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Learning from direct experience is more effective when coupled with reflection . . . We

don’t learn from experience, we learn from reflecting on experience.

Jonathan Doerr
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SUMMARY

Autonomous robots are increasingly deployed to complex environments in which we

cannot predict all possible failure cases a priori. Robustness to failures can be provided by

humans enacting the roles of:

• developerswho can iteratively incorporate robustness into the robot system,

• collocated bystanderswho can be approached for aid, and

• remote teleoperatorswho can be contacted for guidance.

However, assisting the robot in any of these roles can place demands on the time or

effort of the human. This dissertation develops modules to reduce the frequency and dura-

tion of failure interventions in order to increase the reliability of autonomous robots, while

also reducing the demand on humans. In pursuit of that goal, the dissertation makes the

following contributions:

1. A development paradigm for autonomous robots that separates task speci�cation

from error recovery. The paradigm reduces burden on developers while making the

robot robust to failures.

2. A model for gauging the interruptibility of collocated humans. A human-subjects

study shows that using the model can reduce the time expended by the robot during

failure recovery.

3. A human-subjects experiment on the effects of decision support provided to remote

operators during failures. The results show that humans need both diagnosis and

action recommendations as decision support during an intervention.

4. An evaluation of model features and unstructured Machine Learning (ML) tech-

niques in pursuit of learning robust suggestions models from intervention data, in

xviii



order to reduce developer effort. The results indicate that careful crafting of features

can lead to improved performance, but that without such feature selection, current

ML algorithms lack robustness in addressing a domain where the robot's observa-

tions are heavily in�uenced by the user's actions.
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CHAPTER 1

INTRODUCTION

Autonomous robots are rapidly becoming prevalent in homes [1, 2, 3], hospitals [4, 5],

hotels [6], shopping malls [7, 8], factories [9], the military [10], and space [11, 12, 13].

In such diverse settings, the robots accomplish a wide array of tasks, including providing

casual social interaction or reminders for medication [2, 3], delivering laboratory speci-

mens [14, 15] and factory inventory [16, 17], providing directions and other services [18,

19, 7], exploring new worlds [12, 13], and assisting in disaster response [20]. In fact,

the use of robots during the COVID-19 pandemic highlights both the widespread adoption

of robots in the present, as well as opportunities for an even more ubiquitous adoption

of robots in the future [21, 22]. In these circumstances, the reliability of the robots is of

paramount importance.

There are two approaches to improving robot reliability, both of which we explore in

this dissertation. The �rst solution is to develop more robust and intelligent autonomous

systems that can handle a wider range of operating conditions and independently recover

from errors. Such techniques reduce the frequency with which failures occur. However, no

known framework exists that can eliminate all robot failures [23]. Therefore, the second

solution is to reduce the duration of a failure when one does occur. In such cases, human

assistance in the form of aninterventionis required for the robot to resume autonomy [24,

25, 26, 27]. Interventions are burdensome on human operators because they may (1) inter-

rupt the human in their ongoing task, (2) require humans to make an effort at diagnosing the

robot's problems, and (3) demand human guidance to recover autonomy. As such, robot re-

liability should be improved by considering the additional pressures that the improvements

might stipulate on the human stakeholders in the process, with the goal of reducing the

human effort and time required during the resulting intervention. This dissertation seeks to
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Figure 1.1: The frequency and duration of errors in tasks can characterize robot reliability.
Metrics such as MTBI and MTCI respectively can then be used to quantify that reliability.

improve robot reliability with such considerations.

1.1 Dissertation Overview

In this dissertation, we characterize robot reliability through two properties –frequency of

failures andduration of failures during robot task execution (Figure 1.1)1.

Thefrequency of failuresis measured by metrics such as the Mean-Time Between Inter-

ventions (MTBI), which is the mean time that the robot operates nominally without failures.

Reliability is improved by reducing the frequency of failures, i.e. increasing MTBI, and it

is dependent on the inherent autonomy of the robot agent or on the frequency of failures

of system components [31]. As such, updating the components or the code of a robot can

reduce the frequency of failures but the task requiressigni�cant human engineering effort.

In fact, as evidenced by the robot failures in the DARPA Robotics Challenge, even after

expending considerable effort in the development of robot systems [32, 33, 34], teams of

experienced roboticists struggled to reduce the frequency of failures [35, 36, 37]. This �nd-

ing motivates the need for agile methods of development, or for easy-to-implement system

components, which reduces system engineering effort.

Theduration of failuresis measured by metrics such as Mean-Time Completing Inter-

ventions (MTCI), which is the mean duration of the failures during which the robot awaits

1We assume the ability to differentiate between moments when the robot is in an error and when it is not
through the use of automated fault detection. Fault detection need not be straightforward and is an active area
of robotics research [28, 29, 30]. However, regardless of how a fault or error is detected, the frequency and
duration of the detected error(s) can characterize the reliability of the robot.
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human assistance. Reliability is improved by decreasing the duration of failure, i.e. de-

creasing MTCI, which in turn is affected by the communication lag between the human

and robot, the information available to the human or robot about the failure, etc. [31].

Therefore, reducing the amount of time between a failure and the robot's receiving of help

for it, or improving the awareness of the failure for both the human and the robot, can help

reduce the duration of the failure. Prior work has identi�ed trade-offs in the appropriate-

ness of requesting assistance from collocated human helpers vs. remote human operators,

as well as in the quality of the assistance received from them [38, 39]. The �nding thus

motivates a need to investigate methods of garnering assistance from humans in order to

reduce failure duration while also minimizing the costs to operators.

In the following chapters, we focus on reducing the frequency and duration of failures

while also reducing any exigencies placed upon human stakeholders in the process. In

particular, we focus on the demands made of human stakeholders who enact the following

three roles identi�ed above:

Developersare designers and engineers who help de�ne a robot system's capabilities and

its interface(s) with human operators. They often create new system components,

improve component reliabilities, or orchestrate components together in new ways to

improve autonomy or improve interactions with operators. As such, their efforts have

the ability to reduce both the frequency and duration of failures.

Collocated bystandersare humans who are physically co-present with a robot in its oper-

ating environment and can help reduce the duration of a failure if they are approached

by the robot for aid. We assume that bystanders have high situational awareness and

can provide high-quality assistance, if approached. However, the request for assis-

tance creates an interruption that can place unwanted demands on the bystander.

Remote teleoperators, by contrast, are humans who are physically removed from the robot's

operating environment, but who can use teleoperation interfaces to decrease the dura-
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tion of failure if they are contacted by the robot for aid. We assume that teleoperators

are always available, but they have to face the demands of teleoperation, including

low situational awareness, which can lead to low-quality assistance.

1.2 Thesis Statement

This dissertation develops modules to reduce the frequency and duration of failure inter-

ventions in order to increase the reliability of autonomous robots, while also reducing the

demand on humans.

1.3 Contributions

The modules that we contribute are:

1. Recovery-Driven Development(Chapter 2): We formalized a development paradigm

for robots that separates task speci�cation from error recovery. The paradigm reduces

the burden on developers while making a robot robust to failures. The paradigm, and

the system developed to support it, enabled our robot to perform pick and place tasks

autonomously for over 45 minutes without interventions at the FetchIt! Challenge at

ICRA 2019 [40].

2. An evaluation of a model for human interruptibility (Chapter 3): We developed

a model for classifying the interruptibility of collocated humans using the data from

the on-board sensors of a robot [41]. A subsequent human-subjects study deployed

the model online on a robot to show that the model was effective at gauging inter-

ruptibility and that the using the model can reduce the time expended by the robot in

garnering assistance for failure recovery [42].

3. An evaluation of decision support for remote operators(Chapter 5): We con-

ducted a large-scale human-subjects experiment on the effects of suggestion type
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and suggestion accuracy when decision support is provided to remote operators dur-

ing failure interventions. Our results show that providing operators with both diagno-

sis suggestions and action recommendations as decision support provides maximal

bene�t [43].

4. An evaluation of the robustness of decision support models learned from data

(Chapter 6): In a bid to reduce developer effort, we conducted an evaluation of model

features and unstructured Machine Learning (ML) techniques in pursuit of learn-

ing robust suggestions models from intervention data. Our results show that careful

crafting of features can lead to improved performance, but that without such feature

selection, current ML algorithms lack robustness in addressing a domain where the

robot's observations are heavily in�uenced by the user's actions.

1.4 Outline of Dissertation Document

This dissertation is organized as follows. Chapter 2 introduces Recovery-Driven Devel-

opment and focuses on reducing thefrequencyof failures while reducing the development

effort of creating a reliable robot system. Chapter 3 transitions to focus on decreasing

the duration of failure while remaining cognizant of the interruptibility of collocated by-

standers. Chapter 4–Chapter 6 then shift the focus to ameliorating the effort of remote

teleoperators and of developers while decreasing theduration of failures. Speci�cally,

Chapter 4 introduces a human-subjects study that we conducted to characterize the com-

plex interactions that occur between teleoperators and the decision support models that

might be provided to them during an intervention. We then further investigate the inter-

actions separately in the subsequent chapters. In Chapter 5, we investigate the effects of

decision support on remote operator performance, and in Chapter 6, we investigate the ef-

fects of teleoperator behaviour on the robustness of decision support models. In all the

chapters, from Chapter 2–Chapter 6, we introduce and discuss the relevant background and

related works in order to contextualize our investigations. Finally, we provide concluding
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remarks and discuss open questions in Chapter 7.
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CHAPTER 2

RECOVERY-DRIVEN DEVELOPMENT FOR RECIPE-BASED ROBOT TASKS

Robot execution is fragile and often over�ts to the development test bed [35, 37]. As such,

robust robot architectures must rely on recovery behaviors in order to maintain autonomy

when assumptions are violated [44]. Recovery during robot tasks is non-trivial, however,

as resetting to a known state can be dif�cult [45] and knowing where to resume execution

can be context dependent [46]. In addition, unforeseen faults create ambiguity in recovery

strategies.

