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Abstract

This thesis addresses the problem of robots navigating in populated environments Because traditional
obstacle-avoidance algorithms do not di erentiate between people and other objectsni the environment,
this thesis argues that such methods do not produce socially acceptable results. Rathemlvots must detect
people in the environment and obey the social conventions that people use when maoyg around each other,
such as tending to the right side of a hallway and respecting the personal space ofhers. By moving in a
human-like manner, a robot will cause its actions to be easily understood and apgar predictable to people,
which will facilitate its ability to interact with people and thus to com plete its tasks.

We are interested in general spatial social tasks, such as navigating thumh a crowded hallway, as well
as more cooperative tasks, such as accompanying a person side-by-side. Wegmee a novel framework
for representing such tasks as a series of navigational constraints. In ptcular, we argue that each of the
following must be considered at the navigational level: the task de nition, sociel conventions, and e ciency
optimization. This thesis provides a theoretical basis for each of these categ@s. We propose to validate
this conceptual framework by using it to design a simple navigational algorihm that will allow a robot
to move through a populated environment while observing social conventions. W will then extend this
algorithm within the framework to allow a robot to escort a person side-by-side. Finally, we will examine
how human-like and appropriate the robot's behavior is in controlled user studes.
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1 Introduction

Robots that operate in the real world encounter people on a regular basis and mtiseact to them in some
way. Traditional robot control algorithms for local obstacle avoidance treat all unexpected sensor readings
identically: as objects that must be avoided. For a mobile robot that operates near and with people, however,
the traditional methods may not always produce socially acceptable results. Even aimple convention, such
as passing oncoming people in a hallway on the right, might not be honored by aave obstacle avoidance
algorithm.

In contrast, this thesis proposes to develop a framework for navigationahlgorithms that will be useful
in many instances of physical social interaction for robots, such as nagating through crowds or standing in
line. Speci cally, however, we are interested in highly cooperative tasks betweea person and a robot that
require physical interaction (movement) and are constrained by social conveions. Examples of such tasks
include:

accompanying a person side-by-side
following one another while driving
dancing

moving furniture

Tasks of these sorts can be described by a set of rules or conventions, such asimtaining a certain
distance from a walking partner or observing the personal space of others. Whilehese rules can and have
been implemented as individual ad-hoc behaviors layered above a low-level navigatial algorithm, we argue
that doing so fails to account for the interplay between the di erent conventions. Rather, we argue that these
rules can be elegantly expressed as simple constraints on the robot's navii@n, in a uni ed manner. For
the social tasks we are interested in, we argue that the necessary constraingse described by the following
categories:

Task de nition. Each task may be comprised of various rules or conventions that are speci ca the
task, such as maintaining a certain interpersonal distance when accompanying person or responding
to a dance partner's movements appropriately. In addition, many social tasks Bare common rules,
such as obstacle avoidance.

Societal conventions. Certain behaviors are de ned purely by societal or cultural norms. Examples
of these types of conventions include which side of the hallway to walk on and thsize and shape of
personal space.

Furthermore, we argue that the human-like behavior can be achieved by combining thas constraints with
e ciency considerations . People are adept at minimizing e ort, and we argue that many of the conventions
associated with these tasks can be described as an attempt to minimize e ortjncluding both physical
exertion and communication requirements. In particular, for cooperative taks, people attempt to minimize
joint e ort , accounting for the e ort required by both partners in the task.

This thesis will demonstrate that robots can be made to participate in these coperative tasks with people
by de ning the appropriate constraints on the robot's navigational algorit hm and that these categories of
constraints are su cient to produce natural, predictable, and understandable robot behavior.

1.1 Motivation

We are interested in improving social human{robot interaction. As technology develops and robots become
increasingly prevalent, more and more robots will be operating with and aound people who may not be
trained in the technology. Allowing these human{robot interactions to proceed snoothly is of utmost impor-
tance, particularly in light of recent psychological studies demonstrating that the increased energy demands
of ine cient social coordination continue to impact people well after the intera ction is over (Finkel et al.,



2006). Our approach to improving human{robot interaction is to create social robots, robots that behave
according to human social conventions and move in predictable and easily understoodays.

In particular, we wish to address the idea of a highly cooperative robot that cama accompany a person
side-by-side, either escorting the person or following her movements. We consider thelliowing two scenarios
as motivation for this focus.

