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Abstract

Human-Robot-Collaboration (HRC) can be seen as a promising way to meet the in-

creasing demand for mass customization in the current manufacturing industry. It

can effectively assist human co-workers and eliminate several human factors. It can

also offer more flexibility and be cost-effective when compared to the industrial robot.

This thesis focuses on developing machine-learning-based frameworks for collabora-

tive robots (cobot) for HRC in industrial settings. The proposed frameworks enable

collaborative robots to adapt to multiple variations during long-horizontal tasks in

Make-to-Order scenarios through intuitive learning processes.

Firstly, a two-level motion planner framework based on Learning-from-Demonstration

(LfD) is proposed for the robot trajectory learning problem. The proposed motion plan-

ner is able to integrate diverse trajectories for different pick and place tasks. A hybrid

guidance framework combining model-based and model-free learning methods is thus

proposed to improve the task success rates. The results show that it can effectively

guide the learning process of a Deep Reinforcement Learning (DRL) agent by setting

a proper guidance ratio.

Secondly, a novel Task and Motion planning framework is proposed for sequential

HRC in massive Package-to-Order (mPTO) problems. This framework uses a Graph

Neural Network (GNN)-based discrete high-level reasoning module. By effectively

reducing the observation dimension through this reasoning module, the previous low-

level motion planner can imitate the motion planning strategy. The results showed that

the proposed framework is able to generate continuous new trajectories with unseen
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tasks without the need for environmental exploration.

Thirdly, a vision-based task planning framework for responsive HRC that can work

in Assemble-to-order scenarios is proposed. In this framework, a hand-centric detector

is used to detect varying assembly actions without object detection. These results

can be transferred into graphic observations and thus a GNN-based planer can predict

the human intended goals and provide detailed assistive actions for the robot. It is

generalizable to new human action sequences and thus produces new robot plans.

Finally, a framework that iteratively generates grasping solutions is proposed to fur-

ther relieve the constraints in the Assemble-to-Order problem. This framework encodes

the visual features of assembly parts or objects into graph observations and iteratively

proposes solutions to make the human-required objects graspable while respecting the

capability constraints of the robot. The results show that it can effectively generate

solutions for human-required objects.
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Chapter 1

Introduction

The industrial sector has witnessed a series of revolutionary shifts, from the mechaniza-

tion of the �rst Industrial Revolution to the digital transformation of Industry 4.0. To

adapt to increasing market demand, manual assembly systems can be used, although

this may lead to a decline in productivity due to changes in quality and 
uctuating

labour rates. By comparing the capability of the manual operator with the automated

system, it can be seen that the performance of manual assembly is greatly a�ected

by ergonomic factors, with limiting factors being the part weight and precision of the

manual operator. The utilization of robots has been seen as a potential solution to

automation. Due to its capability of carrying out repetitive tasks reliably and thus it

enables the swift and e�cient completion of tasks.

There are a variety of types of robots that have been used in the manufacturing

sector. For instance, mobile robots, industrial robot arms and collaborative robots.

Mobile robots in manufacturing are often acquired to perform mobile tasks in factory

and production environments, such as material handling and warehouse management.

They are often not suitable for object manipulation or assembly tasks.

Industrial robot arms are designed for heavy load-handling tasks with repetitive

cycles independently. Thus, they often have large sizes and require space, when con-

sidering the safety issue. However, the 
exibility and agility required for complex

1
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assembly tasks may be too expensive to achieve [1].

Collaborative robots, also known as cobots, are a type of robotic arms speci�cally

designed to work closely and collaboratively with human co-workers. They are often

lightweight and cost-e�ective compared to industrial robot arms. These robots combine

the capabilities of traditional robots with the 
exibility and agility of human operators.

The primary advantage of collaborative robots, particularly in manufacturing systems,

is their ability to assist human operators rather than replace them, which means they

supplement human abilities to perform tasks. Unlike traditional industrial robotics,

collaborative robots o�er a higher degree of safety and 
exibility [2]. Additionally, they

can combine the precision and speed of machines with the dexterity of human hands

[1]. Collaborative robots can also easily learn from both human and programmatic

demonstrations [1].

Therefore, this thesis is dedicated to the design of systems that allow collabora-

tive robots to work automatically with humans, such systems are often referred as the

Human-Robot-Collaboration (HRC) system. The collaboration states a joint activ-

ity between human and collaborative robots to achieve given tasks together. It often

requires synchronous and coordinated actions from di�erent parties while physical in-

teraction may exist. The International Federation of Robotics [3] de�ned four types of

HRC in the current manufacturing industry:

1. Coexistence: Human and robot work alongside each other without a shared

workspace.

2. Sequential Collaboration: Human and robot are active in a shared workspace

with sequential movements, which means they do not work on the same object

simultaneously.

3. Cooperation: Human and robot work on the same part simultaneously.

4. Responsive Collaboration: the robot responds to human motions. This requires

accurate human action understanding.
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1.1 Aims and objectives

The main aim of this thesis is to develop automotive and 
exible HRC systems through

the current advances in machine learning technologies.

Automation transcends the traditional mechanized processes. It encompasses the

use of arti�cial intelligence, and advanced sensor technologies to perform collaborative

tasks with minimal human intervention. This not only enhances e�ciency and precision

but also allows industries to operate around the clock, optimizing production rates and

reducing operational costs.

Flexibility, on the other hand, is about the adaptability of the HRC system. It

enables industries to swiftly adapt to market demands, and customize products. This

agility is crucial in today's dynamic market landscape, where consumer preferences

evolve rapidly and unpredictability is the only constant.

Furthermore, this thesis speci�cally focuses on the Make-to-Order (MTO) scenarios.

MTO is a production strategy for customized products, which usually prepares inven-

tory in advance and performs the �nal production and packaging when the customer

orders are placed [4]. There are variant types of MTO, such as Assemble-To-Order

(ATO), Con�gure-To-Order (CTO), and Package-To-Order (PTO). In such problems,

the main responsibility of the robot is to perform long-horizontal tasks that can ma-

nipulate di�erent objects based on varying human intended goals or customer requests.

Therefore, the robot should acquire the ability in both high-level task reasoning and

low-level motion generations.

The low-level motions are the robot's fundamental capacity. It requires the robot

can generate various trajectories in response to multiple positions of objects while

avoiding any collision that can happen.

High-level task learning in robots refers to the process by which robots acquire

knowledge and skills to perform complex tasks that involve multiple steps or require

reasoning about the task's broader context. Instead of focusing on low-level control,

high-level task learning focuses on understanding the overall structure and objectives
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of a given task.

From the above discussion, this thesis further proposes three main research objec-

tives that should be addressed towards building automated and 
exible HRC systems:

ˆ Easy to program: conventional approaches for robot learning often rely on hand-

coded programming methods. In the aspect of trajectory learning, the robot

is often trained for a speci�c task via either online [5] or o�ine training [6].

Moreover, prior knowledge or expert-de�ned task rules, such as previous works

in [7],[8], are often needed to facilitate the high-level task planning ability of the

robot. On the contrary, the scope of this thesis is to develop more user-friendly

frameworks that enable more intuitive robot training.

ˆ Personalised HRC: personalization means the robot can handle variations in the

environment caused by human co-workers. In this thesis, several variations will

be studied including:

{ Object position variations: this is a common variation where the robot

should pick and place the di�erent objects from varying positions.

{ Human performance variations: the collaboration strategy of human co-

workers often requires a prede�ned work
ow to avoid any confusion that

may cause to robot [9]. On the contrary, this thesis aims to relieve this

constraint to allow more 
exible collaboration.

{ Goal con�guration variations: This is a problem for MTO scenarios, where

di�erent parts can form di�erent end-goal con�gurations. This variation can

be caused by customer orders. This means the robot should handle di�erent

long-horizon tasks under di�erent goal con�gurations.

{ Task structure variations: it requires the robot to cognitively make deci-

sions when a pre-de�ned task structure is interrupted by varying human

performance. In an unbounded environment, the task structure may un-

dergo changes due to disturbances, such as a worker altering the sequence
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in which required objects are placed. Therefore, the robot should possess

the capability to adapt and successfully complete the task despite these

variations.

ˆ Learn beyond demonstration: Even though the current advances in deep rein-

forcement learning allow the robot to adapt to various tasks. It is still data-

ine�cient as it needs long-time exploration and can su�er from high dimensional

observations. On the other hand, the major issue of Model-based learning or

Learning from Demonstration (LfD) is its generalization ability when unseen

tasks or distribution occurs. In this thesis, one objective is to develop data-

e�cient frameworks that can improve the generalization ability of the robot in

both high-level reasoning and low-level motion planning with a few demonstra-

tions.

1.2 Thesis contribution

Following the above discussion, this thesis further makes contributions to achieve the

aforementioned research objectives:

ˆ An LfD-based two-level motion planner in continuous trajectory learning. Unlike

previous studies, where they either rely on environmental explorations or heavy

expert knowledge, the proposed motion planner shows generalizability to unseen

goals with only a few demonstrations. Furthermore, its ability to accelerate Deep

Reinforcement Learning has been proven.

ˆ An end-to-end Task and Motion planning framework in varying Package-To-

Order scenarios. This proposed framework can e�ciently handle diverse goal

con�gurations with only 60% demonstrations being trained. Moreover, it also

shows zero-shot generalizations on sequential HRC, where humans can randomly

pack the goal objects. Its capability in practical scenarios is further assessed

highlighting its strength compared to conventional machine learning algorithms.
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ˆ A vision-based task-planning framework in the Assemble-To-Order scenario in

only 2D videos. This work combines a novel hand-centric motion detector with

a semantic planner. Compared to the previous works, where they often heavily

rely on prior knowledge or hand-coded manipulation rules, this work enables more

detailed assistive plans for diverse end goals. More importantly, it is also data-

e�cient and able to produce new plans when unseen human action sequences are

captured.

