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Abstract

The direct deployment of robots in dynamic environments remains a challenging problem and
is traditionally achieved by manual and often complex programming, especially in industry.
Different approaches have been proposed to address this challenge, including training or
fine-tuning Vision-Language-Action Models (VLAs), reinforcement learning policies, and
combined hybrid methods. However, these typically require vast amounts of data and com-
putational resources, and cannot be easily adapted to new tasks. Alternative approaches such
as Imitation Learning (IL) and Task-Parameterized Imitation Learning (TPIL) can train new
skills rapidly with limited data, but they struggle to adapt to dynamic environments without
additional information. This thesis presents a framework integrating Task-Parameterized
Kernelized Movement Primitives (TP-KMPs) with pretrained Vision-Language Models (VLMs)
to enable natural language-based robot control with minimal demonstration requirements.
The modular architecture separates perception, reasoning, and execution, leveraging classical
robotics methods and modern foundation models. Skills are acquired through kinesthetic
demonstration (3-6 examples per skill) and executed via natural language commands. The
framework employs dynamic tool generation to enable seamless integration, eliminating
foundation model fine-tuning. As a TPIL approach, TP-KMPs generate smooth trajectories
conditioned on task parameters set automatically by the VLM, enabling execution across
diverse environmental configurations. Key contributions include the implementation of the
complete framework along with a perception pipeline for 6D object pose estimation. Addi-
tionally, a probabilistic skill combination mechanism leverages the covariance structure of
TP-KMPs to synthesize novel behaviors from existing skills without additional demonstrations.
A covariance manipulation strategy addresses compatibility constraints when individual
Kernelized Movement Primitives (KMPs) exhibit insufficient variation in the demonstration
data. Experimental validation on a torque-controlled, 7-DoF German Aerospace Center
(DLR) Safe, Autonomous Robotic Assistant (SARA) robot demonstrates robust skill execution,
generalization to novel configurations, and successful skill composition for industrial and
household manipulation. The framework achieves data efficiency comparable to traditional IL
approaches while providing intuitive natural language interaction. Results confirm that pre-
trained VLMs can serve as the reasoning layer when provided with appropriately structured
interfaces, maintaining zero-shot capabilities while addressing spatial reasoning limitations.
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Kurzfassung

Der direkte Einsatz von Robotern in dynamischen Umgebungen stellt nach wie vor eine
Herausforderung dar und wird traditionell durch manuelle und oft komplexe Program-
mierung erreicht, insbesondere in der Industrie. Um diese Herausforderung zu bewiltigen,
wurden verschiedene Ansétze entwickelt, darunter das Training oder fine-tuning von VLAs,
Reinforcement-Learning-Strategien und kombinierten Hybridmethoden. Diese erfordern
jedoch in der Regel grofie Datenmengen und Rechenressourcen und lassen sich nicht ohne
Weiteres an neue Aufgaben anpassen. Alternative Ansitze wie IL und TPIL kénnen neue
Fahigkeiten mit begrenzten Datenmengen schnell trainieren, haben jedoch Schwierigkeiten,
sich ohne zusétzliche Informationen an dynamische Umgebungen anzupassen. Diese Arbeit
stellt ein Framework vor, das TP-KMPs mit vortrainierten VLMs integriert, um eine auf
nattirlicher Sprache basierende Robotersteuerung mit minimalen Demonstrationsanforderun-
gen zu ermoglichen. Die modulare Architektur trennt Wahrnehmung, Schlussfolgerung
und Ausfiihrung und nutzt dabei klassische Robotikmethoden und moderne Grundlagen-
modelle. Fahigkeiten werden durch kindsthetische Demonstrationen (kinesthetic demon-
stration) (3—6 Beispiele pro Fahigkeit) erworben und tiber Befehle in natiirlicher Sprache
ausgefiihrt. Das Framework nutzt dynamische Werkzeuggenerierung, um eine nahtlose
Integration zu ermoglichen und das fine-tuning des Grundmodells zu eliminieren. Als
TPIL-Ansatz generieren TP-KMPs glatte Trajektorien, die von den automatisch vom VLM
festgelegten Aufgabenparametern abhidngen, und ermoglichen so die Ausfiithrung in ver-
schiedenen Umgebungskonfigurationen. Zu den wichtigsten Beitrdgen gehoren die Imple-
mentierung des vollstindigen Frameworks zusammen mit einem Kamerasystem fiir die
6D-Objektposenschidtzung. Zusitzlich nutzt ein probabilistischer Mechanismus zur Kombina-
tion von Fihigkeiten die Kovarianzstruktur von TP-KMPs, um aus bestehenden Fiahigkeiten
ohne zusétzliche Demonstrationen neue Verhaltensweisen zu synthetisieren. Eine Strate-
gie zur Manipulation der Kovarianz berticksichtigt Kompatibilitidtsbeschrankungen, wenn
einzelne KMPs in den Demonstrationsdaten keine ausreichende Variation aufweisen. Die
experimentelle Validierung an einem drehmomentgesteuerten 7-DoF DLR Roboter SARA
zeigt eine robuste Ausfithrung der Fahigkeiten, eine Generalisierung auf neue Konfiguratio-
nen und eine erfolgreiche Zusammensetzung der Fahigkeiten fiir industrielle und hdusliche
Manipulationsaufgaben. Das Framework erreicht eine mit traditionellen IL-Ansétzen vergle-
ichbare Dateneffizienz und bietet gleichzeitig eine intuitive Interaktion in natiirlicher Sprache.
Die Ergebnisse bestitigen, dass vortrainierte VLMs als Schicht fiir Denkprozesse dienen
konnen, wenn sie mit entsprechend strukturierten Schnittstellen versehen sind, wobei die
zero-shot-Fahigkeiten erhalten bleiben und gleichzeitig die Einschrankungen der raumlichen
Argumentation berticksichtigt werden.
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1. Introduction

The deployment of robots in dynamic, human-centric environments requires programming
methods that are both intuitive and adaptive. In modern manufacturing, logistics, and service
industries, robots increasingly operate alongside human workers in collaborative tasks [1, 2, 3].
These environments are characterized by frequent task variations, diverse product types, and
the need for rapid reconfiguration to meet changing production demands. Traditional robot
programming approaches, such as direct coding or Point-to-Point (PTP) programming, define
robot behavior manually [4]. While effective for repetitive, high-volume tasks, these methods
demand extensive technical expertise and explicit specification of motion primitives [5]. This
creates a significant barrier in scenarios where non-expert operators must interact with robotic
systems or where tasks change frequently [6]. For widespread adoption of collaborative
robotics in industry, accessible and flexible programming paradigms have become essential,
enabling workers without specialized programming knowledge to effectively deploy and
adapt robotic capabilities.

Natural language interfaces offer a promising solution to this accessibility challenge. Con-
sider a manufacturing scenario where a worker assembles components while a collaborative
robot assists with material handling and positioning tasks. In such settings, human workers
communicate naturally through speech and gesture, coordinating actions fluidly without
interrupting their workflow. If the robot requires manual reprogramming or joystick control
for each task variation, the collaborative nature of the work is fundamentally undermined,
reducing the robot to a mere tool rather than an adaptive partner. Natural language com-
mands enable workers to modify robot behavior dynamically, requesting adjustments such
as "place the part closer to me" or "hand me the wrench" without interrupting ongoing
assembly tasks. This interaction paradigm mirrors natural human collaboration and provides
an intuitive interface that requires no specialized training, thereby unlocking the full potential
of human-robot collaboration in industrial settings.

One of the key advantages of natural language interfaces is their support for open-ended
and compositional task descriptions. This allows for generalization beyond narrowly defined
action spaces, as these models can infer implicit task constraints, decompose multi-step
instructions, and adapt behaviors to context-specific requirements [7, 8, 9]. Natural language
also facilitates contextual grounding, enabling the interpretation of spatial relations, temporal
sequences, object attributes, and qualitative constraints [10, 11]. A single natural language
interface is capable of mediating interactions across a broad spectrum of applications, ranging
from household assistance to industrial collaboration, without necessitating redesign of the
underlying control policies [12, 13, 14]. In summary, the integration of natural language
fundamentally expands the range and complexity of tasks that robots can perform, while
simultaneously improving accessibility, adaptability, and generalization across real-world
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scenarios.

However, enabling robots to understand and execute tasks specified in natural language
presents significant technical challenges. The robot must interpret natural language com-
mands, map them to appropriate actions, and adapt execution to the current environmental
context. This requires sophisticated reasoning about language semantics, spatial relationships,
and task constraints. Recent advances in foundation models, particularly the development of
Large Language Models (LLMs) and VLMs, offer unprecedented capabilities for addressing
these challenges. Foundation models are large-scale neural networks trained on vast amounts
of internet-scale data, enabling them to learn rich representations of language, vision, and
their interrelations [15].

Foundation models have revolutionized natural language understanding in robotics [12].
Models trained exclusively on text data, known as LLMs [16], demonstrate remarkable ca-
pabilities in language understanding, reasoning, and generation. VLMs [17] extend these
capabilities by integrating visual perception with language understanding, enabling robots
to interpret commands that reference objects and spatial relationships in their environment.
These pretrained models exhibit strong zero-shot reasoning capabilities, allowing them to
interpret complex task descriptions without task-specific training [12]. Building on these capa-
bilities, VLAs [18] represent an end-to-end approach that learns direct mappings from visual
and natural language inputs to robot actions. By training on large datasets of robot demon-
strations, VLAs can generate control commands directly from natural language instructions
and camera images, offering an integrated solution to the language-to-action problem.

Despite their impressive capabilities, pure VLA approaches face critical limitations for
practical industrial deployment. Training or adapting a VLA to a specific robot platform and
task domain requires hundreds of thousands of demonstrations and substantial computational
resources [19], making them impractical for small-scale or specialized applications where
collecting such extensive datasets is infeasible. Additionally, the end-to-end nature of VLAs
provides limited interpretability and lacks explicit geometric reasoning, raising concerns
for safety-critical industrial applications. Alternative approaches using foundation models
for high-level task planning while delegating low-level control to specialized modules offer
greater flexibility but often rely on discrete motion primitives or proprietary components [20],
limiting their general applicability. In-Context Learning (ICL) techniques provide another
direction, enabling task adaptation by including demonstrations directly in the model’s
system prompt [21]. However, this approach is constrained by limited context windows and
cannot accumulate skills beyond what fits in the prompt, preventing long-term skill library
development.

In parallel to advances in natural language understanding, imitation learning has emerged
as a data-efficient paradigm for robot skill acquisition. Unlike reinforcement learning, which
requires extensive trial-and-error exploration, imitation learning directly leverages expert
demonstrations to learn effective behaviors [22]. Early approaches based on Gaussian Mixture
Models (GMMs) [23] and Gaussian Processes (GPs) [24] demonstrated that smooth, proba-
bilistic trajectory representations could be learned from a small number of demonstrations.
Building on these foundations, KMPs [25] extended these methods using kernel techniques to
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capture complex nonlinear patterns. Task-parameterized extensions, particularly TP-KMPs
[26, 27], further enhanced generalization by encoding movements relative to task-relevant
coordinate frames, enabling learned skills to adapt to different object configurations dynami-
cally. These methods require only a handful of demonstrations per skill and provide inherent
uncertainty quantification, making them well-suited for safe human-robot interaction [28].
Detailed coverage of these approaches is provided in chapter 2 and chapter 3. However, these
imitation learning methods lack natural language interfaces, requiring users to manually
specify which skill to execute and provide task parameters through technical interfaces.

Critically, no existing framework combines the intuitive natural language interfaces enabled
by foundation models with the data-efficient, geometrically aware trajectory generation of
TPIL approaches such as TP-KMPs. End-to-end VLAs provide natural language control but
require impractical amounts of training data. Foundation model-based planning systems
offer language understanding but often lack smooth, adaptive motion generation or rely on
proprietary components. Imitation learning methods achieve data-efficient skill acquisition
but lack intuitive natural language interfaces. A framework that bridges these paradigm:s,
combining the language understanding of VLMs with the geometric reasoning and data effi-
ciency of TP-KMPs, while supporting permanent skill acquisition and composition, remains
an open challenge.

This thesis presents a framework that integrates TP-KMPs with pretrained VLMs to achieve
natural language-based robot control with minimal demonstration requirements. The system
employs a modular architecture where the VLM handles task interpretation and skill selection,
while TP-KMPs generate execution trajectories conditioned on environmental task parameters.
Skills are acquired through kinesthetic demonstration, requiring only 3-6 examples per
skill, and are executed through natural language commands interpreted by the VLM. The
framework supports dynamic skill composition through probabilistic fusion and runtime
extension through automatic schema generation, enabling continuous capability expansion
without system reconfiguration.

The key contributions of this work are as follows:

¢ Development of a modular architecture that combines pretrained VLMs with TP-KMPs
for data-efficient skill learning, requiring only 3-6 kinesthetic demonstrations per skill
while maintaining the flexibility of natural language interaction.

¢ Implementation of dynamic tool generation and automatic schema creation mechanisms
that enable seamless integration between natural language interfaces and skill libraries,
allowing the VLM to reason about skill semantics without fine-tuning.

¢ Introduction of a probabilistic skill combination mechanism that leverages the covari-
ance structure of TP-KMPs to synthesize novel behaviors from existing skills without
additional demonstrations, including strategies for handling compatibility constraints.

¢ Experimental validation demonstrating robust skill execution, generalization to novel
object configurations, and successful skill composition in real-world manipulation tasks.
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This thesis is structured as follows. The theoretical foundations are established in chapter 2
by reviewing imitation learning approaches, foundation models in robotics, and related
work combining these paradigms. The mathematical background for KMP and TP-KMP is
provided in chapter 3. The system architecture, including object perception, VLM integration,
and the learning and execution pipelines, is presented in chapter 4. The experimental setup
and results demonstrating skill acquisition, execution performance, and skill composition
capabilities are described in chapter 5. The findings are analyzed and limitations are discussed
in chapter 6. Finally, chapter 7 summarizes contributions and chapter 8 outlines directions for
future research.




2. Related Work

2.1. Imitation Learning

Imitation Learning (IL), also referred to as Learning from Demonstration (LfD), represents a
paradigm shift from traditional robot programming by enabling the transfer of new skills
through demonstration rather than explicit coding [29]. In this approach, a human operator
performs a task while the model observes or records the demonstration. Subsequently,
the model infers the underlying behavior by generalizing from these examples, ultimately
learning to perform the task autonomously [29, 30].

Unlike conventional programming, where each step of a task must be described in detail, IL
allows the robot to capture the intent and dynamics of the task directly from examples [29, 30].
This makes it particularly attractive for complex or frequently changing environments, where
formalizing rules and writing explicit instructions would be time-consuming, error-prone, or
even infeasible. Some movements are significantly easier to demonstrate than to explicitly
program [4]. The demonstrations can vary in nature and may involve kinesthetic teaching
(physically guiding the robot), teleoperation (remote control of the robot), or video-based
observation [29, 4]. One of the key advantages of IL is its accessibility to non-experts, as
tasks can be demonstrated in a natural and intuitive manner without requiring programming
experience or understanding of robot kinematics and dynamics [31, 32]. Furthermore, IL
tends to be data-efficient, as it relies only on examples of successful task execution rather than
the iterative trial-and-error required in reinforcement learning [32, 30], making it well-suited
for real-world robotic systems where failed executions may result in equipment damage or
safety hazards [32].

In contrast to IL, reinforcement learning approaches learn through trial-and-error interaction
with the environment, where the agent receives rewards or penalties based on action outcomes.
While reinforcement learning has achieved remarkable success in simulated environments,
its application to real-world robotic manipulation faces significant challenges [33, 34]. The
exploratory nature of reinforcement learning requires extensive interaction with the physical
environment, which can lead to equipment damage, safety hazards, and substantial downtime.
Although simulation-based training approaches have been developed to mitigate these risks
by learning policies in virtual environments before deployment [35], their performance on
real robots suffers from the sim-to-real gap, which remains an open challenge in the field [35].
Moreover, the sample complexity of reinforcement learning often necessitates a large number
of interactions (frequently on the order of thousands of episodes or more) to converge to
acceptable policies [33, 35, 34], whereas newer approaches leverage transfer learning and
fine-tuning techniques with approximately 50-100 steps [12]. Nevertheless, IL remains faster
to adapt to new situations, making it more practical for many industrial and service robotics
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applications.

Despite these advantages, early IL approaches face limitations in generalization and adapt-
ability. The development of probabilistic methods progressively addresses these challenges,
leading to increasingly capable imitation learning techniques.

2.1.1. Gaussian Mixture Models (GMMs) and Regression (GMR)

A Gaussian Mixture Model (GMM) models a probability distribution as a weighted sum
of Gaussian components. In the context of IL, GMMs are widely used to capture the
variability and correlation structure of demonstrated trajectories [23, 28]. Given such a
joint distribution (e.g., over time and robot states), Gaussian Mixture Regression (GMR) is
employed at reproduction time to condition on a query variable (such as time or phase) and
retrieve a smooth reference trajectory as the conditional mean together with an associated
covariance [28].

While GMM/GMR approaches have been successful in various robotic applications, they
exhibit limitations that restrict their practical applicability. One key drawback is their
parametric nature, which requires the number of Gaussian components to be specified a
priori. An inappropriate choice can lead to underfitting or overfitting if the selected number
of components does not align well with the underlying data distribution [28]. Moreover,
in high-dimensional state-action spaces, the number of parameters per component grows
quickly, so practical implementations often rely on simplified covariance structures or feature
engineering, which can limit expressiveness.

Furthermore, standard GMM/GMR formulations are typically estimated via maximum
likelihood and thus primarily capture aleatoric uncertainty (the variability present in the
demonstrations) through the component covariances, while ignoring epistemic uncertainty
about the model parameters themselves. As a result, they may become overconfident in
regions with sparse data, which is problematic for safe robot operation in dynamic envi-
ronments [36]. Lastly, vanilla GMM/GMR encodes trajectories in absolute coordinates and
is not inherently task-parameterized, making it difficult to generalize learned skills to new
goals or frames without additional structure, such as task-parameterized or parametric GMM
extensions [26, 28].

2.1.2. Gaussian Processes (GPs)

A Gaussian Process (GP) is a non-parametric Bayesian model that defines a prior distribution
over functions [24]. Similar to GMMs, GPs can be employed in IL to model the relationship
between input states (or contextual variables) and output actions based on demonstrated
trajectories [28, 37]. Using, for example, Gaussian Process Regression (GPR), one obtains for
each query state a Gaussian predictive distribution whose mean provides a smooth reference
action or trajectory point and whose variance reflects the model’s predictive uncertainty [28].

Compared to GMM/GMR, GP-based approaches do not require specifying a fixed number
of components in advance and naturally provide estimates of epistemic uncertainty that
typically grow away from the training data. However, they also exhibit limitations that
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restrict their practical applicability in IL. A prominent drawback is their computational
complexity. Standard GPR has cubic training time in the number of demonstrations and
quadratic memory requirements, which makes it less suitable for large datasets or strict
real-time constraints without additional approximations or model structure. Additionally,
achieving good performance on complex, high-dimensional tasks often requires careful
kernel design and task-specific feature representations, a challenge that has motivated deep
imitation learning methods that learn features and policies jointly [38]. Similar to GMM/GMR,
a plain GP prior is not inherently task-parameterized. Generalizing learned skills to new
contexts typically requires augmenting the inputs with task parameters or adopting explicit
task-parameterized GP formulations [28, 25].

2.1.3. Kernelized Movement Primitives (KMPs)

The Kernelized Movement Primitive (KMP) is a kernel-based, non-parametric approach for
encoding and reproducing demonstrated trajectories. It leverages kernel methods to model the
relationship between input variables (e.g., time or joint configurations) and output variables
(e.g., end-effector poses or speed), allowing for flexible and adaptive trajectory generation
[25]. Starting from a probabilistic reference trajectory extracted from demonstrations, KMPs
derive a movement primitive by minimizing the information loss (Kullback-Leibler Divergence
(KL-Divergence)) between the primitive and the reference distribution. During reproduction,
the KMP yields, for each query input, a Gaussian distribution over the output, whose mean
defines a smooth reference trajectory and whose covariance reflects the variability in the
demonstrations and the imposed constraints [25]. A detailed explanation of how KMPs work
is provided in section 3.1.