Scenario 1 (A smart shopping cart) Alice checks out her SmartCart as she enters the grocery ster
She enters her shopping list, and the cart immediately planthe optimal path through the store. The cart
begins driving autonomously through the aisles, stoppingh&never it encounters an item on Alice's list. The
cart gracefully navigates around the other shoppers and ctinually watches that Alice is still following. When
Alice remembers an item she forgot to place on her list, she tas around to return to the necessary aisle. The
cart notices this, and switches into intelligent followingmode. When space allows, the cart travels next to
Alice in order to remain within her eld of view and provide assurance that it is following her correctly, though
it falls behind her as necessary to allow other shoppers to $® Once Alice has retrieved her forgotten item,
she pushes the cart forward, putting it back into leading mas The cart replans its path for the remaining
items, and continues on its way.

Scenario 2 (A hospital and nursing home assistant) Bill has recently entered the assisted living re-
tirement home, and he has made little e ort to interact with the other residents. He has trouble nding his
way around but is too embarrassed to ask for help. Noticing fiwithdrawal from other people, the home's
sta sends the robotic assistant to his room to ask him if he wold like to visit with other residents. Bill
agrees, and the robot leads him to the common social room, wieehe is able to interact with others. When
he grows tired, the robot gently leads him back to his room.

In both scenarios, the robot must navigate with and around people who not onlyare not trained roboticists
but also may have very little familiarity with technology in general. In order for the robot's behavior to be
successful, it must move in a way that is predictable and easily understandable to sucheople.

1.2 Hypothesis

This thesis argues that we can model social movement behaviors, such as observipgrsonal space or ac-
companying a person side-by-side, as navigational constraints. That is, weypothesize that the proposed
framework can be used to produce human-like behaviors in social robots. Furthemore, this thesis hy-
pothesizes that adding such constraints will improve people's perceptions of rolianavigation in terms of
human-likeness, comfort, and personal preference for the robot's behavior, over wigational methods that
do not explicitly account for social conventions.

1.3 Approach

Our general approach is to study human{human interaction through both literatur e and direct observations,
look for similarities in behaviors across di erent people and interactin tasks, and use design principles to
apply these behaviors to human{robot interaction. We then analyze the robot'sbehavior in human studies
and use the results to further inform our design. The proposed work is based on our i work observing how
people walk together and our studies of human{robot interaction, particularly our investigation of people's
perceptions of a person-following robot. From this work, we have developed thdask, Convention, and
E ciency (TCE) framework for representing spatial social tasks. We propose to validate this framework
with a simple spatial social navigational algorithm that allows a robot to navigate autonomously while
observing social conventions, and then extend this algorithm to allow a robotto perform the cooperative
task of escorting a person side-by-side. We will evaluate both of these algtinms in human{robot interaction
experiments.



1.4 Expected contributions
This thesis will contribute the following:

1. a framework for representing physical social tasks and conventions as cdraints to robot navigation
(the TCE framework);

2. a exible obstacle avoidance algorithm designed within the TCE framework tha will allow a robot to
navigate around people while observing human social conventions;

3. an implementation of a side-by-side escorting algorithm for a mobile robt, again within the TCE
framework; and

4. evaluations of the human{robot interaction for both the basic navigation and the side-by-side escorting
algorithms.



2 Related work

This thesis draws on work from many elds, including human and social psychologyrobot navigation, and
human{robot collaboration.

2.1 Human movement and interaction

When two people walk together, they coordinate their movements with each other whi¢ observing many
social conventions, such as what distance to keep from each other and how to indiGaivhen to turn or stop.
Despite the complexity of such interpersonal coordination, very little reseach has been done to determine
exactly what people do and what social conventions they follow (Ducourant et al.2005; Marsh et al., 2006).

