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Abstract

Teleoperated systems are used widely in deployed robots today, for
such tasks as space exploration, disaster recovery, or assisted manipulation.
However, teleoperated systems are difficult to control, especially when
performing high-dimensional, contact-rich tasks like manipulation. One
approach to ease teleoperated manipulation is shared control; this strategy
combines the user’s direct control input with an autonomous plan to
achieve the user’s goal, thereby speeding up tasks and reducing user effort.
To do so, the system needs a prediction of the user’s goal.

One common approach derives this goal prediction from the user’s
control input itself, as it is already available to the system. Prior work
using this prediction source in baseline tasks validates the usefulness of
shared control. In this thesis, we prove that the effectiveness of control
input for goal prediction is a consequence of how optimal users provide
control input. When the user’s control input is restricted, however, the
assistance may be suboptimal.

To improve on this performance, we turn to another source for goal
information: natural gaze. People’s natural, unconstrained eye gaze
behavior reveals information about their immediate goals and their future
tasks. The accuracy and timing of these predictions are different than
those provided by the control input pipeline, making it a promising
additional source. To effectively use natural gaze for goal predictions and
to combine it with control input, we analyze the behavior of each signal
and evaluate them in the context of the full assistive system.

In this thesis, we show that control input and eye gaze complement
each other for goal prediction during shared control. Control input gives
local information about the user’s goal, making it particularly effective in
simple tasks when people can act optimally but limiting its performance
in more complex tasks. On the other hand, eye gaze provides global
information about task intentions early, but it does not do so as reliably.

We first formalize evaluation criteria for goal prediction sources and
examine how goal prediction using control input, the current state of the
art, affects the assistance. We show that the autonomous system does
not always need to know the user’s specific goal to make progress in the
task. One key advantage of control input as a prediction source is that
when the user’s control is noisily optimal, the parts of the task where the
autonomous system requires goal information coincide with those where
the user’s control input is likely to provide that information. However,
when user input is restricted so people cannot act optimally, the user’s
control input is no longer as informative about the goal; this restriction
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occurs, for example, when using low-degree of freedom input devices.
While the goal information from control input is still reliable when it is
available, it may not come early enough in the task, so alternative goal
prediction sources may help.

Next, we analyze natural eye gaze as a source of global information to
supplement the goal prediction given by control input. We collect a data
set of natural gaze during a teleoperated manipulation task and show that
while people do look at their goals, more often they look at the robot
end-effector, and sometimes they complete tasks without ever looking
at the goals. From this analysis, we develop a contextual representation
for gaze behavior and use it to predict the user’s goal; this signal can
give predictions earlier than are available from the control input, but the
variability of people’s gaze behavior limits the reliability of the signal
when used on its own.

Finally, we integrate both signals into a system for online assisted
manipulation, and we evaluate the model for the usefulness of each signal
in a task that restricts the user’s input and requires multidimensional
assistance. When using control input for goal prediction, the system
reliably provides some assistance, but cannot do so in all dimensions.
When we incorporate gaze-based goal prediction, an earlier goal prediction
from gaze enables the assistance to act in all dimensions and increases
user task performance. However, the assistance using only gaze performs
worse than either other condition, so it benefits from the reliability of
another goal prediction source like control input.

Developing a model for how different goal prediction sources contribute
to assistance quality during shared control enables this assistance strategy
to work in more complex situations, such as ones with restricted user
input or multipart assistance. The work in this thesis can help ground
future explorations of input modalities for goal prediction. With this
greater understanding of shared control for effective assistance, this work
helps to bring it closer to real-world applications.
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Chapter 1

Introduction

Teleoperated systems are used widely in deployed robots today, for such tasks as space

exploration, disaster recovery, or assisted manipulation for users with disabilities [47].

Moreover, even with fully capable autonomous robots, teleoperation remains a valuable

control strategy applicable to many scenarios. For example, high-risk activities (such

as surgery or space exploration) may be too dangerous to leave to fully autonomous

systems, or people may prefer the sense of agency gained by having more control [61].

However, teleoperated systems are di�cult to control [99]. Accomplishing ma-

nipulation tasks through teleoperation typically requires simultaneously controlling

several degrees of freedom while adapting to (possibly dynamic) contact with the

environment. Depending on the domain, this problem is further complicated by issues

such as controller latency, nonintuitive controller-to-end-e�ector mappings, and the

limitations of visual feedback due to occlusion and the inability to perceive forces.

The range of proposed solutions is similarly varied, including novel interface design

(such as whole-arm monitoring [95] or haptic joysticks [88]) and controller design (to

ensure stability under latency) [47].

One approach that has developed recently to ease teleoperation isshared con-

trol [28] (Fig. 1.1). Rather than requiring additional equipment, this approach uses

planning techniques to ease the complexity of the task and enable users to perform

more sophisticated actions with less control input and training. For teleoperated

manipulation, shared control combines the user's direct control input with an au-

tonomous command; this process receives a prediction of the user's goal, plans a

1



1. Introduction

Figure 1.1: Shared control systems use sensing modalities such as the user's control
input and natural gaze to infer their goal during a manipulation task. Then, the
system can autonomously generate a plan for assisting with achieving the goal.

trajectory for the robot to perform the task, and combines it with the original user

command to accomplish the task [28, 72]. This approach is especially promising for

assistive applications, since complex controllers are often a barrier for users with

disabilities [38, 55].

To predict the user's goal, shared control systems can use the user's control input

itself, which is already available to the system [18, 38, 66, 110, 129, 131]. This signal

performs well on simple tasks. However, it encounter problems in certain situations,

such as when the robot and two goal candidates are collinear [28, 36]. We show that

in the context of the full assistive system, using only control input for goal prediction

can lead to suboptimal assistance when the user cannot a�ect the whole system state

in a single action.

To improve assistance in these cases, we turn to another signal: natural gaze.

When people look around during the task, their behavior can convey their goals or

even more sophisticated intentions like their future tasks [6, 37, 98]. Natural gaze

is a separate sensing modality, making it a promising candidate to complement the

information given by control input. While gaze shows promise, most existing research

focuses on by-hand manipulation, leaving gaze behavior during teleoperated robotic

manipulation relatively unexplored. Furthermore, it has not been used in shared

control speci�cally, so its suitability and role is unknown. To enable better assistance,

we must model the e�ectiveness of both control input and gaze for goal prediction

within the context of the full assistive system.
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1.1 Control Input

First, we focus on understanding control input as a source for goal information, as

shared control systems regularly use it for that purpose [18, 66, 110, 129, 131]. When

the assistance system observes that the user is working towards a particular goal, the

system can then autonomously plan an action to achieve that same goal. Control

input provides information about the current action that the user wishes to perform.

