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ABSTRACT

This review paper embarks on a comprehensive exploration
of approaches, evaluation methods, and ethical considera-
tions in explainable and interactive systems for robotic ap-
plications, distinctly focusing on intelligent systems that are
specifically designed for learning automated agents. Given
the increasing integration of robots in daily life, it is crucial
to focus on intelligent systems that not only can learn and
adapt, but also can offer clarity and comprehension for their
actions. The interactive component of these systems is thor-
oughly examined, evaluating the algorithms, the modalities
used in interaction, and the significance of mixed-initiative
and shared autonomy. We spotlight adaptive and adapt-
able methods, emphasizing the centrality of user-inspired
research and personalized approaches in interactive robotics.
A rigorous examination of safety and ethical considerations
of these intelligent systems anchors the discussion, includ-
ing aspects of transparency, privacy, accountability, biases,
and psychological well-being. The review evaluates existing
metrics and benchmarking standards for such systems and
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76

explores their practical applications across domains such
as healthcare, domestic tasks, and industrial automation.
Concluding with key insights and directions for future re-
search, we provide design guidelines and points of consensus
for each subject in order to equip readers with a nuanced
understanding of current trends and tools in explainable
and interactive robotic systems, paving the way for informed
research and application in this dynamic field.




1

Introduction

The field of robotics has improved human well-being in the past, ranging
from robots being deployed in manufacturing assembly lines to automate
repetitive or dangerous tasks (Zhang et al., 2014) to more recent robots
that navigate a hospital floor to quickly deliver resources (Muoio, 2019).
Across numerous domains, including healthcare (Morgan et al., 2022),
manufacturing, disaster response (Ramchurn et al., 2016), space explo-
ration (Banerjee and Padhi, 2018), and household assistance (Brose
et al., 2010), robotics has the potential to increase productivity, augment
humans as teammates, and perform a variety of tasks. Importantly,
in the future, through high-accuracy sensing and large computational
capabilities, robots can handle the dull, dirty, and dangerous tasks,
while humans will be able to transition to focus on a higher level of
problem-solving and task support.

However, robotics is still relatively limited in that the deployment
of a robot must be done within a fixed setting, where robots may be
caged to avoid dynamic agents (e.g., humans), and the task the robot
must accomplish must be pre-defined and can only be changed by an
army of engineers (Sanneman et al., 2021). This falls short of how we
envision general-use robots that can actively learn new behaviors or

7
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Figure 1.1: Overview of the interactive and explainable robot learning. A robot that
is incapable of adapting to human styles and preferences or accounting for physical
and ethical safety of its counterparts must be restricted to avoid potential harm
(left-side). Through interactive robot learning, user expectations can be accounted for
in long term, safety and human preferences can be communicated in an interpretable
and explainable manner, all while making sure ethical implications are not violated.
As a result, an interactive, social robot is trained which can freely and understandably
interact and work with humans.

concepts, interact successfully with humans, and perform desired tasks
correctly. To reach this vision, where we can deploy robotic agents in
dynamic task settings (e.g., households, hospitals, and collaborative
manufacturing), we must ask the questions of "How can we enable end-
users to teach robots new behaviors?" and "How should a robot ask for
help in a language end-users can understand?" We display an overview
of how we see the field transitioning to this vision via explainable and
interactive robot learning in Figure 1.1, requiring the combination of
different techniques and characteristics across the fields of Artificial
Intelligence and Robotics.

The Need for Interactive Learning — As we shift toward robotic
systems that actively learn new tasks after they are deployed, we must
create systems where a non-roboticist human end-user can interact with
a robot and provide the robot with new information to improve its ability
to make decisions. A successful interaction should support the transfer of
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intended knowledge between the human to the robot. This is challenging
for a variety of reasons. First, there are many different modalities that
a human can use to communicate (e.g., by demonstration or natural
language). Next, the robot can utilize a number of different techniques
to derive knowledge from the communicated information. This derived
knowledge must then be incorporated into a robot’s programming
while understanding that the communicated knowledge may only be
applicable to a limited number of task settings. Finally, end-users that
vary in robotics expertise and capability require personalized systems
to support this transferrence, leading to a need for adaptive techniques
that can support a variety of users.

The Need for Explainable Systems — However, not only do
we need the human to be able to communicate with the robot, but
we also need the capability for the robot to explain its needs (i.e.,
request specific feedback) and justify a set of actions to ensure safety
and reliability. Robot explanations should support providing the human
with an understanding of what the robot understands or does not
understand, and potentially why. This proves challenging for several
reasons. First, a robot may utilize components that are difficult to
explain (e.g., black-box modules) and may only be able to support
low-fidelity explanations (i.e., explanations that are not faithful to the
original model) or local explanations (i.e., explanations that only hold
under a specific partition of the state space). Second, it is non-trivial
to explain what an agent does not know but needs to know in order to
understand a concept or behavior. Lastly, communication modalities,
which depend on a robot’s physical design, may only be able to support
certain types of explanations. These facets together make all-purpose
targeted explanations toward human end-users difficult to generate.

Understanding how we can enable the aforementioned capabilities
will be critical in helping to democratize access to robot systems (as
there will be a much-lowered cost due to the removal of having au-
tomation/software engineers in the loop) and support deployment of
these systems into mid-size entities, such as hospitals, small factories,
and households, furthering robotic research and bringing us to a new
frontier in robotic systems.

In this review paper, we present a comprehensive exploration of
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approaches, evaluation methods, and ethical considerations in interac-
tive and explainable robot learning. We place a specific emphasis on
robots and avoid confounding techniques that are not amenable to the
sequential decision-making problems typically encountered in robotics.
There have been several other review papers, notably on Robot Learning
from Demonstration (Ravichandar et al., 2020; Adams et al., 2022),
Explainable Artificial Intelligence (Arrieta et al., 2020; Anjomshoae
et al., 2019; Linardatos et al., 2021), Safety in Robotics (Brunke et al.,
2022; Gu et al., 2022), Human-Robot Interaction (Wang et al., 2019a;
Badr and Abdul-Hassan, 2020; Halme et al., 2018), and Social Robotics
(Guemghar et al., 2022; Koh et al., 2021). These review papers each
cover a set of specific techniques that are aimed toward addressing a ma-
jor challenge within a specific sub-field of Al or Robotics. Furthermore,
each review paper has direct or indirect implications in improving either
the explainability or interactability of robots. This article, while having
overlaps across the variety of aforementioned subfields and respective
review papers, is unique in that we are specifically focused on building
toward systems that can effectively learn through the feedback loop
facilitated by the combination of explainability and interactability.

In this paper, we first include a background section that covers
basic concepts and terminologies that are used throughout this paper
(Chapter 3). Afterward, we present approaches that seek to enable robot
learning from user interaction (Chapter 4), provide robotic feedback to
the human to aid the human in teaching the robot using explainable Al
(xAI) techniques (Chapter 5), support robot learning in the longer-term
(Chapter 6), design for safety while supporting robot learning (Chapter
7), account for ethical implications such as privacy, transparency, and
bias (Chapter 8), and evaluate these systems across objective and subjec-
tive metrics (Chapter 9). We conclude with a discussion of downstream
applications, including healthcare, manufacturing, automation, and au-
tonomous navigation, that will benefit from interactive and explainable
robot learning systems (Chapter 10).

This article covers a wide range of concepts beneficial to creating
robotic agents that can successfully interact with humans. Concluding
with key insights and directions for future research, we provide design
guidelines and points of consensus for each subject discussed in the paper
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to equip readers with a nuanced understanding of current trends and
tools in explainable and interactive robotic systems, paving the way for
informed research and application in this dynamic field. This would be
of interest to researchers studying Learning from Demonstration, Safety
in Robotics, Explainable Al for Embodied Agents, Social Robotics, and
Human-Robot Interaction.



2

Background

This article provides an extensive overview of various methods under
the umbrella of interactive and explainable robot learning. Prior to
discussing each of these methods, we wanted to begin by defining
some key terminology and taxonomy in these fields to help ground the
discourse in the rest of this article. The goal of this section is to equip
the reader with the necessary context to adequately comprehend and
interpret the topics discussed in this article.

2.1 Explainable Al

Explainable Al is a rapidly expanding area of research; However, due
to this rise in popularity, terms within this field are often misused or
overloaded. In this section, we clearly define important terms within xAl
and clarify any misconceptions regarding concepts within Explainable
Al

1. What is an explanation?: Firstly, it is important to under-
stand how to characterize an explanation in order to develop grounded
approaches to Explainable Robot Learning. The function of an explana-
tion for an autonomous agent has generally been defined as opening the
“black box” of an Al system, wherein a “black box” model is a system

82
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whose decision making processes, to transform an input from its feature
space into the output space, is obfuscated from the user (Guidotti
et al., 2018; Adadi and Berrada, 2018). However, the characterization of
what makes an explanation can not be defined so universally. A user’s
goals, needs or disposition are often the deciding factors for whether
or not a “statement” or “concept” presented by the robot constitutes
an explanation (Hoffman et al., 2023). The “who” in the human-robot
interaction often dictates the effectiveness of an explanation, i.e. “How
is the explanation going to be used by the user?,” or “What is the
user’s knowledge of the robot and domain?,” etc (Ehsan and Riedl,
2020; Gilpin et al., 2022; Tambwekar and Gombolay, 2023).

2. Interpretability: In machine learning, “interpretability” and
“explainability” are closely related concepts, but they have distinct mean-
ings ((Rudin et al., 2022)). Interpretability refers to how easily a human
can understand or predict the outputs of a machine learning model
or algorithm. When a model is interpretable, its internal mechanics
— such as how it processes input data and arrives at a decision — are
clear and straightforward((Lipton, 2018; Rudin, 2019)). For instance, a
simple decision tree can be considered highly interpretable because you
can easily trace how inputs lead to a specific conclusion ((Paleja et al.,
2023a)). Explanations have been found to increase a user’s propensity
to blindly accept advice from an autonomous agent, also known as
“innapropriate compliance” (Silva et al., 2023). Interpretable methods
empower a user to truly understand the decision making process of a
robot and support their decision making in order to lessen their reliance
on “black-box” systems.

3. Explainability: Explainability involves the ability to explain
the actions, decisions or concepts, of a model or robot, in a human-
understandable manner when the underlying algorithm itself is complex
and not inherently comprehensible ((Silva et al., 2023; Das et al., 2023;
Madumal et al., 2020)). Methods under the umbrella of explainability
follow a “human-centered” paradigm with a stakeholder focus (Ehsan et
al., 2022). For complex models like deep neural networks, explainability
might require additional tools or techniques to translate their processes
and decisions into understandable terms (Poursabzi-Sangdeh et al.,
2018). Explainable methods focus on providing understandable reasons
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behind a model’s output, even if the internal workings of the model are
complex.

4. Explanations in Robot Learning: A fundamental stratifi-
cation critical to understanding Explainable-AT for Robot Learning is
explanations which explain the learned policy vs explanations which
explain the learned reward. Explaining the learned policy focuses on
clarifying how the robot selects actions based on its current state and
available information, which is valuable for understanding decision-
making in specific environments and embodiments (Paleja et al., 2021;
Silva and Gombolay, 2021; Sequeira and Gervasio, 2020; Hayes and
Shah, 2017a; Topin and Veloso, 2019). This approach often involves
visualizing decision boundaries, action distributions, or state-action
trajectories, highlighting how the robot navigates and responds to dif-
ferent situations. In contrast, explaining the learned reward provides
insight into the robot’s objectives and preferences, which offers a more
abstract understanding applicable across different embodiments and
dynamics (Huang et al., 2019; Tabrez et al., 2019b; Sanneman and Shah,
2021). Explaining the reward function enables a user to capture the
underlying goals that guide the robot’s actions, independent of specific
policies or dynamics.

5. Mental Models: Two integral concepts that are crucial to
understand for developing Explainable Robot Learning methods are
“mental models” and “conceptual models” Mental models are defined
as a user’s understanding or insight regarding the functionality of an
underlying system, which in the context of this paper is an autonomous
system or robot (Greca and Moreira, 2000). Measuring and improv-
ing mental models has been shown to improve team-performance and
understanding (Bansal et al., 2019). Conceptual models are precise
and complete representations of the actual decision making process of
system (Greca and Moreira, 2000). To make an autonomous system
fully transparent (Belle and Papantonis, 2021), an explanation should
reconcile any differences between the conceptual model and the user’s
mental model of the autonomous system or robot, thereby making men-
tal model assessment a useful measurement tool to gauge the helpfulness
of an explanation or interaction with a robot (Gero et al., 2020).

6. Responsible AI (Fairness & Accountability): Explainable Al
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is a core component of Responsible Artificial Intelligence Research, which
relates to the fairness and accountability of autonomous systems (Arrieta
et al., 2020). An unfair or biased system is one which makes predictions
or decisions that inequitably disadvantages or excludes any individual
due to their membership in some group (Hardt et al., 2016; Dwork
et al., 2012). These unfair decisions are often caused by discriminative
feature associations learnt by a predictor, or unbalanced datasets which
propagate harmful stereotypes. Beyond bias, many autonomous systems
are being deployed without adequate privacy protection measures or
testing to minimize the negative impact of decisions in consequential
circumstances. Accountability refers to the idea that an individual, in
this case the designers of interactive systems, are responsible for their
actions and thereby must be able to explain their aims, motivations
and reasons (Novelli et al., 2023). Within the framework of Responsible
Al, Accountability motivates practitioners to put in place methods
to accurately assess and mitigate any potential damage caused by
autonomous systems which interact with humans (Intelligence, n.d.;
Tsamados et al., 2021). These concepts of fairness and accountability are
strongly intertwined with any discussion of interactive and explainable
autonomous systems, and we hope that readers keep these topics in
mind while processing the content in this article and envisioning future
work in this field.

2.2 Interactive Robot Learning

In this section, we define some key terms which will be referenced across
multiple sections of this paper. We first define important terms relating
to human-robot interaction such as Mixed-Inititiative Interaction and
Theory of Mind. Next, we move onto interactive robot learning and
define important terms such as Long-Term Learning, Active Learning,
and the Correspondence Problem.

1. Mixed-Initiative Interaction: Mixed-initiative interaction
refers to a flexible interaction strategy in which each agent (human or
machine) contributes what it is best suited at the most appropriate
time (Allen et al., 1999; Seraj et al., 2023). The goal is to maximize
the effectiveness of the team through fluid coordination between agents.
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Unlike conventional computer systems, the physical embodiment and
mobility of robots involves a broader range of actions and interactions
with humans that requires more robust mixed-initiative strategies (Scher-
merhorn and Scheutz, 2011; Jiang and Arkin, 2015). Interactive robot
learning is an attractive approach for devising human-robot mixed-
initiative strategies, which can enable the dynamic adaptation of roles
and responsibilities based on the evolving context of the task and the
capabilities of each participant through physical, interactive experience.

2. Theory of Mind: Theory of Mind (ToM) refers to the cognitive
ability to attribute mental states, i.e., beliefs, intentions, desires, and
knowledge, to oneself and others (Carlson et al., 2013; Frith and Frith,
2005). For robots engaged in interactive learning, implementing ToM
can be transformative, offering more nuanced ways to understand the
human partner’s expectations, actions, and future behavior (Camerer
et al., 2004; Sugden, 2008; Chong et al., 2005; Li et al., 2019a). Prior
work has delved into the integration of ToM into robotic systems (Konan
et al., 2022), showing that robots with rudimentary ToM capabilities
tend to facilitate more effective human-robot interactions, as they can
anticipate human needs and actions more accurately.

3. Correspondence Problem: The correspondence problem in
robotics encapsulates two primary challenges: aligning a robot’s actions
with human expectations and adapting human demonstrations to fit
the robot’s unique form factor.

On one front, the correspondence problem concerns the alignment
between the robot’s internal states and actions and the expectations
and interpretations of human users. This aspect of the correspondence
problem becomes pronounced when there’s a divergence between the
robot’s performed actions and what humans anticipate, leading to
potential confusion or erosion of trust. Traditionally, this challenge was
met with rigid, rule-based explanations that scarcely bridged the gap in
understanding between humans and robots. Nevertheless, advancements,
particularly the incorporation of Theory of Mind (ToM) into robotics,
have ushered in a new era of solutions. Robots equipped with ToM
can generate context-aware, nuanced explanations that consider the
human user’s likely understanding or misconceptions, thereby offering
feedback and explanations that are more effectively aligned with human
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expectations (Nehaniv, Dautenhahn, et al., 2002; Johnson and Demiris,
2004; Billard and Grollman, 2013; Argall et al., 2009a).

Conversely, the second facet of the correspondence problem revolves
around the physical embodiment of robots. It specifically addresses
the challenge of translating actions performed by a human teacher
during a demonstration into actions that a robot, with its distinct form
factor, can perceive or execute. This translation process necessitates
two pivotal mappings: the record mapping, which involves capturing
or representing the teacher’s actions in a dataset, and the embodiment
mapping, which ensures the recorded data aligns with the robot’s
capabilities (Argall et al., 2009b). For instance, a human teaching a robot
to move an object on a table demonstrates actions represented by human
joint angles, observed by the robot through camera images. The robot,
however, must interpret these actions not directly from the images but
through a process that extracts the pertinent information, exemplifying
record mapping. Furthermore, given the inherent differences in physical
capabilities between humans and robots, embodiment mapping becomes
essential to translate the demonstration into a format congruent with
the robot’s operational paradigm.

4. Long-Term Learning: Long-term learning are machine learning
techniques designed for the long-term adaptation and enhancement of
models with new data. These methods contrast with short-term learning
strategies, which are often focused on immediate or cross-sectional data
processing without the necessity for future adaptation. In the context of
interactive robot learning, long-term learning serves as a foundational
tool for updating policies prospectively, enabling robots to refine their
actions and strategies as they encounter new information. This long-
term learning perspective ensures that robots can evolve and adapt over
time, as opposed to short-term learning approaches that might optimize
for the present without consideration for future changes or data.

5. Active Learning: In robotics, active learning involves training a
robot on an initial dataset initially, followed by the use of an acquisition
function to select specific data points for labeling by an expert oracle,
which could be a human or specialized algorithm. The acquisition
function typically selects points for relabeling based on criteria such
as the model’s uncertainty, informativeness, or expected learning gain.
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By actively choosing the most informative data points or tasks for
labeling or exploration, the robot can effectively reduce the amount
of data needed to achieve the desired level of performance (Settles,
2009). In the context of human-robot interaction, this method enhances
the robot’s ability to understand and respond to human actions and
intentions more effectively, enabling more personalized and contextually
appropriate responses (Bobu et al., 2021; Biyik et al., 2019). This
iterative interaction between human and robot not only streamlines the
learning process but also ensures that the robot’s development is closely
aligned with human feedback, leading to more robust and user-tailored
robotic behaviors (Bobu et al., 2021; Brown et al., 2021; Biyik et al.,
2019).



3

Interactive Robot Learning

Envision a future where a robot and a human collaborator work side
by side in a factory, seamlessly communicating and learning from one
another. The robot observes the human’s expert maneuvers, listens to
verbal instructions, and even understands non-verbal cues to master a
complex assembly task. This is the world of interactive robot learning —
a dynamic and evolving field standing at the intersection of robotics,
artificial intelligence, and human-computer interaction in which the
collaborative and iterative process between humans and robots tran-
scends traditional boundaries, enabling robots to acquire knowledge
and skills through active engagement. In this Chapter, we delve into
the intricacies of this collaborative and iterative process where humans
and robots engage actively to transfer knowledge and skills, paving the
way for robots to learn and perform tasks more effectively in diverse
environments.

This chapter aims to provide a comprehensive understanding of
the multifaceted nature of interactive robot learning, highlighting the
technological advancements and challenges in creating robots that can
effectively learn from and collaborate with humans. We begin with
Preliminaries (section 3.1), introducing fundamental concepts such as

89
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Figure 3.1: Overview of the key concepts discussed in this chapter, interactive
robot learning.

Markov Decision Processes, and reinforcement learning. In Section 3.2,
we address the spectrum of interactivity in robot learning, ranging from
basic command-and-control interactions to more sophisticated learning
from demonstration (LfD) methodologies and we examine how different
modes of communication, such as Kinesthetic Teaching, Teleoperation,
and Natural Language contribute to the robot’s learning process. In
Section 3.3, we look at the various representations used to represent
the knowledge encapsulated within a model. In Section 3.4, we delve
into techniques ranging from direct imitation to sophisticated methods
like Inverse Reinforcement Learning, each offering unique approaches
to skill acquisition. Section 3.5 expands on how robots can learn from
human feedback. Section 3.6 discusses natural language based interactive
learning methods. In Section 3.7 we explore adaptive and adaptable
learning methods.

In Section 3.8, we explore the dynamic of control and initiative
sharing between humans and robots, crucial for effective collaboration.
Lastly, in Section 3.9, we tackle the psychological and social aspects of
interactive robot learning, emphasizing the importance of building trust
and meeting user expectations for successful long-term interactions.



3.1. Preliminaries 01

3.1 Preliminaries

Markov Decision Process (MDP): A MDP is a mathematical
framework commonly used to model sequential decision-making prob-
lems (possibly stochastic) where an agent interacts with an environment
over time. Standard definitions of a MDP is denoted by the 5-tuple
(S, A, R, T,~), where:

o State space (S): The set of states representing the current
situation or configuration of the system.

o Action space (A): The set of possible moves or decisions that
the agent can take.

o« Reward (R :S x A): A numerical, scalar signal that indicates
the immediate benefit or cost associated with an agent’s action in
a particular state.

o Transition function (7 : § x A x §): The transition function
which defines the probability of transitioning from one state to
another given an action.

o Discount factor (): The discount factor models the present
value of future rewards. 7 typically lies within the interval [0, 1].

The MDP is often extended with a sixth element in the tuple, the
initial state distribution pg(s), which indicates the possible starting
configurations of the system.

Reinforcement Learning (RL): Reinforcement Learning (RL)
is a subfield of machine learning that focuses on enabling agents to
make sequential decisions by interacting with an environment (Sutton
and Barto, 2018). Unlike supervised learning, where models are trained
on labeled data, and unsupervised learning, where models discover
patterns without explicit guidance, RL involves learning through trial
and error (Russell and Norvig, 2010).

At its core, RL involves an agent, a set of actions that the agent
can take, an environment in which the agent operates, and a system
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Figure 3.2: Figure depicting the learning process in reinforcement learning.

of rewards or penalties that the agent receives based on its actions as
shown in Figure 3.2. The goal of the agent is to learn a policy 7 : § — A,
a strategy for selecting actions, that maximizes the cumulative reward
over time. Typical RL approaches operate over some variant of the
MDP formulation.

A key mathematical foundation of RL is the Bellman equation,
which expresses the value (V(s)) of being in a particular state (s) as
the sum of the immediate reward (R(s,a)) and the discounted value of
the expected future rewards (Bellman, 1957):

V(s) = max <R(s, a) + ’yZP(s’ | s, a)V(s’)) (3.1)

S

Here, ~ is the discount factor that determines the importance of
future rewards, and P(s’ | s,a) is the probability of transitioning to
state s’ from state s by taking action a.

RL is particularly well-suited for problems where explicit training
data is scarce or unavailable, and the robot must learn from experi-
ence. Therefore, RL frameworks often allow end-users to define custom
reward functions tailored to specific tasks or objectives (Cabi et al.,
2019). Popular algorithms in RL include Q-learning, Deep Q Networks
(DQN), Policy Gradient methods, and more recently, algorithms based
on deep neural networks such as Proximal Policy Optimization (PPO)
and Trust Region Policy Optimization (TRPO) (Arulkumaran et al.,
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2017). The application domains of reinforcement learning are diverse,
ranging from game playing (e.g., AlphaGo) to robotics, finance, health-
care, and autonomous systems. RL has shown remarkable success in
solving complex decision-making problems, making it a powerful tool
for addressing real-world challenges where sequential decision-making
is crucial (Mnih et al., 2015; Schulman et al., 2017).

Natural Language Processing: The field of Natural Language Pro-
cessing (NLP) is rapidly advancing, witnessing significant progress. In
this chapter, we also explore how NLP advancements have facilitated
progress in interactive robot learning. For a comprehensive understand-
ing of NLP concepts and developments, we recommend reading the
survey paper by Zhao et al. (Zhao et al., 2023).

3.2 Levels and Modalities of Interaction

In this section, we delve into the nuanced spectrum of interaction within
the domain of interactive robot learning.

3.2.1 Levels of Interaction

The degree of interaction between humans and robots is a thoroughly
examined subject in human-robot interaction studies (Onnasch and
Roesler, 2021, Mukherjee et al., 2022, Moorman et al., 2023b). Simi-
larly, we propose a continuum for interactive robot learning, classifying
it based on the extent of interaction, ranging from minimal involve-
ment (i.e., zero interaction) to significant user engagement (i.e., high
involvement).

e Download: In this mode, users merely download a new behavioral
capability without engaging in any interaction that contributes to
the robot’s learning process. Users observe the robot’s performance
without actively participating in its learning. An example of such
an interaction could involve observing a newly added capability
for a robot or a car, such as a Roomba or a Tesla, as part of a
software update.
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Figure 3.3: Depiction of the gradation of level of human-robot interaction in
interactive robot learning.

¢ Reinforcement Learning: RL presents a low-involvement,

learning from trial and error class of robot learning methods
(Sutton and Barto, 2018). The interaction is limited to users
observing the robot’s learning process through experiences.

Interactive Reinforcement Learning or Learning from
Human Feedback: This category demands increased user in-
volvement, where users provide feedback that the robot utilizes
to enhance its performance. It encompasses methods such as
RLHF (Christiano et al., 2017c) and PbRL (Wirth et al., 2017).
Users actively participate by offering feedback or corrective demon-
strations to guide the robot’s learning. For a more detailed analysis
of methods and algorithms using interactive reinforcement learning
methods, refer to Section 3.5.

e Learning from Demonstration: Algorithms and methods
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falling under this category necessitate the highest level of user
involvement. Users are required to provide a demonstration illus-
trating a specific task or desired behavior. The robot then learns
from this human-provided data (Ravichandar et al., 2020).

Figure 3.3 visualizes this continuum depicting the various level of
interactions attributed to various algorithms.

3.2.2 Modalities in Interactive Robot Learning

Learning in robots involves various modalities, each offering unique
approaches to impart knowledge and skills. This section explores key
modalities for interactive robot learning, including kinesthetic teaching,
teleoperation, passive observations, and natural language commands.

Kinesthetic teaching involves physically moving the robot to
demonstrate a behavior. During this interaction, the robot’s state pa-
rameters, such as joint positions, velocities, and torques, are continuously
captured. This recorded data serves as the basis for training machine
learning models (Ravichandar et al., 2020). Kinesthetic teaching doesn’t
necessitate additional external sensors, making it a straightforward
method. Kinesthetic has been primarily applied to manipulation tasks
on robotic arms due to its intuitive nature (Stavridis et al., 2022). How-
ever, its application to other platforms, like legged robots or robotic
hands, is limited due to the non-intuitive nature of demonstrations on
such setups. Additionally, the direct recording of data on the robot
using integrated sensors eliminates the correspondence problem, offering
accurate and context-aware learning.

Teleoperation involves a user controlling the robot using external
inputs such as a joystick, graphical user interface, or other interfaces.
The recorded robot state and trajectory data are then utilized to train
machine learning models (Ravichandar et al., 2020). Tele-operation has
been a widely used method to collect data for a range of tasks such
as trajectory learning (the process of learning and reproducing specific
paths or movements Abbeel et al., 2010), task learning (the acquisition
of skills or knowledge to perform a particular task Peters et al., 2003),
grasping (Wonsick and Padir, 2020) navigation (César-Tondreau et al.,
2021) and other high-level tasks (Mohseni-Kabir et al., 2015).
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Various interfaces have been developed to tele-operate the robots
and collect data.

o Joystick: In this method, the human instructor directs the demon-
stration and conveys information about the actions to the robot’s
controller through either a wireless or wired joystick (Wang et al.,
2019b). This strategy has been designed for diverse LfD appli-
cations, including tasks such as robot polishing (Nagata et al.,
2001), robot soccer (Katagami and Yamada, 2001), and robotic
welding (Nose et al., 1991). Joysticks have been a very common
interface for tele-operating robots, although it may introduce cor-
respondence problems due to the mismatch in degrees of freedom
(Ravichandar et al., 2020).

e Shadow Robots: Another approach to tele-operate a robot
involves the use of shadow robots, a concept demonstrated by
Katsura et al., 2010 and Fu et al., 2024. This interface allows for
the tele-operation of a robot by kinesthetically manipulating a
twin shadow robot. The real-time movements of the shadow robot
are replicated on the primary robot, offering a highly intuitive
control mechanism that surpasses traditional joystick interfaces.
This method capitalizes on the human operator’s natural sense of
movement, enhancing the teleoperation experience and providing
a more seamless and responsive control interface for intricate
robotic tasks.

e Haptic Devices: Haptic devices and interfaces are also an active
area of research to tele-operate a robot (Ravichandar et al., 2020).
Su et al., 2016 incorporated haptic feedback into their work to
guide the robot to perform a peg-in-hole task, which involves
inserting a peg into a corresponding hole with precision and
accuracy.Kormushev et al., 2011 also incorporated haptic feedback
into their system to teach a robot to perform an ironing task and
a door opening task. The inclusion of haptic interfaces enhances
the tele-operation experience, providing operators with a tactile
understanding of the robot’s interactions with its environment.

o Graphical User Interface (GUI): GUIs have been developed
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as well to serve as interfaces for tele-operation. In the work by
Tavares et al., 2023, a dynamic interface for tele-operating robots
was introduced, adapting in real-time to the user’s estimated at-
tention level. Baker et al., 2004 developed an efficient interface
for a search and rescue robot that lowers user’s cognitive work-
load, enhances their awareness and increase their efficiency. The
incorporation of well-designed GUIs presents a practical avenue
for refining the tele-operation of robots, enabling the human user
to efficiently provide demonstrations or feedback to the robot.

e Remote tele-operation: This is also an active area of research
as remote tele-operation allows to control and collect data on the
robot from a considerable physical distances. This approach not
only enables effective robot control but also presents an oppor-
tunity for scalable crowd-sourced demonstrations (Ravichandar
et al., 2020). Mandlekar et al., 2018b developed an interface for
mobile devices to remotely collect high quality 6-DoF trajectories
through tele-operation. Through this approach, the researchers
amassed 137.5 hours of manipulation data from remote workers,
showcasing the potential for leveraging remote tele-operation in
training robots for intricate multi-step manipulation tasks.

Passive observation demonstrations, a user performs a task, and
external sensors, such as cameras or motion capture systems, capture in-
formation on how the task is accomplished. The robot remains a passive
observer. Since the human performs the task themselves, minimal train-
ing is required. Additionally, this modality of teaching is highly useful
for robots with high degrees of freedom or non-anthropomorphic robots
(Ravichandar et al., 2020). However, there is a disparity between human
and robot actions, and there is a need of a translation layer that maps
the human actions to the robot actions (See “Correspondence Problem"
in Section 2.2). Issues such as occlusions, rapid human movements, and
sensor noise also need to be addressed. Numerous studies have employed
passive observation in LfD applications, including tasks like furniture
assembly (Hayes and Scassellati, 2014), autonomous driving (Codevilla
et al., 2017), and table-top actions (Pervez et al., 2017).

Recent advancements in natural language processing have spurred
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a notable paradigm shift in human-robot interaction. Language, in its
natural form, has become a potent tool for seamlessly communicating
with robots across various applications. Refer to Section 3.6 for a more
detailed discussion on how natural language is being employed as an
input modality for interactive robot learning.

3.3 Learned Representations in Interactive Robot Learning

A method of categorizing robot learning algorithms, as proposed in
previous literature (Celemin et al., 2022), involves an exploration of the
diverse manners in which knowledge is encapsulated within a model.
Within this framework, three distinct classifications emerge, each corre-
sponding to the unique approaches of methods to learning from data
and interactions.

o Policy Learning Methods (Actions): This category encom-
passes methods that concentrate on learning to generate specific
actions based on the information provided by the current state.
A policy, denoted as m(s;) = ay, is acquired, mapping the current
state to an action. In interactive robot learning, this method is
widely employed when the robot is provided with demonstrations
by a human within the robot’s action space. For instance, several
DAgger (Ross et al., 2011) methods have learned a direct policy
from expert or human data.

e Methods for Learning Desired Transitions: This class of
methods is designed to predict the subsequent desired state that
the robot should visit given the current state, i.e., 7(s;) = sffl.
Such approaches become particularly relevant when demonstra-
tions or feedback from human interactions do not align directly
with the action space of the agent. By anticipating desired transi-
tions, these methods facilitate effective learning. For example, in
Carvalho et al., 2022, the robot learned state transitions for 3D
block insertion from passive human demonstrations, and a low-
level controller then achieved the end-effector movement needed

to realize the desired state transitions.
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e Methods for Learning Cost, Reward, or Objective Func-
tions: In this category, methods aim to learn an objective function
derived from interactions or data. The acquired objective func-
tion is then utilized to inform decision-making processes, guiding
the agent in selecting actions aligned with the learned objectives.
This paradigm provides a structured way to imbue the model
with a sense of purpose. For example, in Sharma et al., 2022a, a
cost function was learned using natural language, and the robot’s
action was based on the optimization of that cost function to
achieve the desired behavior.

This categorization framework serves as a comprehensive guide for
understanding and classifying various learning algorithms based on
their distinct approaches to representing and utilizing learned behaviors.
Additional details about this categorization can be found in Celemin
et al. (2022).

3.4 Learning from Demonstration

Learning from demonstration (LfD) (Billard et al., 2008; Argall et al.,
2009a; Chernova and Thomaz, 2014; Ravichandar et al., 2020) — also
known as imitation learning (Schaal, 1999; Hussein et al., 2017) or
apprenticeship learning (Abbeel and Ng, 2004) — is a paradigm in
machine learning where a system learns a task policy from example
demonstrations, typically provided by a human expert. This approach
is particularly relevant in interactive robot learning, where robots are
trained to reproduce complex, human-like behaviors. Through LfD,
robots can acquire a wide range of skills without the need for explicit
programming of each task. LfD is beneficial in scenarios where defining
a clear reward function is difficult, which is a typical requirement in
reinforcement learning. We adapt definitions on social learning mecha-
nisms from Tomasello (1999), Call and Carpenter (2002), and Chernova
and Thomaz (2014) that allow us to describe LfD succinctly.

e Mimicry: An observer copies the actions of others without appre-
ciation of their purpose. The observer discovers the effects after
conducting the action.



100 Interactive Robot Learning

e« Emulation: An observer witnesses others produce a particular
result, then employs their own set of actions in attempt to produce
the same result.

e Imitation: An observer reproduces similar actions of others to
achieve the same results with the same goal. Note that achiev-
ing the same results does not necessitate operating under the
same goal; Imitation establishes the distinction that the observer
attempts to learn the underlying goal of the actions.

In a robotic system represented by a MDP, the LfD problem can then
be defined as follows:

Definition (Learning from Demonstration). Given a set of demonstra-
tions D = {79, 71, ..., Tv } of trajectories 7; = {(so, ao), (s1,01), ..., (Sr1;, anr;) bis
find a robot policy & that mimicks, emulates, or imitates the underlying
expert policy 7*! represented by D.

LfD methods typically follow one of two approaches:
e Directly learn a policy #* that mimicks the trajectories in D

e Learn a reward function 7%(3, a) from D that attempts to capture
the true unknown reward R, and (optionally) synthesize a policy
7* that emulates or imitates 7*.

We will discuss fundamental methods within each category and present
examples within the literature that build on these ideas.

