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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, AI-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
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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

2
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Figure 1.1: Traditional programming with fixed coordinates for pick-and-place tasks.

C

D

A

B

Figure 1.2: Offset calculations in traditional programming for handling variant object posi-
tions.

Figure 1.3: Collision avoidance in traditional programming through additional waypoints.
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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

4



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
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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 MoveIt [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/.

7

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.
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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.
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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
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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
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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].

2. 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 MoveIt, which pro-

vides a robot-agnostic interface, ensures seamless implementation of algorithms on

various hardware platforms [14].

3. 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.

4. 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.

5. 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 MoveIt 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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of the desired task.

Full Task Sub Task 1

Sub-Task Decomposition Task Hierarchy

Sub Task 2

Sub Task 1

Condition

YES

NO

Sub Task 2

Sub Task 3

Sub Task 4

Sub Task 3

Sub Task 4

Figure 3.2: Illustration 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.

Motion-based Task Contact-based Task

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.

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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End-Effector 
Compliance Model

Compliant
vs

Non-Compliant

Figure 3.4: Illustration 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
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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

Advantages

Demonstrate Complex
Motion

Safe Demonstration Safe Demonstration

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

Recommended Use
Full Task Demonstration Contact-Based

Demonstration
Full Task 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: Illustrative 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 How to 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

Figure 3.6: Illustrtive 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 training on visual images

was used in [127]. Also, in [58], while the task is learned in Cartesian space, the Cartesian

frame changes at each time step in a way that the z-axis always points towards the direction

in which the force has to be applied.

When choosing approaches where a cost or reward function is involved, the design of

such functions depends on the choice of latent/feature space, i.e. the space that the reward

or cost function has to represent. In [141], the reward function is learned from demonstration,

to represent as latent space of the training data. Later, the reward function is used by

Reinforcement Learning to learn a suitable policy. Likewise, in [146], a cost function is

learned via Inverse Optimal Control, which represents the task’s requirement for successful

execution.

3.3.2 Learning Methods

Here we provide a comparative analysis of the most common learning methods used for

LfD. For each method, we discuss their learning concept and their training procedure, as

well as their characteristics, strengths and weaknesses. Moreover, in Table 3.2, we present

a summary of our comparative analysis. The table evaluates the learning methods across
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several key metrics to provide insight into their respective practical strengths and weak-

nesses in the manufacturing context. The metrics assessed include the implementation

effort, explainability, generalization capability, training data efficiency, and safety and robust-

ness. Implementation effort helps evaluate the practicality and resource requirements of

integrating a particular learning method into manufacturing processes. Explainability as-

sesses how well the reasoning behind the learned behaviors can be easily understood and

interpreted by operators. Generalization capability indicates the extent to which a learning

method can adapt to new or unseen situations, enhancing its versatility and applicability. The

efficiency of training data usage highlights how effectively a method can learn from limited

datasets, optimizing resource utilization and reducing data acquisition costs. Finally, Safety

and robustness metrics assess the reliability and resilience of learned behaviors in the face

of uncertainties.

3.3.2.1 Movement Primitive (MP)

Learning Concept: A Movement Primitive (MP) encapsulates a low-level robot behavior

defined by a trajectory generator and an exit condition. The trajectory generator specifies

the desired robot motion, while the exit condition determines when the movement should

stop [91, 92, 144, 147]. For instance, a typical MP involves moving a robot until contact with

a surface, where the trajectory generator guides the robot until a predefined force threshold

is reached, signaling the exit condition. MPs do not require demonstration at the subtask

level. They are manually designed and optimized by robotic experts. Instead, LfD focuses

on the task hierarchy, where the sequence in which to execute these pre-defined MPs is

demonstrated to achieve a full task. Tasks composed of MPs can be structured using various

methods such as state machines or task graphs. The essence of MPs is to offer a structured

and optimized way to encode low-level robot behaviors that can be combined to achieve

more complex tasks.

Training Procedure: The design, implementation, and optimization of MPs is performed

by the robotic expert, while the human teacher demonstrates the task hierarchy composed of

MPs. In this way, subtasks are structured and tailored to specific tasks, resulting in efficient,
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reliable, and predictable behavior, while the demonstration effort is minimized. However, the

manual design and tuning of MPs by robotic experts limit flexibility and control over lower-

level behaviors for teachers. While MPs enhance learning performance by constraining the

learning space to predefined combinations, their effectiveness depends on expert tuning,

making them less adaptable to new behaviors, especially at the subtask level. MPs restricts

generalization at the subtask level, demanding expert intervention to encode, tune, and

integrate new behaviors into the MPs.

3.3.2.2 Dynamic Movement Primitive (DMP)

Learning Concept: The Dynamic Movement Primitive (DMP) combines a spring damper

dynamical system, known as an attractor model, with a nonlinear function to achieve a de-

sired goal configuration [148, 149]. The attractor model ensures convergence to the goal

configuration, with its attractor point serving as the target goal. Without the nonlinear func-

tion, the model asymptotically converges to the goal. The role of the nonlinear function is

to encode a certain behavior represented via the demonstration. By superposition of the

nonlinear function and the attractor model, DMP replicates the demonstrated behavior. Es-

sentially, the nonlinear function guides the attractor system towards the desired behavior,

while eventually vanishing as the system reaches the goal [104, 150, 113, 32, 99, 58, 151,

152, 153, 154].

Training Procedure: To effectively train a DMP, the training data should primarily ex-

hibit temporal dependence, with time progression as the independent variable (x-axis) and

the dependent variable (y-axis) representing aspects such as position, force, or stiffness.

Subtask learning involves collecting training data by creating trajectories from joint readings,

force sensors, or stiffness profiles. For whole task sequences, teaching data must first be

segmented into subtasks, with each subtask fitted with its own DMP. While DMPs are more

suited for learning subtasks, approaches exist where multiple DMPs can be integrated into

a single model to represent entire task sequences [155]. Motion-based and contact-based

learning are feasible via DMPs, utilizing position trajectories [152, 32], force trajectories

[156], or stiffness profiles [157, 158] as training data. Notably, DMPs offer the advantage
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Table 3.2: Comparison of learning methods in manufacturing contexts.
Metric MP DMP RL GP GMM ProMP

Concept Predefined
deterministic

behavior

Deterministic
system with
nonlinear

forcing term

Interactive
learning of
reward and

policy models

Probabilistic
modeling of

functions

Mixture of
multiple

Gaussians

Basis
functions to

model
behavior

Implementation
Effort

Moderate Low High Moderate Moderate Moderate

Explainability High High Low High High Moderate

Generalization
Capability

Low Moderate High Moderate to
High

Moderate to
High

Moderate to
High

Training Data
Efficiency

High High Low Moderate Moderate Low

Safety and
Robustness

Moderate to
High

Low Moderate to
High

Moderate Moderate Moderate

of requiring only a single demonstration to generate a training set and train the model, al-

though multiple demonstrations can be utilized for a more comprehensive training set [156,

159]. Moreover, DMPs have been employed in context-dependent learning scenarios for

collaborative tasks via points or task parameters [107, 160].

This training procedure involves representing time as a phase variable to make DMP sys-

tems autonomous from direct time dependence. Training data, along with their derivatives,

are input into the DMP equation to generate target values for approximating the nonlinear

term. Locally Weighted Regression (LWR) [161] is a typical choice for the nonlinear function

approximator. The learned outcome is a nonlinear function mapping the phase variable to

scalar values. The attractor model of DMP is designed to ensure critical damping, facilitating

convergence to the goal without oscillation. The core idea of DMP lies in representing be-

havior as a deterministic system augmented by forcing terms, enabling learning at a higher

level. While DMPs offer simplicity and reliability in implementation and generalization, their

generalization mechanism is limited to a region around the original demonstration’s configu-

rations. Hyperparameters, although manually tuned, can be applied across various demon-

strations without re-tuning. DMPs can be trained in joint space or Cartesian space, with

multiple DMPs synchronized via the phase equation for joint space training, and a modified

version for rotational values in Cartesian space represented using quaternions.
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3.3.2.3 Reinforcement Learning (RL)

Learning Concept: Reinforcement Learning (RL) in the context of LfD involves training

robots to execute tasks by interacting with their environment, receiving feedback in the form

of rewards or penalties, and adjusting their actions to maximize cumulative rewards [162,

93, 94, 97, 141, 27, 145, 163, 164]. At its core, RL involves an agent (the robot) learning

optimal actions to achieve a predefined objective within a given environment. This learning

process hinges on the development of a policy, a strategy that guides the agent’s actions

based on the current state of the environment. The policy is refined through the optimiza-

tion of a value function, which estimates the expected cumulative reward for specific actions

in particular states. Rewards serve as feedback, reinforcing desirable actions and discour-

aging undesired behavior, thereby shaping the agent’s learning trajectory. RL algorithms

balance exploration and exploitation, enabling the robot to discover effective strategies while

leveraging known successful actions. However, RL alone does not suffice for successful LfD

without an accurate reward function encapsulating the task requirements.

Inverse Reinforcement Learning (IRL) acts as a bridge between RL and LfD. Via human

demonstrations, IRL seeks the underlying implicit reward structure that guides those actions.

The fundamental idea is to reverse engineer the decision-making process of the human

teacher. Capturing the latent reward function enables the robot to replicate and generalize

learned behavior to achieve similar goals in diverse contexts [165, 166, 167].

Training Procedure: To Train and LfD algorithm via RL-based methods, two key com-

ponents are essential: a reward function and a policy function. The reward function encap-

sulates the task’s definition, requirements, and success metrics, essentially encoding all the

information provided by the teacher. Meanwhile, the policy function serves as the brain of

the robot, dictating its behavior to execute the task. Training proceeds in two stages: first,

designing or learning an appropriate reward function that accurately represents the desired

task features and requirements, and second, training an RL algorithm to learn a policy func-

tion based on this reward function through interaction with the environment.

During the first stage, the focus lies on devising a reward function that encapsulates the

teacher’s instructions regarding the task. While this function can be manually designed, a
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more comprehensive LfD solution involves learning the reward function from human demon-

strations [93, 141, 96, 168]. The effectiveness of the LfD solution is directly linked to how

well the reward function encapsulates the task’s key aspects. In the second stage, assuming

a reward function is already established, an RL algorithm learns a policy function by itera-

tively refining its behavior based on feedback from the environment and rewards obtained

from the reward function.

Training via RL-based approaches offers flexibility in encoding information and learning

skills, with training data ranging from raw images to robot trajectories. However, it requires

careful engineering of the reward function and task analysis by robotic experts. Addition-

ally, RL-based learning requires a dataset, not just a single demonstration, and involves

modeling the environment, adding complexity to the implementation of LfD algorithms in this

manner. Tuning hyperparameters associated with the policy and reward functions, as well as

potentially modifying the environment model for each task, are the steps that require robotic

experts to ensure successful and efficient learning.

3.3.2.4 Gaussian Process (GP)

Learning Concept: Gaussian Processs (GPs) are a probabilistic modeling approach in

machine learning, capturing entire functions through mean and covariance functions known

as kernel functions. The kernel function in GPs determines the similarity between function

values at different points. This allows GPs to capture intricate patterns and relationships in

data, while also estimating the uncertainty in those predictions. GPs are non-parametric,

which means they are capable of learning from limited data points while being able to adjust

their complexity with more data. Predictions from GPs include both anticipated function

values and associated uncertainty, particularly useful in scenarios with sparse or noisy data

[29, 77, 120, 119].

The conceptual advantage of learning methods like GP is their ability to quantify uncer-

tainty, which is important for understanding the model’s confidence in its predictions. This

feature enhances human comprehension of the learning process and can serve as a safety

mechanism for robots, where uncertain policies could lead to errors or damages. By moni-
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toring the model’s uncertainty and providing feedback, human teachers can refine the GP’s

behavior and adjust uncertainty bounds accordingly, ensuring safer and more robust execu-

tion.

Training Procedure: The training process for GP models involves learning from input-

output pairs, where the independent variable can be any sequential variable, such as time

or the position of the end effector. However, it is important to maintain the sequential nature

of the data, e.g., restricting scenarios where the end effector revisits a location. GPs excel

at learning subtasks with limited demonstration data, even one-shot demonstration input. To

improve the generalization capability, it is advisable to train GP in Cartesian space. This

is because small changes in joint values can result in significant changes in the end effec-

tor in joint space. Moreover, training in joint space makes the uncertainty measures less

interpretable.

GP is not particularly demanding in terms of implementation and hyperparameter tuning.

The robot expert needs to design a kernel function in the formulation of GP, as well as very

few hyperparameters. Moreover, GP is flexible across various tasks, i.e. it does not often

require significant hyperparameter tuning or design alterations when transitioning from one

task to another.

3.3.2.5 Gaussian Mixture Model (GMM)

Learning Concept: Gaussian Mixture Models (GMMs) offer a probabilistic method similar

to GPs for modeling functions, representing them as a mixture of multiple Gaussian distribu-

tions. Each Gaussian component within a GMM represents a cluster in the dataset. In the

context of LfD, GMMs can be used to model the underlying structure of human demonstra-

tions. Due to their multi-modal nature, GMMs can capture complex behaviors while being

flexible in terms of the number of learning variables [76, 141, 169]. They can also encode

variability in demonstrations, giving a measure of accuracy at each point. similar to GPs.

Additionally, GMMs can be updated locally with new data without affecting other segments

of the learned behavior. This allows GMMs to naturally cluster data and learn complex

behaviors from human demonstrations.
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Training Procedure: GMMs allow for flexible training variable dimensions through mul-

tivariate Gaussian distributions, enabling each distribution to represent and train on different

aspects of a task or subtask. Unlike GPs which can learn from single demonstration, GMMs

require multiple demonstrations to capture the statistics and effectively learn the task. Addi-

tionally, GMMs are typically more intuitive when learned in Cartesian space rather than joint

space, similar to GPs.

3.3.2.6 Probabilistic Movement Primitive (ProMP)

Learning Concept: Probabilistic Movement Primitive (ProMP) is a learning approach de-

veloped for LfD which employs Gaussian basis functions to model demonstrated behavior

[170]. The parameters of ProMP are typically weights associated with the basis functions.

ProMP introduces a probabilistic aspect into learning, similar to GP and GMM, allowing the

model to accommodate uncertainty in learned movements and generalize them to different

conditions or contexts [75, 79, 122, 171].

Training Procedure: The training procedure for ProMPs involves representing training

data as time-series trajectories, with each trajectory corresponding to a specific demonstra-

tion of the task. These trajectories are often normalized or preprocessed to ensure consis-

tency across different demonstrations. Through an optimization process, the model seeks

to find the parameters that best fit the observed trajectories from demonstrations, construct-

ing a probabilistic model capturing the distribution of trajectories and their likelihood at each

point in time. However, ProMPs generally require a larger training dataset compared to other

probability-based LfD methods.