ˆ A vision-based iterative object-grasping solution generation framework for object

handling. This work is designed to relieve the constraints during responsive HRC

further. Unlike the previous visual-based manipulation framework, it aims to

allow the robot to directly propose grasping solutions while respecting geometrical

relationships and it can be generalizable to unseen requirements and image scenes.

1.3 Thesis Overview

Figure 1.1: Outline of this thesis

This section describes the layout of this thesis and the works carried out in order
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to achieve the aforementioned research objectives. Fig.1.1 describes the outline of this

thesis.

Chapter 2 provides a literature review of the current methodologies applied to

robot learning. Initially, the traditional approaches to robot learning have been ex-

plored. Following this, the chapter further reviews the state-of-the-art methodologies

of model-free reinforcement learning (RL), particularly focusing on continuous trajec-

tory learning. Afterwards, by identifying some limitations of RL, this chapter reviews

the advanced model-based learning from demonstration (LfD) technologies. It mainly

contains the methodology applied to trajectory learning from demonstration, high-level

task learning from demonstration, and how to integrate discrete decision-making and

continuous trajectory planning as a complete system for long horizontal multi-object

manipulation. Finally, computer-vision-based learning for robots in the HRC �eld has

been reviewed.

Chapter 3 introduces a two-level motion planner by imitating the expert preference

and planning strategy. It further served as a semi-supervisor for DRL in a continuous

trajectory learning problems.

Chapter 4 introduces a Task and Motion Planning framework that integrates dis-

crete decision-making and continuous motion planning in Package-to-Order scenarios.

The high-level decision-making module can reduce the high-dimensional observations

and thus allow the two-level motion planner to adapt to diverse trajectories. It enables

the robot to adapt to work solely or in sequential HRC.

Chapter 5 introduces a vision-based task planning system in Assemble-to-Order

scenarios during responsive HRC. This work �rst built a hand-centric action detector

without object detection. By decoding these actions, a planner based on graphs is able

to provide detailed robot assistance actions in the form of contextual language.

Chapter 6 introduces a vision-based iterative grasping solution generation system

to further relax the constraint mentioned in Chapter 5. It encodes the spatial objects

in the image scene as graphic observations. By using the Graph Neural Network and

Attention mechanism, it can iteratively generate grasping solutions that can make the
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object required by human graspable.

Chapter 7 presents the conclusions derived from this thesis, highlighting its con-

tributions and o�ering recommendations for potential future work building upon this

work.

1.4 Publications

The following papers have been published and submitted during this PhD study:

ˆ R. Ma and J. Oyekan, "Guiding Deep Reinforcement Learning by Modelling

Expert's Planning Behavior," 2021 7th International Conference on Control, Au-

tomation and Robotics (ICCAR), Singapore, 2021, pp. 321-325.

ˆ C. J. Turner, R. Ma, J. Chen and J. Oyekan, "Human in the Loop: Industry 4.0

Technologies and Scenarios for Worker Mediation of Automated Manufacturing,"

IEEE Access, vol. 9, pp. 103950-103966, 2021.

ˆ R. Ma, J. Chen, and J. Oyekan, \A learning from demonstration framework

for adaptive task and motion planning in varying package-to-order scenarios,"

Robotics and Computer-Integrated Manufacturing, vol. 82, p. 102539, 2023

ˆ J. Chen, R. Ma, and J. Oyekan, \A deep multi-agent reinforcement learning

framework for autonomous aerial navigation to grasping points on loads," Robotics

and Autonomous Systems, vol. 167, p. 104489, 2023.

ˆ R. Ma., J. Oyekan, and R. Moore. "A Learning-from-Demonstration Framework

for Varying Package-to-Order Scenarios", Presented at ICRA 2023 Workshop on

Communicating Robot Learning across Human-Robot Interaction

ˆ R. Ma, J. Chen and J. Oyekan, "Graph-based semantic planning for adaptive

human-robot-collaboration in assemble-to-order scenarios," 2023 32nd IEEE In-

ternational Conference on Robot and Human Interactive Communication (RO-

MAN), Busan, Korea, Republic of, 2023, pp. 2197-2203
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ˆ R. Ma, Y. Liu, E. Graf and J. Oyekan, "Applying Vision-Guided Graph Neural

Networks for Adaptive Task Planning in Dynamic Human Robot Collaborative

Scenarios.", submitted to Advanced Robotics.



Chapter 2

Related Work

This chapter provides a literature review that describes the fundamental concepts and

current advances in machine learning-based robot control. These works form the fun-

damental base of this thesis.

2.1 Overview of Robot Learning

In the early stage of robot learning, there are two commonly used approaches including

Lead-through and o�ine programming.

Lead-trough requires the teaching pendant to move the robot through the pre-

de�ned trajectories. The robot will hence record the motions and produce the desired

smooth motion with the safety-guarding device involved as stated in [5]. This method

is simple and easy to implement. However, it is also time-consuming and di�cult

to implement when the programming complexity increases. Meanwhile, it needs re-

programming for every new task even if there are only a few variations between two

tasks.

On the other hand, o�ine programming leverages computer simulations to stream-

line the programming process. For instance, robot coating and welding with built-in

graphic simulation have been studied in [6]. In this manner, the simulated process

10



CHAPTER 2. RELATED WORK 11

can be directly transferred to reality. However, it needs great programming e�ort and

typically di�erent robot manufacturers have di�erent simulation platforms. Thus, the

cost of acquiring one is generally expensive [2].

The conventional approaches, while e�ective, can encounter challenges when facing

variations in tasks or work
ows, particularly in the context of Human-Robot Col-

laboration (HRC) where di�erent humans may have unique working strategies. This

highlights the need for adaptive robot systems that can handle such variations seam-

lessly. As a result, there has been a growing focus on the development of automatic

robot learning techniques aided by machine learning algorithms.

There are generally three classes of machine learning models that have been in-

vestigated in this thesis based on the needs, including 1. Classi�cation, 2.Regression,

and 3. Reinforcement Learning. Classi�cation models aim to divide input data into

pre-de�ned categorical classes, they are often used for human action or image recogni-

tion and discrete decision planning. In regression problems, there exists a continuous

relationship between input data and output data, and the model's task is to learn this

relationship and predict continuous outputs. They are often used for human and robot

trajectory reproductions. On the other hand, Reinforcement Learning aims to pro-

duce optimal robot actions through interaction with the environment based on Markov

Decision Process.

These advances aim to equip robots with the capability to learn and adapt their

behaviours based on changing conditions or input from human collaborators. By lever-

aging machine learning, robots can improve their decision-making processes, re�ne

their actions, and respond more 
exibly to dynamic environments.

The following sections will review two main families of machine-learning-enabled

robot systems. Firstly, model-free reinforcement learning will be introduced. It refers

to a learning strategy in which the robot does not have prior knowledge of the tasks.

Instead, it produces optimal actions by iteratively exploring the environment with re-

wards as feedback. In contrast to model-free methods, model-based learning or Learn-

ing from Demonstration (LfD) leverages prior knowledge typically acquired from hu-
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man demonstrations. The robot learns by mapping these demonstrations into suitable

actions.

2.2 Deep Reinforcement Learning

The process of reinforcement learning for robots can be modelled as a Markov Decision

Process (MDP), where at each time stept, the agent selects an actionat to maximize

the obtained rewardr t given the current states, leading to a new states0.

In the context of a training episode, the total returnR(� ) is calculated as the sum

of discounted rewards
 t r t from time step t = 0 to t = T, where 
 is the discount

factor. This factor is crucial as it ensures that future rewards are appropriately valued

relative to immediate rewards, preventing issues such as in�nite returns in scenarios

where episodes could extend inde�nitely.

R(� ) =
TX

t=0


 t r t (� ) (2.1)

Considering the total return of a trajectory under a policy� , denoted asE � � � [R(� )],

involves integrating over all possible trajectories� based on the transition probabilities

P(� j� ) governed by that policy. This expectation helps assess the e�ectiveness of the

policy in achieving desirable outcomes over multiple interactions with the environment.

E
� � �

[R(� )] =
Z

�
P(� j� )R(� ) (2.2)

To make decisions about actions in speci�c states, the state-action functionQ(s; a)

plays a signi�cant role. This function estimates the expected return starting from a

state s and taking an action a, guiding the agent's decision-making process. Under

an optimal policy � � , the optimal state-action valueQ� (s; a) is maximized, leading to

the selection of the optimal actiona� (s) that promises the highest expected return in

that state. This concept forms the basis for reinforcement learning agents to learn and
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improve their decision strategies in dynamic environments like controlling a robot arm.

Q� (s; a) = E
� � � �

[R(� )js0 = s; a0 = a] (2.3)

a� (s) = argmax
a

Q� (s; a) (2.4)

The classical learning pipeline for the RL is to store the state-action values in a

matrix and iteratively update the values by active exploration of the environment.

However, the problem is that it becomes impossible to select actions at given states

when the state or action spaces become high-dimensional or too large, for instance, the

robot manipulation problem. Therefore, approximation is necessary. The Deep Rein-

forcement Learning(DRL) algorithms with neural networks for function approximation

has been paid a lot of attention. For the robot control problem. This approach mainly

consists of two families: 1. Value-based, 2. Policy-based.

