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ABSTRACT

Modern robotic systems seek the ability to adapt to novel tasks and environments
in a sample-efficient and robust manner. A framework is proposed to enable such
adaptability through three interrelated and complementary contributions in the field
of reinforcement learning (RL) for robot manipulation. The central challenges com-
promising the practical use of RL are addressed, including data efficiency, sim-to-real
transfer, and context-aware generalization to unseen tasks.

The first contribution addresses the sample-efficiency challenge. Demonstration
Exploitation by Abstract Symmetry of Environments (Demo-EASE), introduces a
sample-efficient RL framework with limited demonstrations that can be augmented
by exploiting the symmetry. By identifying and leveraging symmetry in manipula-
tion environments, abstract demonstrations are reused across multiple sub-regions
of the task space. The implemented masked behavior cloning allows online adap-
tive balance between pure RL and imitation learning. Demo-EASE shows effective
knowledge transfer, improved learning efficiency, and fewer interactions required while
generalizing on the workspace of the expert policy.

The second contribution focuses on improving the reliability of sim-to-real transfer.
A novel concept, Real-Time Intrinsic Stochasticity (RT-IS), is introduced, demon-
strating that inherent noise of real-time simulations can be beneficial when approx-
imating real-world uncertainty. Experimental validation on simulated and physical
robot tasks confirms that RT-IS improves deployability, requiring less explicit tuning
than domain randomization and relaxing the threshold on modeling precision.

The third contribution addresses the challenge of inferring task representation
in a meta-RL setting. A transformer-based belief model, Context Representation
via Action-Free Transformer encoder-decoder (CRAFT), is developed to infer vari-
ational latent task belief from sequences of states and rewards, without access to
the agent’s actions. This action-agnostic approach improves adaptability in par-
tially observable environments and supports effective zero-shot learning. Tested on
the MetaWorld benchmark, CRAFT outperforms existing baselines in generalization
with meaningful task inference quality.

Together, these contributions complete the roadmap to create a framework for
adaptive reinforcement learning in robotics. The results demonstrate how structured
data, intentional noise, and agent-agnostic long-horizon attention can create efficient,
robust, and adaptable learning systems. This work lays a theoretical and practical
foundation for future developments in adaptive robotics, enabling robots to oper-
ate across a broad spectrum of environments and objectives while cutting down on
retraining.
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Chapter 1

Introduction

1.1 Problem Statement

Modern robotics is undergoing a transformative phase marked by rapid advancements
in artificial intelligence (AI) and machine learning (ML), and especially the intelligent
decision-making sub-field of them, reinforcement learning (RL). However, a significant
bottleneck remains in the lack of adaptability in robotic systems when faced with
variations in tasks or environment dynamics. Intelligent robot control agents are
regularly trained in simulation for safety and financial concerns. These models trained
in simulation often perform suboptimally or fail when deployed in real-world settings,
where subtle discrepancies in dynamics, perception, or hardware characteristics can
drastically affect performance.

The central issue is that these systems are generally rigid, i.e., they lack the
mechanisms needed to infer understandings, adapt internally, and optimize behavior
in new or changing circumstances without retraining. This limitation hinders the
operational reliability of autonomous systems and limits the scalability of RL-based
solutions in industrial, medical, and assistive robotics. Adaptive robotics, therefore,
is a necessary paradigm. Adaptive robotics encompasses algorithmic, architectural,
and operational innovations enabling robotic agents to generalize, transfer knowledge,
and react robustly to uncertainties and new objectives in the real world. Amongst
all the paradigms under control theory and machine learning, RL holds the highest
promise as a mathematical and computational common ground for addressing the
concerns mentioned.
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1.2 Questions and Objectives

This dissertation explores and aims to propose solutions to three critical challenges in
developing adaptive robotic systems using RL and meta-RL approaches. The primary
research questions guiding this investigation are:

1. How can robots learn manipulation tasks better from limited supervised expe-
rience?

2. What mechanisms can enable robust sim-to-real transfer of learned policies,
especially when dealing with unmodeled noise?

3. How can a robotic task identity be inferred effectively, particularly in an agent-
agnostic manner with minimal dependence on action observations?

These questions frame the objectives of the work as follows:

• Develop a sample-efficient learning pipeline that reduces reliance on extensive
training data by bootstrapping from limited expert guidance.

• Propose a novel approach to sim-to-real transfer that employs the inherent
stochasticity in real-time simulators rather than suppressing it for increased
robustness.

• Introduce a belief model capable of inferring latent task identity from action-
free trajectories, eliminating dependence on action traces for flexible inter-task
adaptation.

The dissertation investigates each of these objectives built upon a unified theoret-
ical and empirical reinforcement learning framework, demonstrating their efficacy on
both simulated benchmark tasks and physical robots.

1.3 Contributions and Scope

This work contributes to the field of reinforcement learning for robotics by introducing
three novel components as the proposed solutions to the three questions in Section 1.2,
called Demo-EASE (Chapter 4), RT-IS (Chapter 5), and CRAFT (Chapter 6), respec-
tively. These three components are all concerned with training an RL-based policy
for improved adaptability in robotic environments. This adaptability can be either
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in the form of rapid knowledge transfer from an expert, sim-to-real domain shift, or
facing a completely unseen objective in the same domain.

Figure 1.1: Visualization of the conceptual similarities and differences of the compo-
nents introduced in different chapters of this dissertation: Demo-EASE (Chapter 4),
RT-IS (Chapter 5), and CRAFT (Chapter 6)

Demo-EASE: A symmetry-aware learning algorithm that leverages few structured,
though short, demonstrations to enhance sample efficiency in robotic manipula-
tion tasks. Abstracting demonstrations based on environment symmetry allows
replication and reuse across tasks with shared underlying structure.

RT-IS: A sim-to-real transfer technique that uses the intrinsic stochasticity natural
to real-time simulation. This inherent variability in real-time simulation envi-
ronments serves as a proxy for real-world noise. RT-IS reduces the need for
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extensive domain randomization, a conventional approach to diversifying the
data used in RL, and improves the robustness of trained policies.

CRAFT: A transformer-based encoder-decoder model is developed that infers task
identity from contextual trajectories of states and rewards without accessing
action information. Although this information loss might sound harmful, it
enables effective task adaptation on the grounds of introducing less structure
and motivating flexibility and exploration. This supports context inference in
partially observable meta-RL settings and could present a future step towards
cross-modal generalization to new observation spaces.

These contributions are validated through various simulation environments and
real-world robot deployment of RT-IS using the Kinova® Gen3 robotic arm.

1.4 Thesis Outline

This dissertation is organized into seven chapters:

• Chapter 2: reviews the conceptual and theoretical foundations of adaptive
robotics and introduces a taxonomy connecting structure, function, and adapt-
ability in robotic systems.

• Chapter 3: presents a mathematical formulation of decision-making in adap-
tive robotics, outlining how uncertainty, variability, and task differences can be
modeled within an adaptive MDP framework, the building block of reinforce-
ment learning.

• Chapter 4: explains the Demo-EASE algorithm, focusing on how symmetry-
guided mini demonstrations can be used to accelerate and generalize policy
learning in large state spaces.

• Chapter 5: introduces the RT-IS concept and evaluates its effectiveness for
sim-to-real transfer through both analytical models and real experiments.

• Chapter 6: presents CRAFT, the transformer-based action-free belief model
for task inference in a meta-reinforcement learning robot manipulation setting.

• Chapter 7: finally summarizes the key findings, evaluates practical signifi-
cance, discusses limitations, and suggests future research directions.
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Chapter 2

An Insight Into Adaptive Robotics
General Framework

The rise of automation and intelligentization in industrial manufacturing and social
services, driven by robots and AI technology, has brought numerous benefits, includ-
ing freeing humans from hazardous and monotonous tasks. However, the lack of
flexibility and adaptability of robots and AI in broader manufacturing and social set-
tings remains a limitation. To address this, the concept of adaptive robotics has been
proposed, aiming to enable AI-powered robots to reprogram themselves rapidly in
response to changes. Here, first, a systematic review of the field of adaptive robotics
is presented, drawing on previous research, to establish objectives for a proposed
framework.

2.1 The Foundations of Adaptive Robotics

Since the inception of artificial intelligence, there has been an expectation for ma-
chines to possess high levels of autonomy and learning ability. However, robotic
manipulation, especially in scenarios involving new tasks [11], or transitioning from
simulated to physical environments [12], remains a significant challenge [13]. This
section aims to provide a taxonomy of the state-of-the-art in adaptive robotics, ad-
dressing the need for improved adaptability and flexibility in robots for complex tasks,
to establish a unified framework for future research.

Adaptability originates from the innate drive of living beings to survive environ-
mental changes. While animals and plants possess instinctive knowledge for imme-
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diate survival, human infants require learning and training, usually more than other
beings [14], before mastering basic skills such as walking. Improved learning ability
is crucial for surviving harsh conditions. Learning can lead to mastering developed
behaviors or adapting to new settings within an individual’s lifetime. An analogy in
robotic systems can be drawn as shown in Figure 2.1. Adaptability in nature is inter-
twined with learning as accidents, disabilities, and environmental changes necessitate
revising ways of life. Adaptability is essential for survival in uncertain conditions,
allowing individuals to adjust and thrive in new environments.

Figure 2.1: Interpretations of adaptability regarding learning

The development of numerically controlled mechatronic systems has been instru-
mental in industrial manufacturing, but the rise of Industry 4.0 demands more in-
telligent and adaptive systems [15]. This shift requires flexibility, human interaction,
and multi-objective optimization, prompting the implementation of artificial intelli-
gence. Future factories will prioritize flexibility and customization [16], with robots
sharing intelligence through an internet-based framework for collaboration. The grow-
ing applications of robots in human-involved scenarios, such as robotic surgery [17],
necessitate adaptability and guaranteed safety. To meet these evolving needs, mecha-
tronic systems must become more intelligent, flexible, and capable of operating in a
changing work environment.

2.2 Definition of Adaptive Robotics Concept

The integration of generalization and adaptability is crucial for artificially intelligent
systems inspired by biological systems [14]. Industry 4.0 presents an ideal environment



7

for flexible robotics that can efficiently handle changing production requirements [18],
regardless of variations in raw materials, hardware, schedules, or product assembly.
The concept of Adaptive Robotics is a key focus of research, with the need to ad-
dress multiple objectives such as agility, safety, precision, and speed in applications
like human-robot interaction. Several metrics have been proposed for measuring the
effectiveness of transfer, but none apply to inter-task transference and heterogeneous
adaptation. A broader set of metrics specific to adaptive robotics is identified to
distinguish various levels of adaptability and is presented in detail in the following.
A graphic summary of these metrics, which are synthesized from a review of the
literature surveyed in this chapter, is illustrated in Figure 2.2. It is noted that the
definition of metrics is usually practice-oriented.

Figure 2.2: Interpretations of adaptability regarding learning

Hardware perspective

I. System level: hardware and software
In designing an adaptive system, the constraints imposed by generic hardware
should be compensated by software, as the industry shifts towards relying more
on control programs for adaptation while using multi-purpose hardware tools.

II. Operation level: perception, planning, and control
Autonomous systems, consisting of perception, planning, and control modules
[19], face unpredictable situations that require adaptability across these three
dimensions for real-world operations.
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Software Perspective

I. Adaptability data requirement and speed
Naturally, an agent’s exposure to different amounts and frequencies of anoma-
lies or changes in a dynamic system returns inconsistent results in terms of
self-adjustment. The requirements of abrupt permanent changes on a learning
agent, such as hardware failure or the sim-to-real transfer effect, are significantly
different from gradual wear and tear.

II. Remembering or forgetting previous skills
A robot must maintain proficiency in certain skills, especially when new tasks
are variations or extensions of old ones. However, in some cases, permanent
change or multi-tasking ability may not be relevant, and the decision to remem-
ber or forget old capabilities depends on the learning algorithm’s depth and
scope of adjustments.

III. Formulation of the problem: structural similarity of tasks
Mathematical models are commonly used to solve robotic task execution prob-
lems, and deep learning methods have incorporated adaptive traits to handle
slight parameter changes. However, existing algorithms struggle to adapt to
structural or fundamental changes in the environment [3], such as differences in
manipulation tasks that involve varying influential entities, goals, and decision
logic. As a result, the adaptability of robots is still underdeveloped for handling
these immense task variations.

IV. Formulation of the problem: environment features representation
Differences between tasks are not always coarse and high scale as mentioned in
the previous definition. Adapting to changes in the governing dynamics or the
representation of a mathematical model, such as the sim-to-real transfer [20],
requires intricate attention despite the big magnitude of the impact.

Human Expert Perspective

The adaptability of intelligent robot software, defined by the influence of a human
expert, relies on identifying changes, motivating learning, controlling the learning
sequence, and leveraging the oracle’s knowledge for task mapping.
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2.3 Related Approaches and Methodologies

Robotic systems face the challenge of self-adaptivity and decision-making in the pres-
ence of changes, which can range from intricate environmental behaviors to funda-
mental shifts in objectives. Adaptability can be achieved through structural design
considerations or by employing evolutionary, knowledge transfer, or other methods.
An overview of the related paradigms is shown in Figure 2.3, and the following expla-
nation of each is laid out in the following sections. This figure highlights the concepts
and paradigms that are repeatedly referenced throughout the rest of this dissertation.

Figure 2.3: Illustrative taxonomy of related paradigms under the Adaptive Robotics
concept

2.3.1 Structural Adaptability

Structural adaptability is defined on three levels: controller design, middleware ar-
chitecture, and hardware. This adaptability is implemented with either adjustable
architecture or modification of the morphology [18]. Fukuda and Shibata [21] pro-
poses the coexistence of conventional control and AI to enhance the intelligence of
controllers. In a practical approach, Edwards et al. [22] introduced the required mid-
dleware components in the architecture design such that the robot is able to self-adapt
and self-manage. Although a valuable adaptive layered design guideline is suggested,
their solution is limited to enumerating the required tools and software architecture
for failure scenarios. An interesting recent work by Nygaard et al. [23] combines the
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morphological hardware adaptability of a quadrupedal robot with online optimization
of control strategy for minimum energy use in alternating terrains.

2.3.2 Evolutionary robotics

Almost all of the recent key breakthroughs in AI occur under the supervised learning
umbrella, which has a weak natural explanation. It is believed that learning from
huge datasets is not feasible for many species considering their urgent survival needs
after birth [14]. This Darwinian principle of natural selection has been accepted
and transformed into engineering design and formed the concept of the Evolutionary
Robotics domain [24].

Some works modeled the evolution in the form of a tuning factor that determines
the tendency of a robot to learn from its interactions with its changing environ-
ment [25]. Others changed the learning rules through generations with the help of
evolution [26]. In the latter design, robots gradually become more adaptive to any
general uncertain environments, rather than becoming sensitive to interactions with
fast-changing environments as in the former.

However, evolution can hardly be implemented online [27] in industrial and social
robotic applications. Essentially, evolution is effective during the design phase, either
in the control system design or the structural design. It offers the advantage of an
experimentalist and holistic approach toward robotic system design [28], but lacks
the on-the-fly capability needed for working robots. An on-the-fly change refers to
any change during deployment without reintegration downtime [29], and a working
robot refers to a deployed system under production constraints as opposed to a lab
prototype.

2.3.3 Knowledge Transfer

Various paradigms, here called knowledge transfer methods, have been investigated
to develop adaptive robots by using feedback-based regression models and machine
learning techniques. The following summary provides an overview of these fields with
a particular emphasis on machine learning.
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Adaptive control

Before the widespread application of machine learning in robotics, adaptive control
played a central role in the online adaptation of manipulators in response to payload
and changing actuator dynamics [30]. Adaptive control theory uses a regression model
of the plant that can adjust governing dynamics by interpreting the latent perception
or direct instrumentation feedback. Direct implementation of deep learning models in
conventional control frameworks has been presented before. In Su et al. [31], a recur-
rent deep neural network is used for online estimation of surgical robots because of its
flexibility and superior learning ability. Another successful example of simultaneous
implementation of the conventional control scheme and machine learning in robotic
manipulation is [32]. This work proposes an RNN-based constrained control com-
mand for redundant robotic manipulators with unknown structural parameters that
can successfully adapt to the real values and perform inverse kinematic tasks. In [33],
authors used a neural network as a noise estimator which improves the accuracy in
simulation platforms. Yet, despite the large presence of learning-based algorithms,
trajectory-based policies often generate waypoints and leave the command execution
to conventional controllers [34].

Reinforcement learning

While deep reinforcement learning has been able to solve a number of complex prob-
lems in machine learning [35], it still fails to perform effectively, despite in a few
well-constrained cases [36], when the problem domain or environment undergoes con-
siderable changes or dwells in less-visited states during the training phase. Adaptive
robotics fits this description perfectly. Hence, some extensions to baseline RL algo-
rithms that might improve its capabilities are pointed out in the following.

Multi-task learning

Multi-task learning is one technique to improve this challenge in baseline machine
learning algorithms. In multi-task learning, the agent faces a number of multiple
scenarios during training and tries to leverage similarities. The goal is to create a
way of learning that is more data-efficient than tackling several single-task problems.
Per Kalashnikov et al. [11], mastery of different tasks with sharing exploration and
experience among them simultaneously results in the robot’s better performance while
facing a new one. Instead of forcing data acquisition from multiple sources, in other
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instances, auxiliary tasks [37] and continuous task change [38] are also examined.
In the latter formulation, for better knowledge transfer during training, the authors
suggest that the policy should be a function of both state and task to handle the
complexity. From a different perspective, the agent can develop task-specific behavior
after being exposed to multiple tasks. In any case, a destructive downside of multi-
task learning is forgetting, which is a dead-end in sequential learning. To tackle this
problem, Xiong et al. [39] proposed an algorithm with multiple local policies to guide
the main policy searching. However, the tasks are only small variations of each other,
and multi-task learning has yet to be put to harder tests.

Transfer learning

Knowledge transfer plays a key role in multi-task learning. Similarly, in transfer
learning, the knowledge should be leveraged such that the agent learns the new task.
Also, a major assumption in multi-task and transfer learning is that all the tasks or
domains should share a similar data structure. The fundamental difference between
the two is that in transfer learning, the highest priority is not maintaining an accept-
able level of performance in the previous task(s) after adapting to the new one, as
in multi-task learning. Nevertheless, in transfer learning, retaining acceptable per-
formance on source tasks is often desirable and achieved through methods such as
regularization, constrained optimization, etc., to mitigate forgetting.

Therefore, transfer learning has become a dominant paradigm when adaptiveness
is needed to bridge the reality gap in sim-to-real transfer. In Golemo et al. [40], a
recurrent neural network (RNN) is trained to learn the differences between virtual and
physical manipulators. A mapping is then created to transfer a policy solely learned
in simulation to the real robot. In many cases, rather than improving the model,
policy randomization facilitates the transfer from simulation to real system [13].

Meta-learning

Meta-learning focuses on the learning mechanism itself. In many implementations, it
involves the optimization of the learning parameters in a way that learning new tasks
only requires a minimum number of examples. Also, similar to supervised learning,
meta-learning process consists of two stages of meta-training and meta-testing, where
during each the learning involves more than one task [41]. Essentially, meta-learning
also shares an important characteristic with multi-task learning and transfer learning
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during meta-training time: leveraging prior features acquired while facing a collection
of previous tasks. However, two major differences can be pointed out: the emphasis
on data efficiency and automated knowledge transfer. This approach is particularly
well suited to online applications where a robot has to adapt to a new setting with a
minimum number of trials.

Meta-learning has been proven to improve the adaptability of model-based rein-
forcement learning in mobile robots to terrain change, damage, and malfunctions [42,
43]. This impressive result was consistent using two different methods, and it can be
considered an adaptation to dynamic variability. However, task adaptability was not
addressed in these works. On the other hand, model-agnostic meta-learning (MAML)
algorithm has been proposed for such an approach toward adaptive robotics [44].
Regardless of the model structure, this gradient-descent-based method updates the
parameters of a model according to meta-training. The selection and interpretation
of the said parameters are upon the user’s decision. Certain extensions or varia-
tions have been proposed to handle noise using evolutionary search methods instead
of gradient-descent [45], or to remedy overfitting [46]. In a broader sense, meta-RL
faces some general constraints that have gained attention. Rakelly et al. [47] intro-
duces an off-policy extension to meta-reinforcement learning that uses a probabilistic
model to predict latent features for each new task. Gupta et al. [48] presents an au-
tomatic task generation to fulfill the task variability requirement. Notably, Yu et al.
[3] develops a huge library of 50 robotic manipulation tasks as a benchmark for task
adaptability. The lack of metrics and references for evaluating ideas based on each of
the paradigms presented in this section is a serious setback that was also highlighted
in Section 2.2. Lastly, a remarkable feature of meta-reinforcement learning is its flex-
ibility of problem formulation such that multi-objective tasks can also be adapted to
meta-learning terms and algorithms [49].

2.3.4 Curriculum

Curriculum learning is inspired by how humans learn or teach others to accomplish
complex tasks. Reinforcement learning has demonstrated a lot of potential and sig-
nificant achievements, and a curriculum is a viable option for extending its capabil-
ity [50]. Hierarchical skill acquisition can be considered a special case of the curricu-
lum. When a task is split into sub-tasks or skills, the agent can focus on learning
them in a specific order [51, 52, 53]. This is as opposed to traditional reinforcement
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learning methods, which normally label an entire scenario as a success or failure.
Eppe et al. [54] considers a problem formulated as a multi-goal Markov decision pro-
cess (MDP) instead of a multi-skill single-goal environment. They devised a masking
vector system for evaluating complexity based on the combination of accomplishment
criteria. This evaluation is then used in designing the curriculum for learning. More-
over, for single-goal problems, Curriculum Hindsight Experience Replay (CHER) is
introduced such that the agent can interpret a general direction or judgment from its
failures [55]. Automated generation of intermediate goals is also widely discussed as
opposed to depending on user-defined functions or heuristics [56]. The objective of
automatic goal generation is always to produce sufficiently hard and achievable new
goals for the agent to maintain a learning improvement. Although most curriculum-
based reinforcement learning methods are in simulated or video game environments,
this approach might be of inspiration to adaptive robotics researchers. Specifically,
curricula improve within-domain training; however, they might underperform under
unmodeled dynamics or domain shifts as they do not explicitly incorporate distribu-
tion diversity.

2.3.5 Relational Programming

An approach to enhance a machine’s intelligence in terms of adaptability is to struc-
ture the mathematical model to develop semantics or meanings in a similar way to
humans. Relational Reinforcement Learning is inspired by inductive logic program-
ming, which helps the agent understand relations between elements of an environment
and then make a decision. Zambaldi et al. [57] implemented this functionality using
specific structures such as graph neural networks or self-attention in a way that the
agent becomes aware of spatial or logical relations among entities. They showed that
when a robot can understand the connection between a lock and a corresponding key
in a video game, scaling up the problem to a greater number of locks and keys is
almost effortless. This idea has been implemented in applications other than robotics
for expanding on the capabilities of model-based reinforcement learning [58, 59, 60],
and also in robotic manipulation [61]. Li et al. [61] use graph-based relation for blocks
in a robotic manipulation stacking task and shows that agents develop internal knowl-
edge for modularizing the problem. This resulted in zero-shot generalization ability
to build taller stacks.
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2.3.6 Context-adaptive Models

Context denotes an extra parameter that cannot be directly identified or measured
but will influence the model’s behavior. A contextual MDP is used to describe a
specific subset of MDPs where the transition dynamics, reward function, and obser-
vations distribution are affected by a hidden, but sometimes known, nuisance factor
called context. For this type of problem, the objective is usually to find an optimal
policy that maintains a certain level of performance for the whole range of context
variables [62]. Human-centered applications are one of the most common instances of
such problems, where the agent interacts with various users. As long as the number
of context variables is small and the agent has any information, learning policies for
a contextual MDP will be feasible. Therefore it is imperative to focus on learning
the context variables or at least acknowledging the change in context from indirect
information. Eghbal-zadeh et al. [63] used unsupervised learning for that purpose
and proposed a protocol to examine the necessity of introducing context to regular
MDP decision-making problems.

In conclusion, despite the mentioned accomplishments, a very big challenge hin-
ders knowledge transfer methods: the tasks must share structural similarity [44].
Hence, for distinct robotic tasks, this similarity is meticulously hand-designed by the
oracle such that the dynamic parameter spaces and objective functions are normalized
and tuned to a single standard [3]. Unfortunately, deriving an explicit quantification
of this feature is not easy, but Achille et al. [64] proposed a measure to estimate
the complexity, however, this metric is hard to implement for reinforcement learning
paradigms where the network parameters are less stable due to its stochastic nature
and constant exploration.

2.3.7 Beyond Decision-Making

Robots are benefiting from adaptive learning not only for decision-making problems
but also for a more general class of problems such as imitation and inverse learning.
A robot can efficiently learn hierarchies and skills by learning the dynamic model of a
system or imitating motions controlled by an expert [13]. Yet, the main focus of this
research is on decision-making tasks. For completeness, other methods that tackle
the variability of task execution in robotics are briefly mentioned here. The basic
idea behind many works on policy search for robotic manipulation is using either
knowledge priors or surrogate models for dynamics, structure, or the parameters of
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the environment so that the robot controller matures with a handful of trials [65].
Accordingly, learning dynamical movement primitives [66], learning task priors [67],
and transferring knowledge from the human demonstration in imitation learning [68,
69] are notable approaches.

This chapter lays the conceptual groundwork for adaptive robotics and motivates
reinforcement learning as the common decision-making substrate. First, the scope of
adaptive robotics is defined, then the chapter continues with a survey of key paradigms
and concepts, organizing them into a taxonomy of how systems gain robustness and
flexibility, schematically shown in Figure 2.3. The review highlights where existing
approaches fall short in practice, for instance, by limited reuse of structured task reg-
ularities, sensitivity to deployment noise and latency, and agent-dependent context,
setting up the need for the three contributions of this dissertation that follow later.
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Chapter 3

Decision-Making Mathematical
Formulation in Adaptive Robotics

The main goal of adaptive robotics is to give robot systems the capability to adapt to
various tasks in a changing environment. As mentioned in the previous chapter, this
dissertation is particularly focused on the decision-making tasks. Given the signifi-
cant potential and bright future of adaptive robotics, one particular challenge is the
ambiguous context of adaptability due to the lack of a uniform definition. Although
the previous chapter has provided several specific perspectives on adaptive robotics,
the connection between general concepts and practical solutions is still missing. It
is still not clear how the technology of adaptive robotics is implemented to improve
the performance of conventional robotic systems. One of the main reasons is that the
application of robotics is concerned with a vast domain that can hardly be covered
by a unified paradigm.

To overcome this challenge, this chapter proposes a mathematical formulation,
mainly based on the definition of Markov Decision Processes and the reinforcement
learning paradigm, for adaptive robotics. Firstly, the foundational mathematics of
RL is laid out, with a focus on its flexibility in Robotic environment modeling. Then,
a taxonomy of representative robotic tasks in the literature is conducted using a
Markov Decision Process mathematical model to generalize the robotic tasks, where
the achievement of the tasks is uniformly formulated as an optimization problem.
Then, the adaptability of robotic systems is defined, associated with the specific task
models, and the possible solutions to give the adaptive capability to robots in an
uncertain environment based on adaptive MDP models are addressed. Finally, the
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mathematical formulations of the related research topics introduced in the previous
sections are summarized. It is noted that the presented interpretation here is far
from comprehensive in terms of covering the entire domain of robotic engineering.
However, it is hoped that this work will inspire further work on defining a broader
scope of adaptive robotics in the future.

3.1 The Role of Reinforcement Learning

Reinforcement Learning (RL) is a computational framework in which an agent learns
to make decisions by interacting with an environment to maximize cumulative re-
wards.