One aspect of social conventions for spatial interaction that has been widely stied is the idea of personal
space, orproxemics (Hall, 1966, 1974; Mishra, 1983; Aiello, 1987; Burgoon et al., 189). According to Hall
(1966), people maintain di erent culturally de ned interpersonal distances from each other, depending on
the type of interaction and the relationship between the people. Speci cally, Halldi erentiated between four
di erent \zones" as follows:

Intimate : from close physical contact to about 0.5m apart
Personal: friendly interaction at \arm's length," 0.5{1m
Social: business interaction, 1{4m

Public: speaking to a crowd, more than 4m away

For this thesis, we are particularly interested in the zone of personal space, asis a culturally de ned
zone of \spatial insulation" that people maintain around themselves and others Burgoon et al., 1989).
Research has indicated that the shape of personal space is asymmetric for botipproach distances (Ashton
and Shaw, 1980) and standing in line (Nakauchi and Simmons, 2000); the approxiate shape of personal
space is shown in Figure 1. The exact size of personal space is not constant and elis across cultures and
familiarity groups (Baxter, 1970; Burgess, 1983). Furthermore, the ste and shape of personal space changes
based on walking speed, foreknowledge of obstacles’ movements, and other mentakks being performed
while walking (Gerin-Lajoie et al., 2005). Finally, the size of persond space tends to be smaller between
people performing a cooperative task than a competitive one (Burgoon et al 1989). That is, personal space
is a cultural construct that varies across di erent situations.

When people interact with each other, the interaction may take the form of an intentional, focused
interaction, such as a conversation, or it may be non-intimate, or even adveraial. Examples of non-intimate
social interactions include how crowds gather (McPhail and Wohlstein, 1986) and whiasocial conventions
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Figure 1: The approximate shape of a person's personal space. Fron tal distance is the greatest, while
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are used when pedestrians pass each other, such as moving to one side, smiling, gmaring the passing
person (Wol nger, 1995; Patterson et al., 2002). Other social conventionaised in non-intimate interactions
include the tendency (in America, at least) to walk on the right side of a hallway a sidewalk (Whyte,
1988; Bitgood and Dukes, 2006). Most of these studies investigated thesetéractions from an individual's
standpoint, rather than attempting to understand the joint actions. In contras t, Ducourant et al. (2005)
studied how people attempt to break or maintain interpersonal distance when facingeach other, in an
adversarial situation.

Most studies of human interaction, however, have examined focused interactions, lven two or more
people intentionally engage in face-to-face conversations. For example, Kendon at@rber (1990) studied the
individual actions people perform when greeting one another, such as waving or noddingie's head. Studies
of people involved in conversation have shown that conversational partneranintentionally become entrained
and mimic each others' posture (Shockley et al., 2003; Richardson et al.,0®5). A large body of research has
examined how people form and maintaincommon ground the shared knowledge and suppositions between
conversational partners (Clark and Brennan, 1991; Clark, 1996). Clark {996) divides common ground into
three components:

Initial common ground. Initial common ground includes all of the background facts and assumptions
made by the participants. Knowledge of societal conventions fall into this caegory.

Current state of the joint activity. Each participant has a mental representation of the state of the
conversation, including what each believes the other knows.

Public events so far. This category includes both historical events that each partner may be expected
to know as well as the history of their joint activity up to the current state.

While the idea of common ground has traditionally been applied only to conversatnal interactions,
recent research has begun to extend the concept to any type of joint activity. In paticular, successful
joint activity requires not only common ground, but also the abilities to predict and to direct the other's
actions (Klein et al., 2005; Sebanz et al., 2006). Additional research has prodgied insight into how people
automatically predict many aspects of what others are going to do (Frith and Fith, 2006). We extend
common ground theory to human{robot interactions, and in particular we argue that a robot's physical
behavior can be used to build common ground with people.

A nal related area of psychology research is on e ciency, in terms of both economyof movement and
also collaborative e ort. People are remarkably e cient at minimizing energ y expenditure in their physical
actions (Sparrow and Newell, 1998). For example, studies conducted in malls indicatéhat people determine
which side of the corridor they walk on and which direction they turn at intersections based on minimizing
the required number of steps they must take (Bitgood and Dukes, 2006). Furthermee, even in conversation
people attempt to minimize e ort, as described by the Principle of Least Collaborative E ort:

The principle of least collaborative e ort: In conversation, the participants try to minimize their
collaborative e ort|the work that both do from the initiation of each co ntribution to its mutual
acceptance. (Clark and Brennan, 1991, p.226)

Klein et al. (2005) extends this concept by arguing that any time two people begin a ctlaborative process
they not only attempt to minimize their joint e ort but also enter a \basic compact, " a tacit agreement
that they will do so. Each person can thus assume that the other will put forth the required e ort to
collaborate. This idea can be applied to people who are walking together; once twpeople begin to walk
with the intention of walking together, each can assume that the other will cantinually take the necessary
actions to maintain their partnership. Gilbert (1990) terms the state of such people a \plural subject" to
indicate their mutual obligations to each other.

