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Abstract

MAKING ROBOT BEHAVIORS
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Nick Walker

Chair of the Supervisory Committee:
Maya Cakmak

Paul G. Allen School of Computer Science & Engineering

Incorporating transparency into a robot behavior often demands substantial effort and expertise,
to the detriment of anyone who must interact with them closely or for extended periods. We
envision a future where this burden is automated away, enabling robot behaviors to be transparent
by default. To this end, we propose a conceptual framework that formalizes the distinction between
the design and implementation of a behavior and its transparent execution. This separation clarifies
the scope of transparency interventions in human-robot interaction (HRI) and highlights key
challenges in achieving generalizable transparency.

This dissertation addresses these challenges across diverse HRI contexts, demonstrating data-
and model-driven augmentations that improve transparency. First, we investigate how users
perceive learning robots, uncovering gaps between behavior and external attributions that inform
the design of transparency mechanisms. Next, we introduce a data-driven method for controlling
the expression of robot affect, enabling behavior creators to balance transparency with task
performance. We then present a model-based approach to improving transparency in assistive
teleoperation, allowing for explicit control over the trade-off between assistance and intelligibility.
Finally, we tackle transparency for human supervisors reviewing robot failures, developing
techniques to distill voluminous multi-modal recordings into interpretable summaries.

Together, these contributions demonstrate the feasibility of providing transparency into a
robot behavior without requiring extensive modification of the original behavior specification. By
framing transparency as an independent layer over existing behaviors, this work moves toward
automation-friendly, scalable solutions that enhance human-robot interaction across a range of
domains.
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They are going to be these new objects that are going to be in

everyone’s working environment, everyone’s educational

environment, and everyone’s home environment. We have a

shot [at] putting a great object there—and if we don’t, we’re

going to put one more piece-of-junk object there.

Steve Jobs, June 15th, 1983

Introduction 1
A robot is a metal alien—an agent, but unfamiliar and opaque, animated by unclear intentions.

Users confront them with little prior experience, save for conceptions picked up from popular

media. The evolved psychological priors that support human-human interaction can be unreliable

when applied to robots. The more closely a user interacts, the more they depend on a robot, the

greater the barrier inscrutability becomes. Ultimately, it’s the job of robot designers and developers

to make the robot transparent, to make it easy to understand things like what a robot wants to

do, what it is going to do, and for what reason [1]. In essence, users should be able to "see into"

the robot’s behavior. Many researchers have sought to make this task easier by characterizing

individual interactions, some in great detail. Why then are the majority of robots today still

opaque?

Part of the challenge is that transparency is highly contextual, shaped by the specific users it

serves, the purpose it fulfills, the type of information being conveyed, and the means available to

communicate that information. Insights from research rarely map exactly to novel situations.

Outside of a lab, implementing poor transparency measures can be worse than not trying.

A robot that overwhelms human collaborators with status information or that distracts them

with poorly-timed alerts is a hazard. It’s a natural consequence that conservative approaches

1



2 Chapter 1. Introduction

predominate. Onewell-understoodmethod is simply enumerating a robot’s behavior repertoire and

training users, shifting the sense-making burden onto the experts who must make the educational

materials. Training and familiarization aren’t feasible for all robots, however, especially as

behaviors become more complex. In other settings, like consumer robotics or commercial service

robotics, high standards of user experience mean that transparency is both expected and difficult

to achieve. Embedding transparency throughout a robot’s behavior requires effort across a full

team of artists, interaction designers, and engineers.

How can a robot behavior be made automatically transparent? The work presented in this

thesis seeks to demonstrate that

unchanged robot behavior specifications can be made transparent automatically by

manipulating their observable characteristics to align with learned or intuitive models of

human inference.

Tomake this case, we visit several interaction contexts and achieve task-relevant improvements

in transparency through the implementation of data- or model-driven augmentations to otherwise

unchanged behavior specifications. The primary contribution of this dissertation is to demonstrate

the value of this perspective across human-robot interaction. Necessarily, we formalize and

advance particular interactions along the way.

1.1 Overview

We begin in Chapter 2 by establishing transparency terminology that we will use throughout this

dissertation.

Chapter 3 gives our framework and describes the challenges around which the remainder of

the thesis is framed. We also contrast our framing with other perspectives in the literature.

In Chapter 3.3.4 we illustrate the disconnect between robot behaviors and their externally

observable characteristics in the context of a learning robot. We contribute findings from user
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responses to a series of carefully constructed interaction scenarios and discuss their implications

on the design of transparency for intrinsically motivated agents.

Chapter 4.7 contributes a data-driven approach to uncovering and modeling complex attri-

butions to robot motion and demonstrates through empirical user evaluations that the resulting

models afford behavior creators a simple, single-parameter interface for controlling the transparent

expression of robot affect while balancing performant task execution.

Chapter 5.5 contributes a simple, model-based method for improving the transparency of an

assistive teleoperation system operating in dense clutter. The resulting method similarly provides

a simple means for the behavior creator to balance the performance of the assistance with its

transparency. A user evaluation comparing the method to a standard approach without this

capability supports its utility.

Chapter 6.5 contributes approaches to improving transparency for human supervisors re-

viewing robot failures. We examine two cases, a mobile manipulator and an industrial picking

workcell with existing behaviors described as finite state machines, and contribute methods for

post-processing voluminous, multi-modal recordings into summaries. User studies support the

value of the resulting summaries for identifying and diagnosing problems.

We conclude in Chapter 8 with a discussion of unaddressed challenges and possible future

paths toward transparency for all robots.
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Background 2
Transparency is the property that a system provides sufficient information about its internal

state for interactants to accomplish their objectives. Not all robot communication is in service

of transparency1, but as we will describe, a substantial amount of robot information and its

externalizations can be understood as occurring in service of transparency. Because transparency

is most often a means to a context-specific desired outcome, roboticists generally seek to provide

transparency that is appropriate; information that is not merely presented, but well-encoded for

consumption, parsimonious, and making efficient use of limited hardware resources.

In this chapter, we contribute an implementation-focused perspective, a taxonomy of the main

concerns that a practitioner would consider when designing a transparency solution. There have

been numerous loosely overlapping reviews of transparency [2]–[5], but none that address the

problem with the appropriate breadth to make clear the shared challenges that emerge when

trying to computationally manage a robot’s communication. We defer further contrasts with

previous framings to Section 3.3.

The factors that most influence implementations of robot transparency are:

• the user the transparency is for,

• the purpose of the transparency,

• the information being made transparent,
1Consider a social robot relaying a weather report. While this involves information transmission, it doesn’t reveal

anything about the robot’s internal state, reasoning, or planned actions. The robot is merely acting as a conduit for
external information rather than making its own operation transparent to users.

5



6 Chapter 2. Background

• and the channels the robot uses for communication.

We rely on this terminology when describing interactions throughout the remainder of the

dissertation. In the following, we define and survey the tremendous technical variation and breadth

within past work addressing each of these factors. Our aim is to communicate that transparency

is an organizing principle across a wide variety of seemingly-different interaction contexts.

2.1 Users

The people who interact with the robot are the consumers of transparency. We conceptualize

these users as playing various roles in an interaction based on their needs, and as having different

levels of expertise.

Prior work suggests that users can be supervisors monitoring and intervening in a robot’s exe-

cution, operators selecting actions manually, bystanders observing the robot’s actions, teammates

acting in concert, or mechanics who act to adjust the robot’s hardware. To these models, we add

adapters, who enact persistent changes to the robot’s behavior. Roles can be static but are more

likely to vary for a flexible robot [6].

Expertise is a spectrum. A novice enters their role in an interaction with minimal prior

experience. Expert users have preparation and knowledge that support their interactions. A

robot’s creator benefits from direct familiarity with the implementation of a system. For at least a

short period, their mental conception of the robot’s behavior corresponds precisely with reality.

Expertise evolves slowly over time as users develop new schemata, mental models which simplify

the processing and understanding of information [7].

2.2 Aims

Transparency is a means of supporting users’ needs. That is, transparency is implemented with

an aim in mind. Understanding the aim(s) of transparency helps define how it is evaluated.
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Trust Transparency helps ensure human users have an appropriately calibrated level of trust in

a robot system [8]. Trust is a belief in or willingness to rely upon a technology in an uncertain

situation. Trust impacts how we use or do not use technologies; we exercise trust when we confide

in a social robot, or when we allow a robotic cart to carry our belongings. The appropriateness of

that trust depends on unobservable factors like the limitations of its autonomy. Making a robot

more transparent is not the same thing as making it more trustworthy, but the two are related; a

new user might approach a robot skeptically but gain trust quickly with the correct transparency

affordances. Trust can be measured by subjective assessment either through post-interaction

surveys or via momentary ratings [9].

Safety Ensuring that robots operate without damaging themselves or their environments is

difficult. Ensuring that they do not harm users and bystanders they interact with is doubly so.

The difficulty of guaranteeing safety is an important barrier to the adoption of robots. In settings

like industrial work floors or warehouses, operating in closer proximity to humans can improve

productivity but carries the risk of serious injury. In practice, safety is achieved with layers of

guarantees, the lowest of which might be fundamentally indifferent to the nature of humans. An

acceleration limit, for instance, can be formally verified in a robot’s control software with basic

assumptions on the kinematic properties of the robot and may remove the risk of grave injury

on contact with humans. At higher levels, probabilistic bounds on the likelihood of a negative

outcome like contact can be made under assumptions about the behavior of a bystander. For these

models of humans to bear out in reality, the robot must be transparent so that humans can make

decisions with a correct understanding of the robot’s intended actions.

Acceptance The European Union’s General Data Protection Regulation (GDPR) introduced

a requirement that intelligent systems be transparent, presenting the strongest expression yet
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of a societal-level impetus for transparency [10]. While the consequences of legislation like

GDPR for robotics remain to be seen, that regulators have interceded to protect users belies the

harms that an opaque system can obscure [11]. On an individual scale, transparency, via trust,

informs our decisions about when and when not to use automation technologies [12]. Making a

robot transparent can serve to increase the likelihood that it is accepted. Acceptance is both a

subjective phenomenon that can be assessed via questionnaires and an objective outcome that

can be observed in (dis)usage patterns [13].

Monitoring Understanding current and historical performance is a concern throughout a robot’s

lifecycle. During development, robot creators make engineering decisions based on observations

of a robot’s performance. When deployed, supervisors may need to assess performance to make

business decisions. In either case, the defining characteristic is that the interactants do not act on

the robot or its environment. Rather, they use their understanding of the robot in combination

with information about its execution to make evaluations.

Teamwork Users working with one or more robots to accomplish a task rely on transparency

to make decisions, often at great frequency. Breakdowns in a human’s understanding of a robot

result in actions that conflict with the robot’s or that fail to optimally leverage the robot’s capacity

[9]. The performance of a team is easy to measure objectively in context, and subjective measures

about perceptions of robot teammates are available as well.

Recovery Robot limitations often mean that a human teammate will be called on to resolve an

otherwise unrecoverable failure for the robot. Recovery interactions are of special interest because

they are a critical backstop and because they definitionally involve exceptional circumstances.

Some failure scenarios are predictable, in which case interactions can benefit from the robot being

able to automatically detect the situation. Unmodeled factors, which are common in uncontrolled
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environments like homes, require the human to make an assessment of causes and select among

possible resolutions. The quality of a recovery is objectively measurable.

Modification, Adaptation, and Repair Whether in response to particular failures or simply

as a matter of preference, users benefit from transparency as they modify a robot’s behavior.

Debugging, customization, and end-user programming all involve a user making persistent changes

to the robot, usually with the benefit of some kind of feedback. Making changes requires that a

user be able to understand how the resulting behavior will perform in other scenarios. Supporting

repair—adaptation that addresses specific shortcomings—is often the motivation for explainability

and interpretability. Depending on the context, key measures include subjective assessments of

the adaptation interaction and objective quality of the end-product behavior.

2.3 Information

Transparency requires communication of a robot’s internal information to the user based on their

expertise and role.

State Depending on the format of their specification, robot behaviors contain representations

of their current phase as well as various representations of sensory information that drive the

behavior. Exposing even basic information about the current phase of the behavior has significant

value. One common transparency shortfall is failing to indicate whether a robot is stopped

because its activity is complete or because it is momentarily waiting, states which look the same

to observers. This situation can be resolved by providing a liveness status indicator (e.g., a tally

light that is active whenever the robot behavior is running), or more elaborately by creating

appropriate idle behaviors. The general problem of faithfully communicating the robot’s current

state is complex when the robot can take many actions that have similar external appearances.
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Other salient elements of the robot’s current state, like what it can perceive, may also need to be

externalized.

Intent Userswhose actions are contingent on the robot’s, like observerswalking by or teammates

working alongside the robot, benefit from an indication of what the robot intends to do next.

The availability of intent information depends on how a robot’s behavior is represented. Task

planning-based behaviors are more likely to be able to provide complete plans [14], whereas

reactive behaviors may only be able to provide a local description of what will occur. Other

robots might operate under a plan that changes too frequently to present in isolation. In practice,

robot behaviors are often represented in loose formalisms, like finite-state machines, which have

limited prospection capabilities and may not be written at a level that makes them easy to directly

communicate to users [15].

Reasons Transparency in service of recovery, monitoring, or repair requires that the robot

be able to explain why it took or will take an action. Here, the representation of the robot’s

behavior specification is key. A decision made by a learned policy, for instance, may only be

directly attributable to differences in the values of feature vectors that have no meaning to a user.

Some work seeks to address this problem by better aligning these representations with those of

humans [16]. Otherwise, in the absence of interpretability, an explanation must be generated.

Explainability remains a topic of much research in robotics [17]–[19]. In contrast, a decision made

by a scripted behavior has causes traceable to program logic, which may be interpretable as is.

Robots with symbolic task models benefit from the ability to generate counterfactuals [20], a

particularly powerful way of communicating reasons via contrast [21], and can also reason about

potential alternative models under which their explanations might be interpreted [22].
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Objectives Task planning and other kinds of optimization-based behaviors are specified in terms

of an objective. In contrast to communicating plans or actions, communicating an objective is

parsimonious and empowers users to predict future outcomes [23]. However, this communication

places more assumptions on interactants and requires more sophistication on the robot’s part.

Even if there is mutual understanding of the objective, the model the robot optimizes against may

not match the human’s model of a domain.

Needs While some needs can be routine, like the need for a mobile robot to be placed on a

charger when its battery gets low, or the need for a human teammate to change the robot’s end-

effector, they often involve exceptional circumstances where the robot requires assistance. Some

research has investigated ways of using domain models to generate detailed language requests for

help [24], [25].

Character and Affect Maintaining a consistent expression of affect and managing its evolution

in response to interaction are core to social robots’ behavior. Although arguably a practice in

deception, since robots possess neither a personality nor any true emotional state, faithfully

externalizing the artificial psychology crafted by the robot’s creator is nonetheless an exercise in

transparency about a part of the robot’s state. Naturally communicating this kind of information

through channels like speech or motion is difficult due to the complexity of how humans interpret

those externalizations. In our prior work, we examined how to appropriately generate nods in

a listening interaction, a problem for which human perceptions are timing sensitive [26]. Even

robots whose primary objective is not social interaction may benefit from a consideration of

how they are perceived. Humans so readily anthropomorphize embodied agents that creating a

consistent artificial inner world for a robot can fulfill their expectations and help avoid negative

attributions that may result otherwise.
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2.4 Channels

Robots are designed with a set of output channels, each characterized by their bandwidth, the

amount of information they can carry per unit of time, and divisibility, whether they permit

multiplexing to communicate multiple disparate signals at the same time. The type of information

to be externalized and the availability of a channel largely determine which should be used.

Motion Humans infer goals or internal state from motion, giving it inherent communicative

capacity. Because robots often need to move to accomplish their objectives, using motion as a

transparency channel is both desirable—since it can be assumed that most robots will have access

to it—and complex—because modifying motion can have performance implications and difficult-

to-model communicative effects. Work on legible motion exaggerates a robot’s trajectory in a

disambiguating manner to make it easier for observers to infer a robot’s goal [27]. Representing

desired information is simpler when a robot’s movement is solely intended as communication, that

is, it doesn’t directly serve to affect the physical state of the environment. Facial expressions are a

natural medium for expressing affect. Gaze is similarly an anthropomorphic means of expressing

the focus of a robot’s attention. Communicative motion doesn’t strictly require actuation, as

retro-projected face implementations demonstrate [28].

Graphical Interfaces Display technology and graphical user interfaces are widely available

and familiar to users. Even if a robot wasn’t designed with a screen, an interface can be presented

on another device like a smartphone that a user may be carrying. Graphical interfaces also benefit

from significant prior investment in assistive technologies. Popular tools like RViz have helped

graphical interfaces become the de facto standard that robot behavior creators use to achieve

transparency for their own needs.
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VR/AR Augmented-reality devices based on head-mounted displays allow information to be

presented directly in the user’s spatial. 3D information like trajectories or target poses are simple

to express, and user input of such information, either via controllers or pose tracking, can be

direct [29]. Expense, resolution, field of view, ergonomics and battery life present practical barriers

to the use of these devices.

Projection Projection enables a robot to dynamically overlay information directly on the

environment, sidestepping issues that come with indirect methods like head-mounted displays.

Researchers have explored placing projectors on mobile robots to expose their intended trajectory

[30], [31]. Others have projectors fixed in the environment can be used to communicate a safety

region where the robot must slow down or stop if a human is detected [32] or to express a

robots planning process and observations [33]. Projection is constrained by practical luminance

limitations, difficult-to-correct-for distortions when faced with non-planar scenes, and limited

visibility on shiny or dark surfaces.

Sound Unlike screens or other channels, audio is omnidirectional and less trivially obstructed.

Audio alerts are particularly useful to call attention to a robot or to express basic status information,

and their principles are well understood from human factors research [34], [35]. Some research has

explored equipping a robot with dynamically synthesized sounds to communicate affect [36]. The

sound of a robot’s mechanisms themselves can contribute to transparency; most actuators hum

proportional to the speed or effort of their motion. For certain kinds of hardware, the difference

between controlled and uncontrolled contact is most obvious from the whirring of motors chasing

an unreachable set point. Robot sounds must contend with environmental noise, and can only be

layered a small number of times before becoming unintelligible.
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Language and Speech Language is a natural means of communicating simple state or semantic

information like plan explanations [37], though the ability to generate complex language which

refers to entities or properties of the environment remains challenging. Although relatively

low bandwidth, a skilled speaker can use diction and prosody to communicate fact and feeling

at the same time, making speech an attractive medium for the expression of affect. Because

language often accompanies cognition, speech interfaces risk creating outsized expectations of

a robot’s intelligence [38]. This can make simple applications undesirable for use with novice

users, who might hear a robot describing its intent and naturally expect that it be able to listen

and comprehend their questions or commands.

Textual Interfaces Besides being a means of presenting language, text is a primary medium

during behavior creation. Logging—the storage of text and associated metadata during execution—

is a form of output-only interface which is supported in every computing platform. Log messages

are conventionally created and consumed solely by behavior creators, often in an ad hoc manner

[39]. In fixed robot installations, it’s common that an expert user has access to these logs or other

simplified textual alerts via e.g. a teach pendant.

2.5 Themes and Guidance

We don’t seek to provide comprehensive guidance on how to design transparency, but our

implementation-guided taxonomy of factors does highlight recurring themes.

It’s difficult to identify all of the roles a robot’s users will take on. Research that pre-

scribes design processes for transparency commonly point to the value of incorporating various

stakeholders [5], [40]. A principal value of this approach is in making the behavior creators aware

of interaction contexts that they didn’t even consider, which may demand transparency in ways
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they did not foresee.

Channel selection is guided by availability, users’ familiarity and cognitive limitations.

When identifying a channel through which to externalize a piece of information, there are

typically multiple options. Amongst the available choices, the one most familiar to users is often

the appropriate choice, as it reduces barriers for the use of the information. In areas where users

are generally unfamiliar, general principles of human cognitive and perceptual limitations can

guide the selection of the least burdensome channel. For instance, for interactants expected to

already be engaging visual resources, providing information through auditory channels is more

likely to be effective [41].

Critical state information can drive decisions about which channels are designed into a

robot’s hardware. The necessity of communicating, for instance, manipulation or navigation

intent is often a major factor in whether a platform is designed with a face or eyes. When they

are identified early enough, transparency problems are often best addressed by incorporating

the appropriate channels deeply and redundantly throughout the platform’s physical design to

support externalizing critical information.

The effects of social cognition on how information is received are challenging to model.

The human propensity to apply innate and learned expectations of human-human interaction to

interactions with robots means that there are often unintended implications to any information

that the robot externalizes. While this is expected in some channels, like gaze, whose function

depends on users’ anthropomorphization of the robot, providing information in natural language

may subtly imply intelligence that is not truly present. When it is not possible or desirable to

account for these effects, selecting channels with less analog to human interaction is a viable

strategy for avoiding unexpected interactive consequences.
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Conceptual Framework 3
We propose a conceptual framework for the development of automatically transparent robot

behaviors. Our aim is to provide a template that acknowledges the practical realities of developing

robot behaviors as well as the boundaries of responsibilities between the behavior creator, the

robot and its users. We describe the major challenges to applying this framework.

Our model, shown in Figure 3.1, divides the creation of transparent behaviors into five compo-

nents: Behavior specification is the traditional task of encoding how a robot should complete

its task. Annotation is a process of augmenting the specification to encode semantic information

that informs how the behavior is made transparent. Configuration involves the provision of

known parameters and limitations on how the behavior should be made transparent. Execution

is the process of running the specified behavior in a way that supports transparency, respecting

any configuration and annotation.

3.1 Division of Responsibility for Transparency

The framework prescribes how the responsibility for transparency should be divided between the

behavior creator, the robot, and its users.

Today, behavior authors shoulder the burden of transparency largely on their own. In cases

where they do not, they may rely on other experts to develop instructions or to train users.

Especially when there is not a safety requirement to do so, creators’ responsibility to provide

transparency often goes only partially fulfilled, and neither the robot nor its users are empowered

17
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Annotation Execution

Figure 3.1: The stages of development for automatically transparent robot behaviors.

to make up the rest. Minimizing the burden on the behavior creator is therefore a core constraint

when approaching transparency automation. Our framework begins with behavior specification

using present tools and methods on the principle that maintaining existing workflows is key for

minimizing burden on behavior creators.

It would be ideal to directly convert existing behavior specifications into transparent execution.

Often, however, the information the robot needs to externalize to improve its transparency does

not exist in—or cannot be extracted from—its behavior specification. The purpose of incorporating

an optional annotation process is to enable creators to progressively provide this information as

they determine it is needed. The process of annotation, if required at all, should be made easy.

The appropriate way to externalize the information contained and annotated on the behavior

may still depend on context that does not conventionally exist in a behavior specification. Much of

this context can be dynamically assessed by the robot at execution time. For instance, it may not

be appropriate to externalize important information using the robot’s speakers because the target

environment is too noisy, something the robot can determine automatically at execution time

using its microphone. Other context may need to be assessed via interaction, like the expertise

levels of users. These and other changeable parameters of the behavior constitute configuration.

