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ABSTRACT

All people, regardless of technical expertise, should be able to utilize a home robot to its full potential

so that they can use it for the purposes they want to improve their lives. To do this, people need

to have control over their robot, the algorithms that dictate its behavior, and how they choose to

interact with it. People who have this control are empowered to use the robot for general purposes.

Furthermore, the user should be able to leverage all functions of the robot to accomplish tasks in

the they want: by leveraging robot autonomy through Reinforcement Learning (RL) for example,

or by actively collaborating in the task completion process. In this dissertation, we introduce

four “empowerment strategies” for empowering non-experts users of robots: to facilitate innovative

collaborations with a robot; to have personalizable robot autonomy; to have intuitive teaching tools;

and to provide useful performance information.

An important aspect of user-empowerment is to use a robot in novel ways. We present a strategy

for facilitating emergent uses of pre-trained robot policies for novel tasks by ensuring a robot’s be-

havior is predictable as a person partially controls its actions. This predictability and interpretability

leads to better task outcomes and user-experience outcomes. We then present an algorithm which

allows a user to customize the style of a robot’s behavior in real time as it executes a given task.

This allowed the robot to complete the person’s requested task and do so in the way want. However,

a robot does not always know how to do a task. To partially address this, we introduce an algo-

rithm that allows people to effectively teach a robot complex tasks with good/bad binary feedback.

Finally, we empower users of general purpose robots more broadly by ensuring they have access

to information that is useful for understanding the robot’s capabilities so they can use their robot

confidently for any task. The primary contribution of this dissertation is that we enable non-expert

users of robots to leverage autonomous robot behavior to accomplish novel and creative tasks, while

ensuring a positive user experience and robot transparency.
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1 Introduction

1.1 Overview

People should have control over their own robot, especially in their homes. Users of robots not

only know their own needs and wants better than anyone else but, if given the correct tools, can

use the robot to address these needs. This dissertation showcases what these tools may be and how

to design them given a capable robot and a capable user. This dissertation does this by leveraging

technical frameworks, primarily Reinforcement Learning (RL), to design user-centered algorithms

and approaches that provide novice users with the impetus of control to perform novel tasks. Then,

through evaluative techniques from the field of human-robot interaction (HRI), this dissertation

evaluates these tools in context with people.

People who understand and are in control of their robot can use it for the purposes they want and

in emergent, novel ways the robot may not have initially been designed for. Such users can be thought

of as empowered as they can influence the robot’s behavior for general purposes. Importantly, the

robot may already be capable and “autonomous” in the sense that it knows how to perform the task

the user may want, but an empowered user can not only specify tasks, but also how that task is

to be completed and how collaborative the process is. In particular, this dissertation will focus on

novel robot manipulation tasks that afford the user with precise control over how the robot affects

their environment. These types of tasks are useful in and of itself, as a person may want to use

the robot for a very specific purpose, but such tasks can also composed and combined to perform

multi-step tasks. Thus, ensuring people can control a robot to perform precise manipulation tasks,

is a necessary ingredient for empowering them to use the robot for the purposes they may want.

This dissertation focuses on how to empower users through different strategies, or ways a user can

interact with or control their robot, each enabling a novel use of an already autonomous robot. To

scope each of these empowerment strategies and how they are developed, this dissertation assumes

a realistic setting where the robot has three functional ways with which to interact with the user.

1



First, it has a library of task policies, a “policy” being what determines the robot’s behavior for

a given task and are typically trained through RL or machine learning. Users can invoke these

policies to have the robot subsequently attempt to perform that task autonomously. The robot

will also have a means of teleoperation such that the user can directly control the robot. Finally,

there will be software and hardware mechanisms which allow people to teach the robot new tasks.

This dissertation builds upon these functions to design robot software that empower users through

algorithms and by providing accessible information about the robot’s capabilities.

Given these functions, this dissertation proposes four essential empowerment strategies that

lead to tools robot should be equipped with and designed to promote. The four strategies are the

following: the robot facilitates innovative uses of itself; its behavior is broadly customizable; it is

able to be taught arbitrary tasks in a user-friendly way; and it is able to inform people about its

capabilities. For each strategy, we design algorithms and studies that test their effect on human-robot

interaction. In all cases, the strategy enhances the human side of HRI, improving user experience;

the robot side, improving the robot’s ability to successfully complete a task; or both. Although this

list may not be exhaustive, designing around these strategies and their broader approach bridge gaps

between human-centered HRI and robot-centered learning to empower people. After studying each

strategy in depth, we also examine and discuss the future of general-purpose robot policies deployed

in the home and how to design them in a similarly user-centered way. Overall, in this dissertation, we

enable non-expert users of robots to leverage autonomous robot behavior to accomplish

novel and creative tasks, while ensuring a positive user experience and robot transparency. For

the remainder of the section we summarize the chapters that make up this dissertation.

1.1.1 Facilitating Innovation

Robots that can perform various assistive manipulation-based tasks need to be designed to do so.

This means that their hardware and software capabilities must be robust to different environments

and objects. Because of this, the robot has the potential to perform a very wide range of tasks. Some
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Figure 1: This dissertation focuses on granting non-expert users expert-like control over home robots.
This entails designing human-centered algorithms, evaluating those approaches with real users, and
studying user perceptions of state-of-the-art robot learning approaches.

of these tasks are relatively likely to requested by many different users, such as asking the robot to

fold one’s laundry or to fetch an item across the house. In these cases, robot designers will likely

ensure that the robot knows how to perform these tasks in advanced prior to the robots deployment

in a home. However, because of the general purpose nature of the robot, people will want to use it

for tasks that the designers did not foresee. In these cases, a home robot should allow people to use

it in innovative ways. Such allowance may both only lead to a more positive user-experience, being

able to use the robot for tasks they want, and expand the robots capabilities in the future if it can

learn from the new experience.

While people may want to teach an entirely new task, they may also want to use and apply its

existing autonomous capabilities as well. Given a person is familiar with a certain task their robot

can perform, they should be empowered to use that behavior in novel, unexpected, and fulfilling

ways. For instance, a person that uses their robot to assist them in brushing their hair ought to,
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with relatively few modifications or interventions, be able to use that robot to brush their cat or

dog. Similarly, a user should be able to leverage a robot policy that can carry cups of water from

place to place to water plants. In this dissertation, we investigate whether unmodified RL or learned

policies can facilitate this kind of interaction. We find that this is not the case. Robots are trained

using RL to complete a specific task are typically penalized for behaviors that deviate from that

task. Thus, if a user attempts to use that policy for means other than the task it was trained for,

the robot may act in unexpected or sporadic ways, or fight the user’s attempts altogether.

We propose and study how to facilitate, rather than inhibit, innovative user interventions and

innovative uses of pre-designed behaviors. To do this, we first formulate an exemplary type of

intervention with a pre-trained policy, that of partitioned control (PC). In PC, which is a type of

shared control more generally, users take teleoperation control over some parts of the robot’s actions

while the robot fully autonomously controls the other actions. Cruise control is perhaps the most

prevalent example of PC: the user controls the steering while the vehicle, the robot, maintains the

speed. PC is a way for users to use an existing robot policy in new ways and to reach new goals by

combining their own teleoperation control with the robots internal control.

PC, however, is only as successful as the user’s teleoperation capabilities but, more importantly,

the robot’s autonomous behavior. If the robot’s behavior does not align with the user’s expectations,

then the system becomes both hard to predict and control, especially for an on-the-fly improvisational

use. Inspired by the insight that during PC the robot should act as the user expects relative

to behavior the user has seen before, we introduced the Imaginary Out-of-Distrubution (IODA)

algorithm to address this problem.

During PC when the robot is potentially going to act unexpectedly, the IODA algorithm projects

its current state back to a different state, such that it acts in a more predictable fashion. Specifically,

it imagines that it is continuing to execute its task fully-autonomously without any user intervention.

To test the effectiveness of PC for allowing users to leverage pre-existing policies to accomplish new

tasks, we conducted a user study with non-experts. In this study, people used IODA to water flowers
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by rotating the wrist of a robot arm as it carried a cup of water over a flower bed. The underlying

policy was trained to not spill any liquid. Thus, the task of watering flowers, intentionally spilling,

was a novel and unintended use of the original policy. When comparing both the task performance

and qualitative user experience of IODA to an unaltered RL policy and an intuitive heuristic baseline

(that of the robot being trained to stop moving when out-of-distribution), IODA outperformed both

approaches. These results show the benefit of designing open-ended tools for user empowerment in

terms of both user satisfaction and task success.

1.1.2 Customizing Behaviors

As discussed, the ability of a user to combine an existing policy with their own control can lead

to high user satisfaction and task success. This type of collaboration requires the user to execute

low-level teleoperation, albeit, while not necessarily difficult, people may want to interact with and

shape robot behaviors at a higher level. One policy does not fit all. In other words, when a user

requests a robot to perform some task, how that task is executed may not suit a user’s preferences

or needs. In contrast, an RL-based policy, or a pre-trained robot behavior model, may be able to

complete a task, but it may only do so in one way; that way may not be aligned with a user’s

preferences. And, although the ability to specify a preference in the task specification, for instance,

may help to alleviate this issue, it requires much trial-and-error to properly specify and does not

allow for real-time modifications. In this dissertation, we study how to give users real-time control

over a robot policy without the need for further teaching. This allows users to customize the robot’s

behavior through both “setting and forgetting” the policy’s behavioral style, or adjusting it in real-

time, allowing user expression and creativity in the task execution.

Although much prior work in preference learning, shared control, and RL has had an emphasis on

task completion, a framework that emphasizes customization without sacrificing task progress was

necessary to further empower users. We introduce this framework as online behavior modification.

Online behavior modification is a framework for setting up or training a robot that, if followed,

5



empowers users with greater control over the robot to express their preferences without hindering or

interrupting task performance. Online behavior modification also ensures that the control given to

the user is interpretable, meaning the user can easily predict the outcome of their input to the robot.

The importance of interpretability as a means of empowering users is a concept emphasized through-

out this dissertation. This dissertation demonstrates the benefits of online behavior modification

with a corresponding algorithm that is deployed in a user study.

Consider what an algorithm for online behavior modification should do: it should learn to com-

plete the task, learn how to vary its behavior when completing that task, and ensure that those

variations can be controlled directly. This dissertation introduces an initial algorithm for doing

these things in an RL setting, Adjustable Control of Reinforcement learning Dynamics, or ACORD.

ACORD learns a policy which both completes a task and can vary its behavior through pre-specified

behavior features (such as how fast the robot moves, for instance). When we deployed ACORD in a

user study in which people could adjust the style of how a robot paints certain shapes, we found that

ACORD was generally well received by non-experts and conferred high levels of a sense of control

while having a minimally adverse impact on the underlying task performance. Robotic systems, if

explicitly designed in a human-centered way to give people more control, can do so without degrading

the effectiveness of the robot or the interaction as a consequence of poor robot performance.

1.1.3 Novice-Friendly Teaching

Next, we consider the case where the robot may not know how to do a task. In these cases, it

is necessary that people can teach the robot to do that new task, regardless of the difficulty of the

task, and to be able to do so with relative ease. In general, for experts to teach robots new tasks,

they can do so at any level abstraction and employ many different techniques. This has generally

meant that experts have access to tools that allow them to teach robot tasks that are beyond the

reach of novice users. This dissertation works to bridge the gap between what experts can teach

to robots and what non-experts can teach robots through novice-friendly teaching tools. In this
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context, “non-expert” is not meant to disparage people’s ability to learn or adopt new tools; rather,

we are focusing on teaching tools that anyone can use regardless of if they have specialized robot

knowledge.

The primary paradigm which describes humans teaching robots is human-in-the-loop robot learn-

ing (HIRL). The focus of HIRL is generally the scenario of one person teaching one or more robots

in real-time. HIRL consists of many different types of learning from instructions, including robot

learning from demonstrations (LfD), learning from preference rankings (preference learning), and

learning from evaluative numeric feedback. While each of these forms of teaching has had much

success in teaching robots, in this dissertation we focus on evaluative feedback, specifically, binary

feedback. Binary feedback allows a person to teach a robot by simply indicating whether the robot’s

behavior was good or bad. With enough such interactions, the robot can learn to complete a task

according to the user’s feedback. However, previous approaches to teaching with binary feedback

alone were limited to relatively simple tasks. In fact, there was a large gap between the relatively

complicated control tasks robots could learn autonomously through a reward function designed by

an expert, and the tasks a non-expert could teach a robot using easy-to-provide binary feedback.

In this dissertation, we present work that sought to bridge the gap between what robots where

able to learn with expert designed reward functions, and what novices could teach using the much

more straightforward means of binary feedback. This dissertation introduces the Continuous Action-

space Interactive Reinforcement learning algorithm, or CAIR. CAIR learns simultaneously from

binary feedback and environmental reward. In particular, it relies on environmental reward to

stabilize learning when binary feedback struggles to be precise enough to specify certain behaviors.

Through simulation experiments, we show that CAIR not only outperformed the state-of-the-art in

deep RL at the time but did so to the greatest extent in sparse reward tasks/environments. The

benefit of sparse reward environments is that the reward function is relatively straightforward for

even a non-expert user to specify: all that is needed is to provide the condition for when the task

is successfully completed. We further evaluated CAIR with real teachers in an online study and
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demonstrated CAIR outperformed baseline approaches. CAIR demonstrates the ability to easily

teach a robot to perform autonomous tasks in accessible ways and expands people’s access and

control over their robot when they want the robot.

1.1.4 Informing Users about Robot Foundation Models

Ensuring people can use their robot effectively is both about single task interactions, but also

about the robot’s general capabilities as well. Robot Foundation Models (RFMs) are generalist

policies that, ideally, can attempt and complete an arbitrary range of tasks. RFMs typically work by

having a user specify a task, through natural language for example, then the robot will autonomously

do the task. RFMs, however, generally have the risk of failing at the requested task, especially when

that task is a novel request that was not present in the RFM’s training data. Thus, for people

to make use of this very powerful and promising technology, especially in their home where failure

has potentially high risks, users must be informed about the RFM’s performance and the risks

associated with using it for various tasks. Although informing people of a robot’s capabilities is

important regardless of the underlying algorithm, RFMs have a lot of potential to, due to their

general capabilities, be able to at least “do okay” on many tasks. As we previously discussed with

IODA for example, being able to execute even parts of a task may have utility and can empower

people to know when and how they can deploy their robot effectively.

What sorts of information are necessary to provide to people to both inform them about an RFM’s

performance and ensure that they can use the RFM confidently, without regrets? This dissertation

begins to address this question. We first looked to the RFM literature to identify common metrics

used in RFM evaluation to report its performance. From this literature review, task success rate

(TSR) was by far the most common. TSR describes the ratio of the number of times the robot

succeeded at a given task divided by its total number of attempts. The second most prevalent type

of information is discussion of failure cases. Failure cases describe a failure(s) that occurred during

the robot’s deployment. This dissertation investigates how non-experts interpret TSR and failure
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cases when deciding when and how to use a robot.

We conducted a user study where people were shown TSR and failure cases from real RFM

research evaluations. In this study, people were presented with these different information types

for both a task they requested and a similar task (to help gauge the overall robot performance)

and asked a series of questions about their perception of the robot and the information. There

were two key findings from this study: we verify that non-experts understand and are informed by

TSR, a jargony metric otherwise aimed at experts; we demonstrate that failure cases, though very

underrepresented in research literature, are also critical to and valued by users when they are being

informed about an RFM’s performance; highlighting the need of reporting failure cases for every task

to become standardized. These results show that novice users are capable: being able to make use

of otherwise technical information without much instruction. Furthermore, this dissertation claims

that understanding user needs in advance is important for creating easy-to-use systems as people’s

needs may differ from what experts design or what information they make available.

1.1.5 User-empowerment with Robot Foundation Models, Design and Algorithm Con-

siderations

This chapter considers more broadly the future of general purpose robots equipped with RFMs

and how these systems can be designed to promote the four empowerment strategies discussed

throughout the dissertation. We primarily focus on the algorithmic structure of RFMs and how

they can be designed to be more controllable and predictable. We present preliminary results for a

novel algorithm, Diffusion for Policy Parameters (DPP), which demonstrates how to design an RFM

that can generate policies detached from the RFM itself. This has the benefit of the user being able to

become familiar with and to adjust that policy without concern of affecting the RFM’s performance

or behavior on other tasks. We conclude with a discussion of the implications of approaches like

DPP as it pertains to empowering users and, more broadly, how state-of-the-art foundation models

can be designed and developed in a user-centered way.
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Figure 2: In this dissertation, we present “empowerment strategies” that empower users across
different levels of user participation in task completion and robot control.

1.2 Contributions

In this dissertation, we enable non-expert users of robots to leverage autonomous robot

behavior to accomplish novel and creative tasks, while ensuring a positive user experience

and robot transparency. In a setting in which the user can control their robot on a range of manual

control to specifying tasks for fully autonomous execution, we contribute to HRI, RL, and RFM

research by demonstrating how systems can be designed in such a way to grant users high levels of

control over their robot. These strategies facilitate user creativity and expression; enable innovative

uses of pre-defined robot behaviors and policies to accomplish novel tasks; help bridge the gap

between tasks experts can teach a robot with tasks novices can teach robots with simple feedback;

and inform users so they can more confidently use their robot and gain expertise. This work functions

as a practical guide for doing user-centered algorithmic HRI research that both enhances a robot’s

capabilities and enhances the user’s control of that robot.

The following are the primary contributions of the dissertation.

• Two HRI theoretic contributions about how to give user’s control over a pre-trained au-

tonomous robot in creative or novel task settings.
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• Three novice-friendly HRI algorithms that grant a user different types of control over a robot

and afford both successful task outcomes and positive user experience.

• An evaluation of how people perceive, understand, and use robot foundation model perfor-

mance information.

The following are secondary contributions:

• Recommendations for both robot foundation model and human-robot interaction researchers

for human-centered design of robot foundation models and their evaluation.

• A novel algorithm for generating task-specific policies, which is evaluated and discussed in the

context of user-centered robot foundation models.

Portions of this dissertation have been published in conference proceedings [236, 239, 237, 240,

238, 235]. Full citations are provided in the corresponding chapters at the end of the introduction

to the chapter.
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2 Related Works

This chapter reviews the literature that is broadly relevant to and is referenced throughout

this dissertation. Each subsequent chapter has its own related works section that goes into more

detail about the preliminaries related to each work. Each of the works discussed is related to user-

empowerment in HRI. In this dissertation, user-empowerment is synonymous with giving people the

means to control their robot, whether through direct, low-level control, or by eliciting a desired

autonomous behavior.

2.1 User-empowerment and User-centered Design in Algorithmic Human-

Robot Interaction

Much of this work is influenced and inspired by user-centered design, or the practice of involving

users in the technology development process to ensure their needs are met once the technology is

deployed [165, 2, 8]. User-centered design has also been successfully used for HRI applications.

[202, 108, 286, 169] Although this dissertation does not always use user-centered design directly,

it introduces strategies that seek to empower users with this sort of broad control such that the

user can dictate the entire interaction. That is to say, while users may not be directly involved

in the design process of all the approaches in this work, contrary to the fundamental principle

of user-centered design, the goal of giving users more control is the same. As will be discussed

throughout, user-centered design is also compatible with the user-empowerment based strategies

from this dissertation.

In the field of HRI, much work is aimed at designing algorithms that enable a person and a robot

to successfully collaborate on a given task. One approach to this is to design an algorithm for a

specific type of task, then have the user interact with the robot where the algorithm is acting in the

background and responding to what the user does. This type of approach is often found in Shared

Autonomy (SA) applications [209], where the user’s control of the robot is being augmented by a
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black-box algorithm; or learning from demonstration (LfD) [208], where a user provides demonstra-

tions and then an algorithm extrapolates from those demonstrations how to successfully complete

a task without further user involvement. There are also extensive examples of this sort of approach

to social, non-task-centric, human-robot interaction, but those are outside of the scope of this work.

Other approaches design algorithms that both allows people to interact with it largely as a black

box, but also has components that a user can, in a similarly intuitive and or easy way, directly

change. An example in the SA paradigm can be found in [93]. In this work, users have control

over an underlying SA parameter that dictates how their control is traded-off with the robot’s

autonomy. Having more control was generally preferred to having less. Similarly, [224], incorporates

user feedback into LfD that leads to the algorithm MIND MELD being better able to learn from their

demonstrations afterwards. In this way, the user participates in shaping the underlying algorithm to

ultimately lead to successful outcomes. Much of the work in this dissertation follows this approach

to human-centered algorithm design.

2.2 Reinforcement Learning

For robots to assist and collaborate alongside people, they need some degree of autonomy. Au-

tonomous robots also allow people to leave a robot to perform a task whilst they do other things.

Reinforcement Learning (RL) [254, 125], is a paradigm that facilitates robot’s learning to perform

tasks autonomously and has been widely successful in robotics and AI alike. In RL, an robot

acts within a Markov Decision Process (MDP). An MDP is modeled as a tuple (S,A, T,R, γ).

Where this tuple is made up of robot observation states S, robot actions A, a transition function

T (S,A) → S, and reward function R(S,A, S) → S. A policy π maps states of the environment

to actions of the robot; and a discount factor γ. The objective of a RL agent is, in general, to

maximize the sum of discounted future returns:
∑n

t=0 γ
tR(st, at, st+1). The policy π∗ is the op-

timal policy which maximizes that objective. It is also helpful to define Q-functions and Value
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functions. Q-functions are estimates of the “goodness” of state-action pairs under a given pol-

icy, expressed as Qπ(s, a) = Eπ [
∑∞

t=0 γ
trt | st = s, at = a] . Similarly, the value function is defined

as V π(s) = Eπ [
∑∞

t=0 γ
trt | st = s] . Through careful design of reward functions, making sure to

avoid poorly specified reward functions [34] or reward hacking [246], experts can elicit agents to

autonomously perform tasks.

Much of the applicability of RL to complex robotic control tasks has come from Deep RL [17], or

reinforcement learning done with deep learning and neural networks [144]. The first major success in

Deep RL came via the Deep Q-Network (DQN) algorithm [175], an neural network based extension

of the original Q-learning algorithm [280]. Since DQN, many more efficient Deep RL algorithms have

emerged. Algorithms such as Proximal Policy Optimization Algorithms (PPO) [226], Twin Delayed

Deep Deterministic policy gradients (TD3) [84], and Soft Actor-Critic (SAC) [99], all maximize the

same objective but do so in slightly different ways and are significantly more efficient than the original

DQN. All of these approaches, however, learn by exploring and interacting with the environment.

PPO is an “online learning” algorithm in which the learning agent updates is estimation of state-

action values as it takes actions and observes the next state. Whereas SAC and DQN for instance

are “offline learning” algorithms that maintain a replay buffer of previous interactions which are

sampled from to estimate the Q-function.

RL agents generally learn by exploring MDP environments for a sufficient amount of time until

they learn to exploit it and maximize reward. Because of this, RL applications to robotics were, for

a while, relatively limited as it was costly to deploy robots for a long period of time. The advent of

Deep RL, however, meant that, if given sufficient resources, such as many robotic arms deployed at

once [148], robots could begin to learn complicated and useful manipulation tasks. Other techniques

were also developed to speed along the RL learning process for robots, such as Hindsight Experience

Replay (HER) [12], which learned from a robots failed attempts at a task, or learning in a simulation

as opposed to in the real-world [303, 103, 219, 191, 170]. Despite these advances, traditional RL

requires difficult-to-specify reward functions, costly simulators, or a lot of time and resources. A
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powerful way to overcome many of these issues, is to incorporate more information than is just

available in the MDP through human feedback and teaching.

2.2.1 Reinforcement Learning as a Task Learning Paradigm

In this dissertation, we primarily use RL as a means of learning tasks and to facilitate various

human-robot interactions. RL defines tasks as a MDP, requiring the definition of an agent’s states,

actions, and reward function. Because of the open-ended nature of reward function design and the

ability of RL algorithms to learn to maximize the reward, RL has seen much success in applications

ranging from robotics to playing games [174, 245, 288]. RL, however, is not the only paradigm for

learning and defining tasks. And, while this dissertation focuses on RL, the empowerment strategies

can be carried out with the application other paradigms as well. We highlight some other paradigms

here as they have been shown to be affective when applied to task learning and HRI problems.

As highlighted in [91], the process of task learning, specifically interactive task learning, can

take multiple forms. The tasks themselves can range from high-level, multi-step, tasks (such as

assembling a piece of furniture), to lower-level manipulation tasks (such as pouring a cup of water).

