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ABSTRACT

Efficient trajectory adaptation is crucial for improving overall robot performance. The
use of Reinforcement Learning (RL), despite its promise in robot motion planning, suf-
fers from long training times and limited generalizability. Learning from Demonstrations
(LfD) offers an alternative solution by transferring human-like skills to robots. However,
human demonstrations may not align optimally with robot dynamics due to biomechanical
differences.

To address these challenges, this thesis proposes novel frameworks that combine RL,
LfD, and the Dynamic Movement Primitives (DMP) framework. The DMP framework
overcomes LfD limitations but requires parameter tuning of second-order dynamics. In
this work, a systematic approach is introduced to extract dynamic features from human
demonstrations, enabling automatic parameter tuning within the DMP framework. These
extracted features facilitate skill transfer to RL agents, leading to more efficient trajectory
exploration and significantly improved robot compliance.

Additionally, the thesis presents a framework that integrates Implicit Behavior Cloning
(IBC) with DMP to leverage RL training speed through human demonstrations. The frame-
work demonstrates faster training, higher scores, and increased stability in both simulation
and real robot experiments. Comparative studies highlight the advantages of the proposed
method over conventional RL agents.

The findings of this thesis hold significant implications for enhancing performance and
adaptability of robots in practical applications. By incorporating human expertise from
demonstrations to leverage conventional RL methods, this research offers novel approaches

to improving efficiency and generalizability in robot motion planning.
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Lay Summary

The introduction of Al-powered robots has revolutionized automation and sparked spec-
ulation about the potential for robots to replace human labor entirely. Al has showcased
impressive abilities in various domains, such as chatbots (like chatGPT), music compo-
sition (like MuseNet), art creation (like DALL-E 2), vision detection, and autonomous
driving. However, challenges remain in the field of robotics, particularly when it comes to
equipping robots with human-like object manipulation skills.

While robots can learn and acquire skills through trial and error, similar to how we
learned to walk as babies, mastering new skills without guidance from a teacher is time-
consuming and demanding. As a result, researchers have explored the idea of transferring
human skills and knowledge to robots. Although some progress has been made, limita-
tions arise due to the inherent structural differences between humans and robots, making
it difficult for robots to accurately mimic human motion in an adaptive manner. Instead,
robots should focus on understanding the underlying intentions and core concepts behind
human motion. This understanding can then be applied in their own trial-and-error learning
process.

This thesis delves into the exploration of a new way of human-robot skill transfer and
investigates methods to enable robots to incorporate and leverage these skills in their own
practice. By effectively uncovering and applying these principles, robots can enhance their

capabilities and bridge the gap between human and robotic manipulation skills.
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Preface

The work presented in this thesis was conducted at the Advanced Control and Intelligent
Systems (ACIS) Laboratory at the University of Victoria, under the supervision of Dr.
Homayoun Najjaran.

This work represents a culmination of efforts aimed at exploring the field of human-
robot interaction and skill transfer. Throughout this thesis, various aspects of human hand
motion planning and the transfer of skills between humans and robots is investigated.

Chapter 3 presents the Human Demonstration Dataset, which is published online in Z.
Zhang and J. Hong’s work titled "Dataset of human hand motion planning” in April 2023.

Chapter 4 presents the work that has been preprinted in J. Hong, Z. Zhang, A. M. S.
Enayati, and H. Najjaran’s paper titled "Human-robot skill transfer with enhanced compli-
ance via dynamic movement primitives,” available on arXiv:2304.05703 in 2023.

Lastly, Chapter 5 presents the work that has been submitted for review to Transaction on
Robotics. Z. Zhang, J. Hong, A. M. S. Enayati, and H. Najjaran’s manucript titled "Using
Implicit Behavior Cloning and Dynamic Movement Primitive to Facilitate Reinforcement

Learning for Robot Motion Planning”
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Chapter 1

Introduction

This chapter provides an overview of the importance of transferring human skills to robots
in the context of motion planning. It explores the benefits and limitations of two major
approaches in motion planning: Learning from Demonstration (LfD) and Reinforcement
Learning (RL). Through this exploration, the need for skill transfer methodologies that
connect these approaches to leverage their respective benefits becomes evident. The chap-
ter further emphasizes the contributions of the proposed approaches in the later chapters.
Additionally, an outline of the thesis is introduced, providing a roadmap for the subsequent

chapters.

1.1 Motivation

The integration of Al into robotics has revolutionized the field of Factory Automation,
enabling higher levels of automation and reducing the dependence on human labor. In
traditional manufacturing processes, human experts are often required to teach robots the
path or trajectory motion, even for minor changes in the production line or variations in the
products being manufactured. This manual process is time-consuming and often halts the

entire production line until the commissioning is complete. To overcome these challenges,



robots need the ability to adapt to changes in their environments and generate optimal
trajectories autonomously. In order to achieve this, intelligent robots must learn skills
actively instead of being explicitly programmed by experts [1,2].

As illustrated in Fig. 1.1, motion planning is an essential problem for more compli-
cated tasks such as grasping [3], assembly [4], and manipulation [S5]. The conventional ap-
proaches used for robot motion planning [6,7] include optimization-based methods, such as
trajectory optimization [8] and sequential convex optimization [9], and the sampling-based
methods, including exploration trees [10], probabilistic roadmaps [11], and model predic-
tive control [12] which highly depend on the precise model of the environment. More
recent methods, such as stochastic optimization-based planning (STOMP) [13], attempt to
combine the advantages of both types of approaches. Moreover, more advanced techniques,
such as Learning from Demonstration (LfD) and Reinforcement Learning (RL), can enable

further advancements in motion planning.

motion planning grasping manipulation

Figure 1.1: Motion planning is the essential problem of more complicated robotic tasks,
e.g. grasping and manipulation.

Learning from Demonstration (LfD) for motion planning

LfD has emerged as a popular approach for transferring human knowledge to robots and en-
abling them to generate trajectories. LfD assumes that human demonstrations provide the

ground truth for robots to imitate, making it a Supervised Learning (SL) approach. How-



ever, directly training robots using human motion has limitations due to the differences
in embodiment between humans and robots. These differences can result in inefficient or
undesirable trajectories when human motion is explicitly transferred to a robot. Addition-
ally, regenerated trajectories often lack generalizability to variations in the environment.
Moreover, the mechanical impedance of the robot’s motor structure limits its capability to
produce jerky movements, unlike the human muscle’s rapid response. Therefore, in L{D,
it is crucial for the robot to balance two conflicting goals simultaneously [14]: closely
mimicking human behavior while maintaining system stability and safety.

To address these challenges, incorporating a dynamic system into the control model
of LfD can be beneficial. By modeling complex nonlinear dynamics into a simpler one-
degree-of-freedom (DoF) spring-damper dynamic system with perturbed force, robots can
follow demonstrated trajectories while adhering to the compliance of the dynamic system.
This dynamic system prevents noisy or jerky movements and enables the generalization
of motion by extrapolating learned behaviors to new situations. The Dynamic Movement
Primitives (DMP) framework has been successful in incorporating dynamic systems into
LfD [15,16]. DMP formulates the trajectory as a point attractor towards a goal position
g. The gains of the DMP system correspond to the coefficients of the assumed dynamic
system, such as dynamic stiffness /', damping D), and inertia /. These gains regulate
the behavior of the dynamic system and play a crucial role in balancing human-likeness
and system stability. Fine-tuning the gains ensures stable reproduction of the demonstrated
trajectories [17].

Another technology within LfD is Behaviour Cloning (BC), where the agent learns
human-like policies for robot manipulation tasks [18, 19]. The main idea of BC is to dupli-
cate the human policy encoded in the demonstration data to a robot motion planner by SL
methods [20].

While LfD has shown success in generating trajectories, the difference between human



biomechanics and robotic systems raises doubts about using human trajectories as the per-
fect ground truth. Human motor systems have more degrees of freedom (DoF) than their
structural DoF, with multiple muscles involved in a 1-DoF motion. Muscle activations
in humans are optimized to minimize factors such as muscle endurance [21], energy ex-
penditure, or muscle fatigue [22], rather than solely focusing on achieving a specific joint
movement as robots do. The maximum forces and endurance of muscles depend on pos-
ture during motion, which may cause inefficient motion in terms of duration and length
of motion. For example, humans tend to avoid elbow-up posture, preferring elbow-down
to minimize stress on muscles and tendons, even if it means following a longer trajectory.
In contrast, robots can generate uniform torques within their range of motion, and optimal
solutions for robots may differ from those for humans. Therefore, it is necessary to trans-
fer more abstract information containing human skill rather than relying solely on explicit

trajectories to ensure greater flexibility for robot manipulation.

Reinforcement Learning (RL) for motion planning

Reinforcement Learning (RL) provides another powerful approach for enabling robots to
learn ideal manipulation policies through trial and error. Motion planning, a typical appli-
cation of RL, requires a robot to move from an initial position to a goal position without
colliding with obstacles in the environment [23]. RL offers an alternative to traditional
optimization-based and sampling-based motion planning approaches that rely on precise
models of the environment. RL enables an optimal planner, or an RL agent, to be trained
automatically through interactions with the environment, without explicitly solving opti-
mization problems based on the environment’s model.

Compared to them, RL does not directly solve an optimization problem based on the
precise model of the environment. Instead, an optimal planner, or an RL agent, can be

trained automatically during interactions with the environment.



A typical case of RL is Deep Reinforcement Learning (DRL) which adopts an end-to-
end learning scheme using deep neural networks [24]. It aims at constructing an all-in-one
planner for highly-coupled and complicated robot tasks, especially the ones that depend
on computer vision, such as grasping [25] and autonomous navigation [26]. Nevertheless,
end-to-end learning suffers from the slow convergence rate of the training process and the
sensitivity to environmental changes [2]. This is due to the large scale of the deep neural
network and the high likelihood of overfitting. Efforts to resolve these issues include devel-
oping high-fidelity simulation platforms [27] or designing sim-to-real schemes to improve
its adaptability and robustness [28].

To enhance the training speed and address overfitting, the use of heuristics in RL has
been effective. Compared to end-to-end learning, exploiting heuristics can split a big RL
problem into several smaller learning problems. Effective heuristic methods for RL include
feature extraction layers [29], modularized neural networks [30], and hierarchical struc-
tures [31]. In [32,33], experimental studies are used to address that hierarchical-RL ensures
faster convergence and better robustness than end-to-end learning. Transfer learning facil-
itated by heuristic mappings is used to transfer a simple-task policy to a complicated task
without additional training [34]. Heuristic models, such as motion primitives [35,36] are
also widely used to simplify an RL problem by transforming a complex decision-making
problem into a simpler domain.

In this sense, utilized in RL problems as well, enabling the RL agent to generate trajec-
tories that comply with the second-order dynamic system of DMP. In RL with DMP, the RL.
agent explores a policy where the trajectory generated by the agent adheres to the DMP’s
dynamic system [37-39]. Similar to how the DMP framework in LfD maps trajectories in
the task space to the forcing term in the DMP space, DMP in RL establishes a mapping
between states (i.e., trajectories) and actions (i.e., forcing terms). This allows the RL agent

to learn and generate trajectories that follow the desired behavior captured by the DMP.



RL with DMP provides benefits by incorporating the desirable properties of both RL and
DMP. It leverages the flexibility and adaptability of RL while utilizing the dynamic system
of DMP to guide the generation of compliant and smooth trajectories.

However, RL with DMP does have certain limitations. One limitation is that the human
intention can only be conveyed to the RL agent through the reward signal, as opposed to
directly utilizing the DMP’s ability to encode and transfer human intention. In LfD with
DMP, the DMP framework can effectively capture the human intention and encode it in
the trajectory demonstration, but cannot utilize the benefits of RL’s trial-and-error learning.
In RL with DMP, the agent needs to learn the desired behavior solely through the reward

signal, which can be a more indirect and potentially challenging process.

Combining LfD and RL for Skill Transfer in Motion Planning

Combining LfD and RL offers the potential to enhance skill transfer in motion planning.
By integrating these approaches, the agent can explore alternative optimal strategies be-
yond explicit trajectories while still benefiting from the expertise and guidance of human
experts implicitly. This integration enables skill transfer in motion planning, leveraging the
advantages of both approaches while maintaining a balance between human-likeness and
system stability provided by the Dynamic Movement Primitives (DMP) framework.

The LfD component plays a crucial role in capturing human skill and guidance. It al-
lows the agent to learn from human demonstrations, acquiring abstract skills and capturing
the intention behind the demonstrated trajectories. By observing and imitating human ex-
perts, the agent can gain valuable insights into effective motion planning strategies. On the
other hand, the RL component empowers the agent to go beyond the demonstrations and
explore alternative strategies by adapting its behavior to the environment. The transferred
skill to the RL agent allows the improved of convergence speed, and enhanced efficiency

in motion planning tasks.



The DMP framework serves as a promising connection between LfD and RL. By en-
coding complex nonlinear dynamics into a simpler dynamic system, the agent maintains
compliance with the desired trajectories while ensuring system stability. The DMP frame-
work provides the flexibility and adaptability necessary for skill transfer, allowing the agent
to interpret human motion in terms of second-order dynamics and extract abstract features
in the latent space of DMP.

In conclusion, this integrated approach enables the agent to leverage the expertise and
guidance from human demonstrations, explore alternative strategies through RL, and bene-
fit from the flexibility and adaptability provided by the DMP framework. It facilitates skill
transfer in motion planning, enabling the agent to learn, adapt, and optimize its behavior

effectively and in a balanced manner.

1.2 Contributions

This thesis investigates how RL agents can leverage abstract skills derived from human
demonstrations, focusing on the extraction and utilization of these skills rather than relying
solely on explicit paths or trajectories. By combining LfD and RL approach in motion
planning, it is possible to enable the transfer of skills from human experts to robots while
still benefiting from the flexibility and adaptability provided by RL. The integration of
heuristic models and human demonstrations is believed to enhance the training speed and
generalization capabilities of RL agents.

To achieve this objective, this thesis proposes two novel approaches.

Firstly, a novel framework is proposed to capture the dynamic characteristics of human
motion within the DMP framework. Specifically, the framework focuses on the extraction
of dynamic features, providing a new perspective on transferable skills that has not been

extensively explored in existing literature.



Secondly, another novel RL method for robot motion planning, facilitated by DMP and
Implicit Behaviour Cloning (IBC), is introduced. This method explores the potential of uti-
lizing abstract skills obtained from human demonstrations, which has not been extensively
investigated in existing literature.

Fig. 1.2 visually depicts the integration of the proposed frameworks, showcasing how

they combine and connect key methodologies in motion planning.

Probability Based HMM
Imitation

Le"(ilrf)mg Dynamic System Based——DMP - LfD <{------ .
~ Learning from ‘.I
Dem?&g;ﬁ“m Palicy Based —BC,I IBC
Inverse ! !