3.1.1 Fundamentals of RL

RL, at its core, is modeled as a Markov Decision Process (MDP), defined by a tuple
(S,A,PS,PR, γ), where S is the state space, A the action space, PS(s′|s, a) the
transition dynamics, PR(s, a) the reward function, and γ the discount factor. The
agent observes a state s ∈ S, selects an action a ∈ A based on a policy π(a|s), receives
a scalar reward, and transitions to a new state. The objective is to find an optimal
policy π∗ that maximizes the expected return:

J(π) = Eπ

[
∞∑
t=0

γtr(st, at)

]
. (3.1)

3.1.2 RL with Function Approximation

In many real-world applications, the state or action spaces are large or continuous,
making tabular methods infeasible. Function approximation techniques, such as deep
neural networks, allow RL agents to estimate value functions or policies in high-
dimensional spaces. These methods form the basis of Deep Reinforcement Learning
(DRL), which has been instrumental in extending RL capabilities to complex robotic
systems. The action-value function Qπ(s, a) is often approximated by a neural net-
work parameterized by θ:

Qπ(s, a; θ) ≈ Eπ

[
∞∑
t=0

γtr(st, at) | s0 = s, a0 = a

]
. (3.2)
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While DRL has enabled breakthroughs in control and perception [70, 71], it re-
mains data-intensive and sensitive to hyperparameter choices, necessitating the de-
velopment of more adaptive solutions.

3.2 The Essential Mathematical Model for Robotic

Decision-Making

The decision-making tasks for robotic systems are defined in various domains, rang-
ing from physical motor control at the lowest level to task planning at a higher level.
A taxonomy of these tasks in a structured paradigm helps provide specific solutions
for these tasks in practice. This subsection categorizes the robotic decision-making
tasks using an adopted hierarchical structure proposed for safe human-robot collab-
oration [1].

Behaviorial Level

Strategic Level

Kinematic Level

Dynamic Level

Force Level

Social norms

Task execution

Kinematic Planning

Dynamic Control

Force Regulation

Environment

Behaviorial
primitives

Desired
motion

Reference
trajectory

Desired
Forces

Behaviorial signals

Task progress

Safety constraints

Force Perception

Figure 3.1: The proposed hierarchical paradigm adopted from [1].

3.2.1 Generic Robotic Decision-Making at Different Levels

Shown in Figure 3.1, the decision-making tasks are classified into five levels, namely
the Force Level, the Dynamic Level, the Kinematic Level, the Strategic Level, and the
Behavioral Level. From bottom to top, the robotic tasks vary from those with clear
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physical definitions to those with abstract formulations. In the meantime, from top
to bottom, the tasks tend to have a higher requirement on the measurement precision
of the sensors and the execution bandwidth of the actuators. The aims of the tasks
on different levels are briefly introduced as follows.

I. The Force Level. This level is concerned with the decision-making in the low-
est level of a robotic system. A force-level task is dedicated to achieving a desired
regulation of the joint forces given the desired forces from the upper levels and
the force measurement from the environment. Typical force-level tasks include
force regulation [72], force estimation [73], impedance control [74], admittance
control [75], and contact transition control [76]. In this sense, decision-making
means how much joint forces should be exerted to achieve the desired forces
given the force measurement from the environment, as shown in Figure 3.1. It
is worth mentioning that the performance of these tasks is usually very sensitive
to the bandwidth and the stability of the closed-loop of the system. Therefore,
the methods to solve the force-level tasks are usually based on precise force
models of the robotic actuators. Also, high-precision and high-frequency force
sensors are needed to provide reliable measurements.

II. The Dynamic Level. This level is defined to solve the dynamic motion con-
trol problems for robotic systems. The input of the dynamic control module
is the reference trajectory generated by the kinematic level. In the meantime,
it produces the desired forces to the actuators of the robotic systems, which is
recognized as a decision-making process to precisely track the reference trajec-
tory. The dynamic-level tasks are typically formulated as a trajectory tracking
control problem [77] for which a stable tracking controller is designed by utiliz-
ing the dynamic model of the robotic system. It is noted that the precision of
the robotic dynamic model is critical to guarantee the decent performance of
the dynamic-level tasks. The deviation between the imprecise model and the
true dynamics of the robotic system, usually referred to as uncertainty [78], is
the main factor that affects the performance of the dynamic controller. There-
fore, a robot motion controller is usually required to be robust to the modeling
uncertainty attributed to the imperfect knowledge of the system [79].

III. The Kinematic Level. This level mainly focuses on generating feasible ref-
erence trajectories for the robot system subject to a certain set of kinematic
constraints. The kinematic constraints are imposed due to the limitation of
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the physical structure or the requirement of obstacle avoidance. These con-
straints are usually represented as equations, unilateral or bilateral inequalities
of the system state that consists of the angular position and velocity of the
robot. The kinematic-level tasks are formulated as motion planning problems
where decision-making is reflected by generating feasible trajectories for the dy-
namic level. Due to the high bandwidth of the dynamic-level controller, the
kinematic-level tasks are not keen on real-time implementation. Popular meth-
ods for kinematic-level motion planning include rapidly-exploring random tree
(RRT) [80], artificial potential field [81], and stochastic policy gradient [82].
The results of these methods are usually in the form of complete trajectories
which might become invalid when the environment changes due to the move-
ment of the obstacles or the variation of the kinematic constraints. In this
sense, the planned trajectories should be regenerated to adapt to the changes.
Thus, the main challenge of the kinematic-level tasks is the tremendous com-
putational load of the algorithms designated for modeling the changes in the
variant environment.

IV. The Strategic Level. In this level, decision-making is concerned with the
execution of strategic tasks, including grasping [83], pick-and-place [84], en-
vironment exploration [85], and assembly [86]. For these tasks, the robot is
not concerned with its movement features. Instead, it focuses on the solution
of certain properly defined temporal logic. Also, it formulates the tasks us-
ing event-triggering-based abstract representations. For example, probabilistic
finite automata are frequently used to describe advanced robotic tasks such
as cooking [87], dancing [88], and waste recycling [89]. The execution of the
strategic-level tasks is usually required to be flexible such that it can auto-
matically recover from an error state when the task process is disturbed or
interrupted [90]. This indicates the ability of the robot to tackle unexpected
changes in the environment. It is also challenging to extract the experience of
the robot from one task and apply it to another task.

V. The Behavioral Level, beyond all other four essential levels, focuses on defin-
ing behavioral or social regulations for the robots to make the robot more ac-
ceptable to humans [91]. In this sense, this level brings up particular interests for
seamless human-robot interaction [92]. The tasks defined at this level are sup-
posed to perceive the human behavioral signals, such as facial expressions [93],



22

emotions [94], gestures [95], or body movements [96], and generate proper be-
havioral primitives in the present context, such as distance [97], movement
velocity [98], motion impedance [99], grip forces [100], or logic-based princi-
ples [101]. The tasks at this level are faced with a large extent of uncertainties
since the behavioral signals may greatly vary among different subjects. Gener-
ating human-like behavioral primitives in various social contexts is still an open
and challenging question.

3.2.2 MDP as the Essential Model for Robotic Decision-Making

The robotic decision-making tasks categorized above are formulated as problems with
various domains and mathematical structures. Nevertheless, it is still possible to use
a general model to provide a uniform representation for these tasks. This subsection
provides a uniform formulation for these robotic tasks based on MDP. An MDP
is defined by a tuple M = (S,A,PS,PR, γ), where S and A are respectively the
state and action spaces of the robotic system, PS denotes the state transition of
the system, PR is the reward or utility which is usually used to depict the degree
of completion of the desired tasks, and γ is the discounting factor which balances
between the rewards at the current moment and in the future. The MDPM can be
deterministic or stochastic, depending on the type of uncertainty models incorporated
in the formulation.

1) For a deterministic MDP, PS is usually denoted by a joint mapping from the
current state s ∈ S and action a ∈ A to the successive state s′ ∈ S, i.e., s′ = f(s, a),
where f : S × A → S. Also, PR is defined by a mapping l : S × A → R such that
r = l(s, a) indicates the instant reward obtained after executing the action a. The
robot task is defined as solving the following optimization problem,

max
π

J(π) = max
π

N∑
i=0

γil(si, ai), (3.3)

where si ∈ S and ai ∈ A respectively represent the system state and action at time
instant i, N denotes the horizon of an implemented path of the system which is also
known as an episode, and π : S → A, also known as policy, is a function that maps
the current system state s to a desired action a = π(s). The desired robotic task
can be achieved under an optimal policy π∗ = argmaxπ J(π) that maximizes the
given reward. Note that the optimization problem defined in Equation (3.3) can be
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maximizing an accumulated reward or minimizing the summary of instant costs. For a
deterministic MDP, the uncertainty is usually reflected by the imperfect knowledge of
the transition function f(s, a) or the reward function l(s, a). In most cases, the exact
models of f and l are not available. Instead, they are usually only partially known.
The uncertainties of the task and the environment are represented by the modeling
deviations ∆f = f − f̂ and ∆l = l− l̂. Solving the problem defined in Equation (3.3)
using the imperfect models may lead to a degradation of the actual performance of
the system, i.e., a smaller actual reward than the optimal reward J(π̂∗) < J(π∗). It is
often required to confine the policy such that the performance deviation is restricted
in a tolerable range, i.e., with given δ ∈ R+, |J(π̂∗)−J(π∗)| < δ. This is also referred
to as the robustness of the system. However, when the modeling deviations ∆f and
∆l are overlarge, meaning that they are bigger than certain respective thresholds
∆fthr and ∆lthr, a robust policy solution is difficult to find since the problem becomes
too conservative. In this sense, f̂ and l̂ will be recognized as a new environment
and a new task. Adaptation means that the system should be able to automatically
adjust the nominal policy π̂ to the actual optimal policy π∗ such that the performance
deviation |J(π̂∗)− J(π∗)| remains in an acceptable range.

2) For a stochastic MDP, PS and PR are represented as conditional probabilistic
distributions p(s′|s, a) and p(r|s, a) respectively defined on the state domain S and
the reward domain PR. The successive state and the instant reward are recognized
as the sampling from s′ ∼ p(s′|s, a) and r ∼ p(r|s, a). An implementation of the
sequential sampling of the MDP is referred to as a path τ = {s0, s1, · · · , sN}, where
N is the number of the steps in the path. Then, the robot task is defined as solving
the following optimization problem

max
π

J(π) = max
π

E
τ∼p(τ)

(
N∑
t=0

γtrt

)
, (3.4)

where p(τ) is the distribution of the system path. Also, rt is used to represent the
instant reward to indicate that it changes over time. Note that the policy π is also
in the form of a conditional probabilistic distribution π(a|s) from which an action is
sampled a ∼ π(a|s). In most cases, the policy is usually expressed in the form of
a parameterized distribution function Πθ(a|s), such as a neural network [102] or a
Bayesian decoder [103]. Thus, the desired robotic task can be achieved by solving the
optimal parameter θ∗ such that the metric J(π) in Equation (3.4) is optimized. For
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a stochastic MDP, the uncertainty is usually reflected by the imperfect knowledge on
the models for the transition p(s′|s, a) and p(r|s, a). In most cases, the knowledge
of p(s′|s, a) and p(r|s, a) are usually partially or completely unknown. Solving the
optimization problem using the imperfect model may also lead to degradation of
the performance of the system. Nevertheless, for stochastic MDPs, there is need to
introduce a measure |p− p̂| to represent the deviation between the two models p and
p̂. If the new environment or tasks p̂(s′|s, a) and p̂(r|s, a) are introduced, adaptation
must be enabled to adjust the policy π, such that the performance deviation remains
in the acceptable range. It is noticed that the stochastic MDP model with intrinsic
uncertainty. The stochastic property is only used to depict the uncertainty reflected
in the data. Supposing that p(s′|s, a) is subject to Gaussian distribution of which the
higher moments are zeros and the variance is close to zero. Under this condition, the
corresponding stochastic MDP becomes very close to a deterministic MDP.

The MDP-based model can cover most of the decision-making tasks in the five-
level structure in Figure 3.1. For the lower levels, namely the force level and the
dynamic level, deterministic MDP with infinite continuous state and action spaces
is mostly used with the form of differential or difference equations [104, 105]. At
the kinematic level, both deterministic [106] and stochastic MDPs [107] are used
for motion planning. The strategic level mainly uses stochastic MDP to formulate
the event-based tasks [108]. Nevertheless, at the behavioral level, how to formulate
behavioral-primitive generation as decision-making problems is still an open question,
although many efforts are devoted based on user studies [109, 110]. As mentioned
above, the conventional MDP models are not adaptive to environmental uncertainties.
The next subsection addresses how to give the adaptive ability to MDP models to
render adaptive robots in an uncertain environment.

3.3 Mathematical Formulation of Adaptive Robotics

Given the uniform formulation of decision-making problems, the robotic systems
adaptability can be described from a generic mathematical perspective. This sub-
section depicts the formulation of robotic adaptability based on the deterministic and
stochastic MDP models. An uncertainty model is used to measure the change in the
environment or the deviation of the robotic tasks. Based on the uncertainty model,
it is pointed out that adaptability can be refined as the robustness and the variability
of the robot control policies.
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3.3.1 The Uncertainty Model

In the formulation of MDP, the state transition PS stands for the evolution of the
states of the robotic system, which mainly reflects the intrinsic dynamic features of
the robot, such as the inertia, the centrifugal forces, and the effects of the gravity
and friction. These features are not associated with specific tasks but may vary
due to change in the environment, such as temperature, lubrication, or mounting
structures. Also, the identification process of the dynamic features is usually tedious
and challenging since it has to ensure the sufficient exploration of the feature space
of the robot systems. Even with the most careful identification, there still exists
variation between the identified model and the true dynamic features of the robot
system, which is referred to as uncertainty. As a result, the policy designed according
to the identified model may lead to a suboptimal solution due to the existence of
uncertainty. Meanwhile, the reward PR measures the extent to which a robotic task
is completed. The reward can be sparse, such as a binary digit that indicates whether
a condition is satisfied [111], or dense, such as a continuous cost that is exerted on each
instant during the task execution [107]. In most cases, different rewarding schemes
PR correspond to different robotic tasks. However, even for the same task, a slight
change in the task configurations may lead to different reward distributions. In this
sense, the policy designed for a nominal task may fail when the configuration changes.

Thus, any changes in the robot dynamics or task configurations may lead to
the failure of a previously solved policy. This problem is especially critical for the
models built based on the deterministic MDP. As discussed in Section 3.2.2, the
uncertainty of deterministic MDP model is measured by the deviation between the
nominal model f̂(s, a), l̂(s, a) and the actual dynamics f(s, a), l(s, a), i.e., ∆f =

f(s, a) − f̂(s, a) and ∆l = l(s, a) − l̂(s, a) [112]. A policy a = π(s) is referred to as
robust if, for all dynamics f = f̂ + ϵ∆f and reward l = l̂ + ϵ∆l, it ensures that the
performance deviation |J − Ĵ | < δ is within the predefined range, where δ ∈ R+ is a
predefined threshold. Thus, a robust policy should be able to guarantee the successful
execution of a task under all possible uncertain conditions. Within the scope of this
chapter, robustness is recognized as a conservative solution for adaptability since the
robustness condition becomes very strict when the uncertainty is large. The stochastic
MDP is intrinsically integrated with an uncertainty model which is represented in the
form of probabilistic distributions, p(s′|s, a) and p(r|s, a), defined on the state and
reward domains. However, when the deviation of the models is substantial such that
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it is far from the nominal probabilistic distributions, the policy may not be able to
ensure the successful execution of the robotic task.

When the uncertainty or the task deviation is so large that a robust policy is
difficult to solve or even infeasible, a new policy for the changed task should be
solved. In the conventional sense, this means that a completely different policy should
be generated with the new models. At most, the old policy serves as an initial guess of
the new policy to boost the solving process [113], during which very little knowledge
from the old task is utilized. Thus, the essential motivation of adaptability is to
provide a general solution to solve the new policy while fully exploiting the knowledge
of the old task. In this sense, the adaptability of a robotic policy can be interpreted
from two perspectives. First, in the situation where uncertainty is confined within
a clear bound, adaptability means the robustness of the fixed policy to all possible
variations of the system conditions. Second, in a situation where uncertainty is not
confined but can be very large, adaptability means that the policy is able to change
its structure such that performance degradation is mitigated.

3.3.2 The Formulation of Adaptive MDP

According to the connection between system uncertainty and adaptability, as dis-
cussed in the previous subsection, one important problem is to measure the ex-
tent of the uncertainty and evaluate whether regenerating a new policy is neces-
sary. This naturally leads to the measure of the similarity between two MDPs.
The similarity measure between two deterministic MDPs seems to be straightfor-
ward. Let us respectively represent the old and the new robotic tasks as two MDPs
M1 = {S1,A1,PS,1,PR,1, γ1} andM2 = {S2,A2,PS,2,PR,2, γ2}. Then, similar to the
notation in Section 3.3.1, the function difference ∥∆f∥ = ∥f1−f2∥ and ∥∆l∥ = ∥l1−l2∥
can be used to depict the deviation between the two MDP modelsM1 andM2, where
∥·∥ stands for some measure in the functional space. For stochastic MDPs, however,
there is not a mature definition of model deviation. Instead, previous work has at-
tempted to propose quantitative metrics to evaluate the similarity between different
tasks which is an important concept to avoid the negative transfer of knowledge.
For example, in Carroll and Seppi [114], four different task similarity metrics are
presented.

1. Target advantage, or the advantage that the new policy gained compared to
the old policy when applied to the new task.



27

2. Policy overlap, or the number of the states that share the same values among
the two tasks, which is recognized as an approximation of the target advantage.

3. Task difference, which is defined as the mean squared error between the values
of the different tasks.

4. Reward difference, which is defined as the mean squared error between the
instant rewards of the two tasks.

In Ammar et al. [115], an approximation model is used to represent the MDP. Then,
the mean squared errors are calculated as a measure of task similarity. Also, a measure
referred to as task compliance is proposed in [116] to assist the adaptation from the
old policy to a new policy. For the purpose of generalization, the model deviation is
represented as ∥M1 −M2∥. Meanwhile, the optimal policies for the two MDPs are
respectively π1 : S1 → A1 and π2 : S2 → A2. Then, the adaptability of a robotic
system is reflected by the process of solving π2 using the knowledge of π1, such that
the model deviation ∥M1 −M2∥ is minimized. In the next subsection, this general
formulation is further investigated in detail for the most relevant topics of adaptive
robotics.

3.4 The Formulation of Related Topics

With the generic mathematical description of robotic adaptability, many of the exist-
ing robot-design paradigms, presented in Section 2.3, can be discussed in this common
context. Therefore, this subsection presents the mathematical formulations of these
paradigms using MDPs with the uncertainty models introduced in Section 3.3. Based
on these formulations, it is possible to build up an essential framework for adaptive
robotics with clearly defined research questions and methods.

3.4.1 RL Sim-to-Real by Domain Randomization

In RL, Sim-to-Real literally means applying a policy generated from simulation to
a real robot platform. Without fully considering the variance between the two en-
vironments, a well-solved policy in simulation may lead to failure in reality due to
the lack of robustness. Therefore, Sim-to-Real usually relaxes the optimality of the
generated policy under the simulation conditions, but instead, requires the tolerance
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of the uncertainties when transferring the policy from simulation to reality. As a re-
sult, the simulated policy can be explicitly applied to the real robot without changing
its structure or parameters, although its performance is sacrificed. From this per-
spective, Sim-to-Real seeks a conservative but robust policy that survives in different
environments. Robust decision-making or robust control, as a typical Sim-to-Real
topic designated to deterministic MDPs, has been widely and deeply investigated by
previous work [117]. However, robust Sim-to-Real transference is still an open ques-
tion for stochastic MDPs. One prospective method for stochastic MDP is domain
randomization which solves the policy in the simulation environment with a set of
different configurations [118]. The stochastic MDP models in the simulation are rep-
resented using two parameterized distribution functions p(s′|s, a, θ) and p(r|s, a, µ).
Then, domain randomization attempts to solve an optimal policy for various param-
eters θ ∈ Θ and µ ∈ U in the feasible parameter spaces Θ and U . In this sense, the
objective to be optimized becomes

J = E
θ∼p(Θ)

µ∼p(U)

[
E

τ∼p(τ |π,µ)

(
T∑
t=0

γtrt

)]
, (3.5)

where p(Θ) and p(U) are the sampling distributions of the parameters θ and µ. Dif-
ferent from the conventional policy solving process described in Equation (3.4), Sim-
to-Real seeks an expected optimal solution by sampling the parameters from heuristic
distributions. The policy generated from such simulation conditions ensures smooth
transference to reality as long as the distribution of the randomized parameters covers
the maximum Sim-to-Real variation. A successful example of domain randomization
can be referred to in [119], where a robust policy is solved for the pushing task on a
7-degree-of-freedom robot.

3.4.2 Modeling Adaptive Control

Domain randomization is usually only feasible if the variance between two environ-
ments is small. However, when the deviation is overlarge as described in Section 3.2.2,
seeking a robust policy for both environments will be very challenging due to the
conservativeness of the problem. In this situation, the policy of the old environment
should be abandoned and another policy should be solved for the new environment.
This process is usually tedious and inefficient. A more elegant manner is to actively
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change the structure of the old policy to automatically adapt it to the new environ-
ment, such that task performance is continually ensured. Let us use M1 and M2

to denote the models of the old and the new environments, respectively, and use
π1 and π2 to represent their corresponding optimal policies. Also, the old policy π1

is assumed to be known and is represented in a parameterized form a = π1(s, θ),
where θ is the structural parameter of policy π1 sampled in the parameter domain
Θ. Then, the problem is formulated as seeking the searching direction for the new
policy π2, i.e., the parameter increment ∆θ, such that π2 is solved within finite steps.
Adaptive control, built upon ordinary differential equations, is a well-developed tech-
nology that ensures a feasible solution for this problem, where the policy parameter
θ is automatically tuned using

θ̇ = −Γ∇θV (s), (3.6)

a gradient searching law where Γ is a gain parameter denoting the step size of the
searching process and ∇θV (s) is the gradient of the value function V (s). From the
control theory perspective, V (s) is usually selected as a state-dependent positive
semi-definite function, also known as a Lyapunov function. If the state transition
f(s, a) has a linear-in-the-input form and the value function is convex for the state
s, the gradient searching law in Equation (3.6) ensures the convergence of π1 to the
globally optimal policy π2 with rigorously theoretical proofs [120]. Also, adaptive
control ensures online implementation which significantly improves the computation
efficiency of the policy solving process. A survey of adaptive control methods can be
referred to in [121]. However, the convergence of the policy is only guaranteed when
the persistent excitation condition is satisfied, which indicates sufficient exploration in
the system state space. Additionally, policy adaptation for non-convex value functions
or stochastic MDP models is still a great challenge.

3.4.3 Modeling Knowledge Transfer

Knowledge transference represents a large class of technologies that are dedicated to
exploiting the knowledge in the old pattern to generate a model for the new pattern.
Knowledge transference in the machine learning domain is usually referred to as
transfer learning. A comprehensive review of transfer learning for supervised learning
problems with a well-defined mathematical formulation can be referred to in [122].
Within the scope of this chapter, it is considered that transfer learning can also
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be applied to strengthen the adaptability of robotic systems, although it has not
attracted much attention. Specifically, in the same context as adaptive control in
Section 3.4.2, transfer learning can be used to extract knowledge from the old policy
π1 for the old task M1, and use the knowledge to train the new policy π2 for the
new task M2. Let us define S1 × A1 as the source domain, S2 × A2 as the target
domain, T1 as the source task, and T2 as the target task. Also, the value functions
of the two MDP models M1 and M2 are defined as Q1 : S1 × A1 → QT1 and
Q2 : S2 × A2 → QT2 . Thus, the target of transfer learning is to explicitly solve Q2

using the knowledge of Q1. Note that transfer learning assumes that solving the value
function Q1 for the source domain S1×A1 and the source task R1 is straightforward,
but solving Q2 is nontrivial. It is also assumed that the domains or tasks are not
identical, i.e., S1 ×A1 ̸= S2 ×A2 or T1 ̸= T2. The critical technical point of transfer
learning is to determine the domain mapping Ψ : S2 × A2 → S1 × A1 and the task
mapping Φ : T1 → T2. Then, the value Q2 can be obtained through the combination
of the complex mapping Φ → Q1 → Ψ. It is worth mentioning that most of the
conventional work applies heuristic domain and task mappings which originate from
the engineering experience [123]. Automatically solving these mappings is still an
open question.

3.4.4 Multi-Target Optimization and Multi-Task Planning

Different from adaptive control and knowledge transference, multi-task learning con-
siders solving a policy that achieves a compromised performance among several tasks.
A variety of tasks are defined using a cluster of MDP modelsM1,M2, · · · ,MN which
share the same state space S, action space A, and state transition PS, but different
rewards P iR and discounting factors γi, i = 1, 2, · · · , N , where N is the number of
tasks. Then, a multi-task planning problem aims at solving the following multi-target
optimization problem

J =
N∑
i

ωi E
τ∼p(τ)

(
T∑
t

γti(rt)i

)
, (3.7)

where (rt)i denotes the instant reward of MDP model Mi, i = 1, 2, · · · , N and ωi

is a predefined weight of task i. Compared to the single-task problem defined in
Equation (3.4), a multi-task problem is concerned with the weighted combination of
the objectives of all tasks. Thus, the solved solution is not optimal for any individual
task but should be considered as a compromise among these tasks. Multi-task plan-
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ning is often applied to versatile robot systems that are required to execute several
similar tasks using a common configuration [124]. This problem can be recognized
as a special instance of domain randomization (Section 3.4.1) if the parameter spaces
are finite sets and the randomization is conducted on a uniform distribution over the
parameter spaces. Also, different from knowledge transference in Section 3.4.3, multi-
task planning can be considered as an incomplete transference of knowledge from one
task to the other tasks. Note that most of the conventional work on multi-task plan-
ning is discussed for MDP models with identical state and action spaces. Multi-task
planning among heterogeneous robotic tasks with different state-action domains is
still an open problem.

3.4.5 Meta-RL

Meta Learning for Decision-making

Meta-reinforcement learning (meta-RL) builds on the premise of learning to adapt:
rather than solving each task independently, the agent learns a learning strategy
across tasks. This is often framed as a two-loop process, with an outer loop for
acquiring meta-knowledge and an inner loop for task-specific adaptation. Model-free
methods like MAML [44] optimize the initial policy parameters θ such that one or
few gradient steps improve performance on a new task:

θ′i = θ − α∇θLTi(θ), (3.8)

where Ti is a task sampled from the distribution of tasks. On the other hand, recurrent
methods learn adaptation through memory.

Meta-RL with Task Representation

To enable fast generalization, meta-RL often incorporates task inference mechanisms
that estimate latent variables representing the task. These representations can be
learned via variational inference, memory networks, or sequence models. A common
approach involves maximizing the evidence lower bound (ELBO) on task-conditional
trajectories:

log p(τ) ≥ Eq(z|τ) [log p(τ |z)]−DKL[q(z|τ)||p(z)]. (3.9)
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By conditioning policies or value functions on these inferred variables, agents can
tailor their behavior to the current task without explicit supervision.

Recent advances in task representation learning focus on context-based inference,
where past trajectories are used to derive a task embedding. This embedding aug-
ments the observation space or modulates the policy directly. Techniques like context
encoders, hypernetworks, and attention-based models are employed to construct ro-
bust task representations. A context-conditioned policy can be expressed as,

π(at|st, zt); zt = f(context). (3.10)

These methods support rapid adaptation, sample efficiency, and generalization across
a wide range of robotic manipulation and locomotion tasks.

