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abstract

Technological advancements are enabling robots to begin working together with

humans as partners on physical tasks. To design these collaborative robots to work

effectively with their human counterparts, we must first understand what expectations

and perceptions people have of these robots. With this understanding, we can then

design collaborative behaviors that meet those needs, enabling collaborative robots

to be more effective partners.

In this dissertation, I aim to address questions that will allow us to design more

effective collaborative robots. For example, what do interactions look like when

a collaborative robot is introduced into a human environment? How do human

partners perceive this robot? What collaborative behaviors would be useful for these

collaborations? For those behaviors we would like to design, can we build models by

hand from human-human data? From these models, can we make recommendations

for how collaborative robots should employ these behaviors?

This dissertation seeks to answer these questions through four studies. The first

study examines three manufacturing sites that have adopted collaborative robots

in their workflow, using interviews and observations to assess the current status

of collaborative robots and provide recommendations about future designs. The

remaining three studies, inspired by scenarios similar to the one in the first study,

each focus on a specific behavioral cue: speech patterns, teaching and repair, and

deictic gestures. Those studies which focus on a specific behavioral cue use human-

human data to inform models of behavior that can then be implemented on a robot

and tested in a human-robot evaluation, examining the impact of the model on
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multiple task outcomes.

The contributions of this work are an understanding of real-world collaborative

behaviors, conceptual models of human collaborative behaviors, a contextualization

of these behaviors and an understanding of their role in facilitating interactions,

and tools to facilitate developing and testing human-robot collaborations. These

contributions help to inform the design and implementation of future iterations of

collaborative robots.
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1 introduction

Robots have long been anticipated to serve as ubiquitous assistants that work together

with humans in a variety of day-to-day environments. From helping assemble furniture

in the home to assisting with tasks in manufacturing settings, robots are envisioned as

providing complimentary skill sets to human partners, helping perform tasks that are

dangerous, repetitive, or require precision. Technological advancements are beginning

to make these collaborative robots—a robot that is capable of working together with

a human partner on some physical task—a reality. However, while these robots might

be technically capable of performing a task with a human partner (e.g., handing

an object to a person), there is little work on how the robot should behave when

interacting with its human partner during the task.

When humans engage in a physical task together, each person often employs

specific behavioral cues or communication strategies to create a more fluid and

effective interaction with their partner. People might use their gaze (Griffin, 2001;

Meyer et al., 1998; Tomasello, 1995), gestures (Clark, 2005; Kendon, 2004), speech

(Clark, 2009; Croft, 2000), body posture (Argyle, 2013; Ekman and Friesen, 1967),

or head nods (Helweg-Larsen et al., 2004; Stivers, 2008) to indicate their thoughts

or intent regarding the task. However, the use of these cues to convey a particular

intent is not always uniform. Rather, which cues are employed, and when they are

employed, might vary based on the context of the task. For example, if two people

are assembling furniture together, one person might need to inform their partner

about which piece to use next. If the piece is located close to the person, they might

just pick it up and hand it to their partner, perhaps commenting “You need this
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piece next.” However, if the person is incapable of acquiring the piece (e.g., their

hands are full, the piece is closer to their partner), the person might instead choose

to verbally describe the piece, saying “The next piece you need is the bracket to

your right.” While both approaches effectively convey the next object needed, they

differ in which cues are used and how those cues are employed. The use of different

approaches results from an understanding of contextual differences and leveraging

this understanding to select how to communicate.

To enable collaborative robots to successfully serve as partners to human workers,

robots will need to be capable of understanding how to use cues or communication

strategies when collaborating on physical tasks, particularly if their use of cues might

vary depending on context, as shown in the above example. Prior work has examined

how to enable robots to interact socially with humans, including studying many of

the social cues outlined previously (Breazeal and Scassellati, 1999; Breazeal et al.,

2005; Huang and Mutlu, 2013; Mutlu et al., 2006; Scheeff et al., 2002). However,

these contexts are often more conversational in nature, such as a robot helping teach

a class (You et al., 2006) or answering or acting as a museum guide (Kopp et al., 2005;

Kuno et al., 2007). The introduction of a physical task that the robot is working

on with a human partner raises several new questions: What does collaboration

look like when a collaborative robot partner is introduced? How do humans view a

collaborative robot as a partner on a physical task? What social cues and behavioral

skills do humans want the robot to have? And based on the answer to the previous

question, how should these behaviors be designed for collaborative robots? How can

collaborative robots use these social cues effectively when working with their human
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partner? Finally, how can we make implementation of these cues accessible to a wide

range of end users?

This dissertation aims to address these questions through a combination of

ethnographic field studies, qualitative and quantitative lab studies, and tool design.

The contributions of this dissertation can be categorized as follows:

– Understanding of Real-World Collaborative Behaviors: Through study-

ing an environment where collaborative robots have already been introduced, a

grounded understanding of the needs, desires, and expectations users have for

collaborative robots.

– Computational Models of Human Collaborative Behaviors: Models of

how specific social cues are used, drawn from the literature and human-human

observations, that can be implemented on a robot.

– Contextualization of Behaviors and an Understanding of their Role

in Facilitating Interaction: An understanding of how the use of social cues

might differ depending on contextual factors, and how this variation supports a

range of collaborative outcomes (e.g., time spent on task, rapport).

– Tools to Facilitate Developing and Testing Human-Robot Collabora-

tions: The synthesis of tools to enable a wide range of users to implement

social behaviors on collaborative robots.

This chapter outlines the context and questions this dissertation is concerned with,

the research approaches used to answer these questions, and describes the robotic

platforms considered in this work.
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1.1 Context and Scope

This dissertation aims to address two fundamental components of designing effective

behaviors for human-robot collaboration. The first component is developing an

understanding of the needs, demands, and expectations users will have for these

collaborative robots. The second component is creating effective behaviors to meet

those needs, demands, and expectations. An understanding of both components is

necessary to build a foundation for human-robot collaboration that can translate

across settings, from robots working with humans in the home to the workplace. To

demonstrate how this dissertation addresses these two components, I provide moti-

vating examples below in the context of human-robot collaboration in manufacturing

settings.

1.1.1 Understanding Real-World Needs

Lyndhurst Manufacturing, a producer of build-it-yourself home furniture,

has recently acquired Baxter, a collaborative robot platform. As part

of the decision to acquire Baxter, Lyndhurst Manufacturing sought out

information about the impact adding a collaborative robot would have

on their social environment. In particular, the company was interested

in learning more about how their workers would view the robot, whether

their workers would feel threatened by the robot’s presence, and best

practices for integrating Baxter into the workflow of the workers.

The introduction of robots into day-to-day environments has required developing
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an understanding of the real-world perceptions and interactions these robots elicit.

For example, the introduction of a courier robot in a hospital setting helped to clarify

how different stakeholders classified the robot’s role and distinguish why owners

might attribute humanlike characteristics to the robot (Mutlu and Forlizzi, 2008).

Similarly, introducing collaborative robots that work together with humans on a

variety of tasks raises many questions about their integration into these environments,

perceptions of humans working near or with them, and how interactions might be

structured to accommodate the robot. Chapter 3 will present field work conducted

at three manufacturing sites that own a collaborative robot called Baxter1. The

remainder of the research questions regarding human-robot collaboration presented

in this dissertation are inspired by scenarios in a manufacturing plant similar to the

ones observed as part of this field work.

1.1.2 Creating Effective Behaviors

Inspired by the context and findings illustrated in the ethnographic study, I identified

three different social behaviors for effective human-robot collaboration to focus on

for the remainder of my dissertation: speech patterns, deictic gestures, and verbal

instruction and repair. Below, I outline scenarios in a manufacturing facility inspired

by the observations and interviews from the ethnographic study discussed above.

Each scenario motivates a particular study contained in the dissertation.
1This work was originally published in Sauppé and Mutlu (2015b).
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1.1.2.1 Speech Patterns

Laura, who works as part of the team that maintains equipment at the

manufacturing plant, has been tasked with making Baxter more personable

for workers to interact with. As part of updating Baxter, Laura chooses to

explore some limited social scenarios that Baxter could engage in to build

rapport with its co-workers. Laura uses a tool called Interaction Blocks to

try out a few different social scenarios. After testing these scenarios with

co-workers, Laura deploys an update to Baxter, enabling it to engage in

limited conversations with co-workers.

Mark has been working with Baxter for several weeks at the same work

cell in the manufacturing plant. After the introduction of Laura’s updates,

Mark is able to greet Baxter as he arrives at the work cell today, and

Baxter returns the greeting. Later, Mark asks Baxter a question about

which tool he needs to complete his work, and Baxter responds that Mark

needs a smaller wrench.

Speech interactions, such as the one described above, are often the most explicit

behavior humans use during an interaction, helping to convey information or build

social rapport. Goffman argued that human interactions follow a specific “order”

and characterized a number of speech patterns in which people interact, such as how

greetings unfold and how people leave an interaction (Goffman, 1983). As robots are

expected to handle an increasingly diverse range of scenarios, such as helping give

instructions to patients on physical therapy or asking questions of a student to better
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understand problems they are encountering, designers of human-robot interactions,

who might be unfamiliar with the formal constructs surrounding dialogue, might be

able to leverage these speech patterns to prototype and test interactions on robots.

Chapter 4 will explore designing a set of fundamental speech patterns that can be

used as building blocks for human-robot interactions2.

Additionally, in the scenario outlined above, there is a desire to update Baxter with

additional social functionality. While robots are often programmed prior to release

by people with a specialized background (e.g., computer science), the introduction

of robots into real-world settings will likely create scenarios where their everyday

users, such as Laura in our example, would like to modify or add to their behavior

to customize the robot for their needs. This new set of everyday users will require

new authoring environments for implementing robot behavior that are designed for

novice users. Chapter 4 also details the design and evaluation of an interface, called

Interaction Blocks that allows novice users to prototype and test interactions using

the speech patterns discussed above.

1.1.2.2 Deictic Gestures

Joe is a new worker at the manufacturing plant, working with Baxter

to affix brackets to a cabinet. For each cabinet, Joe places the brackets,

while Baxter rotates the cabinet to ensure Joe can easily reach all the

locations where brackets are needed. Different cabinets use different

brackets, requiring Joe to refer to a guide for each type of cabinet. While
2This work was originally published in Sauppé and Mutlu (2014a).
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placing brackets on one cabinet, Baxter notices that Joe is adding the

bracket in the wrong place. Baxter stops, explaining to Joe where the most

recent bracket should be placed while simultaneously pointing toward the

new location. Joe has difficulty understanding Baxter due to the noisy

environment and his hearing protection, and asks Baxter for clarification.

This time, Baxter physically touches its end effector to the new location

while verbally giving an explanation. Joe is able to understand where the

bracket should be placed, moves the bracket to the correct location, and

then finishes placing the remaining brackets.

Humans use a variety of social cues, including gaze (Griffin, 2001; Meyer et al.,

1998; Tomasello, 1995), speech (Clark, 2009; Croft, 2000), and gestures (Clark, 2005;

Kendon, 2004), to refer the objects and spaces around them to others. Which cues

humans choose to use and how heavily they rely on some cues to communicate depends

on a variety of factors, including the environmental context (Lozano and Tversky,

2006) and emphases the speaker may want to place on their communicative act

(Goldin-Meadow, 1999; McNeil, 1992). Among these social cues are deictic gestures,

a type of gesture that is used to refer to an object or space (Fillmore, 1982; McNeil,

1992). While pointing is considered the canonical deictic gesture, several other types

of deictic gestures, such as touching and presenting, are used (Bolinger, 1983; Kendon,

2004; Lempers, 1979). With multiple deictic gestures to choose from, there is little

guidance for how robots should select which deictic gesture to use in a given the

context. Scenarios where robots might need alternate channels of communication, such

as giving instructions in noisy workplaces or working with preverbal children, raise
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multiple questions surrounding this space. Are there differences in the effectiveness

between different types of deictic gestures? Does the effectiveness of the deictic

gesture vary depending on the environmental factors present? Chapter 6 will present

a study that examines different types of deictic gestures available, the challenges of

implementing those gestures on a robot, and the tradeoffs of using different gestures

in different environmental conditions3.

1.1.2.3 Instruction and Repair

An employee at the manufacturing plant, Joanie, has been assigned to a

new task, working with Baxter to build the frame of a cabinet. During

Joanie’s first day at her new work station, Baxter verbally walks her

through the steps necessary to build the cabinet, letting Joanie build and

complete each step prior to giving the next instruction. After Joanie feels

comfortable with the sequence of steps, Baxter resumes its role in the

process. Baxter moves the completed parts of the cabinet frame, allowing

Joanie to add in additional components. When working on one cabinet,

Joanie cannot remember where a particularly component fits, so she asks

Baxter for help. Baxter explains where the component should go; Joanie

adds the component correctly, and they resume building the cabinet.

Humans often engage in instructing one another on a task. While instruction is

commonly thought of as occurring as part of formal training, such as part of training

for a new job, humans might informally offer instruction during a number of everyday
3This work was originally published in Sauppé and Mutlu (2014c).
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tasks, from teaching a new recipe to a friend to helping a co-worker with an unfamiliar

task, such as in the example scenario presented. Collaborative robots present a

unique opportunity for instructional use due to their capacity for a breadth of task

instructions. However, while their limitations (e.g., dexterity, precision, adaptability)

make it difficult for the collaborative robot to actually complete the task, humans are

well-equipped to help a robot carry out a physical task. These differing capabilities

lead to pairing humans and collaborative robots to work together, with robots serving

in an instructional role, enabling the pair to leverage the strengths of each participant,

such as a robot providing instructional support to an astronaut attempting to perform

repairs. As a result of this new dynamic, there are many questions regarding how a

robot should give instructions that must be addressed. Are there different strategies

regarding how the robot should give instructions? If there are multiple strategies,

are some strategies better than others? How will the robot correct mistakes the

human makes during the task? Chapter 5 will address these questions, presenting a

study that examines how human instructors give instructions and correct mistakes,

developing models of human instruction-giving that can be implemented on a robot,

and evaluating a human-robot instructional task to show how these different strategies

affect task performance outcomes, such as the number of mistakes made4.

1.2 Research Approach

Designing effective behaviors for human-robot collaboration requires both understand-

ing the needs, demands, and expectations users will have for these robots, and then
4This work was originally published in Mutlu et al. (2015); Sauppé and Mutlu (2014b, 2015a).
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creating effective behaviors to meet those needs, demands, and expectations. To

accomplish both of these goals, a multi-faceted approach is needed to both capture

the reality of working with a collaborative robot in a day-to-day environment, as well

as carefully examining the impact of social behaviors in controlled settings. Below, I

discuss the methodology used in this dissertation that enables these approaches.

1.2.1 Ethnographic Field Studies

Ethnographic studies originated as a technique in the field of anthropology, enabling

researchers to better characterize the groups they were studying (Taylor and Bogdan,

1998). This characterization occurs through the process of exploring social phenomena

by the researcher placing themselves in the context of the group, requiring the

researcher to go into the field (i.e., to where the group is located). Ethnographic

field work has been adopted by other areas outside of anthropology, including the

area of human-robot interaction, primarily as an open-ended inquiry into previously

unexplored domains. For example, prior ethnographic field work in human-robot

interaction has explored the integration of Roombas into home environments (Forlizzi,

2007; Forlizzi and DiSalvo, 2006; Sung et al., 2007), the adoption of a courier robot in

a hospital setting (Mutlu and Forlizzi, 2008), and the perceptions of a snack delivery

robot in a workplace (Lee et al., 2012). An ethnographic field study is used as the

data collection method for the work described in Chapter 3.

While there are multiple data collection methods that can be used in ethnographic

field studies, the following discussion will focus on the two data collection methods

used in the fieldwork presented in this dissertation: fly-on-the-wall observations and
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semi-structured interviews. Below, I present a brief overview of each data collection

method.

1.2.1.1 Fly-on-the-Wall Observations

To better understand the environmental context in which a group functions, researchers

conduct fly-on-the-wall observations, a technique where the researcher observes the

environment, as well as the actions and interactions that take place in that environment

(Taylor and Bogdan, 1998). The researcher takes detailed field notes, which might

include drawing the layout of the physical space, indicating interesting or repeated

phenomena, or taking pictures of the environment (Emerson et al., 2011).

1.2.1.2 Semi-Structured Interviews

In addition to observations, key stakeholders in the environment are identified for

interviews with the researcher. These interviews are semi-structured, meaning that

some questions are prepared prior to the interview centered around a few themes,

but that the researcher might ask questions based on their experiences during fly-on-

the-wall observations, or might ask follow-up questions as appropriate (Taylor and

Bogdan, 1998). Interviews are recorded with a voice recorder and transcribed after

the interview has concluded.

1.2.2 Grounded Theory

Grounded theory is a methodological approach for constructing a theory or theories

from the analysis of qualitative data, such as the observational and interview data
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from an ethnographic field study (Glaser et al., 1968). For the purposes of this

dissertation, grounded theory has three main steps: (1) open coding, (2) axial coding,

and (3) selective coding. In open coding, data from all sources (e.g., interview data,

observational data) is coded for concepts. For example, a line from observational

data that reads “Worker ran over to clean up cups robot spilled 10 minutes after

the incident” might be coded as “mistake recovery” and “delay in noticing mistake.”

Open codes are developed organically as additional data is coded, such as a single

code being divided into two codes later in the coding process, after discovering that

the single code is insufficiently detailed to encompass all instances. Axial coding

then uses the resulting open codes to make connections amongst them. Examples

of connections might be repeated phenomena. Finally, selective coding is used to

identify relationships among the axial codes, such as multiple axial codes that concern

the social perceptions of the robot. In this dissertation, grounded theory is used for

analysis for the ethnographic work described in Chapter 3 and for the user study of

an authoring environment I created in Chapter 4.

1.2.3 Formative Studies

Since collaborative robots are envisioned to assume roles previously taken on by

humans partners, an understanding of human behaviors helps to inform and inspire

the design of effective collaborative behaviors for robots for this work. A formative

study uses data collected from human-human interactions, often in a laboratory

setting, to aid in inspiring models of human behavior. Those studies which occur

in a laboratory setting enable the researcher to better control some of the variance
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that naturally occurs in human-human interactions by giving a predefined task, while

also enabling the researcher to capture a rich data set through the use of additional

recording equipment. In this dissertation, the work on speech patterns in Chapter 4

and the work on how robot’s can give instructions in Chapter 5 both use formative

studies as means for better understanding and modeling behavior in human-human

collaborations.

1.2.4 Building Computational Models

Insights from human-human collaboration, through a combination of data from

formative studies and information from prior literature, can be used to build com-

putational models that allow implementation of collaborative behaviors on robots.

In this dissertation, these models take the form of finite state machines or rules for

decision-making. This dissertation builds computational models in the work on speech

patterns in Chapter 4, the work on robot deictic gestures in Chapter 6, and the work

on how robot’s can give instructions in Chapter 5 all use the process outlined above

for building models of human behavior that can be implemented on a robot.

1.2.5 Experimental Evaluation

After developing the computational models, these models can be evaluated in con-

trolled experimental settings, allowing the researcher to better understand the nuances

of each model through objective, subjective, and behavioral measures. Experimental

evaluation begins with the researcher implementing the model on the robot for a

specific experimental task, such as a robot teaching a human how to connect a series
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of pipes. As part of implementation, multiple strategies for using the model might be

implemented, to better study the impact of varying approaches. Implementations

might result in an autonomous robot system, which can interact with a person in

the given context without control or intervention from the researcher, or the imple-

mentations might involve predefining the interaction that a person would observe.

Participants are then recruited to complete a task with the robot, allowing them

to participate in an immersive experience that helps to situate reactions to and

perceptions of the robot. After participation, participants complete a questionnaire to

capture subjective perceptions of the robot. Recorded video and audio data from the

interaction is examined for objective and behavioral measures. In this dissertation,

the work on robot deictic gestures in Chapter 6 uses a set of predefined interactions

to evaluate the gesture models, while the work on speech patterns in Chapter 4 and

the work on how robot’s can give instructions in Chapter 5 both use an autonomous

experimental setup to evaluate the respective behaviors in each chapter.

1.3 Research Platforms

My work focuses on three different humanlike robotic platforms: the Baxter robot,

the NAO robot, and the Wakamaru robot. These three platforms were each chosen

for the specific design characteristics and capabilities they provide. A picture of each

robot can be seen in Figure 1.1.

The Baxter robot5 (Figure 1.1, a) is designed as a collaborative robot suitable for

manufacturing facilities. Designed and released by Rethink Robotics in October 2012,
5www.rethinkrobotics.com/products/baxter/

http://www.rethinkrobotics.com/products/baxter/
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Figure 1.1: The three robotic platforms used in this study: a) Baxter, b) NAO, and
c) Wakamaru.

the Baxter robot is one of the first collaborative robot platforms intended for use in

day-to-day environments. The robot has become one of the most widely adopted

collaborative robot platforms in US manufacturing facilities, making it an ideal focus

for my ethnographic field work. Baxter is considered safe to operate around humans,

and is trainable for a variety of tasks using a visual programming interface. The

robot’s design follows a humanoid morphology, including two manipulator arms and

a screen used as a “face” through the display of eyes, and is the standing height of a

human. The robot itself is 3 ft (0.914 m) tall, but deployed robots are often mounted

on a platform that raises its height to be between 5 ft 10 in (1.778 m) and 6 ft 3 in

(1.905 m).

Baxter’s hardware and software is optimized primarily to perform pick and place

tasks. In these tasks, Baxter acquires an object or objects using either one or both of

its “hands,” i.e., grippers attached to the end of its arms, from a bin or a moving

conveyor belt. The object(s) are then deposited in another bin or a workbench. The
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robot might be integrated with nearby systems with which it can communicate. For

example, the robot might pick a finished product from the moving conveyor belt of an

assembly line and place it in a shipping container. After the product is appropriately

placed and stacked in the container, the robot would communicate to the assembly

line that it is ready to pick and place the next product.

The remaining two robotic platforms, the NAO6 (Figure 1.1, b) and Wakamaru7

(Figure 1.1, c) robots, were each used in laboratory experiments as part of this

dissertation. Both robots feature a humanoid morphology and are designed for

personal use in the home. The NAO robot is 1.9 ft (0.58 m) tall and features three

degrees of freedom in its head, as well as six degrees of freedom in each arm, including

articulated fingers: shoulder pitch, should roll, elbow yaw, elbow roll, wrist yaw, and

finger pitch. The NAO is also equipped with speakers, a microphone, and both speech

detection and text to speech algorithms. The Wakamaru robot is 3.28 ft (1 m) tall

and features three degree of freedom in its head, as well as four degrees of freedom in

each arm: shoulder pitch, should roll, elbow yaw, and elbow roll.

1.4 Outline

In the remainder of this dissertation, I will examine relevant prior work, including the

ramifications of a robot in everyday human environments, methods used to implement

social behavior on robots, and a review of literature concerning specific social cues

for both humans and robots. Next, I will present a formative study that highlights
6http://www.aldebaran.com/en/humanoid-robot/nao-robot
7http://www.mitsubishi.com/mpac/e/monitor/back/0602/story.html

http://www.aldebaran.com/en/humanoid-robot/nao-robot
http://www.mitsubishi.com/mpac/e/monitor/back/0602/story.html
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the needs, desires, and expectations users have from collaborative robots. Inspired

by the context of the formative study, I will then outline three laboratory studies

that focus on understanding how a specific behavioral cue can best be utilized by

a robot for effective collaboration. I will then present a general discussion of the

dissertation work, including implications, limitations, and future directions. Finally,

I will conclude by summarizing the contributions and of this work.
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2 related work

The two primary goals of this dissertation are to better understand how people

perceive and interact with collaborative robots, and designing robot behaviors for

more effective human-robot collaboration. While prior work has examined robot

behavioral cues (Andrist et al., 2013b; Bickmore and Cassell, 2005; Brooks and

Breazeal, 2006; Fong et al., 2003; Liu et al., 2013; Staudte and Crocker, 2009), these

studies have traditionally been contextualized in conversational scenarios, rather than

collaborative scenarios. My work builds upon our understanding of behavioral cues

to extend them for human-robot collaboration.

In this chapter, I begin by reviewing how humans have collaborated with one

another as well as with computers and machines, highlighting the social repercussions

of this collaboration, particularly in regards to robots. Next, I review prior work

in both the human-human and human-robot literature concerning behavioral cues

for interactions, focusing on the three particular behavioral cues examined in this

dissertation. Finally, I discuss how behavioral cues are implemented on social robots

and why new interfaces are needed for this process that cater to a wider population.

2.1 Communication and Collaboration

The process of collaboration requires two or more people to work together towards a

shared goal. Such an effort can encompass a range of activities, such as discussing

the planning of a trip or working together to assemble a piece of furniture. These

endeavors require the effective use of communication between participants in order
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to share thoughts, intentions, and uncertainties in an effort to reach a mutually

satisfactory completion of the collaboration (O’Daniel and Rosenstein, 2008; Olson

et al., 2001). Communication can take on both verbal and non-verbal forms, ranging

from a description of a person’s thoughts or intentions to the use of social cues. These

social cues are the verbal and non-verbal cues humans use to communicate with

others and to reveal insights into a partner’s thoughts or intentions (Blakemore and

Decety, 2001; Brennan et al., 2008; Bryan et al., 2012; Clark, 2005; Doshi and Trivedi,

2009; Meltzoff, 1995). Examples of social cues include gesturing at an item needed or

gazing toward where a person will move next.

Humans are adept at processing these social cues, with children in particular

often relying more heavily on social cues than speech as a means for communication

(Caselli, 1990; Rutter and Durkin, 1987). As a result, social cues serve an important

role in communication, replacing or augmenting verbal communication by providing

additional information about a person’s thoughts or action (Brennan et al., 2008;

Goldin-Meadow, 1999; McNeil, 1992). For example, a gesture might more clearly

indicate a specific object than speech alone, or a person’s tone of voice might betray

their seemingly neutral speech on a matter. Prior work has found that the use and

observance of these social cues helps facilitate communication, such as clarifying a

person’s intent (Jokinen, 2009; Scherer et al., 1972).

For the purposes of this work, I will be focusing on the use of collaboration by two

people in physical contexts, such as repairing a piece of equipment or cooking together.

By communicating or clarifying intentions through social cues, others working with

this person can effectively adapt their future actions, taking into account the other’s
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intent. Consider the following scenario:

Mike and Marie are building a bookshelf together. During assembly,

Mike is considering what action he should take next. He notices Marie

beginning to reach for a piece of hardware that needs to be affixed to

the bookshelf’s case. Recognizing what step she intends to complete, he

realizes that they will need a screwdriver to complete the step, and he

moves to acquire the screwdriver to attach the hardware. As she holds

the hardware in place, he tightens the screws to secure the hardware to

the case.