If a person can teach a robot these tasks in a natural manner, as they may teach another person,

then that process likely involves language, demonstrations, and implicit feedback, all as forms of

communication [223]. Along with RL, other paradigms have been used to try and facilitate this

natural teaching interaction. Linear temporal logic (LTL) [104, 133, 232] is a popular approach

to specify tasks to a robot due to its interpretability, preciseness, and expressivity. Furthermore,

despite LTL-based task definitions occasionally being difficult even for experts to specify, the use

of LLMs have shown promise for enabling non-expert users to specify LTL-based tasks through

natural language [156, 195, 54]. Tasks can also be specified as planning problems for the robot

where the task consists of a series of steps the robot must complete and do so in a specific order [4].

These planning problems are often expressed programatically, and similarly to LTL, have recently

begun to be addressed with the use of LLMs to both find good plans for the robot and to make the
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specification of those plans easier for the user [273, 149, 252].

There are also task-learning paradigms that often use a MDP representation other than RL worth

highlighting and are relevant to the empowerment strategies presented in this dissertation. Transfer

learning focuses on how to use knowledge and policies for given task and apply them to new, unseen

tasks [305, 157, 118, 242]. Transfer learning techniques have also been applied to improve user-

experience in human-robot interactions [45, 56]. Similar to transfer learning, curriculum learning

addresses the problem of learning complex tasks by breaking down the complex task into a series of

simpler tasks for the agent to learn [27, 274, 243]. Curriculum learning is a promising approach for

empowering users to teach robots complex and long-horizon robot manipulation tasks.

2.3 Human-in-the-loop Robot Learning

Human-in-the-loop robot learning, or human-in-the-loop interactive robot learning (HIRL), refers

to a broad category of techniques for allowing people to teach robots. This includes approaches for

the robot learning from human demonstrations of the task (LfD) [14, 208], learning from people’s

preference ranking of different observed behaviors, or preference learning [50, 285], learning from

evaluative numeric feedback [19], and learning from instructions [81, 186, 97]. Each of these ap-

proaches have the benefit of both quicker robot learning, and the teacher being able to express what

their desired task may be without necessarily being an RL expert. While each of techniques are

important and have their benefits, in this dissertation we will primarily focus on teaching via eval-

uative feedback as, while it is generally the most intuitive to provide, where the gap between what

non-experts can teach with it and what experts can teach via other methods has been the largest.

2.3.1 Interactive Reinforcement Learning (IntRL)

Throughout this dissertation, we will refer to teaching via providing numeric feedback to a

learning agent as Interactive Reinforcement Learning or IntRL. This type of teaching does not

necessarily need to act an on RL algorithm, but it is very often the case that the learning robot is
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acting an MDP and thus we assume this name. The primary benefit of IntRL is that is relatively

intuitive for people: “when the robot is doing good, I should provide good feedback or a higher score;

when the robot is doing bad, I provide bad feedback or a relatively low score. Just like training a

dog.” This type of feedback, however, is relatively abstract. Furthermore, it is known that people

vary in terms of how they judge the goodness of behaviors, when they provide feedback, and how

they interpret the robot’s response to their feedback [111, 112].

Given the feedback the person is giving is relatively abstract, much of the success of an IntRL

approach is how that algorithm interprets the persons feedback. The TAMER framework [138], one

of the first IntRL algorithms treats a person’s feedback as a reward signal. Other approaches treat

both the human feedback and the environmental reward as equally valid sources of information for

creating policies, such as in Policy Shaping (PS)[94], or as policy “advise” such as COACH [161].

The TAMER and COACH frameworks have also been extended to continuous state-space settings

such that it could learn from images, for example [278, 13, 18]. The TAMER framework was also

extended to work with continuous action-spaces by incorporating an actor-critic style approach, was

still not applied to high dimensional robot tasks [267, 46, 173, 135] Work by Faulkner et al. has

more closely considered the experience from teacher’s perspective. For example in [75] and [131],

they consider how to algorithmically cope with a teacher who may not always be paying attention

or needs to multitask whilst teaching. Still other work has focused entirely on understanding and

improving the experience from the teacher’s perspective [111, 51] or understanding their feedback

regardless of the underlying IntRL algorithm [295, 296].

2.3.2 Learning from Demonstration (LfD)

Learning from Demonstration, or LfD, refers to a type of teaching where a person will provide

demonstrations of how to perform a task to a robot, and the robot will then use those demonstrations

to both learn to replicate the user’s demonstrations as well as learn to a policy that can be used for

the same task but under different circumstances or in different environments. LfD is a particularly
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effective approach for teaching robot’s new tasks as the demonstrations themselves can provide

information both about how the robot should move and about the robot’s environment. Neural-

networks, for example have allowed LfD approaches to become more robust to changes in the exact

task set-up (e.g. if the demonstration involved a person getting a cup from the middle shelf, the robot

may learn to generalize to be able to get the cup from the top or bottom shelf as well). In particular,

algorithms such as neural-network based behavior cloning (BC) [262, 77, 221], which learn to match

the output actions of a neural-network based policy to those actions provided the teacher, or Inverse

RL methods [16, 83, 184], which learn a reward function that explains the teacher’s demonstrations

and then executes RL to learn a policy from that reward function. Along with the LfD algorithm, the

mechanism for providing demonstrations is also important to ensure that the user can comfortably

demonstrate the task to the robot.

There are many different ways people can provide demonstrations to a robot for LfD. Kinesthetic

teaching, for instance, involves the user moving the robot by hand to perform the task, and often

the user will specify key-frames, or points the robot should pass through when it autonomously

attempts the task [6]. Another common approach is for people to will demonstrations to the robot

via teleoperation, often through a joy-stick based controller [244, 248, 63]. Recent work has also

attempted to learn directly from videos of people performing tasks, particularly because of the large

amounts of data for that type of learning (ideally any video on the internet of someone performing

a task, could be used as a demonstration) [25, 292, 234, 205]. Another reason to attempt to learn

from videos, is that demonstrations are relatively “expensive” for the user to provide. In contrast

to IntRL, for example, the teacher themselves needs to be able to perform the task, which may be

difficult depending on the task and the interface the user has access to. To mitigate the problem

that providing demonstrations may be difficult, researchers have developed interfaces that make

providing demonstrations easier, such as a light-weight replica of a robot’s gripper that can collect

data [71, 257], developing algorithms that can efficiently learn from only a few demonstrations [48,

69], or creating large datasets of demonstrations [55, 164].
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2.4 Learning User Preferences

While IntRL is generally a paradigm for teaching a robot a task that is either completed suc-

cessfully or not, other work has focused on learning people’s preferences about how that task should

completed. Notably, work by Bobu et al. has presented algorithms and techniques that allow people

to teach robots their preferences of “behavior features” [33, 32]. Behavior features are stylistic com-

ponents of how a task is executed (for example, how close the robot carries liquid to an expensive

laptop or how much force the robot applies when pushing a button). In these works, the robot

generally knows in advance how to perform the task in terms of completion, but needs to be taught

the person’s preferences. Other work has also focused on interactive reward shaping [29, 30, 207,

180], defining safety constraints [281, 9, 159], or using shielding, or dictating what actions a robot

can or cannot take [36], to align robot behavior with user preferences. Very few works have focused

on real-time customization, where a user’s preferences may change on the fly, which we partially

address in this dissertation.

2.5 Shared Control

People will have access to a means of directly controlling robots through teleoperation [199,

129, 130, 53, 271]. However, direct teleoperation, especially without specially designed interfaces,

is generally challenging and potentially cumbersome [145]. To alleviate some of these difficulties,

shared control (SC) paradigms combine a person’s control with that of the robots. Work in SC often

blends user and robot control without inferring what the user’s intended goal may be or significantly

augmenting the users’ input [166, 206, 268]. Shared autonomy (SA) is an extension of SC which

grants a user partial direct control over a robot that can already complete the user’s intended task

autonomously. However, the person’s intended goal is assumed not to be fully known in advance.

Thus, a primary goal of SA algorithms is for a robot to infer a user’s intended goal or skill based

on some input [200, 93, 120, 228, 178]. Using RL in the SC loop [79, 209], or using latent spaces

to interpret user control [121, 293], have also been deployed to improve SA performance and user
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experience. More recently, there has also been work that examines how much control users have

over the entire SA system, as opposed to just examining individual tasks [15].

2.6 Robot Foundation Models (RFMS)

2.6.1 What are RFMS?

Robot foundation models (RFMs), also known as generalist policies, large behavior models, or

vision language action models (VLAs), are gaining popularity as a way to distill data from a wide

range of tasks into a single general model. RFMs, such as RT-1 [38] and RT-2 [39], are typically

an end-to-end policy which take as inputs a language instruction or goal image and a camera(s)

view(s) as an observation, and output a sequence of actions typically in end effector space. These

models require a large amount of data to train a transformer architecture-based policy so that they

can learn to perform many different tasks in many different environments. Octo [89], for example, is

an RFM trained with data across many different robot environments collected from many different

institutions; specifically, with the Open X-Embodiment dataset which was also used to train variants

of RT-1 and RT-2 [187]. Like LLM model scaling [302], more diverse data and larger models tend

to improve an RFMs performance and generalization capabilities. For example, Open-VLA [134], a

7 billion parameter model trained on diverse data, generally achieves higher success rates on out-of-

distribution/unseen tasks than Octo (a significantly smaller model) and RT-1/2-X (models trained

with less data diversity). It should also be noted that the success of RFMs has coincided with the

advancement of data-efficient and lower cost imitation learning methods [48, 301, 257, 231] and

smaller-scale but effective multi-task learning techniques [241, 275, 210, 181, 102]. Ultimately, these

models are still in their infancy but are rapidly evolving as the underlying techniques to train them

become more efficient and affordable.
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2.6.2 Evaluating RFMs

For non-experts to best make use of RFMs, it is important they understand their capabilities.

Current research in RFMs typically present results through task success rate (TSR) across a variety

of different task environments. These tasks typically are short-horizon pick-and-place tasks done

using robot arms such as the Franka Emika Panda [80] or WidowX [284]. Although many of the

RFMs are evaluated with real robots, recently the development of high-fidelity simulations has

allowed simulation evaluations as well [154, 117, 298]. Whether on a real robot or in simulation,

TSR is by far the most common performance metric for evaluating RFMs. TSR can be useful to

the research community for allowing one to directly compare different algorithms and RFMs on the

same tasks. However, TSR is not the only means of evaluating these models. For example, some

works also discuss failure cases across a subset of different tasks. Despite how impressive these

RFMs are, they are still very prone to failing; though less commonly reported, how they fail can

be useful information for researchers [158, 68] and potentially novice users alike. Work by Wang

et al. [276, 277], proposes benchmarks for evaluating RFMs in simulation by randomizing aspects

of the environment such as camera angles and lighting conditions. Furthermore, they break down

tasks into sub-tasks which they also present success rate for (e.g. a pick-and-place task requires the

robot to move to the correct object and successfully grasp it before moving it to a different location).

Estimating TSR and if/how a robot will fail is also an ongoing area of research [92, 65].
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3 Facilitating Innovation

3.1 Introduction

In this chapter, we examine how to facilitate innovative uses of pre-trained policies. This is a

key ingredient in empowering users as it allows them to easily use a robot for novel applications

without requiring a significant effort teaching or correcting robot behavior. Given that people will

have access to a wide variety of robot behaviors that they frequently deploy and interact with

in their home, it is likely that people will want to use those behaviors for unexpected purposes.

In this chapter, we assume that these behaviors are executed through RL policies. RL policies

learn to perform tasks via reward functions that specify what the robot should and should not

do when attempting this task. This chapter investigates how a user may collaborate with an RL

policy through shared control to perform novel tasks that differ from the task defined by the reward

function. We formulate the problem of facilitating shared control collaboration with an RL policy as

one of aligning robot behavior with user expectations. To do this, we first formalize a type of shared

control, partitioned control (PC), demonstrate limitations of naively applying PC to RL, and show

that explicitly aligning robot behavior during PC leads to better task-based and user-experience

outcomes.

To investigate how a RL policy would react to PC, we conducted simulation experiments. In

these experiments, a simulated user would try to use PC to reach sub-goals in a Euclidean plane

where the robot would control the y-axis actions and the user would control the x-axis actions.

Rather than continuing to act optimally in terms of reaching the goal on the y-axis, as one would

expect, the PC brought the RL trained policy out of distribution (OOD). Since the underlying policy

was trained with a neural network, being OOD meant the policy acted almost randomly, meaning no

matter what the user tried, they could not effectively collaborate with this robot in this task. This

issue, present even in a very simple task, highlights the need for approaches that explicitly account

for user intervention and creativity. Inspired by the insight that during PC the robot should act
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as the user expects relative to behavior the person has seen before, we introduced the Imaginary

Out-of-Distribution (IODA) algorithm to address this problem.

We deployed IODA in a user study in which people were tasked with using a PC to accomplish

a novel task, in this case, watering flowers. The results demonstrate that, compared to näıve but

intuitive baselines for PC, IODA led to both the best task performance and was the most preferred

by users. Furthermore, because IODA more closely aligned with user expectations, and because

of the smoothness of execution during PC that IODA afforded, there was significantly less time

spent on both doing the task and learning how the underlying PC algorithm worked. We also find

across conditions that aligning with user expectations and reducing people’s surprise during PC

both correlate with task performance. Though this secondary finding is only for this single task,

we posit that this is generally true for PC. These results demonstrate the benefit of designing robot

algorithms that empower people by allowing for open-ended uses of the robot.

The majority of the work in this chapter was published at IEEE RO-MAN 2022 as Sheidlower,

Isaac, Emma Bethel, Douglas Lilly, Reuben M. Aronson, and Elaine Schaertl Short. “Imagining

In-Distribution States: How Predictable Robot Behavior Can Enable User Control Over Learned

Policies.” In 2024 33rd IEEE International Conference on Robot and Human Interactive Communi-

cation (ROMAN), 1308–15, 2024. https://doi.org/10.1109/RO-MAN60168.2024.10731233 [236]

∗.

3.2 Related Works

Legible robot motion refers to robot actions that are straightforward for a human to anticipate

and comprehend. A common way to generate legible motion in goal-based robotic tasks is to

model the user as having an internal cost function that is minimized when the robot’s motion

saliently moves towards a given goal [67, 74]. An alternative approach is to learn from humans

through demonstrations or feedback [42, 28]. Importantly, legibility and predictability are in the

∗The second author helped with making visualizations for the figures. The third author helped make the sensor-
equiped flower bed used in the study. The second to last author consulted on the experiment design. The last author
supervised the work and consulted on the experimental design
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Figure 3: A depiction of the ”flower watering” task setup used to study Partitioned Control and
IODA with novice-users.

context of the robot completing the task and are often in real-time as opposed to pre-hoc or post-

hoc explanations [61, 58, 217, 194]. Predictability is also an important part of our work. We

operate under the assumption that a robot’s behavior is predictable if the user has previously

encountered similar behavior. This assumption is somewhat analogous to robot-centric concepts of

out-of-distribution (OOD) states and behavior.

OOD detection is useful in many robotic and machine learning tasks [291, 253]. Identifying

scenarios that are OOD relative to a robot’s training data or past experiences can provide impli-

cations about the robot’s environment or its performance, such as when an RL agent may behave

sporadically or unexpectedly when in a state it has never been in before [143]. It has also been used

to identify when a robot may require feedback from a person to help complete a novel task [62]. In
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RL. OOD has recently been studied to infer when an agent is acting in a new MDP [101]. We use

similar techniques to detect when the robot is in a state that it would not otherwise act in. This

can happen when a user is partially controlling a robot to perform a new task.

3.3 Problem Setting and Partitioned Control

We describe a problem setting in which a user is accustomed to the autonomous execution of a

task and wishes to partially control a robot during that execution to accomplish another task. The

user creates a plan to partially control the robot based on how they expect the robot to behave to

accomplish a novel task. Thus, it is critical that the robot behaves in a way that is predictable to

the user, no matter the robot’s current state. Given the robot behaves in a user-predictable way, as

opposed to sporadically or in an unfamiliar way, a user can perform various novel tasks with little

surprise and relative ease.

In this setting, the user has seen the robot complete its task many times. We refer to this as a

history of task “rollouts.” Based on this, we assume the following: when the robot is in a state the

user has never seen before, they expect that the robot will act the same as it would do in the “closest”

state to its current state. The “closest” is both problem and user-specific; however, the intuition is

that the robot will behave similarly in similar circumstances and that in novel circumstances, a user

will project onto what they have seen before. This assumption temporarily constrains the problem

space. However, it is a reasonable assumption in many robotic tasks. Thus, the problem can be

defined as: for any given state unseen to the user, the robot should find a state that the user has

seen before and act as if it were in that state.

We will now define the original task the robot can complete autonomously, and how this task

is used to build up a user’s expectation of the robot’s behavior. Let task orig be defined as an

MDP with states S ⊂ Rn, actions A, reward function r : S × A → R, and transition function

T : S ×A→ S. There is a robot that has learned an optimal policy for the task denoted π∗. Let D

be defined as a history of rollouts, or trajectories made up of a sequence of states, under π∗
orig that
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the user has seen. Then, let the user’s expectation of the robot’s behavior given D be WD : S → S.

Here, W is a function that maps from the robot’s current state to the user’s anticipation of what

the next state will be.

To this setting, we introduce Partitioned Control (PC), where the user teleoperates one or more

parts of the robot’s actions. We separate the action space into two separate sets AU , AR ⊂ A; AU

denotes the actions that the user can take and AR denotes the actions that the robot can take. In

PC, the user and robot action spaces are disjoint ; that is, AU ∩AR = {0}. In other words, the user

and the robot control different parts/different axes of the action space (this is in contrast to many

SC approaches that blend the user’s actions and the robot’s actions [209, 120]. For example, if the

robot is acting in Cartesian space, the user may take control over x-axis actions, or take control

over the rotation of a specific joint. We denote the user’s expectation of how the robot will act

with their partial control signal as WD,U : S → S, where U is the user control. This expectation

function can be read intuitively as ”given the trajectories the user has seen before, as well as their

current control signal/action during PC, the user expects the entire robot system to transition from

its current state into a particular next state.” We assume that this expectation is not a function of

the robot’s current action, or rather, that the user’s perception of the robot’s actions are through its

state transitions and not by observing the numeric value of each robot action. For brevity, hereafter

we refer to this only as W.

To make the robot’s behavior more predictable for the user, we want to adjust the behavior of

the robot policy when it is outside the user’s observation set D. The goal is to identify when the

robot is in a novel state s where there exists a state s′ ∈ D that leads to more predictable behavior.

Formally, identify when ∃s′ ∈ D s.t.:

d(W (s), T (s, u ◦ π∗(s))) ≥ d(W (s), T (s, u ◦ π∗(s′))) (1)

where d is a task-dependent distance metric between states, and u ◦ π∗(s) denotes the disjoint

26



(a) IODA (b) Out-of-distribution,
no imagined state

(c) Must return to workspace,
no imagined state

Figure 4: In a 2D goal navigation task, a simulated user is trying to leverage an optimal policy to
reach sub-goals by controlling the x-axis of the robot whilst the policy controls the y-axis. These
sub-goals are outside the robot’s original workspace (highlighted in gray). Each line represents the
robot’s trajectory to a certain sub-goal and are color-coated. For instance, each green line on the
left hand side of the workspace represents the robot’s trajectory trying to reach the left green-dot
sub-goal then proceeding to the red-goal in the workspace. Our algorithm IODA allows the user to
seamlessly reach the sub-goals.

combination of the autonomous action of the robot and the user’s teleoperation. When such a s′ is

identified, the robot should act as if it were in s′. Specifically, we want to select a new proxy state s′

such that the user’s predicted state W (s) is closer to the actual resultant state when simulating the

policy in s′, T (s, u ◦π∗(s′)) than to the resultant state of running the policy directly T (s, u ◦π∗(s)).

Lastly, in this setting, the true W and the nature of the new task that the user wishes to accomplish

are unknown. However, formalizing W as such can be useful for modeling and/or simulating, creating

a learning objective, or creating metrics to measure the success of algorithms applied to this problem.

See the limitations section of this chapter for a discussion of alternative ways of formulating the

problem of aligning the robot’s behavior with user expectations.

3.4 Imaginary Out-of-Distribution Actions (IODA)

In this section, we present Imaginary Out-of-Distribution Actions (IODA), to facilitate a user

to accomplish new tasks given a policy and a means of teleoperating an axis of robot behavior

(the problem setting described in the previous section). Our key insight is that when the robot
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Algorithm 1: Imaginary Out-of-Distribution Actions

(IODA)

1 Initialize: Rollout history D

2 Initialize: OOD-state detector

3 Initialize: State s

1: while not done do

2: if s is OOD then

3: s→ arg mins′∈D d(s, s′)

4: end if

5: a→ π∗(s)

6: u→ user’s control signal

7: s→ T (s, u ◦ a)

8: end while

is acting in a region that greatly differs from what the user has seen before, the policy should act

with imagined states that are as similar to the real state as possible while being ”in-distribution”

of what the user is familiar with and anticipates. Unless otherwise specified, we refer to ”in/out of

distribution” states with respect to D.

The complete IODA algorithm is presented in Algorithm 1. Here, we require that an OOD

detector be trained on D. This is then used to detect “novel“ states. While this technique is not

new from a robot-centered perspective, it is also a human-modeling choice that draws an analogy

between when a state is OOD and when a human may be projecting to a state they have seen in

the past. Thus, it is also being used to determine when to search for a state that the robot policy

should “imagine“ it is in.
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3.5 Simulation Example

In this section, we demonstrate IODA in a 2d navigation task. In the original task (see Figure

4), the robot learned to navigate to any specified goal point from within its workspace (highlighted

in gray in Figure 4). A user then seeks to leverage the behavior they have observed to control the

x-axis actions to first guide the robot to an intermediate sub-goal outside of the workspace (shown

in Figure 4 as blue or green dots) and then to the primary goal: this represents a novel task not

represented by the robot’s policy.

We train two RL agents to optimally solve two slightly different versions of the navigation task

using the off-policy RL algorithm SAC [100]. We use SAC as it has been shown to be relatively

robust out of distribution [143]. In one version of the task, Figure 4, b, the RL algorithm was

restricted to the gray workspace by being penalized for leaving it. In the other version, Figure 4, c,

the agent is penalized if it is out of the workspace, and further penalized by moving in the y-axis

whilst it is out of the workspace. This encourages the agent to return to its workspace as quickly

as possible before continuing the task. In both cases, the agent, when out of its workspace, may

behave in a way unpredictable to a user. As a user has only seen optimal rollouts, they may not be

familiar with what happens when the robot “fails“ or is OOD and will likely expect that the robot

would continue toward the primary goal along the y-axis.

In these environments, we collected 1000 rollouts of the optimal policy and trained Deep SVDD

OOD detectors [213] on the states of those rollouts. We choose d to be the L1 distance between

two states. Finally, we substitute human user control for an optimal x-position controller given the

current x-position and sub-goal location. As can be seen in Figure 4 IODA is the only condition in

which the simulated user can reach all sub-goals and then easily proceed to the primary goal. In

Figure 4, b, the agent acted relatively sporadically when brought out-of-distribution, and could only

reach both goals half the time. In Figure 4, c, since the agent was trained not to move in the y-axis

when outside of its workspace, the agent’s behavior inhibited the simulated user from reaching the

sub-goals. Furthermore, D did not contain any indication that the robot would stop.
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3.6 Methodology

To study how users can leverage PC to accomplish new tasks as well as the efficacy of the IODA

algorithm, we conducted an in-person user study, where people use PC with various underlying

algorithms to accomplish a novel task. We hypothesize that users can leverage their expectations

of robot behavior along with PC to accomplish this task. The IODA algorithm was designed to

facilitate this. Thus we seek to validate users can use PC in this way and that when the robot’s

behavior more closely aligns with user expectations, the user can more readily complete the task.

Plant Watering Task To study PC and IODA, we choose to replicate the scenario discussed

in Section I. In this task, there is an RL robot policy that transports cups of liquid from one place

to another, for handover, table setting, etc. The user then posits that they can use this task to

water their flowers if they can rotate the robot’s wrist as the robot carries the liquid to pour it over

the flower bed. The fully autonomous component is the robot traveling along one side of the flower

bed to the other, while users are prompted to pour out liquid to water the flowers by rotating the

robot’s wrist. This task is intuitive and entails PC over a single action space dimension and is thus

suited for a study where participants are still relatively novice at teleoperation.

The base policy for this task was trained using RL via SAC [100]. The reward function used

penalizes the robot per time step while the cup is not at the goal or if the robot spills liquid (by

overly rotating the wrist or moving too fast). There is a large positive reward for reaching the desired

goal position. Based on the setup for this task, rollouts of the optimal policy would not include the

robot spilling or largely rotating its wrist past a threshold. However, this is precisely what users

will need to do to perform the pouring task. While users have seen rollouts of the optimal policy

they have not seen the robot train nor know what happens when the robot enters the OOD state of

pouring out liquid.