3.3.2.7 Remarks

In addition to the mentioned methods, various other learning approaches serve as the core

of LfD algorithm, with customization based on task-specific requirements. For example,

Hidden Markov Models (HMMs) are commonly utilized for learning behaviors, as used in

[46]. Additionally, methods based on optimal control are also employed, which are concep-
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tually similar to RL. For example, in [146], Inverse Optimal Control (IOC) is used to learn the

cost function of the task, similar to IRL. This function is later used to find an optimal policy to

generalize the desired task. For deeper insights, the work in [21] provides technical analysis

into learning methods used in LfD.

3.3.3 Summary of Limitations, Efficiency, and Robustness

In joint space learning, challenges such as the risk of overfitting to specific demonstrations,

hardware sensitivity across different robot configurations, and the omission of higher-level

contextual information underscore potential limitations. These factors can constrain the gen-

eralizability and adaptability of learned behaviors, impacting performance in diverse manu-

facturing tasks requiring contextual understanding. Conversely, Cartesian space learning in-

troduces computational complexities due to non-Euclidean rotations and requires additional

transformation steps for integration into robot controllers. Issues like null space motion con-

straints further affect the capabilities of redundant manipulators. Meanwhile, learning meth-

ods such as MPs, DMPs, and RL each present distinct challenges related to effectiveness,

adaptability, and computational resource requirements. MPs and DMPs offer efficiency ad-

vantages with minimal training data but may lack flexibility for novel tasks, while RL demands

extensive data and expert intervention for environment modeling and parameter tuning.

Efficiency considerations highlight methods like DMPs and GPs for their ability to opti-

mize resource utilization and reduce data acquisition costs, crucial for practical deployment

in manufacturing settings. However, the varying implementation efforts across these meth-

ods underscore the need for careful consideration of computational demands and expertise

required for effective application. In terms of robustness and safety, probabilistic models like

GPs and GMMs provide inherent uncertainty quantification, enhancing decision-making and

safety in dynamic and uncertain manufacturing environments. These factors collectively em-

phasize the importance of addressing these limitations and efficiency concerns through on-

going research to enhance the applicability and reliability of these methods in future robotic

manufacturing applications.

To provide general examples, tasks such as welding and painting benefit from learning
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in Cartesian space, since their performance is dependent on the geometry of a surface,

which is naturally encoded in Euclidean space. learning in Cartesian space can enhance

the learning and generalization performance of such tasks. On the other hand, tasks such

as pick and place operations, assembly behaviors, material handling, and packaging can

efficiently learn and generalize in joint space as well, maintaining the performance while

keeping the learning complexity minimal. The choice of learning method is highly dependent

on the available resources and the specifics of the desired task. For example, if one-shot

demonstration is a priority to minimize implementation effort for tasks such as pick and place

or packaging, GPs and DMPs are recommended. If multiple demonstrations are available,

probabilistic approaches can be utilized. For instance, the geometry of the surface can be

incorporated as a task parameter to enhance the reliability of welding. Such requirements

are numerous and the practitioners should consider their available context to implement the

suitable learning mechanism.

3.4 How to Refine

The final step after completing the design and development of an LfD process, is to analyze

and evaluate their performance, which guides the question of “How to Refine”. This section

dives into the main key trends and directions within the state-of-the-art that aim to refine

LfD algorithms across various aspects. For each trend, we will explore how it can improve

LfD performance and identify potential areas for further research. The goal is to provide

insights into possible research objectives for evaluation and improvement. This analysis will

provide a refined perspective on the previously discussed aspects, ultimately contributing to

an iterative loop of improvement for the entire LfD process.

3.4.1 Learning and Generalization Performance

Although current LfD approaches can learn from human teachings and generalize the be-

havior to new situations, it is still far from the idea of learning behavior that can be seen from

humans. If human learning capabilities are considered the ideal case, LfD approaches are
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not even close to cognitive learning capabilities. Therefore, it is a crucial line of refinement

on the LfD approaches to get them closer to the cognitive learning power of human beings.

The performance of learning and generalization refers to how well the algorithm can capture

the essence of the desired behavior from human demonstration, and how intelligently the

algorithm generates essentially the same behavior but adapts to the new environment or

situation or context condition. Learning and generalization are two entangled factors that

directly affect each other. A better learning performance subsequently leads to a better

generalization, and improving generalization essentially means that learning performance

has been improved. While using typical state-of-the-art LfD approaches already performs

well in learning and generalization, they operate under assumptions, and actually cannot

generalize to every possible case or situation. That is why it is necessary to improve the

LfD approach based on what we require for our task and what is missing in the current LfD

approaches. Improving learning performance means improving how the human demonstra-

tions are processed by the learning algorithm, as well as modifying the core algorithm of

learning to better capture different aspects of the behavior from the demonstrations. One

trend is the approach of incremental learning [77, 88, 75, 32, 127]. Incremental learning

refers to the ability of a robot to continuously acquire and refine its knowledge and skills over

time as it interacts with its environment or receives additional demonstrations from a human

operator. In [77], A GP is learned via one demonstration, but more demonstrations are pro-

vided through the operation of the robot to further refine GP training and improve its learned

behavior. As another example, authors in [88] focused on continual learning for teaching

letters in the alphabet incrementally without the algorithm forgetting the previously learned

letters. The algorithm was able to write “Hello World” at the end, with the accumulated

knowledge.

Building upon incremental learning, the concept of interactive learning emerges [22, 75,

122, 99]. Interactive learning refers to a learning paradigm in which the robot actively en-

gages with the human teacher or the learning environment to acquire knowledge or skills.

Unlike passive learning methods where information is simply presented to the learner, in-

teractive learning involves two-way communication and dynamic interaction between the
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learner and the learning material. In [142], authors provide an interactive learning frame-

work through which non-expert human teachers can advise the learner in their state-action

domain. In [75], the human teacher kinesthetically corrects the robot’s trajectory during exe-

cution to teach the robot to perform the task accurately. A joint probability distribution of the

trajectories and the task context is built from interactive human corrections. This distribution

is updated over time, and it is used to generalize to the best possible trajectory given a new

context.

Another technique is Active Querying [122, 77, 141]. In this technique, the learner dy-

namically decides which data points or demonstrations are most informative for the learning

or decision-making process and requests the corresponding information from the teacher.

This approach is particularly helpful for improving performance in an efficient way and acquir-

ing the most relevant information. In [122], they focused on the demonstration distribution

when training ProMPs, and the fact that it is not trivial how to add a good demonstration in

terms of improving generalization capabilities. So they learn a GMM over the demonstrations

distribution. and use epistemic uncertainty to quantify where a new demonstration query is

required. Their proposed active learning method iteratively improves its generalization ca-

pabilities by querying useful and good demonstrations to maximize the information gain. In

a similar way, the uncertainty measure of GPs is used in [77] to trigger a new demonstration

request.

Aside from the mentioned learning paradigms, it is often required to modify learning al-

gorithms based on the application use case or the context in which the LfD algorithm is

employed. For example, there are several works to improve the performance of LfD with

respect to contact-rich tasks [91, 92, 99, 128]. In [92], they proposed an approach to reduce

the learning time of insertion tasks with tolerances of up to sub-millimeters, with application

in manufacturing use cases. In [91], a novel task similarity metric is introduced, and it is

used to generalize the already-learned insertion skills to novel insertion tasks without de-

pending on domain expertise. In another context, [90] considers the assembly use cases

and explores the idea that skillful assembly is best represented as dynamic sequences of

manipulation primitives, and that such sequences can be automatically discovered by Rein-
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forcement Learning. The authors in [125] extended DMPs to manipulating deformable ob-

jects such as ropes or thin films, to account for the uncertainty and variability from the model

parameters of the deformable object. Another important aspect of learning is to learn factor

which are in non-euclidean spaces. In [154], the formulation of DMP is modified to become

geometry aware, so that the new formulation can be adapted to the geometric constraints of

Riemannian manifold.

Finally, for certain contexts, some works attempt to design and develop control schemes

to be learned in order to better learn and execute the behavior. The work in [58] has focused

on the fact that some tasks such as grinding, sanding, polishing, or wiping require a hybrid

control strategy in order to accurately follow the motion and the force profile required for suc-

cessful task execution. To enhance the learning process of these tasks, they proposed some

pre-programmed control strategies with parameters to tune via non-expert demonstrations.

Such parameters are extracted from one-shot demonstrations and learn the motion-force

task more efficiently.

Aside from the context, several works have attempted to provide improvements on the

learning performance of a certain algorithm. Such algorithm-based improvements are ded-

icated to resolve the performance issues inherent in a learning method. In [153], they pro-

posed a new formulation for DMPs in order to make it reversible in both directions and make it

more generalizable. Authors in [32] introduce Constant Speed Cartesian DMPs, which com-

pletely decouples the spatial and temporal components of the task, contributing to a more

efficient learning. In their LfD approach based on IOC, the work in [146] proposed an ensem-

ble method that allows for more rapid learning of a powerful model by aggregating several

simpler IOC models. The work in [77] combined GPs with DMPs, as GPs do not guarantee

convergance to an arbitrary goal. Therefore, a DMP is learned on the GP output to ensure

that any arbitrary goal is reached. With respect to Deep learning based approaches, [94]

has focused on reducing the sample complexity by introducing self-supervised methods. For

RL-based approaches, authors in [96] have developed a method to use demonstrations for

improving learning sparse-reward problems. Both demonstrations and interactions are used

to enhance the performance of learning.
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3.4.2 Accuracy

While accuracy and precision can be mainly improved by improving the learning perfor-

mance, it is not necessarily sufficient to achieve the desired accuracy by focusing generally

only on the learning performance. While improving learning can enhance the overall gen-

eralization performance of the algorithm in the case of new scenarios, it is not a guarantee

that the generalization outcome is accurate in terms of the desired task’s metrics. Not only

does the teaching process influence the accuracy of the outcome, but the execution strategy

of the LfD is also the final stage that plays a major role in the outcome.

The notion of accuracy has a subjective nature, i.e. it can be defined differently from task

to task. Therefore, there is no unified definition to describe the metric of accuracy across

arbitrary tasks. However, several factors can be associated generally with the metrics of

accuracy, to measure how accurate is the LfD algorithm, to some extent, with respect to

the outcome. One of these factors is the success rate. Over various execution of the task

via LfD policy, the success rate of the task to achieve a desired goal, can be a simple yet

effective measure of how accurately a task is executed. If the accuracy requirements are not

satisfied until a threshold, the task will not succeed at the end. Hence, success rate can be a

measurable factor to describe the accuracy of a task, and a tangible metric to work towards

improving by enhancing accuracy.

Besides focusing on the learning algorithm’s performance, there are more dedicated

approaches and trends to improve the accuracy of an LfD algorithm. One direction is to

focus on the question of how to modify the teaching and demonstration method to enable

human teachers to teach the task more accurately [98, 107, 31, 75, 29]. For example, In

[107], they separated the demonstration of the shape of the trajectory from the timing of

the trajectory. While it is cognitively demanding to demonstrate a motion with high accuracy

and a high velocity at the same time, the ability to independently demonstrate the path

enables the teachers to solely focus on teaching and refining the robot path and define the

behavior in a more precise way. Moreover, in [98], they have combined incremental learning

with variable stiffness of the robot during kinesthetic feedback. They used the variability

of the already-captured demonstrations to adjust the stiffness of the robot. When there is
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low variation in a region, i.e. higher accuracy, the robot is more stiff, allowing the teacher

to provide smaller adjustments, while regions with higher variability have lower stiffness,

allowing the teacher to move the robot more freely.

Another approach is to focus on how the LfD output plan is executed finally with the

robot. Here, the focus is on execution strategies with the goal of improving the success rate

of a task [44, 97, 92]. In [44] they considered a small-parts assembly scenario, where the

tolerances are comparatively low, which leads to more sensitivity to errors in misalignments

due to tight tolerances. They have proposed an impedance control strategy to drive the

robot along the assembly trajectory generated by LfD, but also record and track a required

wrench profile so that tolerance misalignments can be resolved with the compliance of the

contact, and in this way increasing the success rate of the task and avoiding failures when

there is contact due to tolerance errors. In [97], the authors claim that LfD output performs

well in generalization but fails to maintain the required accuracy for a new context. Hence

they use the LfD output as an initial guess for an RL algorithm designed according to the

task’s model, and refine the LfD output find the optimal policy for the specific task.

3.4.3 Robustness and Safety

The general LfD process is mainly concerned with successfully learning and executing a

desired task with a specific accuracy, while it is crucial to consider how the process lifecycle

is aligned with safety requirements and how well the system can handle unexpected scenar-

ios. This is of extra importance in manufacturing cases where the robot shares an industrial

environment alongside humans, with more potential dangers. Although LfD can generalize

to new scenarios, there is no guarantee that the devised task policy is aligned with safety

requirements or passes through the safety region. It is also not guaranteed that in case of

unforeseen situations during the task execution, the robot makes a safe decision to accom-

modate the new situation. Therefore, it is important to equip the LfD processes with proper

mechanisms to ensure robustness and safety in the robot’s operational environment.

The concept of robustness gains meaning when there is a possibility of a fault, distur-

bance, or error throughout the process, that might mislead the learning process or cause the
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system to end up in an unknown state. In this case, a robust LfD system is capable of reliably

recovering from the imposed state and successfully finishing the task whatsoever. Alongside

robustness, the concept of safety ensures that the robot’s operations and decisions do not

cause any harm to the humans working along, especially during the teachings and interac-

tions. It also ensures that the operations remain in a safe region to prevent damage to the

working environment, work objects, and the robot itself. It is evident that robustness and

safety are essential components of LfD systems that must be carefully addressed to enable

their effective deployment in real-world applications [172, 173].

One main aspect of robustness and safety in LfD processes is related to the Human-

Robot Interaction (HRI). Since LfD lifecycle is mainly concerned with interaction with hu-

mans, it is evident that focusing on HRI robustness and safety becomes a major trend on

enhancing the reliability of LfD systems [174].