Compared to earlier movement primitive formulations, the KMP offers several advantages
in the context of IL. First, due to its kernel treatment, it avoids the explicit design of basis
functions and can naturally handle trajectories driven by high-dimensional inputs while
keeping the number of open parameters small. Second, the KMP supports modulation of
trajectories via additional probabilistic constraints (e.g., via-points and end-points). However,
KMP also inherits typical limitations of kernel methods. Its computational cost grows with
the size of the reference database, and its performance depends on the choice of kernel
function and associated hyperparameters. Moreover, it shares the same limitations as other
IL methods regarding generalization to varying task contexts, which has been addressed by
the Task-Parameterized Kernelized Movement Primitive (TP-KMP) [27] as described in the
next section.

A summary comparison of the discussed probabilistic IL methods is provided in Table 2.1.

2.1.4. Task-Parametrized Imitation Learning (TPIL)

The IL approaches mentioned above share a common limitation in practical applicability.
These methods are task-specific, replicating the exact sequence demonstrated and failing
to generalize to similar but modified tasks. This means that typically only a single skill or
operation can be demonstrated at a time [38]. If the position of objects changes or if the
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Table 2.1.: Qualitative comparison of probabilistic imitation learning methods.

Property GMM+GMR GP+GPR KMP
Non-parametric X 4 4
Aleatoric uncertainty v v v/
Epistemic uncertainty X v v/
Scalability to High-Dimensional Spaces X X v/
Adaptive Skill Modulation (e.g., via-points) X X v

task itself is modified, the operator often needs to re-demonstrate the entire operation [31].
Although the number of required demonstrations is usually in the single-digit range, this
process can still be inconvenient, time-consuming, and impractical in dynamic or real-world
settings. While approaches exist to adapt learned trajectories based on user interaction [39,
40], they require additional effort from the user during task execution.

Task-Parameterized Imitation Learning (TPIL) is a variant of IL developed to address the
challenge of varying object positions in the environment [25, 26, 28, 41, 42]. Key examples
include Task-Parameterized Gaussian Mixture Model (TP-GMM) [23, 28] and variations of
it [42], as well as TP-KMP [25, 27]. In these approaches, movements are encoded relative
to the coordinate frames of relevant objects, allowing the model to explicitly account for
changes in task geometry. By conditioning learned behaviors on task parameters that capture
key environmental features, these methods enable robots to adapt flexibly to novel task
configurations.

To support generalization across diverse object arrangements, task-parameterized models
typically combine movement representations from multiple reference frames using a product
of probability distributions. This probabilistic fusion allows the generation of trajectories that
remain consistent even when the spatial layout of the task environment varies. Consequently,
skills acquired through TPIL can generalize to unseen object configurations, enabling robust
and adaptive execution through real-time updating of task parameters [28, 41]. Therefore, it
is not necessary to reprogram or relearn a skill solely because object positions have changed,
which is particularly advantageous in shared human-robot environments. While standard IL
may produce unpredictable or unsafe motions when faced with scenarios outside the training
data, TPIL demonstrates more predictable and reliable robot behavior in novel contexts [43].

Despite these advantages, TPIL faces several challenges. The complexity and computational
cost of TPIL models, such as TP-GMMs, increase rapidly with the number of task parameters
and the dimensionality of the data. This makes TPIL challenging to scale to high-dimensional
tasks or long-horizon trajectories, which are common in realistic robotic applications [44, 27].
However, models such as TP-KMP are able to handle high-dimensional input and output
domains more effectively [25, 27].

The selection and definition of task parameters (e.g., reference frames) are often performed
manually or require additional components such as object tracking systems, typically de-
pending on accurate perception of task-relevant objects. This reliance on external sensing
components can restrict applicability and robustness in unstructured environments [44].
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Furthermore, while TPIL is effective for generalizing over spatial transformations in position
and orientation, it cannot handle more abstract variations in task logic or high-level reasoning.

2.2. Foundation Models in Robotics

Foundation models are pretrained on internet-scale datasets and exhibit enhanced generaliza-
tion capabilities. Notably, these models have demonstrated emergent properties, including
the ability to perform zero-shot inference on tasks not explicitly represented in their training
data [15, 12, 13].

Foundation models in robotics can be categorized into three primary classes: LLMs, VLMs,
and VLAs. Each class builds upon the capabilities of its predecessor, progressively integrating
additional modalities to enhance robotic control and interaction.

2.2.1. Large Language Models (LLMs)

Foundation models trained on internet-scale text data are called LLMs and are designed to
understand and generate human language with remarkable fluency [45, 15]. These models
can autonomously generate executable code or perform commonsense reasoning [13, 12].

In robotics, LLMs are primarily employed for high-level task planning, reasoning, and code
generation [12, 13, 46, 47]. Their capacity for semantic understanding and logical inference
allows them to decompose complex task descriptions into executable action sequences.
Utilizing the reasoning capabilities of pretrained LLMs is more effective than training small
models from scratch [47]. Language-conditioned approaches have been explored in various
studies [8, 7, 48, 49, 9, 50].

However, LLMs lack the ability to directly process visual information or generate robot
control actions. Without access to sensory input, they cannot perform spatial reasoning or
ground language commands in the physical environment, limiting their utility to abstract
reasoning tasks that must be paired with separate perception and execution modules [12, 13,
9].

2.2.2. Vision-Language Models (VLMs)

Building upon the language understanding capabilities of LLMs, VLMs extend these capabili-
ties by integrating visual perception with language understanding [17]. These models can
facilitate open-vocabulary visual recognition and overcome the sensory limitations of LLMs
by providing visual understanding alongside natural language reasoning.

In robotics, VLMs are employed for tasks requiring visual grounding [12, 13, 46, 10, 51,
52]. Perception modules frequently employ pretrained vision models, possibly in conjunction
with a user-provided prompt [53, 54, 55, 56, 20]. These models can interpret spatial relations,
temporal sequences, object attributes, and qualitative constraints [11]. This capacity for
contextual grounding is particularly useful in unstructured environments where symbolic
representations or fixed taxonomies are insufficient.
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Despite these advantages, current VLMs are generally not well suited for generating precise
robot trajectories and are mainly used for perception or high-level guidance, rather than low-
level control [12, 13, 46]. Utilizing pretrained VLMs to directly predict robot motion requires
providing extensive contextual information, which contradicts the purpose of intuitiveness
and automation. Consequently, they require integration with separate execution modules to
translate high-level understanding into physical actions.

2.2.3. Vision-Language-Action Models (VLAs)

The most recent evolution in foundation models for robotics are VLAs, which extend VLMs
to directly act on the robot. These models are tailored specifically to robotics applications and
integrate perception, reasoning, and action generation within a unified architecture.

To directly produce motor commands or motion trajectories, VLAs receive a combination
of visual input and textual prompt. Models such as OpenVLA [19] exemplify this approach.
These models operate in an end-to-end fashion, mapping directly from sensory input to
control outputs without requiring intermediate processing stages.

Characterized by their broad applicability and capacity for generalization to previously
unseen tasks, VLAs often achieve zero-shot performance. In some instances, these models are
robot-agnostic, enabling deployment across varying robotic platforms by simply transferring
the predicted trajectory or action parameters [57]. The unified architecture eliminates the
need for multiple specialized modules and their associated integration complexity.

However, VLAs require substantial amounts of task-specific data for training or fine-tuning,
yet robot-relevant training data remains scarce and expensive to acquire [13, 53, 58]. Moreover,
most pretrained VLAs need to be fine-tuned on the specific robot they should act on, making
it impossible to find suitable training data online depending on the robot embodiment [12,
13, 58]. Many existing models also operate at low control frequencies [46], rendering them
unsuitable for tasks demanding fine-grained force modulation or responsive human-robot
collaboration. Given the varying capabilities and limitations of LLMs, VLMs, and VLAs,
researchers have developed two primary architectural paradigms for deploying these models
in robotic systems.

2.2.4. End-to-End and Layered Architectures

In the context of language-conditioned robotic control, a wide range of studies have explored
the application of foundation models [12, 13, 46]. These approaches typically leverage
foundation models either in an end-to-end fashion or within a modular, layered architecture.

End-to-end paradigms utilize a single foundation model, commonly a VLA, that receives
a combination of visual input and textual prompt to directly produce motor commands or
motion trajectories, as discussed above. Alternatively, layered approaches decompose the
robotic control pipeline into discrete functional modules such as perception, reasoning, and
execution. Each module can be implemented using distinct foundation models, which are
often smaller and may not require additional fine-tuning [19]. Execution may be handled
by traditional motion primitives rather than foundation models [59], depending on task
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complexity. These architectures often rely on inter-model communication and verification,
whereby the output of one model is assessed or refined by another to ensure feasibility and
consistency in achieving the robotic task objective [14].

Both approaches, end-to-end and layered, are inherently capable of processing natural
language, which significantly enhances their versatility and applicability across diverse
human-centric domains. Natural language serves as a high-level interface between humans
and robots, enabling task specification in an intuitive and accessible manner without the need
for specialized programming skills, as discussed in chapter 1.

Despite recent advancements with foundation models in robotics, several limitations persist
that hinder their deployment in real-world applications. Current approaches frequently lack
robust mechanisms for uncertainty quantification and safety assurance [60], both of which
are essential for reliable operation in dynamic or human-centric environments. Real-time
adaptability also remains a challenge across all model types.

2.3. Research Gap and Proposed Solution

Recent advances in foundation models for robotics have produced a diverse set of frameworks
that address natural language comprehension, environmental adaptability, and skill learning.
Approaches such as SayCan [61], Retrieval-Augmented Planning (RAP) [62], and Closed-Loop
Embodied Agents (CLEA) [63] demonstrate effective integration of LLMs and VLMs with
robotic systems for task planning and execution. However, a gap remains when considering
the combination of data efficiency, accessibility, and practical deployability. Existing frame-
works typically require either (i) extensive demonstration data and computational resources
for training (e.g., SayCan with 68,000+ demonstrations, OpenVLA with 970k trajectories),
(ii) proprietary foundation models that limit reproducibility and increase operational costs,
or (iii) in-context learning approaches that are constrained by prompt length and cannot
acquire genuinely new skills at runtime. Furthermore, few existing approaches support the
flexible combination of learned skills into novel task sequences while maintaining smooth,
predictable trajectory generation with inherent uncertainty quantification.

The proposed integration of TP-KMP with pretrained VLMs addresses these limitations
through a layered architecture that separates high-level reasoning from low-level control. The
model’s responsibilities are intentionally constrained to high-level reasoning tasks, which
has been demonstrated to enhance overall system performance. The use of TP-KMP as the
foundational execution component eliminates the need for extensive demonstration data or
model fine-tuning, as off-the-shelf general-purpose VLMs can be directly employed. The
mathematical and probabilistic foundations of TP-KMP enable the generation of smooth
and predictable trajectories with inherent uncertainty quantification. Furthermore, new
skills can be acquired rapidly through the training of additional TP-KMP instances from
only a handful of demonstrations, circumventing both the extensive data requirements of
end-to-end approaches and the prompt length constraints of in-context learning methods.
The framework’s flexibility in controller selection, including impedance control systems,
contributes to enhanced safety in human-robot interaction scenarios.
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Compared to traditional LfD approaches, the proposed framework offers notable im-
provements in usability and scalability. The integration of a VLM eliminates the manual
specification of task parameters, enabling operators to keep both hands free while command-
ing the robot through natural language instructions. This interface remains intuitive and
accessible for workers without specialized training, while avoiding dependence on proprietary
foundation models. Moreover, the integration of TP-KMPs with a VLM makes the teaching
process more autonomous and scalable by eliminating the need to manually define task
parameters for each demonstration.

2.4. Comparison with Existing Works

This section reviews seven recent works that are conceptually related to the approach pre-
sented in this thesis. Each work leverages LLMs or VLMs to interface with robotic systems
but employs different architectural paradigms and learning strategies. The works are first de-
scribed independently, followed by a comparative analysis that highlights the key distinctions
with respect to the framework developed in this thesis.

2.4.1. OpenVLA

Large-Scale Robot — OpenVLA ——y Closed-Loop
Training Data Vision-Language-Action Model Robot Control Policy
- ; ; User: Wipe the table.
Fine-tune VLM w/ Robot Actions: ()
— ' :' ¥ e OpenVLA:
=== 970k Robot I' D) [Ax, A, AGrip] = ...
| Episodes g " Llama 2 7B " &
| <
Fully
Open-Source
l%;gl Data
~ Weights

O Code

Figure 2.1.: Overview of the OpenVLA architecture [19]. The model integrates a vision-
language backbone with a tokenization scheme for robot actions, enabling end-
to-end prediction of control commands from visual and language inputs. Image
credit: Kim et al. [19].

OpenVLA [19] is a 7B-parameter vision-language-action model designed to generate robot
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control actions directly from visual observations and natural language instructions. The model
is built upon a pretrained vision-language model (Prismatic VLM [64]) that incorporates
a fused SigLIP [55] and DINOv2 [54] vision encoder along with a Llama 2 [45] language
backbone. To enable action prediction, continuous robot actions are discretized into 256 bins
per dimension and mapped to tokens in the language model’s vocabulary.

Training is performed on 970k robot demonstrations from the Open X-Embodiment dataset
using a next-token prediction objective, where action tokens are predicted conditioned on
visual and language inputs. The approach demonstrates generalization across multiple robot
embodiments and can be adapted to new tasks through fine-tuning on 10-150 demonstrations,
either via full parameter updates or parameter-efficient methods such as LoRA [65]. At
inference time, the model operates in a closed-loop fashion, continuously predicting single-
step actions at approximately 6 Hz on consumer-grade Graphical Processing Units (GPUs).

The modular design of the framework presented in this thesis separates high-level reasoning
from low-level control, using a pretrained VLM for task interpretation without fine-tuning,
while TP-KMPs handle trajectory generation. It provides explicit uncertainty quantification,
and enables geometric generalization through task parameterization with a significantly
smaller datasets than OpenVLA, which learns implicitly from large datasets.

2.4.2. SayCan: Grounding Language in Robotic Affordances

I spilled my drink, can you help? | spilled my drink, can you help?

You could try using LLM Value Functions
GPT3 a vacuum cleaner. “find a cleaner” e >
“find a sponge” find a sponge 4
g0 to the trash can” “go to the trash can”
“pick up the sponge” “pick up the sponge” E ‘
“try using the vacuum” y g the recue - s
LaMDA Do you want me to I would:
find a cleaner? 1. find a sponge
SayCan 2. pick up the sponge
“find a sponge” 3. come to you
I'm sorry, | didn't “go fo the rash can* 4. put down the sponge
FLAN “pick up rh_e spor_vge" 5 done

mean to spill it.

Figure 2.2.: Overview of the SayCan framework [61]. The system combines LLM probabilities
for task usefulness with value function probabilities for execution feasibility to
select skills that are both semantically appropriate and physically achievable.
Image credit: Ahn et al. [61].

SayCan [61] addresses the challenge of grounding LLMs in real-world robotic capabilities
by combining high-level semantic knowledge from LLMs with learned affordance functions
that represent what is physically feasible in the current state. The key insight is that while
LLMs can decompose complex natural language instructions into subtask sequences, they lack
awareness of what a specific robot can actually accomplish in its current environment. SayCan
factorizes the problem into two components: the LLM provides task-grounding, representing
the probability that a skill’s language description makes progress toward completing the
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instruction, while value functions provide world-grounding, representing the probability that
the skill will succeed from the current state.

The system operates by scoring potential next skills, selecting those that maximize the
product of semantic relevance and physical feasibility. Skills are represented through lan-
guage descriptions and come with associated policies and value functions trained either via
behavioral cloning (BC-Z [66]) or reinforcement learning (MT-Opt [67]). The value functions
are trained using temporal-difference methods with sparse binary rewards (1.0 for successful
completion, 0.0 otherwise) in simulation. The LLM component uses prompt engineering with
dialog-structured examples (similar to ICL) to constrain outputs to the robot’s skill repertoire,
with the PaLM-540B [68] model serving as the primary language model.

SayCan was evaluated on 101 real-world tasks across seven instruction families using a
mobile manipulator in office kitchen environments, with skills including object manipulation
(pick, place) and navigation (go to locations). The framework demonstrated zero-shot
execution of temporally extended instructions and showed that robot performance scales with
LLM capability, observed by improved performance through upgrading from FLAN-137B [69]
to PaLM-540B [68]. The approach required 68,000 teleoperated demonstrations collected over
11 months plus 12,000 filtered autonomous episodes for training the underlying policies and
value functions, with skills extensible through adding new prompt examples and affordance
functions.

Compared to SayCan, the framework presented in this thesis achieves dramatically lower
data requirements, avoids dependence on proprietary models such as PaLM, and provides
inherent uncertainty quantification through the probabilistic TP-KMP formulation. However,
SayCan’s affordance-based feasibility scoring offers implicit closed-loop adaptation that the
current open-loop execution in this thesis does not provide.

2.4.3. RAP: Retrieval-Augmented Planning

RAP [62] is a framework designed to enhance the planning capabilities of LLMs by leveraging
past successful experiences stored in memory. The approach draws inspiration from the
human ability to recall and apply relevant past experiences when making decisions in new
situations. RAP consists of four core components: Memory (storing successful task execution
logs), Reasoner (generating plans and retrieval keys using LLMs), Retriever (finding relevant
past experiences based on similarity), and Executor (generating actions via ICL from retrieved
experiences).

Memory is constructed by collecting logs from successful task executions, including task
information, overall plans, and trajectories (action-observation sequences). For textual environ-
ments, observations are text descriptions, while for multimodal environments, observations
include visual representations from a fixed camera. Retrieval is performed by calculating
weighted similarity scores between the current state and stored logs. The retriever adaptively
switches between action-based and observation-based similarity depending on the context,
using sentence transformers [16] for text and CLIP-based [17] models for images.

The framework demonstrates effectiveness across both text-only environments (ALF-
World [70], WebShop [71]) and multimodal embodied tasks (Franka Kitchen [72], Meta-
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Figure 2.3.: Overview of the RAP framework [62]. The system stores past successful trajec-
tories and retrieves relevant experiences based on the current situation to guide
action planning. Image credit: Kagaya et al. [62].

World [73]). On ALFWorld with GPT-3.5 [74], RAP uses memory built from 1000 training
trajectories. For multimodal tasks, RAP enhances LLaVA [75] agents on Franka Kitchen and
Meta-World, requiring 25 demonstrations per task to train low-level policy networks (Multi-
Layer Perceptrons (MLPs)) that translate high-level plans into executable actions. How these
executable actions are generated and stored is not detailed in the paper.

Compared to RAP, the approach presented in this thesis requires fewer demonstrations per
skill, while eliminating the need for simulation-based learning. However, RAP’s memory-
based retrieval mechanism for leveraging past experiences represents a promising direction
for future extensions to the proposed framework.

2.4.4. CLEA: Closed-Loop Embodied Agent

CLEA [63] is a closed-loop planning framework that enables adaptive robotic task execution
in dynamic environments through continuous environmental feedback. Unlike open-loop
approaches that generate static action sequences, CLEA employs four functionally decoupled
modules: an observer (VLM) that converts visual inputs to text, a summarizer (LLM) that
maintains belief states from interaction history, a planner (LLM) that generates hierarchi-
cal sub-goals and action sequences, and a critic (VLM) that performs real-time feasibility
assessments and triggers replanning when needed.

The framework models tasks as Partially Observable Markov Decision Processes (POMDDPs),
maintaining a belief state over environmental states. The memory module stores observation-
action-feedback tuples in a First In, First Out (FIFO) history buffer, which the summarizer
distills into structured representations for planning. The planner uses chain of thought
prompting to generate action sequences from a predefined skill pool, while the critic evaluates
each action before execution, detecting issues such as outdated assumptions, redundant
operations, or infeasible plans.

CLEA was evaluated using two heterogeneous robots (a dual-arm mobile manipulator
and a fixed-base manipulator) on object search, manipulation, and integrated tasks in a
real kitchen environment. Qwen2.5-72B models [76] were used for both LLM and VLM
components.