Motion y Reinforcement ' Dynamic Feature
Plannin Learning (IRL Extraction

9 9 (IRL) IBC-DMP RL ,
' '
' ,

Reinforcement DMP-RL < ------ --

Learning (RL)

Figure 1.2: This thesis presents the two novel frameworks that connects LfD and RL ap-
proaches in motion planning: Dynamic Feature Extraction and IBC-DMP RL.

Through simulation studies, the efficacy of the proposed method and its advantages
over conventional RL agents are validated in both suggested framework. Furthermore, an
experimental study demonstrates the practical applicability of this approach in real-world
robotic tasks.

The contributions of this thesis can be summarized as follows:

* Generated a dataset comprising human demonstrations in a point-to-point reaching
task, focusing on abstract skills rather than explicit paths or trajectories. This dataset
is made publicly available and serves as a valuable resource for future research on

demonstration-facilitated methods for robot motion planning.

* Developed a novel framework for extracting abstract features that capture the dy-

namics of motion, specifically the dynamic features extraction of motion primitives.



These features can be applied to various DMP modeling approaches, including DMP-
LfD and DMP-RL frameworks. This framework presents a new perspective on trans-
ferable skills, moving beyond the reliance on explicit trajectories commonly used in

LfD.

* Introduced a novel framework for developing an IBC-DMP RL agent for motion
planning in a robot manipulator with multiple degrees of freedom (Multi-DoF). This
framework incorporates Multi-DoF DMP and IBC, aiming to improve the learning
performance and generalizability of RL agents by effectively utilizing abstract skills

acquired from human demonstrations.

* Conducted simulation and experimental studies to demonstrate the efficacy of the
proposed methods in solving practical robotic problems. For instance, the scenario
involving a robot carrying a cup full of coffee showcases the strength of adapting
dynamic features extracted from human demonstrations to successfully perform del-
icate tasks related to velocity, acceleration, and jerk, even in simple point-to-point
trajectories. Additionally, the scenario of cube stacking demonstrates the superiority
of the proposed IBC-DMP RL method, which exhibits faster training convergence

and higher test scores compared to conventional RL approaches.

By presenting these contributions, this thesis aims to advance the field of RL in robotics.
It highlights the potential of combining heuristic models and human demonstrations to
enhance the training efficiency and overall performance of RL agents, paving the way for

more flexible and adaptable robotic systems.

1.3 Thesis Outline

This thesis is structured into six chapters, each contributing to the validation of claims and

novel approaches to skill transfer between humans and robots in motion planning. The
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overview of the main chapters is presented as follows:

Chapter 1: Introduction This chapter explores the benefits and limitations of two major
approaches in motion planning for robots: Learning from Demonstration (LfD) and
Reinforcement Learning (RL). It also highlights the motivation to and contributions
of the proposed approach, which aims to leverage the strengths of both methods and
address their respective limitations in the context of skill transfer. Furthermore, an

outline of the thesis is introduced.

Chapter 2: Background This chapter provides an overview of important concepts and
theories used in the thesis, including RL, Skill Transfer, and Dynamic Movement
Primitives (DMP). It establishes the theoretical foundation for the subsequent chap-

ters.

Chapter 3: Human Data Collection This chapter provides a detailed explanation of the
methodology employed to collect human motion data using motion trackers. The
dataset obtained in this chapter is utilized in the frameworks proposed in Chapter 4
and Chapter 5. Additionally, the dataset is openly accessible online, enabling other

researchers to utilize it for similar studies.

Chapter 4: Human-Robot Dynamic Feature Transfer via DMP This chapter presents
a novel framework that extracts dynamic features of motion and applies them to
the RL agent within the DMP framework. The proposed method is validated through

simulations and real robot experiments involving delicate point-to-point movements

Chapter 5: RL-based Robot Motion Planning Enhanced with IBC and DMP This
chapter proposes another novel framework that incorporates demonstration into the
training procedure of RL using Implicit Behaviour Cloning (IBC) and DMP. The

proposed method demonstrates improvements in training speed and generalizability
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compared to conventional RL. methods. Validation is performed through simulations

and pick-and-place experiments using real robots.

Chapter 6: Concluding Remarks The final chapter summarizes the main findings of the
thesis, discusses the contributions of the research, and offers concluding remarks. It
reflects on the importance of transferring human skills to robots and the potential
impact of the proposed approaches. The chapter also identifies areas for further re-
search and suggests future directions to enhance and expand upon the work presented

in this thesis.
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Chapter 2

Background

This chapter introduces the preliminary knowledge of the important concepts and theories
used in the thesis, including Reinforcement Learning, Skill Transfer and Dynamic Move-
ment Primitives. Also, we discuss the benefits and limitations of them to define the problem

in Human-Robot Skill Transfer.

2.1 Reinforcement Learning (RL)

Overview

Reinforcement Learning (RL) is an approach that enables an agent to acquire an optimal
strategy for acting in various situations based on the concept of rewards or punishments.
The agent interacts with an environment, which responds to the agent’s actions. Through
this interaction, the agent gains knowledge of the current situation, known as the state,
and receives rewards based on its chosen actions. RL involves finding the optimal policy,

which specifies the action to be taken in each state, to maximize cumulative rewards.
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Markov Decision Process (MDP)

Markov Decision Process (MDP) is a mathematical modeling that forms a foundation of
RL. It assumes the case where the state transition depends only on the current state, regard-
less of historical states.

A MDP is represented by a 5-tuple M = (S, A, %, %,7), where S and A are the
state space and the action space of the agent, respectively, and .% : § x A — S and
Z S x A — R are the state transition and the reward functions, and -y is the discount
factor that determines the importance of future rewards. RL aims to find the optimal policy

7* that maximizes the sum of rewards over time:

T = argmax, Yy, Z(si,7(s1)) (2.1)

where T € N7 is the length of a trajectory sgs; - - - s7, and s; € S is the state of the MDP

attimet =0,1,--- 7.

Bellman Equation

The value function plays a crucial role in RL. It estimates the expected return from a given
state or state-action pair. The state value function V,(s) represents the expected return
when following policy 7 from state s, while the action value function Q) (s, a) represents
the expected return when taking action a in state s. These value functions satisfy the

Bellman equations:

Vi(s) = Z m(als) Z p(s' rls,a)(r +~4Va(s")), (2.2)

acA(s) s'eS;reR

Z p(s',rls,a)(r+~ Z (d'|s)Qr(s',a")) (2.3)

s'eS,reR a’€A(s
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where p(s’,r|s,a) is the probability of transitioning to state s' with reward r from state s
by taking action a. The optimal value functions, denoted as V(s) and @)(s, a), are obtained
by solving the Bellman Optimality Equations:

The optimal solution to the Bellman equations (2.2) and (2.3), or Bellman Optimalityy

Equations is

‘/* = ! * ! .

(s) aglfé) Z p(s',r|s,a)(r +~vVi(s")), (2.4)
s'eS,reR

.(s,a) = s’ rls,a)(r +v max Q.(s',d (2.5)

Qo= 3 plrisalr o s Q.4

where V,(s') and Q). (s, a) are the optimal state value function and the optimal action value
function, respectively. The optimal policy 7 is the policy when the optimal value function
is found.

While the Bellman Optimality Equation (2.4) and (2.5) are relatively straightforward,
solving direct solution to them is not trivial in many cases. In real-world problems, the state
space can be extremely large or continuous, making it computationally infeasible to solve
the equation directly. For example in robot motion planing, the state space can be defined
as the continuous task or joint space with 6 Degree of Freedom (DoF) S := RS, leading
to infinite number of possible states known as curse of dimensionality. Also, the complex
dynamics of the the state transition often involves non-linearity and non-convexity even in
the case such that the transition possibility is deterministic. Due to these reason, iterative
methods such as bootstrapping are commonly used to approximate the optimal solution.

Using Deep Neural Network (DNN) is one of the most popular and powerful approach
to approximate the optimal solution, as DNN can learn any complex mapping between the
states(or states and actions) and their corresponding value. The parameters of the value

or/and policy approximator are iteratively updated using the interaction between the agent
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and environment, until the optimal reward is steadily achieved. Typically, RL agents with
larger or more complex neural networks are likely to solve more complicated tasks. On the
other hand, they tend to spend longer training times and are easier to cause the overfitting

problem.

On-policy and off-policy methods in RL

RL methods can be categorized into on-policy and off-policy approaches depending on
whether the policy to be promoted is the one that is interacting with the environment. Both
types of approaches are widely used for robot motion planning [23,40,41].

A typical on-policy method is Proximal Policy Optimization (PPO) which updates the
policy using the policy gradient calculated from the perturbed system trajectories [42]. On-
policy methods typically promote policies only after complete episodes. Also, historical
policies are no longer used for policy promotion.

On the contrary, the policy update of off-policy RL methods, such as Deep Determin-
istic Policy Gradient (DDPG) [43], can be performed at any time. Off-policy methods can
also utilize the historical data stored in the experience replay buffer to promote the current
policy [44]. This means that off-policy methods can learn from multiple policies encoded
in the historical data, which is its main advantage over on-policy methods. Nevertheless,
the main shortcomings of off-policy methods are long training times and unstable training
behaviors due to the bootstrapping effect in the initial stage of the training process. In fact,
the training performance of an off-policy agent is highly dependent on the quality of the
experience data. In the application of robot motion planning, it is commonly witnessed
that on-policy methods outperform off-policy methods when the quality of the experience
data is not sufficiently good [45,46]. Therefore, many efforts are devoted to improving the

performance of off-policy agents by refining the experience data [47,48].
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Deep Deterministic Policy Gradient (DDPG)

In this thesis, DDPG is used as the baseline model since it allows for improving the current
policy using the experience data. A basic DDPG agent typically consists of two neural
networks, namely an actor my and a critic ), which are respectively used to approximate
the optimal policy 7* as shown in (2.1) and the value function ) : S x A — R, where 6 and
w denote the parameters of the neural networks. Details about the definition of the value
function can be found in [47]. The main objective of the training process for a DDPG agent
is to constantly update the values of the parameters § and w, such that the approximations
m9 — 7 and @), — @ are as close as possible. Another two neural networks 7y : S — A
and Qs : S x A — R with parameters 6’ and w’, referred to as target neural networks
are typically used to smooth out the approximation process. The parameters ¢’ and w’ are

iteratively updated following the updates of ¢ and w,

0 < N0+ (1= N0, w' + '+ (1 — Nw, (2.6)

where 0 < A <1 is an interpolation factor used to average the updates of the target networks
and stabilize the approximation.

The training of the critic network (), is a supervised learning process. The samples
used to train the network are from an experience replay buffer 1B sized N € N*, which
is randomly sampled from an experience replay buffer B. Each sample in the buffer B
is organized as the format { s;,a;, s}, 7;,d;}, where s; € S and a; € A are the state
and the action of the agent at a certain history instant j = 1, 2, ---, N, s} = F(s;, a;)
is the successive state, r; = %(sj, aj) is the corresponding instant reward, and d; is a

boolean termination flag that determines whether an episode terminates or not. The critic
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loss function of the buffer B is computed as

Lo(B) = %2000 (I — Qu(syya;))° (2.7

where [; = r; +7(1 —d;)Qur (8}, 7o (s})) is the label of sample (s;, a;). The actor network

my is also trained using the buffer B with the following loss function,

La(B) = =% Qulsj mols;)). (2.8)

Given the computed losses £ 4 and L, the parameters of the actor and the critic networks

are updated with the following gradient-based law, in an iterative and alternative manner,
Af = —a9V9£A, Aw = —Oéwvwﬁc, (29)

where A6 and Aw are the parameter increments at each iteration, oy, o, € RT are the
learning rates of the actor and the critic networks, and VoL 4 and V,,L¢ are the gradients

of the loss functions to the network parameters.

The Training Algorithm for DDPG Agent

The training procedure for a DDPG agent follows Algorithm 1. The agent initializes a
replay buffer and the actor and critic networks. It then interacts with the environment,
collecting experiences and storing them in the replay buffer. The agent samples a batch of
experiences from the buffer and uses them to update the critic network by minimizing the
mean squared error loss. The actor network is updated by computing the gradients of the
expected action value with respect to the network parameters and applying gradient ascent.
Target networks are periodically updated by slowly tracking the main network parameters.

This process is repeated for a specified number of episodes.
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Algorithm 1 DDPG Algorithm

1: Initialize replay buffer 5

2: Randomly initialize the actor network 7y and critic networks @),

3: Initialize the target networks 7y, Q. with '« 6, w' <+ w

4: for ¢ < 1to N, do

5 Sample a random noise ¢,

6 Initialize the state so =X}
7:  fort < Oto7T do
g
9

Observe the state s, = X,
Sample an action a; = my(s;) + €

10: Observe the successive state s, = X Ay
11: Calculate the instant reward r; and flag d;
12: Store {s;, at, s}, 14, di } to B
13: Sample a random batch of N transitions {s;, a;, s}, r;, d;} from B
14: Set y; = r; + Q. (s}, a;) where a; = m)(s})
15: Update critic by minimizing the loss: L = + >, (y; — Qu(si, a;))?
16: Update the actor policy using the sampled policy gradient:
Vol = 5 > VaQu (8, a)|s=s;a=r(s) Voo (5) s,
17: Update the target networks using (2.6)
18:  end for

19: end for
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2.2 Skill Transfer in Motion Planning

In order to discuss the transfer of human skills to robots, it is essential to define the concept
of transferable skills. In the survey conducted on skill transfer, researchers identified these
skills as the robot’s manipulation skills in a complex and dynamic environment” [49,
50]. Based on this, the approaches to achieving human skills can be broadly categorized
into three main groups: Neurophysiological Signal, Reinforcement Learning, and Learning

from demonstration.

Neurophysiological Signal in Skill Transfer

Neurophysiological signal-based methods aim to transfer human skills to robots by cap-
turing and interpreting signals directly from the human body. These signals, such as elec-
tromyography (EMG) or brain activity signals, can provide valuable information about
human intentions and motions. By mapping these signals to robot control commands, it
becomes possible to replicate human skills in a robotic system. The approaches to transfer
the stiffness of the human motion using EMG signal [51-53] has shown the possibility
that dynamic characteristics can deliver human skill successfully as well as the trajectory
itself in a way that the robot remained robust stability despite the unexpected external per-
turbation. However, this approach often requires additional devices to sense and interpret
the signals, and it may have limitations in terms of signal accuracy and the optimization of

human-like motion for robotic systems.

Reinforcement Learning (RL) in Skill Transfer

When it comes to transferring human skill in skill transfer using Reinforcement Learning
(RL), human skill is usually conveyed through reward design. The RL agent is provided
with a reward function that encourages the agent to mimic or replicate the behavior demon-

strated by humans. By shaping the reward function appropriately, the agent can learn to
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perform tasks in a manner similar to how a human expert would. However, the reward
signal is often indirect and can be challenging to design accurately. It may not fully capture
the nuances and intricacies of the human expertise being transferred. Additionally, the pro-
cess of reward shaping can be time-consuming and requires careful fine-tuning to ensure
that the agent acts according to the intended human skill.