Experimental setup The setup consisted of a Kinova Gen3 7-dof arm located between two

tables (Figure 3). A table was used for the participant to practice controlling the robot through

teleoperation; the other was used to demonstrate the robot cup-carrying policy and for the watering
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task. The pouring material used were small beads meant to replicate pouring a fluid. The flower

bed was equipped with 5 different containers, each of which had scales below them to measure the

amount of beads poured into each container. Each container represents an individual flower.

3.6.1 Conditions

For all conditions, the policy for the robot’s autonomous behavior is constant. The robot will

attempt to transport a cup full of beads from one end of the flower bed to the other. While the

robot is doing this, the user will have roll axis control over the robot’s wrist. Each condition is an

approach one may take for PC.

Unaltered Base Policy In this condition, there is no alteration to the base liquid carrying

policy during the user’s PC. As the setting and PC are novel, this intuitive baseline is important to

serve for both studying a user’s experience during PC and how an underlying policy may perform in

these scenarios. However, because this policy is unaltered, it may suffer from the problems associated

with out-of-distribution states examined earlier. That is, the robot may act or move sporadically

along its path if the user’s control causes the robot to start spilling the beads (which they are

intentionally trying to do). We expect that this will result in both lower task success and that the

robot’s behavior will not align with the user’s expectations based on what they have seen prior. We

will refer to this as the RL condition.

Base Policy with Enhanced Failure Recovery (”STOP”) In this condition, the base

policy also has an explicit failure recovery component. Although the unaltered policy may still try

to recover from spilling liquid, there is no explicit instruction for what the robot should do while

spilling. For example, the robot should stop moving along its path to minimize the spread of the

spill. In this condition, however, there is an additional safety constraint that while the robot is

spilling, it will stop moving along its path until it is no longer spelling liquid. This behavior is likely

desirable for a ”carry liquid policy,” but it also may or may not be expected by a user who has

only seen successful policy examples. We expect that, especially for users who do not expect this
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stopping behavior, many of the beads will accidentally be poured into one or two flowers as opposed

to an even spread. This is because, if the stopping behavior is unexpected, a user may need time to

react to the robot stopping moving along its path once the beads start pouring out. We will refer

to this as the STOP condition.

IODA In this condition, we apply the IODA algorithm while the user is engaged in PC. An

OOD detector was trained on optimal policy rollouts before the study. We used the L1 distance as

the distance function used in the algorithm. Because the IODA algorithm will result in the robot

roughly following its original path regardless of the presence of PC, we expect that as users rotate

the robot’s wrist, beads will be evenly poured into the flower basin. Furthermore, this is the behavior

we hypothesize that users will expect.

3.6.2 Experimental procedure

After participants read and signed an informed consent form, they practiced teleoperating the

robot for up to three minutes. For practice, users were given XYZ control as well as roll/wrist

control as the robot grasped an empty cup and were encouraged to get comfortable controlling the

robot. The speed of roll rotation matched the speed during each condition. The purpose of this

practice task was to ensure that all users had a similar minimum level of familiarity with controlling

the robot before moving on to the pouring task.

After the practice session, we explained that the robot had an autonomous policy to carry cups of

liquid. Users then watched the robot carry a cup of beads to three different locations. We will refer

to this as the familiarization phase. After familiarizing themselves with the robot’s behavior, they

were then instructed that they would take control of the robot’s wrist as it carried a cup of beads

from one end of a flower bed to another. Their task was to try to water the five flowers as evenly as

possible while using the most beads possible. Participants would then complete the pouring task in

one of the 3 conditions (the choice of which was fully counterbalanced). The task ended after one

minute or until the robot reached its goal pose, irrespective of how many beads they had already
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successfully poured. Users completed a post-condition survey after their experience. We repeated

this in each of the two remaining conditions. Finally, users were thanked and given compensation.

Outcome Measures The post-condition survey included questions from the UTAUT [266]

survey. We adjusted the scale of all questions to a 5-item Likert-scale. We also asked two other

Likert-scale questions: How much did the robot’s behavior align with your expectations? and I was

surprised by the robot’s behavior, and two free-response questions: Did the robot behave as you

expected? If not, please explain how. and How much do you feel the robot’s ability to complete the

task depended on your input?.

For a quantitative performance metric, we define ”pour error.” We measure the total deficit of

the bins relative to an optimal pour of w = 68g each. We measure the deficits and not the overfills

since measuring overfill would count this error twice. This pour error ϕ is equivalent to measuring

the total amount of beads lost in the process, combining bin overflow, beads that did not land in

bins, and beads remaining in the cup. Thus,

ϕ =

5∑
i=1

max(w − bi, 0), (2)

where bi represents the measured weight of beads in bin i.

Hypotheses Based on what we know about how the robot will act under PC in each of the

three conditions, we propose the following hypotheses. H1: IODA will most meet user expectations,

followed by STOP and then RL; H2: IODA will lead to overall the best task performance, followed

by STOP and then RL; H3: In PC, there will be a strong positive correlation between meeting a

user’s expectation and task performance.

3.6.3 Results

Participants We recruited 18 participants from the university and the surrounding area with a

variety of different backgrounds. All participants were 18 years or older. Of these participants, 10

were female, 6 were male, 1 was nonbinary, and 1 was genderqueer. 13 participants were in the 18-24
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Figure 5: User reported expectation alignment and degree of surprise for each condition.

age range, 4 in the 25-35 age range, and 1 in the 35-44 age range. Of these participants, 2 were

self-reported robot experts (i.e., attend robotics conferences regularly), while all other participants

reported having interacted with a robot in the past (i.e., a Roomba). The study lasted approximately

30 minutes and participants were compensated $10. The study procedure was approved by the Tufts

University IRB.

Analysis To analyze the data we use both Bayesian statistics and p-values. All tests were done

using independent samples t-tests and the Bayesian tests were done with a Cauchy prior distribution

with r = 1/
√

2.

User Expectations Before watering the flowers in any of the three conditions, as mentioned,

users had both practice time and were able to watch the robot carry cups of beads to familiarize

themselves with its movement. We expect these two initial phases, as well as any ordering effect,

influenced how a user reported both how much the robot’s behavior met their expectations and how

surprised they were by the interaction. The results of the post-condition Likert-scale questions can
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be found in Figure 5. As we can see, IODA led to robot behavior that both best aligned with people’s

expectations and induced the least amount of surprise. Specifically, IODA met user expectations to

a greater extent over RL (p ≈ 0.0, BF > 10000), and to a slightly greater extent over STOP (p ≈

0.0064, BF = 7.05). Comparing STOP to RL, we find STOP more closely meets user expectations

(p ≈ 0.0099, BF = 5.035). A large part of why the RL condition least met user expectations is

because the sporadic behavior caused by the RL policy being out-of-distribution when the robot’s

wrist was rotated was that it would begin to move away from the participant as opposed to towards

and away from the center of the flower bed (Figure 7). These results support H1.

Task Performance The primary task metric we analyze is pour error. The results are shown in

Figure 6. We find IODA led to much better task performance than RL (p ≈ 0.0, BF > 10000) and

slightly better performance than STOP (p ≈ 0.020, BF = 2.974). Notably, in the STOP condition,

many users reported ”figuring it out” after some trial and error. This is partially captured in the

time-on-task chart in Figure 6, although even an expert in the STOP condition would still take

longer than in the IODA condition due to the nature of the stopping behavior. That being said, we

do find IODA led to slightly better performance with significantly less time-on-task. Similarly, 5 of

18 participants did figure out that in the RL condition, they could wait for the cup to be almost at

the end of the flower bed and then begin rotating the robot’s wrist so that it would move back across

the flower bed while pouring out the beads. However, this took most of the participants almost the

entire 60-second trial time to realize. These results support H2.

The Importance of Meeting User Expectations in Partitioned Control We hypothesize that during

PC, robot behavior that meets a user’s expectations will correlate to higher task success. Although

various collaborative shared control paradigms are designed to work despite a user’s expectations or

work under the assumption that a user and robot share a world model, as in classic SA [120], in PC,

aligning user expectations and robot behavior is critical for task and user performance. We analyze

the relationship between the user’s reported expectation alignment and the user’s reported surprise.

The results are displayed in Figure 8. We find that there is a strong correlation between high
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Figure 6: Top: IODA performed the best in the watering task with the least error. Bottom: Mean
and standard-deviation for time-on-task for each condition

task performance (low pour error) and meeting user’s expectations, as well as a strong correlation

between low levels of surprise and high task performance. These results support H3.
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Figure 7: Trajectories of the cup for all 18 participants. The redder the line indicates how long the
cup was stopped at that point. The reddest point indicates that the cup is stopped for at least 7.5
seconds

Figure 8: Top: Meeting user’s expectations is strongly correlated with task performance in PC.
Bottom: The same is true of reducing surprise and performance.
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3.7 Limitations and Future Work

While IODA was shown to provide a positive user experience as well as enable high task perfor-

mance in our user study, there are several limitations with the PC problem setting described and

the IODA algorithm. In the PC problem setting presented in this chapter, we proposed an objective

to identify when there exists a state s′, a state that if passed to the policy would lead to behavior

more aligned with the user’s expectations than the real state s, that is in D. How often this is

the case however, is largely dependent on how many trajectories are present in D and how diverse

that set is. For example, if the user is attempting to perform PC with an original task that they

have only seen once, |D| = 1, then there may not exist any state in D such that an s′, is identified.

In those cases, even if an algorithm like IODA is functioning properly, the interaction may not be

changed since there is never a reason to act according to any other state than the actual state. An

alternative to this approach, could be to loosen the assumption that s′ is necessarily in D. Rather,

if s′ does not have to come from trajectories that the user has seen before, then s′ could be gener-

ated, for instance, by a different algorithm. While such a generative approach would also have to

make assumptions about the unobservable expectation function W , it is nonetheless more general

as it could also include states present in D. Relaxing this assumption leads to a more generalizable

problem setting.

The other primary limitation of the problem setting is the use of a distance function to compare

state similarity. In robotic tasks where the task itself can be well represented with relatively low-

dimensional geometric state-spaces, such as Cartesian space or end-effector space, a distance function

to compare similar states can be useful. Beyond the navigation and pouring tasks presented in this

chapter, states in other PC task, such as a user controlling the compass-direction a robot arm is

pointing and the height of the robot arm to pass out hors d’oeuvres to people, as the other joints

of the robot autonomously ensure the tray is balanced, can be related by distance metrics such as

the L1 or L2 distance. However, there are also many tasks where to measure the distance between

different states in a meaningful way requires a more complicated and task-specific distance function.
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For example, if a user wished to control a single arm of a bimanual humanoid robot using PC, a

geometric distance metric over the entire state, may not appropriately capture state similarity with

respect to the user’s expectations. This is both because of the various nonlinearities between different

components of the state space and because the user may only care about how the other parts of the

robot arm is moving, and not necessarily how the robot is standing, for example. Thus, the choice of

distance function for the problem setting is task-dependent and may be difficult to choose in advance

of the interaction. Recently, there has been much work in robot learning that attempts to capture

the similarity between certain states and tasks more generally for transfer learning applications [60,

153, 294, 146]. Works such as these may be useful for providing other distance functions as well as

automating the choice of distance functions for algorithms like IODA.

IODA is an algorithm which rather directly addresses the PC problem setting. Because of this,

most of its limitations are shared with the problem setting itself. The primary limitation unique to

IODA has to do with the introduction of the notion of the agent being out-of-distribution. IODA

uses an OOD detector to determine when the algorithm should search for an s′ in D. This has the

benefit of saving the computation time of always searching through the a robot’s history every state.

However, what is OOD as defined by a history of successful trajectories, may not always align well

with when the agent should be imaging a different state. For instance, a state may be in-distribution

from the robot’s perspective, but the behavior of the policy in that given state may nonetheless not

align well with the user’s expectations and thus a different state should be imagined. A potential

way of mitigate this issue is to establish “common ground” between the user and the robot about

what is and is not OOD. This can be done through a collaborative labeling of OOD trajectories

between the user and the robot. If the person and the robot both agree on what states or behaviors

are OOD, then the robot can better know when to imagine different states or how to better align

its behavior with the user’s expectations.
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3.8 Discussion

A näıve learned robot policy may not be suitable for flexible interactions with real users, especially

when they have the propensity to use the policy in unexpected ways. Such a propensity is not

exclusive to human-robot collaboration: people will use a shovel as a crowbar, a crowbar as a

hammer, a hammer as a hook, and a hook as a shovel. We investigated Partitioned Control (PC),

in which a user controls some dimensions of the behavior of an RL-trained robot and can use that

control to drive it into states that are not reflected in training. We present an approach, Imagined

Out of Distribution Actions (IODA) that enables such a partially-controlled system to behave in

alignment with user expectations. We demonstrated that a standard RL-trained agent will behave

erratically under PC, while IODA results in more expected robot behavior. Furthermore, we show

that in a realistic PC setting, when a robot’s behavior is more aligned with a user’s expectations,

the user can more effectively perform the novel task they are trying to achieve.

There are, however, aspects of this which warrant further investigation. One is to study how

users build up their expectations before and during PC. Here, we assumed that user expectations

are based on teleoperation experiences and viewing prior rollouts of a given policy. However, there

may be other important factors. A second aspect is the use of distance functions over the state to

quantify user expectation alignment. We assumed that a distance function can be used as a proxy

for what a user considers “similar” states, and we used an OOD detector to approximate when the

robot is in a state that a user is unfamiliar with. While this approach was effective in our user study,

there is more to learn about the properties and assumptions of IODA and the use of imagination

to better meet user expectations. IODA may also run into latency issues if the calculations of the

distance between states are not relatively fast.

Our study addressed a ”one-shot” interaction where users performed the flower watering task

with each condition once. This is an important setting because in many real-life scenarios, it is ideal

for a task to work on the first go. Enabling ”one-shot” interactions improves user satisfaction and

generates successful demonstrations that could be used to learn the new task in the future, through
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an LfD algorithm for example. That said, most users, across all three conditions and regardless of

whether the robot met their expectations, wanted to interact with the robot again. This is not only

because they enjoyed the task, but also because they thought they could better perform the task

knowing what to expect. Thus, user expectations change as a result of PC interactions, and future

work is needed to address how PC and IODA change these expectations over time.
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4 Customizing Behaviors

4.1 Introduction

In this chapter, we introduce a novel problem formulation and algorithm for creating customizable

and personalizable robots. Robot’s that are trained through RL, typically only learn how to perform

a task in a single way. In the case of IODA, we demonstrated how that predictability could be

leveraged by a person to perform new tasks. Here, however, we focus on giving users the impetus

to control the style of how the robot completes that task. This is important as the way the robot

initially learned to do the task, may not suit the user’s needs or preferences, it could even make them

uncomfortable in a worse case. Furthermore, users should not be burdened with having to entirely

re-teach the task or their preferences to the robot because of this mismatch. A further benefit

of giving users control over the robot’s behavior in real-time is that they can use that behavior

for creative tasks that require on-the-fly behavior adjustments: such as painting in this work, but

could also apply to dance, sculpture, etc. This chapter introduces online behavior modification, a

problem formulation to enable such real-time control and adjustment to further equip novice users

with greater degrees of robot control.

Online behavior modification is a novel problem formulation for training RL agents that ensures

the final learned policy of the robot is both capable at the task and has behavior with can be

easily adjusted by a non-expert user. Online behavior modification has three key components or

requirements: the robot must always be making progress on the task, this ensures that as the user

customizes how the robot completes the task it does not adversely impact task completion itself;

next, there must be behavior features, or stylistic aspects of the robot’s behavior that the person

can adjust in real-time; lastly, the adjustment of those behavior features must be accessible to the

user, in this case accessible both in terms of the interface as well as ensuring the adjustment of those

features is interpretable and predictable. These components support both user empowerment and

robot task performance.
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To deploy online behavior modification and study peoples experience with it, with developed the

Adjustable Control of Reinforcement learning Dynamics (ACORD) algorithm. ACORD combines

RL-based task learning with behavior-diversity inspired skill learning. This allows ACORD to

simultaneously learn an RL task while also learning how to change its style of behavior. A person

can then change the input parameters of ACORD, and consequently the robot policy will attempt

to match that specified style. We evaluated ACORD both in simulation to test if it meets the

requirements set by online behavior modification and in a user study. For the user study, we

designed a painting task wherein the robot must trace over thin lines that outline a shape whilst

the participant can vary the robot painting style as the robot paints. This task allowed us to both

quantitatively measure task performance through calculating how well the outline was traced; and

to measure users qualitative experience expressing their own style and creativity. In the study, we

compared ACORD to Shared Autonomy (SA), during SA users have direct low-level control of parts

of the robot behavior, and the option of being able to pick among different styles in advance, each

trained with RL. We find that ACORD provides users with a strong sense of control over robot

behavior, allowing them to express their style and preferences in real-time, similar to SA, while

maintaining task performance more similar to RL.

The majority of the work in this chapter was published at HRI 2024 as Sheidlower, Isaac, Mavis

Murdock, Emma Bethel, Reuben M. Aronson, and Elaine Schaertl Short. “Online Behavior Modifi-

cation for Expressive User Control of RL-Trained Robots.” In Proceedings of the 2024 ACM/IEEE

International Conference on Human-Robot Interaction, 639–48. HRI ’24. New York, NY, USA:

Association for Computing Machinery, 2024. https://doi.org/10.1145/3610977.3634947 [238]

†.

†The second author helped organizing the photos of participant paintings and the appendix. The third author
helped with visualizations for figures. The second to last author consulted on the experiment design and assisted in
programming the shared autonomy condition used in the study. The last author supervised the work and consulted
on the experimental design.
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Figure 9: A participant using ACORD to adjust the style of a painting as the robot traces a heart
autonomously.

4.2 Learning Policies for Online Behavior Modification in RL Settings

To enable human-centered control over how a robot complete its task, we propose three key

properties for online behavior modification. First, the robot must always autonomously make

“task progress” and ensure the task does not fail. In this context, “progress” may mean “expected

completion in finite time” or “always getting closer to a goal”; formalization depends on the task.

Second, there must be a non-empty set of behavior features, each of which has an associated

behavior oversight parameter, k, that control the robot along the behavior feature axis. In other

words, the policy must be explicitly parameterized with one or more observable variables that

dictate an aspect of the robot’s behavior. Finally, for each behavior feature that has a certain k

associated with it, the adjustment of that k must be interpretable to a user and there must be an

accessible interface that facilitates a user to freely adjust each k as the robot completes its task.

These properties describe an interaction that ensures the user can have a robot that both meets

their needs and can be personalized without having to teach the robot the task or their preferences.

In this section, we present Adjustable Control Of RL Dynamics (ACORD), a proof-of-concept
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algorithm for learning a policy for online behavior modification in continuous state and action space

robotics tasks. ACORD is a behavior-diversity–inspired algorithm which explicitly gives users control

over a robot’s behavior. We describe how to adapt a standard RL setting to facilitate ACORD and

demonstrate it in a simulation environment.

4.2.1 ACORD for Continuous Control RL-tasks

We assume a task modeled as a Markov decision process (MDP) with states S, actions A,

transition function T (s, a) → s′, and discount factor γ. To define task failure, we assume some

environmental reward function Renv. To this system, we introduce behavior oversight parameters.

Assume that S = Rn and define the space of behavior oversight parameters as K = [0, 1]m, 1 ≤ m ≤

n. Consider the coordinate representation of s = ⟨s1, · · · , si, · · · , sn⟩ and k = ⟨k1, · · · , kj , · · · , km⟩.

Each coordinate of k, kj , controls a coordinate of s, noted si. The set of all si that have a kj mapping

to them define a set of behavior goals for the robot, and the corresponding i-axes are behavior feature

axes. Any si with no corresponding kj is a free variable whose value is not explicitly constrained by a

setting of k. For generality, we assume the range of behavior goals is unknown prior to learning (e.g.,

the maximum and minimum speeds the robot can move while completing its task are unknown).

After learning, a user can directly adjust the values of k, thus changing the robot’s behavior goal on

the axis si, and consequently changing its behavior along that axis within a range that is learned

by the algorithm, subject to “non-failure” condition above. This representation could be trivially

extended to having kj control multiple coordinates.

Learning a policy for ACORD entails finding a policy parameterized by k, πk, which both makes

progress in the task and enforces the behavior goals. To ensure that the learned mapping from each

kj to each si is interpretable by a user, we propose the soft constraint that the robot should learn a

monotonic mapping from kj to si and that the mapping range is as large possible without preventing

the robot from completing its task.
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4.2.2 ACORD Algorithm

ACORD makes use of three components: a discriminator that learns a continuous mapping from

si → kj to generate a diversity-inspired reward; an environment reward to define failure states and a

task progress heuristic h(s, a) to ensure task performance; and a domain randomization component

that ensures that the agent learns and is robust to various different settings of k such that k may

be adjusted in real time.

ACORD Discriminator We train a set of discriminators Wj to predict kj given si, denoted:

Wj(si) ∈ [0, 1]. We parameterize the discriminator as a neural network and train it via the novel

loss function:

L(Wj(si), kj) = MSE(Wj(si), kj) +
1

|max(Wj,si∼D(si))−min(Wj,si∼D(si))|+ ε
(3)

where Wj,si∼D refers to the discriminator output of a batch sampled from a replay buffer DW , and

ε is a small number to avoid division by zero. This loss function enforces high prediction accuracy

(via MSE) and that the predictions cover as wide a range over the behavior oversight parameter

as possible. The latter property is explicitly enforced by the denominator, leading to a faster

convergence to the range of behavior covered by each kj , resulting in more stable task behavior (see

supplementary material for ablation study).

RL Task Description and Agent We define the state space of the RL agent to be S
⋃

K.

This makes k observable to the agent so that when a user adjusts a specific value in k, the agent

knows to adjust its behavior. We will denote any state from the environment without k as senv,

and use still use s to refer to the state with k appended to it. We design a reward function such

that the agent avoids failures, makes progress, and learns to enforce behavior goals:
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R(s, a) =



Renv(senv) if senv ∈ F ∗

−c if h(senv, a) ≤ 0

1
m

∑m
i=1(− log |Wi(si)− ki|) else

(4)

where REnv denotes the reward from the environment, F ∗ is the set of failure states which lead to a

large negative reward, h(senv, a) denotes a heuristic for measuring task progress, and c is a positive

constant that punishes the agent if it fails to make task progress. Lastly is the reward generated by

the discriminator which ensures that, for a given ki, the agent is acting in the part of the state space

where the discriminator can easily predict the ki value. Since |Wi(si) − ki| ∈ [0, 1], this reward is

always positive and the other conditions are always negative. This allows the reward function to be

adapted and scaled to different environments with relative ease. Each of these terms may be scaled

by a constant. We maximize this reward via the off-policy RL algorithm SAC [99].

Domain Randomization Over K We employ domain randomization [261, 179] for the setting

of k during training. Every n time steps, we sample ki ∼ Uniform(0, 1)∀ki ∈ k. The choice of n can

be difficult as when a given ki changes, it may take several steps for the robot to adjust its behavior

accordingly. If n is too small, the algorithm cannot learn to enforce the value of k over time, and

if n is too large, it cannot learn to react efficiently to a user changing k real time. Empirically, we

find in the tasks in this paper that a reasonable choice for n is about half the length of an episode;

we expect that this would be the case for many tasks.

4.2.3 On Using a Heuristic Progress Function

Online behavior modification as an interaction emphasizes that the robot can autonomously

complete the task by constantly making progress in that task. There are several ways to formalize

this constraint, and online behavior modification does not necessarily require a particular one. For

example, in this work we define a task progress measure h(senv, a) and require that πk prioritize tra-

jectories that make h(senv, a) non-negative; this approach is appropriate for many robotics problems

47



Algorithm 2: ACORD

1 Initialize off-policy RL Learner Ψ

2 Initialize Discriminator(s) W

3 for environment step t do

4 if nth step then

5 k ∼ Uniform(0,1)
m

6 st ∼ st,env concatenate k

7 at ∼ πΨ(at|st)

8 st+1,env ∼ T (st+1|st, at)

9 st+1 = st+1,env concatenate k

10 rt ∼ R(s, a) [see Eq. 2]

11 DΨ ← DΨ

⋃
(st, at, st+1, rt)

12 DW ← DW

⋃
(st, at, st+1, rt)

13 if zth step then

14 Update Ψ via gradient descent

15 if vth step then

16 Update all W via loss in Eq. 1
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where there is a physical destination for the robot’s motion (e.g., [167]). Another natural approach

might be to use the environmental reward function Renv(senv, a) to measure task progress or require

that the trajectories following πk eventually reach a terminal success state. The exact specification

will depend on the task and the formulation of the learning problem.