3.4.6 Modeling Curriculum

Compared to the previous topics, the curriculum is a novel concept introduced in the
most recent work of hierarchical reinforcement learning. Different from the multi-
task planning problem (Section 3.4.4) which solves a common policy for several inde-
pendent tasks, the curriculum is dedicated to strategically planning an appropriate
sequence for a series of dependent tasks. Dependency means that some of the tasks
should only be executed when other tasks are completely or partially executed, which
increases the challenge of task planning problems. In [125], curriculum is formu-
lated as a directed graph, where the dependency between the tasks is depicted by
the edges in the graph. With a cluster of MDP models M1, M2, · · · , MN defined
as in Section 3.4.4, DPS can also be defined as the set of all possible transition sam-
ples from the transition PS. Then, curriculum is defined as a directed acyclic graph
C = (V , E , g,PS), where V is the set of vertices, E = {(x, y)|(x, y) ∈ V ×V ∧x ̸= y} is
the set of directed edges, and g : V → P(D) is a function that associates the vertices
V to the subsets of the samples in D, where P(DPS) is the power set of DPS . A di-
rected edge ⟨vj, vk⟩ in C indicates that the samples associated with vj ∈ V should be
trained before the samples associated with vk ∈ V are trained. Also, all paths in the
graph terminate on a single sink node vt ∈ V . Thus, the aim of a curriculum-based
task is to generate a proper curriculum C forMi, i = 1, 2, · · · , N , such that a certain
utility U(g) associated with the curriculum mapping g is optimized. Intuitively, the
curriculum can be seen as planning of the tasks, instead of planning for the tasks. In
this sense, the curriculum describes the adaptability of the robots at a higher strate-
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gic level, compared to the problems in the previous subsections. Note that automatic
planning of curriculum is still an unexplored domain, and most of the existing work
on curriculum mainly relies on heuristics from experts.

This chapter formalizes robot decision-making and the sources of uncertainty
that matter in deployment. The chapter starts with clarifying the role of RL in
the decision-making formulation of robot manipulation, then it presents the MDP
as the essential model and extends it to an adaptive formulation that captures task
variability. This formalism is connected to all related mechanisms used throughout
the rest of the dissertation: formalising robot manipulation in general, adopting do-
main randomization in the formulation, and the definition of meta-RL under diverse
task distribution. The chapter serves as the mathematical bridge to Chapters 4 to 6,
where all practical contributions to RL for improved adaptability follow the funda-
mental mathematical basis introduced in this chapter.
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Chapter 4

Symmetry-Guided Demos for
Sample-Efficient RL

Reinforcement learning (RL) can learn control policies in numerous domains but
suffers from low sample efficiency in robotic manipulation. A major issue is the high-
dimensional continuous state-space of such tasks. The performance of RL in learning
a complex task can improve by leveraging prior knowledge, even if the knowledge is
only suitable for abstract and simplified cases of the task. The natural symmetry of
robotic environments is defined and used to create abstract environments for improved
data aggregation in both on-policy and off-policy algorithms. A dual buffer design
is proposed here, containing datasets of expert and original RL experiences, and
regulating the RL update with behavior cloning. This architecture introduces a rich
yet compact initiation and steady guidance. The method is verified in three simulation
experiments with a Kinova® Gen3 robot. Experiments include off-policy learning
of two point-to-point reaching tasks, with and without an obstacle, and on-policy
learning for a pick-and-place task. A PID controller creates the expert demonstrations
by tracking the linear joint-space trajectories with pre-calculated midpoints. The
effect of different demonstration buffer sizes and weighted behavior cloning loss is
analyzed. Results show a clear advantage in learning performance and potential
value for faster implementations in real-world applications.
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4.1 Sample Inefficiency of RL in Robotics

A major limitation of RL is low sampling efficiency [126, 127], which limits its real-
world applications [5]. Different from the conventional models, which are fixed for
specific tasks and scenes, such as control [79, 77] and fault diagnosis [128], an RL
agent is designed to be automatically tuned using the interaction data. As a result,
a large amount of data is often required for an RL policy to achieve theoretical
optimality. However, only a small amount of this data is really useful for policy
improvement. Thus, the training of an RL agent is expensive, especially for robot
manipulation tasks, given the high-dimensional search spaces. In this sense, an end-
to-end learning scheme is seldom practical for robotic engineering. To tackle this
challenge, for example, compact state representation [129, 130] shrinks the search
space, and hierarchical reinforcement learning [131, 132, 133] creates simpler sub-
problems. Similarly, curricula for efficient sweeping over the state space [50], or
heuristic dynamic modeling [134] have been proposed to tackle the mathematical
complexity. In general, these schemes either reduce unnecessary exploration or remap
the policy space to a simpler one.

Two other types of heuristics commonly used to improve the efficiency of RL
are symmetry and demonstrations. Symmetry helps create a shared abstract model
for different domains of the environment using a common feature set [135]. With a
well-defined symmetry, the features, namely state, and actions for the case of RL,
can be mapped among different symmetric domains without additional interaction.
This minimizes the model complexity and decisively improves the sampling efficiency.
Demonstrations are the reference trajectory clips of the system states performed
by experts [136]. Unlike in programming by demonstration (PbD) [137], imitating
sub-optimal human motion is not the ultimate goal for pure robotic manipulation.
Fanatical imitation may lead to over-fitting and a lack of generalizability. In [6] and
[7], the general idea of Exploitation of Abstract Symmetry of Environments (EASE)
is proposed to utilize the symmetry of a complex environment to allow for sample
efficient RL policy learning. EASE uses RL training for both abstract and global
environments; thus, it suffers from RL sample inefficiency but to a lesser degree.

This chapter proposes a novel data aggregation method based on the inherent sym-
metry of the robotic systems for on-policy and off-policy RL. The concept of EASE
is extended with heuristic Demonstrations (Demo-EASE) by replacing the local RL
training with a control-based expert. Although EASE was only proposed for an off-
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policy RL algorithm, the current extension is adapted to on-policy RL methods as
well. The presented work further studies Demo-EASE from [6] and presents a rigorous
framework to allow for repeatability and generalizability by introducing different sub-
processes and associated symmetry definitions, specific to robot manipulation tasks.
Deep Deterministic Policy Gradient (DDPG) [138], as the base off-policy method and
Proximal Policy Optimization (PPO) [139] as the base on-policy method are chosen.
A PID controller is used to generate samples of robot trajectory, although it can
be substituted with other planning methods or human motion. The demonstrations
are duplicated by the symmetrical mapping among local environments. Demonstra-
tions are stored in a demo buffer, which, together with the experience buffer, forms
a dual-memory learning scheme. A behavior cloning (BC) loss function is added to
update the actor-critic agent with the dual-memory structure [140]. The rest of the
chapter is organized as follows. Section 4.2 formulates the problem to be investigated
in this chapter. The technical details of the proposed method are presented in Sec-
tion 4.3. The implementation results are discussed in Section 4.5. Finally, Section 4.6
concludes the chapter. Additional information about the algorithm and experiment
setup can be found in Section 4.3.5 and Section 4.4.

Notation and units: R, R+, Rn, N+ are used to represent the sets of real numbers,
positive real numbers, n-dimensional real vectors, and positive integers, respectively.
|·| is the absolute value of a scalar and ∥·∥ stands for the 2-norm of any real vector.
All angles are in radians, and all lengths are in meters if otherwise specified.

4.2 Problem Formulation

Consider a general manipulation task as a Markov decision process (MDP) M =

(S,A,PS,PR, γ), where S andA are the state and action spaces of the robotic system,
PS : S × A → S represents the state transition model, PR : S × A → R is the task-
specific reward function, and γ ∈ (0, 1] is the discounting factor. Note that the above
definition uses a deterministic MDP. The definition of stochastic MDP can be referred
to in [141]. The target of the MDP problem is to solve the optimal policy π : S → A
such that the following accumulated reward is maximized

J(π) =
Nτ∑
t=0

γtR(st, at) , (4.1)
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where Nτ is the length of the robot trajectory, and si ∈ S and ai = π(st) ∈ A are
respectively the observed state and action. A model designed to solve the optimal
policy π∗ = argmaxπ J(π) of the MDPM is also referred to as an agent. The optimal
policy π∗ can be solved by either off-policy methods or on-policy methods [142].

Three essential robot tasks are studied in this chapter as representatives of general
robot manipulation tasks, namely a point-to-point reaching (P2P) task, a P2P task
with obstacle avoidance (P2P-O), and a pick-and-place (P&P) scenario. These three
tasks are the most essential primitives where workspace symmetries are well-defined,
and they can be combined to form more complicated manipulation tasks. For appli-
cation, a collaborative arm reflects the target use-case, for instance, assembly, and
isolates symmetry in a bounded static environment; however, the framework itself is
generally agnostic to embodiment. For an n-degree-of-freedom (n-DOF) robot ma-
nipulator, the action in all three tasks can be defined as the vector of reference joint
velocities, i.e., at = q̇rt ∈ Rn, where qrt ∈ Rn is the joint angles of the robot with the
subscript t indicating the time and the superscript r referring reference trajectory.
The state of the P2P task is defined as

st = [ qt, sin(qt), cos(qt), q̇t, Pg, et ] , (4.2)

where qt, q̇t ∈ Rn are respectively the actual joint angles and joint velocities at time t,
Pg ∈ R3 is the Cartesian position of the goal, and et = Pg −P e

t is the vector distance
between the goal position Pg and the robot end-effector position P e

t ∈ R3. The state
vector of the P2P-O and P&P tasks are defined similarly to Equation (4.2) with an
addition of the object position Po ∈ R3. Here, the object is assumed to be a certain
cube, and Po is its geometrical center.

4.3 Demo-EASE

The overall structure of the proposed framework is illustrated in Figure 4.1 and Fig-
ure 4.2. Both of these agents seamlessly adapt to the continuous state and action
spaces. The off-policy agent in here, different from the previous work, which uses a
locally trained DDPG agent to generate the demonstration, focuses on the knowledge
transfer from a developed but sub-optimal controller to incorporate the capability of
leveraging the existing controllers. Also, the on-policy training process is a direct ex-
tension. Although the proposed frameworks are based on only two existing methods,
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this method can be extended to other RL methods equipped with online or offline
experience replay buffers.

Demo-EASE has a demonstration storing procedure in addition to the RL training
process. In the demonstration storing procedure, two experience buffers, an original
replay buffer, and a demo buffer, are used to record the interaction data. The original
replay buffer collects the agent’s interaction data with the global environment, and
the demo buffer stores the demonstration samples recorded in the local symmetric
environments and their duplicates. The concepts of global and local environments
are defined in Section 4.3.1, and the recording of the demonstrations is explained in
Section 4.3.2. The masked behavior cloning integration to the optimization problem
is explained in Section 4.3.4, and the training algorithms are provided in Section 4.3.5.

4.3.1 Symmetric Local Environment

One technical point of this chapter is the exploitation of environment symmetry to
duplicate the demonstration data and improve the training efficiency. As symmetry
is conventionally task-specific and noted as expert-defined in [6], the following general
definition for symmetry in robot manipulation tasks is proposed.

Definition 1. For the MDP M, S0 ⊂ S and S1 ⊂ S are symmetric, or S0 ⇌

S1, if there exist reversible mappings ϕ : S1 → S0 and ψ : A → A, such that
ϕ(PS(s, a)) = PS(ϕ(s), ψ(a)) holds for any s ∈ S1 and a ∈ A that satisfy PS(s, a) ∈ S1
and PS(ϕ(s), ψ(a)) ∈ S0.

Definition 1 gives a mathematical formulation of symmetry for deterministic MDP.
This allows for accurate prediction on a domain given the historical observation on
its symmetric counterpart even though the real observation is not available.

Note that the symmetry relation is reversible, i.e.,

S0 ⇌ S1 ⇒ S1 ⇌ S0, (4.3)

since ϕ(PS(s, a)) = PS(ϕ(s), ψ(a)) leads to (ϕ−1[ϕ(s)], ψ−1[ψ(a)]) = ϕ−1[PS(s, a)].
Building on the definition of symmetry, the symmetrically partitionable environment
can also be defined.

Definition 2. For the MDPM, the domain S is symmetrically partitionable, if ∃S0,
S1, · · · , SM−1 ⊂ S, where M is a positive integer, such that S0∪S1∪· · ·∪SM−1 = S,
and Si ⇌ Sj and Si ∩ Sj = ∅ for all i, j=0, 1, · · · , M − 1 and i ̸= j.
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Definition 2 introduces a special type of MDP, of which the state space can be
split into several mutually exclusive and symmetric partitions. In these MDPs, for
any sample (s0, a0) ∈ S ×A and its observation s′0 ∈ S, another M − 1 counterparts
(s1, a1, s

′
1), · · · , (sM−1, aM−1, s

′
M−1) can be accurately predicted. In this chapter, the

global environment is considered a symmetrically partitionable space S, and the local
environment is any of its symmetric partitions Sk, k = 0, 1, · · · ,M − 1.

4.3.2 Definition of Demonstration

A demonstration episode is a trajectory of the MDPM

τ(πd) = {s0, a0, s1, a1, · · · , sNτ−1, aNτ−1, sNτ} , Nτ ∈ N+,

where πd is the policy used to generate the demonstration. The demonstration policy
can be generated from previous data [140], or explicit teaching [143], or an imperfect
controller [144]. Demonstration serves as prior knowledge to guide the agent through
the initial learning stage. However, demonstration can cause a local-optima prob-
lem in the later stages of agent training [145]. Therefore, the agent should use the
demonstration knowledge in the early learning stage and start to balance between the
demonstration and its own experience when it becomes mature.

The expert agent trajectories are recorded subject to a PID controller. As a
conventional and widely applied control method, PID benefits from simplicity and
robustness. Therefore, it can be used as a conservative solution for general robot
control and planning, although it is hard to be customized for certain tasks. For any
time instant t = 0, 1, · · · , Nτ and state st, a PID action aPIDt ∼ πd(st) is defined as

aPIDt = KPq̃t +KI

∫ t

0

q̃τdτ +KD
˙̃qt, (4.4)

where q̃t = qspt − qt, qstt ∈ Rn is the desired joint angles obtained by calculating the
inverse kinematics of the Cartesian set points, and qt is the current joint angles of
the robot. For the P2P and P&P tasks, qspt is the inverse kinematics of the goal
position Pg. For the P2P-O task, heuristic midway points are added to qspt such
that the robot moves away from the obstacle. KP, KI, and KD are respectively the
proportional gain, the integral gain, and the derivative gain of the PID controller.
With the state st and action aPIDt , the successive state s′t is observed and the instant
reward rt = R(st, a

PID
t ) is calculated. Note that the whole demonstration is recorded
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in one local environment Sk, k = 0, 1, · · · ,M − 1. Each demonstration episode is
terminated by a binary ending flag ζt ∈ {0, 1} which is enabled by success, timeout,
collision, or exiting the local environment. Dkt =

{
st, a

PID
t , s′t, rt, ζt

}
represents the

demonstration sample at time t, and k stands for the local environment from which
the sample is obtained. Additional samples ϕ

(
Dkt
)
= {ϕ(st), aPID, ϕ(s′t), rt, ζt} can be

duplicated on all the symmetrical local environments of Sk.

4.3.3 Storing Demonstration Samples

As shown in Figure 4.1 and Figure 4.2, Demo-EASE is equipped with the original
online or offline replay buffer Bo of RL baseline and a demonstration replay buffer Bd.
Bd only contains the demonstration samples Dkt and their duplicates ϕ

(
Dkt
)

in all local
environments, while Bo contains both the demonstration and training transitions. In
a symmetrically partitionable space, the demonstration policy is executed uniformly
in all local environments. Apart from a small noise, the initial position q0 is fixed for
each local environment, and the goal and object positions Pg and Po are randomly
sampled from uniform distributions.

In the off-policy framework, all demonstrations and their duplicates are stored
before training. In the on-policy framework, a similar offline demo buffer is imple-
mented. Also, demonstrations are copied in the online buffer in early iterations such
that the policy update is not solely guided by behavior cloning. Hence, for the first
or a considerably small number of experiences of the early epochs, i.e., until filling
the demo buffer to its nominal capacity, demonstration transitions are stored in the
online buffer as well.

4.3.4 Masked Behavior Cloning Loss

Not all the samples in the replay buffers Bo and Bd are used to update the actor
and critic networks of the RL agents. Instead, two smaller batches Bo and Bd are
sampled, which contain the shuffled and randomly chosen transitions of Bo and Bd,
respectively. The sizes of Bo and Bd are respectively No and Nd which satisfy Nd <

Nd and No < No. The conventional critic loss function is minimized to update the
critic networks in both off-policy and on-policy versions of Demo-EASE. The actor
networks, however, are updated using both batches Bo and Bd with a combined loss
function

LA
(
Bo,Bd

)
= LO

(
Bo

)
+ λBCLBC

(
Bd

)
, (4.5)
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Figure 4.1: The flowchart of off-policy Demo-EASE based on DDPG
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Figure 4.2: The flowchart of on-policy Demo-EASE based on PPO

where LO is the original actor loss function either based on DDPG or PPO. LBC is
the behavior cloning loss function used to encourage the compatibility between the
policies and λBC is a hyperparameter to adjust the regulation. The behavior cloning
loss function LBC , inspired by the behavior cloning in imitation learning [140], is
defined as

LBC
(
Bd

)
=

1

Nd

Nd−1∑
t=0

Mt

(
adt − ât

)2
, (4.6)
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where ât = π
(
sdt
)

is the agent’s action subject to the current policy π and the demon-
stration state sdt ,

(
sdt , a

d
t

)
∼ Bd. Note that in the on-policy method, a variational

actor produces a mean µ and variance σ for actions, so ât = µ
(
sdt
)
. Mt is a binary

mask that indicates whether the demonstration action adt is superior to the current
policy action at. The superiority in the case of the DDPG-based method is defined
as a higher state-action pair value for adt , i.e.,

Q(sdt , ât) < Q(sdt , a
d
t ).

In the on-policy version, this superiority is defined as when the immediate reward
received by the action in the demonstration adt is higher than the estimated state
value, i.e.,

V (sdt ) < R(sdt , a
d
t ).

The purpose of LBC is to balance between the demonstration and the original ex-
perience of the agent. In the initial stages of the training, when the policy is not
yet trained, π imitates the demonstration policy πd. When the agent is well-trained
such that its actor performs better than the demonstration, LBC vanishes and the
demonstration policy πd is ignored. In general, when no sufficiently good demo subset
is found, e.g., due to any shortcomings in the demo policy, such as avoiding dynamic
obstacles, Demo-EASE defaults to the vanilla RL algorithm it is built on. In such
rare cases, the performance gracefully degrades to the base learner rather than fail-
ing catastrophically. The behavior cloning gain hyperparameter, λBC , adjusts the
extent of cloning. In other words, λBC balances between the training speed and the
generalizability of the agent.

4.3.5 Training Algorithms

The algorithmic processes of off-policy and on-policy Demo-EASE are presented in
Algorithm 1 and Algorithm 2, respectively. In Algorithm 1, Neq ∈ N+ is the number
of episodes, Nup ∈ N+ is the number of epochs after which the networks are updated,
Nτ ∈ N+ is the maximum length of each episode, σ ∈ R+ is the standard deviation
of the action exploration, and ω ∈ R+ is the coefficient of target network updates.
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4.4 Experiment Setup

To validate the proposed method, a simulation experiment is set up in PyBullet using
a 6-DOF Kinova® Gen3 robot model with a Robotiq® 2F-85 gripper as shown
in Figure 4.3. Since the experiments do not involve complex dexterity, only four
actuators (#1, #2, #3, and #4) are active and the other two are locked, as shown in
Figure 4.3, which results in a 4-DOF active robot arm. The experimental simulation
is performed on a computer workstation equipped with an AMD Ryzen 9 5900X
CPU, an Nvidia RTX 3090 GPU, and 64GB (2x32) Corsair DDR4 memory, with
Ubuntu 18.04 LTS operating system. The DDPG and PPO benchmarks are taken
from spinningup [146] for implementation of the proposed method. The configurations
of the three tasks are interpreted as follows. Note that cylinder coordinates (θ, ρ, z)

represent the position in the workspace for the remaining part of this chapter.

Figure 4.3: The 6-DOF Kinova® Gen3 robot model. The workspace is the green
tube showing min and max extremities of polar radius and height. The four active
joints are labeled as well.

4.4.1 Demonstrations

In a symmetrically partitionable space, the demonstration policy is executed uni-
formly in all local environments. Apart from a small noise, the initial position q0 is
fixed for each local environment. The goal and object positions Pg and Po are ran-
domly sampled from uniform distributions. For each episode of the chosen tasks, the
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Algorithm 1: Off-policy Demo-EASE Training based on DDPG
Input: Parameters µ, ν for initial policy πµ and value Qν ;
Parameters µ′←µ, ν ′←ν for target networks πµ′ and Qν′ ;
Full replay buffers Bo, Bd;
for i← 1 to Nep do

for j ← 0 to Nup do
st ← q0 , t← 0;
while t < Nτ & ζt = 0 do

Observe st and execute at ∼ N (πµ(st), σ);
Observe s′t, rt and determine ζt;
Store sample {st, at, rt, s′t, ζt} → Bo;
st ← s′t , t← t+ 1;

Sample batch buffers Bo ∼ Bo, Bd ∼ Bd;
Calculate LC and ∇νLC using

LC
(
Bo

)
=

1

No

No−1∑
t=0

(rt −Q(st, π(st)) + γ(1− ζt)Q′(s′t, π
′(s′t)))

2

Calculate LO using

LO
(
Bo

)
= − 1

No

No−1∑
t=0

Q(st, π(st))

Calculate LBC using Equation (4.6);
Calculate LA using Equation (4.5) and ∇µLA;
Update networks πµ, Qν by gradient descent:
µ← µ+ αµ∇µLA, ν ← ν + αν∇νLC ;
Update the target networks πµ′ , Qν′ :
µ′ ← ωµ′ + (1− ω)µ, ν ′ ← ων ′ + (1− ω)ν;
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Algorithm 2: On-policy Demo-EASE Training based on PPO-Clip
Input: Parameters ω, ν for initial policy πω and value Vν networks;
Empty replay buffers Bo,Bd;
for i← 1 to Nep do

for j ← 0 to No do
if j ≤ No andBd is not full then

Run a demonstration episode and store the trajectory → Bd,Bo;
else

st ← q0 , t← 0;
while t < Nτ & ζt = 0 do

Observe st and execute at ∼ N (µωi(st), σωi(st));
Observe st+1, rt and determine ζt;
st ← st+1 , t← t+ 1;

Store the trajectory → Bo;

Compute Rewards-to-go for the trajectories in Bo, R̂t =
∑Nτ

l=t rl;
Sample batch buffers Bo ∼ Bo, Bd ∼ Bd;
k ← 0;
while k ≤ Nup & DKL(πωi,k , πωi,0) < Dtarget

KL do
Compute Advantage estimates for the trajectories in Bo using the
Generalized Advantage Estimator (GAE):

Â
GAE(γ,λ)
t =

Nτ−1∑
l=t

(γλ)l−t(rl + γVωi,k(sl+1)− Vωi,k(sl))

where γ is MDP discount factor and λ is GAE discount factor;
Calculate LO:

LO = − 1

NoNτ

∑
Bo

Nτ∑
t=0

min
(
rωt Ât, clip(r

ω
t , 1− ϵ, 1 + ϵ)Ât

)
with rωt = πω(at|st)/πωi,k(at|st) and ϵ as the clipping threshold;

Calculate LBC ,LA (Equations (4.5) and (4.6)), and ∇ωLA;
Calculate LC and ∇νLC :

LC =
1

NoNτ

∑
Bo

Nτ∑
t=0

(
Vν(st)− R̂t

)2
Update networks πω, Vν by gradient descent:
ωi,k+1 ← ωi,k + αω∇ωLA, νi,k+1 ← νi,k + αν∇νLC ;
k ← k + 1;
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robot moves from an initial joint angle q0 ∈ Rn to reach the goal position Pg ∈ R3. For
different stages, demonstration recording, training, and testing, the initial joint angle
q0 and the goal position Pg are sampled differently to evaluate the generalizability of
the agent. The P2P-O and P&P tasks also involve the sampling of the object position
Po, which is sampled according to the initial robot configuration. The demonstration
is recorded in local environments Sk, where k ∼ {1, 2, 3, 4} is uniformly sampled,
while the training and test are performed in the global environment S.

Configuration of the P2P task

For the P2P task, the Off-policy Demo-EASE was chosen to train the RL agent. The
initial position of the end effector is sampled uniformly such that θ0 ∼

{
kπ
2
− π

4

}
, ρ0 =

0.52, z0 = 0.42, for all k ∼ {0, 1, 2, 3}. Here, the polar coordinates (θ0, ρ0, z0) represent
the end-effector position in the workspace. Then, inverse kinematics is calculated to
obtain the initial joint angles q0. The goal position (θg, ρg, zg) is uniformly sampled
from θg ∼

[
kπ
2
− π

2
, kπ

2

)
, ρg ∼ [ 0.4, 0.6 ), zg ∼ [ 0.35, 0.55 ), which is then transformed

to the Cartesian coordinate Pg. In such a manner, the sampled goal is restricted to the
same local environment as the initial position of the robot end-effector. The number
of the demonstration episodes Ndemos is selected as 0, 80, and 160 for the comparison
study. Four examples of P2P demonstrations are illustrated in Figure 4.4a.

Configuration of the P2P-O and P&P

Unlike P2P-O, trained with Off-policy Demo-EASE, P&P is trained with the On-
policy version. For both tasks, the initial position of the robot end-effector is uni-
formly sampled from θ0 ∼

{
kπ
2

}
, ρ0 = 0.52, z0 = 0.42, for all k ∼ {0, 1, 2, 3}, which is

then transformed to the initial joint angle q0. The target position Pg is sampled from
θg ∼

[
kπ
2
− π

4
, kπ

2

)
, ρg ∼ [ 0.4, 0.6 ), zg ∼ [ 0.35, 0.55 ). A cube sized 0.04m is placed

at position Po which is determined based on the goal position so that it is located
between the initial position of the gripper and the target, θo ∼ θg+ {−1, 1}×

[
π
12
, π
6

)
,

zo ∼ [ zg − 0.1, zg + 0.1 ). The subscript o indicates the coordinate of the object. The
number of demonstration episodes Ndemos is set at 100, 200, and 400 for P2P-O and
150, 250, and 400 for P&P. They are larger than what is chosen in the P2P task due to
their complexity. Four examples of P2P-O demonstrations are shown in Figure 4.4b.
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(a) P2P (b) P2P with obstacle

Figure 4.4: Samples of the demonstrations used to prepare the local demo replay
buffers

4.4.2 Agent Training

The training of the agent is performed in the global environment S. For both the
P2P and the P2P-O tasks, the initial position of the robot end-effector is fixed in
θ0 = π/4, ρ0 = 0.52, z0 = 0.42, and the target positions Pg is sampled from

θg ∼ [−π, π ), ρg ∼ [ 0.3, 0.7 ), zg ∼ [ 0.25, 0.65 ). (4.7)

For the P2P-O and P&P tasks, the object position is sampled from θb = θg+sgn(θ1−
0.5)θ2, ρb ∼ [ 0.4, 0.6 ), zb ∼ [zg − 0.1, zg + 0.1), where sgn(·) is the sign function that
produces 1, −1, and 0 for positive, negative, and zero values, respectively. θ1 ∼ [ 0, 1 )

and θ2 ∼ [ π/12, π/6 ) are random variables sampled from uniform distributions. Such
a definition of θb is to ensure that the block is forced to be towards a clockwise or
counterclockwise direction from the target in the global space.

The reward functions R are selected according to the following concerns.

1. Approaching: Penalize the reaching error at each time.

2. Effort: Encourage the agent to apply minimum effort.

3. Reaching: Encourage ultimately reaching the goal.

4. Collision: Penalize any collisions with the object.
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5. Grasping: Encourage the agent to pick up the object when intended.

Thus, the following reward function is designed,

R(st, at) := rdstt + reftt + rrcht + rclst + rgrspt . (4.8)

The first term rdstt = −α1||et|| is to penalize the reaching error et, where α1 ∈ R+ is
design parameter to be determined. This term stimulates the reaching towards the
goal. The second term reftt = −α2 ∥τ̂t∥ is to penalize the actuation torques of the robot,

where α2 is a parameter and τ̂t =
[
τ̂
(1)
t τ̂

(2)
t τ̂

(3)
t τ̂

(4)
t

]⊤
are the normalized actuation

torques of the four active joints of the robot. For each joint j, τ̂ (j)t = ∥τ (j)t ∥/τ
(j)
max,

where τ (j)t is the actual actuation torque at time t and τ
(j)
max is the maximum torque,

where τ (1,2,3)max = 39N·m and τ (4)max = 9N·m. The third term rrcht =

{
0, if ∥et∥ ≥ ε

R1, else
gives a big positive reward for ultimately reaching the goal, where ε = 0.05m is the

tolerated reaching error. The term rclst =

{
−R2, if collision detected
0, else

exerts a big

negative reward for collision either with the object or the robot itself, and the last

term rgrspt =

{
R3, if ∥P e

t − P o
t ∥ ≤ ε and d(qet − qot ) ≤ εq

0, else
is a one-time reward in

the P&P task when the robot reaches the object in a proper position with proper
orientation, where ε, R1, R2, R3 ∈ R+ are parameters. For the reward function, the
parameters are selected as α1 = 2× 10−3, α2 = 10−3, R1 = 10, R2 = R3 = 2 wherever
needed for each task. In the definition of rgrspt , d(qet − qot ) is the distance between
the end-effector and object quaternions. Also, if the robot satisfies the condition for
receiving R3, the grasping occurs automatically until the end of the episode.