3.4.1 Direct Policy Learning

A simple technique commonly applied in LfD to directly learn a policy
for mimicry is behavioral cloning (BC) (Michie et al., 1990). BC is a
technique where a model is trained to replicate expert behavior by using
supervised learning on the set of expert demonstrations. The objective

'The 7* notation assumes that the expert is optimal; however, in practice, the
expert is more often suboptimal than not.
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is to learn a parameterized policy 7* : S — A, mapping states to expert
actions by minimizing a loss function £ over all demonstrations in D:

N M,
¥ = arg minz Z L(m*(s5),7(s5)) (3.2)
mell =0 j=0

For discrete actions, the problem is represented as a classification
problem, where the loss function takes the form of a cross-entropy
loss. For continuous actions, the problem is represented as a regression
problem, where the loss function typically takes the form of a Ly norm.

Another perspective on BC is to view the problem as minimizing the
difference between the action distribution of the robot and demonstrator
policy. Utilizing the Kullback-Leibler (KL) divergence (Kullback and
Leibler, 1951), the BC objective can alternatively be stated as:

A" =argmin B [Dgr (7°([s)[x(-|s))] (3-3)

rell  s~Sp

The main advantages of BC include ease of implementation, sample-
efficiency, and strong in-distribution performance. As a model-free,
offline method, it does not require any interactions with the environment.
In practice, however, BC typically struggles with generalization to out-
of-distribution (OOD) scenarios unseen in the data. This problem is
known as covariate shift.

A method proposed that addresses covariate shift in BC is Dataset
Aggregation (DAgger) (Ross et al.,, 2011). DAgger is an online
learning method that queries the expert, 7*, to provide additional
labels for scenerios not in the training set. DAgger iteratively performs
rollouts of trajectories in the environment from the current policy,
then queries the expert for corrections to the actions executed. The
original set of demonstrations is then augmented with the new corrective
demonstrations and the policy is retrained on the aggregated dataset.

In Algorithm 1, 5; is a tunable parameter that weighs between the
pretrained policy and the new, updated policy. Typically, 51 = 1, and
decreases exponentially as D grows, since the policy in first few iterations
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Algorithm 1 DAgger (Dataset Aggregation) (Ross et al., 2011)

Initialize D <+ ().
Initialize ©* with a pre-trained BC policy

Initialize 71 to some 7 € II
for i=1 to N do
Let m; = Bi#* + (1 — ;) ;. (optional)
Sample T-step trajectories using ;.
Create D; = {(s,7*(s))} of visited states and expert corrections.
Aggregate datasets: D < DU D;.
Train classifier ;41 on D.
end for
Return the best 7; on validation.

is the least robust. As the number of iterations increase, the learned
policy converges towards the true policy and reduces the distributional
mismatch between the training data and the real environment. Although
DAgger offers a simple method to reduce the problems with covariate
shift, the algorithm assumes there is an expert it can query and that
the policy can interact with the environment, which is not always
feasible. Additionally, the iterative nature of the algorithm can be time-
consuming and induce a high workload on the expert demonstrator.

Recently proposed approaches to BC leverage energy-based models
and diffusion models such as Implicit Behavior Cloning (IBC) (Florence
et al., 2022), where the policy representation is changed to represent the
action distribution using energy-based models, and Diffusion Policy (Chi
et al., 2023a), where a visuomotor robot policy is learned through a
denoising diffusion process on the robot action space. These approaches
have been shown to express multimodal behaviors, generalizing across
multiple tasks on real-world robotic platforms at the cost of large-scale
data requirements.

3.4.2 Inverse Reinforcement Learning

Inverse Reinforcement Learning (IRL) (Russell, 1998; Ng and Russell,
2000) is a method in machine learning where the objective is to infer a
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reward function R given the observed behavior of an expert agent (e.g.
the demonstrator). Unlike BC methods, a reward mechanism provides
a signal the robot can use to reason about the goal or results of the ob-
served actions for emulation or imitation. The expert can be suboptimal;
inferring the reward enable methods that allow the robot to perform
actions that potentially outperform the expert at achieving the desired
goal. Additionally, the robot may have capabilities different from the
agent (see the correspondence problem in 2.2), where reasoning about
the reward as opposed to direct actions allow the robot to best lever-
age its’ action repertoire for the task at hand. A well inferred reward
function, R, should be invariant to the system’s transition dynamics,
T, to generalize across multiple systems. The formal definition of the
IRL problem is given as follows:

Definition (Inverse Reinforcement Learning). Given a MDP M with
an unknown reward function R(s,a) and a dataset of trajectories D =
{m0, 71, ., 8 }, i = {(50,@0), (51,a1), ..., (Sp1;, anr; ) }iy find the optimal
reward function, R* (s, a) such that R*(s, a) = g(lax)E Y20 R(s,a)|m*]

)

where 7* is the underlying expert policy derived from D.
IRL methods employ a feature-based reward function. One way to

represent the reward function is through a linear combination of weights
and feature map of the form:

R(s,a) =wTo(s,a) (3.4)

where w € R? is a weight vector and ¢(s,a) : S x A — R? is a feature
map of states and actions. With this reward formulation, the value
function of an arbitrary policy 7 in RL can be expressed as:

VT(s) = wi(s,m), (s, m) =E |3 46 (s1.m(s0) |50 = 5| (3.5)
t=0

where u(s, ) is known as the feature expectation. The goal is then to
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find an optimal weight vector w* that maximizes the value function
under the optimal policy 7*. That is:

w Ty (s,7*) > w'Tu(s, ), VseS8, Vr (3.6)

However, finding w* is an ill-posed problem (i.e. there are infinitely many
solutions). In fact, w* = 0 is a perfectly valid (albeit useless) solution.
Because there are infinitely many reward functions that can explain why
demonstrations are performed a certain way, reward ambiguity is the
main challenge that IRL algorithms attempt to address. Additionally,
suboptimal or heterogeneous demonstrations complicates the learning
process and requires additional mechanisms to differentiate between
varying levels of performance and intentions among demonstrators.
For complex environments, a simulator is often required in order to
accurately represent the feature map, where performance is now linked
to simulation fidelity.

The literature on IRL algorithms is vast (Arora and Doshi, 2021;
Adams et al., 2022); covering all of these methods is out of the scope
of this document. Most IRL algorithms fit into one of three categories:
maximum margin methods, maximum entropy methods, and Bayesian
methods. We will cover the core ideas of these methods, and a few
notable exceptions that do not fit into any of these categories.

¢ Maximum Margin Methods: The first category of methods
proposed for IRL. Max-margin methods aim to find a reward
function that maximize the margin between the optimal value
function to all other value functions. The core idea is similar to
support vector machines (SVMs) (Cortes and Vapnik, 1995) in
essence. Notable examples of max-margin IRL are Ng and Russell,

2000; Abbeel and Ng, 2004; Ratliff et al., 2006.

e Maximum Entropy Methods: Max-margin methods intro-
duce a bias in the learned reward function that can skew the
robot policy towards trajectories unrelated to the observed expert
demonstrations. To counteract this bias, maximum entropy meth-
ods aim to obtain a distribution of trajectories that makes the
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least assumptions beyond to matching the feature expectations
by utilizing the principle of maximum entropy (Jaynes, 1957).
Examples of maximum entropy IRL include Ziebart et al., 2008;
Ziebart et al., 2013; Boularias et al., 2011; Wulfmeier et al., 2015.

e Bayesian Methods: In Bayesian IRL, Bayesian updates are
performed to maximize the posterior distribution of a reward
function. The update is performed as follows:

Pr(R|7)x Pr(t | R)Pr(R) (3.7)

where Pr(7 | R) is the observation likelihood of the reward and
Pr(R) is the prior distribution over the reward. This approach
is advantageous if expert knowledge about the reward exists and
offers a probabilistic formulation to model a mixture of reward
functions. Examples of Bayesian IRL are Ramachandran and
Amir, 2007; Choi and Kim, 2011; Levine et al., 2011.

3.4.3 Generative Learning

Advances in adversarial learning with generative adversarial networks
(GAN) (Goodfellow et al., 2014) have crossed over into imitation learn-
ing and IRL to form two popular state-of-the-art methods used for
research in interactive robot learning: Generative Adversarial Im-
itation Learning (GAIL) (Ho and Ermon, 2016) and Adversarial
Inverse Reinforcement Learning (AIRL) (Fu et al., 2017). Both
methods adversarially train a generative policy against a discriminator
that aims to classify trajectories from the learned policy from expert
demonstrations. While similar in nature, GAIL is not an IRL algorithm,
as it does not recover a reward function, unlike AIRL.

3.4.4 Skill Learning

In the domain of robotics, learning spans a diverse array of methodolo-
gies, covering both low-level skill acquisition and high-level task learning.
Low-level skills refer to fundamental capabilities such as motor control
and manipulation, while high-level skills entail complex, goal-oriented
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behaviors and decision-making processes. This section explores interac-
tive learning techniques tailored for both low-level and high-level skill
acquisition in robotics.

Low-level Skill Learning

Learning low-level skills in robotics through imitation learning is com-
mon, specifically through the use of movement primitives. Movement
primitives are fundamental building blocks that enable robots to execute
complex tasks by combining simple, pre-defined motions. This approach
is a structured learning process that is robust and sample-efficient,
especially in dynamic and high-speed environments. The integration of
these primitives into robotic systems paves the way for more intuitive
and adaptive behaviors, bridging the gap between high-level decision
making and low-level motor control.

Dynamic Movement Primitives (DMP) (Schaal, 2006; Ijspeert et
al., 2013) is the earliest introduced and most common class of movement
primitives for learning low-level skills. The core idea behind DMPs is to
represent movements as a combination of a stable, nonlinear dynamical
system with a learnable forcing function to modulate the shape of the
movement. In its most basic form, a DMP is represented with point
attractor dynamics as follows:

Ti=a,(B:(g—y)—2)+ f(z), Ty=2 TEi=0ax (3.8)

where y,y are position and velocity data from the demonstration, g
is the attractor goal, 7 is a time scaling parameter that provides a
time-invariance property to DMPs, z and Z are the time-scaled velocity
and acceleration, = is the phase variable that indicates the progression
in the movement, and f is the forcing function. The forcing function is
defined with a linear combination of radial basis functions. The classical
DMP has spawned a variety of extensions and adaptations that are
tailored to different applications (Saveriano et al., 2023).

A probabilistic framework to represent and learn movement prim-
itives was introduced by Paraschos et al., 2013 called Probabilistic
Movement Primitives (ProMP). ProMPs represent movements as
probability distributions over trajectories rather than deterministic func-
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tions (e.g. DMPs), which reduces uncertainty and increases robustness
by modeling the variability in the demonstrated movements. Addition-
ally, ProMPs can be conditioned to reach desired via-points and blend
multiple movement primitives into one for strong adaptability in move-
ment representation. A ProMP is represented with a state distribution
parameterized by 0 as follows:

P(wi0) = [p(u |w)p@]6.) (39)
P | ) =N (3, | #10,3,) (310)
P 0.) =N (w6, = {n, B)) (311)

where y, is the robot joint state at time ¢, ®; is a time-dependent basis
matrix, and w is a weight vector that is marginalized by introducing a
distribution over the weights with 6.

Other movement primitive approaches for modeling low-level move-
ments include Kernelized Movement Primitives (KMP) (Huang et al.,
2018b), which is a non-parametric solution that targets domains with
high-dimensional inputs and enables extrapolation. Recently, ProDMP (Li
et al., 2023) was proposed, providing a framework that inherits proper-
ties from both DMPs and ProMPs.

High-Level Skill Learning

High-level task learning is a crucial aspect of interactive robot learning,
especially for complex, long-horizon tasks involving multiple actions.
Take the example of autonomous food delivery, which encompasses
various sub-tasks like planning the route to restaurant, picking up food,
and delivering it to the customer.

Hierarchical Task Networks (HTN) address this complexity by de-
composing tasks into trees with task decompositions. In this framework,
the state comprises relevant environmental features, and actions rep-
resent primitive tasks or sequences of tasks. HT'Ns are advantageous
as they enable reasoning over abstractions, allow task decomposition,
leverage previously acquired skills, and are human-readable due to their
tree structure (Figure 3.4).
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Non-Primitive
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Figure 3.4: A hierarchical task learning network framework.

Mohseni-Kabir et al., 2014 leverage the human-readable property
of HTNs, framing the HTN specification as an interactive discourse
between developers and agents. Task decomposition and composition
patterns are learned through human interaction. Chen et al., 2021a
present an unsupervised learning approach for HTNs, learning from
unannotated demonstrations. They draw an analogy between learning
complex HTNs and series/parallel reduction of resistor networks in
FElectrical Engineering. The learned HTN can reconstruct tasks and
predict necessary actions. French et al. French et al., 2019 introduce
Behavior Trees (BTs) as an alternative high-level task representation.
BTs, composed of control and action nodes, offer real-time execution,
modularity, and transparency. They effectively represent high-level tasks,
demonstrated by instructing a Fetch robot in a household cleaning task.

In conclusion, high-level skill learning is a pivotal aspect of interac-
tive robot learning, essential for tackling complex, multi-step tasks.
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3.5 Learning from Human Feedback

Reinforcement learning has found extensive applications in the field
of robotics (Kober et al., 2013). However, our focus lies specifically on
interactive reinforcement learning and works that involve learning from
human feedback. The fundamental concept underlying these approaches
is to leverage human feedback for purposes such as learning a reward
function, shaping a reward function, molding a policy, directing the
agent’s exploration process, or augmenting the agent’s value function
(Arzate Cruz and Igarashi, 2020a).

3.56.1 Preference based Reinforcement Learning (PbRL) and Rein-
forcement Learning from Human Feedback (RLHF)

Preference-based reinforcement learning (PbRL) algorithms aim to
address the reinforcement learning problem by utilizing preferences ex-
pressed by experts between states, actions, or trajectories. The objective
is to learn a policy that aligns closely with the preferences provided
by the expert. Therefore, a PbRL algorithm must discern the expert’s
intentions and identify a policy that best matches them. To refine its
understanding, these algorithms generate trajectories that are then
assessed by the expert, allowing for exploration of the state-action
space (Wirth et al., 2017). Reinforcement learning from human feedback
(RLHF) can be considered a specialized form of PbRL, where the prefer-
ence labels are supplied directly by humans. This approach has garnered
significant attention lately, demonstrating success in various domains
such as robotic control and natural language processing tasks through
techniques like fine-tuning pre-trained models (Ouyang et al., 2022; Bai
et al., 2022). Such a methods allow a robot to align its behavior with
the envisioned goals of the human trainer (Li et al., 2021b).
Christiano et al., 2017a introduced an approach involving learning a
reward function from human feedback. This method generated multiple
trajectories using an agent’s policy, sent pairs of trajectory segments
to a human for ranking, and learned a reward function based on those
preferences. The effectiveness of this method was demonstrated in
solving complex RL tasks, including Atari games and simulated robot
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locomotion, with feedback provided on less than 1% of the agent’s
interactions with the environment.

The Evaluative Reinforcement (TAMER) algorithm, introduced
by Bradley Knox and Stone, 2008, allows the agent to model the
human’s reward function based on human feedback and choose actions
predicted to yield the most reward. Warnell et al., 2018 presented a
modified version of the TAMER algorithm tailored for deep RL models,
incorporating a deep convolutional neural network to model the human
agent and a novel approach to handling user feedback. This approach
minimizes a weighted difference between the human reward and the
predicted value for each state-action pair individually. Furthermore,
Arakawa et al., 2018 introduced the DQN-TAMER  algorithm, combining
TAMER and Deep TAMER. This algorithm utilizes both environments
and human binary feedback to shape the reward function. Experiments
in a maze-like environment involved a robot receiving implicit human
feedback in the form of facial expressions of the user. This mechanism
was developed to address the imprecision and intermittency of explicit
human feedback.

Celemin and Ruiz-del-Solar, 2015 proposed a Convergent Actor-
Critic method, COACH (COrrective Advice Communicated by Humans).
This framework enables non-experts to use numerical binary feedback to
formulate policies through corrective suggestions. An extension of this
work, named deep COACH, was introduced by Arumugam et al., 2019.
Deep COACH incorporates a deep neural network with a replay memory
buffer and an autoencoder. Unlike the original COACH implementation,
deep COACH utilizes raw pixels from the testbed as input.

To improve on suboptimal demonstrations in BC and IRL, Brown
et al. (2019) proposed Trajectory-ranked Reward EXtrapolation (T-
REX). T-REX is an PbRL method that learns to extrapolate intent
of the demonstrator via suboptimal demonstrations that are ranked
via preference labels. The resulting reward function can then be used
in combination with deep RL to learn a policy that outperforms the
demonstrator. One limitation of T-REX is that the algorithm assumes
the preference labels are distributed according to the reward, which Knox
et al. (2022) argues is a flawed assumption and suggests that users
provide preferences based on regret of the behavior. Building on this idea,
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works such as Hejna et al. (2023) and An et al. (2024) proposed PbRL
methods without reward modeling. Both methods utilize a contrastive
objective to learn a policy based on the provided preferences. Hejna
et al. (2023) attempts to learn a regret-based model through their
proposed contrastive objective. Another problem with learning reward
functions through preferences is reward misidentification, where non-
causal distractor features that are correlated with causal features of
the true reward function influences the learned reward function. Tien
et al. (2023) provides a series of sensitivity and ablation studies on
several benchmark domains with PbRL methods to highlight the reward
misidentification problem in introducing misaligned behaviors.

3.56.2 Reward Shaping

Reward shaping is a strategy to influence the behavior of a learning
agent by adjusting its reward function to align with the preferences of
the RL designer or the human user, expediting the learning process.
Thomaz et al., 2006 proposed a technique tailored for non-expert human
trainers. These trainers could provide a positive or negative numerical
reward to the agent, modifying its subsequent actions. In the event of
negative feedback, the agent would attempt to retract its last action
to improve its score. An important observation from this work was the
phenomenon of users providing anticipatory feedback, assuming that
their input guides the bot in future states. Understanding these teaching
strategies becomes crucial in interactive RL, underscoring the necessity
to comprehend user preferences in teaching agents and enhance the
feedback mechanism to foster trust and improve its quality and quantity.

An alternative approach to reward shaping involves the manual
creation of heuristic functions incentivizing the agent to take specific
actions in particular environmental states (Rosenfeld et al., 2018, Bianchi
et al., 2014). These heuristic functions provide automatic feedback to
the learning agent. Experiments indicate that using heuristic functions
as input for interactive RL is a natural method for infusing human
knowledge into the algorithm. However, a drawback is that heuristic
functions are challenging to construct and demand programming skills.

Deep versions of reward shaping methods, benefiting significantly
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from function approximation, minimize the feedback required to achieve
good results. This advantage arises from the generalization of user feed-
back across similar states, allowing human knowledge to be injected into
multiple analogous states rather than just one. While reward-shaping
methods effectively accelerate the learning process in environments
with sparse rewards, challenges such as "credit allocation" and "reward
hacking" are acknowledged (Arzate Cruz and Igarashi, 2020a). The
former relates to mapping human rewards to corresponding actions,
particularly in rapidly changing environments where human feedback
may lag. The latter involves the risk of the agent achieving maximum
rewards through unexpected methods not anticipated by humans.

3.5.3 Exploration Guidance

The guided exploration process aims to enhance this exploration by
integrating human knowledge, directing the agent towards states with
high rewards.

Thomaz and Breazeal, 2008b conducted an experiment using the
game Sophie’s Kitchen to assess the impact of human guidance on
minimizing the agent’s action space and accelerating learning efficiency.
Results indicate that leveraging human prior knowledge effectively
assists the agent in reducing low utility attempts, proving more efficient
than relying solely on scalar reward functions. Suay and Chernova, 2011
introduced a variation where users guide exploration by identifying goal
states in the environment. The bot adjusts its policy to favor actions
leading to the specified goal. Experiments showed that relying solely on
exploration guides from users yielded optimal results and reduced the
required amount of user feedback.

While utilizing human feedback for guidance in interactive RL
algorithms proves effective in terms of performance, successful imple-
mentation necessitates a model of the environment. The interactive RL
algorithm must discern the actions required to reach the state proposed
by the user, presenting a challenge in complex environments where
precise models are challenging to create. Moreover, these algorithms
usually necessitate training by humans, entailing significant domain
expertise and active involvement in the training process from the human
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trainer.

3.5.4 Augmented Value Functions

The value function-based method involves estimating future rewards
with the aim of maximizing the final reward at the end of a task by
incorporating human knowledge (Arzate Cruz and Igarashi, 2020b).
These methods merge the value representing human preferences with
the agent’s obtained value from the environment, facilitating the learning
process.

A proposed approach, Human-Agent Transfer (HAT) (Taylor et al.,
2011), combines human preference and agent value. The algorithm gen-
erates a strategy based on recorded human trainer preferences, shaping
the Q-value function. This process ensures a stable reward for the state-
action pair in the Q-learning process. Another interactive RL algorithm,
RLfD (Brys et al., 2015), integrates expert demonstrations as input.
The demonstrations are used to create a potential-based piecewise Gaus-
sian function, assigning high values to state-action pairs demonstrated
by the expert and 0 values where no demonstrations occurred. This
function serves a dual purpose in biasing the exploration process of a
Q(A)-learning algorithm. First, the Q-function of the RL algorithm is
initialized with the potential-based function values. Subsequently, the
potential-based function acts as a shaping mechanism complementing
the reward function from the environment. This dual biasing mecha-
nism aims to leverage human knowledge from the expert throughout
the entire learning process.

While the augmented value function method shows promise in
minimizing the required human feedback, there is a limited number of
studies exploring its effectiveness (Li et al., 2021b).

3.6 Leveraging Natural Language for Interactive Robot Learning

As robots venture into non-expert-populated environments, providing
user-friendly interfaces becomes imperative. Conventional interfaces
such as keyboards, mouse, or touchscreens demand training complexity
for commanding intricate robotic behavior (Zucker et al., 2015). In
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contrast, natural language (NL) interfaces offer intuitive ways for users
to interact with and control robots, requiring minimal training (Tellex
et al., 2020a).

3.6.1 Language Grounding Based Methods

Language grounding refers to the process of associating linguistic sym-
bols, such as words or phrases, with corresponding entities, concepts, or
actions in the real world. It involves establishing a meaningful connec-
tion between language and the external environment, enabling robots
to interpret language based on their sensory perceptions and inter-
actions with the world. Grounding language ensures that linguistic
expressions carry contextually relevant meanings and facilitate effective
communication between humans and robots.

Instruction following (Mei et al., 2016, Arumugam et al., 2017)
was one of the first areas in which progress was made. This supervised
problem involves executing a sequence of actions based on a given natural
language command. A common approach treats language commands
and action sequences as a machine translation problem, employing RNN-
based Sequence to Sequence models(Mei et al., 2016). Some variations
of the problem focus on learning the grounding from natural language
to sub-goals or goals, simplifying the complexity of language-guided
actions (Gopalan et al., 2018, Andreas and Klein, 2015).

Efforts have also been made to mitigate the need for extensive
supervision by transforming the instruction following problem into a
reinforcement learning (RL) problem. Branavan et al., 2009 initially
approached this by employing classical policy gradient methods. Recent
advancements extend this approach to more complex environments
with visual inputs (Das et al., 2018, Hermann et al., 2017, Misra et
al., 2017). A prevalent strategy involves modeling the agent and its
environment as a MDP and representing the instruction as the state
of the environment. These RL-based agents demonstrate capabilities
such as answering questions about object properties or navigating to
objects in simulated environments. Silva et al., 2022a leveraged natural
language specifications, enabling users to describe new tasks for the
robot and facilitating the robot’s reasoning about task similarities and



3.6. Leveraging Natural Language for Interactive Robot Learning 115

differences through language-based task embedding thereby speeding
up the learning process.

The task of associating object names with their corresponding vi-
sual representations is an active research domain in deep learning. A
prevalent approach, initially introduced in (Karpathy and Fei-Fei, 2017),
involves aligning vectorized object representations in images with vector-
ized sentence representations describing those objects. These methods
have been applied to physical robots in scenarios such as object retrieval,
with training often conducted on simulated images (Hatori et al., 2018,
Shridhar et al., 2020). In a related study, Blukis et al., 2018 focused
on end-to-end learning, aiming to establish a direct mapping between
navigation instructions and low-level control actions. This process lever-
ages the robot’s sensor input and control actions, translating language
instructions into corresponding control actions. The study successfully
demonstrated the practical implementation of this approach on physical
robots.

Recent approaches with language grounding include using natural
language descriptions of various tools to generate feature representations
that can be further used for language-conditioned meta-learning (Ren et
al., 2023Db), using natural language feedback as a reward signal (Sumers
et al., 2021), and specifying safety constraints for RL with natural
language (Yang et al., 2021).

3.6.2 Foundation Models

Foundation models, characterized by their vast number of parameters
in the billions, represent a significant advancement in machine learning.
These models, typically based on Transformer architectures (refer to
Section 3.1), undergo pre-training on extensive datasets collected from
the internet. This process imbues them with a wealth of world knowl-
edge, thereby enhancing their generalization capabilities (Firoozi et al.,
2023). Large language models (LLMs) constitute a subset of founda-
tion models, specifically trained on large-scale textual data. Prominent
examples include GPT (Generative Pre-trained Transformer), BERT
(Bidirectional Encoder Representations from Transformers), and Gem-
ini. On the other hand, Vision-Language-Action models (VLAs) are
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foundational models that integrate information from visual inputs (such
as images or videos), textual inputs (such as natural language descrip-
tions), and action outputs (such as commands or decisions) to enable
robots to perceive, comprehend, and interact with the environment.

Recent advancements in LLMs have prompted increased interest in
VLA models (Zeng et al., 2023). RT-1, introduced by Brohan et al., 2022,
was a preliminary groundbreaking model that leveraged transformer
architectures for robotics, but it had limitations that impacted its
performance. Specifically, RT-1 faced challenges with generalization and
robustness in unstructured environments, as well as issues with handling
diverse and novel tasks. The model sometimes failed to adapt effectively
to new situations or demonstrated brittle behavior when faced with
unexpected changes. RT-2, introduced by Brohan et al., 2023b, was
built on RT-1’s foundation, addressing some of these shortcomings by
incorporating multi-modal inputs and enhanced learning mechanisms,
leading to improved adaptability and performance across a broader
range of robotic tasks. RT-2 presents an end-to-end model capable of
mapping robot observations to actions, establishing a VLA model. In
contrast to previous methods that involved integrating vision-language
models (VLMSs) into robot policies or designing novel architectures,
RT-2 introduces VLA instantiation through fine-tuning. The approach
fine-tunes a large-scale VLM (Chen et al., 2023b, Driess et al., 2023)
pre-trained on an extensive network-scale dataset, transforming it into
a VLA model. Actions are integrated as text tokens directly into the
pre-training dataset, creating multi-modal sentences that unify robot
actions and natural language responses (Driess et al., 2023). These
multimodal statements enable robots to respond to commands through
observation, outputting corresponding actions. This processing mirrors
the decoding process in LLMs, where action-related tokens are decoded
and converted into robot actions. VLA models hold significant potential
for enhancing the generalization capabilities of robots.

3.6.3 Reward Shaping and Refinement Methods

Another domain of exploration involves leveraging natural language for
the creation and refinement of reward functions, providing an intuitive
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means to articulate objectives that can be subsequently optimized to
induce desired robot behaviors. In this context, MacGlashan et al., 2015
introduced a framework that translates natural language commands
into reward functions through demonstrations of these commands being
executed in the environment. Additionally, Goyal et al., 2019 presented
a reward shaping technique that maps free-form natural language in-
structions to intermediate rewards, that can be integrated into standard
reinforcement learning algorithms. Wang et al., 2023 prompted a LLM
to directly formulate a reward function for legged locomotion, while Yu
et al., 2023 directed an LLM to define reward parameters, which were
subsequently optimized to achieve a variety of robotic tasks.

In summary, interactive robot learning has made remarkable progress
in harnessing natural language for human-robot interaction. Through
endeavors such as language grounding, reward shaping, and the adoption
of foundational models, researchers have augmented robotic capabil-
ities and improved their ability to generalize. With natural language
interfaces increasingly central to human-robot interactions, these ad-
vancements hold the potential to foster more intuitive, user-friendly,
and capable robotic systems.

3.7 Adaptive and Adaptable Interactive Robot Learning Methods

Adaptive methods refer to algorithms capable of autonomously acquiring
necessary behavioral and cognitive skills for task performance through
interactions with the environment (Nolfi, 2021). These methods priori-
tize continuous adaptation and modification of the robot’s behavior and
function in response to contextual changes, such as varying conditions
or tasks, without requiring human intervention. Adaptable methods in
robotics refer to approaches where humans play a central role in modi-
fying the behavior or capabilities of robots. Unlike adaptive methods,
which enable robots to autonomously learn and improve their perfor-
mance over time, adaptable methods involve direct human intervention
in guiding or directing the changes made to the robot’s behavior or
function. This intervention can take various forms, such as providing
explicit instructions, adjusting parameters, or redesigning algorithms
based on human expertise or preferences. Adaptable methods thus facili-
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tate a more direct and controlled modification process, allowing humans
to tailor the robot’s behavior to specific requirements or preferences,
but may result in a larger workload on the end user.

We will go over some main works that have targeted the problem of
adaptive and adaptable learning method for robotics.

3.7.1 Adaptive Learning Methods
Continual or Incremental Learning

Continual learning, also known as lifelong learning or incremental learn-
ing, are adaptive methods that allows the robot to acquire and adapt
to new knowledge and experiences over time without catastrophically
forgetting previously learned information. In continual learning, the sys-
tem incrementally learns from a stream of data or tasks, integrating new
information while preserving previously acquired knowledge. The goal is
to enable the system to continually improve its performance and adapt
to changing environments or requirements without the need to retrain
from scratch (Lesort et al., 2020). Continual learning is particularly
important in dynamic and evolving domains where data distributions
or task requirements may change over time.

Gao et al., 2021 present an approach for continual imitation learning
that relies on deep generative replay (Shin et al., 2017) and action-
conditioned video prediction to create state and action trajectories for
past tasks. These generated trajectories, or pseudo-data, are combined
with current task demonstrations to train the policy network guiding the
robot’s actions. However, the authors identify a challenge in generating
high-quality video frames for an extended sequence of tasks.

Auddy et al., 2023 introduce a novel approach for continual learn-
ing from demonstrations using hypernetworks. This method generates
parameters for neural ordinary differential equation solvers, and its
effectiveness is validated through real-world robotic tasks that involve
changes in position and orientation, demonstrating the practical appli-
cability of this continual learning strategy in robotics.

However, continual learning algorithms may have to deal with prob-
lems such as imbalanced or scarce data (Sprechmann et al., 2018),
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catastrophic forgetting (French, 1999), or data distribution shifts (Gep-
perth and Hammer, 2016).

Intrinsic Motivation

Intrinsic motivation, as discussed by (Schmidhuber, 2010), plays a
crucial role in promoting long-term and open-ended learning in robotics.
Intrinsic motivation for robot learning refers to the use of internal drives
or rewards within the robot itself to guide its learning process, rather
than relying solely on external rewards or supervision. These intrinsic
motivators can include curiosity, novelty-seeking, competence, and the
desire for autonomy. By incorporating intrinsic motivation mechanisms
into robotic systems, researchers aim to promote self-directed learning,
exploration, and adaptation, which can lead to more robust and flexible
behaviors in diverse environments. This approach is inspired by theories
from psychology and neuroscience that suggest intrinsic motivation
plays a crucial role in human learning and development.

One strategy for implementing intrinsic motivation involves using
a reward function comprising two scalar real-valued components: the
standard external reward tied to achieving specific goals, and the intrin-
sic reward, which stems from the novelty of behaviors or observations.
These components are typically combined using a function, such as
simple addition. This approach not only promotes ongoing learning but
also enriches the robots’ capacity to evolve and adapt over time, as
evidenced in studies by Baldassarre and Mirolli, 2013 and Cangelosi
and Schlesinger, 2015.

Another approach to intrinsic motivation, proposed by Mohamed
and Rezende, 2015, involves defining empowerment using mutual infor-
mation as an internal drive. This method utilizes a variational lower
bound on mutual information, coupled with convolutional networks for
processing visual input streams, to develop a stochastic optimization
algorithm. This algorithm enables scalable information maximization
and empowerment-based reasoning directly from pixels to actions.

Unsupervised reinforcement learning (URL) serves as another ap-
proach for intrinsic motivation in robotic systems. Unlike traditional
RL methods that rely on external reward signals, URL algorithms aim
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to discover and learn policies without explicit rewards. Instead, they
focus on maximizing some approximation of mutual information, akin
to representation learning in supervised settings. By leveraging URL,
robots can autonomously explore and discover novel skills and behav-
iors in their environment, thereby fostering intrinsic motivation and
continuous learning. These approaches have shown promise in enabling
robots to acquire diverse skills and adapt to various tasks without the
need for explicit rewards, thus facilitating self-directed learning and
exploration as evidenced by Eysenbach et al., 2022.

In Pathak et al., 2017, the authors propose a self-supervised ap-
proach grounded in curiosity-driven exploration. Here, the agent learns
to forecast the outcomes of its actions via a self-supervised learning ob-
jective, thereby incentivizing exploration of the environment to unearth
new skills.

Nguyen and Oudeyer, 2014 introduced a method that combines
active, intrinsically motivated learning with imitation learning, enabling
robots to learn high-dimensional sensorimotor inverse models efficiently.
This approach, tested with a robot arm learning to use a flexible fishing
line, enhances the robot’s ability to produce diverse outcomes and refine
control in large spaces. Nguyen and Oudeyer, 2012 developed an inter-
active learning system that blends internally guided learning with social
interaction, allowing robots to learn motor skills with minimal reliance
on human guidance and adapt flexibly in human interactions. Qureshi
et al., 2018 proposed a reinforcement learning framework motivated in-
trinsically, where the robot gains rewards through an action-conditional
predictive model. This method led to robots learning social skills from
real, uncontrolled human-robot interaction experiences, showing an
enhanced ability in making human-like decisions.

In conclusion, intrinsic motivation enables robots to learn autonomously
and adapt effectively to new challenges and environments. This approach
fosters continuous skill development and enhances the robot’s ability to
handle complex tasks.
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3.7.2 Adaptable Learning Methods
Curriculum Learning

Curriculum learning in robotics is a training strategy inspired by edu-
cational practices, where learning tasks are organized in a structured
sequence of increasing complexity or difficulty. This approach involves
presenting the robot with a series of tasks or learning objectives arranged
in a curriculum, starting from simpler tasks and gradually progressing
to more challenging ones (Mendoza Barrenechea, 2023). By following
this curriculum, the robot learns foundational skills or concepts before
tackling more complex problems, allowing for a more systematic and
efficient learning process. Curriculum learning aims to enhance the
robot’s learning performance, adaptability, and generalization capabili-
ties by providing a scaffolded learning experience that builds upon prior
knowledge and experiences.

Karpathy and Panne, 2012 proposed a method that involves a two-
level curriculum: at the high level, it specifies the order in which different
skills should be learned, while at the low level, it defines the learning
process within each skill. The study focused on developing integrated
motor skills for a planar articulated figure capable of executing pa-
rameterized hops, flips, rolls, and acrobatic sequences. Moreover, the
proposed curriculum could be customized to generate individualized
motor skill sets for articulated figures of varying proportions. Qin et
al., 2019 used curriculum learning to teach a six-legged robot to walk
on various terrains. In Yu et al., 2018, curriculum learning is applied
to train a humanoid robot to walk. The training starts in a simple
environment and progressively advances to more complex settings.