A heuristic progress function h can ensure the robot always completes the task despite a user

changing how it does so. This aligns with our goal of giving users the most control possible over

a robot’s behavior while still accomplishing the task. This is in contrast to prior approaches that

optimally solve for a trade-off between environmental reward and diversity, as in Quality-Diversity-

based approaches [24, 25], or use a hyperparameter to dictate how each of the two objectives are

weighted [26].

4.2.4 ACORD in Simulation

We train ACORD in simulation to show that the learned policy has the desired properties: it

aligns pre-specified behavior features to the values specified by k; it has an interpretable behavior

range over ks; and it completes the task and avoids failures robustly in variations in k. In a bipedal

walker task [37], we specify two behavior oversight parameters: k1 to control the speed of the robot

along its x-axis and k2 to control the angle of its hull. Failure cases are specified as crashing (-100

reward from the environment). We measure task progress by setting h(s, a) = vx, the velocity of

the robot along the x axis. Then, Equation 4 penalizes the system for moving backwards in x. We

trained the agent to convergence prior to evaluation (∼2 million steps; for a discussion of algorithm

efficiency see Section 6). Figure 10, left, shows the resulting behavior by varying both ks. By

changing kj , there is a predictable change in behavior along the specified feature axis. Figure 10,

right, shows the range over the robot’s speed for various settings of k1 given across different values

of k2. This demonstrates that ACORD can be robust to multiple settings of k1 given k2: varying

the hull angle does not fully constrain the agent’s ability to vary its speed. Of course, if two features

are directly in conflict with each other, such as a ki mapped to going backwards and a kj mapped
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Figure 10: Left: The walking agent varies its behavior in a predictable and interpretable way given
changes of k. The ghost traces from the previous six video frames show the agent’s change in speed.
Right: The resulting manifold learned by ACORD in the walker environment. The speed is robust
to different hull angles.

to going forwards, the behavior of the robot may not be as expected. Lastly, over multiple runs, the

agent avoids crashing ∼ 94% of the time with variations in many settings of K.

We also evaluated the agent’s task performance for different settings of each behavior oversight
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Figure 11: ACORD ablation study.

parameter k, dictated by a 10 × 10 grid (k1 = hull × k2 = speed). The agent trained with just k1

(speed) varying was evaluated for k1 ∈ {0, 1
n−1 , · · · , 1} with n = 10 different settings of k1. This

agent avoids crashing 85% of the time (σ = 25%) and the agent trained with one k avoids crashing

87% of the time (σ =22%). Furthermore, the majority of failures took place on boundary settings of

k (k ∼ 0 or k ∼ 1); if we exclude those endpoints, the agent trained with one k avoids crashing 93%

of the time (σ = 15%), and the agent trained on two ks, avoids crashing 94% of the time (σ = 9%) .

The propensity of the agent to avoid crashing also has to do with the different chosen reward scales.

There is a trade-off between the penalty of failure and the time it takes to learn a large behavior

manifold.

We note that the min and max average speed across all ks is between ∼0.02 (roughly standing

still) and ∼0.45 respectively. While the max speed a typical RL agent would run is ∼0.7, the

ACORD agent is relatively robust to changes in k, thus being able to dynamically change its speed.

Ablation Study We performed an ablation study to study the effect of the denominator in

Equation 1. The denominator explicitly enforces that the predictions of the discriminators W for

any given replay buffer sample cover a large range of k. The loss implicitly encodes this property

without the denominator and will learn to predict a wide range of k naturally through optimization.

We have found, however, that this explicit term encourages this behavior earlier on and leads to a

more stable agent performance as it pertains to making task progress. This is likely because the
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Figure 12: Overview of the study procedure. Participants interacted with each of the three conditions
(order was counterbalanced), completing a survey after each condition.

faster convergence to predict a given range of k leads to a more stationary reward function earlier

in training.

We tested this hypothesis in an ablation study in the bipedal walker environment with the same

two k representations. Every 250,000 time steps, we evaluate the diversity of behavior and task

performance for 10 episodes of both an agent trained with the denominator term and one trained

without it. The results can be seen in Figure 11. The left graph shows the sum of the average

range of the speeds and hull angles (both ranges were normalized to be between 0 and 1) over time.

The right graph shows the percent of critical failures over time. As we can see, the agent with the

denominator converges to a wide range of behaviors relatively quicker and does so with significantly

fewer critical failures.

4.3 User Study

To study ACORD and online behavior modification with real users, we designed a robot painting

environment wherein users can adjust a robot’s painting style as or before it traces a drawing. This

domain is an inherently creative activity in which a person has styles and preferences that they

wish to express. Online behavior modification captures the idea that task completion itself is not

always the only desirable metric of a human-robot interaction: having control over how the task is
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completed can also be an important factor, as is the case with painting and other artistic tasks.

Robot Painting Task The painting task involved the robot tracing a previously generated

shape. We specify each shape as an ordered list of waypoints in the x-y plane, (p0, · · · , pr). We

formulate the task as an MDP where the state senv is a vector containing the robot’s end-effector

position, orientation, and velocity; the position and orientation of a brush the robot is gripping; and

the next waypoint that the robot should reach. Actions are relative Cartesian x-y velocities. Reward

is given as R(senv, a) = −|pbrush − pi|, the negative distance between the current pose of the brush

pbrush and the next waypoint pi. Episodes terminate when the robot has reached every waypoint

that makes up the shape or with failure when the arm leaves the workspace or is in collision.

Experimental Setup The setup (Figure 12) consisted of a Kinova Gen3 robot arm on a table

with the participant sitting next to it. Depending on the condition, users had access to a different

interface to interact with the robot. On the table was paper with a shape outlined in red on which

the robot would paint. The participants were told which shape they would paint: heart or house

(Figure 13). These shapes contain various motions and strokes and provide scope for participants

to paint in their own style.

Painting Styles We define two different axes for the robot to vary its painting style. One is by

adjusting the height of the brush or end-effector, thus affecting the pressure that the brush applies

to the canvas. This can result in thinner or wider strokes. The other way is by rotating the robot’s

wrist or brush. This adjusts the angle of the brush, resulting in more varied strokes.

4.3.1 Conditions

We assume for all conditions that the robot knows how to perform the task optimally according

to the MDP formulation. We fix the painting policy across each baseline to ensure the same amount

of time is spent on each painting and that the style adjustment was the primary difference between

conditions. We compare ACORD to two alternatives to vary the style of robot behavior: RL and

SA.
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Choosing Among a Discrete Set of Style-Varying RL Policies This condition gave the

robot the most autonomy. Participants selected one of six styles based on an example image before

the robot drew the shape. Each style represented a fixed value for the pitch and height of the

end-effector. The robot then painted the shape autonomously according to that selected style. This

type of control, in which a user chooses between a set of RL policies, is appropriate for tasks where

RL control is necessary and/or available and ”styles” are well defined, such as choosing a “risky” or

“risk-averse” obstacle avoidance strategy. In other cases, these pre-defined policies may have been

learned via human feedback, but their execution during this single task is fixed.

Shared Autonomy (SA) This condition gave the participants the most direct control. Users

were given assisted velocity control over the height and pitch axes of the robot end-effector through a

controller. The input was augmented with a SA assistance strategy following [120, 119], with α = 0.5

to allow the user’s commands to directly influence the robot position [183]. The SA assistance infers

online which of the six styles defined in the previous condition the user is intending to achieve.

While similar to the standard goal-based SA paradigm, we note two key differences. First, the

system continuously moved along the x-y plane via the optimal policy while the user controlled the

style axes. Second, rather than considering goal states to be terminal, the user continued to control

the style axes for the whole trajectory and could move from one goal then to another. This approach

allows for the closest comparison between ACORD and SA, but this multi-goal formulation of SA

is a direction for future research in itself.

Adjustable Control of Reinforcement learning Dynamics We trained and deployed an

ACORD agent using sim-to-real via the Gazebo simulation environment [139]. Failure was defined

as leaving a set workspace. We defined h(senv, a) = a · (pi − pbrush), the component of the action

in the direction towards the current waypoint pi. Penalizing h(senv, a) ≤ 0, as in Eqn. 4, penalizes

actions that move away from pi.

Two ks were learned to allow for continuous control over the painting style: one for the height,

k1, and angle, k2, measured at the brush tip rather than at the robot’s end-effector. This means
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Figure 13: Participant paintings. Users were able to produce a wide range of different styles for
the pre-specified shapes, including the emergent “polka dot” style in SA (4th column from left) and
widening or narrowing “strokes” using ACORD (rightmost column, top and center).

when a user moves the slider to adjust the brush’s rotation, through k1, ACORD maintains contact

with the paper since k2 stays the same. The users had access to a GUI with two sliders to control

both ks. Users adjusted the sliders, affecting the robot’s behavior and painting style in real time.

4.3.2 Experimental Procedure

Recruitment We recruited a total of 24 participants from the university and the surrounding

area with a variety of different backgrounds. All participants were 18 years or older. Of those

participants 15 were female and 9 were male. 13 participants were in the age range of 18-24, 9

in the range of 25-35, 1 in the range of 35-44 and 1 in the range of 55-64. Participants reported

their level of programming expertise from 0 (none) to 10 (expert). The mean level of programming

experience was 2.9 with a standard deviation of 2.3. Furthermore, 11 participants reported having

experience interacting with robots, and 3 of those 11 had significant expertise (attending robotics

conferences and events regularly). The study lasted approximately 45 minutes and participants were

compensated $15. Of the 24 participants, the data from one participant was excluded due to non-

participation (ignoring the robot’s behavior and providing only uniform feedback on all surveys).
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This left data from n = 23 participants for analysis. The study procedure was approved by the

Tufts University IRB.

Procedure Participants provided informed consent then took a background survey. The exper-

imenter then explained the task and control in the conditions, including allowing participants to

practice with SA and ACORD. In each condition, participants painted the house shape and then

the heart shape, then filled out a survey about that condition. Conditions were fully counterbal-

anced within subjects. Finally, participants completed a post-study survey, were thanked, and given

compensation.

Outcome Measures The post-condition survey included NASA TLX [260] and UTAUT [266]

surveys. We adjusted the scale of all questions to a 5-item Likert-scale. We also asked two other

Likert-scale questions: I had control over the robot’s behavior and I could express myself through

the robot, and an open response question: How much do you feel the robot’s ability to complete the

task depended on your input? The post-study survey had participants rank each condition based

on their preference, the ability to express themselves, the perceived reliability of how well the robot

traced the shape, and which mechanism (e.g. controller or sliders) they preferred. In addition, it

asked two open response questions: a request for general comments and the question how could the

interactions be improved?

We evaluated two quantitative metrics for how reliably the shape was traced. For each painting,

we calculated the coverage, or percentage of the red line that remained visible in the image after the

task was complete. We also calculated the consistency, or the coverage of the red line after applying

translations and rotations of the painting to best align with the shape of the red line.

Hypotheses We expect that ACORD will give users control over the robot’s behavior while

still effectively completing the task, as users have more direct control than RL but less than that of

SA. Thus, we expect that ACORD will be the most preferred approach and that it will give users

feelings of slightly less control as SA while having similar performance to RL. This results in three

hypotheses:
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Figure 14: Responses to post-condition 5-point Likert scale questions. The darkest blue represents
”strongly agree” or, in the case of Mental Demand, ”very high.” The darkest red represents ”strongly
disagree” or, in the case of Mental Demand ”very low.”

Figure 15: Heatmaps depicting the consistency of each approach sorted left to right from most
consistent overall to least consistent. The heatmap consists of the participant’s paintings layered on
top each other after being shifted for maximal coverage. Areas of high coverage depict areas where
many participants painted over, and vice versa for areas of low coverage.

H1: Users will prefer to interact with ACORD over SA and RL.

H2: Users of ACORD will feel more in control of the robot than in RL but less than in SA.

H3: RL will be objectively and subjectively the most reliable, ACORD the second most and SA

the least.

4.4 Results

To analyze the data, we use Bayesian statistics following the interpretation scheme presented in

[66]: a Bayes Factor (BF) between 3 and 10 we interpret as “moderate evidence” for the alternative

hypothesis, between 10 and 30 as “strong evidence,” and 30 or above as “very strong evidence.”
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To evaluate the post-study survey data, we encoded responses as pairwise comparisons between two

of the three conditions. For each comparison, the rank was encoded as 1 if the “left” condition

was preferred, -1 if the “right” condition was preferred, and 0 if the participant ranked the two

conditions equally. To analyze this data, we used a Bayesian Wilcoxon Signed Ranked test with a

Cauchy prior distribution with r = 1/
√

2. To analyze the Likert scale data , we used a Bayesian

Repeated Measures ANOVA. We used a Bayesian Paired Samples T-Test to analyze the coverage

and consistency metrics.

User preferences We find strong evidence that ACORD is preferred over RL (BF=17.16) and

anecdotal evidence that people prefer SA over RL (BF=2.11). There is strong evidence that people

found ACORD more fun than RL (BF=79.87) and moderate evidence people found SA more fun

than RL (BF=5.03). These results provide support for ACORD being preferred over RL while being

no less preferred than SA. We also find a trend towards ACORD being preferred to a greater extent

over RL than SA. Finally, we found that users rated RL as much less mentally demanding than

SA and ACORD (BF=112.87 and BF=45.92 respectively), and much less hard work (BF>10000

and BF>10000), although the previous results suggest this was not a significant factor in user

preferences. These findings partially support H1 and directly support that ACORD provides at

least as much benefit to user experience as SA.

User Control and Expression In the post study-survey we find strong evidence that people

find ACORD and SA more expressive than RL (BF=18.40 and BF=13.65) and similarly for the

post-condition survey measure of expressiveness (BF=23.38 and BF=40.31). Users also found a

greater sense of control with ACORD and SA (BF=6318.61 and BF=40.31). There is anecdotal

evidence that users reported more control in ACORD than SA (BF=2) and differences between the

two were often commented on in open-ended responses. These results support the first part of H2,

that users felt more in control in ACORD than in RL, however our results suggest that some users

may have felt an even greater sense of control in ACORD than in SA.

Quantitative Painting Analysis We find on average, across both shapes, ACORD and SA
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had better coverage than RL (BF>10000 and BF=1095.2), likely due to the persistent offset in the

RL condition caused by bristle drag of the brush. We account for misalignment by computing the

maximum coverage found over small translations and rotations of the template, which we refer to

as consistency. As expected, RL has better consistency than SA and ACORD in both shapes and,

in general, the normalized sum across both shapes (BF>10000). While SA has higher consistency

in the house shape (BF=1884.64), ACORD has much higher consistency in the heart shape and a

higher consistency overall (BF>10000 and BF=11.67). A visualization of the consistency results can

be found in Figure 15. According to our two reliability metrics, H3 is supported by the consistency

metric and not by the coverage metric. The coverage findings, however, showcased how a human

in the loop can use the flexibility of added control to compensate for execution-time limitations in

pre-trained RL models.

Qualitative Results Figure 13 shows paintings from each condition that are representative

of the different painting styles found and the emergent behaviors that users demonstrated. With

ACORD, we see the emergent behavior of brush strokes, where users moved both sliders quickly

to make a specific stroke. In SA, some users made polka dots by bringing the brush up as much

as they could, releasing the joystick, then letting the assistance bring the brush back to the paper.

This was a surprising use of SA and goes against the task description of tracing the shape, yet

gave users who figured this out a new way of expressing themselves and highlights that users had

a desire for control and creativity in the task. While both ACORD and SA enabled this control,

many users emphasized “consistency” and “ease of use” when describing ACORD; in contrast, users

described SA as “mentally demanding” or “too sensitive.” Some users did not enjoy that ACORD

required ”shifting their eyes” from the screen to the robot, although of course this is an issue with

the interface and not with ACORD itself. RL was criticized for not being able to adjust the style in

real time; however, multiple users said it would be ideal for a ”mass production” setting.
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Figure 16: Results of the post study surveys. Users ranked each condition based one their preference
(top), perceived expressive potential (mid), and perceived reliability (bottom).

4.5 Discussion

Online behavior modification describes an interaction in which a user has control over how

an otherwise autonomous robot completes a task. While prior work has offered various algorithmic

avenues to fulfill this type of user control, such as GCRL or Skill Learning, they have been formulated

in robot-centered ways and lack validation in terms of usability and acceptance by actual users. In
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contrast, online behavior modification is a user-centric formulation that can leverage the benefits of

these approaches to empower users in ways that can be systematically tested and compared.

Online behavior modification occupies a novel place within approaches to combine autonomous

execution with human input. Our user study compared the ACORD algorithm to both a library

of autonomous RL policies and a version of SA modified for a multi-goal setting where different

styles represent different goals. We validate that ACORD can be used to adjust the style of a robots

behavior and is perceived favorably by users. Our study shows that ACORD provides high levels

of perceived control and expressiveness, as SA does, while being easier to use. There are also key

technical and theoretical differences between online behavior modification and SA. In the context

of SA, the task-level goal is unknown, and the robot, through an interpretation of the user’s control

signal, is attempting to infer the goal of the task. In contrast, in online behavior modification,

the task-level goal is known, and the purpose is to maximize the user’s control over how the robot

autonomously completes that task. SA also requires the user to operate directly in the robot’s

action-space defined for the task, while algorithms such as ACORD build a separate new space for

user input. In a larger system, online behavior modification algorithms like ACORD could work with

SA, for example by using an SA system to infer where the user wants to go, and ACORD to give

the user control over how the robot gets there. This opens up various directions for future research,

both studying and comparing different algorithms for online behavior modification, as well as how

online behavior modification may fit into or be combined with other paradigms.

Limitations An assumption in this work is that the designers of the system know which axes of

behavior people care about for the task. This could be resolved by working with users to understand

which behavior features they wish to adjust. Future work might also develop a general understanding

of the types of features that users most want to adjust for a given task or types of tasks. Another

limitation of the study is that we only considered m=2 behavior parameters to adjust. [190] have

shown that the diversity-based methods ACORD is partially based on can learn effectively with up

to 25 discrete latent variables. However, a large number of latent variables may impede the usability
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and interpretability of the system. Thus, more work is needed to understand how users interact

with more numerous and abstract features. Similarly, the features used in this work for behavior

oversight parameters where “static goals” in the sense that they were behavioral goals, which once

reached, the robot would not change its behavior over time. “Dynamic” behavior features would be

ones that, given a specific user setting, the robot’s behavior could change over time. A feature for a

robot’s acceleration, as opposed to a target speed, would be an example of a dynamic feature. For

ACORD to learn dynamic features, additional augmentations would need to be made to the robot’s

state to include temporal information such as when a certain behavior oversight parameter was last

adjusted.

While ACORD was sufficiently efficient to be deployed on a real robot and be used by real

users, the algorithm is relatively sample-inefficient (about 3 hours of fine-tuning after training in

simulation). Future work could improve ACORD’s efficiency by leveraging other techniques, such as

hindsight and Constrained MDPs [12, 11]. Lastly, although online behavior modification entails the

robot avoid task failures, that specification may not be sufficient for safety-critical scenarios unless,

potentially, combined with safe RL methods [9, 87, 168].
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5 Novice-Friendly Teaching

5.1 Introduction

In this chapter, we consider the case where a home robot does not know how to perform a task the

user wants it to perform. Up to this point, we have considered a robot that has a policy which can

be leveraged by the user in different ways: either through an innovative use that was not previously

designed for, as in IODA, or through interfaces that were explicitly designed to give users more

control, as in ACORD. Inevitably, however, there will be tasks that the robot does not know how

to do, or at the very least, cannot be easily specified by a user through natural language. In those

cases, users ought to be empowered to teach the robot those new tasks via their own means, and

without the necessity of being a robotics expert. This type of novice user empowerment, ensuring

they have tools to teach the robot how and when they want, is also a collaboration between a user

and a robot policy, the policy in this case, however, changing as a result of the interaction.

We sought to bridge the gap between the robot behaviors that experts could instill in robots and

what users could teach, so we focused on the teaching modality where the gap was largest. A person

teaching a robot with binary feedback (e.g. good or bad teaching signals), also known as Interactive

Reinforcement Learning (IntRL), has in general been limited to relatively rudimentary robot tasks

and has lagged behind both what was learnable from a robot autonomously and behind other

teaching paradigms such as learning from demonstration (LfD) and preference learning. While this

is intuitive, as binary feedback as a teaching signal provides relatively sparse information content, it is

nonetheless important that people who want or need to teach home robots complicated manipulation

with binary feedback are not limited in doing so solely because of the feedback modality the choose.

To narrow the gap between what could be taught with IntRL alone and what robots could

be taught by experts, in this chapter, we introduce and evaluate an IntRL algorithm Continuous

Action-space Interactive Reinforcement learning, or CAIR. CAIR is the first IntRL algorithm that

could compete with state-of-the-art Deep RL algorithms in high-dimensional continuous control
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Figure 17: CAIR architecture. The robot uses a combined policy that incorporates both environ-
mental reward and human feedback.

tasks. We evaluated CAIR in simulation with heuristic-based simulated teachers as well as in

an online-study with real people. Our results show that CAIR enables people to teach robots

tasks with continuous action-spaces as well as or better than both previous IntRL approaches and

RL algorithms with multi-robot parallelization. Importantly, CAIR performs particularly well in

sparse-reward environments. Since CAIR also uses an environmental reward function, the benefit

of performing well in sparse-reward environments is that they are relatively easy for nonexperts to

specify. Overall, in this chapter, we introduce an algorithm to further the breadth of tasks people

can teach robots through IntRL, further empowering users of robots in cases where their robot needs

to be taught something new.

The majority of the work in this chapter was published at IROS 2022 as Sheidlower, Isaac, Allison

Moore, and Elaine Short. “Keeping Humans in the Loop: Teaching via Feedback in Continuous

Action Space Environments.” In 2022 IEEE/RSJ International Conference on Intelligent Robots
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and Systems (IROS), 863–70, 2022. https://doi.org/10.1109/IROS47612.2022.9982282 [237].

Portions were also published at AAMAS 2022 as Sheidlower, Isaac, Elaine Schaertl Short, and

Allison Moore. “Environment Guided Interactive Reinforcement Learning: Learning from Binary

Feedback in High-Dimensional Robot Task Environments.” In Proceedings of the 21st International

Conference on Autonomous Agents and Multiagent Systems, 1726–28. AAMAS ’22. Richland, SC:

International Foundation for Autonomous Agents and Multiagent Systems, 2022 [239]‡.

5.2 Continuous Action-space Interactive Reinforcement learning (CAIR)

Algorithm

Approach CAIR DQN-
TAMER

Deep
TAMER

Deep
COACH

Input dimensions 38 100 100 100
Output dimensions 4 6 4 3

Pre-training? no no yes yes
Continuous actions? ✓ x x x
Continuous state? ✓ x ✓ ✓

Validated in simulation ✓ ✓ ✓ ✓
Validated with users ✓ x ✓ x
Validation study size 54 - 18 -

Table 1: Prior IntRL approaches compared to CAIR.

5.2.1 Preliminaries

We model the environment as a Markov decision process (MDP) with states S, actions A, a tran-

sition function T : (S,A) → S, and reward function R. A policy π maps states of the environment

to actions of the robot; the optimal policy π∗ is the one which maximizes the reward, subject to a

discount factor γ.

IntRL algorithm which combines the policy generated from Q-learning [279] with a policy gen-

erated from binary human feedback. With a teacher whose feedback agrees with environmental

‡The second author assisted in testing and provided feedback for the study interface used in the online study. The
last author supervised the work and consulted on the experimental design.
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Figure 18: (Viewed left to right) A CAIR push robot shows robust pushing behavior after ∼25
minutes of real-time training.

rewards, PS can significantly speed up early learning by keeping track of previously received feed-

back for each state-action pair in an MDP [94]. A hyper-parameter C defines the agent’s confidence

that the human feedback is optimal. The probability that an action, a, in state, s, is taken by the

agent is:

P (s, a) =
PQ(s, a)PF (s, a, C)∑A
a′ PQ(s, a′)PF (s, a′, C)

(5)

where PF denotes the probability of an action based on human feedback, PQ denotes the probability

of taking an action from the Q-table, and A is the size of the action-space. CAIR borrows two key

properties of PS. First, CAIR limits a teacher’s overall influence on the agent’s policy via confidence

parameter κ and may be thought of as the maximum amount of trust the agent puts into the

teacher’s policy at any given time (this can be thought of as similar to the parameter C in PS).

Second, the reward from the environment is unchanged by the value of the teacher’s feedback. This

means that the agent has two internally independent sources of information and can learn from the

environment even without a teacher present.