In this chapter, we look to improve robot autonomy (i.e., decrease thefrequencyof

failures), while minimizing the development effort of doing so. Speci�cally, we address the

development of robust recovery for recipe-based tasks—a class of robot tasks that dictate a

pre-speci�ed sequence of steps to accomplish a goal. Such tasks include common mobile

manipulation tasks in unstructured environments, such as kit packing, machine assembly,

table setting, or food preparation. Even for seemingly straightforward recipe-based tasks,

the many interactions with the environment, and between robot components, lead to faults

that are dif�cult to identifya priori [23], often resulting in systems that are in�exible or

not robust to failures.

State machines [46], hybrid automata [47], and planning approaches [48] are common

methods of sequencing robot execution that can be made robust to failures. However, ro-

bustness is often achieved at the cost of a complexity explosion in the task sequence spec-

i�cation or a loss of interpretability of the task recipe. Crucially, the increased complexity

and the lack of interpretability negatively impact the iterative development of the main task

and recovery processes, both of which are necessary in the face of potentially innumerable

failure conditions.

We therefore proposeRecovery-Driven Development(RDD), a development process for
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recipe-based tasks couched in agile methodology. The key tenet of RDD is the separation

of nominal task speci�cation from recovery behavior de�nition. Another guiding principle

of RDD is the support of hierarchical task speci�cation, which both allows for re-use in the

task recipe and provides higher-level context to recovery behavior selection. As such, the

RDD methodology enables system developers to easily explore aspects of a robot's system

design, such as those identi�ed by Eppner et al. [47]—assumptions, generality, modularity,

etc.

We de�ne RDD as a 2-pronged iterative approach to developing robust task execution,

in which designers can move back and forth between both prongs without risk of one phase

interfering with the other:

1. Speci�cation (Section 2.3.1): scripting a hierarchical task sequence incrementally

from a task recipe, using strong assumptions

2. Re�nement (Section 2.3.2): developing recovery behaviors by executing a situated

task, noting a fault, specifying new recoveries, and repeating

The result is a development methodology that supports rapid task and recovery prototyping,

without a noticeable loss in the robot's robustness when deployed.

In this work, we present our task execution and monitoring system as an example frame-

work designed to enable RDD for recipe-based robot tasks1. We validate both the task

system and the RDD work�ow with our team's winning approach to the FetchIt! Chal-

lenge at the IEEE 2019 International Conference on Robotics and Automation (ICRA),

in which our success was achieved mainly due to the robustness afforded to our system

from the RDD methodology. Additionally, we provide details and open-source code for

our complete system developed for the FetchIt! Challenge as a concrete example of a com-

plex mobile manipulation system developed using RDD. We conclude with a discussion of

lessons learned for the fast and robust development of recipe-based robot tasks.

1https://github.com/GT-RAIL/derail-fetchit-public/tree/master/taskexecution
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2.1 Related Work

Designing a robot's software is often application-dependent, requiring tradeoffs between

multiple approaches [49]. In this section we enumerate common design choices that emerge

across applications for robot architectures, situate our task execution framework within the

design practices, and motivate the development of our approach.

Robot architectures are generally three-tiered with the following levels [49]:

• A behaviorallevel for highly reactive and highly situated robot execution. Modules

at this level, sometimes termed skills, have a tight perception-action loop and are the

focus of much research.

• An executivelevel that bridges low-level tasks (skills) and high-level tasks (goals).

The executive is responsible for sequencing skills, monitoring execution, and han-

dling exceptions.

• A planning level responsible for tasking the executive level with goals to achieve

based on future objectives, robot constraints, environmental situations, etc.

Our primary contribution is in enabling the executive level to support an RDD work�ow,

and as such the remainder of this section examines executive level design and recovery.

We discuss a behavioral implementation of mobile manipulation in Section 2.2 to provide

context for our executive implementation. We also note that planning-level requirements

are minimal for autonomous recipe-based tasks, although we return to this assumption at

the end of Section 2.5.

2.1.1 ExecutiveLevelDesign

The most informative consideration in executive level design is how dynamic or static the

task should be. A task can be dynamic due to environments with uncontrolled agents
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such as humans [50] or competing objectives [51]. There are four paradigms to behavior

sequencing at the executive level, with differing levels of support for dynamic tasks:

• Agent-based controlpartitions control into separate, synchronized agents that main-

tain consistency with the global robot objective. This works well for dynamic envi-

ronments, and was implemented through behavior trees in Playful [50] and resource

agents in ROAR [52]. However, debugging and reasoning about the interactions be-

tween agents can be dif�cult.

• Planningis a principled manner of sequencing skills in dynamic environments, and

was implemented by CRAM [48]. However, when designers know the exact se-

quence of skills they want, as in recipe-based tasks, the design process for planning

can be non-intuitive or even counter-productive [46].

• Finite State Machinesretain some of the autonomy in sequence speci�cation pro-

vided by planning, and also allow system designers to explicitly specify state tran-

sitions a priori based on expected sub-task outcomes. Additionally, state machines

support model veri�cation and composition for incremental construction of complex

behaviors [53, 46]. However, state machines, and the related method of hybrid au-

tomata [47], suffer from an explosion of transitions as the number of skills or the task

complexity grows.

• Scriptingallows for the compositionality of state machines with the simple declara-

tion, rather than programming, of robot behavior [44]. Additionally, scripting pro-

vides easier error recovery to handle exceptions at the executive level than state ma-

chines. However, scripting puts the burden of sequence speci�cation on the designer,

raising scalability issues, especially for multi-objective tasks [46].

In this work, we focus on relatively static environments and recipe-based tasks that can

be decomposed into subtasks. In order to facilitate the rapid prototyping and incremental
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inclusion of error recoveries inherent to RDD, we sequence behaviors through hierarchical

scripting. We address scripting's scalability issues by separating task speci�cation and

recovery.

2.1.2 ReactivityandRecovery

A robust robot executive level must include failover mechanisms that maintain autonomy

when behavior design assumptions are not satis�ed [44]. Therefore, recovery systems must

address many challenges, including determining how to reset to a known state [45], han-

dling context dependent execution resumption [46], and deciding on recovery strategies

for unforeseen faults. A common recovery strategy for resetting to a known state is to

re-attempt the entire task, as in [47], although such approaches are less reactive to failures.

Planning approaches maintain reactivity by recovering from seen and unforeseen fail-

ures by replanning [48]. Further, plans provide theoretical guarantees on robustness to

unforeseen execution failures [54, 47]. Prior works have treated recovery as a planning

problem with the goal of reaching any state where a diagnosed fault does not exist [55].

However, as noted earlier, planning approaches can be dif�cult to iteratively develop, or

can result in not-easily interpretable task speci�cations. Our approach avoids planning at

the executive layer in favor of scripting, to facilitate rapid and highly-interpretable behavior

development.

In the absence of planning, reactively resetting to a good known state can be accom-

plished through fault forecasting, such as Failure-Modes Effects and Criticality Analysis

(FMECA), which reasons about expected faults and the explicit recovery steps to address

them [24]. However, such approaches are time consuming and not guaranteed to �nd all

faults [23]. We instead take an empirical approach to fault discovery through situated task

execution, exploiting the inherent structure of recipe-based tasks, allowing for pre-scripted

recovery to intermediate task steps.
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Figure 2.1: Mobile manipulation system overview. Arrows denote ROS information �ow,
through publishers, subscribers, services, and actionlib.

2.2 System Overview

Before presenting our task execution and recovery system, we �rst describe the behav-

ioral level of our general mobile manipulation architecture, to serve two purposes: (1) to

share our open-source challenge-winning mobile manipulation system developed to sup-

port RDD, and (2) to establish a task context and a set of robot capabilities that we will

refer to throughout the chapter, grounding our discussion of RDD's bene�ts and drawbacks

in a fully-realized robot system. The architecture consists of a set of independent mobile

manipulation modules, implemented using the Robot Operating System (ROS) [56], shown

in Figure 2.1. Object perception modules are implemented as ROS service servers, and ob-

ject manipulation and base navigation modules are implemented asactionlib 2 servers.

Each independent module can be called by the task executor, and provides feedback to the

task executor and task monitor3. The modules consist of the following capabilities:

Object Perception.Our perception modules implement a perception pipeline for RGBD

2http://wiki.ros.org/actionlib
3Each module must necessarily provide feedback on its own faults so that the executive level can make

relevant recovery decisions.
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sensor data, using the Point Cloud Library (PCL) [57]. The object segmentation mod-

ule uses therail segmentation 4 package to identify point cloud clusters-of-interest

through table surface detection and Euclidean distance clustering. We divide our object

recognition approaches between large and small objects. For large objects, we perform

model matching using therail mesh icp 5 package that uses an Iterative Closest Point

(ICP) PCL pipeline, which also provides object pose detection. For small object recogni-

tion, we train an SVM classi�er over Ensemble of Shape Functions (ESF) descriptors [58].