Despite their benefits in speeding up the learning process, these meth-
ods come with notable drawbacks. They depend on expert knowledge to
define the learning stages and introduce new hyperparameters, such as
transition thresholds, which are challenging to optimize. Furthermore,
they presume that problems can be broken down into sub-problems
of increasing difficulty on a single axis, a presumption that may not
always be applicable in complex real-world situations (Nolfi, 2021). In
order to address these weaknesses, automated curriculum learning is an
active area of research. This approach aims to automatically define the
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curriculum without relying on human experts (Portelas et al., 2020).

Active Learning

Active learning in robotics refers to a methodology where a robot
intelligently selects specific data points for labeling by an expert or an
oracle, such as a human (Settles, 2009). Unlike passive learning, where
the robot passively receives labeled data or demonstrations, active
learning involves the robot actively engaging with its environment to
solicit informative feedback. The selection criteria for data points or
tasks are typically based on measures of uncertainty, informativeness,
or expected learning gain (Wallkotter et al., 2021). By actively choosing
the most informative data points or tasks for labeling or exploration,
the robot can effectively reduce the amount of labeled data needed to
achieve a desired level of performance, thereby improving the efficiency
and effectiveness of its learning process, enabling rapid adaptation to
new environments.

Chernova and Veloso, 2009 proposed Confidence-Based Autonomy
(CBA) algorithm to facilitate policy learning from demonstration through
interactive human-agent collaboration. CBA comprised two key compo-
nents: Confident Execution, which autonomously identified states requir-
ing demonstration, requested demonstrations from human teachers, and
learned policies based on acquired data; and Corrective Demonstration,
which allowed teachers to correct agent mistakes through additional
demonstrations to enhance policy and task performance. Through evalu-
ation in a complex simulated driving domain, CBA demonstrated supe-
rior learning performance compared to individual components, striking
a balance between demonstration efficiency and learning accuracy.

Maeda et al., 2017 introduced an approach where robots actively
request information to incrementally learn movement primitives. Using
a Gaussian Process to generate a trajectory, the robot can extrapolate
from a library of demonstrations with defined confidence margins. This
process allows the robot to generalize from minimal demonstrations
and importantly, to identify when such generalizations are reliable.
Real-world applications demonstrated a robotic arm requesting specific
demonstrations from users to enhance its reaching capabilities, even
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becoming proficient in reaching for objects without prior demonstrations,
by learning from related ones.

Baranes and Oudeyer, 2013 proposed an active learning architecture
for complex, high-dimensional spaces. This method efficiently learns
policies through active goal exploration and has shown to surpass direct
policy sampling in learning speed. It involves an autonomous exploration
of increasingly complex tasks, guided by competence progress. This
approach was successfully tested in various robotic contexts, such as
learning inverse kinematics in a redundant robotic arm, developing
omnidirectional locomotion in a quadruped robot, and controlling a
fishing rod with a flexible wire.

Bullard et al., 2019 introduced an active learning approach that
employs imitation learning to empower an agent operating in constrained
environments to simultaneously consider its internal learning objectives
and externally imposed environmental constraints within its objective
function. Experiments demonstrated the efficacy of environmentally-
aware reasoning in outperforming established active learning baselines
under constrained conditions.

Grollman and Jenkins, 2007 applied active learning in teaching
robots new tasks, including mimicry and ball seeking. These various
implementations demonstrate the versatility and efficiency of active
learning in robotics, highlighting its potential in enhancing robot adapt-
ability and skill acquisition.

Evolutionary Methods

Evolutionary methods in robotics, as detailed by Floreano et al., 2008,
involve an approach that mirrors natural evolution, a field known as
evolutionary robotics. This process starts by creating a population
of artificial genotypes, which are essentially blueprints for the robots’
characteristics or phenotypes.

The process begins with the random generation of genotypes for the
initial robot population. Each genotype corresponds to a robot, which
then interacts with its environment in one or more evaluation sessions.
The performance of these robots is quantified using a fitness score,
typically a scalar value. During these interactions, the characteristics
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of the robots might change due to learning or developmental processes.
The most successful robots, in terms of fitness, are then selected to re-
produce. Their offspring are created with variations, introduced through
mutations or other genetic operations. This cycle continues, generation
after generation, until a predetermined number of evaluations have
been completed. The human involvement is primarily in crafting the
fitness function, which could be, for example, measuring the distance a
robot travels in a given episode. This evolutionary approach allows for
the development of adaptable methods through a process that closely
emulates natural selection and evolution. This concept is exemplified
in studies like the one employing an evolutionary algorithm for visual
tracking, which starts with large stationary targets and progresses to
small moving ones (Harvey et al., 1994).

3.8 Mixed-Initiative Interaction and Shared-Autonomy

This section on Mixed-Initiative Interaction and Shared- Autonomy delve
into advanced robotics interaction strategies that emphasize collabora-
tion between humans and robots. We highlight the distinction between
these two concepts and discuss the role of interactive robot learning in
producing adaptive collaboration strategies.

3.8.1 Mixed-Initiative Interaction

Mixed-initiative interaction (defined generally in Section 2.2), in the
context of robotics, refers to an interaction strategy where both the
human operator and the robot have the ability to initiate actions
or decisions (Jiang and Arkin, 2015; Seraj et al., 2023). The human
operator typically provides high-level guidance, insights, and decisions,
while the machine contributes precision, and consistency, leveraging the
strengths of each agent to efficiently accomplish a shared goal. Jiang
and Arkin (2015) proposed the following definition for mixed-initiative
in human-robot interaction:

A collaboration strategy for human-robot teams where humans and robots
opportunistically seize (relinquish) initiative from (to) each other as a
mission is being executed, where initiative is an element of the mission
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that can range from low-level motion control of the robot to high-level
specification of mission goals, and the initiative is mized only when each
member is authorized to intervene and seize control of it.

Under this definition, a system is not considered a mixed-initiative
system if there is no overlap between the initiatives of the robot and
the human, or if the initiative is heavily one-sided (e.g. only human
intervention). However, systems in the literature that are classified as
mixed-initiative rarely meet this criteria (Murphy et al., 2000; Finzi
and Orlandini, 2005; Loizou and Kumar, 2007; Clare et al., 2012), as
true mixed-initiative systems require robust safety measures to protect
the human operator during robot intervention.

Due to the complex nature and diversity of human behaviors, mod-
eling the interactions within a mixed-initiative team is a major chal-
lenge (Natarajan et al., 2023a). Suboptimality in human behavior is
one such aspect of human modeling that can degrade the performance
of mixed-initiative teams if not taken into consideration (Natarajan
et al., 2023a; Nikolaidis et al., 2017a; Tabrez and Hayes, 2019; Kwon
et al., 2020). Interactive robot learning can alleviate these issues by
iteratively improving and adapting from the human partner’s feedback
data, helping the robot understand and predict human intention over
time. For example, Guo et al. (2018) proposed a mixed-initiative task
and motion planning strategy with inverse reinforcement learning to
learn the operator’s task preferences and reduce task constraint vio-
lations. Natarajan et al. (2023b) seeked to maximize performance in
mixed-initiative teaming under suboptimality and proposed a human-
robot model optimized through a variant of BA-POMCP (Katt et al.,
2017).

3.8.2 Shared-Autonomy

Similar to mixed-initiative, shared autonomy, or shared control (Abbink
et al., 2018; Chiou et al., 2021a)), is a term used generally to describe
collaborative systems with any level of interactivity between the human
and the robot (Ishiguro, 2017; Schilling et al., 2016). The term has
additionally been used specifically to describe systems where the robot’s
control policies involve mixing of both human and robot input (Dragan
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and Srinivasa, 2013; Muelling et al., 2017; Reddy et al., 2018; Chiou
et al., 2021a). In this article, we will use shared control to describe
the latter, as the bulk of interactive robot learning research focus on
learning optimized input mixtures (Dragan and Srinivasa, 2013; Jun
Jeon et al., 2020; Reddy et al., 2018). In that sense, shared control
can be considered a subset of mixed-initiative systems that focuses on
low-level motion control. Shared control systems are often deployed to
assist human teleoperators (Selvaggio et al., 2022; Gottardi et al., 2022),
with the intention to reduce the operator’s cognitive load (Boessenkool
et al., 2012).

Adaptive control is a key component of shared control, dynamically
adjusting the balance of control between the human and the robot
according to the specific context to maximize overall performance (Niko-
laidis et al., 2017b). Important questions that arise are "how" and "when"
to adjust this balance. Interactive robot learning can be an effective
solution for answering these questions in shared control, with similar
reasoning that were presented for mixed-initiative systems. Human
idiosyncrasies lead to unique differences in how an individual performs a
task with the robot. To address this, (Schrum et al., 2022b) proposed a
meta-learning framework with imitation learning to adapt to individual
users in shared control tasks. Additionally, reinforcement learning has
been used to implicitly learn the operator’s goals to provide assisted
control (Reddy et al., 2018; Schaff and Walter, 2020). Jun Jeon et al.
(2020) proposed an assistive manipulation framework that dynamically
adjusts the user’s granularity of control by learning latent actions. All
of these methods adapt and correct for the user’s preferences and sub-
optimality in some way, highlighting the utility of interactive learning
in shared control to increase overall system performance.

3.8.3 Takeaways for Mixed-Initiative and Shared Autonomy

In conclusion, the integration of interactive robot learning in mixed-
initiative and shared control systems can greatly enhance the cooperative
efficiency of the team. Through an iterative learning process, robots
can finely tune their responses based on human feedback, continually
adapting to individual user preferences and compensating for human
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suboptimal behaviors. As robot capabilities continue to evolve, learning
methods need to place a larger focus on human-centered approaches to
maintain strong cohesion and fluidity in the human-robot team.

3.9 User Expectations and Trust

Building trust is a pivotal factor in determining the successful collabo-
ration of interactive agents, whether its human-human, human-robot,
or robot-robot collaboration (Hancock et al., 2011a; Sanders et al.,
2011). Despite numerous studies on the topic of trust, there is no
consensus on a single definition, as defining trust is heavily context-
dependent (Cameron et al., 2015). In the context of automation, Lee
and See (2004) provided a commonly used definition of trust on an agent
(human or automation) as the attitude that an agent will help achieve an
individual’s goals in a situation characterized by uncertainty and vulner-
ability. The role of trust in human-robot interaction (HRI) is complex,
as robots are perceived to have a degree of self-governance, in contrast
to automation, where the system behavior’s is pre-programmed (Lewis
et al., 2018). In this section, we first provide some context for why
trust is necessary for interactive robot systems, platforms primed for
interactive learning, then discuss how building trust can impact the
effectiveness of interactive learning.

3.9.1 Effect of Trust on Interactive Robots

Widespread adoption of interactive robots requires trust of the user (Han-
cock et al., 2011b; Pinxteren et al., 2019; Chi et al., 2023b), and in
some cases, trust has been shown to be the main factor in robot accep-
tance (Parasuraman and Riley, 1997). When individuals trust a robot,
they are more likely to engage with and follow the robot’s instruc-
tions (Muir and Moray, 1996; Lewandowsky et al., 2000). Lack of trust
in a robot leads to under-reliance (Parasuraman and Riley, 1997; Lyons
and Stokes, 2012), where a user disregards sound advice or actions from
a robot. Conversely, misplaced trust in the robot’s capabilities leads
to over-compliance (Parasuraman and Riley, 1997; Parasuraman and
Manzey, 2010; Lyons and Stokes, 2012). Over-compliance can lead to
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disastrous outcomes if the user accepts a poor decision made by the
robot (e.g. faulty autopilot (Mosier et al., 1997)). Therefore, user trust
in the robot should be well-calibrated to the robot’s capabilities for
optimal performance of a human-robot system (Lewis et al., 2018).

The importance of trust calibration has led to numerous stud-
ies investigating factors that influence user trust within human-robot
teams (Okamura and Yamada, 2020; Chiou et al., 2021b; Herse et al.,
2023; Lee et al., 2023). Khavas et al., 2020 presented a review of tech-
niques for trust modeling and argued that trust must first be modeled
before it can be properly calibrated. Following this line of reasoning,
researchers have developed a variety of trust models in conjunction with
robotic systems that adapt to these models. For example, Saeidi et al.
(2016) proposed a two-way mathematical trust model (i.e. human-to-
robot and robot-to-human) based on agent performance and a mixed-
initiative control scheme for bilateral teleoperation of mobile robots.
Similarly, Hannum et al. (2023) proposed a motion planner utilizing
a two-way trust model that dynamically adjusts trust levels based on
human motions, past interactions, and each agent’s performance. While
the community has invested significant effort into modeling trust, these
models are generally domain-specific, highlighting a need for a general
trust model that can be used across multiple robotic tasks (Khavas
et al., 2020).

3.9.2 Utility of Trust in Interactive Robot Learning

In the field of interactive robot learning, considerable attention has been
placed on adaptive robot behavior conditioned on learned trust models.
Examples of learned trust models for HRI include OPTIMo (Xu and
Dudek, 2015), an online, dynamic Bayesian network that infers beliefs
over latent trust states, Partially Observable Markov Decision Process
(POMDP) frameworks embedded with learned belief over the latent
state of human trust (Chen et al., 2018a; Chen et al., 2020d; Natarajan
et al., 2023b), and a dynamic trust model utilizing recurrent neural
networks (RNN) for diverse robotic tasks (Soh et al., 2020). A major
problem with learned systems is the lack of transparency in the agent’s
decision-making process, and transparency is an important factor in
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building trust (Lewis et al., 2021; Setchi et al., 2020a). Explainable
Al is a rapidly growing field attempting to address this issue, with
many recent works focused on robotics applications (Tabrez and Hayes,
n.d.; Paleja et al., 2023b; Das et al., 2021a; Chen et al., 2020b). Since
trust is easily lost and hard to regain (Esterwood and Jr, 2023; Alhaji
et al., 2021), learning-based systems need to actively manage the user’s
expectations during the learning process as the robot’s capabilities
change.

Trust plays a critical role in both classical and learning-based inter-
active robot systems. Trust needs to be well-calibrated to avoid user
under-reliance and over-compliance. As interactive learning methods
continue to evolve, managing user expectations and maintaining an ap-
propriate level of trust will be paramount for the successful deployment
and acceptance of these systems in the real-world.

3.9.3 Design Guidelines and Conclusion

Below, we outline a series of design guidelines aimed at establishing
interactive robot learning systems. These guidelines are crafted to
enhance the development and implementation process, ensuring that
these systems are both effective and user-centric:

1. Selection of Interaction Modality and Level: Choose the
interaction modality based on the robotic setup, alongside user
needs and preferences. Considerations such as the task at hand, the
volume of data required, and the ease of providing demonstrations
are crucial in determining the most suitable modality.

2. Selection of Algorithms and Models: Tailor the choice of
algorithms and models to the specific use-case. For instance, in
situations where demonstration data is limited, techniques like
movement primitives may be appropriate. Conversely, for scenarios
demanding high robustness under diverse conditions, leveraging
large foundational models trained on extensive datasets is advis-
able.

3. Adapting Robot Behaviors: When there’s a need for robots
to adjust their behaviors to new users or contexts, readers are
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encouraged to consult Section 3.7 for methodologies that align
best with the particular scenario at hand.

4. Ensure Robust Safety Measures for Mixed-Initiative Sys-
tems: In mixed-initiative interactions, where both the robot and
user can initiate actions, robust safety measures are essential to
protect the user during robot interventions. This includes mecha-
nisms for emergency stop, user override, and conflict resolution to
ensure that the collaboration remains safe and effective.

5. Actively Manage User Expectations: As the robot’s capa-
bilities evolve through interactive learning, communicate these
changes effectively to the user. This involves setting realistic
expectations about the robot’s current performance level and po-
tential limitations. Regular feedback and updates on the learning
progress can help users adjust their trust and reliance on the robot
appropriately.

In conclusion, interactive robot learning stands at the confluence
of robotics, artificial intelligence, and human-robot interaction, herald-
ing a future where robots and humans collaborate more seamlessly
and intelligently. This chapter has navigated through the multifaceted
landscape of interactive robot learning, shedding light on the advance-
ments, challenges, and methodologies that shape this dynamic field.
From understanding the foundational principles of interaction modal-
ities and learning representations to exploring the nuances of trust,
mixed-initiative interaction, and shared autonomy, we have underscored
the importance of user-centric approaches and adaptive learning mecha-
nisms. This discussion paves the stage for the next chapter, where we
will explore feedback mechanisms that aid human in interactive and
explainable robot learning.



4

Feedback Mechanisms Aiding Humans in
Interactive and Explainable Robot Learning

Feedback Mechanisms in interactive robot learning refer to the systems
and processes through which a robot communicates back to the human
user, providing information about its actions, decisions, or learning
progress. These mechanisms are essential for creating a dynamic, two-
way interaction where the robot not only receives input and instructions
from the human but also actively contributes to the learning experience
by offering insights, suggestions, or clarifications. By utilizing feedback
mechanisms, robots become active participants in the learning process,
facilitating a more immersive, contextual, and collaborative learning
environment that aligns with the principles of situated learning theory.

This section aims to shed light on the numerous ways in which
robots can actively contribute to the learning experience, by focusing
on feedback mechanisms that are emitted from the robot to the human.
Drawing upon the principles of situated learning theory, which empha-
sizes learning as an interactive process occurring within a specific context
or environment, this section explores how robotic feedback systems can
foster an immersive and contextual learning environment (Clancey,
1995; McLellan, 1996). We underscore the importance of designing
robot learning systems that are not merely passive recipients of human
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Figure 4.1: Feedback content, frequency, and modality can be considered the three
major categories of the primary challenges on the topic of feedback mechanisms for
aiding humans in interactive robot learning.

instruction but active participants in a collaborative learning journey,
echoing the situated learning theory’s emphasis on participation and
collaboration in authentic contexts (Natarajan et al., 2023a; Konan
et al., 2022).

While a significant portion of prior research is geared toward enhanc-
ing the robot’s learning experience from human guidance (Chernova
and Thomaz, 2014; Wang et al., 2019a), an often-overlooked aspect
is how robots can contribute to this collaborative learning process. In
interactive robot learning scenarios, the quality and effectiveness of the
learning process depend not only on the human’s ability to teach but also
on the robot’s ability to assist and facilitate its own learning through
effective communication (Sheridan, 2016; Natarajan et al., 2023a). This
is particularly important for establishing a shared understanding be-
tween the human and the robot, a phenomenon that is increasingly
relevant in coordinated and cooperative interactions (Salas et al., 1992;
MacMillan et al., 2004; Natarajan et al., 2023a; Seraj, 2022).

Feedback mechanisms implemented in robots serve as instrumental
tools to enhance this dual-sided learning experience (Breazeal et al.,
2016; Nocentini et al., 2019). The term dual-sided in this context un-
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derscores the reciprocal nature of the learning experience, where both
humans and robots are actively learning from and adapting to each
other. This mutual exchange is facilitated through particular and of-
ten domain-dependent feedback and communication mechanisms which
are critical for effective collaboration and the ongoing development of
more intuitive and capable robotic systems. These mechanisms (i.e.,
Figure 4.3), ranging from simple visual or auditor cues (e.g., red alarm
light or a buzz sound) to complex dialogues (e.g., textual instructions,
scene description, or language conversation), aim to provide the hu-
man demonstrator with information that helps optimize the teaching
process (Hindriks and Liebens, 2019; Breazeal et al., 2016; Breazeal
et al., 2004; Nocentini et al., 2019). Recently, Reinforcement Learn-
ing from Human Feedback (RLHF) (Knox and Stone, 2011; Griffith
et al., 2013; Lin et al., 2020; Christiano et al., 2017b) has become in-
creasingly prominent as an interactive tool for robot learning. RLHF
in robot learning is pivotal in enhancing robot feedback mechanisms,
as it allows for the fine-tuning of robotic behaviors based on direct
human guidance and evaluation. When integrated with Large Language
Models (LLMs) (Zhao et al., 2023), RLHF can empower robots with
the ability to process and interpret complex, nuanced human language,
making the feedback process more sophisticated and context-aware.
This integration leads to more accurate and relevant responses from the
robot, aligning closely with the intentions and expectations of human
users (Griffith et al., 2013; Lin et al., 2020). However, challenges such
as language hallucinations, where the model generates plausible but
incorrect or irrelevant information (Ji et al., 2023), and issues with
language grounding, where the robot must accurately connect language
with real-world concepts and actions (Steels and Hild, 2012; Cangelosi,
2010), remain crucial areas to tackle. Addressing these issues is essential
for ensuring the reliability and practical applicability of RLHF with
LLMs in interactive and explainable robot learning.

The effectiveness of the feedback mechanism between human and
the robot can be dependent on various factors, including the timing,
modality, and the level of expertise of the human involved (Natarajan
et al., 2023a). Through this section, we will delve into the types, modal-
ities, and dependencies of such feedback mechanisms, discussing how
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they can be designed to improve both the robot’s learning outcomes
and the overall quality of the human-robot interactive experience (i.e.,
Figure 4.1).We expect readers to gain a comprehensive understanding of
the intricate dynamics of feedback in interactive robot learning. Readers
will learn about the various feedback types and how these cater to
different interaction scenarios, the effectiveness of different modalities
in conveying information, and the crucial role of timing and frequency
in feedback delivery. This knowledge is intended to equip readers with
insights to critically analyze and potentially contribute to the devel-
opment of more efficient, adaptive, and user-friendly interactive robot
systems.

4.1 Approaches to Interpretability and Explainability of the Robot
Feedback

In the realm of interactive robot learning, interpretability and explain-
ability play pivotal roles, ensuring that the feedback provided by the
robot is comprehensible and meaningful to the user (Arnold et al.,
2021b). Particularly in complex systems, where deciphering the ratio-
nale behind the robot’s actions or decisions can be daunting, these
concepts become paramount. By incorporating mechanisms for inter-
pretability and explainability, we enable users to better understand
and interact with the robot, fostering more effective learning experi-
ences. "interpretability" and "explainability" are closely related concepts,
but they have distinct meanings ((Rudin et al., 2022)). The definition
of those two concepts are in section 2.1. By incorporating the inter-
pretable and explainable methods in robot feedback, we enhance trust
and transparency in human-robot interactions.

Within the context of interpretable robot feedback, (Hristov et al.,
2018) provides a method to enhance human-robot interaction in learning
from human demonstrations by aligning compressed, low-dimensional
representations of high-dimensional sensory input with user-defined
symbols and semantics, ensuring that the robot’s interpretations are
more aligned with human semantic notions. This is accomplished by
introducing an auxiliary classification loss to a Variational Autoencoder.
The auxiliary loss impacts the model’s latent space, inducing properties
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that make it well-suited for robust symbol classification. Augmented
Reality (AR) has been introduced to enhance the interpretability of
a robot’s knowledge, specifically in tasks related to opening bottles
(Liu et al., 2018b). The proposed Temporal And-Or graph (T-AOG)
representation, learned from human demonstrations, allows users to
visualize the tree structure of the task on the AR interface, facilitating
better understanding and supervision of the robot’s actions. The AR
interface enables users to diagnose task failures, interactively teach the
robot new actions, and patch its knowledge structure through intuitive
visualizations. (Kulkarni et al., 2020) propose a novel framework for
designing environments to promote explicable behavior in robots by
considering multiple tasks and time horizons, explores the balance
between the cost of environmental design and the cost of maintaining
interpretable robot behavior over time.

Within the realm of interpretability, mechanistic explanation has
emerged as an increasingly important area of study. A mechanistic
explanation aims to delve into the inner workings of the network, often
by identifying the circuits within a model that drive specific behaviors.
This involves examining the trained neural network’s weights to reverse
engineer the algorithms learned by the model (Wang et al., 2022a;
Nanda et al., 2023; Conmy et al., 2023). For instance, in the context
of predictive modeling for interactive robot learning, mechanistic inter-
pretability may involve unraveling the primary features influencing the
robot’s feedback, understanding their interactions, and elucidating the
precise computations or algorithms utilized by the model for predictions.
It ensures transparency and accountability in decision-making processes,
which are essential for fostering trust between humans and robots. Ulti-
mately, mechanistic interpretability facilitates informed decision-making
and the seamless integration of machine learning systems into real-world
interactive robot learning scenarios. (Nanda, 2022; Zimmermann et al.,
2023)

Explanations for Robot Learning approaches, typically those which
utilize Reinforcement Learning, generally fall under two categories: (1)
Explaining the reward function or (2) Explaining the policy. Reward-
explanations aim to teach users the functionality of the underlying
value-system of a robot (Sanneman and Shah, 2022). These methods
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seek to enable a user to understand the high-level goals of a robot.
Reward-based explanations typically fall under two subcategories, which
are approaches which explain the features intrinsic to the reward and
their respective weights (Juozapaitis et al., 2019), or approaches which
summarize trajectories to reveal the underlying goals of the robot (Lage
et al., 2019; Huang et al., 2018a). Reward-based explanations are crucial
in human-robot cooperative settings, to ensure that humans and robot’s
are working towards maximizing the same objective (Tabrez et al.,
2019b). Policy-explanations seek to enable users to interpret the decision
making process of a robot to infer the action taken by the robot at
any state (Tambwekar and Gombolay, 2023). These approaches either
leverage transparent architectures, such as differentiable decision trees,
to distill the exact decision making process of the robot at any given
state (Tambwekar and Gombolay, 2023; Silva and Gombolay, 2021), or
utilize state abstractions to generate an explanation which can empower
a user to predict or verify the next action or set of actions at any given
state (Topin and Veloso, 2019; Boggess et al., 2022). Policy-explanations
are imperative in safety-critical settings wherein users or stakeholders
require the ability to correctly interpret and verify a robot’s behavior
and decision-making process.

Researchers have also explored ways to employ additional tools to
generate explainable feedback, understandable by humans, in the domain
of interactive robot learning. Methods have been proposed to address
the challenge of explaining the internal workings of a robot to enhance
human understanding, particularly focusing on explanations tailored
for children (Tulli et al., 2020). The proposed search-based approach
generates contrastive explanations using optimal and sub-optimal plans
in a child-robot learning scenario involving a zero-sum game. While the
explainable agency did not significantly affect children’s game efficiency,
it positively impacted their perceived difficulty, suggesting potential
improvements in the learning process through reflection on the robot’s
explainable agency. Various explanation types have also been study in a
eXplainable Human-Robot Interaction (XHRI) framework (Kerzel et al.,
2022). The framework incorporates various explanation types, from non-
verbal cues to comprehensive verbal and multimodal explanations. The
study advocates for context-dependent interaction mediums and efficient
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communication channels, highlighting the importance of combining
visual and verbal elements for effective explanations. Two example
approaches are provided for explaining neural modules in a neuro-robotic
architecture. The authors call for future research to express neural
reasoning processes faithfully and to support non-expert users with easy-
to-interpret multimodal explanations in HRI scenarios. A self-explaining
autonomous social robot has been developed to generates social behavior
and verbal self-explanations, catering to users’ information needs during
interactions (Stange et al., 2022). The authors outline requirements
for explainable behavior generation architectures, introduces a socio-
interactive framework for behavior explanations, and describes the
implementation within a social robot’s architecture. Evaluation results
show the robot’s ability to autonomously generate naturalistic social
behavior and verbally self-explain its actions, addressing users’ requests
effectively.

In summary, understanding and explaining the actions of intelligent
systems, especially in interactive robot learning, is crucial for effective
human-robot interaction, with interpretability focusing on how easily one
can comprehend the workings of a model and explainability involving the
ability to elucidate complex model decisions. Researchers are exploring
diverse techniques, such as aligning sensory input representations with
semantics, leveraging augmented reality for visualizing and supervising
robot actions, and employing search-based approaches for generating
contrastive explanations. These efforts collectively contribute to crafting
transparent and comprehensible interactive robotic systems, enhancing
collaborative and learning experiences. In the following sections, we
talk in detail about what feedback mechanisms have been used by the
robots toward interpretable and explainable robot learning. We also
talk about feedback timing, feedback penalization, and the implicitness
of the feedback.

4.2 Contents and Types of Robot Feedback

The field of feedback mechanisms in interactive robot learning is as
diverse as the range of tasks and environments in which robots are
deployed (Hoffman and Breazeal, 2004). Understanding the taxonomy
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Figure 4.2: Robots can share qualitative or quantitative feedback with their human
counterparts in interactive robot learning scenarios. Regardless of the feedback
content and type, granularity of the feedback (e.g., high- or low-level analysis) also
needs to be determined.

of feedback types is critical to robotic systems that effectively facilitate
bi-directional learning (Cuayahuitl et al., 2013; Jones and Rock, 2002;
Natarajan et al., 2023a). Feedback can generally be categorized into two
broad types (see Figure 4.2): qualitative and quantitative. Qualitative
feedback often takes the form of semantic or contextual information.
For example, a robot might convey why a particular action was taken
or failed, using natural language (Jones and Rock, 2002; Perzanowski
et al., 2001) or symbolic representations (Hoffman and Breazeal, 2004;
Rickel and Johnson, 2000). On the other hand, quantitative feedback
provides numerical metrics or scores, possibly accompanied by graphical
representations to signify how well the robot understood or executed
a task (Steinfeld et al., 2006; Akgun et al., 2012; Goodrich, Schultz,
et al., 2008). Prior work has shown the efficacy of these types of feed-
back in different learning paradigms; qualitative feedback tends to be
more useful in tasks that require interpretability and context, whereas
quantitative feedback is generally more beneficial for tasks that can be
clearly measured or benchmarked (Hoffman and Breazeal, 2004; Jones
and Rock, 2002; Steinfeld et al., 2006; Goodrich, Schultz, et al., 2008).

Content-wise, feedback can cover various dimensions, including task
performance, interpretability, errors, and progress metrics (Kim et al.,
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2020c; Mirnig et al., 2012). For example, Kim et al. (2020) explored how
error-related feedback in robot learning can be used to correct and refine
robot behaviors, enhancing the overall learning efficiency. Mirnig et al.
(2012) investigated the impact of different multi-modal feedback strate-
gies on user perceptions of robot competence and likability. Some inter-
active robot learning systems focus on performance-oriented feedback,
conveying how successfully the robot has performed a task in real-time.
This often includes quantitative metrics like completion time, success
rate, or efficiency (see Chapter 8). Such metrics are particularly helpful
in training scenarios where the objective is clear and quantifiable (Seraj
et al., 2023). Prior work has shown that real-time quantitative feedback
on task performance metrics significantly improved the learning curve
of users in collaborative tasks with robots (Gast et al., 2009; Bray
et al., 2012; Skantze, 2016). In contrast, when it comes to tasks with
an element of subjectivity or ambiguity, prior research has highlighted
the importance of interpretability in the feedback provided (Silva et al.,
2023). Silva et al. (2023) emphasize the role of feedback in explainable
Al, showing how robots that provide explanations of their decision-
making processes can foster better human understanding and trust,
particularly in scenarios where the robot’s actions are not immediately
intuitive. Robots may employ more qualitative content like explanations
or justifications, especially when decisions are made based on complex
algorithms or machine learning models.

Another critical angle is the granularity of feedback, which can range
from high-level overviews to intricate, step-by-step analyses (Thomaz
and Breazeal, 2008a; Argall et al., 2009a). For example, in teaching a
robot how to assemble a complex machine, an end-user might find it
helpful to get high-level feedback about each successfully completed
module (Zhu and Hu, 2018). However, if the robot fails at a specific step,
more granular feedback would be necessary to identify the exact cause of
the failure (MacGlashan et al., 2017). The need for varying granularity
has been addressed in prior work by employing multi-modal feedback
systems that can switch between text, audio, and visual information to
fit the context (Andronas et al., 2021; Lackey et al., 2011; Chen et al.,
2022b; Shu et al., 2019; Xue et al., 2020).

Temporal aspects also interplay with the type and content of feed-
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back (Cini et al., 2021). Immediate, real-time feedback is invaluable for
tasks requiring quick corrections, while delayed, summary-based feed-
back might be more appropriate for tasks that involve complex analyses
or those that unfold over an extended period (Candon et al., 2023). Tim-
ing can also be adaptive, with robots choosing the most effective time to
deliver feedback based on the flow of interaction and the user’s behavior,
a concept explored in several studies involving real-world human-robot
interaction scenarios (Cini et al., 2021; Candon et al., 2023; Mitsunaga
et al., 2008). This adaptability in feedback timing resonates with the
distinctions between Markov Decision Processes (MDPs) and Partially
Observable Markov Decision Processes (POMDPs) in robotic modeling
(see Section 3.1 for a formal definition of MDPs). In MDP models,
where the environment’s state is fully observable and predictable, real-
time feedback can be seamlessly integrated. Conversely, in POMDP
scenarios, where there is uncertainty and partial observability, delayed
or summary feedback might be more suitable, allowing for the accu-
mulation of enough information to make informed feedback decisions.
This parallel underscores the importance of considering the underlying
robotic modeling approach when designing feedback systems.

Lastly, the modality of delivering feedback, whether it be verbal (Can-
don et al., 2023; St. Clair and Mataric, 2015), auditory (Badr and
Abdul-Hassan, 2020), visual (Halme et al., 2018), or haptic (Liu and
Wang, 2018; Casalino et al., 2018a; Haruna et al., 2021), often com-
plements the type and content. For example, auditory feedback (Badr
and Abdul-Hassan, 2020) might be more appropriate for conveying
complex, qualitative information, while visual cues (Halme et al., 2018)
like LED indicators or screen displays might suffice for simple, quantita-
tive metrics. Combining different modalities can lead to a richer, more
informative feedback experience. Researchers have been increasingly
interested in developing multi-modal robot feedback mechanisms, which
can adaptively switch between or integrate various types of content, to
better match the user’s needs and the situational context (Andronas
et al., 2021; Lackey et al., 2011; Chen et al., 2022b; Shu et al., 2019;
Xue et al., 2020).

In summary, the contents and types of robot feedback are influenced
by numerous factors including the nature of the task, the temporal
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dynamics of the interaction, and the available modalities for communica-
tion. Innovations continue to emerge in designing feedback mechanisms
that are not only informative but also adaptive, multi-modal, and
context-aware, thereby promising more effective and nuanced human-
robot interactive learning experiences. As we look toward the future,
integrating LL.Ms into feedback systems presents a frontier with both
challenges and opportunities. One promising direction is leveraging
LLMs to provide user-centered feedback to improve the effectiveness of
a user’s interaction with a robot. LLMs, with their advanced natural
language processing capabilities, could aid in generating more nuanced
and human-like explanations of robotic actions and decisions, thereby
addressing the need for feedback that is not only informative but also
easily comprehensible to diverse user groups. Additionally, the poten-
tial of LLMs in understanding and even predicting user needs and
emotional states could lead to more personalized and empathetic inter-
actions in robot learning scenarios. However, this integration also brings
forth challenges, particularly in ensuring that the feedback provided
by LLM-augmented robots aligns accurately with the users’ real-time
context and does not introduce biases. Ethical considerations, especially
concerning privacy and data security, will also be paramount as these
models often require processing large datasets. Furthermore, LLMs can
be prone to hallucinations, whereby the model produces nonsensical
or unfaithful text to the source input or context (Ji et al., 2023). We
strongly urge any researchers who apply LLMs to provide feedback,
which could detrimentally impact a user interacting with a robot, to
consider incorporating counter-measures such as knowledge-augmented
generation (Martino et al., 2023), or post-hoc fact checking (Dhuliawala
et al., 2023) to counter the threat of hallucinations. While these methods
do not yet provide guarantees towards fully mitigating hallucinations,
they provide a step in the right direction towards utilizing LLMs in
interactive, user-facing settings. Future research in this domain must
navigate these complexities to fully harness the potential of LLMs in
creating more dynamic, safe, and user-friendly interactive robot learning
experiences.
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Figure 4.3: Deciding the communication and feedback modality in interactive robot
learning with humans is challenging due to subjectivity, end-user dependency, and
application dependency. The right-hand curve depicts the communication modality
as a function of communication bandwidth (i.e., amount of bits to be transmitted).
Typically, textual communication (e.g.,, symbolic and arithmetic) require the least
amount of bits, while multi-modal feedback (e.g.,, vision-audio-language) necessitates
a large communication bandwidth.