In this example, Marie communicates her intent to complete the next step to

Mike by physically moving towards acquiring the next piece needed. To complement

her next action, Mike selects the tool needed to complete the step. For the purposes

of this dissertation, this process of organizing one person’s actions to complement

another’s actions is called coordination.

Below, I outline the theoretical foundations for how social cues facilitate human-

human collaboration, highlight how these theories extend to collaboration with

machines, and discuss previous work in human-machine collaboration, noting the

perceived sociality of these technologies and the particular role of robots in day-to-day

environments.

2.1.1 Theoretical Foundations

Communication and collaboration between humans has been widely studied, resulting
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in numerous theories and models to better explain these phenomena. Below, I

discuss three theoretical frameworks—mental models, theory of mind, and embodied

cognition—that motivate and contextualize the ideas presented in this work.

2.1.1.1 Mental Models

The theory of mental models is used to explain people’s thought process (Craik,

1967; Johnson-Laird, 1983). Under this theory, people’s minds develop representative

models of reality, including dialogue they might hear or actions they might observe

(Johnson-Laird, 1983). These mental models then serve as references for sense-

making, evaluation, and decision-making (Johnson-Laird, 1983). With regards to

communication and collaboration between humans, mental models can be used to

understand social cues from others in the current context and to aid oneself in deciding

which social cues should be used to communicate.

In the context of HCI, mental models are a form of user models, where the models

inform a user’s perception of how a system works and, in turn, how the user will

interact with the system to accomplish their goals (Carroll et al., 1987; Staggers and

Norcio, 1993; Wilson and Rutherford, 1989). Using mental models to represent a user’s

understanding of a system can be beneficial for studying users in a variety of contexts,

such as communication using computer-mediated communication (Mantovani, 1996),

use of mobile phone menus (Ziefle and Bay, 2004), and human-robot interaction

(Steinfeld et al., 2006).

Prior work in the field of HRI has studied how mental models shape interaction with

robots, leveraging mental models users might already have to ease encounters between
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humans and robots (Hegel et al., 2009; Lee et al., 2005; Mirnig and Tscheligi, 2015).

For example, Hegel et al. (2009) found that robots which appeared more humanlike

were evaluated as more appropriate for settings that require more communication and

collaboration, such as healthcare, personal assistance, and teaching. Thus, the idea

of mental models suggests that developing robots with humanlike social behaviors

will facilitate more natural and fluid interactions between humans and robots.

2.1.1.2 Theory of Mind

The concept of intentionality is defined as the commitment of a person to executing

a particular action (Malle and Knobe, 1997). The formulation of an intent is often

driven by the individual’s desire to achieve a particular goal (Astington, 1993). This

formulation requires a variety of other skills, including forethought and planning,

to appropriately fulfill an intention (Bratman, 1987). What differentiates an intent

from a desire is this level of planning to turn the intent into an achievable reality

(d’Andrade, 1987).

From an early age, children begin to attribute intent to the actions of others. For

example, children at 15 months of age are capable of understanding the intentions of

others in physical tasks, even when the goal is not achieved (Meltzoff, 1995). Later,

children learn how behaviors are driven by intent (Feinfield et al., 1999), contributing

to the development of an ethical system where intentionality is used as a factor to

establish the culpability of an individual.

Prior work suggests that, after developing a capacity for understanding intent,

humans also develop a theory of mind—the ability to attribute mental states to
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others (Baron-Cohen, 1997; Leslie, 1987). The development of theory of mind enables

people to understand that other humans they interact with may have intents that can

differ from their own (Leslie, 1987; Blakemore and Decety, 2001). Theory of mind

then shapes the way people interact with one another in a way that is most easily

observable in physical tasks, such as moving a table together or navigating through

a crowd (Sebanz and Knoblich, 2009). In these scenarios, humans rely on theory

of mind abilities to attribute intent to other participants and to adapt their own

behaviors to accommodate the intent of others, resulting in seamless interactions.

While the use of mental models discussed above is based on the assumption that

a robot employing more humanlike behaviors (e.g., social cues) will evoke responses

similar to working with a human partner, theory of mind instead examines how humans

will respond to intentional beings. Developing robots that people will attribute a

theory of mind to will allow people to collaborate with robots as they would human

partners, recognizing their robot partner’s intent and efficiently adapting their own

future behaviors to accommodate the robot’s goal. Implementing a theory of mind

on a robot requires the robot to both understand the social cues displayed by human

partners as well as express their own social cues that can communicate an intent or

desire (Scassellati, 2002). This dissertation is concerned with the second goal of robot

expression of social cues in collaborative contexts.

2.1.1.3 Embodied Cognition

Embodied cognition posits that human thought processes are influenced by interaction

with the environment via embodiment (Rosch et al., 1992; Wilson, 2002). Scholars
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cite the way we use metaphors grounded in embodied language as evidence for

embodied cognition (Lakoff and Johnson, 1980). For example, adjectives that express

a physically higher position are considered powerful, while adjectives that express a

physically lower position are considered submissive, such as saying “I have control

over it,” or “He was feeling down.” Under embodied cognition, stimuli from the

environment and a person’s subsequent motions are not simply inputs and outputs,

but critical components of one’s thought process. As a result, collaboration under

embodied cognition is not just an orchestration of two peoples’ thought processes,

but a set of reactions in response to peoples’ embodiments and environments.

When extended toward HRI, embodied cognition suggests that communication by

a robot is not simply about the robot producing the correct output, but rather about

the robot producing output that considers embodiment, such as the robot’s capabilities

and morphology, their partner’s capabilities, and the surrounding environment. This

dissertation addresses how to choose and exhibit social cues given the environment.

Chapter 7 also discusses some of the challenges of varying robot morphologies with

using particular social cues.

2.1.2 Collaboration with Machines

Computers and machines have traditionally been employed to mediate collaboration,

rather than as collaborative partners. For example, computer applications, including

email, videoconferencing technology and groupware, have changed the way people

relate to others and complete their work (Grudin, 1988, 1994). However, rather than

collaborating with the computer, people in these contexts use the computer as a tool
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to collaborate with others.

Technological advancements now allow computers to take on some level of auton-

omy and agentic behavior, enabling them to monitor and respond to human actions.

For example, tutoring programs allow the computer to monitor a student’s state or

understanding of a topic to improve learning outcomes (Aleven and Koedinger, 2002;

Szafir and Mutlu, 2013). Virtual agents appearing on a computer screen can be used

to provide humanlike interactions in a variety of settings, such as answering questions

in an online stores (Aggarwal and Vaidyanathan, 2003; Benbasat and Wang, 2005).

Although these technologies allow computers to provide some level of humanlike,

collaborative behavior, they still require interacting in the realm of the computer,

rather than the physical realm that humans occupy.

Robotic technologies now provide even greater levels of autonomy and agentic

behavior than traditional computer interfaces. Rather than requiring human users to

interact with the computer in the virtual realm, these robots are capable of interaction

in the physical realm. Although this introduction of physical embodiment now allows

interactions and elicits perceptions that are more pronounced or effective than virtual

agents (Wainer et al., 2007), the challenges of creating a robot that is safe for humans

to be near has necessarily limited the applications of robots. As a result, interaction

with robots has typically involved more conversational or command-based interactions,

such as a robot teaching a class (Kanda et al., 2007) or serving as a waiter in a

restaurant (Franklin et al., 1996).

However, recent advances in technology, driven primarily by the manufacturing

industry, have enabled a new class of robots, called collaborative robots, that are
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safe for humans to be near and flexible enough for humans to collaborate with on a

variety of applications (Kock et al., 2011; Matthias et al., 2011). Collaborative robots

are poised to follow a long trend of technologies—from desktop computers to virtual

agents—that are perceived by human users as having social qualities, in addition to

introducing this new functionality of being capable to work in the physical realm.

These robots also represent a shift from the traditional use of robots in either strictly

conversational roles or as autonomous and separate from humans. In the paragraphs

below, I briefly review prior literature on the perception of prior technologies as

having sociality, and the introduction of robots into day-to-day environments and

their perceived sociality.

2.1.2.1 Perceived Sociality of Technologies

The design of computer technologies follow metaphors that shape the way their users

perceive and interact with them. Fogg (1998) proposed “tool,” “media,” and “social

actor” as three such metaphors that respectively result in perceptions of computers as

providing new abilities, conveying content, and playing social roles. When computers

follow the metaphor of a social actor, particularly displaying aspects of human

language, offering interactivity, and playing roles that humans play, their users

“mindlessly” apply social rules and expectations despite explicitly acknowledging that

these machines have no social qualities (Nass and Moon, 2000). Even computers that

minimally follow this metaphor elicit attributions of gender, ethnicity, personality, and

expertise to them, displays of politeness and reciprocity toward them, and disclosure

of information when they divulge information first (Moon, 2000; Nass and Moon,
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2000).

When computer technologies are designed to more closely follow the metaphor

of a social actor, as speech interfaces, virtual agents, and social robots do, people’s

interactions with them more closely resemble human-human interactions (Bickmore

and Cassell, 2005; Kopp et al., 2005; Nass and Lee, 2000). Research on embodied

conversational agents (ECA) has demonstrated that people employ dialogue strategies

from human-human conversations, such as greetings, farewells, small talk, and insults,

and display elements of a human conversational style, such as disfluencies, in their

interactions with ECAs that engage in social dialogue with them (Bickmore and

Cassell, 2005; Kopp et al., 2005).

While the design of robotic technologies vary in how closely their designs follow

the metaphor of a social actor, we expect much of these attributions and responses to

be present in people’s interactions with them. For example, users of robots designed

with minimal cues for sociality, such as the Mars Rover, perceive the robot as a social

actor, identifying with the unique qualities and abilities of the robot as well as a

social resource for the human team (Vertesi, 2008).

2.1.2.2 Robots in Day-to-Day Environments

The last decade has witnessed the widespread introduction of robotic technologies

into day-to-day environments. Prior work has studied how these products changed

workplace and domestic practices and how their users perceived them. Studies of the

use of the robotic vacuum cleaner Roomba in domestic environments found that users

attributed lifelike characteristics, such as personality, gender, intentions, and feelings,
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to their cleaning (Forlizzi, 2007; Forlizzi and DiSalvo, 2006; Sung et al., 2007) and

developed a sense of unique ownership and intimacy with their products that led

them to promote their robots in their social networks (Sung et al., 2007).

Robotic technologies have also been introduced to organizations, most prominently

to perform transportation and delivery tasks at hospitals. Prior work studying the

effects of the introduction of these robots on work and social practices found differences

in how different groups responded to and worked with the robot (Ljungblad et al.,

2012; Mutlu and Forlizzi, 2008; Siino and Hinds, 2005). Hospital workers whose jobs

were less demanding benefited from the help that the robot provided and perceived

the robot more positively, while others who worked in a more demanding environment

found the robot to be a burden and a disruption to their social environment due to

the robot’s inability to recognize and adapt to those demands (Mutlu and Forlizzi,

2008). Based on their familiarity and experience with the robot, different stakeholders

applied different cognitive frames to the robot, including “alien,” “machine,” “worker,”

and “colleague” (Ljungblad et al., 2012). Prior work has also examined how people

interact with robots integrated into organizations and the broader social processes

involved in these interactions. A study of the deployment of a snack-delivery robot

in a university building found that users develop social relationships with the robot

and that individual interactions with the robot result in a “ripple effect” in the social

environment, engaging non-users in these interactions and promoting socializing (Lee

et al., 2012).
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2.2 Behavioral Cues for Collaboration

Collaboration is the cornerstone that allows humans to work together to achieve some

shared goal, whether it is exchanging information, teaching a friend how to complete

a task, or helping someone move furniture. Humans use a number of behavioral cues,

such as gaze (Griffin, 2001; Meyer et al., 1998; Tomasello, 1995), gestures (Clark,

2005; Kendon, 2004), speech (Clark, 2009; Croft, 2000), body posture (Argyle, 2013;

Ekman and Friesen, 1967), or head nods (Helweg-Larsen et al., 2004; Stivers, 2008),

to indicate their thoughts or intent regarding the task. These cues help to make the

interaction more effective and fluid, minimizing the number of misunderstandings, the

total task time, and improving subjective measures, such as rapport and perceived

teamwork, between participants (Argyle, 2013; Clark, 2005; Tomasello, 1995).

Developing similar types of communicative behaviors for robots is necessary to

achieve fluid human-robot collaboration. In the realm of conversational encounters,

prior work has found extensive support for emulating humanlike communicative

behaviors on robots to achieve effective interactions. Various properties of humanlike

gaze—one of the preeminent social cues used in communication—have been exten-

sively studied and implemented on robots, including where to direct gaze during a

conversation (Kobayashi et al., 2010; Mutlu et al., 2006, 2009; Staudte and Crocker,

2009), how to bring attention to a particular object (Imai et al., 2003; Scassellati,

1999; Huang and Mutlu, 2012), and appropriate times to look away from a con-

versational partner (Andrist et al., 2013a). Other studies have explored the use of

other humanlike social behaviors, including gestures (Brooks and Breazeal, 2006;

Huang and Mutlu, 2013; Liu et al., 2013), motion profiles (Dragan and Srinivasa,
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2014; Zheng et al., 2013), and speech usage (Andrist et al., 2013b; Bickmore and

Cassell, 2005; Fong et al., 2003) by robots. In these studies, the humanlike behavior

outperformed baseline behaviors on various objective and subjective measures, sug-

gesting that human-robot conversational encounters are more fluid when the robot

employs humanlike behaviors. Following these results and the theoretical foundations

outlined in Section 2.1.1, it would follow that enabling robots to use humanlike

social behaviors and cues in collaborative scenarios will result in more humanlike

communication, allowing humans to seamlessly transfer their habitual collaborative

behaviors to working with a robot partner.

In this section, I focus on three behavioral cues that are studied in this dissertation:

speech patterns, instruction and repair, and deictic gestures. For each behavioral

cue, I review prior work on that cue from both the human-human and human-robot

interaction literature.

2.2.1 Speech Patterns

Speech is one of the most explicit forms of human communication, often augmented

by other, non-verbal social cues (e.g., gaze, gestures) (Clark, 2005, 2009; Croft, 2000).

Although human speech can take on a seemingly limitless number of forms, prior

work has suggested that these verbal interactions follow an implicit set of patterns

(Goffman, 1983). Below, I discuss prior work on speech patterns in human interactions,

and the use of patterned behaviors in human-robot interactions.
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2.2.1.1 Human-Human Interaction

Human interactions follow an invisible structure, a shared interaction order (Goffman,

1983), that signals to its participants how they should act and interact with others.

For example, the openings of encounters follow a particular “routine” that involves a

greeting or a summons by a participant and an in-kind response either in the form of

a greeting or an answer (Schegloff, 1972). Similarly, conversations might involve the

pattern “question-answer pairs,” where one participant is posing a question followed

by an answer from a different participant (Clark, 1992). These routines may be

combined to produce a more elaborate interaction, as shown in the example below.

Participant 1 : <upon seeing a friend at work> Oh, good morning! Are

you attending the meeting this afternoon?

Participant 2 : Yes, I was planning on going.

In this brief encounter, Participant 1 opens the interaction with a greeting and

subsequently poses a question, which Participant 2 answers. The participants of this

encounter employ both the greeting and question-answer pair routines to seek and

provide information and coordinate activities. Research on human communication

has shown that the use of such routines or “interaction patterns” facilitates effective

communication, specifically processes such as fluency (Tannen, 1989) and grounding

(Clark, 1996). On the other hand, breakdowns occur in communication when these

patterns are violated (Schegloff, 1972).
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2.2.1.2 Human-Robot Interaction

Research on human-robot interactions has also considered how robots might display

patterned behaviors, such as gaze patterns that facilitate conversational turn-taking

and joint attention (Huang and Mutlu, 2012), to enable more effective human-robot

interaction. Researchers have also proposed the use of such patterned behaviors as

building blocks for constructing human-robot interactions (Kahn et al., 2008; Peltason,

2010), such as an “initial interaction” pattern proposed by Kahn et al. (Kahn et al.,

2008)—an interaction pattern analogous to greetings in human interactions. However,

this body of work does not yet offer a pattern language that might serve as building

blocks for interactions across a wide range of scenarios. Furthermore, this research

has not developed tools or environments to support design exploration or prototyping

for constructing human-robot interactions.

2.2.2 Instruction and Repair

Effective communication relies on both the ability to use language and other behavioral

cues, and the ability to present information, such as what information to disclose at

a particular moment, how the information is presented, and how miscommunication

is handled. In particular, as robots enter a number of instructional roles, such as

training workers and aiding in the home, they will need to be capable of both aspects

of effective communication during instruction. While prior work has focused on the

ability of robot’s to use language and their behavioral cues during tasks (Andrist et al.,

2013b; Boucher et al., 2012; Huang and Mutlu, 2012; Staudte and Crocker, 2009),

I focus on how robots can present information effectively to their human partners.
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Below, I review prior work on how one human would instruct another, and work in

human-robot interaction on how a robot might most effectively give instructions.

2.2.2.1 Human-Human Interaction

Effectively communicating a series of instructions is a complex task that has been

studied at a number of levels, including how human instructors develop and communi-

cate instructions for their students. Prior work has suggested that instructors follow

a discourse planning process based on iterative refinement, where the instructor first

picks a subgoal to complete and then further decomposes the subgoal into atomic

actions (Blaylock et al., 2003; Grosz and Kraus, 1996). Instructions are then ordered

based on logical segmentations of steps to help students contextualize the task (Grosz

and Sidner, 1986). These models provide important insights into how instructors

break task goals into a set of instructions.

Successfully directing a student in a task also relies on feedback from the student.

Despite the best efforts of instructors, there will inevitably be instances of breakdowns—

misunderstandings or miscommunication concerning task goals—that can either

impede progress in the interaction or lead to further breakdowns in the future if they

are left unaddressed (Zahn, 1984). To correct breakdowns, humans engage in repair,

a process that allows participants to correct misunderstandings and helps ensure

that all participants have a similar understanding of the relayed information (Hirst

et al., 1994; Zahn, 1984). The process of engaging in repair is often context-sensitive

(Seedhouse, 1999). For example, when a topic is being discussed in a classroom, the

instructor frequently initiates repair to clarify students’ statements. However, when
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the classroom is engaged in a task, students are more likely to initiate repair with

their peers.

2.2.2.2 Human-Robot Interaction

Prior research in robotics has explored how robots might function in instructional

settings, such as daycare facilities and classrooms (Kanda et al., 2007; Tanaka and

Kimura, 2009; Tanaka and Movellan, 2006), and aid in task instruction, such as

offering assistance in a hand washing task (Hoey et al., 2005) and giving directions in

a cooking task (Torrey et al., 2007).Among these studies, work on task instruction has

focused on how robots might adapt task instructions to user needs and instructional

goals. For instance, Torrey et al. (2006) explored how adapting the comprehensiveness

of the robot’s instructions to its user’s expertise might affect task outcomes and

user experience. They found that more comprehensive instructions resulted in fewer

mistakes among novices, while experts rated the robot as more effective, more

authoritative, and less patronizing when it provided brief descriptions. Foster et al.

(2009) studied the effects of the order in which the robot provided task goals along

with instructions on student recall of task steps, showing that providing task goals

prior to issuing task steps resulted in fewer requests for repetition by the student

later in the task.

Ideally, an instructional task would proceed without the need for clarification

or intervention. However, just as repair is necessary in human instruction, robots

must also be capable of identifying breakdowns and offering repair to improve the

effectiveness of human-robot instruction. Prior work in enabling robots to provide
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repair has identified a variety of techniques to lower the need for repair, such as

taking into account the speaker’s perspective (Trafton et al., 2005) or alleviate the

negative impact of breakdowns through framing (Lee et al., 2010).

While work in human-human teaching has developed many theories concerning

effective instruction, models of how robots should provide task instruction and repair

to maximize task outcomes and student experience are needed. In the following

section, we detail our work on developing such a model.

2.2.3 Deictic Gestures

Deictic gestures serve a crucial role in communication, augmenting or even replacing

complex verbal descriptions of objects or spaces (Goldin-Meadow, 1999; McNeil, 1992).

Below, I present prior work on how humans use deictic gestures in interactions as

well as how deictic gestures have been used in human-robot interactions.

2.2.3.1 Human-Human Interaction

Deictic gestures are often used to augment or replace verbal descriptions of the object

being referred to, also called the referent (Kobsa et al., 1986). The importance of

deictic gestures in communication is shown in pre-verbal children, who will use deictic

gestures as a way of communicating with their caretakers prior to their ability to

form utterances to describe their wants and needs (Caselli, 1990). Once humans have

the ability to verbally communicate, the use of deictic gestures increases and becomes

more nuanced, serving to support more complex utterances (Jancovic et al., 1975).

At this point, deictic gestures are used to decrease cognitive burden, allowing for
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complex verbal descriptors to be eliminated in favor of a deictic gesture toward the

referent (Goldin-Meadow, 1999). The replacement of fully articulated speech with a

combination of partially articulated speech and deictic gestures reduces cognitive load

for the speaker, by requiring less processing to form an utterance, and the listener,

by requiring less processing to interpret the utterance. For example, a speaker might

replace the description of an object with “this” and a deictic gesture that indicates

the referent. Gestures might even fully replace utterances in settings such as a noisy

factory environment (Harrison, 2011).

Traditionally thought of as “pointing gestures”, deictic gestures are comprised of a

more diverse set of gestures that are used to draw attention to an object. Caretakers

often use touch to more concretely focus the attention of infants on an object (Lempers,

1979), while students or instructors in an instructional block building task might hold

up a piece to implicitly confirm whether it’s correct (Clark, 2005). Prior research has

demonstrated that the speaker’s use of gestures affects information recall and rapport

in listeners (Breazeal et al., 2005; Huang and Mutlu, 2013).

Work by Clark demonstrated that deictic gestures are much broader than pointing

(Clark, 2005). However, while the use of these additional deictic gestures has been

mentioned in relation to other research (Alibali et al., 1997; Bolinger, 1983; Clark,

2005; Lempers, 1979), a more thorough understanding of the breadth of deictic

gestures and why they are chosen for particular settings is needed.
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2.2.3.2 Human-Robot Interaction

Prior work in human-robot interaction recognizes the need for robots to gesture

naturally in order to communicate in a more humanlike fashion. Much of this work

has focused on enabling robots to use deictic gestures to enhance task outcomes,

such as the robot’s use of gestures improving user performance in manipulation tasks

(Breazeal et al., 2005; Okuno et al., 2009; Salem et al., 2012). In general, robots

use deictic gestures similarly to humans to help bring attention to objects of joint

interest and achieve common spatial ground (Brooks and Breazeal, 2006). When the

environment may make using deictic gestures difficult or impossible, robots are also

able to use perspective-taking to ensure that their deictic gestures are used in ways

that are interpretable by the listener (Trafton et al., 2005). To ensure gestures are

used appropriately, research has focused on enabling robots to use pointing gestures

in socially appropriate ways (Liu et al., 2013).

Deictics are often thought of as referring to an object, but can also be used

to refer to a region of space, such as the opposite end of a room. Prior work in

robot deictics has shown that referring to a region of space—which is often more

difficult to verbalize than an object—results in only a marginally worse accuracy

rate than referring to an object (St Clair et al., 2011). Robots are able to use visual

differences in spaces in combination with deictics to help listeners identify the correct

region in the space (Hato et al., 2010). St Clair et al. (2011) demonstrated that a

robot using a combination of deictic gestures and gaze to refer to a space resulted

in higher accuracy than using just one modality. Additionally, how the gesture was

implemented and executed was significant, with human pointing using a bent arm
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producing significantly worse accuracy than pointing with a straight arm.

While it is desirable for robots to use deictic gestures effectively, prior work has

also focused on allowing robots to recognize and understand these same gestures from

the humans they interact with (Schauerte and Fink, 2010; Sugiyama et al., 2007).

This includes understanding when a deictic gesture has been made and correctly

identifying the referent (Brooks and Breazeal, 2006).

Although HRI research has successfully implemented human pointing behaviors

in numerous applications, there is still much to understand about what other deictic

gestures robot behavior designers should consider using, what properties are most

effective, and how the particular setting should shape gesture choice.

2.3 Programming Social Behavior on Robots

Traditionally, implementing social behavior on robots has been tasked to programmers

to complete via writing source code, making it difficult for end-users and owners

to modify the robot’s behavior for their own need. The need for programmers to

implement social behaviors on robots has been due to two main issues: (1) the

complexity of programming robots, including processing sensor input and working

with expansive application programming interfaces (APIs), and (2) anticipating

and accounting for unexpected input, such as unrecognized speech or an unfamiliar

environment. However, as robots become more commonplace products in a variety

of everyday settings, increasingly novice users might want to modify or add to the

robot’s social behavior. Traditional programming by writing source code is a highly
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specialized skill that most users do not posses, requiring a new approach to enabling

novice users to adapt a robot’s behaviors to their own preferences.

A body of work has developed several authoring tools and environments to help

both expert developers and novice users better control and interact with robots

(Humphrey et al., 2007) and to evaluate human-robot interactions (Kooijmans et al.,

2006). Environments for developers include the Robot Operating System (ROS),

which offers an architecture for abstracting and reusing specific functionalities across

different robot platforms (Quigley et al., 2009). A particular ROS module, the Robot

Behavior Toolkit, offers the ability to specify robot social behaviors based on a

repository of “rules” or patterns (Huang and Mutlu, 2012). However, the use of these

environments requires a substantial amount of development expertise as well as effort

to build suitable pattern repositories.

Authoring environments for novice users include a number of commercial and

research tools for programming robot behaviors (Glas et al., 2012). For example, Inter-

action Composer (IC) involves a graphical interface that enables users to coordinate

multiple facets of a robot’s behavior, such as dialogue and gestures, by choosing from

a set of “behavior blocks” to compose the interaction (Glas et al., 2012). RoboStudio

offers an expert authoring environment to build graphical interfaces that enable novice

users to customize the behaviors of the robot to their needs or preferences (Datta

et al., 2012). Finally, Lohse et al. (2014) has developed a framework for iterative

design and evaluation of robot behaviors. While these tools and environments involve

easy-to-use interfaces that are accessible to both expert and novice users, they require

the designer to have knowledge of a pattern language and to map this knowledge to
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specific robot behaviors that can be authored using the tools.

2.4 Chapter Summary

This chapter began by providing an overview of how humans have traditionally worked

with and perceived technology, particularly robotics technology, in the past. Next, I

reviewed prior work from both human-human and human-robot interaction literature

on three specific behavioral cues that are covered in this dissertation: speech patterns,

instruction and repair, and deictic gestures. Finally, I discussed the programming of

social behavior on robots, focusing on authoring environments that aid novice users.
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3 formative study: understanding the reality

of collaborative robots

The introduction of collaborative robots as task partners that work with humans

represents a drastic shift in how people perceive and engage with robotic technology.