We do not need to perform pose estimation for small objects due to our object grasping

approach, described below.

Object Manipulation.Most of our manipulation modules make use of MoveIt! to per-

form arm planning to either joint goals or end-effector pose goals using OMPL'sRRTConnect

motion planner [59]. This includes both general arm repositioning actions, which the task

executor can call directly (e.g. to move the arm out of the way of the camera), and execution

actions, called by other object manipulation modules. Object grasping calculates antipodal

grasps over an object point cloud using theagile grasp package [60], which are then

ordered and executed using pairwise ranking throughfetch grasp suggestion [61].

As objects can shift during the grasping process, we perform post-grasp pose detection us-

ing the in-hand localization module, which identi�es the object point cloud by performing

background subtraction on the robot's gripper, and calculates the object's pose based on

its principal axes determined by Principal Component Analysis (PCA). Given a known ob-

ject pose and a desired place location, object placing calculates and executes a pose goal

for placing an object that ensures the gripper �ngers and palm are out of the way of the

object's fall trajectory.

We also include some manipulation modules that do not use MoveIt!, due to the limi-

tations of sampling-based motion planning. For large object manipulation, such as lifting

and placing kits of objects, we include a kinesthetic teaching module [62]. This allows

4http://wiki.ros.org/railsegmentation
5http://wiki.ros.org/railmeshicp
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system designers to record and play back arm trajectories, either in full or as a set of way-

points. Additionally, we include task-speci�c manipulation actions to implement speci�c

manipulation skills such as raising and lowering objects, using a Cartesian end-effector

controller6, and peg-in-hole insertion, using a controller with end-effector pose and joint

effort as feedback.

Base Navigation.LIDAR-based localization uses AMCL provided by ROS'snav stack 7

to localize the base with respect to a pre-collected 2D occupancy grid of the environment.

Navigation is primarily done using point-to-point navigation between waypoints on the

map, executed using a PID controller8. We also include local repositioning actions, which

implement short movement primitives such as backing up from a table. The repositioning

actions are implemented using a PID controller with gains tuned for shorter, more precise

base goals.

With each module implemented, the navigation, perception, and manipulation actions

can be sequenced in a robust manner to complete mobile manipulation tasks by the task

execution system described in the next section.

2.3 Task Execution and Recovery

In this section, we describe our executive level, which consists of two packages seen in

Figure 2.2: thetask executorand thetask monitor9. The task executor (Section 2.3.1)

contains scaffolding to specify and incrementally develop a main task recipe. The task

monitor (Section 2.3.2) contains the utilities necessary recover from general failures during

task execution.
6Available at https://github.com/GT-RAIL/fetchsimple linear controller
7http://wiki.ros.org/navigation
8In complex environments,nav stack 's global and local planners can be used instead.
9Stand-alone packages under development at https://github.com/GT-RAIL/assistancearbitration
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Figure 2.2: Overview of the two packages in our the executive level. Arrows denote ROS
information �ow, through publishers, subscribers, services, and actionlib.

2.3.1 RDD Speci�cation:TheTaskExecutor

During theSpeci�cationphase of RDD, developers translate the nominal behaviour of the

robot executing a task recipe into a script. Crucially, developers should ful�ll two objectives

in this phase: (1) declare robot behavior under the strong assumption of perfect robustness

in execution, and (2) provide structure to the speci�ed script so that in the event of an error,

it is easy to garner error context as well as resume execution once the error is resolved. The

task executor package facillitates meeting such objectives.

Speci�cally, the task executor provides the following utilities to aid in rapid task proto-

typing and testing:

• A Python-based abstraction for specifying semantically meaningful interfaces to the

robot's behavior layer, to form sequenceable primitive actions.

• A custom domain-speci�c language using YAML syntax for scripting recipe-based

tasks, with a view towards facilitating hierarchical task declaration for code modu-

larity and reuse.

• A consistent API to tasks and actions to facilitate testing in isolation and to enable

easy invocation from other system components.
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• A database to provide a common knowledge-base of task relevant information to all

tasks and primitive behaviors.

• An automatically populated belief system encapsulating pertinent robot, environ-

ment, and task states, to provide additional context during recovery.

The following sections provide additional details on the above utilities.

Actions

Primitive actions are speci�ed as Python objects derived from a common abstract class.

They are implemented either as a client to individual robot components, such as to point-

to-point navigation, or as a client to semantic groupings of robot components, such as to

the grasp calculation packages.

Tasks

Tasks manifest as a Python class derived from the same abstract class asactions, but whose

execution is speci�ed using a custom domain-speci�c language, which uses YAML syntax,

to allow loading and reloading of tasks from the ROS parameter server. The language

allows tasks to:

• reuse other tasks for the creation of complex task hierarchies

• accept parameters for adaptation and compositionality in task speci�cation

• create, maintain, and manipulate local variables for data transfer between actions and

for adaptation to environmental or execution conditions

• utilize rudimentary control �ow through conditional statements and loops, aiding in

concise task speci�cation

We present the formal task syntax in Listing 1, with example tasks used for large object

pose estimation and for object picking at the FetchIt! Challenge (Section 2.4.1) shown in

16



Listing 1 Task Syntax
(task name) :

[params: [...]]
[var: [...]]
steps :
- (action | task | op | choice | loop) : (name)

[params: {...}]
[var: [...]]

[...]

Listing 2 Example Tasks
detect_schunk_pose_task :

params :
- look_location

var :
- chuck_approach_pose

steps :
- action : look

params :
pose : params.look_location

- action : detect_schunk
var :
- chuck_approach_pose

pick_task :
params : [object_idx, grasps, object_key]
var : [grasped]
steps :
- action : pick

params :
object_idx : params.object_idx
grasps : params.grasps
object_key : params.object_key

- action : verify_grasp
params :

abort_on_false : false
var :
- grasped

Listing 2. A task is de�ned as a dictionary entry with the required key ofsteps , which

de�nes an ordered list of the steps in the task, and the optional keys ofparams andvar ,

which de�ne the task inputs and outputs. Eachstep in the task is named and can be one of

�ve types: (1)action , invoking a primitive action, (2)task , invoking another task, (3)

op, invoking a simple Python function for rudimentary data manipulation, (4)choice ,

to evaluate a boolean expression for control �ow, and (5)loop , to loop while a boolean

expression istrue . All steps accept a dictionary setting values for theirparams , and

return a list ofvar values that become local variables in the parent task10.

Consistent API

Tasks and actions have a consistent API, which mimics that of ROS'sactionlib inter-

face. This consistent API enables (1) the use of JSON to specify inputs and outputs to

tasks and actions easily in order to test them in isolation, and (2) the invocation of individ-

ual tasks from other ROS nodes, such as the recovery system, through theactionlib

interface when required.

10For more details, see the README in our Github repository.
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Database

Recipe-based tasks can be parameterized by semantically meaningful task variables which

are then grounded to different values for particular environments or tasks. Example task

variables are locations, robot poses, objects, or other real-world entities. The database is

a YAML dictionary loaded into the ROS parameter server that provides a single source

of truth for grounding all relevant task variables. Rapid environment adaptation is readily

facilitated by modifying the values associated with known keys in the database de�nition.

Beliefs

Beliefs are key-value assertions about the robot or the state of the environment, e.g.,

num bolts in kit=1 or robot at schunk=true . They are included in the task

executive layer for two reasons: (1) to provide context to recovery mechanisms in the event

of a failure, and (2) to provide updates to a higher level planner, should one exist, about rel-

evant states of the task, the robot, or the environment. For instance, the expected and actual

state may become mismatched: transient localization and navigation errors during point-

to-point navigation might compound to leave the robot at a location outside an expected

tolerance for manipulation actions. Background monitors on the robot's location can indi-

cate a mismatch, and in turn the recovery system can use this information to reposition the

robot.

Discussion

The task executor package is optimized to facilitate rapid speci�cation and testing of recipe-

based tasks: developed task scripts are deterministic, easy to specify, interpretable, and

readily allow the testing of components in isolation. Additionally, the scripting approach

to task speci�cation provides the implicit bene�ts of straightforward state tracking and

an ef�ciency in task execution borne from overestimating the robustness of the robot's

behaviors. Indeed, we do not check for most violations to the operating conditions of our
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primitive behaviors until they report a failure.

We note that the determinism of our scripting approach and overestimation of the ro-

bustness of our behaviors leaves us susceptible to violations in assumptions of the environ-

mental state (a susceptibility that reactive sequencing approaches do not share). However,

instead of complicating the task scripts and in turn slowing down task speci�cation, our

RDD methodology relies on the incremental recovery development to achieve robustness

and reactivity.

2.3.2 RDD Re�nement:TheTaskMonitor

The primary objective of system development during theRe�nementphase of RDD is to

rapidly incorporate diverse recovery strategies for a speci�ed task recipe in order to in-

crementally improve its robustness. As such, it involves addressing four challenges (men-

tioned in Section 2.1):

1. resolving ambiguity in the recovery policy for unforeseen faults

2. taking actions to reset to a known state in the event of a fault

3. deciding how to resume execution once a fault is addressed

4. trying diverse strategies when recovering from a repeated fault

The task monitor package, which provides execution monitoring and error recovery to the

task executor, is designed to address each of the above challenges.