While the framework presented in this thesis currently executes skills in an open-loop
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fashion, CLEA’s modular critic architecture demonstrates a promising direction for future
extensions. Integrating a similar feedback mechanism could enable the proposed system to
detect execution failures and trigger replanning, combining the advantages of data efficiency,
skill learning, and uncertainty quantification with closed-loop adaptability.

2.4.5. RoboPrompt: In-Context Learning Enables Robot Action Prediction in LLMs

The method presented by Yin et al. [21] combines LfD with LLM-based action prediction
through in-context learning. Demonstrations are segmented into keyframes by identifying
time points where the robot’s velocity approaches zero. At each keyframe, both the robot’s
and the object’s 6D poses are recorded and subsequently translated into natural language
using array-like structures. Object poses are extracted using a visual backbone such as
Grounding DINO [77], while robot actions are described as simple movements between stored
positions.

The input-output pairs derived from these demonstrations are formatted into an ICL
prompt including 10 examples and passed to an off-the-shelf, pretrained LLM. At inference
time, the model generates suitable action descriptions given a new initial configuration. The
approach demonstrates the pattern recognition and basic reasoning capabilities of LLMs in
the robotics domain, though it remains restricted to in-context learning and exhibits limited
generalization across domains.

The framework presented in this thesis, on the other hand, stores learned skills persis-
tently, enabling unlimited skill library growth, with even fewer demonstrations or through
combinations of skills.
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Figure 2.5.: Overview of the framework by [21]. Demonstrations are segmented into
keyframes, and input-output pairs are formatted into an in-context learning
prompt for a pretrained large language model. Image credit: Yin et al. [21].
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2.4.6. VocalSandbox: Continual Learning and Adaptation

The framework proposed by Grannen et al. [78] employs a LLM to map natural language
instructions to a structured Application Programming Interface (API) of executable robot
functions. Functionality is organized into a hierarchy of low- and high-level actions. Low-level
actions, such as goto(..) and grasp(), are implemented as pre-programmed policies. In
the described implementation, these policies are realized using discrete Dynamic Movement
Primitives (DMPs) constructed by extracting waypoints from kinesthetic demonstrations and
interpolating between them. This design enables motion generalization to novel start and goal
configurations. Object poses are inferred using a perception system that employs a SAM [79]
model and an RGB-D camera.

Let's get a tracking shot
around the Hulk?

I'm sorry, | don't know
how to do that!

2

o
N Prrack =1earn_dmp( )

def track(loc: Location):
=> DMP(goal = 10¢.p08€; [tk

- [Ok — | have learned track!

Ok, now and
then track around the tower.

“ ' p— (Loki):
=>DMP(goal = Loki.pose; )
I 1 => DMP(goal = Tower.pose; fipack)
Figure 2.6.: Overview of the VocalSandbox framework [78]. A large language model maps
natural language instructions to a structured API of robot functions, enabling

learning and adaptation through user interaction. Image credit: Grannen et
al. [78].

High-level functions are composed of sequences of low-level actions. As a case in point,
pickup(..) is implemented as a goto(..) call followed by grasp(). The API accepts
arguments specifying object identities or spatial locations, such as HOME = [1, 2, ..] and
TOY_CAR = "A green toy car". Both high-level functions and arguments can be dynamically
extended through interaction with the LLM. GPT-3.5 Turbo [74] is employed via the function-
calling API, with each function exposed as a callable tool. The system relies on ICL with a
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proprietary model, and the prompting strategy is fixed and context-dependent, with system
prompts predefining high-level task objectives.

The framework presented in this thesis employs TP-KMPs instead of DMPs, providing
probabilistic uncertainty quantification. It uses open-source VLMs rather than proprietary
models and allows for persistent skill acquisition beyond the a given dataset of low-level
actions.

2.4.7. A Robotic Skill Learning System Built Upon Diffusion Policies and
Foundation Models

Ingelhag et al. present a Robotic Skill Learning System (RSLS) that combines visuomotor
diffusion policies [80] with pretrained LLMs and VLMs for skill selection and precondition
checking [81]. The system maintains a library of skills, each represented by a learned diffusion
policy together with a textual description and a set of preconditions. Given a user instruction
and an image of the current scene, an LLM selects a suitable skill from the library. If a
candidate skill is found, a VLM verifies whether its preconditions are satisfied in the current
workspace before execution. If no existing skill matches the request, the system prompts the
user to provide demonstrations for a new skill.

Skill Selector

Teleoperation

Figure 2.7.: Overview of the Robotics Skill Learning System (RSLS) [81]. A large language
model selects skills from a library based on user instructions, while a vision-
language model verifies skill preconditions before execution. Image credit: Ingel-
hag et al. [81].

New skills are acquired from teleoperated demonstrations using an Oculus Quest controller
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in both simulation and the real world. The collected trajectories (typically 50-150 demonstra-
tions per skill) are used to train visuomotor diffusion policies that map image observations
and end-effector states to continuous actions. New skills are trained for 600 epochs taking
approximately 10 hours on consumer-grade GPUs.

The authors evaluate the framework both in Isaac Sim [82] and on a real Franka Panda
robot on a set of food-serving tasks, including bottle opening, lid removal, rice scooping, and
sausage placing. They compare different foundation models (GPT-4 [83] and Gemini [84]) for
the skill selection and precondition-checking components [81].

While Robotic Skill Learning System (RSLS) and the framework presented in this thesis both
offer active skill acquisition through user-initiated demonstrations, several key differences
exist. The framework presented here requires fewer demonstrations, supports skill combina-
tion through probabilistic fusion, provides uncertainty quantification, and uses open-source
models exclusively.

2.4.8. Comparative Analysis

The approach developed in this thesis differs from the reviewed works along several di-
mensions concerning architecture, learning paradigm, skill representation, and runtime
extensibility. An overview of the key differences is provided in Table 2.2.

Table 2.2.: Qualitative comparison of the presented framework with related methods. A
checkmark (v') indicates the property is supported, a cross (X) indicates it is not
supported, a checkmark in parentheses indicates partial support, and a dash (-)
indicates the property is not applicable (e.g., CLEA uses a predefined skill pool
without per-skill training). Data efficiency is considered achieved if new skills can
be learned from 10 or fewer demonstrations.

Property This work OpenVLA SayCan RAP CLEA RoboPrompt VocalSandbox RSLS

Natural Language Interface 4 v v 4 4 v v 4
No Largescale Training 4 X X X 4 4 4 X
Model Accessibility v v X v v 4 X X
Data Efficiency 4 X X X - 4 - X
Runtime Skill Acquisition v X X X X X ) v
Persistent Skill Representation v v v v ) X ) v
Combination of Skills v X X X X X ) X
Closed-Loop Adaptation X v ) ) v X X X

End-to-end versus modular architectures. All approaches provide a natural language
interface, but differ in their architecture. OpenVLA employs a single end-to-end VLA that
directly predicts actions from visual and natural language inputs, trading strong generality
for substantial data and compute requirements. In contrast, VocalSandbox, RSLS, SayCan,
CLEA, and RAP adopt modular designs that separate high-level reasoning from low-level
control. These approaches maintain an explicit skill library or retrieval mechanism and use
foundation models for task decomposition and skill selection, while low-level control is
delegated to separate execution modules. The framework proposed in this thesis follows
a similar decomposition but instantiates the low-level layer with TP-KMPs learned from
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demonstrations, and uses a pretrained VLM solely for natural language understanding and
skill selection. RoboPrompt also employs a modular architecture but uses the LLM to directly
predict low-level actions and a distinct model for perception.

Largescale Training. OpenVLA and SayCan require training or fine-tuning on substantial
robot-relevant datasets. OpenVLA is trained end-to-end on 970k demonstrations, while
SayCan necessitate training value functions. RSLS trains diffusion policies on consumer-grade
GPUs for 10h, which is also considered largescale in comparison. In the case of RAP, low-level
policy networks require training for each task and there is the need to build a memory from
successful trajectories, which is also considered largescale training. In contrast, RoboPrompt,
VocalSandbox, CLEA, and the present work avoid largescale training or fine-tuning, instead
relying on off-the-shelf pretrained LLMs or VLMs for high-level reasoning and skill selection.

Model Accessibility. SayCan depends on the proprietary 540B PaLM model, while Vocal-
Sandbox uses GPT-3.5 Turbo and RSLS employs GPT-4 and Gemini for skill selection. In
contrast, the other approaches use non commercial or non proprietary models. OpenVLA
is trained on a Llama model, CLEA uses Qwen models, RAP can operate with open-source
models such as LLaVA, RoboPrompt and the framework represented in this thesis are designed
to work with open-source VLMs.

Data Efficiency. The reviewed frameworks exhibit substantial variation in their data
requirements. SayCan represents the most data-intensive approach, requiring 68,000 tele-
operated demonstrations plus 12,000 autonomous episodes to train its underlying policies
and value functions. OpenVLA requires 970k demonstrations for initial training, though task
adaptation can be achieved with 10-150 demonstrations. RSLS acquires each new skill via
50-150 teleoperated demonstrations. In addition to memory constructed from successful
trajectories, RAP requires 25 demonstrations per task to train a policy network to select the
correct low-level action, plus what is needed to build the low-level action. In contrast, CLEA
and VocalSandbox operate with predefined skill pools, avoiding per-skill training but limiting
flexibility. The ICL approach RoboPrompt circumvents fine-tuning entirely, while employing
10 examples per prompt. The presented framework achieves skill acquisition with only 3-6
kinesthetic demonstrations per skill without requiring foundation model fine-tuning or access
to large GPU clusters.

Skill Representation. The reviewed frameworks employ diverse skill representations.
VocalSandbox uses DMPs for low-level skills, while RSLS trains visuomotor diffusion policies
that implicitly encode spatial reasoning but remain bound to specific objects. SayCan relies
on learned policies paired with value functions that estimate execution feasibility. RAP
combines retrieval-based action selection with separately trained MLPs to map the high-level
plan to low-level executable actions, but it is not stated how these low-level actions are
represented. CLEA draws from a predefined skill pool without learned motion primitives.
The presented framework utilizes TP-KMPs, which provide generalization through coordinate
frame transformations. OpenVLA must implicitly learn spatial reasoning through extensive
training data. RoboPrompt represents skills as sequences of keyframe poses described in
natural language.

Runtime Skill Acquisition. The only approaches supporting runtime skill acquisition in
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a narrow sense are the presented framework and RSLS. In a broader sense, VocalSandbox
allows users to define new high-level functions by composing existing low-level actions,
though this does not extend to acquiring new low-level skills. The other frameworks do
not support runtime skill acquisition, relying instead on predefined skill libraries, extensive
offline training or ICL information contained within the prompt.

Persistent Skill Representation. Most of the approaches support skill representations,
where learned skills are persistently stored and reusable across different contexts. The
presented framework, OpenVLA, RSLS, SayCan, and RAP all maintain libraries of learned
skills or memory that can be invoked as needed. Notably, there is no information how the
low-level action in RAP are stored. In contrast, VocalSandbox does not store newly defined
high-level functions persistently and they exist only within the current session, while the
low-level function remain. CLEA operates with a fixed skill pool without per-skill training,
thus it is to assume that these skills are reusable across tasks. RoboPrompt does not maintain
a persistent skill library, as movements are generated on-the-fly through ICL without storage.

Combination of Skills. The presented framework uniquely supports the combination of
existing skills into new ones through probabilistic fusion. VocalSandbox allows high-level
function composition but is limited to predefined low-level actions. RSLS does not support
skill combination, as each skill is represented by a separate diffusion policy. SayCan, CLEA,
and RAP also rely on discrete skill selection, which can be sequenced differently to achieve
varied tasks but do not support the fusion of multiple skills into a single new skill. OpenVLA
and RoboPrompt do not provide explicit mechanisms for skill combination.

Closed-loop Adaptation. The frameworks differ in their capacity for runtime adaptation
and error recovery. CLEA employs a dedicated critic module that continuously assesses
action feasibility and triggers replanning when execution conditions change or failures
are detected. SayCan’s affordance functions provide implicit adaptivity by scoring skill
feasibility based on the current state, though without explicit replanning mechanisms. RAP
adapts through retrieval, selecting relevant past experiences based on the current observation.
OpenVLA operates in a closed-loop fashion at the action level, continuously predicting single-
step actions. The remaining frameworks, including VocalSandbox, RSLS, and RoboPrompt,
primarily execute skills open-loop once selected. The presented framework similarly executes
skills open-loop, relying on the robustness of the underlying TP-KMP rather than active
replanning.

These architectural choices reflect different trade-offs between generality, data efficiency,
and deployment complexity. The evaluation presented in chapter 5 demonstrates how these
design decisions manifest in practical performance.
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3.1. KMP

The KMP [25] is a probabilistic framework for learning and generalizing movement patterns
in robotic systems. It aims to combine the strengths of multiple existing approaches, such as
DMPs [85], GMMs [23], and Probabilistic Movement Primitives (ProMPs) [86]. By using kernel
functions, KMPs can handle high-dimensional input spaces while preserving the probabilistic
properties of the demonstrated trajectories. Furthermore, they allow the incorporation of
additional constraints, such as via-points, to adapt learned movements to new situations.
Moreover, KMPs can extrapolate movements beyond the range of the training data.

The KMP framework consists of a learning phase and a prediction phase. In the learning
phase, the model receives a set of demonstrations containing input-output pairs. The KMP
tits a probabilistic reference trajectory to these demonstrations, encapsulating the variability
between them. The prediction phase begins by defining a parametric trajectory distribution,
which is aligned with the reference trajectory by minimizing the KL-Divergence [87, 24].
Given a new input query, this optimization problem yields predictions for both the mean and
covariance of the trajectory.

As mentioned above, KMPs allow for the incorporation of constraints such as via-points,
but for this work, only the learning and prediction phases are of interest and will be explained
in the following. An overview of the process is given in Algorithm 1.

3.1.1. Preliminaries

Let s, € R” be the input and Z,, € RY be the output, such that {{s,, &, ,} _} .
The superscripts H and N denote the number of demonstrations and the length of each
demonstration, respectively. The KMP uses these demonstrations to estimate the relation
between s and ¢. Importantly, the probabilistic encoding of the demonstrations allows s and
¢ to represent different types of variables. For example, the input could represent the robot’s
End-Effector (EE) position, while the output corresponds to its velocity. Alternatively, the
input and output could denote time and the robot’s EE pose, respectively.

The KMP leverages a GMM to encode the training data, i.e., the demonstrations. To
this end, the GMM is used to estimate the joint probability distribution P(s,¢) from the
demonstrations, resulting in

L,j ~ Cé N (1, Ee).- (3.1)

Here, 7, p., and X, denote the prior probability, mean, and covariance of the c-th Gaussian
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component, with C representing the total number of Gaussians. Using GMR [28], a proba-
bilistic reference trajectory can be computed as {¢, N . Each point &, in the trajectory can
be described with the conditional probability distribution

6n|5n ~ N(ﬁn/ﬁn)/ (32)

where i, is the mean and £, is the covariance.

The goal of the KMP is to minimize the KL-Divergence between the probabilistic reference
trajectory Pr(&|s,) and the probability distribution of the parametric trajectory Pp(¢|sn),
where

Pr(§lsn) = N (&l ) (3.3)
is derived from (3.2), and
Pr(§lsn) = N (51©(s1) 1., O (54) "Z0®(s1)) (3.4)

will be derived in the following.
Denote the parametric trajectory

g(s) = O(s)"w, (3.5)
with @(s) € RB9*? being the matrix
b(s) 0 0
0 b(s) --- 0
O(s) = | . : N .y (3.6)
6 0 b(s)

where w € RBY is the weight vector and b(s) € R® denotes the B-dimensional basis functions.
Consider the weight vector to be normally distributed w ~ N (p,,, Z;,), with unknown mean
., and covariance Xy, such that

&(s) ~ N(0(s) p,, ©(s) 'L, 0(s)) (3.7)

holds and leads to (3.4).
Thus, the objective function of the minimization problem is formulated as

N
]ini(ﬂwrzw) = Z DKL('PP(aSn)/,PR(asn))r (38)
n=1
where Dk (-, -) denotes the KL-Divergence and is defined as

Dis(Po(Elsy), Pu(@lsn)) = [ Poldlsntog( pr &= ) de. 69
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The objective function can be rewritten using the trace Tr(-) and the determinant | - | of a
matrix as
N1
Jini (P Zw) = E <log |Zn —10g(|®(sn)T):w®(sn)D -0
n:1

+7Tr (£, 0(5:) 2@ (s1)) + (O(50) 1, — 11,) £ (O(50) 1, — fm)- (3.10)

By removing the constant parts 3, log(|£,]), and O, (3.10) can be decomposed into two
subproblems regarding the mean and the covariance, respectively. This results in

N

~ \Ta—1 o
]ml ”lw Z I’ln) Zn (G(SH)T”w_:un) (311)
n=1
for the mean and
N a1
Jini(Z Z (—log |O( sn)TZ @(sn)|) 4+ Tr (Zn @(sn)TZwG)(sn))> (3.12)

for the covariance term. The two resulting problems will be solved separately.

3.1.2. Prediction of Mean

To prevent over-fitting, the regularization term ||p,||? is introduced in the mean minimization

subproblem (3.11), resulting in the new mean minimization subproblem

N
o\ Te—1 N
'uw Z :un)TZVl (G(S”)T”w - ”n) + Aﬂz;”w’ (313)

with A > 0. The cost function (3.13) has the form of a weighted least squares optimiza-
tion problem if the regularization term ||p,||? is ignored. Furthermore, the information
contained in £, allows for significant variations from the reference trajectory points when
their associated uncertainties are high, whereas low covariances enforce proximity to the
reference trajectory. Thus, £, can be interpreted as a relevance metric for each data point in
the trajectory, effectively adjusting the optimization pressure for each point. Deriving the
optimal solution ), (see [25] in section 2.2 Kernelized Movement Primitive (KMP)) leads to

p=o(d @+ AZ) 1y, (3.14)
with

D = [@(Sl),(")(Sz),. . .,@(SN)],
T = blockdiag(£1,Z,, ..., En), (3.15)

N N N T
p= [0, .. .0y -
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Consequently, the expected value, namely the output for a new input s*, is computed as

E(&(s")) = ©(s")"s,

=0(s) T ®(®"®+ 1) (3.16)

The KMP leverages kernel functions to handle high-dimensional input, which is now applied
to rewrite (3.16). The inner product of basis functions forms a kernel function k(-, -) as

b(s;)"b(sj) = k(s;,s)). (3.17)
Applying the kernel function to (3.6) yields the kernel matrix k(s;, s;)

k(s;,sj) = O(s;)" O(s))

k(Si, S]') 0 e 0
0 k(s; s;) --- 0
— ‘ ( ) i) _ ) (3.18)
0 0 cee k(Si, Sj)
= k(si,sj)1o,
where I is the O-dimensional identity matrix. Using this result, the matrices
k(Sl,Sl) k(Sl,Sz) cee k(S],SN)
e (3.19)
k(sn,s1) k(sn,s2) - k(sn,sn)
and
k* = [k(s*,s1) k(s%,s2) -+ k(s*,sn)] (3.20)
are defined to rewrite (3.16) as
E(¢(s™)) =i
(Es) = 7 61

= KkK*(K+AZ) .

It is noteworthy that (3.21) equals the mean of the GPR [24] if 2, = Ip. Furthermore, the
optimal solution u of the initial mean minimization subproblem (3.11) represents the best
estimate given the demonstrations from the reference trajectory distribution (3.3). This is
because (3.11) is equivalent to maximizing the posterior [TY_; P(©(s,) p,, |ft,, £x) (see [25]
in Appendix B).

3.1.3. Prediction of Covariance

For the same reasons as in subsection 3.1.2 a regularization term gets introduced in the initial
minimization subproblem. Thus, the term Tr(X,) gets inserted in (3.12) resulting in (3.22).
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Algorithm 1 Prediction using KMPs

1: Initialization
- Denote k(-,-) and choose A.
2: Learning from demonstrations
- Collect demonstrations {{s,, &, }N_; HL ;.
- Extract the reference database {s,, pt,, Zn })_;.
3: Computing Prediction
- Receive new input query s*
- Update y, Z, K and k*
- Compute the output via
E(Z(s*)) = k*(K+ AI)"'u and
D(&(s*)) = ¥ (k(s*,s*) —k*(K+AZ) " 1k*T)

Note that the largest eigenvalue of X is smaller than regularization term, because X, is
positive definite.