Another approach to skill transfer in RL is through the use of a replay buffer that con-
tains human demonstrations. In this method, the replay buffer is initially populated with
demonstrations provided by human experts. The RL agent then learns from these demon-
strations by replaying them during the training process. While utilizing the replay buffer
for skill transfer seems straightforward, it has its own challenges. The explicit use of hu-
man demonstrations in the replay buffer can lead to the agent being trapped in a solution
already present in the demonstrations. The agent may exploit the similar trajectories from
the demonstrations without fully exploring alternative solutions that may be more efficient

or effective. This restricts the flexibility and adaptability of RL algorithms.

Learning from Demonstration (LfD) in Skill Transfer

In LfD, Inverse Reinforcement Learning (IRL) and Imitation Learning (IL) are two popular
and important approaches for skill transfer in motion planning. Both LfD and IRL have
been extensively applied in robot motion planning and autonomous driving scenarios.

IRL is an approach that aims to invert the framework of RL by learning the reward
function from given demonstrations. Since the optimal reward function often involves non-
linear terms and complexities from robot dynamics, Deep Neural Network (DNN) can be
used to represent the reward function effectively. However, there are limitations to IRL.
One major limitation is the potential overfitting of the learned rewards and policies to the
expert demonstrations. This issue becomes more critical when there is noise or errors in

the demonstration data. Overfitting can lead to a lack of generalization to new situations.
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Another limitation is the ambiguity in determining the true reward function solely from
demonstration data. Different reward functions can result in the same observed behavior,
making it challenging to uniquely identify the underlying reward function. Additionally,
even though IRL learns the reward function, the RL agent still needs to be trained using
the learned reward function. This can require computational resources, especially when
compared to conventional RL methods that directly use handcrafted reward functions.

IL is an approach in which an agent learns a policy or behavior by directly imitating
expert demonstrations. IL involves observing and mimicking the actions and decisions of
a human or expert agent to acquire specific tasks or behaviors. Various approaches can
be utilized to model and interpret human behavior for learning these skills. For example,
Behavior Cloning is a common IL technique that focuses on replicating expert actions
based on observed states to learn policy behind the human motion. Additionally, techniques
such as Hidden Markov Model(HMM) and Dynamic Movement Primitives (DMP) can be
employed in IL to capture sequential aspects of human behavior or motion. HMMs offer
a probabilistic modeling approach, while DMPs utilize dynamic systems to represent and

reproduce complex movement patterns.

2.2.1 Behavior Cloning (BC)

BC is an important technology of IL to duplicate human policy from demonstrations. It
has been widely applied to robot motion planning and autonomous driving [20, 54]. Here,
behavior refers to what actions humans tend to take under certain states. Cloning means
learning a new policy to fit human behaviors. BC formulates a supervised learning problem
where human actions serve as the ground truth labels of the states. Then, the policy to be
cloned can be trained using deep neural networks (DNN) [55] or Gaussian mixture models
(GMM) [56]. When human demonstrations are recorded as movement trajectories, states

refer to the position and velocity of human trajectories at a certain time and action is the
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corresponding acceleration [18]. DMP has also been used to simplify the BC process [57].
Nevertheless, calculating acceleration from human demonstrations requires the second-
order derivative operation which brings up differential noise to the human demonstration
samples. Additional procedures such as locally weighted regression (LWR) are often used
to mitigate the effects of the noise [58].

Another issue of BC is that the pre-trained policy might overfit human behaviors. Note
that human likeness does not necessarily indicate the best planning policy. Thus, overfitting
human behaviors may degrade the performance of robot motion planning with respect to
the predefined reward. It is addressed that BC performs worse than nominal RL agents in
many cases due to overfitting [59]. This motivates us to combine BC and nominal RL to
develop a better robot motion planner, instead of directly using BC to generate human-like
trajectories. The conventional BC-facilitated RL methods usually perform a fully separate
scheme, i.e., to learn an initial policy with BC before training the agent using nominal RL
methods [60—62]. Nevertheless, in such a separate scheme, BC is not fully exploited to
promote the training of the RL agent. It also lacks the flexibility of achieving a balance
between human likeness and the predefined reward. Recent studies made some attempts to
integrate BC into the off-policy RL training using a dual-buffer structure [63, 64], which
inspires us to use BC from human demonstration to leverage the training performance of
RL.

BC refers to the process of training a target policy from a source policy encoded in a
demonstration. Given a set of demonstrations that are stored in a buffer B as defined in
Section 2.1, the source pattern refers to the policy 7 that fits the data (s;, a;) for all j =
1,2,---,N. The objective of BC is to train a policy 7, to duplicate 3. Conventionally,
BC renders a supervised learning problem, where the policy parameter y is updated via a

gradient-based law Ay = —, VL[, where Ay is the parameter increment, a, € R™ is
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the learning rate, and VL is the gradient of a loss function £; defined as
Li(B) = 5L, A (a5 — mu(s;) (2.10)

where .# : A — R is a non-negative function that evaluates the deviation between the
two policies, which is commonly the 2-norm of vectors. Such an approach is also referred
to as explicit BC (EBC) since the loss function (2.10) explicitly penalizes the deviation
between actions of the source and the target policies. EBC is very likely to cause overfitting
since it is obsessed with the fitting of two policies. It may not be successful when the
demonstration data is noisy and subject to large variance. Recent study proposes an implicit

BC (IBC) method which suggests the following loss function [65],
Li(B) =30 Eu(sj.a5), 2.11)

where E, : S x A— R is a non-negative energy function of demo data (s, a;) param-
eterized by p. Thus, IBC generates the target policy through an implicit energy function,
which can effectively avoid the overfitting problem. It also provides a flexible interface
to combine BC with an off-policy RL agent. A technical question will be answered in

Chapter 5 to showcase how to design a proper energy function to facilitate RL with IBC.

2.2.2 Dynamic Movement Primitive (DMP)

A motion primitive is a heuristic model commonly used for robot motion generation. A
special motion primitive is the dynamic movement primitive (DMP) designed for robot
manipulators. The mathematical formulation of DMP is a virtual second-order linear dy-
namic model. The state of the DMP model is the position and velocity of the robot tra-
jectory to be generated. Its input is an actuation function to be learned. The trajectories

generated by DMP are ensured with inherent smoothness and stability due to the continuity
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of second-order dynamic models. DMP was originally proposed as an abstract model to

describe human motions [66]. Then, it is applied to IL for the learning of human movement

patterns [67] since DMP provides an elegant and simple model to depict human motions.
DMP is a virtual dynamic model used to generate desired trajectories for a moving

point [68,69], defined as follows,

TIp = @(B(xg — &) — @)+ gt(xg — x0) [ (), (2.12a)

76 = — wi, (2.12b)

where z;, 14, Z; € R are, respectively, the time-dependent position, velocity, and accelera-
tion of the desired trajectory to be generated, xg, x, € R are the initial and the goal positions
of the desired trajectory, (; € R is a canonical dynamic variable with a non-zero initial value
(o €R, 7 €RT is a constant temporal scalar that depicts the inertia of DMP, o, § € R are
constant parameters that determine the damping and stiffness of the DMP, w € R is a con-
stant parameter that controls the duration of the DMP, and f : R — R is the actuation
function that determines the shape of the generated trajectory. With a proper actuation
function f, the DMP model (2.12) generates a trajectory x; which has the continuous po-
sition, velocity, and acceleration with respect to time. Therefore, it guarantees smoothness
when applied to robot motion planning. The actuation function f is solved by minimizing
a certain cost. Conventionally, DMP uses a Radial Basis Function (RBF) neural network to
approximate the optimal actuation function, i.e., f((;) = (Zjﬂilgoj(@)wo / Zj]\ilgoj(@),
where M € N is the number of the RBFs, w; € RT are constant weights, ¢; : R—Ris a
RBF ¢; (x)= exp(—%) ,J=1,2,---, M, where ¢j,0; € R are constant parameters.
The RBF-based actuation function can be solved using on-policy RL methods [68]. DMP is
usually used to directly generate the desired trajectory for a robot end-effector in the Carte-

sian space, where an Inverse Kinematic (IK) algorithm is needed to map the trajectory to
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the joint space [36].

When human demonstrations are unavailable, DMP can be solved using RL with a
predefined cost function [70]. It is very effective to simplify a complicated robot motion
planning problem via hierarchical RL [68]. DMP-facilitated RL has become a popular
method for robot motion planning in recent work [69,71,72]. A survey on the application
of DMP to robot manipulation problems is presented in [73]. Nevertheless, DMP has been
mainly solved using on-policy RL methods, which makes it difficult to promote the current
policy using demonstration data. Using off-policy methods to train a DMP model is still an

unsolved problem.
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Chapter 3

Human Data Collection

This chapter provides a detailed explanation of the methodology employed to collect human
motion data. Acquiring human data is essential to leverage human skills and apply them
effectively to robots. Two types of hand trajectories were recorded as demonstrations: a
simple Point-to-Point Reaching (P2PR) task and a P2PR task involving obstacle avoidance.
The dataset obtained in this chapter was used for both human-robot dynamic feature trans-
fer via Dynamic Movement Primitives (DMP) in Chapter 4 and Reinforcement Learning
(RL) based robot motion planning enhanced with Implicit Behaviour Cloning (IBC) and
DMP in Chapter 5. The dataset is openly accessible online, allowing researchers to freely

utilize it for other demonstration-assisted approaches in robot motion planning.

3.1 Human Data Acquisition

A data-recording experiment is conducted to collect human-hand motion in a point-to-point
reaching (P2PR) task, which is a typical scenario in robot motion planning. The experiment
is designed to capture how the human hand attempts to reach a goal position while avoiding
collisions with a mid-way obstacle. An HTC VIVE tracking system, consisting of several

motion trackers and a pair of Virtual Reality (VR) base stations is used to record the position
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of any object attached to the trackers. The system is able to track the Cartesian pose of the
rigid body in a stable sampling frequency 100 Hz. The HTC Vive Tracker (2018) with
SteamVR 2.0 has been examined in [74] and has been found to have a tracking precision
of 2 mm and a tracking accuracy of 0.007 m.

The top view of the experiment configuration is shown in Fig. 3.1. A human subject sits
in front of a flat desk. The desk is positioned 0.35 m vertically higher than the seat, ensuring
the subject’s comfortable seating. A rectangular planar motion region is marked on the desk
with height 0.5 mm and a width of 0.6 m, shown as a thick-line gray box in Fig. 3.1. The
motion region is aligned with the desk edge towards the subject. The subject’s seat is placed
such that the hand can be comfortably positioned in the left-bottom corner of the motion
region and can naturally reach any point within the motion region without standing up. Two
VR base stations are placed on the diagonal corners of the workspace for superior tracking
precision, as shown as camera symbols in Fig. 3.1. The coordinate of the tracking system
is calibrated such that its origin coincides with the left-bottom corner of the workspace and
its z-, y-, and z-axis point to the right, front, and top of the subject, respectively. The initial
position, denoted as Z, is set to the position where the hand is comfortably placed at the
origin. For a given goal G and an obstacle O, the subject is required to move the hand from
the initial position Z to the goal G in a natural manner while avoiding the obstacle 0. A

possible hand trajectory is illustrated as a dashed arrow in Fig. 3.1.
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Figure 3.1: The top view of the configuration of the data recording experiment, where Z,

O, and G are the initial, obstacle, and goal positions, respectively.

A human demonstration dataset was recorded using the experimental setup described
above. The dataset is available in [75]. To record the data, a right-handed young male
played the subject. Fig. 3.2 illustrates the data recording process. As illustrated in the
figure, Three trackers are utilized to mark the positions of the obstacle, the human hand,
and the goal. In this experiment, a cylindrical bottle with a height of 66 mm and a diameter
of 200 mm serves as the obstacle. The tracker is fixed to the top of the obstacle, resulting in
a total height of 70 mm. Besides, the demonstrator ties a tracker to the wrist of the subject
to track the motion of the hand. The third tracker is directly placed on the desk to serve
as the goal. During the entire recording process, the subject performs 600 trials of P2PR
motion repeatedly. For each trial, the goal G is placed at a random position in the motion
region. It should be not too close to the initial position Z to ensure the feasibility of the
hand motion. The obstacle O is also positioned at a random point close to the mid-way
between the initial position Z and the goal G. Note that the obstacle should be neither
beside the goal nor too close to the initial position. Otherwise, it would be very difficult to
produce a natural trajectory. The subject is asked to always perform the motion and avoid
the obstacle in the most comfortable manner. Other than that, there are no restrictions from

which direction the subject must avoid the obstacle. The subject is allowed to bend the



29

torso but cannot stand up from the seat to reach a far point.

Figure 3.2: The illustration of the human data recording process. (a). The hand is placed
at the initial position with the obstacle placed in the mid-way toward the goal tracker. (b).
The hand avoids the obstacle while moving toward the goal. (c). The hand reaches the
goal.

After removing the invalid motions, a total of 544 hand trajectories were obtained,
corresponding to various goal positions and obstacle positions, as illustrated in Fig. 3.3a.
Each trajectory contains the hand position of one P2PR motion. It can be seen that different
trajectories show great variety in their shapes. Taller trajectories indicate that the hand goes
over the obstacle and short ones pass around the obstacles. A common feature of these
trajectories is that they all successfully avoid obstacles while maintaining the smoothness
of the shape. Fig. 3.3b gives a more clear perspective of how a hand trajectory reaches the

target and avoids the obstacle.
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(a) All hand trajectories
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(b) One hand trajectory

Figure 3.3: The illustration of the recorded human hand trajectories, where the blue dot
denotes the starting position and the orange stars are the goal positions. (a) The hand

trajectories of all trials. (b) A representative hand trajectory with a cylinder denoting the

obstacle.
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3.2 Data Preprocessing

The collected raw data includes position measurements at each timestamp of around 0.1

second. In order to generate trajectory data, it is necessary to calculate the velocity and

acceleration.
xH _ xH
The linear velocity of the trajectory can be computed as follows: x = %
‘ T
1=1,2,---, N, where 7; represents the timestamp when each position data xg is recorded,

and N is the total number of time steps. Similarly, the acceleration of the trajectory can be
XH _ XH

calculated using: X7 = "1 i =1,2,.--, N — 1.
‘ AT

Depending on the specific use cases of the dataset, the achieved trajectory can undergo

denoising, regularization, normalization, or standardization.
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Chapter 4

Human-Robot Dynamic Feature

Transfer via DMP

This chapter presents a systematic method to extract the dynamic features from human
demonstration to auto-tune the parameters in the Dynamic Movement Primitives (DMP)
framework, namely Dynamic Feature Extraction (DFE). In addition to its use with Learn-
ing from Demonstration (LfD), another utility of the proposed method is that it can read-
ily be used in conjunction with Reinforcement Learning (RL) for robot training. In this
way, the extracted features facilitate the transfer of human skills by allowing the robot to
explore the possible trajectories more efficiently and increasing robot compliance signifi-
cantly. Additionally, this chapter introduced a methodology to extract the dynamic features
from multiple trajectories based on the optimization of human-likeness and similarity in

the parametric space.