Handling Unseen Errors

In the event of an unseen error during development11, the monitor immediately exits from

the task, displaying the entire context of the error in a consistent manner and logging all

11The system can detect unseen errors in three ways: (1) the behavior level can propagate reported faults
(i.e. action servers aborting, nodes crashing, etc.), (2) recipe steps can explicitly check for expected errors, or,
in the case of unexpected errors, (3) the developer can stop system execution and write a new error detection
module.
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Figure 2.3: Metadata passed between the task executor and the task monitor, used to facil-
itate error diagnosis and task resumption after fault resolution.

possible causes. Developers can then inspect the logs to create a tailored (set of) recovery

mechanism(s) for such errors, thereby making them “known” errors during future failures.

In practice, we quickly accumulate a list of errors that our developed recovery strategies

know to address.

During deployment, unseen errors can be dealt with under a domain-dependent context-

relevant policy of always exit, always retry, or some combination thereof.

Taking Actions

Rapidly developing and testing actions to take in the event of a particular failure requires the

presence of (1) a means of determining the diagnosis of an error, and (2) an easy mechanism

to invoke actions or subsets of actions. The monitor and task executor are designed to

facilitate both.

The structure and compositional design of our main task recipe aids in fault diagnosis,

given the current task state. Speci�cally, in the event of an error, tasks in the task executor

provide a consistent context of their state in a recursive dictionary containing all tasks in

a task hierarchy until the primitive action, and primitive actions can also provide error

context through custom data �elds, as shown in Figure 2.3. Further, the task executor's

beliefs (Section 2.3.1) can additionally inform error recovery.

When an error is diagnosed, the consistent API for invoking tasks and actions facilitates

the monitor in resolving the problem. The monitor uses a redundant instance of the task

executor, called the recovery executor (seen in Figure 2.2), to execute simple task recipes
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for recovery.

Resuming

We have identi�ed �ve strategies for resuming task execution that have applied to the errors

we have encountered:

1. RESUMENONE: stop executing the task.

2. RESUMECONTINUE: resume task execution from the failed step.

3. RESUMERETRY: restart a subtask, or the whole task; useful if, for example, the

environment changed during recovery and thus perception must be rerun.

4. RESUMENEXT: resume execution at the next step; useful if the recovery process

accomplishes the failed step.

5. RESUMEPREVIOUS: resume execution at the previous step; useful if failure as-

sumptions change, but the entire subtask does not need to be restarted.

To enable full �exibility in the recovery mechanism on how tasks12 are resumed, any of the

tasks in a hierarchy can be resumed using any of the above �ve strategies. An example of

the context for task resumption is shown in Figure 2.3.

Recovery Diversity

Due to the larger context of some errors, the same recovery actions taken during the same

fault diagnosis can fail: for example, recalculating grasps on a small object when sampling-

based arm motion planning fails to pick it up may be insuf�cient due to an arm workspace

limitation, and instead the error should be resolved by repositioning the robot base or by

moving the arm to a different start con�guration. As such, the context dictionaries included

12Resuming execution from arbitrary stopping points in primitive actions is hard [45], but depending on
the implementation of the robot system, might be unnecessary.
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for diagnosis and resumption support development of diverse recovery strategies for the

same faults, based on factors such as task hierarchy location, primitive action failure count,

or hierarchical task failure counts.

Discussion

The philosophy behind RDD'sRe�nementphase, i.e. incremental and independent re-

covery development, necessitated a recovery system that is deterministic, easy to specify,

interpretable, and readily allows testing of individual recoveries in isolation. Although the

current version of our implemented recovery system is not robust to failures during the re-

covery process, such robustness can either be added in a future iteration of our system, or

can be left to the purview of a higher-level planner in the robot system. Finally, we note

that our current rule-based system of recoveries does not easily lend itself to analysis or

veri�cation, but such a feature can be integrated in the near future. In the meanwhile, the

easy testability of individual recoveries mitigates the lack of veri�cation in the system.

2.4 Validation

Our task execution approach formed our executive level for the FetchIt! Challenge at ICRA

2019. The challenge's goal was to advance autonomy and robustness by using a mobile

manipulator to perform an industrial kit assembly task in an unstructured environment.

As such, the challenge was a good opportunity to validate our system and development

methodology in a real-world, time-sensitive scenario. We provide a brief description of

the FetchIt! Challenge, followed by quantitative and qualitative observations of the RDD

work�ow and the recovery mechanisms we developed for our competition-winning robust

task executor.

As further context, and to provide a continuous example of recoveries over a 45-minute

autonomous task, we provide a video of our �nal competition run13.

13https://youtu.be/Gur71h4CNQ
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(a) Fetch Robot (b) Challenge Arena (c) Assembled Kit (d) Schunk Machine

Figure 2.4: FetchIt! challenge hardware and speci�cations.

2.4.1 FetchIt! ChallengeOverview

The FetchIt! Challenge was a mobile-manipulation challenge focused on autonomously

completing combined manipulation, perception, and navigation tasks on a mobile-manipulator

platform14. Speci�cally, the goal of the competition was to have a Fetch mobile manipu-

lator [63], equipped with an RGBD camera and a 2D LIDAR (Figure 2.4a), autonomously

assemble kits (Figure 2.4c). In order to assemble each kit, the Fetch had to navigate a chal-

lenge arena (Figure 2.4b), perceiving and picking the various parts from tabletops and bins.

In addition to pick and place, the Fetch had to operate machinery in the arena via physical

manipulation and wireless interfaces as part of the assembly process. For instance, it had to

insert the “Large Gear” in Figure 2.4c into a small opening shown in Figure 2.4d on a sim-

ulated milling machine. Perfectly completed kits (as in Figure 2.4c) scored seven points,

with no points awarded for incomplete kits (i.e. any parts missing).

The robot was required to run autonomously with no intervention for an allotted time

of 45 minutes, completing as many kit assemblies as possible. The strict scoring requir-

ing fully assembled kits made robust task execution one of the largest challenges of the

competition.
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(a) The top three levels in the hierarchical task tree. Repetitions ofpick place object in kit are
omitted and denoted with an ellipsis for brevity.

(b) Full expansion of the �fthpick place object in kit task. The suf�xn for each node indicates
the nth invocation of an action or task over the full task tree (n is often higher in practice due to
recovery execution). Details ofplace in kit task are omitted for brevity.C denotes a choice node
that denotes conditional execution, andL denotes a loop node.

Figure 2.5: Hierarchical task tree for the FetchIt! challenge.

2.4.2 Validationof Recovery-DrivenDevelopment

Figure 2.5a shows the high-level structure of the task implemented for the FetchIt! Challenge—

an easy to understand script. Figure 2.5b demonstrates the task complexity, showing an

expansion of one of the abstract tasks from Figure 2.5a. This complexity is manageable

thanks to hierarchy-enabled action and task reuse–our task script reuses the look action at

least 25 times and the perceive task at least 6 times. The modular nature of the task speci-

�cation simpli�ed the design process and allowed for independent testing of task recipes.

Further, the RDD requirement of separating speci�cation and re�nement allowed us

to safely develop new recovery behaviors in high-pressure moments between competition

runs. For instance, the simulated milling machine required gear insertion into a smaller hole

than we had previously tested with, which caused new faults resulting from false positives

in the robot's evaluation of the insertion. With only 45 minutes to test between runs, we

14https://opensource.fetchrobotics.com/assets/Rulebook2019.pdf
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were able to quickly update existing recovery strategies to identify insertion failure and

retry the task, without risk of disrupting the previously tested nominal task �ow.

2.4.3 Evaluationof TaskRobustness

The FetchIt! Challenge provided an opportunity to gather quantitative data on our recovery

strategies, allowing us to evaluate the error recovery utilities provided by the task monitor

(Section Section 2.3.2). We also provide a representative example to qualitatively highlight

those utilities.

Quantitative Observations

We provide a breakdown of the recovery strategies we implemented for the FetchIt! Chal-

lenge. In total, we implemented 18 strategies, which often included multiple sub-strategies

to handle dynamic execution under differing fault conditions.

To highlight the value of easy rule speci�cation for recoveries and the ability to act

upon a rule-based diagnosis, we de�ne the following three situations:

1. Shared Recovery: different faults use the same rules for diagnosis and recovery

2. Immediate Action: recovery directly invokes a primitive action

3. Dynamic Recovery: in the same error diagnosis, error context determines different

parameters for recovery actions

Figure 2.6a shows the occurrence of these three situations in our developed recoveries. We

most frequently useImmediate Actions, to create short and responsive recovery actions to

bring the task back to a known state. While less frequent,Shared Recoveriesaided in rapid

development andDynamic Recoverieswere crucial in creating a reactive system to deal

with diverse faults.

The task executor and monitor use the following factors in the metadata context to

determine what recovery to perform:
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1. Action/Task: the location of the error in the task hierarchy

2. Number of Aborts: how many times the error has occurred without resolution

3. Belief: a subset of the robot's belief of the task, robot, or environment state

4. Error Signal: a speci�c error signal returned by a primitive action

5. Immediate Action Result: the result of actions taken for recovery execution

Figure 2.6b illustrates that localizing the error within the task hierarchy was especially im-

portant in determining recoveries because the task and action reuse for different situations

often required different recoveries. Overall, the use of a diverse factors shows that robust

recovery requires a wide range of context.