J(Zo) = i (—1og (10(sn) 20O (sy)|) + Tt (z;lg(sn)Tﬁne(sn))) +ATr(Z,)  (3.22)

n=1
In the next step the derivative of (3.22) with respect to X, gets computed (see [25] chapter
Covariance Prediction of KMP) and it is set to 0, resulting in

N
y (—2;1 + @(sn)ﬁ,jl@(sn)T> +AL=0. (3.23)
n=1
This can be reformulated using the definitions from (3.15) to obtain the optimal soulution X;,
as
i = N(ox '@l + A1)~L (3.24)

Note that, the structure of this solution mirrors that of the covariance in weighted least squares
estimation, with the distinction of including a multiplicative factor N and a regularization
term Al Using the Woodbury identity, which is defined as

(A+CBCH) 1=A"1-AlcB'+CcTA Q) IcTA Y, (3.25)
the covariance corresponding to (s*) for a given query s* is obtained as
D(Z(s*)) = ©(s")'L;,0(s")
= NO(s")T(®z1®dT + AI)1O(s*) (3.26)
- %@(s*)T (1 —o(®Td + AZ)‘ld)T) 0(s").

Through application of the kernel matrix defined in (3.18) and (3.19) the covariance can be
defined as

D(Z(s%)) =

(3.27)

>z

(k(s*, s*) — K* (K + AZ)—lk*T) .

27



3. Background

Apart from the scaling factor &', the covariance formula in (3.27) has two notable properties.
First, the demonstrated variability X extracted from training data (see (3.15)) appears in the
term (K + AX) !, integrating task-specific uncertainty information. Second, KMP predicts a
full covariance matrix, which enables modeling of correlations between output components
rather than assuming independence.

3.2. TP-KMP

The Task-Parameterized Kernelized Movement Primitive (TP-KMP) extends the KMP frame-
work to task-parameterized settings by associating multiple local KMPs with coordinate
frames attached to task-relevant objects [25, 27, 26, 28]. As in the standard KMP, any choice
of input and output variables can be modeled (e.g., time, joint states, Cartesian poses). In this
work, time is used as input and the position and orientation of the robot’s EE as output. For
simplicity, TP-KMP is explained using only these input and output variables.

Conceptually, a single KMP encodes a global mapping from input to output that is tied to
one nominal task configuration. In contrast, TP-KMP introduces a set of P local reference
frames, each anchored to an object of interest, and learns one local KMP per frame from
demonstrations transformed into that frame [27]. These frames are placed at the poses of
objects of interest, and their positions and orientations relative to a global coordinate frame
(the robot’s base frame in this work) define where the local KMPs operate. At reproduction
time, each local KMP performs its own prediction as derived in section 3.1, and all local
predictions are subsequently fused into a single global distribution that defines the executed
trajectory in the robot base frame. This task-parameterized formulation allows the same skill
to generalize to new object poses by updating the frame parameters without retraining the
underlying KMPs, thereby enabling the TP-KMP to predict the robot’s trajectory in changing
environments. This approach differs from parametric methods such as TP-GMM by retaining
the non-parametric, kernel-based representation of KMP [26, 28, 27].

Each frame p =1, ..., P of the TP-KMP is defined through the task parameters vir) AlP),
which represent an object’s position and orientation with respect to the robot’s base frame. The
demonstrations to train the TP-KMP are recorded in this global frame. These demonstrations
are mapped into each local frame using

g — A (&—v) (3.28)

Since the input is time, it does not need to be transformed for each frame.

After all local KMPs have made their predictions using (3.21) and (3.27), these are trans-
formed back into the global frame. Since the task parameters can change over time ¢ during
prediction and may differ from those used for the demonstrations, the transformations are
given by
P = AP 4P (3.29)

=

and
£7) — APEPI AP (3.30)
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Algorithm 2 Prediction using TP-KMPs

1: Initialization
- Denote k(-,-) and choose A.
- Define (p) local frames {A(P),V(”)};(L)l.
2: Learning from demonstrations
- Collect demonstrations {{s,,, &, })_ 1}, in the global frame

- Transform demonstrations into local frames using (3.28)

- Extract the reference databases for each frame {{s,, yff), z,ﬁp ) nNzl};P:) 1

3: Computing global prediction
- Receive new input query s*
- Each frame makes a local prediction with
]E(g(s*))(p) = ﬁ(p) - k*(P)(K(P) + /\1)—1;,(;7) and
D(&(s*))" = £ = N (k(s*,s*) 1P ) 1 /\Z(P))—lk*(P)T>
- Transform the local predictions into the global frame using (3.29) and (3.30).
- Compute the global output by fusing the predictions together with

_ - -1
Ay = L 2;21 ZEP) ﬁgp) and

2 - (z 0

Using (3.29) and (3.30), each frame predicts the mean fi and covariance £ from its own
perspective. Those are fused together in the global frame using a product of Gaussians

() ()
fi, = Lt Z &7 w, (3.31)
p=1
[ Eemt)
T = (Z £’ ) , (3.32)
p=1

which results again in a Gaussian distribution N (ji,, Z;).

Through (3.31) and (3.32), the predictions are fused together, giving models with lower
covariance a higher influence on the global prediction. This mechanism enables the TP-KMP
to extract features that can be reliably observed by a local KMP throughout the demonstrations
and reflect them in the global prediction. The procedure of using the TP-KMP is outlined in
Algorithm 2.

Recently, building on the original KMP formulation, which allows trajectory modulation
through probabilistic via-point and end-point constraints in a single coordinate frame [25],
Knauer et al. [40] introduced an interactive incremental learning framework that combines
TP-KMPs with kinesthetic human feedback. Their approach enables real-time skill refinement
through physical human-robot interaction, where users can guide the robot’s end-effector to
demonstrate desired trajectory corrections. A key contribution is that, instead of inserting via-
points only in a global frame as in the standard KMP formulation, they introduce via-points
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locally in the different object frames of the TP-KMP, so that corrections remain attached to
the corresponding objects and naturally follow them when task conditions or object poses
change.
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This work combines TP-KMPs with VLMs. The framework consists of a learning phase and
an execution phase.

In the learning phase, the user provides physical demonstrations on the robot, which are
recorded and used to train a TP-KMP. Once trained, the TP-KMP is recognized as a skill that
can be loaded and executed.

During the execution phase, the framework takes a user prompt / as input. The VLM
is leveraged to process the query and check if there is a matching skill. If a fitting skill is
available, the VLM loads it accordingly. If no suitable skill exists, the VLM has the option
to combine two existing skills into a new one to satisfy the user’s demand, as described in
section 4.4. After a skill is loaded, the VLM determines which objects are of interest and
parameterizes the skill’s frames.

Learning Phase Execution Phase

( 11 \ ( o 11 \
7 C Images > -
- @ - 9 Object Poses d @ C
RIS
Foundation I 8 Prompt [?_D]j + Image R Fou‘nclia;tion
Model - ) v Model
& Uy PeSrcetptlon
stem
Generate . Y p Chooste +
Schema Perception 1 Demon- I arameterize
Skill Librar
o ST | strations 4
Skill Library 1 for Choose to
: Learning Combine
1 i < 7
+ ) Generate
Skills for Schema
A Combination
Robot  Execute {0099 009
! ). LIPS W B
. | New : Q + Q :
Tralned TP-KMP o Combined : Grasp and Insert Ring !
Skill Recordings Skl Place H
NU reerereeesesesssscssesessasasasas® )

Figure 4.1.: Flowchart illustrating the learning phase and execution phase of the framework
in a high-level overview. More detailed descriptions and illustrations of each
component can be found in section 4.2 and section 4.3 respectively.

Subsequently, the predictions of the local KMPs are fused together to form the global
prediction. The mean of the global prediction is used as the robot’s trajectory.
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The TP-KMP is used to generate the robot’s trajectory with changing object positions. To
achieve this, the TP-KMP requires the positions of the local KMPs with respect to a global
base frame. The local KMP frames are placed at the object frames, while the global frame
corresponds to the robot’s base frame. Thus, the positions of the objects with respect to the
robot define the local KMP frames of the TP-KMP. When a skill (i.e., a trained TP-KMP) is
loaded, only the frames need to be parameterized to generate a prediction for a new input
query (see Algorithm 2). In this work, the input query s* of the TP-KMP is always the discrete
and normalized time ¢, which is defined through a finite number of small timesteps with
At > 0. Consequently, the only variable that can change between two predictions using the
same skill is the position of the frames.

The VLM is used to determine which objects are relevant to the user’s query. Since
VLMs struggle to generate accurate 6D poses of objects from images, and since a key aspect
of this work is avoiding fine-tuning of foundation models, an Object Pose Estimator (see
subsection 4.1.1) is introduced. The sole purpose of this Object Pose Estimator is to extract
the poses of visible objects, enabling the VLM to parameterize skills using object names. The
framework handles the translation between object names and 6D poses before parameterizing
the TP-KMP.

4.1. Preliminaries

4.1.1. Object Pose Estimation

The framework requires knowledge of object poses to parameterize the frames of the TP-KMP.
It is possible to provide the framework with a set of known objects and their positions
manually, but this would contradict the goal of automation. To address this, a perception
pipeline is implemented to determine the 6D poses of objects from a 2D image using a
fixed camera. The pose estimation module is not part of the core framework and can be
implemented using various methods, including methods that use non-fixed cameras.

The implemented example pipeline consists of two machine learning models. First, the
image is passed to a model based on YOLOv7 [88]. The YOLO model detects objects in the
image and returns bounding boxes around the detected objects. Next, a dense pose estimator
[89], which utilizes 3D mesh models of the objects, is used to estimate the 6D poses of the
objects detected and outlined by the bounding boxes. An overview of this pipeline is shown
in Figure 4.2.

The camera is placed on the side of the robot’s workspace and is fixed in position and
orientation. To improve the accuracy of the intrinsic and extrinsic camera parameter estima-
tion, the image is captured at high resolution (4K). The image is passed to the YOLO model,
which is trained on the objects included in the Yale-CMU-Berkeley Object and Model Set (YCB
Dataset) [90, 91]. Thus, the objects that can be detected and used by the pose estimator are
limited to this dataset. The YCB Dataset includes many different everyday items that can be
found in common US supermarkets. These objects are categorized by type, which includes
"Food item’, 'Kitchen item’, "Tool item’, ‘Shape item’, and 'Task item’. For each item, the
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& Perception System
Start End
‘_’ Take | YOLO Model AAE -»@'__'@

Poses +
Image

Image

Figure 4.2.: Flowchart illustrating the object pose estimation pipeline: from image capture
through object detection to 6D pose estimation.

dataset provides 600 RGB-D images, 600 high-resolution RGB images, segmentation masks
for each image, calibration information for each image, and texture-mapped 3D mesh models.
The output of the YOLO model consists of bounding boxes around the detected objects. For
detection, a confidence score of ¥ > 0.7 is used.

The image and bounding box information are forwarded to the dense pose estimator. The
key element of the dense pose estimator is the Augmented Autoencoder (AAE). The AAE is an
extension of the Denoising Autoencoder (DAE) [92], which is trained with a modified strategy.
Various augmentations are applied to the input images, while the reconstruction targets
remain clean. The augmentations include lighting changes, color and texture variations,
occlusions, background clutter, and geometric transformations. A synthetic data generation
pipeline is used to generate the training images. This domain randomization forces the
network to encode only the intrinsic 3D orientation of the object while becoming invariant
to the augmented variations. A key advantage of this approach is that it requires no
real pose-annotated training data and inherently handles symmetric objects by learning
appearance-based representations. At test time, to estimate the 3D orientation, the scene crop
is encoded and matched against a codebook of pre-computed latent codes from synthetic
views using nearest neighbor search. Subsequently, the 3D translation is estimated by
comparing the bounding box size ratio between the test image and the matched synthetic
reference view. Finally, depth data is leveraged to perform a standard Iterative Closest Point
(ICP) [93] refinement step to improve accuracy. An example of the estimated poses is shown
in Figure 4.3, where the estimated object frames are overlaid on the captured image.
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Figure 4.3.: Example output of the object pose estimation pipeline. The estimated 6D poses
of detected objects are visualized by overlaying their coordinate frames on the
captured image. The red, green, and blue axes represent the x-, y-, and z-axes of
each object frame, respectively.

The dense pose estimator returns the 6D poses of the detected objects in the camera frame.
These poses need to be transformed into the robot’s base frame before they can be used to
parameterize the TP-KMP. Since the camera is fixed in place, the transformation applied to
the estimated 6D poses remains constant.

The transformation matrix is obtained via a hand-eye calibration between the camera and
the robot. For the calibration, a board with checkerboard patterns is attached to the robot’s EE.
The robot moves to different positions, where an image is captured at each. The dimensions of
the board, the checkerboard pattern, and the robot joint states when the images are recorded
are known. Using this information, the intrinsic camera parameters are derived. Subsequently,
a 4 x 4 transformation matrix representing the extrinsic parameters, i.e., the translational and
rotational difference between the robot’s base frame and the camera frame, is computed. This
matrix can be used to transform the 6D poses returned by the dense pose estimator into the
robot’s base frame.

4.1.2. VLM Tool Calling

In this framework, the VLM has two major purposes: the selection of skills and their
parameterization, and the generation of schemas that describe a skill. The latter is used
for training new skills and for the combination of skills. To make the translation between
user input and desired output easier for the VLM, thereby making the framework more
robust, tools are leveraged. To achieve this, VLMs that are capable of handling tools are used,
specifically models that are trained to use tools [94, 95, 96].

For all VLM functionality in this framework, the input is a prompt, which may include an
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image depending on the task, and the output is a tool call. When the VLM calls a tool, its
output must fulfill certain constraints. Fundamentally, the output is a string with a specific
format. This format, typically JavaScript Object Notation (JSON), can be interpreted by the
programming language at runtime, enabling the code to execute specific functionality.

Tool definitions allow to specify the expected output format of the VLM. It is possible to
define the tool’s attributes and whether they are required. Additionally, one can specify the
type of each attribute, increasing the system’s robustness. Furthermore, the docstring of a
tool provides the VLM with an explanation of the tool’s function. Finally, each attribute can
include a docstring describing its role in the tool, making it helping the VLM to determine
which value to pass.

Tools allow to define a method to validate the input provided by the VLM. This ensures that
only valid values are passed to the code, preventing runtime errors and potential program
crashes. If an invalid value is supplied, the VLM is given up to three attempts to correct it.
This feature helps to improve robustness in tool calling, not only for data types, but also
semantically For example, the validation method can be used to verify whether the objects
the VLM intends to manipulate are actually detected by the perception pipeline.

In accordance with this principle, a set of tools is defined, including, for example, the
tool TellUserMessage, which can be used by the VLM to send a message to the user. The
complete set of tools, their attributes, and their functions is listed in section B.1.

Initially, a tool named LoadSkill was defined to enable the execution of skills. The VLM
had to select the name of the skill it wanted to load from a dynamically generated list
containing available skills. Moreover, it needed to set the names of the objects that are used
to parameterize the skill as strings. Importantly, the order of the object names fundamentally
determined the robot’s behavior. Consider a skill that provides a grasp and place motion. The
order of objects, which refer to the TP-KMP’s frames, defines which object to grasp and where
to place it, profoundly changing the skill’s execution. It was observed that the different VLMs
that were tested struggled to supply the correct values to the tool’s attributes. The problem
was that the VLM, based solely on the skill name, had to infer the motion the robot would
execute, the number of objects used by the skill, and the order in which the objects are used
in the skill. Even humans would struggle to provide the correct values to the tool with this
lack of information. This is why dynamic tools were introduced to describe skills. Dynamic
tools solve this problem by embedding all necessary information about a skill directly into
the tool definition itself, eliminating the need for the VLM to infer behavior from skill names
alone.

Dynamic Tools

Dynamic tools are not defined through code, but are generated at runtime using a schema. A
schema is associated with a skill and contains information about the skill’s name and function.
A schema is written in Yet Another Markup Language (YAML) format and describes a tool
by its name, docstring, and its attributes with their types and descriptions. The schema’s
attributes refer to the objects that can be used in the skill, inherently defining how many
objects are involved. Moreover, the schema holds information about the order in which the
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objects are interacted with. These schemas are generated either manually by the user during
skill creation or automatically by the VLM when prompted to describe a demonstrated skill
(see section 4.2) or while skills are combined (see section 4.4). Once created, schemas are
stored alongside the trained TP-KMP as YAML files and loaded whenever the skill is made
available to the system.

Leveraging the principle of dynamic tools, the grasp and place example is defined through
a skill named SkillGraspAndPlace. The skill’s docstring explains what the execution of
the skill causes, and the two attributes are object_to_grasp and target_location. Each
attribute is clarified through its own docstring, and the only information that the VLM
has to provide are object names for these attributes. The correct order of objects for skill
parameterization is handled through the object_order field of the schema. The object_order
field contains an ordered list of attribute names, ensuring that objects are assigned to the
TP-KMP’s frames in the correct sequence, regardless of the order in which the VLM provides
them. In Listing 4.1, the schema generated by the model Qwen2.5-VL-72B-Instruct [97] for
the grasp and place motion can be seen. The complete input for the generation of the schema
is listed in subsection B.2.1.

Listing 4.1: Generated schema for the grasp and place motion
action_name: "SkillStackObjects"

explanation: "This skill allows the robot to stack one object on top of another. The robot first identifies and
grasps the object_to_stack, then carefully places it on top of the base_object. This ensures a stable stack of
the two objects."

possible_fields:
object_to_stack:
type: "str"
description: "The name of the object that should be stacked on top. Choose an object from the list of
detected objects."
base_object:
type: "str"
description: "The name of the object that serves as the base for stacking. Choose an object from the list of
detected objects."

object_order:
— "self.object_to_stack"
- "self.base_object"

4.1.3. Safe, Autononomous Robotic Assistant

The robot used to embody the framework is SARA, a 7-Degree of Freedom (DoF) collaborative
robotic arm. The robot weighs 22.6 kg, has a maximum reach of 1250 mm when fully extended,
and supports a nominal payload of 12 kg. Its workspace is defined by a spherical shell with
an inner radius of 297 mm and outer radius of 1024 mm at the wrist.

SARA is equipped with comprehensive sensory capabilities, including torque sensors in all
seven joints (force resolution better than 0.1 N), force-torque sensors in the base and wrist,
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and two Inertial Measurement Units (IMUs). These sensors enable fast and reliable collision
detection [98] with limited collision torques, ensuring safe human-robot collaboration. The
robot’s joints can achieve angular velocities of up to 400 °/s.

A key feature for this work is SARA’s ability to perform kinesthetic teaching through
direct physical interaction. The integrated torque sensors allow users to physically guide
the robot during the demonstration phase (see section 4.2), which is essential for training
the TP-KMP. SARA communicates via the Links and Nodes middleware over Ethernet and
supports multiple control modes. The 7-DoF configuration provides kinematic redundancy
for avoiding singular configurations and obstacles while maintaining the desired EE pose.

SARA supports various EE tools that can be attached to the flange, including screwdrivers,
grinders, and pinching grippers. A sensor port (Peripheral Component Interface Express
(PClIe)) enables integration of optical sensors. In this work, a pinching gripper is assumed to
be mounted at all times, and tool changes between tasks are not considered.

On the link between the sixth and seventh joint, a display, Light-Emitting Diode (LEDs),
and buttons are incorporated. The buttons, LEDs, and display are programmable and can be
used for user interaction.

More information about SARA can be found here.

4.2. Learning Phase

The learning phase comprises two main steps: demonstration collection and TP-KMP training.
Demonstrations are necessary because the TP-KMP is a task-parameterized version of the
KMP, which is an IL model. The TP-KMP learns the relationship between task parameters
and robot motions from these demonstrations. During execution, the TP-KMP generates the
robot’s trajectory based on the learned model and the current task parameters.