2.2 Robot navigation

A second area of research related to this thesis is the topic of robot navigain, both for general obstacle
avoidance and for speci ¢ tasks involving human interaction.



A mobile robot must be able to avoid obstacles in its environment, and maw di erent algorithms for
obstacle avoidance have been developed. Traditional algorithms for local obstée avoidance include the Ar-
ti cial Potential Field method (Khatib, 1986) and its extension, the Vector His togram approach (Borenstein
and Koren, 1989). In both of these methods, obstacles exert a virtual force on theobot, which allows the
robot to avoid collisions. However, these methods consider all obstacles asasit and do not account for
vehicle dynamics. Obstacle avoidance algorithms that account for vehicle dynamicsush as how quickly the
robot can accelerate or decelerate, include the Dynamic Window Approach (Fox et al., 997), the Curvature
Velocity Method (Simmons, 1996), the Lane-Curvature Method (Ko and Simmons, 198), and LaValle and
Ku ner's randomized kinodynamic planning using Rapidly-exploring Random Trees (RRTs) (1999). Algo-
rithms that account for obstacles that may be moving throughout the environment include the Velocity
Obstacle approach (Fiorini and Shiller, 1998), Partial Motion Planning (L augier et al., 2005), which uses
RRTs to nd the best partial motion to a goal within some time period, and Re ective Navigation (Kluge,
2003). Finally, several approaches consider both vehicle dynamics and dynamic olasfes, including Castro
et al.'s use of Velocity Obstacles within the robot's Dynamic Window (2002), Foka and Trahanias's predic-
tive navigation (2003), and Owen and Montano's planning in velocity space (B05). A summary of these
methods is shown in Table 1. While any of these algorithms can be used to produceawrying degrees of safe
and e ective obstacle avoidance, none of them explicitly account for the pre-established sial conventions
that people use when moving around each other.

A number of methods have been developed to allow robots to navigate around peopie speci c, typically
non-generalizable, tasks. Some of these tasks include tending toward the right sidé a hallway, particularly
when passing people (Olivera and Simmons, 2002; Pacchierotti et al., 2005a,l§tanding in line (Nakauchi
and Simmons, 2000), and approaching people to join conversational groups (faus et al., 2004). Museum
tour guide robots are often given the capability to detect and attempt to deal with people who are blocking
their paths (Burgard et al., 1999; Thrun et al., 1999). Algorithms developedfor the robot Grace allowed it
to navigate a conference hall, ride an elevator, and stand in line to register foa conference (Simmons et al.,
2003). Prassler et al. (2002) demonstrated a robotic wheelchair that canollow next to a person, but their
method does not account for social cues the human might use or allow for any sotieteraction. Sviestins
et al. (2007) have begun investigating how a robot might adapt its speed whenraveling next to a person,
but have obtained mixed results even in a controlled laboratory setting. In corrast, this thesis presents
a generalized framework for integrating multiple social conventions into arobot's behavior, thus producing
more natural and understandable robot movement.

Recent work by Sisbot et al. (2006a,b) has addressed questions similar to ouma in developing a robot
navigational algorithm that considers the presence of people when planning paths througthe environment.
Their work considers the safety and reliability of the robot's movement as wdlas its \user friendliness"|that
is, how well the robot respects human social conventions. One way in which theyra addressing this idea
of \user friendliness" is through experimental studies to determine how people prefer tde approached by a
robot, in terms of both distance and direction (Walters et al., 2005). In contrast, we are proposing a more
general framework for representing spatial social tasks, which we believeillvallow our work to address a
wider range of social situations.