Finally, Figure 2.6c demonstrates that all resumption strategies described in Section 2.3.2

were necessary for designing a robust recovery system. The diversity in resumption strate-

gies showcase the possibility of resuming from a task beyond simply re-attempting it en-

tirely, and the use of resumption strategies other thanRESUMECONTINUEshow that re-

sumption cannot always directly return to where the error occurred.

Representative Example

We describe here recoveries for thepick action (Figure 2.5b) to provide concrete exam-

ples for the features mentioned above. In our system,pick and arm can fail due to a

common cause—errors in the MoveIt! Motion Planning Framework. Therefore, the de-

fault recoveries for these actions, e.g. reinitializing a 3D obstacle map followed by a

RESUMECONTINUE, are examples ofShared Recoveries. However, depending on the

context, the fault sometimes requires additional recovery steps. For instance, after the third

consecutive failure of both actions in thepick task, a short upward arm move jogs the

system out of its error. When this is not enough, the cause of failures can be a limitation in

the arm's workspace, and so the robot repositions itself based on beliefs about the task and
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(a) Properties of the recovery(b) Factors used in diagnosis (c) Resumption strategies

Figure 2.6: Percentage of times that recovery uses each utility of the task monitor, for the 18
main recovery strategies designed for FetchIt! Challenge. In (c), note thatRESUMENONE
is also the default strategy for unseen errors.

environment state. All faults that occur within the context of theperceivepick task retry

that task (RESUMERETRY) in order to account for scene changes resulting from recovery

execution. We show a selection of thesepick recoveries in action, as well as other example

recovery behaviors selected from our FetchIt! competition runs, in a video supplement to

this chapter15. At the competition, we recovered from all errors in thepick task, thanks to

the task monitor's utilities.

2.5 Discussion

We conclude with a discussion of lessons learned using our RDD-inspired task execution

and monitoring system at the FetchIt! Challenge.

Testing early and often.The ability to repeatedly test the robot system in its target

environment is a critical requirement for the robustness bene�ts of RDD—while RDD can

be implemented in simulation, simulation alone will likely not lead to the same level of

robustness. As such, RDD is not suited to hazardous or remote environments, such as
15https://youtu.be/AcOdT10q94
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space robotics. However, many target environments for robots are neither inaccessible nor

catastrophically hazardous, and are therefore compatible with RDD.

Stochasticity in behaviors.As mentioned in Section 2.3.2, failure recovery requires

a high degree of variety in recovery mechanisms. We have found that a degree of non-

determinism at the robot's behavior level facilitates such recoveries. For instance, our

sampling-based ranking approaches to object selection, grasp calculation, and place pose

calculation provided the robot with successful alternatives when retrying actions after pre-

vious action attempts failed.

Planning layer integration.Recipe-based tasks can admit multiple recipes, which need

to be selected or rescheduled at runtime based on factors such as time constraints or ma-

jor execution errors. Prede�ned scripts, such as those created during RDD speci�cation

phases, cannot easily handle such situations. The shortcoming can, however, be addressed

by the higher level planning layer in the robot architecture. We found that the level of

abstraction used in our hierarchical executive layer recipe scripts made the speci�cation

of our planning layer almost trivial. Additionally, the executor and monitor utilities we

developed (e.g. beliefs) were a great help in the planning layer.

In conclusion, the RDD methodology of separating the nominal task speci�cation from

recovery speci�cation provides numerous bene�ts, which our team validated at the FetchIt!

Challenge. Our use of RDD (1) allowedrapid development of the task and recoveries,

(2) enabledindependent testing and ef�cient re-use through abstractionfor tasks and

recoveries, (3) necessitated thedevelopment of system utilitiesthat ultimately proved

valuable in other aspects of system development, and most importantly, (4) afforded our

system alevel of robustnessthat would have been more dif�cult or time-consuming to

achieve through other means.

The reduced frequency of failures, and hence increased reliability, of a robot system

achieved through RDD involves transferring the experiences of past interventions into a

policy of actions for future failures, albeit through developer-implemented system updates.
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As such, it implies the possibility of accomplishing such a transfer without developer effort,

and it is therefore a question that we intend the revisit in Chapter 6. Before addressing it, we

examine how modules developed for the bene�t of collocated and remote human operators

might also reduce thedurationof robot failures.
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CHAPTER 3

THE INTERRUPTIBILITY OF COLLOCATED HUMANS

We begin this chapter by noting that unless a robot is actively monitored by a human op-

erator, it must �nd andinterrupt a human in order to notify them of an error and to solicit

help. Interruptions are distracting, potentially leading to task performance penalties [64,

65], stress [65, 66], antipathy [27], and even catastrophe [67, 68], depending on context.

As such, an inappropriate or incorrect interruption from a robot can greatly increase the

duration of robot failures if the interrupted humans ignores the interruption, takes more

time to intervene, or intervenes incorrectly.

In the context of technology-driven interruptions, a large body of work in human fac-

tors engineering (HFE) and human-computer interaction (HCI) research has speci�cally

identi�ed the appropriateness of thetiming of an interruptionas one of the most important

factors dictating interruption consequences [69, 64, 65, 68]. The appropriateness of timing

is referred to asinterruptibility [70] and it is itself the focus of much research [71]. Low

interruptibility signi�es a person's desire to not be disturbed, while high interruptibility

signi�es that the person could be amenable to an interruption.

Today's robots have no interruptibility awareness, despite the fact that interactive robots

are increasingly deployed in human environments. Many robot control architectures being

developed in the research community for interactive applications enable robots to not only

follow human instructions, but also to actively engage with a person to offer a service [19]

or to ask for help [72, 73]. As a result, robots performing deliveries, taking store inventory,

organizing warehouses, and collaboratively working alongside humans on factory produc-

tion lines increasingly have the potential to interrupt people, without any measure of the ap-

propriateness or costs of such interruptions. Extrapolating results from prior research [74,

75] to the domain of embodied robot interactions, suggests that inappropriate interruptions
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may have signi�cant effects on many factors, including

� negatively impacting human task performance, if people are interrupted at inappropri-

ate times,

� negatively impacting robot task performance, as the robot wastes time attempting to

interact with a person not receptive to the interaction, and

� negatively impacting a person's social perception of the robot, and ultimately their

willingness to use it.

In order to develop robots that appropriately handle interruptions, it is important to

determinewhena robot should interrupt, andhow it should behave during an interrup-

tion. Prior work has explored how a robot should behave during interruptions by studying

multiple approaches for engaging people [76, 77]. In this chapter, we address the former

question. Expanding on results previously presented in [41] and [42], we describe a self-

contained interruptibility-aware mobile robot system and present a detailed analysis of the

effects of interruptibility-aware behavior on the factors listed above.

We begin by examining the following research questions:

RQ1 Which computational features are useful in allowing a robot to classify interruptibil-

ity in an unstructured world?

RQ2 What is a robust model for obtaining interruptibility estimates from the proposed

features?

In our examination, we �rst contribute an ordinal scale of interruptibility that can be used to

rate the interruptibility of a person and to in�uence decisions on whether or not to interrupt

them (Section 3.2). Second, derived from factors used by humans to gauge interruptibil-

ity [68], we propose using features forperson state—motivated by prior work in robotics

on the closely related problem of estimating human engagement [78]—and features forin-

terruption context—inspired by cues to interruptibility context used in prior work [79]—to
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classify interruptibility (Section 3.3). Last, we introduce the non-temporal and tempo-

ral models that we evaluated (Section 3.4) and the dataset of person observations that the

models were evaluated upon (Section 3.5).

Our results (Section 3.6) show that (1) features forperson stateandinterruption con-

textare indeed useful for classifying interruptibility, (2) in the absence of robust detectors

for person state, more robust detectors forinterruption contextare a good substitute, and

(3) Random Forest (RF) [80], Multi-Layer Perceptron (MLP) [81], and Latent-Dynamic

Conditional Random Field (LDCRF) [82] classi�ers outperform all other classi�ers in in-

terruptibility classi�cation, remaining robust to feature noise. The results inform our de-

velopment of an interruptibility-aware robot system (Section 3.8).

We evaluate our robot system in a 42 participant user study, introduced in Section 3.7

and described in Section 3.9, to answer the following research questions:

RQ3 Can we use measures of the robot's behavior to show that our models accurately

estimate interruptibility online on a robot platform?

RQ4 How does interruptibility-aware robot behavior affect human task performance when

a robot regularly needs assistance?

RQ5 How does interruptibility-aware robot behavior affect robot task performance when

relying on humans for assistance?

RQ6 Does a robot appear more socially adept if it interrupts humans at appropriate mo-

ments?

Our results (Section 3.10) show that (1) our integrated system is effective at predicting

interruptibility at high accuracy, (2) an interruptibility-aware robot interrupts less often but

at more appropriate times thereby increasing its ef�ciency, (3) better timed interruptions

have no signi�cant effect on human task throughput in skill-based tasks (perhaps as a result

of participants self-regulating their schedule by ignoring badly timed interruptions), and
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(4) users have a higher opinion of the interruptibility-aware robot. These results highlight

key �ndings for face-to-face robot interruptions, underscore the social and task bene�ts of

interruptibility-aware robot behaviours, and present directions for future research.