4.2.1. Demonstration Collection

To collect demonstrations, the robot switches to zero-gravity mode, which compensates for
gravitational forces on each link. Specifically, the commanded torque vector T € R" applied
to the robot joints is

T=g(q), (4.1)

where g(q) € R" represents the gravity torque vector, which depends on the robot’s joint
configuration q € R", with n being the number of joints. Under this control mode, the
robot can be easily moved by the user, enabling kinesthetic teaching through direct physical
guidance.

Once the user initiates the demonstration recording process, an image of the scene is
captured. Using the perception pipeline (see subsection 4.1.1), objects are detected and their
poses are estimated. These are saved together with the demonstration trajectory data.

With zero-gravity mode enabled, the user can use the buttons on the last link to start, pause,
resume, stop, and cancel the process of recording a demonstration. The LEDs provide
feedback to the user about the process state. Additionally, the buttons can be used to close
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and open the pinch gripper attached to the flange. After the user completes a demonstration
and stops the recording, the user can rearrange the objects for the next demonstration and
trigger the perception pipeline using the buttons.

During kinesthetic teaching, the 6D pose of the robot’s EE is recorded at a frequency of
100 Hz. The gripper state is also recorded simultaneously. This demonstration data is used to
train the TP-KMP.

Typically, a small number of demonstrations, e.g., between three and five, are sufficient
per skill. Importantly, the demonstrations should include variations in all learned variables.
In this work, the TP-KMP predicts a full 6D pose for all points of the trajectory. Thus,
the variations between demonstrations should include both position and orientation. The
importance of this fact is emphasised in section 4.4.

4.2.2. TP-KMP Training

After all demonstrations for a skill are completed, the demonstration data is saved. Each
demonstration is associated with the 6D poses of the objects detected by the perception
pipeline, where all detected objects become frames of the TP-KMP. The TP-KMP is initialized
with the object frames and the corresponding trajectory data of the robot’s EE, and is then
trained with these values. The training procedure follows the methodology described in
section 3.2.

Simultaneously, the VLM is prompted to generate the skill’s schema containing the declara-
tive knowledge (see subsubsection 4.1.2 and subsection B.2.1). The declarative knowledge
includes the order in which the objects were interacted with. Technically, the TP-KMP is
invariant to the order of the frames since the input is time, and the prediction determines
where to go first. However, the information about which object is interacted with first, which
corresponds to the frame order, is important for parameterization at execution time and for
the combination of skills (see subsection 4.1.2 and section 4.4). The complete learning phase
workflow is illustrated in Figure 4.4.

The generated declarative knowledge is validated to ensure it conforms to the YAML
format, and the VLM is given up to three attempts to generate a valid schema. However,
the semantic content of the declarative knowledge is not verified automatically. The user
can modify the declarative knowledge by directly editing the file’s content. Alternatively,
it is possible to generate the schema file manually. Defining the declarative knowledge
manually reduces the framework’s scalability (i.e., the degree of automation), but ensures the
correctness of the file’s content.

4.3. Execution Phase

The execution phase consists of an ongoing conversation between the user and the framework.
The framework waits for user input and responds using tool calls (see subsection 4.1.2 for
more information on tool calls). Each user query initiates a perception-prediction-execution
cycle, after which the framework awaits the next user input. Once the framework is initialized,
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the conversation can begin.

4.3.1. Initialization

First, the VLM is initialized with a system prompt after the framework connects to the model.
In the system prompt, the model receives instructions to interact with the user from the
perspective of SARA and to respond exclusively through tool calls. Additionally, information
about the expected tasks is provided to the VLM. The complete system prompt can be found
in Listing A.1.

In the next initialization step, a connection to SARA is established. Thereafter, the frame-
work checks if the correct gripper is attached to the robot’s flange and moves the arm to a
predefined position. The robot is controlled using an Impedance Controller [99, 100] in the task
space coordinate frame. The impedance controller receives a 6D pose in Cartesian space as
input and outputs force commands. The controller behaves as if the robot’s Tool Center Point
(TCP) were connected to the input pose via a mass-spring-damper system. The impedance
controller is passivity-based and leverages SARA’s torque sensors to enable collision detection,
making it well suited for collaborative work with humans.

Subsequently, the provided path is checked for skills and their corresponding YAML
files. Using the schemas contained in the YAML files, all dynamic tools are generated (see
subsubsection 4.1.2 for more information).

4.3.2. Skill Selection and Parameterization

After the framework has been initialized, the user can begin interacting with the system.
This can be done by typing into the chat field on the right side of the frontend or by using
a microphone connected to the machine running the framework. Commands given via the
microphone are displayed in the chat window. If the framework sends a message to the user,
it is displayed on the monitor and can also be output through speakers. An illustration of the
frontend is shown in Figure 5.4.

Querying the model with a prompt triggers the perception pipeline to capture an image,
detect objects, and infer their positions (see subsection 4.1.1). The image and the detected
object names are appended to the user’s prompt, enabling the VLM to use this information.

Based on the received prompt, the VLM decides which tool to use and what values to pass.
If the VLM selects a skill, the corresponding TP-KMP is loaded. As defined by the skill’s
schema, the VLM provides the object names to be used with the skill. The provided object
names are validated by the skill’s validation method to ensure that the perception pipeline
successfully determined the poses of the selected objects. According to the schema’s object
order, the TP-KMP is then parameterized with the objects” 6D poses as its frames. Refer to
subsubsection 4.1.2 for more details on dynamic tool calling.

Thereafter, the TP-KMP performs a prediction for the local frames, which are subsequently
fused in the global (robot base) frame using the covariance-weighted approach described
earlier. For a detailed explanation of this process, see section 3.2. The mean of the prediction is
used as the robot’s trajectory. The TP-KMP’s predicted mean and covariance can be visualized
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in the frontend. The steps executed from user prompt to global prediction are summarized in
Figure 4.5.
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Figure 4.5.: Flowchart illustrating the execution phase cycle: from user prompt and perception
through skill selection and parameterization to TP-KMP prediction and trajectory
generation.

It might occur that no skill matches the users demand. In this case the framework allows
to combine two existing skills into a new one, that can fulfill the task. If the VLM chooses
to merge two skills together instead of executing an existing one, the new skill is made
public for use immediatly after creation, leveraging dynamic tools. After that, the skill can be
used by the VLM in the next iteration of the conversation cycle. The full procedure of skill
combnination is explained in section 4.4.

After the trajectory is computed, it is transmitted to the impedance controller for physical
execution, after which the framework returns to the listening state, awaiting further user
input.

4.4. Combining Skills

Skill combination enables the merging of existing skills into a new one, thereby creating
functionality that was not previously demonstrated. A new TP-KMP is created using frames
(KMPs) from different skills. Since the TP-KMP fuses the local predictions of its constituent
KMPs, this results in a new global prediction that was never explicitly demonstrated by the
user during data collection.
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The newly synthesized skill is intended to be used as a dynamic tool, which requires the
creation of a corresponding schema. This schema must describe the new motion and specify
how the objects are used and in what sequence.

4.4.1. Combination of TP-KMPs

Combining TP-KMPs involves joining frames (KMPs) from different TP-KMPs to form a new
TP-KMP. Once the newly created TP-KMP is parameterized, the prediction process proceeds
as described in Algorithm 2.

In principle, an unlimited number of KMPs can be combined to form a new TP-KMP.
However, in practice, the KMPs must satisfy certain constraints to ensure meaningful global
predictions. In the final step of Algorithm 2, the local predictions of the frames are fused
into a global prediction by leveraging the covariance of the frame predictions. The covariance
acts as an indicator of the influence each frame’s prediction has on the global prediction.
If multiple frames are confident (i.e., have low covariance) about their output for the same
input values, the TP-KMP prediction will not match any individual frame’s prediction exactly.
Instead, it will produce an unintended blend of the conflicting predictions. Therefore, it is
crucial that only compatible frames are combined.

Compatibility Constraints

To illustrate the importance of compatibility, consider the following example of a newly
combined TP-KMP with two frames, where time is the input and 6D pose is the output.
One KMP exhibits high covariance during the first half of the input domain, while the
other exhibits low covariance. Both frames estimate low covariance during the second half.
According to Algorithm 2, the local predictions are blended based on their covariances. As
a result, in the first half, the global prediction resembles the KMP prediction with lower
covariance. In the second half, since both KMPs estimate low covariance, the global prediction
becomes a mixture of both frame predictions. Consequently, the TP-KMP’s prediction for the
second half does not correspond to either individual KMP’s intended motion.

This example motivates the following formal definition: compatible KMPs are those that are
not confident about their output over the same region of the input domain. This means that at
any given input, only one KMP should be confident in its prediction. More formally, frames
1,2,...,P are compatible if the input domain can be partitioned into | non-overlapping
continuous regions Gi,G,...,G;, with | = P, and there exists a bijective mapping 7 :
{1,...,]} = {1,..., P} assigning each region to its most confident frame, such that for each
region G; and all ¢, € G;:

Vge{l,...,PI\{n()}, Yo O: &) —5{" >,

o,tg
where 55/’2 is the diagonal element of the covariance matrix £(P) of frame p at time ty for
output dimension o € O. The covariance difference must exceed a threshold 7, such that the
global prediction will predominantly follow the KMP assigned to region G;. This ensures that
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each frame is the most confident predictor within exactly one region of the input domain for
all output dimensions.

Furthermore, the critical portion of each frame’s motion must lie within the region G; where
it has the lowest covariance. When these conditions are satisfied, any number of KMPs can be
combined into a new TP-KMP.

Challenges in Achieving Compatibility

While the compatibility constraint is theoretically straightforward, satisfying it in practice
can be challenging. High uncertainty in a KMP typically results from strong variation in the
demonstrations. However, it is not always feasible to introduce such variation, as it must span
the entire output domain. In this work, the output is 6D poses, which means that the demon-
strations need to vary both in position and orientation. Furthermore, the demonstrations
must differ significantly to produce sufficiently high covariance in the appropriate regions.

To illustrate these challenges, consider the example of a grasp and place motion as introduced
in subsection 4.1.2. This TP-KMP includes two frames (KMPs): the first frame represents the
grasp motion, and the second frame represents the placing motion. Ideally, the first frame
should be confident during the first half of the input domain across all output variables and
uncertain during the second half, while the second frame should behave in the opposite
manner.

Introducing variation in the x- and y-dimensions of the robot’s frame is relatively straight-
forward, requiring only the placement of objects at different locations on a surface. The
primary limitation is the robot’s workspace dimensions. Varying the z-dimension already
presents challenges because human reach is limited, especially when a table is placed in front
of the robot.

Orientation is the most difficult aspect. In order to generate high variation, the objects must
be rotated significantly. However, physical constraints limit how much an object can be tilted
before it becomes unstable and falls over. This makes it impossible to demonstrate consistent
pick motions for all desired orientations.

Note that the variation must be considered from the perspective of the frames. For example,
if both objects are tilted toward each other by 45 degrees and both are approached from
above during the grasp and place motions, then the relative deviation from each frame’s
perspective is 90 degrees. This perspective slightly reduces the required variation in each
individual frame. However, depending on the task or desired motion, it can still be impossible
to generate sufficient variation to meet the compatibility constraint.

Covariance Manipulation

To address the issue of limited variation in demonstrations due to physical constraints, the
covariance can be artificially manipulated during combination. To ensure that skills and
their frames remain compatible despite insufficient deviation, the covariance of a KMP can
be adjusted to modify its influence on the global prediction. This adjustment involves both
reducing covariance in the region where the frame should dominate and increasing it in all
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other regions to minimize unintended influence. The entire covariance matrix is manipulated,
with different scaling applied to different regions of the input domain.

Consider again the example with two KMPs. The input domain is divided into two regions
g1 and G corresponding to the two frames. The covariance of the first frame is reduced
in the first region G; and increased in the second region G,, while the covariance of the
second frame is reduced in the second region G, and increased in the first region G;. When
combining additional KMPs, the number of regions is matched to the number of frames P,
with each region spanning approximately 1/P of the input domain. Each frame undergoes
manipulation in all P regions, with covariance reduction applied to only one designated
region (jj and covariance amplification applied to all others. It remains essential that the
critical motion of each frame lies within its respective reduced covariance region.

To prevent abrupt transitions between consecutive frames and mitigate the risk of high-
speed robot motions, buffer zones are introduced at the boundaries of each region G;.
These buffer zones span five percent of each region’s extent at both the beginning and end,
resulting in manipulated regions Gj that are smaller than the original regions G; and a total
unmanipulated buffer of ten percent between consecutive manipulated regions. Within
these buffer zones, no manipulation is applied, allowing for gradual transitions in the global
prediction. However, no buffer zones are applied at the very beginning of the first manipulated
region Gy or at the very end of the last manipulated region Gp_1, ensuring full coverage of
the trajectory endpoints.

The manipulation is applied using a cosine-based scaling function that generates smooth
transitions within each manipulated region. For a manipulated region Gj consisting of N,
prediction points with a maximum scaling weight pmax (€.g., Pmax = 30), a one-dimensional
profile is generated as

L1 2i — N, ,
7(1):2<1+cos(7r N, >>, i=0,1,...,N,—1, (4.2)
where i denotes the index of the prediction point within the manipulated region. This profile
achieves its maximum value of 1 at the center and smoothly decays to 0 at the boundaries. A
two-dimensional mask is constructed as the outer product I' = v ® <, resulting in a matrix of
shape N, x N;. The actual scaling factor matrix is computed as

P =14 (pmax — 1)T, 4.3)

where the addition of 1 ensures that the scaling ranges from 1 (no manipulation) at the
boundaries to pmax at the center. Within the designated region Qj for frame p, the correspond-

ing block of the covariance matrix Z,(f ) is divided element-wise by p to increase the frame’s

influence. In all other manipulated regions, the covariance blocks are multiplied element-wise

by p to decrease the frame’s influence. The manipulated covariance matrix f‘.,(f ) for frame p is

thus constructed by applying the appropriate operation to each regional block.

For the first and last manipulated regions Go and Gp_1, the cosine-based profile is adjusted
to maintain its maximum value throughout the endpoint regions, ensuring no decay at the
trajectory’s beginning or end. Figure 4.6 illustrates an example of a combined skill with two
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KMPs, showing how the global prediction follows each frame in its respective region with
smooth transitions facilitated by the buffer zones.
This approach highlights the necessity of

knowing the order of the KMPs within the -102
TP-KMP, which is incorporated in the skill’s 10!
schema. For instance, consider two TP-KMPs, S
each composed of two frames (KMPs). If the 100 2
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quiring additional demonstrations. However,
successful combination imposes certain con-
straints, particularly on the covariance distri-
bution of the constituent frames. While meth-
ods such as covariance manipulation can help
satisfy these constraints, they cannot resolve
all compatibility issues.

Careful consideration is required to deter-
mine which skills can be combined and how
they should be ordered. To address this chal-
lenge, the VLM’s reasoning capabilities are
exploited to autonomously select appropriate
skills and determine the optimal combination
strategy, as discussed in the following section.

Figure 4.6.: Prediction of the second frame
of a combined skill with two
KMPs with covariance manip-
ulation and the corresponding
frame without covariance manip-
ulation.
The factor for manipulation is
shown as well.
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4.4.2. Tool Call and Schema Generation

For a successful combination of skills such that the resulting skill has a meaningful predic-
tion, the frames used need to be selected with care. Furthermore, it involves generating a
corresponding schema that describes the skill’s motion. Both tasks require a fair amount of
reasoning to be executed correctly. Hence, the VLM is leveraged to provide the necessary
reasoning capabilities.

To simplify the task for the VLM, the selection of frames (KMPs) and schema generation
are split into two separate tasks. The choice of frames and their order in the new TP-KMP
via calling the CombineSkills tool and filling its attributes is performed by the VLM that
leads the conversation with the user. For schema generation, a new connection to the VLM
is established specifically for that task. The same model is used for both operations, but
the distinct connections maintain separate histories and system prompts. For the sake of
readability, the connection used for user interaction is referred to as the main VLM, and the
one for schema generation is named the schema VLM.

Frame Selection

To specify which frames to use from which TP-KMP, the main VLM calls the CombineSkills
tool and sets the value for the combination_dict attribute. The full tool description can be
found in section B.1. Through the combination_dict, the main VLM defines the TP-KMPs to
use as the keys, with the values being the frame identifiers defined by the attribute names
used in the TP-KMPs” schemas. With respect to the example of the grasp and place motion
established in subsection 4.1.2, the first frame of the skill would be defined in the dictionary
as {"SkillGraspAndPlace": "self.object_to_grasp"}. The VLM adds further frames in
the same manner. The order of the skills and their frames corresponds to the sequence in
which they are merged together.

The validation method of the CombineSkills tool verifies that the given skills exist. If this
is not the case, the main VLM is informed and has two additional attempts to pass correct
values.

Schema Generation

Generating a schema for the combined skill is performed by utilizing the schema VLM. This
approach leverages the information contained in the schemas corresponding to the skills
being combined. The schema VLM receives all schemas of the skills being combined as well
as the frame selection information specified in the combination_dict.

According to the schema VLM’s system prompt, the content for the new skill is generated.
The content must be in YAML format, which is validated after generation. Moreover, it is
ensured that the keywords and attributes have the correct type and format. The function used
to check the schema’s content can be found in Listing B.4.
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The proposed framework is validated through a series of qualitative demonstrations on SARA.
The goal of these tests is to verify that the system can successfully acquire, represent, and
reproduce manipulation skills through demonstration, adapt these skills to changing object
positions, and deploy them in response to user demands. Further, the ability to combine
existing skills to create new motions is evaluated.

5.1. Experimental Setup

The framework is tested on SARA (see subsection 4.1.3), equipped with a pinch gripper and a
static RGB-D camera positioned at the side of the robot’s workspace. The camera captures
the working table in front of SARA, enabling object detection and pose estimation through
the perception pipeline described in subsection 4.1.1. Several objects from the YCB Dataset
dataset are used, including the CHEEZ-IT cracker box, the Master Chef ground coffee can, and
the SPAM canned meat. Example outputs of the pose estimator for the first two objects are
shown in Figure 4.3.

Different foundation models were used throughout the development of the framework.
These models include Pixtral 12B [101], Qwen2.5-VL-72B-Instruct [97], Qwen2.5-32B [76],
and DeepSeek-R1-32B [102]. Notably, the latter two are not VLMs but LLMs. They were only
used for the execution phase (see section 4.3), but did not receive image input. The VLM
used for the experiments is the Qwen2.5-VL-72B-Instruct, as it empirically proved to be the
best performing among the tested models.

5.2. Skill Teaching and Demonstration

Various skills are taught interactively, including grasp and place, grasp and pour, and insert
ring. For each skill, multiple demonstrations are recorded to cover a range of motion
directions, spatial, and orientational variations. The demonstrations are given directly on
SARA following the procedure described in section 4.2. Each KMP is trained using kg;um = 26
Gaussian components and A = 0.1, with a Matérn kernel with v = 5/2 [24] and a length of
k; = 0.1 to predict N = 150 points.

5.2.1. Grasp and Place

The first skill taught is the grasp and place motion, which also serves as a running example in
chapter 4. This skill involves grasping an object from above and placing it at a designated
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Figure 5.1.: Visualization of the demonstrations used to teach the grasp and place motion in
the frontend. Each colored line represents the positional component of a single
demonstration in the global (robot’s base) frame.

location or on top of another object, hence consisting of two frames. Four demonstrations
are recorded, each intentionally varied in position, orientation, and direction of motion to
introduce diversity in the dataset. As already described, the incorporation of a significant
amount of diversity in orientation proves difficult. The objects cannot be positioned with
arbitrary orientation, since they fall over if tilted too much, making it impossible to , for
example, grasp them from above. As can be observed from the yellow line in the left image
of Figure 5.1, it was possible to introduce a tilt of approximately 25 degrees on one object.

After training the TP-KMP and generating a schema, which can be seen in Listing 4.1, the
skill is added to the framework.

5.2.2. Grasp and Pour

The grasp and pour motion is similar to the grasp and place motion in the sense that it also
consists of two frames and is also taught using the CHEEZ-IT cracker box and the Master
Chef ground coffee can. The motion describes the process of grasping an object from the
side and then moving above a second object. Once the first object is above the second one,
the first object is tilted such that its content can be released. For teaching, the cracker box is
grasped such that the gripper touches the box on the cover and back side. The ground coffee
can serves as a container. Since the CHEEZ-IT box was not opened, no crackers are released.
Images showcasing the motion can be seen in Figure 5.2.