Transparency is realized by a behavior runtime1 that executes the behavior specification and

dynamically augments the output by externalizing additional information. These runtimes, along

1We borrow the term runtime from computer programming, where it refers to an execution context for a program
that provides key functionality and mediates access to system resources like memory.
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with the format of the annotations and configuration that they handle, are the primary product of

research that develops transparency automation. In principle, a single runtime can address a wide

range of contexts and robots with appropriate reconfiguration.

3.2 Challenges for Automating Transparency

There are numerous difficulties inherent to any of the particular transparency factors we described

in Chapter 2. For instance, interventions that aim to increase users’ trust in a robot must be

carefully calibrated to avoid making them trust the robot in situations where they should not.

Interventions that are based on a particular output channel inherit design challenges that would

be present for any application using the same medium.

These difficulties compound when attempting to computationally manage transparency.

Role Changes Users of a home robot may at one moment be observers passively monitoring its

behavior and the next be supervisors intervening as it wanders into an off-limits room. Not long

after, they may be adapters attempting to repair the robot’s configuration. The fluidity of user roles

in human-robot interactions is both a motivation and a challenge for automating transparency.

Transparency needs vary by role and behavior creators are unlikely to invest in appropriately

addressing all of them. Handling these various changes automatically on behalf of the behavior

creator would require that the system remain constantly vigilant for user interaction, ready to

interrupt the task and manage a complex, bidirectional interaction and smoothly transition back

afterward.

Black Boxes Difficult robotics problems are increasingly addressed with uninterpretable meth-

ods. This challenge is already well recognized in the robotics and artificial intelligence literature,

and extends to any effort to automatically make a full robot behavior transparent; the greater the
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number and role of these black boxes in a robot’s behavior, the less any approach to automatically

achieving transparency can do.

Channel Management Robots have a limited set of channels to communicate with and much

information to express. The appropriate allocation of information to channels based on their

bandwidth and availability quickly turns into a challenge of prioritizing information based on

the needs of a user’s role. Worse still, some channels may also be used for accomplishing a task,

creating difficult-to-resolve channel conflicts.

Composition The difficulty of transparency grows quickly as the complexity of a behavior

increases. If behaviors consist of separable actions, adding an action incurs not only the cost of

making that individual action transparent but also of making the interaction of that action with

every other transparent. Consider an operator monitoring a robotic picking workcell. They might

observe the robot prodding an object in a crowded bin and discover that they can’t understand

what the robot is doing. Is it trying to grasp the object and failing? Or is it moving an obstacle out

of the way? Did something go wrong? Should it be stopped? Making the currently-active action

apparent is part of the solution, but making the behavior transparent and addressing the “why”

question requires reasoning about context that exists outside of any one action.

Evaluation We characterize transparency by its purpose in the context of a task. Task perfor-

mance, however, is a noisy measure because it is influenced by other factors besides transparency.

For transparency research, direct measurement is desirable but challenging. Subjective assess-

ments of a robot’s transparency are simple to collect, but research has shown that there is a

disconnect between the sense of transparency and true understanding [42]. In the style of the

Situational Awareness Global Assessment Technique, it is also possible to measure what a user

knows or understands at any moment in an interaction by asking them in situ. However, it is only
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possible to ask a finite number of questions across a finite number of trials, so researchers must

prioritize information to query and carefully select the situations they examine. This prioritization

introduces an element of subjectivity that isn’t present in task performance metrics. We may one

day have models of human cognition of such accuracy that we can “marginalize away” situational

particulars by simulating large numbers of human interactions. Some research has pursued this

perspective [43], [44], but it remains impracticable in general.

3.3 Alternative Transparency Framings

There have been several prior attempts to form a systematic understanding of robot transparency.

We briefly summarize their perspectives and describe how they inform our framing.

3.3.1 Situation Awareness-Based Agent Transparency

Work in robot transparency owes much to human factors research in cockpit design. The advent

of highly complex flight systems at the start of World War II spurred the need to understand what

aspects of control design contributed to pilot performance. Research in this era was typified by

laboratory experimental psychology efforts probing perceptual underpinnings. In the decades that

followed, the desire to understand the qualities of performance in the context of full systems led

to an emphasis on the direct measurement of situational awareness. The concept, long discussed

informally by combat aviators, has been summarized as “the perception of the elements in the

environment within a volume of time and space, the comprehension of their meaning, and the

projection of their status in the near future and various attempts to measure it" [45].

The Situation Awareness-Based Agent Transparency (SAT) framework transliterates situational

awareness’ levels to the aspect of an agent’s behavior that they support understanding of. Level

1 supports understanding what the agent is currently trying to accomplish, Level 2 supports

understanding why the agent is doing what it is doing, and Level 3 supports the operator’s ability
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to understand and project what should happen next [1]. SAT helps system creators rationalize

decisions about the inclusion or exclusion of interface elements. Each element can be connected

to a level, and the necessary levels can be determined by an analysis of the task.

Our work adopts a definition of robot transparency that closely matches that of SAT; however,

we are inclusive of transparency with respect to qualitative internal state, like affect, which is a

greater factor in the anthropomorphic platforms we consider.

We are also influenced by measurement techniques originally developed for situational aware-

ness. Human factors research originally conceived of the concept as a monolithic variable, some-

thing that could be directly measured with the correct instruments. One measurement scheme,

the Situation Awareness Global Assessment Technique (SAGAT), involves periodically freezing a

simulation of a system, temporarily removing the operator’s access to any information, and then

querying them about the state of the simulation [46]. A bank of questions and the acceptable tol-

erances in their answers is expertly crafted for each domain, so performance represents a tailored,

objective measure of situational awareness. SAGAT scores are predictive of task performance

when applied in human factors problems [42]. In the Situation Awareness Rating Technique

(SART), operators respond to a battery of questions on bipolar scales after interacting with a

system. The items are generic, asking about "how much [the subject is] concentrating on the

situation" or "how much [the subject’s] attention is divided in the situation," and are intended to

provide a qualitative measure of situational awareness [47]. In practice, subjects cannot self-assess

their awareness because they do not know what they do not know, so subjective measures like

SART can be thought of as a measure of an impression of situational awareness. SART scores have

been found useful for predicting the acceptance of a system [42].
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3.3.2 Transparency as an Ethical Mandate

[10] present a survey of robot transparency motivated by emerging regulatory requirements

for transparency in intelligent systems. They adopt a prior model [11] describing the purposes

transparency serves for various stakeholders. They find little common ground between the studies

they examine and note results that indicate the potential negative consequences of transparency

when, for example, users are overwhelmed with information. They propose a process checklist for

providing transparency, pointing to the types of experts that should be queried to resolve legal,

design, and technical questions specific to an application.

We share a similar objective, but, as practitioners and consumers of human-robot interaction

design (the authors of [10] are primarily legal scholars), focus on technical challenges and their

solutions.

3.3.3 Aligning Representations

Recent work by [16] identifies the misalignment between human and representations used by

robot learners and advocates for methods by which robots can align their representations with

those of their human teachers. They argue that when robots that learn from humans fail to behave

according to expectations, it’s often because the robot’s learned internal representation doesn’t

capture what humans consider important for the task. Their work concentrates on ensuring that

when robots learn from human input (demonstrations, corrections, comparisons, etc.), they extract

the right task-relevant features.

The authors formalize representation alignment as an optimization problem where the robot

seeks a representation that can be easily mapped to the human’s representation via a simple

transformation. They define four key desiderata for aligned representations: (1) capturing all

relevant aspects of the task, (2) avoiding spurious correlations irrelevant to the task, (3) requiring

minimal human effort to teach, and (4) enabling interpretability and explainability. They analyze
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four categories of robot representations, highlighting the trade-offs each makes when used in

learning systems.

This perspective is notable because it highlights transparency shortcomings inherent in an

emerging interaction and behavior specification paradigm (robot learning) and identifies a path

to rectifying them where the burden is largely borne by the robot. While our work addresses

the broader challenge of how robots externalize information to humans across all types of robot

behaviors, we are similarly motivated by attempting to concentrate the burden onto the robot.

3.3.4 Human-Swarm Transparency

[48] identify three challenges particular to swarm transparency: physical and cognitive human

limitations which constrain the number of agents that can be comprehended simultaneously; the

emergent nature of swarm behavior, a result of local decisions compounded across dozens of

agents, which makes it difficult to predict even for its creators; and the deployment contexts of

swarms where communication between the swarm and the operator is typically unreliable.

To understand how these challenges interact with researchers’ understandings of transparency

practices, the authors survey human-machine and human-robot transparency literature and iden-

tify a large set of factors that affect or are influenced by transparency. They find that performance,

usability, trust, and explainability are the factors that researchers most frequently connect with

transparency. They observe how status, feedback, planning mechanisms, and engagement prompts

are applied to provide or assess other indirect factors.

While our work focuses on a single robot, we adopt a similar perspective of transparency as

one element in an intertwined set of factors. However, we provide a simpler high-level delineation

focusing on factors that address common practice.
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A robot’s internal model and users’ understanding of the robot based on its externally ob-

servable behavior don’t always align. One setting where this becomes clear is in intrinsically

motivated robots—agents driven partly by curiosity and not simply immediate task completion.

When a robot is programmed to seek out novelty, its actions can look erratic, inefficient, or even

broken to a human observer.

This disconnect is at the core of transparency: a behavior that is internally coherent can

still be externally opaque. This chapter examines how humans interpret curiosity-driven robot

actions and what can be done to make them more understandable. We test whether transparency

interventions—simple explanations—can mitigate negative perceptions.

Curiosity-driven behaviors have been explored in AI and robotics primarily as a tool for

guiding exploration and learning. These methods introduce rewards for novelty, enabling agents

to navigate high-dimensional state spaces more effectively. However, when deployed in inter-

active settings, these off-task actions may not align with human expectations. If a robot takes

exploratory actions that do not immediately serve a human-specified goal, those behaviors may

be misinterpreted as inefficiencies, mistakes, or distractions.

This chapter investigates whether such misinterpretations can be mitigated by improving

transparency1. First, we identify qualitatively distinct behaviors of a curious robot using a

computational model of intrinsic motivation. Second, we design and validate a questionnaire

to measure observers’ perception of a robot’s curiosity and competence. Finally, we perform

25
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Figure 4.1: Top: Illustration of the information gathering task domain; user asks the robot to check the
content of a box (A-H). Bottom: Corresponding real-world setup.

three empirical studies, comparing a range of robot off-task actions. In contrast to past work on

interactions with robot curiosity, which have been unconcerned with human perceptions, the

current study gauges human perceptions of a robot running a program modeled on curiosity and

examines how an autonomous robot’s behaviors influence those perceptions.
4.1 Related Work

ModelingCuriosity inAI andRobotics Curiosity is an intrinsic drive for new information [50],

[51]. Unlike goal-directed information-seeking, curiosity is driven by an internal motivation

without immediate external benefits [50]–[54]. It is believed to be a core mechanism behind

human development, learning, and scientific discovery [55]–[58].

Researchers have explored curiosity as a computational mechanism to drive learning and

knowledge acquisition in robots and artificial agents [59]. These approaches are typically framed

in the context of reinforcement learning, where agents receive rewards for actions that generate

1This chapter consists of materials published in [49] HRI 2020 Walker, Weatherwax, Alchin, Takayama, Cakmak
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novel or surprising experiences. Oudeyer [60] provides a demonstration of this principle: a

curiosity-driven robot arm explores its environment until it encounters a joystick, at which point

it shifts focus to mastering this new affordance [60], [61].

A large body of work on robotics and artificial agents has explored the computational modeling

of curiosity as intrinsic motivation [62]–[69]. Oudeyer & Kaplan offer a typology of these models,

contrasting approaches that reward different types of novelty [59]. Reflecting the ambiguity of

psychological definitions and representations of curiosity, there is considerable variation in what

mechanisms computational researchers call curiosity. Some produce off-task actions, which are

the primary interest in this chapter. Others, like active learning, have also been equated with

curiosity [70], but optimize for expected learning gains that directly benefit ongoing tasks [71]–

[73]. Similarly some work refers to strategies for guiding exploration for information gathering

as curiosity, outside the context of learning and intrinsic rewards [74], [75]. Other work equates

off-policy learning with curiosity [76], [77].

Curiosity in HRI In the field of human-robot interaction (HRI), research on robot curiosity

is sparse and has mostly focused on sparking or promoting curiosity in human counterparts,

particularly children. For instance, robots have been used in classroom settings to leverage interest

for a novel artifact (i.e., a robot) in order to encourage curiosity-related behaviors like question

asking in students [78]. Robots have similarly been positioned as interactive peers aimed at

increasing curiosity in children by displaying curious behaviors (e.g., wondering out-loud, asking

questions, expressing desire to learn) for participants to mirror or to teach themselves [79], [80]. In

many instances, the conception of robot curiosity has largely been inconsequential and behavioral

representations of curiosity (i.e., whether the robot truly acts “curious”) are only measured by the

success of impacting behavioral outcomes in human participants (e.g., does the human behave

with more curiosity).
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Perceptions of Robots Understanding how people perceive robots is critical to their long-

term adoption because a robot—even a very capable or intelligent one—is subject to the whims

of human perceptions. Indeed, a fundamental understanding of HRI is that humans will place

exceptional meaning into any agent in motion [81] and that people will ascribe complex social

and mental traits to any object of significant complexity [82]. However, careful behavioral designs

can help control these subjective judgements by providing humans with a conceptual framework

that they can implicitly understand [81], [83]–[85]. For instance, past work has found robots

which employ targeted implicit communication techniques like facial expressions or gestures

can increase performance in collaborative tasks [86], be more persuasive [87], and seem more

approachable [88]. Similarly, well designed and domain sensitive communication techniques can

help robots seem competent and likeable when recovering from errors [89].

More recently, research on robotic curiosity has begun to build upon this by attempting to

assess how external expressions of curiosity translate to understanding internal states of robots

by human counterparts. In an experimental study with adults, Ceha et al., [90] used external

expressions of curiosity (e.g., showing interest in new information, saying “I am curious about...”)

to imply an internal state of curiosity during an educational game and found that participants who

engaged with a robot designed to seem curious were more likely to rate the robot as curious than

those in a neutral condition. This is particularly important because observable curious behaviors

have been difficult to define and capture [91]. Moreover, this demonstrates that the success and

outcome of a robot performing a task or expressing complex internal states can be fundamentally

altered by how it is seen to do it [84], [92]. As such, implementations of an internal construct, such

as curiosity, are likely incomplete without also capturing their correct external representations.
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4.2 Domain

We studied perceptions of robot off-task actions in the context of information gathering. Mo-

bile robots with sensors are well suited for assisting people in gathering physically distributed

information and have been used for this purpose across different settings, from underwater envi-

ronments [93] to human-populated buildings [94]. In our domain, the robot assists the user by

inventorying boxes, as it might in a retail store, warehouse, or data center. This domain’s action

space consists solely of information gathering actions, rather than other behaviors like physical

manipulation of objects, allowing us to focus on curiosity, which is principally about gathering

information.

We studied the instance of this domain shown in Figure 4.1, consisting of 8 boxes spread across

a room. The simplicity of the scenario makes it obvious what the robot should do to accomplish

its tasking while still providing opportunities for off-task actions.

4.2.1 Markov Decision Process

Our domain can be formalized as a Markov Decision Process (MDP), enabling us to apply a

common model of intrinsic motivation by adjusting the reward function. The MDP is defined by

the tuple𝑀 = (S, A, 𝑇 , 𝑅) where:

• S is the set of possible configurations that the world can be in. The state variables in our

domain include (1) a binary representation of whether it knows the contents of each box

(unknown before the box has been checked), (2) the index of the box corresponding to the

person’s latest information request, and (3) the robot’s location (near one of the key objects

in its environment).

• A is the set of possible actions that the robot can perform. It includes (1) navigating to

one of the key objects in the environment (boxes or the person’s table), (2) checking the

contents of a box, and (3) delivering information to the person when it is near the table.
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• 𝑇 is the transition function specified with a probability distribution over next states for

different state-action pairs. For simplicity we chose to use deterministic transitions, meaning

that actions always have the intended consequence. Navigating to a box always results in

the robot being at that box in the next state, and checking a box always results in the robot

knowing what is in the box.

• 𝑅 is a deterministic reward function that maps a state-action pair to a reward value, 𝑅 :

S × A → R.

We define the reward function (Equation 4.1) as the sum of intrinsic and extrinsic rewards.

The intrinsic reward 𝑅int is a positive constant 𝑟int received when the robot checks a box whose

content is currently unknown. This rewards the robot for gathering novel information, similar to

the information gain motivation in Oudeyer & Kaplan’s typology [59]. The extrinsic reward has

two components; a one-time task reward of 𝑟task received when the robot delivers the requested

information to the user, and a negative living reward 𝑟step incurred at every timestep.

𝑅(𝑠, 𝑎) = 𝑅int(𝑠, 𝑎) + 𝑅task(𝑠, 𝑎) + 𝑅step(𝑠, 𝑎) (4.1)

4.2.2 Behaviors

The MDP from Section 4.2.1 can be solved using value iteration to obtain a policy 𝜋 : S → A,

which maps each state to the action that will maximize cumulative expected reward over a time

horizon. Different values of 𝑟int, 𝑟task, and 𝑟step in the reward function Eq. 4.1 result in policies

that chose different actions in the same state. Rolling out these policies produce qualitatively

distinct behaviors in terms of tendencies towards off-task actions, examples of which are shown

in Figure 4.2.

When 𝑟task > 𝑟int ≫ 𝑟step the robot collects and delivers the requested information as soon

as the episode starts to get maximal reward as soon as possible (Figure 4.2a). In contrast, when
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Figure 4.2: Examples of qualitatively distinct behaviors that result from different reward functions.

𝑟task < 𝑟int the robot first collects all possible information before it delivers the requested one,

going completely off task (Figure 4.2d).

The number of off-task actions can be modulated by modifying 𝑅step(𝑠, 𝑎) to depend on the

action 𝑎, for instance, to reflect how long it takes to execute the action. While large task rewards

(𝑟task ≫ 𝑟int) will still result in immediately delivering the information, intrinsic rewards that

are almost as high as the task reward (𝑟task ≈ 𝑟int) push the robot towards actions with minimal

cost, (i.e. take the least time to perform) rather than trying to deliver the requested information

right away. Depending on how the difference between intrinsic and task rewards compares to the

cost of actions, the robot might perform more (Figure 4.2c) or fewer (Figure 4.2b) off-task actions,

before completing the task. Lastly, modifying the intrinsic reward to consider factors other than

novelty of information, such as how challenging it is to obtain the information, we see that the

robot’s off-task actions can be directed towards different parts of the environment (Figure 4.1).
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4.3 Method

Informed by the types of behaviors that emerged from the model, we endeavored to evaluate

human impressions of a range of off-task actions. We captured videos of interactions, giving

us a high degree of control over extraneous variables like timing and motion that may impact

perceptions of the robot. The use of videos also facilitated a large online survey experimental

design, enabling inference about many conditions.

4.3.1 Robot Platform

The Mayfield Kuri robot is a mobile social robot equipped with a pan-tilt head, one degree-of-

freedom actuated “eye-lids”, and a holonomicwheeled base. The robot interacts using amicrophone

array, a speaker, and a chest LED array. For our experiments, we used nodding and blinking

animations as well as beep sounds that were created by the robot’s designers. The robot does not

provide a default text-to-speech implementation, so we used the SLT voice from the Festival Speech

System HTS 2007 engine2 with its pitch raised by 165 cents. We used the default autonomous

navigation implementation, wherein the robot localizes itself against a prebuilt map using a short

range LIDAR sensor.

4.3.2 Videos

We constructed a physical version of our domain and recorded videos of a robot fulfilling a user’s

request, frames from which can be seen in Figure 4.3.

Recording was conducted in a classroom with a camera statically positioned to capture the

user and eight boxes that were placed in the same arrangement as our domain model. The videos

depict the boxes labeled with numbers 1-8. However, because the assignment of the numbers is

randomized in different conditions, we refer to boxes by their names from Figure 4.1 for consistency.

2http://www.cstr.ed.ac.uk/projects/festival/

http://www.cstr.ed.ac.uk/projects/festival/
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We included a backpack and a trashcan in the scene as additional targets for the robot’s checking

behavior.

The common elements across all videos are that

• the user asks the robot to “check box [N].” The requested number always corresponds to

box E.

• the robot plays a nodding animation and emits an affirmative beep. It turns to begin the

task.

• the user sits at a table in front of a laptop and does not look at the robot as it works.

• the user updates a label placed on a nearby whiteboard, removing the number corresponding

to the current request and placing the number of the next request.

• the robot fulfils the user’s request. The box check action is denoted by the robot navigating

to the edge of a box, tilting its head down and making a beep sound.

• the robot returns to verbally report that “box [N] contains [X]”. We randomly selected a

common household good, like mugs or books, and a number as the contents to be reported.

All of our manipulations introduce off-task checks of a box or other object. Off-task checks

play the same animation but emit an alternative beep sound, connoting that the robot distinguishes

between the actions. Some manipulations append an explanation or additional information to the

robot’s final report.

The videos were recorded with blank labels, enabling us to emphasize that each clip depicts a

wholly distinct interaction by using compositing software to randomize the assignment of the

numbers across conditions in an experiment. To further reinforce this, we color tinted the robot

so that each conditions’ robot had a different visual appearance. During editing, we also slightly

accelerated the robot’s motion, and controlled the timing of check events and the overall length of

comparable clips.
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4.3.3 Participants

All participants were recruited via Amazon Mechanical Turk and compensated between $1 and

$1.5. Participation was limited to workers with a submission acceptance rate above 95% from

predominantly English-speaking countries. All procedures were approved by the University of

Washington’s Institutional Review Board.

4.3.4 Procedure

In each experiment, participants were told that they would be rating their impressions of different

robots that were designed to help a user inventory boxes in an office. After providing consent,

participants watched an example video which showed a near-complete interaction, designed to

familiarize them with the robot and scenario. The instructional video included annotations for the

user, the robot, the boxes, the “next task” placed on the whiteboard by the user, and a textual label

“box check” that displayed as the robot tilted its head down towards the target box. The example

video was intentionally cut between the target box check and contents report to avoid priming

the user to expect the robot to return directly.

Participants were shown either 4 or 5 different videos, depending on the experiment. The

order of the videos was randomized and fully counterbalanced in all experiments. For each video,

participants filled out a short questionnaire gathering their impression of the robot. Participants’

were not allowed to advance past a video until they watched it completely and responded to the

required items. The video player allowed participants to freely scrub through and restart the video,

however no numeric representation of the duration of the clip was displayed. After viewing all

conditions, participants completed additional questions. Finally, we asked participants to provide

demographic information, any overall comments, and thanked them for their participation. The

interface and videos used are provided in the auxiliary materials accompanying the original
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publication of this work [49]3.

