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Abstract

The manufacturing industry is witnessing a rapid transformation from mass production to
mass customization, driven by increasing consumer demand for highly personalized prod-
ucts. Collaborative robots (cobots) play a key role in enabling this shift, as their flexibility sup-
ports the dynamic and varied tasks necessary for producing high-mix, low-volume batches.
However, traditional robot programming methods are not suited for unstructured environ-
ments with frequent task variations. These approaches quickly become cumbersome, prone
to errors, and demand specialized robotic expertise. In response, Learning from Demon-
stration (LfD) has emerged as a promising paradigm for teaching tasks to robots by having
them observe human demonstrations. This not only addresses the need for explicit pro-
gramming but also allows non-experts to program robots efficiently. Nevertheless, practical
deployment of LfD in real industrial scenarios remains challenging, particularly when ensur-
ing that customized robotics solutions still meet the high-performance standards associated
with traditional mass production processes. This thesis addresses these challenges by (1)
proposing a practical roadmap that guides both researchers and industry practitioners in
transitioning from rigid, mass production—oriented robotic tasks to flexible, LfD-based mass
customization workflows; (2) introducing a one-shot demonstration framework, DFL-TORO,
which captures time-optimal and smooth trajectories from a single human demonstration;
and (3) presenting a modular, standardized software framework integrating LfD methodolo-
gies in manufacturing systems. Through an in-depth case study and experimental valida-
tions, the thesis lays the foundation for bridging the gap between academic research in LfD

and its real-world adoption in mass customization settings.
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Chapter 1

Introduction

1.1 Research Motivation

The manufacturing industry is experiencing a significant shift from mass production to mass
customization, driven by the increasing demand for personalized products. Traditionally,
mass production has been characterized by the production of large quantities of standard-
ized goods, maximizing efficiency and cost-effectiveness through highly structured assem-
bly lines. However, this model has limited flexibility, making it challenging to accommodate
product variations or customization. In contrast, mass customization addresses the growing
consumer demand for personalized products by combining the efficiency of mass production
with the flexibility of custom-made items, allowing manufacturers to produce tailored goods
in high-volume small batches while still maintaining cost-effectiveness and efficiency [1, 2].

A key enabler of this shift is the advancement in robotic technologies, specifically col-
laborative robots, or cobots. Traditional industrial robots, designed for repetitive tasks in
structured environments, lack the flexibility required for dynamic and varied production pro-
cesses. In contrast, mass customization requires advanced robots equipped with vision
technologies, Al-driven decision-making, and increased dexterity to adapt to diverse and
changing products [3, 4]. Cobots enhance this transition by working alongside human op-
erators, fostering flexible, agile production processes. These cobots improve safety and

facilitate intuitive human-robot interaction, making them ideal for environments with varied



and dynamic tasks that mass customization demands [5].

Despite the promise of cobots, traditional robot programming methods present significant
limitations in mass customization environments. Conventional programming, which involves
writing specific coordinate-based scripts for robot tasks, is rigid and highly task-specific.
While effective in structured settings, it is cumbersome and time-consuming when frequent
modifications are required to accommodate new tasks or changes in production [6]. Cobots,
designed to operate in shared, unstructured environments with humans, add complexity to
programming. This complexity grows exponentially with the need for diverse customizations,
affecting program efficiency and production cycle times. Automating complex tasks using
cobots in advanced industrial operations presents numerous challenges, especially when
the objects to be manipulated are not in fixed coordinates. Traditional methods mainly rely
on instructing the robot to follow a sequence of absolute coordinates. A simple example is
symbolically illustrated in Figure 1.1, where to pick an object from a fixed location and place
it elsewhere, one must record coordinates A, B, C, and D. The operator manually records the
desired coordinates and then creates instructions in the program. However, this approach
does not apply when a perception system is present and object locations are not fixed. One
cannot record a set of fixed coordinates and expect the robot to sequentially move through
them when the target object is in a variant position. Variant coordinates make traditional pro-
gramming unintuitive and prone to errors. Figure 1.2 shows a symbolic illustration of such a
situation. When a perception system is present and object locations are not fixed, the pro-
gram needs to offset the variant coordinates to calculate the rest of the coordinates required
to move the robot through the task. Creating and modifying these hand-coded programs for
different tasks is time-consuming and difficult to maintain, and leads to increased downtime
and lower efficiency [7].

Moreover, in complex and unstructured industrial environments, ensuring collision-free
motion is critical. Figure 1.3 shows an example where an obstacle lies in the path of a
pre-planned motion. In such cases, more coordinates are required to avoid collisions, expo-
nentially increasing the program’s complexity as the workspace becomes more complicated.

To address the limitations of manual programming, motion planning and optimization



Figure 1.2: Offset calculations in traditional programming for handling variant object posi-
tions.
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Figure 1.3: Collision avoidance in traditional programming through additional waypoints.



methods have been developed. These methods allow for higher-level programming by cre-
ating a robot model and using algorithms to optimize actions based on predefined costs
and constraints, which effectively manages the complexity of tasks in dynamic and un-
structured environments [8]. This approach improves operational efficiency but remains
highly task-specific, requiring substantial reprogramming for different tasks or customization
needs, which is inefficient for high-mix, low-volume production. Additionally, both manual
and optimization-based programming methods demand significant robotic expertise, requir-
ing an expert intermediary between the task specialist and the robot, thereby increasing
implementation costs and impacting efficiency.

The most recent paradigm for flexible cobot programming is Learning from Demonstra-
tion (LfD), or Imitation Learning (IL), where robots learn tasks by observing and imitating
human demonstrations [9, 10], i.e., a robot learns to perform a task by watching a hu-
man’s actions rather than being explicitly programmed. Unlike manual programming, LfD
allows non-experts to teach complex behaviors without needing to provide explicit motion
sequences. It also contrasts with motion planning and optimization, as it does not require
modeling the robot’s environment or defining explicit costs and constraints. Instead, LfD
learns implicit task requirements from the demonstrations, achieving optimal behavior and
efficient operation. This approach enhances implementation efficiency by enabling rapid and
direct programming by non-expert users, eliminating the need for a robot expert to model
environments or design specific optimizations for each task.

The advantages of LfD over traditional and optimization-based programming are partic-
ularly relevant in industrial settings, where the need for adaptability and agility in production
processes is critical. By allowing robots to be programmed quickly and efficiently by non-
expert users, LfD minimizes the need for robotic expertise, reduces programming time, and
facilitates the seamless integration of robotic systems into modern manufacturing workflows.
This makes LfD a crucial technology for industries aiming to leverage robotics in the era of
mass customization [11, 12].

A symbolic example of LfD is shown in Figure 1.4. Here, the teacher demonstrates how

to pick an object from a tray and place it on another tray (solid red line). This demonstration



contains several key pieces of conceptual information:

» Core Task Concept: It illustrates how to move any object from one tray to another,
showing that the robot should approach the object perpendicularly to grasp it success-

fully.

+ Collision Avoidance: The teacher naturally avoids obstacles during the demonstra-
tion, encoding environmental information that guides the robot to retreat higher and

then descend to place the object, thus avoiding collisions.

By learning these concepts from the demonstration, the LfD approach can successfully
plan and generalize the motion for other arbitrary object locations in the tray. The dashed
lines in Figure 1.4 show examples of how the learned motion is applied to other objects while

respecting task requirements and avoiding collisions.

Figure 1.4: LfD example of learning and generalizing a pick-and-place task.

1.2 Problem Statement and Research Goals

While using LfD is shown to be conceptually advantageous in manufacturing settings with
a mass customization theme, the implementation of LfD in a robotic manufacturing sce-
nario poses several open research questions. The general problem this thesis addresses
is the fundamental challenges faced when deploying LfD-based solutions to a real mass

customization manufacturing scenario while ensuring efficiency with respect to the older

5



paradigm, mass production. This study encompasses several fundamental and practical
contributions to the field, facilitating the transformation of robotic operations from mass pro-

duction to mass customization. More precisely, the contributions of this thesis are as follows:

* A practical roadmap on transitioning robotic tasks from mass production to mass cus-
tomization. Motivated by the paradigm shift from mass production to mass customiza-
tion, it is crucial to have an easy-to-follow roadmap for industry practitioners with mod-
erate expertise to transform existing robotic processes into customizable LfD-based
solutions. To realize this transformation, this roadmap devises the key questions of
“What to Demonstrate”, “How to Demonstrate”, “How to Learn”, and “How to Refine”.
To follow through these questions, our comprehensive guide offers a questionnaire-
style approach, highlighting key steps from problem definition to solution refinement.
This roadmap equips both researchers and industry professionals with actionable in-

sights to deploy LfD-based solutions effectively.

* DFL-TORO, A One-shot Demonstration Framework for Learning Time-Optimal Robotic
Manufacturing Tasks. As the effectiveness of LfD is challenged by the quality and effi-
ciency of human demonstrations, an approach is developed to intuitively capture task
requirements from human teachers, by reducing the need for multiple demonstrations.
Furthermore, this framework proposes an optimization-based smoothing algorithm that
ensures time-optimal and jerk-regulated demonstration trajectories, while also adher-
ing to the robot’s kinematic constraints. The result is a significant reduction in noise,

thereby boosting the robot’s operation efficiency.