This information is inherently local to the current state of the robot, as the user's

control input is interpreted by the robot as an action to apply at that moment.

While control input does not necessarily enable the earliest predictions [11], it

works well for assistance, since accurate predictions often arrive exactly when they

are needed. To explore this reasoning, consider a task in which a user operates a

robot to pick up one of two goal objects. We can divide the state space of the robot

based on both the user's most likely action and the optimal robot action at that

state. When the user's control input generally di�ers depending on which object is

their goal, the system can infer their goal from this input and can give goal-speci�c

assistance. At states where all goals require the same input, the user's control input

likely does not distinguish the goal; however, since the optimal action is the same for

all goals, no goal prediction is actually needed. We categorize states by two di�erent

features to further explore this logic. Two goals requiredi�erent motion at a state if

their optimal robot motion depends on the goal; the motion isidentical otherwise.

Similarly, two goals aredistinguishableat a state if the observeduser input generally

di�ers based on the goal; they areindistinguishableotherwise. Control input provides

su�cient information for full assistance as long as indistinguishable states only require

identical motion.

Considering the usual assumptions of goal prediction for shared control, we can

make a more formal claim: when a user controlling a shared autonomy system [55]

provides control input given byp(ujg) / exp(Qg(u)), the expected regret over user

actions stays bounded as the cost of taking a suboptimal action increases. In other

words, the more important it is for the assistance to take a speci�c action based on

the goal, the more likely the user is to provide the distinguishing input needed to

select that action. Therefore, control input is particularly e�cient, and su�cient, for

simple tasks during which the user can act optimally.

3
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However, users often do not follow this optimal behavior, even accounting for

noise. Rather, the scenario itself can prevent the user from acting optimally. Consider

a goal that can be split into multiple tasks that the robot could perform in parallel,

e.g., moving its end-e�ector to a desired pose in six independent axes of motion.

An optimal user who can control all axes simultaneously will follow the behavior

described above and give su�cient information to receive assistance. However, if

the user is restricted by the control interface directly, the user cannot necessarily

give optimal commands. One common circumstance generating this condition is in

joystick-based teleoperation with modal control, in which a low-dimensional joystick

can a�ect only a subset of the directions of end-e�ector motion at the same time,

and the user cycles through modes. The di�erent stages of the task that the user

works on in sequence do not all give the same goal information to the robot [39, 40].

A user acting optimally might move �rst in one mode where two goals share the

same optimal action; then, the assistance cannot move the robot in modes where the

optimal motion is di�erent, since the user's control input has not yet revealed their

goal.

This limitation extends to goal prediction based on immediate user behavior: it

cannot work independently from the user. People perform stages of a task in sequence

even if a robotic system could perform them in parallel. And when performing each

of these stages, the user only reveals information immediately relevant to the current

stage through their actions. Even if the system could assist in other tasks at the same

time, user actions may not be su�cient to give the information required. For some

tasks, this is not a problem. If action on a single task fully determines the user's

future goals, optimal assistance can still be provided. However, people will often

sequence tasks because of their own preferences, the cost of multitasking, or because

the task itself limits the ability of the user to work in parallel. In these cases, their

actions may be optimal, but they may not reveal enough information about their

subsequent goals to enable full assistance. These situations violate the assumptions

that lead to e�cient assistance using only control input and bene�t from alternate

methods for goal prediction.
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1.2 Natural Eye Gaze

To enable assistance in these more complex cases, we turn to another sensing paradigm:

natural eye gaze. Psychological research in eye gaze behavior indicates that eye gaze

is strongly connected to task progression during manipulation [35, 43, 57, 67]. People

look at the objects they are reaching for and at the obstacles they are avoiding. People

also look at tasks di�erently depending on their expertise in accomplishing the task [71],

their facility with the signal input system [102], their cognitive load [16], etc. These

patterns also appear during teleoperated manipulation in speci�c tasks [6, 12, 37, 98].

By detecting people's eye gaze behavior while they are teleoperating a robotic

manipulator, we can build a more complex model of their approach to the task and

provide correspondingly complex assistance.

To understand how gaze �ts into the overall assistance problem, we �rst investigate

how people's eye gaze behavior during teleoperated manipulation relates to their

goals. In two separate studies [12, 84], we collect gaze behavior of participants

who teleoperated a robot arm in a food spearing task. From these studies, we �nd

that people reveal their goals by looking directly at them during the task. These

goal-directed glances appear at the beginning of the task and more often during

translation than rotation. However, the primary use of gaze is to look directly at

the robot, so these goal-directed glances are less common. In addition, we �nd that

people look at the locations of failures [8], suggesting that gaze can depend on people's

understanding of the broader system state, beyond just their goals.

However, gaze has its own limitations. Unlike inintentional gaze applications, in

which gaze is an explicit interface, signals duringnatural gaze are much less reliable.

While people often look at their goals, they are not guaranteed to do so at any

particular time. People can use their peripheral vision or memory to identify the

location of their goal without having to look directly at it. People spend most of

the time looking at the robot itself. In addition, gaze towards a particular object

indicates only that it is relevant but does not identify its role: it could be a goal, an

obstacle, or a distraction. While gaze's 
exibility and early information makes it a

powerful signal, its unreliability makes it behave poorly in isolation.
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1.3 Gaze Processing

Next, we use these insights about gaze behavior to develop a pipeline for inferring

people's goals online, which we can then use for assistance. Typically, an eye gaze

sensor reports the user's gaze as a pixel location on a world camera. We �rst identify

individual �xations within the gaze signal; these periods of looking at the same object

re
ect the physiological processes of human gaze and allow us to consider multiple

samples together. To apply context to the signal, we label each �xation with the

object in the scene that is closest to it and explore more sophisticated methods for

this semantic gaze labeling process. Finally, we train a hidden Markov model on this

timed, labeled sequence and evaluate its goal prediction ability on the HARMONIC

data set we collected earlier [84].