4.3.5 Measures

Questionnaire items

To our knowledge, there are no validated instruments for perceptions of curiosity. The closest is

the Five-dimensional Curiosity Scale developed by psychologists to assess curiosity in people [95];

however, this instrument is meant for self assessment and does not translate well to evaluation of

a non-human agent.

Because we are primarily interested in the relationship between perceptions of the robot’s

competence and curiosity, we adopted items from the Godspeed Questionnaire’s “Intelligence”

scale [96] and created additional items that we thought would reflect these attributes. To maintain

compatibility with Godspeed items, we used 5-point semantic differential format.

We conducted a pilot study in which 48 participants, aged between 19 and 62 (M = 36.0, SD =

11.0, 31 male, 17 female), rated their impression of the robot on each of 4 videos. Participants were

split evenly between seeing draft versions of the videos used in Experiments I and II, described in

Sections 4.4 and 4.5 respectively.

We conducted an exploratory factor analysis with promax rotation and used parallel analysis

to determine cutoffs for the eigenvalues of the factors, yielding two factors, shown in Table 4.1.

The first factor, which we call “competence” for its similarity with the RoSAS factor of the same

name [97], includes all of the Godspeed Intelligence items we adopted, as well as three of our new

items. The second factor, which we call “curiosity,” consists of three thematically aligned items. A

correlation of .12 between the factors indicates that they are largely independent. Both showed

good reliability, with curiosity 𝛼 = .83 and competence 𝛼 = .91. Together the factors account for

3To further facilitate replication and extension, the source footage and compositing resources are also archived:
https://doi.org/10.5281/zenodo.3600600

https://doi.org/10.5281/zenodo.3600600
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Table 4.1: Factor loading matrix

Variable Factor 1 Factor 2

Inefficient-Efficient .922 −.037
Ineffective-Effective .834 .049
Unfocused-Focused .752 −.018
Irresponsible-Responsible .600 .030
Incompetent-Competent .583 −.032
Unintelligent-Intelligent .250 .047
Indifferent-Investigative −.009 .918
Uninquisitive-Inquisitive −.015 .497
Incurious-Curious .034 .341
Dislike-Like .194 −.015
Unintrusive-Intrusive −.023 −.014
Machinelike-Humanlike −.012 −.015

34% of the observed variance.

While items for likeability, humanlikeness, intrusiveness did not load onto the two primary

factors, we decided to keep them for further studies because they nonetheless measure important

possible impacts of off-task actions.

Open-ended Questions

For each video, we asked users to

1. “In a few words, describe what the robot did.”

2. (Optionally) “Please explain any significant factors in your responses”

We hoped these questions would capture how participants conceived of the robot’s actions.

In piloting, we observed that most participants provided only factual narration (e.g. “the robot

checked box 4”) when prompted to describe a video, however we kept the question because we

found that inaccurate or garbled responses were a reliable indicator of spam submissions.

After participants finished rating all videos, we asked them consider all of the videos they had
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seen and to answer two open-ended questions:

1. “What aspects of the robot’s behaviors stood out to you?”

2. “In your own words, describe what the robot was doing when it did things besides what the

user asked it to do.”

These questions were phrased to avoid biasing participants towards specific language and

thereby collect the widest possible range of responses. In contrast with the per-video description

question, a large majority of participants responded to the concluding description request with

character attributions or free ranging speculation about the robot’s intent, as desired.

4.4 Experiment I: Distance and Order

The first study aims to uncover the impact of the presence of off-task actions. We also investigate

variations of off-task actions in terms of the distance travelled to check the extra box and order

in which the requested and extra boxes are checked. We expected that off-task actions would

be recognized as expressions of curiosity, and that the a longer distance traveled off-task may

be perceived as a stronger expression of curiosity. Similarly, we thought that a robot that gave

precedence to an off-task action by pursuing it before attending to the user’s request may similarly

be viewed as more strongly curious.

Hypothesis 1: A robot that takes an off-task action is perceived as more curious than one that

does not.

Hypothesis 2: The further a robot travels off-task, the more curious it will be perceived to be.

Hypothesis 3: A robot that takes an off-task action first will be liked less than a robot that takes

an off-task action after an on-task action.

Conditions We leveraged the procedure described in Section 4.3.4 to conduct a within-subjects

comparison of 4 conditions:
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Control (CON): The robot checks box E and reports its contents.

Distance 1 (DS1): The robot checks box E, then checks box B and reports the contents of box E.

Distance 2 (DS2): The robot checks box E, then checks box H and reports the contents of box E.

Distance 1 Before (D1B): The robot checks box B, then checks box E and reports its contents.

Participants 72 participants, aged 20-70 (𝑀 = 35.2, 𝑆𝐷 = 11.3, 39 male, 32 female, 1 non-binary)

completed the study.

Results Curiosity showed acceptable reliability (𝛼 = .70) and competence showed excellent

reliability (𝛼 = .91). We conducted pairwise dependent 𝑡 tests comparing conditions for each

measure, applying the Holm-Bonferroni adjustment to the resulting 𝑝 values4. The results of these

tests for the competence and curiosity scales are given in Table 4.2 and summarized in Figure 4.4.

H1 was supported: Each manipulated condition resulted in the robot being perceived as signifi-

cantly more curious when compared to the control.

H2 was not supported: DS1 and DS2 were not perceived as distinguishable levels of curiosity.

H3 was not supported: DS1 and D1B showed no significant difference in curiosity.

Open-ended comments by participants explaining their ratings included attributions of curios-

ity and inquisitiveness to the robots that performed off-task actions, some seeing it as a positive

attribute, e.g., “The robot investigated an extra box, but it was on the way to the target box. While

not as efficient as the direct route it still took advantage of pathway to get additional information.”

(D1B) or “The extra stop which was outside of the primary mission makes the robot seem more

inquisitive about the surrounding environment.” (DS1). Another participant supported this view

with a comment about the robot that does not perform any off-task actions “It can be nice to have

a task performed exactly as requested, but feels like a missed opportunity to quickly take note of the

4All statistical calculations were performed with the Pingouin Python package [98].
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Table 4.2: Pairwise comparisons for Experiment I

A B 𝑀𝐴 𝑆𝐷𝐴 𝑀𝐵 𝑆𝐷𝐵 𝑡 (71) 𝑝 𝑔

Co
m
pe
te
nc
e

CON DS1 4.30 .71 3.67 .93 6.42 <.001 .76
" DS2 " " 3.46 .92 7.64 <.001 1.03
" D1B " " 3.60 .94 6.47 <.001 .84

DS1 DS2 3.67 .93 3.46 .92 2.43 .053 .23
" D1B " " 3.60 .94 .66 .512 .07

DS2 D1B 3.46 .92 3.60 .94 -1.82 .145 - .16

Cu
rio

si
ty

CON DS1 3.10 1.13 3.76 .85 -5.05 <.001 - .66
" DS2 " " 3.59 .84 -3.51 .003 - .50
" D1B " " 3.64 .79 -3.91 .001 - .56

DS1 DS2 3.76 .85 3.59 .84 2.07 .126 .20
" D1B " " 3.64 .79 1.31 .390 .14

DS2 D1B 3.59 .84 3.64 .79 - .69 .495 - .06
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Figure 4.4: Competence and curiosity ratings across the four conditions in Experiment I. Whiskers show
1.5 times IQR.

contents in other boxes along the way.” (CON).

While increasing the perception of curiosity, performing off-task actions negatively impacted

perception of competence. All manipulations resulted in significantly lower competence ratings

compared to the control (Table 4.2). Participants commented on the off-task actions negatively,

e.g., “robot seemed somewhat incompetent because it checked a box it was not instructed to check”, or
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“not so good because it made unnecessary stop at another box” (DS1). They attributed the off-task

actions to a number of different reasons. Some participants thought the off-task action was due to

an error, complaining that they could not trust the robot’s report, e.g., “I’m not sure if it’s correctly

reporting the contents of box 6 or incorrectly reporting the contents of the last box it looked in” (DS1).

Others attributed agency to the robot, e.g., “it was distracted”, “he appears to have Robot ADHD”,

“acted out of order”, “decided on its own to check another box” (DS1). In some cases participants

did not understand why the off-task actions were happening, e.g., “checked a box it wasn’t told to

for unknown reasons” (DS1). Other comments supported the higher perceived competence of the

control condition, e.g., “did exactly as instructed”, “performed the task perfectly”, “it was fast and

effective”.

Some participants complained about the robot’s lack of an explanation or report regarding the

off-task actions: “This robot checked more boxes than asked, but did not give a reason for it” (DS1) or

“It should have at least reported its findings” (DS1). This inspired some strategies the robot could

use to mitigate the perception of lower competence due to off-task actions, which we explore in

Experiment III (Section 4.6).

While there was no difference between DS2 and other off-task conditions, some participants

called out the difference in distance in their comments: “I still appreciate the apparent curiosity,

and it comes off as less annoying when the additional box being checked was one along the path”

(D1B). Similarly, the order did not have a statistically significant effect on competence or curiosity,

but was mentioned in comments: “it check what it wanted to before checking what it was told to

check I felt it was inefficient” (D1B).

All manipulations were seen as more human-like, more intrusive, and were liked less than the

control. However, there were no significant differences between the different manipulations (DS1,

DS2, D1B).
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4.5 Experiment II: Payoff and Relevance

The negative impact of off-task actions on the perceived competence of the robot prompted us to

consider whether participants would be sensitive to whether an off-task action showed a clear

utility.

Hypothesis 4: Off-task behaviors that show utility are perceived as more competent than those

that do not.

Hypothesis 5: The less relevant an off-task action is to the current task, the more curious the

robot is perceived to be.

Conditions We leveraged the procedure described in Section 4.3.4 to conduct a within-subjects

comparison of 4 conditions. We used the Control and Distance 1 conditions from Experiment I as

a basis and compared them against two new manipulations:

Distance1 Payoff (PAY): The robot checks the user-requested box, then checks box B, and

reports the contents of the user-requested box. In contrast to DS1, the next-task that the

user posts to the board is box B.

Distance1 Non-box (NON): The robot checks the user-requested box, then checks a trashcan,

and reports the contents of the user-requested box. The trashcan is placed at comparable

relative distance as box B.

Participants 72 participants, aged 19-73 (M = 36.0, SD = 11.53, 44 male, 28 female) completed

the study.

Results Curiosity showed acceptable reliability (𝛼 = .76) and competence showed excellent

reliability (𝛼 = .93). We conducted pairwise dependent 𝑡 tests comparing conditions for each
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Table 4.3: Pairwise comparisons for Experiment II

A B 𝑀𝐴 𝑆𝐷𝐴 𝑀𝐵 𝑆𝐷𝐵 𝑡 (71) 𝑝 𝑔

Co
m
pe
te
nc
e

CON DS1 4.27 .75 3.56 .99 6.05 <.001 .81
" PAY " " 3.79 .97 4.13 <.001 .55
" NON " " 3.82 1.00 3.92 .001 .51

DS1 PAY 3.56 .99 3.79 .97 -2.41 .037 -.23
" NON " " 3.82 1.00 -2.72 .025 -.26

PAY NON 3.79 .97 3.82 1.00 - .30 .767 -.03

Cu
rio

si
ty

CON DS1 3.24 1.08 3.97 .84 -6.01 <.001 -.76
" PAY " " 3.86 .94 -4.70 <.001 -.61
" NON " " 3.54 .95 -3.33 .004 -.29

DS1 PAY 3.97 .84 3.86 .94 1.47 .145 .13
" NON " " 3.54 .95 4.44 <.001 .48

PAY NON 3.86 .94 3.54 .95 3.15 .005 .34
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Figure 4.5: Competence and curiosity ratings across the four conditions in Experiment II. Whiskers show
1.5 times IQR.
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measure, applying the Holm-Bonferroni adjustment to the resulting 𝑝 values. The results of these

tests for the competence and curiosity scales are given in Table 4.3 and summarized in Figure 4.5.

H4 was supported. An off-task action that displayed potential to benefit the user resulted in

higher competence ratings.

H5 was not supported. Making a trashcan the target of the off-task behavior resulted in lower

ratings of curiosity.

Participant comments indicated that they noticed the payoff of the off-task action in the PAY

condition. Some perceived it positively, e.g., “It looked like the robot was checking box 5 ahead of

time” (PAY), while others were unsure about giving the robot credit “The robot went to the next

box. Might have been a coincidence, perhaps not.” (PAY).

The NON condition being perceived as less curious was surprising, but might have been due

to participants not perceiving the robot’s action towards the trash can as checking or not even

noticing the trashcan because it blended into the scene (e.g., it was not labeled like the boxes),

despite the robot making a “beep” to indicate its checking action. Only 13 out of the 72 participants

mentioned the trashcan in their open-ended description of the video, some expressing uncertainty

about the off-task action “I’m not sure if it was (incorrectly) checking the trash can or not” (NON).

This misunderstanding about the off-task action might also be the reason for the NON condition

being perceived as significantly more competent than DS1, consistent with the CON, which has

no off-task actions.

DS1 was perceived as less likeable than the control, but differences between other conditions

where not significant. As in Experiment I, robots that took off-task actions were perceived as more

intrusive, though this impact was not significant in the NON condition. There were no significant

differences in humanlikeness.
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4.6 Experiment III: Explanations

Experiment II indicated that users are sensitive to the apparent utility of a robot’s off-task actions,

however this impact is largely out of the robot’s control. This, and participant feedback, motivated

us to consider ways in which the robot could more directly control perceptions of its actions and

mitigate negative attributions by providing explanations.

Hypothesis 6: A robot that acknowledges its off-task behavior is perceived as more competent

than one that does not.

Hypothesis 7: A robot that explains an off-task action is perceived as more competent than one

that merely acknowledges the action.

Conditions We leveraged the procedure described in Section 4.3.4 to conduct a within-subjects

comparison of five conditions. We used the Control and Distance 1 conditions as a basis and

compared them against three new manipulations:

Extra Info (INF): The robot checks the user-requested box, then checks box B, and reports the

contents of the user-requested box. The robot then says that it “also checked box [B],” and

reports its contents.

Explanation Curious (EXC): The robot checks the user-requested box, then checks box B, and

reports the contents of the user-requested box. The robot then says that it “also checked

box [B], because [it] was curious.”

Explanation Useful (EXU): The robot checks the user-requested box, then checks box B, and

reports the contents of the user-requested box. The robot then says that it “also checked

box [B], because [it] thought it would be useful to know.”

Participants 120 participants, aged 18-69 (M = 36.1, SD = 11.3, 70 male, 49 female, 1 non-binary)

completed the study.
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Results Curiosity showed acceptable reliability (𝛼 = .79) and competence showed excellent

reliability (𝛼 = .92). We conducted pairwise 𝑡 tests comparing conditions for each measure,

applying the Holm-Bonferroni adjustment to the resulting 𝑝 values. The results of these tests for

the competence and curiosity scales are given in Table 4.4 and summarized in Figure 4.6.

H6 was not supported. A robot that acknowledged taking an off-task action by reporting the

additional information (INF) was not perceived as more capable than one that did not (DS1).

H7 was partially supported. When compared to a robot that reported the extra information it

gathered (INF), a robot that offered an explanation based on utility (EXU) was perceived

as more competent. A robot that attributed the off-task action to curiosity (EXC) was not

perceived to be more competent.

Although reporting the information obtained through the off-task action did not improve

perceived competence, some participants commented positively about it, e.g., “On the one hand, the

extra time lost by checking the unasked box is annoying, the fact that it reported the information helped

mitigate my dissatisfaction.” (INF). Similarly some participants appreciated the robot explaining its

off-task action with curiosity, e.g., “Robot was honest in its reason for looking at the other box.” (EXC)

and “The robot checked a box it didn’t need to, but gave an explanation of why it checked it.” (EXC).

Many comments regarding the robot’s explanation that appealed to utility were also positive, with

attributions of higher intelligence, agency, and humanlikeness to the robot, e.g., “This time the

robot is deciding what is important beyond the commands of the man in the video.” (EXU), “The robot

showed signs that it is ‘thinking for itself’ and not just following instructions” (EXU). One participant

explicitly called out the relation to utility and how that reduces the attribution of off-task actions

to curiosity: “Unlike the other scenario, this would be a robot that acted out of a perceived benefit

instead of curiosity.” (EXU).

Despite potential benefits of sharing extra information or explanations, all conditions were
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still perceived as significantly less competent than the control condition. Negative participant

comments about these conditions were similar to the off-task action conditions from Experiments

I and II, e.g., “The robot completed the task it was assigned but also did something that was not

requested. This could have caused a delay if the task had been urgent.” (INF), “I would prefer the robot

to follow instructions exactly as told.” (EXC), and “The robot did not execute its orders efficiently.”

(EXU).

As in Experiments I and II, all manipulations were perceived as more intrusive than the control.

A robot that provided a utility-based explanation (EXU) was perceived as less intrusive than a robot

that provided a curiosity motivation (EXC). All manipulations were perceived as more humanlike

than the control. The curiosity-based explanation (EXC) was perceived as more humanlike than

the baseline detour (DS1) and the extra information (INF) condition. All manipulations were liked

less than the control. Differences between conditions were not significant.

4.7 Discussion

Implications Our findings demonstrate that (1) off-task, exploratory robot behaviors can be

designed to elicit attributions of curiosity rather than incompetence or malfunction, (2) robots

exhibiting curiosity-driven behaviors may be perceived as less competent than their task-focused

counterparts, but (3) transparency mechanisms in the form of explanations can mitigate these

negative perceptions. These results have significant implications for the design of robots that

incorporate intrinsic motivation, particularly when such motivation leads to behaviors like explor-

ing additional objects during fetching tasks or investigating alternative paths during navigation.

The observed acceptance of curiosity-driven exploration, even when it temporarily interrupts

assigned tasks, suggests that such behaviors might be even more readily accepted during periods

when the robot is not actively engaged in human-directed tasks.
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Limitations and Future Work As with many HRI studies, these studies represent responses

from a particular set of participants to a particular robot in a particular setting. We have done our

best to thoroughly describe these participants and methods so that others can reuse this approach

to explore broader sets of participants, robots, and settings. In order to test a large set of robot

behaviors, we chose to run these studies online, constraining participants to the role of observers,

not interactants. Further, we could not control the immersiveness of the experience (e.g., minimize

interruptions, control screen sizes). These limitations can be addressed by running in-person lab

studies. The current studies provide guidance for determining the variables worth exploring in the

future. Building upon this work, it will be important to explore the human interactant perspective,

not only a bystanders perspective; longer-term time periods of interaction; and different types of

robot roles in relation to the human interactants. Expanding this work to explore more interactive,

self-directed robotic agents (as opposed to command-and-control style robots) will enable us to

understand the larger design space of curious robot behaviors and interactions with people.
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Table 4.4: Pairwise comparisons for Experiment III

A B 𝑀𝐴 𝑆𝐷𝐴 𝑀𝐵 𝑆𝐷𝐵 𝑡 (119) 𝑝 𝑔
Co

m
pe
te
nc
e

CON DS1 4.36 .63 3.42 1.02 9.30 <.001 1.13
" INF " " 3.53 .96 10.04 <.001 1.04
" EXC " " 3.58 .87 9.49 <.001 1.04
" EXU " " 3.76 .91 7.48 <.001 .77

DS1 INF 3.42 1.02 3.53 .96 - 1.57 .237 - .11
" EXC " " 3.58 .87 - 2.58 .033 - .17
" EXU " " 3.76 .91 - 4.26 <.001 - .35

INF EXC 3.53 .96 3.58 .87 - .91 .364 - .05
" EXU " " 3.76 .91 - 3.52 .003 - .24

EXC EXU 3.58 .87 3.76 .91 - 2.93 .016 - .20

Cu
rio

si
ty

CON DS1 2.80 1.02 3.98 .81 -10.43 <.001 -1.28
" INF " " 4.10 .79 -11.46 <.001 -1.43
" EXC " " 4.42 .68 -13.84 <.001 -1.90
" EXU " " 4.23 .71 -12.48 <.001 -1.65

DS1 INF 3.98 .81 4.10 .79 - 1.79 .076 - .15
" EXC " " 4.42 .68 - 6.88 <.001 - .59
" EXU " " 4.23 .71 - 4.13 <.001 - .33

INF EXC 4.10 .79 4.42 .68 - 6.32 <.001 - .44
" EXU " " 4.23 .71 - 2.45 .032 - .18

EXC EXU 4.42 .68 4.23 .71 3.78 .001 .27
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Figure 4.6: Competence and curiosity ratings across the four conditions in Experiment III. Whiskers show
1.5 times IQR.
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Balancing Transparency:
Attributions to Motion 5

While we have demonstrated that explanatory interventions can enhance transparency for

robots with intrinsic motivation, these interventions addressed only a particular set of attributions

and were able to operate entirely as an overlay with little impact on the behavior’s fundamental

execution. This chapter confronts the more challenging case where transparency may conflict

with task execution. As we described in our conceptual framework for automating transparency

(Chapter 3), our goal remains to avoid modifying the underlying behavior specification, and instead

leverage annotation and configuration to provide a solution that minimally burdens behavior

creators.

This approach becomes especially critical as more robots move into homes and shared spaces

where they operate under constant human observation [99]–[102]. A robot’s actions might be

driven by unambiguous internal objectives, but solely optimizing these objectives often results

in behavior that triggers unintended attributions from human observers. For example, a highly

articulated robot may follow a mathematically optimal but non-humanlike trajectory that users

attribute to caprice, making observers uncomfortable [103], or a home robot vacuum cleaner can

make seemingly arbitrary turns that cause observers to perceive it as malfunctioning, disrupting

home activities.

Motion-based attributions operate through implicit psychological mechanisms rooted in human

social cognition [104], [105]. The tendency for humans to attribute even situational behaviors to

deeper character traits is so pervasive that it is known as “the fundamental attribution error” [106].

51
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Humans are so sensitive to this process of attribution inference that they constantly adjust their

behavior to manage impressions and adhere to social norms—what Goffman termed presentation

of self [107].

Inspired by humans’ sensitivity to attributions, we envision robots that can 1) leverage models

of humans’ attribution mechanisms to predict attributions to their motion, 2) generate behaviors

that elicit desired human impressions and 3) balance attribution elicitation and task completion.

This will increase the acceptance of robots in human spaces by enabling them to go about their

tasking in a way that is both effective and sensitive to perceptions.

In this chapter, we propose a framework, shown in Figure 5.1, that addresses these challenges

by integrating a learned model of human attribution into a robot’s trajectory generation process1.