However, this adoption poses many new questions, as demonstrated in the scenario in

Section 1.1.1. For example, how are these robots integrated into human spaces, such

as the home and at work? What challenges exist in working with this technology?

How are these robots perceived by the humans they work with? The study presented

in this chapter aims to answer these questions.

In this work, I present an ethnographic field study conducted at three different

manufacturing plants throughout the US that had adopted and integrated Baxter, a

collaborative robot platform previously described in Section 1.3. Using a grounded

theory analysis of observations and interviews, I discovered that results fell into two

main categories: how the integration of robot co-workers shapes the physical layout

and workflow of a workspace, and the social impact a robot co-worker has in industrial

settings. Results from this work suggest several areas where robot co-workers could

be improved for more efficient collaboration, such as improved sensing capabilities to

allow the robot to more effectively complete work and enabling the robot to handle

social relationships so as to build rapport with human co-workers.



43

3.1 Robots in Manufacturing

Traditional industrial robots are characterized as being inflexible and dangerous,

making it difficult for humans to work nearby safely. These robots often operate

with a high degree of control, and multiple robots are orchestrated to work together

without the interference of humans. Advances in robot kinematics have lead to

new collision reaction control strategies and to the development of safer robots. For

example, relying on torque control and gravity compensation in the event of a collision

can lessen the amount of force on co-located human workers (Haddadin et al., 2008),

while actuators with variable impedance may lead to safer robots by reducing joint

stiffness while the robot is moving at a higher speed (Tonietti et al., 2005).

As a result of improved safety mechanisms, new robotic products are being

released that are safe to operate around humans. Examples of these robots are

Rethink Robotics’ Baxter, which uses Series Elastic Actuators to minimize the force

of impact (Rethink Robotics, 2012), and ABB’s Dual-Arm Concept Robot, which

contains software-based collision detection (ABB Group, 2013). Additionally, new

technologies, such as ABB’s SafeMove, are enabling external sensing capabilities on

robots to help monitor the robot’s speed and location (Kock et al., 2013).

The introduction of collaborative robots into industrial settings requires reshaping

approaches to robot control. Work at ABB has examined how these robots might

be integrated into the environment as flexible tools (Kock et al., 2011) as well as

how such robots might be certified to safely operate around people (Matthias et al.,

2011). Prior research also highlighted the differences in needs between large industrial

enterprises and small and medium enterprises (SME) (Brogårdh, 2007). This work
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suggested that SMEs would benefit from modular robots that can be configured for

a variety of pre-existing work cells, can quickly be set up and trained, and require

minimal expertise to program and troubleshoot. These features promise the ability

to accommodate the current staff at SMEs, allowing them to use collaborative robots

with minimal training and negating the need for outside support or contractors.

3.2 Study Outline

To better understand how collaborative robots are affecting the work practices and

perceptions of manufacturing employees, I conduced an ethnographic study at three

manufacturing plants that had acquired a particular robot platform. Below, I describe

the study sites I visited, my data collection methods, and the analysis of the data.

3.2.1 Study Sites

We recruited three manufacturing companies, each of which owned at least one Baxter

robot, to participate in my study. Below are brief descriptions of the companies.

Company 1 is a small family-owned business of about 40 employees. It specializes

in plastic injection molding and produces plastic parts for different clients. These

parts are often components of products that the company’s clients manufacture or

assemble.

Company 2 is a small business of about 50 employees. It produces and sells

components used for securing electrical connections and is known for its outdoor

waterproof electrical components.
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Figure 3.1: Examples of a collaborative robot at work packaging medicine cups at
Company 1 (left) and moving plastic tubes at Company 2 (right).

Company 3 is a large international company of several thousand employees spread

out across multiple facilities that produce office furniture. Four of these facilities have

purchased a single Baxter. I included one of these facilities with approximately 150

employees in my sites.

Each company had owned their robot for four to eight months at the time of

my visit. In addition to phone and e-mail correspondence over several months, I

spent four days at Company 1, two days at Company 2, and one day at Company 3

conducting fieldwork. All sites were located within the continental United States.

3.2.2 Workspace Setup

The robot was integrated into its own work cell—an area defined by its resources and

the equipment dedicated to a single task—at each site visited (see Figure 3.1). Below

are brief descriptions of Baxter’s work cell at each site.
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At Company 1, Baxter was assigned to move and automatically bag stacks of

medical cups. In this setup, a traditional industrial robot was responsible for moving

finished medical cups from the plastic injection molding machine to a conveyor belt,

which moved stacks of finished medical cups toward Baxter, which then picked up

a stack and placed it in the automatic bagging machine. After placing two stacks

in the machine, Baxter sent a signal to the bagging machine to place the two stacks

in a bag and deploy a new bag. Periodically, an operator gathered completed bags

and packaged them in a larger shipping box. Operators and maintenance staff also

attended to the robot when problems arose.

At Company 2, Baxter set up plastic tubes to be filled with a silicone material

for waterproofing wires. A hopper of tubes gradually dispensed tubes into a second

container and eventually onto a line that moved the tubes towards Baxter. Baxter

then picked up a tube in each hand and placed them in a second machine to be

processed. After processing, the second machine deposited the completed tube into

a bucket. Operators were responsible for periodically filling the hopper with more

tubes and replacing the filled buckets. Operators and maintenance staff attended to

the robot when problems occurred.

At Company 3, Baxter was set up in a separate area for maintenance workers to

retrain it for a new task. During my visit, the robot was being trained to package

hardware for furniture, such as brackets, into a box. The maintenance worker arranged

the hardware to be boxed to the right of Baxter in a particular configuration, flat

pieces of cardboard to stack between hardware to the left of Baxter, and the box

to package the hardware in front of Baxter. When activated, Baxter picked up
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each piece of hardware individually and placed it in the box. At predefined points,

Baxter used its left hand to acquire a piece of cardboard and place it on top of the

hardware currently in the box. Then, additional hardware was added. In the targeted

workflow, the box and hardware would be delivered to Baxter via a conveyor belt,

and the completed box would continue down the conveyor belt. An operator would

be responsible for periodically giving Baxter additional flat pieces of cardboard.

3.3 Method

During the course of the study, I collected data on a number of different facets of the

integration of the robot into the manufacturing environment, including motivations

for purchasing a collaborative robot, the process of integrating it to the existing

manufacturing workflow, organizational changes to accommodate the use of the robot,

and worker perceptions of and interactions with the robot. In this work, I focus on the

design elements and factors that shaped worker perceptions of and interactions with

the robot, including the robot’s appearance, its social behavior, and its introduction

into the work environment.

3.3.1 Fly-on-the-Wall Observations

We conducted fly-on-the-wall observations of activities around and involving the

robot at both Company 1 and Company 2. While Company 3 had a collaborative

robot that had previously been deployed at an assembly line, they had decided to

re-train the robot in a separate area for a new task. While I did observe that the
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robot was located in a separate area for retraining at Company 3, I did not have the

opportunity to see the robot being trained. Experiences about the retraining process

were instead gathered from interviews. We also observed nearby human-operated

work cells to better understand what made the robot’s work cell unique. At Company

3, data collection also included observations of the setup of the human-operated work

cells and interviews about how the robot was or would be integrated into these tasks.

At each site, observations focused on the robot and its surrounding environment,

including how the robot was completing its task, the robot’s interactions with

nearby equipment, how the robot reacted to unexpected situations, and how workers

interacted with the robot. Observations also included understanding the more general

environment of the company, including how workers interacted with one another and

the organizational structure of the company.

3.3.2 Semi-Structured Interviews

In addition to the fly-on-the-wall observations, I conducted semi-structured interviews

with key stakeholders at each site, including management, maintenance, and operators.

While there were differences in the task Baxter was assigned at each site, the roles

and experiences of the stakeholders was uniform, allowing us to consider the same

organizational roles across all three sites. Below, I describe the organizational roles

of these stakeholders and their involvement with the robot.

Management staff included employees who were responsible for decisions regarding

obtaining the robot, for setting and overseeing company goals, or for high-level

human-resource issues. These employees had varying degrees of interaction with
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the robot, including helping with troubleshooting work cell problems or contacting

technical support, depending on the company’s size. However, management relied

on maintenance staff for the integration of and troubleshooting with the robot.

Management staff were asked questions concerning the size, organization, and mission

of the company; the demographics of their workforce; the decision-making process

behind purchasing the robot; and the effect of the robot on various metrics, such as

productivity and profit.

Maintenance staff included employees who handled the upkeep and troubleshooting

of machines in the manufacturing environment. Additionally, these employees were

responsible for the integration of the robot, programming the robot, training other

employees on using the robot, and troubleshooting the robot as necessary. These

employees were often the first to handle day-to-day issues with the robot and its work

cell. Maintenance staff were asked questions concerning their roles and responsibilities

at the site; how they prioritized their work; their involvement with the integration

of the robot; what skills they acquired during integration; their interaction with the

robot; and troubleshooting the robot.

Operators included employees who worked at one or more workstations at the

manufacturing facility. Although different operators might be assigned to a particular

workstation at different times, each operator was solely responsible for meeting the

quota at their workstation, and often developed a unique workflow for that particular

workstation. Operators typically resolved minor troubleshooting tasks, but would

contact maintenance staff when additional help or expertise was necessary. One oper-

ator was always assigned to work alongside and monitor the robot. These employees



50

were not trained on how to program the robot, but they knew how to handle common

mistakes in the work cell and how to reset the robot if necessary. Some operators

were assigned to work alongside the robot every day, while others only worked with

the robot every other day. Operators were asked questions concerning their previous

manufacturing experience; whether they had prior experience completing the robot’s

task manually; their perceptions and interactions with the robot; and their process

for troubleshooting problems that the robot encountered.

Across the three sites, I interviewed a total of 17 informants, including six

managers, eight maintenance employees, and three operators. The interviewees were

identified from among employees suggested by the authors’ contacts at each site,

workers observed during fly-on-the-wall observations, and employees mentioned during

previous interviews. The interviews started with the researcher seeking and obtaining

informed consent and proceeded with a semi-structured interview involving an initial

set of questions at Company 1 and growing sets of questions at Company 2 and

Company 3 that built upon knowledge from previous site visits. The interviews

were captured as written field notes and audio recordings. Each interview was

approximately 30 min in length (M = 27 min, 22 sec; SD = 5 min, 33 sec), and

employees received a $5 USD gift-card to a local coffee shop as compensation.

3.3.3 Analysis

A Grounded Theory approach (Glaser et al., 1968) was used to analyze textual data

obtained from field notes and interview transcriptions. I first conducted an open

coding process in which codes were assigned to significant events or references. Open



51

coding was completed for all field notes and transcriptions. To establish inter-rater

reliability, a second researcher then used provided codes to code 10% of the data.

The inter-rater reliability showed substantial agreement between the primary and

secondary coders (82% agreement, Cohen’s κ = .79). Next, axial coding was used

to identify phenomena, such as repeated events or interactions, among the codes.

In total, 11 axial codes were developed that relate to worker perceptions of and

interactions with the robot. Finally, I used a selective-coding process to understand

the relationships among axial codes.

3.4 Results

Results from this work showed two main themes: implications for the design of

the work cell and workers’ perceptions of it, and the social implications of a robot

co-worker. Below, I explore results for each theme.

3.4.1 Work Cell Implications of an Industrial Robot

Co-Worker

The first theme was regarding the work cell implications of a robot co-worker. In

particular, this theme involved the challenges of integrating a robot co-worker, the

changes in workflow required to enable a human and collaborative robot to work

together, and how additional iterations of collaborative robots might changes future

configurations of work cells.
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Figure 3.2: An example of the workflow from a work cell for packaging medicine cups
adapted for the robot. (1) The conveyor belt has predefined placement for cups in
the form of an array of cups drilled into the surface of the conveyor belt. (2) The
industrial robot removes cups from the injection-molding machine and places them on
the conveyor belt until enough cups are added. (3) The conveyor belt moves forward,
and the robot picks up a stack of cups. (4) The robot places the stack in a set of
guides for the automatic bagging machine. (5) When enough cups have been added
to the guides, the robot sends a signal to the automatic bagging machine to package
the cups and deploy a new bag.

3.4.1.1 Integration

Integrating the robot was an extensive process that involved selecting a task for the

robot, iteratively modifying and refining the work cell to accommodate the robot,

and training personnel to program the robot for its new environment. Figure 3.2

shows the workflow at a modified work cell.

Adapting a Work Cell for Robots: A prominent finding from my observations

and interviews with all stakeholders is that the robot was integrated into work cells

that had initially been designed for human operators. Maintenance staff were often

responsible for reconfiguring the workspace to accommodate the robot. Adaptations

included moving nearby equipment to accommodate the robot’s larger footprint,

designing mechanisms to deliver materials or product to the robot rather than the

robot retrieving them from a container, and developing a PLC to allow the robot to

communicate with pertinent equipment, such as signaling a conveyor belt to stop
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product delivery if the robot experiences a problem.

In addition to the minimum changes necessary to integrate the robot, maintenance

and management staff worked to remove potential sources of error in the workflow.

For example, early integration at Company 1 involved the robot manually triggering

an automatic bagging machine by pulling a lever with its hand. Eventually, the

company chose to have the robot send a signal to the bagger instead of using its

hand. Staff believed that a signal would be more reliable and would require less

troubleshooting once the robot was active. Additionally, removing potential sources

of error eliminated additional programming of less common or unforeseen situations,

resulting in less design and testing work during integration. Personnel: Maintenance

staff primarily performed the programming and integration of the robot. Depending

on company size, management also assisted when needed. Smaller sites, such as

Company 1 and Company 2, hired outside contractors for PLC work. Management

citepd the lack of time and knowledge among maintenance staff to perform the

complex PLC work required for the new work cells.

Although operators were familiar with day-to-day interactions with the robot,

they were not trained on how to program the robot for new tasks, primarily due to

management not envisioning moving the robot after perfecting its operation on its

task. In interviews, management staff citepd several additional reasons why operators

would not be trained in the immediate future on how to program the robot. For

example, operators often see high turnover, both across the company as well as

in what work cells operators work on, making the cost of training employees too

high. Additionally, since operators have the potential to be assigned to any work cell,
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management staff try to keep tasks as simple as possible to cater to the lowest common

denominator. Many older operators do not have the technical knowledge or desire to

work with robots. Additionally, hiring requirements for jobs in manufacturing plants

are often minimal, and some operators may not have the computational thinking skills

required to train the robot. Finally, with the additional environment engineering and

PLC programming required, management believed that asking operators to retrain

the robot for a new task would be too complex.

3.4.1.2 Workflow

The integration of the robot brought about two main changes in workflow, which I

discuss below.

Operator Multitasking: my observations at both Company 1 and Company 2

indicated that operators managed one or two additional work cells in addition to the

robot. While it was common for some operators to be assigned to multiple work cells,

interviews with operators indicated that working on multiple automated work cells is

more predictable than working with the robot. Operators often develop a personal

workflow for handling all their assigned work cells, such as knowing how often to

check the production of a particular work cell. In contrast, when working with the

robot, there can be instances where the robot or work cell shuts down unpredictably.

This disruption might be due to an inability to access or find a given object or the

incorrect placement of an object. Operators report their workflow being disrupted by

the robot with varying frequency on a given day. These disruptions created stressful

situations for operators if they felt they were not achieving sufficient production levels
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for the day. Additionally, if the operator also worked on an automated work cell

that continued production despite the operator’s absence, operators noted that the

disruptions from the robot could cause significant backups on the automated work

cell, posing problems in handling of the product.

Need for Maintenance to Troubleshoot: Although operators became aware

over time of how to troubleshoot common problems, I observed that maintenance staff

were frequently called upon by operators to help troubleshoot issues. Maintenance

staff were often needed if the issue was technical, or if a problem occurred with the

equipment with which the robot interacted. I also observed operators discussing a

problem with maintenance staff if operators believed they had a new insight about

the cause of recurring problems. Maintenance staff and operators were sometimes

observed working together to identify the source of issues.

3.4.1.3 Future Configurations

While my data collection primarily focused on understanding current integration and

workflow practices, several interviewees speculated as to how the future of manufac-

turing might change with the large scale introduction of collaborative manufacturing

robots, which I discuss below.

Robots as Temporary Skilled Employees: Company 3 noted the need for

temporary skilled employees. At their plant, they often have spikes in production that

require hiring temporary labor. The work at this plant requires significant training

before the employees can be productive, making managers reluctant to release the

temporary labor at the end of the production spike if they are aware of another
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production spike in the near future. However, keeping these employees on during

slower production periods is costly. To solve this problem, management at Company

3 envisioned the use of a fleet of robots to serve as temporary skilled employees at

their nearby plants. Each plant could schedule the use of the robots on an as-needed

basis. Robots could be quickly trained, or even trained beforehand, for the necessary

tasks, reducing the need for temporary human labor.

Operators as Robot Managers: Employees at Company 3 described a future

where operators will manage robot co-workers, rather than multitasking between their

own work cell and the robot’s work cell. Management staff noted that the robot’s

strengths included precision, repeatability, and constantly being online. However,

the robot is currently not mobile and cannot easily troubleshoot its own problems.

Since the operator’s skill set complements that of the robot, the operator could

be responsible for clusters of robot workers. The operator could train robots for

new tasks, provide and move materials as necessary for the robot, and troubleshoot

problems as they occurred. Management commented that these new roles would

be more challenging for operators and require a level of technical competency not

currently expected. The increased demands and responsibilities were seen as a positive

development in manufacturing workflow, as operators would likely feel more engaged

in their jobs.

3.4.2 Social Implications of an Industrial Robot Co-Worker

A second theme of the results involved the social implications of a robot co-worker. In

particular, this theme involved the unique operator-robot relationship, the attribution
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of humanlike characteristics to the robot, the desire for social interactions with the robot,

and responses to the the robot’s design from co-workers. Each theme is supported with

observations or quotes from interviews where applicable. Stakeholder perspectives

are labeled with either “MG” for “Management,” “MT” for “Maintenance,” or “OP”

for “Operator,” followed by a “C” and the company number corresponding to the

stakeholder’s affiliation.

3.4.2.1 Operator-Robot Relationship

A prominent theme that emerged from my analysis was the differential perceptions

of the robot by operators and by maintenance and managerial staff. Operators who

worked directly with the robot regularly characterized their relationship with the

robot in collegial or personal terms, referring to the robot as their “work partner”

(OP2C2) or “friend” (OP1C2). Even other operators who worked at nearby work

cells perceived these relationships as unique, one operator noting that her co-worker

at a nearby station often referred to the robot as her “son” due to their ability to

communicate and work well with each other.

OP1C2: People call him my son. They don’t like [the name] “Baxter”

and think it’s funny how much I like working with him, that I understand

him.

Although operator-robot relationships were usually cordial, operators also char-

acterized their relationships with the robot in negative, yet familial or relational,

terms.
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OP3C3: He [the robot] just has a hard time doing work a lot. Especially

when he goes down, I’m like “What’s up?” ... Feels like babysitting my

grandkids.

OP1C2: Sometimes I write down on my [time] sheet “Baxter was not a

team player today.”

Operators also noted that they talked about the robot as a “friend” outside of

work with their acquaintances. Some operators reported that their friends sometimes

asked “how the robot was doing” (OP2C2).

While operators characterized their relationship with the robot in collegial and

personal terms, maintenance and management staff viewed working with the robot

to be similar to working with other industrial equipment. These employees often

referred to the robot as “monotonous” and “error prone,” describing their interactions

with the robot as involving “fixing it” when problems arose.

We believe that these differences result from different formative experiences with

the robot. Maintenance and management staff indicated that the initial demon-

strations of the robot during its acquisition had set high expectations that were

challenged during the integration process due to difficulties with enabling the robot

to quickly and reliably sense its environment. Addressing these difficulties required

these employees to iteratively create a static and predictable work environment for

the robot and the intelligent sensing features of the robot to be underutilized. This

gradual shift away from the initially-envisioned use-cases may have disillusioned these

employees and resulted in perceptions that were similar to those of other equipment.

While some operators had worked with the robot during this transition period, they
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had little knowledge of why the robot was transitioned into a more static environment,

potentially maintaining their initial frames of the robot.

MT1C1: It [Baxter] is easy to program, it’s the precision of everything

else [around Baxter] that’s difficult.

MT2C1: my biggest thing is to tie Baxter into the bagger, tie Baxter

into the conveyer, and tie Baxter there; and again it comes down to inputs,

outputs, and there’s not a lot of versatility. ... Right now, I have to

sit here meticulously and program every little spec of dust where vision

would be boom, boom, boom.

Even operators showed awareness of the differences in how they perceived their

relationship to the robot compared to how maintenance and management staff did,

as expressed in the following excerpt:

OP1C2: He [MT3C2] likes to come tinker around. It’s like his little toy.

I’m like “Don’t touch anything! You’ll screw him up.”

3.4.2.2 Attribution of Humanlike Characteristics

My analysis revealed a second theme that centered around the operators attributing

humanlike characteristics, such as personality and intent, to the robot. Operators

frequently described Baxter as having personality traits, such as “cheerful” (OP1C2),

“happy” (OP1C2, OP2C2), “fun” (OP2C2, OP3C3), and “perky” (OP1C2), as illus-

trated in the following excerpt:
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Figure 3.3: The robot from Company 2, dressed up in a wig and jester hat. Previously,
the robot was adorned with a rainbow clown wig.

OP2C2: Yeah, he’s a lot of fun to be around. He can improve my day.

At Company 2, the robot’s physical appearance had been altered to include a

wig and jester hat (see Figure 3.3). Operators at this site felt that the robot’s new

appearance fit well with its perceived personality, as described below:

OP1C2: To me, it totally fits him. ... So if he’s in a good mood, it fits

him. Or sometimes he has an attitude, “Whatever,” you know? That

look is just him.

Operators also described the robot and its actions as triggering a range of feelings,

reporting feeling happy or pleased while working with the robot—sometimes more so

than with a human co-worker—as illustrated in the excerpt below.
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OP3C3: Yeah, it can be nice to work by him when I just want a quiet

day and he’s working well. Lot less hassle then trying to tell someone you

don’t want to talk.

Other times, operators reported feeling upset or angry with the robot for its actions

and expressing resent towards the robot for its mistakes. An operator expresses stress

and frustration in the following excerpt:

OP1C2: If he’s [the robot is] having a bad day, that...is...very frustrating.

Cuz there’s no numbers getting out on my job or his job, he’s just a mess.

... It’s a little stressful.

Some operators believed that the robot expressed intent in its actions, most

commonly when the work cell or the robot malfunctioned, particularly when the

operator had just left the work cell moments before. For example:

OP1C2: I know that [the robot makes mistakes] and I understand that,

so certain things don’t bother me. Now sometimes, if I have 8 hours

of that, and I’m like, that’s when I think he knows what he’s doing on

purpose, or he’s beeping, and as soon as I turn my back to look at him,

he stops, I turn around again he beeps, and I’m like, “Really Baxter? Are

you doing that on purpose? Cuz you’re driving me nuts!”

As a result, these operators expressed the need for someone to watch or supervise

the robot in their absence. They felt that supervision might help prevent the robot
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from making a mistake as well as allow mistakes to be corrected promptly. This

feeling is illustrated in the excerpt below:

OP1C2: I’m going to use the bathroom. If something weird happens,

I’m only going to be gone 30 seconds. Sometimes I want to get someone

to watch him, like he’s a kid.

Finally, regardless of the type of emotions the robot regularly elicitepd, all

operators reported that the robot inspired interest. Even if some operators were

initially reluctant to work with the robot, they eventually became engaged with

the robot. Operators reported asking maintenance staff questions and suggesting

improvements in Baxter’s programming, how the work cell should be organized, and

how to optimize the way operators interacted with the robot. For example:

OP3C3: I noticed it didn’t search so good sometimes, ... so I told them

[maintenance] to see if they could make it better.

3.4.2.3 Social Interactions with the Robot

Another prominent finding from my analysis was that operators reported having

a wide range of social interactions with the robot. The most pertinent day-to-day

interaction for operators was listening to the sound of the robot’s work to monitor

the robot’s activities. Many work cells are not designed in such a way that nearby

operators can visually monitor the robot, as illustrated in Figure 3.4. Even when

the the design of the work cell allowed visual monitoring, directing attention toward

the robot would mean taking attention away from their own work. Thus, operators
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learned to interpret the sound and rhythm of the robot’s work in order to identify

patterns of mistakes that demanded their attention. For example, no sound may

indicate that the work cell had shut down, the sound of objects being incorrectly

placed may suggest that a part of the cell had shut down and the robot continued to

operate, and the sound of the robot acquiring new missing objects may indicate that

the objects that the robot would later acquire were not being reliably moved toward

the robot. The excerpts below provide examples of the practices that operators

developed to interpret the sound of the robot’s work.

OP1C2: Now I don’t look, I mostly listen. He’s like a child, if he’s been

quiet for too long, I know something’s wrong. ... We’ve developed an

understanding.

OP2C2: I mean maybe just because I’m accustomed to working with

him everyday, maybe now I can anticipate the problems a little bit more.

I know what’s going on.

Operators also reported sometimes finding themselves talking to the robot. These

expressions were often musings while trying to understand why the robot had stopped

working. At other times, operators were upset with the robot and were admonishing

it or yelling at it out of anger or frustration, as illustrated in the excerpts below.

OP1C2: I find myself just wondering aloud sometimes when something

is wrong, hoping he’ll give me an answer.

OP3C3: Sometimes he really tees me off, and I let him know it.
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Figure 3.4: Two operators working near the robot. The vantage point of the operators
makes it difficult to monitor the robot’s status. Additionally, the tasks the operators
are completing requires their visual attention.

While operators reported already engaging in social interactions with the robot,

they and some maintenance staff expressed a desire for the robot to display more

social behavior. These employees appreciated the robot’s use of its eyes to convey

sociality (discussed in the next theme), but felt that the robot could be more socially

interactive, for example, by making small talk. Operators explained that although

their work required them to focus on their workspace, they frequently engaged in

small talk with one another during shifts to help pass the time and establish and

maintain relationships. They wished that the robot could similarly engage in basic

small talk, mimicking the sociality of working with other nearby operators during

shifts where operators are assigned work with the robot and no other operators are

nearby, as shown in the excerpts below.

OP3C3: They’re [humans are] quicker and I need somebody to talk to. I

couldn’t teach him to talk. ... I tried to teach him to deal cards but that
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didn’t work either.

OP2C2: It would be nice if he could just shoot the breeze.

OP1C2: I want it to say “Good morning, [informant’s name], my favorite

co-worker” and display a little bouquet of flowers.