With a method for obtaining goal probabilities from the raw eye gaze data, we

can perform a quantitative comparison of its predictive ability to that of the control

input. We �nd that the two prediction sources have comparable accuracy but di�erent

behavior. While the control input gives a steady increase in accuracy over the task,

gaze is bimodal: it cannot be used for goal prediction until the user looks at their

goal, at which point it jumps to an accurate, con�dent prediction. The increase in

average accuracy over time occurs as more trials obtain correct predictions. In many

trials, though, people do not ever look at their goals [11], leading to no gaze-based

prediction at all. We �nd that gaze often enables earlier goal predictions than the

control input does, but it is unreliable.

1.4 Control Input and Gaze Are Complementary

Next, we consider how to use the signals together. Control input provides reliable

goal information but is ine�cient for more complex tasks. Gaze provides global

information that helps in more complex tasks but is unreliable. To explore these

contrasts, we develop a task that showcases the relative strength of each signal for

goal prediction.

Consider a robot operated through modal control. Aligning the robot to the goal

within each mode is an independent task for the user to complete. While the robot

can act in all modes simultaneously, the structure of the task restricts the user to
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only work on one mode at a time. We develop a task in which one mode contains

most of the required motion but is independent of the goal, and another requires

less motion but does depend on the goal. Users typically start in the �rst mode; our

analysis of control input suggests that this motion will not give enough information

for the system to provide assistance in the second. Using gaze for prediction often

provides that information, but gaze on its own leads to inconsistent behavior and

potentially catastrophic failures.

To evaluate this model, we conduct a user study in which participants teleoperate

the robot with assistance that used their gaze, their control input, or both for goal

prediction. To account for the COVID pandemic, the study is performed in a hybrid

manner: participants receive an experiment kit at home and use it to control the

robot in the lab and stream back video of its motion. In the study, we �nd that

while gaze does not reliably give an early goal prediction, when it does so, the overall

system performance increases. Speci�cally, the system can provide assistance to the

robot in axes whose motion rely on knowledge of the user's goal earlier than when

using control input alone. Using gaze on its own, however, performs worse than

either condition, and it even exhibits pathological behavior in response to error. This

example showcases how to e�ectively combine these sources for goal prediction and

proposes a framework that extends to more complex tasks.

1.5 Contributions

In this thesis, we show that control input and eye gaze complement each other for

goal prediction during shared control. Control input giveslocal information about

the user's goal, making it particularly e�ective in simple tasks when people can act

optimally but limiting its performance in more complex tasks. On the other hand,

eye gaze providesglobal information about task intentions early, but it does not

do so as reliably. To demonstrate this complementarity, we �rst formalize criteria

for goal prediction sources to enable e�ective assistance, and we prove that control

input gives su�cient information in simple tasks, but not for more complex tasks.

Next, we analyze natural eye gaze as a source of global information by collecting gaze

behavior during a teleoperated manipulation task and showing how it can be used

for early goal prediction. Finally, we integrate both signals into a system for online
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assisted manipulation, and we conduct a user study with a custom-designed task to

demonstrate that each signal improves its performance when combined with e�ective

predictions from the other.

We present the following contributions:

ˆ A proof that when using a state-of-the-art shared control assistance algorithm,

deriving goal predictions from the control input of noisily rational users results

in an overall policy that maintains bounded regret as the cost of taking arbitrary

actions increases (Chap. 3; Aronson and Admoni [10])

ˆ Foundational analysis of an existing corpus of natural eye gaze behavior of

participants teleoperating a robot arm in a food acquisition task (Chap. 4;

Aronson and Admoni [8], Aronson et al. [12])

ˆ Collection of an improved data set of natural eye gaze behavior during a

teleoperated manipulation task to obtain higher quality sensing and enable

algorithmic processing (Chap. 4; Newman et al. [84])

ˆ Design and evaluation of an algorithm for processing raw gaze data into labeled

�xation sequences to incorporate signal context and scene motion (Chap. 5;

Aronson and Admoni [9])

ˆ Design and evaluation of a sequence-aware algorithm for predicting user's goals

during a manipulation task from the labeled �xation sequences produced by

the gaze data (Chap. 6; Aronson et al. [11])

ˆ Validation of the complementarity between control input and gaze behavior for

goal inference through a COVID-safe user study in which participants performed

a more complex robotic manipulation task with assistance (Chap. 7; Aronson

and Admoni [10])

Developing a model for how di�erent goal prediction sources contribute to the

overall assistance quality during shared control enables us to extend this assistance

strategy to more complex situations, including ones with restricted user input or

multipart assistance. This discussion can help ground future questions of whether

or not a particular signal modality is worth adding to a system. Now that shared

control has shown some promise for e�ective assistance, this work will help bring it

closer to real-world applications.
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Chapter 2

Related Work

2.1 Shared Control Paradigms

To ease the problem of robot control, many approaches have been presented to fuse

the user's input with an autonomously generated signal. One category of assistance

consists of stateless assistance: a robot behavior that can be determined directly

from the robot position, environment, and parameters of the task. In this type of

assistance, no updating human model is used. Perhaps the most straightforward

example of this approach is given by Ramacciotti et al. [97], which proposes an

assistive welding system in which the tool frame motion is divided between the user

and the robot control. For example, the robot maintains forward motion inx while

the user controls the other translational axesy and z. The motion provided by the

assistance is determined beforehand by the task parameters and does not change as

the task progresses. Similarly, Vu et al. [123] reorients how the user controls map

into the rotation axes of the tool frame. This reorientation is a static alteration of

the control scheme that does not vary by task circumstance. A more complex type of

motion assistance is virtual �xtures [76], which modify the compliance of the robot

controller based on its position and the intended direction of motion. For example,

motion along the � x axis proceeds easily, whereas motion in other directions either

moves more slowly (in the open-loop case, where the control gain is reduced) or results

in a restoring force back to the desired motion surface (in the closed-loop case).

Another set of stateless control schemes aid the operator in avoiding obstacles.
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Crandall and Goodrich [26] presents a system that uses a variant of potential �elds

to automatically maintain distance from known obstacles, and it shows that adding

this automatic obstacle avoidance behavior enables users to focus on another task

while controlling a robot. You and Hauser [127] compares several strategies for fusing

obstacle avoidance with user input commands. The paper tests three categories of

obstacle avoidance: end-e�ector control with collision rejection, in which commands

that lead to detected collision are ignored; potential �eld control, in which the user

command is modeled as an attractive force and environment obstacles as repulsive

forces to maintain distance from obstacles; and full motion planning control, in

which after receiving a motion command, the robot autonomously plans a collision-

free path to the goal position using an RRT and executes that motion. These

avoidance techniques all lead to faster task completion with fewer collisions. While

these strategies all vary substantially in purpose and complexity, they can all be

implemented without using any variable models of human state.