The architecture of the actor and critic networks in P2P and P2P-O are multilayer
perceptron networks with [ 128, 512, 128 ] and [ 256, 1024, 256 ] units, respectively.
A similar architecture with [ 512, 512, 256 ] units is used for both actor and critic
networks in P&P. The remaining parameters of the agent training are indicated in
Table 4.1 and Table 4.2.

4.5 Experimental results

This section analyzes the results of the implementations and evaluates the perfor-
mance of the proposed method. Additional information about the environment con-



50

Table 4.1: Training parameters for off-policy Demo-EASE experiments

Notation Parameter P2P P2P-O

Nτ Max Episode Length 400 500
Nep Number of epochs 250 500
Nup Update interval 20 25
No Size of Bo 106

No Size of Bo 100
Nd Size of Bd 100
γ Discount factor 0.99

σ Exploration Noise Std. Dev. 0.1

ω Target update coefficient 0.995

αµ Actor’s learning rate 10−3

αν Critic’s learning rate 10−3

figuration and platforms is presented in Section 4.4. The codebase used for the
experiments is publicly available.1

4.5.1 The Training Results

Two important hyperparameters play the major role in the influence of the method
on performance, namely the number of demonstrations Nd, and the behavior cloning
gain λBC . For each combination of Ndemos and λBC , multiple repeats are performed
to reduce the effect of randomization. A conventional DDPG and PPO agent is also
trained for comparison, corresponding to Ndemos = 0 and λ = 0 for the corresponding
experiments.

Along with the learning curve that shows the changes in accumulated reward over
time, the following numerical metrics are also used to evaluate the performance:

• Initial return R10: the average return over the initial 10% of episode steps;

• Ultimate return R90: the average return over the final 10% of episode steps;

• Reward Increment IR = R90−R10: the increase of the returns during training;

• Half-trained time T50: the episode when the return first exceeds 1
2
R90.

1https://github.com/amsoufi/DemoEASE

https://github.com/amsoufi/DemoEASE
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Table 4.2: Training parameters for on-policy Demo-EASE experiment

Notation Parameter P&P

Nτ Max Episode Length 800
Nep Number of epochs 50
Nup Policy updates per epoch 20
No Size of Bo 4000
No Size of Bo 800
Nd Size of Bd 100
γ Discount factor 0.99

γGAE GAE factor 0.97

ϵ Clip ratio 0.2

Dtarget
KL KL-Divergence threshold 0.02

The P&P Task

Figure 4.5 shows the training curves for the P&P task. It can be noticed that agents
trained using Demo-EASE show a significant advantage over the original baseline.
As expected, the learning curves of all Demo-EASE agents, even those with minimal
adjustments, start to grow early on. Also, more demonstrations or larger λBC in
training leads to higher accumulated rewards during the training process. Additional
training metrics for the P&P task are listed in Table 4.3.

Table 4.3: Numerical training metrics of the P&P agent

Agent
λBC (Ndemos = 400) Ndemos (λBC = 15)

PPO
5 10 15 150 250 400

R10 0.36 0.37 0.36 0.35 0.19 0.36 -0.60
R90 1.67 2.29 3.03 1.73 2.26 3.03 -0.51
IR 1.30 1.92 2.67 1.38 2.07 2.67 0.09
T50 649 612 548 721 572 548 655

The P2P Task

The learning curves of the P2P task during the agent training stage are presented in
Figure 4.6. Specifically, the results depicting the influence of the number of demon-
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strations Ndemos and the behavior cloning gain λBC are respectively illustrated in
Figure 4.6a and Figure 4.6b. Additional training metrics are listed in Table 4.4.

The P2P-O Task

The learning curves of the P2P-O task during the agent training stage are shown in
Figure 4.7. Specifically, the results showing the influence of the number of demon-
strations Ndemos and the behavior cloning gain λBC are respectively illustrated in
Figure 4.7a and Figure 4.7b. Other numerical metrics are shown in Table 4.5.

(a) Different Ndemos with λBC = 15

(b) Different λBC with Ndemos = 400

Figure 4.5: The effect of hyperparameters on the P&P learning curves
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Table 4.4: Numerical training metrics of the P2P agent

Agent
λBC (Ndemos = 100) Ndemos (λBC = 1)

DDPG
0.1 0.6 1.8 0 80 160

R10 -0.44 -0.06 -0.12 -0.28 -0.13 0.06 -0.56
R90 3.72 6.83 8.94 5.55 8.58 8.67 0.90
IR 4.16 6.89 9.06 5.83 8.71 8.61 1.49
T50 657 292 398 281 457 379 486

Table 4.5: Numerical training metrics of the P2P-O agent

Agent
λBC (Ndemos = 250) Ndemos (λBC = 1)

DDPG
0.5 1 2 100 200 400

R10 -1.61 -1.51 -1.62 -1.53 -1.51 -1.67 -1.51
R90 5.79 6.80 7.19 3.40 3.44 5.95 -1.52
IR 7.40 8.31 8.81 4.93 4.95 7.63 -0.01
T50 1503 1603 1441 1787 1780 1483 N/A

4.5.2 The Test Study

In this section, the trained agents are deployed onto the simulated robot model,
and their test performance is evaluated. The test study is conducted in the global
environment, with 500 trials per task. In the test study, the following metrics are
used for evaluation.

1. Success rate Pscs: the ratio of the number of successful trials Nscs to all trials
Nttl.

2. Average effort T eff : average torque utility rate of the joints in the successful
trials, as in the following,

T eff =
1

Nscs

1

Nτ

Nscs∑
i=1

Nτ∑
t=1

∥∥τ̂ it∥∥ . (4.9)

where τ̂t is the norm of the vector of active joint utilities, and i denotes the i-th
trial.
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(a) Different numbers of demos Ndemos

(b) Different behavior cloning gains λBC

Figure 4.6: The effect of hyperparameters on the P2P learning curves

3. Average test return Rtest: the average return over successful trials.

4. Ultimate error E95: the average ultimate reaching error over the final 5% of
a successful trial,

E95 =
1

Nscs

1

0.05Nτ

Nscs∑
j=1

Nτ∑
t=0.95Nτ

∥∥∥e(j)t ∥∥∥ (4.10)

where e(j)t is the reaching error of trial j at time t.

The initial robot end-effector position is fixed as θ0 = −π/4, ρ0 = 0.5, z0 = 0.45
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(a) Different numbers of demos Ndemos

(b) Different behavior cloning gains λBC

Figure 4.7: The effect of hyperparameters on the P2P-O learning curves

for P2P and θ0 = −π/2, ρ0 = 0.5, z0 = 0.45 for P2P-O and P&P. The robot goal
configuration is sampled from the same distribution as the training configuration
in Section 4.4.2. Each test trial ends if the Reaching, Timeout, and Collision
criteria are met. Besides, the trajectories that meet the Reaching criterion are
considered successful trials. Examples of the successful trials in two of the simulation
environments of the test study are illustrated in Figure 4.8.

The reaching error trajectories ∥et∥ of the P2P, P2P-O, and P&P tasks in the test
study, subject to different values of λBC and Ndemos, are respectively illustrated in
Figure 4.9, Figure 4.10, and Figure 4.11. In these figures, the dark curve represents
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the averaged trajectory over successful trials, and the shaded areas represent the
standard deviation of the trajectories. It can be seen that implementing the behavior
cloning and demonstrations generates smooth and stable trajectories in this test.

(a) P2P (b) P2P with obstacle

Figure 4.8: Samples of successful trials of trained agents

The numerical metrics of the P2P agent in the test study, subject to different
hyperparameters Ndemos and λBC , are presented in Table 4.6. Additionally, the de-
ployment evaluation results of the tests for P2P-O and P&P tasks are shown in
Table 4.7 and Table 4.8. The PID controller designed as Equation (4.4) is also tested
for comparison. The results indicate that the PID baseline shows a mediocre success
rate and ultimate error compared to the Demo-EASE agents. Meanwhile, PID also
uses the lowest effort and gets the smallest reward. This confirms that PID is a con-
servative control baseline that produces smooth and energy-saving trajectories but
neglects task-specific optimality. Note that the reaching errors are not relatively big
because episodes are truncated at a 5 cm threshold.

4.5.3 Result Discussion

It is noticed that even the Demo-EASE agent with the minimum number of demon-
strations or behavior cloning gain performs significantly better than the standard RL
agent in terms of not only the reward but also the sampling efficiency. It is also
interesting to find that the behavior cloning gain shows more contribution to improv-
ing the training performance compared to the number of demonstrations. In the test
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Table 4.6: Numerical evaluation results of the P2P agent in test

Agent
λBC (Ndemos = 100) Ndemos (λBC = 1)

PID
0.1 0.6 1.8 0 80 160

Pscs(%) 78.2 92.6 99.6 42.8 91.4 89.5 59.0
T eff 36.2 26.9 27.3 54.3 28.3 22.1 15.1
Rtest 9.88 9.96 9.98 9.97 9.98 9.94 9.58
E95 (cm) 6.24 4.91 4.76 4.77 4.79 5.38 5.29

Table 4.7: Numerical evaluation results of the P2P-O agent in test

Agent
λBC (Ndemos = 100) Ndemos (λBC = 1)

PID
0.5 1 2 100 200 400

Pscs(%) 92.6 96.2 98.0 71.6 78.4 92.2 83.0
T eff 67.3 66.1 65.8 70.5 67.6 66.1 54.9
Rtest 9.88 9.87 9.89 9.89 9.88 9.88 9.21
E95 (cm) 5.43 5.30 5.15 5.06 5.28 5.27 5.51

Table 4.8: Numerical evaluation results of the P&P agent in test

Agent
λBC (Ndemos = 400) Ndemos (λBC = 15)

PID
5 10 15 150 250 400

Pscs(%) 80.8 90.0 97.6 86.2 89.2 97.6 73.4
T eff 56.0 45.8 43.5 44.1 44.7 43.5 44.0
Rtest 11.88 11.89 11.93 11.78 11.83 11.93 11.76
E95 (cm) 5.29 4.86 5.09 6.07 4.86 5.09 6.05

study, the Demo-agent also presents a decent performance in terms of safety (collision
avoidance) and precision (small reaching error). Yet, trained RL agents applied more
torque than PID, which can be regulated by reshaping the reward function. It is
worth mentioning that the symmetrical partitionable condition for the environment
seems to be quite strong for most practical robot manipulation tasks. In practice,
only some small regions of the environment likely do not possess such symmetric
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Figure 4.9: The average error ∥et∥ in successful trials over time t in the P2P test.

properties. Nevertheless, the proposed work is devoted to investigating the feasibil-
ity and potential of using demonstrations in symmetric environments to improve the
sampling efficiency of RL methods with extreme use cases. Automated symmetry
detection, generalizability, and verification in practical problems are some possible
topics for future work.

4.6 Concluding Remarks

This chapter proposed a novel data aggregation method for model-free RL in robot
manipulation and incorporated behavior cloning from abstract symmetric demonstra-
tion to improve both the training and test performance of the conventional RL. A
conservative PID controller was used as the source of expert knowledge for producing
such demonstrations. The symmetric property of the environment was exploited to
duplicate the demonstration samples, which further improved the efficiency of the
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Figure 4.10: The average error ∥et∥ and in successful trials over time t in the P2P-O
test.

agent training. The proposed method was validated using a robot manipulator in
three essential simulated manipulation tasks. The results showed that the behavior
cloning from the demonstration has a positive effect on both the training and deploy-
ment of the RL agent. Nevertheless, whether the proposed method is also effective for
more complicated manipulation tasks like object pushing or grasping is a question,
that will be further investigated in future work.
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Figure 4.11: The average error ∥et∥ in successful trials over time t in the P&P test.
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Chapter 5

Facilitating RL Sim-to-real by
Intrinsic Stochasticity of Real-Time
Simulation

Simulation is essential to RL before implementation in the real world, especially for
safety-critical applications like robot manipulation. Conventionally, RL agents are
sensitive to the discrepancies between the simulation and the real world, known as the
sim-to-real gap. The application of domain randomization, a technique used to fill this
gap, is limited to the imposition of heuristic-randomized models. This chapter inves-
tigates the properties of the Intrinsic Stochasticity of Real-Time simulation (RT-IS)
of off-the-shelf simulation software and its potential to improve RL performance. This
improvement includes a higher tolerance to noise and model imprecision and superi-
ority to conventional domain randomization in terms of ease of use and automation.
Firstly, analytical studies are conducted to measure the correlation of RT-IS with the
utilization of computer hardware and to validate its comparability with the natural
stochasticity of a physical robot. The RT-IS feature is exploited in the training of
an RL agent. The simulation and physical experiment results verify the feasibility
and applicability of RT-IS to robust agent training for robot manipulation tasks. The
RT-IS-powered RL agent outperforms conventional agents on robots with modeling
uncertainties. RT-IS requires less heuristic randomization, is not task-dependent, and
achieves better generalizability than the conventional domain-randomization-powered
agents. The findings provide a new perspective on the sim-to-real problem in practical
applications like robot manipulation tasks.
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5.1 Sim-to-real Challenge

Today, the world finds itself amid an exciting industrial revolution represented by
Industry 4.0, a paradigm that has pushed manufacturing systems to become more
intelligent, reliable, and efficient by utilizing innovative technologies including artifi-
cial intelligence (AI), cyber-physical systems, internet of things, and cloud comput-
ing [147, 148]. AI technologies provide the tools needed to build intelligent manu-
facturing systems that are flexible, smart, and easily re-configurable. AI has appli-
cations in just about any manufacturing process such as process monitoring [149],
process optimization [150], and process control [151]. AI enables manufacturing de-
vices and machines, especially robots, to self-monitor and autonomously respond to
different situations and environmental changes [152]. The next generation of intelli-
gent manufacturing requires the robots to be capable of changing their behaviors and
modals automatically adapted to the peripheral changes without human intervention
or manual reprogramming [5].

Reinforcement Learning (RL) is one of the most promising technologies that can
achieve this goal for robotic systems. The RL framework introduces autonomous
decision-making based on a feedback and reward setting, where an agent applies
actions to an environment according to certain observations. The applied actions
are solved subject to the optimization of predefined rewards. Different from the
conventional control methods built on heuristics, RL does not usually require prior
knowledge of the environment, which is also referred to as model-free [153]. Instead,
the RL training process takes a trial-and-error approach to learn the best commands
for a specific task, such as grasping [154], navigation [155], and Braille typing [156].
This framework allows a robot to learn a feasible control solution automatically from
the interaction data without manually programming the robot and task models. To
provide sufficient data for the training of RL, simulation of the system is used to
save the temporal and hardware resources. Nevertheless, due to the mismatch of
the features between the physical systems and their simulation models, the agents
trained in simulation do not always reproduce their performance in the real world,
which is also referred to as the sim-to-real gap [157] or the reality gap [158]. The
conventional RL methods are sensitive to the variation between the virtual and the
physical robot dynamics [158] caused by the reality gap, which becomes a major
barrier preventing the application of RL to practical problems and remains an open
question that prevents the wide application of RL to practice.
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An inspiring idea to fill the sim-to-real gap is found in robust control, a well-known
concept in the conventional control theory to cope with the existence of system un-
certainties [159]. Robust control aims at designing a control method that is feasible
for all system models that are defined in a closed model set that covers all possible
features of the real system. Thus, a similar concept namely Robust RL is proposed
as a different avenue taken to tackle the issue of uncertainty and disturbance in real
applications of RL. The core idea was an amalgamation of the robust control law of
H∞ and reinforcement learning, suggested by [160]. In this approach, the disturbance
is modeled as an agent with a non-deterministic but bounded range of disturbance
trying to destabilize the RL agent. The disturbance model impedes the controller
by applying the biggest model discrepancy or input noise. In robust adversarial
RL, the agent is equipped with another deep learning model which learns the extent
of its disturbance output throughout the training process [161]. Various domains
of action for the mentioned adversary have also been experimented on, spanning
robustness to transition (environment dynamics), disturbance (external unmodeled
forces), action (input noise), and observation (transducer uncertainty) [162]. The
application of Robust RL formulation has been expanded, in a very diverse set of
methods, much further than sim-to-real transfer in recent years. In another work, a
robust goal-conditioned reinforcement learning approach for end-to-end robotic con-
trol in adversarial and sparse reward environments is introduced [163]. Their system
utilizes a mixed adversarial attack scheme to generate diverse perturbations on ob-
servations and employs a hindsight experience replay technique to transform failed
experiences into successful ones. Also, proposed by [164], an observation-based adver-
sarial reinforcement learning approach for robust lane change of autonomous vehicles
is presented, addressing the challenges of perception uncertainty and adversarial ob-
servation perturbations. At a more fundamental level, [165] devises an efficient way to
exploit perturbed historical data from adversarial environments. This can especially
be beneficial in the case of sim-to-real where generating perturbed simulated environ-
ments is affordable. Furthermore, a model-based reinforcement learning algorithm is
devised by [166] for learning an ϵ-optimal robust policy where the nominal model is
unknown. This algorithm considers different forms of uncertainty sets and provides
precise characterizations of sample complexity by generative models. This provides
an avenue to a range of novel robust RL algorithms. The intuition behind the robust
RL concept is astute and it suggests certain guarantees of stability, however, structur-
ing such problems requires two sources of prior knowledge: choosing the domains of
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impact for the adversary and designing the extent of said impact. In many cases, this
information is not provided before the actual implementation. Mismodeling in this
design may lead to over- or under-compensation of the discrepancies and sub-optimal
performance. Additionally, parameter tuning the agents equipped with this level of
sophistication can be disinclined in the industrial use of the technology.

The existing solutions for RL agents to alleviate the sim-to-real problem mainly
include system identification [167], domain adaptation [168], domain randomiza-
tion [169]. The relation between these three solutions and the reality gap is illustrated
in Figure 5.1. System identification aims to solve the sim-to-real gap by mathemati-
cally estimating a specific pre-structured model based on data [170], e.g., by defining
a regression problem [171, 172]. This approach is most effective for tuning time-
invariant parameters, however in reality a major problem is noise which is of a dif-
ferent nature. Some recent cases of implementation of machine learning for modeling
time-variant parameters, however, can be found [173, 174]. Despite these results, the
efficiency of system identification, in this case, is questionable due to the requirement
of tremendous data and exhaustive modeling efforts. Domain adaptation is inspired
by the computer vision field, where the data from a source domain is used to improve
the performance on a different target domain [168]. It has been used as the critical
technology of transfer learning [122]. From the perspective of sim-to-real, the source
is the simulation environment and the real world serves as the target. This technique
focuses on the transformation of feature space either by using statistical-discrepancy
methods [175] or adversarial-learning methods [176] such as generative adversarial
networks (GAN). Then, the model for the target domain can be generated by adapt-
ing the source model utilizing the feature transformation. However, the application
of domain adaptation to sim-to-real is hindered by the fact that it requires data from
both domains.

Another solution to mitigate the sensitivity of RL is domain randomization, also
known as dynamic variability [177], which promotes the generalizability of an RL
agent by exciting with multiple varying model configurations [178, 179]. The main
technical point of domain randomization is to impose heuristic noise to the mod-
els or observations of the environment during the training process [180, 181], such
that the agents can achieve a balanced performance over various models and obser-
vations. The spaces of the perturbed models and the observations are referred to
as domains, and the manner of imposing heuristic noise in these domains is referred
to as randomization. The randomization can be of any two types visual [169] and
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(1) Simulation
Environment

Trained Policy

actionstate

(3)

Real En-
vironment

Deployed Policy

actionstate

(2)
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Figure 5.1: The illustration of the reality gap and the three common approaches to
solving it: (1) system identification, (2) domain adaptation, and (3) domain random-
ization.

dynamic [119]. Visual randomization is mostly related to computer vision tasks such
as object detection [182, 183], object recognition [184], or pose estimation [185]. Dy-
namic randomization targets robotics and control tasks by randomizing dynamic fea-
tures such as mass, friction, and measurement noise in observations. The technology
of domain randomization can avoid the overfitting of an RL agent to a single environ-
ment model and guarantee its generalizability to all perturbed environments [181].
Similar technology is also used to avoid local optimums [138, 180]. However, there
exists a trade-off between the extent of randomization and the performance of the
agent. Firstly, the randomization sacrifices the training performance of the agent on
individual environment models. Thus, large-extent of randomization may not pay off
the overall loss of the training performance. Secondly, randomization increases the
variance of the trained policy, which makes the test performance unstable and diffi-
cult to predict. Thirdly, similar to robust control, large-extent domain randomization
may lead to the infeasibility of the agent training, i.e., the failure of policy conver-
gence. Therefore, determining the extent of the heuristic randomization is always a
challenge.

Naturally, the approaches to tackle the challenge targeted by this chapter are not
limited to the above. For instance, a hierarchical combination of RL (high-level) and
precise conventional controller (low-level) is proposed by [186]. The RL agent creates
setpoints at a lower rate for a stiff controller in the simulation. The conventional
controller can compensate for the disturbances, isolating the RL agent from uncer-
tainties. It has also been shown that decentralizing the controllers minimizes the
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effect of uncertainty [187]. It should be noted that delays can form another source
of challenge for sim-to-real, besides noise and disturbance [126]. These delays can be
caused because of the low update rate of the RL agent on real hardware, the latency
of the action execution in the actuators, or both. In [188], adding an estimator to
predict the state changes during action selection improved the performance in real-
time. Even the mere presence of random delays has shown a general improvement
in the robustness of the RL agent [189, 190]. The latter inspires the authors to ver-
ify the hypothesis of the benefit of a source of intrinsic noise to robustness from a
different perspective. Unlike delays that follow the dynamics of the system or the ac-
tuator, action/observation noise is less predictable or possibly not at all. Therefore,
a meaningful source of noise is used in the simulation that can be related to the same
phenomenon in the physical system.

In the preliminaries of this work, the intrinsic stochasticity of real-time simulation
(RT-IS) is found to be promising to provide less-heuristic solutions to domain ran-
domization, although it has not been widely discussed in previous work. Real-time
simulation is a special mode of off-the-shelf simulation software, such as PyBullet.
The simulation step time in the real-time mode is stochastically changed due to the
uncertain resource management of the operating system, which leads to the stochas-
ticity of the entity states of the simulation, such as the movement trajectories of the
robot. Such stochasticity is intrinsic since it is affected by the internal computing
resources, such as CPU , GPU , and Memory usage, similar to the natural stochas-
ticity of physical robotic systems due to the change of temperature, humidity, and
lubricant conditions [191].

This naturally leads us to the idea to exploit RT-IS to improve the robustness of a
conventional RL agent and reduce the heuristics of a conventional domain-randomized
agent. To evaluate the feasibility of this solution, the following three questions should
be answered.

1. Does the utility of hardware resources affect RT-IS?

2. Is RT-IS comparable to the physical robot?

3. Can RT-IS be used to improve the robustness of RL and fill the sim-to-real gap?

The answers can help rediscover the functionality of RT-IS which is promising to
promote the fidelity of robot simulation [192] and improve the robustness of RL
methods [193].
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This chapter attempts to fill the sim-to-real gap by answering the three questions
above related to RT-IS, which has never been investigated by the existing research
work. Specifically, through statistical studies, the cause of RT-IS is investigated in an
off-the-shelf simulation environment. The similarity of RT-IS to the stochastic uncer-
tainty of the physical robot is also validated. This provides the practical foundation
for utilizing RT-IS to replicate the randomness of real robots and fill the sim-to-real
gap. Then, a method is introduced that utilizes this randomization to render robust
RL agents. Comparison studies of an essential point-to-point robot manipulation task
are conducted to validate the equivalence between RT-IS and domain randomization
for RL agent training.

The results of this chapter are promising to provide a more realistic and imple-
mentable solution for the practical applications of RL methods to robot manipulation
tasks with the existence of sim-to-real gaps, i.e., utilizing RT-IS to train a robust
RL agent instead of domain randomization, with fewer computation resources. The
remaining part of the chapter is organized as follows. Section 5.2 introduces the ex-
perimental setup in simulation and on the physical robot for the data collection for
the study of RT-IS. Section 5.3 analyzes the influence of CPU, GPU, and Memory
consumption on the intrinsic stochasticity and evaluates the magnitude of stochas-
ticity between the real-time simulation and the real robot. Section 5.4 explains the
configuration of the experimental studies to evaluate the effectiveness of RT-IS. The
experimental results are evaluated and analyzed in Section 5.5. Finally, Section 5.6
concludes the chapter.

5.2 Data Collection for Analytical Study

This section introduces the data collection process used for the correlation analysis.
First, the experimental setup and the data collection in the real-time simulation
environment are introduced. Then, the data collection process on the physical robot
is introduced. The overall process is illustrated in Figure 5.2. The identical heuristic
policy based on a constant-speed controller is applied to both the simulation and the
physical robot. The simulation is performed in the real-time mode where the output
Ṽ is affected by RT-IS. The output of the physical robot V is affected by the physical
stochastic uncertainties.
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Figure 5.2: The illustration of the experimental setup and the data to be collected,
where V and T are the joint velocity and torque of the physical robot, and Ṽ and T̃
are those of the virtual robot in the simulation environment.

5.2.1 Real-Time Simulation Experimental Setup

PyBullet, an open-source simulator based on the Bullet physics engine for Python, is
chosen as the simulation environment. PyBullet offers parallel simulation function-
ality, compatibility with Gym and other machine learning libraries, and low-demand
and high-speed calculations that are favorable for reinforcement learning research.
The stability and viability of PyBullet in different robotic applications (e.g., rigid
body motion, locomotion, mobile robots, collision, and contact) are widely recog-
nized [194]. PyBullet supports the real-time simulation mode based on the real-time
calling mechanism of the operating system, which provides superior fidelity to reality
but brings up stochastic uncertainty of simulation. Nevertheless, the real-time simu-
lation mode of PyBullet is the main interest of this chapter. To run the simulation,
a powerful workstation is used capable of training reinforcement learning agents with
high computational capabilities. The workstation is equipped with an AMD Ryzen
9 5900X CPU, an Nvidia RTX 3090 GPU, and 64GB (2x32) Corsair DDR4 memory,
which is superior to many papers on simulation benchmarks [195, 196]. Moreover,
the operating system is Ubuntu 18.04.6 LTS. The purpose of this setup is to vali-
date whether ordinary simulation tools on powerful computers are affected by minor
changes in resource consumption.

A virtual model of a six-degree-of-freedom (6DoF) Kinova® Gen3 robot with
a Robotiq® 2F-85 gripper is implemented in PyBullet with a Gym environment
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wrapper. The robot model is developed from the official URDF file provided by the
manufacturer. The real-time simulation timesteps option is enabled using PyBullet’s
setRealTimeSimulation(). This feature, in contrast with discrete-time increments,
does not deal with time as a deterministic parameter. Instead, the model is up-
dated according to the machine’s internal clock as the reference for timesteps. While
deterministic timesteps are regularly used to take out unpredictability, this feature
involves the stochastic nature of digital computation in the simulation. The simulated
robot is manipulated in position control mode with a standard constant-coefficient
Proportional-Integrator-Derivative (PID) controller. Implementing a common low-
order controller guarantees a limited calculation. To restrict other sources of un-
predictable behavior, all other kinematic and dynamic equations are solved in the
forward direction (from joint space parameters to task space) and hence, needless of
any random seed initialization.