Maintenance staff agreed with operators that the addition of speech to the robot

would be beneficial, but for other reasons. The robot’s work cell can stop for a variety

of reasons, including equipment malfunction, the lack of a necessary material or

object, or a problem with the robot. Unsure of how to remedy the situation, operators

often turn to a nearby maintenance worker for help. In such situations, neither

operators nor maintenance workers usually have sufficient context for diagnosing the

problem, requiring them to check many different components of the environment.

Maintenance staff believed that the addition of speech capabilities to the robot may

enable verbal troubleshooting, such as providing specifics on the problem (MT2C1)

or giving step-by-step instructions on how to correct the problem (MT3C2, MT6C3).

MT3C2: It would be nice if Baxter could fix his own problems, but I

would settle for him telling us how to do it.

MT5C3: I started working here long after he [the robot] got here, and

sometimes I have no clue what to do [to fix him]. Him helping would be

good.

Workers also suggested that the robot’s face, which doubles as a screen, could

provide more information. Employees felt that the screen could offer redundant
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information in addition to the speech content. Manufacturing plants often contain

background noise that might at times grow progressively louder. While employees

believed that speech would be the easiest way to communicate with the robot, the

addition of using the screen as an information display would provide employees

with an alternative channel of communication should speech be impaired by the

environment.

3.4.2.4 Responses to a Robot’s Design

The last theme that emerged from my analysis was worker responses to the robot’s

appearance, focusing on two features: the robot’s overall form and its eyes. Both

elements of the robot’s design were considered important for staff to feel comfortable

working near the robot. Workers described the humanlike design of the robot as

“familiar,” giving them a sense of security and comfort when working in close proximity

to the robot. This familiar design was in stark contrast with many industrial robots

that are distinctly non-human and dangerous to be around. In the excerpt below,

a maintenance worker highlights that this familiar design provides the robot with

predictability.

MT4C2: I like that it looks kinda like a human. ... It’s familiar, ya

know? I feel like I know what to expect.

Two other employees described the robot not as humanlike, but still as bearing a

resemblance to other lifelike forms, specifically to a “praying mantis” due to the way

it arms rotate. These employees still felt that this appearance induced feelings of

safety when compared to other industrial robots, as illustrated in the excerpt below.
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MT3C2: Those arms, they remind me of a, what is it? Praying mantis?

Yeah. Still, looks very calm, deliberate.

Employees also expressed a preference toward the dark-gray-and-red color and the

industrial design of the robot. Compared to traditional industrial robots, employees

felt that the robot’s design suggested a friendly and non-threatening, even a “playful,”

interaction, as indicated below.

OP1C2: Yeah, I’m like [to my friends], “He’s like a Rock ‘em, Sock ‘em

robot!” That red, it’s so playful.

At Company 2, the addition of the wig and jester hat shown in Figure 3.3 further

emphasized the humanlike appearance of the robot, adding to its “personality.”

One particularly well-liked design element was the robot’s eyes. The robot was

equipped with a screen for a face, which displayed a pair of graphical “eyes.” The face

or the eyes served no sensing purpose (i.e., vision capabilities) but instead provided

a way for nearby workers to understand the robot’s current status in a “natural”

way that did not require additional training, as expressed by a managerial employee

below.

MG5C3: I like them [the eyes]. ... Because, I love that, I mean, it,

because it’s the nonverbal communication. ... I think that it’s just

natural.

These eyes were pre-programmed to follow the trajectory of its arms, allowing

employees to better anticipate where the robot’s hands were likely to move next. As
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illustrated in the excerpt below, this feature was considered particularly useful for

new employees who might still be learning about the task.

MG1C1: They [new employees] don’t usually understand what the robot

will do next, where it will go... This [the eyes], this helps them get it.

The robot also had a set of pre-programmed facial expressions: “confused” for

when it is has trouble completing a task, “sad” for when the robot has given up on a

task, and “surprised” for when a human had entered the workspace of the robot.

MG1C1: They [the operators] know what the “surprise” look is, they

know what the “sad” look is, they...they know it.

Employees noted that the robot’s eyes and facial expressions were particularly

useful when glancing at the robot from farther away. At a distance, the robot’s eyes

and facial expressions provided some context as to its otherwise indiscernible task

status.

Additionally, employees felt that the robot’s eyes conveyed intelligence. This

perceived intelligence gave employees who worked in or around the robot’s work cell

confidence in the robot’s actions and intentions, as expressed by the maintenance

worker below.

MT4C2: The eyes make him seem smart. Like he knows what he’s doing.
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3.5 Discussion

The themes that emerged from my analysis suggest two key implications for the

design of collaborative robots: the importance of designing for sociality and the need

to support a diverse set of relationships between the robot and different stakeholders.

While this study helps answer the types of questions encountered in the motivating

example in Section 1.1.1, these implications can be extended to other domains, such as

hospitals, space shuttles, and the home, as well as other types of agentic technologies,

including speech-based and embodied virtual assistants, such as a speech-based task

guidance system building on its prior relationship with its user. Below, I discuss the

implications of my work and the limitations of this study.

3.5.1 Designing for Sociality

Many of my results highlight the importance of sociality in a robot playing the role

of a co-worker. I did not expect the social elements of the robot’s design or social

relationships people established with it to be important factors in its integration into

a manufacturing environment, due to my naive presumption that there is little need

for sociality in completing manufacturing tasks. Workers across three organizations in

my study repeatedly brought up sociality in characterizing their relationship with the

robot, in discussing the characteristics of the robot, and in suggesting improvements

for the robot. My observations suggest that this desire for increased sociality stems

from current social practices operators engage in amongst one another during their

own work, such as two operators at adjacent workstations engaging in small talk.
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The design of future collaborative robots must take into account the benefits

of supporting user expectations of sociality to improve work practices as well as

the social environment in these settings. Although they offer the same safety and

flexibility benefits as Baxter does, many collaborative robots are designed only as

single robotic arms with little or no elements to support sociality. My results indicate

that social features that are already included in Baxter’s design, such as its overall

humanlike morphology and the behaviors displayed by its eyes and face, not only

provide users with a positive experience by eliciting feelings of safety and comfort

but also improve manufacturing work by communicating cues that are necessary for

successful coordination. However, increased sociality has the potential to create false

expectations that may risk user safety. Although collaborative robots are becoming

increasingly safe for nearby users, designers must strive to match the perceived safety

of the robot with its actual safety. Future designs of collaborative robots must build

on the success of these features and further expand their use of design elements that

support sociality while understanding and balancing this increased sociality against

the expectations and the needs of its users.

Based on my findings, I believe that future designs could improve the robot’s

sociality to achieve two design goals. First, collaborative robots must be designed to

support and enrich the social environment in the settings to which they are introduced.

I found that social interactions and relationships are key elements of collaborative

work even in task-oriented, safety-critical settings such as manufacturing. Supporting

expectations for basic conversational skills, such as greeting co-workers and nearby

workers at the beginning and end of their shifts, might enhance the social environment
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in these settings. Second, collaboration by definition requires a coordination of actions

for which communication and social cues are critical. Therefore, future collaborative

robots must be designed with the necessary communicative functions to facilitate

this coordination. For example, basic language capabilities could be added to allow

users to ask the robot questions such as “What’s wrong?” when there is a problem

or to seek guidance from the robot in addressing it by asking “How do I fix it?”

Additionally, future designs could draw on the cues that users currently rely on to

monitor the robot, such as the sound of its operation or the direction of its gaze, to

support this implicit form of communication.

3.5.2 Supporting Different Relationships

I found that different stakeholders made different attributions to the robot, main-

tenance and management staff perceiving the robot in more mechanical terms and

operators viewing it as an agent with whom they can build a relationship. These

different attributions resulted in different behaviors toward the robot and different

characterizations of relationships with it.

Prior studies of the introduction of technology into organizations found similar

differences in the responses of different stakeholders to the technology. For instance,

studies of the introduction of delivery robots into hospitals found varying perceptions

among stakeholders based on worker familiarity and time spent with the robot

(Ljungblad et al., 2012), on the organizational role and gender of the workers (Siino

and Hinds, 2005), and on the workload of and emotional demands on the workers

(Mutlu and Forlizzi, 2008). The design recommendations made by these studies
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included creating different behaviors that are better suited to the communication

needs and context of different stakeholders, such as employing subtle light displays

to alert high-workload employees at an oncology unit and using entertaining, pre-

recorded voices that contribute to the cheerful social environment of a postpartum

unit (Mutlu and Forlizzi, 2008).

The design of future collaborative robots must similarly accommodate different

perspectives and interactions with the robot, such as robots recognizing the different

stakeholder needs of doctors, patients and nurses in a hospital, or of parents and

children in the home. In regards to the manufacturing setting explored here, future

designs could draw on the social elements of the robot’s design to improve the robot’s

sociality for maintenance and management staff to help reshape perceptions of the

robot from industrial equipment to a more sociable co-worker. Social behaviors

could be built into the types of interactions that these stakeholders are engaged in,

such as integration, programming, and troubleshooting. Additionally, in developing

relationships with operators, the robot could become aware of the operator’s unique

workflow, and incorporate that awareness into communicating with the operator (e.g.,

if the robot recognizes it is almost out of raw materials, asking the operator about

acquiring more at a convenient time). While many existing collaborative robots

including Baxter are equipped with capabilities for interactive programming, such

as learning from demonstration, these capabilities could be augmented to include

conversational elements for input and feedback.
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3.5.3 Human-Machine Interfaces

My analysis suggests that while the current interface design is promising, it lacks

the level of intuition desired to allow use by users with a variety of backgrounds and

skill levels. The challenges presented by PLC programming present an opportunity

to develop a more intuitive interface for communicating with external equipment.

Such an interface could allow those who have computational thinking skills but

lack background in PLC programming to more easily integrate the robot with other

systems. Particularly in small companies, where PLC programming is often contracted

out, this interface would allow companies to save money otherwise spent on hiring

external support. Additionally, future interface designs might prompt users to consider

possible points of failure in the system and ask users to provide guidelines for the

robot to follow when the robot encounters these situations.

3.5.4 Future Work Cell Design

As collaborative-manufacturing-robot technologies converge on the vision of being

easy to retrain for new tasks, the role of operators and maintenance workers will likely

be redefined. Maintenance staff will shift toward designing robot work cells, ensuring

that the physical layout of the plant is suitable for the capabilities of robots. Operators

will become more technically competent, ensuring their cluster of robots is operating

correctly and efficiently and perhaps retraining and troubleshooting as necessary.

Such a shift will likely require improvements in two areas. First, operators will need

a higher degree of computational thinking in order to effectively retrain robots for

new tasks. Second, robots will need a more accessible interfaces for operators to work



74

with, whether that be an authoring environment available via a computer screen, or

through interacting socially with the robot to provide instructions and training.

3.5.5 Limitations

While my findings offers many interesting insights into the integration of collaborative

robots into manufacturing settings, my study has limitations that point to follow-up

studies and analyses and future research directions. First, many of my results highlight

the importance of sociality in worker interactions with and perceptions of the robot,

which in large part might have been shaped by the robot’s humanoid form (Breazeal,

2003). However, prior work suggests that people’s responses to robots are shaped

by a broader set of design elements, such as how the robot’s appearance matches

its task (Goetz et al., 2003). Future work should examine worker interactions with

collaborative robots with different morphologies, such as robotic arms, performing

different types of tasks. Second, my study sites included some of the very first

manufacturing facilities to own and use collaborative robots, who as early adopters,

might have experienced integration issues that may become a rarity as the technology

and integration practices mature. A smoother integration process might change some

of my observations, such as the mechanical view that maintenance and management

staff had of the robot. Future studies that focus on the integration process could

clarify the role of integration problems (or lack thereof) on worker perceptions of

collaborative robots.
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3.6 Study Conclusions

The introduction of collaborative robots into human spaces is poised to revolutionize

how work is done in these settings and how workers adapt to and interact with a

robot “co-worker.” To better understand these changes and guide the future design

of these technologies, I conducted an ethnographic study at three manufacturing

sites located in the continental United States that were early adopters of a particular

type of collaborative robot intended for industrial settings. I conducted fly-on-the-

wall observations and interviews at each site with different stakeholders, including

managerial employees, maintenance staff, and operators. The Grounded Theory

analysis found seven themes, centered around how the introduction of a robot co-

worker changes the work cell the robot is used in, and the social component a robot

co-worker introduces.

These findings have broad implications for robot co-workers, both within manu-

facturing settings as well as for other collaborative settings. Drawing on my findings,

I recommended that future designs augment the social capabilities of collaborative

robots, specifically to support the coordination necessary to perform collaborative

work and to enrich the social environment in the robot’s particular settings, whether

it be the home or a workplace. I also suggested that future designs accommodate

the expectations and needs of different stakeholders, such as improving the social

capabilities of the robot not only for immediate collaborators, but also for those

who have less frequent and different types of interactions with the robot. These

improvements will help both individuals and organizations to more smoothly integrate

collaborative robots into their setting and the corresponding social environment. I
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also make longer term recommendations concerning the programming of these robots

to realize a future where operators service clusters of robots. The findings of this

study contribute to our broader understanding of interactions with robotic products

in real-world settings, and these recommendations offer designers concrete guidelines

for better supporting collaboration and improving user experience in these settings.
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4 behavioral cue study: speech patterns

As collaborative robots become a more commonplace products in a range of settings,

designers will need materials and tools that will enable them to explore and prototype

a range of interactions that these collaborations might take on. For example, a robot

working together with a human might offer greetings, answer questions, and give

instructions, such as in the scenario described in Section 1.1.2.1. These interactions

will be comprised of a fundamental set of communicative acts. This work explores

how these communicative acts might serve as design patterns and how a pattern

language can be used to enable design exploration and prototyping of human-robot

interactions.

In this work, I aim to build a pattern language that might serve as building

blocks for human-robot interactions across different forms of interaction, focusing on

five scenarios in which robots are expected to engage, including collaboration Fong

et al. (2003), conversation Hsiao et al. (2003), instruction Huang and Mutlu (2012),

interviews Fussell et al. (2008), and storytelling Mutlu et al. (2006). I present a

formative study of human interactions across these five scenarios and describe seven

patterns that appear across these scenarios. These patterns informed the design

and implementation of Interaction Blocks, an authoring environment that enables

users to explore and create interactions for social robots. I anticipate Interaction

Blocks having three primary groups of users: (1) interaction designers who have

little programming background, (2) designers or programmers who would like to

rapidly prototype interactions, and (3) designers or programmers who might not

have experience in working with human behavior as a design element. Through a
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qualitative evaluation with interaction designers and developers, I demonstrate the

feasibility of the use of a pattern language for designing human-robot interactions

and the usability of our authoring environment.

4.1 Formative Study

To build a pattern language that enables design exploration and prototyping for

human-robot interactions, I conducted a formative study of human interactions that

involved observations of human interactions and identifying and modeling patterns in

which these interactions unfolded. While a variety of behaviors and scenarios have

been studied by linguists and psychologists (Schegloff, 1972; Clark, 1992; Goffman,

1983), the results have not been constructed into design patterns that can be translated

and implemented on a robot. To achieve natural, humanlike robot behaviors, I chose

to ground my development of interaction design patterns in observations and detailed

analyses of human interactions. I collected data from eight dyads performing in five

social interaction scenarios that are representative of the types of interactions robots

are envisioned to encounter in their future roles in society: conversation, collaboration,

instruction, interview, and storytelling. I then followed an iterative modeling process

to construct models that represented each of the scenarios. These models revealed

common interaction design patterns that appeared across multiple scenarios. The

paragraphs below detail and discuss the process of discovering and formalizing these

patterns.
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4.1.1 Data Collection

4.1.1.1 Participants and Data Corpus

A total of 16 native-English-speaking participants from the University of Wisconsin–

Madison took part in this study. Participants studied a diverse range of fields, and

their ages ranged 19–62 (M = 25.44, SD = 10.39). Participants were assigned into

dyads to jointly interact in the social interaction scenarios. I randomly assigned

participants into dyads and conversational roles such that they were fully stratified by

gender. The instructor and storyteller roles were never held by the same participant,

allowing the instructor to learn the task to be instructed while the storyteller learned

the story. The scenarios were executed in the same order for each dyad.

A single video camera equipped with a wide-angle lens was used to capture the

entire upper body of the participants for all scenarios. The final data corpus consisted

of five scenarios for each dyad, which amounted to 3 hours and 31 minutes of audio

and video data. The average lengths for the collaboration, conversation, instruction,

interview, and storytelling scenarios were 3:47, 4:47, 5:02, 7:32, and 3:59, respectively.

4.1.1.2 Procedure

After arrival in my laboratory, a researcher provided the participants with an overview

of the interaction scenarios. Following informed consent, the participants were then led

into a usability laboratory, which was initially configured for the first scenario in which

they would be participating. The room was reconfigured for each scenario, as shown

in Figure 4.1. Following the completion of all five scenarios, participants completed

a demographic questionnaire. The researchers then debriefed both participants.
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Storytelling Conversation Interview Instruction Collaboration

Figure 4.1: Examples of the experimental setup for all five scenarios. From left to
right, participants are sharing in a storytelling experience, engaging in a conversation,
conducting an interview, learning how to configure a set of pipes, and collaborating
on how to sort foodstuffs.

The five scenarios and post-experiment questionnaire took approximately one hour.

Participants were compensated $10 each for their time.

4.1.1.3 Interaction Scenarios

I designed five interaction scenarios, shown in Figure 4.4, that showed the character-

istics of the scenarios in which robots are expected to interact with people and that

followed previous modeling research, which will be discussed in more detail below.

Each scenario was intended for small group interaction. For data collection, I engaged

two participants in each interaction as the minimum number required to realize the

scenario.

1) Conversation: In the conversation scenario, I aimed to observe how participants

would handle a set of unstructured exchanges about a given topic. Framing, turn-

taking, and recovering from errors are all important aspects of a successful conversation

(Tannen, 1989). In particular, participants who have not yet established any level of

rapport may favor question-answer pairs, rather than conversational dialogue (Tannen,

1989).

In the scenario, the participants discussed their educational experiences and goals.
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They were instructed to continue this conversation until the researcher re-entered the

room when the conversation naturally subsided.

2) Collaboration: The collaboration scenario targeted gaining a better understand-

ing of how participants collaborate toward a common goal. Previous research has

shown that joint activity requires flexibility and communication in order to effectively

coordinate differing opinions from participants (Clark, 1996).

In my collaboration scenario, the participants worked together to sort six grocery

bags of foodstuffs onto two tables. The tables were divided into three areas meant to

represent common food storage locations in the home: the pantry, the fridge, and the

countertop. These areas were further subdivided into areas based on types of food.

Participants were asked to place the empty grocery bags on the table to indicate that

they were done.

3) Instruction: In the instruction scenario, I aimed to observe how an expert

conveys knowledge to a non-expert and, when that knowledge is miscommunicated,

how the expert might help the non-expert to recover (Skehan, 1996).

My instruction scenario involved first training one of the participants (the in-

structor) in assembling a particular pipe configuration to allow two sinks to drain

into a single system. The instructor was given as much time as they needed to learn

how to configure the pipes. Upon learning the necessary steps to build the pipes,

the instructor walked the second participant (the student) through each step of the

assembly.

4) Interview: The goal of the interview scenario was to capture the process by which

one participant questioned a second participant to obtain information. Interviewers
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may sometimes request sensitive information, requiring substantial rapport between

the interviewer and interviewee. The structure and the tone of an interview can help

determine the level of rapport between participants (Matarazzo and Wiens, 1972).

In my interview scenario, one of the participants (the interviewer) was told that

they would be conducting a job interview for a generic position. The interviewer was

given a list of 14 questions and time to review them. After reviewing the questions,

the second participant (the interviewee) was asked all 14 questions by the interviewer.

The researcher reentered the room when all the questions were answered.

5) Storytelling: In storytelling, I were interested in observing how one participant

relayed a story to a second participant and what discourse patterns (e.g., asking

questions) helped participants communicate more effectively (Langellier, 1989).

In my storytelling scenario, one participant (the storyteller) watched a seven-

minute video of a cartoon story. The storyteller was given as much time as they

needed to feel comfortable with retelling the story, after which they had three to

five minutes to retell the story to the second participant (the listener). After the

storyteller finished, participants frequently had a conversation concerning the story.

The experimenter re-entered the room when the conversation subsided.

4.1.2 Analysis

For each scenario, I followed an iterative process of data coding and modeling. The

coding process involved a researcher iteratively coding all video data and a second

researcher annotating 10% of the videos to confirm the reliability of the coding

process (81% agreement, Cohen’s κ = .76). In the coding of the data, I annotated the
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Figure 4.2: Models for the conversation, collaboration, and interaction scenarios. In
the instruction scenario, dark-colored states are for the dominant role (instructor),
while light-colored states are for the respondent’s role (student). In the conversation
and collaboration scenarios, the roles for each participant are not fixed throughout the
interaction. E.g., during a conversation, a participant may ask the other a question,
which may then be followed by the second participant asking the first participant
a similar question. Here, dark-colored and light-colored states indicate that two
different participants occupy each state. States in dashed outlines can be occupied
by any participant.

videos for the set of states—significant events in the interaction—and the transitions

between these states, generating a model of the interaction scenario. From these

models, I extracted what appeared as the core part of the interaction: the states

that were essential to characterize the interaction. For example, in an interview,

the interviewer asking a question and an interviewee answering it serve as two core

states of the interaction. Finally, I examined the models from all five scenarios for

states or sequences of states that frequently appeared to identify what might serve as

interaction design patterns.

My consideration of significant events in the interaction as states follows prior

studies of social interaction (Tannen, 1989; Clark, 1996; Matarazzo and Wiens, 1972).

When connected with other states, the resulting model represents the flow of the
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interaction from one event to the next. The idea of states translates well to social

interaction, where one participant usually holds the floor and is engaged in an event

(e.g., sharing a comment) (Sacks et al., 1974). For the purposes of an interaction

with multiple participants, the states of all participants can be mapped to a single

model. When a state that is held by only one participant is entered, all other

participants implicitly wait. The use of states and transitions also fits well with a

common paradigm used in robot programming where “nodes” are used to control

functionalities of the robot (Quigley et al., 2009). The use of states provides a flexible

representation for the flow of interaction for multiple participants.

After establishing the core states, I reviewed each video and noted any deviations

from this core part of the interaction in both kind and number. An example deviation

in the interview scenario is the interviewee asking for clarification regarding the

interviewer’s question. State models for each scenario were then constructed from

the core part of the interaction, any deviations from the core part of the interaction,

and notes collected from the video data. The resulting scenario models were then

compared against the interactions in the videos for any mistakes or inconsistencies.

The resulting state models for collaboration, conversation, instruction, interview,

and storytelling are illustrated in Figures 4.2 and 4.3. Each model uses a set of

standard conventions to convey the flow of the scenario. All models have a start

and end state. In the instruction, interview, and storytelling scenarios, dark-colored

states represent the dominant role (instructor, interviewer, and storyteller), while

light-colored states represent the respondent’s role (student, interviewee, and listener).

In the conversation and collaboration scenarios, the roles for each participant are not
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fixed throughout the interaction. For example, during a conversation, one participant

may ask a second participant a question, which may then be followed by the second

participant asking the first participant a similar question. Here, dark-colored and

light-colored states indicate that two different participants occupy each state. States

which have a dashed outline can be occupied by either participant.

4.1.3 Models

After constructing a model for each scenario, I identified common interaction struc-

tures, which served as design interaction patterns, or patterns. For example, a question

being asked and answered is comprised of two separate states (a question state and

an answer state). However, questions are almost always followed by answers, and

thus the interaction between both states is codified into a pattern. I identified seven

common patterns (Figure 4.4) across all five scenarios:

1) Introductory Monologue: The introduction that begins the interaction is often
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Figure 4.3: Models for the interview and storytelling scenarios. In the interview
and storytelling scenarios, dark-colored states are for the dominant role (instructor),
while light-colored states are for the respondent’s role (student). States which have a
dashed outline can be occupied by any participant.
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Figure 4.4: Models for the seven patterns I discovered. The dark and light-colored
states indicate when one participant occupies the dark-colored state, a second par-
ticipant must occupy the light-colored state. For example, for pattern 5, if one
participant asks a question, the second participant gives an answer.

the most important indicator of how well the remainder of the interaction will play out

(Schegloff, 1967). A short introduction can be used to introduce other participants

to a scenario by giving an overview of the remainder of the interaction. In the

interview scenario, some participants started with a short introduction of themselves,

describing the interview as part of the “hiring process.” In the storytelling scenario,

all participants started with a short introduction that set the stage for the story, such

as identifying the primary characters and setting. An example of an introduction

used in the interview scenario is shown below:

Interviewer : Hi, welcome. ... So, today I’ll be asking you a few questions

to gauge your compatibility for this job.

Previous work on spontaneous encounters notes that these introductions can take

different forms (Schegloff, 1972). It is likely that for scenarios where I did not observe

an introduction state (conversation, collaboration, and instruction), an introduction

state would have occurred in a natural setting. For example, a person may pass by
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their friend while shopping and summon the friend with a short introduction (“Hello

Jane! How are you doing?”) before commencing with a conversation.

2) Question and Answer: The idea of a question-answer pair is a well-studied

component of discourse management (Clark, 1992). A question is a sentence meant to

elicit information from other participants. Questions may introduce a topic of interest

(e.g., “What has been yMy most difficult job?”), request elaboration (e.g., “Could

you elaborate on that?”), ask for clarification (e.g., “What do you mean by that?”),

confirm understanding (e.g., “Does that make sense?”), check background (e.g., “Have

you ever watched Looney Tunes?”), and request status (e.g., “How are you?”). In an

archetypal question-answer pair, a question is be followed by an answer. An answer is

the response to a question that aims to satisfy the questioning participant’s curiosity

(Schegloff, 1972). The excerpt below from the storytelling scenario is an example of a

question-answer pattern:

Storyteller : Do you know who Marvin the Martian is?

Listener : Oh yeah, from Looney Tunes.

3) Generic Comment and Personal Comment: A comment is a short statement

offering the speaker’s opinion. Comments are either generic (e.g., “Wow”) or personal

(e.g., “I tried that and didn’t like it”). In my data, participants engaged in exchanging

comments frequently move between sharing personal insights—either of their own

volition or after being prompted—and offering generic comments. The following

excerpt illustrates an exchange of comments from the conversation scenario:

Participant 1 : Wow.
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Participant 2 : Yeah...I had never done anything quite like that before.

Participant 1 : I had a similar experience once, but it wasn’t nearly that

exciting.

Participant 2 : Interesting.

In this example, both participants offer both generic and personal comments,

highlighting the fluidity between these two types of comments for all participants of

the interaction.