The Value-based family attempts to maximize the state-action function and �nd the

optimal Q function. This optimization is usually performed in an o�-policy manner,

which means that the policy used to generate the behaviour may be independent of

the policy being evaluated and improved (called the evaluation policy) [10]. There

have been several approaches proposed for robot manipulation. For instance, Mnih et

al.[11] implemented the Deep-Q-Network (DQN) algorithm to control a planar robot

arm with 2 degrees of freedom with discrete action space. Inoue et al.[12] utilized

long-short-term memory (LSTM) and a variant of recurrent neural network(RNN) to

estimate the Q function in order to achieve peg-in-hole assembly. In this research,

the controlled action is the force controller instead of controlling the robot directly.

The limitation of the value-based method is that it can only handle the task with

discrete and low-dimensional action space [13]. In contrast to the Value-based family,

the Policy-based method directly optimizes policy. This method aims to maximize

the parameterized policy with objective function by policy gradient. There are several

approaches, for example, REINFORCE and Vanilla Policy Gradient [14].
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The Actor-Critic architecture combines them together. In this architecture, it stores

past exploration in the memory bu�er. At the end of the iteration, the training sam-

ples are collected randomly from the bu�er to train the agent. The actor selects action

based on current policy and the critic for approximating the Q value to evaluate cur-

rent policy. Therefore, they are combined together to iteratively maximize Q value

and optimize policy by temporal di�erence. Trust Region Policy Optimization(TRPO)

[15] is proposed to control the robot locomotion model continuously. It attempts

to update policy by taking possible largest actions which is constrained by a special

measurement(KL-Divergence) of probability distribution distance between the old and

new policies. Consequently, they also proposed Proximal Policy Optimization(PPO)

for the same control problems [16]. It is similar to TRPO while it is simpler to im-

plement. Deep Deterministic Policy Gradient(DDPG) combines Neural Networks to

solve multiple robot manipulation problems [17]. Soft Actor-Critic (SAC) was imple-

mented for robot arm control by [18] with entropy regularization. The advantage of

the Actor-Critic method is that it uses data more e�ciently with a memory bu�er.

The DRL approach does not acquire the knowledge of the environment at the early

stage of training. In large state or action spaces, it will cause problems like dangerous

exploration, and slow convergence as it explores too many unnecessary states. Hind-

sight Experience Replay (HER) [19]and Prioritized Experience Replay (PER) [20] are

the methods to improve the sampling e�ciency of the memory bu�er. There are also

several studies focusing on how to feed environmental knowledge to the DRL agent.

One way is to add demonstrations to DRL. Vecerik et al. [21] implemented the

DDPG from demonstrations(DDPGfD). They feed the demonstration from Kinesthetic

Teaching to an expert replay bu�er. Thus the expert experience can be reused to

accelerate learning. Similarly, Nair et al.[22] also utilized demonstrations to improve

DDPG along with HER. They asked human users to demonstrate in virtual reality and

�lter out unsuccessful demonstrations by using Behaviour Cloning.

DRL accelerating by model-based learning has also been developed. For example,

[23] utilized Guided Policy Search as a semi-supervisor to guide DDPG to learn complex
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assembly tasks. Xu et al.[13] proposed a model-driven DDPG for peg-in-hole assembly

tasks. In their research, they derive contact surface modelling to know the distance

between the peg and the hole. Afterwards, the actor controls the feedback controller

instead of directly controlling the robot arm. Du et al.[24] utilised Lyapunov barrier

function to assess the safety and reachability of complicated robot control tasks through

experimental data. Lin et al.[25] a Convolutional neural network(CNN) with RL agent

for robotics safety navigation while considering collisions.

Moreover, the concepts of Reinforcement Learning from Human Feedback (RLHF)

have drawn attention. The RLHF aims to improve the learning e�ciency of RL agents

by interactively obtaining human feedback or rewards on their current performance.

In the robotics �eld, Faulkner et al.[26] proposed an interactive RL agent that can

obtain rewards from both environmental exploration and human feedback. It further

proposed a framework that can learn from imperfect feedback. Chen et al.[27] proposed

a hierarchical framework that can e�ciently map online user feedback to high level

robotic tasks through noisy and stochastic inputs. Hiranaka et al.[28] leverage RLHF

with primitive skill-based RL to tackle long-horizon tasks. Moreover, Zhang et al.[29]

investigated o�ine RL with human feedback in terms of preference of trajectory pairs.

They estimate the implicit reward from the o�ine data.

As discussed, DRL approaches are capable of handling complex control tasks with

less e�ort in designing the control policy. However, the challenge of sample ine�ciency

in DRL remains a signi�cant concern, particularly in industrial settings where training

ine�ciencies can lead to increased costs and potential safety risks.

E�orts in research have aimed to seek a trade-o� between exploration (learning

new behaviours) and exploitation (using known behaviours) to address this ine�ciency.

Despite these e�orts, random exploration during training can still lead to dangerous

con�gurations, posing safety risks in real-world applications.

An alternative approach gaining traction is Learning from Demonstrations (LfD)

. By leveraging human expertise and guidance, this method can ensure safety during

the learning process. It combines the bene�ts of human knowledge with machine
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learning capabilities, o�ering a more e�cient and safer path to training robotic systems,

especially in complex and safety-critical environments like industrial settings.

2.3 Learning from Demonstration

The human operator can handle complicated tasks due to the 
exibility of the wrist, the

sensing system and the decision-making ability. Instead of directly studying the process

of human learning, many researchers focus on how to map the expert demonstrations

to desired robot actions which lead to Learning from Demonstration(LfD) methods.

Several methods for trajectory learning only need fewer than 10 demonstrations [30].

Moreover, it can provide a way for the robot to examine the risk or security related to

the demonstrated state spaces [31].

In practice, there are mainly three approaches for acquiring human demonstrations

including: 1. Kinesthetic Teaching, 2.Teleportation teaching and 3. Passive Observa-

tion.

In Kinesthetic Teaching, the robot arm is directly guided by human experts and

records movements via external sensors. For instance, researchers have focused on

guiding robot hand to play chess [32], or polishing tasks [33]. This approach requires

minimal training of the human operator and it's intuitive. Additionally, the demonstra-

tion is recorded directly from the sensory information of the robot which will simplify

the following encoding and reproduction phase. However, the quality of the trajectories

often depends on the quality of the demonstrations. Hence, the obtained data often

requires post-processing and may also lead to sub-optimal problems. Moreover, as for

complex tasks with robot hand or robot leg, the challenging demonstrations limit its

capability[30].

Teleportation teaching allows the user to control the robot remotely through the

user interface while the robot records data from internal sensors[30]. Unlike Kines-

thetic Teaching, it does not require physical interaction between robot and human

during training. There are several ways of controlling robots, for example, using hap-
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tic interface [34] or virtual reality [35][36].

The third approach Passive Observation allows the robot to capture human demon-

stration motions passively. In[1], [37] and [38], they use sti�ness data from human-

human collaboration for human intention estimation and trajectory planning. Tracked

human hand motion can also be used for robot path planning as studied in [36]. More-

over, some researchers only observe object trajectories for imitation, for example, Rusell

et al.[39] utilize object tracking for picking and placing, Dillman et al.extract knowl-

edge representation from the object in hand [40]. This approach is the simplest for the

user.

Once the demonstrations have been collected, the next step is to extract their

features and reproduce proper robot actions. Moreover, for long-horizontal tasks which

they can contain multiple goals, one consideration should also be given as to how to

produce a high-level task plan and corresponding low-level motions to sequentially

achieve the �nal goal. The following sub-sections will review the current advances in

trajectory learning for a single task, task planning for long-horizontal tasks as well as

the integration of these two.

2.3.1 Trajectory Learning from demonstrations

Learning from Demonstration (LfD) methods provides a convenient approach, facili-

tating the mapping between human actions to robot actions and enabling rapid repro-

duction of trajectory-level behaviour. Probability-based approaches are often used to

encode the trajectory from diverse demonstrations. For instance, Gaussian Mixture

Model (GMM) is a probabilistic clustering model to represent sub-populations within

an overall population with the assumption that the data is uniformly distributed. In

the encoding phase, its purpose is to represent the states of motion from sampling

points[41],[38]. The Hidden Markov Model (HMM) also describes the distribution

of demonstration through a mixture of multivariate Gaussian. Unlike the GMM, it

also analyses the transition probabilities between each component. Therefore, it can



CHAPTER 2. RELATED WORK 18

describe spatial and temporal variability [42]. In LfD, HMM is extensively used in

recognising the trajectories [38],[43],[37]. To reproduce the desired behaviour, meth-

ods for reconstructing the trajectory have been introduced. The main methodology

used is Gaussian Mixture Regression(GMR) which provides a fast regression method

with the joint probability density derived from GMM [32],[38]. However, the afore-

mentioned approaches su�er from unseen situations and perturbations and thus lead

to generalization problems [13].

To enhance variability and adaptability, the Task-Parameterized-GMM was intro-

duced in [44]. This method involves deriving GMMs that are parameterized from

various task frames. However, it necessitates an additional algorithm for identifying

distinct task frames and lacks the capability to generalize to new, unencountered tasks.

Study in [45] addresses these limitations by employing optimization based on reinforce-

ment learning. Yet, the main issue of these methods is that they only concentrated on

Cartesian space (3-dimensional spaces) and fall short of directly generating actions for

robot joints actions.

Inverse Reinforcement Learning (IRL) is another research direction. It aims to in-

versely infer the potential reward of human experts while accomplishing a task. Krish-

nan et al.[46] proposed a framework that utilizes unsupervised learning for initial expert

demonstrations and thus can improve further explorations. Zhang et al.[47] study the

force-related tasks by using IRL while discovering both impedance and expert reward.