More sophisticated assistance behaviors can be achieved by explicitly modeling

otherwise-invisible parts of the operator's internal state. In stateful assistance, systems

maintain models of aspects of the user's intentions and update them over time. Aarno

and Kragic [1] presents a system for recognizing low-level motions (\gestemes") using

layered hidden Markov models (HMMs). If an operator is trying to move the device in

a circle, for example, the HMM can recognize this gesture automatically and provide

assistance to maintain it. In a more extensible example, Hauser [42] uses a dynamic

Bayes net to infer a user's task over a wide variety of task de�nitions. The assistance

system maintains a distribution over likely tasks and enacts di�erent assistance

categories based on that task recognition. To assist with bimanual manipulation,

Rakita et al. [96] learns a bimanual action vocabulary from motion capture data,

designs custom assistance objectives for each action type, and uses an LSTM to

recognize the intended action online and activate the appropriate assistance objective.

Often, the internal state required by such assistance is the user's goal, represented

as a �nal robot position. Systems predict the user's own goal among a �nite set of

choices by autonomously generating plans to achieve each goal and then comparing

the user's actual control input with the generated plans. This approach works when

the observations used to infer the goal are exactly the user input commands, and it

has the advantage that the computed task solution can often be reused in generating
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an assistive command. This approach has been used to control wheelchairs based on

planner results [27] or based on modelling the deviations of the user's actual provided

command from a nominal user model [22, 51, 52].

While these models provide motion based on the best-matched user goal according

to the user model, more complex uses of the user goal matching are possible. Dragan

and Srinivasa [28] proposes thresholding the user goal matching probability and

only providing assistance when the system con�dence in its model of the user goal

exceeds a given value. Trautman [117] broadens the arbitration technique from

linear blending into a full probabilistic framework. Building on this approach, shared

autonomy [55, 81] plans assistive actions over the user model uncertainty, which

allows the algorithm to provide useful assistance even when exact goals are not known.

Herlant et al. [45] uses a goal prediction and task information to automatically switch

the user's control mode to the optimal one for task progress.

Once an overall shared control system has been selected, the details are still

important to re�ne. Gopinath et al. [ 38] conducted a study in which users manually

controlled the amount of assistance provided by a shared control system. Users

generally preferred manual control and slower task completion to more assistance,

indicating that users balance their desire for control with using assistance to reduce

the task time. This result is echoed in Kim et al. [61], which �nds that task metrics

do not necessarily correspond to user preferences. Dragan and Srinivasa [28] has

success with modulating the amount of assistance based on the algorithm's con�dence

in its model of the user's goal. Gopinath and Argall [39] changes the starting joystick

mode so that the user's initial input is maximally informative about the user's goal,

and Gopinath and Argall [40] enables the user to trigger an automatic switch to the

most informative mode. Work has also been done to modify the assistance to better

match the parts of the task that the user �nds more di�cult [128].

2.2 Eye Gaze

2.2.1 Eye Gaze During Manipulation

Eye gaze behavior during by-hand manipulation has been a subject of study in

psychology for decades. Johansson et al. [57] describes a study in which users were
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instructed to grasp an object, manipulate it around an obstacle, and place it down

elsewhere. While performing that task, people followed consistent eye gaze patterns.

They looked at relevant locations before interacting with them: people look at the

object until just before they grasp it, look at the obstacle until just before navigating

around it, and look at the placement location just before placing the object. In

addition, people rarely look at their own hands and their gaze was almost entirely

directed towards task-relevant locations. Similar results were found with people

performing tasks like making tea [67] and making a sandwich [43]. Perhaps most

similar to a teleoperation task is the experiment reported in Sailer et al. [102], in

which users are given a non-intuitive mouse controller and instructed to move a cursor

around a screen. While learning the controls, users watch the cursor motion on the

screen and brie
y glance at the goal positions; once they are comfortable, people's

eye gaze behavior looks more similar to that in by-hand manipulation.

2.2.2 Eye Gaze for Intent Recognition

Since eye gaze behavior is so closely tied to people's goals, it has been widely studied

as a modality for understanding people's mental state in a variety of applications. We

restrict this review to analysis techniques more closely related to our manipulation

task; see Lukander et al. [74] for a full review. Bader et al. [14] has people perform

manipulation actions on a screen simulating a table and uses gaze patterns to predict

people's next action (reaching, moving, or releasing) and intended object. Matsuzaka

et al. [77] shows that people's gaze predicts their intended grasp object and strategy

(one- or two-handed) in a VR manipulation task. In a human-robot interaction study,

Huang and Mutlu [48] uses hand-crafted features to predict a person's food order and

proactively move a robot manipulator towards their intended food. Duarte et al. [29]

shows that people can follow gaze cues when seeing other people perform an object

manipulation task, and their understanding persists even when a robot is giving gaze

cues.

There are several eye gaze analysis strategies available for performing di�erent

kinds of intention recognition. Analysis of the eye gaze dynamics without scene

context has been successful at tasks such as identifying whether people are performing

free viewing or visual search [20] or which of several di�erent tasks a person is
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performing [21, 34, 46, 126]. However, this type of context-free analysis performs

poorly when trying to recover speci�c information abouthow a task is performed [15,

114]. For tasks such as predicting gaze behavior during walking [119], driving [58, 112],

or combined walking and object manipulation in VR [101], general gaze-based saliency

features about the scene were less e�ective than modeling the dynamics of the actual

task.

For predicting speci�c information about people's behavior during a task, one

approach often used isscanpath analysis[87]. In this method, the eye gaze signal is

treated as timeseries data rather than being reduced to frequency data. K•ubler et al.

[64] quantizes scanpaths into a small set of regions and used lexical analysis to predict

if people will pass a driving test. Kubler et al. [65] goes beyond this approach by

dynamically clustering �xations based on SIFT features around the point-of-regard

and uses these sequences to determine if people are performing a tea-making task

for the �rst or second time. Chen and Ballard [25] uses a hidden Markov model

trained on timeseries gaze and hand position signals to predict which stage of a letter

stapling task the participant is executing. [125] uses an LSTM with custom-designed

gaze features to detect which task a user is performing, and Fuchs and Belardinelli

[37] uses HMMs to identify both the task (pick or place) and the goal (among three

objects) from gaze data of users controlling a robot with motion tracking.