One main trend of improving safety and robustness is focused on HRI [27, 145, 29,

111, 107]. This includes the teaching and demonstration as well as any other form of in-

teraction throughout the process. With respect to robustness, in [27], to efficiently learn

from suboptimal demonstrations, the paper proposes an RL-based optimization where the

demonstrations serve as the constraints of the optimization framework. the objective was to

outperform the suboptimal demonstrations and find the optimal trajectory in terms of length

and smoothness. The work in [145] proposes an interactive learning approach where in-

stead of depending on perfect human demonstrations to proceed with learning, the human

can interactively and incrementally provide evaluative as well as corrective feedback to en-

hance the robustness of learning against imperfect demonstrations. In terms of safety, in

[29] kinesthetic teaching is replaced with teleoperation to enhance safety while providing

local corrections to the robot. This is because kinesthetic teaching can become more dan-

gerous with increasing the robot’s velocity of execution. Moreover, in many works such as

[111, 107] the control scheme is based on impedance control to guarantee compliant inter-

actions with humans, avoid sudden unexpected motions, and improve HRI safety.

Another trend for improving robustness is focused on the robustness against various

disturbances and errors through out the LfD cycle [108, 76, 94]. The work in [108] has
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focused on the fact that while LfD can allow non-experts to teach new tasks in industrial

manufacturing settings, experts are still required to program fault recovery behaviors. They

have proposed a framework where robots autonomously detect an anomaly in execution and

learn how to tackle that anomaly by collaborating with human. They represent a task via task

graphs, where a task is executed from start to end. If the robot detects an anomaly, it waits

and asks humans whether to demonstrate a recovery behavior or refine the current execu-

tion behavior. In case of learning a new recovery behavior from the teacher, a conditional

state is added to the graph at the point of anomaly, and next time the robot checks for the

condition to see if it should continue the normal execution or switch to the recovery behavior.

Similarly, the authors in [76] proposed Bayesian GMM to quantify the uncertainty of the im-

itated policy at each state. They fuse the learned imitation policy with various conservative

policies in order to make the final policy robust to perturbations, errors and unseen states.

For example, in a board wiping task, the imitation policy learned the force profile required to

wipe the board, while the conservative policy ensured circular motion on the board. together,

they make the board wiping policy robust so that the motion is desirable while applied force

is enough to actually wipe the board.

Lastly, there are several works focusing on robustness and safety considering the lim-

itations in the robot’s operating environment [151, 152]. In [151], the problem of collision

avoidance was considered. They proposed a modified formulation of DMP, where they in-

corporated a zeroing barrier function in the formulation and solved a nonconvex optimization

in order to find a collision free path through their constrained DMP. From another perspec-

tive, the work in [152] addressed the issue that there is no guarantee that LfD outcome

respect kinematic constraints when generalizing. so they formed a QP optimization prob-

lem that enforces the kinematic constraints and finds the DMP weights where the optimal

trajectory is closest to the original DMP trajectory while respecting the constraints.

3.4.4 Remarks

Besides the mentioned trends and directions, the future application of LfD is set to un-

dergo substantial evolution driven by technological advancements and shifting industrial
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paradigms. Key areas of development include the integration of Large Language Models

(LLMs) such as GPT-4, which promise enhanced communication between human operators

and robots through natural language processing. LLMs also enable intelligent data analysis,

helping to identify patterns and suggest process improvements in manufacturing. Moreover,

by facilitating interactive learning and troubleshooting, LfD with LLM integration allows robots

to engage in real-time dialogue, enhancing their performance continuously [175].

Furthermore, the adoption of LfD within the framework of Industry 5.0 emphasizes col-

laboration between humans and machines in manufacturing [176, 177]. This approach

enhances personalized assistance for operators, improves workplace safety through robot

training in hazardous tasks, and supports adaptive manufacturing processes that respond

dynamically to changes. Emerging paradigms like edge computing and Internet of Things

(IoT) integration bring real-time data processing capabilities to LfD, enabling quicker decision-

making and data-driven insights[178, 179, 180]. Additionally, digital twins provide a virtual

environment for testing and optimizing LfD algorithms, while Augmented Reality (AR) and

virtual reality (VR) enhance the training and demonstration phases by providing immersive

learning experiences [181, 182, 183, 184].

3.5 Concluding Remarks

This chapter presented a structured approach to integrating LfD into the roboticization pro-

cess using manipulators for manufacturing tasks. It addressed key questions of ”What to

Demonstrate,” ”How to Demonstrate,” ”How to Learn,” and ”How to Refine,” providing practi-

tioners with a clear roadmap to implement LfD-based robot manipulation. First, we identified

the scope of demonstration based on the desired task’s characteristics and determined the

knowledge and skill required to be demonstrated to the robot. Then, based on the scope of

demonstration, we explored demonstration methods and how human teachers can provide

demonstrations for the robot, providing insights to extract the demonstration mechanism.

Next, we focused on the learning approaches to enable efficient task learning and execution

from the provided demonstrations. We first explored the possible learning spaces, followed
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by the common learning methods along with their pros and cons. Finally, we provided trends

and insights to evaluate and improve the LfD process from a practical point of view, giving

research directions and objectives for building upon the state of the art.

The final stage of the roadmap involves analyzing and evaluating its effectiveness across

various dimensions. Key trends in LfD refinement focus on enhancing learning and gener-

alization performance, accuracy, and robustness/safety. Improving learning and generaliza-

tion performance aims to bring LfD algorithms closer to human cognitive learning capabil-

ities. This involves strategies like incremental learning, where robots continuously refine

skills over time through additional demonstrations or interactions. Interactive learning fur-

ther engages humans in the teaching process, enabling dynamic feedback and correction

during task execution. Active querying methods enhance learning efficiency by strategically

requesting informative demonstrations, thereby optimizing the learning process. Accuracy

in LfD refers to how precisely and reliably robots execute tasks based on learned behaviors.

Strategies to enhance accuracy include modifying teaching methods to allow more precise

demonstrations and refining execution strategies to align closely with task requirements.

Techniques such as impedance control and reinforcement learning integration help achieve

and maintain desired task accuracies. Robustness and safety are critical for deploying LfD

systems in real-world environments, especially in industrial settings where robots interact

closely with humans.

It is noteworthy to mention that the application scenarios of robots in the manufacturing

field are diverse and distinctive. While the state of the art in LfD has advanced significantly

in a number of tasks, it is impractical to cover all manufacturing tasks comprehensively

due to their diverse nature and the unique challenges each task presents, particularly in

unstructured environments. For instance, the complexity integration of LfD into small-part

assembly is higher than that of large-part assembly due to the precision required and the

greater impact of environmental uncertainties. In unstructured scenarios, which are com-

mon in mass customization, the variations are numerous and depend on specific task re-

quirements. These include the scale of objects, the level of uncertainty in the perception

system, calibration reliability between the perception system and the robot coordinates, the
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available setup at the production site such as the Programmable Logic Controller (PLC) and

sensory system alongside the robot, the robot hardware and its capabilities, the available

grippers, the need for gripper changes during manufacturing, and many other factors.

Given the vast array of possible variations, addressing each scenario individually is im-

practical. Therefore, our proposed roadmap serves as a comprehensive guideline to help

practitioners navigate these challenges by identifying the main key decision points at each

step and providing practical implications, advantages, disadvantages, limitations, and rec-

ommendations. The roadmap is meant to be used through iterative attempts to improve the

implementation of LfD. For example, in small-part assembly, the initial choice for the scope

of demonstration might be motion-based demonstration, typically suitable for large-part as-

sembly. Throughout the implementation, if the uncertainty of the vision system violates the

tolerance thresholds, the practitioner can include contact-based demonstration suggested

by the roadmap, to address this uncertainty. Similarly, for kinesthetic demonstration, if grav-

ity compensation mode of the available robot is admittance-based and complicates accurate

motion demonstration, the practitioner can refer to the roadmap and consider teleoperation

to enhance the process. Regarding the learning mechanism, the practitioner might start with

joint space and DMP. If DMP’s generalization capability proves insufficient, the roadmap ad-

vises switching to Cartesian space learning or using another learning method such as GP

for their probabilistic benefits. Finally, if the execution speed is low, affecting production ef-

ficiency, the roadmap guides the practitioner to explore incremental learning to refine robot

behavior and increase speed.

This example is an illustration of how the roadmap is meant to be applied in the op-

eration process and in order to facilitate the transformation from mass production to mass

customization, and since variations in the task requirements are numerous, the roadmap

does not aim to list every possible scenario but provides a toolkit to equip practitioners with

the knowledge to address any arising challenges. It helps them identify decision points,

leverage the state of the art, or define new research problems systematically. By doing so,

the roadmap ensures a robust framework for handling the diverse and unstructured scenar-

ios in manufacturing, enabling practitioners to iteratively and effectively implement LfD in
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various tasks.

By providing a detailed and structured analysis into determining the scope of demonstra-

tion, devising demonstration mechanisms, implementing learning algorithms, and refining

LfD processes, our review enables both researchers and industry professionals to develop

application-based LfD solutions tailored for manufacturing tasks. This paper offered a prac-

tical and structured guide, making LfD accessible to practitioners with moderate expertise

requirements. Through comprehensive questionnaire-style guidance, we provided step-by-

step instructions and main research directions for refining LfD performance in manufacturing

settings, thus bridging the gap between research and practice in the field of robotic automa-

tion.
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Chapter 4

DFL-TORO: A Demonstration

Framework for Learning

Time-Optimal Robotic tasks via

One-shot Kinesthetic Demonstration

This chapter introduces DFL-TORO, a novel framework designed to enhance the imple-

mentation of LfD for time-optimal robotic tasks in industrial manufacturing. DFL-TORO

addresses critical challenges in leveraging LfD, including the need for efficient, noise-free,

and smooth trajectories derived from one-shot kinesthetic demonstrations. By incorporating

optimization-based smoothing algorithms and task tolerance acquisition, the framework en-

sures that robotic tasks achieve both implementation and operational efficiency. DFL-TORO

uniquely bridges the gap between human demonstration and robotic learning by providing a

preprocessing layer that refines trajectory data before training LfD algorithms.

The rest of the chapter is structured as follows. In Section 4.1 the problem definition and

the objectives are formulated in detail. Also, several technical preliminaries are given. In

Section 4.2, DFL-TORO is introduced along with its workflow and consisting modules. In

section 4.3, experimental results are provided and discussed. Throughout the chapter, the

67



following notations are utilized. The bold variables, e.g. q, represent a vector. S3 represents

the the space of quaternions. Symbol “≤” represents element-wise inequality of vectors

when used with vector variables.

4.1 Problem Statement and Preliminaries

4.1.1 Problem Statement

Let qo(t) be the initial noisy demonstration trajectory provided via kinesthetic guidance to

an n DoF manipulator. The path underlying the demonstration trajectory consists of m way-

points, denoted by wi for ∀i = 1, · · · ,m. Each waypoint wi includes joint configuration

qwi
∈ Rn, the end-effector’s position pwi

= [xwi , ywi , zwi ]
T ∈ R3 and orientation θwi ∈ S3,

represented as quaternion. The proposed framework aims to achieve the following objec-

tives:

• OB1: Given the wi and since the original timing law of qo(t) is slow, we aim to solve

for the time-optimal demonstration trajectory qf (t). Moreover, the noise in the demon-

stration is inherent in the waypoints wi and needs to be eliminated in order to achieve

the best achievable timing law. We design an Optimization-based Smoothing approach

that given the joint position limits qmin, qmax ∈ Rn, joint velocity limits vmin, vmax ∈ Rn,

joint acceleration limits amin, amax ∈ Rn, and joint jerk limits jmin, jmax ∈ Rn, finds the

optimal timing law for the demonstrated path constrained by wi. Since jerk is the re-

flection of unfavored points in the demonstration [20], i.e. demonstration noise, our

optimization objective also involves minimizing the motion jerk, which pushes the opti-

mization to eliminate the noise from wi and deliver a smooth noise-free path. Finally,

the path of qf (t) must be constrained to wi via tolerance bounds to ensure that qf (t)

does not deviate from the original demonstration and the accuracy is retained.

• OB2: The optimization process in OB1 overrides the timing law of qo(t) with the fastest

timing law. Therefore, the objective is to provide a one-time Refinement Phase, where

the human teacher can slow down the timing of qf (t). In the meantime, the task
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tolerances ϵip ∈ R3 and ϵiθ ∈ R are extracted for each waypoint wi. Although the

demonstrations are represented in the joint space, we extract tolerance bounds in

the Cartesian space, as the end-effector pose is the ultimate point of accuracy for

the task. Hence, ϵip is the allowed tolerance for the deviation from pwi
, and ϵiθ is the

allowed tolerance for the deviation from θwi in terms of the value of angular difference.

The outcome of this phase is fine-tuned trajectory qrf (t), taking tolerance values and

timing modifications into account. qrf (t) is the final demonstration trajectory that not

only respects the accuracy tolerance bounds of the task, but performs with an optimal

execution time.

(a) Maze navigation (b) Narrow passage

Figure 4.1: Illustrative examples to clarify the proposed refinement concept. The shaded
regions represent the tolerance bounds. Red shaded areas indicate zones where the robot
is intuitively expected to slow down based on teleoperated brake commands from the human
operator. These regions require narrower tolerance bounds compared to other parts of the
trajectory, represented by blue-shaded areas.

To clarify the concept of OB2, we present two illustrative examples in Fig. 4.1. In the first

example, depicted in Fig. 4.1(a), imagine the robot’s end-effector navigating through a maze

along the green line at maximum speed. The human operator can teleoperate the system

to slow down the robot whenever necessary. Naturally, the robot’s behavior is more critical

at the maze’s turning points, where it is more reliable if the robot reduces its speed. These

turning points coincide with regions where the tolerance bounds must be narrower to avoid
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colliding with the maze walls.

Similarly, in Fig. 4.1(b), when the robot encounters a narrow passage, it is intuitive

to slow down to ensure reliable execution. This passage also requires narrower tolerance

bounds. Based on this conceptual analogy, our refinement objective in OB2 is to enable the

human operator to decrease the robot’s speed to ensure reliable execution. Simultaneously,

meaningful tolerance bounds are determined based on where a reduction in execution speed

was commanded.

4.1.2 Preliminary Concepts

4.1.2.1 Dynamic Movement Primitive

The formulation of DMP consists of two main components: a transformation system and a

canonical system [143, 149]. The transformation system governs the shape of the trajectory.

It is described by a second-order differential equation resembling a damped spring-mass

system with an additional forcing term to encode the desired movement shape:

τ ż = K(g − y)−Dz −K(g − y0)x+Kf(x) (4.1)

τ ẏ = z, (4.2)

where y and z are the system’s position and velocity, respectively. τ is a temporal scaling

vector. K and D are positive constants that determine the system’s stiffness and damping,

respectively. y0 is the start and g is the goal states. f(x) is a nonlinear forcing term that

shapes the trajectory. x is the phase variable from the canonical system. The forcing term

f(x) is typically represented as a weighted sum of basis functions as:

f(x) =

∑N
i=1 ψi(x)wix∑N

i=1 ψi(x)
, (4.3)

where ψi(x) are Gaussian basis functions defined as

ψi(x) = exp(−hi(x− ci)2). (4.4)
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wi are the weights and ci and hi are the centers and widths of the basis functions, respec-

tively.