4.3 Modalities of Robot Feedback

After determining what information is necessary for communication and
feedback to effectively inform the human counterpart in robot learning
(i.e., feedback content), the next step is to ascertain how to share that
information and identify the best communication modality. (Figure 4.1).
The modalities through which feedback is delivered significantly influ-
ence the efficacy of the human-robot learning process (Mirnig et al.,
2012; Hoffman and Breazeal, 2004). As our discussion in previous section
has shown, the medium can often be as impactful as the message itself.
Historically, visual and auditory feedback mechanisms have been the
most extensively explored. Visual modalities could range from simple
LED indicators that represent states or conditions, to more sophisti-
cated graphical user interfaces that can display a variety of quantitative
and qualitative information (Silva and Gombolay, 2021). Research has
found that visual feedback is particularly effective for tasks requiring
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fine-grained attention to detail or those that are highly quantitative in
nature (Halme et al., 2018). For instance, visual cues can be employed
to show performance metrics or even offer real-time graphical plots
for a more nuanced understanding of the robot’s actions (Silva and
Gombolay, 2021).

Auditory feedback, in contrast, is more common in scenarios where
the complexity of the task demands that the human user is not tied to a
screen or a display (Badr and Abdul-Hassan, 2020; Teo et al., 2018; Cha
et al., 2018). Text-to-speech algorithms (Alonso Martin et al., 2020) can
articulate complex qualitative feedback, offer contextual explanations,
or even engage in dialogues with human users to resolve ambiguities.
Prior work has demonstrated the utility of auditory feedback in tasks
that require multi-tasking or involve a level of urgency that precludes
the human operator from engaging in a visual interface (Badr and
Abdul-Hassan, 2020; Teo et al., 2018; Cha et al., 2018). Moreover,
auditory cues can serve to attract immediate attention, making them
especially useful in alerting systems or real-time corrective mechanisms.

In the diverse landscape of robot feedback modalities, understanding
the potential accessibility issues, along with the strengths and limitations
of each mode, play a crucial role in their effectiveness and applicabil-
ity. Visual feedback, while highly informative, can pose accessibility
challenges for individuals with visual impairments. The visual feedback
modality excels in delivering detailed and spatial information, but its
efficacy is limited if the user cannot see the display or interpret visual
data effectively (e.g., color blindness). In contrast, auditory feedback is
beneficial in these scenarios, offering an alternative means of conveying
information through sound. However, its use is constrained for those
with hearing impairments or in noisy environments where audio cues can
be lost. We will further discuss the limitations of feedback modalities
in the design guideline section 4.7.

The landscape of feedback modalities is not limited to the auditory
and visual spectrum. Haptic feedback has been utilized as a vital modal-
ity, particularly in tasks that require a physical interaction between
the robot and the human (Liu and Wang, 2018; Casalino et al., 2018a;
Haruna et al., 2021; Urakami and Seaborn, 2023). Whether it is through
a simple vibration alert (Scheggi et al., 2012) on a wearable device or
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more complex force feedback mechanisms (Mintchev et al., 2019; Scheggi
et al., 2016), haptic cues can serve to enhance the user’s situational
awareness and guide physical actions in real-time. This is particularly
salient in medical or industrial settings where tactile sensations can be
critical (Urakami and Seaborn, 2023). Haptic feedback offers a strong
alternative in situations where both visual and auditory modalities are
less effective. Providing tactile information directly through touch, it can
be particularly powerful for users with visual and auditory disabilities.
However, its limitation lies in its inability to convey complex or detailed
data, which visual and auditory feedback can achieve more efficiently.
Due to physical interaction with human, the haptic feedback modality
can also pose safety issues. Gesture-based feedback, on the other hand,
provides a non-verbal means of communication that can be universally
understood, but its interpretation may vary across different cultures
and its subtlety can be missed by those not attuned to such cues.

Gesture-based and olfactory feedback are relatively less explored
but promising modalities (Bonarini, 2020; Saunderson and Nejat, 2019;
Urakami and Seaborn, 2023). Gesture-based feedback is gaining traction
in scenarios involving non-verbal communications, such as directing a
user’s attention to a specific object in the environment. Recently, there
has been several works dedicated to developing sign-language-based com-
munication for human interactions with underwater robots (Chiarella
et al., 2015; Fulton et al., 2019; Chiarella et al., 2018; Xu, 2017). The
underwater environment poses a set of technical challenges which are not
readily surmountable thus limiting the spectrum from which possible
communication modalities can be chosen. In such cases, gesture-based
feedback can be of great interest. Olfactory feedback, while niche, has
potential applications in tasks where smell can be a crucial factor,
like detection of hazardous materials or quality control in food in-
dustries (Urakami and Seaborn, 2023). Yet, just like other modalities
discussed above, olfactory feedback is limited by its need for the user
to be able to perceive and interpret different scents accurately. This
modality is also less developed compared to others, presenting a frontier
with unexplored accessibility challenges.

Finally, multi-modal feedback (Hoffman and Breazeal, 2004; Rickel
and Johnson, 2000; Urakami and Seaborn, 2023), which combines two or
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more of these modalities, has been the focus of recent research. Studies
have shown that multi-modal feedback is often more effective than its
single-modal counterparts, especially in complex environments where
information density is high and quick adaptability is required (Andronas
et al., 2021; Lackey et al., 2011; Chen et al., 2022b; Shu et al., 2019; Xue
et al., 2020). For instance, a robot could combine visual displays with
auditory explanations to facilitate both quick understanding and deep
contextual awareness (Ince et al., 2021). Multi-modal feedback can often
mitigate the limitations of individual modes by offering complementary
information. For instance, combining visual with auditory feedback can
enhance understanding for a broader audience, including those with
specific sensory impairments. Similarly, integrating haptic feedback with
visual or auditory cues can provide a more immersive and accessible
experience, ensuring that information is not missed due to the limitations
of a single modality. In this way, the modality can be chosen to best
match the content and type of feedback necessary for the task at hand,
making the learning experience more efficient, engaging, and effective.
Lastly, drawing from human factors literature, the concept of dual-
encoding (Paivio, 1990; Mayer and Moreno, 2003) suggests that people
process visual and auditory information through separate channels,
enhancing learning and retention when both are used together. This
aligns with the effectiveness of multi-modal feedback in robot learning,
where leveraging dual-encoding can significantly improve comprehension
and task performance by engaging multiple sensory modalities.

Table 4.1 provides an overview of recent studies that utilize different
communication modalities for interactive robotics, as discussed in this
section. Each modality is paired with references to relevant studies
investigating feedback and transparency in interactive robotics using
the respective communication channels.

In summary, the modality of feedback plays a vital role in the in-
teractive learning process and the overall user experience. Advances in
technology and research continue to broaden the palette of modalities
available, providing new opportunities for more effective and nuanced
communication in human-robot interaction. While each feedback modal-
ity has its strengths, they also come with inherent accessibility challenges
and limitations. A summary of the feedback modalities’” weaknesses
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Table 4.1: Summary of Communication Modalities Utilized in Interactive Robotics

Modality

Reference

Visual

(Rossi et al., 2021), (Attia et al., 2018),
(Hindemith et al., 2021), (Struckmeier et al., 2019),
(Tabrez et al., 2022), (Wengefeld et al., 2020),
(Yigitbas et al., 2021), (Edmonds et al., 2019a),
(Matsumaru, 2007), (Shah et al., 2022),
(Zakershahrak et al., 2021), (Han et al., 2021),
(Zakershahrak et al., 2020), (Liu et al., 2018a),
(Matsumaru, 2006), (Lyons, 2013),

(Moon et al., 2014), (Dragan et al., 2013),
(Seraj and Talamonti, 2024), (Bertozzi et al., 2000),
(Sheikholeslami et al., 2018), (Diethelm et al., 2021),
(Hirschmanner et al., 2021), (Kwon et al., 2018),
(Matarese et al., 2021), (Sanders et al., 2014),
(Tojo et al., 2000), (Vitale et al., 2018),
(Yonezawa et al., 2013), (Gross and Boehme, 2000),
(Broekens and Chetouani, 2021), (Mobahi and Ansari, 2003)

Haptic

(Casalino et al., 2018b), (Grushko et al., 2021b),
(Grushko et al., 2021a), (Valdivia et al., 2022),
(Che et al., 2020), (Yonezawa et al., 2013),

Text/Speech

(Wortham et al., 2017), (Lyons, 2013),
(Olatunji et al., 2021), (Arntz et al., 2021),
(Chen et al., 2020e), (Hayes and Shah, 2017b),
(Hindemith et al., 2021), (Tucci et al., 2021a),
(Kallinen, 2017), (Kaptein et al., 2019),
(Mota and Sridharan, 2021), (Roncone et al., 2017),
(Rotsidis et al., 2019), (Sanders et al., 2014),
(Struckmeier et al., 2019), (Virgolin et al., 2021),
(Vitale et al., 2018), (Wang et al., 2016a),
(Wang et al., 2016b), (Yigitbas et al., 2021),
(Edmonds et al., 2019a), (Gao et al., 2020a),
(Shah et al., 2022), (Arnold et al., 2021a),
(Han et al., 2021), (Fiazza and Fiorini, 2021),
(Nesset et al., 2021), (Gross and Boehme, 2000),
(Aroyo et al., 2021), (Cantucci and Falcone, 2020),
(Diethelm et al., 2021), (Hirschmanner et al., 2021),
(Kim and Hinds, 2006), (Straten et al., 2020),
(Tojo et al., 2000), (Zakershahrak et al., 2021),
(Tabrez et al., 2019a), (Zakershahrak et al., 2020),
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Table 4.2: Strengths and Weaknesses of Different Feedback Modalities

Modality Strengths Weaknesses

Visual High information density; in- | Accessibility challenges for vi-
tuitive for spatial tasks sually impaired users

Auditory Effective for sequential infor- | Can be challenging in noisy en-
mation; can be used without | vironments; accessibility issues
visual focus for hearing impaired users

Haptic Provides tactile feedback; use- | Limited bandwidth for convey-
ful for hands-on tasks ing complex information

Natural Language | Intuitive and flexible; high | Requires advanced processing;
bandwidth of communication | risk of misinterpretation and

language grounding issues

and strengths are provided in Table 4.2. The choice of modality or
combination thereof should be informed by the specific context of use,
the nature of the task, and the individual needs and capabilities of the
user. Understanding these dynamics is crucial for designing effective and
inclusive human-robot interaction systems. These varied modalities can
be tailored to fit the unique needs of specific tasks, learning paradigms,
and human-robot collaboration scenarios.

4.4 Feedback Timing and Frequency

The timing and frequency of feedback in human-robot interactive learn-
ing are critical dimensions that influence both the learning efficacy and
the user experience (Cini et al., 2021; Candon et al., 2023; Mitsunaga
et al., 2008). Research in this domain investigates how different timing
strategies and feedback frequencies can optimize human comprehen-
sion, robot performance, and the overall effectiveness of the learning
process (Gawron, 2008; Durso and Gronlund, 1999; Wickens, 2002;
Stout et al., 2017; Bui et al., 2019). The first aspect to consider is the
feedback schedule, i.e., whether feedback is provided in real-time, in
batches, or at specific milestones (Mitsunaga et al., 2008; Natarajan
et al., 2023a; Skantze et al., 2014). Real-time feedback has been found
to be most effective in scenarios where immediate corrective action is
crucial, such as in surgical robotics or disaster management. In these
high-stakes applications, auditory or haptic modalities, as mentioned in
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the previous section, are commonly employed because of their ability to
convey urgent information without requiring visual focus from the user.
Additionally, auditory and haptic feedback are crucial for facilitating
environments where visual cues may be obstructed or irrelevant, such
as in tasks requiring attention to be directed elsewhere. Moreover, these
modalities can offer a more intuitive understanding of abstract or spatial
information through sound patterns or tactile sensations, enhancing
cognitive processing in ways visual feedback alone cannot (Mayer and
Moreno, 2003). This multimodal approach supports diverse learning
styles and accessibility, ensuring all users can effectively interact with
and learn from robotic systems.

Conversely, batched or milestone-based feedback has been favored in
tasks that involve complex data interpretation or where the human user
is expected to perform reflective analysis (Kruijff-Korbayova et al., 2011;
Lutkebohle et al., 2009; Petersen and Stryk, 2011). In this context, visual
modalities with rich graphical interfaces can offer an array of metrics
and interpretive data. For example, visual modalities may display charts
showing progress over time, allowing humans to evaluate longer-term
patterns in robot behavior (Halme et al., 2018). Prior work has indicated
that this kind of delayed, aggregate feedback is useful for tasks requiring
strategic planning or complex decision-making. Additionally, this timing
structure can be particularly suitable for content-based feedback, where
a nuanced understanding of the robot’s decision-making process is
required (Dautenhahn, 2007).

The frequency of feedback is another essential aspect, closely tied
to the type and modality of the feedback being provided. An important
aspect to consider when optimizing communication frequency is to
investigate its impact on workload, situational awareness, and decision-
making (Natarajan et al., 2023a). Too many messages can be overwhelm-
ing and reduce situational awareness, resulting in low-quality decision-
making, while, too few messages can lead to low situational awareness,
insufficient knowledge of the world state, and thus, reduced teamwork
effectiveness and performance (Natarajan et al., 2023a; Gawron, 2008;
Durso and Gronlund, 1999; Wickens, 2002; Stout et al., 2017; Bui et
al., 2019; Seraj et al., 2023). For instance, real-time auditory feedback
can quickly become overwhelming if given too frequently, leading to
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cognitive overload and reduced effectiveness. The same can be true
for haptic feedback, especially if used in a high-frequency manner for
tasks that do not require constant vigilance. Overall, different types of
tasks pose unique constraints on feedback timing and frequency. For
example, in repetitive or routine tasks, feedback can be sparse, focusing
on deviations or errors, thereby not overwhelming the user with redun-
dant information (Natarajan et al., 2023a; Saunderson and Nejat, 2019;
Mirnig et al., 2012). In contrast, tasks that involve novel or complex
decision-making often necessitate more frequent and detailed feedback
to aid understanding and performance (Bonarini, 2020; Saunderson and
Nejat, 2019; Natarajan et al., 2023a; Seraj et al., 2023).

The concept of adaptive frequency has also gained attention in recent
literature (Maderna et al., 2022). This entails dynamically adjusting the
feedback frequency based on metrics like user performance, task com-
plexity, or user engagement levels (Maderna et al., 2022; Zhang et al.,
2020; Kotowick and Shah, 2018). Additionally, incorporating workload
and psychophysiological measures can provide a more nuanced guide
for adaptive frequency (Novak et al., 2015; Prinzel III et al., 2003). For
instance, tracking indicators such as heart rate variability or galvanic
skin response could inform the system about the user’s stress levels or
cognitive load, enabling the feedback mechanism to adjust its frequency
and intensity accordingly. This approach ensures that feedback is not
only timely but also attuned to the user’s current state, reducing the
risk of information overload or under-stimulation (Yang et al., 2022a;
Bekele and Sarkar, 2014; Bethel et al., 2007; Guerrero et al., 2012).
Incorporating physiological measures into adaptive feedback systems,
however, presents unique challenges, such as accurately interpreting the
data in real-time and ensuring privacy and ethical handling of sensitive
biometric information. These challenges necessitate advanced algorithms
and robust data protection measures to effectively utilize physiological
indicators without compromising user trust or system integrity. These
adaptive systems often employ machine learning algorithms to opti-
mize the feedback schedule, aiming to deliver it at moments when it
would be most impactful (Oliff et al., 2020; Sheridan, 2016; Nourmo-
hammadi et al., 2022). An interesting avenue for optimizing adaptive
robot frequency in human-robot interactive learning could be the com-
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bination of feedback types (see Section 4.2) to adapt the frequency of
feedback. For example, evaluative feedback could be frequent in the
initial learning phases and under a specific feedback modality, tran-
sitioning to descriptive feedback as the user becomes more proficient.
Further, during high-workload scenarios, a robot could shift to more
visual feedback if psychophysiological measures indicate that auditory
processing capabilities are diminished (Bekele and Sarkar, 2014; Bethel
et al., 2007; Guerrero et al., 2012). Conversely, in lower-stress situations
where cognitive capacity is less taxed, more complex, verbal feedback
could be provided.

Lastly, Theory of Mind (ToM)-based feedback (see Chapter 2 for
description of ToM in the context of this work), which could be com-
plementary to, or integrated with, other types of feedback mechanisms
previously discussed, can also guide the timing and frequency of the
robot feedback. Prior work has delved into the integration of ToM into
robotic systems (Irfan et al., 2021), showing that robots with rudimen-
tary ToM capabilities tend to facilitate more effective human-robot
interactions, as they can anticipate human needs and actions more accu-
rately. For instance, explicit and implicit feedback could be combined in
novel ways when the robot has a better understanding of the human’s
current mental state. The frequency and timing of such feedback could
also be optimized based on ToM; a robot that understands human
fatigue or information overload could choose to provide feedback at
more opportune moments. Another noteworthy point is the potential
for ToM to be dynamic and adaptive (Irfan et al., 2019; Irfan et al.,
2021).

In summary, the timing and frequency of feedback are multifaceted
components that interact with the types and modalities of feedback in
complex ways. While no one-size-fits-all strategy exists, researchers and
practitioners are increasingly looking toward adaptive and context-aware
feedback systems to optimize human-robot interactive learning. Such
systems consider the intricacies of human cognition, task demands, and
the interactive dynamics between humans and robots to tailor feedback
schedules effectively. The goal is not just to optimize robot performance
but also to enhance human understanding, engagement, and trust in
robotic systems. As research in this domain continues to evolve, it
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becomes increasingly clear that feedback timing and frequency are as
crucial as the content and modality in shaping effective and meaningful
human-robot interactions. Looking to the future, opportunities exist for
exploring how emerging technologies like Al-driven analytics and real-
time biometric feedback can further refine these adaptive systems. Open
challenges remain in balancing the precision of feedback timing with
the fluidity of human-robot interactions, particularly in unstructured
environments. Additionally, investigating the long-term effects of varied
feedback frequencies on learning efficacy and user satisfaction is a crucial
area of ongoing research. Finally, investigating and integrating the
ToM for better designing the robotic feedback attributes (e.g., content,
modality, and frequency) is another promising area of active research. A
robot with a well-developed ToM could choose the modality of feedback
that is most likely to be effective for a particular individual or situation.
For example, visual cues may be more effective for conveying spatial
relationships, while verbal explanations may be better for articulating
complex decision-making processes. These choices can be made more
intelligently when the robot has some understanding of what the human
is likely to find intuitive or understandable, a feature that can be
facilitated through ToM. These challenges present a fertile ground for
future work, promising to deepen our understanding and enhance the
sophistication of feedback mechanisms in interactive robot learning.

4.5 Implicit vs Explicit Feedback

Feedback from the interactive robot can be explicit or implicit. Ex-
plicit communication involves deliberate and direct transmission of
information with a clear intent, while implicit communication relies on
inferred cues rather than purposeful transfer of information (Gildert et
al., 2018). Although implicit and explicit feedback are different concepts
and have different meanings, they are not mutually exclusive (Pascher
et al., 2023). The robot can concurrently offer both types of feedback to
improve communication with humans. (Che et al., 2020) introduces a
planning framework for mobile robot navigation that combines implicit
(robot motion) and explicit (visual/audio/haptic feedback) communi-
cation. The planner generates communicative actions to enhance the
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robot’s transparency and efficiency. A user study demonstrates the
robot’s capability to effectively communicate its intent, resulting in
easier understanding, reduced user effort, and increased trust compared
to relying solely on collision avoidance, which ultimately enhances the
explainability of the robot.

Implicit feedback in interactive robot learning requires interpretation
by the human trainers or the learning system itself. Types of implicit
feedback from robots could be the robot’s movements or backchanneling
(Salem et al., 2012; Lala et al., 2017; Park et al., 2017; Hussain et al.,
2019; Murray et al., 2022; Urakami and Seaborn, 2023). Backchanneling
refers to the non-verbal and verbal cues, such as nods, facial expressions,
or short verbal utterances, that listeners use to provide feedback to a
speaker during a conversation (Terrell and Mutlu, 2012). Backchanneling
from a robot can serve as feedback to guide and inform the human
collaborator or learner. (Murray et al., 2022) use data augmentation
for effective nodding behavior in a robot and show case incorporating
backchanneling behaviors in robots enhances natural and engaging
interactions, mirroring human conversational dynamics. The physical
form of communication such as robot’s movement is particularly useful
when verbal communication is less effective or when the interaction relies
on visual or kinesthetic learning (Bethel et al., 2007). Backchanneling,
such as nodding or head-shaking, offers a way of communication in
noisy settings or when speech is not an option. In situations requiring
human assistance, a robot’s raised hand or wave can effectively capture
attention (McNeill, 2019). (Nikolaidis et al., 2017a) propose a adaptive
model using probabilistic finite-state controller which allows the robot
to guide adaptable participants in collaborative tasks, demonstrating
improved effectiveness and maintained human trust. Such implicit cues
are essential for seamless and effective teamwork between humans and
robots.

Explicit feedback, characterized by direct and clear communication
from the robot, contrasts with implicit feedback, which relies on inter-
pretation of movements or backchanneling. Typically, explicit feedback
takes the form of clear messages, signals, or actions that are easily under-
stood ((Breazeal et al., 2005; Hindriks and Liebens, 2019)), leaving little
room for misinterpretation. One type of explicit is feedback from robots



4.5. Implicit vs Explicit Feedback 153

is the gestures or body language that have an explicit meaning without
further interpretation, such as the “okay” hand sign. It is important to
distinguish non-verbal explicit cues from implicit backchannel gestures.
((Gildert et al., 2018)). The main difference is that the “okay” hand
sign from a robot leaves little room for humans to interpret, while
backchannel gestures such as thumbs-up and nods require human in-
terpretation and could have different meanings in different contexts.
For example, the thumbs-up from a robot can signify praise when the
human demonstrator provides an excellent demonstration for the robot
to learn. Additionally, the thumbs-up can also indicate agreement in
the context where the robot clearly understands human instructions
and agrees with them.

Another type of explicit feedback is question asking or querying
humans. (Cakmak and Thomaz, 2012a) propose a method to enhance
learning from demonstration by letting robot ask questions. The ques-
tions are categorized into labels, demonstrations and feature queries.
The findings highlight that feature queries are common in human learn-
ing and perceived as intelligent when employed by the robot offers
guidelines for designing question-asking behaviors in robot learners.
(Rosenthal et al., 2012) explore the capability of autonomous robots to
independently solicit aid from humans present in their vicinity, without
the need for continuous human supervision. It introduces an innovative
model that considers the factor of human presence and assimilates
it into the strategic navigation plans of robots. Upon encountering
a situation that necessitates assistance, the robot is programmed to
autonomously proceed to the offices of available occupants to request
their intervention. This approach significantly improves the probability
of the robot receiving the required support in a timely manner. The
utilization of feedback in the form of questions can be extended to
address the challenge of learning reward functions. This can lie in the
category of Inverse Reinforcement learning introduced in section 3.4.2.
(Biyik et al., 2019) investigate the problem of reward function learning
by querying a human expert. The authors introduce a method that
optimizes robot’s question selection for human experts, considering both
the robot’s uncertainty and the human’s ease of answering. Results
demonstrate that this approach leads to easier questions for the human
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and more rapid reward learning for the robot.

In summary, implicit feedback relies on the contextual background
of the interaction for human interpretation, whereas explicit feedback
provides precise information about robot’s intent, aiding users in the
learning process. Both implicit and explicit feedback contribute to
guiding the training process and enhancing the explainability of the
system, enabling human trainers or the robots themselves to adapt the
learning strategy accordingly. ((Breazeal et al., 2016)).

4.6 The relationship between robot feedback and the expertise and
expectations of the end-user

The relationship between robot feedback and the expertise and expecta-
tions of the end-user. is a crucial element in interactive robot learning. It
involves not only the information being communicated but also the man-
ner in which it is conveyed. Novice users need simpler, more digestible
feedback, while experts may demand detailed, data-rich feedback ((No-
centini et al., 2019; Natarajan et al., 2023a)). If novice users are provided
with complex robot feedback containing terminologies understandable
only to experienced users, it will undermine system’s interpretability
and explainability. Even with in the same group of users, different
individuals may have different preferences to the feedback. For the
most effective human-robot collaboration, feedback mechanisms must
be flexible and adaptable to different users’ preferences and expertise
levels.

Methods have been proposed to help robot provide personalized
feedback. (Lee et al., 2020) introduce an interactive robotic exercise
coaching system that uses machine learning and rule-based models
for personalized feedback, significantly improving exercise assessment
accuracy with an ensemble voting method as evidenced by higher F1-
scores in post-stroke rehabilitation exercises. (Leyzberg et al., 2018)
evaluates a personalized social robot tutoring system using an adaptive
Hidden Markov Model for curriculum personalization with Spanish-
speaking first graders learning English. The study reveals that students
receiving personalized robotic tutoring based on their individual skill
levels significantly outperform those with non-personalized instruction,
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highlighting the importance of tailoring robot feedback in education.
(Maroto-Gémez et al., 2023) introduce an autonomous decision-making
robot aimed at personalized interactions based on user preferences.
The study evaluates two algorithms, Top Label as Class and Ranking
by Pairwise Comparison, selecting the latter for superior preference
predictions. The method enables the robot’s decision-making to balance
activity exploration with the selection of favored activities. In user
studies, participants favor the personalized activity selection, positively
impacting their perception of the robot’s likability and intelligence. The
above works collectively emphasize the effectiveness of personalized
approaches across diverse domains, from policy summarization and
education to decision-making for interactive robots.

With respect to the expertise of the participants, two types of
participant expertise should be taken into account: mastery in the
task domain and understanding in robotics and machine learning. This
expertise can be classified into two levels: novice and expert ((Chernova
and Thomaz, 2014)). A novice user is someone who lacks extensive
experience or proficiency in a particular domain, whereas an expert is
skilled and knowledgeable in that domain. For instance, participants
with a high level of expertise in machine learning are generally quicker
in making predictions about the system’s learning process compared to
those with low expertise. ((Saunders et al., 2015; Buchina et al., 2016;
Faccio et al., 2023; Natarajan et al., 2023a)) As a result, for novice users,
simplified feedback helps them understand basic concepts without being
overwhelmed by technical details. While experts may require data-driven
insights, statistical information, or advanced error analysis to refine their
interaction with the robot. (Carreno-Medrano et al., 2022) also points
out that the frequency of robot’s feedback should also be affect by the
human partner’s expertise. However, one challenge here is to infer the
users’ expertise level. (Enayati et al., 2018) assess an operator’s expertise
in tele-operation by analyzing their performance using machine learning
methods with motion-based and task-related feature. And (Carreno-
Medrano et al., 2022) use observations from potentially non-optimal
human demonstrations to assess both the human’s objectives and their
expertise level simultaneously. Further, (Milliken and Hollinger, 2017)
use a POMDP to infer likelihood of a user being an expert after each
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observed task execution. In summary, to provide users with personalized
feedback, we need to jointly infer users’ preferences or expertise levels
and generate corresponding feedback.

In summary, successful human-robot collaboration hinges on tailor-
ing feedback to align with users’ expertise and preferences. Recent work
on recommending gameplay strategies to users, showed that the align-
ment of a recommended strategy significantly impacted the system’s
perception and usability (Dodeja et al., 2024). Novice users benefit from
simplified feedback, while experts prefer detailed information. Crucially,
the ability to infer users’ preferences and expertise becomes pivotal in
providing personalized feedback. This tailored robot feedback not only
influences users’ trust but also significantly impacts the performance of
robots across diverse tasks.

4.7 Design Guidelines for Effective Feedback in Interactive Robot
Learning, Based on Feedback Content, Modality, and Frequency

The design of feedback mechanisms is pivotal to the success of human-
robot interaction. The efficacy of these systems hinges not only on their
technical capabilities but also on how intuitively and effectively they can
communicate with users. Effective feedback design enhances learning,
ensures user engagement, and bolsters the overall interaction experience.
This section outlines a set of comprehensive design guidelines derived
from extensive research in feedback content, timing, frequency, and
modalities, as provided in sections 4.2-4.4. These guidelines aim to
provide a foundational framework for developers and designers to create
more responsive, accessible, and user-friendly robotic systems.

4.7.1 Design Guidelines

1. Enhancing Interpretablity and Explainability in Model
Operations: Ensure that the workings of machine learning models
or algorithms are easily understandable by humans. Models should
be interpretable, allowing users to trace how inputs lead to specific
output. For example, in a domain where a human teaches a
robot to cook, the robot’s learning model could utilize a decision
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tree algorithm, which visually represents the steps taken during
the cooking process and the factors influencing each decision to
enhance interpretability.

2. Multimodal Feedback Integration: Utilize a combination of
visual, auditory, and haptic feedback. For instance, a robot per-
forming a demonstration task could show visual cues on a screen,
provide verbal instructions, and offer haptic feedback for hands-on
guidance. This approach ensures that information is accessible to
all users, regardless of sensory abilities, and can adapt to various
learning environments (Hoffman and Breazeal, 2004; Rickel and
Johnson, 2000; Urakami and Seaborn, 2023). By leveraging the
principle of dual-encoding, which posits that individuals process
visual and auditory information through separate cognitive chan-
nels, this multimodal feedback strategy enhances learning and
retention, making the instructional content more memorable and
easier to understand.

3. Adaptive Feedback Timing: Align feedback delivery with the
task’s demands. Real-time feedback can be crucial in high-stakes
environments like surgical settings, where immediate corrective
action is vital. Conversely, in educational or strategic planning
contexts, delayed feedback encourages reflective thinking. For
example, a robot in a learning environment might provide imme-
diate feedback during a task and follow up with a comprehensive
summary at the end of a session (Maderna et al., 2022; Zhang
et al., 2020; Kotowick and Shah, 2018).

4. Granular Feedback Customization: Offer feedback that matches
the user’s expertise and the task’s complexity. Beginners might
benefit from detailed, step-wise feedback, while experienced users
may prefer an overview. For instance, a robot teaching a complex
assembly task could provide detailed guidance initially, gradually
reducing the level of detail as the user gains proficiency (Mac-
Glashan et al., 2017).

5. User-Centric Feedback Content: Design feedback that res-
onates with the user’s understanding. Qualitative feedback, rich
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in explanations and contextual information, is vital for tasks re-
quiring deeper understanding, while quantitative feedback suits
scenarios with clear performance metrics. For example, in tasks
involving decision-making, a robot might explain the reasoning
behind its choices to ensure the user understands the basis of its
actions (Natarajan et al., 2023a).

6. Balanced Feedback Frequency: Maintain an optimal frequency
that keeps users engaged without overwhelming them. For instance,
in a training scenario, a robot could provide more frequent feedback
in the early stages of learning, gradually reducing the frequency
as the user’s skill level increases (Saunderson and Nejat, 2019;
Mirnig et al., 2012).

7. Accessibility and Inclusivity in Feedback Design: Ensure
feedback is accessible, considering users with diverse needs. For
example, a robot interacting with users who have hearing impair-
ments could rely more on visual and haptic feedback, whereas for
visually impaired users, auditory and haptic feedback would be
more effective.

8. Iterative Improvement Based on Evaluation: Regularly
assess and refine feedback mechanisms. This can involve user
feedback sessions, performance analytics, and adaptability tests.
Continuous evaluation helps in fine-tuning the system to user
needs and evolving task requirements.

9. Integration of Implicit and Explicit Feedback: Design sys-
tems that allow robots to concurrently offer both implicit and
explicit feedback to enhance communication with humans. This
integration should aim to improve transparency, efficiency, and
overall effectiveness of the interaction (Gildert et al., 2018). For ex-
ample: In a hospital setting, a medication-delivery robot combines
implicit cues like smooth movements and visual status indicators
with explicit feedback such as verbal instructions and on-screen
prompts.

In conclusion, the design of feedback mechanisms in interactive
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robot learning systems is a multifaceted challenge that requires careful
consideration of various factors, including modality, timing, content,
and user needs. By adhering to these guidelines, developers and de-
signers can create systems that not only facilitate effective learning
and cooperation but also foster a positive and inclusive user experience.
Future advancements in technology and further research in human-robot
interaction will continue to shape and refine these guidelines, driving
towards increasingly sophisticated and user-friendly robotic systems.



5

Long-Term Robot Learning

Through this chapter, we provide a comprehensive understanding of the
complexities and nuances of long-term robot learning, highlighting the
innovative approaches and methodologies that are shaping the future
of human-robot interaction.

Imagine a robot, initially trained by human demonstrators, now
seamlessly integrated into a dynamic environment — be it a bustling
factory floor, a busy household, or a collaborative educational setting.
Unlike traditional robotic systems confined to repetitive tasks, this robot
adapts, evolves, and continues to learn, fostering a robust, long-term
collaboration with its human counterparts (see Figure 5.1). This vision
encapsulates the essence of long-term robot learning, a paradigm shift
from viewing robot learning as a one-off cycle to a continuous, interactive
process. In this Chapter, we delve into the multifaceted nature of long-
term robot learning, exploring the intricate blend of interactive learning
methods and advanced feedback mechanisms necessary for sustaining
and enriching human-robot collaboration over extended periods.

In Section 5.1, we explore the motivations and technological key-
contributions for sustaining long-term learning. This exploration in-
cludes a discussion on Personalized Robot Learning (see Subsection 5.1.1)
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Figure 5.1: This diagram depicts the overall long-term robot learning cycle, starting
from initial training of a robot by human demonstrators. An idea robot for long-term
interaction and learning is highly adaptive, capable of evolving its behaviors and
strategies over time, and is equipped with advanced communication abilities to
understand and respond to human emotions, preferences, and changing needs. Upon
deployment and experiencing real-world interactions, the robot can leverage feedback
and adaptation method to continuously learning and evolve its policy.

and Use-Inspired Robot Learning (see Subsection 5.1.2), highlighting
the critical role of customizing the learning experience to meet the needs
of individual users or specific target groups. These sections underscore
the significance of adopting both user-centric and use-centric approaches
in the context of long-term learning in robotics.

Section 5.2, shifts the focus to the social and communicative as-
pects of sustained interactions. Here, we discuss the role of Theory
of Mind (ToM) for Long-Term Interactions in helping robots under-
stand and respond to human mental states and intentions in long term.
The Correspondence Problem (section 5.2.1) examines the challenge of
aligning robot actions with human expectations, and Feedback Loops
in Long-Term Learning (section 5.2.2) emphasizes the importance of
continuous and adaptive feedback in maintaining effective, long-term
learning relationships in human-robot interaction.

In Section 5.3, we discuss how the objectives and targets of Inter-
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active Robot Learning can change and develop over time (Subsection
5.3.1), necessitating flexible and responsive learning strategies. Moreover
we cover how to address those changes through periodic updates and
modifications in the robot’s learning policies, so it can stay relevant
and effective in the face of new challenges and information.

5.1 Algorithmic Needs for Long-Term Interactive Robot Learning
Methods

In this section, we explore the reasons for long-term and open-ended
learning algorithms in robotics. Long-term robot learning refers to the
process by which robots continuously acquire and adapt skills, knowl-
edge, and behaviors over extended periods of time through interaction
with their environment (Nolfi, 2021). Unlike traditional learning ap-
proaches that focus on short-term tasks or specific datasets, long-term
learning aims to enable robots to accumulate experience and improve
their performance over time across various tasks, environments, and
scenarios. This involves mechanisms for continual learning, adapta-
tion, memory retention, and skill transfer, allowing robots to maintain
relevance and effectiveness in dynamic and evolving real-world settings.