4) Monologue and Generic Comment: A monologue is a longer form of speech

during which no response is expected. Monologues may involve the telling of a story

(e.g., “...Once Marvin had reached Bugs Bunny, he chose to...”). Although monologues

expect no response, listeners may occasionally offer unsolicited commentary, as

illustrated by the excerpt below from the storytelling scenario:

Storyteller : ...and then, all of a sudden, thousands of these aliens appear

on Earth.

Listener : That’s a lot.

5) Instruction and Action: An instruction is a command offered by one participant

to direct the actions of another participant. The proper response to this instruction

is often an action, although the action might follow the instruction with a delay

depending on whether it is an appropriate time to perform that action (Brandstätter

et al., 2001). Instruction-action pairs are commonly found in teaching scenarios where

the teacher is directing the student. Below is an example of an instruction-action

pair from the instruction scenario:
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Instructor : Now connect the long pipe with the one shaped like an “S”.

Student: <locates both the long and S-shaped pipe, and then connects

them>

6) Finished Comment: Upon the completion of the goals of the scenario, one or

more of the participants will note that the scenario is completed by offering a finished

comment. For some scenarios (the interview, instruction, and storytelling scenarios),

only one of the participants is able to end the scenario (e.g., only the storyteller

knows when the story is finished). In the collaborative scenario, either participant is

able to end the scenario, as illustrated in the following example:

Participant: I think that’s it, so I should be done.

Previous work has shown that conversations frequently have a definite ending

initiated by either participant, whether through an unexpected interruption (e.g.,

a phone call), a forced ending (e.g., a train stop forces participants to go separate

ways), or an achievement of the goals of the conversation (e.g., obtaining some

piece of information) (O’Leary and Gallois, 1985). However, my instantiation of a

conversation scenario lacked a comment confirming the end of the interaction, due

to the conversation scenario in my study providing no concrete end goal, except to

converse for three to five minutes until the experimenter interrupted the conversation

at a natural break.

7) Wait: One pattern implicit in all scenarios involving two or more participants

is the wait pattern. The majority of states across my scenarios are intended for a

single participant. When a participant transitions into a state intended for a single
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participant, all other participants enter a wait state, as shown in Figure 4.4. Data

on conversations overwhelmingly supports only a single speaker at a time and other

participants listening to the speaker, with multiple speakers being common but brief

(Sacks et al., 1974).

My analysis of five common social interactions not only provides a deeper under-

standing of each scenario, but also reveals the prevalence of a number of patterns

across scenarios. These patterns confirmed some previous patterns (e.g., question-

answer pairs (Clark, 1992)) as well as discovered new ones (e.g., Generic Comment

and Personal Comment).

4.2 Interaction Blocks

My analysis of human interactions revealed seven core patterns that appear across the

five common social scenarios. To draw on these patterns in design exploration and

prototyping for human-robot social interactions, I developed Interaction Blocks, an

authoring environment that enabled interaction designers to synthesize interactions

and prototype them on a NAO humanoid robot, a robot platform commonly used in

research and design for human-robot interaction.

4.2.1 Authoring Environment

My authoring environment is composed of three sections: the control panel, the

pattern library, and the interaction timeline. An example of the tool can be seen in

Figure 4.5.
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Figure 4.5: A screenshot of Interaction Blocks, my authoring environment for using a
pattern language for synthesizing human-robot interactions.

The control panel displays pertinent information to the user. The silhouette of

the robot provides a visual indication of connection status, with blue indicating

“connected” and grey indicating “disconnected.” If connected, the control panel also

informs the user of which robot they are connected to, and the IP address, current

battery level, and current volume of the connected robot. The “Play” button on the

far right side of the interface is used to upload and execute the user’s synthesized

dialogue on the connected robot.

The pattern library contains the patterns discovered in my formative study, with
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each pattern represented in a capsule shape. I chose to represent my patterns in a

capsule shape to accommodate dual-colored capsules for those patterns which are

comprised of two states. To compose an interaction, patterns can be dragged out of

the pattern library and onto the interaction timeline.

The interaction timeline is where the user composes the interaction. To accom-

modate both the user and the robot roles, the timeline is divided in half, each half

assigned to one of the roles. When the user moves a pattern from the pattern

library to the interaction timeline, the pattern is automatically added in place to

the appropriate role. For patterns with two states, the movement of the pattern into

the interaction timeline causes the pattern to divide in half, as shown in Figure 4.5.

A Bézier curve connects the two states, indicating that no patterns can be inserted

between them. When a pattern is divided into two states, the user is in control of the

first state in the pattern. The second state is automatically added to the opposite

role. For example, if a “question” is added to the user’s timeline, an “answer” will be

added to the robot’s timeline.

4.2.2 Implementation on the NAO Robot

To allow users to evaluate their synthesized interaction on a robot, I enabled Inter-

action Blocks to connect and execute the resulting dialogue on a NAO robot. All

robot utterances were generated through the NAO’s native text-to-speech application

programming interface (API), while participant responses were recognized using the

NAO’s native natural language processing API.

In addition to the dialogue, socially appropriate gaze behaviors were automatically



93

incorporated into the robot’s interaction. The NAO employed its native face-tracking

capabilities to enable consistent gaze with the participant. I introduced Perlin noise

(Perlin, 2002)—a technique used in animation and film to simulate randomness

that appears natural—to create small head shifts in the robot and create a lifelike

appearance. Additionally, I constructed socially appropriate gaze aversion behaviors

for the robot, using the timings provided by Andrist et al. (2013a). For instance,

when the floor was passed to the robot, the robot would gaze away before returning

its gaze to the participant, resuming Perlin noise, and continuing with its part of the

dialogue, all of which helped the robot display natural social behaviors.

4.2.3 Evaluation

I evaluated my tool in design sessions with local members of the design and devel-

opment community from two groups: interaction designers and developers. Using a

scenario for an interaction between a robot receptionist and human patient, partici-

pants were asked to construct and test an episode of interaction using my authoring

environment.

4.2.3.1 Design Task

Participants were given a scenario that described an exchange at a dentist’s office

between a patient (the user) and the receptionist (the robot). The scenario included a

set of micro-interactions, such as “the receptionist greets the patient” or “the patient

asks the receptionist when their next scheduled appointment is,” that guided the

participant in constructing an interaction episode. Participants took as much time as
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Figure 4.6: A researcher demonstrating the setup of the design sessions with the
Interaction Blocks authoring environment and a NAO humanoid robot.

necessary, taking between 29 and 62 minutes (M =45 minutes, 30 seconds, SD =10

minutes, 37 seconds) to complete the design task. The setup of the study is shown in

Figure 4.6.

4.2.3.2 Recruitment & Selection

I recruited 10 participants—five interaction designers and five developers—from the

local campus community. The interaction designers were selected from among students

who had completed the most advanced level interaction design course offered on
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campus, which taught principles and methods for user-centered interaction design and

provided students with hands-on experience in design exploration and prototyping.

Developers were recruited from among upper-level computer science majors with web

development experience with the goal of capturing the perspectives of more technical

users who might use my tool. Participants were between 19 and 26 years of age

(M = 22.5, SD = 2.68) and were either computer science students or were employed

in positions that required a computer-science background.

4.2.3.3 Session Procedure

Following informed consent, participants were guided into a usability laboratory

by a researcher. The researcher demonstrated Interaction Blocks, introducing the

participant to the purpose of the tool, the layout of the interface, and the workflow

necessary to explore and prototype interaction episodes and to test them with the

robot. The participant was given five minutes to explore the interface independent

of the researcher and was provided with the opportunity to ask questions at the

end of the exploration period. At the end of this period, the researcher provided

the participant with the scenario and left the room. The participant was given as

much time as necessary to complete the design task. Following the completion of the

task, the participant completed the System Usability Scale (SUS). The experimenter

then conducted a semi-structured interview with the participant on the design of

Interaction Blocks, their experience with using the authoring environment, and how it

facilitated their exploration. Participants were compensated $10 USD for their time.



96

4.2.3.4 Analysis

Following guidelines suggested by Bangor et al. (Bangor et al., 2008), a usability

score from 0 to 100 was calculated by rescaling each of the 10 items used in the SUS

to range from 0 to 4, summing the scores for the 10 items, and multiplying the result

by 2.5.

I used content analysis to analyze the interview data (Berelson, 1952). Each

interview was transcribed, and pertinent responses from each participant were included

in a spreadsheet. After reviewing the responses across all participants, significant

responses were noted, and affinity diagramming was used to organize the responses

into emerging themes, refining as necessary.

4.2.4 Results

In this section, I present my findings from two different sources of data: SUS scores

and interview data. The SUS scores serve as a metric of the overall usability of the

authoring environment in enabling the use of a pattern language for design exploration

and prototyping in creating human-robot interactions. Findings from the interview

data provide insights into the designers’ and developers’ experiences in the design

sessions and guidelines for future design and development of methods and tools for

supporting human-robot interaction design.

4.2.4.1 SUS Scores

The SUS scores for the authoring environment ranged from 75 to 95 (M = 84,

SD = 7.38), interaction designers assigning an average score of 82, while the developers
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assigned an average score of 86. Based on established guidelines for interpreting SUS

scores (Bangor et al., 2008), a score of 80 or higher places the interface in the highest

quartile when considering a survey of interfaces evaluated using the SUS.

4.2.4.2 Interview Data

Below, I highlight themes found from the interview data. Excerpts from the inter-

view are labeled with either ID or DE for the interaction designers and developers

respectively, followed by a number.

Patterns’ Ease of Use: Interaction designers and developers stated that the

patterns—particularly patterns with multiple states—made it easy to quickly compose

and test interactions. For patterns with multiple states, participants felt that the

authoring environment’s ability to automatically add the second state to the opposite

role alleviated the burden of mentally planning the necessary pairings of behaviors

and helped prevent creating inappropriate behaviors such as composing a question

without an answer. Additionally, ID2 noted that the use of patterns—rather than

a generic dialogue box used to accommodate all utterances—forced him to more

carefully consider his dialogue prior to adding it. The same participant also inquired

about the ability to create custom patterns. The excerpts below illustrate responses

related to the ease of use of the pattern language.

DE1: For most people, programming is not the easiest thing, and this is a

very intuitive way to design dialogues.

ID2: I think the linkages of showing questions-answer, instruction-action

show the clear delineation with that. That would really help in formalizing
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the structure and kind of removing the ambiguity of real conversation from

what you’re working on...

However, while participants commented on the ease of use of the patterns in

general, some expressed a desire for additional guidance on the nuances between some

of the patterns due to their lack of domain knowledge. For example, DE2 noted that

there was a “monologue” pattern, a “comment” pattern, and a “monologue-comment”

pattern. The participant was initially unsure why a “monologue-comment” pattern

would be different from the combination of the individual “monologue” and “comment”

patterns. DE1 voiced confusion about the presence of fMy “comment” states across

three patterns. While participants generally felt comfortable using the patterns to

accomplish the task goals, many participants asked for some form of documentation.

Suggestions ranged from a traditional documentation interface with examples or a

walk-through (ID4) to tooltips for each pattern (ID1).

Design Exploration: Participants found the ability to compose interactions

on the timeline of the authoring environment and to execute them on the robot to

support their design exploration and iterative design of the behaviors and interactions

that they were building toward achieving natural dialogue. These comments are best

illustrated by excerpts below by ID3.

ID3: I think that human-human interaction can change all the time, and

hearing it more and more and more would make it better in the end.

ID3: I mean it seems like this kind of interface is kind of, like, to play, so

you can start using questions and answers right. Change the questions
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and the answers, add a comment in if you want.

Approachable Interface: All participants commented on the clean and mini-

malistic design of the interface for the authoring environment, discussing it as an

enabling tool that gave them the confidence that the complex task of synthesizing an

interaction would be doable, as highlighted by the excerpts below.

ID4: It’s very clean in design. It seems easy to use for that reason. It

doesn’t have many functions, so it seems like it’s easy to learn.

ID3: I think everything’s very easy to see, like the flow. It’s not easy to

get lost. It’s the least amount of details for someone who’s maybe not

majoring computer science.

DE1: For most people, programming is not the easiest thing, and this is a

very intuitive way to design dialogues.

Error Prevention: DE1 and DE3 noted that the use of the pattern language

and the visual authoring environment would aid designers who may have little to no

development or programming experience in building an interactive application with a

robot, as illustrated in the excerpt below. Their comments also suggested that this

approach would enable developers to bypass many of the bugs frequently encountered

when programming, such as syntax errors and typos, and alleviate the need for them

to learn a new application programming interface (API).

DE3: If it has the functionality to prevent me from making mistakes, then

that’s good too, right?
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The Need to Support Free-Form Exploration: Some designers and devel-

opers expressed that the addition of a less structured environment might better

facilitate their design exploration. Examples included a whiteboard (DE1, DE3),

with paper and pencil (ID1), sticky notes (ID4), and a text editor (ID1, ID2). While

these participants appreciated the structure and code generation benefits provided

by Interaction Blocks, they felt a need for a less-structured initial step to the explo-

ration that allowed them to easily create, edit, and view the behavior and dialogue

components that they planned to use in the more structured construction of the

robot’s exchange with users. Comments from DE2 and ID2 below illustrate the need

to support free-form design exploration.

DE2: Well honestly I’d probably write out a script in a text editor, and

then drag out all the parts and fill in the text.

ID2: This more feels like that I know what my design is and I am going

to formalize it someway rather than ‘this is how I lay it out and tweak it

as I go kind of thing.’ I almost feel this is the last stage.

Need for Branching: While participants appreciated the simplicity of the

current interface, several participants raised the question of accommodating alternative

ways in which the interaction or the dialogue between the robot and its user might

unfold. Questions focused on two facets of this problem: accommodating different

utterances with the same semantic meaning (e.g., “Yes” versus “Yes, please”), and

accommodating utterances with different semantic meanings (e.g., “Yes” versus “No”).

Participants suggested adding into the authoring environment support for a list of
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possible responses for accommodating utterances with the same semantic meaning.

To handle multiple branches of dialogue that result from utterances with different

semantic meanings, participants suggested creating multiple timelines that can be

collapsed and expanded (DE5) and displaying multiple timelines at once (ID4).

In addition to these suggestions, participants commented on the possibility of addi-

tional visualizations, color coding patterns for easier identification and disambiguation,

and adding additional information concerning the robot’s status.

4.3 Discussion

Results from the design sessions focused on three main findings: the use of design

patterns, the design of the authoring environment, and the workflow required to

synthesize dialogue. These results demonstrate how users can test and deploy new

behaviors on a collaborative robot, similar to the example outlined in Section ref-

sec:speechPatternsExample, as well as offer many future directions for improving

and expanding the pattern language and authoring environment to better support

human-robot interaction design.

4.3.1 Design Patterns

The use of a pattern language was reviewed favorably by interaction designers and

developers alike, with many noting the ease in which they could explore and prototype

exchanges for the robot and users through their use. Additionally, participants

highlighted the structure that patterns afforded as an advantage, noting that patterns
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forced them to consider their design choices for dialogue and interaction elements

and how they contributed to the overall goals of the interaction.

Although participants found patterns easy to use, what interaction elements some

patterns represented was not always clear to them. Participants suggested various

forms of providing help within the authoring environment, including tooltips and

examples to help acclimate users to the pattern language. Documentation of the

patterns would not only help interaction designers better understand the design

elements, but would also inform researchers interested in using and extending the

pattern library presented here.

4.3.2 Authoring Environment

The authoring environment was cited by all participants for its ease of use and

approachable design, which was confirmed by the SUS scores. The requests and

suggestions for improvement discussed in the previous section underline the importance

of accommodating more advanced functionality, such as branching, in future versions

of the authoring environment without sacrificing too much from the simplicity of the

current design. Some participants suggested the use of a “superuser” mode or the

ability for users to reveal or hide detailed options or functionality for patterns.

4.3.3 Workflow

Participants frequently cited the ability to rapidly modify and evaluate their design

ideas as a useful feature that aided them in the iterative development of their final

design. This finding confirms prior work that highlights the importance of rapid
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design exploration and prototyping in the development of human-robot interactions

to provide designers with a better understanding of how their designs would perform

in real-world settings (Lohse et al., 2014). Additionally, the use of Interaction Blocks

frees the designers’ workflow of debugging, enabling them to concentrate on designing

interactions.

While participants expressed enthusiasm for the use of Interaction Blocks as a

part of their workflow for designing and prototyping human-robot interactions, they

also expressed a desire for a less formal design step prior to using Interaction Blocks.

Some participants viewed using the authoring environment as a last step to formalize

their work, while others suggested using Interaction Blocks earlier in the design

process after brainstorming to create a basic idea of how the designed interaction

may unfold. Further studies of the design practices of interaction designers might

inform the design of flexible authoring environments that support informal as well as

formal exploration at different stages of the design process.

Finally, designers and developers voiced a need for the ability to sketch out dialogue

exchanges, see how they fit within the interaction, and easily refine individual dialogue

elements. To support this need, the authoring environment might provide a view of

the script of the entire dialogue, enabling users to easily gain an overview of their

design and make changes at each exchange from a global perspective. Additionally,

this sketching environment might allow users to draft the dialogue first and use a

drag-and-drop interface to add these dialogue elements to the patterned interaction

elements.
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4.3.4 Interaction Designers vs. Developers

While there were many topics that interaction designers and developers agreed on,

there were also differences in how these two groups evaluated the use of the pattern

language and authoring interface. For instance, interaction designers were more

concerned with how new visualizations might enable users to better compose and

manage complex interactions, while developers focused on the reduction in errors

enabled by the use of the pattern language and visual authoring, as well as the

desire for more information on the robot’s status, the ability to batch edit and move

large portions of the interaction, and the need for incorporating branching into the

development of the dialogue. These trends might reflect how interaction designers

with different training, expertise, or backgrounds might have different needs for

authoring human-robot interactions; those with a development background might

be empowered by the ability to more precisely control the robot, while those with a

design focus might want more flexibility in design exploration.

4.3.5 Lessons Learned

The development of the pattern language and the authoring environment required

decisions that might prove valuable for future work in this or related areas. One key

challenge was selecting a diverse set of social interaction scenarios for my formative

study of human interactions. While there are other roles that robots will likely

fulfill, such as coaching, I needed to balance the diversity of scenarios with the

workload involved in analyzing a large corpus. Another challenge was discovering

an appropriate level of abstraction for my models (Figure 4.4) that would enable
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their use as design patterns. I followed an iterative process of reviewing the data

from human interactions and sketching, constructing, and refining my models until

no further modifications could be made.

4.3.6 Limitations

The pattern language that I used in building my authoring environment relied on

my observations and analysis of interactions in five scenarios. While I carefully

chose these scenarios to represent many of the interactions robots will encounter,

additional or more complex scenarios might reveal additional patterns. Furthermore,

the evaluation of the use of the pattern language and authoring environment involved

primarily student designers and developers in relatively short design sessions, due to

the limited volume of interaction design practice for robotic technologies and limited

number of human-robot interaction designers. Future explorations might seek to

engage professional interaction designers with experience in human-robot interaction

design in longer-term design sessions to better understand how the approach presented

here might support design exploration and prototyping human-robot interactions.

Given the difficulty and overhead involved in programming complex robot systems,

design tools such as Interaction Blocks might significantly benefit such users.

4.4 Study Conclusions

With collaborative robots poised to become a ubiquitous presence in human en-

vironments, users will need the capability to rapidly prototype and deploy robot
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behaviors that are suited to their unique needs and settings, such as developing a

robot receptionist in a doctor’s office or deploying new behaviors for a manufacturing

robot, as outlined in Section 1.1.2.1. In this work, I explored how a design pattern

language and visual authoring environment might enable designers to rapidly perform

design exploration and prototyping for human-robot interaction. I observed and

analyzed interactions from eight dyads engaged in five scenarios and developed seven

interaction design patterns. I then built an authoring environment, Interaction Blocks,

to enable interaction designers to use these patterns to rapidly construct, evaluate,

and refine human-robot interaction. I conducted a qualitative evaluation of the use

of the pattern language and authoring environment with a group of ten interaction

designers and developers, as they prototyped an exchange between a robot and its user.

My results highlight the potential for the use of design patterns and the workflow that

my authoring environment promotes to design, prototype, and evaluate interactions,

enabling interaction designers to take advantage of patterns to synthesize complex

interactions.



107

5 behavioral cue study: instruction and repair

As part of their role as task partners, collaborative robots are expected to also fulfill

an instructional role in helping train humans they might be working with, such as

teaching medical students surgical procedures or a robot instructing human workers

on an assembly task as described in Section 1.1.2.3. To be effective instructors, these

robots will need to be cognizant of how to present task instructions such that task

outcomes are maximized. For example, how many instructions should a robot give

at once? Does the answer change based on the task, or how well the student is

performing the task? If the student makes a mistake, how should the robot correct

it?

In this work, I seek to design a strategy for how collaborative robots can best give

instructions to their human partners, as well as correct any mistakes their human

partner might make. Section 5.1 will begin by describing the collection of data on

human instructions and building a model of instructional strategies from that data.

The resulting model was then implemented on an autonomous robot, as described in

Section 5.2. Section 5.3 describes an experimental laboratory evaluation using this

autonomous robot in a pipe-building scenario, where the robot teaches a human how

to connect a series of pipes. Finally, Section 5.4 discusses implications of this work

for future iterations of collaborative robots.
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Figure 5.1: The instructor (participant on the left) directing the student (participant
on the right) in assembling a predetermined pipe configuration.

5.1 Formative Study

To better understand human teaching strategies, I collected video data of human-

human interactions during an instructional pipe-assembly task that resembled assem-

bly tasks which robots might guide humans in, such as furniture assembly. Below, I

discuss my data collection process, analysis, and the instruction models I constructed

from the data.

5.1.1 Data Collection

I collected video data from eight instructor-trainee dyads during a pipe-assembly

task. In each of these interactions, one participant (the instructor) first learned

how to connect a set of pipes into a particular formation from a pre-recorded video.
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Instructors were given as much time as necessary to re-watch the video and were

provided use of the pipes during training. Upon learning the instructions, the

instructor trained the second participant (the trainee) on how to correctly assemble

the pipes without the aid of the video (Figure 5.1).

Eight males and eight females aged 18 to 44 (M = 23.75, SD = 8.56) were

recruited from the local community. Each interaction was recorded by a video camera

equipped with a wide-angle lens to capture the participants and the task space.

The instructional portion of the task, excluding the time the first participant spent

learning how to construct the pipes, ranged from 3:57 to 6:44 minutes (M = 5 : 11,

SD = 2 : 19).

5.1.2 Analysis

The videos were analyzed and coded for significant events, including how many in-

structions the instructor gave during a single turn, whether the instructor summarized

subsequent instructions, and how repair was initiated and given. To ensure reliability

of all coded data, a second experimenter coded the videos. The inter-rater reliability

showed a substantial level of agreement between the primary and secondary coders

(79% agreement, Cohen’s κ = .74) (Landis and Koch, 1977).

The analysis of my data helped us to better understand different strategies

instructors use to deliver instructions and confirmed examples for my understanding

of repair gained from the literature. In my data, I observed instructors organizing

their instructions along two major factors: how many instructions they gave at

once, and whether they gave a high-level summary of what the next few instructions
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would accomplish. I coded my videos with these two factors. My analysis showed

that, considering all instructions given across all dyads, 72% of instructions involved

descriptions of individual steps, while 28% were grouped with one or more other

instructions. Twenty-one percent of all instructions were prefaced with a summary of

the following instructions, with the remaining 79% of instructions not including a

summary.

My analysis also showed that participants always initiated the repair process

verbally, regardless of whether they became aware of a breakdown verbally, such

as a question being asked, or visually, such as noticing that the task space was not

configured correctly. Here, I differentiate between trainee-initiated and instructor-

initiated repair. My analysis of the data showed that 65% of repairs were trainee-

initiated, while 35% of repairs were instructor-initiated.

Trainee-initiated repair—also called requests—always used a verbal statement to

clarify or confirm instructor expectations when the trainee either did not understand

or misunderstood an instruction. Verbal requests for repair ranged from generic

statements (e.g., “What?”) to more detailed requests for repair (e.g., “Where should

the pipe go?”). I categorized each statement into one of three categories: confusion,

confirmation, and clarification. These categories are consistent with previous work

that categorizes confusion as not understanding and clarification as misunderstanding

(Gonsior et al., 2010; Hirst et al., 1994; Koulouri and Lauria, 2009).

Where trainee-initiated repair was directed towards better understanding expecta-

tions, instructor-initiated repair clarified or corrected the trainee’s perceptions of the

task. Instructors initiated repair under one of two circumstances: mistake detection
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and hesitancy. When instructors noticed the trainee performing an action that the

instructor knew not to be consistent with the goals of that instruction, such as picking

up the wrong piece, they verbally corrected the trainee. When instructors noticed

that the trainee was hesitating to take action, which was indicated by an average

delay of 9.84 seconds in following an instruction, they asked if the trainee needed

help.

5.1.3 Models

My analysis informed the development of a model with two components: instructional

strategies and repair.

5.1.3.1 Instructional Strategies

As noted in my analysis, instructor strategies for organizing instructions involved two

factors: grouping and summarization. In instruction grouping, instructors vary the

number of instructions given from 1 . . . i before the student completes the instructions.

Instructors may provide one instruction at a time and allow the student to carry out

the instruction before providing the next instruction or offer grouped instructions

by conveying i instructions, given that i > 1, prior to the student fulfilling the

instructions. When instructors provide instruction summarization, they preface their

instructions with a high-level summary of the goal of the subsequent k instructions.

For example, when the next four steps will result in a set of pipes forming a U-shape,

the instructor may say “Now, we’ll be taking a few pipes and connecting them into

a U-shape” prior to giving the first step. The integration of summarization and
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grouping into the instruction process is outlined below:

current← x

bool summarize?

bool grouping?

if summarize? then

summarize(current, current+ k)

end if

for y← 0; y < i do

instruction(current)

if !grouping? then

action(current)

end if

y← y+ 1

current← current+ 1

end for

if grouping? then

for z← 0; z < i do

action(z)

z← z+ 1

end for

end if

While I categorized instructional strategies into the grouping and summarization

factors, my analysis demonstrated that all four possible combinations of these factors

were exhibited, as illustrated in Figure 5.2.
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GroupedNot grouped
Not summarized

Summarized

Instruction
Summarization

Instruction Grouping

Instructor: Now take this [points 
toward pipe] and just attach it like 
that [makes connecting motion] 
<student acts>. !en take this one 
[points toward joint] and put it 
here. <student acts>

Instructor: You'll now connect these 
two and then connect them to this 
piece [points toward piece] so they'll be 
pointing straight up. <student acts>

Instructor: So you're going to use 
these two to connect them in and 
form a U-shape. So take one of 
these [points toward pipe] 
<student acts>, and then one of 
those [points toward washer] 
<student acts>, and you'll want 
the skinny side facing out. 
<student acts>

Instructor: OK and you want to start 
with one arm. So the arms are going to 
screw onto the smooth side, so they'll 
go onto the top of the t-piece. So you're 
going to want to take a washer "rst, and 
you'll want to put the fat side towards 
the curve of the washer and then put 
the washer on top of that, and then put 
the t-piece there. <student acts>

Figure 5.2: Examples of how the two factors found in my modeling, instruction
grouping and instruction summarization, can be jointly used.