Our observation is that users rely on local characteristics of the robot’s motion, like short patterns

of actions, in combination with global trajectory characteristics, like the amount of redundancy,

to infer attributions. These features distinguish otherwise functionally equivalent trajectories

and provide a basis for the framework. We trace an application of the framework to a virtual

robot vacuum cleaning task. In our evaluation, we see that the resulting model is useful for

predicting attributions and for enabling the generation of trajectories that balance task execution

and attribution elicitation based on simple configuration.
5.1 Related Work

Several studies have illustrated the value of robot motion as a communicative modality [109]–

[114]. Some works propose algorithms for legible robot motion generation, which have been

shown to enable effective human-robot collaboration in manipulation tasks [109], or smooth

robot navigation in close proximity to humans [111], [113]. Other works focus on conveying

higher-level information such as the robot’s objective function [114] or the source of failure [112]

when the robot can’t complete a task. Animation principles [84] or movement analysis [115]
1This chapter consists of materials published in [108] CoRL 2021 Walker, Mavrogiannis, Srinivasa, Cakmak
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are often employed to inform the design of expressive robot behaviors. Finally, related graphics

research focuses on the generation of stylistically distinct but functionally equivalent motion

primitives for walking and other activities [116], [117].

The complex interplay of embodiment and communicative motion has motivated research on

understanding human perceptions of robot behavior. For instance, early work looked at the effect

of robot gaze on human impressions [118]. [99] study human attitudes towards robot vacuum

cleaners and propose design principles aimed at enhancing the acceptance of robots in domestic

environments. [100] report a relation between robot motion and perceived affect. [119] and [113]

investigate human perceptions of different robot navigation strategies whereas [49] study human

perceptions of robot actions that deviate from the robot’s assigned task.

Our work draws inspiration from previous efforts to characterize human perceptions and

attributions to robot motion [99], [100]. However, it moves beyond the problem of understanding

and analyzing human perceptions and focuses on the problem of synthesizing implicitly com-

municative motion. Our work is closely related to past work on the generation of legible robot

motion [109], [110], [112], [120] in that we also incorporate a model of human inference into the

robot’s motion generation pipeline. However, unlike these works which emphasize the communi-

cation of task-related attributes, our focus is instead on communicating high-level, behavioral

attributes through robot motion.

5.2 A Framework for Behavioral Attribution

We consider a robot performing a task 𝐺 in a human environment. We denote by 𝑠 ∈ S the robot

state where S is a state space, and define a robot trajectory as a sequence of states 𝜉 = (𝑠0, . . . , 𝑠𝑡 )

where indices correspond to timesteps following a fixed time parametrization. Let us define the

task as a tuple 𝐺 = (Ξ,A,P,𝐶) where Ξ is a space of robot trajectories, A denotes the robot

action space, P : Ξ × A → Ξ represents a deterministic state transition model, and C : Ξ → R is
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Trajectories

User Responses

Predicted Attribution 
Densities
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Crowdsourcing

Goal Attribution Allowable 
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Figure 5.1: Our proposed framework. User responses to robot trajectories are analyzed to extract salient
features and attributions, then used to train a model that probabilistically maps robot trajectories to human
attributions (left). The acquired model is used to generate robot trajectories that elicit a desired attribution
(right).

a trajectory cost. We assume that the robot starts from an initial state 𝑠0 and reaches a terminal

state 𝑠𝑇 (at time 𝑇 ) by executing a trajectory 𝜉 = (𝑠0, . . . , 𝑠𝑇 ). We assume that this trajectory 𝜉 is

fully observed by a human who is aware of the task specification 𝐺 .

The observer makes an inference of the form I𝐵 : Ξ × G → B, mapping their observation

from the space of trajectories Ξ, along with the context of the task specification 𝐺 ∈ G, into a

space of behavioral attributions B. The form of B will vary, but should be selected to capture the

range, combinations, and intensities of attributions that the robot should be sensitive to.

Conversely, we can imagine that a robot, given a behavioral attribution 𝑏 ∈ B and a task𝐺 ,

infers a trajectory 𝜉𝑏 ∈ Ξ that exemplifies the attribution, corresponding to an inference of the

form I𝜉 : B × G → Ξ. In other words, we assume that there is a “way” that a curious—or any

other attribution—robot should execute a particular task. In practice, we will realize both of these

inferences as probabilistic maps. Rather than solely capturing the best way to look curious for

a task, we’ll seek to assign densities to trajectories, allowing the possibility that there are many

equally likely alternatives.
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In the remainder of the chapter, we aim to provide a general framework for modeling infer-

ences of the form I𝐵 , and I𝜉 . Our goal is to enable robots to understand and account for the

communicative effects of their motion on human observers.

5.3 Modeling and Influencing Attributions

We consider a scenario in which a mobile robot performs a coverage task in a two-dimensional

discrete workspace while a human is observing from a top-down view. We employ a virtual

environment2 that resembles a house and stylize the agent as a robot vacuum cleaner (see Figure 5.2)

since the general population is already somewhat familiar3 with such robots [99], [121], making it

easier for participants to develop mental models about their motion than that of a manipulator,

for example.

In this scenario, the robot state space is the complete home workspace and Ξ is the space of all

possible trajectories of any length that could be followed in the space. The robot action space A

consists of deterministic movements in the cardinal directions. The cost of a state transition from

a state 𝑠𝑡 to a state 𝑠𝑡+1 after having followed a trajectory 𝜉𝑡 is defined as 0 if the state hasn’t been

visited before, -5 if the state contains a small, traversable obstacle (e.g. a vase), and -1 otherwise. A

penalty of 3 times the number of unvisited states from the goal region is applied on termination.

5.3.1 Understanding Behavioral Attribution for Coverage Tasks

Through exploratory studies on AmazonMechanical Turk, we sought to extract domain knowledge

for attributions to robot motion within coverage tasks. Using the home layout shown in Figure 5.2,

we generated a set of trajectories exhibiting qualitatively distinct ways the robot could respond to

the prompt to “clean the bedroom,” ranging from a near optimal coverage plan to a trajectory that
2The environment is built in the Phaser game engine (https://phaser.io/) and uses art by Bonsaiheldin under

a CC-BY-SA license. It and other code relevant to this chapter can be found in the supplement of the original
publication [108].

3A presentation by iRobot [121] estimates that 19M U.S. households had robot vacuum cleaners in 2020.

https://phaser.io/
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barely visited the target room (see Section A.1 for additional details). Each participant viewed

videos of a random selection of three of these trajectories. After each video, participants were

asked: a) to provide three words to describe the robot’s behavior; b) to rate their agreement

that “the robot is " for a range of adjectives drawn from relevant literature on human

attributions [49], [122], [123]; c) to “explain what factors contributed to their strongest ratings.” In

addition to attributions, participants were asked to use an interactive interface to demonstrate

how they would “clean the bedroom in a way that makes the robot look ” where the blank

was filled with a random adjective from the attribution rating items. Across all exploratory studies,

we collected 375 sets of attribution ratings from 115 participants (73 male, 41 female) aged 21-70

(M = 38.3, SD = 10.7) covering 63 trajectories and a total of 193 demonstrations.

Extracting the Space of Attributions

To understand the inter-correlation of participant adjective ratings, we conducted an exploratory

factor analysis. We selected a three-factor, promax rotation model that explained 74% of the

observed variance due to its parsimony and coherence (see Section A.2). The first factor, which

we call “competence” for its similarity to the relevant factor described by [123], consists of six

items (responsible, competent, efficient, reliable, intelligent, focused) centered on the capability

and diligence of the robot. The second consists of four items (lost, clumsy, confused, broken)

alluding to a negative state, for which we title the factor “brokenness”. The third contains two

items (curious, investigative) and matches the curiosity factor examined by [49].

The extracted model enables the computation of standardized factor scores roughly in the

range [−3, 3] which denote how many standard deviations from the mean a participant’s ratings

for the items are. Reflecting the format of the component items, a high or low factor score denotes

agreement or disagreement that a trajectory expresses an attribution, respectively. Based on this

model, we represent the attribution for a trajectory 𝜉 as a tuple 𝒃 =
(
𝑏competent, 𝑏broken, 𝑏curious

)
∈ B
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Table 5.1: Trajectory features

Feature Description

Coverage (%) Goal region states visited at least once.
Redundant coverage (%) Goal region states visited more than

once.
Overlap (%) Plan states visited more than once.
Length (%) Normalized plan length.
Hook template (%) Frequency of "U" shape patterns in

plan.
Straight template (%) Frequency of action repetition in plan.
Start-stop template (%) Frequency of idle-move-idle patterns

in plan.
Idleness (%) Frequency of idle actions in plan.
Map coverage (%) Fraction of map states visited at least

once.
Collision (%) Fraction of obstacle states from 𝑂 in

plan.
Goal deviation (%) Fraction of plan before first goal state.

where the space of attributions is the set B = [−3, 3]3.

Low-dimensional Trajectory Representation

The space of possible trajectories in this domain is too large to map directly to the space of

attributions, so we constructed a low-dimensional space Φ based on features relevant to the

formation of attribution ratings. This allows us to describe a trajectory 𝜉 as a vector 𝜙𝜉 = 𝜙 (𝜉) ∈ Φ.

The feature space was inspired by relevant literature on human behavioral attribution to robot

motion and enriched with features appearing in participants’ explanations. The final set of 11

features used in further experiments is listed in Table 5.1.

5.3.2 Mapping Trajectories to Attribution Scores

Given a trajectory 𝜉 , an observer’s inference I𝐵 of behavioral attribution can be expected to vary

both due to individual differences and as a result of measurement error. For this reason, we
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Figure 5.2: The home environment used in our exploratory studies.

model I𝐵 as a conditional probability density 𝑓B|Ξ(𝒃 |𝜙𝜉 ) : B → R. We observed multimodality

in the distribution of factor scores for some trajectories, so we use a Mixture Density Network

(MDN) [124] to approximate each conditional density as a mixture distribution 𝑓B|Ξ(𝒃 |𝜙𝜉 ) =∑𝐶
𝑖=1 𝛼𝑖 (𝜙𝜉 )𝑘𝑖 (𝒃 |𝜙𝜉 ) where 𝛼𝑖 , 𝑖 = 1, . . . ,𝐶 , is a mixing coefficient, and 𝑘𝑖 is a multivariate Gaussian

kernel function with mean 𝝁𝑖 and covariance Σ𝑖 . Note that the mixing coefficients 𝛼𝑖 and the

Gaussian parameters 𝝁𝑖 and Σ𝑖 are functions of the featurized trajectory 𝜙𝜉 . In our models, these

functions are implemented as linear transformations of features produced by a shared multi-layer

perceptron.

To make efficient use of scarce data, we created ensembles of MDNs using bootstrap aggrega-

tion, i.e., we trained 𝑁 models with different data splits and uniformly weight their predictions:

𝑓 ensB|Ξ(𝒃 |𝜙𝜉 ) =
1
𝑁

∑𝑁
𝑖=1 𝑓

𝑖
B|Ξ(𝒃 |𝜙𝜉 ).

We studied three different model configurations; single and four component MDNs, i.e., 𝐶 = 1

and 𝐶 = 4 and an ensemble of 8 MDNs each with four components, i.e., 𝐶 = 4, 𝑁 = 8. We trained
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Table 5.2: Average test negative log likelihood (NLL) for each model configuration. Each datapoint
represents a mean NLL over 16 models trained with random train-validate folds on a fixed test set. Error is
the 95% confidence interval calculated with bootstrapping.

Model Parameters Average NLL SD

Uniform 6 5.38 0.00

MDN, C=1 120 3.13 ± .05 1.35 ± .09
MDN, C=4 300 2.66 ± .08 1.57 ± .05
MDN Ensemble, C=4 N=8 2400 2.53 ± .06 1.38 ± .04

all models using an average negative log likelihood (NLL) loss function, the Adam optimizer [125],

noise regularization [126], and early stopping. We configured the input MLP to use a single hidden

layer with 5 units and a hyperbolic tangent activation. We expanded the dataset collected in our

exploratory studies after assessing the sensitivity of the models to increased amounts of data,

a process described in Section A.3. The final version of the set includes 126 trajectories with

671 attribution ratings. Table 5.2 compares the NLL of the models over held-out data. The mean

indicates the typical quality of the prediction and the standard deviation indicates the degree to

which this varied from sample to sample. Both quantities are averaged over 16 random folds and

reported with bootstrapped 95% confidence intervals. All models perform significantly better than

a uniform baseline, which simply assigns equal probability to all outcomes. The ensemble model

performs best and is used in further experiments in the remainder of the chapter.

5.3.3 Generating Trajectories that Elicit Desired Attributions

We represent the behavior specification as a one-dimensional Gaussian 𝑏∗ ∼ N(𝜇𝑏, 𝜎2𝑏 ) centered

on a desired rating 𝜇𝑏 ∈ [−3, 3] for a single attribution dimension where the variance 𝜎𝑏 serves as

a tolerance parameter modeling the acceptable distance from the desired behavioral rating. We

use a density representation as it more closely matches the output of our model for I𝐵 .

Together with the task requirements as described by the cost function C, we realize the
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inference I𝜉 as an optimization of the form:

𝜉∗ = argmin
𝜉∈Ξ

𝐷KL(𝑓𝑩𝑖
| |N (𝜇𝑏, 𝜎2𝑏 ))

s.t. C(𝜉) ≤ 𝑤 ,
(5.1)

where 𝐷KL denotes the KL divergence, 𝑓𝑩𝑖
is the density 𝑓𝑩 |Ξ |𝜙 (𝜉) marginalized across dimensions

other than 𝑖 , and𝑤 is the maximum allowable task cost. Because many applications are conven-

tionally exclusively task-cost driven, this format provides an intuitive “knob” in the form of how

suboptimal the robot is allowed to be. Where performance is critical—perhaps to meet a schedule

or to fit in power constraints—the robot designer need only set 𝑤 to express the hard bound.

Different attributions are expected to be more or less sensitive to the allowable suboptimality,

something illustrated in Section A.4.

We implement this optimization using a hill-descending search in the space of trajectories.

The search is initialized with a task-optimal trajectory generated via A* search and progressively

samples modifications to the trajectory. These modifications consist of both naive, action-level

modifications to the trajectory as well as changes targeting the activation of the features underlying

the attribution model (see Table 5.1). Important motion templates, like runs of straight motion,

hook patterns, and start-stops are sampled and patched into trajectories. All modifications are

ranked by the divergence of their predicted attribution with the behavior specification. The

search terminates after a fixed duration and the best performing trajectory subject to the task-cost

constraint is returned. A detailed description of the optimization procedure is given in Section A.4.

5.4 Evaluation

We conduct a user study to evaluate the efficacy of the framework as a means of producing

trajectories that elicit desired attributions. Our study is motivated by the following hypotheses:
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Hypothesis 1 The model makes accurate predictions about the distribution of attributions to

new trajectories.

Hypothesis 2 The model makes accurate predictions about the distribution of attributions to

trajectories in unseen environments.

Hypothesis 3 The approach enables the generation of trajectories that elicit desired attributions.

5.4.1 Experiment Design

In Experiment I, participants observe and rate trajectories in the same home layout used for

data collection, while in Experiment II, trajectories are generated in a modified home layout. In

an effort to understand the impact of the environment geometry, the modified layout increases

the size of the goal region by 100%, varies the placement of items and obstacles, and flips the

dominant direction of the robot’s motion. The experiments are within-subjects, video-based user

studies, both instantiated in three parallel sets corresponding to the three attribution dimensions

considered. For each dimension, we consider four robot trajectories generated by optimizing

(5.1) with a target distribution expressed as a Gaussian centered at 1.5 with scale 0.3 and varying

task cost thresholds. To ease interpretation, the 𝑤 values governing the thresholds were set

in multiples—1x, 2x, 4x, 12x—of the cost of the optimal trajectory for the task. The full set

of trajectories is shown in Figure 5.34. In all experiments, participants rate and describe each

trajectory using the same items and questions used in the exploratory studies of Section 5.3. After

watching all trajectories in a randomly assigned order, they also respond to additional comparative

questions: “which robot seemed the most " and “which robot seemed the least ", where

the blanks are filled with the adjective corresponding to the dimension of attribution studied. Both

comparisons are accompanied with an open-ended question asking for a brief explanation of the

choice. No suitable baselines exist for the balanced attribution elicitation task, so our experiments
4Videos of the trajectories are included in the supplement.
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1x
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4x

12x

BrokennessCompetence Curiosity BrokennessCompetence Curiosity
Experiment I Experiment II

Figure 5.3: Traces of robot trajectories used in different experiments and conditions.

use solely trajectories generated by our approach.

Participants A total of 144 participants (76 male, 68 female) aged 20-72 (M = 38.2, SD = 10.9)

were recruited via Amazon Mechanical Turk and paid $2 to complete the approximately 15 minute

task. 9 had taken part in our earlier exploratory studies. Participants were equally distributed

amongst the six sets of conditions. Condition orderings were fully counterbalanced.

5.4.2 Results

The predictive performance of the model is illustrated in Figure 5.5 and reported in Figure 5.3.

The 95% bootstrapped confidence interval on the mean NLL for Experiment I was 2.77±.10 (SD =

0.88±.09). and 2.87±0.10 (SD = 0.86±.09) for Experiment II. Participants’ choices for “most” and

“least” trajectories are shown in Figure 5.4.

Hypothesis 1 was supported; the average NLL of the models was significantly lower than a

uniform model, indicating that the model was able to meaningfully predict attributions in

the layout it was trained in.
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Figure 5.4: Counts of trajectories picked as most and least “ ".
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Figure 5.5: Comparisons of the model’s predicted density for the factor score under consideration (in
grey), the observed distribution (multicolored) approximated with Gaussian kernel density estimation and
the target distribution (dashed). Each subplot has a unique y-scale, with the magnitude of the difference
between the predicted and observed densities at any point encoded instead in the color of the line for the
observed distribution. Deep red indicates the model severely overpredicted the density, while deep blue
indicates severe underprediction.

Table 5.3: Evaluation average NLL (SD)

Competence Brokenness Curiosity Competence Brokenness Curiosity

1x 2.51 (0.69) 2.44 (0.76) 2.37 (0.54) 2.73 (0.59) 2.64 (0.73) 2.76 (1.05)
2x 2.76 (0.85) 2.84 (0.72) 2.85 (0.75) 2.95 (0.70) 2.86 (0.88) 2.85 (1.09)
4x 2.98 (0.76) 2.93 (0.83) 3.02 (0.71) 3.00 (0.67) 2.92 (0.42) 3.10 (0.98)
12x 3.10 (0.73) 2.53 (1.75) 2.94 (0.72) 3.43 (0.84) 2.28 (0.98) 2.84 (0.84)
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Hypothesis 2 was supported; the average NLL of the attributions observed across Experiment

II was significantly lower than the uniform model, indicating that the model remains

informative even under modifications to the environment layout.5

Hypothesis 3 saw mixed support; Kendall’s tau-b correlation tests (reported in Section A.5)

indicate strong positive correlations between the allowable suboptimality and brokenness

factor scores, suggesting that the trajectory generation method was effective at eliciting

progressively higher factor scores. However, tests for the competence conditions indicated

a moderate negative correlation, and tests for curiosity conditions were not significant.

As shown in Figure 5.4, while participants found that 12x and 1x were the most and least

“ " for experiments focused on curiosity and brokenness, this relationship was flipped

for the competence experiments.

When optimizing for competence, the model emphasizes over-coverage of the goal region

as well as coverage of the house as a whole (see Figure 5.3). Due to the associated task-cost

penalty, coverage outside of the goal begins to appear in the 4x condition of Experiment I and

the 12x condition of Experiment II, and participants’ responses indicate that it is a key driver of

negative attributions of competence. Some emphasized that time spent not cleaning the bedroom

was “wasted movement in the wrong room” (Exp. I-Competence), while others attributed the

deviation to being “lost" or “totally confused” (Exp. I-Competence). In less extreme conditions,

users expressed uncertainty about what drove the behavior, saying they were “not sure if robot is

cleaning outside the bedroom cause there might be dirt that can be brought in, or just confused as to

parameter of bedroom” (Exp. I-Competence, 4x). A minority of users thought that the extra motion

was worthwhile, marking the 12x trajectory as the most competent because it “cleaned more areas

in both rooms” or “completed the entire home from bedroom to kitchen” (Exp. I-Competence).
5See AppendixSection A.5 for supplementary tests indicating insufficient evidence to support a significant

difference between the predicted and observed distributions in both experiments.
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The model overestimated the prevalence of people who would appreciate the additional coverage

of the environment, as indicated by both the “most/least” selections and the NLL. We speculate

that the format of the experiment—wherein participants view the optimal trajectory and mentally

anchor their ratings against it—is a contributing factor; participants may be more inclined to rate

the robot as competent when viewing the optimized trajectories in real-world settings where

direct comparison to the task-optimal trajectory is less likely.

Trajectories optimized to look broken progressively cover less of the goal region before

ultimately devolving into repeated circular motion near the start point (see Figure 5.3). The

majority of users concurred in their assessment of the 12x condition as “defective”, with some

remarking that it seemed overwrought, “a joke version of the robot” (Exp. II-Brokenness). The

model underpredicted the extent of participants’ agreement that the optimal trajectory would be

perceived as not broken, but the predictive performance across all brokenness conditions was still

the strongest of the three factors.

When optimizing for curiosity, the model emphasized over-coverage of the goal region, over-

lapping motion, hook-like patterns and visiting penalized states depicted with vases (see Figure 5.3).

Some participants highlight the extra coverage as the reason for selecting the 12x as the most

curious condition, saying the robot “cleans very well but cleaned the same place multiple time,

roaming without reason" or that it “dawdled around a lot, getting hyper fixated on certain spots"

(Exp. II-Curiosity). The same factor is highlighted by participants in less extreme conditions, with

one speculating of the 4x trajectory that “maybe something caught its eye while it was working

and it got so distracted that he totally kept getting off track” (Exp. I-Curiosity). The change in

the distribution of curiosity factor scores was expected to be small and the observations bear the

predictions out, though it is notable that despite the subtle differences a majority of participants

select either 4x or 12x as the “most curious” trajectory across both experiments.
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5.5 Discussion

Our framework is a general approach for endowing robots with a sensitivity to the behavioral

attributions their motion elicits. We illustrated its application to coverage motions, but we envision

a lively stable of related instances stretching across domains from delivery service robots to robot

arms in fulfillment centers. The process is the same; the robot arm’s designer will build a pool

of videos and study users’ responses to—and their reasoning about—the motion over a broad set

of dimensions, then learn a forward mapping from the features driving their reasoning to the

attributions in their responses. While some features such as path length or redundancy may map

over from the coverage domain, others like the shape of the acceleration profile may need to

be added to capture perceptions of danger or erraticism. The reverse translation from a desired

attribution to a new trajectory can be realized by searching in the space of trajectories, using the

attribution features to guide the process—something that may have a pronounced impact in a

higher dimensional planning space.