* A Software Framework for Standardized and Modular LfD in Industrial Manufactur-
ing. Addressing the critical gaps in existing LfD software frameworks, this research
introduces a comprehensive software solution that bridges the research and practical
industrial deployment. By leveraging the Robot Operating System (ROS) [13] ecosys-
tem and Movelt [14], the framework provides a standardized, robot-agnostic architec-
ture that supports modular integration of learning algorithms. Key innovations include

seamless perception system integration, a high-level interface for non-expert users,
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and a flexible approach to incorporating diverse LfD methodologies.

* An industrial case study to validate the proposed roadmap, DFL-TORO, and the de-
veloped LfD software framework. To highlight the feasibility and effectiveness of the
developed methods and frameworks, a comprehensive industrial case study is con-
ducted in collaboration with a manufacturing partner, where the findings of this thesis

are put into action in a real manufacturing scenario.

1.3 Publications

The research conducted during this thesis has resulted in several peer-reviewed publica-
tions, contributing to the advancement of LfD for robotic manufacturing. These publications
reflect the core theoretical developments, practical implementations, and case studies of this

work. Below is a summary of the key publications:

1. Alireza Barekatain, et al. “A Practical Roadmap to Learning from Demonstration for
Robotic Manipulators in Manufacturing” Published in MDPI Robotics, 2024. URL.:
mdpi.com/2218-6581/13/7/100.

2. Alireza Barekatain, et al. “DFL-TORO: A One-shot Demonstration Framework for
Learning Time-Optimal Robotic Manufacturing Tasks” Published in IEEE Access, 2024.
URL.: ieeexplore.ieee.org/abstract/document/10735215.

3. Alireza Barekatain, et al. “Efficient Learning from Demonstration for Manufacturing

Tasks” Presented in IROS, Late Breaking Results, 2023.

These publications collectively demonstrate the theoretical and practical contributions of this
thesis to LfD in robotic manufacturing. Moreover, the open-source publication of the LfD
software framework, including DFL-TORO, promotes accessibility and practical deployment

of the thesis contributions. Software URL: https://snt-arg.github.io/dfl-toro/.


https://www.mdpi.com/2218-6581/13/7/100
https://ieeexplore.ieee.org/abstract/document/10735215
https://snt-arg.github.io/dfl-toro/

1.4 Outline

In Chapter 2 the research contributions are expanded along with their respective background
and motivation, the state of the art, and the addressed gaps and challenges. In Chapter 3 the
practical roadmap is presented, with a deep dive into the step-by-step questionnaire-style
guideline on how to deploy LfD-based solutions. Chapter 4 introduces DFL-TORO, along
with the detailed methodology and validation experiments. The LfD software framework is
introduced and elaborated in Chapter 5. Finally, Chapter 6 is dedicated to the industrial case
study, while the conclusion of the thesis is provided in Chapter 7 along with the possibilities

and potentials of future directions.



Chapter 2

Background

This chapter outlines the core Research Contributions (RCs) presented in this thesis, em-
phasizing their role in addressing key challenges within modern manufacturing. Each con-
tribution builds upon the critical need for adaptable and efficient robotic systems, driven by
the industry’s transition from mass production to mass customization. The proposed ad-
vancements target significant gaps in current practices, ranging from providing a practical
roadmap for deploying LfD in industrial manipulators to introducing novel methodologies for
improving operational efficiency, as well as developing a comprehensive software framework
tailored for industrial applications. By offering structured, accessible, and actionable solu-
tions, these contributions aim to bridge the gap between research and practice, enabling
the seamless adoption of LfD in manufacturing. This chapter systematically presents the
motivation, state-of-the-art context, and specific contributions of each RC, illustrating their
potential to advance the field and address the pressing demands of contemporary manufac-

turing environments.



2.1 Overview of Research Contributions (RCs)

2.1.1 RC1: A Practical Roadmap
2.1.1.1 Background and Motivation

As elaborated in Chapter 1, recent advancements in the manufacturing industry have cre-
ated an increasing need for adaptable robotic systems to perform flexibly with the variant
demands of the market. The production schemes are shifting from mass production, where
a fixed line of manufacturing is used to create products on a mass scale, to mass customiza-
tion, where production is in smaller batches of different products according to the market
need [1, 2]. To retain the efficiency and cost-effectiveness of mass production schemes,
robotic systems have to quickly adapt to new tasks and manufacturing requirements [3, 4].

Industrial manipulators, as the backbone of automation in manufacturing, must evolve
to meet these requirements. However, traditional programming methods—whether manual
scripting or optimization-based approaches—are insufficient due to their rigidity, expertise
requirements, and inefficiency in adapting to new tasks or changing environments [7, 8].

LfD emerges as a transformative approach, enabling robots to learn tasks through hu-
man demonstrations without requiring specialized robotic expertise. This makes LfD partic-
ularly suitable for industrial manipulators in manufacturing, where the ability to generalize
tasks and quickly adapt to new production demands is crucial [11, 12]. Such transition and
requirements have led to a significant application of LfD as a suitable solution in the manu-
facturing industry.

It means that the existing robotic tasks in the mass production scheme need to be trans-
formed via LfD to meet the new requirements of mass customization, which is why it is
necessary to provide guidance for industry practitioners to start deploying state-of-the-art
LfD solutions in existing robotic tasks. Despite its promise, the implementation of LfD in
industrial settings often lacks clear, practical guidance, making the transformation of existing
robotic setups from mass production schemes to mass customization a pressing challenge.

Addressing this gap is essential for leveraging LfD to its full potential and achieving the

10



flexibility required in modern manufacturing.

Notably, among all the robotic systems, industrial manipulators are the most popular and
versatile robot types widely used in manufacturing and production lines. Therefore, while
the application of robotic systems is not limited to manipulators, it is beneficial to have the
focus of the roadmap narrowed down to industrial manipulators, due to their critical role in

the automation of manufacturing and production lines.

2.1.1.2 State of the Art

Research on LfD has evolved significantly, with numerous studies addressing different as-
pects and applications. The work in [10] gives a general review of LfD and provides an
updated taxonomy of the recent advances in the field. In [15] the authors survey LfD for
robotic manipulation, discussing the main conceptual paradigms in the LfD process. In [16]
the focus is on the applications of LfD in smart manufacturing. They introduce and compare
the leading technologies developed to enhance the learning algorithms and discuss them
in various industrial application cases. In [17] the focus of the survey is on robotic assem-
bly. Specifically, they discuss various approaches to demonstrate assembly behaviors and
how to extract features to enhance LfD performance in assembly. They also analyze and
discuss various methods and metrics to evaluate LfD performance. Authors in [18] survey
LfD advances with respect to human-robot collaborative tasks in manufacturing settings ,
dedicating their work to collaborative scenarios. They provide detailed insights into the role
of various human interactions in different LfD methods. The technical nature of the survey
makes it suitable for active researchers in LfD to seek new directions on making the LfD al-
gorithms more collaborative. The authors in [19] conduct a thorough survey of all assembly
tasks implemented by LfD, categorizing state-of-the-art LfD approaches in assembly and
highlighting opportunities in academia. The work in [20] explores trajectory generation via
LfD in technical depth, analyzing the performance of various learning methods. The authors
in [21] provide an in-depth algorithmic perspective on learning approaches for robot manip-
ulation, detailing learning methods, their representations, and limitations. The work in [22]

focused on interactive learning, while [23] is dedicated to LfD for path planning, with a focus

11



on obstacle avoidance. The authors in [24] concentrate on LfD for contact tasks, offering de-
tailed insights into this niche area. Besides the mentioned works, older reviews and surveys
also exist such as [25, 26] which played a pivotal role in identifying main directions in LfD as
well as providing insights from a general engineering perspective. However, with the rapid
advancements of the field, newer works are required to encompass the most recent trends.

While the existing studies provide valuable insights into various aspects of LfD, they
often lack a comprehensive roadmap or practical guidance for practitioners. They mostly
focus on presenting the state of the art without providing a clear roadmap for practitioners
to implement LfD in their robotic tasks. Moreover, the technical depth of most of the studies
requires a strong background in LfD, making it inaccessible to non-academic practitioners or
researchers who are new to the field. Therefore, there is a need for a new study that not only

consolidates existing knowledge but also bridges the gap between research and practice.

2.1.1.3 Contribution

Motivated by the aforementioned considerations and in contrast to existing reviews, this
study aims to present the state of the art via a practical and structured approach to im-
plementing LfD in manufacturing tasks. Unlike the existing surveys and reviews, it takes
the form of a comprehensive questionnaire-style guide, providing practitioners with a clear
roadmap to integrate LfD-based robot manipulation. Tailored for moderate expertise re-
quirements, this tutorial-style taxonomy offers step-by-step instructions, enabling both re-
searchers and professionals to develop application-based LfD solutions. This novel per-
spective on the state of the art provides the readers with the main steps to define the prob-
lem and devise an LfD solution, as well as giving main research directions for refining the
performance of the LfD.