CAIR uses a Soft Actor Critic (SAC) architecture [99] for both a teacher network and an en-

vironmental network, where their rewards are made up of binary feedback and the environmental

reward respectively. SAC is an off-policy model-free actor-critic based RL algorithm. It works well
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in high dimensional state and action space tasks by using a maximum entropy approach.

SAC takes advantage of three networks: a value network which evaluates the current policy; an

actor network that improves the current policy and is used to sample actions; and a critic network

which minimizes the Bellman Residual:

JQ(θ) = E(st,at)∼D

[
1

2

(
Qθ(st, at)− Q̂(st, at)

)2
]

(6)

θ is a parameterization term, D is the robot’s replay buffer, Qθ is a soft Q-function and Q̂θ is the

reward at (at, st) plus the discounted expected value of the value function at the next state. The

action network’s policy comes from optimizing the objective function:

Jπ(θ) = Est∼D,ϵt∼N [logπθ(fθ(ϵt; st)|st)−Qθ(st, fθ(ϵt, st))] (7)

fθ introduces Gaussian noise into the network and πθ is the robot’s current policy. SAC uses a

replay buffer that it samples from at a fixed rate (e.g. once every other time step). The output of

the policy network π is a mean, µ, and standard deviation, σ, for each given dimension of action

space.

5.2.2 CAIR: Continuous Action-space Interactive Reinforcement learning

The CAIR algorithm is specified in Algorithms 1, 2, and 3. CAIR uses two neural networks: a

teacher network, Teach, and an environment network, Env. Teach learns via a binary (+1,−1)

reward from a human teacher or heuristic model. Env is trained using any stochasticoff-policy

RL algorithm and learns from the environmental reward. Both Teach and Env output a policy

πTeach and πEnv respectively for any given state, both of which are defined by sampling from a

Normal distribution with mean µ and standard deviation σ. To combine πTeach and πEnv, we

leverage two observations. First, in the types of environment we are interested in, a robot can learn

a high level strategy from a teacher more quickly than the precise control necessary to maximize
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an environmental reward. Second, if πTeach and πEnv are similar, then the robot should rely more

on πEnv as it is in an area of the state space where low-level control that attempts to maximize

environmental reward also satisfies the teacher’s shaped strategy. CAIR will give more weight to

a teacher’s policy the further it diverges from the environmental policy. We chose this assuming

that the teacher’s policy is generally good and that the environment should be relied upon when

the policies are similar. We achieve this effect via a weighted average defined by the KL-Divergence

between the two policies and then select an action by sampling from the normal distribution defined

with: 
µCAIR = ∆π ∗ µteach + (1−∆π) ∗ µenv

σCAIR = σenv

(8)

and

∆π = min(max(tanh(KL(⟨µteach, σenv⟩, ⟨µenv, σenv⟩)), 0), κ) (9)

Together, these equations form the function CAIRAction used in Algorithm 1. Teachers may

be relatively noisy, so we set σteach = σenv for numerical stability. We apply the tanh function then

then an element-wise max function to map the KL-Divergence to a value between 0 and 1. This

allows us to limit the influence of the teacher network on the overall policy via a cap term κ, which

is between 0 and 1. We use κ=.9 for our heuristic experiments κ = .8, .9 for our human subject

study. A κ value of between 0.7-0.9 is likely to work for most teachers. If κ is too large, then the

CAIR robot is more likely to get stuck in local minima according to the environmental reward by

relying too heavily on πTeach; if κ is too small, potential for early gains in learning my be reduced.

To work with delayed human feedback, CAIR makes use of a window based credit assignment

paradigm. If an action occurred within a preceding window of the feedback being received, then

that action, state, feedback tuple is stored in Teach’s replay memory. Window duration may vary

depending on the environment. Deep TAMER used a window of 0.2-4.0 seconds. We found 0.1-1.0

to be an effective window when using dense feedback with CAIR (Section V). We do not simulate
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Algorithm 3: CAIR

1 Initialize TeachNet, TeachReplay

2 Initialize EnvNet, EnvReplay

3 Initialize ActionQueue, κ

4 for Step t do

5 µteach, σteach ← TeachNet.π(st)

6 µenv, σenv ← EnvNet.π(st)

7 at ← CAIRAction(µteach, σteach, µenv, σenv, κ)

8 time start = ClockTime()

9 st+1 ← env.DoAction(at)

10 time end = ClockTime()

11 ActionQueue ← (st, at, st+1, rt, time start, time end)

12 do CAIR-Env Update

13 do CAIR-Teach Update

feedback delay if a heuristic (automated) teacher is used, and feedback may be given to the last

robot action. We keep track of a robot’s past actions, states, and the time stamps of those actions

via a FIFO Action Queue. The Action Queue’s max-size may be specified such that only state-action

pairs that fall into the credit assignment window if feedback is received are stored.

5.3 Validation in Simulation

5.3.1 Environments

CAIR was deployed in two simulated environments (Figure 19), including a custom version of

OpenAI gym’s push environment and a standard RL testing environment, BipedalWalker (BW).

The custom environment, Robot Push Multi (RPM), is a multi-goal environment wherein the task

of the robot is to push the ball, which spawns in random positions near the center of the table, to
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Algorithm 4: CAIR-Env Update

(Off-Policy SAC)

1 EnvReplay ← (st, at, st+1, rt)

2 EnvNet.SAC Gradient Updates()

Algorithm 5: CAIR-Teach Update

1 if feedback then

2 time feedback = ClockTime()

3 for action in ActionQueue do

4 if w(time start, time end,

5 time feedback) ̸= 0 then

6 TeachReplay ← (st, at, st+1, feedback)

7 TeachNet.SAC Gradient Updates()

any one of the four goals in the corners. This is a sparse reward environment: the robot receives

an environmental reward of -1 each time step the ball is not at one of the goals and a reward of 0

when the ball reaches the goal and while the ball remains at one of the goals. RPM was designed

as an environment with clear, easy to understand goals and strategies that a human teacher may

identify. For instance, a human teacher may prefer one color goal over another or simply the goal

the ball is closest to. The observation space of the environment is a vector of size 38 made up of

joint positions, the relative position of the end-effector to the ball, and the distance of the ball to

each goal. The action space is two-dimensional, and represents the desired end effector position,

relative to its current position, in the X-Y plane.

BW, is a dense reward environment. The reward given to the robot is based on distance traveled,

whether the robot has crashed, and a slight negative reward for applying torque to its joints. The

state-space is a 23-dimensional vector made up of joint angles and velocities, the hull velocity,

whether or not a leg is touching the ground, and a 10 lidar reading range finder attached to the hull.
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The action-space is a 4-dimensional vector consisting of the torque applied to each of the robot’s

hip and knee joints. “Solving” the environment consists of producing a walker that can average

a reward of 300 (scores above 0 generally means the robot is constantly moving forward with no

crashes). Both environments were chosen due to their complexity and because there are multiple

viable strategies a robot may learn.

Figure 19: Left: BipedalWalker-v3, Right: Robot Push Multi

Heuristic Oracles For the simulation evaluations, we used heuristic teachers. The teachers

enact different strategies via feedback that would be consistent across all good policies and reflects

easy to understand properties of the environment. Compared to using the output of a pre-trained

model, these heuristic teachers are a better test of CAIR’s ability to represent the teacher model

separately from the environment model, and may be a better model of human teaching (a human

teacher’s task model is unlikely to exactly match that of the RL agent).

In RPM, we primarily considered heuristics based on the end effector’s contact with the ball (as

in Vulin et al. [269]). The heuristics tested for RPM were: 1. push: positive feedback if the robot

has touched the ball or the ball’s velocity is >0, negative otherwise; 2. push+goal : push, with the

addition of positive feedback when the ball is at a goal; 3. goto: push, with the addition of positive

feedback if the end effector moves at all closer to the ball. For BW, we observe that any decent

policy would entail the walker moving forward and having at least one leg off of the ground most of

the time, while recognizing downward hull velocity may precede a crash (negative y-velocity is bad),

and would punish crashing. The heuristics tested for RPM were: 1. general : positive feedback if
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the hull’s x-velocity > 0, y-velocity ≥ 0, at least one leg is off the ground, and the robot has not

crashed, negative otherwise; 2. seeable: general but the walker must be moving at roughly a human

seeable forward velocity (x-velocity ≥ 0.1 and y-velocity ≥ -.1); 3. forward, positive feedback if the

hull’s velocity is in the forward direction, negative otherwise.

In RPM, push and push+goal performed much better than goto. Push and push+goal achieve

between approximately a 50-75% success rate within the first 250 episodes (∼20-25 minutes of

training). Goto similarly lead to a large boost in early learning in comparison to traditional RL

algorithms. In BW, seeable, the heuristic most similar to feedback a human teacher could provide,

has both the greatest early learning gains and highest peak performance. Seeable achieves a positive

reward, within the first 150 episodes (∼45 minutes to 1.5 hours of training). Forward, the heuristic

most similar to the environmental reward, still improves performance over a SAC robot by itself

(Section 4), but is worse than both general and seeable. Based on these results, we used push and

seeable for the tests in the following sections.

5.3.2 Results

We compared CAIR to multiple state-of-the-art RL algorithms. For RPM, CAIR was compared

to DDPG+HER[12], td3[84], and SAC[99]. Since DDPG+HER relies on occasionally replacing the

goal state with the robot’s final state in its replay memory and there are multiple goals in the RPM

environment, we randomly selected which of the goals would be replaced by the robot’s final state

to avoid bias amongst the four goals. We compared with the IntRL algorithm DQN-TAMER [13].

To do this we discretized the action space into a MultiDiscrete action space [128] (8 directional

movement+do nothing), and implemented three versions of TAMER, each with a different source of

feedback: 1. TAMER Perfect Oracle: trained using a fully-trained model, where every five timesteps,

positive feedback is given if the agent’s action matches the fully trained model’s action, and negative

feedback is given otherwise; 2. TAMER Superhuman: the same as TAMER Perfect Oracle, but with

feedback given every timestep; TAMER P+G : Trained using the same push+goal heuristic used for
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(a)

(b)

(c)

Figure 20: Comparison between CAIR, Deep TAMER, and state-of-the-art RL algorithms.

CAIR. Note that the “Perfect” and “Superhuman” oracles are similar to how TAMER has previously

been evaluated, although this type of feedback is known not to be representative of how humans
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can/do give feedback [19]. For BW, CAIR was compared to SAC[99], SAC-AE[100], and td3[84].

We ran all algorithms for 10 runs of 2250 episodes in RPM and 30 runs of 300 episodes in BW.

Learning Results In both environments, CAIR demonstrates it greatly increases in learning

speed early on in training (Figure 20). For the RPM environment, CAIR reaches an ∼60% task

success rate in the first 250 episodes (∼ 25 minutes). SAC, the same algorithm as the environment

network in the CAIR robot, could not achieve better than random performance. Similarly for SAC-

AE and td3. DDPG+HER achieves notable performance with parallelization of 6 robots learning

in parallel (HERx6). The CAIR robot in BW achieves a decent policy (a positive reward) very

quickly in comparison to traditional RL algorithms and is the best performing from episodes 50-250

(∼1-3 hours of real time training). Towards the end of training, SAC-AE eventually outperforms

CAIR, but with a significant amount of variance up to that point. CAIR also slightly drops off in

performance, likely because the seeable heuristic, since it is not adaptive, will eventually give almost

entirely positive feedback. An adaptive teacher, such as a human or ”push” in RPM, may avoid this

slight drop in performance.

Ablation Study To study both CAIRs robustness to noisy teachers as well as how including the

CAIR-Env network stabilizes learning, we conducted an ablation study. In this study we compare

CAIR to CAIR-Teach only, or CAIR but only learning from binary feedback. Furthermore, we use

the same heuristic oracles as previously discussed, but vary how often optimal feedback according to

that heuristic is provided. We refer to this variation as the consistency of the oracle. A consistency

of .8 for example means 80% of the time the oracle will provide feedback according to its well-

performing heuristic, while the other 20% of the time it will provide the feedback the opposite of

the heuristic. The lower the consistency, the worse the teacher is. As shown in Figure 21, the

more inconsistent the teacher becomes, the better CAIR performs compared to CAIR-Teach alone.

These results support the notion that CAIR-Env leads to better learning outcomes, especially when

inconsistent or sub-optimal feedback is provided.
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(a)

(b)

Figure 21: Comparing CAIR to a Teach network with no environment component. c refers to how
consistent the heuristic is at providing feedback (the absense of a c means 100% consistency).

5.4 Human Subjects Validation

We conducted a human teaching study through Amazon Mechanical Turk (MTurk). The study

was approved by the University Institutional Review Board (IRB). Participants were tasked to teach

an inverted pendulum robot to balance through a web interface made using Flask [95] connected

to a simulated robot environment implemented using Brax [82]. We chose this environment for

simulation stability and its easy-to-understand nature.

75



5.5 Learning Environment

The pendulum environment consists of 5 continuous state-space dimensions and 1 continuous

action-space for controlling the pendulum’s torque. This is a sparse reward environment: the pen-

dulum receives +1 reward for each time step it has not fallen. Each episode lasted 60 seconds or

until the robot fell. After the robot fell, it reset to its upright position and waited 1 second before

acting again to give participants time to react to the reset. The simulation was also slowed slightly

to try and accommodate for widest range of participants (∼4-5 actions per second). Balancing for

60 seconds yields a cumulative reward of ≥190.

5.5.1 Procedure

After selecting the HIT on MTurk, participants were linked to a website where they provided

informed consent and completed the study. Participants were instructed to teach PendulumBot to

balance via ”good” and ”bad” feedback buttons. They were presented with a short video illustrating

the teaching process. No teaching strategies were given other than indicating to the participant that

“Good” feedback should be provided when PendulumBot is balancing or trying to balance near its

vertical center and “Bad” feedback should be provided when the pendulum appears to be falling on

its side. Given the computationally demanding nature of the learning and simulation, variability in

peoples internet speeds, and website traffic, a 10-15 minute interaction lasted 1500-3000 time steps.

Participants could end the study at any time without consequence leading to a shorter interaction,

although as described below, participants who gave feedback for few timesteps were excluded from

the analysis.

Participants were randomly assigned to one of three conditions: CAIR κ=.8 (CAIR k8), CAIR

κ=.9, and DQN-TAMER. For DQN-TAMER the environment was discretized to have 2 discrete

actions (apply + or - a fixed small amount torque). We ensured the pendulum was able to balance

given this discretization. Participants in the CAIR conditions used a novel toggle feedback approach

designed for use with robots that take fast actions. Toggle feedback means the when the ”good”
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button is pressed, the robot will receive positive feedback until the ”bad” button is pressed and vice

versa, dramatically increasing the effective density of feedback with no additional effort.

5.6 Results

Figure 22: Performance metric distribution across conditions.

95 participants were recruited, limited to MTurk workers with a HIT rating ≥ 99% and at least

50 completed HITs, and compensated $3 for a 15 minute teaching session. We applied two exclusion

criteria to the data: first, we excluded the use of participants data who taught the robot for less

than 1500 environment steps due to slow internet speeds or server errors (36 participants). Second,

we excluded participants who who averaged fewer than two clicks of a button per episode, since such

participants likely either misunderstood or were not engaging with the task (5 participants). The

data from the remaining 54 participants was distributed as follows: 14 participants in the CAIR k8

condition, 18 in the CAIR k9 condition, and 22 in the DQN-TAMER condition. We also trained a

SAC agent over 20 runs (with no human feedback).

Because the amount of time spent by teachers varied and because longer interactions would be

expected to have higher performance due to the increased time for learning, we use a normalized
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performance metric for analysis. This metric is defined as the max score a participant achieved

across all episodes divided by the total number of time steps they spent teaching the agent. In other

words, we normalize how good of a policy was learned by the amount of time the teacher-agent pair

had to achieve that performance. Based on this metric, both CAIR algorithms outperform both

DQN-TAMER and SAC, with the following performance: CAIR k9: 0.0322±0.0119; CAIR k8:

0.0304±0.0133; DQN-TAMER: 0.0162±0.0063; SAC: 0.025±0.0048.

We compare the human subject and a (2500 time step) SAC agent via a one-way ANOVA and a

follow up Tukey-Kramer test. The performance differed significantly across conditions (F (70, 3) =

11.197, p ≈ 0). There also significant differences between both CAIR k9 and CAIR k8 with DQN-

TAMER: t(39) = 0.016, p ≈ 0 and t(35) = 0.014, p ≈ 0 respectively, and a marginally significant

difference between the performance of CAIR k9 and SAC (t(37) = 0.007, p = 0.1). This analysis

demonstrates both the consequences of discretizing a state space and the significant limitations of

the prior state-of-the-art of IntRL in fast environments.

Figure 23: Comparison of the best performers of each condition.

Figure 22 shows the distribution of performance across the conditions. The superior performance

of CAIR over DQN-TAMER is clearly seen, with even the lowest-performing teachers with CAIR
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having performance close to the median performance with DQN-TAMER. There is more overlap

in performance between CAIR and SAC, with SAC having a much lower variance in the scores,

but both CAIR algorithms having higher average performance. We also highlight that one CAIR

k9 participant was able to fully balance the pendulum within the 15 minute interaction, receiving

rewards ≥ 190, something that no run of SAC or DQN-TAMER was able to achieve. Figure 23

illustrates how the algorithms learn over time: it shows the average reward obtained by the three

best teachers in each condition over time. To account for the varied interaction length, we averaged

over every fifth episode and bounded the data to the teacher with the shortest interaction. Although

we focus on best-case performance in this figure, it illustrates the potential of CAIR to leverage

good (but still non-expert) teachers and obtain significantly improved learning performance over

non interactive RL methods.

5.7 Discussion

The primary contribution of this work was introducing a novel binary feedback Interactive RL

algorithm that can learn in complicated environments with continuous action spaces. The key

innovation of our approach is the incorporation of the environmental reward into our algorithm as a

source of stability even when a teacher is noisy. We also introduced various heuristic teachers that

reflect human perceptible properties of the robot acting in the environment. Such heuristics capture

high-level human intuitions about the task, and can be quickly specified apriori without tuning a

reward function. Additionally, we demonstrated the effectiveness of CAIR with human teachers with

an online study with MTurk crowdworkers. This is to our knowledge the first evaluation of an IntRL

algorithm with unsupervised crowdworkers, a population of users who are highly likely to provide

training data to real-world robots as crowdsourcing continues to be a popular source for machine

learning training.

A key area of future work is to validate the performance of CAIR on a physical robot. Since SAC
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has been shown to work well on real robots [100], it is very likely CAIR will work as well. Further-

more, the early gains CAIR provides would be even more profound on robots deployed in the wild,

where failures and the time to a good policy have a higher cost than in simulation. Because CAIR

learns from the environment and a teacher independently, there is potential to augment environ-

mental learning with other techniques such as parallelization and sim-to-real, while simultaneously

learning from a teacher.

Though the resulting policy of combining the Env network and the Teach network yields a better

one than either would when training individually, this does not imply that the Env policy and the

Teach policy when taken from a CAIR robot will perform as well as the combined policy. This is true

despite having samples generated from the good CAIR policy stored in their respective replay buffers.

We hypothesize the main reason for this is bootstrapping or extrapolation error, which results from

an RL robot’s replay buffer containing actions that where not generated directly from that robot’s

policy [85, 142]. Future work is needed to address this problem, for example by extending CAIR

into a multi-robot system wherein Env can be trained largely on-policy whilst a teacher critiques

the robot.
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6 Informing Users

6.1 Introduction

In this chapter, we consider a person interacting with a home robot more broadly, rather than

an interaction centered around a single task. Specifically, we seek to empower users across many

different tasks, given their home robot has general enough capabilities to attempt and accomplish

most tasks. The promise of such a generalist robot is being realized through the development of

robot foundation models (RFMs). In this chapter, we argue and present results that support that

an effective way of empowering users of a generalist robot, is for them to be informed about that

robot’s capabilities such that they know how and when to use it’s autonomy; or, when a task would

be more successful or fulfilling if done via or in conjunction with the previous methods discussed in

this dissertation.

In general, RFMs are highly capable and easy-to-use for experts. Novice users should also be

able to decide how and when to use them and do so in a confident way. To do this, they need to be

informed about the RFMs capabilities and performance for both previously evaluated and unseen

novel tasks. An informed user can make better decisions about the degree of supervision the robot

needs when executing a task, e.g., if it is necessary to be extra cautious in case of failures or if the

user can confidently leave the robot alone to perform the task. An informed user may also be less

surprised about the behavior of the robot, will know what tasks it can and cannot do, and will know

when the robot may need to be taught or learn more before attempting a task. In this chapter, we

investigate how users interpret commonly RFM performance information as well as what kinds of

information are important to user understanding and confidence about RFMs.

6.1.1 RFM Preliminaries

A primary goal of RFMs is to allow the user to simply query the robot to do a certain task, and

allow the robot to do so autonomously. The development of these RFMs has been enabled by large
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transformer-based models [265] such as large language models (LLMs) [302] and vision-language

models (VLMs) [299]. LLMs and VLMs have already seen numerous consumer deployments, such as

Chat-GPT [188], in which end-users freely interact with and query the model for various purposes.

Part of this success is due to the relatively low-cost to the user to experiment with and easily change

the output of the model through techniques such as prompt engineering: when LLMs or VLMs fail

to produce a desired output, we trivially try again. However, unlike LLMs and VLMs, RFMs have

a higher cost to failing or not meeting a user’s request. This is because robots interact with the

physical world, with objects that can break, and with actions that cost time for the robot to safely

move around. Thus, when there is a chance that the robot fails, especially on new or unseen tasks,

users need to be made aware of the risks associated with the model and its potential failures. We

want users to be able to make informed decisions about when to simply ask the robot to do a task

and walk away, when to closely supervise the robot, or when they would rather teach the robot

more before letting it attempt a task. To make informed decisions, users need access to relevant and

useful information about the robot and the RFM.

Performance information about RFMs as presented in current RFM research papers is typically

based on the task success rate for different tasks or categories of tasks. Task success is usually

presented as a binary signal as to whether the robot’s actions lead to some success criteria, such as

grasping and lifting up a cup for some amount of time. This information is very useful for other

researchers and experts in the field as a means of benchmarking and comparing the performance

of RFMs on the same task environment. Task success rate is often shown for both tasks seen in

training and previously unseen tasks both with varying degrees of difficulty. Some papers also present

a discussion of select failure cases and a few hand-selected videos to try and better represent how

the model performs on real robot tasks. Although this information is useful to and well understood

by experts, it is not yet known whether this information is equally easily interpreted by non-expert

users of RFMs. Because the cost of failure can be relatively high, it is crucial that RFMs be deployed

with means of communicating their known performance for known tasks and expected performance
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on unseen tasks to novice and expert users alike. Furthermore, there is a critical need to understand

what types of supplementary information should be made readily available for users. This can inform

both RFM data collections and data releases, as well as company deployments of these technologies.

In this chapter, we present a study to advance our understanding of the key question: what types of

information need to be provided to users when they request an RFM to perform a task?

To investigate how users interpret and use RFM performance information, we conducted an

online user study and in-person follow-up. Our study focuses on task success rates and failure cases,

divided into two categories: estimates of the robot’s performance on a user-requested task and real

data from similar tasks previously evaluated. We make this distinction because it is crucial to the

unique scenario RFMs afford: where a user is requesting a novel or previously not attempted task.

In this case, there are no previously collected evaluation data about the task the user is requesting,

nor does the user have prior experience watching the robot perform that task. Thus, estimates

provide information about the requested task, while real data on similar tasks provide empirical

evidence about the RFM’s performance. In our online study (n=112), participants assessed robot

performance using real evaluation data and tasks from previously published works. We found that

users prefer to have more information than less when assessing RFM performance, that novice users

can reason over and strategically use information commonly reported in RFM research when making

decisions about how to use a robot, and that there are information types that users want that are

not currently well represented in the research literature. We then corroborated these results in an

in-person study, n=14, with an embodied interaction with an autonomous robot.

This chapter demonstrates three key findings: 1. We verify that non-experts understand and are

informed by TSR, a jargony metric otherwise aimed at experts. This is shown with correlations of

TSR with user trust and confidence with the expected linear positive relationship. 2. We demon-

strate that failure cases, though very underrepresented in research literature, are also critical to and

valued by users when they are being informed about an RFM’s performance; highlighting the need of

reporting failure cases for every task to become standardized. This is shown through the responses
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users provided when asked about the importance of failure cases. 3. We highlight the necessity of

providing users both with real evaluation data of similar tasks to the ones users request, suggesting

the need for RFMs to be deployed with access to a large history of evaluations, and provide a means

for the RFM to accurately estimate its performance on a task it has not yet been evaluated for. In

other words, RFMs must be developed such that their behavior on unseen tasks is predictable or

comes with performance guarantees.