We haven’t yet addressed some important aspects of behavioral attribution. While our results

showed that the approach’s performance transferred to a similar environment, future work should

use more disparate environments to determine the limits of its generalization. In the setting we

explored, the observer looks at the robot’s motion from a top-down perspective, but different

perspectives may result in different impressions. Further research should evaluate data collection

techniques and environments that account for variability in observer perspectives. The features

and the learned mappings from features to attributions are specific to the types of environments

and the task considered and would likely need to be augmented to work more broadly. We imagine

that, in the future, robot designers will have access to a wide array of well-studied features with

which to bootstrap their system, and when human-robot interaction data is abundant, we may see

the rise of learned representations that can power the understanding and generation of motion
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with minimal additional supervision.
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Intuitive Models for Channel Management:
Pointing-based Assistive Teleoperation 6

This chapter addresses transparency in shared control systems, where the challenge lies

in communicating the state of assistive automation to the operator. While previous chapters

examined how to make autonomous robot behaviors more interpretable, here we address how

operators perceive and interact with assistive functions. Given limited channels, the operator

needs to understand what assistance is available and how to influence it without disrupting their

primary task.

Telemanipulation exemplifies these transparency challenges. It is widely useful but remains

demanding even for skilled operators using present interfaces. Acting through a foreign embodi-

ment with limited perception requires users to simultaneously reason about the task, the robot’s

capabilities, and the environment state. Assistive teleoperation interfaces can reduce this cognitive

burden by automating parts of the robot’s behavior, enhancing safety and comfort for applications

ranging from industrial assembly to assistive robotics for home use.

The importance of transparent interfaces extends beyond direct operation. Teleoperation is

increasingly used to collect human demonstration data from both simulated [127]–[130] and real

robots [131]–[133] for imitation learning [127], [134] and offline reinforcement learning [135],

[136]. Interface improvements are needed to make teleoperation more intuitive and to improve

the quality of collected trajectories [137], [138]. Despite these advances, fundamental challenges

remain in precise manipulation: operators struggle with depth perception and haptic feedback

limitations [139], [140], leading to grasp failures in tight clearances and excessive force when

69
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Implicit Explicit

Figure 6.1: Left: Implicit assistance funnels the operator toward the goal predicted based on (for instance)
the recent trajectory. The operator is not intended to change their input to influence the assistance. Right:
Explicit assistance affords the operator direct control over the inferred goal by pointing the gripper toward
the object of interest. A local optimization selects a feasible, collision free pose.

placing objects.

The foundation of most assistive teleoperation systems is prediction [141]–[143]. Inferring,

for instance, the operator’s desired trajectory or end-effector goal based on their recent trajectory

and context (i.e., scene, object, task) enables the automation of subsequent actions. Performant

prediction systems can engage assistance fluently in proportion to their own confidence. The

user teleoperates as they would without assistance. Their control over the predictions is implicit,

arising from how their state or actions correspond with some model of possible intended behavior.

But the benefits of implicit inference-based assistance are difficult to realize in practice. Human

environments pose challenges for online trajectory and goal prediction [144], [145]. In clutter,

where there are numerous possible target objects in close physical proximity, it is inherently

difficult to predict manipulation targets as many goals may be consistent with a user’s state or

historical input. Poor predictions can lead the operator to modify their behavior in an attempt to

better signal their goal—a confusing interaction, as the operator’s mental model of the predictor is
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likely incorrect. In such situations, it is preferable to provide an explicit interface that accommo-

dates the user’s desire to exert direct control over the predicted intent. Explicit input interfaces

usually involve modal goal-specification interactions which aren’t suitable for online interaction,

or additional input modalities, like natural language, that introduce complexity and potentially

increase burden.

In this chapter, we propose an interface for pick and place manipulation, shown in Figure 6.1,

that leverages “pointing” of the end effector as an explicit input method, requiring neither an

additional input modality nor a modal interaction1. The approach offers assistance for a possible

grasp or placement pose via optimization in a region around where a ray from the gripper to

the target object (grasping) or from the object in the gripper (placing) meets the scene geometry.

The size of the region provides a simple, configurable trade-off between smooth behavior and

effectiveness. When small, top-ranking candidates stay near where the user pointed. When large,

the top-ranking candidates may jump further to better performing poses. Parallel computation

allows the system to rank and filter many possible collision-free candidates and present suggestions

that are responsive to the user’s input at high frequency.

We implemented our proposed explicit interface on a simulated Franka Emika Panda robot and

conducted a user study comparing it to an implicit-input assistive teleoperation method on pick-

and-place stacking taskswith clutter. We find that operators prefer the explicit interface, experience

fewer pick failures and report lower cognitive workload. Our implementation of explicit assistance

and study conditions in NVIDIA Omniverse Isaac Sim is available at github.com/NVlabs/fast-

explicit-teleop.
6.1 Related Work

The design space for assistive teleoperation spans various types of operator input, different forms

of assistance and a spectrum of manual to automatic engagement [141].
1This chapter consists of materials published in [146] IROS 2024Walker, Yang, Garg, Cakmak, Fox, Pérez-D’Arpino.

https://github.com/NVlabs/fast-explicit-teleop
https://github.com/NVlabs/fast-explicit-teleop
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Most assistive teleoperation methods use a form of implicit input to autonomously generate

improved robot actions. Early methods maintained a probability distribution over possible goals

given users’ recent actions and overrode user control with actions more in line with optimal

trajectories to the inferred goal [141]–[143]. When available, data enables the use of sophisti-

cated predictive models like trajectory forecasting transformers [147] or multi-modal diffusion

policies [148]. When a task reward is available, it is possible to use human-in-the-loop deep

reinforcement learning [149]. While some of these methods produce assistance based only on the

current state, user interactions with the assistance are characteristically implicit as the user is not

intended to control the state with the aim of modifying the assistance.

Human-in-the-loop autonomous systems commonly allow operators to explicitly specify

goals, preview generated trajectories and supervise execution [150], [151]. Most frequently,

these interfaces use keyboard and mouse control over 6DOF interactive pose markers, enabling

precise goal specification at the expense of fluency, making them unsuitable online continuous

teleoperation.

Assistance can also come in the form of augmented control input schemes. [152] used demon-

strations to learn a task-specific low-dimensional control mapping, enabling operators to control

a robot arm using only a 2D joystick. [153] showed that such task-specific mappings can also

be generated conditionally based on a language description of a task in a way that also allows

natural language corrections during execution.

Another approach is to dynamically constrain actions to, for example, avoid collisions with

obstacles [154], or reject probable inadvertent input in a fine manipulation task. [155] introduced

the concept of “virtual fixtures,” registered geometric overlays, typically specified beforehand using

task knowledge, which produce sensory cues or alter control behavior as operators move through

them. These fixtures restrict motion within a region, like a virtual ruler confining end-effector

motion to a line.
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6.2 Fast Explicit-Input Assistance

We are interested in generating actions to assist a teleoperator. Abstractly, the generation of these

actions—which may be poses, configurations or trajectories—is the result of an optimization based

on state information and context:

actions = argmax
option∈A

𝑓 (option, state, context) (6.1)

The defining decisions we make about the implementation of Equation 6.1 that result in an

effective explicit-input interaction are:

• to use transparent and controllable state information;

• to prioritize smoothness of the assistance with respect to state in the selection of 𝑓 . Both

the average and maximum variations in assistance for small state changes affect usability,

as abrupt changes can be disorienting;

• and to treat the resulting action as a suggestion subject to user review and refinement.

Conventional inference-based assistance systems attempt to represent the space of possible

goal poses or next-actions inA. They select for 𝑓 a model of the likelihood of the goal conditioned

on the pose or recent trajectory of the robot.

We similarly choose to produce useful poses for the operator, but we disregard the opaque

history of the operator’s actions and instead rely on immediately controllable present-state

information. We leverage an intuitive “pointing” metaphor to allow the user to specify the anchor

for a local optimization of an assistance pose. We define the optimization to be amenable to

parallelization, ensuring it can compute at interactive speeds. The result is a pose suggestion that

the user can ignore or modify by pointing the gripper before affirmatively accepting.
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6.2.1 Pointing as Ray Control

Our experience is that the most understandable and controllable aspect of state is where the

end-effector is pointing. Although pointing is governed by all six degrees of freedom (DoF) of

the end effector pose—which we denote as 𝒆𝑒 ∈ SE(3) located between the fingers—it particularly

emphasizes control of the axis component 𝒗 ∈ R3 of the axis-angle (𝒗, 𝜃 ) representation of

the SO(3) orientation. For convenience, we will also leverage the R4×4 transformation matrix

representation of the pose 𝒆𝑒 consisting of rotation matrix 𝑹 = [𝒓𝑥 , 𝒓𝑦, 𝒓𝑧] ∈ R3×3 and translation

component 𝒑𝑒 ∈ R3. We assign the 𝒓𝑧 component outwards from the gripper, 𝒓𝑦 perpendicular

and along the axis of closing, and 𝒓𝑥 perpendicular and away from the gripper camera. These axes

are labeled on Figure 6.2.

Pointing the axis 𝒓𝑧 is familiar for operators not only because it is a necessary component of

most manipulation tasks, but also because it is a means to change the view of the “eye-in-hand”

camera that is often available. When unobstructed, this view is an innate visualization of the

pointing input upon which crosshairs or a rendered lines can directly show the pointing axis.

The pointing target is the point 𝒑𝑡 ∈ R3 at which the ray extending from the end effector

position 𝒑𝑒 along 𝒓𝑧 contacts the scene geometry, and 𝒏𝑡 is the surface normal at the target point.

These quantities can be approximated using depth data or a geometric representation that the

robot has access to. They are simple to visualize by (for example) highlighting the point in a 2D

view and drawing a tick mark in the normal direction.

Previous works have focused on the proximity of the end effector to assistance candidates, but

relative distinctions in distance are difficult to assess based on a remote 2D view. Proximity is

chiefly a function of the 3DoF end effector position 𝒑𝑒 , whereas the axis 𝒗 of the gripper orientation

is characterized by just the 2 spherical coordinates, azimuth and elevation. Pointing does still

usefully encode a nearness bias, since the area at which one can point at a given object is inversely
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Figure 6.2: Our realizations of explicit grasping (left) and placing assistance (right) both center on the
interaction of a ray from the gripper with scene geometry. A projected anchor pose is calculated then used
to select amongst a set of candidate assistance poses.

proportional to the square of the distance to the object. In other words, it is easy to point at things

nearby, grows more difficult for things further away, and quickly becomes effectively impossible

beyond a point. This bias is reinforced by the fact that one can only point at what can be seen and

further objects are subject to greater occlusion.

6.2.2 Grasp Pointing

In order to suggest a possible grasp pose to the operator using our pointing interface we must

define a mapping from the 6D pointing control to a 6D grasp pose. We denote the final grasp

assistance suggestion as 𝒆∗𝑔.

A direct mapping would be to simply displace the current gripper orientation along the ray to

some fixed offset of the target point, making no modification to the gripper orientation. However,
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our experience is that users often point at oblique angles but nonetheless desire an approach

orthogonal to the object surface. Instead of using 𝒓𝑧 , we use the negation of the surface normal 𝒏𝑡

at the target point 𝒑𝑡 .

Users generally expect the angle 𝜃 about the axis to be the one that is “most similar” to their

current orientation. To encode this geometrically, we project a reference vector anchored to the

gripper onto the plane defined by the intersection point 𝒑𝑡 and the normal vector 𝒏𝑡 . Any reference

vector may be selected, however it is preferable to use one that is unlikely to be perpendicular

to the plane, like 𝒓𝑥 or 𝒓𝑦 . The minimal rotation is the geodesic between the current and the

projected reference vector.

The resulting grasp anchor pose 𝒆𝑔 provides an intuitive, cursor-like interaction when the

gripper ray is swept across the scene. It is unlikely to be a satisfactory grasp on its own, however,

because an orthogonal approach may be inappropriate for the object, or the position may cause

contact with the object or other scene geometry. A generative grasp model can be used to provide

a set A(𝒆𝑔) of candidates near the anchor. The specification of “near” governs the smoothness

of the assistance interaction, with smaller thresholds ensuring that the resulting poses do not

change substantially as the cursor moves but necessarily excluding more suitable grasps that are

too far away. Each candidate can be computed and scored independently, making this step highly

parallelizable. The result nearest the anchor should be taken as grasping suggestion 𝒆∗𝑔. Generally

the quality and smoothness of the assistance improve as more candidates are considered so long

as the computation runs at interactive rates.

6.2.3 Placement Pointing

As with grasp pointing, we seek a mapping from the 6D pointing control to a 6D end-effector

placement pose, 𝒆∗𝑝 .

The object may have been grasped in an arbitrary orientation, so a direct mapping that
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translates the current pose along the gripper axis 𝒓𝑧 toward the target point is unlikely to be

useful for stably placing the object. Instead, we observe that the object was likely picked from a

stable pose where it rested on a support facet defined by some point 𝒑𝑜 and normal 𝒏𝑜 pointing in

the gravity direction. At the moment of the pick, the orientation of normal 𝒏𝑜 can be recorded

with respect to the end effector pose 𝒆𝑒 , and a point 𝒑𝑜 on the object facet can be estimated by

projecting the end-effector position 𝒑𝑒 at the moment of the pick onto the scene geometry revealed

after the object is lifted.

It is now intuitive to map the control of the resulting plane (𝒑𝑜 , 𝒏𝑜); the user principally

controls the axis 𝒏𝑜 to select a pose constrained to place the facet point 𝒑𝑜 at the target point 𝒑𝑡

and to align the object normal 𝒏𝑜 opposite the target normal 𝒏𝑡 . Similar to the grasp mapping, the

undetermined rotation of the object about the target normal is specified by finding the geodesic

from a reference vector on the end effector (like 𝒓𝑥 or 𝒓𝑦) to the same vector projected onto the

target plane.

The resulting placement anchor pose 𝒆𝑝 is a direct, cursor-like projection of the grasped object

into a placement, and is used in a similar manner as the grasp anchor pose. The anchor itself may

not be a feasible placement pose if it puts the object or the gripper into contact with the scene.

Candidates A(𝒆𝑝 ) can be generated in the local region around the anchor using any generative

object placement method, with the candidate nearest the placement anchor pose serving as the

suggestion 𝒆∗𝑝 to the user.

6.2.4 Snapping

As a consequence of prioritizing responsiveness, the range of inputs which our methods map to

any particular assistance anchor pose 𝒆𝑔 or 𝒆𝑝 is small. Certain “easy” poses like a perfectly aligned

side-grasp might be frustratingly difficult to specify. We use snapping to nudge the generated

assistance toward these preferred poses, providing the flexibility to control the grasp suggestion
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Figure 6.3: Top left: The operator controls the robot while looking at two camera views displayed
picture-in-picture. Top right: Assistance suggestions are shown as a “ghost gripper” for grasping and a
“ghost shape” for placing actions. Ray visualizations are exaggerated for legibility in print. Bottom: The
experimental task involved participants extracting and stacking blue and pink blocks that were initially
scattered in one of three clutter configurations.

(as is typically needed in cluttered scenes) or to easily snap into commonly used grasps when

feasible. The behavior of snapping is demonstrated in the accompanying video.

Snaps are encoded by one or more potential fields 𝜙 (·) over poses. After anchor poses 𝒆𝑔 or

𝒆𝑝 are calculated, a local optimization over 𝜙 occurs, checking to see if there is a lower potential

pose within an 𝜖 distance threshold that would breach potential threshold 𝛾 . If so, candidates from

A(𝒆𝑔) or A(𝒆𝑝 ) are ignored and the snap pose is provided as the suggestion.

In practice, we find that specifying a set of poses that align with object centroids coupled with

proximity potential 𝜙 (𝑒∗) = min𝐺𝑖∈𝐺 𝑑 (𝒆∗,𝐺𝑖) is useful for picking and placing and requires no

additional task context.

Following [156], we define the distance between the poses 𝒙,𝒚 ∈ SE(3) with position compo-
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nents 𝒑𝑥 ,𝒑𝑦 ∈ R3 and rotational components 𝑹𝑥 , 𝑹𝑦 ∈ R3×3, as

𝑑 (𝒙,𝒚)2 = | |𝒑𝑥 − 𝒑𝑦 | |2 + 2𝛽2(1 −
𝑡𝑟 (𝑹−1

𝑦 𝑹𝑥 )
3

)), (6.2)

where 𝛽 weights the translation and rotation contributions to the distance.

6.3 Experiment

We conducted a within-subjects user study where participants completed stacking tasks without

assistance (CON), with implicit inference-based assistance suggestions (IMP), and with explicit-

input assistance suggestions (EXP).

Participants completed a multi-step singulation and stacking task where they created multiple

stacks of particularly-colored blocks from a cluttered pile. The task was designed to have few

prescribed steps and many possible intermediate goals.

We expected that participants would:

H1 : be most effective at completing the task using EXP.

H2 : make most use of suggestions provided by EXP

H3 : report the lowest workload when using EXP.

H4 : feel that the suggestions from EXP better match their preferences.

H5 : feel that they understand the behavior EXP better than that of IMP.

6.3.1 System

Participants interact with a Franka Panda robot simulated in NVIDIA Omniverse Isaac Sim. Grasp

sampling and collision checking operations are GPU accelerated using NVIDIA Warp [157].

Input Users provide input using a 6DOF mouse, a spring-suspended puck that they can displace

in three spatial dimensions while simultaneously panning, tilting, or twisting to provide 3D
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rotation [158].

Robot Control User input is interpreted as a twist goal for the robot’s end-effector. We integrate

the twist over a fixed timestep, apply the resulting transformation to the current end-effector

pose, and provide the result as a pose goal to the robot controller, a Riemannian Motion Policy

implemented in RMPFlow [159]. To avoid large accelerations, the pose goal is passed through a

low pass filter.

Camera Control Users operate the robot while monitoring a fixed view, showing most of the

robot and the workspace, and a dynamic view affixed to the gripper pointing towards the fingers.

As shown in Figure 6.3, one view is foregrounded at a time, and user input is interpreted in the

frame of the foregrounded view.

Assistance Offers of assistance are visualized as “ghosts,” as shown in Figure 6.3. Holding a

button on the 3D mouse engages the assistance, forwarding the suggested pose as a goal for the

controller with an additional preprocessing step to ensure poses are approached from the front.

Explicit Assistance Condition (EXP) We implement our grasp pointing assistance approach

using a simple approach-vector parameterized sampling scheme, looking for the nearest non-

colliding pose amongst 7125 translated and rotated candidates around the grasp anchor pose. The

samples are distributed in a fixed 2cm diameter, 1cm thick disc pattern. We did not use a placement

sampler as we assessed that direct control over the placement anchor pose was sufficient for

the experimental task. Raycasting is performed against a mesh representation of the scene. We

generate axis aligned grasp and placement poses and use them to define a snapping potential as

described in Section 6.2.4.
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Figure 6.4: Survival analysis (↑) of participant’s completion of the task over time. Lines plot percentage of
participants that completed the task at the time and Xs mark termination without completion. Differences
lie within the 95% confidence interval, with a trend that the probability of having completed the task grows
most quickly for the explicit input interface and reaches a higher peak.

Implicit Inference-Based Assistance Condition (IMP) Following [141], we attempt to infer

the user’s goal by selecting the most-probable goal𝐺∗ from a predefined set of candidates G based

on a recent window of the robot’s trajectory 𝜉𝑆→𝑈 from start pose 𝑆 to current pose𝑈 :

𝐺∗ = argmax
𝐺∈G

(
𝑒−𝐶𝐺 (𝜉𝑆→𝑈 )−𝐶𝐺 (𝜉∗𝑈→𝐺

)

𝑒−𝐶𝐺 (𝜉
∗
𝑆→𝐺

) · 𝑒−𝑑 (𝑈 ,𝐺)
)

(6.3)

The first term assigns greater likelihood to goals for which the user’s trajectory, completed

optimally by 𝜉∗
𝑈→𝐺

, has cost similar to the cost of the optimal trajectory 𝜉∗
𝑆→𝐺

. The second

term serves as a prior, assigning more mass to goals that are closer to current pose. We use

𝐶𝐺 (𝜉𝑋→𝑌 ) = 𝑑 (𝑋,𝑌 )2 and reset 𝑆 if 2 seconds pass with no control input. The same set of

axis-aligned grasp and placement poses used for snaps are used as G, and collision checking is

performed across this set to ensure no in-collision poses are offered.

6.3.2 Procedure

Participants were told they would use a 3D mouse to control a robot with three different systems,

some of which would provide suggestions they could use to help them complete tasks. Each
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Table 6.1: Comparison of condition preference Counts ↑

A B 𝐶𝐴 𝐶𝐵
𝐶𝐴

𝐶𝐴+𝐶𝐵
% (CI) 𝑝

EQ
1 EXP CON 11 1 92 (62, 100) .010

" IMP " 8 60 (34, 80) .648
CON " 1 " 11 ( 0, 48) .078

EQ
2 EXP CON 10 3 79 (49, 95) .277

" IMP " 7 61 (33, 82) .688
CON " 3 " 30 ( 7, 65) .688

EQ
3 EXP CON 14 1 94 (68, 100) .003

" IMP " 5 75 (49, 91) .127
CON " 1 " 17 ( 0, 64) .219

EQ
4 EXP CON 14 2 88 (62, 98) .013

" IMP " 4 79 (52, 94) .061
CON " 1 " 33 ( 4, 78) .687

session began with an interactive 3D mouse tutorial, followed by a robot control tutorial where

they had to grasp and lift a block, and finally an assistance tutorial which demonstrated what

suggestions of assistance would look like and how to use them.

For each condition, participants were given a brief verbal introduction to how the system

would behave and asked to “warm up” by stacking a block. Once satisfied that they understood

the system, participants completed a single stack task for 3 minutes, then had a maximum of 7

minutes to complete the multi-step stacking task. A post-interaction survey included the NASA-

TLX questionnaire [160], three agreement questions regarding their sense of control over the

suggestions (reported as assistance composite) and one regarding their sense of understanding.

Rating questions were represented using 7–point scales.

A final set of forced-choice questions probed which system “felt easiest to use" (EQ1), and

which system had the suggestions that “made it easiest to do the task the way [they] wanted to"

(EQ2) which they best understood “why [the suggestions] behaved the way they did" (EQ3), and
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“felt most in control of" (EQ4). Finally, participants completed demographic questions and rated

their familiarity with robots, operating robot arms, 3D mice, and playing video games. Sessions

lasted between 45-60 minutes total.

Participants We recruited 20 participants (18 male, 2 female, aged 19-39 M=25.1, SD=5.45)

from the University of Washington under an IRB approved study plan. Many participants were

roboticists, rating their familiarity with robots highly (M=4.80, SD=2.08, 7–point scale). Only two

participants reported being familiar with 3D-mice (rating >4 on 7–point scale). All participants

were right handed.

6.3.3 Methods

We analyze logged events, survey data and supplemental annotations using generalized linear

mixed models to account for inter- and intra-participant variance. The effect of an experimental

condition is given as either a ratio or difference of the estimated marginal mean against another

contrasting condition, and significance is determined using 95% confidence intervals. We conducted

survival analysis to characterize task completion rates over time. Statistical details are reported in

the supplementary materials.

6.3.4 Results

H1: Participants experienced significantly fewer failed picks in EXP when compared to IMP or

CON, and there was a trend indicating that they experienced fewer place failures as well, as shown

in Table 6.4. There were trends indicating that users of the explicit interface complete the task with

higher frequency and stack objects more quickly, as shown in Figure 6.4, however the differences

are not statistically significant.