The detailed contributions of the proposed roadmap are as follows:

+ Comprehensive Roadmap. It offers a structured and practical roadmap for imple-
menting LfD in diverse manufacturing tasks, guiding practitioners through key decision

points and offering practical recommendations.
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+ Tutorial-Style Taxonomy. This roadmap includes a step-by-step tutorial designed for
practitioners with moderate expertise, enabling the development of application-based

LfD solutions.

* Mapping of Existing Research. It connects various elements from existing in-depth
reviews and surveys, offering a high-level guide that helps practitioners identify specific

challenges and access detailed insights for deeper understanding.

Remark: The application scenarios for robots in manufacturing are varied and unique,
covering tasks like welding, painting, pick-and-place operations, machining, assembly, in-
spection, material handling, and packaging. Despite significant advancements in LfD for
tasks such as peg insertion, gluing, interlocking, pick-and-place, sewing, wiring, stacking,
screwing, hammering, and bolting, it remains impractical to comprehensively address all
manufacturing tasks due to their diversity and the unique challenges they pose [19], es-
pecially in unstructured environments. Therefore, the proposed roadmap offers a compre-
hensive guideline to assist practitioners in navigating these challenges by identifying key
decision points and providing practical implications, advantages, disadvantages, limitations,
and recommendations. This roadmap is intended to be used iteratively to enhance the im-

plementation of LfD.

2.1.2 RC2: DFL-TORO
2.1.2.1 Background and Motivation

With the adoption of cobots and LfD for mass customization, it is necessary to verify the per-
formance of LfD methodologies when it comes to the efficiency of implementation and the
efficiency of operation. Implementation efficiency refers to the effort, time, resources, and
costs involved in transitioning a robotic task from concept to operational status, ensuring
seamless integration of new tasks. Conversely, operation efficiency focuses on maximizing
throughput and success rates during the robot’s working phase, aiming to minimize oper-

ational costs like energy consumption and maintenance. Effective programming method-
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ologies must balance these efficiencies to maintain high productivity and adaptability in the
production process [16].

While LfD offers significant conceptual advantages over other programming methods,
its deployment in practical manufacturing settings requires careful consideration and faces
performance challenges in terms of implementation and operational efficiency. To maximize
implementation efficiency, it is necessary to consider various factors such as the cost of
demonstration setup, as well as the human time and cognitive effort required for demonstra-
tion. According to [10], kinesthetic teaching is particularly effective due to its minimal setup
requirements and ease of demonstration to cobots. To further minimize human effort and
time, focusing on one-shot demonstrations is crucial [20]. Among LfD approaches, Dynamic
Movement Primitive (DMP) is a well-established method that can learn and generalize from
a single demonstration. The choice of DMP in manufacturing is also further motivated by its
high explainability and low implementation effort [9].

The efficiency of operation can be directly evaluated through task success rates and
production throughput. While aiming for a 100% success rate and maximum throughput
would theoretically maximize daily product output, achieving this ideal is nontrivial due to
practical challenges. The noise in the recorded demonstration data, caused by joint sensor
errors or hand tremors during demonstrations, negatively impacts operational efficiency in
two significant aspects: accuracy and execution time.

Accuracy in LfD is determined by task-specific criteria that ensure the success of the
task, similar to optimization-based approaches where constraints and costs guide an algo-
rithm towards a successful solution. In human demonstrations, these constraints and costs
are inherently encoded in the motion. For example, in a reaching task, the end-effector must
approach the object from a specific direction to avoid collisions and grasp the object at the
correct angle. These precise instructions are implicitly conveyed through human demon-
stration. However, noise can obscure these implicit cues, making them less effective. This
degradation affects LfD algorithms’ performance, making it challenging for the system to
learn and generalize the intended motion, often leading to overfitting the noise and reducing

task success rates [20].
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Existing methods often rely on multiple demonstrations to regress noise-free demonstra-
tions while maintaining accuracy [27, 28]. To numerically model the accuracy, they use the
local variance of these demonstrations as a measure of significance for each segment: high
local variability indicates low accuracy and vice versa. However, this approach compromises
implementation efficiency by requiring the user to provide multiple demonstrations. To over-
come this challenge, it is necessary to extract such accuracy measures while providing only
one demonstration.

The execution time of robotic tasks is a crucial factor that directly influences production
throughput. A lower execution time leads to a higher number of products produced per day
and naturally a higher profit. Therefore, it is necessary to learn the fastest possible way
to execute a task from human demonstration [19]. However, human demonstrations are
naturally slow due to the cognitive complexity of teaching accurate, detailed motions [29].
Consequently, it is necessary to derive the optimal timing law from human demonstrations.
Achieving optimal timing for robotic demonstrations is challenging due to two main issues.
First, as detailed in [29], demonstrations cannot typically be sped up uniformly, hence a
simple uniform scaling is not feasible. Second, while existing methods allow humans to
locally speed up their demonstrations, they ignore the robot’s kinematic limits. Due to the
presence of noise, this approach leads to velocity and acceleration spikes that make the
resulting trajectory kinematically infeasible. To avoid infeasibility, it is inevitable to settle for
a non-optimal timing law. Additionally, this approach leads to a high-jerk motion. the motion
jerk, indicating the rate of change of acceleration, affects motion smoothness. Low jerk
profiles indicate smooth, human-like movement, which reduces mechanical stress, whereas
high jerk increases wear, maintenance costs, and energy consumption [30]. Therefore,
there is a need for a new approach to achieve the optimal execution time, while removing

the demonstration noise and enhancing the smoothness of the motion by minimizing jerk.

2.1.2.2 State of the Art

To address the issue of slow demonstrations and execution time, several studies focused

on the isolation of demonstrating path and timing, allowing humans to teach the path and
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the timing law of demonstrations separately. Authors in [31] explore methods based on in-
cremental learning to let the human teacher adjust the speed of their initial demonstrations,
integrating human feedback into velocity scaling factors within the DMP formulation. The
work in [32] further investigates the refinement of both path and speed through kinesthetic
guidance, enabling teachers to fine-tune their demonstrations in real time, thereby enhanc-
ing the quality of the learned trajectories. Moreover, the study of [29] utilizes teleoperated
feedback to locally speed up the task execution. Their work clearly signifies the importance
of a well-demonstrated timing law in achieving high task success rates. To build upon these
works, it is beneficial to incorporate the robot’s kinematic limits into an optimization prob-
lem, solving for the best feasible timing law for the demonstrated path. Then, to allow the
human teacher to refine the timing law, instead of merely speeding up, we can permit users
to “slow down” demonstrations to achieve reliable execution, and hence ensure the optimal
timing. Via this approach, optimizing for the timing law guarantees that the best achievable
execution time is calculated, while the ability to slow down the demonstration provides direct
control to the human teacher in order to make the task execution reliable and successful
while maintaining fast performance.

In the context of LfD, there are limited studies addressing the regulation of motion jerk.
In [30], authors tackled jerky demonstrations by introducing Gaussian noise to smoothen
the trajectories. The study in [33] utilized the inherent smoothing properties of B-Splines by
fitting demonstration trajectories with them, an approach also adopted by [34] and [35]. B-
splines are advantageous for trajectory optimization due to their smoothness, local control,
and efficient computation. Their piece-wise polynomial structure ensures smooth motion
paths, making them ideal for complex motion optimization [36]. However, optimizing both
timing and jerk simultaneously presents a challenge, as it can lead to an ill-defined prob-
lem. This difficulty arises because applying constraints over the demonstration path requires
knowing the relative timing of each part of the path. Conversely, these timings cannot be
treated as decision variables since the underlying trajectory representation in B-splines is
a piece-wise polynomial [37]. As the original timing of the demonstration is suboptimal and

cannot be used, it is possible to address this issue by employing a two-step solution: first,
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optimizing the timing, and then regulating the jerk profile by removing noise.

When it comes to eliminating noise and unwanted behaviors in human demonstrations,
the existing studies have taken various approaches to transform suboptimal demonstrations
into optimal ones and enhance the learning and execution performance of LfD algorithms
such as DMPs, Gaussian Processes (GPs), and Gaussian Mixture Models (GMMs). The
performance of these methods relies heavily on the quality of the demonstrations. Subop-
timal demonstrations can reduce the performance of LfD and cause overfitting or underfit-
ting on the non-optimal demonstrations [20]. One approach is to focus on augmenting the
demonstrations in order to fine-tune their data efficiency [38, 39], which aims at compen-
sating the suboptimal demonstrations via various methods such as data augmentation or
self-exploration. Another strategy focuses on extracting key information from demonstra-
tions to capture essential implicit features [40]. to enhance the efficiency of the demonstra-
tion process, the work in [41] assessed the effectiveness of newly added demonstrations
by quantifying their information gain. The authors in [42] optimized LfD outcomes via Rein-
forcement Learning (RL) by eliminating suboptimal demonstrations and retaining the useful
ones. In [43], authors utilized GMM to increase the robustness of LfD to suboptimal training
data, ensuring that the reproduced trajectory maintains the required precision.