3.1 Related Work

People are generally very adept at gauging the interruptibility of others from observation:

when deciding the moment to interrupt, they naturally take into account another person's

projected level of “busyness” (demeanor) and availability, the context and conditions of

the interruption, and their knowledge of the consequences of the interruption [68]. In the

following subsections, we highlight some of the pertinent prior works that detail computa-

tional methods for estimating a person's availability and the context for an interruption, as

well as prior research into evaluating the consequences of interruptions.

3.1.1 EstimatingAvailability andInterruptionContext

Existing work has explicitly modeled a person's availability in one of two ways. The �rst

category of techniques relies ontaskandexperientialknowledge. In HCI, known task mod-

els, for instance detailed as GOMS (Goals, Operators, Methods, Selectors) structures [83],

have been used to estimate interruptibility [84, 85]. Meanwhile in robotics, cognitive ar-

chitectures such as ACT-R/E [86, 87] have been used to predict if humans might need

assistance in resuming a task post-interruption by another human, a technique that easily

extends to determining the moment to interrupt. However, these approaches require do-

main knowledge of a human's task and constant surveillance of its execution, which is

often unavailable in a general-purpose mobile robot deployment. Others have modeled

human availability based on past experiences of room occupancy, assuming that an open

of�ce door indicates the occupant's willingness to be interrupted [73], but this assumption

ignores both the social cues and task state to greatly simplify the interruptibility problem.

The second category of techniques for explicitly estimating availability leverages a per-
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son's demeanour, focusing on immediatesocial cues of availability. Social cues, such as

eye contact, are largely task-independent, and as a result, models based on social cues

are more easily generalizable across a wider set of applications: in robotics, the methods

have been used to estimate related measures of a person's “intent-to-engage” and aware-

ness of the robot in applications ranging from companion robots [78, 77], shopping mall

assistants [88, 89, 90, 19], receptionists [18], and bartenders [91]. Some prior work has

relied on external sensors such as motion capture systems, ground-mounted LIDAR, and

ceiling cameras [88, 89, 90, 19], which can be expensive and dif�cult to deploy in sup-

port of mobile robots traversing a large space. Other work has used onboard sensors to

detect social cues of engagement [18, 77, 78, 91]. Although engagement estimation is a

separate problem from interruptibility estimation (because interruptibility can be high even

when engagement is low), the problems are closely related, and we take inspiration from

the work of Mollaret et al. [78] and Chiang et al. [77] in both our selection of audio-visual

features for classi�cation and in validating the use of Hidden Markov Models to estimate

interruptibility.

Existing work has also implicitly modeled a person's availability through methods

termed “contingency detection” [92, 93, 94]. These methods often assume the person

as available, perform a probe action (or sequence of actions), and then reassess the per-

son's availability based on the person's response. Assessing a person's availability through

contingency detection is complementary to estimating availability explicitly: the latter can

inform the execution of probe actions for the former.

Meanwhile, interruption context has been extensively studied in HCI [71], where con-

text is often captured through features that describe the user (e.g., personality traits) [70,

95], the task [84, 85], the environment [96, 95], the interruption [97], and the relationships

between these when the interruption is presented [65]. In robotics, interruption context

has been studied by Nigam & Riek [79], where the authors use only global audio-visual

descriptors—such as GIST [98] features and audio frequency & volume features—as cues
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to context in classifying interruptibility (termed anappropriateness function) on their col-

lected dataset. In our work, we instead leverage advances in computer vision to garner

localized, explicit, high-level environment context from the labels of objects that a person

might be interacting with. We also deploy our best model for online classi�cation in a user

study for further evaluation.

3.1.2 EvaluatingInterruptionConsequences

In HCI and HFE, the cost of an interruption on-screen has been evaluated with quantitative

metrics such as time on task [74, 84, 66, 99], the number of tasks completed [74], the num-

ber of incomplete tasks [100], the number of errors [74, 101], switching time [85, 75, 99],

and workload [84, 66]; and qualitative metrics such as respect [84], and preference [74].

In embodied settings, researchers have also used structured interviews [88, 102, 103] and

ethnographies [27, 102, 103, 104] to evaluate long term interruption costs.

However, the evaluation of face-to-face robot interruptions, in which a robot is co-

present with the human, has often been limited to qualitative measures to gauge the ef-

fectiveness of the interruption. For instance, Saulnier et al. [76] base their evaluations

on participant self-assessed “interruptedness”, while Chiang et al. [77] evaluate whether

an interruption successfully captured the attention of a participant, without consideration

for the appropriateness of interruption timing. While the recent work of Short et al. [92],

does quantitatively evaluate the effectiveness of robot interruptions through a measure of

the number of survey responses started by interrupted humans, there is no prior work that

quantitatively studies thetask effectsof embodied robot interruptions on both the human's

and robot's performance.

Prior research shows a strong effect of interruption handling mechanisms on the poten-

tial costs of interruptions [102]. In HCI settings, research has shown that people subject

to on-screen mandatory interruptions experience signi�cant loss in task performance [74,

84, 75]. However, when such interruptions can be deferred by the participant, as in [74], or
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when they do not consist of an actual task, as in [75], the loss in task performance is not as

signi�cant; a result predicted by the Goal-Activation model of interruption handling [105].

Similarly, in embodied settings, when people defer an incoming interruption, they are more

likely to complete their original task [100]; a result predicted by Prospective Memory [106]

models of interruption handling [102]. Recent results from HFE continue to show that per-

formance loss is not noticeable with tasks that are embodied or skill-based, even when the

interruptions might be computer mediated as in the work of Lee & Duffy [101] and Kol-

beinsson et al. [99]. These authors, in particular, reason that performance loss is absent in

an embodied setting because it is impossible to occlude the main task, which allows people

to optimize common sub tasks and choose when to switch to an interruption. In this work,

we explore whether the results from HFE research generalize to robotic systems.

3.2 Interruptibility Classi�cation

Interruptions are de�ned as “externally generated, randomly occurring, discrete events that

break the continuity of cognitive focus on a certain task” [64], and theinterruptibility of a

person at any given point in time is de�ned in terms of their receptiveness to interruptions

at that moment [70]. A person focused on their current task and not amenable to an inter-

ruption is said to have low interruptibility; meanwhile, a person amenable to interruptions

is said to have high interruptibility. Hence, the interruptibility classi�cation of any given

person-of-interest can be a binary classi�cation task, with 0 denoting the person as busy

and 1 denoting them as interruptible.

Binary interruptibility classi�cation provides an intuitive mechanism for deciding when

to interrupt a person, but it is important to distinguish interruptibility from the decision to

interrupt. The interruptibility of a person quanti�es thedisturbancethat a person might

experience as a result of an interruption, while the decision to interrupt depends upon a

person's interruptibility as well as other factors, such as the urgency and characteristics of

the interrupting task [68]. In this work, we focus on the classi�cation of interruptibility and
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its use on a robot, with the goal of incorporating the classi�cation later within a broader

framework for deciding when to interrupt.

In some applications, it can be useful extend the binary interruptibility classes to a

higher �delity in order to further help with the robot's decision-making process. Such sit-

uations may arise when the robot needs assistance from one person when multiple people,

potentially in different states of interruptibility, are present, or if the robot should behave

differently depending on the person's level of interruptibility. To support these capabilities,

we propose the following interruptibility scale:

INT-4 Highly Interruptible . The person is not busy and they are aware of the robot's

presence.

INT-3 Interruptible . The person is not busy, but they are unaware of the robot's presence.

INT-2 Not Interruptible . The person is busy, but the robot may interrupt if necessary.

INT-1 Highly Not Interruptible . The person is very busy, the robot should not interrupt.

INT-0 Interruptibility Unknown . The robot is aware that a person is present, but does not

have suf�cient sensory input to analyze interruptibility.

Values 1-4 in the scale capture the full range of interruptibility states that can help guide

the robot's decision making process. We include the rating of 0 to represent states in which

the robot does not yet have suf�cient information about the person, such as when the person

is too far away or out of view. In this case the robot may choose to approach another person,

or take actions to improve sensing quality.

3.3 Perceiving Interruptibility

Interruptibility can be characterized based on two sources of information—person state

andinterruption context(Figure 3.1).
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Figure 3.1: The level of interruptibility of a person is represented on a four point scale. In
order to arrive at a value on this scale, we use information about person state and interrup-
tion context. In this work, we use object labels as a cue to the context.

Person state is widely used to model engagement and human awareness in robotics [78,

77]. Although classifying interruptibility poses its own research problem, because inter-

ruptibility can be high even when a person shows neither intent-to-engage or awareness

of the robot, we propose the cues of person state from the engagement modeling litera-

ture can be informative for interruptibility. Following prior work, person state includes the

following information categories:

• The position and orientation of a person within the environment. This includes

where they are located as well as how their body is oriented with respect to the robot.

• Thehead orientation and gaze directionof the person.

• Thepresence and orientation of soundwithin the environment.

We infer person state from laser, video, and audio sensor data.

The context of an interruption includes known information about the user, the task, the

environment, and the type of interruption [71]. Following the de�nition in prior work [79],

we consider interruption context to include visually observable cues from the environment

that may inform the robot of a human's interruptibility. In particular, we use:

• Thelabels of objectsthat are being used by the person, or those that lie near them.

We infer the object labels from robot camera video and propose that the object cues to a

person's activity can provide additional useful information for classifying interruptibility.
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For example, an individual drinking from a coffee mug in a lounge is judged to be more

interruptible than someone engaged with a laptop in the same setting. Although objects

may not be a valid substitute for person state, or even activity recognition for interruptibility

estimation, object recognition is widely available on robotic systems.