5.1.3.2 Repair

Regardless of the instructional strategy utilized, instructors frequently engage in

repair. Below, I discuss the three different forms of repair that I observed in my

data—requests, hesitancy, and mistake detection–and present model components for

determining whether repair is needed and, if so, how it might be performed.

Requests: All verbal requests from the student—regardless of the type of question or

statement—were considered requests for repair. I categorized the types of utterances

using semantic language modeling to classify the type of question or statement,

allowing the model to determine the appropriate behavior based on the type of

utterance. For example, the questions “Which piece do I need?” and “What piece
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should I get?” were recognized as the same question.

Hesitancy: Hesitancy in performing instructions can be determined using a number

of measures, such as time elapsed since the last interaction or time elapsed since

the workspace was last changed. Modeling of hesitancy might be dependent on task.

For the pipe-assembly task, I chose to use the time elapsed since the workspace last

changed, which provided conservative estimates of hesitancy-based breakdown, as

using time elapsed since the last interaction could result in incorrectly concluding

that the student is hesitant while he or she is still working. I considered 10 seconds

of no change to the workspace as a hesitancy-based breakdown, based on how long

instructors in my human-human study waited before determining a breakdown in

interaction had occurred.

Mistake Detection: While requests and hesitancy-based breakdowns are triggered

by a student’s action or inaction, mistake detection requires checking the student’s

work. In my proposed model, I chose a simulation-theoretic approach to direct the

robot’s behavior in relation to the participant. This is a common approach for

modeling human behavior, as it posits that humans represent the mental states of

others by adopting their partner’s perspective to better understand the partner’s

beliefs and goals (Gallese and Goldman, 1998; Gray et al., 2005), and has been used

in designing robot behaviors and control architectures, allowing robots to consider

their human partner’s perspective (Bicho et al., 2011; Nicolescu and Mataric, 2003).

In the context of an instructional task, the instructor has a mental model of an action

that they wish to convey to the trainee. Following instruction, the instructor can

assess gaps in the trainee’s understanding or performance by comparing the trainee’s
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actions to their mental model of the intended action and noting the differences that

occur.

Following the simulation-theoretic approach, I defined a set of instruction goals

P = {p1, . . . ,pn} for the robot regarding the result of the participant’s action or

inaction given the current instruction. Depending on the task, P may vary at each

step of the instruction, as some instruction goals may no longer be applicable, while

others may become applicable. As the participant engages in the task, the robot

will evaluate whether the current state of the workspace is identical to the set of

instruction goals P∗. If any of the individual task goals pk do not match p∗k, then

there is a need for repair.

How repair is carried out depends on which task goal pk has been violated. As I

observed in my analysis of the human-human interactions, the instructor repaired

only the part of the instruction that was currently incorrect. Additionally, there is

an inherent ordering to the set P that is informed by the participant’s perception of

the task. The participant’s ordering of P is informed by elaboration theory, which

states that people order their instructions based on what they perceive as being the

most important, and then revealing lower levels of detail as necessary (Reigeluth

et al., 1980). By imposing an ordering of decreasing importance on the set P based

on these principles for a given task, I can ensure that each pk takes precedence over

any pk+n for n > 0. If multiple pk are violated, then the task goal with the lowest k

is addressed first. An example of this ordering can be seen if a participant has picked

up the wrong piece and attached it in the wrong location. The instructor first repairs

the type of piece needed and then repairs the location of that piece.
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Although I discuss the model for detecting mistakes in terms of task steps and

goals, this model can also be extended to understanding and repairing verbal mistakes.

For example, if the participant mishears a question and responds in a way that

is inconsistent with the answers expected, then repair is needed. The appropriate

answers of the intended question can be formalized as pk, and any answer that does

not fulfill pk can be considered as a cause for repair.

5.2 Implementation

To create an autonomous system that implements my models, I contextualized my

task in the same scenario used for modeling human-human interactions. Using my

findings from the previous stage, I designed my system to enable the processing of

both verbal and visual information to check the participant’s workspace and to detect

and repair breakdowns.

5.2.1 Hardware

I implemented my model on a Wakamaru humanoid robot (Figure 5.3). My model

uses information provided by both video and audio captured at 12 frames per second

using a Microsoft Kinect stereo camera and microphone-array sensor. The camera

and microphone were suspended three feet above the participant’s workspace, as

shown in Figure 5.3. This camera setup provided a visible range of the workspace of

43 inches by 24 inches. A second stereo camera was placed behind the robot to track

the participant’s body and face.
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5.2.2 Architecture

The architecture for my model involved four modules: vision, listening, dialogue, and

control. The vision and listening modules capture and process their respective input

channels. The control module uses input from these modules to decide about the need

for repair and relays the status of the workspace to the dialogue module if feedback

from the robot is needed.

The pipe-assembly task used in my implementation involves multiple copies of

five types of pieces: three types of pipes (short, medium, and long) and two types of

joints (elbow and t-joints). All pieces were marked with augmented reality (AR) tags

to allow detection by the workspace camera. The orientation of each tag was used to

identify object type, location, and rotation. The location and orientation of tags on

pipes and joints were consistent across each type of object, and tag locations on each

object were known to the system.

5.2.2.1 Vision Module

The vision module was designed to achieve two goals: to detect the status of the

participant’s workspace and to process information on the participant’s location.

Sensing necessary for achieving each of these goals is managed by a separate camera.

At each frame, the vision module processes the frame to discover which pipes are

connected, creating a graph of pipe connections, C. There are three main instructions

to building C: finding the AR-tag glyphs in the frame, associating those glyphs with

pieces, and detecting which pieces are connected based on a set of heuristics. The

description of these instructions are omitted due to space limitations.



118

At the completion of the participant’s turn, C is checked against the correct

workspace configuration, C∗. If the two graphs are isomorphic—identical in structure—

then the participant has successfully completed the instruction. If the graphs are not

isomorphic, then the robot will discover an inconsistency between the two graphs

during the isomorphism check. The lowest p∗k which is violated is then passed to the

control module. In those cases where the system needs to check multiple instructions

at once, the graph C is built incrementally by systematically eliminating possibly

extraneous pieces and then comparing against C∗.

Each frame is searched for AR glyphs using a modified version of Gratf 1 to create

a set of glyphs G, where each glyph in G is defined by its type t, its position (x,y),

and its rotation θ. Upon discovering a glyph, the algorithm checks to see if there

are any pieces of the appropriate type (e.g., long pipe, t-joint) that are missing that

particular glyph. The glyph is associated with a piece if the algorithm matches the

glyph to the piece based on its proximity and rotation properties. If no piece is found,

a new piece is created, and the glyph is associated with the new piece. A set of

pieces P results, where each piece p is described by a set of glyphs that are associated

with that piece. All of the glyphs for a piece p form a bounding box that gives a

rough estimate of the physical boundaries of that piece. Using these coordinate, I can

confirm whether any two pieces are connected; then, I can build a graph structure

that reflects the workspace.

At the completion of each participant’s turn, the correct graph structure G∗ is

compared against the structure G of the workspace. If the two graphs are isomorphic,
1Gratf: http://www.aforgenet.com/projects/gratf/
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then the participant has successfully completed the instruction. The robot will

discover an inconsistency between pk and p∗k during the isomorphism check if the

graphs are not isomorphic. The lowest p∗k which is violated is then passed to the

control module.

If the system needs to check multiple instructions simultaneously, the set of pipe

connections C is built incrementally, starting with the first instruction that needs to

be checked. Since each instruction involves the addition of a new piece to a specific

location and with a particular rotation, checking the workspace for the first instruction

s1 will result in the detection of too many pieces, since pieces for instructions through

sn are also on the table. In this case, the module is responsible for systematically

eliminating extraneous pieces from C. A piece is defined as extraneous if its removal

does not result in a disjoint graph in C and does not reduce the count of that particular

piece below what is needed to complete the instruction. Once a modified version of

C resulting in a correct check of s1 is found, pieces are added incrementally back

to C such that they maintain connectivity between all pieces in C and maintain a

set P that is equivalent to the number of each type of piece needed to complete the

instruction sm.

The second goal of the vision module—detecting the participant’s location—is

checked at every frame. When the participant is within 1 ft. of the workspace,

the robot repositions its head so that it is gazing at the table, monitoring the

workspace. When the participant is further away (e.g., standing back to check their

work, retrieving the piece), the robot raises its head and gazes toward the participant’s

face. However, if the participant or the robot is talking, or if the robot is checking
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the workspace in response to a prompt from the user, the robot looks toward the

participant or where on the workspace changes have been made, respectively.

The second goal of the vision module—detecting the participant’s location—is

checked at every frame. When the participant is within 1 ft. of the workspace,

the robot repositions its head so that it is gazing at the table, monitoring the

workspace. When the participant is further away (e.g., standing back to check their

work, retrieving the piece), the robot raises its head and gazes toward the participant’s

face. However, if the participant or the robot is talking, or if the robot is checking

the workspace in response to a prompt from the user, the robot looks toward the

participant or where on the workspace changes have been made, respectively.

5.2.2.2 Listening Module

The listening module is used to detect and categorize requests from the participant.

The robot uses the capabilities of the Microsoft Kinect speech recognition hardware

and API to categorize the participant’s speech acts. A grammar of possible sentences

was generated using examples from the data collected in my modeling study. Possible

speech acts are categorized as one of the following:

– Request for repetition: (e.g., “What did you say?” “Can you repeat the instructions?”)

– Check for correctness: (e.g., “Is this the right piece?” “I’m done attaching the pipe.”)

– Check for options: (e.g., “Which pipe do I need?” “Where does it go?”)

Utterances that did not belong to one of these categories, such as confirmation of an

instruction, were ignored by the system.
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I use a dialogue manager to coordinate responses to each type of query. Each

recognized utterance has an associated semantic meaning that indicates the purpose

of the utterance. For example, the phrase “What did you say?” is assigned the

semantic meaning of “recognition request.” These semantic meanings allow the control

module to understand the type of utterance processed and to reply to the utterance

appropriately given the current state of the participant’s workspace. To process

requests that refer to the workspace, the system first checks the state of the workspace

through the vision module. For example, asking “Did I do this right?” requires the

robot to determine whether the current workspace is correct.

5.2.2.3 Control Module

Decisions on the robot’s next action are determined by the control module. It uses

input from the vision and dialogue modules and, following a simulation-theoretic

approach, makes decisions by comparing this input to actions that the robot expects

in response to its instructions. According to my model, I define a set P that describes

which possible expectations can be violated by the participant. Consistent with

elaboration theory, ordering of task expectations are based on observations from

my study of human instructor-trainee interactions, which resulted in the following

categories:

– Timely Action (p0): The participant acted in a timely fashion.

– Correct Piece (p1): The participant used the correct piece.

– Correct Placement (p2): The participant placed the piece in the correct location

relative to the current workspace.
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– Correct Rotation (p3): The participant rotated the piece correctly relative to the

current workspace.

The first expectation ensures that the participant does not hesitate for too long,

which might indicate confusion, when adding the next piece. Based on my previous

analysis, I defined hesitancy as the workspace remaining unchanged for more than 10

seconds since the robot’s last instruction. The last three expectations ensure that the

participant chose the correct piece to add, added the piece in the correct location,

and rotated the piece correctly.

5.2.2.4 Dialogue Module

The control module passes three pieces of information to the dialogue module after

evaluating input from the vision and listening modules: current instruction, the

semantics associated with the speaker’s last utterance (if any), and the result of the

control module’s evaluation of the workspace (if any).

Given this information, the dialogue module initiates the appropriate verbal

response. Responses depend on which instruction of the task the participant is

completing, the current layout of the workspace, and the type of question the

participant asked. Not all responses are dependent on all three pieces of information;

requests for repetition of the last instruction are independent of how the workspace

is currently configured, and responses to hesitancy are independent of the current

workspace and interaction with the participant. However, a request to check if the

participant has correctly completed an instruction requires knowledge of both the

instructions completed and the current layout of the workspace.
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5.3 Experimental Evaluation

To evaluate the instructional strategies that I identified from my analysis, I conducted

a human-robot evaluation that followed the same task setup as the earlier modeling

study. Due to a lack of sufficient theory that would predict how these instructional

strategies might affect trainee performance and experience, I chose not to pose any

hypotheses and conducted my analysis in an exploratory manner.

5.3.1 Experimental Design

In order to better understand the effectiveness and tradeoffs of various teaching

strategies, I designed a between-participants-design study to compare four different

models of teaching strategies that fell along two factors: the grouping factor and

the summary factor. The grouping factor defines how many instructions are issued

during the instructor’s turn. For the purposes of my study, the grouping factor has

two levels: the no grouping level, where a single instruction is given during the round,

and the grouping level, where a set of two or more instructions are given at once.

The summary factor defines whether or not the instructor gives a summary of the

objective for the next few instructions. For the purposes of my study, this factor has

two levels: the no summary level, where the instructor does not give summaries, and

the summary level, where the instructor does give summaries. Participants from my

study of human instructor-trainee pairs exhibited all four combinations of these two

factors, resulting in four conditions for my study: (1) no grouping, no summarization,

(2) grouping, no summarization, (3) no grouping, summarization, and (4) grouping,
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Figure 5.3: On the right, the setup used in my experimental evaluation. After the
robot gave an instruction, the participant retrieved the pieces necessary from behind
them and assemble the pieces on the workspace in front of the robot. A camera above
the workspace captured the configuration of the pieces. On the left, an example of
the robot autonomously guiding a participant in assembling pipes.

summarization.

The architecture detailed in the previous section was used in all conditions. Dif-

ferences between conditions were controlled in the control module that managed

decisions on how to structure instructions. Additionally, the dialogue module re-

sponded to requests in the grouping level that did not exist in the no grouping level

(e.g., repeating multiple instructions).

5.3.1.1 Task

All participants were autonomously guided through assembling a set of pipes by the

robot in the setup shown in Figure 5.3. Participants were given two bins—one for pipes

and one for joints—that contained only the pieces necessary for completing the task,

mimicking the setup in which different types of parts might be kept at a workshop.

Following an introduction, the robot directed the participant in the assembly task by
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issuing instructions according to the condition to which the participant was assigned,

varying the number of instructions provided and whether or no high-level summaries

of future instructions were provided. The robot also provided repair as necessary.

Following completion of the task, the robot thanked the participant. Completing the

task took between 3:57 and 9:20 minutes (M = 6 : 44, SD = 1 : 23).

In the no grouping, no summarization and no grouping, summarization conditions,

the robot provided one instruction at a time, while the grouping condition involved

two to four instructions at a time. Additionally, in the no grouping, summarization

and the grouping, summarization conditions, the robot provided a high-level summary

of the next few steps prior to giving instructions, while it provided no summary in

the other conditions. Following instructions, the participant retrieved the pieces to

complete the steps and assembled the pieces on the table. If the participant requested

repetition or clarification, the robot answered. When the participant asked the robot

to check the workspace, it confirmed correct actions or provided repair according to

my model. If no repair was needed, it congratulated the participant on completing

the task and proceeded to the next instruction or set of instructions.

Participants started the study standing three feet away from the robot, with a

two foot long table between them. A second table was placed five feet behind where

the participant started. A single video camera captured the entire interaction for

additional data analysis.
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5.3.2 Procedure

Following informed consent, participants were guided into the experiment room. The

experimenter explained the task and introduced the participant to the pieces used in

the task. After the experimenter exited the room, the robot started the interaction

by explaining that it would provide step-by-step instructions for assembling the

pipes. The robot then provided instructions until the participant completed the entire

structure. At the end of the task, the robot thanked the participant. The participant

then completed a questionnaire and received $5. A total of 32 native English speakers

between the ages of 18 and 34 (M = 23, SD = 4.9) were recruited from the local

community. These participants had backgrounds in a range of occupations and majors.

All conditions were gender balanced.

5.3.3 Measures

I used two objective measures to evaluate the participant’s performance in the task:

total number of breakdowns and total task time. Total number of breakdowns was

defined as the number of times the participant made a mistake in fulfilling the

instruction that the robot provided or asked for repetition or clarification of the

instruction. I also measured task completion time, since a lower number of repairs

would likely indicate a faster task time. All trials of the study were videotaped,

and these measures were extracted with video coding. To ensure reliability of the

measures, a second experimenter coded for repairs. The inter-rater reliability showed

substantial agreement (87% agreement, Cohen’s κ = .83) (Landis and Koch, 1977).

I also used subjective measures that collected data on the participant’s impressions
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Figure 5.4: Results from my evaluation. Significant and marginal results were found
for total task time, number of breakdowns encountered, participants’ perceived rapport
with the robot, and their overall experience with the task. (†), (*), and (**) denote
p < .10, p < .050, and p < .010, respectively.

of the robot, including likability, naturalness, and competency, the participant’s

experience with the task, and their rapport with the robot. Participants rated each

item in my scales using a seven-point rating scale. A confirmatory factor analysis

showed high reliability for all scales, including the likability of the robot (10 items,

Cronbach’s α = .846), the naturalness of the robot (6 items, Cronbach’s α = .842),

the competency of the robot (8 items, Cronbach’s α = .896), the participant’s

experience during the task (8 items, Cronbach’s α = .886), and the rapport between

the participant and the robot (6 items, Cronbach’s α = .809).

My analysis of data from these measures involved a two-way fixed-effects analysis

of variance (ANOVA), including grouping, summary, and the interaction between

them as fixed-effect factors. Contrast tests used Scheffé’s method.
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5.3.4 Results

I primarily report marginal and significant effects of the instructional strategies used

by the robot on objective and subjective measures and summarize them in Figure 5.4.

I used two objective measures to evaluate the effectiveness of the robot’s use of

instructional strategies: the total number of breakdowns that occurred during the task

and the total time taken to complete the task. The analysis of this data showed that

grouping instructions significantly reduced task completion time, F(1, 28) = 13.35,

p = .001, while significantly increasing the number of breakdowns, F(1, 28) = 8.87,

p = .006. Summarization had no overall effect on task time, F(1, 28) = 0.07, p = .793,

or the number of breakdowns, F(1, 28) = 1.25, p = .274. The analysis also showed a

marginal interaction effect between grouping and summarization over the number of

breakdowns, F(1, 28) = 3.47, p = .073, but no interaction effects were found over total

task time, F(1, 28) = 1.29, p = .266. Contrast tests across conditions showed that,

when the robot did not provide a summary, grouping instructions significantly reduced

task completion time, F(1, 28) = 11.47, p = .002, but resulted in a significant increase

in the number of breakdowns, F(1, 28) = 11.71, p = .002. This increase was alleviated

by summarization; participants encountered significantly fewer breakdowns when

the robot also provided a summary along with grouped instructions, F(1, 28) = 4.44,

p = .044.

The subjective measures included scales for capturing the participants’ perceptions

of the robot including, likability, naturalness, and competency, their rapport with the

robot, and their overall experience with the task. The analysis showed an interaction

effect between grouping and summarization over the participants’ rapport with the
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robot, F(1, 28) = 8.76, p = .006. When the robot provided no summary, grouping

instructions improved participant rapport with the robot, F(1, 28) = 10.81, p = .003.

When the instructions were not grouped, summarization also improved rapport with

the robot, F(1, 28) = 9.54, p = .005. Additionally, the analysis showed a marginal

interaction effect between grouping and summarization over participants’ ratings

of their overall experience with the task, F(1, 28) = 3.68, p = .065. Contrast tests

showed that, when the robot did not group its instructions, summarization marginally

improved participants’ overall task experience, F(1, 28) = 2.91, p = .099.

5.4 Discussion

The data from my objective and subjective results provided a number of findings to

guide the design of collaborative robots in their role as instructions, the implications

of which I highlight below.

My objective results showed that grouping instructions resulted in a tradeoff

between task completion time and the number of breakdowns that the participants

encountered. I found that participants completed the task significantly faster when the

robot grouped its instructions than when the robot provided instructions one-by-one.

I observed that when participants received multiple instructions, they retrieved all

parts necessary to complete these instructions from the bins at once, proceeded with

assembling multiple pieces in a sequence, and sought confirmation of the correctness of

the whole sequence from the robot, completing the overall assembly significantly faster.

When participants received instructions one-by-one, they instead retrieved pieces
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one-by-one and proceeded to the next instruction only when the robot confirmed

the successful completion of an assembly, which resulted in overall longer task

completion times. Contrary to the improvement in task completion times, participants

encountered significantly more breakdowns when the robot grouped its instructions

than when the robot provided individual instructions. I speculate that grouped

instructions required participants to retain a greater amount of information, which

might have impaired their understanding or recall of the instructions, resulting in

mistakes in the assembly that had to be repaired by the robot.

Further analysis into the breakdowns occurred with grouped instructions showed

that 60% of breakdowns occurred in the first set of instructions, which contained four

instructions, 25% occurred in the second, third, and fifth set of instructions, which

all contained three instructions, and 15% occurred in the fourth set of instructions,

which contained two instructions. This distribution of breakdowns indicates an

increase in the number of breakdowns as the number of grouped instructions increases,

which might indicate a greater cognitive load placed on the participant by the

introduction of more pieces (Sweller, 1988). Additionally, participants may have

demonstrated selective attention when the robot provided grouped instructions,

causing them to miss information (Sweller, 1988). This explanation is supported by

the effects of summarization on the number of breakdowns; providing a summary of

subsequent steps significantly reduced the number of breakdowns that the participants

encountered in carrying out grouped instructions. The summary provided by the robot

might have consolidated the participants’ understanding of the grouped instructions.

However, I also note that some of the breakdowns that occurred early in the interaction
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might have been caused by the participant acclimating to the task and interaction

with the robot, or the task involving a greater variety of pieces to choose from at the

beginning.

My analysis of the subjective results showed interaction effects between grouping

and summarizing over participant rapport with the robot and their overall experience

with the task. I found that participants reported higher rapport with the robot when

it grouped instructions with no summary than when the robot used neither grouping

nor summarization. This improvement might be due to the quicker, less monotonous

experience that the robot offered when it delivered instructions all at once and spent

no time on summarizing them. The results also showed that participants reported

higher rapport with the robot and overall experience with the task when the robot

provided a summary of subsequent steps along with individual instructions than when

it neither grouped its instructions nor provided a summary. I speculate that, when

the robot provided a summary of what is ahead in the task, as a summary involved

information on upcoming steps in the instruction, participants might have perceived

the robot as more invested in the instruction and felt more informed, although this

information did not improve task performance.

5.4.1 Design Implications

These results have a number of implications for implementing instructional capabilities

on collaborative robots. My results suggest that, despite resulting in more mistakes,

grouping significantly improves task completion times, making it ideal for interaction

scenarios in which faster task times are critical and mistakes are not costly. Further-
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more, coupling summarization with grouping alleviates some of the mistakes caused

by providing students and trainees with a large number of instructions. However,

there are many scenarios where providing instructions one-by-one might be preferable.

For example, with more complex tasks or students who might have trouble keeping

up with the robot’s instructions (e.g., novices), providing instructions one-by-one

might help the student complete the task with fewer breakdowns. Additionally, in

situations where making a mistake could be dangerous or costly, giving instructions

individually would reduce the chance of these mistakes occurring. In these scenarios,

including summaries of upcoming instructions might also improve student experience

and result in an improved rapport with the robot.

5.4.2 Limitations

The work presented here has two key limitations. First, although my model considers

two structural components of instruction-giving, there may be other structural

components I did not observe in human interactions and thus did not include in

my model. An analysis of human interactions in a more diverse set of instructional

scenarios might enable the development of richer models of instruction. Second,

while my repair model offered repair when prompted, the system did not proactively

offer repair due to the difficulty of accurately discerning when mistakes occurred.

The structure of the task and available methods for perception made it difficult to

continuously update a model of the workspace and determine whether it was being

modified, as participants obstructed the camera’s view when modifications were

occurring. Third, my evaluation focused on testing only the immediate effects of the
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proposed instructional strategies on student performance and perceptions, and did

not explore how these strategies might be used for instruction that takes place over

time or how much students retain the instruction in the long term.

5.5 Study Conclusions

As robots are introduced as working with human partners, they have the potential to

serve as instructional guides, such as teaching in labs, giving patients directions in a

doctor’s office, or guiding co-workers through a task, as described in Section 1.1.2.3.

To enable robots to serve as instructors, we need to enable them to provide instruc-

tions effectively. In this work, I describe two key instructional strategies—grouping

and summarization—for organizing instructions based on observations of human

interactions in an instructional pipe-assembly task. I implemented these strategies on

a humanlike robot that autonomously guided the participant through connecting a set

of pipes. I evaluated the effectiveness of these strategies for student task performance

and experience in a human-robot evaluation. My results showed that, when the

robot grouped instructions, participants completed the task faster but encountered

more breakdowns. These breakdowns were alleviated by summarizing the grouped

instructions. I also found that summarizing instructions increased participant rapport

with the robot and overall experience with the task. My findings show that grouping

instructions results in a tradeoff between task time and breakdowns, and that sum-

marization has benefits under certain conditions, suggesting that robots selectively

use these strategies based on the goals of the instruction.
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6 behavioral cue study: deictic gestures

This study examined how robots might use deictic gestures—gestures that direct

attention to collocated objects, persons, or spaces—that include pointing, touching,

and exhibiting to help their listeners understand their references, such as the context

described in Section 1.1.2.2 where the robot physically touched a specific area to

indicate its importance to a human worker. In particular, as robots collaborate with

humans in increasingly diverse environments, they will need to effectively refer to

objects of joint interest and adapt their references to various physical, environmental,

and task conditions (Lozano and Tversky, 2006) and use gestures to augment or

replace complex verbal descriptions (Goldin-Meadow, 1999; McNeil, 1992). In this

work, I provide a curated set of human deictic gestures, drawn from a range of prior

literature, that help to clarify the variety of deictic gestures humans might use. Results

from this work also provide insights as to the properties of effective gestures, and

recommendations as to which gestures fare best in different environmental settings.

Section 6.1 will begin by providing an overview of the six types of human deictic

gestures and the six types of environmental settings considered in this work. Transla-

tion and implementation of these gestures onto a robotic platform is then described

in Section 6.2. Section 6.3 describes an evaluation of these gestures through a human

observing and scoring the robot’s gestures in the different environmental settings.