A common theme in the mentioned works is the use of multiple demonstrations to op-
timize the demonstration process. This approach is driven by the absence of definitive
ground truth in human demonstrations, making it challenging to distinguish between ac-
curate demonstration data and noise or unwanted motion. The research question thus be-
comes how to develop a metric of accuracy that can serve as a ground truth while allowing
some flexibility to modify or optimize the demonstration trajectories. Studies such as [27]
and [28] highlight the use of task variability tolerances to adjust a robot’s compliance. They
suggest employing low impedance settings when high variability is detected, thereby ac-
commodating more deviations in human demonstrations. The main idea is to align multiple
demonstrations of a task and use the variance of each segment as a measure of signifi-
cance or required accuracy. For example, a motion segment that is highly consistent across

demonstrations indicates a need for precise replication, whereas segments with higher vari-
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ability suggest permissible deviations while maintaining task accuracy.

Several studies have leveraged the statistical distribution of multiple demonstration tra-
jectories, using variance to determine tolerance values that represent accuracy [44, 45, 46,
41]. Additionally, the study in [47] extracted tolerance bounds from multiple demonstrations
to define obstacle-free regions. This approach provides flexibility to regress a noise-free
trajectory within these bounds, ensuring the demonstration remains accurate, obstacle-free,
and successful in achieving the task goal. Authors in [48] proposed a method where the
human first moves the manipulator around the workspace to define a swept volume. This
swept volume is then used as tolerance bounds to constrain the optimization method, while
the optimization solves for the desired objective.

The goal of all of these studies is to develop tolerance bounds as numerical represen-
tations of accuracy, which can then be used to safely constrain the optimization methods
and apply desired objectives to improve demonstrations. However, since all of the men-
tioned works rely on multiple demonstrations, they sacrifice the clear advantages of one-shot
demonstration. Only a limited number of works have attempted to address this challenge
using one-shot demonstrations. In [49], the authors used points recorded from a single
demonstration to fit a piecewise polynomial trajectory within predefined and fixed tolerance
bounds. Building on this, authors in [34] proposed a novel approach to adaptively extract
tolerance bounds from one-shot kinesthetic demonstrations. They employed surface Elec-
tromyography (sEMG) signals, where the stiffness of the human teacher’s hand, recorded
through sEMG measurements during the demonstration, serves as a measure of accuracy
or tolerance bounds. However, this method requires an expensive setup, increasing both the
cost and effort of implementation. In manufacturing contexts, it is beneficial to capture these
tolerance bounds from the human teacher while maintaining the simplicity of the demonstra-

tion setup and implementation efficiency.

2.1.2.3 Contribution

Given the outlined challenges, this study introduces DFL-TORO, a novel Demonstration

Framework for Learning Time-Optimal Robotic tasks via One-shot kinesthetic demonstra-
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tion. DFL-TORO intuitively captures human demonstrations and obtains task tolerances,
yielding smooth, jerk-regulated, time-optimal, and noise-free trajectories. DFL-TORO is in-
troduced as a pivotal layer after capturing human demonstrations and before feeding the
data to the LfD algorithm. For the first time, this issue is addressed by incorporating a new

layer into the learning process. The detail of the contributions of DFL-TORO are as follows:

* An Optimization-based Smoothing algorithm, considering the robot’s kinematic limits
and task tolerances, which delivers time-and-jerk optimal trajectories and filters out the
noise, enhancing operation efficiency. This work is the very first attempt to optimize the
original demonstration trajectory with respect to time, noise, and jerk, before feeding

to the learning algorithm.

» A method for intuitive refinement of velocities and acquisition of tolerances, reducing

the need for repetitive demonstrations and boosting operation efficiency.

+ Evaluation of DFL-TORO for a variety of tasks via a Franka Emika Research 3 (FR3)

robot, highlighting its superiority over conventional kinesthetic demonstrations

* A case study via DMP, to showcase the benefits of incorporating DFL-TORO before

training LfD algorithms.

2.1.3 RC3: A Software Framework
2.1.3.1 background and Motivation

The integration of LfD into industrial manufacturing requires a software framework that
bridges the gap between research advancements and practical deployment. The manu-
facturing domain imposes unique requirements on software frameworks to ensure they are
not only technically robust but also practical for industry practitioners with varying levels of

robotic expertise. An ideal software framework must fulfill several key criteria:

1. Standardization: The software should adhere to a standard framework, such as ROS,

which provides a widely accepted foundation for robotic software. ROS also offers
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access to an extensive library of standardized robotic tools and packages tailored for

industrial applications [13].

. Robot Agnosticism: Given the diversity of robotic platforms in manufacturing, the
framework must be platform-independent. It should generalize capabilities across
robotic setups with minimal configuration. Leveraging tools like Movelt, which pro-
vides a robot-agnostic interface, ensures seamless implementation of algorithms on

various hardware platforms [14].

. Modular Learning Integration: The rapid development of LfD methodologies and
algorithms requires a framework that supports modularity, allowing for the seamless
integration of new learning methods into the existing pipeline. This modularity is crucial

for adapting to advancements in the field and extending the framework’s functionality.

. Perception System Integration: Flexible robotic manipulation relies on robust per-
ception systems to localize objects for manipulation. The framework must enable the
integration of perception modules, allowing LfD algorithms to utilize real-time object

localization data for effective task execution.

. User Accessibility: The software must cater to non-robotic experts, providing an
intuitive, high-level interface. Industry practitioners should be able to design com-
plex robotic tasks using learned subtasks without requiring extensive robotic exper-
tise. High-level instructions must facilitate the assembly of arbitrary task workflows

efficiently.

These requirements highlight the need for a robust and versatile software framework de-

signed specifically for industrial applications of LfD.

2.1.3.2 State of the Art

Existing frameworks and tools for LfD address various aspects of the challenges in deploy-

ing LfD for industrial manufacturing but fall short of meeting all the critical requirements

for practical implementation. For instance, Robomimic [50] is a modular framework that
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supports learning multiple LfD algorithms from offline demonstrations. While it is valuable
for research purposes, it lacks industry-standardization with ROS, does not support robot-
agnostic implementation, and is not designed to execute and control physical robots directly,
limiting its applicability in industrial contexts.

RVT2 [51] focuses on integrating visual perception into LfD but is narrowly scoped to
perception tasks. It does not address other essential aspects, such as robot-agnostic im-
plementation or the modular integration of diverse learning algorithms. Similarly, several
works explore specific LfD algorithms. For example, [52], [53], and [54] delve deeply into
particular methodologies, advancing algorithmic development. However, these approaches
are limited in scope and do not generalize well across multiple LfD approaches or support
robotic control in broader industrial applications.

Rofunc [55] is a Python-based framework that supports various LfD algorithms for robotic
manipulation. Despite its versatility in algorithm support, it is not robot-agnostic, lacks stan-
dardization with ROS, and is not tailored for integration with industrial manufacturing work-
flows. On the other hand, Concept2Robot [56] excels in user accessibility, allowing non-
experts to provide high-level instructions by translating language commands into manipula-
tion concepts. However, it fails to meet other crucial requirements, such as industry-standard
compliance, robot-agnostic implementation, and modular integration of advanced LfD algo-
rithms.

While these existing solutions have made significant strides in their respective domains,
they fail to offer a comprehensive, modular, and standardized framework tailored specifically
for industrial manufacturing. Addressing these limitations is essential to bridge the gap be-

tween LfD research and its practical, scalable deployment in real-world industrial scenarios.

2.1.3.3 Contribution

To address the gaps identified in the state of the art, this research presents a comprehensive
software framework for industrial LfD applications. The framework is designed to meet the

diverse requirements of manufacturing by offering the following contributions:
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» Standardized and Modular Architecture: Built on the ROS ecosystem, it ensures
compatibility with industry standards and access to a wide range of robotic tools and
packages. Moreover, the modular integration of LfD algorithms to accommodate exist-

ing methodologies and facilitate the seamless incorporation of new advancements.

* Robot-Agnostic Implementation: The software framework utilizes Movelt as the con-
trol interface to ensure platform independence, enabling deployment across various

robotic manipulators with minimal configuration effort.

 Perception System Integration: Incorporates perception modules for object localiza-
tion and manipulation, providing a flexible interface for integrating vision-based sys-

tems into LfD workflows.

* High-Level Accessibility for Non-Experts: A high-level programming interface is
designed for non-robotic experts, which enables them to compose LfD-based robotic

tasks with a set of intuitive high-level instructions.

This framework bridges the gap between cutting-edge LfD research and practical indus-
trial deployment. By focusing on standardization, modularity, and accessibility, it empowers
both researchers and practitioners to harness the full potential of LfD in transforming manu-

facturing processes.
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Chapter 3

A Practical Roadmap to Learning
from Demonstration for Robotic

Manipulators in Manufacturing

This chapter begins by presenting a practical roadmap for integrating LfD into industrial
manufacturing tasks, addressing the increasing demand for flexible and adaptive robotic
systems. As manufacturing shifts from mass production to mass customization, the ability
of industrial manipulators to quickly adapt to new tasks has become essential. Traditional
programming methods, with their rigidity and expertise requirements, fail to meet these de-
mands. The roadmap bridges the gap between state-of-the-art LfD research and practi-
cal implementation, offering industry practitioners a structured, step-by-step guide to trans-
forming existing robotic setups. By consolidating insights from the literature and providing
actionable guidance, the roadmap empowers practitioners to navigate the complexities of
deploying LfD solutions, ensuring efficient, scalable, and effective adoption in diverse man-
ufacturing scenarios.