5.2.3. Insert Ring

The final skill demonstrates a motion not involving objects from the YCB Dataset. This task is
motivated by the intended use of the framework in industrial settings and involves objects
and tasks provided by industry partners of the DLR. The insert ring motion places a bearing
ring into a measurement unit that conducts quality checks. Images of the measurement unit
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Figure 5.2.: Images of SARA executing the grasp and pour motion. The motion consists of
grasping an object from the side (right) and then pouring its content into a second
object (left).

are shown in Figure A.1. The measurement unit is secured in position using a click system
integrated into the working table.

This task cannot be achieved with the grasp and place motion, as the insertion requires a
particular and well-defined trajectory. The measurement pin, which conducts the measure-
ment, is positioned at the bottom of the measurement surface. This pin can move vertically
along a straight line and is attached to a spring pressing it to the outside of the measurement
surface. Together with two additional contact points, these three points define a circle. The
tirst additional contact point is positioned opposite the measurement pin, and the second is
positioned approximately 15 degrees to the side of the first. The bearing ring must be placed
such that it touches all three contact points simultaneously.

For successful insertion, the ring must first engage the measurement pin and press it
upward until it can slip over the other two contact points. Once the ring passes these points,
it can be released and is pulled into its final position by the spring force that holds the
measurement pin in place.

This skill proves significantly more challenging to teach than the grasp and place motion
due to the tight tolerances required for successful insertion. While the grasp and place motion
allows for some spatial variation, the insert ring task demands precise alignment and a
carefully controlled trajectory to avoid collisions with the measurement unit.

Six demonstrations are recorded to capture the precise insertion trajectory. During teaching,
particular attention is paid to the sequential nature of the insertion process. The critical aspect
is to first push the measurement pin upward with sufficient force and only then slip the ring
over the remaining two contact points. This two-stage motion ensures that the ring does not
collide with the other contact points during insertion. The demonstrations along with the
resulting prediction for the position are shown in Figure 5.3.
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Another challenge concerns the measure-
ment unit itself. The measurement unit cannot

be detected by the perception pipeline, as it ~ _ 0.2
is not part of the YCB Dataset. Fine-tuninga £
YOLO [88] model and training an AAE for the X 0.0

unit to integrate it into the perception pipeline

proves difficult, as both require a 3D mesh of

the desired object, which is not available. Con-
sequently, the position and orientation of the 0.2
measurement unit are specified manually. The 0.0
skill assumes that the ring is already grasped
by the gripper, eliminating the need to specify
the pose of the ring. Furthermore, teaching the —0.41
skill is not straightforward, making it difficult
to apply different rotations during training.

In contrast to the other two skills, this skill’s
TP-KMP consists of only one KMP. This is
due to the absence of a picking motion before
insertion. To achieve compatibility with other
skills for potential combination, the motion is
divided into two parts. The first part exhibits
no motion at all, in fact the robot’s EE holds
an arbitrary pose. The second half showcases
the actual insertion. This approach enables — Mean — Demonstrations
significant variation between demonstrations, Std. Dev.
such that the KMP has high covariance in the
first half and very low covariance in the second
half.

Although the TP-KMP possesses only one
KMP, it is still possible to move the measure-
ment unit and execute a successful insertion. sition coordinates over the nor-
However, the new position and orientation malized time in the local frame
must be specified manually. The click system of the KMP.
integrated into the working table proved very
helpful in this regard, allowing for precise localization without using measurement tools.
Leveraging this, it is confirmed that the skill can be executed at different positions with
successful insertion.

y [m]

z[m]

Figure 5.3.: Visualization of the six demon-
strations and the resulting TP-
KMP prediction for the insert ring
motion. The plots show the po-

5.3. Skill Execution

For the framework’s verification, the Qwen2.5-VL-72B-Instruct [97] is used. Different
prompts are employed to trigger the desired motions, varying in their level of abstrac-
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tion and specificity. This section demonstrates how the VLM interprets natural language
commands and selects appropriate skills based on the visual scene and user intent.

5.3.1. Prompt Variations and Skill Selection

Throughout the testing phase, the framework is interacted with using various natural language
prompts. These prompts are categorized into three levels of abstraction: direct skill references,
task-level commands, and high-level goal descriptions. Table 5.1 provides examples of each
category and their corresponding outcomes.

Prompts that explicitly mention the skill name or closely describe the taught motion
consistently trigger the correct skill. As expected, such direct references work reliably,
as they match the skill descriptions provided to the VLM. More interesting are task-level
commands that describe the desired outcome without explicitly naming the skill. These
prompts generally work well, with the VLM successfully interpreting the user’s intent and
selecting the appropriate skill based on the visible objects. For instance, when given the
prompt “I want cracker on the can” with the cracker box and both coffee and canned meat cans
visible, the model correctly selects the grasp and place skill to pick up the cracker box and then
randomly chooses one of the cans.

The framework is also tested with abstract, goal-oriented prompts such as the lowest two
in Table 5.1. These very vague prompts result in the VLM requesting clarification or stating
that no matching skill exists, as multiple interpretations are possible.

Table 5.1.: Examples of prompt variations and their desired outcomes. A darker background
color represents a more abstract prompt, categorizing them into Direct Skill Refer-
ences, Task-Level Commands, and High-Level Goal Descriptions respectively. The
object names refer to the YCB Dataset objects CHEEZ-IT cracker box, Master Chef
ground coffee, and SPAM canned meat.

Prompt Detected Objects Desired Outcome

"Grasp and place the box on the can”  cracker box, ground grasp and place motion
coffee

"Pour the crackers into the can” cracker box, ground grasp and pour motion
coffee, canned meat

"I want cracker on the coffee” cracker box, ground grasp and place motion
coffee

"I want some cracker in the can” cracker box, ground grasp and pour motion
coffee, canned meat

"Prepare breakfast” cracker box, ground No matching skill, clarifica-
coffee, canned meat  tion requested

"Organize the workspace” cracker box, ground No matching skill, clarifica-

coffee, canned meat  tion requested
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5.3.2. Natural Language Interface Evaluation
Robustness to Language Variations

During testing, the VLM demonstrates robustness to variations in phrasing. Synonymous
commands such as "Put the box on the can” and "Place the box on top of the can” both trigger
the same skill. Minor grammatical variations or casual language do not impede the model’s
ability to interpret the command correctly. Even misspellings or filler words used during
natural speech do not affect the outcome.

Ambiguity Handling

In cases of ambiguity regarding the skill, the VLM generally responds with clarification
requests rather than making arbitrary decisions. For example, when given an underspecified
prompt with multiple possible interpretations, the model asks the user to specify which action
is desired. This behavior is important for ensuring that the robot performs the intended task.
If the ambiguity concerns which object to use, on the other hand, the model tends to choose
one that matches the description without requesting clarification.

Visual Context Integration

The natural language interface proves flexible when objects are repositioned within the
workspace. The same prompt can be used regardless of where the objects are located, as the
VLM interprets the command based on the perceived object configuration. For instance, the
prompt “Stack the box on the can” works correctly whether the objects are positioned on the
left, right, or center of the workspace, as long as they are visible to the camera.

5.3.3. Execution Results

Once the VLM has chosen a skill and parameterized it with the detected object poses, the skill
is executed. For all three skills presented, execution succeeded with different object positions.
The tested object poses varied significantly from those used during training, demonstrating
the generalization capability of the TP-KMP. Moreover, for the grasp and place and the grasp
and pour motions, different object orientations were tested, and the framework proved to
execute the skills reliably. Success is qualitatively assessed by observing whether the motion
is executed as expected and achieves the intended outcome.

However, it was observed that the EE does not always reach the same position relative to
the object. This happens especially often when objects are placed at the edges of the working
table. Two factors can cause this effect. First, the accuracy of the perception pipeline’s pose
estimation is reduced at the edges of the camera’s field of view or when objects appear small
in the image. Second, the object might be at the limit of SARA’s workspace. The skill’s
trajectory prediction does not explicitly account for the robot’s reachability constraints. If the
predicted trajectory extends beyond the reachable workspace, SARA attempts to follow it but
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cannot fully execute the motion. This can result in incomplete or inaccurate execution of the
predicted skill trajectory.

5.3.4. Limitations and Failure Cases

While the VLM-based interface generally performs well, some limitations are observed. Very
abstract or ambiguous prompts sometimes confuse the model, particularly when multiple
skills could plausibly satisfy the command. Additionally, if the prompt references objects that
are not visible in the camera feed, the VLM cannot fulfill the request, and sometimes chooses
a random object.

The model’s performance also depends on the quality of the skill descriptions contained
in the provided schemas. Clearer, more detailed skill descriptions generally lead to better
skill selection accuracy. This suggests that careful prompt engineering at the system level for
schema generation is important for robust performance.

The framework’s performance depends on the accuracy of the perception pipeline. If object
detection or pose estimation fails, the VLM cannot correctly interpret the scene, leading to
either incorrect skill selection or requests for clarification. Furthermore, the pose estimation’s
precision is reduced when the objects are placed at the edge of the camera’s vision. This can
lead to inexact motion, even with correct skill selection. Inaccuracy of object pose estimation
can and most likely will happen if objects are partly occluded. Since the perception pipeline is
not part of the framework, it technically does not matter for performance. Still it is noteworthy
that the object poses provided to the framework require correctness.

5.4. Combining Skills

To evaluate the framework’s ability to combine skills, a new motion is generated by merging
two existing skills. In an industrial setup example, the grasp and place skill is combined with
the insert ring skill to produce a motion that involves grasping an object and subsequently
inserting it into the ring measurement unit. Logically, the grasped object should be a bearing
ring that matches the ring measurement unit.

5.4.1. VLM Decision-Making for Skill Composition

The chain of thought that leads to the conclusion that a combination of skills is required
incorporates multiple steps that the VLM must execute. First, it must recognize that none
of the existing skills fully satisfies the user’s request. Next, the model needs to understand
that the user’s intended motion can be achieved by combining two existing skills. Finally;,
the appropriate and compatible frames of the involved skills need to be selected and ordered
correctly. This is no trivial task and requires substantial reasoning capabilities from the VLM.

Hence, it is not surprising that the model struggles to arrive at the correct solution with
more abstract user prompts. In Table 5.2, three example prompts of varying complexity are
presented. The first prompt is categorized as a direct skill reference, explicitly telling the
model which skills and objects to use. This prompt consistently results in successful skill
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combination, as the model receives clear instructions on which skills to merge and in what
order, explicitly referencing the names of the skill schemas.

In contrast, the second prompt represents a task-level command that does not specifically
state the needed skills and frames but hints that a combination of skills is required. The VLM
receives the information that the task requires picking the ring up and then conducting a
quality check, without explicitly naming the involved skills. The model needs to understand
that none of the existing skills satisfies this motion. However, the VLM often fails to reach
that conclusion and instead decides to load the grasp and place motion.

The third prompt is also categorized as a task-level command but provides less information
on how to arrive at the correct solution. This description requires that the VLM infers both the
need for combination and which specific skills to compose. This abstract formulation proves
significantly more challenging. The model must understand that measuring the ring requires
first grasping it and then inserting it into the measurement unit, and that this sequence cannot
be accomplished by any single existing skill. Consequently, it is not surprising that the model
nearly always fails to arrive at the correct solution.

The success rate for skill combination varies considerably based on prompt specificity.
Direct references to skills and explicit combination requests achieve near-perfect accuracy,
while task-level prompts result in incorrect solutions most of the time. In cases where the
model fails to identify the correct combination, it typically selects a single skill that partially
addresses the prompt but does not fully satisfy the intended outcome.

The performance is highly influenced by the VLM'’s system prompt and the information
provided in the skill schemas. With improved prompt engineering, the framework is expected
to perform better.

Table 5.2.: Examples of prompts tested to trigger skill combinations. Darker shading indicates
more abstract combination requests.

Prompt Detected Objects Desired Outcome
"Combine the SkillStackObjects and bearing ring, mea- Combination of motions
SkilllnsertRing, using the ‘object to surement unit grasp and place and insert
grasp’ and the ‘measurement unit’.” ring
"Pick up the ring and do a quality bearing ring, mea- Combination of motions
check. If no matching skill exists com- surement unit grasp and place and insert
bine fitting ones.” ring
"Measure the ring” bearing ring, mea- Combination of motions
surement unit grasp and place and insert
ring

5.4.2. Skill Selection and Sequencing

In this example, the correct combination is to take the frame containing the grasp from the
grasp and place motion together with the only frame of the insert ring motion, in this order.
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When the VLM decides to combine skills to satisfy the prompt, it selects the correct skills and
frames. Additionally, the sequence of the frames in the new TP-KMP is correct. Even though
the skill representing the grasp and pour motion is published to the VLM, it never chooses
to combine that skill with the insert ring motion. An image of the conversation leading to a
successful combination and the resulting prediction is shown in Figure 5.4.

0 r B A @& ©

Hi, what can you do?

Figure 5.4.: Screenshot showing the frontend with the visualization of the combined ring
insertion TP-KMP’s prediction. The orange line indicates the position part of the
trajectory, while the red circles show the covariance of these values. The object
positions were defined manually, since they cannot be detected by the perception
pipeline.

5.4.3. Execution Performance

Combining the two skills containing the grasp and place and the insert ring motions yields a
composite skill that picks up the ring and subsequently inserts it into the measurement unit.
After creation, the skill is made available to the VLM such that it can be selected for execution.
In Figure 5.4, the prediction of the combined skill in the frontend is visualized. The execution
of the skill produces the desired robot motion, successfully picking up the ring and inserting
it into the measurement unit. This behavior works reliably across different object positions.
Consequently, there is no need to utilize the covariance manipulation technique introduced
in subsubsection 4.4.1 for this example.
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In a second example, the skills grasp and pour and grasp and place are merged to create
a motion that grasps an object from the side and then places it with a 90-degree rotation.
This combined skill fails to execute the desired motion without covariance manipulation. To
analyze the orientation behavior, the 3D rotation matrices are represented as 6D vectors using
the Gram-Schmidt orthogonalization process [103, 104], which allows for continuous and
differentiable orientation representation. In Figure 5.5, the local predictions of the original
skill frames used for combination and the predictions of the combined skill with and without
covariance manipulation in the global (robot base) frame are shown. The combined skill
should first follow the first frame of the grasp and pour motion to pick up the object from the
side and then follow the second frame of the grasp and place motion to place the object with
the gripper facing downward, thus applying a rotation.

Analyzing the plots in Figure 5.5, it is evident that this is not the case for the combined skill
without covariance manipulation. Examining the vx component as an example, this deviation
is caused by a considerably large covariance in the second half of the second frame of the
grasp and place motion, which corresponds to the placement phase. In contrast, the covariance
of the first frame of the grasp and pour motion in that region is small, resulting in a higher
influence on the global prediction.

The shape of these covariances reflects the task-specific constraints during demonstration.
For the grasp and pour motion, while positional variation was present across demonstrations,
the orientation remained consistent to prevent tilting of objects during pouring. Consequently,
the learned model exhibits low orientation uncertainty despite high spatial variability. When
this frame is combined with the grasp and place motion, which has higher orientation uncer-
tainty in the placement phase, the product of Gaussians is dominated by the low-uncertainty
pouring orientation. This results in the global prediction inappropriately following the orien-
tation trajectory of the grasp and pour motion throughout the entire combined skill. Similar
behavior can be observed for the uy component.

The manipulated version of the combined skill maintains the intended path and the skill
can be executed successfully. It is noteworthy that due to the combination, the orientation
values change much more rapidly over a short time span than in the two original skills. This
results in relatively fast movements of the robot’s EE.

5.4.4. Generalization to Novel Objects

During execution, the skill describing the grasp and place motion proves to work reliably with
different object positions. Interestingly, the skill also works with objects that are not used
in the learning phase. Hence, the robot is able to use the same skill to pick up the canned
meat SPAM and place it on the ground coffee can. It is also possible to change the object that
functions as the base. Notably, the trajectory might not fit the new object perfectly anymore,
meaning that when the SPAM is placed on the Master Chef can, there is a gap between the
two objects when the gripper releases the canned meat.

These effects are logically explained by the fact that the perception pipeline returns the
center of the objects as their coordinate frame. These frames are used to parameterize the
TP-KMP’s KMPs. The KMPs predictions are transformed into the global (robot’s base) frame
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Figure 5.5.: Plot showing the orientation of the robot trajectories represented as 6D vectors
calculated using the Gram-Schmidt process. The plot shows the global prediction
of the combined skill with and without covariance manipulation as well as the
local predictions of the frames used for combination in the global frame.
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using these frames, as described in section 3.2. Thus, the learned trajectory of each KMP is
relative to the object’s size. The placing motion was trained with the cracker box and the
ground coffee can, leading to a KMP’s prediction that will stop the robot’s EE at a certain
distance above the Master Chef’s origin to open the gripper. If a significantly smaller object
like the canned meat is used with the same prediction, the distance of the gripper to the
center of the coffee can will be similar, but the canned meat does not fill this distance as the
cracker box did.

The same principle can be applied to the grasping motion. The EE of the robot approaches
the CHEEZ-IT cracker box at a certain distance to its origin from above. This distance will
be the same for all other objects used with this skill. For the smaller SPAM can, this did not
pose a problem, but imagine a bigger object. The distance from the large object’s origin to
the outline of its shape is greater than the learned distance between its center and the EE.
Consequently, the robot will collide with the object. For soft objects, this might be irrelevant,
but fragile objects will be damaged. Notably, the robot will not push against the object with
infinite force. The force is defined by the distance between the object’s outline and the learned
destination of the EE and the hyperparameters of the impedance controller. Assuming that
the robot approaches the object slowly, the mass and damping factor can be omitted. With
the chosen stiffness of Ky = 750 N/m representing the virtual spring, the maximum exerted
force Fmnax on the object can be calculated by

Fmax :KfHdH/ (5-1)

where ||d|| denotes the displacement magnitude between the desired and actual EE positions
in meters.

The distance ||d|| is not easily calculated, because the predicted trajectory changes with
object positions and the way the motion was taught also matters. If demonstrations show that
the grasp motion is performed by touching the object at the very edge, the distance is different
from a motion that was taught by fully placing the object inside the gripper. Nevertheless, it
can be approximated by the difference in size between the objects, assuming that the relative
position to the object’s origin of the EE will not change between different attempts. The only
needed measure is the distance from the object origins to their outline where they are grasped,
denoted as d,. For two objects 0 = 1 and o = 2, this results in

AR

d|| ~
Jaf ~ W

5.2)
This approximation of the distance can also be used in other contexts, for example, to calculate
the gap between the SPAM can and the ground coffee can. Having this approximation in
mind, it is possible to intuitively decide if the taught skill will work with another object by
comparing the sizes and shapes of the objects. Obviously, this approximation is feasible only
for this skill, but it provides good intuition on how object sizes matter for the learning and
execution phases and how they affect other skills as well.

As another example, the grasp and pour motion fails when applied to the SPAM canned
meat. The motion is demonstrated using the CHEEZ-IT cracker box, grasping it from the side
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(see Figure 5.2). The KMP learns to lower the robot’s EE to a certain height with respect to
the object’s origin before rotating it from an upside-down orientation to grasp from the side.
When this motion is applied to the significantly smaller SPAM can, the prediction causes
SARA'’s gripper to collide with the table before the rotation occurs.

5.5. Summary

The qualitative evaluation conducted in this chapter demonstrates several key capabilities
and limitations of the proposed framework. The system successfully learns, executes, and
combines manipulation skills while providing a natural language interface for deployment.

The framework demonstrates reliable skill execution across all three implemented skills. The
grasp and place motion generalizes well to different object positions and moderate orientation
changes, while the more complex insert ring skill maintains precision even with position
variations. The grasp and pour motion successfully executes with consistent objects but
shows sensitivity to significant size variations. This generalization capability confirms the
effectiveness of the task-parameterized approach in adapting to new object configurations.

The natural language interface proves robust in handling various command formulations.
Direct skill references and task-level commands consistently trigger appropriate skill selection,
with the VLM correctly interpreting user intent even with grammatical variations or minor
misspellings. The system appropriately handles ambiguity by requesting clarification when
commands are too abstract or when multiple interpretations are possible, contributing to
predictable and safe operation.