In the following section, we describe how this information can be leveraged in multiple

computational models.

3.4 Models for Interruptibility Classi�cation

Based on our survey of prior literature, we consider both non-temporal and temporal mod-

els for interruptibility classi�cation given data inputs of the form in Section 3.3. Non-

temporal models provide interruptibility estimates based on data from a particular moment.

Informed by the survey of Turner et al. [71], which details the various classi�cation mod-

els commonly used for interruptibility classi�cation in HCI, we explore the use of Ran-

dom Forests (RFs) [80], Support Vector Machines (SVMs) [107], K-Nearest Neighbors

(KNN) [108], and Multi-Layer Perceptrons (MLPs) [81].

In contrast, temporal models, use a sequence of data within a time window to generate

the interruptibility estimates. Recent work by Foster et al. [91] on engagement modeling

has shown that although non-temporal models are more accurate at a classi�cation task,

temporal models tend to work better on a robot due to greater stability in classi�cation

output. Informed by the successful use of Hidden Markov Models (HMMs) for engage-

ment detection on robots in the works of Mollaret et al. [78] and Chiang et al. [77], we

use HMMs as one of our temporal models. We also explore Conditional Random Fields

(CRFs) [109] and derivatives thereof, Hidden Conditional Random Fields (HCRFs) [110]

and Latent-Dynamic Conditional Random Fields (LDCRFs) [82], as alternate temporal

models to classify interruptibility. We expect the CRF variants to outperform HMMs for

interruptibility classi�cation because of their discriminative nature and more expressive

representation.
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In this section, we introduce and overview the non-temporal and temporal models that

we evaluated to classify interruptibility.

3.4.1 Non-TemporalModels

Here, we provide a brief overview of each non-temporal model, the hyperparameteres we

used, and the reasons to expect success with each model. Each of the models is imple-

mented with the scikit-learn framework [111].

Random Forests

RFs have been shown to be powerful models for activity recognition [112]. An RF [80]

models data by creating several decision trees, and allowing each of them to ”vote” on test

cases. Each decision tree is trained on a subset of the training data, equal to the original

dataset size and drawn randomly with replacement. We varied the number of trees in our

RF and ultimately found that 10 estimators provided the most accurate and generalizable

model.

Support Vector Machines

SVMs have also been successful in many applications of supervised learning and classi-

�cation, including activity recognition [113] and gaze estimation [114]. An SVM [107]

employs hyperplanes to attempt to partition training data into separate classes, after casting

it to a higher dimension using a kernel function. We experimented with different kernel

functions and multi-label strategies to determine that the radial basis function kernel and

the one-vs-one classi�cation strategy worked the best for our data.

K-Nearest Neighbors

KNN [108] is a model that makes use of similarity in data points to classify unseen data.

The most important parameter for KNN is the number of neighbors to examine, which we
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(a) HMM (b) CRF (c) HCRF (d) LDCRF

Figure 3.2: Graphical representation of each of the temporal models in this chapter. Gray
elements represent observed variables, and white elements represent hidden variables.

set to 5 after a short experimental search. Classi�cation of unseen data is performed by

examining the 5 closest data points in our training data, and returning the class label with

the most votes.

Multi-layer Perceptron

An MLP [81] is model that trains iteratively on each example in the dataset, using partial

derivatives from a prede�ned loss function to update weight parameters that are used for

each prediction. While there are many parameters and architecture choices to make for an

MLP, we used a log-loss function, a ReLU [115] activation function, and the Adam [116]

optimizer. Our architecture is a 2-layer network with 100 units in each layer, and our

learning rate is set to .001. We allow training to continue until the loss stops decreasing by

more than .0001.

3.4.2 TemporalModels

Here, we provide an overview of each temporal model and provide motivations for its use

in our research. We explain temporal models in greater detail than non-temporal models

because of their relative rarity in robot research.

Hidden Markov Models

An HMM [117] models two stochastic processes. The �rst process is a Markov chain

through a sequence of discrete hidden states, while the second process produces observable
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continuous or discrete emissions given a hidden state (Figure 3.2a). HMMs have found

widespread use in areas such as natural language processing and speech recognition, and in

the context of human-robot interaction have been used for tasks such as activity recognition

and human engagement detection [77, 78].

The HMM is characterized through �ve parameters

� = ( N; M; A; B; � )

where each of the parameters has the following signi�cance:

N is the number of hidden states in the model. Although it is common for the hidden states

to have some physical signi�cance, this need not be the case.

M is the number of distinct observation symbols per state if the observation sequence is

discrete valued. In the case of continuous observation sequences,M denotes the number

of mixture components that contribute to producing an observed value.

A is an N � N state transition matrix where each element of the matrix signi�es the

probability of transitioning from one hidden state to another.

B is the observation symbol probability distribution for all hidden states. In the case of

discrete emissions,B is anN � M matrix; in the case of continuous emissions,B is a

parameterized speci�cation ofM mixtures (usually Gaussian) for each of theN hidden

states.

� is the initial state distribution over the hidden states.

To classify interruptibility, we train separate ensembles of HMMs for each of the �ve

different interruptibility classes that we have de�ned. Within each ensemble, we train a

separate HMM for each of the features in the data sequences that we use. We use a uniform

initial distribution over all hidden states, and we model the continuous valued features
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using Gaussian Mixture Models. The HMMs are implemented with the GHMM library1

and trained using Baum-Welch. We vary the number of hidden states,N , from 2–4 and the

number of mixtures in the models,M , from 1–4.

Given a sequence of data, each of the trained HMMs in each ensemble runs the Forward

algorithm to return a log likelihood of the data being generated by the HMM; the log

likelihood result for the ensemble is taken to be the sum of log likelihoods from each

HMM within the ensemble. The interruptibility label derived for the given data sequence

is then determined on the basis of the maximum log likelihood from each of the different

ensembles.

Conditional Random Fields

Represented as an undirected graphical model, a CRF [109] models the probability of a

label sequence conditioned on the entire observation sequence (Figure 3.2b), as opposed to

an HMM which models the joint probability of both the hidden state and the observation at

any timestep. The change allows the CRF a richer speci�cation, using prior domain knowl-

edge, of the relevant factors within the model by incorporating information over multiple

timesteps within the observation sequence and linking state transitions within the model

directly to the observations. Previous work has successfully demonstrated the superiority

of CRFs over HMMs in the realms of Activity Recognition [118] and Natural Language

Processing [109], leading us to hypothesize that CRFs hold promise for gauging interrupt-

ibility.

Concretely, the CRF model provides

P(Y jX ) =
1
Z

TY

t=1

	 t (Ya; X ) Z =
X

Ya

TY

t=1

	 t (Ya; X )

whereY = f y1; y2; :::; yT g, eachyi 2 Y , is the label sequence,Y is the set of possible

1http://ghmm.sourceforge.net/index.html
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labels,X is the observation sequence,Z is a normalization function, andT is the length

of the observation sequence.Ya is a subset of the label sequence considered for	 t , a local

feature function dependent on time that contains the parameters to be trained for the CRF.

In our work,Y = f 0; 1; 2; 3; 4g, the set of possible interruptibility labels, and we use two

types of feature functions—windowedobservation feature functions andedgeobservation

feature functions.

Windowed observation feature functions include a window parameter,! , that de�nes

the number of past and future observations to use when predicting a label at timet. These

feature functions are of the form:

	 t (Ya; X ) = expf
KX

k=1

� k f k(yt ; xt � ! ; xt � ! +1 ; :::; xt+ ! g (3.1)

whereyt is the label at timet, x i is an observation value at timet = i , andK is the number

of feature functions,f k ; in our caseK is the same as the number of attributes in the data.

The parameter� k is a parameter that is trained using gradient descent.

Unlike windowed observation feature functions, edge observation feature functions

model transitions from one interruptibility class to another. These feature functions have

the form:

	 t (Ya; X ) = expf
KX

k=1

� k f k(yt � 1; yt )g (3.2)

where all the variables have the same meaning as they did in Equation 3.1 and the value of

K is the number of possible transitions,25, from one interruptibility class to another.

In our work, the feature functions are speci�ed using the implementation of CRFs in the

HCRF library2, and we train the parameters� k using the BFGS gradient descent method.

Unlike with the HMMs, we do not train separate CRFs for each of the interruptibility

classes; instead we train the CRF to perform multiclass classi�cation. We vary the value of

the hyperparameter! from 0–4.

2https://sourceforge.net/projects/hcrf/
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Hidden Conditional Random Fields

The HCRF [110] extends the CRF by including hidden state variables to more accurately

model intra-class variation within observation data. In addition, the HCRF provides a sin-

gle label for the entire sequence (Figure 3.2c) and thus prevents the need for an a-priori

segmentation of the observed sequence into substructures. Prior work has successfully

used the HCRF for Gesture Recognition [110], and thus we consider it a good candidate

for modeling interruptibility.

Mathematically, the HCRF is formulated in a similar manner to the CRF:

P(yjX ) =
X

H

P(y; H jX ) =
1
Z

X

H

TY

t=1

	 t (y; H; X ) Z =
X

y

X

H

TY

t=1

	 t (y; H; X )

whereH = f h1; h2; :::; hT g eachhi 2 H , is a sequence of hidden states that capture the

underlying structure of classy, andH is the set of possible hidden states. Correspondingly,

jHj is the number of hidden states that the HCRF can use; this hyperparameter is optimized

during training.