As depicted in Figure 3.1, the practitioner first addresses the question of “What to demon-
strate” to define the “Scope of Demonstration”. Subsequently, the practitioner needs to an-

swer the question of “How to Demonstrate” in order to devise a “Demonstration Mechanism”.
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Accordingly, the question of “How to learn” equips the robotic manipulator with the proper
“Learning mechanism”. Even though the LfD process implementation is accomplished at
this stage, the evaluation of LfD performance leads to the question of “How to Refine”,
which provides the research objectives and directions in which the performance of the LfD
process can be further improved. Taking these points into account, the rest of the chapter is

structured as follows:

1. What to Demonstrate? (Section 3.1): This section explores how to carefully define
the task and identify certain features and characteristics that influence the design of

the process.

2. How to Demonstrate? (Section 3.2): Building upon the scope of demonstration, this
section explores effective demonstration methods, considering task characteristics and

their impact on robot learning.

3. How to Learn? (Section 3.3): In this section, the focus shifts to implementing learning

methods, enabling autonomous task execution based on human demonstrations.

4. How to Refine? (Section 3.4): Concluding the structured approach, this section ad-
dresses refining LfD processes to meet industrial manufacturing requirements, outlin-

ing challenges and strategies for enhancing LfD solutions in manufacturing settings.

3.1 What to Demonstrate

This section focuses on the first step in developing an LfD solution, i.e., extracting the scope
of the demonstration from the desired task. In this step, with a specific robotic task as
the input, we explore how to determine the knowledge or skills a human teacher needs to
demonstrate to the robot. The scope of demonstration establishes clear boundaries for what
the robot should be able to accomplish after learning. Defining the scope is crucial because
it sets the foundation for the entire LfD process. A well-defined scope ensures the pro-

vided demonstrations comprehensively and accurately capture the desired robot behavior.
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Figure 3.1: Overview of our proposed roadmap for LfD implementation.
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Conversely, a poorly defined scope can lead to incomplete or inaccurate demonstrations,
ultimately limiting the effectiveness of the LfD solution.
To determine “What to demonstrate”, three different aspects of the robotic task will be

investigated as follows.

3.1.1 Full Task versus Subtask Demonstration

A full robotic task can be decomposed into smaller steps called subtasks, along with their
associated task hierarchy or their logical sequence (Figure 3.2). In a full task demonstration,
the human teacher demonstrates the entire process, including all subtasks in their logical
order. In contrast, subtask demonstration focuses on teaching each subtask of the robotic
task one at a time. Here we explore whether to demonstrate the full robotic task at once, or
aim to demonstrate subtasks separately.

What Happens When Learning Full Task: In the case of full task demonstration, the
LfD algorithm is required first to segment the task into smaller subtasks and learn them
separately [57, 58, 59, 60, 61, 62, 63, 64, 65, 66, 67]. Otherwise, training a single model on
the entire task can lead to information loss and poor performance [68]. Beyond identifying
subtasks, a full robotic task involves the logical order in which they should be executed — the
task hierarchy. The LfD algorithm is required to extract these relationships between subtasks
to build the overall task logic [57, 59, 60, 61, 65, 66]. This segmentation is achieved through
spatial and temporal reasoning on demonstration data [58, 60, 62, 63, 64, 65, 67, 69, 70, 71,
72, 73]. Spatial features help identify subtasks, while temporal features reveal the high-level
structure and sequence.

For instance, consider demonstrating a pick-and-place task as a full task. The LfD al-
gorithm can easily segment the demonstration into “reaching”, “moving”, and “placing” the
object, along with their sequential task hierarchy. Because these subtasks involve clearly
defined motions and follow a straightforward, linear order, the LfD algorithm can reliably ex-
tract the complete logic required to perform the entire pick-and-place task. On the other
hand, consider a pick-and-insert task with tight tolerances. Precise insertion is challenging

to demonstrate and requires retry attempts as recovery behavior. This creates a conditional
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task hierarchy. The successful insertion depends on achieving tight tolerances, and if the
initial attempt fails, the LfD system needs to learn the recovery behavior of repositioning
the object and attempting insertion again. Consequently, LfD’s reliance on automatic seg-
mentation to extract the detailed task logic in such cases becomes less reliable. However,
background information on the task characteristic can be provided as metadata by the hu-
man teacher and leveraged by the learning algorithm to improve the segmentation method
in semantic terms [74, 63].

What Happens When Learning Subtask: When subtasks are demonstrated individu-
ally, the human teacher manually breaks down the full task and provides separate demon-
strations for each one, along with the associated task hierarchy. This isolates the LfD algo-
rithm’s learning process, allowing it to focus on learning one specific subtask at a time [75,
76, 77,78, 29, 79, 80]. It is evident that this approach requires extra effort from the teacher
compared to full task demonstration.

For complex or intricate tasks such as pick-and-insert with tight tolerances, the teacher
can individually provide “reaching”, “moving”, and “inserting” subtasks along with recovery
behaviors. While this requires the teacher to separately define the task hierarchy and provide
demonstrations for each subtask, it yields several benefits. First, the teacher can focus on
providing clear and accurate demonstrations for each isolated step. Second, it allows for a
reliable demonstration of the conditional hierarchy involved in complex tasks [81, 82].

When to Demonstrate Full Task versus Subtask: One of the significant differences
between full-task and subtask demonstrations emerges in conditional behaviors, especially
when recovery behaviors need to be demonstrated and implemented. For instance, in an
assembly process with a stationary vision system, the vision system must detect a part for
the robot to grasp. If the grasping fails, the robot should attempt the grasp again by first
moving its arm outside the vision system’s field of view, allowing the object to be re-detected
before retrying. With full-task demonstration, it is impossible to showcase both the primary
and recovery behaviors completely and in one pass. Therefore, subtask demonstration
becomes necessary, either for the recovery behavior alone or for the entire task.

To further illustrate the difference, consider a welding task. Welding requires high pre-
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cision and is dependent on the geometry of the object being welded. Making the learning
method geometry-aware can enhance its generalization accuracy. In full-task demonstra-
tion, the practitioner needs to encode the entire geometry into the learning method and
rely on the segmentation algorithm’s efficiency to correctly segment the full demonstration
and the geometric information. Conversely, subtask demonstration allows the practitioner
to manually segment the full task based on their knowledge of the object’s geometry. This
approach provides better control over the welding performance, isolates the learning of sub-
tasks, and facilitates the encoding of geometric information. In contrast, for tasks such as
painting or stacking, full-task segmentation can be reliably achieved through spatial and
temporal reasoning and can be left to the learning method. Manually dividing these tasks
into subtasks would result in a large number of subtasks, making the demonstration process
cumbersome and time-consuming.

Overall, demonstrating the entire robotic task at once can be efficient for teaching simple,
sequential tasks, as the algorithm can segment and learn reliably. However, for complex
tasks with conditional logic or unstructured environments, this approach struggles. Breaking
the task into subtasks and demonstrating them individually is more effective in these cases.
This removes the burden of segmentation from the learning algorithm and allows for better
performance, especially when dealing with conditional situations. By teaching subtasks first,
and then layering the task hierarchy on top, robots can handle more complex tasks and
learn them more efficiently. In essence, full task demonstration is recommended for simple
behaviors with linear task logic, while complex tasks are recommended to be decomposed
into subtasks and demonstrated separately. As a general example, full task demonstration is
recommended for tasks such as painting, material handling, stacking, and packaging, as the
complexity of such tasks is limited and at the same time, division of the task into subtasks
will result in numerous subtasks which increases the effort of task implementation. On the
other hand, subtask demonstration is recommended for tasks such as welding, interlocking,
screwing, and bolting, since such tasks are more precise and complex, and require more
reliability to ensure high-quality demonstration. Nonetheless, these examples only serve as

an intuitive guideline, and the actual choice depends on the detailed and various situations
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Figure 3.2: lllustration of how subtasks and task hierarchy comprise a full task.