The need for long-term robot learning arises from the inherent
complexity and variability of real-world environments, tasks, and user
interactions. Traditional approaches to robot learning often rely on static
datasets or predefined tasks, limiting their applicability to dynamic and
evolving scenarios. In contrast, long-term learning enables robots to
continuously adapt and improve their capabilities over time, addressing
challenges such as changing user preferences, environmental conditions,
and task requirements (Yan et al., 2023). Moreover, long-term learning
facilitates the development of lifelong companions and assistants that can
effectively collaborate with humans over extended periods, supporting
diverse applications ranging from household chores and healthcare
assistance to industrial automation and autonomous transportation, as
shown in 9. As such, the pursuit of long-term robot learning is essential
for advancing the capabilities and practical utility of robotic systems in
real-world contexts (Irfan et al., 2023).

Readers can refer to the discussion in Sections 3.7.1 and 3.7.2, which
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delve into adaptive and adaptable learning methods that adjust the
robot’s behavior and function in response to changing conditions, envi-
ronments, and goals. Particularly relevant to long-term robot learning is
the exploration of intrinsic motivation methods as discussed in Section
3.7.1. Intrinsic motivators such as curiosity, novelty-seeking, competence,
and the desire for autonomy play a crucial role in promoting self-directed
learning, exploration, and adaptation within robotic systems. By incor-
porating intrinsic motivation mechanisms, researchers aim to cultivate
more robust and flexible behaviors in diverse environments, contributing
to the long-term learning and adaptation capabilities of robots.

5.1.1 Personalized Robot Learning

Personalized Robot Learning focuses on enabling robots to adapt their
skills to the unique needs and preferences of individual users or specific
groups. This field is driven by the goal of creating robots that can pro-
vide tailored assistance, drawing upon a user’s preferences, personality
traits, experiences, attitudes, and habits to display contextually relevant
behaviors (Hellou et al., 2021).

Central to this research is the development of user-adaptive robotic
systems. These systems are designed to manage a variety of situations
based on user-specific data such as identity, preferences, and level of
expertise (Martins et al., 2019). For example, Sekmen and Challa, 2013
developed a mobile robot that learns and adapts to the behaviors and
preferences of the people it interacts with. Another contribution is
by (Gross et al., 2009), who designed an autonomous shopping assis-
tant robot with capabilities in autonomous navigation and interactive
communication, helping users find specific products.

A key focus in recent research is adapting robots to diverse user
demonstrations (Ziebart, 2010; Paleja et al., 2020a). Techniques like
grouping demonstrations into similar clusters and applying Inverse Rein-
forcement Learning (more details on IRL in Subsection 3.4.2) have been
explored (Nikolaidis et al., 2015a). The Expectation-Maximization (EM)
algorithm, which clusters demonstrations and solves the IRL problem,
follows a similar approach (Babes-Vroman et al., 2011; Ramponi et al.,
2020). Addressing the challenge of learning from varied demonstrations,
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(Chen et al., 2020c) introduced a method that optimizes both task goals
and human strategic preferences. To overcome the need for knowing
the number of different strategies beforehand, (Chen et al., 2023a) de-
veloped FLAIR, a system that quickly adapts to new demonstrations
for rapid user personalization, expanding its model only as needed for
efficiency.

RL has also been an extensively used tool for personalizing robot
learning (Hengst et al., 2020). For instance, (He et al., 2024) presented a
constrained multi-objective reinforcement learning algorithm for person-
alized end-to-end robotic control, enabling a single model to approximate
user-specific optimal policies. In virtual reality, (Heuvel et al., 2022)
used reinforcement learning for personalized navigation control. The
study conducted by (Keizer et al., 2014) employed distinct Markov
Decision Processes (MDPs) to simulate the actions of a bartender robot
tasked with serving beverages to a multitude of users. This approach
empowered the robot to tailor its interactions to accommodate the
diverse preferences and requirements of individual users. A study by
(Gortir et al., 2017) utilized a partially observable Markov decision
process (POMDP) to adjust robot actions based on human intentions,
and (Qureshi et al., 2017) focused on using reinforcement learning for a
robot to select appropriate greeting actions based on individual prefer-
ences. Additionally, PbRL and learning from human feedback have been
extensively utilized to align a robot’s behavior with user expectations,
as discussed in Section 3.5.

The utilization of latent embeddings to represent types of behaviors
or groups of individuals is vastly used in works that touch on personaliza-
tion. Commonly, those embeddings are learned through some network,
and refined via backpropagation in gradient descent-based methods,
e.g., (Schrum et al., 2022b; Schrum et al., 2022a). A drawback is that
this process is very time-consuming. To overcome that, (Schrum et al.,
2023a) and (Silva et al., 2022¢) introduced a method that constitutes
doing consecutive forward passes in the network that is responsible to
capture the embeddings information, by smartly designing networks
with some memory nature to it, such as Long Short-Term Memory
(LSTM) (Hochreiter and Schmidhuber, 1997) and transformers.
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5.1.2 Use-inspired Robot Learning

Long-term, use-inspired robot learning focuses on developing lifelong
learning strategies that are tailored to meet the specific requirements of
distinct users or application areas, such as autonomous vehicles, surgical
robotics, and home assistance robots. This approach emphasizes the
importance of robots continuously adapting and improving over time
to cater to the evolving needs of their designated tasks and environ-
ments. For a comprehensive exploration of this subject, please refer to
Chapter 9.

5.2 Communication in Long-Term Human-Robot Interaction

Traditionally, the focus of communication in robot learning has been
centered around basic forms of feedback, be it through visual cues, audio
signals, or textual messages (see Section 4.3). While these modalities
have their merits, they often fall short in long-term interactions where
the context and complexities can evolve. In long-term interactions, bi-
directional feedback loops are crucial for aligning human and robot
values, facilitating a continuous exchange of preferences and objectives
that ensure both parties adjust and refine their behaviors and expec-
tations collaboratively (Yuan et al., 2022). This iterative process not
only enhances mutual understanding but also ensures that the robot’s
actions remain consistently aligned with human ethical standards and
goals over extended periods (Mahmud et al., 2022). Achieving such
seamless human-robot value alignment leads to an increasing need for
more nuanced and adaptive communication methods, including those
rooted in the ToM, shared mental models, and feedback loops, to sustain
a productive human-robot relationship over an extended period.
Designing the communication mechanisms for long-term interactive
robot learning is pivotal, as it delves into the complexities of ensuring
that both the robot and the human end-user are in alignment and
share a synchronized understanding (Natarajan et al., 2023a; Bonarini,
2020; Irfan et al., 2021; Irfan et al., 2019). To understand the communi-
cation needs in long-term interactive robot learning, we first need to
understand the concept of mental models in human-robot interaction.
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A mental model in the context of human-robot interaction refers to the
internal representation or cognitive framework that a human user or a
robot possesses about each other’s capabilities, intentions, and ways of
functioning (Chong et al., 2005; Konan et al., 2022). This model guides
how they predict and interpret each other’s behaviors and actions. In
human-robot interaction, a person’s mental model of the robot includes
assumptions about how the robot works, its abilities, limitations, and
how it might respond in different situations. Simultaneously, advanced
robots might also develop a form of mental model about their human
users, which includes understanding their preferences, behaviors, and
likely responses. A shared mental model in long-term human-robot in-
teraction is a mutual, often evolving understanding between the human
and the robot about their respective roles, capabilities, and strategies
to achieve common goals (Ramaraj, 2021; Powers and Kiesler, 2006;
Rueben et al., 2021). This shared model is crucial for effective collabo-
ration, especially over extended periods. In long-term interactions, as
both the human and the robot learn from and adapt to each other,
their shared mental model is continuously refined and updated. In this
context, the shared mental model is integral to achieving a harmonious
and productive human-robot partnership, especially in complex tasks
requiring teamwork and mutual reliance. When there is a misalignment
in mental models, ineffective or even counterproductive interactions
can arise (Colman et al., 2014; Chong et al., 2005; Seraj, 2023; Seraj,
2022; Seraj et al., 2022). This misalignment can be costly in long-term
learning scenarios where the cumulative effect of misunderstandings can
lead to poor learning outcomes or reduced user trust (Mutlu et al., 2016).
Therefore, mechanisms that allow a robot to convey crucial information
and explanations become indispensable for harmonizing the differing
mental models.

Prior work in the field has often emphasized the critical role of
communication in establishing shared team mental model and achieving
successful team coordination, including human-robot interactions (Seraj
et al., 2022; Bonarini, 2020; Kidd and Breazeal, 2008; Baxter et al.,
2011). These studies suggest that effective communication can facili-
tate smoother interactions, more rapid learning, and a more reliable
collaboration. However, the need for communication extends beyond
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initial interactions and becomes even more pressing as the robot and
human engage in long-term collaborative tasks (Butchibabu et al., 2016;
Butchibabu, 2016). Over time, as both the robot and the human learn
and adapt, their respective mental models will also change, thereby
creating a moving target for alignment. Thus, the robot’s ability to
clearly and adaptively communicate is not just a one-off requirement
but a continuous need.

In the following sub-sub-sections, we will explore two critical avenues
for effective communication in long-term robot learning: (1) the ToM
and the correspondence problem and, (2) feedback loops in long-term
learning. These topics go beyond the simplistic feedback mechanisms,
offering insights into how robots can be designed to better understand
human mental states, beliefs, and intentions, and how ongoing, reciprocal
communication can be managed and optimized for the benefit of both
parties involved.

5.2.1 Theory of Mind and The Correspondence Problem in Long-
Term Robot Learning

One of the most intriguing applications of ToM in robotics is in solving
what is known as the Correspondence Problem (Carlson et al., 2013).
In a long-term interaction, both the robot’s and the human’s under-
standing and expectations can change. A static model of the human’s
mental state would quickly become obsolete. However, ToM allows for
adaptive understanding, which can be continuously updated as more
data becomes available. In the realm of long-term human-robot interac-
tion, the correspondence problem, introduced in Chapter 2, emerges as
a critical challenge, particularly from a communication perspective (Del
Duchetto and Hanheide, 2022; Datteri, 2013). Over extended periods of
interaction, ensuring consistent and accurate understanding between
humans and robots becomes increasingly complex (Del Duchetto and
Hanheide, 2022; Datteri, 2013). As robots are often programmed to
follow certain rules or algorithms, their actions might seem opaque
or undesired to humans over time as humans develop new habits or
values, leading to a disparity in the shared mental model. This misalign-
ment can result in communication breakdowns, reduced cooperation
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efficiency, and even diminished trust in the robotic system over extended
human-robot interaction periods (Irfan et al., 2019; Chen et al., 2018a).
Tackling this problem requires addressing the correspondence problem
through sophisticated communication strategies, where the robot not
only conveys its actions but also provides context and rationale in a
way that is easily interpretable by the human user. Advanced methods,
such as employing natural language processing or interactive feedback
loops, can aid in this process by making the robot’s decision-making
process more transparent and understandable, thereby bridging the
gap in correspondence and fostering a more harmonious and effective
long-term partnership (Nehaniv, Dautenhahn, et al., 2002; Del Duchetto
and Hanheide, 2022; Carlson et al., 2013; Datteri, 2013).

In summary, ToM offers an advanced and increasingly necessary
layer to robotic systems, especially in contexts that require long-term
human-robot interaction. The capabilities extend from offering more
context-aware feedback to solving complex cognitive challenges like the
correspondence problem. While much has been achieved, it remains
a vibrant field of study, and its full integration into robotic learning
systems holds the promise of significantly enhancing the depth and
effectiveness of human-robot collaboration over extended periods. To
effectively address the correspondence problem through ToM-based
frameworks, specific design guidelines should be considered. Firstly, it is
crucial to develop ToM models that can accurately gauge and respond
to the evolving mental states and intentions of human users. This re-
quires the integration of sophisticated cognitive modeling techniques
that can process and interpret a wide range of human behaviors and
cues. Additionally, communication mechanisms need to be designed
in a way that they can provide timely and context-sensitive responses
that align with the user’s current mental state and understanding. This
might involve adaptive feedback that changes in complexity and form
based on the user’s demonstrated comprehension and interaction his-
tory. Furthermore, to enhance long-term learning and cooperation, these
systems should be capable of updating and refining their ToM models
continuously, based on ongoing interactions. This adaptive capability
ensures that the robot remains attuned to the user’s changing needs
and expectations over time. In practical terms, designers should focus
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on creating interfaces and interaction protocols that facilitate clear, in-
tuitive, and meaningful exchanges of feedback, ensuring that the robotic
system can communicate its understanding and intentions effectively,
thereby maintaining alignment with the human user’s perspective. Such
tailored approaches in designing ToM-integrated systems promise not
only to mitigate the correspondence problem but also to elevate the
overall quality of long-term human-robot interaction, fostering a more
seamless and effective collaborative experience.

Future research in this area presents several challenges and oppor-
tunities. One key area is the development of more sophisticated ToM
models that can accurately interpret and respond to a broader range of
human emotions and intentions. This requires advancements in areas like
affective computing and natural language understanding. Additionally,
ensuring that ToM-enabled robots can function effectively in diverse and
dynamic real-world environments is a significant challenge, necessitating
research into more robust and adaptable systems. Another important
consideration is the ethical dimension of ToM in robotics, particularly
in terms of privacy, autonomy, and the implications of robots making
assumptions about human mental states. Establishing guidelines for the
responsible use of ToM in robotics will be crucial as these technologies
continue to evolve. Overall, addressing these challenges will require in-
terdisciplinary collaboration, bringing together expertise from robotics,
psychology, ethics, and other fields to realize the full potential of ToM
in long-term human-robot interaction.

5.2.2 Feedback Loops in Long-Term Learning

In the domain of long-term robot learning, the significance of effective
feedback loops between the human and the robot is paramount. (Irfan
et al., 2021; Irfan et al., 2019). Feedback loops serve as a critical mech-
anism for iterative learning and adaptation, helping both parties to
optimize their performance and actions over time. In prior work, much
emphasis has been laid on short-term or single-session interactions,
but the dynamics of feedback change significantly when we extend the
interaction horizon (Irfan et al., 2021; Natarajan et al., 2023a). When in-
teraction stretches over days, weeks, or even longer, continuous feedback
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plays a crucial role in maintaining optimal performance, facilitating
mutual understanding, and building trust (Kanda et al., 2007; Vinanzi
et al., 2019). It allows for real-time adjustments and learning, ensuring
both parties remain aligned and effective over extended periods. This
ongoing exchange is essential not just for operational efficiency but also
for fostering a reliable and transparent relationship between humans
and robots (Kanda et al., 2007; Natarajan et al., 2023a; Vinanzi et al.,
2019; Irfan et al., 2021).

A key question in this context is how feedback loops adapt over
time to suit the evolving needs and competencies of both the robot
and the human. Previous research has demonstrated the benefits of
adaptive feedback systems in robotics which can modulate the amount
and type of feedback based on the task at hand, the learning state of
the robot, and the observed or inferred state of the human user (Irfan
et al., 2021; Kidd and Breazeal, 2008; Chisari et al., 2022). In long-term
settings, adaptive feedback loops must be designed to evolve in a way
that accounts for progress in learning, changes in user preferences, or
shifts in the environment. These adaptive systems may employ machine
learning algorithms to continually update their models, much like in
the previously discussed ToM frameworks.

Additionally, feedback loops are also closely tied to the problem
of user engagement in long-term interactions (Kidd, 2007; Irfan et al.,
2019). Maintaining user interest and motivation over an extended period
is challenging, and well-designed feedback mechanisms can contribute
significantly in this regard. Kidd (2007) conducted experiments com-
paring human interactions with a physical robot versus an animated
character and revealed that the physical robots significantly enhanced
social presence, credibility, and user engagement. This finding empha-
sizes the impact of a robot’s tangible presence in fostering more engaging
and effective long-term human-robot interactions. The research also
suggests that the incorporation of nuanced expressions and gestures in
robots can further amplify user engagement, crucial for sustained inter-
actions. These insights are particularly relevant in designing feedback
mechanisms in sociable robot systems, where continuous and engaging
feedback loops are essential for maintaining user interest and effec-
tive communication over extended periods. Additionally, personalized,
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context-aware feedback, likely incorporating ToM, can make the inter-
action more engaging for the user, thus promoting a more effective and
enduring learning experience for both the robot and the human (Irfan
et al., 2019). Irfan et al (Irfan et al., 2019) highlight the importance
of personalization in maintaining long-term interactions between hu-
mans and robots through organizing a workshop, emphasizing on the
need for customizing robotic behavior to individual user requirements
for their successful long-term adoption in everyday and professional
environments.

Another consideration in long-term learning is the issue of feedback
decay (i.e., Forgetfulness) (Biswas and Murray, 2015). Just as skills
and knowledge can degrade over time if not reinforced, the effectiveness
of a given feedback mechanism may also diminish if it becomes too
predictable or if the human or robot becomes desensitized to it. Some
approaches for combating this include feedback randomization, where
the timing and type of feedback are varied to maintain engagement,
and meta-feedback systems that not only provide task-specific feed-
back but also give feedback on how well the feedback process itself is
functioning (Biswas and Murray, 2015; Mirnig et al., 2012).

In conclusion, the management and optimization of feedback loops in
long-term robot learning are complex and multi-dimensional challenges.
While much progress has been made, significant research opportunities
remain in developing systems that can adapt their feedback strategies
over time, manage the complexities of feedback frequency and timing,
and maintain user engagement and effectiveness in long-term interac-
tions. As robots become increasingly integrated into various aspects of
human life, the design of effective long-term feedback loops will likely
emerge as a critical area of focus. In terms of design guidelines, future
systems should incorporate adaptive learning algorithms that can per-
sonalize feedback based on user preferences and performance metrics.
This approach would ensure that feedback remains relevant, engaging,
and effective over extended periods. Additionally, designers should con-
sider implementing meta-feedback systems that monitor and adjust the
feedback process itself to prevent feedback decay and maintain user
interest.

Future research should also address the challenges of integrating
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feedback loops with the evolving capabilities of robots, such as enhanced
autonomy and decision-making. Investigating the long-term psycholog-
ical impacts of continuous interaction with robots and how feedback
mechanisms can be optimized to foster positive human-robot relation-
ships is another important area. Open problems include developing
feedback systems that are sensitive to the nuanced changes in human
behavior and preferences over time, and ensuring these systems are
ethical, respecting user privacy and autonomy. As the field advances,
exploring these areas will be crucial in realizing the full potential of
long-term human-robot interactions.

5.3 Evolving Learning Goals and Policy Updates

In the general case of long-term robot learning, the evolution of the
human’s and the robot’s goals imply on the need for updating the
general decision-making process for the robot, i.e., policy update. This
section aims to distill the literature for both the evolving learning goals
and policy updates, while making some links between the two.

5.3.1 Evolving Learning Goals

After a robot is deployed and ready to interact with humans, it is natural
that the objectives change over time. For illustration purposes, let us
consider a robot responsible to screw bolts in walls in a construction site.
The robot knows specific locations where the bolts should be screwed
and what amount of torque to apply. After some time, new bolts need
to be screwed on that same wall. Given that, the human workers should
be able to easily convey this goal expansion to the robot and have it
successfully perform the new task. Similarly, there could be changes in
the torque requirements, which would lead to the same need for humans
to teach the robot this other new task (screwing the same bolts, but
applying a different torque). The change of task is only one of many
factors could cause changes of the learning goals. Additionally, as the
human-robot teaching-learning process can be time consuming, often
intimidating to some users (Lasota and Shah, 2015; Lasota et al., 2017;
Akalin et al., 2022) and the cobots can deployed to users who are not
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familiar with programming, ideally the robot will be able to adjust
for changes as seamlessly as possible to ensure a healthy long-term
relationship.

Figure 5.2: Overview of causes for evolving learning goals covered in this section.

Wu et al., 2022 explore the change of task scenario, where robots
are deployed in construction sites knowing how to perform just one
specific chore, even though they are physically capable of performing a
wide variety of tasks and have access to experienced human teachers.
For those cases, the tools to employ to account for this change in goal
are based on asking the human to teach the robot the new task, and
are grounded in methods such as LfD 3.4, Imitation Learning (Celemin
et al., 2022) and interactive cases of reward learning (Adams et al.,
2022), better explored in 3.3, and 3.4.2.

Another example of evolving learning goals (or factors that could
cause it) is changes in the dynamics or environment. Let us consider
a household robot, which gets taught by the user how to load/unload
their dishwasher. Some time down the line the dishwasher gets replaced
with a model that has a slightly different internal configuration, or even
get moved to a different location where both the dishwasher’s internal
configuration and the kitchen arrangement are considerably different.
However, the overall user preference for how utensils should be placed
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in the dishwasher remains the same.

Non-interactive ways of teaching a robot, such as by Song et al., 2020
tackle the issue of environmental changes that affects a robot’s ability
to perform a task. However, this strategy falls short because it is not
possible to anticipate every possible change prior to deployment. Song et
al., 2020 utilizes Evolutionary Strategies (discussed in Subsection 3.7.2)
combined with Meta-Learning to quickly adapt a previously learned
policy to the changes that the robot is experiencing, with no human
input. Conversely, Ghadirzadeh et al., 2021 propose an interactive robot
learning framework that is able to adapt for changes in the dynamics
by asking the user for demonstrations in the new environment.

An alternative to address similar issues is using perception frame-
works that captures the dynamics of an environment in a contextual
manner, enhancing the awareness of a teaming robot with respect to
environmental changes and allowing for self-adaptation (Yasar et al.,
2023; Bozhinoski et al., 2022).

Another possible cause for an evolving learning goal is the change
of the human. Tasks that are sensitive to individual factors bring
the need to adapt when there is any change in the interaction, e.g.,
the human partner changes how they perform their part of the task,
or even is replaced by a different person. Other than the techniques
for personalized robot learning shown in Subsection 5.1.1, Variational
Autoencoders (defined in 2.2) along with demonstrations from human-
human interactions are shown to be an useful tool to teach a robot
how to perceive those changes and generate the complementary action
from observing the human partner, since it can capture multiple spatio-
temporal features of an interaction, as seen in (Biitepage et al., 2020;
Prasad et al., 2022).

Addressing the evolution of learning goals for interactive robot
learning in the long-term horizon is crucial for the democratization of
collaborative robots, while meeting the evolving interaction with their
human users and ensuring healthy collaboration over time. Researchers
must be aware of this phenomenon during the development of better
robots, especially those aimed to novice users (i.e., without making
assumptions that the users are familiar with programming). Investigat-
ing the topics covered in this section will help researchers to develop
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and deploy robotic agents capable to perform adaptation and continual
improvement as it interacts with humans without overburdening the
user.

5.3.2 Policy Updates Due to Evolving Learning Goals

In long-term human-robot collaboration, there are countless scenarios
where the robot’s policy may need updates, many of them motivated
by the evolution of learning goals. For instance, the robot might need
recalibration due to physical wear, because one (or both) of the parties
might have changed their usual behavior (e.g. the human has new
preferences for how to complete a task), or because a new requirement
is in place. This Subsection is dedicated to delve into the literature of
how human teachers interact with cobots when the learning goals have
evolved and a policy update is due.

While Subsection 3.7 explain some methods used in long-term robot
learning, this Section delves into how those methods can be used to
address the evolution of goals — mainly by direct updates in the policy or
updates in auxiliary tasks As examples of continual learning, described
in Subsection 3.7.1, being used to improve tasks that aid the overall
quality of a human-robot interaction, Azagra et al., 2020 focus on
tackling interactions between a human with a robot querying for the
placement of potentially uncatalogued objects using speech and vision
for objects and gestures recognition. This multi-modal incremental
learning pipeline is able to improve recognition accuracy over time,
which is crucial to update policies that rely on features such as vision
in the long-term.

Similar to continual learning (Subsection 3.7.1), few-shot learning
in the context of long-term interactive robot learning is a class of
techniques aimed to learn different capabilities (i.e., update the pol-
icy) using very limited amount of new data, and is often paired with
meta-learning (Parnami and Lee, 2022). Ghadirzadeh et al., 2021 takes
advantage of that pairing to update a manipulator policy, which is
trained for a set of hardware models instead of a specific one, extending
it to other models by collecting the least possible amount of demon-
strations. In this work, the authors use a generative meta-model, i.e.,
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a model that captures the common structure shared across different
robotic manipulators. A subpolicy is then trained used that meta-model,
along valid motor actions for a few known robots, using an off-the-shelf
motion planner. A latent variable captures which robot was used. That
latent variable is passed to then train a second policy using few-shot
learning. This allows for extending the capacity of a deployed policy
in cases where the agent experiences hardware malfunctions, or even
undergoes drastic changes in the way it physically interacts with the
environment and human user.

While still borrowing key-ideas from Section 3.7, we explore other
ways to deal with policy updates within the context or interaction robot
learning for the long-term. Active learning (detailed in Subsection 3.7.2)
is present in approaches where the robot asks the human teacher to
provide specific corrections or demonstrations, since the robotic agent
requests the human collaborator for the most informative action (Silver
et al., 2012; Yu and Wang, 2013), or only the necessary ones (Del
Duchetto et al., 2018).

Specifically, Krishna et al., 2022 demonstrates active learning in
practice for policy updates in interactive robot learning, by not assuming
that the humans will be willing to answer all asked questions. For that, an
RL-based generalization of active learning is proposed, using the insight
of inferring the human’s preferences through contextual information
and tailoring the questions according to what the user is more likely to
answer, which is crucial for long-term learning. In contrast, (Cakmak
and Thomaz, 2012b) proposes guidelines for what types of questions to
ask when using active learning for policy updates, by analysing humans’
perceptions of a robot’s proficiency according to the request, which
is imperative for the success of a human-robot team (as discussed in
Section 3.9).

In conclusion, addressing the need to continuously update a robot’s
capacities is imperative to healthy long-term human-robot interactions.
As previously pointed, many factors bring the need for a robot to adapt,
some of them being so drastic to the point they require learning a
completely new skill. Even though there are still many challenges to
face, the near future looks promising for the community.
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5.4 Design Guidelines and Future Work

When aiming for reaching seamless interaction with cobots, researchers
and practitioners should be aware of the challenges inherent to long-
term robot learning, such as mutual understanding, the evolution of
goals, and a potential demand of new sets of tasks so long they are
within the robot’s physical capabilities. We propose a set of guidelines
to assist the development of future research:

¢ Long-Term Learning: Robots require the ability to adapt and
refine their behaviors and strategies over time through continuous
learning. This entails utilizing adaptive and adaptable methods,
thoroughly described in 3.7. These techniques enable robots to
dynamically adjust to new information, changing environments,
and evolving user preferences, ensuring their effectiveness and
relevance over extended periods.

e Personalization and User-Centric Approaches: Emphasize
the importance of personalizing the learning process to individual
users or specific target groups. Robots should be able to extract
and utilize user-specific data (e.g., preferences, needs, personality
traits) to tailor their actions and responses, thereby enhancing
the user experience and effectiveness of human-robot interaction.

o Effective Communication: Develop advanced communication
mechanisms, including the use of ToM and shared mental mod-
els (Chapter 2), to ensure both the robot and the human user
are in alignment when human preferences potentially alter over
time. Communication strategies should be capable of conveying
the robot’s understanding and intentions in a way that is easily
interpretable by humans, facilitating a productive and harmonious
relationship over extended periods of time.

e Feedback Mechanisms: Implement continuous and adaptive
feedback loops that allow for real-time adjustments and learn-
ing. Feedback should be tailored to the evolving competencies of
both the robot and the human, ensuring that it remains relevant,
engaging, and effective over extended periods.
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e Handling Evolving Learning Goals: Design robots with the
flexibility to accommodate changing learning objectives, which
may arise from new task requirements, environmental changes,
variations in the dynamics, or shifts in user preferences. This
could involve leveraging techniques like LfD, Imitation Learning,
interactive reward learning, and frameworks that capture dynamic
environmental changes, such as meta learning (Beck et al., 2023).
In particular, meta learning can enhance the adaptability and
robustness of interactive robot learning systems, as it focuses
on learning how to learn, enabling robots to quickly adapt to
new scenarios based on prior experience. Meta-Learning tech-
niques, such as meta-reinforcement learning, can leverage mixed
supervision, rewards, and imitation learning across diverse tasks,
facilitating effective adaptation in both few-shot and multi-shot
settings (Kaushik et al., 2020; Anne et al., 2021).

5.5 Conclusion

In deploying robots for long-term interaction, a pivotal focus lies in
adaptive and adaptable learning methods, coupled with personalized
robot learning. This approach is essential in tailoring robotic behavior to
meet the specific needs and preferences of different user groups. Central
to this endeavor is the integration of advanced communication strategies,
particularly those grounded in ToM and shared mental models, which
are instrumental in aligning mutual understanding and addressing the
correspondence problem in human-robot interactions.

When deploying a robot, some concerns that emerge is on how
to account for scenarios that the robot might face and can not be
predicted when first being programmed. Those scenarios could be caused
by changes intrinsic or extrinsic to the agent: changes in the agent’s
physical placement in the world or hardware malfunction are causes
of the former, while changes in the environment and/or in the task to
be performed are causes of the latter. Moreover, incorporating human
preferences and behavior is critical when having machines working
alongside humans.

To ensure that the human-robot teaming will be as harmoniously
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and seamless as possible, researchers in the field of long-term interactive
robot learning need to have those concerns always mapped, and address
them by ensuring that the robot will always have its decision-making
policy up to date with respect to all factors, finding the middle ground
between leveraging human feedback and not overwhelming the user.

There has been exciting progress in this field in the last decades,
but key challenges arise to tackle more sophisticated scenarios, where
everything might change in a very small window of time — which requires
spotless and efficient solutions for refining policy due to evolution of
goals in the long-term context.
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Figure 6.1: Overview figure depicting the different topics covered in this chapter.

Safety is a major challenge in realizing the full potential of robots
that can interactively learn and explain their reasoning and behaviors.
Safety concerns include the risk for physical injuries when the robot
and the human closely interact or the loss of trust in the robot when
the robot fails or behaves unreliably. In interactive robot learning, the
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Figure 6.2: Interactive robot learning example.

robot has the ability to iteratively learn from human input and it might
be hard for robot designers to anticipate all possible behaviors and
outcomes. This context raises questions about what safety means and
whether a distinction needs to be made between safe hardware and safe
interactions (Salem and Dautenhahn, 2015). This chapter covers various
safety challenges around interactive and explainable robot learning. First,
we focus on physical and perceived safety questions that arise when
people interactively teach robots. Physical and perceived safety refer to
that robots should avoid collisions and physical injuries and that robots
should elicit feelings of safety and comfort in people, respectively. Second,
we consider algorithmic safety, which pertains to the transparency
concerns in the development of explainable robot learning systems. We
then give an overview of formal methods in robotics to ensure safety and
provide guarantees on the robot’s behavior and discuss the integration
of formal methods-based approaches into interactive robot learning.
Lastly, we discuss different reliability, robustness, resilience and failure
recovery strategies of interactive learning algorithms.

6.1 Physical Safety in Interactive Robot Learning

Physical safety refers to avoiding physical harm or injuries when the
robot is interacting with its environment and users (Lasota et al., 2017).
To date, robot safety approaches have primarily focused on ensuring the
physical safety of the robot (Akalin et al., 2022), contributing methods
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to avoid collisions between the robot and its environment (e.g., Kulié¢
and Croft, 2006; Haddadin et al., 2008). For instance, in the illustrated
typical interactive robot learning setup in Fig. 6.2, the robot is operating
in a physical space that is occupied with various objects, such as the
table, and shares this space with a human. In such a situation, we
must ensure that the robot is never colliding with itself, objects in the
environment, and the user. Classically, physical safety has been encoded
as a set of hard constraints that the robot needs to adhere to (Brunke
et al., 2022; Lasota et al., 2017; Gu et al., 2022). To this end, obstacles
are modeled as stay-out-regions and the robot’s occupied space should
never intersect with such regions (Kuli¢ and Croft, 2005; Ekvall and
Kragic, 2008; Lee et al., 2018; Wang et al., 2017; Koptev et al., 2021;
Lacevic et al., 2022). While recent approaches can model those regions
with high accuracy, over approximations of those regions can be used
for higher computational efficiency.

Interactive robot learning requires us to look beyond classical avoid-
collisions formulations, since many interactive robot learning scenarios
require the human to closely interact and potentially actively be in
contact with the robot (Ravichandar et al., 2020). Many industrial
robots are deployed in safety cages or operate with laser-triggered stay-
out-zones that automatically stop any robot movement if a human
enters the zone. Unlike these industrial robots that operate in isolation,
robots that interact with humans and operate in human-populated
environments do not have such safety precautions, which creates more
risks and safety concerns (Winfield et al., 2021). Popular interactive
learning approaches often require the human to touch the robot, e.g., to
kinesthetically guide the robot through a task (see Chapter 3 for more
details). For instance, in the scenario in Fig. 6.2, the human is guiding
the robot arm so that the robot learns that it should place the coffee
mug on the placemat. Similarly, there are interactive robot learning
setups, in which the human has indirect contact with the robot, e.g.,
in handover tasks where the robot is in contact with the user through
objects (Kupcsik et al., 2018; Quispe et al., 2017; Ortenzi et al., 2021;
Hedlund et al., 2021). For example, the robot may hand over the coffee
mug to the human in Fig. 6.2, resulting in indirect contact via the mug.
These interactive robot learning scenarios require new definitions of
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physical safety that explicitly consider contact between the robot and
its users (Haddadin, 2015; Zacharaki et al., 2020).

Industrial safety definitions, such as the ISO norm 15066, specify
additional requirements for collaborative robots that are operating
alongside and together with humans (Barattini et al., 2019). These re-
quirements include reduced velocity limits, constraining the robot’s force
limits, and compliant control modes, e.g., where humans can override
the robots motion while in contact or the robot avoids excessive forces
by adjusting its contact forces throughout the interaction. The imple-
mentation of such safety definitions requires a tight integration of robot
sensors (e.g., forces and torques) with the robot’s controllers (Ferraguti
et al., 2020) and the interactive learning approach. While maximum
limits on interaction forces can be encoded through hard constraints,
soft constraints (Gaurav et al., 2022) are highly suitable to model safe
interactions. To this end, we can specify desired low operating forces
that the robot should adhere to, but the robot is allowed to violate
such constraints when necessary. However, such violation of the soft
constraints can be punished through extra costs so that the robot is en-
couraged to satisfy the soft constraints (Karlsson et al., 2020). Moreover,
by designing appropriate cost functions, we can shape the interaction
of the robot with the human, e.g., quadratically punishing larger forces
in the interaction. Incorporating such constraints into interactive robot
learning poses new challenges because the human teacher would need to
be able to specify the type of constraint and define the consequences, i.e.,
costs, of violating them. In the illustrative example in Fig. 6.2, imagine
that other objects are blocking the placemat. If the mug placement is
modeled as a hard constraint, this blockage would make the robot’s
plan to place the mug on the placemat infeasible. However, the person
might be fine with the robot placing the mug close to the placemat
instead if the placemat is blocked, which would be feasible if it was
modeled as a soft constraint.

In addition to the robot’s occupied space, we may also consider that
the robot should safely handle potentially dangerous objects (Mueller
et al., 2018; Haddadin et al., 2011). For instance, the robot should not
spill hot coffee close to the human in Fig. 6.2. Similarly, a robot should
consider object characteristics when manipulating objects alongside peo-
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ple. Some examples include: the robot should not drop fragile objects
from a height, should present the handle of a cup if its content is hot,
should orient the sharp end of objects away from the user. Unique to
interactive robot learning, we must consider potential safety challenges
that arise when we ask people to demonstrate to a robot how to manip-
ulate potentially dangerous objects, because such requests must never
cause harm to a person. For instance, asking a person touch and move
a robot’s arm to place a cup of hot coffee or cut food with a knife raises
several potential safety concerns. First, the person might feel unsafe
closely interacting with the robot when it holds these objects. Second,
the person might not trust the robot to perform well and might feel
burdened with the responsibility of ensuring the robot’s safety. Third,
the robot might not be able to learn safety constraints from demonstra-
tions only. Interactive robot learning raises the question of how we can
ensure safety of the teacher if we cannot yet ensure the safety of the
robot learner. Robots need new ways of incorporating safety constraints
in their behavior and research needs to be done to understand when
the responsibility of teaching those constraints on the user is acceptable
and when it is not.