In our work, the feature functions in Equation 3.1 and Equation 3.2 are modi�ed so

thatyt andyt � 1 are replaced withht andht � 1, whereht andht � 1 are the hidden states at

time t andt � 1 respectively. We also create an additional feature function to model the

association of a hidden state to the interruptibility class label for a sequence. This feature

function is of the form:

	 t (y; H; X ) = expf
KX

k=1

� k f k(y; ht )g (3.3)

where all the variables have the same meaning as they did in Equation 3.1. The value ofK

equalsjHj � jYj , which is the number of hidden states per interruptibility class.

The feature functions are implemented using the HCRF library2 and training is per-

formed using BFGS. As with the CRF, we train the HCRF to perform multiclass classi�ca-
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tion and vary the value of the hyperparameters! from 0–4 andjHj from 2–4.

Latent-Dynamic Conditional Random Fields

The LDCRF [82] offers several advantages over CRFs and HCRFs by modeling both ex-

trinsic dynamics between interruptibility classes as well as the intrinsic substructure within

an interruptibility class. It does so by using hidden states, as the HCRF, and at the same

time by removing the need to label an entire sequence with a single interruptibility class

label (Fig. Figure 3.2d). In prior work, the LDCRF has been shown to outperform both the

CRF and HCRF in Gesture Recognition [82], and therefore we consider it a good candidate

for classifying interruptibility.

Mathematically, the LDCRF assumes that each sequence labely contains a correspond-

ing setH y of hidden states to capture intra-class substructures. Therefore, the LDCRF

evaluates the following conditional model

P(Y jX ) =
X

H

P(YjH; X )P(H jX )

whereH = f h1; h2; :::; hT g is a sequence of hidden states and eachhi belongs to the

hidden state setH yi of its corresponding labelyi . To keep training and inference tractable,

these sets are assumed to be disjoint for each class label. With the disjoint assumption, the

conditional probability evaluated by the LDCRF reduces to

P(Y jX ) =
X

H :f h1 ;:::;h T g;h i 2H y i

P(H jX )

whereP(H jX ) can be derived using the CRF formulation:

P(H jX ) =
1
Z

TY

t=1

	 t (Ha; X ) Z =
X

H a

TY

t=1

	 t (Ha; X )

In our work, we use the same feature functions that we have for the CRF (Equation 3.1
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and Equation 3.2), with suitable updates to the variables. The feature functions are again

implemented using the HCRF library2 and training is performed with BFGS. As with the

HCRF and CRF, the LDCRF is trained to perform multiclass classi�cation. We vary the

value of the hyperparameters! from 0–4 andjHj from 2–4.

3.5 Dataset for Interruptibility Classi�cation

In this section we describe describe a dataset that we collected to evaluate the models

introduced in Section 3.4 on their accuracy and robustness in interruptibility classi�cation.

Speci�cally, we seek to answer:

RQ1 Which computational features are useful in allowing a robot to classify interruptibil-

ity in an unstructured world?

RQ2 What is a robust model for obtaining interruptibility estimates from the proposed

features?

Therefore, our dataset contains different subsets of the information categories presented in

Section 3.3, each of which contains varying levels of information and noise.

3.5.1 FeatureSubsets

Each of the sets of features in the dataset is additive in the features it is comprised of.

Ultimately, the sets increase the amount of information presented to our models but at the

cost of a corresponding increase in noise in those features.

Person State Features

We de�ne the primary interruptibility cues about a person include head orientation, body

position, and audible signals (Section 3.3). Since the recognition of some of these cues

by a mobile robot in a public space can be noisy, we consider three subsets of features—

Minimal (Min), Standard(Std), andExtended(Ext)—which are summarized in Table 3.1.
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Our goal in this part of our work is to explore the robustness of the classi�cation models

to additional data and noise; we do not propose that any of the subsets is the best set of

features for characterizingperson statein general.

Minimal Feature Set We speculate that the most informative features for gauging inter-

ruptibility are the position of a person and an indication of whether they are looking at the

robot or not. Therefore, we useMin to test our model performance when rich, but possibly

noisy, data from other sensors (such as microphones), or from additional visual detectors

(such as upper body detectors), is unavailable. This set contains:

Body Position: Tuple,(x; y), denoting the position of the body in the environment relative

to the robot base.

Face Gaze:Boolean,True when a face is detected and the head is oriented towards the

robot,Falsewhen a face is detected but the head is not oriented towards the robot or

if the eyes are shut, andNaN when no face is detected.

Standard Feature Set This set of features represents the full breadth of information enu-

merated in Section 3.3 and is most similar to the features used in [78, 77]. In addition to

Min, the set contains:

Body Orientation:Tuple, (z; w), of the quaternion,(x; y; z; w), denoting the rotation of

a person's upper body relative to the robot's base frame. The(z; w) values specify

rotation estimates about the upright axis and are thus the only meaningful values in

the quaternion.

Audio Angle: Angle, in radians, to the dominant source of detected sound, calculated by a

Kinect.

Audio Con�dence:A [0; 1] con�dence measure for theAudio Angleestimate.
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Feature Min Std Ext

Body Position � � �

Face Gaze � � �

Body Orientation� � �

Audio Angle � �

Audio Con�dence � �

Audio Angle Near Position� �

Within Camera Field-of-View �

Body Distance Thresholds �

Linear Velocity �

Quaternion Rate of Change� �

Face Bounding Box� �

Body Bounding Box� �

Body Bounding Box Area� �

� Unreliable data either due to sensor noise or unreliability.

Table 3.1: Membership of eachperson statefeature to the different feature sets—Minimal
(Min), Standard (Std), and Extended (Ext).

Extended Features Set In the �nal feature set we add additional features, some of which

are noisy, to study the effects of extra data on model performance. The features are either

obtained from the outputs of intermediate processing steps, such as the body bounding

box, which is a supplementary output of the upper body detector, or are obtained through

additional post-processing ofStd, such as the �eld-of-view boolean, which maps a point in

(x; y) to a boolean value indicating whether the point is in the �eld-of-view of the camera.

These features have not been used in prior works but are added with the aim of making

explicit some of the decision variables that we think might be useful for interruptibility. We

surmise that the presence of the explicit decision variables will help the models, regardless

of the effects of the noise. The variables include:

Audio Angle Near Position:Boolean,Truewhen theAudio Angleestimate equals the angle

from the camera to a detected person (within some tolerance),Falsewhen this is not

the case.
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Within Camera Field-of-View:Boolean,True when a detected person is within the �eld-

of-view of the camera andFalseotherwise.

Body Distance Thresholds:Three booleans, eachTrue if a detected person is beyond the

boundaries of Hall's proxemic distances [119], andFalse if not. The boundaries

considered are those of Personal Distance (0.46 m), Social Distance (1.22 m), and

Public Distance (3.66 m).

Linear Velocity: Tuple,(vx ; vy), obtained from the rate of change inBody Positionbetween

data segments.

Quaternion Rate of Change:Tuple,(vz; vw), obtained from the rate of change inBody Ori-

entationbetween data segments.

Face Bounding Box:Four continuous values—x, y, width, andheight—for the bounding

box around a detected face.

Body Bounding Box:Four continuous values—x, y, width, andheight—for the bounding

box around a detected body.

Body Bounding Box Area:Area of theBody Bounding Box.

In all models but the HMM, continuous multivariate features, such as theBody Position

tuple, are treated as separate vectors of univariate features. In the HMM, the features are

left as multivariate because doing so provides us with the largest log likelihood values post-

training. Similarly, combining theWithin Camera Field-of-Viewboolean feature with the

Body Distance Thresholdsboolean features, and combining theAudio Anglefeature with

theAudio Angle Con�dencefeature, provides us with the highest log likelihood values for

the HMM, and therefore these combinations are used in that model.
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Interruption Context Feature

In order to evaluate the use of object recognition as a means of conveying the context of

a scene, we additionally de�ne an object label feature which can be added to any of the

above feature sets. The object feature is de�ned as a set of boolean values, each of which

is Trueor Falseif the corresponding object is present or absent within the scene. Objects

are human-annotated (Section 3.5.2) and as such, we have perfect object labels. Therefore

we simulate the noise expected from automated object recognition by randomly corrupting

the boolean values in approximately10%of the data segments of each interruptibility class

label.

3.5.2 DatasetCreation

Our dataset contains robot sensor data from scenes containing small groups of people acting

out staged scenarios in a public space (Figure 3.3).

Robot Sensors and Software

The robot used to collect the dataset was out�tted with a Hokuyo laser scanner, a Kinect

One RGB-D camera, and an ASUS Xtion Pro Live RGB-D camera. The Kinect direc-

tional microphone array was used to collect audio data. We used the STRANDS perception

pipeline [120] for people tracking at approximately 10 Hz and the Sighthound Cloud API3

for face detection and tagging at 3–4 Hz.

Data Collection and Processing

During the data collection process, �ve people (not the author) were asked to take part

in everyday activities in a common area of the building. Five data collection runs were

conducted, each with 3–5 participants in the scene engaged in activities such as drinking

coffee, having a conversation, or working on their laptops (Figure 3.3). The common area

3https://www.sighthound.com/products/cloud
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