However, IRL may tend to be less robust when facing imperfect demonstrations. It

may not be generalizable for multi-tasks, as it needs the complete trajectory sets. On

the contrary, Behaviour Cloning (BC) directly learns the policy from human demos,

while it is also ine�cient for complex tasks. Therefore, research often combines the

BC with RL to improve the trajectory learning and generalizability [48].

Another common approach is to apply motion primitives. One common approach

is Dynamic Motion Primitives (DMP), which is often used to encode the trajectory

as a dynamic system based on positions, velocity, acceleration, and force.etc [43],[38].

Moreover, symbols were utilized as high-level task instructions, as demonstrated in the
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work [49], while symbolic representations have been used to optimize motion primi-

tives [50]. A study in [51] showed that a complex motion can be broken down into

distinct phases, and the transitions between each phase were learned using model-

based reinforcement learning. This approach depended on a pre-established library

of motor primitives. Additionally, Probabilistic Context-Free Grammars were applied

to construct a sequence of these motor primitives as seen in [52]. Skill trees are also

applied as the segmentation of expert trajectories for long-horizon manipulation [53].

Nevertheless, these works often require a careful design of motion-primitive symbols.

An alternative approach involves leveraging hierarchical structures to break down

a complex, goal-oriented trajectory into smaller sub-goals. Paul et al.identi�ed the

initial sub-goals, followed by the application of reinforcement learning for continuous

control [54]. Sub-goal trees have been introduced in [55] to recursively predict posi-

tions in each task segment, while Pan et al.combined inverse reinforcement learning

with demonstrations based on sub-goals [56]. However, these methods still necessitate

extensive exploration of the environment, even when demonstrations are provided.

2.3.2 Task plan learning from demonstrations

Plan learning from demonstrations encompasses techniques adept at learning task-

level abstractions, as discussed in [30]. Traditional planning methods typically rely on

pre-established symbolic rules designed to recursively address problems speci�c to a

domain. For instance, Kaelbling et al.[57] utilized the hierarchical nature of tasks to

de�ne task-level abstractions, enabling the formation of a planning and execution tree

for dynamic planning. The study in [58] implemented Answer Set Programming (ASP)

to assess the feasibility across various levels of task and motion planning.

The Planning Domain De�nition Language (PDDL) represents another conven-

tional approach. Gerevini et al.[59] developed planners focused on actions, employing

symbolic descriptions and logical formulations to delineate the e�ects and applicability

of actions. PDDL was further developed in the work [8] to facilitate temporal planning
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and further expanded to address hierarchical planning challenges in [60].

Hierarchy in demonstrated task structures has been explored. Task structures

can be constructed using a prede�ned AND/OR graph while considering all possi-

ble plan combinations [61][62]. Darvish et al.[63] developed a hierarchical architecture

for HRC that can perceive human actions and therefore build representations through

AND/OR graph and �nally make task decisions. Similarly, DeMello et al.[64] employed

an AND/OR graph to represent all potential assembly plans in tasks involving the ma-

nipulation of multiple objects. Meanwhile, the integration of this approach with DRL

to accomplish 
exible assembly processes for a single end product has been studied

in [61] The Hidden Markov Model (HMM) is also used to �gure out hidden parts of

sub-tasks, as shown in [65]. Hierarchical Task Networks (HTN) are used to set up task

structures and calculate how likely di�erent steps are to happen, as seen in [66] and

[67]. HTN was also used in [49], where they mixed symbolic and geometric planning

to plan tasks and movements. This needed special rules and knowledge from experts

to understand the e�ects of the symbolic planner. These methods still need careful

planning based on expert knowledge. The Markov Decision Process (MDP) was used

in [4] to manage production and inventory in Make-to-Order (MTO) problems. Yu

et al.[68] also looked at MTO problems, using group-based scheduling with the tabu

search algorithm.

The methods mentioned earlier usually don't require a training process. But, most

of them need manually written task descriptions, models for how tasks change (like

task structure), or rules, such as if-else statements to decide what actions are possible.

Because of this, these methods often need experts in the �eld to create the rules while

considering all the di�erent situations that could happen.

Recent progress in Learning from Demonstrations (LfD) has opened up possibili-

ties for automatically learning tasks without needing any hand-coding process. Pirk

et al.[69] managed to abstract tasks at a high level using natural language to describe

action symbols. These symbols were derived from sub-tasks shown in video demon-

strations using a Sequence-to-Sequence model. However, it's not clear how they com-
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bined these action symbols with motion plans based on position. Inverse reinforcement

learning (IRL) was applied to determine the best actions that yield optimal rewards,

speci�cally for customized products as shown in [9].

Researchers are increasingly using Graph Neural Networks (GNN) [70] for task-level

abstraction, thanks to their ability to naturally represent relationships between objects

or multiple tasks. Some research focuses on turning symbolic task descriptions into

graph formats. For instance, Hayes et al.[66] used a Conjugate Task Graph (CTG) to

create sequences of sub-tasks, while Su et al.[71] developed manipulation graphs that

include sets of motor primitives for performing manipulation tasks. Huang et al.[72]

introduced a Neural Task Graph (NTG), using LSTM to turn demonstrations into task

nodes, creating action transitions as edges that connect valid task nodes through CTG.

Li et al.[73] worked on training GNN with reinforcement learning (RL) for handling

multiple objects, but their results seem less e�ective compared to training GNN directly

with demonstrations as shown in the study [74]. Their approach shows adaptability to

new tasks. However, these methods still need a lot of work to set up the ground truths,

like deciding the order of sub-tasks and how each node is connected in the graph.

On the other hand, some studies have used Graph Neural Networks (GNN) to

understand the relationships between objects. To create high-level abstractions, Ye

et al.[75] used graphical interaction networks, while Battaglia et al.[76] captured how

objects interact with each other and with robots. They then used these relationships as

states in a Model Predictive Controller. Additionally, Silver et al.[77] focused on object

properties rather than their positions. They used these graphic observations to rank the

importance of objects and plan incrementally among many objects at once. However,

their method isn't well-suited for problems that require planning in a sequence. Lin

et al.[74] demonstrated that GNNs can learn task structures directly from just the

information about objects, without needing prede�ned symbolic task descriptions with

fully connected graph observations. Following this, Felice et al.[78] applied GNN to

identify important objects as a form of node classi�cation. Their work also showed

the ability to generalize to new pick-and-place tasks without prior training (zero-shot
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generalization). However, in their approach, they only consider the initial state of each

sub-task. Once the objects and their goal positions are known, they rely on traditional

motion planners for the actual movement generation.

Moreover, current advances in Large Language Models (LLM) have shown great

potential in robotics, especially for vision-based task planning. For instance, Hori et al.

[79] utilized an LLM-based question-answering agent that can improve robotic motion

planning. Consequently, Ren et al.[80] proposed a framework that measures and aligns

the uncertainty of LLM -based planer and therefore can ask for human feedback. Zhou

et al.[81] proposed a framework that can iteratively improve the robotics performance

which is originally proposed by LLM for long-horizon tasks. LLM shows promising

abilities in commonsense reasoning and planning. However, this method needs large-

scale computation and training datasets.

2.3.3 Task and Motion Planning

E�orts have been dedicated to integrating the aforementioned discrete plan planning

and continuous trajectory learning methods mentioned earlier into a uni�ed framework.

These methods are commonly referred to as Integrated Task and Motion Planning

(TAMP) [82].

The main challenge in Task and Motion Planning (TAMP) architecture is combining

a discrete task planner with a continuous motion planner. One common way to solve

this is through sampling-based methodologies. These methods blend discrete task

planning and continuous motion into a single search space. They use sampling-based

probabilistic searches to explore and �nd solutions within this space [83]. Fang et al.[84]

sampled valid sub-goals and actions using cascaded Variational Inference and a user-

de�ned reward function. Another method, used in [85], involves applying a conditional

sampler with domain knowledge to pick actions in a large solution space. However,

these sampling-based methods can be ine�cient in Make-to-Order (MTO) scenarios,

where the task-level search can become complex. Additionally, if the hierarchical nature
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of trajectories is taken into account, these methods might not �nd any solutions at all

[83].

To address the limitations of sampling-based methods in Task and Motion Plan-

ning (TAMP), one possible solution is the use of Procedural Attachment [83]. This

approach involves a high-level task planner followed by an external motion planner

[83]. Several studies have applied Procedural Attachment in 
exible production with

robots. For example, Kurosu et al.[86] used Mixed Linear Programming (MILP) to

prioritize the sequence of objects, and Behrens et al.[87] employed Ordered Visiting

Constraints (OVC) with constraint optimization. However, these techniques require

a pre-known symbolic representation of the task structure to manipulate workpieces

sequentially towards a speci�c goal con�guration. This need for a prede�ned task de-

scription means they struggle with environmental variations. Therefore, if a customer

order changes, it becomes necessary to rede�ne the task description and retrain the

model. Additionally, in these implementations, only high-level plans are considered,

while low-level, collision-free motion generation is left to existing motion planners like

Rapidly Exploring Random Tree (RRT), which can be time-consuming.

To handle variations in observed objects, recent advancements in Graph Neural

Networks (GNN) [74] have demonstrated the capability to use graph-encoded represen-

tations for learning high-level policies, rather than relying on symbolic representations.