2.3 Teleoperated Robots With Eye Gaze

Now that we have described how the eye gaze signal reveals mental state in general,

we describe how it has been used for some robotic systems.

2.3.1 Eye Gaze as Direct Input

There has been some research in using eye gaze for direct robot control. The usual

strategy presented is to consider the user's eye gaze as a primary input device for

an autonomous manipulator system [13, 24, 70, 89, 107, 118, 124]. In these systems,

people look at an object they wish to grasp, and the robotic system performs object

recognition, maps the gaze to an object in the scene, and autonomously grasps it.

Similar systems have been presented for wheelchair navigation [30] or mobile robot
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navigation [80]. In addition, Tong et al. [116] presents a scheme for using gaze location

as a set point for a controller during remote surgery, and McMullen et al. [78] uses

gaze as an input method to a screen controller which is paired with a brain-computer

interface directing a robot arm. While eye gaze can be used as a direct input as

seen here, our approach instead monitors the user'snatural eye gaze behavior while

completing a task.

2.3.2 Natural Eye Gaze for Shared Control

Rather than using eye gaze as direct input, in this thesis we propose using natural

eye gaze as an indirect input for shared control. This idea has been discussed by

Admoni and Srinivasa [3], which proposes to infer the user's goal based on how close

their gaze is to each of the possible goals, and Nikolaidis et al. [86], which proposes a

framework for modeling user intention from gaze with naive Bayes updates. Possibly

the most similar work is Stolzenwald and Mayol-Cuevas [111], in which people operate

a handheld controller to interact with objects on a screen. The user's natural eye

gaze behavior is used to predict which object they will interact with next, and they

show that assisting towards or against that goal in
uences the user's task success.

We build on these approaches by using more knowledge about the eye gaze signal

and the dynamics of the scene to more accurately infer the user's goal. Moreover, we

demonstrate additional categories of assistance that rely on additional inference from

gaze beyond just looking at the user's goal.
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Control Input

Within shared control systems, the most popular signal for goal prediction is the

user's control input itself [18, 66, 110, 129, 131]. This signal e�ectively predicts user

goals in a variety of environments, and the signal is generally already available as part

of the teleoperation process. However, the prediction information it provides varies

with the state of the robot, the task, and the type of input provided (or available

to be provided) by the user [39, 40]. Here, we analyze the signal not just for its

predictive properties, but in how its predictions align with the needs of a shared

control system. Control input is fundamentallylocal to the current state of the task:

the user is giving an immediate command to the system. Even when this information

is not predictive, often the assistance itself remains optimal, since the user's control

input is tightly coupled to the optimal autonomous command. While this coupling

makes control input a particularly e�cient goal predictor for simple tasks, it also

leads to ine�ciency in more complicated tasks in which the user cannot act as freely.

These scenarios bene�t from alternative methods for goal prediction.

In this chapter, we �rst give an overview of a popular algorithm for inferring goals

from control input, which is our baseline for this work, and the shared autonomy

assistance algorithm, which lets us analyze the e�ectiveness of the signal within

the assistance context. Next, we describe the coupling between control input and

assistance signal, and we prove that for optimal users, control input continues to

enable good assistance even as the cost of suboptimal assistance increases. We then

use the task model to understand under what circumstances the assumptions of
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optimal users are violated so that the control input does not give optimal assistance.

We conclude by arguing that this suboptimality extends beyond assisted manipulation:

goal inference from observing user actions can show the same ine�ciencies in complex,

branching tasks. Understanding that control input provides a su�cient signal for

simple tasks but can be ine�cient in more complex ones shows the importance of

investigating complementary sensing modalities for goal prediction.

3.1 Background

3.1.1 Control input for goal prediction

In this section, we summarize the approach for goal prediction and assistance given

in Javdani et al. [55]. This method uses the user's control inputu to predict their

goals, expressed as a probability distributionp(G) over a pre-speci�ed set of goal

candidates. To do so, it frames goal inference as an inverse reinforcement learning

problem [54, 56, 129, 130] and models the teleoperation problem as a family of

Markov decision processes (MDPs) with di�erent, pre-speci�ed cost functionsCg(x; u)

for each goal candidateg 2 G. The system then assumes that the user is noisily

optimizing the cost function corresponding to their true goal.

First, this method solves each goal MDP for a goal-speci�c action value function

Qg(x; u). Then, it assumes that the user's actionu at each statex is drawn from a

distribution given as

p(ujx; g) / exp(Qg(x; u)): (3.1)

Note that this is equivalent to the Boltzmann rational model with � = 1. Given

a sequence of state-action pairs� = ( x0; u0; � � � ; xn ; un), the strategy assumes that

the user's actions are conditionally independent given their goal. Since� is not a

trajectory, as the robot acts simultaneously with the user, the method treats only

the actionsui as observations. Using Bayes' rule, it aggregates a goal prediction over

time using

p(gju0; � � � ; ui ) =
p(ui jg)p(gju0; � � � ; ui � 1)

P
g0 p(ui jg0)p(g0ju0; � � � ; ui � 1)

: (3.2)
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3.1.2 Shared autonomy

To generate an assistance signal from the goal prediction, this method represents the

combined robot-human control problem as a partially observable Markov decision

process (POMDP), with the user's goal a hidden parameter. The POMDP augments

the system statex with a belief distribution over the user's goal given byp(g) above.

The action value functionQ(x; p; a) depends on the robot state, next action, and the

belief state. Since solving the POMDP is generally computationally prohibitive, it

adopts the hindsight optimization assumption, which assumes that the uncertainty

expressed byp(g) will resolve in the next step. From here, we can �nd the optimal

assistance policy (x; p(g)):

 (x; p(g)) = arg max
a2 A

X

g

p(g)Qg(a): (3.3)

This assumption replaces the overall value function of the POMDP with the expecta-

tion over the goal probabilities of the goal-speci�c value functions, and it reuses the

goal-speci�c value functionsQg(u) used in Eqn. 3.1. (We usea here to represent that

this action is selected by the robot, as opposed tou which is given by the user.) To

compute the overall motion, suma� with the user commandu directly: aexec = a� + u:

3.2 Evaluating Prediction Sources

While accuracy and forecast horizon are useful measures to evaluate a prediction

of the user's goal, we want to evaluate the assistive system as a whole. Accurate

predictions only matter when they improve the quality of the assistance provided.