The majority of this work is to be submitted for review at NeurIPS 2025 as: Sheidlower, Isaac,

Jindan Huang, James Staley, Bingyu Wu, Qicong Chen, Reuben M Aronson, Elaine Short. “How

Users Understand Robot Foundation Models Through Performance Information.”§

Figure 24: Informed users of robot foundation models will both know what to expect from task-
execution and make better decisions about when and how to use a RFM-based robot.

§The second author assisted in programming the study website and consulted on its design. The third author
implemented the Diffusion Policy algorithm used in the public-space study. The fourth and fifth authors helped
organize data from the literature review on RFM evaluations. The second to last author consulted on the study
design. The last author supervised the work and consulted on the experimental design.
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6.2 Related Work

In the field of human-robot interaction (HRI), it is well studied and understood that users who

are informed about a robot and its capabilities improve their ability to collaborate with, teach, and

appropriately trust a robot [250, 196, 22, 255, 115, 176]. With RFMs in particular, given their ability

to generalize across a wide range of tasks, understanding the model is crucial so that one knows

both how and when they can use the RFM for a novel task and so that they are not surprised when

the robot fails. Failure can significantly impact a user’s trust in a robot and how it impacts that

person can vary depending on both the nature of the task and the user [64, 218, 107]. Furthermore,

specific types of robot failures and their severity can alter how a user interacts with a robot, by

influencing their chosen method of teaching it for example [112]. Thus, it is necessary to understand

both how novice users interpret metrics like TSR when making judgments about a robot performing

a task but also how useful failure information can be to users in the case of querying an RFM. By

understanding this, we can deploy RFMs with additional information and functions that make them

more usable and accessible.

6.3 Methodology, Studying and Analyzing User Experience with Differ-

ent Information Types

The primary goal of this work is to study and better understand both how users interpret

information about a RFMs performance and what sorts of information might they want when making

decisions about how to use a RFM-based robot. We are also interested in how users interpret the

types of performance information typically reported in research as to investigate whether there is a

gap between the information reported and user wants and needs. To study these research questions,

we designed an online user study in which participants would be presented with real evaluation data

from the research literature, evaluate the robot’s capabilities, and reflect and brainstorm about what

types of information would be useful when using an RFM-based robot. We followed-up this study

with an in-person study to corroborate the results.
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6.3.1 Types of information

Here we describe the four primary types of information we studied. These information types are

drawn from the commonly reported “task success rate” and “failure case” information types found

in RFM evaluations.

Estimated Task Success Rate (ETSR) This type of information refers to a robot’s internal

estimate of how likely it is to perform a requested task successfully. Such functionality is likely

crucial for robots to be deployed safely. Estimating a robot’s ability to perform a given task is an

ongoing area of research.

Estimated Failure Case (EFC) This type of information refers to a robot’s internal estimate

of how it may fail when performing a task. Similarly to ETSR, this type of functionality has both

safety and usability implications. In this work, we focus on EFC as a verbal description in natural

language, as opposed to a failure example shown in a simulator for instance. Furthermore, we assume

and treat this estimate as the most likely failure case. We note that this may not be the only useful

failure case; a “worst case” failure scenario, for example, may also be important to users. We choose

to present EFC to participants in the framing as the “most likely failure case,” as such cases are

often discussed in research.

Related Task - Task Success Rate (RT-TSR) This type of information refers to previously

collected task data from an RFM and its resulting TSR. Specifically, this is TSR data from a task

that is “similar” to the user’s requested task. Similarity can mean different things and be measured

in different ways (see Section III, B for how we measure it during this study). Unlike ETSR, RT-TSR

is derived from real roll-outs of the RFM and users may value it differently than a robot’s internal

estimate. This type of data can also be derived from RFM deployments on different robots and

environments. Although the performance of an RFM on one task may not always be indicative of

how it performs on another, RT-TSR provides a grounded data point for understanding an RFMs

capabilities.

Related Task - Failure Case (RT-FC) This type of information refers to real failure cases
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Model Robots Used Tasks

OpenVLA
[134] ∗

WidowX,
Franka Emika Panda

Remove battery from sink;
Move salt shaker onto plate;
Move eggplant from sink to pot;
Move carrot from sink to plate;
Stack cups

Baku
[102]

Ufactory xArm

Remove can from refrigerator;
Close oven door; Lift lid off pan;
Lift orange out of bowl;
Put coke can in basket;
Wipe cutting board;
Move tea bottle to refrigerator

Multimodal
Diffusion
Transformer
(MDT) [210]¶

Franka Emika Panda

Move banana from stove to sink;
Move banana from sink to stove;
Move pot from sink to stove;
Push toaster leaver down

Table 2: List of models, robots, and tasks shown to users during the study.

that happened on similar robot tasks. Similar to EFC, we focus on the case of a verbal description

of the most likely failure for that task. RT-FC can be useful for gauging how an RFM may be prone

fail. For example, in a pick-and-place task, an RFM failing to identify the right object to pick may

indicate something different than an RFM failing to grasp the requested object.

6.3.2 Task Data Collection and Coding

To study these four types of information, we collected real RFM data by survey and collaboration

with authors of various RFM and multi-task robot learning works. We collected task data that

contained: task success rate as collected from an RFM evaluation, including the number of total

trials; a video of the robot successfully performing a task; and a video of the robot failing a task if the

task success rate was below 100%. We surveyed various state-of-the-art RFM and multi-task robot

learning publications and reached out to the authors asked if the required data could be provided

if it was not already publicly available. This process resulted in 16 tasks from three evaluations, as

shown in Table 1. All of the participant-facing material used in the study is from real robot results

and deployment videos in published works. The data used for ETSR and EFC was also this real

data, but was framed as estimates to participants.

∗ We thank the authors of this work for generously providing us with the evaluation data and videos upon our
request.
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Figure 25: Overview of the study procedure. Users saw a successful or failed trajectory based on a
probabilistic sample from the real evaluation success rate for that task.

The study required pairs of similar tasks to present RT-TSR and RT-FC. To get these pairs, we

used qualitative data coding. While we tested several methods for encoding task similarity, such

as the distance of the task descriptions in language embedding space, and querying LLMs after

providing a list of all tasks, qualitative coding ended up being the most consistent. We had three

members of our research lab, each of whom was not aware of the content of the study, independently

label the most similar task for each of the 16 tasks. They were asked to label the two most similar

tasks; where similarity is based on the “robot skills” required to complete each task given a task

description and the failure and success videos. When there was a disagreement in the coding as to
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Age Gender Robot Experience
18-24 : 16, 25-34 : 40,
35-44 : 24, 45-54 : 13,
55-64 : 7, 65+: 1

Female: 54,
Male: 46,
Non-binary: 1

None: 36, Slight: 38,
Moderate: 21, Significant: 6

Table 3: Demographic information from online study

what the most similar task was, it was resolved through discussion. In addition to the similarity

coding, we also wrote verbal descriptions of the failure cases in the videos that we had independently

checked by two researchers for accuracy and objectivity. In the failure descriptions, we intentionally

avoided any speculation as to what may have caused the error or failure, but rather attempted

to just describe the physical interaction which took place. All of the failure descriptions and task

similarity coding results can be found in the appendix.

6.3.3 Study Design

The within-subjects study had users report on their perception of a robot’s capability to perform a

task given different amounts and types of information (see Figure 25). We generated 16 information-

task pairs for each participant to experience. The types of information were presented in all 16

permutations, including the case of no information, and paired randomly with the 16 tasks. As

RT-TSR and RT-FC could contain information about a task the user is yet to see, some participants

saw information about a task before being presented with that task. To mitigate this, as well as

any other potential ordering effects, we used Latin square methodology to counterbalance the order

each participant saw the information permutations. At the beginning of the study, participants also

experienced one example task and questionnaire, which displayed all four types of information.

6.3.4 Procedure

After participants provided informed consent, they were presented with an instruction page that

explained the study. Users were told that they would be making judgments about “whether or not

you want a robot to perform a task in your home.” Each type of information was explained and

they were shown an example task. The example task was for the robot to pour corn from a red
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Figure 26: Responses to the pre-task Likert question of information sufficiency under different
conditions.

Legend : Strongly Disagree/1, Disagree/2, Neutral/3, Agree/4, Strongly Agree/5

bowl to a pot. For RT-TSR and RT-FC the task was analogized to pouring milk into a bowl. After

the instructions, users filled out a background survey that asked for general background information

(e.g. age and occupation), their level of robot experience, and to fill out the Personal Level Positive

Attitude and Personal Level Negative Attitude sub-scales of the General Attitudes Towards Robots

Scale (GAToRS) survey [140].

Participants viewed 16 different robot tasks. For each task, they were presented with a task-

request description, such as “you want the robot to move the can of soup to the refrigerator,” a

still image of the robot about to perform the task, and an information box containing the available

supplementary information for the task. Under this, users were asked a series of 5-point Likert

questions about their perceptions of the robot, their predictions of its behavior, and if they felt the

information provided was sufficient to asses the robot’s capabilities in the task. Participants were

also given a manipulation check question to report the ETSR from the information box, if present.

Following these questions, users went on to a page that had a video of the robot performing the task.

Whether a success or failure video was shown was determined by sampling the actual task success
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Figure 27: Responses to the post-task Likert question of information sufficiency under different
conditions.

rate from the collected data as to realistically reflect user interactions with the model. Under the

video, they were asked questions about their level of surprise and asked to reflect on the sufficiency

of the information they had been provided. They were also asked for their judgment as to whether

the robot was successful in completing the requested task. The videos were altered by being slowed

towards the end so users had more time to visualize the consequences of the robot’s actions; they

could also rewind the video at any time. Before engaging in the 16 tasks, users practiced responding

to the questions for a practice task. The task was to put a tennis ball into a tube [282], and

the data from this practice was discarded. Lastly, after all 16 tasks they completed a post-study

questionnaire.

The full list of questions used in the study can be found in the appendix. The questions address

how the different information types may inform a users perceptions of a robot’s capabilities and

their own willingness to use the robot. They were also developed following recommendations from

[225] for developing Likert questionnaires for HRI. A 5-point scale was intentionally chosen due to

the length and repetitiveness of the study in an attempt to mitigate user fatigue. Participants were

compensated $9.07 for the approximately 34 minute study. This study’s procedure was approved by
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the University’s Institutional Review Board (IRB).

6.3.5 Results

We recruited 112 participants from the online research platform Prolific [204]. Of the 112 partic-

ipants, 11 were excluded from data analysis either for not completing the study or for consistently

failing manipulation checks. Common demographic information of non-excluded participants can be

found in Table 2. To perform statistical analysis, we used parametric methods, including repeated

measures ANOVA where the presence or absence of an information type is treated as a repeated

measure (resulting in 16 levels), and non-parametric methods including the Wilcoxon singed-rank

test. We used both Frequentist and Bayesian statistics [66] where applicable.

Quantitative

To investigate the impact of each type of information on user’s perceptions and responses, we

developed three hypotheses to test.

• H1: Users’ perception of having sufficient information to assess the robot will improve with

each additional type of information, both before and after the robot attempts the task.

• H2: Users will report greater comfort with the robot performing the task as more information

is available.

• H3: Users will find all types of information useful, with ETSR being considered the most

useful and equality among others.

To analyze H1, we used responses from two Likert questions that attempted to measure the perceived

sufficiency of each information type when being used to asses robot performance, where higher values

indicate greater sufficiency. The first question was asked before watching the robot attempt the task:

“I have enough information to assess the robot’s ability to perform this task.” The second question

was asked after having seen the robot either succeed or fail at the task: “I received sufficient

information to predict this outcome.” The distribution of responses along with p-values and effect
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sizes can be found in Figures 26 and 27. With an RM-ANOVA, we find that the presence of each

type of information significantly increases the users’ reported perceived information sufficiency. We

find noticeably larger effect sizes in the presence or absence of success rates than in failure cases.

These findings support H1.

For H2, we consider two pre-execution Likert questions: “I would feel comfortable with this

robot performing this task in my own home” and “I trust the robot to do the task on its own.”

Both of these questions relate to the users willingness to let the robot attempt the task. The

former question asks about a user’s comfort with the robot performing the task in their own home,

where, presumably, there is a higher perceived cost of failure or impact to the environment. The

latter question asks about the user’s trust with regard to degree of supervision. The amount of

information present was a weak predictor of comfort for both the “home” and “trust” questions

(R2 = .008, F = 13.107, p < .001, BF = 35.86 and R2 = .011, F = 17.439, p < .001, BF = 309.22

respectively). An RM-ANOVA of ETSR and RT-TSR shows that if the robot has both a high ETSR

and a high RT-TSR, user comfort is increased (p < .001 for all cases). In contrast, neither EFC

nor RT-FC increased reported user comfort for either question. Upon closer examination, we also

intuitively find the higher success rate, the higher reported comfort for both the “home” and “trust”

questions (R2 = .26, F = 32.460, p < .001, BF > 1000 and R2 = .26, F = 32.434, p < .001,

BF > 1000 respectively). These results partially support H2, with success rate leading to greater

reported comfort.

Subjective post-study user assessments of the utility of each information type are given in Figure

28. For each information type, a large majority agreed or strongly agreed that the information

type was useful (ETSR: 79%, EFC: 63%, RT-TSR: 84%, RT-FC: 71%). A Wilcoxon signed-rank

test showed that ETSR was reported as more useful than EFC (p < .001, BF = 331.52) and that

RT-TSR was reported as more useful than RT-FC (p = .004, BF = 12.46). These results support

the first half of H3, that users find all types of information useful when assessing robot performance.

However, they do not support the latter part, as ETSR was not significantly more useful than all
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Figure 28: Users from the online study generally reported each type of information as useful when
making decisions about when to use a robot.

other types.

Qualitative

To better understand the nuances of how users interpreted the different information types as well as

what other information types they may want, we asked two open-response questions in the post-study

questionnaire. The first question asked users about their strategy using the information throughout

the study: “How did you use each type of information to make your decisions? What made certain

information more useful than other information?” The second question asked users to brainstorm

what other information types they may find useful. “What other types of information may be useful

to you to decide when a robot can or cannot reliably perform a task?” The purpose of this question

was to investigate both what users want as well as to identify potential gaps in user-wants and what

is readily available or reported in RFM research.

To analyze the responses to these questions, we employed thematic inductive coding [215, 264].

For each question, a researcher came up with themes, codes within those themes, and a codebook

with descriptions for each code. Two researchers then independently used that codebook to label

each response with up to five codes with spreadsheet annotation. Any disagreement about the codes

or about codebook revisions was resolved through discussion. The final codebooks and counts for

each code can be found in the appendix.

Information Usage From the responses to the information usage question, three themes emerged:
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preference, trust, and strategy. Within those themes we developed 14 codes in total. We found a

wide variety in user preferences for types of information, with a divide between those who preferred

real data and those who preferred estimates, although many participants relied on both types. 31

participant responses were tagged with the “preferred real data” code and 30 were tagged with

the “preferred estimates” code. Participants were also divided on whether they trusted estimates

(18 participants explicitly reported to “trust estimates” while 11 participants were “skeptical of

estimates”). Those who were skeptical of estimates typically also indicated that they preferred real

data to make their decisions. P. 45, who preferred real data, said it provides “tangible evidence

of its reliability.” Another, P. 80, said real-data is “crucial because it provides real-world evidence

of the robot’s capabilities and potential failures.” In contrast, users who preferred estimates both

mentioned trusting them and appreciated that “it was a direct factor on whether or not the robot

would accomplish the task.” While some users relied only on estimates or real-data, many had

strategies for using both.

Users who tried to make use of all the available information often had specific strategies. 20

participants were tagged with the “ordered preference” code: they explicitly mentioned a ranking

or process for using some information to support another. P. 83 said “I used success estimates to

gauge the robot’s reliability and past performance to assess trustworthiness.” Similarly, 5 of these

participants mentioned an ETSR threshold for deciding how to use information or trust the robot.

For example, P. 8 mentioned an ETSR “below 70% felt iffy [unreliable]” and RT-TSR “ helped

me with my confidence in the absence of a success rate for the main task itself.” Many of the

participants (19) mentioned their ability to use the real-data in context depended on how similar

the information was. P. 48 for instance explained their usage of real-data “would depend on how

similar it was to the actual task; if it was not that similar then I would disregard the information

and just use my gut.” Overall, the responses to how information was used highlights the diversity

among user strategies and preferences. They also highlight the importance of being able to quantify

task similarity in the context of RFMs as an indicator of potential task performance on a new task.
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Participant Suggestions for Additional Information Types Users were asked what other infor-

mation would be useful when determining the reliability of a robot to perform a task. From their

responses, we derived seven themes: Robustness, Robot Capability, Learning, Failure, Task, and

Miscellaneous. Within those themes we developed 18 codes in total. The most common request

was that of wanting more of the information from the information types already available, such as

more estimated failure cases or more information about related tasks (38 participants). This result

is consistent with the quantitative analysis of the presence of each information type being useful.

However, users also expressed diverse and rich desires about what other information they may want.

“Robot capability” was the second most common type of information requested by participants.

Participants expressed a desire to know about the robot’s physical specifications, such as the “robot’s

strength and dexterity” and/or its sensing capabilities, such as “color identification and motion

detection.” Similarly, 8 participants mentioned that they wanted to know about “speed” or how fast

the robot could perform the task. Despite EFC and RT-FC being rated as less useful than their TSR

counter part, many users identified other aspects of failure as important (the code “failure rate and

case” was tagged 23 times, the code “failure degree” tagged 7, and the code “failure recovery” tagged

5 times). “Environment factors” and comments about robustness were also frequently mentioned.

P. 43 provided a detailed response that captured well the “environment factors,” “robustness to

environment,” and “robustness to task” codes:

“It would be helpful to know more about the robot’s past experiences with similar tasks in different

environments or settings, as well as its ability to adapt to new challenges. Also, understanding how

the robot handles unexpected obstacles or changes in the task would give a better idea of its reliability.”

Details concerning the robot’s algorithm and performance were also present, albeit less focused

and with less consensus than topics such as robot capability. Intuitively, users either wanted real

success rate or failure cases on the requested task (13 participants), or wanted to watch the robot

repeatedly attempt the task (8 participants). 31 participants wanted to know more about the nature

of the task itself or “thought about how easy or difficult it would be for the robot to perform the
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task.” Some participants wanted information about the robot’s ability to learn. P. 65 for example

said “understanding how the robot learns from past mistakes would help me trust it more.”

6.3.6 Follow-up: Verifying and Exploring User Experience Offline

In this follow-up study, we sought to explore users’ information preferences and needs when they

are exposed to a real robot acting with an autonomous policy. Watching a robot perform a task

in real-time offers the benefit of seeing how the robot’s failures or successes affect the surrounding

environment, and may change a users’ assessment of the robot from embodiment alone [270, 229].

This follow-up study seeks to identify the effect of embodiment: checking for differences in the

types of information users perceived as valuable in-person compared to when evaluating videos of a

robot, and exploring what new types of information they may want based on their experience with

a physical robot.

Study Design and Procedure

We conducted a public space study in which we deployed a Kinova Gen3 Lite robot [136] in the

lobby of a large University building. To maintain similarity with the tasks from the online study

and the task that users would be watching in this study, we designed a kitchen chore-inspired task

in which the robot had to place cans of soup on a shelf (see Figure 29). To enable the robot to

complete the task and demonstrate to users a fully autonomous system, we trained the robot to

perform the task with Diffusion Policy (DP) [48] using an implementation from LeRobot [43] and

further adapted to ROS [249]. While DP is not a RFM in itself, it is nevertheless a start-of-the-art

imitation learning algorithm often used as a baseline for RFMs and was feasible to train and run

inference locally (notably, current work is trending towards making RFMs more affordable to use

[282, 26]). The policy was able to complete the task most of the time but would also fail regularly,

typically by failing to grasp the can (hovering above it or pushing its gripper into it from above),

pushing the can into the shelf itself instead of placing it atop the shelf, or dropping the can onto the
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Figure 29: In this public space study, deployed in a University building lobby, participants watched
as the robot autonomously and repeatedly attempted to put away the can on the shelf.

table due to a poor grasp. We deployed the setup in the lobby of the building and had the robot

repeatedly and continuously attempt the task. A researcher manually reset the environment after

each run. In this way, the robot served as an example to help users in their response to questions.

Participants were recruited from passersby, either by posters near the study location or by word

of mouth. If users provided their consent to participate, they were given a one page questionnaire

which described the task that the robot was doing, and provided an information box (similar to

study 1) that explained each type of information (ETSR, EFC, RT-TSR, and RT-FC), and provided

examples of each type for the robot’s can-clean-up task. In the instructions and task description,

users were asked to think about how the provided information may be helpful or not when deciding

whether a robot is capable enough to perform tasks in a home.

As in the online study, they were asked a Likert question for indicating how useful each type of

information is for determining whether one would want to use the robot. They where also asked
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two open ended questions: “What other types of information may be useful to you to decide when a

robot can or cannot reliably perform a task?” (also in the online study); and “How would you decide

whether or not the robot was good enough at a task to want [to use] one?” After completing the

questionnaire, they were thanked and offered a variety of snacks as compensation. The study took

around five to ten minutes to complete. This study’s procedure was approved by the University’s

Institutional Review Board (IRB).

Results

In total, 14 people participated in the study. The Likert response data can be found in Figure 30.

Like in the online study, a large majority of users reported all types of information as being useful.

Unlike in the online study, we did not find any significant differences between information types. To

analyze the responses to the open-ended question about other information types, we used the same

codebook developed from the online study.

In-person users had similar preferences to online users about what robot information they would

find useful in evaluating the robot. While only 2 of the 14 participants wanted more information,

“robot capability” was the most frequently tagged code. Multiple participants, likely due to being

physically co-present with robot, brought up things like space utilization and workspace, which

were not brought up in the online study. P. A12 for example said “At what speed can tasks be

performed? (e.g. tx/min) Cost of automation? space utilization, safety, types of products.” And

P. A10 similarly wrote “How much installation the robot would require or how much space it takes

up. Also how long it takes to perform the task.” Descriptions of the failure costs and concerns were

also more personal or pronounced. P. A4 wanted to know if “In the case of failure will it damage

anything or anyone,” and P. A5 expressed concern “if it drops it [the soup can] on my ceramic

tile floor and doing damage.” Responses to the second open response question generally reported

wanting a highly capable and safe robot, with 3 participants specifying the robot should be roughly

as capable as a human at the task. These results both corroborate many of the findings from the

online study, and provide insights into the information needs of users who are physically co-present
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with the robot.

6.4 Discussion

In this work, we examined how people interpret and use performance information when making

judgments about RFM-based robots. Specifically, we focused on the context when a user requests a

novel task that the robot may not be able to guarantee success on. Being aware of when the robot

is likely to succeed or fail is crucial for empowering users, ensuring they can safely and effectively

use RFM-based robots for various purposes. Furthermore, informing users in this way will become

an increasingly important problem as RFMs are deployed and operate around people where the

cost of failure is potentially high. Towards better understanding how to inform users, this study

resulted in two key findings: 1. users are capable of reasoning about commonly reported performance

information and have diverse preferences and strategies for interpreting and judging this information;

2. users not only want information about success rates and failure cases, but nuanced and detailed

versions of both as well as additional information types altogether.

6.4.1 Implications for RFM Research

Finding (1) is reassuring as it means there is not a large semantic gap between what is reported

in research and how users may understand that information. It also encourages further research

into how to estimate RFM performance on novel tasks to accurately report ETSR and EFC; and

into how task similarity in the context of an RFM ought to be measured so users can easily inquire

about relevant real data. Finding (2) indicates a gap between the types information reported in

research and the requisite information for a holistic understanding of RFM performance. While

there is work towards creating more comprehensive benchmarks, such as [276], new RFM research

could also report on metrics users mentioned that are easily collectible during an evaluation, such

as the speed of task execution or how often the robot autonomously recovered from a failure. The

development of other metrics and information, such as environment robustness, or how the robot’s
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Figure 30: Users from the follow-up study overwhelmingly agreed that each type of information was
useful when making decisions about when to use a robot.

capabilities may affect the RFM task execution, are also important but may be more involved or

difficult to quantify. These findings suggest promising pathways for the future of RFM evaluation

reporting.

6.4.2 Implications for HRI research

This work opens up new research avenues for the HRI community about how users engage with

RFMs. RFMs offer a unique promise in which end-users can make open-ended task queries to their

robot. This presents a fundamental shift in how people may be interacting with a robot. In partic-

ular, successful communication and interaction with an end-user is potentially distinct from robots

that have pre-specified tasks, tasks where the human and robot are mutually collaborating, or whose

capabilities are assumed to be well-known by the user. Thus, it is crucial that we understand poten-

tial gaps in how RFM evaluation information is reported in research and how to best communicate to

users to inform them about an RFM’s capabilities. This work demonstrated how users interact with

information types; future research should explore ways to communicate this information effectively.

