincze, M.
(2024). ZS6D: Zero-shot 6D Object Pose Estimation using Vision Transformers.
In IEEE Intl. Conf. on Robotics and Automation (ICRA), pages 463–469. Cited on
page 72.

Bai, J. and Perron, P. (2003). Computation and Analysis of Multiple Structural
Change Models. Journal of Applied Econometrics, 18(1):1–22. Cited on page 45.

Bandura, A. (1977). Social Learning Theory, volume 1. Englewood cliffs Prentice
Hall. Cited on page 1.
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