Therefore, rather than measuring the prediction accuracy and timing, we analyze

the overall performance of an assistive system using control input for goal prediction.

Control input is tightly coupled to the assistance itself:

The control input of an optimal user and the autonomous selection of the

optimal robot action are parallel functions of the robot state.

This coupling means that an optimal user's control input leads to particularly e�cient

assistance, as the control input provides information about the goal precisely when
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Figure 3.1: Diagram of user input (u) and optimal robot motion (a� ) during an
example task. The user moves a point robot to one of the green stars. AtA , user
input and optimal motion are both along +x. At B , user input is still along +x, but
the optimal motion is diagonally towards the goal. AtC, both the user input and the
optimal motion point towards the goal. Early prediction improves task performance
only at B .

the system needs it for its planning.

To explore this coupling between assistance and goal prediction, we start with an

example. A planar robot task is shown in Fig. 3.1. The user must move the point

robot from A to one of the two goals (green stars). AtA , the only way to make

task progress for either goal is to move to the right. The user's expected input is the

same for each goal, so it does not yield a goal prediction. However, no prediction

is necessary: knowledge of the goal would not change the optimal motion. AtC,

the situation is reversed. The optimal motion is to move either up or down directly

towards the user's goal. Here, the system requires a goal prediction to assist. As the

user's input depends on the goal, though, the prediction is available.

Location B is di�erent. Say the user continues moving in +x, which gives no

goal information. However, the system can do better. If it knew the goal, it could

move diagonally; without goal knowledge, however, it must wait until observing a

goal-dependent user input (like atC) before it can assist along they axis. Early,

independent goal prediction only improves assistance at points likeB , where goal

information would change the motion but the user input does not provide it.

To formalize this analysis, consider an assistive system with two goal candidates

f g1; g2g.
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ˆ Two goals requiredi�erent motion at x if their optimal robot motion a� depends

on the goal: a�
1(x) 6= a�

2(x); the motion is identical otherwise.

ˆ Two goals aredistinguishableat x if the observeduser input generally di�ers

based on the goal:u(xjg1) 6= u(xjg2); they are indistinguishableotherwise.

Identical and di�erent motion are properties of the robot's state, whereas distinguish-

able and indistinguishable goals are determined by the user's input. When the user

is acting near-optimally, di�erent motion likely leads to distinguishable goals. Next,

we formalize this alignment between optimal users and e�ective assistance.

3.3 Noisily Optimal Input Bounds Regret

The above analysis suggests that when users give approximately optimal input, the

autonomy will likely receive the information needed to provide assistance. If we

assume the user follows the model given in Eqn. 3.1, we can evaluate the expected

performance of the shared autonomy policy given in Eqn. 3.3. We show that as the

importance of taking the optimal robot action (measured by regret) increases, the

user's probability of providing a distinguishing input increases faster, such that the

overall system has bounded regret.

For simplicity, assume we only have two goal candidates with action value functions

Q1 and Q2, and assume without loss of generality that the user's goal isg1. We also

assume that the set of actionsA is �nite and identify actions with the same Q(a). At

some statex (which we drop for ease of notation), letQ�
1 be the maximum value of

Q1(a) attained at some actiona�
1. When using Eqn. 3.1 to inferp(g) from control

input u as above, the shared autonomy policy (p(g)) is in fact a function of u and

we write  (u). We can then compute the expected regretR( (u)) = Q�
1 � Q1( (u))

of the assistance policy (u) over the user model.

We can measure the importance of takinga�
1 over any other actiona0 by letting

Rmin represent the minimum regret over all alternative actions, which is de�ned for

�nite A:

Rmin = min
a6= a�

1

R(a):

We want to understand the behavior of the system asRmin increases. Increasing

Rmin can be achieved by changing the selected state or the MDP itself. To make
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this concrete, we considerQ1 an MDP with reward function r (x). If we scale

that reward function, r 0(x) = �r (x); � > 0, the value function scales similarly,

Q0
1(x; a) = �Q 1(x; a). Then, R0

min = �R min , and we can then consider the behavior as

� increases. Similar e�ects can also occur by changingx or r (x) in other ways that

are more complicated to formulate. However the change occurs, increasing values of

Rmin represent increased importance of taking the optimal action.

We can now determine the expected regret of the assistance policy under a user

following Eqn. 3.1.

Proposition.

lim
� !1

Eu[R( (u))] = 0 : (3.4)

We sketch a proof in two parts. First, we show that as� ! 1 , the assistance

action taken when observing the optimal action from the user, (a�
1), becomesa�

1:

lim
� !1

 (a�
1) = a�

1:

By manipulating Eqn. 3.3 and collecting terms inp(g), we �nd that  (a�
1) = a�

1 is

equivalent to, for all a0 2 A,

p(g1ja�
1)(Q1(a�

1) � Q1(a0)) � p(g2ja�
1)(Q2(a0) � Q2(a�

1)) :

If a�
1 6= a�

2, then p(g1ja�
1) goes to 1 as the cost of other actions increases, whilep(g2ja�

1)

goes to 0 asQ2(a�
1) increases overQ�

2. Once the importance of taking the optimal

action exceeds some threshold, the assistance will take that optimal action whenever

it observes it from the user.

The expected regret is given by

Eu[R( (u))] =
X

u

R( (u))p(ujg1):

From above, once� is su�ciently large, R( (a�
1)) = R(a�

1) = 0. We can therefore
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break a�
1 out of the sum. If we de�neRmax = maxa R(a) analogously, we have

Eu[R( (u))] = R( (a�
1))p(a�

1jg1) +
X

u6= a�
1

R( (u))p(ujg1)

=
X

u6= a�
1

R( (u))p(ujg1)

� �R maxp(u 6= a�
1jg1):

Finally, we bound the probability of the user giving an action other than the optimal

action based on our model of user behavior,

p(u 6= a�
1jg1) =

P
u6= a�

1
exp�Q 1(u)

exp�Q �
1 +

P
u6= a�

1
exp�Q 1(u)

=

P
u6= a�

1
exp(� �R (u))

1 +
P

u6= a�
1

exp(� �R (u))

�
(jAj � 1) exp(� �R min )

1 + ( jAj � 1) exp(� �R min )
:

Putting it all together,

Eu[R( (u))] �
�R max

1 + 1
jA j� 1 exp(�R min )

:

SinceRmin and Rmax are �xed, the result goes to 0 as� ! 1 and the regret is

bounded.