Extending any navigational algorithm to account for people requires the ability to identify and track
which sensor readings correspond to people. Many di erent ways of identifying andracking people have
been proposed, including using vision for color-blob tracking (Schlegel et al., 189, using vision to track faces
(Sidenbladh et al., 1999), and various laser-based methods (Castro et al., 200Kluge et al., 2001b; Schulz
et al., 2003; Topp and Christensen, 2005; Cui et al., 2006), including our own pdicle- Iter-based technique
(Gockley et al., 2007). All of these methods have various benets and shortcomigs. All camera-based
methods su er when exposed to variable lighting conditions, and face-tracking methds work only when the
person is facing the robot, which is not necessarily the case in social humargbot interaction. Methods
that use a laser range nder typically cannot accurately di erentiate between people and oher objects.
Perhaps more promising are multi-sensor methods that combine information fronboth a camera and a laser
range nder (Kleinehagenbrock et al., 2002; Kobilarov et al., 2006; Michalowskiand Simmons, 2006). Other
researchers have investigated the use of radio tags to track people (Bianco at., 2003; Kanda et al., 2003),



"A8go A3y1 SUONUSBAUOD [BID0S JBeUM SE [|[M SB S3|9BISCO dlWeulip

10 SO IwreuAp 9|21yaA 1oy unodoe Apoidxa Aayl Jaylaym Buipnjoul ‘swy 1i0Be [euonebineu 10qoJ JUBAS|D) BWOS JO Arewwns T ajqeL
dnoib e Buueug ON ON (y002) ‘e 18 sneyyvy SWIBISAS [ealwreuiq
auj| ul Buipuers ON ON (0002) suowwis pue |yonexeN Buipueis-aun
a|doad o1 Aujigisin ON ON (99002) ‘Ie 18 10qsIS uonebineN alemy-uewny

Wbl ay1 uo Buissed SoA ON (9'e5002) ‘e 1@ mouaiyazoed abessed uosiad
1ybu ay) uo Buissed ON SBA (2002) suowwis pue eIBAIIO IND1 p3 PO
QUON SOA SOA (5002) ourUO\ pue uamQ Buluue|q aoeds Auoojan
SUON SOA SOA (£002) selueyei] pue ejoH uonebineN aAnoIpald
3UON SOA S9A (2002) ‘le 19 onseD OA pue Md pauiquod
SUON SOA ON (£002) abnpy uonebineN aAnoo oy
QUON SOA ON (5002) ‘e 10 JaibneT Buiuue|q uono ensed
BUON SOA ON (866T) J2II1YS pue luuol (OA) 819e1sqO Al00IBA
BUON ON SOA (666T) Jau Ny pue ajeAe | Buluue|d slwreuApoury paziwopuey
QUON ON SOA (866T) suowwis pue o (IND1) POUIBIN ainTenIn)-aueT]
SUON ON SaA (966T) suowwis | (IWAD) POYBN AlID0jaA ainjeaind
3UON ON S9A (£66T) Ie 12 X0 (Ma) mopuipn dlweuAq
BUON ON ON (686T) UaI0Y| pue ulgISUBIOYg swelbo1siH 10109/
BUON ON ON (986T) gney plald [enualod [elo Iy
SUONUAAUO) [eI00S | S8jorISqO dlweuAq | solweuAq ajdIyaA aoualsjey wiyioby




but these methods do not provide very accurate position information and also reque instrumenting the
person with sensors. As we will discuss in Section 5.1.1, our focus is not ohé sensing problem as such,
and so we will rely as much as possible on these existing identi cation and &cking methods.

An additional aspect of understanding how a robot should navigate around people invives learning
people's behaviors. Several approaches have been proposed, though the typical methodtasuse o -line
learning techniques to build a map of \common" destination points for people in the environment, and then
use this map to augment both on-line person-tracking and navigation (e.g. Benneiiz et al., 2003, 2005; Bruce
and Gordon, 2004; Foka, 2005). While these methods have been shown to improperson-tracking, we have
not found evidence that this process is necessary for appropriate navigation around ppte. Furthermore,
such methods are useful only in familiar environments. In contrast, we aritipate that observing social
conventions and treating people as social entities rather than obstacles will & su cient for appropriate
navigation.

Finally, multi-robot collaborative navigation is also potential ly relevant to this thesis. In particular,
algorithms developed for formation-keeping (e.g. Balch and Arkin, 1998; Cgin and Parker, 2002) may
provide insight into how a robot and a person may travel side-by-side. Howeverformation-keeping methods
are typically reactive, behavior-based algorithms that do not incorporate gbbal aspects of obstacle avoidance
and path planning, which we believe is a key aspect of the social navigation probm because of how people
behave (see Section 5).