3.1.2 Motion-Based versus Contact-Based Demonstration

Robot task demonstrations can be categorized into two main types: motion-based and
contact-based. Motion-based tasks, like pick-and-place [29, 79, 80], focus on teaching the
robot’s movement patterns. The key information for success is captured in the robot’s tra-
jectory and kinematics, with limited and controlled contact with the environment [29, 79, 80,
83, 84, 85, 86, 87, 88, 89, 34]. Conversely, contact-based tasks, such as insertion [90, 91,
92, 32, 93, 94, 95, 96, 76, 97, 98, 46, 99], require the robot to understand how to interact
with objects. Here, task success also relies on understanding forces and contact points
[99]. Simply replicating the motion does not suffice and the robot needs to learn to apply

appropriate force or adapt to tight tolerances to avoid failure. This highlights the importance
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of contact-based demonstrations for tasks where interaction with the environment is crucial.
The comparison of motion-based and contact-based tasks is illustrated in Figure 3.3. For
deeper insights, the works in [23] and [24] dive deeper into motion-based and contact-based

tasks, respectively.
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Figure 3.3: Comparison of motion-based versus contact-based task. On the left, the pick-
and-place task has a structured and predictable interaction with the environment, while the
insertion task on the right needs to deal with the contact resulting from tight tolerances to
successfully perform the task.
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Notion of Compliance: To understand whether a task is motion-based or contact-
based, it is necessary to understand the notion of compliance. Compliance in robotics refers
to the capacity of a robotic system to yield or adjust its movements in response to external
forces, ensuring a more adaptable and versatile interaction with its environment [100]. This
adaptability is typically achieved via Impedance Controllers, where the end effector of the
robot is modeled as a spring-damper system to represent compliance (Figure 3.4) [101,
102]. In motion-based tasks, the robot prioritizes following a planned path with minimal
adjustment (low compliance), i.e. external forces cannot alter the robot’s behavior, while
contact-based tasks allow for more adaptation (high compliance) to better interact with the
environment. It is important not to confuse compliance with collision avoidance. Collision
avoidance involves actively preventing contact with the environment by adapting the behav-
ior on the kinematic level, while compliance relates to the robot’s ability to adjust its behavior
in response to external forces.

What is Learned and When to Teach: With motion-based demonstration, the LfD al-
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Figure 3.4: lllustration of compliant versus non-compliant behavior against the environment.
The black line represents the environment surface, the red path represents a non-compliant
behavior, and the blue path represents the compliant behavior against the environment sur-
face. In Impedance Control, the end-effector is modeled as a spring-damper system.

gorithm learns under the assumption of zero compliance and replicates the behavior on a
kinematic level, i.e., strict motion. On the other hand, contact-based teaching enables the
LfD algorithm to learn how to react when compliance is high, therefore it learns the skills on
how to interact with the working environment.

One critical factor in selecting between motion-based and contact-based demonstration
is the analysis of the desired task through the lens of its dependence on compliance. For
example, in an insertion task with tight tolerances, if there are slight inaccuracies in mea-
surements and the peg lands with a slight offset to the hole, compliance can be helpful to
react skillfully to this misalignment and attempt to find the right insertion direction. Con-
versely, a pick-and-place task typically does not require compliance in the case when the
grasping mechanism is simple and structured.

Practical Implications: From the point of view of practical implementation, the trade-off
between motion and contact during the task execution is a key design factor to implement the
task successfully [58, 76, 99, 46, 31, 44, 103]. For example, in tasks such as rolling dough
[99], board wiping [76], and grinding [58], hybrid motion and force profile are learned as both

31



are crucial for successful task execution i.e. a force profile is needed to be tracked alongside
the motion. As mentioned, this factor is best encoded via Impedance Control, where at
each point of task execution, it can be determined whether position or force requirements
are in priority [91, 104]. However, this method requires torque-controlled compliant robots
and cannot be applied to many industrial robots which are position-controlled and stiff [32].
For such robots, the alternative to Impedance Control is Admittance Control, which operates
with an external force sensor and can be implemented on stiff industrial robots [105].

As a general example, tasks such as inspection, welding, and packaging can rely mainly
on motion demonstration, as environment interaction is either very limited or nonexistent.
On the other hand, tasks such as peg insertion, interlocking, and bolting depend mainly on
contact demonstration. Finally, the motion-contact trade-off plays a major role in tasks such
as painting, screwing, and hammering, since both motion and contact demonstration should
be respected to successfully complete the task. Again, the final design choice can vary
depending on the requirements of the desired task and through iteratively finding the best

scope of demonstration.

3.1.3 Context-Dependent Demonstrations

In addition to the choice of scope between full task versus subtask and motion versus contact
demonstration, the operation of the robot is influenced by various specific contexts. Such
contextual settings are highly dependent on the requirements of the task and often need
to be custom-designed and tailored for the task. Nonetheless, here we discuss several

common contexts alongside the considerations required for each.

3.1.3.1 Collaborative Tasks

Tasks that involve collaborating with humans or other robots typically provide interaction
through an observation or interaction interface, which serves as a channel for information
exchange between the robot and its collaborators [106, 107, 79, 108, 109, 110]. These

interfaces can take various forms, such as physical interaction mechanisms or dedicated
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communication protocols [109, 111, 112, 113], and are specifically designed and tailored
to facilitate the collaborative task. Consequently, when providing demonstrations for such
tasks, careful consideration must be given to ensure alignment with the interaction interface.

A typical example of a collaborative task is collaborative object transportation where one
side of the object is held by the robot and the other part is held by the human [107]. In
this case, the interaction interface is physical Human-Robot Interaction (pHRI), where not
only the motion is important, but also the compliance becomes relevant. Another aspect to
consider in collaborative tasks is safety and collision avoidance since the robot’s operating
environment is closely shared with the human collaborator [79]. It means that the human
teacher needs to further teach safety strategies to the robot. Moreover, collaborative tasks
have a more complicated task logic since the execution can depend on the collaborator’s
actions, which adds more conditions and more branching in the logic of the task. It also
requires the robot to predict the intention of the human in order to follow the task hierarchy

[111]. For a deeper insight into LfD for collaborative tasks, refer to [18].

3.1.3.2 Bi-Manual Tasks

Bi-manual tasks involve the coordinated use of both robot arms to manipulate objects or
perform activities that require dual-handed dexterity [31, 83, 114, 115, 116, 70]. Prior re-
search has explored strategies for optimizing synchronization, force distribution, and motion
coordination in bi-manual learning, highlighting the importance of ensuring fluid and adap-
tive collaboration between the arms. Teaching a robot to perform bi-manual tasks through
LfD should emphasize synchronization and coordination between the robot’s multiple arms.
For instance, in tasks like assembling components or handling complex objects, the robot
needs to learn how to distribute the workload efficiently between its arms. Also, in dual-
arm assembly, the coordination of both arms played a crucial role in achieving the desired
precision [31, 117, 115]

Moreover, Bi-manual tasks often require specialized grasping strategies if both arms
are simultaneously used for manipulating items [118, 116]. Given the proximity of both

arms in bi-manual tasks, safety considerations become of great importance. The teaching
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should emphasize safe practices, including collision avoidance strategies and safety-aware

learning.

3.1.3.3 Via points

In certain contexts, teaching robot-specific via-points within a task can be a highly effec-
tive way to convey nuanced information and refine the robot’s execution [97, 119, 120]. Via
points serve as intermediate locations or configurations within a task trajectory, guiding the
robot through critical phases or ensuring precise execution. One notable scenario where
demonstrating via points can enhance the learning process is in assembly processes [121].
For complex machinery assembly, instructors can guide the robot through specific via points
to ensure proper component alignment or correct part insertion. Additionally, via-points
serve as an excellent measure of accuracy to optimize the robot motion and tool manipula-
tion while ensuring successful task execution as long as the via point is passed throughout
the path. Those enable the learning algorithm to understand optimal trajectories, adapt to

changing conditions, and enhance its overall versatility.

3.1.3.4 Task Parameters

Some contexts require explicitly teaching a robot specific task parameters to enhance its
understanding and performance in specialized scenarios. These task parameters go beyond
the general actions and involve teaching the robot how to adapt to specific conditions or
requirements. Here, the focus is on tailoring the robot’s learning to handle variations in the
environment, object properties, or operational constraints [109, 122, 123, 124, 120].
Teaching the robot about variations in object properties is essential for tasks where the
characteristics of objects significantly impact the manipulation process. For instance, in ma-
terial handling tasks, the robot needs to learn how to handle objects of different shapes,
sizes, weights, and materials [125, 122]. Demonstrations can be designed to showcase the
manipulation of diverse objects, allowing the robot to generalize its learning across a range

of scenarios. Additionally, robots operating in manufacturing settings often encounter spe-
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cific operational constraints that influence task execution. Teaching the robot about these
constraints ensures that it can adapt its actions accordingly. Examples of operational con-
straints include limited workspace, restricted joint movements, or specific safety protocols
[126].

3.2 How to Demonstrate

The next step after answering the question of “What to Demonstrate” and defining the scope
of demonstration is to realize how to provide demonstrations to transfer the required knowl-
edge and skills from the human teacher to the robot, i.e., the channel through which the
information intended by the teacher could be efficiently mapped to the LfD algorithm on the
robot. According to [10], demonstration methods can be classified into three main cate-
gories: Kinesthetic Demonstration, Teleoperation, and Passive Observation. In this section,
we discuss these categories and analyze their advantages and disadvantages with respect

to the scope of demonstration, with a summary provided in Table 3.1.