The canonical system drives the phase variable x, which monotonically decreases from 1

to 0 during the course of the movement. It is governed by the following first-order differential

equation:

τ ẋ = −αxx, (4.5)

where αx is a constant that controls the speed of phase progression.

4.1.2.2 B-Spline

B-Splines, or Basis Splines, are a family of piecewise-defined polynomials used in robotics

to represent trajectories. B-Splines provide a powerful way to model smooth curves that can

be easily manipulated by controlling a set of control points [36]. Their piecewise polyno-

mial nature ensures smooth motion paths, making them highly suitable for complex motion

planning.

The basis of B-Splines is the set of basis functions, which are defined recursively. The

B-Spline basis functions of degree k, denoted Nî,k(s), are defined over a non-decreasing

sequence of real numbers called the knot vector, U = {u0, u1, ..., un̂+k+1}. The recursive

definition of the basis functions is as follows:

1. Zero-degree (piecewise constant) basis functions defined as:

Nî,0(s) =


1 if uî ≤ s < uî+1

0 otherwise
(4.6)
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2. Higher-degree basis functions defined as:

Nî,k(s) =
s− uî

uî+k − uî
Nî,k−1(s)

+
uî+k+1 − s

uî+k+1 − uî+1

Nî+1,k−1(s). (4.7)

where Nî,k−1(s) and Nî+1,k−1(s) are the basis functions of degree k − 1.

A B-Spline curve of degree k is defined as a linear combination of these basis functions.

Given a set of control points {P0,P1, ...,Pn̂}, the B-Spline curve ξ(s) is defined by:

ξ(s) =
n̂∑

î=0

Nî,k(s)Pî, (4.8)

where Pî are the control points and Nî,k(s) are the B-Spline basis functions.

4.1.3 Preliminary Functions

The following functions are used in the optimization procedure:

4.1.3.1 QuatDiff Function

The QuatDiff(., .) ∈ [0, π] function is a conventional function derived based on the dot product

of quaternions to compute the absolute angular difference between two quaternions [185].

It is mathematically defined as:

QuatDiff(θ1,θ2) = 2 · arccos(|θ1 · θ2|). (4.9)

where θ1 and θ2 are the quaternions representing the orientations, and the dot product

|θ1 · θ2| provides the cosine of the angle between them. This formula effectively computes

the smallest angle required to rotate from one orientation to the other. During the trajec-

tory optimization, the function ensures that the end-effector’s orientation remains within a

specified tolerance of the desired orientation at each waypoint.
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4.1.3.2 Forward Kinematics Function

The forward kinematic function, denoted as FK, is used to determine the position and ori-

entation of a robot’s end-effector based on its joint configurations. This function maps the

joint configuration of qf (t) to the end-effector’s position pf (t) and orientation θf (t) in the

Cartesian space. Mathematically, this is expressed as:

(pf (t),θf (t)) = FK(qf (t)). (4.10)

Here, pf (t) = [xf (t), yf (t), zf (t)] ∈ R3 is a vector representing the position coordinates, and

θf (t) ∈ S3 represents the orientation in quaternion form.

Remark: As this work focuses on representing the robot trajectory via B-Splines, the

span of the knot values is defined within the range [0, 1] which means that s ∈ [0, 1]. There-

fore, ξ(s) models the trajectory over the normalized time scale s. An additional parameter

T is associated with ξ(s) which maps s into actual time t. Finally, Pî and T are the decision

variables to be solved via optimization. Throughout this paper, we refer to s as normalized

time and refer to t as actual/real time.

4.2 DFL-TORO Methodology

To achieve OB1 and OB2, we have compiled our proposed methods into a comprehensive

demonstration framework, DFL-TORO. This section details the methods and approaches

incorporated in the DFL-TORO workflow. We begin with an overview of the workflow, illus-

trating how DFL-TORO transforms noisy demonstrations into optimal ones while addressing

OB1 and OB2. Following this, we explore the technical details of the DFL-TORO modules

specifically designed to meet these objectives.

4.2.1 Overall Workflow

The overall workflow of DFL-TORO is illustrated in Fig. 4.2, with the steps labeled from

(A) to (D). In this section, we provide a detailed walkthrough of each step, indicating where
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Figure 4.2: DFL-TORO workflow. Red arrows indicate interactive procedures with the
human-robot in the loop.

OB1 and OB2 are addressed. Moreover, the workflow of DFL-TORO involving these steps

is provided in Algorithm 1.

A) We start by recording qo(t) from the inherently noisy human demonstration. The un-

derlying path is then extracted and represented as wi. The derivation of wi involves

filtering the end-effector’s position and orientation, ensuring the robot moves beyond

a certain threshold before considering a new waypoint. This approach allows us to

extract meaningful waypoints from the path.

B) The “Optimization-based Smoothing” module takes wi as input and solves a compre-

hensive optimization problem to satisfy the requirements of OB1. The outcome of this

module is qf (t).

C) The optimized trajectory qf (t) is replayed on the robot under the supervision of the

human teacher. In this step, the teacher analyses the execution performance of qf (t)

and checks whether the task is reliably performed under the new noise-free path and

the optimized timing law. In case of inaccuracies or unreliable execution speed during

the performance, the teacher proceeds with the refinement of qf (t).

D) The “Refinement Phase” allows the teacher to interactively slow down and correct the
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timing law. The robot replays the trajectory, allowing the human teacher to visually

assess the execution speed. The teacher can pinpoint areas where the speed is either

unreliable or unsafe and determine which segments require slowing down. Since the

current trajectory qf (t) is rapidly executed, it leaves no time for humans to observe

the motion and provide feedback simultaneously. Therefore, the Refinement Phase

operates at a reduced speed vr0 ∈ R+, giving humans enough reaction time to make

changes.

E) The Refinement Phase provides revised timing law for the trajectory, as well as the

task tolerances ϵip and ϵiθ extracted from human feedback. These updated values are

subsequently fed to the “Optimization-based Smoothing” module to calculate a fine-

tuned trajectory qrf (t) in accordance with the new timings and tolerances. This step is

the last step of the workflow and the one that satisfies the requirements of OB2.

As mentioned, step (B) is where OB1 is addressed via the Optimization-based Smooth-

ing module, while OB2 is addressed in steps (D) and (E) through the Refinement Phase.

In the following sections, we elaborate on these modules and how our proposed methods

tackle OB1 and OB2.

Remark: Since ϵip and ϵiθ are extracted in the Refinement Phase (Step (D)), the Trajectory

Generation module utilizes a set of default tolerance values ϵdp and ϵdθ in step (B) to find qf (t).

After obtaining tolerance bounds, step (E) fine-tunes the trajectory to get qrf (t) based on the

acquired tolerances, replacing the default values.

4.2.2 Optimization-based Smoothing

In this section, we explain our proposed method underlying the Optimization-based Smooth-

ing, designed to transform qo(t) into qf (t). The objective is to find the best timing law given

wi and regulate the jerk profile ...
q f (t), as an indication of noise. The constraints are the

kinematic limits of the robot, as well as tolerance values binding qf (t) to the waypoints wi.

Mathematically, let ti be the decision variable representing the time at which qf (t) passes
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through wi. Considering (4.10), qf (t) must satisfy the following constraint:

−ϵip ≤ pf (ti)− pwi
≤ ϵip, (4.11)

QuatDiff(θf (ti),θwi) ∈ [0, ϵiθ], (4.12)

Let ξf (s) with control points Pî,f and duration variable Tf be the B-Spline model rep-

resenting qf (t). To enforce the constraints of (4.11) and (4.12), we need to calculate the

symbolic equation of ξf (τi) where τi = ti
Tf

, with respect to the decision variables Pî,f and τi.

According to (4.8) this leads to:

ξf (τi) =
n̂∑

î=1

Nî,k(τi)Pî,f . (4.13)

Following (4.6) and (4.7), this requires calculation of Nî,0(τi) as:

Nî,0(τi) =


1 if uî ≤ τi < uî+1

0 otherwise
(4.14)

where uî are the values from the knot vector. The issue here is that since τi is not known,

(4.14) leads to a highly non-linear behavior and does not result in a symbolic equation to

be used for optimization. This is due to the fact that the timing of each waypoint across the

B-Spline determines which basis function is used for the B-Spline equation, and since timing

is a decision variable, it is not known between which knot values wi falls. Therefore, opti-

mizing for wi and ti simultaneously leads to an ill-defined and highly nonlinear optimization

formulation.

To overcome this, we approach the problem by solving a two-stage optimization problem.

The first stage, i.e. the Time Optimization module, considers τi as decision variables and

solves for the timing law. Then, in the Trajectory Generation module, wi are treated as

decision variables, and a comprehensive optimization problem is solved to eliminate the

noise and regulate the jerk profile. In the following, we delve into the details of the Time
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Optimization and the Trajectory Generation modules.

4.2.2.1 Time Optimization Module

The objective of this optimizer is to find the minimum-time trajectory qt(t) that strictly passes

through all the waypoints qwi
. At this stage, we ignore constraints related to acceleration

and jerk since the noise is still present in the path. Adding such constraints would prevent

the optimizer from finding the ideal timings. B-Spline sub-trajectories ξj for ∀j = 1, · · · ,m−1

are used to represent the trajectory between every two adjacent waypoints wj and wj+1, with

control points Pî,j and durations Tj , as shown in Fig. 4.3(a). Then, the Time Optimization

problem is formulated as:

(P ∗
î,j
, T ∗

j ) = argmin
Pî,j ,Tj

m−1∑
j=1

Tj , (4.15a)

qj(tj) = ξj(
tj
Tj

), (4.15b)

qmin ≤ qj(tj) ≤ qmax, (4.15c)

vmin ≤ q̇j(tj) ≤ vmax, (4.15d)

ξj(0) = qwj
, (4.15e)

ξj(1) = qwj+1
, (4.15f)

ξ̇1(0) = ξ̇m−1(1) = 0, (4.15g)

for ∀tj ∈ [0, Tj ]. (4.15b) relates the normalized and actual trajectories. We set bounds qmin,

qmax, vmin and vmax for joint position and velocity as (4.15c) and (4.15d), respectively. Con-

tinuity constraints (4.15e) and (4.15f) are applied at the intersection of these sub-trajectories.

(4.15g) enforces the trajectory to start and rest with zero velocity. qt(t) is a compilation of all

the sub-trajectories qj together.

It is important to note that the result of this optimization is typically an infeasible trajectory,

as the existing noise causes high acceleration and jerk values. (4.15a) determines the ideal

timings T ∗
j to move through all waypoints with highest velocity, which provides normalized
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time τi for ∀i = 1, · · · ,m defined as

τi =


∑i−1

j=1 T
∗
j

T ∗
m−1

i ≥ 2

0 i = 1

. (4.16)

This sets the groundwork for the Trajectory Generation module, which addresses the full

optimization problem.

4.2.2.2 Trajectory Generation Module

Given τi, we fit one B-Spline for qf (t) across all the waypoints, denoted as ξf with control

points Pî,f and duration variable Tf , as shown in Fig. 4.3(b). We match the number of

control points with the waypoints, i.e., n̂ = m− 1, to give flexibility to the optimizer to locally

adjust the trajectory around each waypoint. The cost function is formulated as:

Jf = αTf + β

∫ 1

0
||

...
ξ f ||2ds+ γ

m∑
i=1

||Pî,f − qwi
||2, (4.17)

where α, β and γ are positive weights. The initial term Tf involves the minimization of the

overall execution time of qf (t). Note that the Time Optimization module calculates the rel-

ative timing of waypoints in normalized time (τi), while the actual timing law is optimized in

this stage with respect to all the kinematic limits and meanwhile the noise removal. The

term
∫ 1
0 ||

...
ξ f ||2ds attempts to minimize the normalized jerk profile, exploiting the tolerances

of waypoints. This term is the key objective that pushes the optimization to eliminate the

noise of the waypoints. The reason the normalized trajectory ξf is used in this term is that

if qf is used, the optimizer can simply increase Tf to reduce jerk, instead of modifying the

path. Therefore, using ξf isolates the jerk values from Tf and forces the optimization to

optimize the path. Finally, the term
∑m

i=1 ||Pî,f − qwi
||2 ensures that control points align

closely with the original joint configurations at the waypoints. Given the robot manipulator’s

kinematic redundancy, an end-effector pose can correspond to multiple configurations. This

term limits the robot’s configuration null space, prompting the optimizer to remain near the
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initial configuration. The Trajectory Generation problem is formulated as follows:

(P ∗
î,f
, T ∗

f ) = argmin
Pî,f ,Tf

Jf , (4.18a)

qf (t) = ξf (
t

Tf
), (4.18b)

qmin ≤ qf (t) ≤ qmax, (4.18c)

vmin ≤ q̇f (t) ≤ vmax, (4.18d)

amin ≤ q̈f (t) ≤ amax, (4.18e)

jmin ≤
...
q f (t) ≤ jmax, (4.18f)

ξf (0) = qw1
, (4.18g)

ξf (1) = qwm
, (4.18h)

ξ̇f (0) = ξ̇f (1) = 0, (4.18i)

(pf (t),θf (t)) = FK(qf (t)), (4.18j)

−ϵip ≤ pf (τiTf )− pwi
≤ ϵip, (4.18k)

QuatDiff(θf (τiTf ),θwi) ∈ [0, ϵiθ], (4.18l)

for ∀t ∈ [0, Tf ]. We have introduced acceleration and jerk bounds amin, amax, jmin and

jmax in (4.18e) and (4.18f), respectively, to ensure the trajectory’s feasibility. Constraints

(4.18g)-(4.18i) enforce the trajectory to start at qw1
and rest at qwm

with zero velocity. (4.18j)

represents the forward kinematic function FK, which is introduced in (4.10). The goal is to

limit the position and angle deviation of the end-effector at each waypoint wi to ϵip and ϵiθ,

via (4.18k) and (4.18l), respectively, at normalized time τi. Solving (4.18a) yields P ∗
î,f

, with

which qf (t) is computed using (4.8) and (4.18b).

Note that in the case of using default tolerance bounds (step (B)), the equations (4.18k)

and (4.18l) are replaced with:

−ϵdp ≤ pf (τiTf )− pwi
≤ ϵdp, (4.19a)

QuatDiff(θf (τiTf ),θwi) ∈ [0, ϵdθ]. (4.19b)
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(a) Time Optimization

(b) Trajectory Generation

Figure 4.3: Illustration of B-Spline fitting approach for each optimization step. The green
lines represent the path and waypoints. Each red arc represents one B-Spline.