As the importance of taking the optimal action increases, the chance of the user

performing that optimal action under the model increases exponentially faster, so the

system is more likely to receive the information it needs.

3.4 Control Input Restrictions Require New Pre-

diction Sources

We see from the previous result that noisily-optimal users are particularly easy to

assist using input-based goal prediction. If we remove the assumption of optimality |
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by assuming, e.g., that the user acts randomly, mistakenly, or adversarially | we

no longer have guarantees that the assistance will behave well. However, there is a

large class of problems for which the user still acts optimally but the assistance can

be arbitrarily ine�ective: when the user's action are limited to only a subset of the

actions that the autonomous system can take.

It is not the user's suboptimality that limits the e�ectiveness of the system,

but the constraints that the system itself puts on the user's behavior.

One common example of this problem in teleoperation is the use of modal control.

In this scheme, the robot can control its end-e�ector simultaneously in all directions.

However, the user has only a 2-D joystick with which to control the robot. They

can fully control the robot by cycling through modes, with the joystick controlling

x=y, z/yaw, and pitch/roll in turn. If the optimal action does not align with a single

control mode, the user cannot perform it. The best the user can do is to provide

input in the single most useful mode. And when the robot motion is di�erent but

the control input within the most useful modeis not distinguishing, assistance does

not have enough information to be optimal.

We can return to Fig. 3.1 to explore this limitation further. At B , we observe the

user giving indistinguishable motion, though the assistance requires di�erent motion

per goal. In the noisily rational model, this user action occurs at a lower probability

than a distinguishable input. However, if we add the additional restriction that the

user can only provide axis-aligned commands, the user's input atB is optimal for

solving the task themselves (assuming that switching modes incurs a nonzero cost).

Even with an optimal user, the assistance does not receive enough information to

provide full assistance. In these situations, the system bene�ts from an alternative,

global method for goal prediction that is less reliant on the user's local behavior.

This ine�ciency in the face of input limitations extends beyond manipulation to

include any task schemes in which the user performs steps sequentially and only some

steps provide information about the user's choices. For example, consider a schematic

for preparing a hot drink, shown in Fig. 3.2. Assume the task has two variants: the

user can prepare tea or co�ee. The variants share two subtasks, heating water and

taking out a mug, and each has its own variant-speci�c preparation subtask. While

each subtask is contains independent entry points and could theoretically be started
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Figure 3.2: Task diagram for preparing a hot drink. A user may be preparing co�ee
or tea; each of these versions of the task share some steps but di�er in others. If the
user starts by heating water, the most e�cient start, the system can retrieve a mug
(necessary for both tasks), but it cannot do more, since the user's actions have not
yet revealed whether they are making co�ee or tea. The system can only help with
task-speci�c steps after the user has performed an action unique to their task.
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simultaneously, based on idle time, the optimal start for the user is to perform an

indistinguishable action. A robot assistant that observes the user's actions can always

start on the shared subtasks. However, before the robot can provide variant-speci�c

assistance, it must wait to observe the user starting the task, by e.g. retrieving a

tea infuser or co�ee press. The implicit goal information given by user's actions will

eventually give the system enough information to assist, but depending on the user's

task sequencing, it might not receive su�cient information early enough to provide

maximum assistance.

3.5 Conclusion

For goal inference during assistance, control input provides an easy-to-obtain, e�ective

signal. In simple tasks, in which users can act optimally, this signal is particularly

e�cient, as it gives local information and is tightly coupled with the state of the task

itself. As tasks become more complex and as user actions are more constrained, the

signal can become less e�cient. Speci�cally, complex or constrained tasks have states

in which the optimal assistance command is di�erent depending on the user's goal,

but the user's optimal behavior does not distinguish between them. To achieve better

assistance performance in these situations, we look to alternative methods of goal

prediction.

This model assumes that the user is completing the task as if they are unassisted

and have full control of the task process. However, this is not true in general: as users

gain familiarity with the robot's performance, they can act to optimize the system

as a whole. In studies of users interacting with this form of assistance, we observe

that as they get accustomed to the system, they will often change from executing

independently goal-directed actions to informative actions, which are less optimal for

the user alone but provide the prediction information needed by the system to enable

overall performance increase. The model presented here provides a framework for

investigating more sophisticated models of human-robot collaboration.
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Chapter 4

Gaze Behavior

To improve the performance of assistance, we look for a prediction source that is less

directly tied to the state of the task and can provideglobal information about the

user's goal. A particularly appealing signal for that role is the user's natural eye gaze

behavior. Gaze reveals people's intentions in a variety of ways in many tasks (see

Lukander et al. [74] for a full review), so it is a promising signal for goal inference

during assisted manipulation. Unlike intentional eye gaze paradigms, in which users

actively use their gaze to provide direct input to a system, natural eye gaze captures

the automatic, unconscious eye motion that people perform. This gaze behavior is

closely connected to the user's current task in general [114]: in manipulation, people

look at important parts of the task (e.g. upcoming goals or obstacles [57]) before

moving towards them and ahead to locations that will be important in the future [79].

These patterns suggest that eye gaze can provide the global information about the

user's goals to complement the local information provided by the control input.

However, natural gaze during robot teleoperation may not follow the same patterns

as people performing tasks by hand. While prior work shows that natural gaze while

operating robots gives some information about the tasks being performed [6, 37, 98],

translating from by-hand manipulation to teleoperated manipulation changes the

problem. To better understand these complications, we characterize gaze behavior

during a grasping task in more detail in order to understand both its potential

performance for goal prediction and how to use it computationally.

We start by describing two user studies that captured eye gaze during teleoperated
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manipulation. The �rst was collected in prior work, which we analyzed; we collected

the second using better sensors, an adapted procedure to obtain higher quality data,

and a user consent procedure that gave explicit permission to publish the data for

other researchers. For each study, 24 participants performed a food acquisition task

by teleoperating a robot arm while we recorded their eye gaze patterns. These data

sets provided a foundation both for a qualitative understanding of gaze behavior and

for training and evaluation of goal inference algorithms.

We �nd that people look at their goal objects during the task, and they do so

more often during particular stages of the task. However, most gaze is directed at

the end-e�ector of the robot, which does not give information about the user's goal.