To account for the probabilistic nature of human-robot interaction,
physical safety has also been encoded through probabilistic constraints.
In contrast to hard constraints, probabilistic constraints can express
probabilistic relationships between variables or parameters. A popular
type of probabilistic constraints are chance constraints which specify
that the probability of violating the desired constraint should be below
a user-defined threshold. For example, they can be used to model that
the robot should avoid colliding with at least 95% probability (Du Toit
and Burdick, 2011; Shah et al., 2012; Zhu and Alonso-Mora, 2019). Such
formulations are helpful to ensure that the robot is able to find feasible
actions and behave in a less conservative manner. Moreover, it allows
the robot to operate with a residual risk, defined by the user (Xiao
et al., 2020; Nyberg et al., 2021; Majumdar and Pavone, 2020). Yet,
ensuring that the robot always avoids physical contact with objects
and humans at all times is not necessarily suitable for interactive robot
learning setups.

So far, interactive robot learning research has primarily focused
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on realizing the interactive learning setup in various applications and
improving the learning loop itself. Only recently, there have been works
that address physical safety aspects of interactive robot learning setups.
These works already show that safe interactive robot learning has great
potential. Yet, we require more research to realize interactive robot
learning techniques that are safe to use by humans at all times.

6.2 Perceived Safety in Interactive Robot Learning

Although physical safety is crucial in interactive robot learning, solely
ensuring physical safety is not enough to provide safe interactions with
users (Salem et al., 2015). While physical safety primarily focuses on
avoiding physically harmful situations with users, the robot should
also be perceived as safe (Rubagotti et al., 2022; Lasota et al., 2017).
Perceived safety refers to the user’s feeling of safety and comfort when
interacting with the robot (Bartneck et al., 2009). When users perceive
the robot as safe, they generally tend to have higher trust in the robot,
increasing acceptability and decreasing psychological stress (Rubagotti
et al., 2022). There are various factors that influence the perceived
safety of a robot (Akalin et al., 2023), ranging from its appearance or
ergonomic design when interacting with it to how the robot behaves
during and after the interaction. In interactive robot learning, we must
consider how the robot might influence how safe and comfortable people
feel. The fact that the robot is learning makes it inherently prone to
failures or undesired behavior. The robot might behave poorly or fail in
the beginning of the learning process which can affect people’s trust in
themselves and the robot (Hedlund et al., 2021; Moorman et al., 2023a).
This initial teaching experience might also shape people’s perceptions of
the robot in further interactions. Additionally, some interactive learning
techniques require the human to touch the robot, which might cause
discomfort if the robot is a big industrial robot that is more likely to
cause physical harm compared to a small, table-top robot.

Ensuring physical safety does not necessarily lead to perceived safety,
because the robot’s behavior might make people feel unsafe even though
the robot is guaranteed to never collide with them (Salem et al., 2015).
For example, in our interactive robot learning scenario in Fig. 6.2, the
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robot arm might approach a person with an objectively safe speed,
which allows the arm to always stop in time and never collide with the
person, but the person might still feel that the robot moves faster and
comes closer than they would like.

In interactive learning setups, humans will work closely with robots,
potentially over longer periods of time. However, adaptation to or famil-
iarization with the robot can influence people’s perceived safety (Akalin
et al., 2022), because people will better understand what to expect
from the robot and how their teaching affects the robot’s behavior. For
instance, a fast-moving robot might be perceived as unsafe by a person
in their first encounter but over time, the person might start perceiving
the robot as safe if it never causes accidents. As a result, for perceived
safety, the robot needs to adapt its behavior between users and also
over the course of the interaction (Lasota et al., 2017). These human
factors make it difficult to ensure perceived safety in most interactive
robot learning settings, unlike physical safety, where it is possible to
provide guarantees.

Human-aware planning that adapts the robot’s behavior in the prox-
imity of humans has shown to increase perceived safety. For instance, La-
sota and Shah (2015) showed that a human-aware planning for a col-
laborative robot improved team efficiency and humans felt safe during
the interaction. Other works have used constraints in motion planning
to improve passenger comfort in autonomous transportation (Morales
et al., 2015; Karlsson et al., 2021). The work by Norouzzadeh et al.
(2012) presents a model predictive control scheme to keep the robot
in a perceived safe zone when the robot and human are in permanent
contact. The perceived safety zone is derived in a study, e.g., which
forces users perceived as safe. The reinforcement learning setup in Marta
et al. (2021) uses human feedback during training to update the robot’s
behavior for perceived safety. To date, physical safety and perceived
safety have often not been studied together. Recent work presents how
to combine physical and perceived safety for human-drone interaction by
parameterizing the drone’s speed and distance to humans and adapting
it to their feedback on perceived safety (Van Waveren et al., 2023b).

An increasing body of work is developing new, promising techniques
to increase the perceived safety of robots. Yet, there does not exist
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work to improve perceived safety in interactive robot learning while
ensuring physical safety. To address this gap, we require new advances in
interactive robot learning in which perceived safety is another learning
criterion. Similarly, the robot learning system might be perceived as
more predictable if it explains its decision-making, what its intentions
are, and describes what it will do next (Sado et al., 2023). These aspects
can ultimately increase perceived safety of the robot and are crucial
both, during as well as after learning (Akalin et al., 2022; Akalin et al.,
2023). The next section will discuss the safety aspects of explainability
and transparency in interactive robot learning.

6.3 Safety Aspects of Explainability and Transparency

Explainability and transparency are vital to build trust in interactive
robot learning and the robot itself (Edmonds et al., 2019b). For ex-
ample, during learning in our interactive earning scenario in Fig. 6.2,
we want the robot to explain to the user that it requires input on
where to place the coffee mug. Moreover, we want the robot to be
transparent about its capabilities and limitations, including joint and
torque limits, sensor obstructions, and singularities. For instance, the
robot arm may not allow the human to push it into joint limits or
singularities. After learning, we want the robot to explain to its user
what it has learned and communicate the learned behavior in a trans-
parent manner (Broekens and Chetouani, 2019), e.g., as a visualization
of the policy distribution in the workspace. However, similar to most
machine learning approaches (Linardatos et al., 2021), explainability
and transparency are usually not built into interactive robot learning
approaches.

By design, most interactive robot learning approaches use complex
deep learning components, which are essentially black-boxes (Castelvec-
chi, 2016). As a result, these approaches are difficult to analyze for
learned behavior. Interpretable Continuous Control Trees (ICCTs) as
introduced by Paleja et al. (2022) are a novel tree-based model technique
designed to produce interpretable policies. ICCTs decision-tree-like rep-
resentation that can be optimized during training for sparseness and
other optimization criteria. Iucci et al. (2021b) generate explanations
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in reinforcement learning settings for human-robot collaboration by
decomposing reward functions and generating natural language outputs.
As shown in Li et al. (2019b), one can leverage formal specifications to
encode interpretable reward functions and robot behaviors. For more
details on formal specifications, see Sec. 6.4. The modality of explana-
tions also influences how well explanations are perceived by users as
investigated by Tambwekar et al. (2023b) with experiments using natu-
ral language, saliency maps, and decision trees. The use of explanations
is promising to calibrate trust and avoid under- or overreliance on the
robot learning system (Sanneman and Shah, 2020).

6.4 Formal Methods and Guarantees

Ensuring that interactive robot learning approaches adhere to desired
properties at all times is crucial for safe operation and their certification.
The trustworthiness of the robot learning systems should be certifiable,
i.e. the robot should do what the human has instructed it to do at
all times. Due to the black-box nature of many learning approaches,
it is difficult to encode constraints such as for physical safety into
them (Brunke et al., 2022). For instance, constrained learning approaches
aim to check constraints during each learning update and computing
gradients to not violate the constraints (Achiam et al., 2017). Yet, these
approaches cannot guarantee that the robot adheres to the constraints at
all times, resulting in remaining risks. Formal methods are mathematical
techniques that rely on formal logic and mathematics to model systems,
define their properties, and reason about their behavior. Recently, formal
methods-based techniques (Kénighofer et al., 2022; Fulton and Platzer,
2018) have increasingly been applied to human-robot interactions, to
ensure correct and safe robot behavior.

Formal methods in robotics is a term to denote mathematically
rigorous techniques that can be used to formally specify and verify
system properties to build trustworthy and reliable robots (Luckcuck
et al., 2019). First, desired system properties, e.g., physical safety, need
to be encoded in a formal specification language. The term formal
specification language refers to the fact that the language has an unam-
biguous syntax and semantics for the desired domain, allowing one to
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Figure 6.3: Behavior verification overview.

reason about system properties. With the specification of the desired
robot behavior at hand, verification tools then check whether a given
model, e.g., the robot’s behavior and the evolution of the environment
over time, adheres to the specification. If the verification is successful,
the model is guaranteed to adhere to the specification. In the opposite
case, the verification tool provides a counterexample where the model
is not adhering to the specification.

In our example robot learning scenario in Fig. 6.3, we may specify
that the robot should always keep sufficient distance between the cup of
hot coffee and the human. To avoid verifying the machine learning model
itself, we can verify the resulting outputs during the robot’s operation
instead, i.e., the robots behavior. Whenever the robot computes a new
behavior, the verification technique checks whether the robot’s behavior
over time adheres to the specification. To this end, the verification
considers the world state, which includes information about the human.
For instance, it might include the current position of the human and
other auxiliary information, e.g., a prediction of the human’s motion
over time. If the behavior is verified as safe, the robot is allowed to
execute the safe behavior. In case the behavior is deemed unsafe, i.e.,
the cup might potentially come too close to the human, we can trigger
the execution of a fail-safe behavior instead, e.g., the robot arm retracts
and moves the coffee away from the human.

Temporal logics have increasingly become a popular specification
language in robotics. Users can specify desired safety properties of the
robot, often without additional knowledge about the robot’s dynam-
ics. For instance, Linear Temporal Logic (LTL) (Pnueli, 1977) allows
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one to create temporal specifications of robot behaviors with Boolean
propositions that are interpreted over time (Kress-Gazit et al., 2009;
Kress-Gazit et al., 2018; Schillinger et al., 2018; Finucane et al., 2010).
In interactive robot learning, LTL has been used to specify constraints
in imitation learning setups (Wang et al., 2022d), specify rewards (Li
et al., 2017), learn interpretable models (Camacho and Mcllraith, 2019),
and to interactively train robots (Shah et al., 2020b). Metric Interval
Temporal Logics (MITL) (Alur et al., 1996) allows users to additionally
define time intervals in temporal operators, providing more fine-grained
control (Lin and Baras, 2020; Barbosa et al., 2021). Signal Temporal
Logics (STL) (Donzé and Maler, 2010) consider continuous domains
and provide quantitative semantics for specifications, i.e., a continuous
measure to what extent a scenario satisfies or violates a specification.
STL has successfully been used to specify desired robot behaviors in
learning from demonstration settings (Puranic et al., 2021), to optimize
demonstrated robot skills (Dhonthi et al., 2022), to learn interpretable
models (Camacho and Mcllraith, 2019), to specify different robot be-
haviors such as driving styles (Karlsson et al., 2021), and to guide robot
learning (Van Waveren et al., 2023a)

There are various ways to use formal specifications to constrain
robot learning while providing guarantees on the learned behavior.
For instance, specifications can be turned into discrete automata that
encode allowed behavior transitions of the robot (Fainekos et al., 2005;
Li et al., 2021a; Kantaros et al., 2020). During learning or execution of
the learned behavior, the robot is only allowed to perform a behavior
if it is in the set of allowed transitions. The continuous nature of STL
specifications is well suited to specify sets of safe states (Pek et al.,
2023). With techniques, such as reachability analysis (Bansal et al.,
2020; Shao et al., 2021), one can verify that the robot never leaves the
set of safe states (Chen et al., 2018b; Selim et al., 2022). Control Barrier
Functions (CBFs) are another way of representing safe sets (Ames et al.,
2019). STL specifications can be used to (automatically) synthesize
CBFs for guaranteed robot behavior (Yang et al., 2020a; Safaoui et al.,
2020; Lindemann et al., 2020). The created CBFs can then be used to
constrain the robot’s behavior. Moreover, specifications can also be used
to directly synthesize safe controllers (Raman et al., 2015; Gundana
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Figure 6.4: Examples for reliable, robust, and resilient interactive robot learning.

and Kress-Gagzit, 2021; Finucane et al., 2010; Wongpiromsarn et al.,
2012). Alternatively, one can also formulate staying in the safe set in
a probabilistic setting. For example, we can formulate a stochastic
optimization problem in which we optimize an objective function, e.g.,
encoding the desired task, subject to probabilistic constraints, such as
chance-constraints, to stay in a predefined safety envelope during the
task (Schrum and Gombolay, 2019; Schrum et al., 2022a).
Formal-methods based approaches have been used to ensure safety in
robotic systems, and are promising to apply in interactive robot learning
settings for trustworthy operation. Verification techniques can verify
whether a model adheres to a specification. While it is hard to verify
the machine learning models directly, we can verify the robot’s behavior
and trigger fail-safe behavior when the robot violates our constraints.
Similarly, specifications can be used to synthesize safe controllers or
functions that constrain the robot’s controller to safe behavior.

6.5 Reliability, Robustness, Resilience, and Error Recovery

Reliability of a learning system is defined as the system’s ability to
consistently and successfully perform a given task on any input data and
initial conditions as long as this input data and conditions come from
the same training distribution. For instance, when we teach our robot to
successfully place the coffee mug on the placemat in the example scenario
in Fig. 6.4a, the robot acts reliably if it successfully performs this task
for various initial poses of the coffee mug. Reliability is crucial for the
adoption of interactive robot learning systems and for the successful
deployment of interactive learning-based robots (Ravichandar et al.,
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2020).

Robustness takes it a step further and is defined as the robot’s ability
to successfully perform the learned task even when the data is slightly
perturbed or out of the initial training distribution. In other words, the
robot should not only succeed at its task in the original environment or
scenario but also perform well in variations. In our example, the robot
is robust if it successfully places the coffee mug even if the placemat has
slightly different appearance (e.g., size or color) and is moved across the
table (Fig. 6.4b). Several techniques exist to achieve robustness in robot
learning, including but not limited to domain randomization (Mehta
et al., 2020; Muratore et al., 2022), active learning (Kroemer et al., 2010;
Schrum and Gombolay, 2019; Fitzgerald et al., 2022; Guo et al., 2022),
and constrained policy learning (Mueller et al., 2018).

Recently, language and the use of Large Language Models (LLMs)
have increasingly received attention in robotics and interactive robot
learning (Tellex et al., 2020b; Liu et al., 2023a). Hence, it is important
to also consider robustness against natural language confounds and
ambiguities (Deits et al., 2013; Karli and Fitzgerald, 2023). LLMs might
support the use of natural language to instruct robots; however, these
instructions might be highly context-dependent. Hence, interactive
learning approaches that use natural language instructions need to
have some level of context-awareness, which can help resolve ambiguous
instructions. At the same time, LLMs can be used to provide natural
language explanations of the robot’s behavior or ask for clarifications
to the user. Importantly, using LLMs trained or large datasets also
introduces challenges with being mindful and mitigating potential biases,
ethical implications, and undesired instances where the model outputs
incorrect text, or false or misleading information (hallucinations). Recent
works have already explored how reliability and robustness of LLMs can
be improved, e.g., the recent KnowNo framework to provide statistical
coverage guarantees on LLM-based planners’ uncertainty (Ren et al.,
2023a). However, such works require accurate calibration datasets and
human interventions to resolve ambiguities during runtime.

Although these works increase the robustness of the robot, the
robot is not necessarily resilient to large disturbances. Resilience in the
context of interactive robot learning is defined as the robot’s ability to
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successfully perform the learned task even under heavy disturbances
and to adapt to unexpected inputs and changes in the environments
(e.g., an object blocking the location where the robot wants to place
the objects as illustrated in Fig. 6.4c). Training robots to cope with
such situations is challenging since the disturbances can be potentially
arbitrarily large. However, an advantage of interactive robot learning is
that there is a human in the loop. Whenever the robot fails, or is close
to failing, it is possible to use human feedback to correct the robot and
potentially prevent it from failing.

An increasing body of work has explored human feedback for error
recovery and policy correction in interactive robot learning (Bajcsy et al.,
2018; Fitzgerald et al., 2019; Celemin et al., 2019; Sharma et al., 2022b).
Van Waveren et al. (2022) propose to generate correction mechanisms,
or shields, from non-roboticist (i.e., non-expert) human feedback to
correct high-level robot policy failures. To help non-experts identify
and correct robot failures, Das et al. (2021b) propose an approach to
automatically generate natural language explanations for robot failures
found that explanations which capture both the context about the
environment in which the failure happened and previously successful
actions were effective.

The effectiveness of the corrections is highly correlated to the qual-
ity of the human feedback, which is highly heterogeneous. Moreover,
human feedback is generally sub-optimal, which often leads to addi-
tional effort required when correcting robots. Recent works address
the heterogeneity of human teachers through the use of personalized
embeddings that implicitly capture the quality of the feedback during
the pre-deployment training phase, which can be thought of making
the robots aware that there will be several different ways of correcting
its faulty behavior (Schrum et al., 2022b; Paleja et al., 2020b). Work
by Chen et al. (2021b) proposes a new approach to learn noise-robust
reward functions which improves performance when learning from sub-
optimal demonstrations. Celemin and Kober (2023) propose ICREATe,
a framework that is an extension of DAgger which explicitly considers
inconsistent or ambiguous human feedback.

As described in Sec. 6.3, providing more information about the
robot’s behavior and decision making can help users understand the
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learning system better and adapt how they behave as a teacher. Similarly,
enabling the learning system to explain possible causes of failure can
help users resolve the failures or refine the learned behavior accordingly.
For example, Wu et al., 2021b introduce a failure recovery pipeline
that makes use of a structure of failure modes and their effects of the
application and a decision network to select failure recovery strategies.
The authors demonstrate this in a pick-and-place task, where a robot
arm might fail (fault mode) because it is unable to find the object it
wants to pick up (error cause) and the recovery module might suggest
that the robot re-positions itself so it can detect the object (recovery
solution). Yet, this failure recovery pipeline still requires a high degree of
technical expertise to understand the failure mode information, solutions,
and error reports. The role of the user is to select fault modes, error
causes, and preferred recovery solutions in a web-based interface, which
is used to further train the robot’s recovery pipeline.

Porfirio et al., 2018 leverage automated formal-verification methods
to provide users with some technical expertise (e.g., at least one semester
of programming courses) with feedback when designed robot behavior
violates task or social norms. The application of formal verification
can be used to provide feedback in interactive robot learning if the
constraints can be explicitly defined, for instance in temporal logics
(for more details on temporal logics, see Sec. 6.4). However, challenges
remain to make formal methods-based failure detection and recovery
pipelines amenable to interactive robot learning with people who are not
necessarily programmers or roboticists. Alternatively, and depending
on the depth to which the robot understands its limitations, researchers
might be inclined to adopt the strategy of simply having the robot ask
the human for something they can not do by itself (Knepper et al.,
2015).

In interactive robot learning, reliability, robustness, and resilience are
crucial for successful and safe task performance. Reliability ensures task
success in an initial scenario, robustness enables the robot to adapt to
variations, and resilience means that the robot can successfully operate
under more significant disturbances. While human feedback is promising
to correct robot behavior and refine learned policies, it gives rise to
new safety concerns like ensuring safety of newly learned behaviors,
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resolving ambiguous instructions, and transparently explaining what
the robot has learned. More work is needed to fully leverage the benefits
of automated failure recovery and human feedback in interactive robot
learning.

6.6 Conclusion

Interactive robot learning has great potential to build successfully
operating robots in various situations and conditions. It can leverage
advances in the machine learning domain to boost the robustness of the
learned behavior. Moreover, it can directly leverage the human in the
loop to query corrections and additional information to optimize the
resilience of the robot’s behavior.

At the same time, interactive robot learning presents new challenges
and calls for research in the several directions related to safety. Firstly,
as robots might closely interact with humans during interactively robot
learning, it becomes crucial to go beyond the avoid-collision notion of
physical safety, and include aspects such as force, speed, and handling
of potentially dangerous objects during the learning process. Secondly,
ensuring physical safety does not necessarily lead to robots that are per-
ceived as safe by their teachers. In interactive robot learning, it becomes
crucial to investigate how people perceive robot learning systems, how
this perception develops over longer periods of time, especially since
the system itself learns and adapts over time.

A unique challenge becomes to optimize for perceived safety in
interactive learning systems while the system is learning its planner
or policy at the same time. Furthermore, due to the inherent black-
box nature of learning systems and the fact that many teachers might
not necessarily possess programming experience or technical expertise,
it becomes increasingly pressing to endow robots with the ability to
be transparent about what input is needed from teachers, how the
teachers’ input was understood by the system, and what behaviors were
learned from the input. Additionally, it is hard to provide guarantees
in interactive robot learning because we do not necessarily explicitly
model and reason over the interaction.

Future work should investigate how we can formally define different
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interactive robot learning setups and how we can apply formal methods-
based techniques to these settings so that we can give some guarantees
on the interaction and learned behaviors. Finally, interactive robot
learning needs to deal with ambiguous and suboptimal human input,
which will require some level of context-awareness.



7

Ethical Implications of Interactive and
Explainable Robot Learning

Figure 7.1: Overview of key ethical implication and factors discussed in this chapter.

FEthical issues are also important aspects to consider when developing
interactive robot learning systems. For example, consider a scenario
where a hospital introduces an interactive robot to enhance patient care.
The robot is designed to learn from its interactions with healthcare
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professionals, adapting its behavior to provide personalized assistance.
However, as the robot becomes an integral part of the healthcare team,
questions about accountability, privacy, and potential biases in its
learning algorithms emerge. And patients may raise concerns about the
privacy of their medical information, wondering how the robot accesses
and uses sensitive data. This sparks a broader discussion about the
ethical dimensions of using interactive robot learning in healthcare
settings.

In this section, we embark on an exploration of the ethical dimen-
sions surrounding explainable and interactive robot learning. Central
to our inquiry are the themes of accountability, privacy, and the inher-
ent biases that may arise within learning algorithms. Accountability
involves assigning responsibility in the decision-making process of a
robot as it learns and interacts with humans (Raji et al., 2020). Pri-
vacy encompasses the protection of individuals’ personal information
and the confidentiality of their interactions with robots (Stahl and
Wright, 2018). Bias, on the other hand, pertains to the presence of
systematic and unfair favoritism or discrimination in how a robot makes
decisions or responds to inputs during the learning process (Friedman
and Nissenbaum, 1996; Ferrer et al., 2021). Our analysis will extend to
examining current regulatory frameworks and tools designed to mitigate
risks, including privacy violations, varying levels of transparency, and
biases ((Friesen et al., 2021; Galli et al., 2021)). Additionally, we will
scrutinize how interactive robot learning intersects with and impacts
critical issues of diversity, equity, and inclusion ((Hagendorff, 2020b;
Cachat-Rosset and Klarsfeld, 2023)). This investigation aims to provide
a comprehensive understanding of the ethical landscape in which these
advanced technologies operate.

7.1 Accountability

In this section, we will investigate the moral and ethical responsibility
and accountability assignments related to decision-making AI. Ethics
refers to a set of principles governing right and wrong conduct within
a particular context or society. It is concerned with determining what
is morally acceptable behavior and often involves the application of
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philosophical principles to real-world situations. Morality, on the other
hand, relates to personal beliefs and principles regarding what is right
and wrong conduct. It encompasses individual values, principles, and
judgments about what constitutes good or bad behavior. ((Anderson and
Anderson, 2011; Wang and Siau, 2018; Wallach and Vallor, 2020)). In the
context of interactive robot learning, moral considerations may involve
ethical principles that govern the actions and interactions of robots with
humans. Accountability remains a controversial topic in learning-based
systems, and there has been considerable debate regarding which party
should be held responsible when an Al system causes damage to users,
properties, or violates social norms ((Smith, 2021)). The crux of this
debate centers on whether the designers and developers or the users
and operators should bear this responsibility. (Smith, 2021) explore the
use of opaque Al systems in clinical decision-making, pointing out that
the vagueness of Al systems complicates accountability, making it hard
to assign responsibility. A legal framework could guide stakeholders and
address potential patient harm scenarios. (Lima et al., 2021) examine
perceptions of moral responsibility in Al and human agents in bail
decision-making contexts. Results show Al agents are held causally
responsible, similar to humans, but humans are attributed more present-
looking and forward-looking responsibility The study highlights the
need for explainable Al in decision-making systems.

"Responsibility gaps" refer to situations in the context of advanced
technology and AI where it becomes unclear who (or what) should be
held accountable for the actions or decisions made by these systems
(Amoroso and Tamburrini, 2019). This gap arises particularly with
technologies like autonomous systems, robots, and Al algorithms that
can make decisions or take actions independently of human control.
(Santoni de Sio and Mecacci, 2021) analyzes the "responsibility gap"
in AI through philosophical and legal perspectives. It critiques current
simplistic approaches and proposes an integrated method based on
"meaningful human control" to address these gaps.

(Gunkel, 2020) explore three approaches to address responsibility
gaps. The first is using the strict instrumental theory, maintains that
all responsibility should be attributed to human beings. It views tech-
nology, including sophisticated robots, as mere tools or instruments of
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human decision-making and action. Under this theory, humans are fully
accountable for whatever the technology does or fails to do. Second is
assigning quasi-responsibility to machines. This perspective suggests
that machines, particularly advanced robots, can be assigned a level of
functional responsibility, implying that while robots are not full moral
agents, they can hold a certain degree of accountability for their actions.
The last is the distributed responsibility. This approach proposes a more
nuanced distribution of responsibility across a network of interacting
components, which includes both human and non-human elements. It
acknowledges the complexity of modern socio-technical systems and
suggests that responsibility should be shared among various contributors
to the system, rather than being assigned to a single agent.

Value alignment has been adopted to address the accountability
issue in interactive robot learning. Value alignment refers to the process
of ensuring that the values of individuals, entities, or systems are
consistent or compatible with each other ((Sierra et al., 2021)). In
interactive robot learning, value alignment helps establish clear lines of
responsibility between humans and robots. When robots are designed
to align with human values, it becomes evident who is responsible
for the robot’s behavior — whether it’s the designers, programmers, or
the robot itself ((Gabriel, 2020; Nyholm, 2023)). (Sierra et al., 2021)
introduce a formal model representing values through preferences and
outlines methods for computing value aggregations, both in terms of
preferences among groups of agents and preferences related to sets of
values. The paper defines and computes value alignment concerning a
given norm with respect to a particular value. The focus is on norms
as they govern behavior, and the alignment of a system with a specific
value is influenced by the norms it follows.

Explainable models in interactive robot learning can also help al-
leviate the responsibility gaps arising from the increasing complexity
of models used in this field. With the improvement in computing per-
formance and the growing popularity of GPT, Large Language Models
(LLMs) are being increasingly employed in interactive robot learning
((Liu et al., 2023a; Park et al., 2023; Koubaa, 2023; Tambwekar et al.,
2023a)). However, LLMs often function as complex models with opaque
decision-making processes. This lack of transparency can pose challenges
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in understanding how the model reaches specific decisions or responses,
complicating accountability in cases of misleading outputs or errors.
Explainable Artificial Intelligence (XAI) enhances transparency by pro-
viding insights into the decision-making processes of LLMs ((Ali and
Kostakos, 2023; Datta and Dickerson, 2023)). This allows developers,
users, and stakeholders to understand and interpret model outputs,
ultimately reducing the responsibility gaps.

In conclusion, ethical considerations and accountability in interac-
tive robot learning pose complex challenges. Debates over responsibility
highlight the need for clear attributions, with legal frameworks, explain-
able Al, and value alignment proposed as solutions. The concept of
"responsibility gaps" emphasizes the need for distinct accountability in
advanced technologies. Various approaches, such as strict instrumental
theory, quasi-responsibility, and distributed responsibility, are explored.
Additionally, the use of explainable models in interactive robot learning
is crucial for transparency, reducing accountability challenges linked to
complex models like Large Language Models.

7.2 Privacy

Privacy concerns in interactive robot learning stem from their data
collection capabilities, mobility in real-world environments, and the
perception of robots as social entities by humans. This section delves
into mechanisms to bolster resilience against data leakage and explores
governmental inclinations to regulate this evolving field. The intersection
of robotics and privacy necessitates a nuanced examination of tools and
regulatory frameworks to ensure responsible and secure deployment of
interactive robots in diverse settings.

One side of the privacy in interactive robots is to constrain the
navigation and manipulation of the robot before it get access to the
privacy data. For example, patients’ units could be considered as private
if the interactive robot is not designed for nursing. And in government
or military buildings, there could be areas that are classified that should
be forbidden for the interactive service robots to enter. The most intu-
itive method entails delimiting the robot’s permissible planning space
by explicitly defining its configuration space ((LaValle, 2006)). Yet,
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the manual articulation of this "configuration space" proves to be a
formidable task for humans, as their apprehension of the world tran-
scends mere numerical abstraction, in contrast to the robotic perspective.
Human cognition is inherently imbued with semantic nuances, wherein
the world is perceived through layers of meaning.

To address this challenge, researchers have sought to utilize seman-
tic maps to create an environment representation that is consistent
with human comprehension. This approach goes beyond the numerical
constraints and offers a more intuitive means for humans to articulate
and specify the configuration space ((Galindo et al., 2005), (Galindo
et al., 2008), (Kantaros and Pappas, 2019), (Cartillier et al., 2021)). In a
healthcare setting, a semantic map might include information about the
locations of medical equipment, patient rooms, and safety zones. People
can manually specify which areas the robot shouldn’t access, which
offers a more intuitive way for specifying the robot’s configuration space.
By incorporating semantic meanings, these maps not only enhance
interpretability but also contribute to a more seamless integration of
human insights into the robotic planning process.

Restrict the camera of the robot from collecting sensitive contents is
another side of the privacy concerns. In interactive robot learning, this
pertains to eliminating privacy-related information before it is stored
and utilized in the training procedure. (Templeman et al., 2014) propose
a framework to allows users to mark private areas, like bathrooms, to
prevent unintended image sharing. It identifies and flags images from
"blacklisted" private areas using detailed image analysis, combining
fine-grained and coarse-grained features. (Fleck et al., 1996) present
an automatic method to detect nudity in images without manual inter-
vention. The technique combines color and texture analysis to create
a skin mask effective across various skin tones. It then uses geometric
constraints to identify human figures. Pixelating, blurring, redacting,
and replacing are also adopted to obscure the privacy-sensitive parts
of the image or video ((Zhao and Stasko, 1998), (Boyle et al., 2000),
(Rother et al., 2004), (Gerstner et al., 2012), (Korshunov and Ebrahimi,
2013), (Raval et al., 2014), (Hubers et al., 2015), (Hubers et al., 2015)).

In the realm of interactive and explainable robot learning, the in-
tegration of federated learning alongside techniques like differential
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privacy has become pivotal for addressing privacy-related concerns (Tri-
astcyn and Faltings, 2019; Wei et al., 2020; Hu et al., 2020; Wei et al.,
2023). Unlike traditional centralized machine learning, where data is
collected and stored in a central server for training, federated learning
allows training models directly on decentralized devices or servers where
the data resides, without exchanging the data itself (McMahan et al.,
2017; Li et al., 2020b; Chen et al., 2023a). This approach helps to
preserve user privacy by keeping sensitive data localized and reducing
the risk of data breaches or unauthorized access. Differential privacy,
a key component of federated learning, adds noise to the training pro-
cess, preventing the extraction of sensitive information from individual
data samples and further enhancing privacy protection (Dwork, 2006;
Dwork, 2008). By combining federated learning with differential privacy
techniques, interactive robot learning systems can effectively mitigate
privacy concerns associated with centralized data collection and model
training. This integration fosters an environment of confidentiality and
user trust, essential for the successful deployment and acceptance of
interactive robot learning systems.

The last defence to the privacy it to protect the collected data
against leakage. Multiple countries has passed laws to regulate privacy
issues in machine learning and robot community. The United States
proposed the California Consumer Privacy Act ((State of California -
Department of Justice - Office of the Attorney General, 2018)), granting
Californian residents rights to know and delete their personal data,
applying to companies, including those handling data collected by robots.
The European Union enacted the General Data Protection Regulation
((General Data Protection Regulation (GDPR) — Official Legal Text
2016)), a comprehensive global data protection law with strict rules
impacting how robots and Al systems manage data. Canada’s Personal
Information Protection and Electronic Documents Act ((Act, 2000))
sets rules for handling personal information in commercial activities,
applying to data collected by robots. Japan’s Act on the Protection
of Personal Information ((Ministry of Justice, Japan, 2020)) governs
personal data processing, requiring businesses to specify data usage,
obtain consent, and ensure security.

In summary, in tackling privacy concerns within interactive robot
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learning, the approach involves three main facets. First, there’s a need to
control the robot’s movements and actions concerning privacy-sensitive
data. Techniques like defining permissible planning spaces or using
semantic maps are used to establish these constraints. Second, privacy
concerns extend to the data collected by robots, especially content
captured by cameras. Additionally, integrating techniques like federated
learning and differential privacy further strengthens these efforts, en-
suring robust privacy protection in interactive robot learning systems.
The last is to protect the collected data against leakage. This mainly
depends on the legislative efforts from governments, like the California
Consumer Privacy Act and the General Data Protection Regulation.
Those laws play a critical role in governing how robots handle and
manage data, addressing legal challenges related to privacy in the realm
of robot learning and human-robot interaction systems.

7.3 Biases

The issue of bias in learning systems is a significant concern in interactive
and explainable robots. The bias often stems from the data used to
train the systems, which may reflect historical or societal biases, and
from the subjective decisions made during their design and development
by humans.

There are two types of bias in interactive robot learning: data-
level bias and model-level bias ((Londonio et al., 2022)). Bias at the
data level in robot learning occurs when the data includes human
biases or lacks fair representation of diverse samples. The learning
algorithms can substantially reproduce and potentially magnify the
unfair scenarios that are either explicitly or implicitly present in the
data used (Silva et al., 2021). For example, in an interactive robot
learning scenario, human teachers might conduct biased demonstrations
and provide prejudiced feedback, leading the robot to learn and exhibit
biased behavior. Additionally, interactions occurring in specific contexts
could result in contextual bias, limiting the applicability of the trained
robot to other environments (Leslie, 2020). Model-level bias refers
to discriminatory behavior or reinforcement of harmful stereotypes.
Stemming from inherent characteristics of machine learning algorithms
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and the design of objective functions during training, this bias may cause
robots to associate certain features, such as race, age, or gender, with
specific characteristics in their predictions or interactions (Cavazos et al.,
2020). Addressing this issue requires prioritizing ethical considerations,
including the use of diverse datasets, mitigation strategies to identify
and correct biases, and establishment of policies to ensure adherence to
ethical standards and mitigate potential harm (Hundt et al., 2022b).

Before addressing bias, it is essential to detect bias in the model.
Explainable models play a significant role in bias identification. Tools
such as SHAP (SHapley Additive exPlanations, (Lundberg and Lee,
2017)) and LIME (Local Interpretable Model-agnostic Explanations,
(Ribeiro et al., 2016)) are commonly employed for understanding the
importance of different features in the model’s decision-making process.
These tools allow for the analysis of individual features and predictions,
enabling the identification of any disproportionate contributions to
biased predictions ((Teso and Kersting, 2018; Teso and Kersting, 2019;
Sano et al., 2021)).