4.1 Related Work

In both LfD and RL with DMP framework, auto-tuning of the M, D, K parameters, or

dynamic features, can help to increase the degree of autonomous adaptation and boost the
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advantage of DMP. However, finding a proper set of dynamic features has a more signifi-
cant meaning for skill transfer. As M, D, K are the assumed coefficient of virtual dynamic
system to formulate DMP, they determine the spring-damping responses of the dynamic
system. An inappropriate dynamic features may lead to desired motions in both frame-
works. In other words, the optimal dynamic features in DMP represents the spring-damping
characteristic demonstrated trajectories and delivers it to the regenerated trajectory, which
can provide a more general context of the human skill other than a trajectory.

In situations where both the target forcing term and the dynamic features are unknown
in the system, achieving one from another has been explored by researchers [76-78], but
adapting both simultaneously remains a challenge. The methodology suggested by Y. Co-
hen et al. [69] to adapt DMP parameters in the parameter manifold can give a clue to
the DFE. They constructed the DMP over the parameter manifold to calculate the task re-
sult (landing position) of softball throwing and performed Principal Component Analysis
(PCA) and Locally Linear Embedding (LLE) to adapt the throwing angles and position n
of the robot, which successfully shows the successful throwing motion in the experiment.
Although they only adapted the goal position of the motion, the idea of parameterizing an
objective function in the meta-parametric space can be implemented for the DFE.

In this chapter, a novel approach is proposed to extract dynamic features from human
trajectories, which can be effectively utilized in both LfD and RL with DMP frameworks.
The suggested extraction methodology involves comparing demonstrated trajectories and
regenerated trajectories in the meta-parametric space of M, D, K to identify optimal dy-
namic features. These dynamic features enable DMP to regenerate trajectories stably while
preserving their similarity to the original demonstrations. The rest of the chapter is or-
ganized as follows: Section 4.2 reformulates DMP and defines the problem addressed in
this chapter. Section 4.3 presents the reasoning and methodology used to define the ob-

jective function to optimize and extract the relevant parameters. Section 4.4 outlines the
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experimental setup and presents the results of the Dynamic Feature Extraction (DFE) pro-
cess. Section 4.5 showcases the outcomes of the simulation study and how the proposed

approach adapts to a robot.

4.2 Problem Definition

DMP is a category of motion primitive, a virtual dynamic model used to regulate the be-
havior of robotic systems subject to certain regulations or specifications. The inherent
smoothness of DMP allows the robot to efficiently imitate damped human motions. The

simplest DMP model defines a point-attractor system which is represented as [36]

Ty = a(B(yy — ye) — ve) + f(21), (4.1a)

Txftt = T, (41b)

where v, ¥;, J+ € R are respectively the position, velocity, and acceleration of the desired
trajectory of the point with initial states yo = 0, yo = 0, y, € R is the goal position which
the point is supposed to reach, x; € R is the canonical state of the DMP model with an
initial condition zp = 1, a, 5 € R" are gain parameters, 7,7, € R" are the temporal
scaling terms of the point dynamics (4.1a) and the canonical dynamics (4.1b), f : R — R

is a perturbing forcing term that shapes the DMP, defined as

Zﬁil w;ith; ()
flae) = SS— = Sy, —y (42)
( t) 21:1 ¢z(xt) t( g 0)
where, for2 = 1,2,--- ,m, w; € R are real weights and ¢); : R — R are a cluster of

radical-basis functions (RBFs) defined as

1
Vi = exp (—20. (2, — c,»)2> , (4.3)
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where 0;, ¢; € R are parameters. DMP can be used to generate robot trajectories in both the
joint space and the task space. In the joint space, each joint trajectory generates separate
DMP forcing terms. In the task space, the Cartesian trajectories generate three DMP forcing
terms, one each in the z, y, and z-axis. In this paper, the trajectory v, ¥;, y; are discussed
and analyzed in the task space excluding its orientation.

The DMP model in (4.1) can be represented as the following spring-damper dynamic
system

M, + Dy + K (ye — yg) = f, 4.4)

where M = 7,, D = o, and K = «f respectively denote the inertia, the damping, and
the stiffness of the dynamic system. The forcing term f is approximated by the linear
combination of the weighted basis functions with different distributions. Generally, locally
weighted regression is used to train the weights, also known as the shape parameters. Once
the DMP is trained, the weights can be reused to generate other trajectories similar to the
original demonstration with different goals. In the typical DMP modelling, the internal
gains «, (3, 7 (or dynamic features M, D, K') are assumed to have specific constant values
and used to achieve the weights w;.

Most of the DMP models with both LfD and RL assume the fine-tuned dynamic features
M, D, K. However, the manual tuning of the dynamic features limits the DMP’s ability to
regenerate trajectories autonomously. One approach for parameter tuning is to assume a

critically damped system [16] with the damping ratio:

¢ = ~1. (4.5)

However, relying solely on the critical damping condition for system stability may not
capture the desired spring-damping characteristic of the demonstrated motion accurately.

To extract the appropriate dynamic features that represent the human intention behind the
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motion, optimization of a specific objective function in the meta-parametric space of M,
D, and K is necessary. This objective function should take into account two key considera-

tions:

* Human-Likeness Criterion: The regenerated trajectory, when provided with the
same initial and goal points in the LfD with DMP framework, should closely re-
semble the demonstrated trajectory. Maximizing the similarity (or minimizing the
distance error) between the original demonstration and the regenerated trajectory is

crucial for capturing the human-likeness aspect.

* Regeneration Stability Criterion: The similarity of trajectories in the task space
must lead to a similarity in the forcing terms (or weights) within the latent space of
DMP. This criterion aligns with the fundamental assumption of the DMP framework,
where similar trajectories correspond to similar forcing terms. By ensuring the re-
generation stability criterion, the DMP framework can reliably reproduce the desired

motion patterns.

By formulating and optimizing the objective function with these criteria in mind, it
becomes possible to extract dynamic features that accurately represent the human intention
behind the motion, allowing for improved skill transfer and autonomous adaptation in robot

training scenarios.

4.3 Methodology

DFE from demonstrated trajectories can be considered as an optimization problem to find
optimal M, D, K that minimize a certain objective function. To achieve stable motion
generation that reflects human intention, the objective function of dynamic features in LfD
should consider two potentially conflicting goals: human likeness and motion regeneration

stability.
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Human-Likeness Criterion

According to the fundamental assumption of DMP, trajectories mapped from the same forc-
ing term in the latent space are considered similar in the task space, regardless of their goal
positions and time durations. Therefore, in the framework of LfD with DMP, if the distance
between the original demonstration and a regenerated trajectory is minimal, we can infer
that other regenerated trajectories with different goal positions and time durations will also
be similar to the original demonstration. The distance in the task space can be computed by
measuring the accumulated Euclidean distance error between the demonstrated trajectory
and the regenerated trajectory.

At first, the state equation of regenerated trajectory can be formulated as

. i D . K Z ¢zwz (ydemo(o) - gdemo)
Ynew = Mydemo M(ydemo gdemo) + Z sz x,

ynew :gnewAta (46)

Ynew :ynew At;

where Ygemo(0) is the initial position and ggem, is the goal position of the demonstrated
trajectory, Ynew, Ynew, Unew 1S the regenerated trajectory from the demonstrated trajectory
Ydemo» Ydemos Ydemo- As M is equivalent to temporal scaling factor 7, different M changes
the temporal size of the DMP forcing term by changing the size of At in (4.6). M should
be set equal to the time duration 7y,,,, which scales the temporal size of the state variables
of the regenerated trajectory, in order to enable the comparison of the trajectories in the
same unit time duration. It is also important to note that the optimal D and K depend
on the desired duration of the motion or the time scaling factor M, and that D and K
should increase linearly with M. Therefore, it is concluded that the extracted dynamic

features are not a single set but the ratios of M, D, K. The parametric dimension of the

K

objective function can be decreased to 2-dimension using D), = % and Ky = §;, where
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Dy, Ky are D, M where M = 7 has a unit time duration. This means that the similarity
of trajectories in the task space is taken into account by temporally normalizing them to
have the same duration.

Also, the spatial scaling term size of (Ygemo(0) — gaemo) has the same size as the original
demo trajectory, thus the accumulated distance error between the demonstrated trajectory
and the regenerated trajectory can be as the time integral of the Euclidean distance between
the demonstrated trajectory interpolated to unit time and the regenerated trajectory for each
time step. Therefore, it is concluded that the human-likeness term of the objective function

should be

1
d(DJ\/b KM) - / ||ynew(DMa KMv t) - yzliemo(t)H dt’ (47)
0

yélemo = ydemo<Tdemot) - ydemo(0)> (48)

where d is the accumulated distance error as the human-likeness term of the objective
function, v/,,,, is temporally normalized demonstrated trajectory with 1 sec duration and
Tyemmo 18 the duration of the demonstrated trajectory. Due to the noise in acceleration and

velocity, only the position profiles are compared in the human-likeness term.

Regeneration Stability Criterion

Another important term to include in the objective function should relate to the stable rep-
resentability of the demonstration trajectory. One of the primary assumptions of the DMP
framework is that the similarity of the motions in the task space is conserved to the simi-
larity of forcing terms (or the weights) in the DMP space [79]. However, this assumption
may be invalid when an improper set of dynamic features are chosen, where the dynamic
system cannot represent the motion robustly thereby causing unstable performance. In this

sense, the similarity between the target forcing terms of multiple demonstrated trajectories
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can be measured over the parametric space of dynamic features M, D, K. While the DMP
framework excels in one-shot learning with a single trajectory, analyzing multiple demon-
strated trajectories can identify the overlaps of the human skills among these trajectories
stably as a trade-off.

The similarity in the DMP framework between the trajectories can be defined as the
Standard Deviation (SD) of the trajectories’ forcing terms. For example, if the trajectories
are ideally similar and all from a set of regenerated trajectories sharing the same forcing
term with optimal dynamic features, the SD of the forcing terms of the trajectories will
be zero. On the other hand, if the dynamic system doesn’t represent the original system
because of an improper set of dynamic features, it may lose its capability to remain the
similarity from the task space to the DMP space, thus the constructed forcing terms will be
different in the DMP space even though the trajectories are similar in the task space.

Calculating the SD of the forcing terms in their original scale can cause an issue in the
optimization. Since the SD becomes 0 where M, D, K are all 0, it will only give a trivial
solution as a global minimum. Instead, the topological similarity of the forcing terms can
be considered by standardization of the forcing terms. In the same sense that yge.,, 1S
temporally normalized in the accumulated distance error, f can be temporally normalized

by dividing the term by M, and spatially standardized as:

ftarget (27 t) :ydemo@a t) + DMydemc)(iy t) + KM(ydemo(ia t) - gdemo(i»a (49)

. _ftarget(ia t) - ftarget (2)
Jotanalis t) === o) (4.10)

where fiq,qe(4,t), is the target forcing term from ith demonstration with a unit duration
before the approximation with basis functions, fsana(7,t) is the standardized target forcing
term, fiorget(2,t) and o( fiarget (i, 1)) are the mean and the SD of the ith target forcing term

over time. Then, the SD of f;,,q; across the different demonstrations is calculated for each
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time step:

fstand Z fstand 7/ t (4 1 1)

N
1 _

t) = N1 stand (2, T) — fstana(t 27 4.12

oy(t) N—l;(ft d(ist) = fstana(t)) (4.12)

where N is the number of the trajectories, fsnq(t) and o(t) are the mean and SD of

fstana(?, t) across the trajectories at certain time step. As there are three Cartesian DMP in
X, y, z direction, oy, (), oy, (t), 0y, (t) can be obtained separately.

Finally, the topological similarity term of the objective function can be achieved by

taking the time integral of the norm of oy, (t), oy, (t), 0. (t):

= / \/O-fa: (t)Q + of, (t>2 + oy, (t>2dt, (413)

where S is the topological similarity. S is the function of Dj; and K),;. The suggested
similarity function S is designed to identify the optimal dynamic features where the forcing
terms of the multiple demonstrated trajectories are similar.

In conclusion, the optimal solution of the dynamic features can be obtained by optimiz-

ing the objective function:

N
Jobj(Dar, Kar) = S(Dag, Knr) + kY di( Dag, K), (4.14)

=1

where J,;; is the objective function, S is the similarity between trajectories to check the sta-
bility of the DMP framework and d; is the ¢th accumulated distance error for each demon-
stration, N is the number of the demonstration, k is the adjustment gain for the objective
function to balance the impact of each term. The result of the optimization gives D and K

where M is constant.
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The suggested skill transfer process, depicted in Fig. 4.1, involves multiple human demon-

strations to create the forcing terms in the DMP space. Dynamic features are optimized

using the suggested methodology. After extraction, these features can be used for parame-

ter tuning in the LfD with the DMP framework or applied to the RL with DMP framework

to transfer human skills.

Dynmic Features Extraction

/

- . . V(D,K) ED XK
Demo Trajectories
| d(Dy, Ky) aee |
Ydemo o SN /\_—&e\w -
] _'l Msmam==" e K DMP |
l I |
pJaemog= LA~ | Lo Leer) -
—| 7 T D |
see l \l/ see I
Ydemo §(Du> Kn) Ynew|__|
I A P M=1 | NV
\_ Optimization
DMP — LfD | | Desired DMP — RL
| time, goal .
- - /\/_\

SN

Explored Trajectory

Mopt: Dopt: Kopt

Learned Trajectory

Figure 4.1: Flow of DFE and implementation to LfD and RL with DMP. M,,;, D, Kopt

are the extracted dynamic features achieved by the optimization of human-likeness term d

and motion stability term S.
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Experimental setup

In order to extract dynamic features, 10 demonstration trajectories are randomly selected
from the dataset created in Chapter 3.

When constructing the forcing term f in the methodology, it is required to reduce the
noise in the velocity and the acceleration in the demonstrated trajectories, as they are
achieved from the time derivatives of position data. The Savitzky-Golay filter with the
3rd-order polynomial is applied, and the window length is set to 21. The number of the

BFs used in DMP is set to 100 in the experiment.

Dynamic Feature Extraction (DFE)

To observe the contribution of D), and K, to the two terms in the objective function, the
accumulated distance error and the topological similarity (Fig. 4.2) on the parametric space
of D), and K, axes are plotted as below. The ranges of D,; and K, are bounded to be

positive.

0.10
0.08

0.06

Figure 4.2: (a) The total accumulated distance error ) d of the demo trajectories and (b)
their topological similarity .S

As shown in the accumulated distance error, too small spring and damping coefficients

D and K compared to the inertia M of a dynamic system hinder the ability to regenerate
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the motion close to the original demonstration. In contrast, the similarity map of .S shows
that when K is too smaller than M in the dynamic system, the DMP cannot stably represent
the common skill in the demonstrated trajectories even though they are similar in the task
space. Also, it is observed that the higher D,; and K, give slightly higher d and S in
the plain region of the graph. Thus, the objective function including two terms can find
the balance between the two goals represented by two terms of the objective function. The
adjustment gain k introduced in the objective function (Eq. (4.14)) is set to 20, and the

extracted ratio of the dynamic features is

(M : D : K)eptractea = 1.00 : 10.73 : 20.71 (4.15)

with the damping ratio ¢ = 1.28, resulting in an over-damped dynamic system in the DMP.