3.2.1 Kinesthetic Teaching

Kinesthetic teaching is a method wherein a human guides a robot through a desired mo-
tion within the robot’s configuration space. In this approach, a human physically guides the
robot to perform a task, and the robot records the demonstration using its joint sensors (Fig-
ure 3.5(a)) [75, 29, 79, 91, 32, 96, 58, 127, 108, 98, 128, 129, 130]. This method has been
widely studied for its effectiveness in intuitive robot programming, enabling robots to learn
complex motions directly from human demonstrations. Research in this area has focused
on improving the accuracy of motion capture, refining learning algorithms to generalize from
demonstrations, and integrating multimodal feedback such as force sensing and electromyo-
graphy to enhance teaching precision. The key aspect of kinesthetic teaching is the direct
interaction between the human teacher and the robot in the robot’s configuration space,
which allows for precise guidance and facilitates natural, human-like motion learning.

What Setup is Required: Kinesthetic teaching offers a straightforward setup, requiring
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only the robot itself. This simplicity contributes to ease of implementation and reduces the
complexity of the teaching process, as well as minimizing the associated costs. This makes
kinesthetic teaching an affordable and cost-effective option for training robots. Moreover, the
interaction with the robot is intuitive for the teacher, making it easier to convey complex tasks
and subtle details.

However, the suitability of kinesthetic teaching can be limited by the physical demands it
requires, particularly with larger or heavier robots. Safety concerns also arise, especially in
scenarios involving rapid movements or the handling of hazardous materials. This limitation
can affect the scalability of kinesthetic demonstrations in diverse manufacturing contexts.

How Demonstration Data is Obtained: Through kinesthetic teaching, the robot records
the demonstration using its joint sensors. The recorded data forms the basis for training the
robot, allowing it to learn and replicate the demonstrated motion. The mapping of train-
ing data into the learning algorithm is straightforward, which enhances the reliability of the
demonstration framework. However, the recorded demonstration data contain noise, as it
depends on the physical interaction between the human and the robot. This noise can affect
the smoothness of the training data and require additional processing to improve the learn-
ing algorithm’s performance [131]. Additionally, since the training data depends on the robot
hardware, the scalability of the training data to another setup will be limited.

Recommendations: Kinesthetic teaching is effective for instructing both full task hier-
archies and low-level subtasks, especially excelling in demonstrating complex and detailed
subtasks with its precise physical guidance of the robot. However, for full task demonstra-
tions, additional post-processing of training data is advised to enhance segmentation and
eliminate noise. While kinesthetic teaching offers precise control for motion demonstrations,
the recorded data often suffers from noise and lacks smoothness due to the physical inter-
action between human and robot. However, it becomes limiting for contact-based demon-
strations because unreliable torque readings from joint sensors prevent teaching the desired

force profile to the robot, as the human guides its movements.
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Table 3.1: Summary of the comparison of demonstration mechanisms.

Kinesthetic Teaching Teleoperation Passive Observation
Concept Physically guiding robot Remotely guiding robot Observing human actions
Demonstrate Complex Safe Demonstration Safe Demonstration
Advantages Motion
9 Minimal Setup Isolation of Teaching Ease of Demonstration
Intuitive Interaction
Precise Manipulator Control
Limitations Safety Concerns Complex Setup Complex Setup
Physically Demanding Requires Skills to Use Inefficient for Complex tasks
Full Task Demonstration Contact-Based Full Task Demonstration
Recommended Use Demonstration
Subtask Demonstration Iterative Refinement Large-Scale Data Collection

Motion Demonstration

3.2.2 Teleoperation

Teleoperation refers to the process in which the human teacher remotely controls the move-
ments and actions of the robot (Figure 3.5(b)). This control can be facilitated through dif-
ferent methods including joysticks, haptic interfaces, or other input devices, enabling the
operator to teach the robot from a distance. Various studies have explored different aspects
of teleoperation for robot learning, including methods for improving efficiency in learning
from human demonstrations, adaptive control strategies, and the integration of vision-based
feedback [76, 99, 132, 133, 134, 135, 136]. These works highlight the role of teleoperation in
enhancing robot adaptability, leveraging human guidance more effectively, and incorporating
multimodal feedback to refine task execution. Teleoperation differs from kinesthetic teaching
as it allows for remote teaching to the robot.

What Setup is Required: Setting up teleoperation involves equipping the robotic ma-
nipulator with necessary sensors like cameras and force/torque sensors to relay feedback
about the robot and its surroundings. On the human side, a well-designed control interface
is required for intuitive and accurate control of the robot’s movements. A robust communi-
cation system, whether wired or wireless, is necessary for real-time transmission of control
signals and feedback. Safety measures, including emergency stop mechanisms, are essen-
tial to prevent unexpected behaviors, especially since the robot is operated remotely and

immediate access to the robot is not possible in case of a malfunction.
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The teleoperation setup is inherently well-suited for the tasks being operated in danger-
ous or hard-to-reach environments. Moreover, the design of the teleoperation interface can
be versatile according to the target task, to provide the operator with a teaching interface
closest to human-like dexterity. On the downside, teleoperation requires a more sophisti-
cated setup compared to kinesthetic teaching, and it requires further designing the control
and the communication interface according to the task. While it can promote intuitive teach-
ing, it often requires extra training for the operator on how to use the setup for their teaching
and demonstration. The remote nature of teleoperation can also raise concerns over the
communication latency of the setup and how it affects the task demonstration depending on
the task.

How Demonstration Data is Obtained: Through teleoperation, the acquisition of the
training data can be flexibly designed based on what information is required for learning.
The training data can be obtained by joint sensor readings, force/torque sensors on the
joints or the end effector, haptic feedback, etc. It is the decision of the robotic expert how
to map the raw teaching data to processed and annotated training data suitable for the LfD
algorithm. One main advantage of teleoperation is that it is possible to isolate the teaching
to a certain aspect of the task. For example, in [29], a joystick is used as the teleoperation
device, where certain buttons only adjust the velocity of the robot, and other buttons directly
affect the end-effector position and leave the execution velocity untouched. This benefit can
enable better-tailored teaching or iterative feedback to increase the efficiency of the learning
process.

Recommendations: Teleoperation is a suitable approach for demonstrating contact-rich
tasks, since there is no physical interaction, and the joint torque sensors or the end effector
force sensor on the robot can reliably record the contact-based demonstration as training
data. It is also well-suited for tasks demanding real-time adjustments. One of the most
common combinations of demonstration approaches is to use kinesthetic demonstration for
motion demonstration, and use teleoperation for iterative refinements or providing contact-

based demonstrations [53].
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3.2.3 Passive Observation

Passive observation refers to the process of a robot learning by observing and analyzing
the actions performed by a human or another source without direct interaction or explicit
guidance, i.e. the teaching happens with the robot outside the loop while passively observing
via various sensors (Figure 3.5(c)) [31, 137, 64, 138, 139, 140, 137, 115]. During passive
observation, the robot captures and analyzes the relevant data, such as the movements,
sequences, and patterns involved in a particular task. The features and characteristics of
the task are extracted from the observation and fed into the LfD algorithm as training data
for learning and generalization.

What Setup is Required: Setting up the teaching framework for passive observation
involves various sensors such as 2D/3D cameras, motion capture systems, etc. to enable
the LfD algorithm to observe the environment and the actions performed by the human
teacher. The information from raw observation is then processed by sophisticated machine
learning and computer vision algorithms to extract key features of the demonstration and
track them throughout the teaching. In this setup, humans often teach the task in their own
configuration space (i.e. with their own hands and arms), which makes the teaching easy
and highly intuitive for the humans. However, the setup is complicated and expensive due to
the requirement of various sensory systems.

When it comes to the scalability of demonstration across numerous tasks and trans-
ferability from one robotic platform to another, passive observation stands out as a suit-
able option for large-scale collections of demonstration datasets for various tasks, making it
preferable when extensive datasets are needed for training purposes. This is while kines-
thetic teaching and teleoperation mainly rely on a specific robotic platform and often cannot
be scaled across tasks or robots.

How Demonstration Data is Obtained: Acquisition of training data through passive
observation mainly relies on the extraction of the key features, as the learning performance
critically depends on how well the features represent the desired behavior of the robot on
the task. This forms a bottleneck in learning, since the more complex the task, the less effi-

cient the feature extraction. Consequently, passive observation can suffer from learning and
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performance issues when it comes to complex and detailed demonstrations. Overall, as the
demonstration setup is complex for this approach and the correspondence problem limits the
possibility of demonstrating complex tasks, this approach is not common for manufacturing
use cases.

Recommendations Nonetheless, Passive observation has been used for demonstrating
high-level full-task hierarchies. It is a suitable approach in scenarios where a diverse range
of demonstrations across various tasks needs to be captured. For instance, in [31], human
demonstrations are observed via a Kinect motion tracker, and then a motion segmentation is
applied to build the overall task logic. In terms of scalability, passive observation stands out
as a fit option for large-scale data collection, making it particularly suitable when extensive

datasets are needed for training purposes.