For instance, Lin et al.[74] showed that this approach can learn task-speci�c rules and

adapt to varying geometric goal con�gurations by utilizing objects' observations during

demonstrations. However, their method only addresses scenarios where the task struc-

ture remains unchanged. This means it's not equipped to handle redundant objects

within a task structure or across di�erent tasks. Additionally, their approach doesn't

accommodate variations in the sequences of tasks involving objects, which is crucial

for the human element in Human-Robot Collaboration (HRC) scenarios.

As discussed, LfD approaches often encounter generalization issues. The main

reason is that demonstrations are often constrained to speci�c expert policies. Since

the environment may not be fully searched by demonstration, the agent is likely to fail
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when the unseen input arrives [30]. E�orts have been made to improve the robot's

generalization ability by combining diverse potential manipulation rules as seen in

AND/OR graph or Hierarchical Task Networks. However, these solutions need careful

design with domain expert knowledge.

2.4 Visual manipulation for Robotics in HRC

This thesis also focuses on how to interpret the demonstrated visual human information

as well as objects and thus produce corresponding robot actions. Therefore, this section

provides a literature review of vision-based human and object understanding.

2.4.1 Human action understanding

Human action understanding is the key factor of HRC in terms of safety measurement

and robot programming. By understanding human actions, the robot can infer human

intention and therefore cognitively make decisions or actions that can assist humans

further. Unlike the traditional user interface like a keyboard and touchscreen, vision

information can relieve the burden of communications in HRC. As a result, it leads to

intuitive programming which o�ers an easy robot programming approach for humans

with non-expert knowledge.

For di�erent assembly actions, human gestures can be unique. As the human body

and hands have unique features, for instance, skin colour and body shape, compared

with environment [88]. Some of the research has focused on identifying human gestures

through spatial images. For instance, Brethes et al.[89] proposed a framework to au-

tomatically segment the picture and detect skin colour for hand and body recognition.

The drawback of this method is that it can be a�ected by environmental illumination

and human races. The local features approach has been proposed to eliminate the

illumination e�ect, which is less sensitive to lighting. It is a detailed texture-based

approach which segments the image into small parts and does not correspond to body
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parts according to Speeded up robust features (SURF) by [90] and Oriented FAST and

rotated BRIEF (ORB) by [91]. However, only analysis of human gestures can be inef-

�cient as human gestures may vary from time to time, even for the same actions. As a

result, current advances focused on utilizing Neural Network (NN) approaches to enable

more robust and e�cient scene recognition. Chen et al.[92] adopted convolutional neu-

ral networks (CNN) to perform scene understanding including the information about

human and environmental surroundings to infer human actions. Zhang et al.[47] pro-

posed a more detailed dual-CNN model, where one CNN identify the human pose while

the other considers the objects' context.

In the HRC environment, human motions are also crucial to enable the robot to

recognise the assembly intention. In order to identify and correctly track the movable

human in di�erent frames, several gesture-tracking solutions have been proposed. One

solution is to represent the human in only one hypothesis which refers to single hy-

pothesis tracking, for instance, Mean shift tracker[93] and Kalman Filter[94],[95]. To

classify the tracked motions, it often relies on machine learning algorithms. K-nearest

neighbour (KNN) is able to classify user movements using the closest training points.

Given that the observation is a continuous sequence, the Hidden Markov Model (HMM)

and Gaussian Mixture Model (GMM) are able to extract the desired states. Thus, the

test data sets can be classi�ed by comparing extracted states with the trained model

[96]. Current works also focus on utilizing Neural Network (NN)-based algorithms for

classi�cation, for instance, Recurrent Neural Networks [7] as well as semi-adaptable

Neural Networks [97] with skeleton data or hands.

Combining temporal motion features with spatial assembly context can be more

e�ective in distinguishing various assembly actions, especially in Assemble-to-Order

problems [98]. When creating a variety of products, di�erent components may be

placed in the same position based on customer demand. In this scenario, the assembly

motions, such as moving to a particular position, maybe the same, but the correspond-

ing objects can vary. Many existing approaches often employ Convolutional Neural

Networks (CNN) for object detection and Recurrent Neural Networks (RNN) to recog-
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nize assembly actions, utilizing data from depth image sequences [99] or skeleton data

[61].

For long-horizon sequential collaborative tasks, the robot should thus recognise the

human intended the end-goal and plan based on observed human action sequences.

Cognitive architectures have been studied for this purpose, for instance, Learning In-

telligent Distribution Agent (LIDA) [100], Adaptive Control of Thought (ACT) [101]

and ACT-Rational [102],[103]. they can integrate the low-level perception knowledge

and extend to necessary control behaviour, for instance, motion planning, decision

making, and memory[104]. However, there are still existing problems, for example,

high dimensional data can cause the decision to become unstable [104]. Probabilistic

approaches have found extensive applications in estimating human intended goals. For

example, Bayesian Inference has been employed to infer human navigation goals [105]

and to determine assembly plans using prior knowledge of human pose and object

interaction as studied in [7]. Additionally, Variable-Length Markov Models (VMM)

have been utilized to analyze classi�ed action sequences, leading to the generation of

optimal plan predictions [47]. It's worth noting that these approaches often rely on

prior knowledge provided by domain experts.

2.4.2 Robot manipulation

Computer vision also plays an important role in robotics manipulation tasks. It enables

the robot the ability to sense the environment and provide feasible solutions for grasping

the desired objects even in multi-object scenarios.

Towards addressing this problem, one research direction is to model the geometric

property of the target object. Generative Grasping Convolutional Neural Network

(GG-CNN) has been proposed in [106] and [107] that is able to predict the grasping

quality and grasping pose for the end-e�ector based on the pixels from the object's

depth image. Sundermeyer et al.[108] proposed an end-to-end grasping network that

can directly generate a distribution of 6-DoF parallel-jaw grasps. By determining the
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full 6-DoF grasp pose and width in the observed point cloud, the dimensionality of the

grasp representation can be e�ectively reduced to 4-DoF. Zhang et al.[109] analysed the

point cloud features based on the estimated 6D pose from Pixel-Wise Voting Network

(PV-net). Huang et al.[110] equipped an event-based camera system to generate a

grasping strategy with the point cloud information. Unlike the aforementioned studies

which often focus on grasping pose estimation, Wang et al.[111] also concerns the

generation of the collision-free trajectory generation. They proposed a hierarchical

framework that learns goal-driven grasps based on partial point cloud observations.

During training, an embedding space is learned to encode expert grasp plans, and

during testing, a variational autoencoder is used to sample diverse grasp trajectories.

The aforementioned methods often require rich information about the target object,

for example, point cloud, or CAD model. Meanwhile, it can be problematic when the

target object is overlapped by the surrounding objects too much and therefore the

direct grasping pose estimation may not be e�ective.

One possible solution is to reason the objects' relationship through the visual fea-

ture, and thus allow the robot to grasp the intended object orderly. For instance,

Li et al.[112] consider the objects' pair and proposed visual phrase-guided CNN. Qi

et al.[113] constructed spatial and temporal object graphs through detected features

and thus detected the human-object interaction through a proposed Graph Parsing

Neural Network (GPNN). Lu et al.[114] combine the detected spatial, semantic and

visual information from object pairs and produce the object interaction status through

CNN and tree-based gradient boosting models (GBMS). Consequently, Lu et al.[115]

studied the same problem by using Sequence-to-Sequence (Seq2Seq) with the Trans-

former model. Guermal et al.[116] proposed a three-step framework which can reason

the object-object relationship in a temporal video clip. For the speci�c application in

robotics, Goodwin et al.[117] investigated the rearrangement of unseen but similar ob-

jects with seen goal images by leveraging the semantic and visual information through

Contrastive Language{Image Pre-training (CLIP). Huang et al.[110] study the objects'

relationship over the robot manipulation via partial point cloud and Graph Neural Net-
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work. Ardon et al.[118] constructed a knowledge graph representation using Markov

Logic Networks to obtain the probability distribution of an object's grasp availability.

Moreover, there is also attention been paid to the speci�c object stacking environment

using CNN as in [119],[120]. This means that CNN would need to systematically exam-

ine every possible relationship between each pair of objects in the image. GNN has also

been applied to predict the relationship nodes through the encoded graph observation

[121],[122].

2.5 Summary

This chapter has introduced the concepts of traditional robot learning approaches,

reinforcement learning and learning from demonstrations speci�cally for trajectory

generations and task plan learning, and computer vision technologies on human action

understanding and robot manipulations. They form the foundations of the thesis, and

they can be concluded as follows:

ˆ Section 2.1 initially provide the traditional methodologies in robot learning. As

stated, they lack adaptiveness in regard to environmental changes.

ˆ Section 2.2 provides a general background of reinforcement learning for the work

in Chapter 3. It is a model-free learning scheme that allows the robot to explore

the environment while building the state-action transitions through Markov De-

cision Process. Current advances in DRL have shown great potential in tackling

complex control problems. However, sample ine�ciency is a major issue, espe-

cially in industrial settings. Therefore, Chapter 3 proposes a novel LfD frame-

work that can e�ectively guide the exploration and the importance of diversity

in memory bu�er will be studied.

ˆ Section 2.3 review another robot learning method as Learning from Demonstra-

tion (LfD) in both trajectory reproduction and task planning. For robot trajec-

tories, probabilistic models are often used to model diverse demonstrations for
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one end goal. These studies only focused on the 3D positions of the end-e�ector.

Motion primitives are also used to encode the trajectory as a dynamic system

with primitives, such as symbolic representations. Moreover, hierarchical struc-

tures can be used to decompose the more complex goal-oriented trajectories into

subgoals and actions, while the current studies still need extra exploration to

guarantee generalization ability. Therefore, Chapter 3 proposes and studies a

novel motion planner that can handle diverse expert trajectories e�ciently and

produce direct joint actions. It holds the generalizability without the need for

exploration.