Skill combination capabilities show promise but with clear limitations. The framework
successfully combines the grasp and place and insert ring skills when given explicit instructions,
maintaining smooth transitions between component motions. However, the VLM’s ability to
autonomously recognize combination needs and select appropriate skills degrades signifi-
cantly with more abstract commands, indicating current limitations in complex reasoning
capabilities.

Several technical limitations emerge from the evaluation. The framework’s performance
depends heavily on accurate object pose estimation, with reduced reliability at workspace
boundaries or when objects are partially occluded. Object size sensitivity affects skill transfer,
particularly for motions with specific geometric requirements like the grasp and pour motion.
These limitations, while not fundamental to the framework’s design, represent practical
constraints for deployment that inform future development priorities.
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This chapter interprets the results presented in chapter 5 and discusses implications, lim-
itations, and the broader context of the proposed framework. The evaluation shows that
integrating TP-KMP with pretrained VLMs enables intuitive skill teaching, natural language-
based execution, and on-the-fly skill composition, but also exposes several design and practical
constraints.

6.1. Architectural Design and System Assumptions

The modular architecture separates perception, reasoning, and execution into distinct compo-
nents. This contrasts with end-to-end approaches such as OpenVLA [19], which integrate
visual processing, language understanding, and action prediction into a single model. In in-
dustrial and service robotics, the chosen architecture trades some generality for data efficiency,
requiring only 3-6 demonstrations per skill instead of hundreds or thousands for fine-tuning.
The mathematical foundations of TP-KMP provide inherent uncertainty quantification and
smooth trajectory generation, whereas end-to-end policies must implicitly acquire these
properties through extensive training.

A key design goal was compatibility with different foundation models and TPIL methods.
Multiple VLMs and LLMs were tested, including Pixtral 12B [101], Qwen2.5-VL-72B-Instruct
[97], Qwen2.5-32B [76], and DeepSeek-R1-32B [102]. The modular structure enables straightfor-
ward model substitution and adaptation to emerging foundation models without architectural
changes. This contrasts with approaches such as VocalSandbox [78], where the foundation
model is prompted via the API of a specific provider, limiting flexibility.

While TP-KMP is used as the TPIL method, the framework also accommodates alternatives
such as TP-GMM [28, 42], provided the TPIL implementation satisfies the framework interface.
The skill combination mechanism in section 4.4 relies on covariance-based fusion and thus
applies to probabilistic TPIL models that represent uncertainty via covariance matrices.
Implementation details, such as the covariance manipulation strategy (subsubsection 4.4.1),
may require adaptation for different uncertainty representations.

6.1.1. Perception and Pose Estimation

Although the framework assumes known object poses, an example perception pipeline was
implemented for demonstration. The pipeline described in subsection 4.1.1 uses YOLOv7 [88]
for object detection and an AAE-based [92] dense pose estimator for 6D pose inference. This
introduces additional complexity compared to potential VLM-based pose estimation, but
offers greater accuracy and reliability. Recent studies indicate that current VLMs, while
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exhibiting some spatial reasoning capabilities, remain primarily focused on semantic un-
derstanding and struggle with complex spatial relations and precise pixel-level affordances
required for manipulation [11, 12]. Consequently, they are not yet reliable replacements for
dedicated 6D pose estimators in tasks that demand high geometric precision, such as the ring
insertion evaluated in chapter 5.

The fixed camera configuration simplifies calibration, as the extrinsic parameters between
camera and robot base remain constant. However, this limits visibility and can cause oc-
clusions when multiple objects are present or when the robot obstructs the view. Despite
this, the configuration proved sufficient for the evaluated tasks and represents a pragmatic
trade-off between system complexity and deployment effort.

The reliance on accurate object pose estimation constrains applicability to settings where
the perception pipeline is reliable. The implemented pipeline is trained on the YCB Dataset,
restricting object diversity and requiring either dataset extension or alternative perception
approaches for broader deployment.

6.1.2. Use of VLMs as High-level Reasoners

The framework uses pretrained VLMs exclusively for high-level reasoning tasks such as skill
selection, object identification, and schema generation, rather than for trajectory generation or
low-level control. As discussed in section 2.2, current LLMs and VLMs lack sufficiently robust
spatial reasoning for accurate motion prediction without extensive contextual information or
fine-tuning [105, 106].

The tool-calling paradigm provides a structured interface between VLM reasoning and
execution components. Dynamic tools (subsubsection 4.1.2) proved essential for reliable
skill parameterization. Early attempts with a generic LoadSkill tool required the VLM to
infer motion semantics from skill names alone, leading to frequent errors in object selection
and ordering. Embedding skill-specific information directly into tool schemas reduces the
cognitive load on the VLM and improves robustness.

The schema validation mechanism currently checks only structural correctness (YAML
and JSON format, data types, required fields) and does not verify semantic validity. The
system cannot automatically assess whether a schema accurately reflects the demonstrated
motion or object order, leading to occasional user corrections, especially for complex skills.
A multi-VLM architecture, with one model generating schemas and another verifying their
semantics [107, 108], could mitigate this at the cost of increased complexity and computation.

6.1.3. Static Scene Assumption

A notable constraint is the static scene assumption. Once an image is captured and object
poses are estimated, the TP-KMP predicts a trajectory based on these poses. Objects cannot be
moved or rearranged during execution, as the trajectory is not updated. For many industrial
and household manipulation tasks this is acceptable, but scenarios with dynamic objects or
close human-robot collaboration would require real-time pose tracking and replanning.
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6.2. Teaching Phase

Compared to ICL approaches [21], the framework stores skills in the model rather than in
the system prompt, avoiding context window limitations and enabling long-term skill library
accumulation. At the same time, demonstration collection exposed practical constraints of
the current approach.

As discussed in section 4.4, sufficient variation in demonstrations is crucial for obtaining
informative covariance structures in the learned TP-KMP, especially for skills intended for
later combination. Variation in position is relatively easy to obtain within the workspace, but
orientation variation is physically constrained. Objects cannot be arbitrarily tilted without
losing stability. For the grasp and place motion, only about 25 degrees of tilt could be
demonstrated reliably.

Insufficient orientation variation yields KMPs with low covariance in orientation dimensions
across the input domain, which can cause undesired fusion behavior when frames are
combined. The covariance manipulation method in subsubsection 4.4.1 alleviates this but
cannot make arbitrary KMPs compatible. Demonstration strategies that explicitly teach
atomic motions with compatibility padding may address this and are discussed in chapter 8.

6.2.1. User Interaction During Teaching

The current demonstration process uses physical buttons on the DLR robot’s (SARA) last link
to control recording (start, pause, resume, stop, cancel) and gripper operation. This interface
is intuitive and effective but platform-specific. It is not set that any collaborative robot has
similarly accessible programmable buttons or displays.

To increase platform independence and autonomy, the same functionality could be exposed
through VLM-based static tools. Voice commands such as “start recording” or “stop demon-
stration” could be interpreted by the VLM and translated into control signals, removing the
need for dedicated hardware while preserving hands-free kinesthetic teaching. This would,
however, depend on robust speech recognition and may introduce latency in the control loop.

6.3. Execution Phase

The evaluation indicates that the VLM-based natural language interface interprets user
commands across different abstraction levels. Direct skill references and task-level commands
typically trigger correct skill selection, while very abstract prompts lead to clarification
requests. This behavior aligns with the goal of an intuitive yet safe and predictable interface.

An observed asymmetry arises in handling ambiguity. When the skill choice is unclear,
the model usually asks for clarification. When the object choice is ambiguous (e.g., multiple
cans but the prompt mentions “the can”), it often selects one arbitrarily. For safety-critical
applications, the system should request clarification in both cases. This could be implemented
via validation logic that detects multiple matching objects and enforces a clarification step
before execution.
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6.3.1. User Feedback and Transparency

The frontend visualization (Figure 5.4) was valuable during development and evaluation,
making VLM decisions and planned trajectories transparent before execution. However,
requiring users to monitor a screen might conflict with the aim of intuitive interaction,
requiring users to divide their attention. The framework can be operated purely by voice, but
then users lose the ability to preview motions.

Alternative feedback mechanisms could reconcile this trade-off. Augmented reality pro-
jection could overlay predicted trajectories directly in the workspace, removing the need for
a separate display. Alternatively, the VLM could verbally summarize the intended motion
before execution via the Tel1lUserMessage tool, allowing users to confirm or cancel the action.

6.4. Skill Combination: Capabilities and Limitations

The skill combination mechanism is a central contribution, allowing new behaviors without
extra demonstrations. The evaluation demonstrated two successful combinations. Combining
grasp and place with insert ring produced a composite motion that picks up a bearing ring and
inserts it into the measurement unit. Combining grasp and pour with grasp and place produced
a motion that picks up objects from the side, rotates them by 90 degrees, and places them. The
latter required covariance manipulation. At the same time, the results revealed limitations
in the VLM'’s ability to autonomously decide when combination is necessary and to select
appropriate skills.

As shown in subsection 5.4.1, the success rate of skill combination strongly depends on
prompt specificity. Direct references to skills and explicit combination requests work reliably,
whereas task-level prompts often lead to incorrect single-skill selections. This suggests that
current VLMs struggle with the multi-step inference needed to recognize that (1) no single
skill satisfies the request, (2) the task can be decomposed into sub-tasks covered by existing
skills, and (3) specific frames should be combined in a particular order.

The system prompt and schema content significantly influence this behavior. More explicit
prompting, for example by providing combination examples or decision rules for when to
combine versus when to select a single skill, may improve autonomous composition. However,
there is a trade-off: very detailed prompts may boost performance on known task patterns
but reduce generality for novel scenarios.

6.4.1. Covariance-based Fusion and Compatibility Constraints

When compatibility constraints are satisfied, covariance-based fusion produces smooth,
continuous trajectories. The industrial ring insertion example executed reliably without
covariance manipulation because the component skills naturally had compatible covariance
structures. In contrast, the grasp and pour plus grasp and place combination required explicit
manipulation to achieve the desired behavior.

The need for covariance manipulation reflects the physical constraints of demonstration.
If orientation variation is limited by object stability, the resulting KMPs may not satisfy
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compatibility conditions. While manipulation provides a practical workaround, it introduces
hyperparameters (region boundaries, scaling factors) and does not guarantee compatibility
for arbitrary KMPs.

A deeper limitation stems from how KMPs distribute motion across the input domain.
Each frame executes its critical motion in a specific region of the normalized domain. In a two-
frame skill, critical motions typically occupy the first and second halves. In a three-frame skill,
they are spread across beginning, middle, and end regions. Combining a middle-region KMP
from a three-frame skill with a KMP from a two-frame skill can therefore be fundamentally
incompatible due to overlapping critical regions. This structural limitation cannot be resolved
by covariance manipulation alone.

6.5. Generalization and Transfer to Novel Objects

The framework unexpectedly generalized to objects not used during demonstration. The grasp
and place skill, taught with the CHEEZ-IT cracker box and Master Chef coffee can, successfully
operated on the SPAM can in both grasping and placing roles. This emerges naturally from
the frame-relative encoding of TP-KMP, where trajectories are learned with respect to object
coordinate frames instead of absolute positions.

Generalization is, however, limited by object size similarity. As analyzed in subsection 5.4.4,
the distance between the robot EE and the object origin is learned from demonstrations and
remains approximately constant when transferring to new objects. For significantly larger
objects this may cause collisions and for smaller ones it can lead to gaps or incomplete task
execution.

This has direct implications for deployment. Users must consider object size when reusing
skills, and the current framework does not automatically detect incompatible sizes or adapt
trajectories. Future extensions could incorporate object dimensions, either via explicit input or
perception-based estimation, to scale trajectories or warn users about likely incompatibilities.
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The deployment of robots in dynamic, human-centric environments has historically required
extensive programming expertise and explicit specification of motion primitives. Traditional
approaches impose significant barriers to adoption, particularly in settings where tasks change
frequently or where non-expert operators must interact with robotic systems. While recent
advances in foundation models demonstrate impressive capabilities for natural language
understanding and zero-shot reasoning, their application to robotics remains constrained by
the tension between data requirements and practical deployment constraints.

This thesis presents a framework that integrates TP-KMPs with a pretrained VLM to
enable natural language-based robot control with minimal demonstration requirements. The
modular architecture separates perception, reasoning, and execution into distinct components.
A dedicated perception pipeline provides the geometric precision required for manipulation,
the VLM interprets natural language commands and selects appropriate skills without fine-
tuning, and TP-KMPs generate smooth trajectories conditioned on task parameters extracted
from the environment.

The framework is validated on the DLR robot SARA. Manipulation skills are acquired
through kinesthetic demonstration, requiring only 3-6 examples per skill to achieve robust
execution. Dynamic tool generation via schemas enables seamless integration between the
natural language interface and the skill library, allowing skills to be executed through com-
mands at varying levels of abstraction. Learned skills generalize to novel object configurations,
successfully executing tasks with objects positioned at locations not represented in the demon-
stration set. A probabilistic skill combination mechanism further enables the synthesis of
novel behaviors from existing skills without additional demonstrations by fusing KMPs from
different TP-KMPs through products of Gaussians.

These results indicate that data-efficient TPIL, combined with an intuitive natural language
interface, can substantially lower the barrier to entry for both industrial and service robotics.
Manufacturing environments with frequent task variation can benefit from quickly teachable
skills that do not require extensive programming expertise, while domestic and healthcare
settings can exploit the same mechanisms to acquire task-specific behaviors that remain
accessible to non-expert users. The framework’s ability to expand the skill library over time
supports progressive capability development, where accumulated skills serve as building
blocks for increasingly complex behaviors.

At the same time, the work highlights several limitations that constrain the current frame-
work, including static scene assumptions, reliance on accurate object pose estimation with a
limited set of objects, and restricted VLM capabilities for fully autonomous skill decomposi-
tion and combination. These observations motivate the directions for future work outlined in
chapter 8.
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7. Conclusion

Overall, the thesis demonstrates the viability of hybrid approaches that integrate classical
robotics methods with modern foundation models. Rather than pursuing end-to-end learning
as a universal solution, the proposed architecture employs foundation models for tasks where
their strengths are most applicable, specifically high-level reasoning and natural language
understanding. Complementary components preserve geometric awareness, uncertainty
quantification, and data efficiency. This design philosophy offers a practical path toward
robotic systems that combine accessible interaction with the precision and safety required for
real-world deployment.
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8.1. Perception Capabilities

Although the perception pipeline is not formally part of the framework, several enhancements
would increase its practical applicability. The current constraint to YCB Dataset objects limits
object diversity, motivating methods for rapid integration of novel objects, for example through
few-shot learning. Hybrid perception strategies combining traditional computer vision with
VLM-based object identification could balance the precision needed for manipulation with
the flexibility to recognize arbitrary objects. Handling occluded or partially visible objects,
potentially via temporal information or multi-view reconstruction, and exploring mobile
or multi-camera setups would improve robustness but introduce additional calibration and
coordination challenges. As VLMs improve in spatial reasoning, it will be important to
periodically reevaluate their suitability for pose estimation tasks and their potential to
simplify the perception pipeline.

8.2. Real-Time Adaptation and Replanning

The static scene assumption represents a fundamental limitation for tasks involving dynamic
objects or human-robot collaboration. Future work should explore continuous object pose
tracking during execution and trajectory replanning based on updated task parameters.
Human-robot collaboration scenarios would particularly benefit from such capabilities, as
humans frequently could reposition objects or intervene during execution. Integrating reactive
replanning with uncertainty-aware execution could enable the robot to handle disturbances
gracefully by pausing, requesting clarification, or autonomously selecting alternative skills
when the current trajectory becomes infeasible.

8.3. Improved Language Understanding and Reasoning

The VLM'’s limitations in autonomous skill decomposition and combination suggest several
avenues for enhancement. A multi-VLM architecture, similar to those presented in section 2.4,
could enhance the framework’s performance. It could be employed such that one model
proposes schemas or skill selections and another verifies their semantic correctness, improving
automatic schema generation and ambiguity handling without relying solely on a single
model’s output. The same approach could strengthen clarification behavior by ensuring that
the system requests user input whenever multiple objects match a command and avoids exe-
cuting partially matching skills. More sophisticated prompt engineering strategies, including
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few-shot examples of successful skill decomposition and combination, may further improve
the VLM'’s ability to identify when combination is appropriate and to select compatible
component skills.

8.4. Alternative Interaction Modalities

The frontend visualization proved valuable during development but contradicts the goal of
hands-free interaction. Augmented reality visualization of predicted trajectories directly in the
workspace could preserve the safety benefits of trajectory preview while reducing reliance on
a separate display. Gesture-based skill parameterization could complement natural language
in scenarios where pointing or demonstrative gestures communicate intent more effectively
than verbal descriptions. Multi-modal feedback that combines visual, auditory, and haptic
cues may improve user awareness of the robot’s state and intended actions, particularly in
industrial environments where visual attention is limited.

8.5. Advanced Skill Composition

Learning compatibility constraints directly from demonstration data, rather than relying on
VLM-based reasoning alone, could improve robustness in skill combination. Analyzing the
covariance structure of demonstrated skills to automatically identify compatible frames for
fusion, with and without covariance manipulation, would reduce the need for overspecific
user prompts and enable automatic generation of compatibility lists.

Extending the current frame-fusion mechanism toward hierarchical skill organization would
allow more complex behaviors composed of primitive motions, where abstract skills internally
invoke sequences of lower-level skills. Sequential skill chaining with intermediate conditions,
informed by perception-based state estimation, would further enable task execution that
reacts to environment changes rather than relying solely on fixed timing.

8.6. Enhanced Demonstration Collection

The orientation variation constraints observed during demonstration and how it effects the
skill composition inspires an alternative handling of KMPs and TP-KMPs. The idea is teaching
atomic motions per KMP instead of teaching a complete skill to a TP-KMP. To form a skill,
multiple atomic KMPs would be combined into a new TP-KMP, where each atomic KMP
is augmented with compatibility padding in the temporal regions corresponding to other
atomic motions. For example, combining three atomic motions would result in a structure
where the first KMP contains its atomic motion followed by padding, the second contains
padding, its atomic motion, then padding, and the third contains padding followed by its
atomic motion. These paddings would include exaggerated variation in all DoFs, eliminating
the need for later covariance manipulation. However, this approach would mean that every
skill is a combination of frames, each containing an atomic motion, which increases the
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cognitive burden on the VLM and introduces the challenge of defining what constitutes an
atomic motion.

Semi-autonomous demonstration augmentation, where the system automatically generates
synthetic demonstrations by perturbing recorded trajectories within feasible bounds, could
further reduce the demonstration burden while ensuring sufficient variation.

The current reliance on physical buttons for demonstration control could be replaced with
VLM-based voice commands, enabling fully hands-free operation during kinesthetic teaching.
This would improve platform independence and enhance the naturalness of the teaching
process.

8.7. Robustness and Safety

Enhancing robustness and safety is essential for deployment in dynamic, human-centric
environments. Formal verification of combined skill trajectories could provide guarantees
that motions remain within workspace limits, avoid known obstacles, and respect velocity
and acceleration constraints. Uncertainty-aware execution with rollback capabilities would
allow the robot to detect significant deviations from predicted trajectories and revert to safe
states. Collision prediction and avoidance, together with graceful degradation strategies for
perception failures, would further improve safety and reliability.

8.8. Closing Remarks

The directions outlined above collectively point toward a vision of robotic systems that
combine the accessibility of natural language interaction with the precision and safety
required for real-world deployment. As foundation models continue to evolve and their
integration with robotics matures, the principles demonstrated in this work, specifically
modular architecture, structured interfaces, hybrid approaches, and data-efficient learning,
provide a foundation for systems that learn continuously from interaction while maintaining
the geometric awareness and uncertainty quantification essential for manipulation tasks.