H2: There was no measurable difference in the duration or number of engagements of the

assistance between the implicit and explicit interfaces. Qualitatively, we observed that some
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Table 6.2: NASA-TLX scores ↓

A B 𝑀𝐴(𝑆𝐸𝐴) 𝑀𝐵(𝑆𝐸𝐵) 𝑀𝐴 −𝑀𝐵 (𝐶𝐼 ) 𝑝

EXP IMP 3.42 (.25) 3.77 (.25) -.36 ( -.97, .25) .335
" CON " 4.33 (.25) -.92 (-1.53, -.31) .002

IMP " 3.77 (.25) " -.56 (-1.17, .05) .079

Table 6.3: Assistance subjective scores ↑

EXP IMP
Question 𝑀𝐴 𝑆𝐸𝐴 𝑀𝐵 𝑆𝐸𝐵 𝑀𝐴 −𝑀𝐵 (𝐶𝐼 ) 𝑝

Composite 4.70 .253 3.44 .253 1.25 ( .52, 1.99) .002
Understanding 4.62 .274 4.29 .274 .33 ( -.47, 1.14) .398

participants made use of the explicit assistance system without engaging it.

H3: Mean workload was lowest for the explicit condition, however the difference was only

significant when compared to the control condition. The implicit input condition was rated as

higher workload than the explicit condition and lower than no assistance at all, however these

differences were not statistically significant, as shown in Table 6.2.

H4: Participants indicated that the explicit assistance interface was more controllable, rating

it 1.25 points (CI .52, 1.99) more highly on average on our assistance composite scale (reported in

Table 6.3 and Figure 6.5).

H5 Participants rated their understanding higher on average, but the difference was not

statistically significant as shown in Table 6.3 and Figure 6.5.

6.4 Discussion and Limitations

We designed an explicit-input teleoperation interface that is interpretable, responsive, unobtrusive

and capable. These design principles have inherent trade-offs. For example, making assistance

more capable may result in a less responsive and less usable system. Although our study considered

a single fixed grasp sampling region, the size of this region as well as the nature of any additional



6.4. Discussion and Limitations 85

CON

IMP

EXP

1 2 3 4 5 6 7

NASA−TLX

IMP

EXP

1 2 3 4 5 6 7

Assistance Composite

IMP

EXP

1 2 3 4 5 6 7

Understanding

Figure 6.5: Raw data for subjective scores collected on 7–point scale with density estimates overlaid. Point
and bar show estimated marginal mean with 95% confidence interval.

Table 6.4: Failure counts ↓

A B 𝑀𝐴(𝑆𝐸𝐴) 𝑀𝐵(𝑆𝐸𝐵) 𝑀𝐴/𝑀𝐵 (𝐶𝐼 ) 𝑝

Pi
ck

EXP IMP 1.13 ( .32) 2.48 ( .59) .46 ( .23, .91) .028
" CON " 4.22 (1.15) .27 ( .10, .75) .008

IMP " 2.48 ( .59) " .59 ( .27, 1.27) .242

Pl
ac
e EXP IMP .55 ( .18) .59 ( .18) .93 ( .38, 2.29) .980

" CON " 1.22 ( .30) .45 ( .20, .98) .043
IMP " .59 ( .18) " .48 ( .23, 1.04) .065

potentials applied to “snap” poses constitute simple configuration to manage this balance, not

dissimilar to how we created a configurable balance between performance and expression in

Chapter 4.7.

Our implementation is deployed in simulation, making it applicable to simulated data collection

or robot teaching interactions. Porting our system to teleoperation of a real robot would require

the integration of appropriate generative grasp- and placement-pose models, as well as object state
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estimation or point cloud-based occupancy checking methods. Our experimental assessment of

the interface informs and motivates the future development of physical implementations. Future

work should also explore placement assistance with objects and support surfaces that are not

well-approximated as planes.

6.5 Conclusion

We contribute a new framing for assistance interactions based on explicit input and two new

algorithms and interfaces for online teleoperation, designed to leverage GPU-based parallel

computation to calculate feasible grasping and placing options online—even in clutter. Our work

goes beyond individual picks by also considering assistance during placement, thus offering

a complete workflow for multi-step pick and place tasks. The results of our study highlight

the promise of this new kind of assistance interaction, and motivate us to further explore how

accelerated computation can augment teleoperation.



Whole-system Transparency:
Incident Review 7
Robots operating in real-world environments inevitably encounter failures. When these fail-

ures occur, human supervisors must diagnose the issue, determine its cause, and decide on

corrective actions. However, the sheer volume of information generated during robot operation—

spanning sensor logs, video feeds, and internal state transitions—can overwhelm even expert

users. Without effective transparency mechanisms, identifying relevant failure indicators becomes

a time-consuming and error-prone process.

This chapter presents methods for improving the transparency of robot behaviors during

failure review interactions by transforming complex, multimodal recordings into interpretable

summaries. In both cases1, we take existing robot behaviors, structured as finite state machines,

and introduce post-processing techniques to distill key information. The methods we describe

provide simple configuration to control the amount of information exposed to incident reviewers.

Section 7.1 develops natural-language “narrations” of robot experience for users browsing

recordings of a mobile manipulator which failed to complete its task. The method consumes

multimodal recordings, accepts annotated metadata about parts of the robot and the overall nature

of the task, and leverages powerful language models to provide summaries. Because of the wide

range in users’ capacity or desire for additional information, we also show that narration can be

generated in user-configurable levels of detail.

Section 7.2 develops an assisted review interface intended for technical reviewers of complex or

multi-part robot failures. In keeping with our general framework for automating transparency, we

87
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consumemultimodal recordings and a small number of annotated failure recordings to learnmodels

of failure. We apply model-interpretability tools to identify modality-specific and temporal features

contributing to predictions. Surfacing this information in a standard robotics data visualization

tool enables users to better uncover failures.

Taken together, the works in this chapter demonstrate that our approach to automating

transparency is applicable even for complex behaviors. Manual interventions would be hindered

by the need to compose well in a modular system, where components are variously scripted or

learned. Providing transparency from the data-layer makes the approaches tolerant of black-box

components, as only their inputs and outputs are used.

7.1 Narrating Robot Experience for Failure Localization and Recovery

Natural language is a promising channel for communicating information about robots’ behaviors

and experiences [163]. Some previous works have attempted to make robotic systems more

transparent using language [18], [37], but these efforts are either limited to specific domains or

require robot behaviors with rigid symbolic specifications. The natural language interface and

commonsense reasoning capabilities inherent to large language models (LLMs) make it feasible

to provide grounded text descriptions of real-world robot experiences. Such descriptions could

be applicable across a broad range of domains, potentially leading to improved safety and user

satisfaction in applications such as assistive feeding, home robotics, and self-driving vehicles.

Grounding real-world robot experiences into natural language presents several challenges [164].

First, robot data is multimodal, making it difficult to process and integrate. Mobile manipulators

produce RGB images from various viewing angles, point clouds, audio recordings and more sensor

data. These disparate data formats and semantics complicate the processing and integration of

1Materials from this chapter are adapted from:
[161] Section 7.1 CoRL 2024 Wang, Liang, Dhat, Brumbaugh,Walker, Krishna, Cakmak
[162] Section 7.2 In submission Walker, Wang, Grotz, Cakmak
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multimodal input. Secondly, robot data has different sample rates, making alignment difficult.

Visual data from cameras might be captured at a different frequency than data from force sensors

or joint encoders. This discrepancy complicates synchronizing data streams to create a coherent

representation of the robot’s experience. Lastly, the system must filter and prioritize relevant

information to avoid overwhelming the user with unnecessary details.

In this case study, we introduce an LLM-based system for generating narration of robot

experience based on recorded multimodal data. We consider users with different use cases and

levels of expertise, ranging from no prior experience with robots to expert-level familiarity. These

scenarios incorporated different narration modes with diverse narration strategies and abstraction

levels. Finally, we conduct user studies and find that the generated text improves people’s accuracy

and speed in localizing and identifying issues with robot behavior execution.

7.1.1 Related Work

Robotics and LLMs LLMs and VLMs can be used in almost every part of robot develop-

ment [165], [166]. In perception, vision-language model and vision-language-action models have

demonstrated they can significantly enhance the generalization capabilities of robots [132], [167]–

[170]. In decision-making, LLMs have been used to make planning and execution more flexible and

context-sensitive [171]–[177]. In control, language-conditioned policies and transformer-based

robot control have been widely studied in recent research [131], [132], [171], [178]–[183]. Finally,

LLMs can significantly improve both robot-environment and robot-human interactions [184],

[185]. In this work, we focus on using LLMs to enable natural language grounding of robot

experiences and applying the grounded experiences to resolve downstream real-world robot tasks.

Scene and Action Understanding for Robots Scene understanding involves recognizing

objects, their relationships, and the context within a scene, while action understanding requires
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Figure 7.1: Our framework for robot narration has three components: key frame selection, experience
summarization and narration generation. It takes in the raw multimodal robot data stream and outputs text
describing past experiences, current observations, and future plans of the robot.

interpreting the robot’s actions, understanding the outcomes, and planning future actions ac-

cordingly. Although dense video captioning and scene-graph generation have been extensively

studied in computer vision [186]–[191], these models cannot be directly transferred to robots due

to distribution mismatches. With the rise of embodied AI and LLMs, new approaches for scene

representation and understanding in robots have emerged [192]–[198]. Scene and action under-

standing must work together to solve robotic tasks, such as failure explanation [177], [199]–[203],

affordance estimation [171], [204], and task execution [205]–[208]. We introduce a framework to

ground robot experiences with both scene and action understanding. Unlike previous work [177],

our framework includes both low-level control and high-level planning actions.

Natural Language Summaries of Robot Experience Language is a naturalistic means of

providing information about a robot’s behavior which requires only a speaker or a display, but

previous approaches have been constrained to engineered templates, often in conjunction with

symbolic models of the behavior [209]. Our framework does not require any engineered templates

or symbolic models, which makes it more generalizable and easy to use.
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7.1.2 Multimodal Key Event Selection

During execution, massive amounts of data are generated at various rates from the robot’s sensors,

which can create data that is too repetitive and dense to be interpretable for users. The sampling

rates of different robot sensors can vary significantly, creating difficulties in aligning information

to be processed together. These challenges necessitate some procedure for aligning and sampling

valuable information from the data. We call such samples key events, which are used to generate

experience summaries in Section 7.1.3 and narration in Section 7.1.4.

Multi-Sensory Data Alignment We split robotic data into three categories: Environment (E),

Internal (I) and Task Planning (TP). We sample and align these dense, mixed data by dividing

the duration of the data by a single sample rate 𝑠 for a sequence of frames 𝑓0, 𝑓1, . . . , 𝑓𝑛 , such that

frame 𝑓𝑖 and 𝑓𝑖+1 are separated by time s. In each frame, we add the robot information across each

considered medium, using the information with the timestamp closest to the frame timestamp.

The result of this procedure is a sequence of frames separated by a fixed interval that captures

information across robot sensors that may have mixed, high-frequency sampling rates.

Key Event Selection with Multimodal Inputs Key events are selected from the aligned

data by heuristically monitoring for interesting information across the different data categories.

For environmental data, we compute the optical flow of the RGB images to capture the motion

dynamics within the scene, using the running sum of average flow magnitudes as a heuristic for

computing changes in perception information sufficient for a key event. For the internal state of

the robot, the joint states are used as a heuristic for observing changes in robot motion sufficient

for a key event. Observing that changes in both flow magnitudes and joint states are significantly

different for when the robot is moving its base, moving its camera, and all other movements, we

normalize each of these values to have a mean of zero and standard deviation of one, and track the
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running positive sum of the normalized values. Once the running sum reaches a set threshold, we

note that there should be a key event. We also add a key event each time there is a state change in

the task planner, with the reasoning that state transitions are indications of notable events.

7.1.3 Experience Summarization

With selected key events, the next step is to ground raw robotic data into experience summaries

in natural language. Based on the categories of the robot data, the experience summary is also

composed of three components: environment summary, internal summary, and planning summary.

Environment Summary The goal of an environment summary is to ground the observations

from the robot into natural language. We use YOLO World [210] to provide open-world object

segmentation of RGB images. The detected objects are represented by a bounding box coordinate

and unique object id, forming an detected object set 𝑂𝑑𝑒𝑡 . Since the real environment is complex,

the observation of a scene can contain an excessive number of objects. Our system leverages depth

information to filter out irrelevant objects based on certain distance criteria, 𝑐𝑑 . The remaining

objects form an object set for the scene,

𝑂𝑠 = {𝑜𝑠 | (𝑜𝑠 ∈ 𝑂𝑑𝑒𝑡 ) ∩ (𝑑𝑜𝑠 < 𝑐𝑑)} (7.1)

where 𝑑𝑜𝑠 is the distance between object 𝑜𝑠 and the robot. We have a spatial relation set for

the objects, which is defined as 𝑃𝑠 = {left to, right to, above, below, in front of, behind}. The scene

graph is a set of object, relation and distance triplets, 𝑅𝑠 ⊆ 𝑂𝑠 × 𝑃𝑠 × 𝐷𝑠 .

Internal Summary The goal of the internal summary is to ground numerical state components

(e.g. base states, joint states, etc.) to natural language based on the configuration of the robot.

Each part of the robot is annotated with three pieces of information: part description, part limit
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and part type. This annotation is specified as part of the system prompt for the internal summary

generation. The system prompt also specifies that the internal summary should contain exact

names and numerical values of the part states. The final internal summary contains a list of

robot parts with exact part names, a detailed description with numerical values, and a grounded

explanation that people without robot experiences can understand.

Planning Summary It is hard to infer and narrate the expected outcomes for every one of the

low-level actions contained in the internal summary. Therefore, a planning summary is generated

to to summarize the high-level plan of task execution. It contains a description of the overall task,

the sequential order of sub-goals, the current sub-goal and a history of sub-goal executions and

outcomes. Unlike other methods only using the current sub-goal in their planning summary, one

critical change is we also include a history of sub-goal executions and outcomes. This enables

narration and failure analysis for long-horizon tasks.

7.1.4 Narration Generation

The experience summaries ground environmental observations, internal status and task planning

of a robot during task execution into detailed natural language. However, not all of the details are

useful for humans to understand and react to the robot. We need to abstract the information and

only narrate things users care about.

NarrationMode The requirements for narration can vary significantly depending on the robot’s

use cases and the user’s level of expertise. To meet general narration needs, we have defined three

modes: 1) Alert Mode narrates only the important information which requires the user’s attention;

2) Info Mode narrates robot experiences in multiple sentences and provide a concise summary

of the robot’s observations, internal status and planning without any numerical values and part

names; and 3) Debug Mode incorporates all details of environmental observations, robot internal
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status and the robot’s planning, including numerical values and attribute names. The mode is an

input parameter to the LLMs and controls the properties of generated narrations. We envision

that users can specify the mode of narration as needed, provided a simple but powerful means of

configuring the transparency they are provided.

Progressive Narration Generation We consider a generated narration to be good if it has

the properties of non-repetition and smoothness. Non-repetition means the narration should

not repeatedly describe behaviors which have previously been narrated. Smoothness means the

transition between narrations should be natural and seamless. We use progressive generation

to achieve these properties. Consider a robot narration history which contains all the narration

instances until key event 𝑡 − 1, 𝑁𝑡−1 = {𝑛0, 𝑛1, ..., 𝑛𝑡−1}. When there is a new key event, 𝑘𝑡 , a

new experience summary, 𝑠𝑡 is generated. We input both 𝑁𝑡−1 and 𝑠𝑡 with a specified mode𝑚 to

an LLM to generate the narration, 𝑛𝑡 , at time 𝑡 , where 𝑛𝑡 = 𝐿𝐿𝑀 (𝑁𝑡−1, 𝑠𝑡 |𝑚). Then, we add the

narration 𝑛𝑡 to the narration history. The most recent generated narration 𝑛𝑡 will be shown to the

user in our user interface. This process is shown in Figure 7.1. For our experiments

7.1.5 Experiments

Failure Dataset We collect a dataset using a Stretch SE3 robot in a home environment [211].

We created four real-world housekeeping tasks: pick a dirty cup and put it in the sink, microwave

lunch, hang a hat, and collect dirty clothes. We collected data, including RGB-D observations

captured by two cameras (an Intel RealSense D435i on the head and a D405 on the gripper), joint

readings, base readings, state information, and diagnostics. We also save the processed data which

includes downsampled aligned keyframes. For each demonstration, human experts create ground

truth labels for failure timestamps, failure reasons, and recovery instructions. The dataset contains

70 demonstrations and 76 failure cases across navigation, manipulation, and detection. Figure 7.3
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The robot is navigating towards the 
table with a dirty cup while turning 
left rapidly and moving forward at 
a moderate speed.

The robot is currently navigating towards the table 
with the dirty cup. Its arm is slightly extended 
forward and at a mid-height level, ready for the next 
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table to pick up a dirty cup and ultimately place it in the 
sink. The robot is currently navigating to locate the cup, 
moving at a speed of 0.0856 meters/second with an 
orientation of 1.1990 radians and an angular velocity of 
0.5982 radians/second. Its immediate surroundings feature 
sofas; sofa_0 is 0.135 meters in front of the robot, while
sofa_1 is 0.128 meters to the left of it. Key joints and 
components are stabilized: the wrist extension is at 0.10 
meters position with a minimal velocity of 0.00036 
meters/second, and joints for lifting and arm segments are 
also positioned steadily. Each segment from joint_arm_l3 to
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negligible velocity of 0.00009 meters/second. Head and 
wrist joints exhibit minimal movement, ensuring a stable 
navigation state. The robot plan progresses through 
identifying the cup, with the current state being
'NAVIGATE_TO_CUP’. Any navigation system failure or 
object recognition error at this stage could impede the 
mission. The effort levels across the joints, such as 40.91% 
in the joint_lift, while grounded, indicate functional 
conditioning but highlight close monitoring requirements to 
avoid mechanical stress. 
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Figure 7.2: Example narration generated by our approach in different modes.

shows the task and failure composition of the dataset.

User Study Setup We conducted a user study to evaluate our narration generation method and

interface, both qualitatively and quantitatively. The user study consisted of two sections: narration

quality evaluation and failure identification using narration. We recruited 24 participants for the

user studies. Prior to each section, we provided a tutorial to familiarize the participants with the

tasks. At the conclusion of the user study, we administered a questionnaire to gather information

about the participants’ demographics and their background in robotics.

Experiment I: Narration Quality Evaluation We compare our method with the following

baseline methods and ablations (GPT-4o is used as LLM and VLM for all the methods): BLIP2,



96 Chapter 7. Whole-system Transparency

Failure Time: 1:08
Failure Reason:
The cup held by the robot hits a chair
while navigating, dislodging the cup from
the gripper and dropping it on the floor.
Recovery:
Teleoperate the robot to moving
backward carefully to prevent dropping
the cup on the floor and retracting the
arm to allow enough space between the
robot and the chair and start the 
navigation again.         

State
Failure
Count

Put Cup in Sink (P) Microwave Lunch (M)

Collect Dirty Clothes (D)Hang Hat (H)

Navigation Manipulation Detection Base Manipulator

Number of Recordings
32 (P) 17 (M) 16 (H) 5 (D)

Failure Time: 0.54
Failure Reason:
The robot successfully detected the
white shirt, but it classify it as a clean
cloth due to an issue with CLIP.
Recovery:  
Teleoperate the robot to slightly move
backward and rotate the base to move
in the direction of the white shirt around
15cm and then start the detection
module again to redo cloth detection.

12
54

10

Labeled Failure Examples

Figure 7.3: We design four long-horizon tasks for a Stretch robot in a home environment. Left: the
different tasks with base and manipulator trajectories, as well as flow of states the robot experiences in
each task. Right: the number of failure cases under each robot state in the dataset. The pictures are failure
cases selected from the dataset and the text are human-expert-provided ground truth labels for the frames.

REFLECT, TEM-LLM (all raw sensory data directly input to LLM), TEM-VLM (all raw sensory

data directly input to VLM), and RONAR (our method).

Participants rated the generated narrations on naturalness, informativeness, coherence, and

overall quality using 1-5 Likert scales. The evaluation criteria for informativeness and coherence

follow common practices for human evaluation of natural language generation [212]. The study

began with an introduction to the evaluation metrics. Participants engaged in a rating practice

session involving two sample image-narration pairs to verify their understanding. Following

this, each participant was presented with a sequence of narrations generated by five methods,

accompanied by three image-narration pairs. The results are shown in Table 7.1.

Experiment II: Failure Identification by Human with Narration We selected four failure

cases in different states (two in navigation, one in manipulation, and one in detection) from
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Table 7.1: User ratings on narrations generated by different methods

Method Naturalness Informativeness Coherence Overall

BLIP2 3.25 ± 1.18 1.69 ± .87 2.56 ± 1.59 1.81 ± .91
REFLECT 2.13 ± .95 2.94 ± .99 2.88 ± 1.08 2.81 ± .98
TEM (LLM) 3.94 ± .85 4.06 ± 1.06 4.25 ± .77 4.13 ± .71
TEM (VLM) 3.38 ± .80 4.06 ± .99 4.06 ± .85 3.75 ± .77

RONAR (Ours) 4.19 ± .91 4.56 ± .62 4.56 ± .51 4.50 ± .51
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Figure 7.4: Left: The accuracy of failure localization and explanation from the user study using different
interfaces. Right: The average time taken by participants to localize failure and both localize and explain
failure using different interfaces.

the putting cup in sink task from our dataset. We prepared four interfaces for the participants:

video interface, video and sensory information interface, keyframe interface (RONAR-UI without

narration), and RONAR-UI. Participants were given a full demonstration of a failure displayed on

each interface. We asked participants to type their answers for the time of failure occurrence and

failure explanation for each failure demonstration. We timed participants as they answered each

question using the interface. The results are shown in Figure 7.4.
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7.1.6 Results

The method can generate high-quality narrations. Table 7.1 shows the quality of the

narrations on different metrics. For naturalness, our method outperforms BLIP2, REFLECT, and

TEM (VLM) with a slight improvement (0.25) on TEM (LLM). For informativeness, all LLM-based

methods have a similar performance, leaving a large gap compared to other methods. Our method

has the highest overall rating, outperforming the second-place method by 0.50 scale points.

Narration improves users’ accuracy and efficiency in failure analysis. In Figure 7.4,

our interface outperforms other interfaces in both accuracy and efficiency in assisting users in

localizing and explaining the failures. One interesting finding is that a raw data interface with all

sensory inputs does not help users achieve better failure localization and explanation accuracy

than a raw video interface. With similar accuracy, our method significantly reduces the time used

for failure analysis compared with the raw video interface.

Limitations We use two-step LLM-based summarization to generate narration, which makes

the system slow and affects the user experience. Our experiment is limited to a single mobile

robot within a single environment. More types of robots and environments should be studied to

characterize the generalization of the proposed approach.