Implementation to DMP frameworks

In the LfD with DMP setup, one of the demonstrated trajectories is picked to learn its mo-
tion using the extracted dynamic features. The time duration of the regenerated trajectory
is set to 1 sec to compare with the temporally normalized demo trajectory. Also, the goal
position is set same as the original goal position.

In the RL with DMP setup, the agent’s action substitutes the forcing term with the basis
functions. The action is used to calculate the next acceleration, velocity and position of the

trajectory. During the episode, the reward is given as

r=—107lj| — 1077|4], (4.16)

and at the end of the episode,

r=—10% |y — gnew 4.17)
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where A is an action, ¢, is the goal position of the new trajectory that is the same as
Jdemo- The time duration of the new trajectory is set to 1 second. Deep Deterministic
Policy Gradient (DDPG) algorithm introduced in 2.1 is used with the hidden size (64,64)

for both actor and critic layers.

4.5 Results

Simulation Results

The extracted dynamic features are applied to regenerate trajectories using LfD with DMP,
with the same goal position as the demonstrated trajectory. Also, the heuristic Dy, Ky,
in Table 4.1 are used to regenerate other trajectories for comparison. Demo 1 and Demo

2 represent randomly selected trajectories from the dataset, which are utilized for learning

DMP.

Table 4.1: Performance comparison of the extracted (DFE) and the heuristic (Hrstcl to
Hrstc4) dynamic features.

Demol Demo2
Method | DM | KM | C | doean | Gpeak | Gocan | Gpeat
DFE 10.73 | 20.71 | 1.18 | 3.58mm | 13.35m/s? | 7.54mm | 8.64m/s>
Hrstel | 25.00 | 156.25 | 1.00 | 6.24mm | 19.69m/s? | 7.84mm | 8.64m/s>
Hrstc2 | 10.00 | 200.00 | 0.35 | 6.88mm | 13.91m/s? | 8.75mm | 8.68m/s>
Hrste3 | 100.00 | 20.00 | 11.18 | 5.72mm | 48.95m/s? | 7.61mm | 8.44m/s>
Hrstc4 4.00 4.00 1.00 | 16.82mm | 10.59m/s? | 7.51mm | 8.51m/s>

Fig. 4.4 and Fig. 4.3 display the regenerated trajectories, learned from Demo 1 and
Demo 2 Both in Demo 1 and Demo 2, the regenerated trajectories made with the extracted
dynamic features follows the demonstrated trajectories as well as the fine-tuned Hueristicl.
In contrast, Heuristic2 with the high K, and the low damping ratio ¢ shows too much
reactive motion to the small pause of the demonstration near goal. Hueristic3 with the high

D) and the high ( is vulnerable to the acceleration noise in the original trajectory showing
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the initial overshoot in its acceleration. Heuristic4 fails to reach to the goal position even
though ( is selected to 1 following the suggestion in [16]. Table 4.1 shows the mean
distance error d,,.., which is the accumulated distance error d,,.., divided by the time

duration of the motion, and the peak acceleration a,.,; of each generated trajectory.

Demol
-- Demo — Hrstc2 10 -
— DFE — Hrstc3 9
Hrstcl — Hrstc4 |© 0 A
- T —10 A
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
time (s) time (s)
"
51 A I 1 ll" ' ,a
- Ly ap "\ by, lﬂl\"ll nl'l 'M W, o,
] ] W v
-5 - E i
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
time (s) time (s)

0.00 025 050 0.75 1.00 0.00 0.25 050 0.75 1.00
time (s) time (s)

Figure 4.3: The accelerations of regenerated trajectories using the extracted dynamic fea-

ture and the heuristic features of the LfD with DMP framework.
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Additionally, the dynamic features are applied to RL with DMP. Fig. 4.5 shows that
trajectory regeneration is more sensitive to the dynamic feature selection compared to LfD
with DMP. While both the extracted dynamic features and fine-tuned Heuristicl are able to
reach the goal position robustly, the regenerated trajectories using other heuristic features

either fail to reach the goal position entirely or produce ineffective trajectories.

Goal

4

— DFE
Hrstcl

— Hrstc2
— Hrstc3
— Hrstc4

Figure 4.5: The path of regenerated trajectories using the extracted dynamic feature and
the heuristic features in the RL with DMP framework.

Experimental Results

The trajectory is also executed by a Kinova® Gen,3 manipulator equipped with a two-
finger Robotiq® 2F-85 gripper, as shown in Fig. 4.6. In the given task of carrying a cup
full of coffee, the robot successfully completed the task without spilling the liquid when

the extracted dynamic features are applied, as shown in Fig. 4.6¢ and Fig. 4.6d. However,



48

the trajectories generated by an RL agent using heuristic values, except for the fine-tuned
Heristicl, failed to complete the task, as shown in Fig. 4.6a and Fig. 4.6b. This demon-
strates that the dynamic features accurately represent the characteristics of dynamic motion
and that the proposed method enables the robot to manipulate objects delicately, perform-

ing as well as the fine-tuned approach.

Figure 4.6: The experiment involved a real robot attempting to carry a cup of coffee. In (a)
and (b), we see the mid and end positions of the robot when using Heuristic3 parameters.
The generated motion failed to carry the cup without spilling coffee. However, in contrast,
(c) and (d) show the mid and end positions of the robot when utilizing extracted dynamic
features. Remarkably, the generated motion successfully completed the task without any
coffee spills.
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Chapter 5

RL-based Robot Motion Planning
Enhanced with IBC and DMP

This chapter shows another approach to transfer human skills to a robot in a different use
case. While Chapter 4 explores a new skill to transfer from a human to a robot other than the
explicit trajectory, Chapter 5 suggest an approach to directly utilize the human data in the
training process of Reinforcement Learning (RL) by the integration of Implicit Behaviour

Cloning (IBC) and Dynamic Movement Primitives (DMP) framework.

5.1 Related Work

The main advantage of an off-policy RL agent, such as Deep Deterministic Policy Gradi-
ent (DDPQG), is the exploitation of historical policies. This allows the exploitation of di-
verse policies for value promotion, which improves the exploration capability of the agent.
Similar techniques are also used to propose multi-gradient-based approaches [80]. Never-
theless, the lack of sample labels leads to a bootstrapping process for the training of the
critic network. The bootstrapping process makes the training performance very sensitive

to the initial conditions, leading to low learning stability. In this chapter, a novel method
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is suggested to improve the training performance of the off-policy agents using demonstra-
tion data. By properly embedding the demonstration policy in the loss functions, both the
stability and convergence speed of the agent training are improved.

In RL, a common approach is to use Behaviour Cloning (BC) to obtain a decent human-
like policy which then serves as the initial policy for the agent training [60—62]. The
human-like policy is not necessarily to be the optimal one but is at least a decent policy
for robot motion generation. This method, however, renders complete separation between
BC and agent training, such that BC is not helpful in improving the performance of RL. A
recent study proposed a novel method to integrate BC into the training process of an RL
agent, which greatly improves the convergence speed [63]. However, the demonstration
used for BC is generated by a PID controller in a simulation environment, instead of real
human data. Also, BC is still performed in a explicit manner which directly penalizes the
deviation between the cloned and the demonstration actions. This may lead to the overfit-
ting of the demonstration policy. Recent work tries to solve this problem by proposing an
implicit BC (IBC) method that performs BC by penalizing a certain energy function of the
cloned policy, such that the cloned policy is less sensitive to the action deviations [65].

In this chapter, it is claimed that the proper usage of both heuristics and human demon-
stration can leverage the training speed and the generalizability of RL agents. Out of this
motivation, a novel RL method for robot motion planning facilitated by DMP and IBC is
proposed, which has not been investigated by existing work. The efficacy of the proposed
method and its advantages over conventional RL agents are validated using simulation stud-
ies. Also, an experimental study is conducted to demonstrate its applicability to practical

robotic tasks.
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5.2 Framework and Problem Statement

In this section, the overall framework of the proposed IBC-DMP RL method is first intro-
duced. Then, a novel Multi-DoF DMP model for motion planning of a high degree-of-

freedom (DoF) robot is presented.

Overall Framework

The overall framework of IBC-DMP RL is illustrated in Fig. 5.1. The basic model used
to generate robot trajectories is Multi-DoF DMP, an adapted version of the conventional
DMP model introduced in Section 2.2.2. An IBC-DMP agent has a dual-buffer structure,
where the experience replay buffer is composed of a demonstration buffer and an interac-
tion buffer. The interaction between the recorded human demonstration and the Multi-DoF
DMP generates the state and action data to be stored in the demo buffer. Besides, the
interaction data between the IBC-DMP agent and the Multi-DoF DMP are stored in the in-
teraction buffer. Then, the IBC-DMP agent is trained using the data stored in the experience

replay buffer.
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. Experience Replay Buffer \:
o -{Demonstration Buffer}- g + o -{Interaction Buffer}- "
g r
fay St ol i St

(&) X £(X) X

Multi-DoF DMP Multi-DoF DMP

Figure 5.1: The illustration of the IBC-DMP RL framework, where X; denotes the position,
velocity, and acceleration of the Multi-DoF DMP model, f(X;) and f(X;,) are the actuation
functions provided by the human demonstration and the IBC-DMP agent, respectively, and
s¢ and a; are the state and action data provided by human demonstration or generated by
the IBC-DMP agent. Besides, the solid arrows denote the interactions, the dotted arrows

indicate data storing, and the dashed arrow represents agent training.

Motion Planning Using Multi-DoF DMP

The conventional DMP in Section 2.2.2 is defined for a one-dimensional point and has been
used for robot motion planning in a decoupled manner, i.e., one DMP is used to generate
the trajectory for each DoF of the robot [36]. This leads to the lack of coupling among
different DoFs, which restricts the flexibility of solving the optimal planning policy. To
resolve this issue, in this chapter, the following Multi-DoF DMP model for the motion

planning of a robot end-effector in the Cartesian space is proposed,

Tj&t:Ka(K/g(Xg—Xt)—kt)—F CtHXg_XOHf(Xt)a (51)
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where x;, X;, X; € R? are the position, linear velocity, and acceleration of the end-effector
in the Cartesian space, Xo, X, € R? are the initial and goal positions of the end-effector,
K., Kg € R3*3 are parametric matrices, 7 € R and {; € R are the temporal scalar and
the canonical variable, the same as (2.12), X, = { x;, X;, Xy, (;} is the state vector of the
Multi-DoF DMP, where x;, is a vector that describes the configuration of the obstacle, and
f : R — R3 is a multi-dimension actuation function to be determined. In this chapter,
only a single static obstacle is considered for brevity. Also, a vertically positioned cylinder
model is used to represent the obstacle. Then, the position of the obstacle is represented
as a three-dimensional constant vector x;, € R® assigned as the Cartesian coordinate of
the top surface center of the cylinder. In this sense, the DMP state can be represented as
a ten-dimensional vector X; =[x, %/, %, — x,(]" € R™. Here, a time-variant vector
X; — X}, into the DMP state is encoded instead of the constant vector x;, since the former
provides larger diversity to the data. The incorporation of more complicated environments
with multiple dynamic obstacles is beyond the scope of this paper and will be considered in

future work. The multi-DoF DMP is different from the conventional DMP (2.12) in three

aspects.

* The actuation function f does not only depend on the canonical variable (; but also
on the internal states of the DMP, namely x; and x;, and the obstacle position xj,.

This helps develop a flexible policy f that fully incorporates the states of DMP.

* The gain of the actuation function is the absolute distance between the initial position
x, and the goal position x,, ||x; — Xo||, instead of the element-wise distance used by
the conventional DMP (2.12). Such a scheme can improve the flexibility of a DMP

model by fully incorporating the coupling of its different dimensions.

* The obstacle position xj, is included in the state X; of the DMP, instead of being

incorporated as an additional virtual force term as the conventional DMP model. This
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provides the possibility of incorporating more complicated obstacle information into

motion planning.

Cost Function of Motion Planning

This chapter solves a general robot motion planning problem. Specifically, given an initial
position xo € R? and a goal position x, € R? in the Cartesian space, generate a smooth
trajectory x; € R3 for 0 < ¢t < T using the Multi-DoF DMP model in (5.1), such that x
is sufficiently close to x,, where 7' € R is the predefined timing length of the trajectory.
The generated trajectory should also ensure sufficient smoothness (minimal acceleration)
and maintain a certain distance with a given static obstacle positioned in x;, € R2. These

requirements are encoded in the following cost function,

St oad?, 0<t<T,
Ji = (5.2)
as T, t="T,

where a; € RT are constant parameters, ¢ = 1,2,--- ,5, and ._7,5(i) € R are instant costs at

time ¢, defined as

1 .2 2 2 3 3
T =gl T = =l 7 = n(x),
$(4) = n(“xgl’Q)—xél’z)H — rb) , if 0<x§3) <X£)3),

T = &=,

where X§1’2) eR2, xg?’) cR, X]E)LZ) eR2?, XS’) € R are the slides of vectors x; and x3,, 7, 1S the

radius of the cylinder, 7 : R— R is a function defined as

($—80)72—(€1—€0)72, co<xr<ey,

n(x) = (5.3)
O, ngl,
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where 0 <¢gp <& are constant parameters, and £ : R — R is a squared dead-zone function

defined as

0, 0<z<e,,
£(z) = (5.4)

T —E, T >E,,

where ¢, € R* is the dead-zone scalar. Here, 7(x) serves as an artificial potential field
function that penalizes x if it gets close to € from the positive direction. Another parameter
€1 is the upper limit of x such that n(z) has an effect. To avoid undefinition, 7(x) can be
assigned with a large number when x <¢,.

In the comprehensive cost function (5.2), jt(l) penalizes the value of the acceleration
to ensure sufficient smoothness, Z(Q) penalizes the distance between the current position
x; and the goal position x,, aiming at fast and straightforward goal reaching, jt(?’) and
jf4> attempt to keep the position x; away from the ground (z = 0 plane) and the cylinder
obstacle, respectively, using an artificial potential field method, and $(5), t =T, penalizes
the distance between the ultimate position x7 and the goal position x,. By minimizing
the comprehensive cost (5.2) for the Multi-DoF DMP model (5.1), one can get a smooth
trajectory x, that is able to reach the goal position x, at the ending time ¢ = 7" while

avoiding collision with the ground and the obstacle.