Task planning, on the other hand, plays an important role in long horizontal

tasks. It aims to learn the high-level task abstractions for each sub-task. Tra-

ditional methodologies often use prede�ned symbolic task abstractions while it

needs hand-coded manipulation rules. Therefore, Chapter 4 aims to utilize ma-

chine learning methodology (speci�cally Graph Neural Networks) to automati-

cally learn the underly task strictures from the demonstrations without hand-

coding.

ˆ Section 2.3.3 introduces TAMP architecture that can integrate the aforemen-

tioned continuous motion generation and discrete task planning. Sampling-based

methodologies merge the task and motion planning into one search space and �nd

the solution through probabilistic search, while it is not able to handle complex

tasks. Procedural attachment is another direction that produces actions in corre-

spondence with a high-level planner. Based on this, Chapter 4 further proposes

a TAMP system by combining the proposed task and motion planner following

Procedural attachment methodology.

ˆ Section 2.4.1 reviews the vision-based human action understanding for the part

of the work in Chapter 5. Human gestures can be a vital source for di�erent

assembly actions. It can be detected through skin colour classi�cation, while NN

can be more robust when considering object context in the scene. Human motion
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predictions are also important. Current approaches often utilize probabilistic

models and NN-based methods. Chapter 5 considers combining the temporal

motion features and spatial assembly context, which has been proven to be more

e�ective in distinguishing di�erent assembly actions, especially in MTO scenarios.

Afterwards, the robot should recognise intentions and plan through the observed

action sequences in long-horizontal MTO tasks. E�orts have been made to de-

velop cognitive architectures by integrating perception knowledge and control

behaviours, while they may su�er from high dimensional observations. Another

research direction is to utilize probabilistic approaches, which are often heavily

based on prior expert knowledge. Thus, Chapter 5 further proposes a novel task

planner that can process graphic human action sequences and hold generalization

ability in unseen observations.

ˆ Section 2.4.2 o�ers a review of vision-based robotics manipulation approaches

for Chapter 6. For a scene containing multiple objects, some of the current

research focuses on estimating the optimal grasping pose. These approaches

often need rich object information. Another research direction is to reveal the

visual relationship between the objects and thus build manipulation trees based

on classi�ed relationships. Based on these, Chapter 6 proposed a cost-e�ective

visual solution generation system that aims to produce grasping actions directly

from image scenes.



Chapter 3

Continuous trajectory learning

3.1 Introduction

This section aims to tackle the motion planning problem of robots in multi-object

environments while dealing with variations including object positions and manipulation

order variations. Speci�cally, this chapter studies sequential HRC for adaptive human

error correction.

The presence of humans in manufacturing may introduce disturbances into the

system and result in variations and unpredictability. As a result, product quality could

be highly impacted [123]. In assembly processes, common errors include omitting items,

the application of wrong components and improper installation to mention a few [123].

Current approaches in error handling are limited to classifying human errors [123],

allowing humans to override robots [124] or focus on only speci�c types of errors, for

instance, positioning [125].

In situations where there are various objects to pick and place, learning just a single

trajectory isn't adequate. Collecting a range of demonstrated trajectories can be time-

consuming and resource-intensive. At the same time, the safety of these objects during

manipulation is a crucial factor that needs to be taken into account.

To tackle these challenges, this work decomposes the motion planning problem into

31
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hierarchical two-level steps including the following components:

ˆ Subgoal planner is a variational-inference-based probabilistic regressor. By ac-

cessing information about a task, such as its label, the subgoal planner can ef-

fectively integrate di�erent trajectories for various picking and placing positions.

This integration is crucial for handling tasks that involve moving objects to dif-

ferent locations, as it allows the planner to adapt to a variety of scenarios by

predicting the necessary subgoals based on the speci�c task at hand.

ˆ For executing the actions related to each sub-goal through �nal joint actions, an

action planner is developed. This planner is capable of directly learning actions

by modelling expert preferences using a simple neural network. This approach

di�ers from [126], where neural networks were employed to learn the state tran-

sition function and, in turn, guide the action learning of Deep Reinforcement

Learning (DRL). The method presented in this study enhances data e�ciency

and eliminates the necessity for extensive exploration.

However, it has been noted that the subgoal generation could su�er from high

dimensional observation. To improve the success rate, this Chapter further proposes

a hybrid hierarchical guidance architecture in order to guide DRL agents for more

e�cient learning.

Consequently, there are serval research questions that this Chapter aims to address:

ˆ Q1: Is it e�cient enough to only model the function of expert preference (i.e.

goal-state positional di�erence) for dealing with variations in object positions?

ˆ Q2: Can it produce collision-free subgoals through raw observations while dealing

with objects' position variations and manipulation order variations?

ˆ Q3: There will also be experiments that are designed to examine the most ap-

propriate way of guiding DRL with demonstrations.
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Figure 3.1: two-level motion planner

3.2 Methodology

Fig.3.1 shows the proposed motion planner, the inputs of the Task-conditioned subgoal

planner (TASK VI) are full observations of objects and end-e�ector positions. A simple

classi�er is used to identify the task stages aspicking or placing . By modelling

the expert preference as goal-state (or subgoal-state) positional di�erence, the Neural

Dynamic Planner is proposed to produce joint actions.

Moreover, as found in the experimental section, the high-dimensional observations

can result in ine�cient subgoal planning. Thus, this work further proposes a framework

that enables more e�cient trajectory learning of DRL by leveraging the proposed

model-based two-level motion planner. At the early stage of training in DRL, one

of the most common issues is that there will be slow convergence as it may explore

too many unnecessary states. Therefore, the two-level motion planner is used as a

semi-supervisor of DRL and thus guides the DRL agent to narrow down the search

space.

3.2.1 Task Conditioned Subgoal Planner

In sub-goal planning, when the same object is picked for di�erent locations, similar

observations might confuse the planner. To avoid this, task parameters, such as labels,

are provided to help di�erentiate between di�erent tasks. Let x 2 X stand for the

raw observations ands 2 S be the corresponding 3D trajectory level subgoal from
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Figure 3.2: The architecture for the Task-conditioned sub-goal planner starts with an
input layer that takes in raw observations from the environment. It then processes
these observations through two fully connected intermediate layers to extract rele-
vant features. These features are combined with task labels as inputs. It adopts a
Variational inference to predict sub-goals, employing a reparameterization process for
e�ective training. Finally, the Tanh activation function is used throughout the network
for non-linear processing.

demonstrations. The robot end-e�ector isr . A classi�er based on MLP is �rstly built

as l = c(x; � c), where l 2 L is the task label and� c are the training parameters of the

classi�er. The full observations can thus be expressed asO = f x; l; r g.

Moreover, instead of using a deterministic model that directly generates the cate-

gorical distribution p(s j O), a variational inference-based probabilistic regressor with

additional uncertainty output � (e.g. standard deviation(std)) is adopted. The latent

parametersQ(z) � N (�; � ) are formulated to approximate the ground truth sub-goal

s as p(z j O). The � and � can be parameterized with neural network as dependency

of O, � = f � sub �
(O), � = f � sub �

(O). According to Bayes rule, the posteriorp(z j O) can

be expressed as Eq.3.1. The integral form of marginal likelihood
R

p(O j z)p(z)dz is

often computationally intractable. In variational inference, it tries to �nd the optimal

distribution p� (z) that approximates the posterior distribution. It is equivalent to per-

forming optimization by maximizing the Evidence Lower Bound function (ELBO) in

Eq.3.2, whereEz� Q[logp(s j z)] is the likelihood term and Dkl is the Kullback-Leibler

(KL) divergence that regulates the predicted variational probabilityq(z) with a prior

distribution p(z). The KL divergence can be rewritten as the expectation form ofz

and �nally, the cost function can be expressed as Eq.3.3.
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Assuming the likelihood and variational distribution are Gaussian according to

[127], they can thus be replaced with a negative Gaussian log-likelihood function in

Eq.3.4. For prior probability, the ground truth sub-goals are assumed as a unit Gaus-

sian distribution p(s) � N (0; 1).

Fig. 3.2 illustrates the network architecture, it uses a Stochastic Gradient Varia-

tional Bayes(SVGB) estimator with reparametrization trick to train the model [127].

By accessing task labels, the sub-goal planner is able to produce adaptive sub-goals

among di�erent tasks. The variational inference concepts can lead to high likelihood

while penalizing over-�tting when estimatedq(z) is far away from the true prior p(z).

p(z j O) = p(z)
p(O j z)R

p(O j z)p(z)dz
(3.1)

arg maxOz = Ez� Q[logp(s j z)] � Dkl [q(z)jjp(z)] (3.2)

L sub = Ez� Q[logp(s j z)] � Ez� Q[logq(z) � logp(z)] (3.3)

L Gaussian = �
N
2

(2�� 2
� �

) �
1

2� 2
� h

NX

i =1

(p0
i � � � � ) (3.4)

3.2.2 Neural Dynamic Planner for joint actions

Figure 3.3: The neural dynamic planner's architecture. Its inputs consist of the dis-
tance between the predicted sub-goal and the current position of the end-e�ector.
These inputs are then processed through a feedforward three-layer neural network.
The network's purpose is to ultimately generate the joint actions needed to achieve the
sub-goal. Between each layer of the network, the ReLU activation function is used.
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For the action planer, since there will be a large number of observations and con-

tinuous actions, a small number of demonstrations is ine�cient to directly map the

observations to optimal actions required to achieve the sub-goal.