7.2 Highlighting Data for Remote Robot Incident Review

Human supervision is a key part of addressing the failures autonomous systems inevitably face

as they scale. Today, fleets of commercial autonomous vehicles roam with remote supervision

as a primary fallback mechanism [213]. Beyond “distress call” interventions, humans also make

determinations about whether the issues or environmental circumstances they’ve identified require

limiting fleet operations [213]. Other instances of large-scale remote robot supervision include
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ground delivery [214] and warehouse logistics robots [215]. Researchers have also used as-needed

intervention to extend the capabilities of their limited systems [216].

Beyond recovering from mistakes, human supervisors provide data that enables continual

improvement of large scale autonomous systems. Commercial operators do not generally disclose

the types and scale of supervision that feed into their systems, but a report on one data labeling

service provider uncovered that thousands of crowdworkers are employed to complete visual

annotation tasks for autonomous vehicle makers [217]. Several startup providers offer human-in-

the-loop solutions for vehicles and warehouse manipulators, with some positioning the approach

as a means to address gaps in data. For other groups, understanding and diagnosing errors is

an internal facet of the development cycle for autonomy teams, much as it is for many robotics

researchers.

Robot supervisors are often remote, working without the benefit of direct observation, and

usually entering situations without having observed the lead-up to the incident. For each new

incident, they must extract context from reams of multimodal data across formats like audio,

video, numeric timeseries and textual logs. Sometimes, important information must be inferred

due to limited sensing. When supervisors intervene in live systems, there is pressure to reach

a resolution and prevent further service disruption. When they review past incidents, there is

an incentive to minimize time spent annotating or labeling so the task doesn’t impede product

development.

In this work, we investigate how to assist remote robot supervisors in understanding and

labeling issues in recorded robot data. We consider settings where an overall indication of failure is

available, but the combination of underlying issue(s) present cannot be automatically determined.

Humans complete this multi-label classification task so that the data can be best used to drive

system improvements or develop comparable test scenarios.

We contribute 1) a novel approach for generating interpretable labeling assistance, a step
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Figure 7.5: Our approach to providing assistance to human supervisors as they label issues in robot data.
Left: multimodal training data consisting of a limited number of labeled episodes is featurized and used
to train weakly predictive models. The models and the dataset are used to calculate feature importance
weights. Right: an unseen episode is annotated with predictions from the learned model, and the feature
weights are used to increase the salience of particular times or modalities of the recording.

towards context-aware interfaces for understanding robot failures; and 2) insights from a user

evaluation of the approach, realized in the context of a warehouse picking system [218].

7.2.1 Related Work

The problem of analyzing and diagnosing issues in robotic systems has many antecedents. Many

researchers have looked at how to detect failures or anomalies online during manipulation. [219]

provides an early example of a machine-learning driven anomaly detection method aimed at

high-dimensional robot data. Motivated by safety needs in physical human-robot interaction, [220]

showed an online multimodal execution monitoring approach that adapts its detection threshold

based on the phase of execution. [221] showed a multimodal approach to detecting manipulation

failures incorporating RGBD and audio data. [222] furthered this work by introducing a symbolic

learning framework for success and failure detection in grasping and mobile manipulation tasks.
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Failure classifiers are often sought because they can enable online adaptation or recovery. Recently,

[177] demonstrated that large language models (LLMs) can identify failures in summaries of

multimodal robot data. [223] demonstrated that vision-language models (VLMs) can be trained to

detect and reason about failures in natural language, enabling online adaptation under a variety

of manipulation paradigms.

Other work has focused on providing detected failures to assist human supervisors. [18]

characterized the types of information that are useful in robot failure explanations and demon-

strated an encoder-decoder model for generating them. [161] demonstrated that LLM-generated

summaries of multimodal robot data can help humans identify and pinpoint the time of a failure in

a long-horizon task. [224] compared contrastive and feature-level explanations. [225] investigated

the use of feature-based interpretability tools, augmented with domain-knowledge in the form of

causal relationships between features, to produce failure explanations. We make use of similar

tools in our work, aimed at enhancing visualizations of multimodal data.

Little work has explored the design of tools or assistance for robot debugging. [226] studied

roboticists’ experiences using RViz, 2D GUI visualizations, and an AR interface. As suggested by

the authors, our work explores one path toward a context aware interface.

7.2.2 Interpretable Robot Failure Diagnosis Assistance

We consider robot data in episodes, each consisting of a multimodal setM of data streams. An

episode represents a task-dependent meaningful unit of interaction, for instance an individual

pick attempt in a warehouse manipulation system, or an intersection crossing for an autonomous

vehicle. Typical modalities may include sensor data streams, like camera image and force torque

streams, as well as other internal data, like the name of the current phase of the robot’s behavior

or the sequence of textual log information.

We seek to assist the human supervisor in identifying issues in new episodes by providing
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predictions coupled with “highlights” applied to make parts of the data more salient. To do this,

we couple a learned model for predicting the labels with Shapley additive explanations (SHAP), a

feature-based model interpretability tool. We aggregate the features determined to be important to

each prediction so that they can be presented to supervisors in a typical robotics data visualization

interface.

Describing Failures

Each episode may be characterized by zero, one or several labels from an assumed taxonomy 𝐿

of relevant issues. For instance, a failed pick episode may exhibit an object escaping a grasp by

deforming, as well as a poor grasp pose selection. An episode 𝑒 is characterized by binary vector

𝑦𝑒 ∈ {0, 1}𝐿 , with each entry indicating the presence (1) or absence (0) of an issue.

We assume that it is challenging to automatically identify a complete label vector 𝑦𝑒 , but

that doing so is important enough to warrant the use of human supervision. This happens

often when deploying systems in open-ended environments, where (for instance) perception or

manipulation systems operating outside their training regime fail in various—and likely multiple—

ways. Ascertaining 𝑦𝑒 assists development by directing attention to precisely representative test

scenarios, and by providing supervised data for the individual components of the robot system

that are associated with each label.

Feature Extraction

Features are basic numeric scores derived from data streams. They fall into two categories: (1)

modality-specific—e.g., the descriptive statistics of force measurements, or features of mask of a

target object; and (2) phase-based—e.g, the statistics of the end effector goal pose error windowed

to a particular phase of execution.

Any feature that can be computed over the entire episode may also be computed over a subset
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of the execution, thus the majority of features are expected to fall into the phase-based category.

Many systems have meaningful internal representations of the current phase of execution because

they are specified as behavior trees or state machines. Systems operating with fewer internal

explicit representations would need to window data by, for instance, using dynamic time warping

and a fixed window size.

The nature of the features depends on the modalities at hand, with the only constraint of the

approach being that each feature be associated with some defined subset of data streams. We

observe that standard descriptive statistics and minimum and maximum quantity information are

informative when taken for meaningful windows of the robot’s execution.

Predicting Failures

We treat the prediction of failure label vector𝑦𝑒 as a conventional multiclass classification problem,

for which labeled data are available. LetD = {(𝑥𝑒, 𝑦𝑒)}𝑁𝑒=1 denote our dataset, where 𝑥𝑒 ∈ R𝑑 is the

feature vector extracted from multimodal sensor data for episode 𝑒 . We seek to learn a function

𝑓 : R𝑑 → [0, 1]𝐿 such that 𝑦𝑒 = 𝑓 (𝑥𝑒), with each 𝑦𝑒𝑙 representing the predicted probability of

failure mode 𝑙 for episode 𝑒 .

We train 𝑓 by minimizing the binary cross-entropy loss. There is no particular constraint on

the form of the model, which is instead dictated primarily by the volume of data available.

SHAP-based Attribution and Feature Aggregation

First, we compute Shapley additive explanation (SHAP) values [227] to obtain a decomposition of

the model output:

𝑓 (𝑥) = 𝜙0 +
𝑑∑︁
𝑗=1

𝜙 𝑗 (𝑥),
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where 𝜙0 is a baseline model and each 𝜙 𝑗 (𝑥) quantifies the contribution of feature 𝑗 .

These SHAP values are then aggregated in two ways: by modality (e.g., audio, force, camera

feed, diagnostics) and by state (as defined by the robot’s operational state sequence).

We define amapping𝑀 : {1, . . . , 𝑑} → 2M such that feature 𝑗 is derived from a set of modalities

𝑀 ( 𝑗). Then, the aggregated SHAP value for a modality𝑚 ∈ M is given by

Φ(𝑚) = 1
𝑁

𝑁∑︁
𝑒=1

∑︁
𝑗 :𝑚∈𝑀 ( 𝑗)

𝜙 𝑗 (𝑥𝑒)
|𝑀 ( 𝑗) | .

For features that incorporate behavior state information, let S be the set of state windows and

define a mapping 𝑆 : {1, . . . , 𝑑} → 2S . The aggregated SHAP value for a given state 𝑠 ∈ S is then

defined as

Ψ(𝑠) = 1
𝑁

𝑁∑︁
𝑒=1

∑︁
𝑗 :𝑠∈𝑆 ( 𝑗)

𝜙 𝑗 (𝑥𝑒)
|𝑆 ( 𝑗) | .

Abstracting individual feature contributions to time window groups of modalities makes

explanations more accessible to human supervisors, as it aligns with how information is naturally

displayed.

Concise Feature-Based Explanations

To produce a concise “explanation”, we rank the aggregated SHAP values separately for Φ(𝑀)

and Ψ(𝑆) in descending order, and we select the top K positively contributing entries. If a knee

point—indicating a sharp drop in contribution magnitude—occurs before the Kth rank, only the

entries preceding the knee are included. The resulting items “explain” the prediction of a particular

issue in terms of portions of the data that inclined the model to the label.

The appropriate value of K depends on the number of relevant modalities and states in the

data. However, it is also limited in practice by users’ willingness to review information. In our
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Figure 7.6: Still frames of failure cases during interaction in cluttered scenes. From top left, 1: a misaligned
grasp pose (GP). 2: a misaligned grasp (GP) and the object shifting off the stack (MDF). 3: a poor grasp pose
(GP) and suction being lost as the objects contact the lip of the shelf. 4: the robot hitting another object
while extracting, causing it to fall from the shelf (MED). 5: the suction seal with the target object is lost
due to the plastic wrapping on the object. 6: the robot halts (MOV) and a high force fault halts execution
(NEW).

experience, 𝐾 = 2 or 3 is appropriate.

7.2.3 Experiments

System

We investigate our proposed approach to assisting operators with failure diagnosis in the context

of an industrial picking workcell. Each episode consists of a pick, wherein a UR16e robotic arm

uses its suction gripper to retrieve a particular object from a set of shelves.

Pick Failures The researchers developing the picking workcell developed a taxonomy of failure

modes particular to their aims of improving its performance in retrieving objects in densely packed

containers [218]. We selected a subset of this taxonomy, shown in Table 7.2, so we could easily
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introduce new users to the taxonomy in the context of a single-session user study.

Dataset We recorded and manually labeled 192 picks to obtain the dataset D, yielding 378

labels. Figure 7.6 shows some exemplary failures cases that were recorded for the dataset. The set

of 23 data streamsM recorded includes: audio and video from sensors mounted on the gripper,

joint states and end-effector force torques, vacuum levels, pre-pick image of the shelves along

with perceived object mask, gripper target poses and current end effector pose, log messages

including originating process and severity level, and hardware provided diagnostic information.

The system provided timeseries sequence of current state names from the state machine that drove

its behavior. The requested object’s product description was also included with the recording.

Features We extracted common features from each model. These included force-torque magni-

tude, goal-error magnitude, audio spectral features including MFCCs, optical flow magnitude for

video, log cluster counts, state durations and transition counts. Video frames were characterized

by a VLM for the presence of visual attributes (e.g. the count of stacked objects visible, or whether

any bagged objects are visible). Features that were themselves timeseries were represented by their

descriptive statistics over the whole pick and for the window of each state. The final representation

has 6602 features. All features are normalized to have zero mean and unit variance based on the

statistics of the dataset.

Models We train random forest decision trees independently for each label code using [228]

and use TreeExplainer [229] to calculate SHAP values. Quantitative performance of the models

is not the emphasis of our evaluation, as we are interested in regimes where there is limited

data to support highly accurate models, thus creating the need for some form of assistance for

human labelers. We trained models on 20 folds of data with 10% held-out test data (stratified to

appropriately represent classes in both partitions), and found an average 𝑅2 of 0.29 (SD=0.03). This
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level of correlation is not suitable for during-execution use, but is sufficient to expose meaningful

trends in the data under human review.

Interface Participants viewed recorded picks in a customized version of LichtBlick2. We selected

the tool because it implements best-practice visualizations for a wide range of robot data, and

because its timeline format is easy to learn for users unfamiliar with the tool. We created a

data layout displaying much of the recorded data, shown in Figure 7.7. Due to limitations of

the tool, participants were not able to listen to the recorded audio. We implemented a simple

multi-selection interface to allow supervisors to label the recorded pick’s issues and take notes in

case of ambiguities.

Assistance We incorporate assistance by rendering the top 3 predicted label codes as “sugges-

tions” in a labeling interface. Users can click to review each suggestion, enabling highlights which

render a bounding box around modalities contributing to the suggestion as well as highlighting

portions of time that contributing to the suggestion. A textual summary of the contributing

features is generated via a combination via templated language indicating the modality or state,

whether the features were high or low, passed through an LLM to paraphrase and consolidate

redundant language. The interface is detailed in Figure 7.7.

Pilot Feedback Three users, all roboticists previously unfamiliar with the robot or task context,

were recruited to provide feedback on an initial version of the assisted interface. This feedback

was used to determine the number of suggestions to display (a maximum of 3), as well as to refine

the design of the suggestion review interaction.

2A forked open source continuation of Foxglove (https://foxglove.dev/), whichwas itself a fork of autonomous
vehicle-maker Cruise’s Webviz project

https://foxglove.dev/
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Figure 7.7: The visualization tool users interacted with. Top left: a pane showing suggested issues and
allowing the user to select labels. Top image. Top center: the product description of the requested object
and the video feed from the gripper camera (highlighted in red due to the currently selected suggested
label), as well as perception mask and grasp pose composite visualizations. Right: a list of contributing
features for the currently selected “suggested” label. Bottom: state sequence, gripper force and suction plots,
and timeline showing highlighted regions for the currently selected suggestion. In the unassisted condition,
the suggestions are not displayed, the rightmost panel is hidden, and no highlights are drawn. Bottom left:
detail of the labeling interface with suggestion for code POFO dismissed, and code GP currently in review.
Bottom right: detail of the contributing features for the GP code under review. The user has selected the
second entry, which caused playback to move to the beginning of the arm retraction phase.
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Experimental Design

Our research interest is in understanding:

1. The effect of assistance on reviewers’ labeling performance

2. The impact of the assistance on the reviewers’ subjective impression of usability and cogni-

tive workload;

3. What aspects of the assistance participants use;

To address these questions, we conducted a within-subjects user study where participants

analyzed pick executions in 10 minute time trials. Participants completed the task in conditions

without assistance (CON) and with assistance (AST). Condition order was counterbalanced.

Two sets of 12 recorded picks were selected from the test sets of various folds of the model

training. The two sets were balanced to contain a similar mix and ordering of issues, and the set

assigned to a particular condition was counterbalanced.

Procedure

All participants were briefed about the robot, the task, and the failure taxonomy. Participants

were shown an example, and warned that real failures were variable and occurred in different

combinations. They were told a system had flagged these recordings for review, so it was likely

there was something wrong, but not, to mark the “NONE” code. They were also instructed that it

was possible for rare failures to not fit any existing codes, and to use the special “NEW” code for

these. The experimenter answered their questions.

In the control condition (CON), participants labeled picks using the information layout shown

in Figure 7.7. Participants in the assisted condition (AST) used the same layout, with an additional

interface element that displayed suggested labels and allowed them to enable highlights associated

with each suggestion. They were told that the highlights were automatically flagged regions of
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the recording which the system believed contained useful information, and that it was ultimately

their responsibility to make the correct determination.

After each condition briefing, participants tried the interface for one tutorial pick and the

experimenter answered their questions. Participants were instructed to attempt to minimize

mistaken labels and to label as many picks as possible during the 10 minute time trial.

Participants were compensated with a $25 gift card. The plan for this research was approved

by an Institutional Review Board.

Measures

After each condition, participants completed a NASA-TLX cognitive workload questionnaire [160],

a Systematic Usability Scale (SUS) questionnaire [230], a Trust in Automation questionnaire (for

the assisted condition) [231], and responded to open-ended prompts to “describe [their] strategy

for labeling the failure causes,” state “what features of the overall system [they used] most, or

[found] most helpful?” and to describe “which aspects of the system did [they found] confusing

or counterproductive?”.

At the conclusion of the experiment, participants were asked which system they preferred

and why. Finally, they completed a demographic survey. In addition to standard age and gender

questions, we also collected self-reported familiarity with robots, familiarity with the picking

workcell in particular, and years of experience working in robotics.

The system collected participants’ labels and information about the times the browsed, and

their use of the suggestions.

Participants

12 participants (10 male, 2 female), aged 19-55 (M=27.1, SD=11.7), were recruited from university

robotics labs and undergraduate robotics teams. Participants had between 0 and 15 years of
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experience as roboticists (M=5.5, SD=4.2). 4 participants were highly familiar with the robot,

having worked with the platform before. Experienced participants were included to represent the

perspectives of users with prior mental models of the system and its faults. Those unfamiliar with

the platform approximate skilled technical staff that may be asked to review incidents with a new

system.

7.2.4 Results

Labeling Performance Participants annotated 6 recordings on average in both conditions.

Across the recordings they reviewed, participants provided an average of 9.9 (SD=4.6) correct

annotations in the assisted condition and 8.0 (SD=3.5) in the control condition. Their precision

was similar at 77% (SD=16%) and 73% (SD=20%) in the assisted and control conditions, while their

recall was significantly higher using assistance: 74% (SD=8%) versus 59% (SD=15%), with p<=.009

for a paired t test.

Usability and Cognitive Workload We observed a trend that NASA-TLX scores decreased,

measuring a 10% reduction from 43.6 to 38.7, however the difference was not statistically significant.

Both systems registered nearly identical mean SUS scores of 72.3 (SD=14.0) for the control and

73.0 (SD=8.9) for the assisted condition. 8 of 12 participants preferred the assisted system, a ratio

which is not statistically significant. The standardized Trust in Automation score, collected only

for the assisted condition was 4.5 (SD=0.6).

7.2.5 Discussion

Participants found suggestions in time most valuable. Four participants made specific

reference to the value of being able to see specific windows of time (saying, e.g. the "guesses it

had for when the failure occurred" were most useful. P11) in their open-ended responses about

the assisted system.
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Suggestions use of undisplayed information confused participants. Participants were

briefed that the suggestions had access to additional information from the recording, and several

noted that this made the suggestions more difficult to verify, and thus less useful:

Often, the plain text information was things [sic] that I couldn’t verify in the image,

or that I hadn’t used to make my decisions in the prior experiment. (P2)

While limitations of our chosen visualization tool prevented us from displaying some kinds

of information, the experience of disconnect between particular features and their associated

modality is likely a general problem. Future work should explore how to reweight specific features

associated with suggestions based on the their ease of decoding from the associated modalities.

Users are aware of the potential for automation bias. Some participants who preferred the

unassisted interface expressed concern that the system would dull their skill in the task. One user,

who preferred the unassisted system remarked:

The first system gives me full control of the task and seemed easier to use. I believe

the suggestions will make me lazy in the long run. (P8)

This concern is well supported in human-factors literature. Future implementations of assis-

tance may consider presenting suggestions later in the labeling interaction to avoid over reliance.

Participant’s skepticism of suggestions was generally well calibrated. The suggestions

were weaker at the task than most users, something participants were able to ascertain quickly

while still making effective use of the suggestions:

I felt more confident in my answers even when contradicting the system. Even when

the system was wrong about a suggestion, it was likely that the true issue was related

to it’s suggestion so it was easier to find those problem points. (P7)
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Table 7.2: Picking workcell failure labels and descriptions

Code Description

PIOI Perception object identity: 90% or more of the
masked pixels belong to a single object that
is not the requested object.

POFO Perception object occluded: The requested
object is not visible in the bin or is more than
50% blocked by another object.

PSE Perception segmentation error: More than
30% of the visible part of the target object is
missing, or more than 30% of pixels belong to
another object.

MEC Manipulation extraction collision: The
grasped object detaches because it collides
with the bin (sides or lip) or another object
while retracting.

MED Manipulation extraction dynamic: Contact
during extraction causes another object to fall
out of the bin.

MDF Manipulation target moved unfavorably: Con-
tact shifts the target object, causing suction
failure or preventing a proper seal.

MSF Manipulation suction failure: A suction seal
forms but unseals, or no seal forms despite
more than 90% of the suction cup area con-
tacting the object.

MOV Motion planning failure: A movement cannot
be made, is only partially completed, or hap-
pens after a delay of 20 seconds or more.

INF Information missing: The recording ends be-
fore the robot returns to a known state or is
missing important data.

GP Grasp pose bad: The suction valve center is
within 1 cm of the edge (or past the edge) of
the target object, or is misaligned for small
objects.

NEW Something else: A problem or error that ei-
ther caused a pick to fail or could have caused
failure, but does not match another code.

NONE No error is present.
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Conclusion 8
Our goal has been to support the thesis stated in Chapter 1:

Unchanged robot behavior specifications can be made transparent automatically by

manipulating their observable characteristics to align with learned or intuitive models of

human inference.

We did this by establishing a conceptual framework in Chapter 3 under which behavior

specifications are passed through runtimes which manage their externalizations. We enlisted

the aide of minimal annotations provided separately by behavior creators, users or others. To

demonstrate this approach, we visited interaction contexts from observer attribution to the motion

of home and office service robots (Chapter 3.3.4 and Chapter 4.7), to an assistive teloperation

system for manipulation in cluttered environments (Chapter 5.5), to failure review systems for

mobile manipulators and industrial picking workcells (Chapter 6.5).

The challenges to automating transparency that we identified in Section 3.2 manifested dif-

ferently across our studies. We first saw how, for intrinsically motivated robots in Chapter 3.3.4,

the disconnect between internal models of exploration and external observations in the task

context could be bridged by simple explanations, demonstrating that minimal intervention can

significantly improve user understanding.

In Chapter 4.7, we confronted a more complex channel management challenge of balancing

transparency with task performance when controlling attributions to robot motion. We showed

115



116 Chapter 8. Conclusion

that a data-driven model of how humans make attributions to motion patterns could be constructed

from simple annotations, and that the model enabled a configurable system that allows behavior

creators to prioritize either efficient task execution or desired attributions without modifying the

core behavior specification.

The assistive teleoperation system in Chapter 5.5 addressed the channel management challenge

inherent in providing a visual display of assistance options. Our explicit pointing-based interface

demonstrated that assistance can be made comprehensible simply by aligning the system’s display

and predictions with an intuitive model of users’ expectations. The resulting approach also affords

a natural configuration parameter that trades between the effectiveness of assistance and the

smoothness of the presented information.