3.2.4 Summary of Limitations, Efficiency, and Robustness

In addressing the limitations, efficiency, and robustness of the proposed demonstration
methods for robot learning in manufacturing scenarios, several key insights emerge. Kines-
thetic teaching, while straightforward and cost-effective, faces challenges due to its phys-
ical demands and safety concerns, particularly with larger robots or hazardous materials.
The method’s reliance on direct human-robot interaction introduces noise in demonstration
data, requiring additional processing to ensure smooth learning and replication by the robot.
Teleoperation offers flexibility in data acquisition and enhances safety in hazardous envi-
ronments, yet it requires sophisticated setups and operator training, potentially introducing
communication delays that affect task demonstration efficiency. Passive observation stands
out for its scalability in collecting extensive datasets across various tasks but is restricted
by complex setup requirements and limitations in extracting detailed features necessary for
complex task demonstrations.

In terms of efficiency, kinesthetic teaching excels in its ease of implementation and intu-
itive interaction, enabling precise control and effective transfer of complex tasks. Teleoper-
ation provides efficient teaching by isolating specific task aspects and supporting real-time

adjustments, making it suitable for contact-rich tasks despite its setup complexities. Passive
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observation proves efficient in large-scale data collection for training purposes but struggles
with the efficient extraction of features crucial for complex task demonstrations. Robust-
ness across these methods varies: kinesthetic teaching is robust for both hierarchical tasks
and subtasks but constrained by physical limitations; teleoperation robustly handles contact
tasks and real-time adjustments but faces setup complexities and latency issues; passive
observation is robust in data scalability but limited by setup intricacies and feature extrac-
tion efficiency. These insights underscore the need for careful method selection based on
specific manufacturing requirements to ensure optimal robot learning and deployment effec-
tiveness.

To provide general examples, Kinesthetic teaching is recommended for tasks such as
pick and place operations, inspection, and packaging. Kinesthetic teaching also proves
effective for tasks requiring precise motion control and manipulation, such as welding. Tele-
operation is recommended for tasks such as screwing, painting, and gluing. This is because
teleoperation enables remote and safe demonstration for tasks such as gluing or painting,
as well as allowing for haptic feedback to facilitate contact demonstration in tasks such as
screwing and painting. Finally, passive observation, although less common in manufacturing
due to its setup complexity, can be applied effectively in tasks like inspection and material
handling. In material handling and packaging, passive observation enables robots to learn
diverse grasping techniques and packaging sequences by analyzing human operators’ ac-
tions from video feeds or motion capture data, enhancing versatility and scalability across
different products and packaging formats. These examples serve as a guideline to bet-
ter design the demonstration mechanism, while the final choice depends on the settings of

individual manufacturing tasks in their own specific context.

3.2.5 Remarks

There are alternative approaches to provide demonstrations tailored to a specific context
or situation. For example, in [141] the demonstration is in the form of comparison between
trajectories, i.e. the robot produces a set of candidate trajectories, while the human provides

preferences and comparison among them to imply which robot behavior is more suitable. In
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(a) Kinesthetic Teaching (b) Teleoperation (c) Passive Observation

Figure 3.5: lllustrative examples of the main demonstration approaches.

[142], the human feedback has the form of a corrective binary signal in the action domain
of the LfD algorithm during robot execution. The binary feedback signifies an increase or

decrease in the current action magnitude.

3.3 Howto Learn

This section focuses on the development of the LfD algorithm itself, after determining the
scope of demonstration and the demonstration mechanism. The aim of this section is to
consider how to design and develop a learning mechanism to meet the requirements of our
desired task. We first discuss the possible learning spaces in which the robot can learn, and

then we explore the most common learning methods used as the core of LfD algorithm.

3.3.1 Learning Spaces

Here we discuss the concept of learning spaces when representing demonstration data.
The learning space not only encompasses where the training data from demonstrations are
represented but also serves as the environment where the learning algorithm operates and
generalizes the learned behavior. The choice of learning space is important as it provides
background knowledge to the algorithm, thereby facilitating better learning and generaliza-

tion within that designated space. While there are several possibilities for learning spaces,
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here we focus on two main choices commonly used for robotic manipulators (Figure 3.6).

Joint Space Cartesian Space
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Figure 3.6: lllustrtive comparison of joint space and Cartesian space.

3.3.1.1 Joint Space

The joint space of a robot is a comprehensive representation of its individual joint config-
urations. This space serves as the primary language of motor commands which offers a
low-level and precise representation of the possible configuration of each joint [75, 131,
143, 144].

Learning in Joint Space: Learning in joint space offers several advantages for LfD
algorithms. Existing in Euclidean space makes the underlying math and data processing
more efficient and straightforward. Additionally, since joint space directly corresponds to
the robot’s control layer, learned behaviors can be seamlessly integrated into the controller,
which further simplifies the process.

However, a potential downside of learning in joint space is the risk of overfitting to spe-

cific demonstrations, which limits the robot’s generalizability. Furthermore, focusing on joint
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space learning neglects to capture higher-level contextual information which relate to the se-
mantics of the task. Finally, joint space learning is sensitive to hardware variations, making
it difficult when it comes to scalability and transferring skills between different robots.

Demonstrating in Joint Space: One notable advantage of demonstrating in joint space
is the richness of the information obtained during the demonstration process, including the
precise configuration of each individual joint. This level of detail is particularly advantageous
for kinematically redundant manipulators, which can optimize null-space motion and obsta-
cle avoidance.

However, a drawback lies in the intuitiveness of the learning process for human teachers.
While joint space offers rich data for the robot to learn from, understanding how the learning
algorithm learns and generalizes from this data is not intuitive for humans. The complexity
involved in translating joint configurations into meaningful task representations can pose
challenges for human teachers in understanding the learning process and predicting how
the robot generalizes its learned skills.

In terms of acquiring demonstration data, kinesthetic teaching and teleoperation are
straightforward methods for obtaining joint space data since joint states can be directly
recorded. However, passive observation requires an additional step to convert raw infor-
mation into joint space data, making it less practical to operate directly in joint space for this
approach. In such cases, adding unnecessary transformations to obtain joint data is not

justified, as it complicates the demonstration process.

3.3.1.2 Cartesian Space

This section introduces Cartesian space, a mathematical representation of three-dimensional
physical space using orthogonal axes. In robotics, Cartesian space is commonly employed
to describe the position and orientation of a robot’s end-effector. LfD in Cartesian space
involves training robots to imitate demonstrated tasks or movements by utilizing the coordi-
nates of the end-effector [46, 29, 91, 92, 32, 93, 94, 77, 145, 44].

Learning in Cartesian Space: Cartesian space offers a natural representation for tasks

involving end-effector movements and positioning, simplifying the learning process by di-
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rectly addressing the space where tasks are being operated and executed. This choice
is particularly advantageous for applications requiring precise end-effector control and po-
tentially leads to better generalization in new situations. The consistency in representation
allows for more effective generalization across different robotic systems and tasks.

One significant advantage of Cartesian space is the consistency of the dimension of
the end-effector pose state across various robot platforms, regardless of their joint config-
urations. This standardized representation facilitates a more uniform approach to learning
compared to joint space, which can vary in dimensionality from one robot to another. How-
ever, challenges arise when dealing with rotations within Cartesian coordinates, as rotation
resides in a different manifold. It is required to utilize the calculus in a non-Euclidean space.
This can increase the computational complexity of learning algorithms compared to those in
the straightforward calculations of joint space.

Furthermore, the outcome of learning in Cartesian space cannot be directly integrated
into the robot’s controller. A transformation step is required to convert the learned informa-
tion into joint space, adding an extra layer of complexity to ensure seamless integration into
the robot’s control system.

Demonstrating in Cartesian Space: Cartesian space is an intuitive space for the hu-
man teacher, which facilitates a better understanding of how the learning process happens.
Additionally, this intuitiveness enables easier inclusion of task parameters and better itera-
tive feedback to the LfD outcome, allowing the instructor to refine and optimize the robot’s
performance over successive teaching sessions.

However, a limitation arises in the encoding of end-effector behavior exclusively. In re-
dundant manipulators, the representation in Cartesian space does not directly consider null
space motion. The null space, which represents additional degrees of freedom beyond the
end-effector behavior, is not explicitly encoded in Cartesian space. This limitation restricts
the teacher’s ability to convey and refine complex motions involving redundant manipulators,
potentially overlooking certain aspects of the robot’s capabilities.

Finally, acquiring training data in Cartesian space via kinesthetic teaching requires hav-

ing the kinematic model of the robot including the end effector hand or tool, and applying
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forward kinematic to the raw joint readings. The approach is similar in teleoperation, al-
though it depends on the design of the teleoperation interface. Passive observation, how-
ever, demands the development of a mapping between the human hand or held tool and the
robot’s end effector. Leveraging pattern recognition and feature extraction techniques, the
movements of the human hands are interpreted and translated into end-effector movements,

serving as valuable Cartesian-space training data.

3.3.1.3 Remarks

While joint space and Cartesian space are the most common and fundamental spaces to
represent a task, there are a variety of choices that can be particularly designed and devel-
oped for the designated task. For example, in [76], the pixel space of the camera was used
as a measure of distance between the peg and hole. End-to-end