Finally, Section 6.4 will discuss the implications and limitations of this work.
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Pointing
Human Gestures

Robot Gestures

Presenting Touching Exhibiting Grouping Sweeping

Pointing Presenting Touching Exhibiting Grouping Sweeping

Figure 6.1: Instances of a human performer and the NAO robot demonstrating the
deictic gestures studied in this work.

6.1 Understanding Deictic Gestures and Settings

Understanding both the types of deictic gestures available to robots and the settings

in which they may be appropriate is necessary for a comprehensive study of the

interplay between environmental setting, communicative goals, and gesture choice.

In this section, I describe six gestures and six environmental settings that robots are

envisioned to encounter and that might impact gesture effectiveness.

6.1.1 Deictics

There are describe six deictic gestures that I focus on in this work: pointing, presenting,

touching, exhibiting, sweeping, and grouping. These gestures combine results from

prior work to inform our understanding of human deictic gestures. Examples of each

gesture can be seen in Figure 6.1.

Pointing – Pointing is often considered the prototypical deictic gesture, being

universally understood across cultures (Kita, 2003), ages (Murphy, 1978), and even
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species (Miklósi and Soproni, 2006). A pointing gesture uses an extended index finger

with the hand rotated so that the palm faces toward or perpendicular to the ground

to direct attention. The hand does not come into physical contact with the referent.

A pointing referent may be a single object, a region of space, or no specific object

or region (McNeil, 1992). Prior work has already explored implementing human

pointing gestures on robots, revealing that pointing gestures which point away from

the body, rather than across the body, are more accurate at communicating the

referent (St Clair et al., 2011).

Presenting – Presenting uses a similar style to pointing in that the speaker gestures

toward the referent without coming into contact. However, where as pointing leaves

only the index finger extended, presenting extends all fingers and points the palm

of the hand upwards. This gesture is often interpreted as inviting, encouraging

the listener to, for example, pick up the referent (Bolinger, 1983; Kendon, 2004).

Presenting gestures are also used by speakers to indicate that they are ready to

receive an object that they previously requested (Bolinger, 1983).

Touching – Touching is used in similar settings as pointing and presenting; however,

touching removes ambiguity in that the speaker’s hand comes into direct physical

contact with the referent. This absence of ambiguity makes touching ideal in situations

where verbal communication is absent or impaired. For example, touching seems to be

a preferred deictic gesture for mothers communicating with non-verbal infants, since

verbal capabilities are required for understanding pointing gestures (Lempers, 1979).

Touching may also be a preferred deictic gesture in a factory or on a noisy shop floor.

Touching may also be used to refer to an object in situations where constructing an
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accurate verbal description to augment a pointing gesture is difficult. For example,

it may be difficult to verbally differentiate between or provide an accurate pointing

gesture for similar objects in close proximity to one another. Additionally, if certain

properties of an object cannot be described concisely, touching the object may be

more cost-effective than attempting to describe the object.

Exhibiting – Exhibiting is a natural extension of touching where the object is

grasped and lifted so that it can be observed by others (Clark, 2005). This gesture

might be used when joint attention is obstructed due to referent location, making

other gestures unusable. For example, objects concealed by other objects may prevent

the listener from seeing the object, requiring an exhibiting gesture.

Grouping – Grouping offers a gesture similar to presenting in that the fingers are

extended with the palm facing down. Instead of referring to a single block, however,

grouping takes advantage of the larger area covered by the hand to reference those

objects located underneath the hand. The speaker may use a circular hand motion—

still in the grouping gesture—around the area they wish to indicate in cases where

an area instead of an object is the referent. This gesture has also been implemented

in interactive tabletop and wall touchscreen displays to highlight a group of objects

(Vogel and Balakrishnan, 2004).

Sweeping – Similar to grouping, sweeping references one or more objects in a

given area. A speaker utilizing sweeping will place their hand, with fingers extended,

perpendicular to and above the surface to indicate a beginning boundary for referenced

objects. The gesture then sweeps across additional referenced objects (Alibali et al.,

1997).
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6.1.2 Settings

While humans employ a variety of deictic gestures to direct attention to an object,

each gesture has unique functional properties that might diminish its effectiveness in

some settings. As robots start working alongside humans, it is expected that they

will encounter similar settings as humans. In this section, I describe six settings that

I believe can impact which gestures a robot should choose.

Distance from Referrer – The accuracy of a gesture may diminish when the distance

between referrer and referent is larger, as listeners may make greater interpolations

regarding where the speaker’s hand is gesturing. In extremes, objects are located

immediately in front of or substantially far away (e.g., the opposite end of a table)

from the referrer. While some robots might be capable of reaching locations that

would not be available to humans, there will always be situations where the robot

will need to reference a distant referent.

Clustered Objects – Varied amounts of space exist between objects laid out on a

table. This can vary from objects clustered together very closely to objects spread

far apart. This setting also mimics the possibility of having one versus many objects,

with one object effectively obtained by spreading objects far apart.

Noise – Many environments in which robots are expected to work, such as ware-

houses and assembly lines, can be noisy. Since deictic gestures are often accompanied

by speech that can elaborate on the purpose of the gesture, noise might make some

gestures more difficult to understand.

No Visibility – Often times, objects to which the robot wishes to draw attention

may be in the referrer’s line of sight but may not be visible to the listener. For
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example, objects may be located in a container or behind a structure or object. In

these cases, deictic gesturing may indicate to the listener that some object in the

general area of the gesture is located outside their line of sight.

Ambiguity – During assembly tasks, pieces which initially look similar may differ

in small ways, such as screws that have slightly different lengths and widths. These

pieces may be difficult to differentiate verbally due to these subtle differences. Lack

of adequate vocabulary may also hinder verbal differentiation and may also place

significant cognitive burden on both the speaker and the listener.

Neutral – Those cases where there may not be any environmental factors affecting

communication results in a neutral setting. Here, a diverse set of objects is nearby

the referent with ample space between each object and in clear view of all involved

parties.

These settings serve as a representative sample of the situations robots are expected

to encounter, particularly in joint tasks with humans, making them appropriate

contextualizations for better understanding how the affects of gestures change across

settings.

6.2 Implementation

I chose to contextualize my implementation in an object referencing task, where the

robot would refer to one or more wooden building blocks distributed on a workspace.

The use of wooden building blocks in this task was inspired by Shah and Breazeal

(2010). In the context of the wooden building block task, I created two workspaces of
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blocks to accommodate my six settings and designed each of the gestures in every

setting.

6.2.1 Gesture Design

I implemented my behaviors on the NAO robot. The NAO features six degrees

of freedom in each arm: shoulder pitch, should roll, elbow yaw, elbow roll, wrist

yaw, and finger pitch. The technical capabilities of the NAO enabled us to create

accurate reproductions of each gesture in a variety of settings. I implemented the

gestures on the NAO through puppeteering, a technique in which a designer manually

guides the robot in executing a gesture while a motion capture program saves joint

positions at each keyframe. These keyframes are later used to generate arm-motion

trajectories. I puppeteered each gesture and manually edited the resulting motion

profile as necessary in Choregraphe, a behavior authoring environment for the NAO.

The gesture profiles were then saved on the robot to be executed by my experiment

software.

Seconds

Gaze

Gesture

Speech

0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800

Speech onset

Gaze onset
800 ms before speech onset

Gesture onset
1026 ms before speech onset

Gaze onset
300 ms a!er speech onset

Gesture end
366 ms a!er speech onset

Figure 6.2: A model of the gesture-contingent gaze behavior implemented in my
study. Start and end times are relative to the onset of speech.



141

As gaze is an integral part of a natural gesture, I implemented gesture-contingent

gaze behavior as described in Huang and Mutlu (2013) for all of my gestures (see

Figure 6.2). The gaze trajectory followed the robot’s hand as it gestured to the block

for all gestures.

6.2.2 Workspace Design

I designed a layout of wooden blocks for six settings that I divided onto two workspaces,

which can be seen in Figure 6.3. Each workspace contained two sets of blocks, with

one set on the left half of the workspace, and the second set on the right half. The

first workspace displayed the ambiguity and no visibility settings, and the second

workspace displayed the neutral, distant from referrer, clustered objects, and noise

settings. The following are the descriptions of each setting from the robot’s point of

view:

– Neutral: An assortment of blocks arranged near the referrer. Blocks were spaced

1.5 to 2 in. (3.8 cm to 5.1 cm) from nearby blocks.

– Distance from Referrer : An assortment of blocks arranged far from the referent.

Blocks were spaced 1.5 to 2 in. (3.8 cm to 5.1 cm) apart, and all blocks were at

least 6.5 in. (16.5 cm) from the referrer.

– Clustered Objects: An assortment of blocks near the referrer. Blocks were

spaced .5 in. (1.3 cm) from nearby blocks.

– Noise: Identical to the neutral setting, but with white noise of people talking

loudly played from a nearby speaker.
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– No Visibility: An assortment of blocks placed behind a 3.5 in. (8.9 cm) partition.

– Ambiguity: Blocks which were similar in color, length and shape were arranged

near the referrer. Blocks were spaced 1.5 to 2 in. (3.8 cm to 5.1 cm) from

nearby blocks.

6.3 Experimental Evaluation

To explore the effectiveness of gestures in different settings, I used the workspaces from

my wooden blocks task to conduct a within-participants study of all gesture-setting

combinations. For each condition, participants identified the blocks they believed

the robot was referring to and rated the gesture on a number of items. The results

indicate that setting has an impact on gesture.

Figure 6.3: The two workspaces used to represent the six settings I explored. The
left workspace displays the ambiguity (left) and the no visibility (right) settings. The
right workspace displays the clustered objects setting (left), the distant from referrer
setting (top right), and the neutral setting (bottom right), which was used for both
the neutral and noise settings.
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6.3.1 Experimental Design

To better understand the effects of gesture choice and setting on referential communi-

cation, I designed a within-participants study to explore every feasible combination

of the gesture and setting factors described previously. In addition to the six gestures

mentioned, I included two verbal-only baselines in my gesture factor. The first baseline

involves the use of only minimally articulated verbal references that the robot uses in

conjunction with gestures, such as “this block.” This baseline follows results from

Shah and Breazeal (2010), which showed that participants in a collaborative block

building task often used generic referential statements in conjunction with gestures to

bring attention to a block. The second baseline involves the use of fully articulated,

descriptive speech to provide a complete description of the block to which the robot is

referring, such as “the short green cylinder closest to you.” Whereas the first baseline

shows the outcome of eliminating gestures, this second baseline demonstrates the

consequences of the robot engaging only in verbal communication. Since I designed

gaze cues specifically for the gesture they accompanied, I eliminated gaze from my

baselines.

In total, the combination of eight forms of communication (six gestures and

two verbal baselines) and six settings resulted in 48 conditions. I eliminated two

conditions—touching and exhibiting blocks at a distance—due to the physical impos-

sibility of contact with these blocks, resulting in 46 conditions used in the study.
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6.3.1.1 Task

Participants were asked to observe the robot as it referenced blocks situated on a table

between the participant and robot. The participant observed 46 rounds of references

made by the robot, where each round was one of the 46 conditions previously outlined.

Rounds were broken down into two sets to allow for all of the settings to be displayed.

The first set consisted of 30 rounds (neutral, distant from referrer, clustered objects,

and noise settings) and the second of 16 rounds (no visibility and ambiguity settings).

The order in which participants observed the two sets was balanced across participants,

while the rounds within each set were randomly ordered. Additionally, to account for

possible participant biases between the left and right arms, workspaces were flipped

along the vertical axis for half of the participants. All possible presentations of the

workspace were gender balanced. After the robot completed the action for a given

round, the participant rated the robot’s behavior on both objective and subjective

scales on a one page questionnaire.

The experimental setup is shown in Figure 6.4. Participants were seated 2.5

feet (76.2 cm) away from the robot, with the workspace between them. The partic-

ipant’s questionnaires were placed between the participant and the workspace. A

small speaker was placed next to the robot (out of view of the participant) to emit

background noise of people talking during any conditions which involved noise.

6.3.2 Procedure

Following informed consent, participants were seated in the experiment room. The

experimenter explained the task to the participant, started the robot, and left the
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Figure 6.4: A participant evaluating the robot touching the blue block.

room. The robot initiated the interaction by giving an introduction, followed by

starting the first round. During each round, the robot would choose one of the gesture

and setting combinations to exhibit according to which set of settings was currently

available. The robot would then perform the action associated with the particular

combination. Upon completion of the robot’s action, the participant would complete

the questionnaire.

The top half of the questionnaire showed a picture of the workspace currently

being used, where the participant would individually circle all blocks they believed the

robot had referred to. On the bottom half of the questionnaire were six seven-point
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rating items to measure the naturalness of the robot’s gesture in that setting. When

the participant was satisfied with their answers to the questionnaire, they would say

“next” to advance the robot to the next round.

When the first workspace was completed, the experimenter would set up the

second workspace and provide new questionnaires that reflected the new workspace

layout. After the completion of both workspaces, participants were compensated $5

for their time. Participants took between 15 and 32 minutes to complete the task

(M =23 minutes, 40 seconds, SD =3 minutes, 52.8 seconds).

I recruited 24 native English speakers (12 males, 12 females) with diverse majors

and occupations and ages that ranged 18–46 (M = 22.7, SD = 5.92) from the

University of Wisconsin–Madison.

6.3.3 Measures & Analysis

For each condition, participants completed a questionnaire in which they identified

the blocks they believed the robot was referencing and answered six rating-scale

questions on the robot’s behavior. Participants identified blocks by circling referenced

blocks on a picture of the workspace that was included on the questionnaire. As a

measure of accuracy, I classified participant’s identification of the blocks as either

correct or incorrect based on whether the participant’s answer exactly matched the

blocks that the robot’s gesture indicated, considering answers that were a superset or

subset of the correct answer to be incorrect. My subjective measures assessed the

perceived qualities of the gesture in the given setting. From the six questions asked,

I constructed the following two scales (half of the items were reversed to prevent
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response sets):

Perceived Effectiveness (Cronbach’s α = .967)

1. The robot used this gesture effectively.

2. The robot’s gesture helped me to identify the object(s).

3. The robot’s gesture was appropriate for the context.

4. The robot’s gesture was easy to understand.

Naturalness (Cronbach’s α = .790)

1. The robot’s gesture was humanlike.

2. The robot’s gesture was fluid.

Data analysis involved a two-way analysis of variance (ANOVA), including gesture

and setting as fixed effects. Tukey’s honestly significant difference (HSD) test was

used for pairwise comparisons.

6.4 Discussion

I discuss my most significant results below, first discussing gestures across all settings

and then highlighting comparisons of gestures within each setting. Due to the large

number of pairwise comparisons involved in my analysis, only Omnibus test results

are reported in the paragraphs below, and pairwise comparisons are illustrated in

Figures 6.5, 6.6, and 6.7.
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6.4.0.1 Comparison of Gestures

A comparison of gestures across settings showed that gesture type had a significant

effect on accuracy, F(7, 1073) = 112.06, p < .001 (Figure 6.5). The fully descriptive

baseline was significantly less accurate than exhibiting and pointing, but significantly

more accurate than sweeping and grouping. Exhibiting, touching, presenting, and

pointing were all significantly more accurate than sweeping and grouping. Consistent

with the results on accuracy, gesture type had a significant effect on the perceived

effectiveness of the gesture, F(7, 1073) = 134.37, p < .001. Exhibiting and touching
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Figure 6.5: Results for both the accuracy of each gesture and the perceived effectiveness
of each gesture across all settings. (∗∗∗), (∗∗) denotes p < .001, p < .01, respectively.
Exhibiting and touching gestures were more accurate than the two baselines and the
sweeping and grouping gestures and were perceived to be more effective than the two
baselines and the other gestures.
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Figure 6.6: Results for the communicative accuracy of each gesture, displayed by
setting. (∗∗∗), (∗∗), (∗) denotes p < .001, p < .01, and p < .05, respectively.
Exhibiting and touching were consistently more accurate than sweeping and grouping
across the majority of settings.

were perceived as significantly more effective than the fully articulate baseline and

the presenting, pointing, sweeping, and grouping gestures. All gestures were found to

be fairly natural, with average ratings between 5.5 and 6.5 out of 7.

6.4.0.2 Comparison of Gestures by Setting

The following presents results for gestures within each setting. Pairwise comparisons

for measures of accuracy and perceived effectiveness are illustrated in Figures 6.6 and

6.7, respectively.

Neutral – Gesture type had a significant effect on accuracy in the neutral setting,

F(7, 161) = 34.36, p < .001. The fully articulate baseline, as Ill as the exhibiting,

touching, presenting, pointing gestures, were all significantly more accurate in com-
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municating the referent than sweeping and grouping were. Gesture type also had

a significant affect on perceived effectiveness, F(7, 161) = 39.48, p < .001. The

fully articulate baseline and the exhibiting, touching, and presenting gestures were

perceived as significantly more effective than pointing, sweeping, and grouping.

Distant From Referrer – When referents were distant, gesture type had a significant

effect on accuracy, F(5, 115) = 21.73, p < .001. The fully articulate baseline and the

presenting and pointing gestures were all significantly more accurate than sweeping and

grouping. Additionally, while the effectiveness of presenting and pointing fell by 16%

and 5%, respectively, when compared to the neutral setting, sweeping and grouping

observed greater losses of effectiveness at 27% and 30%, respectively. Gesture type

also had a significant effect on perceived effectiveness in this setting, F(5, 115) = 19.83,
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Figure 6.7: Results for the perceived effectiveness of each gesture, displayed by setting.
(∗∗∗), (∗∗), (∗) denote p < .001, p < .01, and p < .05, respectively. Exhibiting and
touching were consistently perceived to be more effective than presenting, pointing,
sweeping, and grouping across the majority of the settings.
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p < .001. The fully articulate baseline was perceived as significantly more effective

than presenting, sweeping, and grouping.

Clustered Objects – Gesture type had a significant effect on accuracy, F(7, 161) =

43.26, p < .001, when objects were clustered. The fully articulate baseline and the

presenting and pointing gestures were all significantly more accurate than sweeping

and grouping. Exhibiting, touching, presenting, and pointing were all slightly less

accurate than in the neutral setting, losing 5% to 15% accuracy. Sweeping and

grouping saw larger drops compared to the neutral setting, losing 48% and 30%

accuracy respectively. Perceived effectiveness was significantly affected by gesture

type, F(7, 161) = 25.86, p < .001. Exhibiting and touching both were perceived as

significantly more effective than presenting, sweeping, and grouping.

Noise – Gesture type also had a significant effect on accuracy in the noise setting,

F(7, 161) = 22.49, p < .001. The fully articulate baseline was significantly more

accurate than exhibiting, touching, presenting and pointing. Exhibiting, touching, and

presenting were all significantly more accurate than pointing, sweeping, and grouping.

Gesture type also had a significant effect on perceived effectiveness, F(7, 161) = 38.54,

p < .001. The fully articulate baseline was perceived as significantly less effective than

every gesture. Additionally, exhibiting and touching were perceived as significantly

more effective than pointing, sweeping, and grouping.

No Visibility – Gesture type had a significant effect on accuracy in the no visibility

setting, F(7, 161) = 15.86, p < .001. Exhibiting and touching were both significantly

more accurate than sweeping and grouping. Additionally, exhibiting was the only

level to not experience a drop in accuracy compared to the neutral setting. Gestures
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type had a significant impact on perceived effectiveness, F(7, 161) = 40.18, p < .001.

Exhibiting was perceived as significantly more effective than all other gestures.

Additionally, the fully descriptive baseline was perceived as significantly more effective

than pointing, sweeping, and grouping.

Ambiguity – Gesture type had a significant effect on accuracy under ambiguity,

F(7, 161) = 15.52, p < .001. Exhibiting and presenting were significantly more accu-

rate than sweeping and grouping. Gesture type also significantly affected perceived

effectiveness, F(7, 161) = 59.40, p < .001. Exhibiting and touching were rated as

significantly more effective than pointing, sweeping, and grouping.

My results offer implications for designing effective deictic gestures for robots.

The paragraphs below summarize the most important results and discusses these

implications.

6.4.1 Properties of Effective Gestures

When the gestures were compared without consideration of context against the fully

articulated baseline, my six gestures organized into three groupings: referencing one

object with physical contact, referencing one object without physical contact, and

referencing multiple objects, with these groupings doing significantly better than,

equivalent to, or significantly worse than the fully articulated baseline, respectively.

Gestures that involved physical contact with the objects (exhibiting and touching)

provided the most effective communication, rarely causing the participant to choose

the incorrect block; the effectiveness of physical touch was confirmed in many of my

settings as Ill. This finding confirms prior research on human deictics that report
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that mothers choose to use physical touch to identify an object for their pre-verbal

child due to the unambiguous nature of the gesture (Lempers, 1979). This behavior

follows a failed attempt at pointing by the mother, leading her to try a more concrete

gesture with a higher likelihood of success. These physical gestures alleviate the

cognitive burden placed on those interpreting the gesture by eliminating uncertainty

in the referent. My findings suggest that, in settings or tasks that require precise

identification of objects, physical contact with the object provides the best chance of

the listener correctly identifying the referent.

6.4.2 Setting and Gesture Accuracy

My study highlights instances in which the setting significantly affects the accuracy

of gestures. Below, I discuss these results and their implications for designing robot

behaviors.

Noise and Verbal Descriptions – The fully articulated baseline had comparable

performance to exhibiting, touching, pointing, and presenting in all levels except

noise. My findings showed that the fully articulated baseline performed much worse

in the noise condition than in every other condition, while the accuracy of many of

the gestures remained unchanged. This finding supports the use of gestures that come

into contact with the object when fully articulated utterances are difficult to form.

Although the most prominent effect of the noise level was seen with the fully

articulated baseline, even pointing and presenting were less effective than in the

neutral setting, despite their perceived lack of reliance on utterances given the

minimal information utterances included when coupled with gestures. While each
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type of gesture maintained a similar motion profile across conditions, making it easier

for participants to learn what the gesture was communicating across repeated viewings,

it may be that the simple utterances that the robot used helped the participant to

distinguish whether the robot was referring to one or many objects. For example,

although sweeping and pointing gestures appear similar when the arm is extended,

they follow different trajectories, pointing aiming toward a specific object and sweeping

covering an area. In addition, the pointing gesture is accompanied by the phrase

“this block,” clearly indicating that only one block is being referenced, while the

sweeping gesture is accompanied by the phrase “these blocks,” suggesting more than

one block is being referenced. With noise obscuring these phrases, participants may

have doubted how many blocks they should select.

While my study did not look at the interaction between gesture and the complexity

of the utterance, the combination of my findings on the fully articulate baseline and

the pointing and presenting gestures in the noise setting suggest that the robot

attempting to clarify non-physical gestures with verbal descriptions—a common

human behavior (Fillmore, 1982)—would not improve the accuracy of the gesture.

Gestures for Obstructed Objects – In the no visibility level, where some blocks were

obscured by a partition, the number of correctly identified objects was significantly

lower for many gestures compared to the fully articulated baseline. Only the exhibiting

gesture maintained its effectiveness, since the robot grasped the object and exhibited

it above the partition for the participant to clearly see. In real-world applications,

the robot can take the perspective of its user (Trafton et al., 2005) to determine

whether a referent is obstructed and whether it is necessary to exhibit it for the
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listener. In a real world setting, results for the other gestures in the obstructed level

would be much lower, as participants in this study had the advantage of seeing an

accurate representation of the layout of the workspace beyond the partition on their

questionnaire. Although they could not see the gesture clearly, they could see enough

of the arm motion to make educated guesses as to the robot’s referent.

Diminishing Effectiveness of Multiple Object Gestures – The gestures that referred

to multiple objects were consistently less effective than other gestures and the fully

articulated baseline. This result is likely a product of the greater ambiguity inherent

in these gestures. Such ambiguity occasionally led participants to include objects

in the set that were not intended to be referenced. Because my objective measure

only counted the answers that were a perfect match to the intended blocks as correct,

participants’ answers which were a superset or subset of the intended blocks were

incorrect. The robot might correct the participant’s understanding of which blocks

should be included by engaging in repair, such as providing clarifications, which may

be considered less costly than precisely identifying the correct blocks the first time.

Expecting the listener to process and react to many objects they are expected to

identify and manipulate would likely result in high cognitive load, leading to greater

frustration with the robot (Morrison and Anglin, 2005). In the cases where identifying

only the correct objects is imperative, the robot might use a gesture intended for one

object multiple times.

In the distant from referrer and clustered objects settings, the low accuracy of

gestures is compounded. I found that gestures referring to multiple objects were

significantly less effective than gestures for a single object in both of these settings
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and required more precision than other settings did. Prior work provides support for

this observation; when objects are distant, humans use pointing gestures to indicate

a spatial region rather than a specific object, instead relying on speech to convey the

object (Bangerter, 2004). Likewise, when the robot finds itself working with objects

that may be difficult for the listener to disambiguate, either due to distance from

the robot or from other objects, the robot should rely on a combination of gesture

accompanied with speech to help identify the referents.

Consistent Accuracy of Exhibiting and Touching – In five of the settings, exhibiting

and touching maintained relatively consistent accuracy, almost always outperforming

the remaining gestures and baselines. Only in the distant from referrer level were

exhibiting and touching outperformed, and even then, this result was due to the

physical impossibility of these gestures in that setting. These results seem to support

the use of exhibiting and touching over pointing and presenting. However, while

exhibiting and touching more consistently supported accurate identification of the

referent, these gestures are more costly to execute, requiring the robot to physically

lift and/or to relocate to be within physical touch of the object, which places limits

on their use in real-world applications.

6.4.3 Limitations and Future Work

While I chose gestures and settings for my exploration based on a projection of what

might best serve the design of robot behavior, there are other gestures and settings

to explore. I did not explore how language, an integral part of deixis, influences the

effectiveness of gestures in these settings. Preliminary work has explored some of the
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issues regarding the influence of language on gestures (Lozano and Tversky, 2006),

but a more comprehensive exploration of this area is needed.

The choice of the robot might also have an impact on how gestures are interpreted,

as robot platforms vary in their ability to reproduce human gestures. For instance,

while the NAO used in this study has articulated fingers that allow it to grasp and

exhibit objects, these fingers are still substantially limited compared to human fingers.

Other robots may not have working hands or individual fingers, which would affect

how closely their gestures might resemble human gestures. Through iterative design,

I sought to design the robot’s gestures to mimic human gestures as closely as possible

in terms of the intended communication. While I chose to implement the gestures

used in this study through puppeteering, a Wizard-of-Oz technique, I hope to develop

a robust gesture synthesis system that enables robots to autonomously generate

accurate deictic gestures.