Finally, in Chapter 6.5, we tackled the challenge of information overload in failure review. By

transforming complex multi-modal data into natural language summaries and highlighting statisti-

cally relevant features, we showed that transparency can be achieved even for complex behaviors

with black-box components by operating at the data layer rather than requiring component-level

interventions. Both methods we designed afforded simple configuration to control the amount of

information surfaced to the user.

In each of these contexts, we adopted existing formats of behavior specification and we

developed runtimeswhich intercede between the existing behavior and information externalization.

We minimized changes to the underlying behavior, and instead concentrated any additional

information required into the form of annotations on top of the behavior, or into simple low-

dimensional configuration parameters. The runtimes that we developed were equally derived from

data or from simple, generalizable models of how humans make sense of the particular channel

under consideration.

Taken together, the methods and findings we have presented support a new perspective on how

robot transparency can be accomplished, a way that minimizes its reliance on behavior creators.
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None of the behavior runtimes we developed in the course of this work address the totality of the

behavior transparency problem. Rather, we hope to persuade human-robot interaction researchers

that there is a path towards systematizing best practice, and that they too should walk it.

In a decade or two, every robot will ship with a transparent and expressive behavior run-

time. Every action taken will pass through optimizations, rules and balances derived from the

community’s research. Our ability to capture models of how humans comprehend a robot’s exter-

nalizations will improve, and we’ll need less annotation to address a broader range of behaviors.

Where trade-offs must be made, simple configuration will afford behavior creators and users alike

the ability to tune the transparency to their needs.

8.1 Future Work

Our work addressed several of the challenges inherent in providing transparency automatically,

but some of those described in Section 3.2 remain largely unaddressed.

Evaluation-in-the-Loop Transparency We have evaluated transparency indirectly by its

impact on task performance metrics. Task performance, however, is a noisy measure because it is

influenced by other factors besides transparency. Further, end-to-end evaluations of interactions

are not generally feasible while developing a behavior, and are costly in any case. The presence

of a behavior runtime, a system which is necessarily aware- and in control of- a robot’s internal

state and its communicative output, may also be able to aid in evaluation. Coupled with either a

means of detecting a desired outcome (potentially annotated on the behavior), or a generic way

of querying whether a user is aware of some aspect of the state, the runtime can probe how its

externalizations are impacting the user’s understanding.
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Adaptive Transparency We have largely studied short interactions, where both the user and

the robot’s behavior are static. Both parties experience changes across longer horizons which

impact how transparency should be provided. As we pointed out earlier in the dissertation, users’

roles and expertise levels are likely to change significantly over time. Responding automatically on

behalf of the behavior creator would require that the system provide the appropriate configuration

opportunities to users, or potentially dynamically adjust this configuration during interactions.

Because behaviors themselves also evolve, we must also explore ways to detect when the runtime

is no longer able to provide meaningful transparency. This would enable the runtime to gracefully

degrade back to minimal transparency interventions or to solicit fresh annotations.

Portable Runtimes and Guidance A truly general behavior runtime—a system which ad-

dresses a breadth of contexts and operates across a range of robots—remains a distant but worth-

while goal. Consider the parallel to graphical user interfaces. Decades of research and practice in

human-computer interaction have resulted in an abundance of reusable graphical user interface

toolkits that work across some range of devices, and whose users can mix and match elements with

some confidence that they will avoid malpractice. Where rigid prescriptions aren’t appropriate,

accompanying documentation, like Apple’s Human Interface Guidelines [232], provide simple and

legible guidance. These libraries make it possible for anyone to create a competent interface and

make excellence more attainable to non-experts. The human-robot interaction endeavor has not,

thus far, produced anything comparable. If nothing else, this dissertation points us towards this

future; where we can expect robots to serve humanity through clear communication, and where

the all-too-frequent metal veil between machine behavior and human comprehension dissolves

into thoughtful, deliberate transparency.
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Appendix: Attributions to Motion A
A.1 Initializing a Pool of Trajectories

Our approach suggests beginning with a pool of trajectories, however obtaining this pool can

pose a bootstrapping problem. It’s unlikely that a diverse corpus of trajectories—one that would

span the feasible attribution space and enable a data-driven extraction approach—would already

exist. In order to create such a corpus, one would need to be confident that they have included

trajectories that adequately cover the range of attributions that are perceivable in a domain, but

the lack of such information is why we want the corpus of trajectories to begin with.

We broke this cycle by referencing existing literature on the perceptions of robot vacuum

cleaners and selecting six adjectives as candidate attributions: curious, broken, energetic, lazy,

lost, scared. We then manually demonstrated six trajectories that we judged to maximally express

these candidates. We collected responses to these trajectories and conducted an initial analysis

of what aspects of the motion users said contributed to their ratings. This informed the creation

of an initial subset of the features we would use. Additional trajectories were then generated

using a hill-descending search in the space of trajectories optimizing for incrementally altering

individual features (±0.1-0.3) selected at random while holding other features constant. We found

that alternative optimization criteria, like diversity, would lead to degenerate or trivial trajectories

which happened to have extreme feature values. These new trajectories were posed to users for

their ratings. Simultaneously, we asked them to demonstrate how they would “clean the bedroom

141



142 Appendix A. Appendix: Attributions to Motion

in a way that makes the robot look ” for random items from our questionnaire. Responses

fed back into analysis and the process was cycled through two more times with a subset of the

generated and demonstrated trajectories, resulting in the final exploratory dataset and trajectory

featurization.

A.2 Loadings

The factor loadings of our final model, derived via exploratory factor analysis of the exploratory

dataset, are shown in Table A.1.

Table A.1: Factor loading matrix

Variable Factor 1 Factor 2 Factor 3 Communality

Responsible 1.00 .06 −.07 1.01
Competent .94 .03 .00 .89
Efficient .93 .05 −.03 .87
Reliable .85 −.05 .07 .73
Intelligent .85 −.05 .06 .73
Focused .84 −.07 .02 .71
Lost − .03 .90 .01 .80
Clumsy .13 .76 .06 .59
Confused − .21 .76 .03 .63
Broken − .17 .62 −.11 .43
Curious − .04 .06 .91 .83
Investigative .12 −.02 .78 .62

A.3 Data Sensitivity

We investigated the sensitivity of our candidate models’ performance on unseen trajectories to

increased amounts of training data. We divided our final dataset, holding out 20% of the trajectories,

then trained and tested models using varying percentages of the training data, repeating the

evaluation with 8 randomized folds of the training data. The results, shown in Figure A.1, indicate

diminishing returns beginning around the use of 50% of the training data.
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Figure A.1: Average test negative log likelihood as a function of the amount of labeled human data used
in training. Each datapoint represents the mean of the average test NLL over 10 random folds. Error bars
denote standard deviation.

A.4 Trajectory Optimization

We would like to generate trajectories that elicit a particular attribution according to the optimiza-

tion (5.1). We have the forward model 𝑓𝑩 |Ξ |𝜙 (𝜉) which predicts a distribution over attributions

given the featurization of a particular trajectory. This model affords two routes towards realizing

the optimization. In the first, we directly optimize the features to maximize the objective. However,

in that case, a further optimization would be needed to find a trajectory that has the desired

feature vector, and it is possible (and common in practice) that there does not exist a trajectory

that produces the target features. The second route, which we adopt, is to search in the space of

trajectories. This space is large, and in general there is no clear best way to structure the search.

Fortunately the features we use have a clear relationship with patterns of motion, so we can

easily sample trajectories that increase the activation of individual features. Given a trajectory,

we sample a large set of neighboring trajectories using the following modifications:

Action modification : The trajectory is scanned and new trajectories are initialized by individ-

ually witholding each state 𝑠𝑖 . The single removed state is replaced by selecting every valid

alternative action from 𝑠𝑖−1 and reconnecting the trajectory with a shortest path to 𝑠𝑖+1.
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Shortcutting : Sections of the trajectory are deleted uniformly at random and the trajectory

is reconnected with a shortest path. We sample twice as many cuts as there are states in

the trajectory. Shortcutting is a well established post-processing step in motion planning,

helping to uncover shorter or cheaper trajectories that still satisfy the objective.

Template Insertion : A sequence of states is patched into the trajectory beginning at each

𝑠𝑖 . We used a “straight” template, formed by taking the action used in 𝑠𝑖−1 and repeating

it twice, and a “U” template, formed by taking three actions in proceeding clockwise or

counter-clockwise directions. The trajectory is reconnected with a shortest path to 𝑠𝑖+1.

Both templates were directly motivated by participant feedback highlighting these patterns

as contributing to the appearance of an organized principle to the robot’s motion.

Collision Seeking : The trajectory is scanned and collision-avoiding actions are individually

replaced with collision-causing actions if they are available from a state 𝑠𝑖 . The trajectory is

then reconnected with a shortest path to 𝑠𝑖+1. This sampler was motivated by participant

responses highlighting collisions as contributing to their ratings of components of the

brokenness score. These same modifications are generated by the “Action modification”

sampler. We double-sample these to reduce the chance that they are dropped in a subsequent

subsampling step.

Overcoverage : A random section of the trajectory 𝑠𝑖 ..𝑠 𝑗 between 3 and 6 states long is selected

uniformly at random and the trajectory is modified to backtrack this portion by inserting

𝑟𝑒𝑣𝑒𝑟𝑠𝑒 (𝑠𝑖 ..𝑠 𝑗 ) followed by 𝑠𝑖 ..𝑠 𝑗 in place of 𝑠 𝑗 . This modification is motivated by participant

feedback that highlighted redundant coverage as evidence of attentiveness, exploration or

attention to detail.

These samplers, and a good initialization produced by solving the original task using a planner,

make sampling-based greedy hill-descending search in the space of trajectories effective. As
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practical considerations, we discard sampled trajectories longer than 250 states to prevent the

search from exploding, then we randomly subsample 250 of the modified trajectories, and we

terminate the search once 750 steps have been taken.

As illustrated in Figure A.2 and Figure A.3, this search process is generally effective at making

use of additional allowable suboptimality to produce trajectories that the model predicts to better

elicit a desired attribution. Some non-monotonicity can be observed in one of the brokenness and

one of the curiosity plots. As trajectories get longer, the pool of neighbors sampled is diluted with

many more small changes and our subsampling step can lead the search to randomly discard more

fruitful paths.
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(a) Training environment (as used in Experiment I)

Figure A.2: Predicted distribution of factor scores for trajectories optimized under varying settings of𝑤 ,
represented as a ratio of the task-optimal cost. (Part 1: Training environment as used in Experiment I.)

A.5 Statistical Results

We conducted one-sample Kolomogorov-Smirnov tests comparing the empirical distribution of

factor scores elicited from participants against the distribution predicted by our model. To account

for the increased likelihood of Type-I errors due to multiple testing, the Holm-Sidak adjustment

was applied to the resulting p values. The results of the tests are provided in Table A.2.

For Experiment I, the tests failed to indicate a significant difference between the distributions

for all but the Competence-1x condition, suggesting that there is insufficient evidence to support

inequivalence between predicted and observed distributions. For Experiment II, the tests failed to

indicate a significant difference between the distributions for all conditions, suggesting that there

is insufficient evidence to support inequivalence between predicted and observed distributions.

We conducted Kendall’s tau-b correlations to determine the relationship between the allowable
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Figure A.3: Predicted distribution of factor scores for trajectories optimized under varying settings of𝑤 ,
represented as a ratio of the task-optimal cost. (Part 2: Modified environment as used in Experiment II.)
The optimization goals are configured as in our experiments: a Gaussian centered at 1.5 with standard
deviation 0.3. The plots show the marginal density for the factor under consideration. The companion
plots show the KL divergence for each plotted distribution, measuring closeness to the goal distribution for
each generated trajectory. The bound line represents the distribution and KL divergence predicted for a
feature vector obtained by optimizing features directly, as opposed to optimizing in the space of trajectories.
Generally, these features may not be realizable with a trajectory that obeys domain constraints, so the
predicted distribution represents an upper bound.

suboptimality of a generated trajectory (1, 2, 4 or 12) and the observed factor scores for the attribu-

tion under study. The correlation coefficients and p values are reported in Table A.3. The results

indicate strong positive correlations between the allowable suboptimality and brokenness factor

scores, suggesting that the trajectory generation method was effective at eliciting progressively

higher factor scores. However, tests for the competence conditions indicated a moderate negative

correlation, and tests for curiosity conditions were not significant.
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Experiment I Experiment II
Competence Brokenness Curiosity Competence Brokenness Curiosity
D(24) p D(24) p D(24) p D(24) p D(24) p D(24) p

1x .381 .014 .292 .255 .233 .659 .343 .059 .247 .464 .319 .143
2x .190 .789 .185 .789 .120 .879 .309 .145 .151 .836 .299 .206
4x .275 .334 .232 .659 .144 .879 .182 .738 .256 .446 .254 .464
12x .277 .334 .217 .695 .198 .789 .246 .464 .211 .601 .143 .836

Table A.2: Results of Kolmogorov-Smirnov tests comparing predicted and observed distributions for each
condition

Experiment I Experiment II
Competence Brokenness Curiosity Competence Brokenness Curiosity
𝜏𝑏 p 𝜏𝑏 p 𝜏𝑏 p 𝜏𝑏 p 𝜏𝑏 p 𝜏𝑏 p

-.261 .001 .402 <.001 -.069 .370 -.175 .045 .351 <.001 -.033 .675

Table A.3: Results of Kendall’s tau-b correlation between optimization parameter w and factor score



Appendix:
Pointing-based Assistive Teleoperation B
B.1 System

All participants interacted with the simulation running in NVIDIA Omniverse Isaac Sim 2022.2.0

on a machine with an RTX 3060 Ti. The simulation ran at interactive framerates, averaging about

38fps and dipping to lows of about 15fps when participants created large numbers of contacts by

pushing through many blocks at once.

The bottleneck computation in the assistance systems was the filtering step where generated

poses were rejected if they created collisions between the gripper and the scene. GPU acceleration

was necessary for considering thousands of candidates each frame, as shown in the performance

comparison in Figure B.2. Checking that candidates had feasible inverse kinematics solutions

was not feasible at the time of the study. Participants encountered unreachable suggestions only

infrequently because the block scatterings were placed comfortably within the robot’s workspace.

Participants that knocked or placed blocks further away were more likely to encounter unreachable

suggestions.

A 3DConnexion SpaceMouse Pro was used for all control input. The input mapping used was

provided to participants as a printout (shown in Figure B.1 for reference during the study.

149
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Figure B.1: The mapping of buttons to system controls used during the study.

B.2 Trajectory Labeling

Participant stacking trajectories were manually annotated by two of the authors using ELAN [233].

The events annotated and their descriptions are given in Table B.1. Only a subset of the events

were analyzed for this work.

B.3 Statistical Details

All analyses were conducted in R. Linear mixed models (LMMs) and generalized linear mixed

models (GLMMs) were fit using lme4 [234] or glmmTMB [235] when modeling zero-inflated distribu-

tions. Estimated marginal means were computed using emmeans [236]. Exploratory factor analysis

was conducted using psych [237], and survival analysis was conducted using survival [238].

Where presented, models are described in Wilkinson notation [239]. Linear mixed models

were used for continous response variables, and Poisson GLMMs with a log link function were

used to model count data. For linear mixed models, the Kenward-Roger method of estimating
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Figure B.2: Comparison of time taken to evaluate N grasp candidates. The GPU results are from an NVIDIA
RTX 3060 Ti, and the CPU results are from single-threaded execution on an AMD Ryzen 9 5900X. GPU
acceleration is necessary to check thousands of candidate grasp poses for scene collisions while maintaing
system responsiveness.

degrees of freedom was used.

B.3.1 Subjective Assistance Scores

Users responded to four Likert items after experiencing assisted conditions (either IMP and EXP).

The items’ statements are shown in Table B.2. We conducted an exploratory factor analysis

(EFA) using the minimum residual method to identify the structure of responses to these novel

items. The EFA indicated that a one-factor solution was sufficient, however item Q9 showed

low communality, so it was analyzed as a standalone item, “understanding.” Responses to the

remaining items were averaged to form the “assistance composite” score.

The responses for the composite scale and standalone item were both independently analyzed

using a LMM that accounted for the condition as well as inter-participant differences.

SubjectiveScore ∼ Condition + (1|Subject)

The resulting estimated marginal means are shown in Table 6.3. Means were compared using

t tests.
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Table B.1: Event codes and descriptions

Code Description

Tasks
pickt Successful pick: task block.
picko Successful pick: other block.
release Release with support. Code moment of release, then code outcome when it is clear.
drop Drop (the block in the gripper). Code moment of release, then code outcome when

it is clear.
place Successful place: Stable place (of object in gripper). Code moment object stable at

rest.

Errors
erkno Deconstructed (“knocked over") existing tower.
erbut Unintentional drop, likely due to accidental button press.
erair Unsuccessful pick attempt, air grasp.
erpop Unsuccessful pick attempt, pop or slip out of gripper.
erfal Unsuccessful place attempt, contacted tower but fell.
erpmi Unsuccessful place attempt, missed tower.
ercon Object lost from gripper due to contact with scene.

Milestones
blue1 Assumed at start. Code after errors that cause deconstruction.
blue2
blue3
pink1 Assumed at start. Code after errors that cause deconstruction.
pink2
pink3

B.3.2 Condition Preferences

For each of the forced-choice preference questions, a multinomial test was performed to evaluate

whether participants’ preferences among the three conditions were evenly distributed. Tests for

questions EQ1, EQ3, and EQ4 were significant, while a test of EQ2 was not.

Pairwise binomial tests were conducted to compare preferences between each pair of conditions,

usingHolm-Bonferroni corrections to account formultiple comparisons. The results of the pairwise

comparisons are shown in Table 6.1. Responses to question EQ0 were highly similar to that of the
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Table B.2: Survey questions and codes

Code Description

NASA-TLX
Q1 How mentally demanding was the task?
Q2 How physically demanding was the task?
Q3 How hurried or rushed was the pace of the task?
Q4 How successful were you in accomplishing what you were asked to do?
Q5 How hard did you have to work to accomplish your level of performance?
Q6 How insecure, discouraged, irritated, stressed, and annoyed were you?

Agreement
Q7 “The suggestions made it easy to accomplish the task."
Q8 “The suggestions made it easy to accomplish the task in the way that I wanted."
Q9 “I understood why the suggestions behaved the way they did."
Q10 “I was in control of the suggestions."

Open-ended
Q11 Briefly describe the strategy you used for completing the task.
Q12 What were your biggest frustrations with this system?

Concluding Questions
EQ0 Which system was most effective for the task?
EQ1 Which system felt easiest to use?
EQ2 Which system’s suggestions made it easiest to do the task the way you wanted to?
EQ3 With which system did you best understand why the suggestions behaved the way

they did?
EQ4 With which system did you feel most in control of the suggestions?
EQ5 What were the major reasons for your choices?

Table B.3: Comparison of condition preference counts for EQ0

A B 𝐶𝐴 𝐶𝐵
𝐶𝐴

𝐶𝐴+𝐶𝐵
% CI 𝑝

EQ
0 EXP CON 12 1 92 (64, 100) .010

" IMP " 7 63 (38, 84) .359
CON IMP 1 " 13 ( 0, 53) .141

other questions, but are given in separate table Table B.3 for completeness.
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Figure B.3: Counts of pick and place errors observed per participant by condition. Point and bar show
estimated marginal mean and 95% confidence interval.

B.3.3 Pick Failure Count

Pick failure models incorporated order, condition and block configuration factors as well as

participant random effects.

A GLMM with a Poisson link function was used to model the count data. Excess zeros were

observed in the baseline condition (CON), so a zero-inflation binomial term with the condition as

the sole fixed effect was incorporated.

PickFailureCount ∼ Order ∗ Condition

+ Configuration + (1|Subject)

A Type III Wald chi-square test was conducted to examine the effects of order, condition,

environment, and their interaction on the number of pick failures. The main effect of order

was significant, 𝜒2(2) = 11.40, 𝑝 = .003, indicating that the number of pick failures differed

depending on the order the condition was experienced in, consistent with a learning effect. The
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main effect of condition was also significant, 𝜒2(2) = 14.10, 𝑝 < .001, suggesting differences in

pick failures across conditions. The main effect of environment was not statistically significant,

𝜒2(2) = 5.46, 𝑝 = .065, indicating that the environment did not have a significant effect on the

number of pick failures.

A significant interaction effect was found between order and condition, 𝜒2(4) = 13.81, 𝑝 = .008,

suggesting that the effect of order on pick failures depends on the condition. The intercept was

also significant, 𝜒2(1) = 52.37, 𝑝 < .001, indicating a significant baseline level of pick failures.

Estimated marginal means for this model, given in Table 6.4, were averaged over levels of

order and environment. They are plotted along with the underlying observations in Figure B.3.

Pairwise t tests were conducted, with p values adjusted using the Tukey method for comparing a

family of 3 estimates to account for multiple comparisons.

B.3.4 Place Failure Count

Pick failure models incorporated fixed condition and random participant effects.

PlaceFailureCount ∼ Condition + (1|Subject)

A Type III Wald chi-square test was conducted to examine the effect of condition on the number

of placement failures. The main effect of condition was statistically significant, 𝜒2(2) = 8.20, 𝑝 =

.017, indicating that the number of placement failures differed across the levels of condition. The

intercept was not statistically significant, 𝜒2(1) = 0.63, 𝑝 = .427, suggesting that the number of

placement failures in the control condition (CON) was typically indistinguishable from zero.

Estimated marginal means for the place failure model are given in Table 6.4 and plotted along

with the underlying observations in Figure B.3. p values were adjusted using the Tukey method

for comparing a family of 3 estimates to account for multiple comparisons.



156 Appendix B. Appendix: Pointing-based Assistive Teleoperation

B.3.5 Workload

Factors for condition order and block configuration (which of the three block scatterings, shown

in Figure 6.3d was used for the trial) were considered, but did not significantly affect the model’s

outcome or fit, and are not included in the final analysis.

Workload ∼ Condition + (1|Subject)

A Type III Wald chi-square test was conducted to examine the effect of condition on workload.

The effect was statistically significant, 𝜒2(2) = 15.27, 𝑝 < .001, indicating that workload differed

across conditions. Estimatedmarginal means of theworkloadmodel are given in Table 6.2. Pairwise

t tests were conducted, and p values were adjusted using the Tukey method for comparing a

family of 3 estimates to account for multiple comparisons.

B.3.6 Survival Analysis

The Kaplan-Meier estimator was used to characterize participant’s progression, with the resulting

model shown in Figure 6.4. While surviving longer is usually the desired observation in a survival

analysis (e.g. when analyzing mortality data of patients receiving experimental medical interven-

tions), our objective is for participants to complete the task more quickly. We invert the typical

Y-axis “survival” rate and display completion (or “mortality”) instead, so that the plot may still be

read as higher-is-better.
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