Decision-Making Problem Statement

Consider that the Multi-DoF DMP model (5.1) is discretized in time in a zero-order hold

manner with a discrete sampling time At €R™, as follows,

Xerar =X + AtXy, Xppar =% + AtXy,

At
Ctrat=0C — TWQ;

(5.5

where X; is given by (5.1). Then, the generated trajectory x, is a set of waypoints at the

sampled timing points t = {0, At,2A¢,--- ,T}. In this sense, the objective of motion
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planning is to solve the actuation function f in (5.1) to minimize the accumulated cost
S/, J:. This problem renders decision-making over an MDP M = (S, A, #, %), where
S ={X|xo € R? 0<t¢< T} is the state space, A = {f(s) |Vs € S} is the action space,
7 1is the state transition characterized by (5.5), and #Z : —7, is the instant reward. In
this sense, the optimal policy of M is equivalent to the optimal actuation function f which
can be approximated using a neural network and solved with an off-policy RL method as
introduced in Section 2.1. Besides, BC introduced in Section 2.2.1 can be used to promote
the training of the RL agent with the experience replay buffer, as addressed in Section 2.2.1.
Now, it is ready to state the two main objectives of this chapter: (1). transforming human
demonstration into data that are compatible with the demonstration buffer, corresponding
to the left column of Fig. 5.1, and (2). train the optimal policy f using the demonstration
buffer, as the right column of Fig. 5.1. The proposed solutions to these two problems will

be presented in Section 5.3 and Section 5.4, respectively.

5.3 Data Preprocessing

This section interprets how the collected human demonstration data was transformed into

compatible data for the demonstration buffer in the IBC-DMP RL framework.

Velocity Normalization

The diversity of human hand trajectories is reflected by both their shapes and speeds. The
shape of a trajectory prescribes in which direction the hand should move to avoid the ob-
stacle, and its speed indicates how fast the hand moves. The diversity of the shapes is
beneficial to improve the robustness of the trained planning agent against various obstacles
and goal positions. However, the speeds of the hand trajectories do not contribute to the

training robustness but bring up disturbances. Thus, a preprocessing procedure is needed to



57

normalize the trajectory speeds while retaining the diversity of the shapes. In this chapter,
the average speed of a trajectory is concerned . Let 7 = {0, A7,2A7,--- , T} be the time
stamps of a recorded hand trajectory x/ € R3, 7 € 7, where A7 = 0.01 s is the sampling
time of the VIVE tracking system. Then, the average speed is defined as L /T (m/s), where
Tand L = 3N |IxA, —X{!_1)a, |2 is the total time duration and the total length of the
trajectory, respectively.

The recorded trajectories is normalized to a uniform average speed V' = 0.1 m/s by
assigning each trajectory a new time stamp series 7/ = VT /L - T which corresponds to

a new sampling time A7’ = VT /L - Ar. Then, the linear velocity of the trajectory is

xH —xB
T; T

approximated as Xf{ = A—T/H, t =1,2,---, N, and calculate the maximal speed
V = max; ||x5 ||2. Similar to the average speed, the maximal speed is an important index
to describe the kinematic property of a trajectory. Analyzing the statistical properties of
the total length, the maximal speed, and the average speed of all trajectories allows investi-
gation into how normalization affects their diversities. Table 5.1 presents the mean values
(Mean), standard deviations (Std), and extreme deviations (Max-Min). It can be observed
that the average speeds of the trajectories have been normalized and the maximal speeds
have been reduced. Additionally, the deviation values of the maximal speeds have also de-
creased, indicating a reduced influence of the diversity of maximal speeds on the recorded
trajectories. However, the statistical properties of the total lengths remain unchanged due
to the consistency of the trajectory shapes. As a result, the disturbance caused by varying
speeds in the trajectories has been minimized while preserving the diversity of shapes.

Table 5.1: The kinematic diversity of the recorded trajectories
Before Normalization After Normalization

Feat.
Mean Std Max-Min | Mean Std Max-Min

L | 0.4524 | 0.1781 | 1.1706 | 0.4524 | 0.1781 | 1.1706

~

V| 1.1653 | 0.2795 | 1.6096 | 0.2009 | 0.0371 | 0.5813
L/T | 0.5782 | 0.1332 | 0.9676 | 0.1 0 0
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Buffer Generation

After the normalization process, the normalized hand trajectories is transformed into
demonstration data that are compatible with the experience replay buffer using the Multi-
DoF DMP model, as illustrated in the left column of Fig. 5.1. To fit the sampling rate of the
DMP model At, the time stamp series is used as t = {0, At,2A¢,--- ,T} to interpolate
the normalized trajectory x, 7 € 7. The interpolated trajectory is denoted as x/7, ¢ € t.

As addressed in Section 2.1, the data for the experience replay buffer have the format
{ 8¢, a4, 14, 85, dy }, for a certain time ¢ € NT, where the state s, = A; is also the state of the
Multi-DoF DMP model as introduced in Section 5.2.The action a; = f(X;) is the output of
the actuation function f which allows x; to fit the Multi-DoF DMP model, s’ = X} a; is the
successive state of s; under the action a;, r, = —J; is the instant reward, and d, is a binary
value to determine whether x; reaches the goal x,.

The determination of action a; is not trivial since the actuation function f is not previ-
ously known. In conventional work, the action sample a; = f(X}) for a given state sample
A, is directly computed by inverting the DMP model (5.1). This requires the acceleration
X, calculated via a twice-difference operation which brings differential noises to the action
samples. As a result, the variance of the samples may be increased, which may disturb the
learning process. In this chapter, a PID-based approach is used to generate actions for the
state samples. Specifically, by representing the positions and velocities of a human hand
trajectory as x, x € R3, a Multi-DoF DMP model described by (5.1) and (5.5) is used
with the following actuation function to generate a trajectory x; that fits the hand trajectory
xH,

f(X,) = Kp(xT—x,) + Kp(x —%,), (5.6)

with initial and goal conditions xy = X(I]{ , Xg = xg , and xg = 0, where Kp = 1500/ and
Kp = 401 are constant matrices, and / € R3*3 is an identity matrix. The main advantage

of the PID-based method is not requiring the acceleration x;. Thus, it can reduce the noise
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introduced to the samples. With proper parameters Kp, Kp, the generated trajectory x;
coincides with the recorded hand trajectory %; with small errors x” — x;, which ensures
the efficacy of the action samples.

Having determined the action sample a; for the state sample s;, the successive state s,
can also be calculated using the Multi-DoF DMP model. The reward 7, can be calculated
using —7; from the reward function (5.2). Then, the termination flag d; is set to 1 if the
time ¢ equals to 7" or ||x; — X,|l2 < 0.01 m, otherwise 0. Using this method, 544 recorded
hand trajectories is ultimately transformed into 123171 samples. The parameters of the
Multi-DoF DMP model and the cost function .7; are shown in Table 5.2.

Table 5.2: The Parameters of the Multi-DoF DMP Model and the Cost
Par. | Value | Par. | Value | Par. | Value | Par. | Value

K, | 10 | Kg | 1.21 T 025 | w 6
a; | 0.001 | a9 10 as | 0.001 | a4 | 0.001
Qs 10° g | 0.05 | g | 0.08 | ¢, | 0.01

5.4 Training of the IBC-DMP agent

Having converted the recorded hand trajectories to the demonstration data, the training
method of the off-policy RL agent with demonstration-based BC is proposed. The follow-
ing provides an overview of the training method and specifically interprets two important
technical points of the proposed method: actor loss reshaping and critic loss refinement.

Finally, the algorithm for agent training is presented.
Overview of the Training Method for IBC-DMP RL

The training process of the IBC-DMP agent is organized as a flow chart illustrated in
Fig. 5.2. Similar to a traditional DDPG agent, the IBC-DMP agent consists of four for-

ward neural networks (FNN), namely a source actor network mp : S — A, a target actor
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network 7y : & — A, a source critic network @, : S X A — R, and a target critic net-
work @, : S x A — R, where the subscripts 6, 6/, w and w’ denote the parameters of
these networks. The source actor and critic networks are constructed to approximate the
optimal policy and the value function of the RL problem. Meanwhile, the target networks
are used to improve the stability of this approximation. Besides, the IBC-DMP agent is
equipped with a dual-buffer structure, which is inspired by the previous work on off-policy
RL [44,64]. The demo buffer is used to store the demonstration data of the human motion
recorded in Chapter 3 and the replay buffer serves as a normal experience replay storage
unit. The buffers are designed with fixed depths. Both buffers import the demonstration
data from the recorded demo trials before the start of the training process. They also provide
the batched data to calculate the losses for the FNNs. The training process is summarized

as the following five steps.
Demonstration Data Importing

The human demonstration data generated in Section 3 are imported to the demonstration
buffer and then shuffled. They are also imported to the interaction buffer to boot up the
training process. The importing processes are denoted as solid arrows in Fig. 5.2. This step

is executed only once at the very beginning of each training process.
Batch Sampling

During the training process, four data batches are regularly sampled from the two buffers,
denoted as B[, BQ, B, and B?, respectively. The subscript D indicates that the batches
are sampled from the Demo Buffer and Z means from the Replay Buffer. The superscripts
7 and () denote that the batches are used to update the neural networks. The data in the
batches are used to update the parameters of the actor and critic networks. The sampling
is conducted individually and independently to eliminate the dependence between the sam-

ples. The sampling process is represented as double dashed arrows in Fig. 5.2. The sam-
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Figure 5.2: The flow chart of the training process of the IBC-DMP agent. The circled num-
bers indicate the critical steps of the training procedure which are explained in Section 5.4.

pling frequency of the data batches is usually the same as the update rate of the networks.
Network Updates

The sampled data batches are used to calculate the losses of the actor network and the
critic network using loss functions £,4 and L., respectively. In this chapter, novel loss
functions for the training of the neural networks of the IBC-DMP agent is proposed, which
will be introduced in Section 2.2.1. With the loss functions £4 and L., the parameters

of the source networks are updated using the gradient-based law in (2.9). Then, the target
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networks are updated using (2.6). This process is denoted by double arrows in Fig. 5.2.
Experience Storing and Forgetting

Similar to all off-policy RL agents with experience replay, the IBC-DMP agent also stores
its interaction data with the environment in the interaction buffer, at every sampling instant.
As shown in Fig. 5.2, the latest interaction data is always added to the tail of the interaction
buffer, right after the demonstration data. The storing process is represented as a dashed
arrow. The interaction buffer has a fixed size such that the old data is forgotten and replaced
by the new data. Thus, the demonstration data are ultimately purged from the interaction

buffer and lose their impacts on the data batches Bg and BIQ as the learning proceeds.
Reshaped Actor Loss Based on IBC

One of the critical technical points of the proposed IBC-DMP agent is the proper design
of the loss functions to train the networks. In this chapter, a reshaped loss function for the

actor network is proposed as
La(BY, BY) = La(BT) + AecLac(B) (5.7)

where £ A(B[) has the same form as a conventional actor loss function defined in (2.8),
Lpc(BE) is anovel IBC loss function and A\gc € R™ is the BC ratio to adjust the proportion
of Apc in the overall actor loss £ 4. For any data buffer B sized n € NT, the IBC loss is

calculated as
Lpc(B)==3301 Bu(mols;, a;), (5.8)
where E,,(my|s;, a;) is an energy function of the current policy 7y defined as

B (molsj, aj) =—ReLU(Quw (s, a;) = Qu(s;, o (s5))) » (5.9)

where {s;,a;} are the j-th state and action samples of B, j = 0,1,--- ,n,and ReLU(x) =

max(x,0), x € R, is a Rectified Linear Unit (ReLU) function.
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The actor loss function in (5.7) consists of two parts. The first part L 4 is defined on the
interaction data batch B[ and has the same form as the conventional actor loss function of
an off-policy RL agent. The second part £ is a novel IBC-based loss function defined on
the demonstration data batch defined on the interaction data batch Bf;. It is used to penalize
the current policy 7y if produces a worse action 7y(s;) than the demonstration action a;. As
a result, it forces the policy 7y to perform better than the demonstration policy during the
training process. The extent of this effect is controlled by the BC ratio A\g¢. In this sense,
BC is seamlessly integrated into the training process of the actor network, which leads to a
flexible manner of updating the policies.

The form of the BC loss function (5.8) is inspired by the EBC-based RL in previous
work which penalizes the deviation between the current policy 7y and the demonstration
policy [63]. Nevertheless, (5.8) adopts the IBC technology which penalizes a certain energy
function of the current policy [65]. In this chapter, the energy function is selected as the
deviation between the value functions of the current policy and the demonstration policy.
Meanwhile, a ReLU operation is exerted to the deviation since no penalty is needed if the
current policy performs better than the demonstration policy. The IBC-based loss function
is dedicated to improving the value of the current policy instead of its similarity to the
demonstration policy. For example, the penalty may not be exerted even if the two policies
a; and 7y(s;) are not the same, as long as 7y(s;) is superior to a; according to the current
value @),,. Therefore, the IBC-based loss function is expected to have a better capability of

avoiding overfitting the demonstration policy compared to the EBC-based one.
Refined Critic Loss

The IBC loss in (2.8) depends on the parameter w of the critic network (),,. If the critic
network (), is not well trained, the BC loss Lpc may not be able to accurately capture
the penalty that should be imposed on the current policy 7y, leading to an invalid loss that

does not help the policy update. This is especially likely to occur in the initial stage of the
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learning process. To solve this problem, a refined data batch B= B]CDQUBIQ is used to compose
the loss function for the critic network, L <Bg UBIQ ), where the form of L. is defined in
(2.7). Here, Bg Ul’)’f2 is referred to as a refined data batch since it has a larger proportion of
demonstration data compared to an interaction data batch BIQ of the same size. The ratio
between the sizes of Bg and BIQ is referred to as the refining factor Agr. Here, human
demonstration data are assumed to be very likely to have higher values than random data.
Therefore, a refined data batch with a larger A\rp is likely to better describe the true critic
loss and more helpful to the booting up of the training of the critic network. However,
an overlarge A\gr may lead to overfitting of the human demonstration. In this chapter, a
constant Agp is selected. For better performance, the demo batch Bg can be gradually
eliminated from B€ as the learning proceeds, which renders a decreasing refining factor.

This can be an interesting topic for future work.
The Training Algorithm for An IBC-DMP Agent

The training procedure of the IBC-DMP agent is formulated as Algorithm 2, where N is
the total number of episodes during the training process, 7' is the ending time of an episode,
and ¢, ~ N(0,0?) is a random variable for a certain time ¢ = 0,1,--- , 7. Algorithm 2

inherits the following common points from the conventional off-policy RL method.

Initialization of the four neural networks (lines 2 and 3).

The random sampling of actions (line 9).

Storing interaction data (line 13).

Sampling data from the interaction buffer (line 16).

The update methods for the networks (lines 19 and 20).

Meanwhile, Algorithm 2 is different from the conventional off-policy RL agent in the fol-

lowing aspects.
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Initialization of the buffers Bp and B; (line 1).

A Multi-DoF DMP as the environment model (line 10).

Sampling data from the demonstration buffer (line 15).

* The computation of loss functions (lines 17 and 18).