When problems occur during the task, people also tend to look at the locations of the

problems; these glances act as additional noise for goal prediction, but may enable

more sophisticated modeling of the user's model of the task. Together, these �ndings

suggest that gaze is a powerful signal for predicting people's goals early in the task,

but those predictions are not consistently available.

4.1 Data Collection and User Studies

We �rst describe a data collection study whose results were used in an initial ex-

ploration of gaze during manipulation [12, 54]. We next describe a data collection

study we designed to improve upon the previous experiment, which includes a more

sophisticated eye tracker and additional sensing modalities [84].

4.1.1 Original Study

During the task, participants sit facing a table. In front of them are a robot arm

(a Kinova Mico [62]) mounted to the table and a plate holding three morsels of

food (we use marshmallows for their ease of spearing). Participants began the study

(after informed consent) by receiving an explanation of how to control the robot and

then spending 5 minutes practicing with it. Then, for each trial, participants were

instructed to select and share which morsel they intended to target. They then used

the robot to move the fork held by the robot to a position above their target morsel.

They then pressed a button on the joystick to complete the task, at which time the
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Figure 4.1: The eating task.

robot autonomously moved down to the morsel, then it moved the fork towards the

user's mouth to simulate most of an eating motion. The actual spearing was done

autonomously so that the minimum robot height could be restricted and we could

avoid table collisions.

During each trial, the user controls the robot using a two-axis joystick via modal

control, which is typical for these types of arms. During modal control, the two-axis

joystick maps to successive pairs of degrees of freedom of the end-e�ector (x/y, z/yaw,

pitch/roll; see Fig. 4.2). Pressing a button on the joystick cycles through the modes.

The robotic system can process this joystick input directly into end-e�ector commands

or add an assistance strategy. The �ve minute practice period helps participants to

understand this control strategy, though it remains di�cult for many users.

(a) x-y mode (b) z-yaw mode (c) pitch-roll mode

Figure 4.2: Modal control for joystick-controlled manipulators. The user controls two
axes of motion at a time with a joystick and uses a button to cycle through the three
modes.
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Participants performed this task �ve times each for four di�erent assistance

conditions, fully counterbalanced over 24 participants. In this study, the assistance

conditions consisted of full teleoperation, in which the users had complete control;

shared autonomy, a policy-based assistance blending strategy (elaborated on in

Sec. 3.1.2); policy blending, an alternate, more conservative assistance strategy; and

full autonomy, in which the robot selected a morsel and planned a trajectory itself

while ignoring all user input. While eye gaze was collected for all conditions, we

focused on the teleoperation and shared autonomy assistance conditions primarily, as

they represent the conditions most related to our intended use. Eye gaze data was

collected over a total of 120 trials per condition. Eye gaze data was collected using a

Pupil Labs Pupil monocular eye tracker [93].

4.1.2 HARMONIC Study

After publishing the results of the previous study, we decided to repeat the study in

order to amass a higher quality data set that would be appropriate for quantitative

analysis. To do so, we repeated the study described above, but with a few enhance-

ments. First, we upgraded the eye gaze sensor to a binocular sensor, which gives

much higher quality sensing for three-dimensional gaze. We also recorded more of the

internal gaze sensor data for later postprocessing. Second, we altered the assistance

algorithm slightly, by replacing the shared autonomyand blend conditions with two

di�erent levels of shared autonomy, and replacing theautonomouscondition with

a mode in which goal intention was derived from the user input but actual control

direction was supplied entirely by the autonomous system. Finally, we added an

electromyography sensor on the user's wrist. This data set has been made publicly

available at harp.ri.cmu.edu/harmonic and is published as Newman et al. [84].

4.2 Eye Gaze Behavior

To understand the broad patterns of eye gaze behavior during teleoperation, we

examine the participant's eye gaze behavior during one teleoperated trial (Fig. 4.3).

In this run, the participant begins by performing aplanning glance: the user looked

at the end-e�ector of the robot, then their target object, then back to the end-e�ector,
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Figure 4.3: Vertical position of gaze points in the world image over time from a
representative trial. Twist direction colors indicate which DOF is being controlled
by the participant through the joystick; physiological gaze colors and dots indicate
detected �xations, smooth pursuits, and saccades (see Sec. 5.2). Plate glances are
outlined with either a black square (planning glance) or colored circle (monitoring
glance). Shaded sections highlight two examples of repeated monitoring glances.

all without moving the robot. Next, the participant moves the robot in the x/y mode

to the approximate location of the end-e�ector above the morsel, and they watch the

end-e�ector through the entire process. The participant then toggles to thez/yaw

mode and lowers the robot inz, while performing amonitoring glance: alternating

focus between the end-e�ector and the target while the robot is moving. Then, the

participant aligns the fork vertically above the morsel while moving in yaw, pitch,

and roll; they look at di�erent places on the end-e�ector but do not glance at their

target. Finally, the participant performs �ne alignment in x, y, and z, performing

monitoring glancesthroughout.

From this example, we derive some generalizations about eye gaze during teleop-

erated manipulation:

People spend a lot of time looking at the end-e�ector of the robot. Unlike

in by-hand manipulation, people look at the end-e�ector of the robot throughout

the trial. Speci�cally, 68:1 � 2:1% of the �xations during each trial were at the

end-e�ector or tool. Presumably, this gaze di�erence is due to people needing visual

feedback to determine the location of the robot end-e�ector, whereas during by-hand

manipulation, people can use their own proprioception to determine their hand

position.
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Figure 4.4: Mean frequency of planning and monitoring glances to the plate during
each robot assistance mode. Monitoring glances are subdivided by joystick control
direction. * indicates signi�cance at the� = 0:05 level; ** at � = 0:01.

Figure 4.5: Proportion of joystick control sequences of the same mode that contained
multiple ( � 2) monitoring glances, subdivided by their control mode. * indicates
signi�cance at the � = 0:05 level.

People look at their goals based on the status of the task. As indicated above,

two eye gaze patterns recurred:planning glances, in which people held the robot

stationary and alternated their focus between the end-e�ector of the robot and their

goal object, andmonitoring glances, in which people moved the robot while looking

back and forth between it and their goal position. These patterns were frequent,

with planning glances appearing in 76% of trials, and have also been observed in

teleoperation tasks using motion control [37]. In addition, morsel monitoring glances

were signi�cantly more frequent during translation than during rotation (Fig. 4.4).

Repeated morsel monitoring glances, in which participants checked the morsel position

more than once while they watched the robot end-e�ector, also occurred more often
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