5.2.2 Real-Time Simulation Experiment

The intrinsic stochasticity in real-time simulation affects the trajectories and forces
of the virtual robot models. To capture and measure the stochasticity, the virtual
robot runs various robotic tasks repeatedly in simulation, and the trajectories are
recorded. Three different tasks are used in data collection, namely point-to-point
reaching (P2P), pick-and-place (P&P), and object-pushing (OP). These tasks have
been chosen as simple and the most fundamental manipulation tasks that robotic
arms are supposed to perform in any application [3]. With these three tasks, the
computational burden on the system is gradually increased, and the correlation with
hardware usage in multiple scenarios is evaluated. The procedures of the three tasks
are illustrated in Figure 5.3, with the following detailed interpretation.

Point-to-Point Reaching (P2P)

This task involves moving the first three joints simultaneously from the robot’s home
position, pre-calibrated by the manufacturer, which is consistent between the virtual
and the physical system. In this configuration, joint angles are at

[
0, π

12
, 23π

18
, 0, 11π

36
, π
2

]
rad. In each iteration of moving the virtual or the physical robot for this experiment,
constant 3×10−3 deg position increment commands are sent per each 1ms to the first
three joints for a trivial motion. Since zero joint acceleration inhibits the magnitude
of actuator dynamics involved in the robot’s behavior. After some preliminary tests,
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(a) The P2P reaching task

(b) The P&P task

(c) The OP task

Figure 5.3: PyBullet simulation environments for the investigation of hardware utility effect
on stochasticity.

the joint speeds are calibrated so the same speed is applied to the real robot and
simulation. For feedback, all the signals mentioned in Section 5.4 are continuously
logged. However, the velocity (V ) and torque (T ) signals are the most important,
for they represent both kinematics and dynamics stochasticity. The next section will
investigate if the overall amount of variation in each of these signals has any significant
correlation with average resource utility.
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Pick-and-Place Task (P&P)

This task follows the same logic, however, the starting position of the robot is defined
so that the end-effector stands close to the green cube object in Figure 5.3b. The
gripper grasps the object and then the second and third joint positions are moved by
a constant speed of 0.3 rad/s for the first 2 seconds. Then, the base joint position
moves in a similar manner. Finally, for the last 2 seconds, the second and third joints
move toward the target position, then let go of the object while opening the gripper.
Here, again, it is intended to keep dynamic complexity in the joint parameter space
to a minimum. Instead, the complexity falls within the gripper function, the contact
forces, and the dynamics of the object. The collected data is the same as before for
this task.

Object Pushing (OP)

For the last experiment, a more complicated pushing task is designed. The manip-
ulator starts from standing behind an object, with an open gripper. Then it starts
moving in a straight horizontal line toward the object. The manipulator will keep on
pushing after the collision while moving at the same speed and direction. Although
this trajectory also seems simple in the task space, the translated 3DoF joint trajecto-
ries include accelerations and intricacies. Another detail that adds to the complexity,
is the friction force between the object and the floor, which affects the joint torques
through the contact force on the gripper. The collected data is the same as before
for this task as well.

For each task, 50 trials are executed, and the robot output data including joint
angles θ, joint velocities V , joint torques T , and Cartesian position of the end-effector
(X, Y, Z)T are collected. Each task runs for ten seconds (or equivalent simulation
time), consisting of 10,000 steps at 1 kHz. The robot data is recorded at the same
rate. Only three out of six joints of the robot model are active to simplify the simu-
lation and reduce data requirements. To evaluate the consumption of the computer
hardware resources, the computer’s real-time clock tc and the utility of CPU , GPU ,
and Memory are recorded, inspired by the previous work on the evaluation of robot
simulation platforms [195, 194, 197]. The psutil Python library is used for collecting
the CPU and memory activity, and the nvidia-smi Python API is used to collect
the GPU utility. While running the simulations, no other tasks were active, so the
variations could be explained only by the running simulation. The analysis of the
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correlation between the stochastic robot motion and the hardware consumption is
discussed in Section 5.3.

5.2.3 Physical Robot Experiment

In this chapter, the RT-IS is measured in a physical robot and compared with
that of the real-time simulation. For this purpose, a Kinova® Gen3 robot with
a Robotiq® 2F-85 gripper is set up, as in Figure 5.4, equivalent to the simula-
tion models in Section 5.2.1. An off-the-shelf personal computer, equipped with Ki-
nova® KortexTM Python API, transmits commands and feedback with the hardware
at a rate of 1 kHz. Noticeably, this is the highest rate supported by the feedback
controller of physical hardware that indicates a response delay of less than 1ms. The
P2P task, the simplest of the tasks mentioned in Section 5.2.2, was assigned to the
physical robot to show that even the simplest real-time simulation is projecting suffi-
cient stochasticity. The reason behind implementing only P2P for the data collection
on the physical robot is that P2P sufficiently shows the natural stochasticity of the
physical robot. Also, P2P only involves the robot and no other external entities in
the environment. This eliminates interference from any external dynamics, such as
interactions with obstacles. The robot executes the same set of commands as the
simulation configuration in Section 5.2.2 while working in the manufacturer’s generic
position control mode. The velocity (V ) and torque (T ) signals of the robot joints
are continuously recorded since they sufficiently represent the stochasticity of robot
dynamics. The data collected from the physical robot is used to compare it with its
virtual counterpart, described in Section 5.2.1. The results will be presented in the
following section.

5.3 Correlation Analysis of RT-IS

Here, the collected data to assess the correlation between computer hardware and
intrinsic stochasticity in real-time simulation is analyzed. The results show that each
of the three hardware benchmarks may play significant role, depending on the task
nature. Then, a comparable level of stochasticity is observed between the physical
robot and its simulation. The overview of the analytical studies is illustrated in
Figure 5.5.
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Figure 5.4: The physical experiment setup including the Kinova® Gen3 robot and
the Robotiq® 2F-85 gripper

5.3.1 Definition of Signals and Variables

The outputs of the robot define the signal s(t), which includes velocity and torque
values for the three active joints. Note that the jth repeat of the experiment signal,
sj(t), differs from other repeats due to the RT-IS functionality in PyBullet. Thus, an
average signal is defined as,

s̄(t) =
1

Nr

Nr∑
k=1

sk(t), (5.1)

WhereNr is the number of trials of the repeated signals. Then, the following deviation
signal is defined to represent the extent of stochasticity,

δj(t) = sj(t)− s̄(t). (5.2)

In addition to the average signal s(t), the variability band of the signal s is defined
using the standard deviation of the repeated signal values among different trials sj(t),

σ(t) =

√√√√ 1

Nr

Nr∑
j=1

(sj(t)− s̄(t))2. (5.3)
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Figure 5.5: The illustration of the analytical studies on (1) the correlation between
the simulation data and the hardware resource consumption and (2) the comparison
between the stochasticity of the real-time simulation and the physical robot.

Also, ∆j represents the overall estimate of stochasticity for jth repeat of signal s(t)
using the following root-mean-square (RMS) function,

∆j =

√√√√ 1

Nt

Nt∑
t=1

[δj(t)]2, (5.4)

Where Nt is the number of timesteps of each signal sj(t). Besides, the average con-
sumption of computer hardware CPU/GPU/Memory is calculated for each trial j,

CPUj =
1

Nt

Nt∑
t=1

CPUj(t), (5.5)

GPUj =
1

Nt

Nt∑
t=1

GPUj(t), (5.6)

Memoryj =
1

Nt

Nt∑
t=1

Memoryj(t). (5.7)
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5.3.2 Stochasticity Correlation with Hardware Consumption

Now, ∆j is a measure of the magnitude of the stochasticity in each trial j for all the
signals sj(t). Then, Pearson Correlation Coefficient (PCC) will show its correlation
with the average hardware consumption CPUj/GPUj/Memoryj for every trial j. For
instance, the correlation between the second actuator’s torque ∆j in P&P simulation
and average GPU percentage GPUj reads,

rP&P
T2, GPU

=

∑Nr
j=1(∆j −∆)(GPUj −GPU)√∑Nr

j=1(∆j −∆)2
√∑Nr

j=1(GPUj −GPU)2
, (5.8)

where,

GPU =
1

Nr

Nr∑
j=1

GPUj. (5.9)

By using the degree-of-freedom ndf = Nr − 2, and the following t-score,

tP&P
T2, GPU

=
rP&P
T2, GPU

√
ndf√

1− (rP&P
T2, GPU

)2
, (5.10)

the p-value probability can be calculated as,

p(tP&P
T2, GPU

, ndf ) =
Γ(

ndf+1

2
)

√
ndfπ Γ(

ndf
2
)

∫ tP&P
T2, GPU

−∞
(1 +

x2

ndf
)dx (5.11)

with,

Γ(z) =

∫ ∞

0

uz−1e−udu. (5.12)

The p-value expresses the probability of the hypothesis that a non-zero rX,Y could
be in fact zero for a specific degree-of-freedom, considering the number of samples.
Thus, a p-value of less than 5% shows a 95% confidence in the calculated correlation
coefficient.

The average ∆j values for three tasks in the simulation are shown in Table 5.1,
which shows that the P2P task has the highest torque stochasticity, while P&P has
the highest velocity stochasticity.

Also, for each simulation and signal, ∆j is plotted against the average hardware
consumption (e.g., CPUj, GPUj, or Memoryj) for that episode. Figure 5.6 is a
sample plot for torque stochasticity versus hardware utility consumption correlation
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Table 5.1: Average stochasticity (∆) for velocity and torque signals in all three tasks

Joint Signal
Task

P2P P&P Push
#1 Velocity 0.011 0.020 0.001

Torque 2.630 6.947 3.451
#2 Velocity 0.011 0.029 0.007

Torque 8.631 5.818 2.756
#3 Velocity 0.011 0.027 0.007

Torque 5.500 4.565 1.546

in the P&P trials. According to the PCC method and p-values, a significant positive
effect of GPU usage on stochasticity is remarked (in the black text boxes). PCCs and
p-value for the three tasks, P2P, P&P, and OP, are respectively shown in Table 5.2,
Table 5.3, and Table 5.4. The results show that, in P2P task, the only significantly
important factor is CPU usage. A higher CPU percentage corresponds to more torque
and less velocity stochasticity values for all actuators. As previously pointed out, P2P
has the highest torque stochasticity. This is a result of moving the two biggest links
of the manipulator and exerting higher torque levels on the actuators. Larger torque
demand applied to high-speed computational power, forces the CPU to cause a larger
magnitude of stochasticity.

Table 5.2: PCCs (and p-values) for P2P simulation stochasticity vs. hardware bench-
marks

Joint Signal CPU GPU Memory
#1 Velocity 0.439 -0.128 0.221

(0.001) (0.375) (0.123)
Torque -0.447 0.252 0.118

(0.001) (0.078) (0.414)
#2 Velocity 0.439 -0.129 0.219

(0.001) (0.373) (0.126)
Torque -0.394 0.245 0.250

(0.005) (0.086) (0.080)
#3 Velocity 0.441 -0.130 0.220

(0.001) (0.370) (0.125)
Torque -0.433 0.243 0.231

(0.002) (0.089) (0.106)
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Unlike the previous examination, GPU is proven to be the only important factor
in the P&P scenario. Here, higher GPU usage is correlated with higher velocity and
torque stochasticity in all three joints. In this scenario, which has the biggest velocity
stochasticity among the three, motion is relatively faster and displacements, bigger.
Therefore, the most influential factor in stochasticity is the GPU for its role in graphic
visualization.

Figure 5.6: Correlation plots for RMS torque stochasticity vs. hardware consumption
in P&P simulation

Finally, in the OP task, Memory usage overshadows other components (except for
CPU impact on second actuator velocity) and shows significant relation with velocity
stochasticity. This relatively complex scenario has in contrast the least amount of
stochasticity compared to the other two. Yet, calculations in the OP task simultane-
ously consist of friction, contact force, object manipulation, and actuator dynamics.
Therefore, the required calculation burden in each timestep is relatively bigger and
consumes more Memory. Consequently, this factor would be the most responsible
for stochasticity. It is also remarkable to see that only the velocity stochasticity is
showing any significant relation to the hardware utility, due to the smaller forces and
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Table 5.3: PCCs (and p-values) for P&P simulation stochasticity vs. hardware bench-
marks

Joint Signal CPU GPU Memory
#1 Velocity -0.250 0.546 -0.105

(0.080) (0.000) (0.469)
Torque 0.156 0.454 -0.097

(0.279) (0.001) (0.503)
#2 Velocity -0.159 0.652 -0.108

(0.269) (0.000) (0.457)
Torque -0.051 0.721 -0.058

(0.723) (0.000) (0.690)
#3 Velocity -0.157 0.627 -0.114

(0.278) (0.000) (0.432)
Torque 0.174 0.283 -0.031

(0.227) (0.047) (0.833)

torques involved in this scenario.
To sum up, it is concluded that depending on the task nature, each hardware

component or benchmark might be influential in determining the magnitude of added
stochasticity to virtual simulations. CPU tends to have the most important influence
on stochasticity in the tasks with higher torques. GPU is likely to be influential when
higher velocity and faster visualization are involved in the task. Finally, for complex
tasks with multiple dynamic elements, Memory plays the main role in determining
the stochasticity level.

5.3.3 Comparing the Stochasticity: Simulation vs. Real

In the next step, the stochasticity is compared between the real-time simulation and
the physical robot. Figure 5.7 shows the normalized average velocity and torque of
actuators, s̄(t), for both environments with solid lines. The shaded area corresponds
to the variability range, σ(t), of stochasticity. It is clear, particularly for torque
signals, that simulation is noisier. Still, the power spectral density of all signals is
quite similar (Figure 5.8) which indicates similar governing dynamic equations.

The RMS stochasticity value for all signals is also summarized in Table 5.5. It
emphasizes the higher stochasticity value in the simulation environment. Consider-
ing these results, the intrinsic stochastic functionality of real-time simulation software
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Table 5.4: PCCs (and p-values) for OP simulation stochasticity vs. hardware bench-
marks

Joint Signal CPU GPU Memory
#1 Velocity 0.038 -0.098 0.406

(0.797) (0.502) (0.004)
Torque 0.087 -0.130 -0.007

(0.552) (0.374) (0.965)
#2 Velocity 0.394 -0.059 0.415

(0.005) (0.688) (0.003)
Torque 0.109 -0.103 0.013

(0.457) (0.481) (0.928)
#3 Velocity 0.280 -0.042 0.423

(0.051) (0.773) (0.002)
Torque 0.125 -0.107 -0.002

(0.394) (0.465) (0.991)

shows potential for improving simulation fidelity. If an RL agent learns to perform well
in such stochastic simulation environments, its performance is less susceptible to dete-
rioration when implemented on physical systems with intrinsic stochasticity [179, 181].
This also proposes a measure of randomness for tuning the portion of domain random-
ization in increasing simulation stochasticity. In many cases, stochastic simulation
environments like the real-time PyBullet simulation investigated in this chapter may
substitute heuristic domain randomization because of their trivial and unbiased na-
ture.

Table 5.5: The RMS values of the stochasticity (∆) in the P2P task (simulation and
real-world)

Joint Signal Simulation Real-World
#1 Velocity 0.629 0.275

Torque 2.640 0.136
#2 Velocity 0.629 0.263

Torque 8.592 0.245
#3 Velocity 0.629 0.266

Torque 5.476 0.209
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Figure 5.7: Velocity and torque signal (average and deviation) for P2P task

5.4 Training and Test of RT-IS Powered Agents

This section explains how the RT-IS is utilized to enhance the robustness of an RL
agent. Firstly, an essential point-to-point (P2P) reaching robot task is formulated as a
Markov Decision Process (MDP). Then, the implementation of domain randomization
and RT-IS in the training process of an RL agent is explained. Finally, the simulation
and experimental configuration for the test studies are laid out.

The overview of the training and test process is illustrated in Figure 5.9. The
codebase used for the experiments described in this section is publicly available.1

5.4.1 Robot Task Formulation

The main objective of this chapter is to provide RL methods for robotic manipulation
tasks with a proposed technology for easy sim-to-real transfer. It should be kept
in mind that domain randomization is highly computationally expensive. Thus, a
simple but essential robot task, a P2P reaching task, is used as the benchmark of
this chapter. A P2P reaching task requires the robot to start from an initial joint
position and move until its end-effector reaches a desired Cartesian position. This
robot task is formulated as an MDP M = (S,A,PS,PR, γ), where S and A are
respectively the state and action spaces of the robotic system, PS : S × A → S

1https://github.com/amsoufi/RL_Sim2Real_RealTimeSim

https://github.com/amsoufi/RL_Sim2Real_RealTimeSim
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Figure 5.8: Power spectral density of velocity and torque signals for P2P task

Real-Time
Simulation
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ãts̃t

KR/KR-RT-IS/KOR

Physical Robot

Policy Test

atst
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Figure 5.9: The illustration of the training and test of the agents, where s̃t and ãt are
the state and action of the agent in simulation, at certain time t, and st and at are
those of the agent for the physical robot. Various RL agents are trained with whether
the Kinematics Randomization (KR), the Kinematics Randomization Powered by
RT-IS (KR-RT-IS), or the Kinematics-Observation Randomization (KOR) activated.
The trained agents are directly tested on the physical robot affected by the physical
uncertainties to evaluate their generalizability.
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represents the unknown state transition model of the system, PR : S × A → R is
the reward function determined according to the specific task, and γ ∈ (0, 1] is the
discounting factor that balances between the current and the future rewards. The
goal of the MDP problem is to solve the optimal policy π : S → A such that the
accumulated reward is maximized.

For an n-degree-of-freedom (DoF) robot manipulator, the observation ofM, st ∈
S, at time t, is defined as

st = [P e
t , Θt, sin(Θt), cos(Θt), vt, Pg, D ] , (5.13)

where P e
t ∈ R3 is the Cartesian position of the robot end-effector, Θt ∈ Rn is the

vector of the angles of the controllable robot joints, sin, cos : Rn → Rn are element-
wise trigonometric functions of the robot joints, vt ∈ Rn is a vector of the joint
velocities of the controllable joints, Pg ∈ R3 is the Cartesian position of the goal, and
D ∈ { true, false } is a binary signal indicating whether a trajectory has terminated.
The action at ∈ A is selected as

at = vd
t , (5.14)

where vd
t ∈ Rn is the desired or commanded joint velocity vector applied to the

active joints at the current time step t. These observations provide enough relevant
information for an agent to learn from. The reward function is

rt = −R1E
e
t −R2∥at∥2 (5.15)

where Ee
t = ∥P e

t − Pg∥ is the Euclidean distance between the end-effector and target
positions, and R1, R2 ∈ R+ are gain hyperparameters to be heuristically determined.
In the reward function (5.15), the term with the reaching error Ee

t is for the achieve-
ment of the P2P task. Also, the action at is penalized to avoid dangerous actions
that may be damaging to the real robot, such that the RL agent learns to move the
robot at reasonable velocities and smoother trajectories. It is also worth noting that
the relative value R1/R2, rather than the absolute values of the gains R1 and R2 are
important. Finally, the terminal condition flag D is determined as

D =

 true, if t > N or Ee
t < ε

false, otherwise
(5.16)
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where N is a positive integer that indicates the maximum length of an episode and
ε ∈ R+ is the threshold of the reaching error Ee

t .
The proposed approach to sim-to-real transfer can be modeled by this MDP for-

mulation to explain the underlying theory. First, to better identify the differences in
the formulation, two existing solutions for the sim-to-real problem are modeled. In
domain adaptation [198], the stochasticity of the source MDP (the simulation environ-
ment) is formulated as a probability distribution Psource for the governing dynamics,

st+1 ∼ Psource(st+1|st, at). (5.17)

In the same domain, a stochastic policy π with the learned parameters θsource is
trained such that it maximizes the cumulative discounted reward,

at ∼ π(at|st; θsource). (5.18)

After the transfer, a new distribution Ptarget is identified for the target environment
dynamics (the physical system). Consequently, the policy parameters are mapped
θsource 7→ θtarget to compensate for the influence of the domain shift,

Transfer
=====⇒

st+1 ∼ Ptarget(st+1|st, at),

at ∼ π(at|st; θtarget).
(5.19)

Alternatively, in domain randomization [199], the dynamics P is modeled as a
conditioned probabilistic function of the environment characteristics ψ ∈ Rnψ with
nψ parameters which may include inertia, structural parameters, friction coefficients
and time delays in robotics,

st+1 ∼ Pψ(st+1|st, at, ψ). (5.20)

Note that the policy is also conditioned to the model characteristics,

at ∼ πψ(at|st, ψ; θ). (5.21)

ψ is frequently sampled from p(ψ) in between simulation experiences to increase the
robustness of policy to multiple configurations of the model. If the target system’s
characteristics ψtarget is sampled enough items during the training, the transfer would
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be straight-forward,

Transfer
=====⇒

st+1 ∼ Pψtarget(st+1|st, at, ψtarget),

at ∼ πψtarget(at|st, ψtarget; θ),
(5.22)

otherwise, further training is necessary.
In the RT-IS approach to domain randomization, the dynamic calculations of

the domain-randomized environment follow a stochastic time difference instead of
the deterministic formulations. This timestep variability will consequently affect all
dynamic calculations. This can be modeled by incorporating uncertainty to both
state observation and action, or by conditioning the dynamics to δ̃t ∼ p(δ̃t),

st+1 ∼ P(st+δ̃t|st, at, δ̃t, ψ) → st+1 ∼ P̃(st+1|s̃t, ãt, ψ) (5.23)

A policy can be trained using the same stochastic signals,

at ∼ π(at|st, δ̃t, ψ; θ) → at ∼ π(at|s̃t, ψ; θ). (5.24)

After the transfer, time stochasticity still exists in the dynamics. However, it will
follow a different distribution δt ∼ p(δt).

Transfer
=====⇒

st+1 ∼ P(st+δt|st, at, δt, ψtarget),

at ∼ π(at|st, δt, ψtarget; θ).
(5.25)

It can be argued that if the target stochasticity is present in the source distribution
during training, the policy will be robust to the sim-to-real transfer.

5.4.2 Configuration of Domain-Randomized Agents

Domain Randomization is the fundamental approach used to facilitate robust sim-
to-real for RL. In brief, domain randomization perturbs the simulation model of the
environment and performs agent training on all incorporated models. This argues that
utilizing the RT-IS can improve the feasibility and performance of straightforward
domain-randomized RL agents. To verify this, multiple RL baseline agents are set up
to conduct the studies. The aim is to emphasize that even for basic baseline agents,
enabling RT-IS can automatically improve the sim-to-real compatibility.
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• Kinematics-Randomized Agent (KRA): A KRA is powered by the heuristic ran-
domization in the robot kinematic model and trained in the non-real-time, or
deterministic simulation mode. Firstly, an imprecise kinematic model for the
robot simulation is built to create the sim-to-real gap manually. Then, the pa-
rameters of the robot’s kinematic model are sampled according to a specified
distribution (randomization). The range of the randomization is heuristically
determined. Finally, the KRA is trained over all the randomized models using
the domain-randomization algorithm [119].

• Kinematics Randomized Agent Powered by RT-IS (KRA-IS): The configuration
of KRA-IS is the same as the KRA, except that it is trained in the real-time
simulation mode. With KRA-IS, the intention is to show the advantage of
RT-IS in the application of sim-to-real in RL.

• Kinematics-Observation Randomized Agent (KORA): Similar to KRA, KORA
also performs randomization on the kinematic model of the robot. It is trained
in the non-real-time simulation mode. Other than that, stochastic noise was
manually added to the observation st of the agent to impose randomization in
the observation domain. The involvement of this agent is to verify whether a
wider range of domain randomization contributes to better robustness.

Apart from the above-mentioned domain-randomized agents, the following non-
randomized agents are also configured for comparison studies.

• Non-randomized Agent with Precise Robot Kinematic Model (NA-P): The NA-
P is a conventional Proximal Policy Optimization (PPO) [139] agent without
any randomization, trained in a non-real-time simulation environment using a
precise robot kinematic model. This agent does not assume the existence of the
sim-to-real gap, which serves as the most straightforward problem formulation
for robot manipulation.

• Non-randomized Agent with Imprecise Robot Kinematic Model (NA-I): The NA-
I agent is a conventional RL agent without any randomization, trained in a non-
real-time simulation environment using an imprecise robot kinematic model.
The imprecise model is the same as the one used to train KRA. The NA-I
admits the existence of the sim-to-real gap but attempts to resolve the issue
conventionally. It indicates the performance of the conventional RL agents that
are sensitive to the sim-to-real gap.
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The PPO algorithm is used as the baseline of all agents since it is easy to im-
plement, stable, and sample efficient. All agents are constructed as an actor-critic
structure. Both the actor and critic are fully-connected forward neural networks with
two hidden layers. The numbers of neurons in the first and the second layers are
respectively 128 and 64. The training process of the agents is introduced in the
following subsection.

5.4.3 Agent Training

The agents are trained in PyBullet [200] simulation environment which is an open-
source platform that is compatible with the Open-AI Gym library and python RL
libraries. PyBullet is an off-the-shelf and open-source simulation platform popularly
used to simulate mechanical systems. It is powered by the Bullet physical engine and
provides a powerful Python Interface that can be seamlessly called by the Open-AI
Gym libraries. PyBullet provides a real-time simulation mode, enabled by the setRe-
alTimeSimulation method, that steps the simulation using the clock that depends on
the operating system. The real-time simulation mode has not attracted much atten-
tion in RL since it brings uncertainties to the system’s motion. However, believe that
this mode is promising to enhance the robustness of conventional RL agents.

In this chapter, a 6-DoF Kinova® Gen3 robot is used, as shown in Figure 5.10a,
to conduct the experimental studies. The Kinova® Gen3 lightweight robot has been
widely applied to various research and engineering scenarios due to its extendability
and versatility. The simulation model of the Kinova® Gen3 robot in PyBullet is
shown in the right side of Figure 5.10. The kinematic parameters of the robot are
obtained from Kinova® official website [201]. To simplify the problem and to em-
phasize the effectiveness of domain randomization, only joints #1, #3, and #5 of
the robot are active and controllable, while the remaining joints are manually fixed
at zero position, as shown in Figure 5.10, to reduce the dimensions of the action and
state spaces, which leads to a 3-DoF robot model. Although the DoF of motion of
the end effector is thus limited to three, it is sufficient for the P2P reaching task while
ensuring the generalizability of the method.

For all training episodes, the base of the robot is spawned at the origin of the
environment, [ 0 0 0 ]⊤, and the robot is initialized at the HOME position, i.e., Θ0 = 0.
The target is set at the Cartesian position Pg = [ 0.4 0.2 0.5 ]⊤ measured in meters
from the base of the robot. The KRA, KRA-IS, and KORA agents are trained in the
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(a) Real-robot (b) Simulated-robot

Figure 5.10: The 6-DoF Kinova® Robot and its PyBullet simulation model used for
the experimental studies in this chapter. The green and black circles represent the
controllable and the manually-fixed joints, respectively .

following manner.

• The KRA and the KRA-IS are both trained by randomizing the domain of the
kinematic model. Specifically, the length of both the first and second links of the
robot arm is sampled from uniform distribution among 100%±1% of the original
model. The range of the kinematic model randomization is kept small but
sufficient to cover the possible difference between the simulation environment
and the real world.

• The KORA is subject to the same kinematic model randomization as KRA
and KRA-IS. In addition, its observation domain is also randomized with noisy
signals added. The amplitude of the noisy signal is determined as no more than
5% of the robot joint velocity.

• The NA-I is trained using an imprecise robot kinematic model in simulation.
Compared to the original robot kinematic model, the first link is 0.04% shorter
and the second link is 0.04% longer. The NA-P is trained using the precise
kinematic model of the robot arm.

The hyperparameters of the reward (5.15) are assigned as R1 = 2 × 10−5, R2 =
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10−6. The threshold of the reaching error is determined as ε = 0.05m. The training
for all agents was run for 1000 epochs. For each agent, the policy is updated after
each epoch which contains 5 episodes. Each episode contains 200 steps, i.e., N = 200.
The discrete sampling time of the training process is 25ms which is sufficiently bigger
than the actuator delay of 1ms. The configuration of the test study is interpreted in
the next subsection. The training results are discussed and analyzed in Section 5.5.