4.2.3 Refinement Phase

Until this point, the one-shot demonstration process is finished, and qf (t) is optimized to

deliver the best timing law with default tolerances. Although the best timing law is naturally

the most desirable in manufacturing and qf (t) can be used as is, there might be cases

where the human teacher prefers to slow down the execution in some parts or modify the

default tolerances to imply a better accuracy and increase execution reliability and success

rate. In this case, humans can optionally go through the Refinement Phase, where they

can adjust the velocity of execution by slowing down qf (t) and simultaneously teach the

tolerance bounds.

The refinement process starts with the robot replaying qf (t) under the supervision of the

human teacher. the role of the human teacher is to monitor the motion and give real-time

teleoperated feedback on every segment of qf (t) that the robot executes. The human feed-

back is only in the form of a brake command denoted as C(t) ∈ [−1, 0], stating where the

trajectory should slow down. At every time t during the execution of qf (t), C(t) determines

how much the velocity of execution of qf (t) should be reduced, with C(t) = −1 indicating

maximum reduction, and C(t) = 0 indicating no reduction in the execution velocity. In other
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Algorithm 1 DFL-TORO Architecture
1: (A): Kinesthetic Guidance
2: Input: Noisy human demonstration qo(t)
3: Output: Path waypoints wi =

(
qwi

,pwi
,θwi

)
4: (B-1): Time Optimization
5: Input: wi

6: Find ideal timings using (4.15a)-(4.15g) and (4.16)
7: Output: Initial timings τi
8: (B-2): Trajectory Generation
9: Input: wi, τi, default tolerances ϵdp, ϵ

d
θ

10: Solve for smooth trajectory using (4.18a)-(4.18i) and (4.19a)-(4.19b)
11: Output: Trajectory qf (t)
12: (C): Replay Trajectory under Supervision
13: Input: qf (t)
14: Human teacher assesses the performance of qf (t)
15: if refinement is required then
16: Proceed to step (D)
17: end if
18: (D): Refinement Phase
19: Input: qf (t), human command C(t), η
20: Initialize v(0) = vr0, sr(0) = vr0 · t
21: while Replaying Trajectory do
22: Compute sr(t) using (4.21)
23: Send ξ(sr(t)) to robot for interactive feedback
24: end while
25: Compute new timings τ ri using (4.22)
26: for each wi do
27: ϵip ← Γp(τi) using (4.23)
28: ϵiθ ← Γθ(τi) using (4.23)
29: end for
30: Output: New timings τ ri , new tolerances ϵip, ϵ

i
θ

31: (E): Trajectory Fine-Tuning
32: Input: wi, τ ri , ϵip, ϵiθ
33: Re-optimize qf (t) via updated timings and tolerances using (4.18a)-(4.18l)
34: Output: Optimal Demonstration qrf (t)
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words, the human feedback acts as a brake pedal, decelerating qf (t) in real time. In this

interaction loop, qf (t) executes with duration Tf , which is fast and makes it cognitively chal-

lenging for humans to rapidly observe, respond, and interact with the robot. Hence, qf (t) is

replayed with a reduced speed, giving enough time for the human teacher to observe the

motion and provide interactive feedback in the loop.

The following will detail how we can adjust the velocity of qf (t) and extract meaningful

tolerance bounds ϵip and ϵiθ, leading to the refined trajectory qrf (t). A visual summary of the

refinement process is shown in Fig. 4.4, through which all the steps and the variables are

shown through the workflow of the Refinement Phase.

Velocity Adjustment Tolerance Extraction

Figure 4.4: Visual diagram of the Refinement Phase. C(t) and sr(t) are obtained during the
interactive loop, leading to velocity adjustment and tolerance extraction.
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4.2.3.1 Velocity Adjustment

To apply the deceleration effect of C(t), we consider qf (t) = ξf (s(t)), where ξf (s) is the

trajectory in the normalized time in the range [0, 1], and s(t) is the function that maps the

real time t to the normalized time s. Normally, qf (t) is calculated by setting s(t) = t
Tf

.

However, here we reduce the speed by a factor of η > 1 by setting

s(t) = vr0 · t, (4.20)

where vr0 =
1

ηTf
. To apply the deceleration effect of C(t), we manipulate the mapping of s(t)

in (4.20). Instead of directly altering the trajectory itself, we take C(t) as a time deceleration

factor, and slow down the progression of time in (4.20). This leads to a modified mapping

sr(t). UsingC(t), this mapping is computed by integration the following equations throughout

the interactive process:

v̇r(t) = C(t)

ṡr(t) = vr(t)
,

vr(t) ∈ [vrmin, v
r
0],

sr(t) ∈ [0, 1]
(4.21)

To prevent the robot from completely stopping, we bound vr(t) to a minimum execution

speed vrmin ∈ R+. In this way, slowing down portions of qf (t) is achieved via calculation and

execution of ξf (sr(t)) throughout the interaction loop.

At the end of the interaction loop, by having sr(t), we can transform τi to the updated

timing τ ri as

τ ri =
s−1
r (τi)

s−1
r (τm)

, (4.22)

where s−1
r is the inverse of sr obtained via interpolation. It is worth mentioning that refine-

ment at the reduced speed vr0 applies the same proportional adjustment on the real speed

of execution, as τ ri are in normalized time.
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4.2.3.2 Tolerance Extraction

To extract the tolerances, we pose a direct correlation between the value of C(t) and the de-

sired level of accuracy at a given point on the trajectory. This means that the more intensively

the brake pedal is pressed, the greater the criticality of that trajectory portion, demanding

increased precision. This is captured by introducing the functions Γp(t) and Γθ(t), defined

as:

Γκ(t) = (ϵmax
κ − ϵmin

κ )(1− (−C(t))n̄+ζ) + ϵmin
κ , (4.23)

where κ ∈ {p, θ}. In (4.23), C(t) = 0 is associated with maximum tolerances ϵmax
p and

ϵmax
θ , whereas a C(t) = −1 corresponds to the minimum tolerances ϵmin

p and ϵmin
θ . The

parameters ζ and n̄ determine the shape and curve of Γκ. By computing Γκ(τi) for each

waypoint, we extract the requisite tolerances and pass it along with τ ri for re-optimization.

4.3 Validation Experiments

In order to validate the effectiveness of the proposed demonstration framework, DFL-TORO,

experiments were conducted on various robotic tasks by recording one-shot kinesthetic

demonstrations. The purpose of these experiments is to validate the effectiveness of the

DFL-TORO framework across different setups, including various robotic platforms and task

environments. The experiments are designed to demonstrate the framework’s ability to opti-

mize trajectories’ timing law, reduce noise, and regulate jerk. Our primary objectives are as

follows:

• Validate DFL-TORO’s performance concerning trajectory smoothness, execution time,

and noise reduction.

• Showcase the enhancement of LfD outcomes through optimal demonstrations using

DFL-TORO, exemplified by a case study with DMPs.
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4.3.1 Validation Setup and Methodologies

4.3.1.1 Robotic Setup

In this study, the FR3 robotic platform is used for evaluation. It is equipped with a 7 DoF

arm, capable of precise motion control through position, velocity, and torque commands.

The experiments conducted with the FR3 are focused on analyzing the performance of DFL-

TORO across its various modules.

4.3.1.2 Data Collection

The demonstrations were recorded via kinesthetic guidance, capturing the robot’s joint con-

figurations through its joint encoders. These data were captured using a ROS interface

at a sampling frequency of 10 Hz. Waypoints wi are automatically selected based on an

end-effector movement threshold, requiring a shift of at least 1 cm or 0.1 radians. For tele-

operation, a wireless controller was employed to send continuous brake commands. The

kinematic limits of FR3 are collected from the manufacturer’s datasheets.

4.3.1.3 Software Configuration

Regarding the software configuration of the robotic setups, the FR3 robot is operated using

the “libfranka” ROS interface [186]. For capturing demonstrations, the robot is set to gravity-

compensation mode, where torque commands are applied to the joints to compensate for

the robot’s weight, allowing the user to move the joints freely. For trajectory execution, the

robot receives position commands at a control frequency of 1 kHz.

To implement the optimization modules, we utilize the PyDrake toolbox [187]. The Time

Optimization module is solved using the SNOPT solver, while the Trajectory Generation

module is handled by the IPOPT solver. Additionally, the implementation of DMP was based

on the “dmpbbo” toolbox as referenced in [188].
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4.3.1.4 Implementation details

Regarding the implementation parameters, B-Splines of order k = 4 are selected. This

choice of parameter is for the sake of achieving smoothness up to the velocity level. The

knot values U are distributed in a clamped uniform manner [36] to create basis functions

in (4.8). The weights in (4.17) are set as α = 1, β = 0.04, and γ = 1. These parameters

are chosen through trial and error and are task-independent, i.e., it is not required to alter

these coefficients from one robotic setup or robotic task to another. Finally, default tolerance

values are chosen as ϵdp = [2, 2, 2] cm and ϵdθ = 0.1 radians. The choice of default tolerance

values is mainly based on the context requirements of the robotic task and the quality of

the captured demonstration. For example, if the task involves an accurate motion and the

demonstration is recorded deliberately, lowering the default values will force the optimization

to stay closer to the demonstration and hence maintain a higher accuracy.

In Refinement Phase, η = 5 and vrmin = 0.2vr0 are selected. These parameters determine

how slow the demonstration is to be replayed during the refinement, as well as the limiting

cap on how much the user can locally slow down the trajectory. Also, ϵmax
p = [5, 5, 5] cm,

ϵmin
p = [1, 1, 1] cm, ϵmax

θ = 0.3 radians, and ϵmin
θ = 0.1 radians are chosen. Again, the choice

of these parameters is dependent on the requirements of the task, similar to the choice of

default tolerance values. Furthermore, the parameters of Γκ(t) are chosen as ζ = 0.9 and

n̄ = 1, determining the relationship between the brake intensity and the tolerance adjust-

ment. While the same parameters could be used for arbitrary tasks, it is possible to alter the

parameters in order to modify the sensitivity of tolerance adjustment to the brake commands.

For the DMP case study, 15 basis functions were used in (4.3) to train the trajectories in the

joint space. For the sake of comparison, DMP generalizations are calculated for the same

start and goal configurations as the demonstration trajectory.

4.3.1.5 Evaluation Metrics

The metrics used for evaluating and comparing the trajectories are the duration of the tra-

jectory and the Maximum Absolute Normalized Jerk (MANJ). Since DFL-TORO optimizes
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the duration of demonstration trajectories, directly comparing the jerk profiles of these tra-

jectories is not feasible, as a longer execution time naturally results in a lower jerk value.

Therefore, we evaluate a normalized jerk value over normalized time s ∈ [0, 1] and use the

maximum absolute value of each trajectory for comparison. For example, to calculate MANJ

for qf (t), we consider ξf (s). Let ξf,1, . . . , ξf,n be the trajectories for each individual joint.

MANJ is then calculated as follows:

MANJ = max
l=1,...,n

(max
s
|
...
ξ f,l|). (4.24)

This metric effectively indicates the smoothness and noise level in the trajectories. The

experimental results were visualized to demonstrate performance across different tasks,

and a quantitative analysis was conducted to validate the improvements achieved by our

method.

4.3.1.6 Validation Technique

The validation method for this study involves two main techniques. The first technique

involves a performance evaluation of the Optimization-based Smoothing and Refinement

Phase modules. This method assesses the improvements in time and jerk metrics by com-

paring the original demonstrations with those optimized by DFL-TORO. For this method,

we utilize the FR3 experiments to showcase that the trajectories are free of noise, smooth,

within the kinematic constraints, and accurate with respect to the tolerance bounds. The

second validation is a case study using DFL-TORO with DMPs. This method highlights that

incorporating DFL-TORO before using DMP significantly enhances task execution efficiency

and precision. By first applying DFL-TORO to filter noise and optimize timing, the subse-

quent application of DMP yields more efficient and precise robotic movements compared to

using DMP alone. For this technique, we utilize experiments from FR3 to substantiate the

improvements in both the quality and efficiency of robotic task execution when DFL-TORO

is integrated into the demonstration process. It is worth noting that even though DMP is

used in our case study, DFL-TORO applies to any other LfD algorithm and can serve as an

87



intermediary layer to optimize demonstrations before feeding into the core algorithm.

(a) Kinesthetic teaching setup (b) Teleoperation setup

Figure 4.5: The FR3 experimental setup

4.3.2 Experiments with FR3

In the experiments with FR3, A variety of motions are recorded. The experimental setup

for FR3 is shown in Fig. 4.5. The demonstrations were recorded to cover typical robotic

motions such as in pick-and-place operations, the Reaching motion to pick an object, and

the moving motion to place it in another location. These tasks represent the majority of

real-world applications. Overall, five different reaching tasks (RT1-RT5) and five different

moving tasks (MT1-MT5) are recorded, which is shown in Fig. 4.6. While three tasks (RT1,

RT2, MT1) are utilized for visualization purposes, the remaining tasks are included in a

comprehensive analysis to demonstrate the robustness and effectiveness of the proposed

methodology.
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(a) RT1 (b) RT2 (c) RT3 (d) RT4 (e) RT5

(f) MT1 (g) MT2 (h) MT3 (i) MT4 (j) MT5

Figure 4.6: Visualization of the demonstration trajectories recorded via FR3.

4.3.2.1 Performance of Optimization-based Smoothing

To analyze the performance of the Optimization-based Smoothing module, we visualized the

evolution of the RT1 trajectory. The original demonstration’s joint trajectory, qo(t), is shown

in Fig. 4.7(a). The velocity, acceleration, and jerk profiles were differentiated in a non-causal

manner [188]. Notably, the demonstration trajectory is slow with a duration of 8.88 seconds,

while the presence of noise reflects itself in all the profiles, especially the jerk profile.

After applying the Time Optimization module, we obtain the trajectory qt(t), with the rel-

ative timing law τi extracted using (4.16). As shown in Fig. 4.7(b), while this optimization

reduces the trajectory duration to 1.17 seconds, the noise remains present, and both ac-

celeration and jerk spikes reach extremely high values, up to approximately 150 rad/s2 for

acceleration and 20000 rad/s3 for jerk. These values are unrealistic and significantly exceed

the kinematic limits, as only the timing law τi is modified without altering the underlying path

of the demonstration.

The final trajectory, qf (t), is generated by applying τi along with ϵdp and ϵdθ in the Trajec-

tory Generation module. This resulted in a smooth, noise-free, and time-optimal trajectory,
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(a) Original Demonstration qo(t).
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(b) Time Optimization Output qt(t).