Addressing data-level bias can be approached in various ways within
the context of interactive robot learning. One approach involves prepro-
cessing the training data to obtain a cleaner or restored version of the
dataset. Methodologies from the broader field of machine learning can
be leveraged for this purpose. For instance, a common but naive strategy
is to remove bias-sensitive entries such as gender and age ((Grgic-Hlaca
et al., 2016)). However, this approach may inadvertently eliminate cor-
relations between these sensitive attributes and other relevant factors
((Londornio et al., 2022)). Instead of directly removing bias-sensitive
attributes, innovative methods have been proposed. For example, (Ha-
gendorff, 2020a) suggest a novel approach that selects training data
based on ethical assessments of behavioral data, considering social and
psychological backgrounds. Additionally, researchers have developed
algorithms to repair contextual bias in Deep Neural Networks (DNNs).
(Agarwal et al., 2022) introduced a data repair algorithm focusing on
curating a balanced dataset by selecting samples that are fair in terms
of co-occurrence with various classes for a protected attribute. This
approach has been shown to train fair models across different tasks,
architectures, and methodologies, without compromising overall per-
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formance. Similarly, (Calmon et al., 2017) presented a probabilistic
approach to data preprocessing aimed at reducing discrimination in
algorithmic decision-making. Another strategy to mitigate data-level
bias is to create a diverse dataset. (Padalkar et al., 2023) investigated
this methodology by developing a policy for a versatile robotic sys-
tem capable of effectively adjusting to various robotic platforms, tasks,
and surroundings. They offered datasets in standardized layouts along
with models for robotic manipulation, showcasing beneficial knowledge
transfer and enhanced performance across a range of robotic systems.
The model trained on data from 22 different robotic configurations
displayed a success rate 50% higher than that of current state-of-the-art
techniques.

Methods of adding a additional reward or penalty term to the reward
function during training are widely adopted to mitigate the model-level
bias ((Kamishima et al., 2012), (Iosifidis and Ntoutsi, 2018), (Agarwal
et al., 2018), (Wilson et al., 2019), (Tartaglione et al., 2021)). This
suggests that a negative reward could be applied if the interactive robot
learning algorithm is favoring a certain category of policy. Transfer
learning is also use to enhance fairness. (Schumann et al., 2019) explore
the challenge of ensuring fair predictions by models in new or unex-
pected cases, highlighting the gap in fairness literature regarding this
issue. It treats such scenarios as domain adaptation problems, proposing
a method to transfer debiasing strategies from a well-researched source
domain to a less understood target domain. This approach provides
theoretical guarantees for improving fairness across various domains
and demonstrates empirically that these strategies can enhance fairness
metrics even in data-sparse situations. (Zhang et al., 2018) use adver-
sarial learning technique to mitigate biases in learning systems. The
approach aims to enhance prediction accuracy while minimizing the
adversary’s success in predicting the protected attribute, thus reducing
bias. Drawing inspiration from these works, addressing model-level bias
in interactive robot learning systems could benefit from similar ideas.
(Hundt et al., 2022b) reveal extensive bias and discrimination in robot
learning. The study shows robots perpetuating toxic stereotypes related
to gender, race, and physiognomy. The interdisciplinary analysis calls
for a pause on robot learning methods manifesting harmful stereotypes
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until safety and fairness are ensured. The authors also advocate for
comprehensive policy changes and interdisciplinary research.

In addition, explainability methods are another approach to reduce
the bias in robot leaning. Explainable AT (XAI) provides transparency
in how the robot makes decisions((Kim et al., 2018), (Cultrera et al.,
2020), (Paleja et al., 2022), (Omeiza et al., 2021b)). By understanding
the rationale behind decisions, developers and users can identify and
address potential biases in the robot’s learning process or its decision-
making algorithms. For instance, if a robot consistently makes decisions
that favor one group over another, the underlying reasoning provided
by XAI can help pinpoint the source of this bias. Here, explainability in
interactive robot learning is not just about making the robot’s decisions
understandable; it’s also a critical tool for identifying, understanding,
and reducing biases in Al systems.

In conclusion, mitigating bias in interactive robot learning involves
addressing both data-level and model-level biases. Data-level bias can be
reduced through preprocessing techniques or using more diverse dataset
to ensure fair representation. Model-level bias mitigation includes adding
reward or penalty terms during training, employing transfer learning for
domain adaptation, and using adversarial learning techniques. Addition-
ally, Explainable AI (XAI) plays a crucial role in both revealing bias
and reducing biases by making the learning process and its outcomes
understandable and accountable. This multifaceted approach is essential
for developing fair and unbiased Al systems.

7.4 Transparency

Transparency in the context of intelligent agents, particularly robots,
refers to the capacity of the system to provide meaningful information
to its end-users.A transparent robot or Al algorithm should include
mechanisms that allow end-users to obtain precise interpretations of
various aspects, such as the system’s capabilities, objectives, ongoing
progress, sensory inputs, reliability, and comprehensive reports of any
unexpected events. This information should be presented in a format
that is readily understandable to humans, enabling users to comprehend
and assess the system’s operations effectively (Andreas Theodorou and
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Bryson, 2017).

As robots transition into real-world applications, there is a grow-
ing emphasis on transparency in regulatory frameworks. General Data
Protection Regulation (GDPR) by (European Parliament and Council
of the European Union, 2016) and the “Civil Law Rules on Robotics"
by (European Parliament, 2017) specifically underscore transparency
principles. These regulations necessitate that autonomous or artificially
intelligent robots provide rationales for every decision, emphasizing the
need to make system computations understandable and explainable to
humans. The resolution also advocates for a “black box" in advanced
robots, recording data on transactions and the logic behind each de-
cision. Therefore, the resolution essentially calls for interactive robots
to be both explainable and interpretable, highlighting the importance
of providing rationales for every decision made by autonomous or ar-
tificially intelligent robots, and emphasizing the need to make system
computations understandable to humans.

7.5 Diversity, Equity, and Inclusion

As robots increasingly engage with individuals in diverse social settings,
it has become imperative to design robots that cater to the information
needs and values of a broad user base. This research area is crucial for
interactive robotics, where users differ in terms of race, ethnicity, and
gender. Diversity, within this context, encompasses variations among
individuals, including race, nationality, gender, sexual identity, disability,
and other distinctive characteristics (Grubbs, 2020). Equity involves
providing fair opportunities based on individual needs, striving for an
equitable playing field (Walster et al., 1973). Inclusion aims to establish
an environment where individuals, regardless of differences, can actively
engage and access opportunities for participation (Goodin, 1996).
Recent discourse within the robotics community has brought at-
tention to potential shortcomings, uncovering biases present in current
robot learning algorithms (Londofio et al., 2022), emphasizing how
these biases can manifest as racial and gender stereotypes (Hundt et al.,
2022a). The deployment of pre-trained machine learning models in
robots can result in the inheritance and enactment of biases, including
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racial, gender, and physiognomic stereotypes (Hundt et al., 2022a). In
the era of foundational robotics models (Firoozi et al., 2023), where
extensive data trains general-purpose robots, it becomes imperative to
scrutinize the impact of these models on diversity, equity, and inclusion.
Bommasani et al., 2022 provide a comprehensive exploration of the
potential harms caused by foundational models, underscoring the dispro-
portionate impact on marginalized communities. In their work, Birhane
and Dijk, 2020 delves into the question of accountability regarding the
harm caused by these biases. Addressing these inequities necessitates
a multifaceted approach, encompassing proactive interventions (e.g.,
data-centric and model-centric changes) and reactive measures (e.g.,
feedback mechanisms and accountability). More detailed discussion on
the algorithms and methods being used to mitigate such effects can be
found in Section 7.3.

7.6 Psychological Wellbeing

Interactive and explainable robotics offer promising avenues for enhanc-
ing psychological well-being by providing personalized and empathetic
support in various contexts. These technologies enable robots to engage
with individuals in meaningful interactions, offering companionship,
assistance, and therapeutic interventions tailored to their unique needs
(Feil-Seifer and Matarié¢, 2009; Broadbent et al., 2011). For an in-depth
examination of methods and techniques used in interactive and ex-
plainable robotics aimed at enhancing mental well-being, readers are
encouraged to consult Section 9.1.

7.7 Design Guidelines for Ethical Concerns in Interactive and Ex-
plainable Robot Learning

Ethical concerns in interactive and explainable robot learning are crucial
aspects to consider in the development and deployment of interactive
and explainable robot learning systems. We propose a set of guidelines
to assist the development of future research:

1. Ethical Decision-making Frameworks: Equip interactive
robots with ethical decision-making frameworks to guide their
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behavior in morally ambiguous situations. Incorporate ethical
principles such as beneficence, non-maleficence, autonomy, and
justice into the robot’s decision-making processes.

2. Accountability Frameworks: Establish clear lines of account-
ability within the interactive robot learning ecosystem. Define
roles and responsibilities for developers, operators, and users to
ensure accountability for the robot’s actions and decisions.

3. Privacy-preserving Measures: Implement robust privacy-preserving
measures to safeguard users’ sensitive information. Minimize data
collection and processing, and employ techniques such as feder-
ated learning and differential privacy to mitigate privacy risks
associated with interactive robot learning.

4. Informed Consent: Obtain informed consent from users before
collecting or processing personal data or engaging in potentially
intrusive activities. Clearly communicate the purposes and impli-
cations of robot interaction to enable meaningful consent.

5. Fairness-aware Design: Mitigate biases in interactive robot
learning algorithms to promote fair treatment of all individuals.
Implement fairness-aware techniques during model training and
evaluation to prevent the propagation of discriminatory outcomes.

6. Transparency: Ensure transparency by enabling robots to pro-
vide clear explanations for their decisions, making system compu-
tations understandable to humans, and allowing users to interpret
the reasoning behind each decision.

7. Uphold Principles of Diversity, Equity, and Inclusion:
Ensure diversity, equity, and inclusion in interactive robotics by
designing robots that cater to the information needs and values
of a broad user base, encompassing variations in race, ethnicity,
gender, sexual identity, disability, and other distinctive character-
istics. Strive for fairness and equity by mitigating biases in robot
learning algorithms, addressing potential manifestations of racial
and gender stereotypes. Additionally, promote transparency and
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accountability regarding the impact of biases in robotics, ensuring
proactive interventions and reactive measures to address inequities
and foster diversity and inclusion.

7.8 Conclusion

In conclusion, the integration of interactive and explainable robot learn-
ing stands as a transformative force, with profound impacts on industry
and society. The amalgamation of these technologies not only enhances
production efficiency and safety but also facilitates rapid skill acquisi-
tion, fostering collaboration and acceptance. Nonetheless, challenges
persist, particularly in building trust through explainable robots amidst
concerns of manipulation and ethical dilemmas. Moreover, ethical consid-
erations, accountability frameworks, privacy safeguards, bias mitigation
strategies, transparency mandates, and efforts toward diversity, equity,
and inclusion are vital aspects that must be addressed to navigate the
complexities of interactive robot learning responsibly. Moving forward,
a multidisciplinary approach, informed by ongoing research and ethical
deliberations, is crucial to harnessing the potential benefits while miti-
gating potential risks, particularly in domains like healthcare where the
impact on psychological wellbeing holds significant promise.
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Evaluation, Metrics, and Benchmarking of
Interactive and Explainable Robot Learning

Metrics and benchmarks play a pivotal role in evaluating the perfor-
mance of robotic systems, with the choice of metrics varying according
to the specific application. For instance, in autonomous navigation tasks,
metrics such as the success rate Rosenberger et al. (2020) and collision
rate (Nishimura and Yonetani, 2020) are of paramount importance.
Conversely, for a robotic tour guides, tour accuracy and user satisfac-
tion with the experience should be focused Cantucci and Falcone (2022).
Although literature reviews have been conducted on metrics within
the domains of robot handover (Castro et al., 2021), Human-Robot
Interaction (HRI) (Coronado et al., 2022), and XAI (Hoffman et al.,
2018), these reviews are either very specific in certain application or
incorporate excessive metrics, which, within the authors’ knowledge,
have not been utilized in the papers pertaining to interactive and ex-
plainable robot learning. Therefore, the existing surveys do not align
precisely with the focus of our topic. In this chapter, we exclusively
examine papers related to interactive and explainable robot learning.
We aim to elucidate the definition, differentiate between metrics that
appear similar, and provide design guidelines for the application of these
metrics. Additionally, we present examples illustrating the application
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Figure 8.1: Overview for metrics in interactive robot and explainable learning.

of these metrics in relevant research.

Figure 8.1 summarizes the metrics which are discussed in the sub-
sequent sections. In section 8.1, we discuss task performance metrics
such as success rate, rewards, sample efficiency, responsiveness, and
accuracy, their relevance extends beyond mere performance evalua-
tion in interactive robot learning. In section 8.2, we discuss how task
performance metrics, serving as objective measures, also complement
subjective metrics such as user satisfaction, trust, and usefulness to
provide a comprehensive evaluation of interactive and explainable robot
system. In section 8.3, we discuss safety in interactive and explainable
robot learning. We summarize physical safety metrics such as colli-
sion rate or confidence, the psychological metrics, arising from humans
teaming or collaboration with robots, and the perceived safety metric.
Although safety have a broad spectrum of concerns, we also include
some rare yet insightful metrics for reference. In Section 8.4, we summa-
rize the benchmarks utilized by research papers focusing on interactive
and explainable robot learning. Furthermore, we include a list of pa-
pers associated with these benchmarks, providing detailed insights into
how these benchmarks are applied within the scope of their respective
studies.
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8.1 Task Performance Metrics

Success rate is a crucial metric in evaluating the performance of interac-
tive robot learning. It is often defined by the probability of the robot
that can successfully complete a task. This metric is widely used in many
interactive robot learning applications, such as objects manipulation
(Rosenberger et al., 2020; Mittal et al., 2023; Jang et al., 2022), object
handovers between humans and robots, (Koene et al., 2014; Yang et al.,
2020b; Grigore et al., 2013), food preparation (Tai et al., 2023; Grannen
and Wu, 2022), autonomous navigation (Li et al., 2020a; Eysenbach
et al., 2019), surgical assistance (Long et al., 2023; Scheikl et al., 2022;
Chiu et al., 2021), social assistance (Satake et al., 2009; Yousuf et al.,
2019), etc.

Success rate is very useful in scenarios where the objectives are clearly
defined and success can be unambiguously determined. The objectives
could be completion of a physical task, achieving a specific threshold or
target value, or meeting any other criteria that is clearly defined. This
could include physical tasks like passing the correct tools for the worker
repairing a vehicle (Rosenberger et al., 2020) or social interactions like
approaching and assisting visitors in a shopping mall (Satake et al.,
2009). Thus, the proportion of the successful interactions between robot
and human can be clearly annotated. Success rate are sometimes used
together with rewards or sample efficiency, which will be discussed later
in this section. The design guidelines in these studies emphasize the
establishment of specific and measurable objectives for robot interactions
and tasks, ensuring a clear definition of what constitutes success.

Accuracy is a crucial metric in interactive robot learning. Unlike
the success rate, which solely captures the completion of the final goal,
accuracy is extensively used to evaluate performance in a range of
scenarios, especially for subtasks. For instance, Sun et al. (2020) apply
accuracy to assess the performance of predicted assembly sequences
for individual components. Wang et al. (2021) employ this metric to
measure the effectiveness of their proposed model for predicting human
hand-over intentions. Similarly, Chao et al. (2010) utilize accuracy to
quantify the learning performance of robots in recognizing symbols from
human instructors. Another study Kim et al. (2017) focus on using
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accuracy to evaluate a robot’s capability in recognizing gestures and
accurately mapping these gestures to corresponding robot actions in
parallel. This widespread adoption of accuracy as a measure underscores
its significance in designing interactive robot learning systems. It sug-
gests a design guideline where accuracy should be prioritized alongside
success rate, ensuring that each subtask is finely tuned for optimal
overall performance.

Accumulated rewards or returns stand out as fundamental metrics in
the realm of reinforcement learning (RL) as shown in Figure 3.2. They
typically refer to the total reward an agent or robot accumulates over
a duration and are usually calculated as the aggregate of the rewards
multiplied by a discount factor over time. In many scenarios, there’s a
strong link between accumulated rewards and success rates, typically
because the highest rewards are often given upon task completion.
Nonetheless, this correlation is not always consistent. For instance, in
meta-reinforcement learning (meta-RL), policies may struggle to adjust
to new tasks for improved performance, despite higher rewards in smaller
tasks (Jiang et al., 2021). Similarly, in inverse reinforcement learning
(IRL), the ambiguity can result in multiple paths to high rewards,
not necessarily translating to higher success rates (Chen et al., 2020c).
However, unlike the success rate, which only evaluates the final outcome,
the accumulated rewards or returns offer a more comprehensive insight
into the process of the motion of the agent or robot, capturing the
quality of actions from start to finish. Moreover, accumulated rewards
sometimes serve as the constant metric (achieving the same rewards
with less demonstrations or samples) to measure the sample efficiency
(Mueller et al., 2018), which will be discussed later in this section.
Accumulated rewards or returns are also widely used in interactive
robot learning with RL framework. Moreira et al. (2020a) use returns to
prove their proposed algorithm was better than the baseline algorithm
in object manipulation. Cruz et al. (2016) employ accumulated rewards
to assess their interactive RL method against baselines, validating the
method’s performance. Hoque et al. (2023) used accumulated reward
as a key metric to compare their Fleet-DAgger algorithm with other
baseline algorithms. Li et al. (2020a) apply accumulated reward to
evaluate their HRL4IN algorithm in robot navigation against baseline
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models. Lee et al. (2021) measure the performance of their proposed
unsupervised PEBBLE algorithm against baselines using returns. The
design guidelines in these studies focus on ensuring the reward shaping
within the learning framework is representative and consistent, which is
crucial for effectively comparing different RL algorithms.

Sample efficiency refers to an algorithm’s ability to achieve a desired
performance level with fewer training samples (Rajeswaran et al., 2018).
In interactive robot learning, sample efficiency can also be reflected by
achieving a desired performance with fewer number of demonstrations
or corrections made by human (Mueller et al., 2018). Sample efficiency
is crucial because it is time consuming and expensive to obtain human
demonstrations. This metric is usually used for the scenarios where
robot learns from human teacher, as the involvement of human expertise
can significantly accelerate the robot’s learning process and reduce
the number of learning epochs required to meet specific performance
benchmarks (Argall et al., 2009a). Note that sample efficiency differs
from temporal efficiency. The former emphasizes learning effectively
from a limited number of interactions, whereas the latter focuses on
the amount of wall-clock time to finish a task with or without human
in the loop. We delve into the implications of temporal efficiency on
responsiveness in subsequent discussions.

To evaluate sample efficiency, it is essential to measure other metrics
as constant metrics, such as success rate (Long et al., 2023), accumu-
lated rewards (Subramanian et al., 2016), accuracy (Nair et al., 2020),
or other metrics within the interest. Many works in interactive robot
learning proposed methods to improve the sample efficiency with human
in the loop. Zhang et al. (2023) show human feedback on robot learn-
ing can significantly improve the sample efficiency for learning object
moving task compared to pure RL frameworks such as soft actor-critic
(SAC) algorithm. Mueller et al. (2018) illustrate the sample efficiency
can be significantly improved for placing and pouring task with human
corrections and annotated constraints. Karamcheti et al. (2022) intro-
duce language-informed learning to improve the sample efficiency across
multiple tasks on a robot arm. The design guidelines for employing sam-
ple efficiency as a metric are particularly pertinent in scenarios where
robots are challenging to train using pure Reinforcement Learning (RL)
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algorithms or when the availability of human demonstrations is limited.

Responsiveness in the context of interactive robot learning and
operation is defined by several key factors, including execution time,
human idle time, and robot idle time. It encapsulates the system’s
ability to react and adapt to inputs or changes in the environment
promptly. This refers to the duration a robot takes to complete a given
task or respond to a command. Shorter execution times indicate higher
responsiveness, as the robot can quickly carry out actions or adapt to
new instructions. Long execution time can impair a robot’s performance,
particularly in fast-paced, dynamic environments such as autonomous
driving (Schrum et al., 2023b) or playing sports (Zaidi et al., 2023).
Utilizing large deep learning models can achieve high performance
(Mabhler et al., 2017; Mahler et al., 2018), but their long execution time
poses significant challenges on the robot’s ability to frequently update
its planning to a dynamic environment. Many works used execution
time as one of the metrics to evaluate the robot system. Morrison
et al. (2020) use this metric to assess their real-time reactive grasping
system, while Kivrak et al. (2021) employ it to measure path planning
efficiency in dynamic environments for social robots. Moreover, robot
and human idle time are also crucial in human-robot collaboration,
serving as measures of team fluency (Hoffman, 2019). Casalino et al.
(2019) use both human and robot idle times to evaluate the efficiency
of their scheduling method in human-robot assembly tasks. Lasota and
Shah (2015) and Nikolaidis et al. (2015b) also utilize these metrics
to assess their human-aware motion planning algorithms and improve
human-robot teaming efficiency, respectively. The design guideline for
execution time hinges on whether the robot operates in a dynamic
environment. For human and robot idle times, the key consideration is
the involvement of human-robot collaboration and ensuring that users
or robots do not experience significant delays or inefficiencies during
the interaction.

In conclusion, we’'ve examined key metrics essential for assessing
interactive robot learning performance. Success rate is a core metric
evaluating the robot’s task completion capability, from physical to social
interactions. Accumulated rewards or returns, particularly relevant in
Reinforcement Learning, offer a holistic view of performance over time.
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Accuracy, important for evaluating robot perception, provides nuanced
performance insights. Sample efficiency highlights the algorithm’s abil-
ity to achieve outcomes efficiently with minimal training or human
intervention, underlining the importance of optimizing human input.
Responsiveness, which includes execution, robot idle, and human idle
times, is vital for seamless human-robot interactions in changing envi-
ronments. Collectively, these metrics create a comprehensive framework
for evaluating and improving interactive robot learning.

8.2 Metrics for Explainability

Evaluating an explainable robot system involves two types of metrics:
objective and subjective. Objective metrics focus on quantifiable as-
pects of robot task performance as discussed. These metrics offer clear,
measurable data on how well the robot performs tasks alongside its
explanation component. Subjective metrics assess user perceptions, sat-
isfaction, trust, and situation awareness. These metrics capture the
human experience, including how users understand, interact with, and
feel about the robot, which objective metrics cannot quantify. This
section discusses both objective and subjective metrics and their appli-
cation in recent interactive and explainable robot learning studies.

8.2.1 Objective Metrics

Task performance metrics, which discussed in section 8.1, are usually
adopted as objective metrics in explainable robot learning. These metrics
are not directly used to assess the explainability, but provide a objective
way to measure the impact of the explainability on the performance of a
robotic system. For instance, success rate is adopted by Mitrevski et al.
(2020) as a measure of impact of explainability on object manipulation
tasks. Cruz et al. (2022) use success rate as a metric to measure the
impact of explainability on non-expert end-users. Sample efficiency
and accuracy are both employed by Riley and Sridharan (2019) to
assessed the explainability impact of their framework, which aids in
understanding objects, relationships, and outcomes in a scene.
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However, we also observe other performance metrics, which are not
widely used in interactive robot learning, but adopted in explainable
robot learning. F1 score, a variation of accuracy, are largely used in
explainable robot learning to evaluate the performance impact from
explainability where the data has false positive and false negative labels.
For instance, Kulesza et al. (2015) exams the changes in F1 score to
assess explanatory debugging in human-robot interaction, addressing
challenges in building mental models by users. Das et al. (2021b) utilize
F1 score as metrics to evaluate explainability for failure identification.
Recall is another variation of accuracy metric used in explainable
robot learning. For instance, Das and Chernova (2021) use recall to
evaluate the explainability of a system. Recall is chosen as a metric
in this paper to measure the failure identification. Compliance ratio
is also a task performance in explainable robot learning. Pynadath
et al. (2022) use compliance ratios to assess the impact of explainability,
providing insights into user adherence and correct implementation of
robot guidance or explanations.

In conclusion, task performance in interactive robot learning can
be used as objective metrics in explanable robot learning. But we also
observe the nuanced difference in task performance metrics between
explainable robot learning and interactive robot learning lies in the
requirement for the robot to provide explanations to humans. F1 score
has a better balance between the precision and recall. Additionally,
the compliance ratio, measuring the human willingness to accept the
explanation, is also a significant factor for explainable robot learning.

8.2.2 Subjective Metrics

Subjective metrics play a pivotal role in interactive robot learning, par-
ticularly in assessing the explainability of robot systems. Explainability,
the ability of a robot to clearly articulate its actions and decisions to
human users, is vital for user comprehension and effective human-robot
interaction. To measure the quality of explainability, it is essential
to obtain direct feedback from users, typically obtained through well-
structured user studies, questionnaires, or interviews. This feedback
provides valuable insights into user perceptions and experiences, making
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subjective metrics a direct and impactful means of measuring explain-
ability in human-robot interactions.

The Likert scale, as noted by (Joshi et al., 2015), stands out as a
predominant method for assessing explainability in user studies. For
instance, Hoffman et al. (2023) craft questions such as "The explanation
of how the [software, algorithm, tool] works is satisfying" to gauge user
satisfaction. Similarly, to evaluate human trust in robot systems, Hoff-
man et al. (2023) utilize inquiries like "I am confident in the [software,
algorithm, tool]. I feel that it works well." Despite its widespread applica-
tion, recent research has highlighted a significant drawback of relying on
single-prompt Likert scales. Such an approach, though straightforward,
is problematic due to the nature that a high degree of measurement
error arises when a participant is asked to respond only to a single
prompt Schrum et al. (2020). A more effective strategy for capturing
subjective metrics involves averaging feedback across a series of prompts.
For example, to measure human trust, a diverse set of statements could
be used, including "Most robots make poor teammates," "Most robots
possess adequate decision-making capability," "Most robots are pleasant
towards people," and "Most robots are not precise in their actions," as
suggested by (Mittu et al., 2016). Consequently, the construction of a
Likert scale represents a critical consideration in the evaluation of sub-
jective metrics, necessitating meticulous attention to ensure reliability
and validity.

User satisfaction emerges as a key subjective metric in the realm of
interactive and explainable robot learning. This metric has been widely
employed to evaluate the impact of explainability on user perceptions.
For example, Cantucci and Falcone (2022) use user satisfaction to
compare the effectiveness of a robotic tour guide with and without
explainability features in an art museum setting. Similarly, Adamik
et al. (2022) apply this metric to assess user satisfaction regarding the
explainability of a robotic system in image processing tasks.

Trust in robotic systems is another crucial subjective metric. Re-
search such as Gao et al. (2020b) use trust as a measure for evaluating
the quality of automatically generated explanations by robots. This
includes assessing how the clarity and relevance of these explanations
influence the trust users place in the systems. Liu et al. (2021a) also
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emphasize trust in their human study, demonstrating that robotic sys-
tems with enhanced explainability yield better performance and greater
user trust. These studies highlight the significant interplay between
explainability and trust in shaping user experiences with Al and robotic
Systems.

Usefulness, as a subjective metric, encapsulates a broad range of
aspects and is often defined by amalgamating multiple metrics. For
instance, Tambwekar and Gombolay (2023) combine ease of use Belanche
et al. (2012), attitude , trust, and intention Belanche et al. (2012) to
use as metrics for measuring explainability, subsequently using overall
usefulness as a gauge for performance. Similarly, Olivares-Alarcos et
al. (2023) employ relevance, understandability, and interpretability to
assess explainability, with usefulness serving as an overarching metric for
performance evaluation. These approaches underscore the multifaceted
nature of usefulness as a metric, integrating various dimensions to assess
the overall performance of robotic systems.

Situation awareness (SA) is a subjective metric to evaluate the
individual’s perception and understanding of the situation (Endsley,
1995). Situation Awareness Global Assessment Technique (SAGAT) is
often employed to collect subjective evaluations of situation awareness
(Endsley, 1995). Paleja et al. (2021) utilize SAGAT to measure human
machining teaming. Endsley (2023) adapt SA to measure the team
situation awareness and showed improvements in Al transparency for
Tesla autopilot. These applications demonstrates SA can be used for
evaluating how well the system’s model of the environment matches the
human operator’s understanding or expectations.

In this section, we explore the metrics for evaluating the explain-
ability of interactive robot learning systems. We distinguish between
objective and subjective metrics, underscoring their respective roles
in quantifying task performance and capturing human perceptions of
explainability. Objective metrics, including F1 scores, accuracy, recall,
and success rates, provide tangible benchmarks for assessing the effec-
tiveness of explainability in improving robotic task performance. These
measures, highlight through various studies, underscore the hypothesis
that enhanced explainability leads to better user engagement and task
efficiency. Subjective metrics underlines the significance of user-centric
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evaluations in interactive robot learning, particularly in the realm of
system explainability. Metrics such as user satisfaction, trust, and use-
fulness, predominantly derived from user feedback and perceptions,
offer invaluable insights into how humans interact with and comprehend
robotic systems. Liker scale is one of the most common way to measure
the subjectic metrics, but the sufficient and valid prompts are needed
to measure the metrics accurately.

8.3 Metrics for Safety

In the field of interactive robotic learning, ensuring the safety of both
humans and the robots themselves is paramount as human will closely
interact with robots. This involves various measures to enhance the
physical safety or the perceived safety. As discussed in 6.1, physical
safety refers to avoiding physical harm or injuries when the robot
is interacting with its environment and users. One typical metric to
measure the physical safety is collision rate. Collision rate is often used
to measure the safety of a robot’s navigation system, with lower rates
indicating better avoidance of obstacles and safer interaction with the
environment (Nishimura and Yonetani, 2020; Spencer et al., 2022). Shao
et al. (2021) use collision rate to measure their reachability approach
for safe navigation of self-driving vehicle and UAVs. Yang et al. (2022b)
utilize collision rate to evaluate their proposed control barrier function
method, which achieved safe inverse reinforcement learning.

Additionally, the quantification of uncertainty or confidence in a
robot’s decision-making can serve as a measurement for the safety of
its policies, especially in learning scenarios (Kelly et al., 2019; Hu et al.,
2023). The probabilistic nature of this approach not only enables users
to set specific confidence thresholds (such as a 95% confidence level) for
the robot’s actions but also facilitates the measurement of uncertainties
during interactive robot training (Menda et al., 2019). This, in turn,
aids in determining the optimal number of demonstrations required for
effective robot learning (Brown and Niekum, 2018; Brown and Niekum,
2017).

In contexts where robots and humans cooperate, risk assessments
consider factors such as human states, transitions, and proximity to
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ensure safety Hayashi et al. (2022). Moreover, achieving perceived
safety is crucial in human-robot interactions, even when robots are
physically safe. The psychological impact on humans when cooperating
with robots warrants significant consideration. For example, a robot’s
rapid movements and proximity to a human can perceive as threat of
danger or physical harm. This aspect of perceived safety can be assessed
through user feedback, as indicated by studies from Akalin et al. (2022),
Marta et al. (2021), and Van Waveren et al. (2023b). Akalin et al.
(2022) also highlight a strong correlation between trust, sense of control,
comfort, and perceived safety, emphasizing the multifaceted nature of
safety perceptions in human-robot collaborations. Furthermore, indices
such as the Social Individual Index (SII) and Relative Motion Index
(RMI), measure the psychological safety of humans around moving
robots, indicating how these interactions affect human perceptions and
reactions Kivrak et al. (2021).

In other scenarios, specific metrics were adopted due to their rele-
vance and utility. For instance, in autonomous driving, a key metric
is the rate of human intervention, which is a critical indicator of the
system’s safety and reliability (Wang et al., 2022b). The more human
intervene with the autonomous car, the less reliable the system is. In
the context of surgical robotics, emphasis is placed on operative safety,
with significant metrics including the frequency of tool-to-tool collisions
and the number of usage of controls like clutch pedals Raza et al. (2014).
These specialized metrics, adapted to their unique applications and
contexts, are vital for ensuring the safe and harmonious integration of
robots into human-centric environments.

8.4 Benchmarks

Interactive robot learning is a dynamic field where standardized bench-
marks play a critical role in shaping advancements. These benchmarks
are designed to test robotic systems in diverse scenarios, focusing on
their ability to learn and adapt through interaction. From simulated
environments to physical manipulation tasks, each benchmark addresses
specific challenges and contributes uniquely to the development of intelli-
gent, adaptable robotic systems. This section summarize the benchmarks
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used in our topic of interactive and explainable robot learning. We also
list relevant papers and provide inside how the benchmarks are applied
to these studies.

OpenAl Gym (Brockman et al., 2016) is a comprehensive toolkit
designed specifically for research in reinforcement learning. It features
an expanding array of benchmark problems unified by a common in-
terface, facilitating ease of use and consistency in testing. The OpenAl
Gym environment is also adaptable for use in interactive robot learn-
ing benchmarks. For example, Diaz et al. (2021) utilize Duckietown
(Chevalier-Boisvert et al., 2018), a simulator for self-driving cars within
the OpenAl Gym framework, to evaluate the performance of interactive
imitation learning. Similarly, Juan et al. (2021) employ OpenAl Gym
environments to test their Reinforcement Learning (RL) method, which
incorporates human feedback, on tasks like CartPole and Mountain-
Car. These instances demonstrate the versatility of OpenAl Gym in
supporting a wide range of interactive robot learning research.

The Open X-Embodiment dataset (Padalkar et al., 2023) is one of the
most extensive resources available for robot learning, collected with 527
skills across 160,266 tasks. This dataset is particularly useful for training
generalized models in robotics that can handle a vast number of tasks.
Data collection methods in this dataset are diverse, including human
VR, expert policy, human kinesthetic, human spacemouse, joystick,
keyboard, and puppeteering techniques. Additionally, much of the data
includes annotations in either templated or natural language. Both RT-1
(Brohan et al., 2022) and RT-2 (Brohan et al., 2023a) utilize this dataset
for training purposes. These attributes make Open X-Embodiment a
vital tool for advancing the capabilities of robotic systems.

Habitat 3.0 (Puig et al., 2023) is a photo-realistic simulator platform
designed to study two typical tasks in human-robot interaction (HRI):
social navigation and social rearrangement in home-like environments.
This platform features accurate humanoid avatar simulation and pro-
vides human interaction interfaces such as mouse, keyboard, and VR.
Lidard et al. (2024) utilize this platform to test their algorithm, which
involves a Boston Dynamics Spot robot and a human collaborating
to clean a house. Raychaudhuri et al. (2024) conduct experiments in
Habitat to validate their approach for the object-goal navigation task.
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These studies show the effectiveness of Habitat 3.0 in advancing research
in HRI.

RLBench (James et al., 2020) is an extensive robot learning bench-
mark suite designed for research in reinforcement learning and imitation
learning. It features 100 unique, hand-designed tasks, ranging from
simple single-objective tasks to complex, multi-stage tasks. Although
primarily intended for reinforcement learning and imitation learning
research, RLBench is also widely used in interactive robot learning
studies to assess performance. Chu et al. (2023) use this benchmark
to validate their proposed language feedback interactive RL. Liu et al.
(2022) employ RLBench to evaluate their instructRL method, which
integrates both vision and language representations to predict robot
actions. These applications show RLBench’s utility in diverse research
scenarios.

The DeepMind Control Suite (Tassa et al., 2018) presents a collec-
tion of continuous control tasks, designed with standardized structures
and clear, interpretable rewards. It is also suitable for benchmarks in
interactive robot learning. Huang et al. (2023) employ this suite to
evaluate their interactive, vision-based Reinforcement Learning (RL)
framework for self-driving cars. Additionally, Liu et al. (2023c) carry out
comprehensive experiments using the DeepMind Control Suite bench-
mark to assess their algorithms designed for learning from multiple
oracles. These uses underscore the flexibility of DeepMind Control in
accommodating a variety of research needs, especially in the realms of
interactive and explainable robot learning.