In the study, the robot’s references included only one gesture. However, commu-

nicating complex ideas might require the use of a sequence of gestures. Although

I expect my findings to generalize to independent evaluations of each gesture in a

sequence, further examination is necessary to conclusively understand how gestures

used in a sequence affect referential communication.

6.4.3.1 Gesture Adaptations for the NAO

While the NAO’s six degrees of freedom enable us to accurately recreate many of the

gestures, a few modifications were required due to the limitations of the platform, all

of which involved the NAO’s hands. The NAO has three fingers on each hand: two
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fingers with an opposable thumb. The thumb’s position is fixed such that it is always

opposable, making it impossible to achieve a flat hand that is similar to what is seen

in the presenting, touching, grouping and sweeping gestures. In these cases, I opened

all three of the NAO’s fingers to their fullest position to offer an intent similar to

those suggested by human gestures.

Additionally, the NAO’s fingers do not open and close independently of one

another. Instead, extending a single finger requires that all fingers be extended. In

the pointing gesture, which is often characterized by an extended index finger, I

chose to extend all fingers. To differentiate pointing from presenting, which naturally

has all fingers extended, I implemented presenting with the palm pointing entirely

upward, while the palm was perpendicular to the table for pointing gestures.

6.5 Study Conclusions

Human collaborations involve the use of deictic gestures, allowing speakers to direct

their collaborators’ attention to objects in the environment while reducing cognitive

load for themselves and their listeners. To function as competent collaborators, robots

will need to use deictic gestures to effectively direct the attention of their users toward

objects of joint interest, such as a collaborative robot using deictic gestures to draw a

manufacturing worker’s attention to a specific location in Section 1.1.2.2. Drawing

on literature on human communication, I designed a set of deictic gestures for the

NAO robot and specified a set of settings that provided a diverse set of conditions

in which humans and robots might engage in deictic communication. I conducted
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an exploratory human-robot interaction study that examined the communicative

accuracy and perceived effectiveness of these gestures against two verbal baselines and

how the setting of the communication affected these measures. The results suggest

many design implications regarding the use of gestures in each setting, including

what properties might make certain gestures more effective, the tradeoffs involved

in referring to multiple objects, the effects of noise on verbal deictic references, and

how gestures might function when objects are obscured. My findings suggest that

future iterations of collaborative robots should adaptively choose deictic gestures to

suit the needs of a particular context, enabling the robot to use effectively use deictic

gestures across a variety of domains.
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7 general discussion

In this dissertation, I have helped highlight some of the perceptions and expectations

users have of their collaborative robots. Inspired by scenarios similar to my field work,

I also studied three different collaborative behavioral cues, using hand-built models

of human data implemented on a robotic platform. In this chapter, I discuss the high

level points of this work, as well as highlight limitations that should be considered

when extending or interpreting this research.

7.1 Summary and Synthesis

This dissertation contains four studies, each of which contributes new findings towards

a better understanding of effective social behaviors for human-robot collaboration.

Below, I summarize these studies, highlight high-level contributions resulting from

these studies, and discuss how these contributions impact various domains and future

work.

To review, the findings of each of my studies are outlined below:

- Understanding the Reality of Collaborative Robots (Ch. 3): This

ethnographic examination of the implementation of collaborative robots into

three manufacturing sites resulted in several insights. These insights included

how the structure of a work cell changes when a collaborative robot is introduced,

and the social ramifications of a robot co-worker. For example, operators who

worked with the robot perceived the robot as a social entity, while other
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stakeholders (i.e., management and maintenance staff) perceived the robot as a

tool.

- Speech Patterns (Ch. 4): This study presented the design and implemen-

tation of Interaction Blocks, an authoring environment that enables users to

prototype and test human-robot speech interactions through the use of design

patterns. A user study highlighted the potential for the use of design patterns

and the workflow that my authoring environment promotes to design, prototype,

and evaluate interactions, enabling interaction designers to take advantage of

patterns to synthesize complex interactions.

- Instruction & Repair (Ch 5): The use of two different strategies for pro-

viding instructions—grouping and summarization—demonstrated that, when

the robot grouped instructions, participants completed the task faster but en-

countered more breakdowns. Additionally, summarization increased participant

rapport with the robot.

- Deictic Gestures (Ch 6): In addition to providing a set of deictic gestures

for robots, the results from this study suggest that there are many design impli-

cations regarding the use of gestures in different settings. These implications

include what properties might make some gestures more effective than others,

the tradeoffs to referring to multiple objects, and the use of deictic gestures

when objects are obscured.

The results of this dissertation demonstrate the necessity of implementing human-

like social cues on robots to achieve effective communication with human collaborative
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partners, similar to the human-human scenario discussed in Section 2.1. Each study

provides an example of how a particular social cue is used to communicate, such as

deictic gestures or speech patterns. As a consequence of this communication, humans

can then effectively coordinate their behavior with their robot counterparts. This

finding is perhaps most obvious in the ethnographic study, where operators described

how they used the robot’s gaze to discern where the robot would next move, allowing

the operators to work in a way that was complementary to the robot’s actions. How-

ever, results from the laboratory studies can also be used to achieve similarly natural

coordination. For example, the deictics study discussed the importance of deictic

gestures in human-human communication, helping to achieve fluid coordination by

augmenting or replacing speech, often performing as well as or better than verbal

communication alone (Goldin-Meadow, 1999; McNeil, 1992). By understanding how

to implement deictic gestures on robots and how gestures perform under particular

conditions, robots will be similarly capable of using deictic gestures to achieve more

natural and fluid coordination.

These findings also provide further support for the theories outlined in Section 2.1.1

when they are contextualized in human-robot collaboration. The theory of mental

models posits that robots which display more humanlike behaviors will evoke a more

natural and fluid response from their human partners. The findings of this dissertation

support this theory, with human partners preferring robots that demonstrate human-

like behavior. For example, workers in the ethnographic study repeatedly referred to

the robot’s humanlike gaze patterns and humanlike morphology as allowing them to

perceive the robot as humanlike. As a result, workers felt they could use the same
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behaviors to work around the robot as they would a human co-worker. Theory of mind

extends the idea of mental models, suggesting that humans will recognize intentional

agents and coordinate their future actions to accommodate for the agent’s actions.

The ethnographic study specifically highlights how the addition of social cues to a

collaborative robot can shape how humans perceive it, demonstrating how perceived

intentionality can make nearby workers feel safer. Participants in the instruction and

repair study recognized the intent of the robot to successfully lead them to completion

of the task, enabling the participants to ask questions as needed of the robot to

rectify breakdowns. Finally, the theory of embodied cognition suggests that robots

should produce social cues that consider their own capabilities, morphology, and

surrounding environment. The deictics study explored deictic gestures in a variety of

settings (e.g., noise, objects distant from referrer), and found significant differences

in how different gestures performed in different settings, suggesting the importance

of embodied cognition in choosing how to employ social cues.

The studies presented in Chapters 4, 5 and 6 each utilized hand-built models from

human-human data. This is counter to the trend in human-robot interaction research,

where models are built with an alternative to the heuristics-based modeling presented

in this dissertation. Instead, research often uses artificial intelligence techniques,

such as Bayesian inference, to build models from human-human data (Broz et al.,

2013; Hong et al., 2007; Huang and Mutlu, 2013; Lucignano et al., 2013), it was

surprising to see how appropriate the hand-built models generated were to the tasks

participants were presented with, and how these models were capable of revealing

contextual differences in how behavioral cues should be used. This work suggests
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that sometimes a simpler solution (i.e., hand-built models) can still present results

that provide powerful suggestions for the future of collaborative robot design.

Another general finding, particularly from the studies presented in Chapters 4, 5

and 6 is the contextual nature of using collaborative behaviors. The results presented

in this dissertation found that there is no single best strategic recommendation for

each behavioral cue. Rather, this dissertation makes recommendations about when

each strategy for a behavioral cue should be employed. While the idea of collabo-

rative robots was initially accomplished through improved sensing, this dissertation

acknowledges this improved sensing and requires that it be taken further to more fully

realize the vision of collaborative robots working effectively with human partners.

This finding also supports the need for more advanced sensing technology onboard

robotic platforms, which is discussed further in Section 7.2.4.2.

While this work was initially contextualized in the manufacturing domain in

Section 1.1, the findings presented in this dissertation are applicable to many additional

collaborative scenarios. In general, these scenarios would involve a human and robot

working together in a physical context toward some common goal, such as a robot

instructor helping a human student in a lab, a robot assistant aiding a human

in the home, or a small assistive robot supporting an astronaut in space. Each

of these scenarios requires the robot to communicate effectively with their human

partner, necessitating the use of various channels of communication, including speech,

instructional strategies, and gestures. Additionally, some of these results might

generalize to other situations outside of collaborative work where these same social

cues might be needed. For example, the speech patterns developed in Chapter 4
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were drawn from both conversational scenarios (e.g., interviews, storytelling) as well

as collaborative scenarios, and should be applicable to some conversational settings.

Deictic gestures can be used in a variety of conversational settings where it might be

beneficial to draw attention to an item or space, such as a robotic medical assistant

gesturing to specific instructions for a medication, potentially making these results

informative outside of collaborative scenarios. Future work should explore how these

behaviors translate to additional types of scenarios outside of collaborative scenarios.

The results presented here suggest key considerations for future work in human-

robot collaboration. First, further research in the realm of human-robot collaboration

should be cognizant of the role of the robot as a social agent, requiring similar social

behaviors as humans to achieve collaboration that is effective on both objective and

subjective measures. This insight encourages exploration of many facets of human

collaborative behavior, including a broader range of social cues than explored here.

As a corollary to this point, there will likely be instances where it is unclear which

social cue to use, such as the nuanced results of the deictics work where different

deictic gestures each had benefits and drawbacks. Future work on collaborative social

cues should strive to provide insights into potential tradeoffs of different approaches.

Additionally, a broader understanding of the tradeoffs in employing different social

cues would present an opportunity to construct a framework for collaborative scenarios

that could aid in understanding how results generalize to different settings, similar to

frameworks built for other domains (Rae et al., 2015). For example, if we have results

for a study performed with collaborative robots in the home, then those results might

translate to other contexts that share similar traits (e.g., types of people the robot
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interacts with, types of tasks performed), such as a retirement community, but not to

contexts that differ on many traits, such as military contexts. This framework might

also allow robot behavior designers to consider the tradeoffs of choosing different

social behaviors to accomplish a goal, such as efficiency versus maintaining rapport.

In the remainder of this section, I discuss some of the limitations of this work,

and opportunities for later work to build upon the research presented here. I focus

on the research context, methodological challenges, generalizability, and technical

challenges.

7.2 Limitations and Future Considerations

The studies in Chapters 4, 5, and 6 were inspired by scenarios such as the field

study outlined in Chapter 3. However, at the beginning of this dissertation work,

collaborative robots were not yet widely adopted, requiring me to choose behavioral

cues to focus on and conduct initial studies based on hypothetical scenarios that

collaborative robots might participate in. Section 7.2.1 will discuss this approach and

the possible limitations of it.

In this work, I made the decision to approach my research of particular behavioral

cues in a specific manner. In particular, I would first conduct some form of modeling

by hand, based on data and prior human-human literature. Using the resulting

model, I would examine that particular behavioral cue in a laboratory context by

implementing the model on an autonomous robot platform to conduct human-robot

interaction studies. The decision to conduct each step of the pipeline in this manner
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has ramifications about how this work should be interpreted. Limitations of the

methodology presented in this dissertation will be addressed in Section 7.2.2.

Each study presented in this dissertation was examined under only a single context.

For example, each study only looked at a single research platform, examined only

one type of experimental task, and only looked at each behavioral cue in a single

laboratory context. These decisions raise questions about the generalizability of the

results presented, and a discussion of how this work generalizes to other research

platforms, experimental tasks, and other domains will be addressed in Section 7.2.3.

Finally, the work presented highlights many technical challenges, both that I

personally encountered in conducting this research, but also technical challenges that

will need to be overcome to make collaborative robots a reality. Technical challenges

encountered in this work and an overview of how these challenges impact real-world

collaboration will be discussed in Section 7.2.4.

7.2.1 Research Context

The studies in this work were inspired by hypothetical future scenarios that collab-

orative robots are envisioned to serve in, similar to the field study conducted the

at the manufacturing plants presented in Chapter 3. While this work was inspired

by these types of scenarios, collaborative robots were not yet widely adopted at the

beginning of this work. As a result, the studies presented in Chapters 4, 5, and 6 were

designed in anticipation of hypothetical future scenarios, rather than informed by the

observation of collaborative robots in the real world, and the field study presented in

Chapter 3 was conducted after the studies on specific behavioral cues. Although these
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studies were not conducted in the ideal order (i.e., the ethnography first, followed

by the studies on specific behavioral cues), results of the field study did confirm the

need for work on the behaviors examined in Chapters 4, 5, and 6.

There are several technical challenges which must be overcome to realize the vision

of collaborative robots, which will be addressed in Section 7.2.4. As the technology

improves, collaborative robots will become capable of entering new domains, as well

as working more effectively in domains they are already participating in. As these

collaborative robots are equipped with new capabilities, future work should explore

the new or modified challenges that must be resolved to more effectively integrate

these robots as co-workers with human partners.

7.2.2 Methodological Challenges

In completing the work presented in this dissertation, I chose a specific set of

methodologies to complete my work. In particular, I used hand-based modeling,

examined each collaborative behavioral cue in the context of a laboratory setting,

and tested those cues on autonomous robot platforms in a human-robot interaction

experiment. Below, I address the limitations of the chosen methodological pipeline,

particularly in light of alternate methodologies.

7.2.2.1 Modeling Approach

Human collaborative behaviors are composed of a wide range of variables that are

highly interrelated. These variables might include external variables, such as the

environmental context in which the collaboration takes place, and internal variables,
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such as how multiple behavioral cues (e.g., gaze and gesture) are related. In this work,

I chose to focus on modeling a single behavioral cue, such as the speech patterns

presented in Chapter 4. Additional cues that are necessary to give the appearance

of a humanlike robot, such as gaze, were then modeled uniformly across different

implementations of that cue according to prior literature or observations from a

human-human dataset. While this approach does not take into account additional

variables, it does enable a systematic and focused understanding of each variable.

However, how the findings from these studies will translate to a real-world system

which must coordinate multiple behavioral cues simultaneously is unknown.

Another challenge in modeling human behavior is producing models with the

correct level of detail. In this work, an iterative process was used to identify and

capture the correct level of detail. This iteration occurred during the initial coding

process of the human-human data. I would watch the videos multiple times, noting

down interesting phenomena, in an attempt to capture the range of variables. These

phenomena would be refined over the course of additional videos into codes that were

then used to code all of the human-human data. Sometimes, after coding, further

refinement would discard codes that were rare occurrences in the human-human

dataset. While the resulting models for all three behavioral cues examined in this

work accurately modeled human behavior and provided interesting insights into how

a robot should behave during collaboration, the reliance on my own observations and

modeling approach does leave room for additional variables that were not obvious

to me. While the models presented in this work were sufficiently detailed to expose

interesting findings about how human-robot collaboration should occur, future work
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should focus on developing more nuanced modeling techniques to capture a greater

range of variable in the model.

7.2.2.2 Autonomous Platforms

The studies outlined in Chapters 4 and 5 use autonomous robot platforms, with the

robot acting based on human responses and actions. This autonomy was achieved

through constraining the scenario the participants completed during the experimental

task, limiting the possible scenarios and verbal responses the robot might encounter.

The use of an autonomous robot system allows participants to engage in an interaction

with the robot, creating a more authentic environment for the participant to evaluate.

While the autonomy of the system allows for more authentic interactions, it comes

at the expense of realistic interactions. For example, in the study on giving instructions

outlined in Chapter 5, participants were required to engage the robot verbally before

the robot would offer any feedback on the participant’s progress. This decision was

made because the robot could not assess the participant’s progress while actions were

still being performed, as a human instructor might, due to sensing limitations of the

system (e.g., the participant might be obstructing the sensor’s ability to accurately

detect the participant’s progress). Similar to the technological challenges facing

the widespread adoption of collaborative robots outlined in Section 7.2.1, several

technological advances are needed to enable increasingly realistic autonomous studies.

These issues will be addressed in Section 7.2.4.
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7.2.3 Generalizability

In particular, this section will address the generalizability of the results regarding

different research platforms, different tasks, and different research methodologies.

7.2.3.1 Research Platforms

While the robotic platforms explored in this work each possess a humanlike morphology,

there are many variations between these platforms in how that morphology is realized.

For example, the NAO and Baxter platforms each have a humanlike appearance.

However, among other differences, the NAO has three articulated fingers that move

together in a pinching motion, while Baxter’s end effectors are two planks that move

together in a pinching motion. Other platforms have similarly varying end effectors.

This difference in end effectors has implications for how the deictic gestures presented

in Chapter 6 will be implemented. For example, the NAO might be better able to

present a pointing motion with its more humanlike fingers than Baxter. Some of

the results from this dissertation, such as the work on speech patterns presented in

Chapter 4 and the work on instruction and repair presented in Chapter 5, are platform

agnostic. However, the field work presented in Chapter 3 focused on the Baxter

platform. While Baxter has a humanlike morphology, other types of collaborative

robots, such as collaborative robotic arms, only partially have a humanlike appearance.

As a result, only some parts of this work that are less integrated with a humanlike

morphology might be generalizable to these platforms, while other results may only

be partially applicable. Additionally, the work on deictic gestures presented in

Chapter 6 will require adapting the results for the particular robot platform they
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are implemented on, taking into account the type of end effectors the platform has.

Future work should consider a more thorough exploration of how these physical

differences impact the ability of designers to implement collaborative behaviors and,

in turn, how the effectiveness of these collaborative behaviors might change.

7.2.3.2 Experimental Tasks

A wide variety of tasks, all of which were modeled after a hypothetical collaborative

scenario, were used across the three studies described in Chapters 4, 5, and 6. Each

of these collaborative scenarios was meant to be representative of some, but not all,

collaborative tasks robots might encounter. As a result, it is unknown how these

results might translate to a new task, although some elements might translate well

based on the similarity of core elements of the task structure (e.g., participant roles,

task goal).

As part of integrating the results of this dissertation’s studies into future experi-

mental tasks, future work should explore a common design framework for collaborative

robot tasks that might help discover caveats and clarifications for how the results of

this dissertation’s work should be applied.

7.2.3.3 Research Methodology

The two approaches to research methodology used in this work, ethnographic field

studies and experimental laboratory studies, each offer different repercussions for

the generalizability of the results produced. Below, I discuss how each methodology

impacts generalizability, and where additional work might be needed to translate
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results from this dissertation to new domains or applications.

Field Study Setting: The ethnographic field study presented in Chapter 3

allows for a holistic examination of the reality of implementing collaborative robots

in the wild. This type of study enables researchers to focus on a specific setting,

such as collaborative robots in manufacturing settings, in an attempt to gain insights

about that particular setting. However, the focus on a single setting means that

ethnographic studies are not meant to be generalizable. Rather, ethnographic studies

serve as a way to gain deep, holistic insights into a particular setting, insights that

might spur research questions in the studied setting, or even similar types of settings.

As collaborative robots become more prevalent in additional settings, as well

as more technically sophisticated in how they are incorporated, future work should

corroborate, refine, and add to the theories presented in the field study component

of this dissertation. By seeking to better understand how humans are reacting to

collaborative robots in a variety of settings, we can better understand the broader

ramifications of collaborative robots across settings, as well as the challenges or

nuances of implementing these robots into particular types of settings. For example,

collaborative robots might be better received in situations where trust is less necessary,

such as in the workplace, while collaborative robots in high trust situations, such as

military or health settings, might be less welcome.

Laboratory Setting: The work presented in Chapters 4, 5, and 6 takes advantage

of controlled laboratory settings to test the impact of various collaborative behaviors.

This setting enables researchers to fix as many variables as possible in an attempt

to identify significant differences between the conditions studied. However, this
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approach presents threats to the ecological validity of the results, as experiments are

not performed under real world conditions. These concerns about ecological validity

must be weighed against the benefits from isolating and studying a single behavioral

cue in a laboratory setting.

As a result of the above concerns, additional work is needed to translate these

behaviors and validate the models and results in real world settings. Designers of

robot behaviors must be capable of using the findings of the studies presented in

this dissertation, as well as the contexts those studies were conducted under, to

inform their design choices when building a new robotic system, rather than simply

implementing the models presented.

7.2.4 Technical Challenges

While technological advancements now allow collaborative robots to work together

with humans in a limited way, there are still many technical challenges facing the

realization of collaborative robots. Below, I outline two categories of technical

challenges: challenges I encountered in pursuit of my research, and broader challenges

that prevent collaborative robots from fully working together with humans.

7.2.4.1 Technology for Autonomous Laboratory Studies

One challenge of building autonomous systems to test in laboratory settings is

balancing the desire for a realistic, interactive system with the limitations of current

technology. For example, speech generation and natural language processing are

both crucial to to facilitating a fluid and realistic interaction. However, commercial
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off-the-shelf products for natural language processing, such as the Microsoft Kinect or

the natural language processing available on robotic platforms, still have limitations

on the number of phrases they can recognize and their accuracy in distinguishing

shorter phrases (e.g., “This one” “These ones”). Additionally, speech generation

through a combination of a dialogue manager and text-to-speech technology is a

similarly open-ended problem. These challenges place necessary limits on the open-

ended nature of dialogue. To enable a fluid collaboration despite these limitations,

experimental tasks are designed to curtail some of the uncertainty that can occur. For

example, in the pipe task described in Chapter 5, the researcher verbally introduced

each type of piece to participants prior to the experiment. This step encouraged

participants to use the given name, rather than using their own descriptions of the

pieces.

In addition to speech, the vision capabilities of autonomous robot platforms,

achieved through the use of various sensors, are critical for processing changes in

the environment, including the user’s current state. In this work, vision was often

achieved through the use of the stereo camera available on the Microsoft Kinect.

While the Kinect was capable of sensing some desired properties of the environment

(e.g., where the participant was during a specific point of time in the interaction,

the placement of AR tags on the table), the current limitations of computer vision

required designing the task to circumvent them. For example, in the pipe task from

Chapter 5, the pipes used in the study had two small square boxes wrapped around

them, with AR tags affixed to each face of the box. This ensured that the AR tags

were readable by the vision system when layed on the table. Additionally, if the
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participant wanted to ask a question about a piece they had chosen, such as saying

“Is this the right pipe?” while holding the pipe, there was no guarantee that the

participant would hold the pipe such that the vision system could recognize it. Thus,

participants were instructed to lay pieces on the table prior to asking questions about

them.

Future laboratory studies in human-robot collaboration would benefit from in-

creased speech generational, natural language processing, and vision capabilities,

either placed on board the robotic platform, or in the form of off-the-shelf products

that can be used to augment and extend the robot’s capabilities. These systems would

allow researchers to ensure more natural interactions during experiments, without

needing to try and curtail or control the participant’s behaviors.

7.2.4.2 Technology for Real-World Collaborative Robots

While technological advances have enabled robots to collaborate with humans in

specific domains, additional advancements are needed to fully realize this vision. One

repercussion of the technical challenges outlined above is a limit to how interactive

collaborative robots can be when placed in the real world. Although laboratory

settings can circumvent some of the challenges of natural language processing through

task design, real-world applications present a level of uncertainty that makes this

solution untenable. Instead, current systems might either choose a select set of

keywords or phrases that the robot will recognize for functional purposes, or might

eliminate language completely in an effort to minimize user confusion about what

the robot will and will not recognize. One challenge facing future designers of
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collaborative robots is how to incorporate the recommendations for increased sociality

presented in this dissertation given the expansive and uncertain nature of social

dialogue. Currently, social dialogue systems tend to be situated in specific contexts

to limit this variability (Bickmore and Cassell, 2005; Foster et al., 2012).

Additionally, challenges with vision systems will also need to be addressed to

produce more effective collaborative robots. As shown in the field study, vision

systems on real-world collaborative robots are not yet sufficient for working in a

human environment that allows for slight variation. Instead, workers who incorporated

these robots strove to remove sources of uncertainty, particularly pertaining to the

vision system. Additionally, taking the input to a vision system and interpreting

the environment correctly, such as recognizing gestures (Mitra and Acharya, 2007;

Ren et al., 2013) or facial expression (Tian et al., 2011), can be difficult in real-time

environments where data is often noisy. In addition to recognizing human state and

intent, collaborative robots must also be capable of recognizing the objects they are

working with. Current vision systems require significant training data for real-world

object recognition. Future work on collaborative robots might require enabling those

who use collaborative robots to train their robot to recognize objects the robot is

expected to recognize and work with.

In light of the findings of this dissertation that behavioral cues should be applied

with different strategies depending on context, it is crucial that sensing technologies

improve. These improvements would allow robots to not only collaborate more fully

and fluidly with their human partners, but would also enable these robots to more

effectively utilize the models of collaborative behavioral cues presented in this work.
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8 conclusion

Technological advancements have helped realize the vision of collaborative robots,

allowing robotic technologies to work with human partners both in the workplace and

the home. The introduction of these robots has the potential to revolutionize the way

people complete physical tasks, but little is known about what expectations users

have of these robots, and how to design collaborative behaviors that allow robots to

seamlessly and effectively work with their human partners.

In this dissertation, I focused on understanding the perceptions and expectations

human users have for these collaborative robots, and then focusing on three behavioral

cues—speech patterns, instruction and repair, and deictic gestures—designed models

for these cues that could be implemented and tested on robotic platforms. Specifically,

this research has four contributions to the field of human-robot collaboration:

– Understanding of Real-World Collaborative Behaviors: Through study-

ing an environment where collaborative robots have already been introduced, a

grounded understanding of the needs, desires, and expectations users have for

collaborative robots.

– Computational Models of Human Collaborative Behaviors: Models of

how specific social cues are used, drawn from the literature and human-human

observations, that can be implemented on a robot.

– Contextualization of Behaviors and an Understanding of their Role

in Facilitating Interaction: An understanding of how the use of social cues
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might differ depending on contextual factors, and how this variation supports a

range of collaborative outcomes (e.g., time spent on task, rapport).

– Tools to Facilitate Developing and Testing Human-Robot Collabora-

tions: The synthesis of tools to enable a wide range of users to implement

social behaviors on collaborative robots.

The success of the hand-built models in this work suggests that this approach, as

compared to artificial intelligence techniques, has the potential to also produce valid

models that can be of use in classifying human behavior and in designing collaborative

robots. The results from this work also highlight the need for contextual awareness

when deciding how to employ a behavioral cue, suggesting that robotic technologies

could benefit from more sophisticated sensing technologies to achieve this awareness.

While future work will undoubtedly improve upon the results presented here, this

dissertation provides a foundation to build upon in understanding the implications of

collaborative robots working with humans, and in designing more refined collaborative

behaviors to enable robots to be more effective task partners.
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