0.0 0.2 0.4 0.6 0.8 1.0 1.2

−2

−1

0

1

2

3

q f
 [r

ad
]

0.0 0.2 0.4 0.6 0.8 1.0 1.2
−0.50

−0.25

0.00

0.25

0.50

0.75

1.00

1.25

q̇ f
 [r

ad
/s

]

0.0 0.2 0.4 0.6 0.8 1.0 1.2
time [s]

−6

−4

−2

0

2

4

6

̈ q f
 [r

ad
/s

2 ]

0.0 0.2 0.4 0.6 0.8 1.0 1.2
time [s]

−4

−3

−2

−1

0

1

2

⃛ q f
 [r

ad
/s

3 ]

1e1

(c) Trajectory Generation Output qf (t).

Figure 4.7: Evolution of RT1 from original to smooth time-optimal joint trajectory. The motion
profiles including position, velocity, acceleration, and jerk are shown for all 7 joint axes.
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depicted in Fig. 4.7(c). The profiles clearly show the removal of path noise, adherence

to kinematic limits, and a peak jerk value reduced to around 400 rad/s3. The trajectory

duration was adjusted to 1.21 seconds, slightly longer than the result from the Time Opti-

mization module. This adjustment is due to the extraction and use of the normalized timing

law τi ∈ [0, 1] in the Trajectory Generation module and the inclusion of the term Tf in the

second optimization, which finds the optimal timing law while regulating jerk.

In addition to the visual analysis, we compared the original trajectory qo(t) and the opti-

mized trajectory qf (t) for RT1-RT5 and MT1-MT5 in Table 4.1 with respect to their execution

time and MANJ.

4.3.2.2 Refinement Phase Analysis

To show the performance of the Refinement Phase in locally slowing down the timing of qf (t)

and capturing meaningful tolerance values, we use qf (t) from RT1 and pass it through the

Refinement Phase to slow down the trajectory toward its end. In this experiment, we acquire

C(t) through teleoperated feedback. It is expected that the Refinement Phase modifies the

timing law of qf (t) to slow it down proportional to the teleoperated brake command C(t).

Moreover, the extracted tolerance bounds are expected to be narrower towards the end of

the motion, relative to the intensity C(t). Besides lowering tolerances in these portions,

we assign maximum tolerance when C(t) = 0, providing more freedom for the Trajectory

Generation module to adapt the motion.

Given C(t), the progression of s(t) and sr(t) are calculated via (4.20) and (4.21) through-

out the refinement and shown in Fig. 4.8. Initially, without any command, s(t) and sr(t) over-

lap, leaving the timing law unchanged. Upon receiving the command at t∗, sr(t) progression

changes to slow down the motion and thus extend execution time. This revised mapping

leads to the derivation of τ ri using (4.22). Also, we extract ϵip and ϵiθ via (4.23).

With the extracted information, The fine-tuned trajectory pr
f (t) = [xrf (t), y

r
f (t), z

r
f (t)]

T is

calculated and shown in Fig. 4.9. In Fig. 4.9(a), The tolerance range is adjusted to be more

precise towards the end of reaching, where slow speed was commanded. Moreover, to

showcase the velocity adjustment effect on the trajectory’s timing law, we present the distri-
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Figure 4.8: s(t) and sr(t) during the Refinement Phase of RT1. t∗ marks the moment the
teacher starts giving command C(t).

bution of pwi
= [xwi , ywi , zwi ]

T over the trajectory before and after refinement in Fig. 4.9(b).

Evidently, the waypoints are stretched towards the end of the task. It is also noticeable that

while the timing law of the beginning of the trajectory is left unchanged during refinement,

the waypoint distribution does not overlap. This is due to the fact that since the tolerance

values are increased from ϵdp to ϵmax
p , as in (4.23), the optimizer has managed to find a faster

trajectory to traverse these waypoints.

Providing higher tolerance bounds for the optimization will allow the Trajectory Gener-

ation module to optimize for a better solution in terms of its objective in (4.17). It means

that higher tolerance bounds lead to lower execution time and lower jerk values. To further

pinpoint this, we analyze this aspect by optimizing RT2 via different tolerance bounds of 2

cm and 5 cm across all its waypoints. Fig. 4.10 shows the effect of increasing tolerance

values in RT2. We can see that via the tolerance bounds of 2 cm, the Optimization-based

Smoothing solved for an execution time of 1.87 seconds and a maximum end-effector jerk

of 73.55 m/s3, whereas by increasing the tolerance bounds to 5 cm, the execution time is

reduced by 15% to 1.61 seconds, and the maximum end-effector jerk dropped by 50% to

36.55 m/s3.
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Figure 4.9: RT1 fine-tuning after the Refinement Phase. As the intensity of C(t) increases,
the tolerance bounds are narrowed, and the timing of waypoints is extended accordingly.
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4.3.2.3 DMP Case Study

To show the benefits of incorporating DFL-TORO as an intermediate layer between the orig-

inal demonstrations and the DMP algorithm, we train two sets of DMPs: DMPo using the

original trajectory qo(t) and DMPf using the optimized trajectory qf (t). These are then used

to reproduce the trajectories qo,dmp(t) and qf,dmp(t), respectively. By applying DFL-TORO

prior to DMP training, we anticipate achieving smoother trajectories with a reduced jerk pro-

file. Additionally, by eliminating noise from the original demonstration, we expect DMPf to

produce trajectories that not only adhere to kinematic limits but also have a shorter execution

time compared to those generated by DMPo. This setup highlights the enhanced trajectory

quality and efficiency gained by using DFL-TORO in the learning process.

Since the original trajectory qo(t) is slower than the optimized trajectory qf (t), we utilize

the inherent scaling factor τ from (4.1) in DMPo to generate qs,dmp(t), ensuring it matches

the duration of qf,dmp(t) for a meaningful comparison [148]. In this context, pf,dmp(t),

po,dmp(t), and ps,dmp(t) denote the corresponding Cartesian position trajectories.

Figures 4.11(a) and 4.11(b) illustrate the paths of po,dmp(t) and pf,dmp(t) for RT1 and
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MT1, respectively. As shown, the path of po,dmp(t) contain unnecessary curves, which are

artifacts from fitting over the noise of the original demonstration. Furthermore, the presence

of noise results in qs,dmp(t) becoming an infeasible trajectory in both cases, as highlighted by

the kinematic violations shown in Figures 4.11(c) and 4.11(d). In contrast, qf,dmp(t) remains

feasible within the same execution time. This comparison underscores that removing path

noise not only reduces execution time but also leads to a more accurate and feasible timing

law, enhancing the overall trajectory quality.

Furthermore, a comparison of the jerk values for qs,dmp(t) and qf,dmp(t) is presented in

Fig. 4.11(e) and 4.11(f), showcasing that qf,dmp(t) results in significantly lower jerk values.

This improvement is a direct consequence of eliminating noise from the original demonstra-

tions, thereby enhancing the outcomes of the DMP algorithm. Table 4.1 provides a summary

of the execution time and jerk values (MANJ) for RT1-RT5 and MT1-MT5. The data clearly

indicate that DFL-TORO effectively reduces both execution time and MANJ metrics. This

reduction is further verified through the trajectories generated by DMPo and DMPf .

In addition to the benefits previously mentioned, it is crucial to note that the Gaussian

basis functions used during the training process of DMPs, as described in (4.3), inherently

provide a smoothing effect on the demonstrations. This smoothing can act as a filter, miti-

gating the impact of noise in the original demonstrations. However, this effect alone is often

insufficient to completely eliminate noise, as residual artifacts can persist. These residual

noise elements can still cause inefficiencies in the reproduced trajectories, as observed with

DMPo.
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(d) Kinematic violations for MT1.
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Figure 4.11: Performance comparison of DMPo and DMPf with regard to kinematic fea-
sibility and jerk profiles. DMPf not only surpasses DMPo in kinematic feasibility but also
provides a considerably smoother jerk profile.
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Table 4.1: Comparison of time [s] and Maximum Absolute Normalized Jerk (MANJ) [rad/s3]
for RT1-5 and MT1-5.

Experiment Time/Jerk
Demonstration DMP

qo(t) qf (t) qo,dmp(t) qf,dmp(t)

RT1
Time 8.88 1.21 8.88 1.21
MANJ 15358.07 78.31 2305.95 124.00

RT2
Time 11.15 1.87 11.15 1.87
MANJ 241452.27 771.83 2822.72 582.82

RT3
Time 11.82 1.98 11.82 1.98
MANJ 62706.92 82.25 2028.04 164.84

RT4
Time 7.08 1.22 7.08 1.22
MANJ 9048.28 97.33 678.59 163.01

RT5
Time 19.75 2.21 19.75 2.21
MANJ 101934.88 207.85 2993.82 358.07

MT1
Time 10.55 1.97 10.55 1.97
MANJ 216390.32 132.40 5781.34 284.09

MT2
Time 14.35 1.49 14.35 1.49
MANJ 263475.13 146.01 2101.84 152.09

MT3
Time 9.82 1.11 9.82 1.11
MANJ 22481.38 115.51 1366.84 172.86

MT4
Time 14.95 1.31 14.95 1.31
MANJ 97762.75 353.56 10462.93 315.19

MT5
Time 8.08 0.95 8.08 0.95
MANJ 23539.90 102.12 1533.07 115.79
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Chapter 5

LfD Software Framework

This chapter introduces the proposed LfD software framework, providing a comprehensive

high-level overview of its architecture and functionality. The framework is designed to enable

non-expert users, such as process engineers, to program robotic systems intuitively without

requiring prior knowledge of robotics.

5.1 High-level Overview

The key components of the software, their roles, and interactions are explained in detail,

as depicted in Figure 5.1. The software modules are represented as rectangles, while in-

teracting elements are shown as circles. Each element and module of this architecture is

explained as follows:

• User: The primary actor in this framework is a non-expert user who interacts with the

system to program the robot.

• LFD Recorder: This module records demonstrations provided by the user, capturing

the robot’s joint configurations and storing the demonstration trajectories for subse-

quent processing.

• LFD Smoothing: This module is the implementation of DFL-TORO, which refines raw

demonstrations, transforming them into optimal trajectories suitable for deployment.
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Figure 5.1: High-level architecture of the developed LfD software framework. The software
modules are shown in rectangles, while the interacting elements are shown via circles.
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• LFD Interface: Serving as the core of the framework, this module provides an interac-

tion interface between the user and other software modules. It is designed to enhance

modularity and extensibility by standardizing interactions.

• LFD Method: This module implements the desired LfD method, which is responsible

for training on the recorded demonstrations and planning trajectories based on the

required goal configurations.

• LFD Camera: This module interfaces with the perception system, enabling robot-

camera coordination and fetching the pose of objects using integrated cameras.

• LFD Program: Acting as a wrapper for the entire framework, this module enables the

user to program the robot using high-level instructions. These intuitive instructions al-

low users to assemble subtasks into complete tasks while controlling object perception

and gripper functionalities.

• LFD Storage: This module handles the storage of all demonstration data, making it

accessible on-demand across various components.

The full lifecycle of task implementation within the LfD software framework involves the

following steps:

1. The user demonstrates the required subtasks through the LfD Recorder module. Each

demonstration is named and stored uniquely. This process is repeated for all subtasks.

2. The LFD Smoothing module processes the recorded demonstrations to generate opti-

mal trajectories, which are then stored for deployment.

3. The user creates high-level instructions to specify how the subtasks are combined

to form the complete task. These instructions also define object aliases and gripper

behaviors.

4. The LFD Program module executes the high-level instructions sequentially by interfac-

ing with other modules via the LFD Interface module.
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5. The LFD Interface module enables communication between the LFD Program and

other modules, such as the LFD Camera for object localization, the LFD Method for

motion planning, and the robotic system for task execution.

It is worthy to mention that the task implementation lifecycle is inherently iterative. The

user can provide demonstrations, observe the robot’s behavior during execution, and re-

fine the instructions or demonstrations as needed. This iterative approach ensures that the

robot’s performance is optimized until the desired behavior is achieved.

5.1.1 Key Design Choices

The development of the LfD software framework was guided by several key design choices

aimed at enhancing standardization, modularity, extensibility, and scalability. These choices

ensure that the framework is adaptable to a wide range of robotic platforms and capable

of integrating various methods and hardware components seamlessly. The following frame-

works were incorporated to achieve the desired goals:

• ROS: ROS [13] serves as the middleware framework for the software, offering a stan-

dardized communication interface between different modules. By leveraging ROS,

the framework benefits from an established and widely adopted ecosystem that sup-

ports modular component integration. ROS provides Standardized message passing

and service calls, enabling seamless communication between heterogeneous subsys-

tems. It also simplifies module or hardware integration, enhancing the adaptability and

extensibility of the system. Moreover, ROS provides access to an extensive library of

pre-existing tools and packages, accelerating development and ensuring compatibil-

ity with standard robotics platforms. The use of ROS fosters code reusability across

various robotics applications and ensures the system remains scalable and flexible for

future enhancements.

• MoveIt: MoveIt [14], an open-source software for robotic motion planning and manip-

ulation, was integrated into the framework to achieve a robot-agnostic architecture. By
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decoupling high-level motion planning and manipulation logic from hardware-specific

implementations, MoveIt provides seamless application across different robotic plat-

forms without requiring modifications to the core logic. It also includes kinematics,

collision checking, and path planning functionalities, enabling flexible and efficient op-

eration with various robotic arms. This abstraction simplifies adaptation to new robotic

systems and greatly improves the framework’s flexibility, making it suitable for a wide

range of robotics applications.

5.1.2 Modularity

The framework’s design emphasizes extensibility and modularity in two key areas:

• Robotic Platform: The integration of MoveIt enables the software to maintain a robot-

agnostic architecture. This decoupled structure ensures that the framework can be

extended to support any robotic platform with minimal effort, making it highly adapt-

able to diverse hardware configurations. The current implementation of the software

includes integration with FR3 as well as ABB dual-arm Yumi.

• LfD Method: The framework is designed to accommodate arbitrary LfD methods. Its

modular architecture allows for the implementation and integration of alternative LfD

approaches, ensuring flexibility and adaptability for future advancements in the field.

The current implementation of the software includes the integration of DMP as the LFD

Method module.

5.2 Core Features and Modules

5.2.1 LFD Interface

The LFD Interface is designed as a modular system that facilitates the process of recording,

training, and executing robot movements based on human demonstrations. The system

is composed of several key modules that work together to provide a comprehensive LFD

pipeline, depicted in Figure 5.2. The core features and modules are designed as follows:
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Figure 5.2: The LFD Interface class diagram.
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• LFD Pipeline: This is the main orchestrator of the entire LfD process. It coordinates

the interactions between different modules and manages the overall workflow. The

LFD Pipeline class initiates the entire LfD process from demonstration recording to

planning and execution.