Both findings (1) and (2) provide insights into how users interpret RFM information and may

be valuable, for example, in developing user interfaces. P. 7 for instance said that “I felt more

confidently when it showed an estimated task success rate higher than 70%, and less when it was
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multiple estimations of real task success/failure rates, It was more useful when it didn’t mix mul-

tiple success/failure rates.” This is potentially an issue with the presentation and framing of the

information, rather than the content of the information itself. Future work could investigate using

LLMs for communicating performance information in a natural and informative way. Since users

employed different decision-making strategies, it is likely they formed a mental model of the robot’s

capabilities based on the performance information. However, this study did not specifically evaluate

the accuracy of these mental models. Research in HCI and ML suggests that users’ mental models

may often be inaccurate or misaligned with the robot’s actual performance [197]. A study of how

task-type affects the interpretation of different information types is also a valuable direction for

future work.

6.4.3 Limitations

There was a trade-off we made between our online study and the in-person follow up. The online

study allowed for users to be shown a greater variety of tasks, robots, and real evaluation data.

The in-person study allowed for users to be co-present with an autonomous robot, but lacked the

task variety and the large number of participants of the online study. The diversity of tasks itself

presents a limitation, as nearly all tasks involved a robot arm and were inspired by kitchen chores.

This is mainly because robot-arm kitchen settings are a common real-world adjacent evaluation

environment for RFMs, yet it nonetheless is a generalizability limitation.

There are also some limitations to the interpretation of the results of the online study as a result

of certain design decisions. Because we chose to use real task success rates, and show users a success

or failure probabilistically, we did not control for performance or task success. We attempted to

mitigate this by having a wide variety of tasks with different success rates and a large number of

participants. However, it is likely an important factor in participant decision making that should

be studied closer in future work. There was also evidence of a learning-effect: some participants

reported using the RT-TSR and RT-FC for information from previous tasks to know the ETSR and
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EFC of that task later in the study. Finally, this work did not examine an experienced user of a

robot arm interacting with a deployed RFM. While this will need to be addressed in future work

as RFMs become more common, this study provides a basis for examining how such users interpret

performance data.
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7 User-Empowerment with Robot Foundation models, De-

sign and Algorithm Considerations

7.1 Introduction

While the functionality of RFMs can serve to empower users, especially informed users, how

they are designed can further impact how successful an interaction or how empowering they are.

For example, RFMs are typically large in size and require significant amounts of compute. If the

RFM’s generalist policy inference speed is relatively slow as a result of that size, it may limit the

tasks people can use it for, especially when those tasks require precise timings during a collaboration.

Thus, the design of an RFM, in this case ensuring its inference speed is relatively quick and costs

relatively low, can either empower or dis-empower a user.

In this chapter, we challenge whether a “generalist policy,” or a single large model that takes

in observation inputs and outputs robot actions, is the best or only approach to RFM design from

an HRI perspective. We introduce alternatives to generalist policies that RFMs can also be policy

generators, or large models that, when queried, generate a small, task-specific, policy which can

then be deployed solely for that task. This approach has the benefit of being modular, such that if

one wants to update an RFM in general, it will not affect the behavior of the task-specific policy.

This potentially has the benefit of the user more greatly familiarizing themselves with that policy to

use it in conjunction with IODA, for example. Similarly, the user is still informed about that policy

and how it performs despite changes in the RFM itself. We introduce a proof-of-concept algorithm

Diffusion for Policy Parameters (DPP) to show that this is a viable user-centered approach to RFMs.

The majority of the work in this chapter was published at the TAFM Workshop at RLC 2024

as Sheidlower, Isaac S., Reuben M. Aronson, and Elaine Short. “Towards Interpretable Foun-

dation Models of Robot Behavior: A Task Specific Policy Generation Approach,” 2024. https:

//openreview.net/forum?id=umkqPTUDED [240]‖ .

‖The second author consulted on the framing and writing of the work. The last author supervised the work and
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7.2 Preliminaries

In this chapter we present DPP, an algorithm that can be used for RFMs which generate stand-

alone task policies. The resulting neural-network from DPP can be thought of as a hypernetwork.

Hypernetworks in the neural-network literature refer to neural-networks which either generate or

modify the weights and parameters of other neural networks [98]. Hypernetworks have been used

to augment neural-network performance on various AI-related problems such as classification [192],

natural language processing (NLP) tasks [163], and, notably, a variety of computer vision tasks [214,

7, 70]. Recently, hypernetworks have also been applied to RL. Specifically, in Meta-RL tasks, or the

task of learning multiple tasks to be able to quickly generalize to a new similar RL environment [23],

because of their ability to capture high-level relationships between the different neural-networks that

are used to train an RL agent [220, 24, 113]. However, despite the potential shown of hypernetworks

to be applied to various areas of AI research, only very recently have researchers began applying

them to robotic control tasks [105, 21, 297].

7.3 Potential Challenges with Robot Foundation Models as Generalist

Policies

Robots should be able to learn from feedback and have real-time behavior personalization for

any given task. If the policy the user is interacting with is a generalist robot policy, two problems

may limit a user’s ability to do this. The first is that when a user teaches the robot a new task

or personalizes the behavior for a certain task, the behavior in separate and unrelated tasks may

be affected. This may jeopardize the interpretability and legibility of the system [32]. Another is

that updates to the base of the model from the organization which developed the model may have

downstream affects on specific tasks/robot behavior that may be unexpected or undesired by a user.

This is already the case with consumer-available LLMs such as ChatGPT, however, in the case of

robotics, the consistency of the robot’s behavior is a crucial component to the user’s ability to teach

consulted on the framing and writing.
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and interact with the robot. In fact, robots spontaneously acting in unexpected ways around users

may cause physical safety concerns beyond those posed by systems operating solely on language.

Thus, making sure that a robot’s task behavior is changed when and how a user wants is crucial.

7.4 Diffusion for Policy Parameters (DPP)

Figure 31: The DPP foundation model of robot behavior design approach

We present Diffusion for Policy Parameters (DPP), a novel approach for learning how to generate

standalone policies for individual tasks. DPP alleviates some of the concerns mentioned in the prior

section. We then present a proof-of-concept evaluation in a grid-world simulation. This is, to the

best of our knowledge, the first generative approach for creating policies in parameter space. While

policy search [201, 256, 147, 126] and exploration over policy parameters [78, 177, 259] have been

explored, generative AI techniques have not been used directly in parameter space.

The DPP method (Figure 31) learns a conditional diffusion model for generating policies in policy

parameter space. The steps for DPP are: collect a dataset of language/goal conditioned tasks and a

dataset of demonstrations over those task; train a large set of policies on either the demonstrations

or tasks themselves; then train a diffusion model conditioned on the task description and takes the

parameters of the policies as input. The result is a model that leads to an interaction similar to a
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generalist robot policy: a user asks for or demonstrates a task, and then the robot autonomously

executes that task, with the option of further human-in-the-loop fine-tuning if necessary. The key

difference being in DPP, a policy independent of the foundation model is generated to execute the

task. To study whether DPP is a viable approach for learning to generate policies, we must show it

can lead to a model which conditionally generates “good” policies.

7.4.1 Environment and Data Collection

We ran experiments in the Minigrid environment [47] for its suite of language-conditioned tasks on

which we can train many agents on in a relatively small amount of time and with limited hardware.

All tasks have a similar reward structure: sparse reward with a time-step penalty, resulting in a

cumulative reward between 0 and 1. To generate a large number of tasks, we took three language-

conditioned tasks and made each goal specification within that task its own task. In particular,

we took the environments Fetch, Go to Door, and Go to Object, and for each possible object

configuration, made that a task (e.g. Go to Door contains both the “go to red key” and “go to blue

box” task specification, and we treat each as a task to train an agent on). We chose the 5x5 versions

of each task for computational efficiency and quicker training. We then collected many seeds for

each task to ensure random goal positions and obstacles, resulting in 84 unique tasks. While these

tasks are significantly simpler than in-the-wild robot tasks, they provide a wide range of separate

policies to train on. In the real-robotics case, tasks would range from ”make coffee” to ”clean the

windows” or ”water the flowers.”

To collect policy data on these tasks, we trained 84 RL agents using PPO [226] to optimality

(achieving a mean reward > .98). We then trained behavior cloning (BC) agents on trajectories

collected from the RL agents until they received a near-optimal average reward of > .85. We chose

BC as opposed to RL for every agent because it was more timely to train and collect the policies.

We trained approximately 1000 agents for each of these tasks, discarding tasks where BC did not

achieve high reward given the allotted trajectories. This resulted in BC agents for 64 of the 84 tasks
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DPP Model Architecture

Language Embedding bge-small-en-v1.5 (size: 384) [289]
Noise Schedule Cosine, 1000 steps [185]
Noise Type Gaussian [106]
Model Architecture Transformer [265], 48 heads, 12 depth, 768 width

Batch Size 128
Input/Output Dimensions 32x82; 32 for MLP policy hidden layer, 82 = 75 (observation size) + 7 (action size)

Table 4: DPP model architecture used in experiments

Diffusion
Sample
Policy

Random Policy
Training
Parameters
(TP) Mean

TP Median TP Mode
Mixture of
Samples
(MoS), m=4

(MoS),
m=8

(MoS),
m=16

Avg. Return 0.766±0.16 0.198±0.14 0.189±0.14 0.205±0.12 0.125±0.16 0.816±0.19 0.878±0.15 0.886±0.16

Table 5: Results from experiments

and resulted in 74,000 trained policies.

7.4.2 Model Design

Given the dataset of policies, we trained a conditional diffusion model which takes as input a

language description of the task and outputs an end-to-end policy network for that task. The model

architecture and description can be found in Table 1. The architecture was largely decided on based

on trial and error. However, two key decisions were necessary to effectively learn in parameter

space. The first was to use an entirely transformer-based architecture, as opposed to, e.g., a U-

Net architecture [212, 106]. The other was to use the hybrid loss as proposed in [185]. We also

experimented with various loss functions based on evaluation of the generated policies, but they did

not lead to high performance.

7.4.3 Evaluation and Results

The evaluation results of the final trained model can be found in Table 2. The evaluation aims

to show the model generates meaningful policies in parameter space. For each baseline, we took

average performance across all 64 tasks, with 10 runs each on random seeds. “Diffusion Sample

Policy” refers to a single sample from the diffusion model conditioned on the task description. We

primarily compare to baselines as a means to ensure the model is not learning trivial local minima. If

it is not, then we expect a single sampled policy to significantly outperform the baselines. ”Random
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Policy” refers to an agent that takes a random action in each state. The ”Mean,” ”Median,” and

”Mode” baselines refer to taking those operations on all of the parameters in the dataset for the

specified task. The sample policy significantly outperforms all baselines indicating that the model is

learning to generate meaningful and performant polices. A single sample, however, achieves slightly

lower returns than the agents in the training set. To achieve a similar performance, we take a simple

mixture approach where we sample n policies, and for each observation, take the most common

output action. This is referred to as Mixture of Samples (MoS) in Table 2.

7.5 Limitations

Despite promising early results, there are key limitations with the evaluation regarding extrapo-

lating the results to real-world robots. Though diffusion models and transformers have been shown

to scale well with large amounts of robot data, we have not shown this scalability with policy pa-

rameter space learning. Similarly, we emphasize that the training data needed for DPP is different

than for a generalist policies: DPP requires a dataset of trained policies (which could be gathered

through simulation or a cross organization effort similar to the Droid dataset [132]), rather than a

demonstration dataset. However, for DPP to scale and generalize across tasks, it will likely need

both a policy and a demonstration dataset. For this scaling to take place, it will necessitate large

amounts of both robot and compute resources. This requirement limits both who can deploy DPP

for real robotic tasks, as well as how easily the algorithm can be developed, iterated on, and fine-

tuned. Of note, however, this is already true of RFMs in general. We have also only demonstrated

results in an environment with a discrete action space. Although some generalist policies, such as

[90], have had issues with discrete action spaces, we believe a robot foundation model should be able

to handle both discrete and continuous actions. Despite these limitations, DPP presents a promising

a direction for the development of user-centered RFMs and similar approaches can be used to further

empower end-users with greater control over their robot and its policies.
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7.6 Discussion

While generalist robot policies as robot behavior foundation models show clear successes, they do

not maintain properties of locality and explainability that would be desired for a deployed system.

To limit these concerns, we presented DPP, an alternative which may alleviate some of the outlined

concerns. DPP generates smaller, standalone policies for each task; this approach means that those

policies are not affected by a user teaching the robot other tasks or by unwanted updates to the

general foundation model.

Enabling policies to be stable and therefore more predictable is a key feature for human-usable

robots. Human-robot interaction research has consistently shown that robot models need to be

not just performant, but also predictable [152]. A predictable robot system not only improves its

interpretability, but also allows a user to gain a high degree of familiarity with those policies, and in

turn use them to accomplish novel tasks. In this work, we embed this predictability and usability

directly into the structure of the model without compromising its flexibility to learn from new data.

With foundation models in their infancy, it is an ideal time to explore how these powerful generalized

models can be made more usable.

Future work could explore other methods to make foundation models more stable and usable,

especially by allowing the user to choose when and how a task policy should be updated. For

example, a robot might come deployed with a suite of policies for very common tasks, with the

capacity to learn new tasks from the user through human-in-the-loop learning [208, 155]. Another

approach is to use sim-to-real RL to train new policies when needed by the user. For example,

Eureka [160] uses LLMs and an iterative training procedure to design reward functions for arbitrary

tasks. This approach has similar benefits as DPP, but depends on having an accurate simulator and

may not be responsive enough for users, as the robot needs to learn tasks from scratch when the

user requests it. An advantage, however, is that since it uses a task-specific reward function, it may

be more explainable.

We primarily focused on improving interpretability and modularity relative to generalist policies,
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but there are also other exciting directions for future research towards usable generalist policies. For

example, work is needed on how to explain the behavior of a generalist robot policy. Explainable

AI techniques for large models are constantly improving, but more work is needed to understand

how techniques for explaining robot behavior apply to generalist robot policies: much prior work in

explainable robotics and AI either assumes the robot was trained with RL (see [172] for a taxonomy of

explainable RL) or requires semantic knowledge of its past interactions [230]. Some approaches, such

as directly generating explanations for non-interpretable policies are easily applicable to generalist

robot policies, while others, such as generating intrinsically interpretable policies, may not be.
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8 Future Work

Building on this dissertation, there are three key directions for future work: developing a for-

malization for categorizing different empowerment strategies, building user-interactive RFMs, and

proposing government policy considerations to ensure people may use home robots for their needs.

A formalization of user empowerment can be used researchers to development new empowerment

strategies, identify when a strategy can be applied to a certain problem, and compare strategies

in terms of what they afford to users. RFMs deployed in home environments ought to be able to

interact with and collaborate with the people in that home, both to better assist those users in

their desired tasks, and so that, through collaborative interaction, people can better understand

the RFMs capabilities and what it may be useful for. Regulatory policy can ensure people can

use robots in novel ways safely, defining both the safety requirements a robot must have and the

protections people have when using the robot. In this chapter, we will review and discuss each of

these directions in more detail.

8.1 Towards a Unifying Formalization of User Empowerment through

Control

Throughout this dissertation, we have presented works that seek to empower users of robots

to have greater control over the robot’s behavior. We have demonstrated that empowering people

in such a way can be an affective approach for both improving user experience in an interaction

and facilitating a robot to perform a novel task. For similar empowerment strategies to be widely

adopted and applied to many different HRI scenarios, it is helpful to have a framework that concisely

describes how a given approach empowers a user with control and to what extent.

Formalizations that characterize a specific task-based problem have been invaluable and com-

mon in the field of HRI. For instance, MDPs [283] and POMDPs [247], have been frequently used to

characterize different HRI scenarios from RL-based education robots [198, 73, 300] to human-robot

112



collaborative assembly tasks [88, 211]. Frameworks that formalize or quantify a human-robot inter-

action more broadly, outside of the scope of a single task, however, are notoriously difficult to define

as tasks are hard to model, people even harder, and their interaction partially-observable at best

[141]. Despite this difficulty, such formalizations are nonetheless important for understanding and

improving different algorithms and interactions. A formalization for user-empowerment through

control should ideally enable one to: measure how empowering a certain approach is relative to

another (marginal empowerment), define what a “novel task” is relative to the robot’s capabilities

and as a consequence of user control, and categorize how a certain approach empowers a user to

accomplish their desired outcome as a consequence of the interaction of the user’s control and a

robot’s autonomous behavior. In this section propose and discuss what such a formalization for em-

powerment through control may look like; how each of the works presented in the previous chapters

may fit in; and what work is necessary to be done in the future to realize such a formalization.

8.1.1 User Participation and Robot Autonomy for an Empowerment Formalization

For a formalization of user-empowerment, we will consider a task-based setting where a user has

some task they wish to accomplish. Within this setting an assumption we make is that users are

intentional when interacting with the robot. In other words, they have a specific outcome or goal

they wish to accomplish and they are acting in hopes of achieving it. This assumption is agnostic

to a specific model of human decision making or actions, such as assuming a person’s actions can

be modeled as rational but noisy [216], that their preferences are expressed as reward following

the Bradely-Terry Model [193, 263, 35], or are not [193, 137]. Though such models can be useful,

particularly the more one knows about an individual and a task [44], it is valuable to make a more

minimal assumption that they have an end-goal in mind as alignment or satisfaction with a user’s

goal is easier to verify, by asking the user for example, than the alignment of a user’s behavior with

a specific model.

As demonstrated throughout this dissertation, people not only have tasks they wish to accomplish
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Figure 32: In this dissertation, we present “empowerment strategies” that empower users across
different levels of user participation in task completion and robot control.

using a robot, but may want to be more or less involved in the task completion process itself. For

example, one may want to query an RFM then walk away as the robot completes the requested

task. This is still an example of a person controlling a robot, but they have little to no direct

participation in collaborating with the robot to perform the task. On the other hand, a person

who wants to directly control parts of the robot, as in IODA, to collaboratively perform the task,

naturally is participating more. These cases provide an intuition about different levels, or a range,

of user-partition. Such an intuition is important for developing a formalization that captures how

empowered a user is over their robot. Similar to human-in-the-loop learning formalizations that

quantify human-feedback as information gain to better develop and evaluate HIRL algorithms [59],

quantifying the user participation in task completion given a certain algorithm, can be used for

measuring empowerment.

Thus, given this setting a formalization of user empowerment through control may involve two

“axes” with which to categorize different empowerment strategies: user participation and robot

capability or autonomy for a the user’s desired task. User participation in the task completion process

may involve a person adjusting the parameters of a robot’s behavior, manipulating the environment,

providing corrective demonstrations, or similar interventions. User participation can potentially be
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quantified as the amount of information gain that the robot receives from the user in an information

theoretic sense [20], or how much time the user spends interacting with the robot to accomplish a

given task. Consider the case of a person teaching a robot through corrective demonstrations, i.e.

when the robot makes a mistake, the person will intervene to correct the mistake and the robot will

in turn use that correction to update its policy. The number of corrections a user provides or the

proportion of correction time to autonomous robot behavior time can be considered a measure of

participation. In fact, this is also commonly used a metric for the goodness of algorithms that learn

from corrections [124, 49, 272].

The level of robot autonomy should measure how well the robot can complete the desired task

on its own. This level of autonomy may also be measured as dependent upon or in-spite of the

user’s control. In ACORD for example, the user’s customization of the robot’s behavior does not

hinder the robot from completing the task. The robot’s autonomy for the given task can potentially

be quantified via an evaluation metric for instance, such as TSR, or through a formal reachability

analysis [10, 222]. Each of the empowerment strategies in this work can be categorized along these

two axes as shown in Figure 32 (this is a repeat of Figure 2 for the reader’s convenience). In this

case there is a single axis ranging from whether the user or the robot is controlling task execution.

This is primarily for visualization purposes. Alternatively, approaches where the user controls task

execution can be categorized as having “high” amounts of user participation and “low” amounts

of robot autonomy, and vice-versa for approaches where the robot controls task execution. I will

explain each example in more detail below.

Teach new robot behaviors (CAIR) The empowerment strategy presented in Chapter 5, is

highly dependent on user-participation as the robot does not yet know how to perform the user’s

requested task. Most HIRL algorithms fit into this categorization, though some may require more

or less user participation. For example, the method proposed in [114] includes a pretraining step

to learn to generate trajectories for preference learning that reduces the number of labels a teacher

needs to provide for the robot to learn the task.
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Apply an existing behavior to novel tasks (IODA) The empowerment strategy presented

in Chapter 3, is similar to in CAIR in that whether or not the robot completes the user’s desired

task is dependent upon the user themselves and their input to the robot. A key difference, however,

is that the robot already has autonomous function that is the user is leveraging to complete the

task. Furthermore, in this case, the user may only need to participate at certain throughout the

task execution to achieve their desired goal. Thus, IODA can be thought of as requiring more robot

autonomy and potentially less user participation for the desired task to be completed.

Control the style of an existing behavior (ACORD) Unlike IODA and CAIR, ACORD

(Chapter 4), is not dependent on the user’s participation to complete the task the user specified.

However, the user may still be actively involved in how that task is executed. Thus, ACORD can be

thought of having high levels of robot autonomy, and low, or very varying, levels of user participation.

Request a robot to perform an arbitrary novel task (Informed use of RFMs) The

empowerment strategy presented in Chapter 6 is focused on a situation where the robot completes

the task entirely autonomously. The goal of the empowerment strategy to inform the user of the

robot’s capabilities may lead to the user deciding not to let the robot attempt the task at all, deciding

to supervise the robot in case intervention is needed, or deciding to use a different method for task

execution (such as HIRL). Thus, this empowerment strategy has a high degree of robot autonomy,

and potentially the lowest amount of user participation.

These descriptions can serve as examples for how to categorize other empowerment strategies

along these axis. However, the categorizations presented here still have limitations that need to be

addressed in future work for a complete formalization. For instance, even in this two-axis framework,

the user in CAIR is arguably only participating in the teaching process and not necessarily in the

task-completion process once the robot knows how to perform the task. This ambiguity is an

important one to clarify, especially to define what a “novel task” is and how empowering a certain

approach is for facilitating novel-task executions. Furthermore, the two axes of user participation

and robot autonomy are insufficient for a definition of a novel task.
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8.1.2 Other Considerations

Along with user participation and robot autonomy, other axes of categorization may be useful

for both measuring the user’s control over the robot, defining what a novel task is, and measuring

qualitative user experience. In this dissertation, I did not focus heavily on the concept of alignment,

but it can potentially be used as a way of categorizing different empowerment strategies. “Align-

ment” as it is commonly referred to in the AI and RLHF literature [123], refers to the alignment of

a user’s desired outcome with an agents behavior and largely forgoes differentiating between a user’s

desired behavior and what they specify. In a task-based HRI scenario however, where there are

many different means of specifying a task, from language to demonstrations, there may be reason

to specify a task different from the desired outcome of the interaction. The interaction presented

in Chapter 3 is an example of this. Thus, a dual of alignment could be used to categorize both

the alignment of the robot’s autonomous behavior to the task specified by the user, as well as the

alignment of the overall system, including the user’s control, to the users desired outcome. Given

these two notions of alignment, an example a novel task could be implied by situations where the

overall system aligns with the user’s desired outcome, but which differs from what the use specified

to the robot. Future work is needed for a holisitic definition of novelty, including differentiating

between HIRL algorithms and algorithms such as IODA for example.

A common thread throughout much of the study results presented in this dissertation was a

generally positive user experience. Future work could consider user-experience as an axis for mea-

suring empowerment. For example, the qualitative amount of effort a user exerts when interacting

with a robot is already a common outcome measure of a study, often using the NASA TLX [260]

questionnaire [171, 203, 251].

8.2 User-interactive Robot Foundation Models

As discussed in Chapter 6, a RFM research has been largely aimed at creating a model that can

autonomously and independently perform various tasks according to a user’s request. Especially as
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the performance of RFMs continues to improve [31], largely as a result of algorithmic advacements,

“user-interactive RFMs” should also be developed. By user-interactive RFM, I mean an RFM that

has been explicitly designed to be able to perform collaborative tasks with people. Furthermore,

such user-interactive RFMs should be evaluated holistically, including factors the user’s subjective

experience and the systems ease-of-use. To get a robot to perform success collaborations with people

in terms of both task success and user-experience is by no means trivial. In fact, much research in

HRI has been dedicated to improving the experience of human-robot handovers for instance [189].

There are various directions of future work that would assist in the development of user-interactive

RFMs.