The democratization of robot programming through intuitive interfaces and minimal
training requirements has the potential to significantly expand the applicability of robotic au-
tomation. By reducing the expertise required for teaching new skills and enabling non-expert
operators to interact naturally with robotic systems, frameworks like the one presented here
can bring the benefits of automation to domains where traditional programming approaches
have proven prohibitive. The path toward robots that learn continuously from interaction,
accumulating skills over their operational lifetime while adapting to the evolving needs of
their environments, represents an ambitious but achievable goal that would fundamentally
transform human-robot collaboration.
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Figure A.1.: Images of the bearing ring measurement unit used during the evaluation (see
subsection 5.2.3). (left) Side view. (right) Front view.

1 system_prompt = (
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"""You are 'SARA’, a robot assistant who interacts with and modulates the robot’s behavior through
skills.\n"""

""You will act as the robot and stay in character.\n

""Your primary task is to decide which skill(s) to use based on the user’s query.\n

"""Skills that the robot can execute are exposed as tools prefixed with "Skill’.\n"""

""You will also be provided with a list of objects detected by the perception system.\n

""'Only use objects explicitly listed by the perception system. Do NOT reference or use objects that are not
detected.\n""

"""If a user references an object that is not detected or whose pose cannot be determined, inform the user
clearly and do not attempt to use it in a skill. \n"""

"""If the perception system is missing an object that appears important based on the query or image, notify
the user about this limitation.\n"""

""If you are unable to execute a task due to a missing or unsuitable skill, you can combine skills into a new
one to satisfy the user demand.\n""

"""If you are still unable to identify an appropriate skill, inform the user clearly.\n

ON

""IMPORTANT: Only execute skills if the user’s query explicitly requests an action to be performed by the
robot.\n""

"""If the user’s input is a greeting, general question, or informational request (e.g., ‘hi’, ‘what can you do?’,
‘tell me about yourself’), DO NOT call any skills.\n"""

""Instead, respond appropriately with text, clarifications, or descriptions, without triggering skill
execution.\n""

"\n""

i

nn

i

nn
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"

"""Before deciding to execute any skill or combine skills, ask yourself:\n
Does the user explicitly ask me to perform an action?\n"""
Is there a clear command or task in the query that requires robot behavior?\n

nm

"
" "

i

Only if the answer is yes, proceed to find a matching skill or combine skills.\n

Otherwise, respond with a helpful message or ask for clarification.\n"""

N

"""If no single existing skill fully satisfies the task, you MUST consider combining two skills to create a new,
more appropriate one.\n"""

""The system supports dynamic skill composition via the CombineSkills tool.\n

"""Combined skills inherit input fields from all source skills. You must provide a combination_dict that
maps each source skill’s action_name to the input field (with ‘self.” prefix) that should be used in the
combined skill.\n"""

e

"""Never fall back to a partially matching skill if combining skills would fulfill the user’s request better.\n

"""For example, if the query involves multiple sequential actions (e.g., grasp + rotate + place), and no
existing skill handles the full sequence, use CombineSkills to create a hybrid skill. \n"""

"""Clearly explain the combination to the user and proceed with parameterizing the new combined
skill. \n"""

RN

"""Only use a pre—existing single skill if it completely satisfies the user’s query.\n

"""If no skill or combination is sufficient, explain that to the user directly.\n""

e

" Always provide a concise, clear summary to the user explaining the actions you took or why a request
could not be fulfilled.\n"""

""Respond to the following query using ONLY your tool calls. You may call multiple tools per query.\n

i

nin

nin

Listing A.1: system prompt of the VLM receiving the user prompts.
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B.1. Static Tools

Example Tool Structure

This template illustrates the standard structure for all tool definitions in this appendix.
The docstring section (shown here) describes the tool’s purpose and behavior. The VLM
reads this description to understand when the tool should be applied.

Parameters:
parameter_name (type):
Description of the parameter’s purpose, expected values, and any constraints. The

VLM uses the parameter name, type, and description to generate appropriate tool
invocations.

another_parameter (type, optional):
Tools may have multiple parameters. Each follows the same documentation pattern:
name, type, requirement, and descriptive text explaining its role in the tool’s operation.

NoToollsAvailable

If there are no tools that can solve this problem, use this function.

Parameters:
why_cannot_do_anything (str):
Explain why you cannot call other functions adapting the persona of the robot.

TellUserAMessage

If there is something you want to communicate or say to the user use this tool, instead of
saying it directly.

Parameters:
message (str):
Act as the robot and tell the user a message. Use the persona of the robot.
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StartRobot

If you want to start the robot, use this function.
Parameters:
This tool requires no parameters.

StopRobot

If you want to stop the robot, use this function.
Parameters:
This tool requires no parameters.

CombineSkills

If you want to combine skills, use this function, by specifying which skill provides each
input field in the new hybrid skill. The combined skill inherits fields from all skills. For
each field in the new skill, the ‘combination_dict’ indicates from which original skill the
framework should take that field’s input.
The order of the skills in the combination_dict indicates the order of the skills in the new
skill.
:param combination_ dict:
A dictionary mapping each **skill’s action_name** to the **specific field name** of that
skill that should be used in the combined skill.
- The keys are the action names of the two skills being combined.
- The values are the field names (including ‘self.” prefix) from those skills that corre-
spond to parts of the combined skill’s input.

Parameters:
combination_dict (dict[str, str]):
Dictionary specifying which skill provides which field for the combined skill. Keys:
skill action names. Values: field names from that skill (with "self.” prefix).

B.2. Dynamic Tools

SkillStackObjects

This skill allows the robot to stack one object on top of another. The robot first identifies
and grasps the object_to_stack, then carefully places it on top of the base_object. This
ensures a stable stack of the two objects.

Object order:

1. self.object_to_stack

2. self.base_object
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Parameters:
object_to_stack (str):
The name of the object that should be stacked on top. Choose an object from the
list of detected objects.

base_object (str):
The name of the object that serves as the base for stacking. Choose an object from
the list of detected objects.

SkillGraspAndPour

This skill enables the robot to grasp a specified object sideways and pour its contents into
a target container by tilting the grasped object. The robot identifies and grasps the object
sideways, then moves it over the target container and pours the contents into it.

Object order:

1. self.object_to_grasp

2. self.target_container

Parameters:
object_to_grasp (str):
The name of the object that should be grasped. Choose an object from the list of
detected objects.

target_container (str):
The name of the container where the contents of the grasped object should be
poured into. Choose an object from the list of detected objects.

SkilllnsertRing

This skill is used to do a quality check on bearing rings. It assumes that the robot is
already holding a ring in the gripper. The robot will approach the measurement unit that
is used to do the quality check of the ring, insert the ring into the unit, and then move
away from the measurement unit, leaving the ring inserted.

Object order:

1. self .measurement_unit

Parameters:

measurement_unit (str):
The measurement unit used to do quality checks on the rings. Choose an object
from the list of detected objects.
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For schema generation, a new connection to the VLM is established specifically for that
task. This connection is separated from the one used to communicate with the user. Both
connections maintain their own history and system prompt. Schema generation can be
invoked when new skills are created either through user demonstrations (see section 4.2) or
during skill combination (see section 4.4). If the user provides demonstrations to develop a
new skill, the input modality of the VLM is images. For skill combination, on the other hand,
the schemas of the skills being combined are passed to the VLM. Both cases use different
system prompts, which can be found in Listing B.2 and Listing B.3. Both system prompts are
extended with example schemas (see Listing B.1).

examples = (
"## Example 1:\n"
"action_name: ‘SkillGraspAndPour’\n\n"
"explanation: >\n"
" This skill enables the robot to grasp a specified object sideways and pour its contents\n"
" into a target container, by tilting the grasped object. The robot identifies and grasps the object sideways,
then\n"
" moves it over the target container and pours the contents into it.\n\n"
"possible_fields:\n"
" object_to_grasp:\n"
" type: ‘str’\n"
description: "The name of the object that should be grasped. Choose an object from the list of detected
objects.”\n"
target_container:\n"
type: ‘str’\n"
description: “The name of the container where the grasped object should be poured into. Choose an
object from the list of detected objects.”\n\n"
"object_order:\n"
" — ’self.object_to_grasp’\n"
— ’self.target_container’\n\n"
"## Example 2:\n"
"action_name: ‘SkillGraspAndPlace’\n\n"
"explanation: >\n"
" This skill directs the robot to grasp a specified object from the top and place it at a \n"
" designated location or on another object. The robot identifies the object to grasp, \n"
" picks it up from above, and then moves it to the target place, ensuring accurate placement.\n\n"
"possible_fields:\n"
" object_to_grasp:\n"
type: ‘str’\n"
description: ‘the name of the object that should be grasped. Choose an object from the list of detected
objects.”\n"
object_to_place:\n"
type: ‘str’\n"
description: ‘the name of the object/place where the grasped object should be placed. Choose an object
from the list of detected objects.”\n\n"
"object_order:\n"
" — ’self.object_to_grasp’\n"
— ’self.object_to_place’\n\n"
"Now define a new robotic skill in the same format and structure.”

"

"

"

"

"

"

"

"

"

"
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35 )

Listing B.1: Example schemas in a python string. This string gets appended to the system

prompts for generating schemas.

B.2.1. Generate Schema from Images

Figure B.1.: Images used to generate the schema for the skill SkillStackObjects (see subsub-

section 4.1.2). The images were manually selected, since the perception module
is not part of the framework (see subsection 4.1.1). (left) Grasping stage. (right)
Stacking stage.

1 task_description_image = (

2
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10

11

"You have to create the content of a YAML file that is used to define a robotic skill, using the images you
will be provided.\n"

"There are fields that the YAML file has to contain, and there are fields that you have to come up with by
yourself.\n"

"A skill involves objects and describes an interaction the robot can perform.\n"

"Use the format and structure shown in the examples below.\n"

"Your output must only contain the YAML content and no extra text.\n\n"

"Mandatory fields are:\n"

"— ’action_name’: the name of the action, written in CamelCase and prefixed with "Skill"’.\n"

"— ’explanation”: a detailed description of what the skill does and what happens in the scene when the skill
is executed.\n"

"— ’object_order”: a list defining the order in which the objects are relevant to the skill. This refers to the
order the robot is approaching/interacting with the objects. The items in this list must exactly match the
keys used in ‘possible_fields’.\n\n"

"You must also include a "possible_fields” section, where each key describes a required object in the skill,
with its type (always ’str’) and a short description.\n"

"The names of these fields must be meaningful and follow snake_case formatting.\n\n"

"Follow the YAML formatting from the examples. Output ONLY valid YAML content. Do NOT include any
markdown code fences (e.g., ““yaml) or extra text.\n\n"

14 ) + examples

Listing B.2: system prompt schema generation for new skills using images.
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B.2.2. Generate Schema from Combined Skills

task_description_combining = (

"You will be given the full YAML content of existing robotic skills, each describing a skill with its fields and
object interaction order.\n\n"

"For each skill, you will also be told a specific object from that skill’s “object_order” list, indicating the field
to use from that skill. \n\n"

"Your task is to generate a new combined skill YAML by:\n"

"— Taking the specified object field from each input skill as input parameters.\n"

"— Merging the "possible_fields’ sections to include only fields related to these specified objects.\n"

"— Combining the “object_order” list to reflect the order of the specified objects.\n"

"— Creating a new "action_name’ that meaningfully reflects the combined skill.\n"

"— Writing an "explanation” that describes the combined behavior of the skills and how each object is
used.\n"

"— Ensuring all field names are meaningful, use snake_case, and follow the formatting of the examples.\n"

"Your output must only contain the YAML content and no extra text.\n\n"

"Example:\n"

"If you receive:\n"

"— Skill A YAML with object_order: ['self.object_to_grasp’, ‘self.target_container’] and are instructed to use
’self.object_to_grasp’ from Skill A.\n"

"— Skill B YAML with object_order: ['self.object_to_grasp’, ‘self.object_to_place’] and are instructed to use
’self.object_to_place” from Skill B.An\n"

"You should produce a combined skill YAML that includes:\n"

"— The field "object_to_grasp” from Skill A.\n"

"— The field “object_to_place” from Skill B.\n"

"— The combined “object_order” reflecting [’self.object_to_grasp’, ‘self.object_to_place’].\n"

"— A new, meaningful ‘action_name’.\n"

"— A merged ‘explanation’ that covers grasping sideways (from Skill A) and placing (from Skill B).\n\n"

"Output ONLY valid YAML content. Do NOT include any markdown code fences (e.g., ““yaml) or extra
text.\n\n"

) + examples

Listing B.3: system prompt schema generation for combination of skills.

def _check_yaml_skill(yaml_content: str) —> tuple[bool, str]:

Checks if the given string represents a YAML skill.

:param yaml_content: string in YAML format

return: A tuple containing a boolean indicating if the given string represents a YAML skill plus a
description of the error if there is one.

try:
data = yaml.safe_load(yaml_content)

except yaml.YAMLError as e:
return False, f"YAML parsing error: {e}"

# Check mandatory top-level fields
for field in ["action_name", "explanation", "possible_fields", "object_order"]:
if field not in data:
return False, {'Missing mandatory field: {field}"

def is_camel_case_skill_name(name: str) —> bool:
return bool(re.fullmatch(r"Skill[A-Z][a—zA-Z0-9]+", name))
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def is_snake_case(s: str) —> bool:
return bool(re.fullmatch(r"[a—z]+(_[a—z0-9]+)+", s))

# Check action_name format
if not is_camel_case_skill_name(data["action_name"]):
return False, "Field "action_name’ must be CamelCase and start with “Skill™

# Check explanation is non—empty string
if not isinstance(data[ 'explanation'], str) or not data["explanation"].strip():
return False, "Field ‘explanation” must be a non—empty string"

# Check possible_fields structure
pf = data["possible_fields"]
if not isinstance(pf, dict) or not pf:
return False, "Field "possible_fields” must be a non—empty dictionary"

for key, val in pf.items():
if not is_snake_case(key):
return False, f"possible_fields key ’{key}” is not in snake_case"
if not isinstance(val, dict):
return False, f"possible_fields[’{key}’] must be a dictionary"
if val.get("type") = "str":
return False, f"possible_fields[’{key}']['type’] must be "str™"

if "description” not in val or not isinstance(val["description"], str) or not val["description"].strip():
return False, f'possible_fields[’{key}’]['description’] must be a non—-empty string"

# Check object_order is list with valid references
obj_order = data["object_order"]
if not isinstance(obj_order, list) or not obj_order:
return False, "Field ‘object_order’ must be a non—-empty list"

possible_keys = set(pf.keys())
for item in obj_order:
if not isinstance(item, str):
return False, f'object_order entry ’{item}’ is not a string"
if not item.startswith("self."):
return False, f'object_order entry ’{item}” must start with "self.”"
ref_key = item[len("self.") ]
if ref_key not in possible_keys:

return False, f"object_order entry ’{item}” references unknown field ’{ref_key}

return True, "YAML skill definition is valid"

Listing B.4: Function used to validate the format and fields of a generated schema.

Listing B.5: Schema of the combined skill containing the motion to grasp an object and then
insert it into a bearing ring measurement unit. The schema was generated using

the Qwen2.5-VL-72B-Instruct [97].

action_name: 'SkillGraspAndCheck’
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explanation: "This skill combines the actions of grasping an object from the top and performing a quality
check using a measurement unit. The robot first identifies and securely picks up the specified object from
above. After grasping the object, the robot approaches the designated measurement unit for quality
checking. The object is then inserted into the measurement unit for inspection, and the robot moves away,
leaving the object in place for further analysis."

possible_fields:
object_to_grasp:
type: “str’
description: ‘the name of the object that should be grasped. Choose an object from the list of detected
objects.’
measurement_unit:
type: "str’
description: “The measurement unit to do quality checks on the rings. Choose an object from the list of
detected objects.”

object_order:
— ’self.object_to_grasp’
— ’self.measurement_unit’
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Glossary

chain of thought A prompting technique that encourages foundation models to generate
intermediate reasoning steps before arriving at a final answer, enhancing their problem-
solving capabilities. 15

context window The amount of information or text that a foundation model can consider at
one time when generating responses or making predictions. 2, 62

few-shot Few-shot learning, is a machine learning approach where a model is trained to
perform tasks with only a small number of examples or demonstrations. It can also
refer to a system prompt that includes these examples. 67, 68

fine-tuning The process of adapting a pretrained machine learning model to a specific task
or domain by continuing training on task-specific data, typically with a lower learning
rate to preserve the general knowledge acquired during pretraining. iv, v, 3, 10, 11, 13,
21, 32, 50, 60, 61, 65

kinesthetic demonstration A method of teaching robots by physically guiding them through
desired movements or tasks, allowing them to learn from direct experience. iv, v, 3, 18,
21, 38, 65, 81

prompt engineering The process of designing and refining prompts to effectively commu-
nicate with foundation models and elicit desired responses or behaviors. 14, 53, 54,
67

sim-to-real gap The performance degradation that occurs when transferring policies learned
in simulation to real-world robotic systems, caused by differences in physics modeling,
sensor noise, and environmental factors between simulated and physical environments.
5

system prompt A directive or instruction given to a foundation model to guide its responses
or behavior. 2, 19, 40, 46, 54, 62, 63, 71, 75-77

zero-shot Zero-shot Learning, is a machine learning approach where a model is able to
perform tasks without any prior examples or demonstrations, often by leveraging
knowledge from related tasks or domains. iv, v, 2, 9, 10, 65
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Acronyms

AAE Augmented Autoencoder. 33, 50, 60

APl Application Programming Interface. 18, 80
CLEA Closed-Loop Embodied Agents. 11, 15, 16, 20-22, 80

DAE Denoising Autoencoder. 33
DLR German Aerospace Center. iv, v, 48, 62, 65
DMP Dynamic Movement Primitive. 18, 19, 21, 23

DoF Degree of Freedom. iv, v, 36, 37, 68
EE End-Effector. 23, 28, 34, 37, 39, 50, 52, 56, 58, 59, 64
FIFO First In, First Out. 15

GMM Gaussian Mixture Model. 2, 6, 7, 23
GMR Gaussian Mixture Regression. 6, 7, 24
GP Gaussian Process. 2, 6,7

GPR Gaussian Process Regression. 6, 7, 26

GPU Graphical Processing Unit. 13, 20, 21

ICL In-Context Learning. 2, 14, 16, 18, 21, 22, 62
ICP Iterative Closest Point. 33
IL Imitation Learning. iv, v, 5-8, 37

IMU Inertial Measurement Unit. 37
JSON JavaScript Object Notation. 35, 61

KL-Divergence Kullback-Leibler Divergence. 7, 23, 24
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Acronyms

KMP Kernelized Movement Primitive. iv, v, 2, 4, 7, 23, 24, 26-29, 31, 32, 37, 41-47, 50, 56, 58,
59, 62-65, 68, 81

LED Light-Emitting Diode. 37
LfD Learning from Demonstration. 5, 12, 16

LLM Large Language Model. 2, 9-16, 18, 19, 21, 47, 60, 61, 80
MLP Multi-Layer Perceptron. 15, 21

PCle Peripheral Component Interface Express. 37
POMDP Partially Observable Markov Decision Process. 15
ProMP Probabilistic Movement Primitive. 23

PTP Point-to-Point. 1

RAP Retrieval-Augmented Planning. 11, 14, 15, 20-22, 80

RSLS Robotic Skill Learning System. 19-22
SARA Safe, Autonomous Robotic Assistant. iv, v, 36, 37, 40, 47, 49, 52, 59, 62, 65, 81

TCP Tool Center Point. 40
TP-GMM Task-Parameterized Gaussian Mixture Model. 8, 28, 60
TPIL Task-Parameterized Imitation Learning. iv, v, 3, 8, 9, 60, 65

TP-KMP Task-Parameterized Kernelized Movement Primitive. iv, v, 3, 4, 7, 8, 11-14, 19-22,
28-32, 34-43, 45, 46, 48, 50, 52, 55, 56, 60-62, 64, 65, 68, 81

VLA Vision-Language-Action Model. iv, v, 2, 3, 9, 10, 20

VLM Vision-Language Model. iv, v, 24, 9-13, 15, 19, 21, 31, 32, 34-36, 3941, 4547, 51-55,
59-63, 65, 6769, 71, 72, 75

YAML Yet Another Markup Language. 35, 36, 39, 40, 46, 61
YCB Dataset Yale-CMU-Berkeley Object and Model Set. 32, 47, 48, 50, 51, 61, 67, 82
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