5.4.4 Test Studies

Before implementing the trained agents on the real-world robot, test studies are
needed to verify the generalizability and applicability of the agents. There are two
main reasons for the test studies, firstly, to ensure that the agents perform the task
correctly, and secondly, to test and compare the performance of the trained agents.
Testing in simulation ensures that the agents have learned to execute the task safely
and reliably. Moreover, the test performance of the agents gives us insight into how
they may perform in the real world.

Both tests in the PyBullet simulation and on the real robot platform are con-
ducted. In all test studies, the robot starts from zero joint position. The simulation
test is conducted in the non-real-time mode to avoid simulation uncertainties. To
perform reasonable result analysis, 500 test trials are executed in the simulated en-
vironment. For the hardware test, 50 test trials are recorded for each agent. The
examples of test trials in simulation and on the robot hardware are presented in Fig-
ure 5.11. The Analysis and discussion of the test results are presented in Section 5.5.

5.5 Result Discussion

This section evaluates the training and test results of the agents introduced in Sec-
tion 5.4.2. Firstly, the training performance of the agents is presented based on their
learning curves and the associated numerical metrics. Then, the results of the agents
in both simulation and hardware experiment test studies are discussed.

5.5.1 The Training Performance

The learning curves of the agent, as the interactions increase, offer the main metrics
to evaluate the agent training, as shown in Figure 5.12. Based on this, four additional
numerical metrics, as follows, are also used.
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(a) Initial (b) Moving (c) Moving (d) Target

(e) Initial (f) Moving (g) Moving (h) Target

Figure 5.11: The motion of the robot in simulation (a)-(d) and hardware (c)-(h) test
studies. The figures respectively show the robot starting from the initial position ((a)
and (e)), moving towards the target position ((b), (c) and (f), (g)), and the robot
reaching the target position ((d) and (h)).

• Rini: the initial reward calculated by averaging the instant reward after the
initial 10% of epochs, which shows the performance of the initial policies;

• Rult: the ultimate reward calculated by averaging the instant reward over the
final 10% of epochs, which depicts the performance of the trained policies;

• Thlf : the half-trained time, a percentage of the episode at which the accumulated
reward first exceeds 50% of Rult

• rtime: the ratio of the training time (based on the wall clock time) to the training
time of the NA-P agent

The values of the numerical metrics in the training process are shown in Table 5.6.
The main phenomenon noticed in Figure 5.12 is how domain randomization affects
the training of RL agents. More noise is witnessed on the learning curves of the
domain-randomization agents, including KRA, KRA-IS, and KORA. This is because
all these agents are trained over various robot and environment models. The at-
tempt to perform training over multiple environmental models means the sacrifice
of the stability of the training process. Also, the KRA-IS, dominated by not only
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Table 5.6: Numerical Metrics of the Agent Training

Agent Rini × 103 Rult × 103 Thlf rtime

KRA-IS −2.33 −1.21 10.2% 2.03
KRA −2.71 −0.85 21.5% 1.57

KORA −3.42 −0.91 26.9% 1.54
NA-P −2.32 −1.09 12.4% 1.00
NA-I −1.43 −0.84 9.3% 1.54

the manual model randomization but also the RT-IS, achieves the lowest ultimate
reward, although the inferiority is insignificant. This is reasonable to understand
since it involves the highest extent of randomization over other RL agents. Similar
information can also be inferred from Table 5.6 that domain randomization agents
KRA-IS, KRA, and KORA have lower ultimate reward Rult and reward increment
Rinc. Besides, the learning curves of these agents show a slower convergence rate than
NA-I and NA-P, which is also reflected by larger values of Thlf metric in Table 5.6.
Overall, domain randomized agents tend to have inferior training performance than
the non-randomized ones due to the sacrifice for generalization. The next subsection
will evaluate whether the performance tradeoff paid off for the test studies.

Figure 5.12: Training results of all agents (Average Episode Reward vs. Epoch for
three random seeds per agent)
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Figure 5.13: The average reaching error and its standard deviation in trials versus
time step in the simulation test.

5.5.2 The Test Study in Simulation

The simulation test trials of the robot end-effector reaching error Ee
t of the five agents

in Section 5.4.3 are illustrated in Figure 5.13. The lines in the figure show the averaged
reaching error Ee

t over all 500 trials and the shadow region depicts the standard
deviation over all trials. It is noticed that the NA-I agent achieves the worst test
performance reflected by its large average error (the dark blue line) and large variance
(the shadow blue region). This indicates the bad robustness of the conventional
RL agent with the existence of kinematic model deviations. Meanwhile, the NA-P
agent shows a small ultimate reaching error with a very small variance. This can
be recognized as a baseline representing the highest possible test performance of a
conventional RL agent since it is trained and tested on an identical model. It is
also noticed that both KRA-IS and KORA agents achieve similar test performance
to NA-P, which indicates that both of them are sufficiently robust to the model
deviations to provide an equivalent effect to the high-performance baseline NA-P.
Besides, the KRA agent, with the less extent of randomization compared to KRA-
IS and KORA, has a larger variance and a slightly bigger ultimate reaching error.
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Note that KRA-IS and KORA are subject to the same extent of randomization in
the kinematic domain. Their difference is that KRA-IS has additional randomization
in the time domain driven by the RT-IS, while KORA is additionally randomized
in the observation domain. This verifies that the robustness of KRA-IS is due to
the additional randomization exerted on the time domain. Thus, the simulation test
study conducted in this subsection indicates the superior robustness of the KRA-IS
agent compared to the conventional RL agent (NA-I) and the conventional domain-
randomized RL agent (KRA). Its advantage over the enhanced domain-randomized
RL agent KORA will be reflected by the hardware experiment study in the next
subsection.

5.5.3 The Test Study on Robot Hardware

The test study on the robot hardware is confined by the limited time resource and
the safety requirements. Therefore, 50 trials are performed for the hardware test, and
two numerical metrics are defined, namely the ultimate reaching error Ee

N and the
success rate ρs to evaluate the test performance. The ultimate reaching error Ee

N is
the value of Ee

t at the ultimate time t = N , in meters. The success rate is defined as
ρs = Ns/Nttl in percentage, where Ns is the number of trials of which the ultimate
error Ee

N < ε, and Nttl = 50 is the total number of the trials. The values of the
numerical metrics of the 50 test trials on robot hardware are presented in Table 5.7.

Table 5.7 shows the obvious advantage of the KRA-IS over the rest of the agents
in terms of both the success rate and the ultimate reaching error. It achieves the
highest success rate of 94% and the lowest reaching error of 0.0367m. Note that its
performance is followed by NA-P, the conventional RL agent trained on the precise
robot model, which is expected to present good test performance on the real robot,
with a decent success rate of 80% and reaching an error of 0.0432m. The fact that
NA-P loses performance compared to KRA-IS indicates that the latter has better gen-
eralizability than the conventional RL agents. Even though the model used to train
NA-P is from Kinova®and represents the most precise identification of the robot sys-
tem, sim-to-real uncertainties still exist, which are not reflected by the simulation test
study. This comparison study shows that KRA-IS has superior robustness compared
to the conventional domain-randomization approach.

It is expected that the NA-I trained using an imprecise robot model performs
the worst among all agents with zero success rate and the largest ultimate error Ee

N .
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This reflects the conventional RL agent’s lack of robustness. It is worth mention-
ing that the mismatch was included in the randomization range of KRA and KORA
(Section 5.4.2), and both agents worked relatively better than NA-I. Nevertheless,
it is surprising that the domain-randomized agents, KRA and KORA, also achieve
zero success rate, even though they have smaller ultimate errors than the NA-I. This
means that the ultimate reaching errors of all their trials are larger than the pre-
defined threshold of 0.05m. This is believed to be due to the improper extent of
randomization, which makes the agents not robust enough to the sim-to-real uncer-
tainties. Also, it is noticed that KORA, which has additional randomization in the
observation domain than KRA, has a smaller ultimate error 0.069m than the latter
0.092m. This validates the superiority of KORA over KRA due to its better gener-
alizability. It should be noted that fine assembly may need additional calibration or
hybrid visual servoing compared to the chosen 0.05m success threshold, but it clearly
shows the reliability of an RL algorithm application in motion planning.

Table 5.7: Numerical Metrics of the Test on Hardware

Agent KRA-IS KRA KORA NA-P NA-I

ρs 94 0 0 80 0

Ee
N 0.037 0.092 0.069 0.043 0.153

Therefore, it is concluded that involving randomization or stochasticity helps im-
prove the robustness of the agent against the sim-to-real uncertainties. Naturally, the
stochasticity of the simulation hardware is case-specific and depends on the configu-
ration of the setup. Therefore, to further guarantee the efficiency of RT-IS, using a
wider range of computational hardware is necessary. However, this was unfortunately
unavailable to the authors at this point. In addition, more comprehensive task def-
initions for manipulation scenarios are also needed to better support the conclusion
here. However, to what extent the model domains should be randomized is a tricky
problem and is difficult to determine. If not properly determined, the randomized
agents could show inferior performance, like KRA and KORA. However, utilizing the
RT-IS greatly improves the robustness of the agent. The presented comparison study
indicates that it is even more robust than the conventional RL agent trained using
the precise robot model. Since the real-time simulation mode mainly randomizes
the time domain, it is also concluded that the time domain randomization is more
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effective than the domains of kinematics and observation, a feature also present in
methods such as in [189].

5.6 Summary and Implications

This chapter investigates the stochastic property of the intrinsic stochasticity of real-
time simulation (RT-IS) and explores the feasibility of utilizing it to facilitate the
transfer of an RL robot controller from simulation to the real world. Significance
tests in multiple robot tasks have verified their correlation with the hardware compu-
tation components. The variability range and the RMS stochasticity value are also
assessed and quantified as opposed to those of a real-world robot. At this stage, it
was concluded that the computational hardware utility is correlated to the real-time
simulation stochasticity. Then, the stochastic real-time simulation (RT-IS) was used
in an RL framework for an essential point-to-point (P2P) task. Three basic domain
randomized agents are designed for this experiment, one of which is powered by RT-IS.
Compared to the other agents, the RT-IS-powered agent achieves the highest success
rate and lowest reaching errors. This shows that by enabling RT-IS in RL training,
a straightforward domain-randomized model can readily be transferred to real envi-
ronments. Future work in this regard should be conducted to verify this phenomenon
for more advanced methods and baselines. At this stage, it is shown that stochastic
simulation improves generalizability and eases the sim-to-real. The conclusions can
be summarized in these two points:

1. Considering both stages of the experiments, taking advantage of the simulation’s
computational hardware is beneficial to the robustness of RL agents. This is
a physically plausible source of noise in simulation engines that emulates the
physical setup’s noise. The correlation between computational hardware and
RT-IS suggests a plausible origin for the stochasticity in the simulation envi-
ronment. It also shows a promise for future work to manipulate the hardware
resources such that RT-IS will be exploited at a favorable stochasticity level.

2. Even independent from the role of computational hardware, RT-IS can help
train RL agents to be less sensitive to sim-to-real, with fewer heuristics, no
task-dependency, and better generalizability. Activating this feature is straight-
forward and does not require additional design or manipulation by an expert.
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To the best of the authors’ knowledge, this level of automation for such im-
provement stands out from the related literature.

The price of such generalizability is the decreased training performance, which, how-
ever, is a worthwhile trade-off in most practical applications. Also, while the proposed
method successfully produces a robust RL agent, it is important to note that using
real-time simulations for training RL methods can be more time-consuming than us-
ing non-real-time simulations. This is because non-real-time simulations allow for
the specification of time steps that can significantly speed up a simulation by huge
magnitudes. More efficient methods to train RL agents powered by RT-IS will be
investigated in future work. The application of these agents to more complicated
robot manipulation tasks should be explored.
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Chapter 6

Action-Free Transformer-Based Belief
Model for Context-Adaptive Meta-RL

Along the same line as the previous two chapters, this chapter presents an indepen-
dent but complementary module in the larger outlook described in Chapter 1. As
pointed out previously in this dissertation, three challenges can be identified in adap-
tive RL for robotics, namely sample-efficiency, sim-to-real, and generalization. The
previous two chapters presented practical remedies to mitigate the first two concerns.
Here in this chapter, a novel variational belief model for task inference in a Bayes-
adaptive meta-reinforcement learning framework is presented for improved adapt-
ability in robot manipulation, tackling the third challenge. The presented method
is Context Representation via Action-Free Transformer encoder-decoder (CRAFT),
a belief model that infers latent task structure from action-free sequences of obser-
vations and rewards, unlike conventional approaches that rely on full trajectories.
This design supports modular, policy-independent inference and enables robust task
adaptation through amortized variational inference. Experiments on the MetaWorld
ML-10 benchmark demonstrate improved adaptation, long-context representations,
and generalization to unseen environments.

6.1 Introduction

Reinforcement learning (RL) is traditionally framed as the problem of finding an op-
timal policy that maximizes expected return in a Markov decision process (MDP).
However, real-world applications introduce complexities beyond this formulation, es-
pecially in unknown environments where balancing exploration and exploitation be-
comes critical. This challenge is magnified in robotics as data collection is costly, and
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sample efficiency is paramount.
Biological systems demonstrate adaptability by generalizing experience across

tasks, i.e., a capability also desirable in robotic agents. While standard RL assumes
known rewards and transitions, practical applications involve dynamic or unknown
structures. Meta-reinforcement learning (meta-RL) addresses this by enabling agents
to “ learn how to learn” capturing task structures for better generalization.

Figure 6.1: An example of parametric and non-parametric variations in meta-RL

Although Bayes-optimal agents offer ideal exploration-exploitation trade-offs, they
are intractable in complex domains. Posterior sampling and latent variable meta-
learning attempt to approximate this behavior, encoding task uncertainty into struc-
tured representations to reduce reliance on extensive interactions. Yet, most meta-RL
approaches struggle with significant task variability, often assuming smooth paramet-
ric changes between tasks, which limits their adaptability in real-world robotic sce-
narios involving non-parametric variations [202]. A schematic of different approaches
in context accumulation for exploration in meta-RL is depicted in Figure 6.2.

Algorithms like the Model-Agnostic Meta-Learning (MAML) [44] and RL2 [203]
focus on fast adaptation, but they often falter in handling long-term dependencies
and generalization across unseen tasks. Recent advances in transformer architec-
tures have shown promise in this context. Transformers, originally introduced for
Natural Language Processing (NLP), excel in sequence modeling, offering superior
capabilities over RNNs in capturing long-term dependencies. As an example, TrMRL
[204] leverages transformer architecture to derive an intraepisodic understanding of
the environment to enhance generalization but disregards the variational belief infer-
ence in conventional Bayes-adaptive meta-RL [202] that provides meaningful feature
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Figure 6.2: Exploration approaches to meta-RL: posterior sampling (left), Bayes-
optimal (middle), Bayes-adaptive (right)

extraction on the task distribution.
The attention mechanism in Transformers allows for efficient encoding of sequen-

tial experiences without the vanishing gradient issues of RNNs. This ability facilitates
modeling of meta-features within or along with the policy and will improve adaptation
and robustness. Moreover, transformers remove the need for handcrafted structures,
facilitating scalable and flexible architecture in high-dimensional, dynamically chang-
ing environments. TrMRL extends this by modeling memory reinstatement via as-
sociating multi-layer working memories. This structure attempts to minimize Bayes’
risk by reducing the condition to only the most recent interactions.

To address current limitations, a framework is proposed in this chapter for extract-
ing long-term interepisodic features for Bayes-adaptive exploration. Also, CRAFT
isolates the agent’s performance from task history by removing the condition of the
belief model on the actions. This abstraction will allow learned behaviors to be
reused and recombined in every stage of the training. Leveraging structured latent
spaces and variational inference, the method facilitates strategic exploration and ro-
bust generalization, evaluated in a robotic simulation benchmark. This integration
of probabilistic task embeddings and meta-learning techniques aims to ameliorate
performance limitations and advance autonomy in RL-driven robot manipulation.

The remainder of this chapter is structured as follows: Section 6.2 provides an
overview of related work in RL, meta-learning, and Bayesian inference. Section 6.3
shows the details of CRAFT method, including the inference mechanisms decomposi-
tion strategy. Section 6.4 presents experimental results demonstrating the efficacy of
the approach in robotic control tasks. Finally, Section 6.5 discusses the implications
of the findings and outlines future research directions.
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6.2 Background and Related Work

In this section, the general objective and formulation of meta-RL are first presented.
Then, the context-adaptive meta-RL paradigm and specifically Bayes-adaptive meta-
RL are discussed in detail, while pointing out several related works. Finally, previous
applications of transformers in meta-RL are discussed.

6.2.1 Meta-RL General Outline

Meta-RL is concerned with finding a policy, after seeing n ∈ N tasks (each denoted
by Ti, 1 ≤ i ≤ N) and their corresponding environments during training, that is
optimal in the sense that it is close enough to the optimal single-task policy for all
of the tasks in training or test. The proximity here is not always intended to be an
averaging or trade-off in performance; rather, it can be measured in learning distance,
i.e., the number of shots or experiences that policy requires to adapt to a new task.
Therefore, a meta-policy is presumably adaptable with a few-shot training to achieve
optimal performance in each Ti, as shown in Figure 6.3. In general, these tasks can
be different stages of one single time-variant environment, multiple parameterically
different time-invariant environments, or any two different environments sharing some
fundamental dynamic or semantic features [2].

Figure 6.3: Meta-training versus adaptation updates in MAML

MAML is a gradient-based optimization problem to formulate proximity after a
few adaptation steps. With the loss function for each task Ti defined as

LTi(πθ) = −E(st,at)∼πθ

[
Nτ∑
t=0

γtrt+1)

]
, (6.1)
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a new parameter defining interim policy improvement for Ti can be calculated in the
meta-training stage with

θ′i = θ − α∇θLTi(πθ). (6.2)

The resulting interim policy πθ′i will then be used to collect new trajectory expe-
riences and losses for updating the policy in the meta-training stage through

θ → θ − αmeta∇θ

∑
Ti

LTi(πθ′i). (6.3)

Both α and αmeta are learning rate hyperparameters of MAML. By excluding
other tasks from the task distribution or adding a new task, θ∗i or θ∗, in general, can
be trained after a few further iterations of meta-training. πθ∗ is deemed the optimal
policy for task T .

Meta-RL faces several challenges that hinder its adoption and effectiveness. One
major challenge is the issue of sample efficiency. Meta-RL algorithms typically require
a large number of interactions with the environment to learn useful meta-policies.
However, collecting such a vast amount of data can be time-consuming and resource-
intensive, especially in complex and high-dimensional environments [47].

Another challenge in meta-RL is the problem of generalization across tasks and
domains. Meta-RL algorithms aim to learn meta-policies that can adapt to new
tasks or environments with minimal additional training. However, achieving robust
generalization remains a significant issue. Meta-learned policies often struggle to
transfer knowledge to tasks or domains that differ significantly from the training
distribution, resulting in poor performance and limited applicability. Yu et al. [3]
has shown that state-of-the-art meta-RL algorithms usually struggle in adaptation to
an unseen robotic manipulation task after being exposed to ten or even 45 tasks in
meta-training. This indicates that knowledge sharing among the training tasks is not
easily generalizable to the test domain.

Addressing these challenges requires developing effective methods to capture vari-
ations. Incorporating domain adaptation techniques and exploring approaches that
can extract structured knowledge from an unstructured training might enhance the
generalization capability.
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6.2.2 Context-Adaptive Meta-Reinforcement Learning

Context-adaptive meta-RL refers to a class of methods in which agents adapt to new
tasks by conditioning the policy on an inferred latent representation from the context.
Context is an umbrella term that might include past transitions or any task-related
information available. Instead of relying solely on gradient-based parameter updates
at test time, these methods learn a mapping from the raw information in trajectories
to a latent task domain during training, which is then used for improved adaptation.
The conditioned policy will ideally be enabled to make task-aware decisions. Promi-
nent examples include PEARL [47], which infers a variational latent for conditioning
an off-policy actor-critic agent.

Among the various context-adaptive strategies, state augmentation, technically
concatenation, which embeds the learned representation directly into the observation
space of the agent, stands out for its architectural simplicity and empirical robustness.
As opposed to using hypernetworks [205], which directly tune the parameters of pol-
icy networks according to the context representation, state augmentation allows the
context-conditioned policy to retain the Markov property and scale more effectively
with task complexity [2]. State-augmented policies are particularly effective in con-
tinuous control environments and are compatible with both on-policy and off-policy
training regimes. These methods strike a balance between inference flexibility and
representational capacity, making them well-suited for meta-RL settings. Figure 6.4
shows the architectural differences among the three context-adaptive designs pointed
out in this chapter.

In addition to offering strong empirical results, context-adaptive approaches facil-
itate interpretability and modularity in policy design. By decoupling task inference
from policy optimization, these methods enable more transparent analysis of task
representations and provide a solution for incorporating structured priors under un-
certainty [206]. As such, context-adaptive meta-RL forms a crucial foundation for
more complex frameworks, including Bayes-adaptive meta-RL, which build on the
core idea of conditioning on task inference to achieve generalization.

6.2.3 Off-Policy Context-Adaptive Meta-RL

In this section, a few off-policy meta-RL frameworks will be discussed that use some
version of context embedding in their models.

Rakelly et al. [47] proposed PEARL that uses a learned latent space z to condition
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(a) Hypernetwork (b) RL2 (c) Task Inference

Figure 6.4: Context-adaptive meta-RL baselines from Beck et al. [2]

the meta-policy on each task. Therefore, the former policy πθ(a|s) will be redefined as
πθ(a|s, z). Here, z will be estimated by training a probabilistic model called inference
network qϕ(z|c), where c is a context variable consisting of task-specific independently
sampled transitions. Hence, for a task Ti, c is a set of transitions cTi1:N where

cTin = (s, a, r, s′)
Ti
n . (6.4)

The main advantage of PEARL is its adaptability to off-policy training regimes
with minimal storage overhead. In the presence of a new task T at inference time,
the context cT will be accumulated in the form of transitions during the collection of
the new experiences and qϕ(zT |cT ) will estimate a latent vector corresponding to T .
πθ(a|s, zT ) will be conditioned to the acquired knowledge about the dynamics of T
and make decisions accordingly. Although the introduction of qϕ(z|c) will enable the
automatic task encoding feature for this method, the downside of PEARL remains
in disregarding the temporal structure of the context, which limits its application to
hierarchical tasks and partially-observable MDPs.

Nam et al. [207] present an extension to PEARL’s approach, SiMPL, that en-
ables meta-learning on long-horizon, sparse-reward tasks using offline datasets. This
approach involves extracting reusable skills and a skill prior from the offline data,
meta-training a high-level policy to compose these skills into long-horizon behaviors,
and rapidly adapting the meta-trained policy to solve unseen target tasks. Exper-
imental results on continuous control tasks demonstrate a considerable advantage
compared with PEARL [47].

Unlike PEARL, SiMPL uses offline transition datasets without rewards or task
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labels to extract short, reusable skills for solving unseen long-horizon tasks. A high-
level policy, guided by a skill prior from offline data, explores the learned skill space,
while a probabilistic encoder infers task information from context. The high-level
policy selects latent skill vectors z, which condition the low-level policy to produce
actions based on the current state and selected skill.

Another notable off-policy meta-RL method, TIGR [208], is a task-inference-based
meta-RL method that adapts the Bayesian meta-RL formulation, regularly present
in on-policy-based meta-RL algorithms, by introducing Gaussian variational autoen-
coders (VAE) and gated recurrent units (GRUs) to capture multi-modal task represen-
tations in its task inference model. While off-policy meta-RL methods, predominantly
PEARL-based approaches, handle parametric adaptation quite well, they still strug-
gle when faced with non-parametric variations in task distributions. These methods
rely on structured priors and efficient latent space encodings but lack the flexibility
to adapt to non-stationary and qualitatively distinct task variations.

6.2.4 Bayesian Approach To Context-Adaptive Meta-RL

Meta-RL aims to develop agents capable of rapid adaptation to new tasks by lever-
aging prior experiences across a distribution of related Markov Decision Processes. A
key challenge in meta-RL is efficiently balancing exploration and exploitation when
the underlying task dynamics are initially unknown. This challenge is even more
important when dealing with on-policy algorithms that rely on the most recent inter-
actions with a task and are prone to achieving sub-optimal performance because of
the local minima issues or forgetting in the long run. Bayesian meta-reinforcement
learning (Bayesian meta-RL) provides a principled framework to address this chal-
lenge by maintaining and updating a belief distribution over the latent MDP structure
by defining a recent online history, thereby enabling approximate Bayesian optimal
behavior. This design also solves the intractable nature of posterior sampling present
in the off-policy algorithms.

A prominent model-free meta-RL algorithm, RL2, relies on recurrent networks that
implicitly encode task information through sequential interactions [203]. Memory-
based methods such as RL2 process past states, rewards, and actions as auxiliary
inputs, allowing the agent to adapt its policy within a task dynamically. This re-
current structure aligns closely with Bayesian formulations, where past experiences
inform a belief distribution over task parameters [209]. The Bayesian perspective re-
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frames meta-learning as an inference problem, where the agent maintains a posterior
belief over task dynamics and updates it continuously based on observed transitions
and rewards.

Variational Bayes-Adaptive Deep RL (VariBAD) [202] extends this concept by
integrating variational inference into model task uncertainty explicitly. The agent
learns a stochastic latent representation of the task, conditioned on past recent ex-
periences, which serves as an inductive bias for exploration-exploitation trade-offs.
Unlike memory-based approaches that implicitly infer task dynamics through recur-
rence, VariBAD encodes the belief in a structured latent space, enabling a more
explicit and interpretable task representation.

For a regular stochastic episodic MDP corresponding to the task Ti,

M = (S,A,PR,PS,PS0 , γ,H) (6.5)

with state space S, action space A, discount factor γ, and maximum episode length of
H, P iS and P iR represent conditional probabilistic distributions p(s′|s, a) and p(r|s, a)
respectively defined on the state domain S and the reward domain R. The successive
state and the instant reward are recognized as sampling from s′ ∼ p(s′|s, a) and
r ∼ p(r|s, a). Similarly, the Bayes-Adaptive MDP (BAMDP) framework formalizes
optimal decision-making under uncertainty by augmenting the state space with a
belief distribution over task dynamics [210, 211]. In this setting, the agent’s objective
is to maximize expected return while simultaneously refining its belief over the task.
Formally, the belief update follows Bayes’ rule, integrating observed transitions into
the posterior distribution over the reward and transition functions of the Mi, the
MDP representing the task Ti, as

bt(P iR,P iS) = p(P iR,P iS|τ0:t) (6.6)

with τ0:t = {s0, a1, r1, s1, · · · , st−1, at, rt, st} denotes the agent’s trajectory up to timestep
t. The belief-augmented BAMDP enables structured exploration by guiding the agent
toward actions that optimally reduce uncertainty while maximizing reward. How-
ever, exact Bayesian inference is intractable in complex environments, necessitating
approximate solutions.

By integrating the belief in the state definition, a hyper-state space S+ = S × B
is obtained, where B is the belief space, and the hyper-state at timestep t is therefore
s+t = (st, bt) ∈ S+. The resulting dynamic transition hyper-functions P+

S and P+
R is
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derived as

P+
S (s

+
t+1|s+t , at+1, rt+1) = P+

S (st+1, bt+1|st, at+1, rt+1, bt)

= P+
S (st+1|st, at+1, bt) p(bt+1|st, at+1, rt+1, st+1, bt)

= Ebt [PS(st+1|st, at+1)] δ(bt+1 = p(PR,PS|τ0:t+1)). (6.7)

The consequent state of the original MDP st is found via deterministic Bayes’ rule
applied to the current posterior distribution of the transition function and the belief
distribution. Similarly, the reward hyper-function is the expected reward under the
current posterior, after the state transition, over reward functions

P+
R (rt+1|s+t , at, s+t+1) = P+

R (rt+1|st, bt, at, st+1, bt+1)

= Ebt+1 [PR(rt+1|st, at, st+1)] . (6.8)

These two dynamic hyper-functions result in defining a BAMDP [210]:

M+ = (S+,A,P+
R ,P

+
S ,P

+
S0
, γ,H+),

which is a special case of a context-adaptive MDP formed by augmenting Markov
states by the posterior beliefs in a partially observable MDP [212]. The optimization
objective of the agent is now to maximize the following for BAMDP

J +(π) = Eb0,P+
S0
,P+
S ,π

[
H+−1∑
t=0

γtP+
R (rt+1|s+t , at, s+t+1)

]
, (6.9)

where the scope of the learning objective is extended over the meta-horizon H+,
distinct from the original MDP horizon H. These two parameters can naturally
coincide; however, longer memory for BAMDP helps maintain the belief under less
uncertainty. In other words, remembering a few more shots, a few more experiences
in the case of RL, will narrow down the belief distribution, so it is reasonable to
assume H+ = nH × H. In this formulation, the exploration-exploitation switch is
triggered by the agent when it deems information-seeking actions to be sufficient.