An important part of developing user-interactive RFMs will be to collect data in a standardized

format both of users interacting with robots generally and with users specifically interacting with

RFMs. These datasets could be used in the training of user-interactive RFMs. Datasets that

consist of user-interactions with other types of foundation models, such as LLMs and VLMs, are

already widely available and in active use [304, 127, 122, 287]. Similarly, user-centered evaluations

of these models are also crucial for their success. [233] for example uses human-annotation to create

a benchmark for evaluating a multi-modal foundation model’s video-based reasoning capabilities.

Meanwhile, as RFMs are improved to perform tasks based on more abstract user-task specifications,

typically tasks involving multiple steps [151], non-user-interactive, simulation-based benchmarks are

also being developed to evaluate such capabilities [276]. Future work should evaluate user-interactive

RFMs by reporting some of the metrics discussed in Chapter 6, as well as user-studies that have

novice-users collaborate with an RFM-based robot.

Another important aspect with which people could be introduced is that of fine-tuning. RFMs are

typically fine-tuned, or undergo additional training, when they encounter wholly new environments

or tasks. Models such as OpenVLA [134] and Octo [258], have open-source code to allow researchers

and general users to fine-tune their models. The fine-tuning process, however, is generally compu-

tationally expensive and time consuming. While state-of-the-art techniques such as LoRA [109],
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have made fine-tuning less computationally expensive by only updating parts of a larger model,

incorporating a human-in-the-loop has the potential to both further speed up this process and allow

the user to communicate their preferences in the meantime, as in [306].

8.3 On User Safety and Empowerment

8.3.1 A Limitation of Purely Data-driven Approach

In this dissertation we presented four empowerment strategies. All of these strategies are based

on data-driven approaches, with three of them based on RL and one based on large-scale imitation

learning. Data-driven approaches use data collected from a problem domain as the primary source

of information for making decisions and, more often than not, for training a neural network [150, 57,

116, 5]. Two common downsides of this approach, particularly relevant to giving users more control

over their robots, are limitations related to explainability and interperetability of the neural networks

decisions [76, 3, 227] and related to safety [182, 52, 110]. Recently in RL, there is an increasing

effort to introduce explainable elements into the agent’s decision making process [172] as well as

safety guarantees, often by combining reinforcement learning with symbolic or formal methods [96,

40, 86, 290]. Future work could combine these methods with the empowerment strategies presented

in this work. Safety is particularly important as this work proposes empowering users by giving then

more control over their robot as to perform novel and creative tasks. The user executing novel and

creative tasks should not mean, however, that the user becomes unsafe as a result.

8.3.2 The Role of Policy and Regulation

In this dissertation, we focused on ways to give control to people such that they can perform tasks

that where not necessarily foreseen by the designers of the robot. This approach has implications with

regards to consumer-manufacturer relations. For example, robot manufacturers may incentivize to

have certain novel used void warranty if they pose a risk to the robot. Such warranties must comply

with consumer protection law, and thus be relatively clear about what the consumer can and cannot
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do (see [162] for an example in US law). Future work should consider how to regulate and draft

consumer protection law that permits end-users to use their robot in novel ways so long as such use

does not pose unreasonable risks to the user or others.

As mentioned in Chapter 6 and in this section, the evaluation of RFMs, and the availability of

the resulting information about the evaluation, can impact a user’s experience with and ability to

use an RFM. Transparency in both the the training and evaluation process is important for ensuring

people can safely and comfortably use RFMs. Various laws requiring companies to disclose details

about how AI models were trained have already been passed in places like EU [72, 41] and California

[1]. Future work should consider how these laws extend to RFMs, particularly as deployed in home

robots, and if additional targeted regulation is needed.
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9 Summary

This dissertation presented four empowerment strategies for ensuring novice users of home robots

have control over the robot’s autonomy and how they interact with the robot. Within these strate-

gies, we presented two HRI theoretic contributions, both of which are problem formulations for

giving more control over autonomous robot policies to people. These problem statements, and this

dissertation in general, have focused on empowering users to use many different functionalities a

robot has to accomplish novel and creative tasks alike. The first problem statement was about en-

suring a robot’s behavior is predictable during partitioned control with a user. We showed that this

predictability can lead to better task and user experience outcomes. The second problem statement,

“online behavior modification,” directed how one may develop robot policies for a given task such

that they style of task completion is something controllable by a user. Online behavior modification

affords people both the ability to express their preferences to a robot as well as express their cre-

ativity in real-time. From these problem statements, future HRI researchers can develop algorithms

and techniques that address them and expand on them.

Along with these problem statements, we also introduced three algorithms that empower users

at different levels user involvement in task completion, from a robot autonomously performing a

task to task completion being mostly dependent on the user. All of these algorithms were evalu-

ated in user-studies which demonstrated that they improve task success over prior human-centered

approaches, and often afford high levels of user satisfaction. The first algorithm, Imaginary Out-of-

Distribution Actions (IODA), addressed the PC problem formulation by projecting a robot’s state

back to an in-distribution state when the user’s control brought it out-of-distribution. This allowed

the robot’s behavior to align with the user’s expectations of how the robot should behave, allow-

ing them to leverage that behavior in innovative ways. The second algorithm, Adjustable Control

of Reinforcement learning Dynamics (ACORD), addressed the online behavior modification prob-

lem by learning latent parameters over behavior features that a person could control in real-time.

ACORD’s deployment in a painting task showed that people reported high levels of expressivity
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when using ACORD while its task performance was still relatively strong compared to vanilla RL.

Lastly, Continuous Action-space Interactive Reinforcement learning (CAIR), allowed users to teach

robots complex tasks using binary feedback. Together, these algorithms contribute to the field of

HRI by providing methods to further empower people to have control over robots.

In addition to single-task human robot interactions, we contribute to the understanding of how

to empower users of general purpose robots across a variety of tasks. To do this, we had non-

expert users give feedback on real robot foundation model (RFM) performance evaluations. From

this study, we learned both about how non-experts use otherwise technical information as well as

types of information people would went when using an RFM based robot. By being more informed

about a robot’s capabilities, people can reduce the risk of unwanted failures and use the robot for the

purposes they need without worry. This dissertation also had a couple complementary contributions.

Based on our RFM study results, we made several recommendations for RFM and HRI researchers

to facilitate human-centered design and evaluation of RFMs. We also introduced Diffusion for Policy

Parameters, an algorithm for RFMs which is an alternative to the general policy approach. DPP

ensures users have control over task-specific policies and when their behavior affects the underlying

RFM.

This dissertation has primarily concerned with developing approaches that enable users to per-

form novel tasks with minimal effort or robot expertise. An area of future work directly developing

techniques that empower end-users to developing frameworks that holistically capture the process

and results of designing and deploying such techniques. In other words, extend the control users

have to the design process itself. Similarly, the RFM design pipeline from expert designer to novice

user should be further studied. This will provide a better understanding of how research can be

performed and reported to empower users without sacrificing the rigor or innovation of the research,

but rather enhances it. For example, more robust evaluations of RFMs that take into account non-

expert information needs can enhance both expert and non-expert understanding of that model’s

performance. What is learned from such evaluations can be used to develop interfaces for novices
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and design principles experts that promote informing and giving control to users.

Future work could also aim to ensure that RFMs are capable of meaningful, transparent, and

safe collaboration with people. There are various paths towards achieving this, including AI-related

policy initiatives, developing novel RFM-human collaboration studies, and collecting human-robot

interaction data sets for RFM training. Overall, my research will continue to work towards the

vision of having active and empowered users of home robots. As robots become more and more

capable, the potential for people to make use of those robots for arbitrary tasks also increases; it is

important that end-users are beneficiaries of this progress.
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10 Acronyms

• IODA: Imaginary Out-of-Distribution Actions

• PC: Partitioned Control

• ACORD: Adjustable Control of Reinforcement learning

• CAIR: Continuous Action-space Interactive Reinforcement learning

• DPP: Diffusion for Policy Parameters

• RL: Reinforcement Learning

• MDP: Markov Decision Process

• POMDP: Partially Observable Markov Decision Process

• HIRL: Human-In-the-loop Robot Learning (HIRL)

• IntRL: Interactive Reinforcement Learning

• LfD: Learning from Demonstration

• SC: Shared Control

• SA: Shared Autonomy

• RFM: Robot Foundation Model

• SAC: Soft Actor-Critic

• OOD: Out-Of-Distribution

• TSR: Task Success Rate

• FC: Failure Case

• ETSR: Estimated Task Success Rate

• EFC: Estimated Failure Case

• RT-TSR: Related Task-Task Success Rate

• RT-FC: Related Task-Failure Case

• BF: Bayes Factor

• RLHF: Reinforcement Learning from Human Feedback
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A Appendix

A.1 Customizing Behaviors

A.1.1 ACORD Hyperparameters

Hyperparameters for ACORD as it was used for both environments: painting (for user study) and bipedal walker

(simulation).

ACORD Specific Parameters Paint, BW

All Discriminator Networks
optimizer Adam
learning rate 1 · 10−3

replay buffer size 106

number of hidden layers 2
number of hidden units per layer (256, 256)
number of samples per minibatch 256
FC 1 layer nonlinearity ReLU
FC 2 layer nonlinearity 1

2 tanh
Output nonlinearity sigmoid
Output σ (minimum, maximum)

value
(.1, 1)

λ scale 10
Discriminator Update Parameters

gradient update every x steps 250, 1000

Reward Function Parameters
Renv reward scale 2, 12
c 15, 5
discriminator based reward scale 12

Table 6: ACORD parameters
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SAC Parameters Paint, BW

Shared Between Actor and Critic Net-
works

optimizer Adam
learning rate 3· 10−3

discount (γ) 0.99
replay buffer size 105

number of hidden layers (all net-
works)

2

number of hidden units per layer (400,300)
number of samples per minibatch 256
nonlinearity ReLU

SAC Update Parameters
target smoothing coefficient (τ) 0.02, 0.005
target update interval 1
gradient steps per environment step 1
entropy optimizer Adam
entropy optimizer learning rate 3· 10−3

Table 7: SAC parameters
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A.1.2 Post-Condition Survey Results in Table Format

Fun
Desire to
Repeat Likeability Control Expressiveness Mental Demand

Degree of
Hard Work

Very High 47.82 43.48 34.78 30.43 17.39 4.35 4.35
High 34.78 26.09 43.48 52.17 39.13 0.0 8.70
Neutral 17.39 21.74 17.39 17.39 26.09 30.43 21.74
Low 0.0 8.69 4.35 0.0 13.04 34.78 43.48
Very Low 0.0 0.0 0.0 0.0 4.35 30.43 21.74

Table 8: ACORD Post-Condition Likert Scale Data

Fun
Desire to
Repeat Likeability Control Expressiveness Mental Demand

Degree of
Hard Work

Very High 39.13 34.78 34.78 8.7 4.35 0.0 4.35
High 47.83 43.48 52.17 65.22 56.52 21.74 13.04
Neutral 13.04 21.74 13.04 13.04 26.09 13.04 21.74
Low 0.0 0.0 0.0 13.04 8.7 34.78 30.43
Very Low 0.0 0.0 0.0 0.0 4.35 30.43 30.43

Table 9: SA Post-Condition Likert Scale Data

Fun
Desire to
Repeat Likeability Control Expressiveness Mental Demand

Degree of
Hard Work

Very High 21.74 21.74 26.09 4.35 8.7 4.35 0.0
High 47.83 43.48 47.83 26.09 17.39 0.0 0.0
Neutral 17.39 17.39 17.39 26.09 17.39 0.0 0.0
Low 8.7 17.39 4.35 26.09 43.48 8.7 8.7
Very Low 4.35 0.0 4.35 17.39 13.04 86.96 91.3

Table 10: RL Post-Condition Likert Scale Data
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A.1.3 Paintings

Paintings from all participants in each condition. Each row represents all the paintings of a given participant.
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Figure 33: All paintings from all participants and conditions.
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A.2 Novice-Friendly Teaching

A.2.1 CAIR Hyperparameters

We used the same hyperparameters for both simulated environments. Hyperparameters where chosen via a grid

search over commonly used hyperparameter values for Soft Actor Critic.

Table 11: Teach Hyperparameters

Parameter Value

Shared Between Actor and Critic
optimizer Adam
learning rate 1 · 10−3

discount (γ) 0.99
replay buffer size 105

number of hidden layers (all networks) 2
number of hidden units per layer 256
number of samples per minibatch 256
nonlinearity ReLU
reward scale 10

SAC
target smoothing coefficient (τ) 0.005
target update interval 1
gradient steps per environment step 1

Table 12: Env Hyperparameters

Parameter Value

Shared Between Actor and Critic
optimizer Adam
learning rate 1 · 10−3

discount (γ) 0.99
replay buffer size 106

number of hidden layers 2
number of hidden units per layer 256
number of samples per minibatch 256
nonlinearity ReLU
reward scale 2

General SAC
target smoothing coefficient (τ) 0.005
target update interval 1
gradient steps per environment step 1

176



A.2.2 Time Spent in Each Enviornment

The time spent in each simulation environment when rendered in real time.

Table 13: BW state-of-the-art Baseline Comparison

BW 50 100 150 200 250 300

Time (min) 4.16-
48.33

8.33-
96.66

12.5-145 16.67-
193.33

20.83-
241.67

25-290

Percent of Environment Solved

SAC 13% 13% 13% 13% 13% 13%
SAC-AE 5% 11% 17% 27% 38% 55%
td3 5% 5% 5% 11% 13% 22%
CAIR 11 % 22% 44% 57% 50% 53%

Table 14: RPM state-of-the-art Baseline Comparison

RPM 250 500 750 1000 1250 1500 1750 2000

Time (min) 31.25 62.5 93.75 125 156.25 187.5 218.75 250

Percent of Environment Solved

SAC 2% 2% 2% 2% 2% 2% 2% 2%
HERx6 5% 7% 10% 18% 17% 30% 40% 53%
SAC-AE 2% 2% 2% 2% 2% 2% 2% 2%
td3 5% 5% 5% 5% 5% 5% 5% 5%
CAIR 62% 58% 62% 70% 73% 78% 82% 80%

A.3 Informing Users

A.3.1 Task list

Here is a list of all participant facing tasks used in the study. In the study, the task description was appended

to the prefix “You want the robot to.” The failure case (FC) description was appended to the prefix “The robot

estimates it may fail by” for EFC and “The robot has previously failed this similar task by” for RTFC. The TSR

information was appended to the prefix “The robot estimates it can successfully complete the task” for ETSR and

“The robot has previously succeeded in this similar task” for RT-TSR.
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Task
(Model)

Task Image Task Description Task Information and Similar Task

Stack cups
(OpenVLA)

Stack the blue cup face-up
on top of the upside down
pink cup.

TSR: 4/10 times, or 40%
FC: Picking up the cup but dropping it
in the sink, missing the pink cup.
Similar Task: Lift pan lid

Put away
soup
(Baku)

Move the can of soup to
the refrigerator.

TSR:4/5 times, or 80%
FC: Grasping the can but then halting,
failing to put it in the refrigerator.
Similar Task: Put away bottle

Close oven
door
(Baku)

Close the oven door.

TSR: 4/5 times, or 80%
FC: Not grasping the handle, leaving the
oven door open.
Similar Task: Make toast

Remove
battery
(OpenVLA)

Lift and remove the bat-
tery from sink.

TSR: 7/10 times, or 70%
FC: Not grasping the battery and then
pushes the battery around in the sink.
Similar Task: Lift pan lid

Move salt
(OpenVLA)

Move the white salt shaker
onto the plate.

TSR: 9/12 times, or 75%
FC: Trying to pick up the wrong object.
Similar Task: Put carrot on plate

Lift
orange
(Baku)

Lift up the orange out of
the bowl.

TSR: 4/5 times, or 80%
FC: Not grasping the orange, leaving it
in the bowl.
Similar Task: Remove battery

Put
eggplant
in pot
(OpenVLA)

Take the eggplant out of
the sink and put it into the
pot.

TSR: 7/10 times, or 70%
FC: Missing the eggplant and hitting the
sink instead.
Similar Task: Put coke in basket

Table 15: List of participant facing tasks used in the online study.
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Task Task Image Task Description Task Information and Similar Task

Lift pan lid
(Baku)

Lift up the lid of the pan
off the pan.

TSR: 4/5 times, or 80%
FC: Partly grasping and then dropping
the pan lid handle, causing the pan to
shake as the lid falls back on top.
Similar Task: Remove battery

Move
banana
to sink
(MDT)

Move the banana from the
stove and place it into the
sink.

TSR: 4/5 times, or 80%
FC: Not picking up the banana, putting
nothing into the sink.
Similar Task: Move banana to stove

Move
banana
to stove
(MDT)

Move the banana from the
sink to the stove.

TSR: 4/5 times, or 80%
FC: Being unable to pick up the banana
from the sink at the correct location and
may push it’s gripper into the sink.
Similar Task: Move banana to sink

Move pot
to sink
(MDT)

Move the pot from the
stove to the sink

TSR: 4/5 times, or 80%
FC: Being unable to grasp the pot, mov-
ing it around on the stove and towards
the edge.
Similar Task: Move banana to sink

Put away
coke
(Baku)

Pick up the coke can and
put it in the basket.

TSR: 3/5 times, or 60%
FC: Dropping the coke can and miss-
ing the basket, causing it to fall on the
counter.
Similar Task: Put eggplant in pot

Put
carrot
on plate
(OpenVLA)

Pick up the carrot from
the sink and put it on the
plate.

TSR: 4/10 times, or 40%
FC: Being unable to grasp the carrot
and/or by knocking over the plate.
Similar Task: Move salt

Wipe board
(Baku)

Use the towel to wipe
down the cutting board.

TSR: 5/5 times, or 100%
FC: Not available.
Similar Task: Make toast

Make toast
(MDT)

Push down the toaster
lever to make toast

TSR: 1/5 times, or 20%
FC: Not being able to push down the
lever.
Similar Task: Close oven door

Put away
bottle
(Baku)

Move the green bottle
of tea to the refrigerator
door.

TSR: 1/5 times, or 20%
FC: Attempting to pick up an object
that is not the green tea.
Similar Task: Put away soup

(example
task)
Put away
ball
(TinyVLA)

Put the tennis ball in the
tube.

TSR: 4/5 times, or 80%
FC: Knocking over the tube.
Similar Task: (example) Put carrot in
bowl
RT-TSR: 3/10 times, or 30%
RT-FC: Being unable to the grasp the
carrot.

Table 16: List of participant facing tasks used in the online study (continued).
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A.3.2 Codebooks

Theme Code Description

Trust Trusted estimates
Someone who explicitly indicated that they trusted the estimates
or thought the estimates could be relied on

Trust Skeptical of estimates
Someone who expressed skepticism over if the estimates could be
relied on or not/their value.

Trust Performance threshold
Someone who mentioned a numeric threshold or some threshold of
reported performance to where they could make decisions about
the task.

Strategy All info Mentions all the information was useful

Strategy Ordered preference
Mentions how they relied one or more types of info but then also
used the others as backup or support

Strategy
Mainly used estimated
TSR

Someone who more or less just says they used estimated TSR only

Strategy Past performance
Someone who says they used the previous tasks or data to help
them decide (implies sort of meta-learning the study)

Strategy Similarity
Someone who mentions the value of the real data was based on
how similar the task was

Strategy Risk calculation Someone who mentions trying to estimate failure risk

Strategy
Compared real and esti-
mates

Explicitly compares real and estimates

Preference Preferred estimates Explicitly mentions they preferred estimates
Preference Preferred real data Explicitly mentions they preferred real data
Preference Preferred success rates Explicitly mentions they preferred success rates
Preference Preferred failures Explicitly mentions they preferred failures

Table 17: Thematic codebook developed for the responses to the post-study open-response questions:
“How did you use each type of information to make your decision? What made certain information
more useful than other information?”
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Theme Code Description
Robot
capability

Robot
capability

Wanting to know more about a robot’s general specifications, sens-
ing capabilities, or algorithmic ability.

Robot
capability

Speed Wanting to know how fast the robot can perform the task.

Failure
Failure
degree

Wanting to know about how bad a failure could be/about the
range of possible failures.

Failure
Failure rate
and cases

Wanting to know about failure rate as opposed to success rate;
wanting to know what in the environment could be damaged or
affected because of the robot executing the task; failures unrelated
to the requested task.

Robustness
Environment
factors

Wanting to know more about the environment: its dynamics and
how it may affect the robots performance.

Robustness
Robustness
to task

Wanting to know about how robust the robot is to minor varia-
tions in the requested task.

Robustness
Robustness
to
environment

Wanting to know about how robust the robot is to external or
environmental factors separate from the task.

Robustness
Failure
recovery

How capable the robot is at recovering from failures

Task
Task
difficulty

Wanting some sort of measure or assessment of task difficulty or
complexity; wanting to know something about how good the robot
is relative to human performance on the task.

Task Task type
General info about the nature of the task; wanting to know the
horizon of the task, as in if it is a short or long task/single step
vs multi-step.

Task
Performance
on requested
task

Wanting to know about how good the robot is on the actual task
(not like estimated success rate, but like actual performance).

Task
Watch
repeated
attempts

Expressing a desire to watch the robot attempt the task one or
more times.

Learning
Ability to
learn

Wanting to know how well the robot can adapt/learn as it executes
a task or attempts a task multiple times.

Learning
Learning
experience

Wanting to know how the robot was trained or how it previously
learned to do the task.

Miscellaneous
Human
collaboration

Wanting to know how well the robot could collaborate with a
human or handle a human intervention; wanting to know about
the robots ability to learn from people.

Miscellaneous Satisfied
The participant does not express a desire for more information or
is already satisfied with the provided information.

Miscellaneous More info
Expressing a desire for more of the four information types already
provided.

Miscellaneous
Deployment
duration

Wanting to know about how long the robot has been deployed for
or its deployment history.

Table 18: Thematic codebook developed for the responses to the post-study open-response question:
“What other types of information may be useful to you to decide when a robot can or cannot reliably
perform a task?”
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A.3.3 Code Counts

Figure 34: Information usage code counts from online study.

Figure 35: Other information code counts from online study.

Figure 36: Other information code counts from in-person study.

182



A.3.4 List of Questions Used

Here is a list all of the questions asked to participants in the online and offline studies (excluding consent and

background ). Questions labeled “Likert” indicate a 5-point Likert question ranging from “strongly disagree” to

“strongly agree.”

Online study pre-task execution questions These are the questions asked to participants before seeing

the robot attempt a task. Participants could see the description of the task, the task image, and the performance

information presented in an information box.

• What is the reported robot’s estimate of its success rate for this task? (manipulation check)

response options: 0-25%, 26-50%, 51-75%, 76-100%, Information not available

• I am confident the robot will be able to successfully perform this task. (Likert)

• I will be surprised if the robot fails. (Likert)

• I would feel comfortable with this robot performing this task in my own home. (Likert)

• I trust the robot to do the task on its own. (Likert)

• I would spend time improving the robot before letting it attempt this task. (Likert)

• I have enough information to assess the robot’s ability to perform this task. (Likert)

Online study post-task execution questions These are the questions asked to participants after seeing the

robot attempt a task. Participants could still see the description of the task and performance information presented

in an information box. They could also freely rewind and re-watch the task execution video.

• The robot succeeded at the requested task. (Likert)

• I was surprised by the robot’s behavior. (Likert)

• I received sufficient information to predict this outcome. (Likert)

• I would let the robot do the task again. (Likert)

• Do you have any other comments about the task, information, or robot behavior? (optional) (open-response)

Online study post-study questions These are the questions asked after participants experienced all 16 robot

tasks.

• Please rank each type of information based on how useful it was. (drop-down menu ranking)

• Estimated task success rate for a requested task is useful for determining whether or not I want to use the

robot. (Likert)

• Estimated failure cases for a requested task are useful for determining whether or not I want to use the robot.

(Likert)

• Real task success rate for a similar task is useful for determining whether or not I want to use the robot.

(Likert)

• Real task failure examples for a similar task are useful for determining whether or not I want to use the robot.

(Likert)
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• How did you use each type of information to make your decision? What made certain information more useful

than other information? (open-response)

• What other types of information may be useful to you to decide when a robot can or cannot reliably perform

a task? (open-response)

In-Person follow-up study questions

• Please rank each type of information based on how useful it was. (drop-down menu ranking)

• Estimated task success rate for a requested task is useful for determining whether or not I want to use the

robot. (Likert)

• Estimated failure cases for a requested task are useful for determining whether or not I want to use the robot.

(Likert)

• Real task success rate for a similar task is useful for determining whether or not I want to use the robot.

(Likert)

• Real task failure examples for a similar task are useful for determining whether or not I want to use the robot.

(Likert)

• What other types of information may be useful to you to decide when a robot can or cannot reliably perform

a task? (open-response)

• How would you decide whether or not the robot was good enough at a task to want one? (open-response)
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