• LFD Recorder: This module handles the recording of demonstration data. Its main

functionalities include detecting when the robot starts moving to initiate recording, cap-

turing the robot’s joint states at specified intervals, visualizing the recorded trajectory

in real-time, and storing the demonstration data for later use.

• LFD Trainer: Responsible for training the LfD model using the recorded demonstra-

tions. The LFD Trainer module retrieves demonstrations stored in the LFD Storage

and trains the LfD model with the loaded demonstration data, preparing it for trajectory

planning and execution.

• LFD Planner: This module generates and executes trajectory plans based on the

trained LfD model. Key features include interfacing with the LFD method to obtain tra-

jectory plans, Visualizing planned trajectories, and executing the planned trajectories

on the robot.

• MoveitUtil: A utility module that interfaces with MoveIt functionalities, providing real-

time access to the robot’s current state, visualization of trajectories and motion paths,

and Moveit’s internal path planning and execution capabilities.

The designed workflow of the LFD Pipeline is illustrated in Figure 5.3 and follows these

steps:

1. Initiating the Pipeline: The user initiates the desired behavior—recording, training, or

executing motions—via the LFD Pipeline. Communication between modules is facili-

tated through ROS Actions, ensuring the system remains non-blocking while the robot

executes tasks.

2. Recording Demonstrations: The LFD Recorder module monitors the robot and be-

gins recording as soon as it detects movement. Joint states are recorded through the
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Figure 5.3: The LFD Interface sequence diagram.
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MoveItUtil module and visualized in real-time. The completed demonstration is pub-

lished via a ROS Topic and saved under a unique name in the LFD Storage module.

3. Training Demonstrations: The LFD Trainer retrieves the desired demonstration from

the LFD Storage via a ROS Service. The demonstration data is transferred to the

LFD Method (e.g., LFD DMP) via another ROS Service for training. The trained model

is stored for subsequent use in planning and execution. The standard ROS commu-

nication with LFD Method, as highlighted in Figure 5.3, confirms the modularity and

extensibility of this module as well.

4. Planning and Executing Trajectories: The LFD Planner fetches the robot’s current

state using the MoveItUtil module, setting it as the starting state for planning. A plan-

ning request, including the goal configuration and duration, is sent to the LFD Method

via a ROS Service. The planned trajectory is either visualized for validation or directly

executed on the robot.

This comprehensive pipeline ensures that the entire LfD process—from capturing demon-

strations to executing complex tasks—is modular, extensible, and robust, meeting the needs

of both research and practical applications.

5.2.2 LFD Method

The LFD Method module serves as the core component for learning and generalizing robot

behavior based on demonstration data. This module is designed as an abstract interface,

enabling the framework to support various LfD techniques. The key responsibilities of LFD

Method are as follows:

• Training Demonstrations: The LFD Method module processes demonstration data

received from the LFD Trainer module. It applies learning algorithms, such as DMPs,

to extract motion patterns and encode them into reusable models. This responsibility

is through a standard ROS service as shown in Figure 5.3.
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• Trajectory Generalization: Using the trained model, the module generates trajecto-

ries that generalize the demonstrated motion to new start and goal configurations. This

responsibility is through a standard ROS service as shown in Figure 5.3.

In this research, DMPs are used for case study. Therefore, the abstract implementation

of the LFD Method module is replaced by the implementation of DMPs.

5.2.3 LFD Smoothing

The LfD Smoothing module is responsible for processing and optimizing recorded demon-

strations to produce refined and optimal trajectories. This module incorporates the core

implementation of DFL-TORO and integrates several components to filter, optimize, and

smooth demonstration data effectively. The module’s architecture, depicted in Figure 5.4,

ensures that demonstration trajectories are optimized for accurate and efficient execution.

The core components of LFD Smoothing are as follows:

Figure 5.4: The LFD Smoothing class diagram.
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• Trajectory Smoother: The central class that orchestrates the smoothing process. Key

functionalities include loading recorded demonstration data, applying initial filtering to

clean the data, and executing the complete smoothing pipeline.

• Trajectory Optimizer: Implements the time optimization process, refining the timing

of the demonstration trajectories as detailed in Section 4.2.

• Single Optimizer: An extension of the Trajectory Optimizer, this class performs tra-

jectory generation using the timing law extracted during time optimization. It ensures

that the final trajectory adheres to specified tolerance values.

• Robot Config: A utility class that handles the parsing and management of robot con-

figuration parameters required for the optimization process.

• Drake Robot: Represents the robot model used in the smoothing process, imple-

mented via PyDrake [187]. This class integrates the robot’s URDF with the PyDrake

library and provides tools for visualizing optimization results. It also manages the des-

ignated end-effector frame for the trajectory.

• IK Solver: A utility class for computing inverse kinematics (IK) solutions. Based on

PyDrake, this solver calculates joint configurations for a given end-effector pose.

The LfD Smoothing process follows a structured workflow, as illustrated in Figure 5.5, to

generate smooth and optimal trajectories from recorded demonstrations:

1. The user initializes the Trajectory Smoother with the desired configuration for the se-

lected demonstration.

2. The Trajectory Smoother loads the demonstration data and applies initial filtering to

clean and prepare it for optimization.

3. Instances of DrakeRobot and RobotConfig are created based on the robot model and

the provided configuration parameters.
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Figure 5.5: The LFD Smoothing sequence diagram.
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4. The Trajectory Optimizer refines the timing of the demonstration trajectory, ensuring

smooth transitions and efficient execution.

5. The Single Optimizer generates the final, optimal demonstration trajectory based on

the output of the time optimization step.

6. The optimal demonstration trajectory is exported to the LfD Storage module, making it

available for subsequent training or execution.

5.2.4 LFD Camera

The LFD Camera module is designed to handle camera integration and object localization

within the LfD workflow. This module provides a comprehensive solution for integrating

perception systems with robotic manipulators. The core features and components of this

module are shown in Figure 5.6 and described as follows:

Figure 5.6: The LFD Camera class diagram.

• Camera: An abstract base class representing a generic camera interface with meth-

ods responsible for establishing a connection to the camera and reading the pose of a
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specified object.

• Camera Server: Acts as the intermediary between the LfD workflow and the camera.

It provides a unified interface for managing camera operations, ensuring seamless

integration with other modules.

• Camera Config: Stores and manages camera configuration parameters, including

transformation matrix and additional parameters such as symmetry parameters or an-

gle offset values for pose calculations.

The workflow, as illustrated in Figure 5.7, follows these steps:

Figure 5.7: The LFD Camera sequence diagram.

1. The Camera Server establishes a connection with the camera hardware, initializing

communication.

2. The user creates a new Camera Config, specifying the calculated transformation ma-

trix and any additional parameters. This configuration is then updated in the Camera

class to ensure accurate pose estimation.

3. When the user requests object localization, the Camera Server processes the request

by interacting with the camera. The pose of the target object is calculated and returned

in the robot’s coordinate system, ready for use in the LfD workflow.
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5.2.5 LFD Program

The LFD Program module serves as a high-level interface that integrates all core function-

alities of the LfD framework, including the LFD Interface, LFD Method, and LFD Camera

modules. It provides a centralized system for orchestrating the execution of learned demon-

strations and composing advanced robotic tasks through a set of high-level instructions. As

part of the modular design, DMPs are developed as the abstract LFD Method, serving as a

foundational example of how any arbitrary LfD Method can be integrated into the LFD Pro-

gram. The architecture of this module is shown in Figure 5.8, and its core components are

described below.

Figure 5.8: The LFD Program class diagram.

• Program Runner: The main class responsible for coordinating the execution of robotic

programs. It includes functionalities for initializing the camera system, setting and

configuring motion parameters, locating target objects through the camera interface,

and executing planned motions on the robot.

112



• Robot Program: An abstract class that provides core utilities for robot control, in-

cluding forward and inverse kinematics for converting between joint configurations and

end-effector poses, executing planned trajectories on the robot, and commanding the

robot’s gripper for grasping tasks.

• Motion Program: An abstract interface for implementing different motion planning

strategies. It provides methods for configuring motion parameters and defining goal

configurations for planning.

• DMP Program: A concrete implementation of the Motion Program, specifically de-

signed for DMPs. It interacts with LFD DMP functionalities to enable configuration of

DMP parameters, training and planning based on demonstrations, and visualization

and execution of planned trajectories. DMP Program serves as an example to show

how other LfD Methods can be similarly developed and integrated into the LFD Pro-

gram workflow.

• Camera Program: Handles operations related to the perception system, including

triggering the camera to detect specific objects, localizing target objects and retrieving

their poses in the robot’s coordinate system.

• Robot Gripper: An abstract class defining gripper operations, such as moving the

gripper to a specific position and performing grasping actions.

• Forward Kinematics and Inverse Kinematics: Utility classes for performing forward

and inverse kinematics calculations to map between joint configurations and end-

effector poses.

The workflow, as illustrated in Figure 5.9, follows these steps:

1. The Program Runner is initialized with the specific robot, motion mode (e.g., DMP),

and the camera system.

2. The user configures motion parameters, which are passed to the DMP Program for

further processing.
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Figure 5.9: The LFD Program sequence diagram.
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3. The user requests the localization of a target object. The Program Runner invokes the

Camera Program to detect and retrieve the object’s pose. The pose is then converted

into a joint configuration using inverse kinematics.

4. The retrieved joint configuration is assigned as the goal for trajectory planning in the

DMP Program.

5. The user specifies a demonstration for training. The DMP Program trains the motion

model based on the demonstration and plans a trajectory toward the goal configura-

tion. The user initiates the execution of the planned motion through the Robot Program

and DMP Program.

6. The user can control the robot’s gripper through the Program Runner, which interfaces

with the Robot Gripper module for grasping and manipulation tasks.

5.2.6 High-Level Instructions

The LfD software framework offers a set of intuitive high-level instructions that allow users to

easily control and program a robotic system, even without specialized robotics knowledge.

These high-level instructions provide an abstract interface, enabling users to compose, mod-

ify, and execute complex tasks using simple commands. The key purpose of these instruc-

tions is to enable a process engineer, or any user with minimal robotics experience, to break

down a task into manageable subtasks and specify the sequence of actions the robot must

perform to complete the entire task.

High-level instructions are structured to provide the user with control over key aspects of

robot operation, such as motion, object manipulation, and task sequencing. These instruc-

tions are designed to be easy to use while allowing the user to customize various parameters

for specific task needs. Key components of high-level instructions include:

• Motion Configuration: This instruction allows the user to specify how the robot should

move. The user can instruct the robot to move according to a given demonstration.
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The configuration instruction supports various levels of customization, such as speci-

fying the demonstration name (demo name) or adjusting the movement duration (du-

ration scale). The user simply refers to pre-recorded demonstrations by name and the

software handles the execution. Here is an example for providing such configuration:

configure_motion(demo_name,duration_scale)

move()

• Target Object Localization: The framework also provides the ability to locate ob-

jects in the robot’s environment using a camera system. This command allows the

user to specify a target object, and the system automatically integrates the object’s

location into the robot’s planned trajectory, i.e., the specified demonstration is used to

plan a trajectory to reach the target object. The alias of the object refers to the pre-

configuration object in the camera system and signals the camera how to locate the

object. Here is an example of how this instruction is used:

configure_motion(demo_name)

locate_target(object_alias) # Locate the object and set as target

move()

• Gripper Control: Beside the robot’s motion, controlling the end-effector’s gripper is

also critical to enable robotic manipulation. High-level instructions enable the user to

control the gripper’s actions, including opening, closing, or moving to a predefined po-

sition. The user can issue simple commands to instruct the gripper to perform the

required operations during task execution. Here is an example of how these instruc-

tions can be used:

gripper.moveto(4) ## Move the fingers to position 4

gripper.grasp(close/open) ## Perform grasping inwards our outwards
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5.2.6.1 Creating Complex Tasks with High-Level Instructions

The main ability of the high-level instructions is to chain together multiple robot actions

to form complete tasks. Users can specify a series of actions that the robot must

perform in sequence. The task-creation process typically follows these steps:

1. Configuring and executing motions: The user specifies the trajectory or demon-

stration for the robot to follow. Each movement corresponds to a specific subtask,

such as picking or placing an object, which the robot executes sequentially.

2. Localizing target object: If a specific object needs to be manipulated, the user

can leverage the camera system and specify the object’s alias to locate the ob-

ject’s coordinate. These coordinates are then used to plan the motion for reaching

the object.

3. Gripper manipulation: During the task, the user can issue commands to open,

close, or move the gripper, enabling object manipulation along with the motion

execution.

4. Iterative refinement: The user can iteratively refine the task by providing feed-

back or modifying instructions until the robot’s behavior is satisfactory.

For example, to perform a pick-and-place task, the user might issue the following se-

quence of instructions:

configure_motion(demo_name="pick_object_X")

locate_target(X)

move()

gripper.grasp(close)

configure_motion(demo_name="place_object_X")

move()

gripper.moveto(10)
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Chapter 6

Industrial Case Study

In this chapter, an industrial case study is presented to validate the research contributions of

this thesis. Section 6.1 provides a detailed overview of the industrial use case, outlining the

manufacturing process. Section 6.2 applies the proposed roadmap to the use case, defining

the scope of demonstration, the demonstrated mechanism, and the learning mechanism. In

Section 6.3, the proposed DFL-TORO methodology is validated by showcasing its effective-

ness in automating the sub-assembly process in a real manufacturing environment. Finally,

the chapter concludes in Section 6.4 with the implementation of the LfD software framework

to achieve full automation of the industrial use case using an LfD-based solution.

6.1 Overview

Rotarex S.A. is a world-leading producer of high-quality gas products made up of more

than 100 components and a considerable number of sub-assembly steps. All the products

have several variants with slightly different designs and assembly steps. This leads to “mass

customization” with a large number of possible products but comparatively small batch sizes.

The required flexibility of the assembly is currently mainly achieved by the cognitive ca-

pabilities of human workers to perform different tasks and to adapt their actions quickly to

different products. However, humans need to be well-trained and highly focused for a long

time. Also, the high variation of speed and quality across different team members limits the
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overall productivity. Therefore, a higher degree of automation of production is needed and

the application of robots for flexible production is considered a key asset.

The existing robotic setup at Rotarex is ABB YuMi, a dual-arm collaborative robot, shown

at the production site in Figure 6.1. The ABB YuMi features a dual-arm configuration with

7-DoF per arm, designed for precise and collaborative tasks in industrial settings. In the

previous setup of Yumi in the production site, only one sub-assembly had been automated

with a traditional programming mindset. The case study of this thesis is the transformation

of this sub-assembly to an LfD-based solution, thanks to the contributions of this thesis.