VariBAD [202] applies variational inference to estimate the belief distribution over
tasks. Rather than using an explicit belief update, they use an amortized inference
network conditioned on previous transitions to generate a variational posterior latent
vector. This gives a more flexible online adaptation capability to VariBAD, and as a
result, a greater sample efficiency compared to conventional gradient-based meta-RL
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methods like MAML.

6.2.5 Transformers in Meta-RL

Meta-learning approaches in Bayesian meta-RL can be categorized into recurrent
models, gradient-based methods, and transformer-based architectures. Traditional
methods such as RL2 use RNNs to encode past experiences into hidden states, allowing
agents to infer task dynamics based on episodic memory. However, these approaches
often suffer from information bottlenecks and fail to model long-range dependencies
effectively. Note that this is usually the case for the BAMDP hyper-episodes of length
H+.

Gradient-based meta-learners, such as MAML, optimize model parameters to al-
low fast adaptation through a few gradient updates. While effective in certain settings,
these methods are computationally expensive and struggle with hierarchical robotic
tasks with complex temporal dependencies. Moreover, they typically rely on a fixed
initialization, like MAML, which limits their ability to generalize effectively across
highly diverse environments.

Recent advancements in transformer-based reinforcement learning have demon-
strated how RL can be formulated as a sequence modeling problem, paving the way
for architectures such as Decision Transformer (DT) [213] and Online Decision Trans-
former (ODT) [214]. Decision Transformer defines RL by casting it as a conditional
sequence modeling task, leveraging autoregressive modeling to compensate for par-
tial observability and output actions based on the history of interactions for desired
future returns. This eliminates the need for explicit value functions or policy gradi-
ents, making RL more interpretable and stable. Expanding on this, ODT extends the
capabilities of the Decision Transformer by adding online fine-tuning into the frame-
work. These developments indicate how transformers might enhance memory-based
meta-learning. Prompt-DT [215] evolves the original DT by adding a prompt token
to label the task and providing an implicit MDP definition for few-shot generalization.
The prompt used in Prompt-DT is a combination of several short demonstrations,
each containing only a few timesteps. Although this design falls under the multi-task
RL paradigm that takes advantage of external information provided for each task, it
is a remarkable example of generalizable policy generation with transformers in RL.

Other transformer-based architectures, such as TrMRL [204] and HTrMRL [216],
provide an alternative approach by leveraging self-attention mechanisms to process
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entire sequences in parallel. Unlike RNN-based methods, transformers do not re-
quire sequential processing, allowing for more efficient training. TrMRL introduces
an episodic memory mechanism, refining task representations at multiple layers. The
memory reinstatement mechanism in TrMRL reuses previously learned representa-
tions for faster adaptation in meta-learning tasks. The hierarchical structure of
HTrMRL enables the agent to capture intra-episode and inter-episode relationships,
facilitating mode detection and definition generalization across tasks.

Notably, a recent work, AMAGO [217], is an off-policy transformer-based context-
adaptive meta-RL algorithm. AMAGO uses long-sequence transformers, trained over
full trajectories in parallel. They tried to address two major issues in training large
transformer models, the memory bottlenecks and planning horizon limitation, vali-
dated in goal-conditioned tasks with sparse rewards. Like TrMRL and HTrMRL, they
leverage the parallelism transformers for inter-episode, i.e., inter-task, generalization.
While AMAGO combines sequence modeling and off-policy learning, its reliance on
dense replay data and goal relabeling introduces unnecessary challenges in context-
adaptive meta-RL. Moreover, AMAGO does not explicitly address task uncertainty
with amortized inference. Compared to models that infer latent task distributions,
AMAGO prioritizes direct goal adaptation with relabeling, offering a complementary
parallel approach within transformer-based meta-RL.

Considering the mentioned body of work with transformers in meta-RL, transform-
ers can improve upon previous architectures in Bayesian meta-reinforcement learning.
Improvements may involve better uncertainty handling, capturing complex multi-
scale dependencies, or enabling agents to generalize more efficiently. Compared to
RNN-based models and gradient-based meta-learning techniques, transformer archi-
tectures such as TrMRL and HTrMRL hold promise for a more robust and scalable
solution for temporally challenging and diverse robotic RL applications.

6.3 Design and Architecture of CRAFT

This section describes how CRAFT is learning a belief model in context-adaptive
meta-RL, emphasizing architectural choices that support generalizable and decom-
posable task representations. The design leverages a transformer encoder-decoder to
maintain a posterior belief about the task from action-free trajectories, isolates infer-
ence from policy optimization, and supports Bayesian task inference via amortized
variational learning.
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6.3.1 Learning the Belief Representation

Whenever, in context-adaptive meta-reinforcement learning, the task inference mod-
ule is explicitly separated from the policy, such as in TIGR [208] or VariBAD, ad-
ditional loss functions are typically required to promote meaningful representation
learning within the inference model. This is because, in the absence of policy su-
pervision signals, the task representation must be learned from auxiliary objectives,
such as reconstructing rewards, transitions, or other relevant statistics of the task
environment.

Task Decomposition

The representation learned by the inference model, often a latent belief or embedding,
serves as a compact and informative summary of the current task. This representation
should not only differentiate between tasks but ideally capture internal task structure
in a form that is decomposable either temporally or structurally. In meta-RL, such
decomposability is critical for generalization and transfer. These subcomponents of
tasks are commonly referred to as skills, temporally extended, goal-directed policies
that serve as reusable building blocks across multiple tasks [218]. Formally, each task
Ti can be expressed as a sequence of skills

Ti = {κj}N
i
κ

j=1, κj : S ×Θκ → U , (6.10)

where S denotes the state space, U the action space, and Θκ the parameter space
of the skill policies. Skills κj may be shared across different tasks, enabling modular
policy construction and improved sample efficiency in adaptation.

Task representation learning can be supervised using either privileged information
or unsupervised reconstruction-based signals. For example, TIGR uses explicit task
labels as ground truth supervision. While such privileged supervision can enforce
structure, it is often unavailable or too rigid in practical applications. An alternative,
more general approach is to learn the task embedding by reconstructing observed
transitions and rewards. Although less constrained, this strategy encourages the
model to reflect the underlying dynamics and optimality characteristics of the task,
which are more aligned with real-world scenarios where task labels are absent.
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Gradient Isolation

A defining feature of task-inference-based meta-RL algorithms like VariBAD, unlike
approaches such as PEARL [47], is the deliberate prevention of policy gradients from
backpropagating through the task inference model. This design choice is motivated
by several important considerations:

I. Stable and Modular Belief Inference: if policy gradients are allowed to flow into
the inference model, the resulting latent embeddings may become entangled
with the current policy. This coupling leads to task representations that are
biased toward short-term policy performance rather than general task structure.
By isolating gradient flow, the inference model remains a standalone module
that encodes consistent and reusable task representations, independent of the
policy’s current behavior.

II. Amortized Variational Inference Stability: in VariBAD, the task inference model
is trained using amortized variational inference to maximize the Evidence Lower
Bound (ELBO)

log p(τ) ≥ Eqϕ(z|τ)[log p(τ |z)]−DKL(qϕ(z|τ)∥p(z)). (6.11)

Without gradient isolation, the encoder qϕ(z|τ) might overfit to policy-specific
features, distorting the latent belief distribution in favor of optimizing the cur-
rent return rather than encoding generalizable task features. Preventing this
gradient feedback ensures that the learned latent space remains well-calibrated
and policy-agnostic.

III. Reduced Instability in Policy Optimization: reinforcement learning policy up-
dates are known to be noisy and high-variance. If these unstable gradients
influence the inference model, they can introduce non-stationarity into the be-
lief space, making training less stable and degrading the quality of the learned
task representations. Isolating the inference model from these gradients helps
preserve a stable and reliable task embedding throughout learning.

In summary, decoupling the learning dynamics between the policy and the infer-
ence model supports the formation of robust and transferable internal representations
of tasks. This structural separation is critical for achieving sample-efficient adaptation
in context-adaptive meta-RL, particularly in environments with high task diversity
or limited supervision.
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6.3.2 The Action-Free Belief Model Design

A central component of context-adaptive meta-reinforcement learning is the belief
model, which maintains a latent representation of the current task based on interac-
tion history. To be effective, this model must extract meaningful temporal patterns
that characterize both the task dynamics and reward structures. Most frameworks
incorporate some form of temporal modeling to capture these features from ongoing
interactions.

For example, PEARL circumvents sequential modeling by decomposing each episode
τTk0:t = {(si, ai, ri, si+1)}t−1

i=0 into independent interaction tuples. These tuples are stored
in task-specific replay buffers. During inference, Nc time-invariant context samples
{cTki }

Nc
i=1 are drawn at random from experiences with task Tk and used to infer a pos-

terior over the latent task variable. While this formulation is effective in off-policy
training, it imposes two limitations. First, it implicitly assumes the Markov property
across all tasks, which limits its applicability to environments with long-range tem-
poral dependencies or partial observability. Second, PEARL allows policy gradients
to backpropagate through the belief model. This coupling between the inference and
control components may lead to overfitting, where the task representation becomes
tailored to short-term policy performance rather than capturing generalizable features
of the environment.

Alternatively, BAMDP approaches such as VariBAD treat the task context as
entire sequences of interaction—either single episodes τ0:H or multi-episode sequences
τ0:H+ . In BAMDPs, the posterior belief over the unknown transition and reward func-
tions is typically formulated as bt = p(PS,PR | τ0:t). This formalism explicitly encodes
uncertainty over environment dynamics and rewards and supports exploration strate-
gies based on belief updating.

To further decouple task inference from decision-making, and following the ratio-
nale in Section 6.3.1, the posterior belief can be conditioned only on the observed
states and rewards

baction-free,Tk
t = p(PR,PS | τ action-free,Tk

0:t ), (6.12)

where the context τ action-free,Tk
0:t omits actions entirely and may consist of multiple
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episodes drawn from the same task Tk. This context is defined as

τ action-free,Tk
0:t = {s10, r11, s11, . . . , r1H , s1H ,

s20, r
2
1, s

2
1, . . . , r

2
H , s

2
H ,

. . . ,

snτ0 , r
nτ
1 , snτ1 , . . . , r

nτ
t , s

nτ
t }, (6.13)

where H is the maximum episode length, nτ ≤ nH denotes the number of episodes in
the context, and H+ = nH ×H is the maximum context horizon.

In this formulation, the belief-augmented transition and reward functions pre-
sented in Equation (6.7) and Equation (6.8) for the BAMDP are updated as

P+
S (s

+
t+1 | s+t , at+1, rt+1) = P+

S (st+1, bt+1 | st, at+1, rt+1, bt)

= P+
S (st+1 | st, at+1, bt) · p(bt+1 | st+1, bt)

= Ebt [PS(st+1 | st, at+1)] · δ
(
bt+1 = p(PR,PS | τ action-free

0:t+1 )
)
,

(6.14)

and

P+
R (rt+1 | s+t , at, s+t+1) = P+

R (rt+1 | st, bt, at, st+1, bt+1)

= Ebt+1 [PR(rt+1 | st, st+1)] . (6.15)

This formulation naturally supports learning from demonstrations or agent-agnostic
data sources, as belief updates no longer require knowledge of the agent’s actions. In
many robotic tasks, especially goal-oriented environments using high-level controllers,
reward functions primarily depend on outcome success, rather than the precise action
taken. This is particularly true in meta-RL benchmarks like Metaworld [3], where
high-level Cartesian actions are mapped to joint motions by a robust controller. Since
the influence of the action is implicitly reflected in the state transitions, this design
enables the inference model to operate effectively even when actions are absent from
the input sequence. Therefore, it is safe to assume that Assumption 1 holds for the
environments in the field of interest of this chapter.

Assumption 1. Consider episodic stochastic MDP: M = (S,A,PR,PS,PS0 , γ,H)
with state space S, action space A, transition function PS(s′|s, a), reward function
PR(r|s, a, s′), discount factor γ, and maximum trajectory length of H.

A Bayes-adaptive belief maintained on the dynamic functions, conditioned on a



112

full trajectory τ0:t = {s0, a1, r1, . . . , st−1, at, rt, st}, is defined as

bt(PR,PS) = p(PR,PS | τ0:t).

This belief can be approximated by

baction-free
t = p(PR,PS | τ action-free

0:t ) ≈ p(PR,PS | τ0:t)

assuming a sufficiently long trajectory (t ≥ tmin), and if

PR(r|s, a, s′) ≈ P̃R(r|s0, . . . , s−1, s, s
′) and PS(s′|s, a) ≈ P̃S(s′|s0, . . . , s−1, s).

However, this action-free design introduces several new challenges that place
greater demands on the capacity and stability of the sequence model:

I. Hierarchical and Phase-Aware Inference: The belief model must not only infer
the overall task identity but also distinguish different phases or skills within a
task. This is particularly important during adaptation, where the context win-
dow is updated continuously while the belief and policy models remain frozen.

II. Long-Term Dependency Modeling: Removing actions reduces the amount of
structured supervision available to the belief model, which now must infer latent
task features from more ambiguous and flexible input. In this setting, attention-
based models with autoregressive and long-range dependency capabilities are
more suitable than memory-based recurrent networks.

III. Scalability with Longer Contexts: The action-free input sequence is more com-
pact, allowing longer trajectories across multiple episodes to be included in the
context. While this can improve task inference performance, it also necessitates
robust sequence models that can prevent forgetting and capture dependencies
across extended temporal horizons.

Due to these requirements, a transformer-based belief model is adopted in the
subsequent design, as detailed in the following section.

6.3.3 Transformer Encoder-Decoder for Task Inference

This section introduces the integration of a transformer encoder-decoder architecture
into the belief model for the Bayes-adaptive meta-RL framework. It begins by review-
ing the foundational components of transformer architectures, followed by a detailed
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explanation of CRAFT design, the associated loss formulations, and the use of rotary
positional embeddings for better temporal reasoning.

Transformers Foundations

Transformers [219] offer a sequence modeling framework based on self-attention, al-
lowing for efficient parallel processing of tokens and long-range dependency capture.
The core mechanism employs learned projections of input embeddings into query (q),
key (k), and value (v) vectors. The scaled dot-product attention is defined as

Attn(q,k,v) = softmax
(
qk⊤
√
dk

)
v, (6.16)

where dk is the dimensionality of the keys.
A transformer encoder applies self-attention across the entire sequence, enabling

each token to attend to all others, while a transformer decoder includes a causal mask
to ensure that predictions depend only on current and past tokens. These features
make transformers well-suited for autoregressive modeling and sequence-to-sequence
tasks. In the context of meta-reinforcement learning, transformers are adopted to
process trajectories of varying lengths, capturing both temporal and structural infor-
mation about the task without relying on recurrent states.

Rotary Positional Embedding

Positional embedding is an integral part of a transformer architecture, also present
in CRAFT, to make the attention mechanism aware of the temporal relations among
the tokens. For instance, in self-attention, rather than multiplying transformation
matrices W{q,k,v} on raw token embeddings E, the following process is adopted in the
conventional Additive positional embedding [219],

qm = fq(Em,m)

kn = fk(En, n)

vn = fv(En, n),

(6.17)

with,
f{q,k,v}(Ei, i) := W{q,k,v}(Ei + pi). (6.18)
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Here, p is commonly chosen as a sinusoidal function of both i and the position of
each element of the token, as in,pi,2t = sin(m/100002t/d)

pi,2t+1 = cos(m/100002t/d)
, (6.19)

where i is the token position in the context and t ∈ 0, . . . , d
2
− 1 with d representing

the length of the token.
In this work, the rotary positional embedding (RoPE) [220] is used for its superi-

ority in retaining information on the relative position of the tokens present in the dot
product process of the attention mechanics. In other words, the dot product of two
token embeddings is preferred to be only dependent on m − n, the relative position
or distance between tokens Em and En.

⟨fq(Em,m), fk(En, n)⟩ = g(Em,En,m− n). (6.20)

The following transformation in RoPE formulation satisfies this property,

f{q,k}(Em,m) = Rd
Θ,mW{q,k}Em (6.21)

where,

Rd
Θ,m =


Rd
θ1,m

0 · · · 0

0 Rd
θ2,m

· · · 0
...

... . . . ...

0 0 · · · Rd
θd/2,m

 (6.22)

is a quasi-diagonal matrix with 2-dimensional rotation matrices Rd
θi,m

on the diagonal,

Rd
θi,m

=

cosmθi − sinmθi

sinmθi cosmθi

 . (6.23)

The rotations are derived using similar angles as in the conventional additive
sinusoidal positional embedding Θ = {θi = 10000−2i/d, i ∈ [0, 1, ..., d/2 − 1]}. A
schematic of the computation process in RoPE is shown in Figure 6.5. The dot
product of two token embeddings after RoPE transformation will be
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q⊺
mkn = ⟨fq(Em,m), fk(En, n)⟩

= (Rd
Θ,mWqEm)

⊺(Rd
Θ,nWkEn)

= E⊺
mW

⊺
qR

d
Θ,n−mWkEn (6.24)

where Rd
Θ,n−m = (Rd

Θ,m)
⊺Rd

Θ,n.

Figure 6.5: Contrastive illustration of conventional additive and rotary positional
encoding methods mechanisms
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Consequently, the self-attention in the general form can be rewritten as

Attn(Q,K,V)m =

∑N
n=1 sim(qm,kn)vn∑N
n=1 sim(qm,kn)

. (6.25)

In the case of conventional self-attention in transformers [219], sim(qm,kn) =

exp(q⊺
mkn/

√
d). The same principle applies to cross-attention as well. Incorporating

this type of positional embedding makes the belief model aware of not only the posi-
tions of a state or reward, but also the distance between tokens. This will result in
an improved ability to identify recurrences in tasks.

Implementation in CRAFT

The architecture shown in Figure 6.6 uses a transformer encoder-decoder to ex-
tract compact and informative representations from action-free trajectories, aligning
with the structure of belief updates in Bayes-Adaptive Markov Decision Processes
(BAMDP). Borrowing from Equation (6.12), the posterior belief over task identity is
defined as

bTkt = p(PR,PS|τ action-free,Tk
0:t ),

where τ action-free,Tk
0:t includes only sequences of states and rewards across one or multiple

episodes. This eliminates the dependency on actions and better reflects the structure
of tasks in domains like robotics, where actions often correspond to high-level com-
mands with minimal influence on reward assignment.

This architecture is chosen for its ability to combine two complementary inference
mechanisms: the transformer encoder’s self-attention extracts structural features from
observed state transitions, effectively modeling the dynamic nature of the environ-
ment; meanwhile, the cross-attention in the transformer decoder captures how reward
signals depend on these dynamics, defining the notion of optimality specific to the task
at hand. This separation enables the belief model to represent both parametric varia-
tions (e.g., reward shaping or goal/position variations) and non-parametric variations
(e.g., topology or temporal/causal structure) in a unified and flexible framework.

Excluding action tokens from the context serves two main purposes. First, it en-
sures that the inferred belief is disentangled from the agent’s decision process, main-
taining the task definition as a property of the environment rather than a byprod-
uct of a particular policy. Second, it facilitates the use of action-free trajectories,
such as demonstrations from human teleoperation or scripted controllers, for warm-
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Figure 6.6: General overview of CRAFT, the proposed action-free belief model

starting or pre-training the inference model. This capability extends the applicability
of CRAFT to scenarios where actions are unavailable or irrelevant, and opens oppor-
tunities to leverage existing datasets [221, 222] for task representation learning. To
clarify the mentioned use case, actions might be unavailable in video-only demonstra-
tion datasets or teleoperation, and they can be irrelevant when downstream control
differs and we seek task-state patterns rather than actuator specifics. Hence, action-
free belief simplifies reuse across embodiments and sensing modalities.

I. Transformer Encoder on States:

The encoder receives a sequence {s0, s1, . . . , st+1}, and embeds them into

{Es
0,E

s
1, . . . ,E

s
t+1}

via a learnable transformation. The encoder then applies self-attention to cap-
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ture temporal dependencies among the state tokens

[usi ]i=0:t+1 = Causal SelfAttn(q,k,v)

= Causal SelfAttn([fq(Es
i )]i=0:t+1, [fk(E

s
i )]i=0:t+1, [fv(E

s
i )]i=0:t+1),

(6.26)

where f{q,k,v}(Es) = W{q,k,v}E
s. The inclusion of st+1 ensures that each transi-

tion is fully represented up to the most recent outcome.

Causal SelfAttn is the self-attention mechanism with a causal mask where each
token Es

i+1, 0 ≤ i ≤ t, can only attend to {Es
j}j≤i. Therefore, the undesirable

attention weights will be suppressed to make the representation usi a causal
autoregressive estimation

ust+1 ≈ p(st+1|s0, . . . , st). (6.27)

The state-based encoder outputs [usi ]i=0:t+1 are then passed to the subsequent
decoder module and will be used as queries and keys.

II. Transformer Decoder on Rewards:

The reward sequence {0, r1, . . . , rt}, after going through an embedding trans-
formation and mapping to {Er

0,E
r
1, . . . ,E

r
t}, is processed with an autoregressive

causal self-attention similar to the transformer encoder

[uri ]i=0:t = Causal SelfAttn(q,k,v)

= Causal SelfAttn([fq(Er
i )]i=0:t, [fk(E

r
i )]i=0:t, [fv(E

r
i )]i=0:t), (6.28)

to estimate
urt ≈ p(rt|0, r1, . . . , rt−1). (6.29)

III. Belief Formation in the Transformer Decoder:

The decoder finally attends to both the state and the reward encodings through
cross-attention, fusing dynamic information and temporal optimality structure
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to generate task-relevant representations

[hi]i=1:t = Causal CrossAttn(q,k,v)

= Causal CrossAttn([fq(usi )]i=0:t+1, [fk(u
s
i )]i=0:t+1, [fv(u

r
i )]i=0:t), (6.30)

The causal mask here is a one-step shifted version of the ones used for the self-
attention in the previous stages. This is because the cross-attention mechanism
receives two sequences with different lengths, {us0,us1, . . . ,ust+1} for queries and
keys, and {ur0,ur1, . . . ,urt} for values, to estimate

ht ≈ p(rt+1|s0, s1, . . . , st+1, 0, r1, . . . , rt) (6.31)

This design is motivated by the idea that the amortized inference of a belief
relies on the approximation of the reward function, which is the most authentic
definition of the tasks that share state and action spaces. It is also assumed
that this can be done only with state transitions and independently of the ac-
tions. The mentioned assumption is stronger, especially in environments where
outcome-based signals are dominant, such that

bt = p(P̃R|τ action-free
0:t ) ≈ p(P̃R(rt+1|st, st+1)). (6.32)

These representations ht are further compressed via a transformation parametrized
by ψ to a latent posterior distributionN (µψ(ht), σψ(ht)). All the previous stages
describing the internal structure of the transformer encoder-decoder are visual-
ized in Figure 6.7.

Finally, to create an information bottleneck for regulating variational inference,
the belief is sampled from this distribution

bt ∼ N (µψ(ht), σψ(ht)) (6.33)

Now, as an example, consider a trajectory with two transitions

τ action-free
0:2 = {s0, r1, s1, r2, s2}. (6.34)

The encoder self-attention block receives {s0, s1, s2} and outputs {us0,us1,us2}, while
the decoder self-attention block receives {0, r1} and outputs {ur0,ur1}. Using the latent
representation h1 calculated by the masked cross-attention of the transformer decoder,
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a decoder fθr estimates the current reward r̂2 by a belief b1 ∼ N (µψ(h1), σψ(h1)) and
the previous state s1. Another decoder fθs is responsible for estimating fθs(s2|s1, a1, b1).
The gradients of the loss of these estimations backpropagate though the belief model
for additional guidance in the updates.

Figure 6.7: The internal structure of the presented belief model based on the causal
transformer encoder-decoder

The resulting latent representation distribution, (µ1, σ1), summarizes the task-
relevant latent distribution, representing belief and uncertainty, and is useful for
downstream prediction and control in the RL agent.

Bayesian Inference and Evidence Lower-Bound

The belief model outputs a posterior qϕ(bt|τ action-free
0:t+1 ) over the latent distribution

bt ∼ p(bt). The posterior bt is used to condition dynamics and reward predictors fθr
and fθs . The latent belief is derived from the transformer decoder’s cross-attention
representations {h1, . . . , ht}, transformed into Gaussian parameters:

qϕ(bt|τ0:t) ∼ N (µψ(ht|τ action-free
0:t+1 ), σψ(ht|τ action-free

0:t+1 )). (6.35)
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The reward and transition models are conditioned on this belief and used to
reconstruct the next-step reward and state, respectively. The predictive decoders
are defined as:

fθr(st, bt)→ r̂t+1, fθs(st, at, bt)→ ŝt+1. (6.36)

To learn this structure, the evidence lower bound (ELBO) on the marginal tra-
jectory likelihood is optimized:

LELBO,t = Eqϕ(bt|τaction-free
0:t+1 ) [log pθr,θs(rt+1, st+1|st, at, bt)]

−KL
(
qϕ(bt|τ action-free

0:t+1 )∥pθr,θs(bt)
)
, (6.37)

with the prior pθr,θs(bt) set to N (0, I). In detail, the objective can be derived as,

LELBO,t = Eqϕ(bt|τ0:t+1)

[
LS

Recon + LR
Recon + LRegularization

]
(6.38)

= Eqϕ(bt|τ0:t+1)

[
log pθr(rt+1|st, bt)

+ log pθs(st+1|st, at, bt)

−KL
(
qϕ(bt|τ0:t+1)∥N (0, I)

)]
(6.39)

This ensures that the latent representation bt captures sufficient information to
predict both reward and state transitions, thereby supporting fast and generalizable
adaptation. By optimizing this objective, the model learns to infer latent task fea-
tures from action-free contexts and propagate uncertainty into predictive modules, in
alignment with BAMDP principles.

The combination of information bottleneck regularization and cross-attentive en-
coding supports modular design and interpretability. The separation between infer-
ence and decision-making also improves policy robustness across diverse task distri-
butions.

6.4 Experiments and Findings

This section presents experimental results for CRAFT belief inference model, built
upon a transformer encoder-decoder architecture and designed for adaptive meta-
RL dealing with multi-task robotic environments. The experiments evaluate the
ability of the model to infer task structure and adapt policies across diverse tasks
in a conventional simulation benchmark designed for such an objective. The section
is organized into environment setup, implementation details, performance results,
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qualitative insights, and discussion.

6.4.1 Environments and Training Pipeline

CRAFT is evaluated using the MetaWorld benchmark [3], a simulated open-source
suite consisting of 50 robotic manipulation tasks designed to train and evaluate meta-
RL and multi-task RL algorithms. Unlike previous benchmarks that focus on narrow
parametric variations, such as different positions or velocities, MetaWorld not only
includes parametric variations, but also offers diverse non-parametric changes across
tasks. This benchmark also enables generalization to entirely new held-out tasks.
This feature makes it a suitable platform to evaluate general-purpose adaptation,
particularly before deployment in physical systems.