In the natural way of a human reaching task, the distance often contributes to

direction preference [128]. Inspired by this, the expert preference is modelled as a

dynamic transition function. Assume experts always prefer to minimize the distance

between current end-e�ector positionr t and sub-goal positionst at every time stept:

� t = st � r t in a consistent way (i.e they will �rst minimize � t in the x-y plane, and thus

approach the �nal goal vertically). Meanwhile, the joint actionsat = [ a1; a2; a3; :::; an ]

will lead to di�erent position r t through forward kinematic in robot arm. Thus, a

dynamic transition function is formulated which contains a continuous state space as

� t with action spaceat = [ a1; a2; a3; :::; an ]. It aims to obtain the actions from the

expert preference �t = st � r t inversely through a simple neural networkat = D � D (� t )

as shown in Fig.3.3. This is equivalent to approximating the inverse kinematics of

expert demonstrations. It is trained with a supervised loss function as Mean Square

Error(MSE), which minimizes the loss between ground truth actionat and prediction

as shown in Eq.3.5, whereT is the training batch size.

L act =
1
T

�
(at ;� t )2 T

1
2

jjat � D � D (� t )jj
2 (3.5)

3.2.3 A hybrid guidance framework for Deep Reinforcement

Learning

Inspired by [129], this work aims to integrate the expert planner with a Reinforcement

Learning(RL) agent to improve success rates with only sparse reward. In this part,

the problem can be formulated as a Markov Decision Process (MDP) with continuous

state spaceS and action spaceA . Since the proposed planner is acting on the joint

action level, it is able to provide the subgoal and thus useful actions and corresponding

state to allow more e�cient exploration of the RL agent.
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Algorithm 1 Hybrid Hierarchical Guided RL
Initialize RL agent and Experience Replay Bu�erR

Trained Hierarchical Plannerh,d,c

Guidance ratio �

for Epoch=1,M do

if � then
Reset environment and receivess1 and x1

Task Label l = c(x1)

Corresponding Final Goal positionpgoal

for T=1,Hhi do
Subgoalp0

T = h(xT ; lT = c(xT ))

for t=1, H lo do
Select actionat according to current policy

Calculate future end-e�ector positionpt+1 according toat

Future Distance � t+1 = p0
T � pt+1

if � t+1 > � g then
Current Distance � t = p0

T � pt

Corrected actionat = d(� t )
Executeat ,and receives statest+1

Store expert transition

else

for n=1,Hhi � H lo do
Pure RL exploration

Stores transition
Sample a mini-batch from R

Update RL agent

Algorithm 1 illustrates the proposed pipeline. Note that observationx fed into

h and c is di�erent from the state s for the RL agent. Deep Deterministic Policy

Gradient (DDPG) with Hindsight Experience Replay (HER) is adopted as the baseline

RL agent. It is tricky for an RL agent to achieve a high-dimensional end goal with only

sparse rewards. Hence, at the beginning of each task, the proposed hybrid framework
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�rst classi�es tasks l = C (x 1) and selects the corresponding object positions. Each

task can therefore be decomposed into pick-and-place tasks. Also, a critical issue with

pure demonstration-guided RL agents is noted: with only informative experiences, the

agent is likely to lose its knowledge as the experiences are too limited [130]. To address

this problem, there are two solutions being designed:1. Setting up a guidance ratio�

to allow the agent to be guided or explore by itself alternatively;2. At every action

planning horizonH lo, instead of directly using expert actions, the proposed framework

intend to correct the action from the agent's policy. This means that it �rst calculates

the future distance � t+1 with forward kinematic and only correct the actions which

cause � t+1 greater than a guidance threshold� g, which is 0.05m in this study.

3.3 Experimental setup

The experiments are built and conducted in a simulation platform CoppeliaSim [131].

In the simulation environment, a Universal 10 (UR10) robot arm with a suction cup

is adapted to interact with cubic objects, where the objects are placed on a table in

front of the robot. The robot is controlled by the proposed models written in Python.

The �rst simple experiment is to place or stack the objects based on pre-de�ned

goals as shown in Fig.3.4. The tasks require the robot to produce actions that can move

an object to the various target locations starting from a �xed initial state. Assuming

the demonstrated actions can be imperfect, this experiment is designed for the Neural

Dynamic Planner with DRL to assist its ability to improve DRL learning e�ciency

with only direction preference.

Moreover, to validate the two-level motion planner, two multi-object correction ex-

periments are designed and simulated. The experiments are set up under the assump-

tion that the robot should correct errors according to end goals as Fig.3.5. The human

error can be re
ected in di�erent cases including the objects' placing orders (wrong

components) and objects' positions (improper placing). The robot is thus involved

in sequential collaboration to correct them with the green cuboid as the benchmark.
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(a) Stacking. (b) Placing.

Figure 3.4: Designed tasks, the left top pictures illustrate the �nal goal.

Fig.3.6 illustrates the �rst experiment, the wrong component can be either red or blue.

Fig.3.7 describes the second two objects correction experiment where objects should be

corrected sequentially as objects may occupy other positions. Lastly, collisions among

objects are prohibited.

Figure 3.5: Objects placing end goal. The robot is required to place each cuboid in
correct position and order (e.g green, blue and red )

For the �rst placing and stacking experiments, the demonstrated joint actions were

collected through keyboard teleportation, which means the demonstrator controls each

joint movement through keyboard command. There were 3 controlled joints including

[q0
base; q0

shoulder ; q0
elbow]. which a�ect the end-e�ector positions mostly. As the demon-

strated actions may be imperfect, only the action direction is recorded. To judge

whether a demonstration is successful, the �nal goal-state positional di�erence is mea-

sured if it is within a threshold j� j < 0:15m as shown in Fig.3.8. Therefore, instead

of producing actual actions, the Neural Dynamic Planner only generates directions



CHAPTER 3. CONTINUOUS TRAJECTORY LEARNING 40

(a) Case 1 (b) Case 2

Figure 3.6: One object correction experiment with the same end goal under two sce-
narios. Numbered arrows represent the correction sequence

(a) Case 1 (b) Case 2

Figure 3.7: Two objects correction experiment with the same end goal under two
scenarios. Numbered arrows represent the correction sequence

di 2 [� 1; 0; 1] which stand for -1: Moving Negatively; 0: Not Moving; and 1: Moving

Positively. The Neural Dynamic Planner can be involved anytime when the actions

proposed by DRL may cause the calculated future goal-state positional di�erence �t+1

to exceed a threshold� (which is 0.05m in this study).

For the second human error correction experiment, the planning strategy is man-

ually designed as how to sequentially correct each object according to the last section

while avoiding collisions. Afterwards, the demonstrations are segmented according to

objects' position with change point detection in slope [132]. The observationsO include

three raw objects' 3-dimensional positionsx, 3-Dimensinoal end-e�ector positions and

4 task labels, while yielding a total of 16 observations. As a result, the observations

can be labelled into di�erent classes accordingly. For each cuboid manipulation, they

are labelled as picking or placing stage including: 0. Picking Blue, 1. Placing Blue, 2.



CHAPTER 3. CONTINUOUS TRAJECTORY LEARNING 41

Figure 3.8: Absolute Goal-state positional di�erence of successful demonstrations for
stacking and picking experiments collected using keyboard teleportation. For the stack-
ing experiment, there are 28 demonstrations with a maximum di�erence of 0.12m. The
placing experiment contains 30 demonstrations with a maximum error of 0.1m.

Picking Red and 3. Placing Red. For every stage, the time series data is re-sampled

in order to keep their time length equal to 5. Overall, there are 20 demonstrations for

every case in these 2 experiments.

For both experiments above, the standard DDPG with HER architecture is adopted

as the baseline DRL agent. As mentioned above, it can be found that it is tricky

for an RL agent to achieve a goal state formed as three object positions (shown as

Fig.3.5). Instead, the goal state is assigned according to task classi�erc. Thus, the

goal of the RL agent is to pick and place a blue object when label=0 or 1 or a red

object with label=2 or 3. The goal can be expressed as the correct position and

yaw angle of the corresponding objectPgoal = [ xgoal; ygoal; zgoal; 0] and observe its cur-

rent condition Pobj = [ xobj ; yobj ; zobj ;  yaw ]. The rest of the observations include joint

angle, end-e�ector's position and orientation. The reward is designed as a sparse re-

ward with Euclidean distance as Eq. 3.6, where� r is the distance threshold. The

positions are measured in meters and yaw is measured in radians. The actions are
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[q0
base; q0

shoulder ; q0
elbow; q0

wrist 3] within [ � 6; 6]. Meanwhile, the end-e�ector is disabled once

any collision happens. This is to prevent the agent from learning any unnecessary be-

haviour.

Rt =

8
<

:
0 jPobj � Pgoalj < � r

� 1 otherwise
(3.6)

During testing, the performances of the Task-conditioned subgoal planner and the

DRL agents are both assessed with Success Rate (SR). At the initial stage, the objects

are randomly placed within a speci�c range. One successful trial is de�ned as the �nal

reward R is 0; thus, SR stands for the percentage of the successful trial out of the total

attempts.

success=

8
<

:
1 R = 0

0 otherwise
(3.7)

3.4 Results

3.4.1 Neural Dynamic Planner

This section focuses on evaluating the e�ectiveness of modelling only the expert prefer-

ence, speci�cally the distance between the current state and the sub-goal, to generate

e�cient actions in the robot's joints.

For the stacking and placing experiment, Fig.3.9 illustrates the Neural Dynamic

Planner's performance in guiding the early stage of DRL exploration via only direction

output. As the �gure shows, the DRL agent produces random actions at the exploration

phase, the Neural Dynamic Planner can correct the actions, and make the goal-state

positional di�erence coverage smaller than 0.15m.