Figure 6.1: The ABB Yumi setup at the production site.

Illustrated in Figure 6.2, the sub-assembly process involves the installation of the O-

ring (Figure 6.2(c)) onto the fitting (Figure 6.2(a)) using the auxiliary cone to ensure proper

placement. The O-ring is first slid over the narrow end of the auxiliary cone (Figure 6.2(b))

and guided along the taper until it reaches the wider end. The fitting is then aligned with the

wide end of the cone, and the O-ring is carefully pushed over the fitting and into its groove,

leading to the final sub-assembly product (Figure 6.2(d)).
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(a) Fitting. (b) Auxiliary cone.

(c) O-ring. (d) Final sub-assembly product.

Figure 6.2: Illustration of use-case sub-assembly steps.
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6.2 Applying the Practical Roadmap

This section outlines the application of the roadmap’s implementation stages—What to

Demonstrate, How to Demonstrate, and How to Learn—in automating the industrial sub-

assembly task using LfD.

6.2.1 What to Demonstrate

The sub-assembly task at hand is inherently challenging and complex, as evidenced by

the significant training required for human workers to become skilled enough to perform it

reliably. Given these complexities, the roadmap’s recommendation to use subtask demon-

strations instead of full-task demonstrations is particularly relevant. By focusing on individual

subtasks, the robot can learn precise and reliable behaviors for each phase of the process,

reducing the risk of errors during task execution.

Although the task involves contact—sliding the plastic ring onto the metallic fitting—the

primary factor for success is the accurate demonstration and generalization of motion. The

contact aspect is straightforward and well-structured, meaning that compliance is not a crit-

ical requirement for task success. Instead, a motion-based demonstration suffices, as it

ensures the ring slides into place effectively when the motion is executed correctly.

6.2.2 How to Demonstrate

Given the lack of physical demands in this task and the minimal safety concerns associ-

ated with humans operating near the robot, kinesthetic teaching is a suitable demonstration

mechanism. This method allows for intuitive, direct interaction with the robot to demonstrate

complex motions while requiring minimal setup. Kinesthetic teaching is especially suitable

for motion-based tasks, as it enables precise trajectory demonstrations without the need for

additional equipment or significant technical expertise.
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6.2.3 How to Learn

For this industrial use case, both joint space and Cartesian space learning methods were

considered. Each has its advantages and trade-offs. Joint space offers lower implemen-

tation effort and is directly compatible with the robot’s control system, making it easier to

implement. Cartesian space provides a more intuitive representation of the task for human

understanding and potentially better generalization but requires additional transformations

for integration into the robot’s control system.

Considering the need for a practical and straightforward implementation, DMPs are se-

lected as the learning algorithm. DMPs are particularly suitable for their ability to perform

one-shot demonstrations, high explainability, and low implementation effort, especially in

joint space. While DMPs are not the only viable algorithm, they offer a reliable starting point

for this task.

6.3 Applying DFL-TORO

This section describes the application of DFL-TORO to automate the industrial sub-assembly

process, detailing the experimental setup used for implementation and validation.

6.3.1 Experimental Setup

The ABB Yumi is controlled using the ”abb robot driver” software stack developed by the

ROS Industrial community [189]. This software facilitated interaction with ABB’s internal

controller, enabling state monitoring and providing position or velocity commands. To record

demonstrations, YuMi operated in ”Lead-Through” mode, allowing manual manipulation of

its arms. The ROS interface controlled YuMi during trajectory execution using position com-

mands at a control frequency of 200 Hz. The rest of the experimental setup is similar to the

validation experiments explained in Section 4.3.
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6.3.2 Validation Experiments

The experiments with the ABB YuMi include automating a part of the sub-assembly con-

ducted at a production site. This task involved using both arms of the ABB YuMi to assem-

ble a component of a larger product. In these experiments, the sub-assembly is partially

automated using DFL-TORO and DMPs. Figure 6.3 illustrates the steps of the subtasks

automated via LfD, designated as YM1-YM4. The details of these tasks are described as

follows:

1. YM1: The left arm reaches for the metallic object to grasp it from the tray (Fig. 6.3(a) to

Fig. 6.3(d)). The fitting’s location is detected by an overhead camera and transformed

into the robot’s coordinate system. These coordinates are then converted into the

desired joint configuration, which serves as the goal configuration for the DMP. Using

this information, YM1 generalizes the trajectory to grasp the object.

2. YM2: The left arm moves the fitting to its desired location, releasing it into its mounting

station (Fig. 6.3(e) to Fig. 6.3(h)).

3. YM3: The left arm reaches for the O-ring on the other tray, grasping it from the inside

(Fig. 6.3(i) to Fig. 6.3(l)). Similarly, the location of the ring is detected via the overhead

camera.

4. YM4: The left arm moves the ring on top of the auxiliary cone, held by the right arm,

releasing it to fall on the cone (Fig. 6.3(m) to Fig. 6.3(p)). From here, the right arm

mounts the cone on top of the metallic object and inserts the ring onto it.

The task specifications of YM1-YM4 present a complex and precise manufacturing task

in a small-part assembly process. Fig. 6.4(a) to 6.4(d) show the recorded demonstration

trajectories. It is important to note that due to safety measures, the lead-through mode of

industrial robots such as ABB YuMi inherently produces more noise in recorded demonstra-

tions compared to the gravity compensation mode used in the FR3. This is because, in

Lead-through mode, the robot’s movements are guided by joint torque sensors that detect
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(a) YM1-1 (b) YM1-2 (c) YM1-3 (d) YM1-4

(e) YM2-1 (f) YM2-2 (g) YM2-3 (h) YM2-4

(i) YM3-1 (j) YM3-2 (k) YM3-3 (l) YM3-4

(m) YM4-1 (n) YM4-2 (o) YM4-3 (p) YM4-4

Figure 6.3: Visualization of YuMi tasks YM1 to YM4 in the production site.
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the forces applied by the operator. Unlike the gravity compensation mode, which can main-

tain smooth and steady movements by counteracting gravitational forces, the Lead-through

mode can have sudden movements or stops based on human input. This can lead to in-

consistencies and fluctuations in the trajectory, resulting in noisier data. Therefore, in these

experiments, the role of noise removal becomes even more crucial.

6.3.2.1 DMP Case Study

Similar to Section 4.3.2.3 two sets of DMPs are trained: DMPo using the original trajectories

qo(t) and DMPf using the optimized trajectories qf (t), reproducing qo,dmp(t) and qf,dmp(t),

respectively, for the tasks YM1-YM4. Fig. 6.4(e) to 6.4(h) illustrate the paths of po,dmp(t) and

pf,dmp(t) for these tasks.

The presence of noise in the original demonstrations led to several reliability and safety

issues, as evidenced by overfitting effects in each task. In YM1, po,dmp(t) shows an unnec-

essary movement by rising too far above the fitting’s tray before approaching the object. In

YM2, the noise significantly affects the motion towards the end, causing the robot to poten-

tially collide with the mounting station for the fitting. Additionally, the path of po,dmp(t) fails to

reach the goal configuration, requiring additional time for the DMP to converge to the goal.

In YM3, the noise introduces an unnecessary curve in the end-effector’s path before it de-

scends to approach the ring, risking a collision with the back of the ring tray. Finally, in YM4,

the noise results in several unnecessary curves, which negatively impact the efficiency of

the motion execution.

Following a similar approach to Section 4.3.2.3, Table 6.1 provides a summary of the

time and jerk values for YM1-YM4. The data highlight a significant improvement in both ex-

ecution time and MANJ when DFL-TORO is incorporated into the LfD process. As reflected

in the underlying path of po,dmp(t), the inherent noise-removal capabilities of standard LfD

algorithms alone are insufficient to achieve optimal trajectories in a manufacturing context,

where execution time and jerk are critical factors. This underscores the importance of using

DFL-TORO, which significantly enhances the quality and efficiency of the generated trajec-

tories by effectively filtering out noise and optimizing the motion.
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(a) YM1 (b) YM2 (c) YM3 (d) YM4
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Figure 6.4: Visualization of demonstration trajectories recorded using ABB YuMi, alongside
the 3D paths generalized by DMPo and DMPf . The paths generated by DMPo show notice-
able effects of noise, which can cause the robot to collide with obstacles in the workspace
or impact execution efficiency.

Table 6.1: Comparison of time [s] and Maximum Absolute Normalized Jerk (MANJ) [rad/s3]
for YM1-4.

Experiment Time/Jerk
Demonstration DMP

qo(t) qf (t) qo,dmp(t) qf,dmp(t)

YM1
Time 9.75 1.50 9.75 1.50
MANJ 139034.03 492.11 2386.13 433.93

YM2
Time 13.35 1.10 13.35 1.10
MANJ 16148.34 114.13 3798.41 168.37

YM3
Time 79.75 1.28 79.75 1.28
MANJ 5152541.33 232.17 16996.27 227.79

YM4
Time 14.15 1.19 14.15 1.19
MANJ 153770.69 190.80 1839.68 634.43
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6.4 Applying LfD Software

The final integration of the automation process utilized the LfD software framework. the

software framework employed the DMP module to learn and generalize the demonstrated

motion. DFL-TORO is applied to enhance and optimize the demonstrations to improve exe-

cution efficiency.

To enable perception capabilities, a custom camera module was developed to integrate

Cognex cameras, which are deployed at the production site. These cameras acted as the

perception device, providing object localization data critical for guiding the robot during task

execution. Following the recording of required demonstrations, the LfD framework is used

to translate these into high-level instructions for both arms of the ABB YuMi robot. These

instructions construct the final program for the automation of the sub-assembly process.

6.4.1 Final Demo

The conclusion of this effort is presented in a video showcasing the automated sub-assembly

process on the ABB YuMi robot at the production site. The video illustrates the successful

application of the LfD software framework to achieve efficient automation based on LfD. The

video of the final demo can be found here at https://drive.google.com
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Chapter 7

Conclusion

This thesis has addressed the critical challenges of transitioning from mass production to

mass customization in modern manufacturing, leveraging cobots and LfD as key enablers.

By combining theoretical advancements and practical implementations, the research pre-

sented here offers a comprehensive approach to equipping industrial systems with the

adaptability and efficiency required to meet evolving demands. The major contributions

of this work can be summarized as follows:

1. A Practical Roadmap for Deploying LfD in Manufacturing. The proposed roadmap

provides an actionable framework for practitioners to implement LfD solutions in indus-

trial tasks. By addressing the key questions of ”What to Demonstrate,” ”How to Demon-

strate,” ”How to Learn,” and ”How to Refine,” this roadmap guides users through the

complexities of adapting robotic systems to mass customization. The questionnaire-

style approach ensures accessibility for industry practitioners, bridging the gap be-

tween research and practical application.

2. DFL-TORO. This framework introduces innovative methodologies for capturing task

requirements through one-shot demonstrations. By optimizing demonstration trajecto-

ries for time, jerk, and noise, DFL-TORO significantly improves operational efficiency

while maintaining task accuracy. It represents a pivotal advancement in LfD by reduc-

ing the reliance on multiple demonstrations and addressing key limitations in existing
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approaches.

3. A Modular and Standardized LfD Software Framework. The developed software

framework integrates modularity, standardization, and accessibility to facilitate the de-

ployment of LfD in industrial environments. Built on the ROS ecosystem and lever-

aging MoveIt, this framework provides a robot-agnostic, perception-integrated solution

that simplifies the programming of collaborative robots. Its high-level interface enables

non-experts to compose complex tasks intuitively, democratizing access to advanced

robotic capabilities.

7.1 Achievements and Impact

This thesis has successfully validated its contributions through a combination of theoreti-

cal analysis, experimental evaluations, and an industrial case study. The roadmap demon-

strated its utility in guiding the adaptation of robotic systems for flexible assembly processes.

DFL-TORO showcased its effectiveness in improving task execution times and trajectory

smoothness while reducing noise. The software framework proved to be a versatile and

scalable solution, capable of supporting diverse LfD methods and robotic platforms.

Together, these contributions address critical gaps in current practices, providing a robust

foundation for implementing LfD in manufacturing. By bridging the gap between research

innovations and real-world deployment, this work enables industries to harness the full po-

tential of collaborative robotics in the era of mass customization.

7.2 Future Directions

The future perspective for LfD in mass customization can be advanced by leveraging emerg-

ing technologies and addressing current limitations identified in this work.

• Integration of LLMs for Human-Robot Interaction. Integrating LLMs into the LfD

framework can enhance human-robot interaction by facilitating real-time dialogue and
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intelligent data analysis. LLM integration enables robots to better understand user

inputs through natural language processing and optimize manufacturing processes.

This capability allows for interactive learning, where robots continuously improve their

performance based on user feedback, making them more adaptive and user-friendly.

• LfD in Industry 5.0. In the context of Industry 5.0, LfD can foster collaboration be-

tween humans and robots, supporting personalized assistance and enhancing work-

place safety by enabling robots to perform hazardous tasks. Additionally, LfD facilitates

adaptive manufacturing processes that can respond dynamically to changing require-

ments, aligning with the principles of resilience and human-centric production.

• Practical Deployment and User Studies. To validate the usability and practical bene-

fits of the LfD framework, user studies involving industry practitioners such as process

engineers should be conducted in real manufacturing settings. These studies would

provide critical feedback for refining the system and ensuring its practical utility in di-

verse industrial applications.

• Establishing Standardized Evaluation Metrics. The variability and noisiness in hu-

man demonstrations present challenges for comparative evaluation with other LfD

frameworks. Developing standardized metrics that account for these factors would en-

able more consistent benchmarking and objective assessment of the proposed frame-

work.

Moreover, the DFL-TORO methodology has certain limitations that present opportunities

for further improvement:

• Automated Tolerance Assignment. The reliance on default tolerance values for tra-

jectory generation introduces challenges in accuracy and efficiency. Automating this

process through semantic task understanding could improve adaptability and reduce

the need for manual intervention.

• Refinement Process with AR Integration: The current refinement process, which

requires human supervision at slower speeds, could be enhanced by using Augmented
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Reality for virtual refinement. This approach mitigates safety risks and offers a more

intuitive experience for human operators.

• Online Learning and Optimization. Extending DFL-TORO to support real-time plan-

ning and optimization would address its current offline constraints, improving learning

speed and enabling adaptive responses in dynamic environments.

By addressing these directions, LfD can evolve into a more comprehensive and robust

framework, integrating advanced technologies to enhance adaptability, user experience, and

operational efficiency, paving the way for its wider adoption in mass customization and In-

dustry 5.0 contexts.
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