Algorithm 2 The demo IBC-DMP DDPG algorithm
Input: demonstration buffer Bp and interaction buffer ;
Output: trained policy parameter ¢
1: Import demonstration data to buffers Bp, By
2: Randomly initialize the source networks 7y, Q.
3: Initialize the target networks 7y, Q. With ' <6, w' +w
4: fori <+ 1to N do

5:  Sample the initial position x;, the obstacle position xy,, and the goal position x,
6:  Initialize the state so = &)
7. fort < Oto7T do
8: Observe the state s; = X
9: Sample an action a; = my(s;) + €
10: Update the DMP model using (5.5)
11: Observe the successive state s, =X Ay
12: Calculate the instant reward r; and flag d;
13: Store {s;, at, s}, 14, d; } to By
14: if UPDATE is true then
15: Sample random batches B, B2 from Bp
16: Sample random batches B[, B|" from B
17: Calculate the actor loss £ 4 (B[, Bf) using (5.7)
18: Calculate the critic loss Lp (Bg UBY ) using (2.7)
19: Update the source networks gy, ()., using (2.9)
20: Update the target networks 7y, ), using (2.6)
21: end if
22: S¢ ¢ 5
23:  end for

24: end for
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5.5 Evaluation in Simulation

In this section, the efficacy of the proposed IBC-DMP RL agent is evaluated using a sim-
ulation study. A point-to-point reaching case in the three-dimensional task space is con-
sidered, where the end-effector of a robot is expected to move from a fixed initial position
x;=(0, 0, 0.05) m to an arbitrary goal position x, while avoiding the collision with a cylin-
der obstacle placed at an arbitrary position XS’Z). The radius and height of the obstacle are
r, = 0.035m and x,(og) = (.16 m which are the same as the demonstration recording experi-
ment in Section 3. Note that assigning a fixed initial position x; does not lose the generality
since it is always possible to use a coordinate transformation to transform any initial posi-
tion in practice to x;. Also, in this simulation study, the robot end-effector is assumed as a
point and only consider its position. The experimental study in Section 5.6 will show how
to deploy the trained policy to the end-effector of a robot manipulator in a pick-and-place
task. The code for the simulation study is implemented based on the Spinningup baseline
programs [81] and written in Python. All training and test processes are performed on a

Thinkpad laptop workstation with Intel(R) Core(TM) 17-10750H CPU at 2.60 GHz. The

programs and data of the simulation studies are published at [82].
Agent Training

With the demonstration data collected in Section 3, Algorithm 2 is proposed to train an IBC-
DMP agent for the point-to-point reaching task. The size of the demo buffer By is Np =
123171, which contains all eligible demonstration samples. The size of the experience
replay buffer By is Ng = 10° which is sufficiently large to include both the demonstration
samples and the history samples during the training process. Other hyper-parameters of
training are listed in Table 5.3, where N, Ng , N[, and NIQ are the sizes of the data batches
B, Bg , B, and BIQ . The configuration corresponds to a refining factor Agr = 9. The actor

and the critic are three-layer forward neural networks in which the neuron numbers are 64,
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128, and 64. The actuation functions of the networks are Rectified Linear Unit (ReLLU)

functions. The parameters of the networks are randomly initialized.

Table 5.3: The Hyper-Parameters of the Training of the IBC-DMP Agent
Par. ‘ Value ‘I Par. ‘ Value I Par. Value ‘I Par. ‘ Value

Each training episode is a run of the Multi-DoF DMP model (5.5) from the fixed initial
position x; to a random goal position X, uniformly sampled from x, € P,, where P, =
{P,, AP,} is a polyhedral region with P, = (0.30 0.35 0.08) m being its center coordinate
and P,+ AP, being its vertexes, where AP, =(£0.05 = 0.05 £ 0.01 ) m. The purpose of
uniform sampling is to improve the robustness of the trained agent against the perturbation
of the actual goal positions. Also, the obstacle position is randomly sampled by x;, €
Py (xi,X,) to improve the robustness of the agent to obstacle positions, where Py, (X, X, ) =

{Py(xi,%x,), AP, } is a polyhedral sampling region that depends on the initial position x;
X1+Xg

and the sampled goal position x,, with P, = being the geometry center and P, +
AP, being the vertexes, where AP, = (4+0.05 £+ 0.05 + 0.02) m. The obstacle sampling
space P, is set generally in the mid-way between the fixed initial position x; and the goal
sampling space P, to intentionally create challenging environmental configurations for the
agent training.

The three IBC-DMP agents is trained with different BC ratios A\gc = 1, 1.5, 2 to evalu-
ate the influence of IBC on agent training. To show the advantage of the IBC-DMP agent,
a comparison study is conducted with a conventional agent without IBC. The experience
replay buffer of the no-IBC agent only has one interaction buffer. For a fair comparison, the
interaction buffer is filled with random samples generated from the multi-DoF DMP model

(5.5) using random actions. Apart from this, all other training parameters of the no-IBC

agent are the same as the IBC-DMP agents. Moreover, for each agent, M = 10 policies
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are repeatedly trained with the same initial condition but with different random seeds. The
evaluation of the training performance of the agents will be conducted on all M policies to

balance the effects of randomness.
Convergence Performance

At first, the convergence performance of the agents during the training process is evaluated.
For each training episode ¢ = 1,2,--- , N of each randomization j = 1,2,--- , M, the
accumulated reward per training episode (ARPE) score defined as R;; = ZtT:o rij is used
to value the training performance of an episode, where rij is the instant reward at step ¢t =
0,1,---,T of episode ¢ for random seed j. Then, the performance of an RL agent can be
evaluated by whether the ARPE converges to a high value. Nevertheless, the ARPE values
among different training episodes may vary greatly. On the other hand, all ARPE values are
non-positive. Therefore, the logarithm of ARPE (L-ARPE) defined as L;; = —In(1—R;;) is
used to denote the training performance, for better visualization. The lines indicating the
change of the L-ARPE:s of all agents as the episode increases are illustrated in Fig. 5.3. In
each subfigure, the solid line denotes the mean values u(L;) = 1 Zj‘il L;; of the L-ARPE
lines over the M random seeds, and the shadow region represents the standard deviation
o(L;) = & Z]]Vil (Li; — u(L;))? of the L-ARPE lines. The lines in all subfigures are
smoothed out with 10 episodes for clear presentation.

From Fig. 5.3, the L-ARPE lines of all the IBC-DMP RL agents ultimately converge to
steady values before 500 episodes. Among these IBC-DMP agents, the one with Agc =2
has the highest ultimate average L-ARPE p(Ly) and the smallest ultimate standard devi-
ation o(Ly). It also shows a more clear reduction of the standard derivation o(L;) as i
increases, compared to other BC ratios. Nevertheless, the no-IBC agent failed to achieve
convergence. Even though it achieves a high score p(L;) and low deviation o(L;) in the
early stage of the training, its performance becomes worse as the training proceeds. This

comparison study indicates the advantages of the IBC-DMP agents with faster convergence
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and higher stability to randomization than the conventional no-IBC agents.
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Figure 5.3: The L-ARPE lines of the agents in training.

Trained Scores

Apart from the L-ARPE lines, the trained performance of the agents is quantitatively eval-

uated by analyzing their training scores. Table 5.4 shows the ultimate L-ARPE scores L y;

of all four agents for all random seeds j = 1,2, - -

standard deviation o(L ) are also displayed.

-, M. The averaged score (L) and the

It is shown that all IBC-DMP agents have higher ultimate average L-ARPE scores and

smaller standard deviations than the no-IBC agent. Specifically, all IBC-DMP agents have
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training scores that are higher than or approximately equal to —6, while the score of the
no-IBC agent is lower than —6. In this sense, the L-ARPE value can be selected to -6 as a
standard to judge whether a trajectory is of good performance or not. The results indicate
the superior training performance of the IBC-DMP agents over the conventional no-IBC
agent. Table 5.4 also shows that A\gc = 2 is the best BC ratio among all configurations.
The overall results indicate that IBC-DMP can improve the training performance of an RL

agent given a proper BC ratio.

Table 5.4: The Quantitative Scores of Agent Training
no-IBC  Apc=1 Apc=15

Ly | -7.9646 | -8.0932 | -4.8913 | -5.0798
Lyo | -9.2790 | -5.1169 | -8.2311 | -4.8871
Lys | -7.2851 | -5.1896 | -7.1078 | -5.1206
Lyg | -6.9950 | -4.9594 | -5.1420 | -5.1225
Lys | -4.7116 | -5.0356 | -4.9359 | -4.8457
Lyg | -5.0261 | -4.7340 | -4.7847 | -5.4356
Ly7 | -6.4798 | -8.1941 | -6.7794 | -4.8920
Lyg | -8.3686 | -5.4488 | -5.0069 | -5.3338
Lyg | -7.9009 | -5.0293 | -5.5441 | -4.7767
Lnyo | -4.8554 | -5.2022 | -7.5939 | -7.8335
u(Ly) | -6.8866 | -5.7003 | -6.0017 | -5.3328
o(Ly) | 1.5088 | 1.2342 | 1.2297 | 0.8577

Agent Test

In this subsection, the performance of the four trained agents is evaluated in a test study.
The Multi-DoF DMP model is required to start from a fixed initial position x; = (00 0.05) m
to a random goal position x, while avoiding a cylinder obstacle in a random position
xy,. For each trained policy j = 1,2,---, M of each agent, R = 400 test runs are per-
formed with different goal positions x, and obstacle positions x;,. The goal positions x,
are sampled from a polyhedral region 75g = {f’g, Apg}, where Pg = (0.32 0.34 0.09) m
and Aﬁg = (4£0.3 £0.25 4+ 0.05) m. Note that the sampling space for test f’g is larger
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than the one for training P, as introduced in Section 5.5, since the intention is to test the
generalizability of the IBC-DMP RL agents to the goal positions that are not used for train-
ing. During the sampling of the goal positions, those goal positions that are too close to
the initial positions are eliminated to ensure the feasibility of trajectory generation. For
each sampled goal position x,, the obstacle position xy, is also ranc}omly sampled from a

Xi+Pg

polyhedral region 75b = {]5b, Af’b} of which the center ﬁb =

is the mid-point be-
X —f- Pg

tween the initial position and the goal position, and the vertexes are +AP,, where

AP, = (£0.05, £0.05, +0.02) m.
Test Trajectories

Fig. 5.4 shows the test trajectories of the trained agents for given goal and obstacle positions
%, =(0.320.34 0.09) m and x, = (0.13 0.14 0.16) m. Each subfigure shows the trajectories
of the corresponding agent generated by M trained policies for the fixed x, and xy,, where
the red trajectories are those colliding with the obstacle or with the ground. Here, a tra-
jectory is referred to as with collisions if it intersects with the obstacle or with the ground,
1.e., if it has at least 1 discrete-time samples that are within the cylinder obstacle domain or
under the ground. It is noticed that 5 out of 10 test trajectories of the conventional no-IBC
agent are with collisions. On the contrary, each IBC-DMP agent only has at most 1 collid-
ing trajectory. This indicates the superior test performance of IBC-DMP agents in terms of

collision avoidance, compared to the no-IBC agent.
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Figure 5.4: The test trajectories of the agents for fixed goal and obstacle positions, where
the blue dot is the initial position, the purple star denotes the goal position, and the yellow
cylinder represents the obstacle. The trajectories that collide with the obstacle or with the
ground are marked as red, while those not are in blue.

Test Scores

The test performance of the agents is quantified using test scores. For each agent, the
L-ARPE score L,; defined in Section 5.5 is used to describe the test performance of a
trajectory generated by policy j = 1,2,--- , M and position sample r = 1,2,---  R.
Then, the averaged score L;; = & Zle L,; can be used to evaluate the general test per-

formance of policy j. The test scores L;; for all policies j and all trained agents are listed
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in Table 5.5, where the mean values and standard deviations of the test scores, defined as
w(Li) =7 Zj\il Lyjand o(L;)=+; Zj\il (L#j — p(Lr))? are also presented.

Table 5.5 clearly shows that all IBC-DMP agents have much higher average score 1i( L)
and smaller standard deviation o(L;) than the no-IBC agent. Specifically, all IBC-DMP
agents are higher than or approximately equal to the performance standard -6, while the no-
IBC agent has a lower test score. This indicates the advantage of the IBC-DMP agents in
test performance. Since there are significantly larger sampling spaces for goal and obstacle
positions in the test than that in training, the superior test performance of the IBC-DMP
agents also reflects their better generalizability to various goal and obstacle positions than
the no-IBC agents. Also, among the IBC-DMP agents, the one with the largest BC ratio
(ABc) performs the best with the highest average score p(L,) =-5.886 and the smallest
standard deviation o(L,) =0.241. This indicates that it does not only have the best overall
test performance but also has the best stability to the changes of different environmental
conditions. The overall results validate the efficacy of the IBC-DMP RL framework in

improving the generalizability and stability of RL agents.

Table 5.5: The Quantitative Scores of Agent Test
Scores no-IBC
Lz -6.1337 | -6.6512 | -6.1265 | -6.0110
Lz -9.7404 | -5.9544 | -5.1733 | -5.6387
Lz -6.1705 | -5.9066 | -6.0557 | -5.8746
L7y -5.6025 | -5.9945 | -5.9910 | -5.9988
Lz -5.7201 | -5.9469 | -6.0073 | -5.5120
Lz -5.5816 | -5.6440 | -6.6854 | -6.1458
Lz | -7.1732 | -6.3668 | -5.6431 | -5.5444
Lsg -8.8465 | -6.2082 | -5.7995 | -6.2141
Lz -6.3103 | -5.8869 | -6.2159 | -5.8737
L9 | -5.6402 | -5.7124 | -6.1927 | -6.2164
w(Lz) | -6.6919 | -6.0272 | -5.9890 | -5.9030
o(Lz) | 1.3916 | 0.2882 | 0.3772 | 0.2505
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Collision Rates

One of the main concerns of robot motion planning is the avoidance of collision with obsta-
cles in the environment. To evaluate the performance of the agents with respect to collision
avoidance in the test study, the collision rates R.; = N/ /N7, is calculated for all policies
7 =1,2,---,10, where thu =400 is the total number of test trajectories of policy 7 and

Nj

‘1 1s the number of trajectories with collisions. Table 5.6 lists the collision rates of all 10

policies of the four agents. The overall average value and the standard deviation of the col-
lision rates of each agent are also presented. It is clearly shown that the IBC-DMP agents
have far smaller collision rates than the no-IBC agent. They also have smaller standard
deviation values. The agent with A\gc = 2 can be recognized as the safest and the most
reliable one among the four agents with the lowest average collision rates and the small-

est standard deviation. The overall results indicate that IBC-DMP agents have superior

collision avoidance performance over the conventional no-IBC agent.