In the human error correction experiment, the actions generated by the Neural

Dynamic Planner are depicted in Fig.3.10. When the model's inputs include the com-

plete observation, which consists of the current end-e�ector position and the sub-goal,
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(a) Stacking. (b) Placing.

Figure 3.9: Goal-state positional di�erence with Guided Exploration.

denoted as� (r t ; st ), the model becomes a simple actor-network as those in actor-critic-

based reinforcement learning methods like Deep Deterministic Policy Gradient (DDPG)

[17]. These models undergo training with 5-fold cross-validation and a learning rate of

1 � 10� 3. In the experiment, the robot is permitted a maximum of 30 steps to reach

the predicted sub-goal. The absolute mean distance between the end-e�ector and the

sub-goal is recorded at each timestep.

As depicted in Fig.3.10, when full observations� (r t ; st ) are used, they fail to produce

optimal actions, as indicated by the red curve which shows that the predicted actions

remain constant. The ine�ciency in state-action pairs can lead it to become trapped

in local optima. Additionally, the similarity between observations may pose challenges

during the training process. In contrast, the proposed Neural Dynamic Planner, rep-

resented by the blue line in Fig. 3.10, demonstrates its e�ciency and adaptability by

converging to a distance of less than 0.02m in approximately 15 steps.

3.4.2 Task-Conditioned Subgoal Planner

This section aims to examine the ability of the proposed subgoal planner in human error

corrections with full observations without DRL. For each cuboid manipulation, the

observations are labelled into di�erent picking or placing stages including: 0. Picking
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Figure 3.10: The comparison of di�erent inputs is illustrated in the �gure, which
displays the absolute mean distance between the current state and the subgoal along
with the standard deviation over steps. This analysis is based on 20 trials, each with
random initial positions and sub-goals.

Blue, 1. Placing Blue, 2. Picking Red and 3. Placing Red. For every stage, there will

be �ve subgoals.

Fig.3.11 describes the example frames on handling two objects correction with four

task labels. It is able to adaptively arrange subgoals followed by informable actions.

It also indicates that the planner is su�ce to avoid any collision among objects. For

the numerical results from Table 3.1, they are assisted with same reward function as

Eq.3.6 with greater thresholds. It can be found the planner is not biased as the success

rates of di�erent sub-tasks in the same experiment are almost identical. Meanwhile,

the success rate does not decrease a lot along with increases in the complexity of

experiments, which proves the robustness of the model. However, it can be noticed

that the time steps increase in some of the two object correction tasks as the predicted

subgoal oscillates during the picking stage as shown in Fig.3.11b. Lastly, the main

failure case is caused when the subgoal or action planned is not su�cient to pick up

the object. The possible reason could be that it is not very e�cient in handling large
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(a) Case 1: Robot corrects the blue object as it occupies the red one's position and thus the red one
sequentially.

(b) Case 2: Robot corrects the red object as it occupies the blue one's position and thus the blue one
sequentially.

Figure 3.11: The di�erent planning scenarios of two objects correction experiment as
shown in Fig.3.7. The proposed method �rst classi�es the task labels according to
pre-de�ned goals (Fig.3.5). The robot thus corrects the corresponding objects while
avoiding any collisions with the proposed two-level motion planner. The squares stand
for the classi�ed stages of picking or placing. The orange sphere in the scenes stands
for predicted subgoals.
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One object correction

Task Object
Avg. Success rates Avg. Steps taken

� r =0.08 � r =0.06 � r =0.08 � r =0.06
Case 1Blue 0.66(� 0.01)0.51(� 0.05)40.35(� 4.16)43.35(� 3.73)
Case 2Red 0.63(� 0.04)0.53(� 0.02)41.57(� 3.31)42.47(� 3.2)

Two objects correction

Task Object
Avg. Success rates Avg. Steps taken

� r =0.08 � r =0.06 � r =0.08 � r =0.06

Case 1
Blue 0.64 (� 0.01)0.54(� 0.03)41.35(� 2.16)48.35(� 4.61)
Red 0.61(� 0.02) 0.51(� 0.04)43.11(� 3.31)48.11(� 5.17)

Case 2
Red 0.59(� 0.06) 0.53(� 0.02)39.53(� 6.16)41.1(� 2.14)
Blue 0.62(� 0.01) 0.53(� 0.04)51.37(� 5.1) 54.52(� 5.1)

Table 3.1: The success rates of two-level Planner under di�erent thresholds in two
experiments.

continuous observations.

3.4.3 The importance of demonstrations for DRL

For the �rst stacking and placing experiments as shown in Fig.3.12. The Neural Net-

work Planner is capable of guiding the learning of the DRL even with dense rewards

by narrowing down the search space with only directions.

(a) Stacking. (b) Placing

Figure 3.12: Success rate in two tasks. Bold lines indicate the mean success rate while
a lighter line represents each training curve.
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Furthermore, the proposed hybrid hierarchical guidance framework is assessed for

more complex human error correction tasks. In RL training, the threshold is set as

� r = 0:01 and the max step is 40. Fig.3.13 shows the training curves of total suc-

cess rates of picking and placing either red or blue cuboids with the hybrid approach

(� = 0:7), fully guided RL (� =1) and pure exploration (� =0) for these two error cor-

rection experiments. Each subtask was trained in sequence. The overall success rates

of the proposed approach can achieve 0:95 and 0:91 within 550 epochs without any

collision. It can be found that the Hybrid Hierarchical Guidance is able to not only

provide informative actions but also maintain diversity in the experience bu�er. For

full guidance, the agent is biased toward one speci�c task. As the agent only receives a

nearly optimal strategy, the prediction accuracy for less common states or behaviours

may become worse due to over�tting. On the contrary, pure exploration is sample

ine�ciency.

Figure 3.13: Training curves including hybrid guidance,fully guidance, and pure explo-
ration for two experiments

3.4.4 Summary

This section discusses the proposed architecture and revisits the research questions

raised in section 3.1 based on the results from the experiments conducted.

As the continuous state-action space can be quite large for robot trajectory learning,

only modelling the dynamic of expert preference as the goal-state positional di�erence



CHAPTER 3. CONTINUOUS TRAJECTORY LEARNING 48

can be e�cient for dealing with object position variations. Moreover, the proposed

Neural Dynamic Planner can also deal with imperfect demonstrations. As shown in

Fig.3.9, it is also capable of guiding random actions with only direction modelling.

This addressesQ1.

Moreover, the subgoal planner is able to produce collision-free subgoals through

raw observations. However, high-dimensional observations a�ect the performance of

subgoal generation.

To addressQ3, the demonstration can indeed improve the sample e�ciency of DRL.

However, combining the results in Fig.3.12 and 3.13, it can be found that, maintaining

the experience diversity of the memory bu�er is also necessary.

However, the weakness of this work is that both the proposed planner and DRL

agent su�er from high-dimensional observations and thus lead to ine�cient perfor-

mance. Chapter 4 aims to tackle this issue with a more complex setting further.



Chapter 4

Adaptive Task and Motion

Planning in varying scenarios

4.1 Introduction

As discussed in the previous section, to tackle the robot learning problem, especially

in multi-object scenarios, both the LfD-based motion planner and DRL su�er from

high-dimensional observations, while the DRL still needs a long time of training even

with a proper design of the guidance from the proposed motion planner. Thus, this

section mainly focused on designing a pure LfD framework that can handle multi-object

manipulation problems that consider variant goals and task structures. Meanwhile, this

problem is termed as massive Package-to-Order (mPTO) in a manufacturing setting.

An example of mPTO (make-to-order production) is seen in packaging companies

that assemble hamper baskets for their employees during festive periods. This study

focuses on mPTO scenarios where the types of products are common across di�erent

customers, but the �nal packaged product varies based on customer speci�cations, as

shown in Fig.4.1. This chapter addresses a couple of variations in the mPTO scenario.

ˆ Position variations: This refers to the changing positions of objects that the robot

needs to manipulate.

49
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ˆ Goal con�gurations variations: This variation is related to di�erent customer

orders, like the ones illustrated in Fig.4.1. Due to diverse customer requirements,

the packaging con�gurations and appearances might change, even when using the

same products. This means a product could be placed in various goal positions

depending on the order.

ˆ Task structure variations: This variation occurs in scenarios where humans col-

laborate 
exibly with robots. Di�erent humans might choose di�erent sequences

to complete a task, so the robot should be adaptable. For example, if a human

starts packaging some products in a random order, the robot should be able to

observe and understand what has been done so far and then continue manipu-

lating the remaining objects in response to the human's actions. This type of

collaboration is known as sequential Human-Robot Collaboration (HRC).

To address these variations in mPTO scenarios, traditional methods typically in-

volve extensive manual planning and design. This process includes accounting for all

potential variations that might occur. For instance, when using manipulation trees

for planning, it's necessary to create a comprehensive list of all possible product com-

binations, as discussed in [57]. Similarly, logic operations in planning need to be

conditioned on every conceivable action. These approaches require signi�cant fore-

sight and a detailed understanding of the task environment, making them complex

and time-consuming.

This work utilizes the Task and Motion Planning (TAMP) framework, which o�ers

the ability to seamlessly integrate discrete high-level decision-making with continuous

motion generation.

Compared to traditional approaches, the primary objective of high-level task plan-

ning in this context is to enable a robot to learn task structures without the need for

hand-coded task descriptions or prede�ned rules. Instead, the robot acquires knowl-

edge of the underlying task policy solely from passive observations derived from expert

demonstrations.
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