Figure 6.8: Training (upper box) and test (lower box) environments of the ML-10
experiment in MetaWorld for meta-RL benchmarking Yu et al. [3]

From this suite, the ML-10 scenario (Figure 6.8) is adopted for the following im-
plementation. ML-10 provides ntrain = 10 training tasks and ntest = 5 disjoint test
tasks, and each task comes with nvariations = 50 different parametric variants. All
these fifteen tasks differ entirely in terms of entities, the corresponding dynamics,
and objectives. In each epoch of meta-training, a subset of training environments is
sampled T k ∼ T train, regardless of their identity or parametric configuration. Then,
parallelized across the tasks in T k, a series of consecutive nH episodes of interaction
is executed synchronously in each environment. The goal here is to accumulate con-
textual raw information in each meta-episode and update the belief online, following
the Bayes-adaptive exploration approach in Equations (6.12) and (6.13).
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Figure 6.9: Distribution of task variations in MetaWorld ML-10

Following some isolated update iterations of the RL agent, i.e., actor and critic
networks, evaluation is then performed on all variants of both the training and test
sets T train ∪ T test. Figure 6.9 illustrates how the environments are sampled in meta-
training and adaptation phases. It should be noted that the RL updates need a
separate buffer for keeping all the action and belief information in the interactions.
To quantify adaptation to each task, the average return and success rate of all its
variations are computed. This separation enables detailed analysis of generalization
to familiar and unfamiliar environments under both identity and parametric diversity.

In addition to computing the performance metrics over each nH-episode epoch,
the success rate and return of the final episode in each sequence are also logged. This
provides a direct measure of how accumulated context over nH episodes contributes
to performance. By comparing the statistics from the average episodes and final
episodes within a block, the effect of belief update on exploration can be quantified.

The implementation in this experiment uses an on-policy PPO agent [139]. As
pointed out previously, the policy uses an online buffer that stores the most recent
nH episodes. After each meta-episode, the policy is updated for nπsteps iterations. In
parallel, an offline buffer keeps contextual trajectories of interactions with the training
set τTk0:H+ from all epochs. The belief model is updated after every nH episodes using
this stored data. Again, it is worth mentioning that the belief model is completely
isolated from the PPO policy, i.e., there is no shared gradient flow. This design choice
avoids instability from entangled updates and ensures modularity.

CRAFT is compared against several on-policy meta-RL baselines. These include
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MAML and RL2, widely known meta-RL baselines, as well as VariBAD, the Bayes-
adaptive meta-RL method with memory-based belief model, and SDVT [223]. SDVT
aimed to extend VariBAD by improving generalization to non-parametric task vari-
ations. To do so, SDVT proposed a more rigorous task decomposition into subtasks
by learning a Gaussian mixture VAE updated by minimizing categorical and occu-
pancy losses, and a virtual training strategy. Hypothetical latent representations, i.e.,
subtask composition in their work, are introduced to the RL agent in virtual training.

6.4.2 Training Implementation Details

To support reproducibility and clarity, the full training framework is outlined in
Algorithm 3. It summarizes the rollout process and shows how the belief model
and PPO policy are trained concurrently but independently, using separate buffers
populated during meta-rollouts. In regard to baselines, for MAML and RL2, the
implementations from [224] are used1. The implementations from the SDVT paper
are also adopted for their algorithm and VariBAD2. Finally, the ML-10 benchmark is
borrowed from the well-maintained Metaworld simulation repository3.

The detailed hyperparameter configuration used throughout the experiments is
provided in Table 6.1, reporting relevant configurations for the belief inference module,
the transformer architecture, and the reinforcement learning agent.

6.4.3 Results and Analysis

Here, the findings of the aforementioned experiments are explained in two categories
of quantitative and qualitative comparisons.

Quantitative Findings

The quantitative evaluation focuses on two performance metrics, return and success
rate, across all task variations in the MetaWorld ML-10 benchmark. The average
values of these metrics are plotted against the number of training interaction frames
in Figure 6.10 and Figure 6.11. Results are reported separately for training and test
environments, ensuring that generalization can be meaningfully assessed. Table 6.2
and Table 6.3 present more detailed numerical findings, showing the post-training

1https://github.com/rainx0r/metaworld-algorithms
2https://github.com/suyoung-lee/SDVT
3https://github.com/Farama-Foundation/Metaworld

https://github.com/rainx0r/metaworld-algorithms
https://github.com/suyoung-lee/SDVT
https://github.com/Farama-Foundation/Metaworld
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Algorithm 3: Belief Inference from Action-Free Transformer Model
Input: Training and test tasks T train, T test;
Transformer: encoder f s, decoder f r, nhead attention heads, nblock

transformer blocks, nFFN units in feedforward network, inference head fψ,
reward and state predictors fθr , fθs ;
Rollout Horizon H, nH rollouts in meta-episode, policy πζ , value function Vν ;
Belief buffer Bbelief, rollout buffer BRL, ELBO batch size nELBO

for each meta-episode k = 1 to nmeta do
Sample tasks from the training tasks T meta-batch ∼ T train ;
Reset hidden state h0, z0 = (µψ(h0), σψ(h0)), BRL, and τ action-free ;
for t = 0 to nH ×H − 1 do

if t mod H = 0 then
Reset tasks and sample s0 ∼ Pmeta-batch

S0
(.);

Append (∅, s0) to τ action-free ;
st ← s0

Sample actions at ∼ πζ(.|st, zt) Execute the actions, observe next
states st+1, and receive rewards rt+1;

Store (st, zt, rt+1, at+1) in BRL ;
Append (rt+1, st+1) to τ action-free ;
Embed [s0, . . . , st+1] ⊂ τ action-free and apply Rotary Positional
Encoding → [E′s

0, . . . ,E
′s
t+1] ;

Apply causal self-attention:
ust = FFN(Multi-Head(CausalSelfAttn))(f sq (E′s), f sk(E

′s), f sv (E
′s)) ;

Embed [0, r1, . . . , rt] ⊂ τ action-free and apply Rotary Positional
Encoding → [Er

0, . . . ,E
r
t ] ;

Apply causal self-attention:
urt = FFN(Multi-Head(CausalSelfAttn))(f rq (E′r), f rk (E

′r), f rv (E
′r)) ;

Fuse via causal cross-attention:
ht = FFN(Multi-Head(CausalCrossAttn))(f rq (us), f rk (us), f rv (ur)) ;
Update zt = (µψ(ht), σψ(ht)) ;
Sample bt ∼ N (µψ(ht), σψ(ht)) ;

Store τ action-free
0:t+1 in Bbelief;

/* Update */
Sample trajectories τ 1:nELBO ∼ Bbelief and infer belief
{{bt(τ i0:t+1)}t=0:H+−1}i=1:nELBO ;

Optimize LELBO =
∑

τ

∑H+−1
t=0 LELBO,t with:

LELBO,t = Eqϕ(bt|τ0:t+1)

[
βSLS

Recon + βRLR
Recon + βKLLRegularization

]
;

Optimize PPO Lπ, LV to update πζ , Vν ;

generalization performance in each environment for CRAFT and other Bayes-adaptive
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baselines.
The transformer-based belief model consistently outperforms the baseline algo-

rithms across many environments. The performance advantage is most pronounced
in training environments. Although CRAFT uses less information and a less con-
strained model, it achieves comparable, and in some cases even better, results on the

Table 6.1: Action-Free Transformer Belief Model and RL Hyperparameters

Category Description Value

Belief Model

Optimizer Adam
Learning rate 1× 10−3

Buffer size (meta-episodes) 1000
nELBO 10
ELBO KL coefficient (βKL) 0.1
ELBO reward coefficient (βR) 10
ELBO transition coefficient (βS) 200
Number of updates per epoch 10
Reward reconstruction objective MSE
State reconstruction objective MSE

Transformer

dq, dk, dv 256
nblock 1
nhead 4
nFFN 512
State embedding size 32

Reward embedding size 16

Latent dimension (dh) 5
Reward decoder network [64, 64, 32]
State decoder network [64, 64, 32]

PPO

Optimizer Adam
Learning rate 7× 10−4

γ 0.99
Clip factor 0.1
τ 0.9
Entropy Coefficient 1e−3
Mini-batch size 10
Architecture [256, 256]

Policy activation tanh

Policy state embedding size 64

Policy belief embedding size 64
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test environments that involve unfamiliar dynamics and temporal dependencies.
Another finding is that in the early stages of training, when the belief model is

immature, the performance of memory-based methods is better compared to CRAFT.
However, after the first few evaluations, the action-free transformer model begins to
produce meaningful guidance for the context-adaptive PPO more effectively than the
baselines. This leads to higher success rates and returns in later stages, where it seems
the action-free transformer models have not yet even reached their full potential. This
can be attributed to the complexity of training transformer models; they are slightly
slower but eventually effective, even when consisting of only a small number of blocks.

Figure 6.10: Average return of different methods in evaluation on training and test
environments of the MetaWorld ML-10

During many stages of training, CRAFT achieves higher final-episode return and
success compared to the mean over the nH episodes in a meta-episode, denoted as
Rf −RH+ and Sf − SH+ , respectively. The corresponding values are plotted against
the number of meta-training interaction frames in Figures 6.12 and 6.13. As can be
seen, this relative advantage remains in the later stages of training for the action-free
methods, suggesting that the policy can still benefit from continued exploration and
training. This indicates that accumulated experience within the meta-episode con-
tributes meaningfully to improved performance, reflecting effective belief updates in
the BAMDP framework. In contrast, other baseline methods show weaker improve-
ment—or even degradation in some cases—between early and final episodes. The
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Figure 6.11: Average success rate of different methods in evaluation on training and
test environments of the MetaWorld ML-10

ability of transformer-based models to better extract information from long contexts
compared to memory-based sequence models contributes to this result. It should also
be noted that CRAFT, particularly when a state decoder is included during training,
shows the most noticeable benefit during intermediate training stages, when the belief
model is still developing and the policy is actively exploring. This further supports
the value of gradient isolation in transformer-based context encoder training, which
enables informative task inference independently and provides a strong prior for the
adaptation process.

Qualitative Findings

To further analyze the structure of the learned latent space, the pairwise projections
of the five-dimensional task belief vectors are plotted. A 2-D plot is generated for each
pair of the latent space dimensions, resulting in ten distinct subplots covering all one-
vs-one combinations shown in Figure 6.14. Some task environments cluster closely
in certain latent dimensions while remaining dispersed in others, suggesting that
different latent axes are responsible for encoding distinct aspects of task variation. A
3-D projection of the latent vectors is illustrated in Figure 6.15. By finding the means
and variances of the 3-D UMAP projections computed for the latent representations
of each of the 15 tasks [4], the estimated distributions are visualized as ellipsoids,
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Table 6.2: Return comparison among methods across MetaWorld ML-10 tasks

Task CRAFT CRAFT + State Decoder SDVT VariBAD

Reach 3696.9± 136.0 3641.1± 162.0 3016.8± 216.5 3588.7± 220.5

Push 3000.2± 833.0 2360.2± 783.5 2445.6± 250.2 889.7± 614.1

Pick-Place 1528.7± 434.0 1029.1± 370.9 1180.0± 4.6 382.7± 266.4

Door Open 3705.0± 770.4 3625.8± 477.7 4339.0± 96.6 2797.8± 1082.3

Drawer Close 4734.1± 97.0 4749.0± 64.7 4777.9± 9.4 4694.9± 3.1

Button Press Topdown 2977.0± 620.2 2665.0± 244.0 3134.4± 270.1 1993.9± 613.4

Peg Insert Side 2455.5± 722.4 1381.9± 467.0 1451.6± 172.0 774.6± 540.7

Window Open 3692.2± 833.5 4289.6± 43.4 4219.9± 101.7 3081.2± 780.5

Sweep 3332.7± 921.4 2293.3± 735.3 2820.2± 227.0 1527.8± 1050.8

Basketball 2545.5± 781.8 1346.4± 502.7 1722.6± 110.9 868.9± 609.2

Drawer Open 2143.4± 313.3 2043.6± 40.3 2144.3± 84.0 1589.5± 352.7

Door Close 791.0± 359.2 318.3± 72.6 1185.7± 53.0 261.8± 4.8

Shelf Place 409.9± 123.3 232.0± 77.4 354.3± 50.3 61.1± 43.2

Sweep Into 893.2± 324.3 504.5± 141.1 754.8± 145.7 359.0± 223.2

Lever Pull 346.7± 39.0 324.6± 18.5 292.6± 26.9 337.5± 2.9

Train Avg. 3166.8 2738.1 2910.8 2060.03

Test Avg. 916.82 684.6 946.4 521.8

Total Avg. 2416.8 2053.6 2256.0 1547.3

Figure 6.12: The difference between the return in the last episode of an adaptation
meta-episode and the average (Rf −RH+)

indicating the variability region of each task in the latent space.
Figure 6.16 shows the average latent vector in all evaluation episodes of all varia-
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Table 6.3: Success rate comparison among methods across MetaWorld ML-10 tasks

Task CRAFT CRAFT + State Decoder SDVT VariBAD

Reach 0.401± 0.073 0.413± 0.061 0.363± 0.002 0.487± 0.015

Push 0.555± 0.158 0.491± 0.165 0.497± 0.078 0.150± 0.106

Pick-Place 0.394± 0.116 0.227± 0.101 0.410± 0.064 0.078± 0.054

Door Open 0.798± 0.223 0.812± 0.148 0.997± 0.002 0.501± 0.353

Drawer Close 1.000± 0.000 0.995± 0.004 1.000± 0.000 1.000± 0.000

Button Press Topdown 0.918± 0.089 0.946± 0.033 0.943± 0.035 0.795± 0.145

Peg Insert Side 0.530± 0.171 0.175± 0.061 0.210± 0.021 0.103± 0.073

Window Open 0.821± 0.194 0.990± 0.011 1.000± 0.000 0.797± 0.134

Sweep 0.774± 0.217 0.561± 0.187 0.713± 0.071 0.377± 0.266

Basketball 0.664± 0.196 0.238± 0.163 0.503± 0.016 0.170± 0.120

Drawer Open 0.428± 0.203 0.529± 0.005 0.427± 0.071 0.261± 0.122

Door Close 0.200± 0.133 0.014± 0.014 0.223± 0.071 0.020± 0.004

Shelf Place 0.007± 0.007 0.000± 0.000 0.013± 0.009 0.000± 0.000

Sweep Into 0.303± 0.134 0.364± 0.121 0.523± 0.059 0.213± 0.151

Lever Pull 0.007± 0.007 0.004± 0.004 0.000± 0.000 0.000± 0.000

Train Avg. 0.690 0.580 0.660 0.450

Test Avg. 0.190 0.180 0.237 0.100

Total Avg. 0.520 0.450 0.530 0.330

Figure 6.13: The difference between the success rate in the last episode of an adap-
tation meta-episode and the average (Sf − SH+)

tions of each environment. Some tasks consistently exhibit large values along specific
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Figure 6.14: Learned 5-dimensional latent representations associated with different
tasks in the MetaWorld ML-10 benchmark. Each pair of two elements of the average
task belief vector is plotted against each other.

latent dimensions, effectively dominating those axes. For instance, the lever-pull task
is represented by a very low value along axis one and a large value on axis three,
while the door-open task shows the highest value on axis one compared to all others.
In general, conceptually similar tasks tend to share these dominant dimensions, indi-
cating that the model has learned a structured and interpretable belief space. This
organization reflects the transformer encoder-decoder’s ability to disentangle task-
specific features. CRAFT was able to extract meaningful representations without
access to action information, supporting its role as a reliable inference module in
adaptive meta-RL.

6.4.4 Summary and Discussion

The experiments presented in this chapter evaluate CRAFT, the proposed transformer-
based belief model for action-free variational task inference in robot manipulation
with meta-reinforcement learning. Using a well-maintained benchmark consisting of
goal-oriented robotic manipulation tasks, the model is assessed on both adaptation
performance and quality of learned task representations.

CRAFT consistently demonstrated strong adaptation performance in training en-
vironments, outperforming established baselines such as RL2, MAML, VariBAD, and
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Figure 6.15: 3-D projection of latent representations associated with different tasks
in the MetaWorld ML-10 benchmark. The projection is computed using the UMAP
method [4]. An approximate Gaussian 3-D ellipsoid is illustrated for each task.

Figure 6.16: The numerical values of the average task belief vector across all tasks in
the MetaWorld ML-10 benchmark

SDVT by a considerable margin. This means that without action information, Bayes-
adaptive sampling of sequences of states and rewards offers sufficient structure to
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support effective task inference and policy adaptation. While this method maintains
competitive performance on generalization and adaptation to test environments, addi-
tional virtual training used in SDVT proves beneficial for unseen tasks by training the
policy on overlapping belief representations. As a result, SDVT achieves comparable
results in hold-out environments, and its virtual training approach can be an effective
addition to CRAFT. Nonetheless, the model maintains a significant and consistent
advantage in training tasks, reflecting efficient context inference and adaptation in
familiar settings.

The analysis of final-episode performance as opposed to meta-episode average
highlights the effectiveness of the proposed action-free method in active exploration
and leveraging accumulated context. This advantage persists throughout training,
especially in intermediate and later stages, suggesting that belief refinement in this
model can continue to support improved adaptation. Hence, it was indicated that
transformer-based models demonstrate a stronger capacity to extract information
from longer sequences compared to memory-based baselines.

Also, based on the ablation study of two different belief models, the inclusion
of a state decoder during training, although beneficial in exploration, overregulates
the latent representation and harms the adaptation performance. That is since the
context encoder is action-free, the state decoder serves as an unnecessary information
bottleneck for its use of actions, which are deemed privileged information in this
case. Additionally, it was qualitatively confirmed that the learned latent space shows
coherent structure across tasks.

In summary, CRAFT provides a robust and flexible alternative for creating task
inference modules in meta-reinforcement learning, especially where action logging is
infeasible or undesirable. Its generalization capabilities and action-agnostic architec-
ture make it suitable for real-world deployment in adaptive control systems.

6.5 Conclusions and Outlook

This section summarizes the chapters objectives, method, and results, followed by
the individual future implications of the presented work in this chapter for a possible
research outlook.
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6.5.1 Summary and Contributions

This chapter introduced an encoder-decoder transformer model designed for task
inference from action-free trajectories in the context of meta-reinforcement learn-
ing. Motivated by the challenge of context inference under partial observability, the
method leverages relatively long sequences of solely states and rewards to infer a latent
belief over tasks without relying on access to the actions executed by the agent.

The transformer, equipped with rotary positional encodings, uses causal self-
attention amongst states and rewards in the encoder and decoder blocks, respec-
tively. These two modules extract the necessary dynamic information approximating
the transition and optimality properties associated with the task. Finally, in the
shifted causal cross-attention mechanism in the decoder, these state and reward dy-
namic features are fused to create a variational representation of the understanding
of the task. Samples from the latent distributions are then used for learning by op-
timizing an evidence lower bound objective on the future reward prediction loss. To
complete the Bayes-adaptive MDP formulation, the latent distribution is then used
to augment the state observations of a PPO RL agent.

Evaluation is conducted on a robotic manipulation benchmark, MetaWorld ML-
10, comparing CRAFT with state-of-the-art Bayes-adaptive and other conventional
baselines. Results indicated that the action-free transformed encoder-decoder achieves
better performance and more effective belief update throughout a meta-episode.
Specifically, the adaptation prowess of this belief model is observed in variations
of training environments, and to a lesser degree in completely unfamiliar test envi-
ronments. Since transformers are good at handling long sequences, the belief update
advantage was considerably bigger compared to memory-based baselines. This was
more emphasized in intermediate and later training stages, where accumulated con-
text enabled improved exploration guidance.

Additionally, ablation studies revealed that including a state decoder for the belief
model improved belief update advantage but hindered adaptation due to reliance on
privileged action information in training. It should also be noted that training the
RL agent with virtual samples in the latent space, as used in SDVT, can enhance
adaptation to unseen environments to the same level as CRAFT. This is believed
to be because the RL agent was introduced to smoother overlapping sub-regions of
the task latent space. The integration of this virtual training regime into CRAFT is
straightforward and possibly promising, yet it was not explored in this work. Finally,
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this chapter presented a flexible, scalable approach for task inference in the absence
of action information.

6.5.2 Future Directions

The method presented here improves on some adaptation metrics and shows a strong
quality of task representation. To do so, a major contributing factor to the dy-
namic definition of an MDP, the actions, was removed from the belief model, and
this lack of information was compensated for by the suitable design of a transformer
encoder-decoder that captures useful features from a less informative combination
of sequences. The assumption under which this redesign was based, i.e., the mini-
mal role of action penalties in reward definition, is present in goal-oriented robotic
tasks. However, the same approach is limited in application by the foundational con-
cepts of what is deemed success in other domains. Additionally, transformers, even
a single-layer architecture as used for this belief model, are notorious for introducing
computational overhead, particularly during inference.

Considering these limitations, future research is now possible based on the flexible
design proposed and validated here. The abundance of action-free robot manipula-
tion trajectories has energized pre-training and semi-supervised learning in offline re-
inforcement learning from image observations [225, 226]. This shows the importance
of using numerous datasets of recorded demonstrations to facilitate generalizability in
robotic manipulation. The proposed action-free belief model, trained independently
from the RL agent, holds promise as a tool for providing RL agents with auxiliary
task representations to support adaptation to new tasks.

Considering the mentioned line of research, two possibilities may emerge from
using the inherent flexibility of CRAFT in this chapter:

1. Pre-training the belief model with action-free video recordings of various robot
manipulation tasks, which requires more training investment because of the
transformer architecture, and then online adaptation to a new task in a similar
environment.

2. Cross-modal adaptation to environments with different state observation modes.

The former possibility is quite straightforward in terms of implementation. How-
ever, the latter needs further explanation. As an example, consider a robotic envi-
ronment expressed by two different MDPs M1 and M2 per Equation (6.5). These
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Figure 6.17: A conceptual shared task latent representation for MDPs with different
state observation modalities

two MDPs share the same action space (A), dynamic functions (PS,PR), discount
factor (γ), and episode length (H). However, the two MDPs differ in the state space
domains S1 and S2 and optimal policies π∗

1 and π∗
2, respectively. For instance,M1 can

receive state observations in the numerical space from sensor data, versusM2 receiv-
ing workspace images as observations. Assuming the essential Markov property holds
for both MDPs, it is possible to infer a shared latent domain where Ψ(S1) ∼= Φ(S2),
as conceptualized in Figure 6.17, such that Ψ(M1) ≃ Φ(M2). These transformed
MDPs can be governed with a shared optimal policy π∗ ≃ π∗(Ψ(·)) ≃ π∗(Φ(·)).

If learning the mappings Ψ(·) and Φ(·), and their inverse functions Ψ−1(·) and
Φ−1(·), is tractable, it is possible to train an action-agnostic, and hence agent-agnostic,
foundational transformer encoder-decoder from offline data in the source domain and
fine-tune it with additional adapters to enable adaptation in the target domain. This
means the proposed belief model can be trained on an MDP with numerical state
observations. By learning observation adapters qbelief and qpolicy, and fine-tuning
the RL agent consisting of value function Vν and πζ , the context-adaptive meta-RL
pipeline can acclimate to visual state observations online as outlined in Figure 6.18.

To reiterate, the inherently less structured design of CRAFT enables its flex-
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Figure 6.18: Outline of a possible research on cross-modal adaptation scenario

ible application to multi-task robotic manipulation via offline pre-training or cross-
modal adaptation. Nonetheless, action-free task inference with a transformer encoder-
decoder enables flexible adaptation in robotic manipulation environments where ac-
tions may be unavailable, expensive to track, or noisy.
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Chapter 7

Concluding Remarks

7.1 Synopsis

The overarching theme of this dissertation has been to explore the fundamental mech-
anisms necessary to grant ML-based agents for robot arm manipulation with the
capability to adapt efficiently and robustly to changes in their tasks and operating
environments. Three interlocking contributions, Demo-EASE, RT-IS, and Action-
agnostic Belief Model, form a framework for sample-efficient, real-world-deployable,
and task-adaptive reinforcement learning in robotics.

Each component was inspired by real-world constraints: data scarcity and lim-
ited workspace in learning from demonstration, failure of direct sim-to-real policy
deployment, and the challenge of inter-task generalizability. These were respectively
addressed by:

• Exploiting symmetry and task structure through abstraction and online adap-
tive trade-off between imitation and learning in Demo-EASE,

• Leveraging intrinsic noise in real-time simulators, a previously almost overlooked
feature, via RT-IS,

• Complete decoupling of action dependency in context inference with transformer-
based models in CRAFT for improved adaptation and facilitation of pre-training
with action-free observations from a heterogeneous domain.

Together, these solutions show that adaptability in robotics is not only possi-
ble in the form of reactive adjustment, but it can be built into the agent architec-
ture or training regime proactively. It was achieved by introducing modular learning
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pipelines and flexible inference components. This work also emphasizes the impor-
tance of compositionality for each contribution operates as a plug-in mechanism that
can be integrated into a broader adaptive robotics framework. This opens the door
to scalable solutions where system components can be improved independently and
implemented collectively for enhanced robotic autonomy.

7.2 Practical Significance

The practical contributions of this work can be seen in the potential to reduce imped-
iments in the real-world deployment of reinforcement learning for robotics. Learning
from demonstration is bottlenecked by the effort required to collect consistent, yet
diverse, expert data. Demo-EASE relaxes this limitation by enabling the reuse of ab-
stract demonstrations across state space sub-regions through the definition of General
Abstract Symmetry.

Sim-to-real transfer, known for facing the reality gap, will benefit from RT-IS,
which circumvents the need for exhaustive manually-tuned domain randomization.
RT-IS enables automated noise introduction, looser modeling precision thresholds,
and robust results.

Finally, the CRAFT belief model supports more flexible interaction by removing
the action conditioning in belief posteriors. It can also provide a capability to use
observations from different domains to bootstrap the belief model as a pre-trained
auxiliary to an RL agent deployed in a new task, possibly also interacting in a differ-
ent domain. This is critical for many real-world multi-task robot applications, such as
surgical robotics, collaborative assembly, and assistive robots in unstructured domes-
tic environments. Furthermore, the model’s compatibility with partial observability
conditions makes it well-suited for robotic applications in search and rescue, remote
inspection, or field robotics.

Taken together, the three components introduced in this dissertation reflect a more
general shift in robot manipulation: from monolithic, task-specific systems to mod-
ular, adaptable pipelines that can cope with a variety of uncertainties and changes.
By addressing the three challenges of efficiency, deployability, and generalization, this
dissertation aimed to step on a path toward practical robot intelligence.
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7.3 Limitations and Future Work

While this dissertation introduces novel components for building a foundation, they
are limited in their definitions, and several avenues remain open for future research.

First, Demo-EASE depends on the presence of symmetry in the workspace. Fu-
ture work could incorporate unsupervised symmetry detection or relational reasoning
models to extend applicability. In general, graph-based geometry learning could help
generalize the notion of symmetry beyond mirroring to include spatial or temporal
similarities.

Second, RT-IS assumes that simulator-induced stochasticity sufficiently approx-
imates real-world variation. This assumption was verified, and RT-IS proved to be
powerful in the transfer between the simulator and the specific robot used in this
dissertation. However, with every new setup, there is room for doubt about this
assumption. To improve transferability, an active learning approach that augments
simulator noise profiles using online real-world feedback could be explored. Addition-
ally, the randomization and noise incorporated in the experiments provided here are
all concerned with robot low-level control and dynamics. RT-IS has not been adopted
or tested in other robotic-related sim-to-real issues, e.g., regarding computer vision.

Third, the transformer in CRAFT, even a single-layer architecture, introduces
computation overhead, particularly during inference. Possible solutions include state-
space transformer models [227], distillation-based approaches [228], efficient online
inference [229], and sparse attention mechanisms [230] to ensure scalability to more
diverse and long-horizon tasks. Embedding priors into the transformer’s positional
encoding or architecture could further reduce data dependence and improve inference
quality. This belief model was introduced for and validated on robot manipulation
tasks, on the assumption that rewards in robotics are highly dependent on the states,
and to a considerably lesser degree on the actions. This assumption could be violated
in other domains of RL and meta-RL applications. Therefore, the performance of
this method is open to exploration in these cases.

In summary, this dissertation advances the state of the art in adaptive learning for
robotic manipulation. By targeting core challenges in efficiency, sim-to-real transfer,
and context-aware generalization, it aims for robust and scalable autonomous systems.
The hope is that the modularity and generality of the proposed methods inspire not
only future research but also practical adoption across diverse fields of robotics, from
industrial automation to assistive care and beyond.
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