Table 5.6: The Collision Rates of Agent Test

Scores no-IBC Mgc=1 Agc=15 Agc=2
R 0.25% | 29.75% | 17.50% | 0.25%
Reo 100% 0 0.25% 0
Res 43.00% 0 0.25% 0
Ry 0 0 0 0
Res 0 0 0.50% 0
R 0 0 47.50% 0
Re; 50.25% | 16.75% | 16.25% 0
Reg 100% 0 0 0
Ry 12.25% 0 0 0
R0 0 0 0.25% 0.50%

w(Re) | 30.57% | 4.65% 8.25% 0.08%

o(R.) | 0.3896 | 0.0974 | 0.1465 | 0.0016
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5.6 Experimental Validation

In this section, an experimental case study is conducted to evaluate the performance of
the proposed IBC-DMP RL method. A Rubik’s cube-stacking case is used to demonstrate
how to use an IBC-DMP agent to accomplish a general pick-and-place-based assembly
task. The robot used in this study is a 6-DoF Kinova® Gen 3 manipulator with a two-
finger Robotiq® 2F-85 gripper and an Omnivision OV5640 on-gripper camera as shown
in Fig. 5.5a. The robot is connected to a desktop workstation which is equipped with an
AMD® Ryzen9 3950X CPU and an Intel® RTX3090 GPU. The operating system of the
desktop is Ubuntu 18.04. The robot is controlled by the Kinova® Kortex API written in
Python [83]. Another RGB camera is deployed in the front of the robot to provide vision

from the third-person point of view, as shown in Fig. 5.5b.

Figure 5.5: The Kinova® Gen3 robot (b) and the assembly scenario (b).

Experiment Configuration

As shown in Fig. 5.5b, the workspace of the cube-stacking scenario is marked as a rectan-
gular region on the table in front of the Gen3 robot arm. the origin of the task coordinate is

set at the robot base. The axes of the coordinate are shown as colored arrows in Fig. 5.5b.
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The coordinates of the vertexes of the workspace are (0.25,0.45,0)m, (0.25,-0.2,0) m,
(0.6,0.45,0) m, and (0.6,-0.2,0) m. The size of the workspace is determined to cover the
largest view of the on-gripper camera within the reach of the robot gripper. Three Rubik’s
cubes with different sizes (two cubes with a 57 mm edge and one cube with a 45 mm edge)
and colors are randomly placed within the rectangular region manually. A paper cup with
a radius of 90 mm and a height of 110 mm is also manually placed at a random position
as an obstacle. The robot is commanded to start from the HOME position at (0.356, 0.106,
0.277) m, as shown in Fig. 5.5b, pick up the Rubik’s cubes, and place them at the GOAL
position (marked as a green light point) one by one from the largest to the smallest (red,
orange, and then blue), until they are piled up in a column. The piling-up process can be
recognized as a simple assembly task, during which the robot gripper should not collide
with the paper cup. The vision of the Rubik’s cubes and the paper cup obstacle is captured
using the on-gripper camera and their positions are calculated using the pre-built object
detection libraries in YOLOVS8 [84] and OpenCV [85].

For each experimental trial, the initial positions of the three cubes with red, orange, and
blue top surfaces is represented as Preq, Porg, and Py, respectively. Additionally, three via-
points ﬁred, Porg, and fjblu are set 5 cm right above them to ease the grasping of the cubes.
In this sense, six trajectories need to be generated for the cube-stacking task, including
HOME - ﬁred —Glred — f’org —Glorg — f)blu — G, Where Gred, Gorg, and Gy, are the stacking
positions of the cubes in the ultimate stacking column. The procedure of the stacking task is
described in Algorithm 3, where DMP is a function used to generate the desired trajectories
using the multi-DoF DMP model (5.1) with given initial, goal, and obstacle positions x;, X,,
and xy,, respectively, and the trained policy f. In this experiment, the policy #5 is selected.
No additional task-level complexities are introduced in this task, as the main goal of this
chapter is to evaluate the efficiency of an IBC-DMP agent in generating safe trajectories.

Also, for brevity, the multi-DoF DMP model is only used to generate the translational
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positions of the gripper. The orientations of the gripper are commanded in a very intuitive

and simple manner with the following principles.
* The gripper always points down to the table.
* The orientations about x- and y-axis are fixed for all generated trajectories.

* The orientations about z-axis are linearly changed during the motion, in order to

grasp the cube or place it with the proper orientation in the line 5 of Algorithm 3.

Such a design ensures the successful execution of the cube-stacking task without causing
singular configurations. All trajectories are designed in the Cartesian space and are mapped
to the joint space of the robot using the pre-built inverse kinematics (IK) library of the

Kinova® Gen 3 robot.

Algorithm 3 Cube stacking task procedure
1: Initialize robot gripper at HOME position
2: Assign x3, with the paper cup position
3: for j in {red, org, blu} do

4 Xj 4 Xyg, Xg & P

5:  Generate trajectory (x;,X;) = DMP(X;, X, Xp, )
6:  while ||x; —X,|| >er do

7: Follow trajectory (x;, X;)

8:  end while

9:  Grasp cube at P;

10:  Determine stacking position X; < X, X < G
11:  Repeat line 5 to line 8

12:  Release cube

13: end for

Experiment Results

To evaluate the overall efficacy of the IBC-DMP RL framework, policy #6 of Agc=1.5is
selected, which performs the worst in the test study as shown in Table 5.5, for the exper-
imental validation. If the selected policy demonstrates satisfactory performance, it can be

concluded that the IBC-DMP framework is generally applicable in practical applications.
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A total of 22 experimental trials are conducted to account for the influence of randomness.
For each trial, the initial positions of the cubes and the cup are randomly placed by hand.
Also, challenging situations are intentionally created where the robot gripper has a higher
likelihood of maneuvering around the paper cup. One example trial is shown in Fig. 5.6,
where the paper cup is in the mid-way between the red and the orange cubes, and the goal
position. In this situation, the gripper must go around the cup to avoid collision with it,
leading to nontrivial trajectories. Fig. 5.6 shows that the IBC-DMP policy can successfully
generate collision-free trajectories for the robot gripper, which indicates the efficacy of the

IBC-DMP motion planning framework.
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Similar to Section 5.5, the L-ARPE scores is also used to quantitatively evaluate the
performance of the IBC-DMP policy in the experimental study. The internal position sen-
sor of the Gen 3 robot is used to record the actual executed paths of the gripper during the
cube-stacking task. Fig. 5.7 is the box plot of the L-ARPE scores of these paths which are
grouped according to trials. Each box denotes the distribution of the L.-ARPE scores of the
6 trajectories of an experimental trial. The red bar in each box represents the median value
of the L-ARPE scores which quantifies the overall performance of the policy in the corre-
sponding trial. It is noticed that all red bars are higher than -7, which shows its advantage
compared to the test scores of the no-IBC agent in Table 5.5. Also, the scores of 16 out
of 22 trials are higher than the performance standard -6, which indicates the decent overall

performance of the selected policy with respect to L-ARPE scores.
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Figure 5.7: The training performance of the off-policy agent without BC and with BC
subject to different A values.

The distribution of the ultimate reaching errors is displayed in the box plot in Fig. 5.8.
It is noticed that all reaching errors are strictly restricted under 0.01 m due to the selection
of the error threshold 7. Meanwhile, the overall collision rate is 13.64% which is higher

than the testing collision rates of the IBC-DMP agents due to the uncertainties in the real
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experiment. However, it is far lower than the testing collision rate of the conventional no-
IBC agent. Therefore, the experimental results indicate that the selected policy achieves the
ideal ultimate reaching errors as prescribed by the error threshold and has advantages over
the conventional no-IBC agent in terms of collision avoidance. Since the selected policy
is of inferior test performance among other IBC-DMP policies, its decent performance

implies the efficacy of the proposed IBC-DMP RL framework in resolving practical robot

tasks.
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Figure 5.8: The training performance of the off-policy agent without BC and with BC
subject to different Ag values.
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Chapter 6

Concluding Remarks

This thesis contributes to the advancement of robot motion planning by showcasing the
value of incorporating human demonstrations and expert knowledge for skill transfer.
The proposed approaches offer practical solutions for enhancing the learning capabilities
and adaptability of Reinforcement Learning (RL) agents. By effectively utilizing human
demonstrations, RL agents become more capable of autonomously learning complex tasks
and adapting to various scenarios. The insights gained from this research not only enhance
our understanding of RL in robotics but also pave the way for the development of advanced
and intelligent robotic systems capable of leveraging human expertise.

In this final chapter, we draw upon the findings and insights presented in the previous
chapters to provide a comprehensive conclusion to this thesis. We reflect on the value of
incorporating human demonstrations into RL for skill transfer and highlight the benefits of
the proposed approaches: Dynamic Feature Extraction (DFE) and the integration of Multi-
Degree of Freedom (DoF) Dynamic Movement Primitives (DMP) and Implicit Behaviour
Cloning (IBC). Furthermore, we discuss potential areas for future research to extend and

enhance the suggested framework.
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6.1 Discussions

By exploring the synergies between RL and Learning from Demonstrations (L{D), our re-
search aims to improve the learning capabilities of RL agents by leveraging the knowledge
and expertise captured in human demonstrations. The two novel approaches presented in
this thesis demonstrate the potential of effectively acquiring and utilizing abstract skills
from human experts, leading to more efficient and adaptable robotic systems.

The first approach suggested in Chapter 4 focuses on the extraction of dynamic features
from demonstrated trajectories within the DMP framework. By capturing the dynamic
characteristics of human motion, a fresh perspective on transferable skills is provided, go-
ing beyond the reliance on explicit paths or trajectories commonly used in LfD. This ap-
proach eliminates the need for time-consuming manual parameter tuning and increases the
robot’s capability to learn motion autonomously. The extracted dynamic features can be in-
tegrated into the DMP framework, enabling RL agents to explore a wider range of potential
trajectories and find optimal solutions, surpassing the constraints imposed by the demon-
strated trajectory. The utilization of these human dynamic features enhances the robot’s
compliance with human intentions, bridging the gap between expert demonstrations and
autonomous learning.

The second approach introduced in Chapter 5, the novel framework to facilitate off-
policy RL for robot motion planning is presented. The framework addresses the integration
of the two important technologies used to facilitate off-policy RL for robot motion plan-
ning: Multi-DoF DMP and IBC. They both can be recognized as the proper encoding of
expert knowledge. The multi-DoF DMP is adapted from conventional motion primitives
of which the effectiveness has been verified by many experts and peers. From a mathe-
matical point of view, DMP models can be seen as a class of heuristic models dedicated
to reducing the dimensionality of a planning problem. The dynamic structure of a DMP

model reflects how expert knowledge is used to restrict the smoothness and inherent stabil-
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ity of generated trajectories. Additionally, IBC, as an adapted version of BC for imitation
learning, provides a different manner to encode expert knowledge by cloning the expert’s
behaviors in the task. Note that these two different sources of expert knowledge might not
always be beneficial to the given robot task. They may even conflict with each other in
certain circumstances. A very important technical point of this paper is to flexibly com-
bine the two types of expert knowledge using an off-policy RL framework, such that the
resulting motion planning policy is not overfitting to any source of expert knowledge. Fur-
thermore, the advantages of both types of knowledge are fully exploited to improve the
training speed, generalizability, and reliability of the RL agent. The decent results of the
simulation and experimental studies provide evidence that the performance of RL can be
improved by properly encoding expert knowledge.

Beyond the highlighted contributions, the creation of a human demonstration dataset
stands as a significant enhancement to the field. This dataset encompasses 544 trajectories
of the Point-to-Point Reaching (P2PR) task with obstacle avoidance, positioning itself as a
valuable resource for future investigations. Its integration within the proposed framework
of this thesis not only amplifies our current understanding but also introduces new avenues
for researchers to explore the domain of transferable skills across diverse contexts. More-
over, the expansion of this dataset to encompass other motion primitives, such as circular
motions or peg-in-hole tasks, has the potential to fortify the application of modular human
skills in various robotic tasks. This inclusivity could even pave the way for combining ex-
isting skills to acquire entirely novel ones, offering a strong basis for incubating innovative

research in the domain of skill transfer for robot motion planning.

6.2 Limitations and Future Work

In this section, the results of the suggested framework is discussed individually for each ap-

proach. Additionally, potential areas for further research to extend the proposed framework



85

will be investigated.
Human-Robot Dynamic Feature Transfer via DMP

The key idea of DFE is to maximize the human-likeness while guaranteeing the repre-
sentability of its dynamic system across similar motions in the task space. The implemen-
tation of the extracted value into the real robot showed that the robots reproduce trajectories
robustly and stably throughout the motion.

The extracted features generated a trajectory that performed as robustly and stably as
the fine-tuned heuristic features, while the trajectories generated with the heuristic features
before tuning resulted in sudden acceleration or failure to reach the goal. The RL with
DMP framework was more sensitive to the right choice of dynamic features. The extracted
features showed stable performance as well as LfD with DMP, delivering the dynamic
characteristic extracted from human demonstration.

There are several areas for further investigation. While DMP uses second-order dynam-
ics, the proposed DFE can be examined for higher-order system dynamics (e.g., jerk in a
third-order equation of motion). Also, further research may investigate the application of
the suggested framework to other variations of DMP designed for different scenarios, such
as learning obstacle avoidance or kicking motion.

Further investigations could explore different schemes to improve the objective func-
tion. For example, the time integral used for Euclidean distance and standard deviation
may emphasize distance and similarity when motions are misaligned in time. The methods
invariant to time shifts, such as phase correlation, could be used to overcome this limitation.

There are several potential areas for further exploration. Future research could explore
the application of the proposed framework to other variants of DMP tailored for specific
scenarios, such as obstacle avoidance or kicking motions involving additional terms in the
formula. Additionally, investigations could focus on enhancing the objective function by

exploring alternative schemes. For instance, integrating time-invariant methods like phase



86

correlation could mitigate the issue of emphasizing distance and similarity solely based
on temporal misalignments, as observed with the current time integral-based approach for

Euclidean distance and standard deviation.
RL-based Robot Motion Planning Enhanced with IBC and DMP

An off-policy RL agent serves as a bridge to flexibly combine the expert knowledge en-
coded by the two methods, resulting in an advantageous agent with improved training
speed, generalizability, and reliability. Its efficacy and advantage over the conventional
no-IBC agent are validated by simulation and experimental studies. In future work, we
will focus on improving the stability of the Multi-DoF DMP model and the sensitivity of
IBC-DMP agents to exploring action noise.

Although the general efficacy of the IBC-DMP framework is validated, it still has lim-
itations. The multi-DoF DMP model has a higher flexibility than the conventional DMP
since its actuation function is dependent on the state of the model. However, this may sac-
rifice the stability of the DMP model, possibly leading to odd-shaped trajectories. Besides,
an IBC-DMP may be over-trained if the number of training episodes is too large, where the
training score of the policy decreases or becomes unsteady as the training proceeds longer.
This may also be due to the sacrifice of the inherent stability of the Multi-DoF DMP. An-
other limitation of IBC-DMP is that its performance tends to be sensitive to the exploring
noise added to actions during the training stage. Further investigations on the correlation

between the performance of IBC-DMP and the action noise are needed in future work.
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