AI2-THOR, or The House Of inteRactions, (Kolve et al., 2017)
is a comprehensive framework developed for visual Al research. AI2-
THOR supports a broad spectrum of research areas, extending from
deep reinforcement learning and imitation learning to interaction-based
learning, strategic planning, visual question answering, unsupervised
learning for representation, object recognition and segmentation, as
well as cognitive model development. In the AI2-THOR environment,
Lu et al. (2022) implement their Atomic Skill Completion method
to train agents for four interactive tasks simultaneously, achieving
remarkable effectiveness. Similarly, Wu et al. (2021a) create a Virtual
Reality (VR)-based 3D simulation environment leveraging the AI2-
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THOR platform. This was used to explore the communicative learning
of natural gestures in robotics. These applications demonstrate its
versatility and effectiveness as a platform for advanced research in
interactive task training and communicative learning in robotics.

RoboTurk (Mandlekar et al., 2018a) emerges as a solution to the lim-
itations of Imitation Learning in robotic manipulation. This innovative
crowdsourcing platform enables high-quality 6-DoF trajectory-based
teleoperation using common mobile devices like iPhones. These inter-
active features make RoboTurk a popular platform for data collection
and benchmarking in the realm of interactive robot learning. For in-
stance, Clever et al. (2021) investigate transformer model predictions for
seven different manipulation tasks, including pick-and-place operations
in industrial, household, and caregiving robotics, using a substantial
dataset of over 500 demonstrations from the open-source RoboTurk.
Additionally, Mandlekar et al. (2020) enhance the RoboTurk system
to allow remote users the capability to oversee policy execution and
intervene as necessary through a web browser and smartphone. These
studies illustrate that RoboTurk serves as an effective platform for the
interactive collection of data and build benchmarks.

Mujoco haptix (Kumar and Todorov, 2015) have created a virtual
reality setup that integrates real-time motion capture, physics-based
simulation, and stereoscopic visualization. This system allows users,
equipped with a CyberGlove, to virtually 'reach into’ the simulation
and interact with objects using a remotely operated virtual hand. The
effectiveness of this system is assessed using selected tasks from the
Southampton Hand Assessment Procedure, a clinically recognized hand
function evaluation. Additionally, this system is employed in the DARPA
Hand Proprioception and Touch Interfaces program by teams devel-
oping neural control interfaces within a simulated environment. The
ease of tracking hand motion makes the Mujoco Haptix a popular
choice for benchmarking in studies related to dexterous hand control.
Rajeswaran et al. (2017) utilize the Mujoco HAPTIX system to capture
finger movements to convert real-world demonstrations into virtual
reality. Similarly, Nemec et al. (2017) implement the MuJoCo HAPTIX
simulation environment to model a KUKA robot’s interaction for the
task of opening doors. These implementations of the Mujoco HAPTix
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in varied research contexts highlight its effectiveness and precision in
simulating complex hand movements and interactions within virtual
environments.

Robosuite (Zhu et al., 2020) serves as an advanced simulation frame-
work for robot learning. It provides a collection of benchmark envi-
ronments designed for reproducible research in this field. Lin et al.
(2023Db) assess their interactive hierarchical policy learning system by
testing it on four complex manipulation tasks within the robosuite
framework. Meanwhile, Liu et al. (2023b) apply their approach in
an interactive imitation learning setting using the robosuite simula-
tor. Furthermore, Hoque et al. (2021) conduct an evaluation of their
ThriftyDAgger method on a challenging long-horizon peg insertion task,
also within the Robosuite simulation environment. These studies col-
lectively demonstrate the robustness and versatility of the robosuite
simulation environment in facilitating the development and testing of
advanced robotic learning methods across a range of complex tasks.

The Interactive Gibson Benchmark (Xia et al., 2020) is a pioneering
platform in the field of robotics, specifically designed for evaluating
solutions in Interactive Navigation. This benchmark is an extension
of the original Gibson Environment, offering a comprehensive setup
for training and testing robotic navigation systems. What sets it apart
is its focus on interaction: robots are not just navigating through
static environments, but are also engaging with and manipulating
objects within these spaces. Li et al. (2022) showcase their transformer-
based memory technique in the iGibson environment. Pérez-D’Arpino
et al. (2021) deploy their navigation strategy in the interactive Gibson
simulator, training it to steer a simulated non-holonomic wheeled robot
across various settings. Additionally, Schmalstieg et al. (2023) utilize
eight training scenes from the iGibson challenge to test their hierarchical
interactive multi-object search method. These varied applications in the
iGibson environment illustrate its capacity to effectively test and refine
innovative robotic navigation and interaction methods, contributing
significantly to advancements in the field of robot learning.

Meta-World (Yu et al., 2020) is an innovative, open-source bench-
mark specifically designed for meta-reinforcement learning and multitask
learning in robotics. The primary aim of Meta-World is to facilitate the
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development of algorithms that are capable of generalizing their learning
experience, thereby accelerating the acquisition of new, unseen tasks.
Goyal et al. (2021) use Meta-World to test their language reward in
robot learning. Furthermore, Hansen et al. (2022) utilize Meta-World as
a testing ground to verify the effectiveness of their framework designed
to speed up model-based RL algorithms through demonstrations. These
experiments in the Meta-World environment underscore its utility as
a versatile and challenging platform for testing and refining various
aspects of robotic manipulation and learning strategies.

CALVIN (Composing Actions from Language and Vision) (Mees
et al., 2022b) is a cutting-edge, open-source simulated benchmark aimed
at advancing the field of robotic manipulation. It focuses on teaching
robots to perform long-horizon tasks that are specified solely through
human language and interpreted via onboard sensors. This benchmark
is designed to bridge the gap between natural language processing and
physical task execution, enabling the development of Al agents capable
of understanding and executing complex instructions in a variety of
settings. Many works (Mees et al., 2022a; Sheikh et al., 2023) utilize
CALVIN to develop language conditioned policy for robot learning,
and these works highlight the CALVIN benchmark’s effectiveness in
facilitating innovative research and development in language-driven,
long-term policy learning in robotics.

While there are benchmarks for human-agent interaction involving
various interfaces like smartphones, hand sensors, and language, specific
benchmarks for explainable robotics techniques are not as prevalent.
In the broader field of machine learning, some benchmarks have been
established for Explainable Artificial Intelligence (XAI), such as those
by Liu et al. (2021b) and Holmberg (2022). However, these bench-
marks primarily focus on static Al models and do not fully capture the
dynamic interactions inherent in robotics, where explainability must
encompass the robot’s physical actions and decisions in real-time and in
complex, often unpredictable environments. The unique requirements
of interactive and explainable robot learning call for the development
of specialized datasets and benchmarks that can effectively evaluate
how well a robotic system communicates its intentions, decisions, and
actions to human users. Moreover, the development and implementation
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of subjective metrics for benchmarks in explainable robotics require
a uniform and standardized approach to evaluation. The subjective
nature of explainability—how users perceive, understand, and trust the
explanations provided by robots—requires careful consideration in how
these aspects are measured. Without a consistent methodology, com-
parisons across different systems and studies can become challenging,
leading to potentially misleading conclusions about the effectiveness of
explainability approaches.

8.5 Conclusion

In this chapter, we delve into the crucial aspects of evaluation, metrics,
and benchmarking within the realm of interactive and explainable robot
learning. It underscore the significance of metrics and benchmarks in
validating the performance, safety, and explainability of robotic systems,
which is critical for their effective integration across various sectors like
healthcare, manufacturing, and service industries. Key metrics such
as success rate, accuracy, accumulated rewards, sample efficiency, and
responsiveness are highlighted for their roles in ensuring that robots
perform tasks accurately, reliably, and in ways that are understandable
and trustworthy to humans.

Looking towards the future, we suggests a continued focus on devel-
oping comprehensive and versatile benchmarks that can adapt to the
evolving needs of interactive and explainable robot learning. The need
for benchmarks that can rigorously test and validate new approaches in
real-world scenarios is evident.

In conclusion, we suggest that advancing the field of interactive
and explainable robot learning requires a concerted effort in refining
evaluation strategies, expanding upon existing metrics, and creating
dynamic benchmarks. Such endeavors will not only foster trust and reli-
ability in robotic systems but also improve the field towards innovative
discoveries, enhancing human-robot collaboration across all sectors.
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Applications

Interactive and explainable robot learning are rapidly growing fields that
are increasingly being deployed in a multitude of industries. From clean-
ing robots in the home to heavy-duty manipulators in the warehouse,
interactive robot learning has the potential to revolutionize automation
by endowing robots with skills difficult to achieve through traditional
learning or control methods by leveraging human expertise from the
domain where these robots are deployed and improving using human
feedback. The vast majority of robots in the real-world are deployed
with fixed capabilities and often fail to adapt to new environments
and users. Furthermore, there is a need for explainable robot learning
methods to build trust and increase user acceptance of robots into
everyday life (Section 3.9). Thus far, explainable robot learning meth-
ods have been relegated to frameworks limited to specific domains in
simulation, but have yet to be rigorously evaluated on any real-world
robotic systems (Sakai and Nagai, 2022).

To highlight the potential of interactive robot learning for real-world
impact, we examine existing literature that utilize interactive robot
learning on a variety of domains in this section, which include healthcare,
industrial automation, domestic and household environments, and robot
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Figure 9.1: Overview of the applications of interactive robot learning covered in
this section.

navigation. For each of these application areas, we discuss domain-
specific challenges that hinder the large-scale deployment of robots
with interactive learning capabilities. We additionally provide some
insights as to where explainable robot learning is needed to improve
robot adoption rates for these real-world domains. Lastly, we conclude
by introducing unique applications of interactive robot learning that
do not necessarily fit into any of these categories, which can provide
novel perspectives and methods towards solving application challenges
of interactive robot learning methods.

9.1 Healthcare

Within the healthcare industry, interactive robot learning is an at-
tractive method for assistive and medical robots to acquire new skills
towards the treatment of patients (Okamura et al., 2010; Kyrarini
et al., 2021). Robotic-assisted surgery can provide surgeons with ex-
treme precision on the operating table using a robotic system, such as
the da Vinci Surgical System, a tool that provides demonstrations for
learning-based applications. Several interactive robot learning methods
have been proposed for surgical applications, for instance, in soft tissue
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(b) User interactions with a social

(a) Hip exoskeleton for adaptive assistance robot (Natarajan and Gombolay, 2020). In-
to different walking speeds (Kang et al., teractive robot learning can be deployed to
2020). improve mental well-being of patients.

Figure 9.2: Example applications of interactive robot learning for healthcare

manipulation (Pore et al., 2021), using a novel variant of GAIL (Sec-
tion 3.4.3) and ophthalmic microsurgery (Keller et al., 2020), addressing
the sensory and dexterity limitations of human surgeons by utilizing
an RL policy warm-started with behavioral cloning. LfD has also been
proposed for navigation of a surgical tool in eye surgeries (Kim et al.,

2020a).

Beyond their emerging role in surgical aid, hospitals are increas-
ingly integrating robotics for logistical support and patient care. In
particular, interactive robot learning has been harnessed to enhance the
coordination of patient care, with robots learning scheduling policies
directly from nurse-led demonstrations of resource distribution, ulti-
mately providing a decision support system through (Gombolay et al.,
2018a). Furthermore, interactive robot learning has shown promise in
physical rehabilitation, aiming to assist patients in the restoration of
mobility and the enhancement of their motor skills. Interactive robot
learning methods were applied to improve gait rehabilitation through
exoskeletons (Kang et al., 2020; Shepherd et al., 2022), examples in-
cluding an RL policy which is able to adapt its physical parameters
(e.g. stiffness, damping, and inertia coefficients) to cater to individual
needs (Bingjing et al., 2019), a imitation learning system for robot
assisted rehabilitation exercises using dynamic movement primitives to
model normal limb movement and identify abnormal forces resulting
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from the patient’s mobility impairment (Escarabajal et al., 2023), and
a POMDP framework in a robotic system for adaptive resistance in
upper limb stroke rehabilitation exercises (Kan et al., 2011). Each of
these methods provide an automated, adaptable framework tailored to
individual patient needs, facilitating a personalized approach to mobility
restoration.

Recently, socially assistive robots (i.e. robots that assist people
through social interactions (Feil-Seifer and Mataric, 2005)) have emerged
as an avenue for improving mental health (Guemghar et al., 2022; Koh
et al., 2021) and act as an alternative for social interaction. While such
robots are not a complete substitute for human contact (Moyle et al.,
2016; Casey et al., 2020; Fiske et al., 2019), social robots have been shown
to reduce depression and loneliness for patients with major depressive
disorder in some cases (Chen et al., 2020f). Interactive learning methods
have been proposed and evaluated on social robot platforms to act
as a companion robot for the elderly by utilizing RL with human
feedback to have conversations in different situations (Yang et al.,
2017), adapting robot responses to varying empathetic levels, which are
captured from the user through visual and task-related features, and
transformed into a measure of valence of feeling (Leite et al., 2012),
and deployed as a personalized social robot to aid the educational
development of children with autism spectrum disorders (Clabaugh
et al., 2019). Research involving assistive robots with ToM (Section
5.2.1) capabilities in healthcare settings has demonstrated that when
robots could make educated guesses about the patients’ mental states
or intentions, the level of user satisfaction and compliance increased
substantially (Cifuentes et al., 2020; Broadbent et al., 2009; Tapus et al.,
2009). These methods highlight the potential of socially assistive robots
to cater to diverse individual needs in the patients’ mental well-being.
However, Parks, 2010 cautions against the negative consequences of
substituting the “human touch" with robots, highlighting the potential
for increased isolation.

Despite the advancements within interactive robot learning in the
healthcare domain, few explainable robot learning techniques have been
developed for healthcare. Thus far, explainable AI in the healthcare
domain have been focused on imaging and diagnosis systems (Chaddad
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(a) Imitation learning from human videos  (b) Sawyer robot learns to close a drawer from a
for in-home tasks (Bahl et al., 2022) language-conditioned policy (Silva et al., 2022b)

Figure 9.3: Example applications of interactive robot learning for household tasks

et al., 2023; Hulsen, 2023), but not on robots. Setchi et al. (2020b)
presents a hypothetical scenario of how explainable robot learning can
be used to help assist an elderly person with dementia. In this example,
the patient with slurred speech is confused about why the robot decided
to fetch their dentures, where the robot then explains that it has detected
a change in the patients’ speech patterns and needs the dentures to
speak clearly. Setchi et al. (2020b) additionally motivates the need for
more research on explainable robot learning methods to understand
how to construct human-friendly and trustworthy explanations using
analogies, past experiences and real-time information.

While interactive robot learning has shown great potential in im-
proving healthcare robots, there remain several unique challenges that
must be addressed to achieve democratization of these robots in the
real-world. Notably, one unique challenge of interactive learning in the
healthcare sector is the level of data security and privacy measures
that must be deployed when collecting and storing sensitive data from
the interactions between patients and robots. Interactive robot learn-
ing practitioners targeting healthcare applications should thoroughly
understand the ethics implications presented in Chapter 7. Safety of
the learning methods is another significant challenge to overcome. In-
teractive learning methods require interaction data to improve, thus
requiring robust safety measures while the robots are learning to avoid
harming patients, a population that is already in a vulnerable state.
Practitioners in the healthcare domain are advised to be familiar with
the safety concepts in Chapter 6.
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9.2 Domestic and Household Tasks

Interactive robot learning has the potential to greatly enhance the
functionality and adaptability of robots to serve personalized needs
in the home. When properly applied, these learning methods enable
household robots to adapt to the habits of the inhabitants, as well as
the specific configurations of different homes by learning individual
tendencies through interactions, such as how a person prefers their
plates to be stacked, or when a person prefers to have their meals.
Much of interactive robot learning in the home has focused on various
forms of human activity recognition to learn robust robot policies for
imitation (Bahl et al., 2022; Shah et al., 2020a). For example, Bahl et al.
(2022) introduced a method that attempts to extract human intent from
human videos, then use this information to improve the policy with a
sampling-based policy optimization approach, demonstrating one-shot
generalization over 20 different everyday household tasks; while in Shah
et al. (2020a) a robot learned a policy with off-policy RL to set up a
dinner table by inferring task specifications in linear temporal logic
(LTL) from human demonstrations of the task.

Several methods have been developed that leverage human feedback
to enhance policy learning and improve adaptation to varying user
requirements. For instance, a deep reinforcement learning framework
that incorporates feedback from a human advisor during training for
policy-shaping (Moreira et al., 2020b). This approach has demonstrated
that the integration of interactive feedback can expedite the learning
process in a domestic object organization task by allowing the advisor
to impart prior knowledge related to the task at hand. Shek et al.
(2023) proposed a framework that takes an object-centric approach that
utilizes a single instance of human feedback (i.e. one-shot adaptation)
and presented good adaptive performance in a can fetching task, showing
the value of incorporating human feedback to improve sample-efficiency.
Furthermore, in Tseng et al. (2018), a reinforcement learning framework
was introduced that employs reward shaping based on human feedback
observations. This framework was successfully implemented in an in-
home service robot, demonstrating an improved capacity for adapting to
individual user needs and preferences. Robots equipped with ToM can
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better assist in household tasks by understanding and adapting to the
preferences and habits of different family members, thereby becoming
more integrated and accepted as part of the household (Kidd and
Breazeal, 2008; Sung et al., 2010; De Graaf et al., 2016; De Graaf et al.,
2016). Such methods underscore the potential of human-augmented
learning processes in improving the adaptability and efficiency of in-
home robotics systems.

Learning methods leveraging natural language (Section 3.6) be-
came ubiquitous with the advent of large language models (LLM)
(Section 3.6.2), and interactive robot learning is no exception. Natural
language is an important data modality used in interactive robot learn-
ing for in-home tasks, used to train robot policies that exhibit diverse
behavior required for performing a wide-range of tasks in an unstruc-
tured home. Silva et al. (2022b) incorporates the contextual structure of
natural language as prior knowledge of a task to a manipulator to learn
multi-task skills, achieving high generalization to new, unseen tasks. In
Lin et al. (2023a), a LLM is used as a framework to process both human
gesture and language instruction to facilitate human-robot collaboration
in tool fetching tasks, demonstrating the utility of language in learning
policies that can adapt to humans in home environments. While foun-
dation models offer great performance in generalization, LLMs have
the potential to generate harmful content or "hallucinate" (Chapter 4).
Due to the complex nature and diversity of tasks in an unstructured
home environment, it is imperative that interactive LLMs utilized in
robots are transparent and clearly communicate their intent to the user.

9.3 Industrial Automation

With an estimated 3.5 million industrial robots deployed across the
world as of 2021 (International Federation of Robotics, 2022), warehouse
robots stand to gain the most from improvements to interactive and
explainable robot learning methods that can better streamline and
automate tasks relevant to this domain. Many of these robots are
deployed in e-commerce warehouses to sort, pack, and move goods.
Some are used in manufacturing on the assembly line to build cars,
aircraft, and electronics. Interactive robot learning can benefit these
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types of settings in several ways, such as increasing efficiency and
productivity, adapting to new tasks and environments, and enhancing
human-robot collaboration in the workplace.

One form of interactive robot learning that has improved industrial
automation is LfD (Section 3.4). LfD methods have been commonly
applied for robotic task automation in manufacturing (Zhu and Hu,
2018; Ravichandar et al., 2020; Kyrarini et al., 2019). Tasks in this
domain tend to be repetitive, making learning from demonstration
particularly attractive as a quick way to teach a robot to perform
a new skill without the need for reprogramming. While industrial
environments are relatively static compared to a home environment,
unexpected scenarios still occur regularly, especially in manipulation
tasks with complex dynamics. Rethink Robotics, a robotics company
once at the forefront of collaborative robots that aimed to revolutionize
robotics in manufacturing with its simple-to-program Baxter and Sawyer
product lines, was not able to survive due to precision and adaptation
issues, highlighting the need for manufacturing robots to have strong
capabilities of adaptation against perturbations and new tasks. Recent
popular approaches tackle these challenges by improving on an LfD
policy with reinforcement learning (Wang et al., 2022¢; Luo et al., 2021)
to increase robustness against new tasks. Some methods leverage human
feedback online for additional training data when the robot does not
know how to perform a task (Mandlekar et al., 2023) or fails to perform
the task (Luo et al., 2021).

One unique element of integrating robots into manufacturing and
warehouse domains is mixed-initiative and shared autonomy (Sec-
tion 3.8). While robots excel at repetitive and precise tasks, they still
struggle in scenarios requiring nuanced decision-making. Mixed human-
robot teams can alleviate these issues by offering adaptability through
real-time human input. Robots must then learn to collaborate efficiently
with a human-in-the-loop. LfD has been explored extensively for robots
to learn skills that are compatible for human collaboration in manufac-
turing (Nikolaidis et al., 2015b; Maeda et al., 2014; Rozo et al., 2013).
Due to the strength and speed of industrial manipulators, interactive
learning approaches have focused on enhancing safety by predicting hu-
man motion and intention (Liu et al., 2019), and planning with collision
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(b) Collaborative robot working together
with a human operator (Sauppé and Mutlu,

(a) Human demonstrator teaches robot a peg-in- 2015). Interactive robot learning can im-
hole task via kinesthetic teaching (Abu-Dakka prove teaming efficiency by adapting to the
et al., 2014) human collaborator.

Figure 9.4: Example applications of interactive robot learning for manufacturing
tasks

avoidance (Aivaliotis et al., 2019) while maintaining good collaborative
performance. Robots with ToM capabilities have improved efficiency
and safety by anticipating human co-worker actions and adjusting their
behavior accordingly (Gombolay et al., 2015; Gombolay et al., 2018b).
Another aspect to mixed-initiative collaboration are the social capa-
bilities of the robot. Results from Sauppé and Mutlu (2015) suggests
that a warehouse robot’s social capabilities affect how workers adapt to
and interact with the robot, indicating that interactive robot learning
methods adapting for social preferences of the workers may improve
coordination effectiveness.

Furthermore, explainable robot learning is another avenue for po-
tentially improve the collaborative effectiveness of human-robot teams.
While few works have evaluated explainable frameworks on real-world
manufacturing robots, explainable Al frameworks have been developed
for improving manufacturing processes such as quality inspection sys-
tems (Goldman et al., 2021; Lee et al., 2022) and a decision-support
system for supply chain management (Zajec et al., 2021). Baum et al.
(2023) suggested that lack of information and understanding on the hu-
man is the main reason for poor adoption of intelligent support systems
in factory environments, motivating the need for explanatory informa-
tion in Al decision-making. Similar types of evaluations on collaborative
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robots are needed to access the efficacy of explainable frameworks on
improving rates of robot adoption in manufacturing.

The greatest hurdle for interactive and explainable robot learning
in industrial automation is the safety of the deployed methods. While
the problem is also present for general robot learning, interactive robot
learning in manufacturing forces frequent proximate interactions be-
tween the robot and human to learn, where the combination of this
domain and learning approach has the greatest risk of physical human
injury when taking into consideration the increased size, speed, and
strength of industrial robots. Thus, interactive robot learning methods
in the manufacturing domain need to incorporate safety mechanisms
that specifically mitigate high-speed collision risks with users. Prac-
titioners in industrial automation should thoroughly understand the
concepts presented in Chapter 6. As a result of the immense safety con-
cerns, there is a lack of data from human-robot teams in manufacturing,
which further complicates the development of new interactive and ex-
plainable learning methods in this domain. To address these challenges,
researchers should emphasize investigating human-centered approaches
that provide robot systems with capabilities to better predict and adapt
to its human collaborators with proactive safety measures as opposed
to reactive safety measures (Lasota et al., 2017), which in turn can
improve the robustness and safety of these systems.

9.4 Autonomous Vehicles

Autonomous driving technology has emerged as a transformative force
in the transportation sector, driven by the technology’s potential to
transform how people commute, reduce traffic accidents, and improve
traffic efficiency. This has resulted in a dramatic increase in the in-
terest and attention of autonomous vehicle (AV) research in recent
years (Parekh et al., 2022), with numerous research advances in path
planning (Dai and Lee, 2020; Chiang et al., 2020; Qiao and Wu, 2019),
control (Yin et al., 2015; Wasala et al., 2020; Chebly et al., 2019), and
object detection (Gupta et al., 2021; Chen et al., 2020a; Jung et al.,
2020) in the self-driving domain. Similarly, interactive robot learning has
emerged as a field that can enhance the capabilities of AVs. For example,
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(a) Human demonstrators pro-

vide demonstrations in a driv-

ing simulator (Schrum et al., (b) Visual explanations for an AV via an attention heat map.
2022b). Figure adapted from Kim and Canny (2017).

Figure 9.5: Example applications of interactive and explainable robot learning for
autonomous vehicles

interactive robot learning techniques applied in the self-driving domain
can provide enhanced personalization of vehicle behavior (Schrum et al.,
2023b; Schrum et al., 2022b; Schrum et al., 2023a) by anticipating the
needs of the passengers to offer a more comfortable driving experience.
Other interactive learning techniques for AVs have focused on adapting
to road users (Hu et al., 2023; Chen et al., 2023¢c; Tian et al., 2022) -
such as other vehicles, pedestrians, or cyclists-to increase safety and
efficiency when operating in crowded scenarios where these interactions
are common.

Recent accidents caused by AVs (Tesla Deaths 2024; Stanton et al.,
2019) have increased public scrutiny and hampered trust (Yurtsever et
al., 2020) on self-driving technology. Providing explanations is considered
as one way to build confidence and trust in AV technology (Koo et al.,
2015; Kenesei et al., 2022). Explainable robot learning techniques in
AVs utilized vision-based explanations (Kim and Canny, 2017; Zeng
et al., 2019; Kim et al., 2020b) to provide the user an opportunity
to better understand how the AV senses its surroundings, as well as
decision-tree based explanations (Brewitt et al., 2021; Omeiza et al.,
2021a; Mankodiya et al., 2021; Paleja et al., 2022) for interpretability in
AV decision-making. Atakishiyev et al. (2023) provides a comprehensive
overview of explainable learning methods for AVs.
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9.5 Other Applications

Other applications of interactive robot learning include, but are not
limited to, sports (Lee et al., 2023; Miilling et al., 2013; Gomez-Gonzalez
et al., 2016; Abeyruwan et al., 2022; Chen et al., 2023a; Asik et al.,
2019), dancing (Meng et al., 2014; Tidemann and Oztiirk, 2007), and
art (Chen et al., 2022a; Bidgoli et al., 2020; Berio et al., 2016) robots.
Many of these applications utilize LfD for robots to imitate human
behavior for performing tasks specific to each of these domains. Sports
robots such as the table tennis robots (Lee et al., 2023; Miilling et al.,
2013; Gomez-Gonzalez et al., 2016; Abeyruwan et al., 2022; Chen et al.,
2023a; Asik et al., 2019) require precise, agile movements, where learning
of movement primitives is valuable for ensuring real-time execution of
robot movement. Dancing robots require replication of complex human
movements that are difficult to program by hand, thus researchers have
explored imitating human dance motions from images (Tidemann and
Oztiirk, 2007), and human feedback in interactive RL to create new
dance movements (Meng et al., 2014). In the art domain, systems were
developed to reproduce human-like calligraphic styles in graffiti (Chen et
al., 2022a; Berio et al., 2016), and robotic painting through brushstroke
imitation (Bidgoli et al., 2020).

9.6 Design Guidelines and Future Work

Interactive and explainable robot learning represents a paradigm shift
in how robots are programmed, interact, and learn from humans across
various real-world domains. The advancement of this field is not only
about improving the technical capabilities of robots but also about
ensuring these systems can be effectively and safely integrated into
human environments. Trust, safety, user adaptability, and ethical con-
siderations form a foundation to which the future of interactive and
explainable robot learning should be built. Drawing from the discussions
across healthcare, domestic and household tasks, industrial automation,
autonomous vehicles, and other innovative applications, we distill a set
of key design guidelines for the development and deployment of future
robot learning systems:
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1. User-Centered Design: Prioritize the development of interac-

tive learning systems that are intuitive, user-friendly, and tailored
to the specific needs and preferences of diverse user groups. This
approach ensures that robots can adapt to the individual habits
and environments of users, enhancing user experience and satis-
faction. Adaptivity to the user has been a recurring theme across
all domains and incorporating feedback mechanisms (Chapter 4)
with adaptive learning methods (Section 3.7.1) is key to enable
user adaptivity.

Safety and Ethical Considerations: Implement robust safety
protocols (Chapter 6) and ethical guidelines (Chapter 7) to pro-
tect users from potential harm and ensure privacy, especially in
sensitive settings such as healthcare, and dangerous settings such
as manufacturing and autonomous driving. This involves incorpo-
rating fail-safe mechanisms, secure data handling practices, and
ethical decision-making algorithms.

Transparency: Design explainable robot learning systems with a
focus on transparency (Section 7.4), allowing users to understand
the rationale behind robot actions and decisions. This is crucial for
users to trust robots (Section 3.9) and increase robot acceptance
in all domains.

By adhering to these guidelines, the field of interactive and explain-

able robot learning can move forward in a manner that maximizes its

potential to be deployed on real-world robots. Future work should focus

on advancing technical capabilities while considering these design guide-
lines, and increasingly evaluate these learning algorithms in real-world

domains.
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Takeaways and Conclusion

In the rapidly evolving field of robotics, the emergence of Interactive and
Explainable Robot Learning (IERL) marks a significant leap forward,
harmonizing the dynamic capabilities of robots with the critical need
for transparency. This fusion not only elevates the potential for robots
to become more autonomous and intelligent but also ensures they
remain aligned with human values and expectations. By delving into
the intricacies of IERL, this review explores the synergistic relationship
between interactive learning methods, feedback systems, long-term
adaptation, and ethical guidelines, all while highlighting explainability
as a cornerstone for fostering deeper human-robot connections. Through
this lens, we investigate how these interconnected facets contribute to
the development of robots that can learn from, adapt to, and explain
their actions to human users, ultimately leading to more trustworthy
and effective robotic systems.

Interactive Robot Learning (IRL) (Chapter 3) forms the bedrock
of IERL, offering a paradigm where humans and robots engage in a
symbiotic relationship to enhance the robot’s learning curve. This inter-
action is not just about task execution but also about the robot’s ability
to explain its actions and learning process. Explainability in this con-

243



244 Takeaways and Conclusion

text aids in demystifying the robot’s decision-making process, thereby
enhancing human trust and the efficacy of the learning interaction.
The review expands on various IRL methodologies, such as imitation
learning, reinforcement learning, and their hybrids, emphasizing how
explainability can be integrated, for instance, through understandable
feedback loops and decision-making processes that are transparent to
the user. The evolution of TRL necessitates advancements in robots’
ability to process and interpret complex human instructions, gestures,
and feedback, aligning with the overarching goal of making robots more
relatable and their actions more interpretable to humans.

Feedback Mechanisms (Chapter 4) within Interactive and Ex-
plainable Robot Learning (IERL) are essential, acting as vital channels
for bidirectional communication between humans and robots. These
mechanisms are not just pathways for information and corrections but
also foundational elements that enhance the interactivity and learning
efficiency of robots. By integrating explainability into feedback systems,
robots become capable of not only receiving instructions and corrections
but also of providing insights into their decision-making processes. This
level of transparency allows users to understand the rationale behind
a robot’s actions or errors, enabling them to offer more precise and
constructive feedback. This review explores the richness of feedback
modalities — including visual signals, auditory cues, and tactile feedback

— each offering unique avenues for embedding explainable Al (XATI)
techniques that make robot behaviors and learning processes more in-
terpretable to human users. Future research directions are discussed,
focusing on developing adaptive feedback systems that are personalized
to the user’s needs and preferences. These systems aim to not only
convey information effectively but also elucidate the reasoning behind
the robot’s actions, fostering a deeper understanding and engagement.
In the context of interactive learning, this enhanced feedback loop is
instrumental in creating an environment where humans and robots can
effectively collaborate and learn from each other, paving the way for
more nuanced and effective human-robot interactions.

Long-term Learning (Chapter 5) is essential for robots operat-
ing in human environments, requiring not only the capacity to adapt
and interact over extended periods but also to do so in a way that
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fosters understanding and trust. The integration of explainability into
long-term learning strategies is paramount, enabling robots to not only
evolve in response to new information and environments but also to
communicate the basis of their adaptation in a clear and understandable
manner. This aspect is crucial for maintaining a healthy, trust-based
relationship between humans and robots. Additionally, the develop-
ment of Theory of Mind (ToM) capabilities is emphasized, allowing
robots to better infer and articulate the intentions and emotions behind
human actions, which is vital for effective and nuanced interaction.
Looking forward, the presented review highlights the need for enhancing
robots’ adaptive learning algorithms, ensuring that as these systems
become more sophisticated and autonomous, they retain the ability to
explain their evolving thought processes and actions. This dual focus
on interactive learning and explainability ensures that long-term robot
learning remains aligned with human needs and expectations, fostering
a collaborative and dynamic human-robot partnership.

Safety and Ethical Considerations (Chapter 6 - 7) in the realm
of Interactive and Explainable Robot Learning (IERL) are paramount,
ensuring that robots operate within the boundaries of both physical
safety and moral responsibility. The commitment to safety involves
employing formal methods to validate and verify the actions and de-
cisions of robots, ensuring they pose no harm to human users or their
environments. Ethical considerations extend beyond mere safety, encom-
passing the principles of accountability, privacy, and the avoidance of
bias, thereby upholding the dignity and rights of all involved parties. In
the context of interactive robot learning, these considerations become
even more critical as the dynamics of human-robot interaction introduce
complex ethical scenarios. Explainability serves as a crucial bridge in
this context, not just as a means to make robot actions understandable,
but as a mechanism to ensure that those actions are justifiable and
aligned with ethical norms. By enabling robots to explain their decision-
making processes, stakeholders can assess not only the appropriateness
of the actions in terms of safety and ethics but also the alignment
with societal values and individual expectations. This dual focus on
interactive learning and explainability underlines the importance of
developing robotic systems that are not only intelligent and adaptive
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but also principled and accountable.

Evaluation Metrics and Benchmarking (Chapter 8) are fun-
damental in assessing the progress and effectiveness of Interactive and
Explainable Robot Learning (IERL) systems. Chapter 8 advocates
for the creation of advanced metrics and benchmarks designed to not
only evaluate the performance of robots in interactive and explainable
contexts but also to deeply understand the subtleties of human-robot
interactions. Such metrics are crucial for determining the robots’ ability
to articulate their learning processes and decision-making rationales
comprehensively, which, in turn, influences their acceptance and practi-
cality in real-life settings. Enhanced evaluation strategies are essential
for providing a holistic view of a robot’s capabilities, ensuring that they
meet the diverse expectations and needs of users across various scenarios.
This comprehensive approach to evaluation underpins the continuous
improvement of robots, making them more adept, trustworthy, and
valuable as partners in human environments.

In conclusion, the harmonious fusion of interactive learning, robust
feedback mechanisms, sustained learning over time, rigorous safety pro-
tocols, comprehensive ethical guidelines, and detailed evaluation metrics
stands at the forefront of innovation. Central to this multidimensional
approach is explainability, a crucial element that not only strengthens
the functionality and reliability of robots but also bolsters their accep-
tance within society. By prioritizing the development of robots that can
learn from human interaction and effectively communicate their rea-
soning, this integrated strategy ensures that advancements in robotics
technology are in concert with human principles and ethics. Such a
commitment to explainability and interaction paves the way for a future
marked by trustful, effective, and enriching human-robot collaborations,
reinforcing the essential alignment between robotic advancements and
societal values.
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