2.3 Social human{robot collaboration

Since we are interested in socially collaborative tasks, such as wallg together side-by-side, a nal related
area of research is the eld of human{robot collaboration. However, unlike ar proposed work, human{
robot collaboration research has typically focused on conversational-fye interaction with a stationary robot

(e.g. Trafton et al., 2005; Ho man and Breazeal, 2004; Sidner and Dzikovsk, 2002). Ikeura et al. (1994)
investigated cooperative object manipulation between a person and a robatiarm, and found that for that

type of physical collaboration people preferred for the robot to behave ina human-like manner.

Forming common ground between a person and a robot can also be viewed as a ablbrative activity.
As with the human psychological literature, much of the work on forming common ground in human{robot
interaction focuses on conversational dialog (Powers et al., 2005; Li etla 2006). Our own prior work
shows that some degree of common ground can be formed through the robot's uséamotional expressions
(Gockley et al., 2006a). Stubbs et al. (2006) iterates how problems in groundingpetween people and robots
can hinder human{robot collaboration, reinforcing the need for successful grounding process. Finally,
Klein et al. (2005) discusses some of the steps necessary to extend the idea of commeougd theory to
joint activity between agents, such as creating agents that act predictably and gnal their intentions.

Other research on socially collaborative robots includes areas such as sharattention based on gaze
tracking (Kozima et al., 2003; Yamato et al., 2004) and perspective-taking (Trafton et al., 2005). While
either of these aspects of interaction may be necessary for a fully competent satisystem, they are not
a focus of this thesis. Somewhat more relevant may be research into behavioeacognition, particularly
regarding typical behaviors in public environments (Kluge et al.,, 2001a). Forexample, a robot that is
traveling side-by-side with a person may need to di erentiate between behaviorsgch as the person stopping
to talk with a friend versus stopping because he is feeling ill. However, this thesidoes not intend to address
this particular aspect of interaction. Rather, for the current work, we expect that reacting to people in
socially appropriate ways will be su cient for navigation, as mentioned pr eviously.



3 General approach

Our general approach is to use psychological literature and ethnographic methodoldgs to understand how
human{robot interactions should occur. That is, we begin by studying ways that people interact with each
other in particular situations. We look for commonalities across tasks i order to generate a uni ed framework
for social tasks, with which we can implement human-like robotic behavies. Finally, we run human studies
experiments to determine whether the robot's behavior is human-like and how peoplenterpret and react to
the robot's behavior.

In particular, we are interested in spatial social tasks, that is, tasks that require the robot to navigate
with and around people. Such tasks include traveling through populated environmentssuch as a medicine
delivery robot in a hospital, as well as cooperative tasks, such as accompging a person side-by-side.

3.1 Navigating with and around people

Navigating around people requires that the robot be able to detect and interpret themovements of people in
the environment. Because of existing social conventions, the robot must be ablto treat people di erently
than inanimate objects. In particular, the robot must be able to:

detect the locations of static obstacles in the environment, such as walls, clis, doors, and so on;

detect the current location, track the velocity, and be able to predict the future traj ectory of mobile
obstacles in the environment; and

identify (with some degree of con dence) which obstacles are people, so that the robahay follow the
appropriate social conventions.

The robot must navigate in a way that is predictable and easily understood by pegple in the environment.
The robot's ability to observe and respond to social conventions will sere to foster common ground between
people and the robot, allowing people to make assumptions about the roba’'behavior and respond correctly
to the robot's movements. This will allow both the robot and nearby people to move safely and e ciently
through the environment.

3.2 Task, Conventions, and E ciency (TCE) framework

This proposal argues that spatial social tasks must be implemented at the nagational level, accounting
for the task de nition, societal conventions, and e ciency constraints. Prelimina ry evidence indicates that
these categories are su cient to produce natural, human-like behavior in social rdbots. Here, we draw from
the theory presented in Section 2 to provide a basis for this conceptual framework.

3.2.1 Task de nition

Every spatial task has a goal, such as \travel from point A to point B" or \follow one meter behind this
person." The components of this goal can be enumerated as a series of constrarthat together de ne
the task. In addition, many tasks have common constraints. In particular, obstacle avoidance is almost
universally a component of social spatial tasks, though one can imagine t&s in which other components
of the goal do require the robot to physically contact some object (to retrieve or examine it, for example).
Another component common to many social spatial tasks is the idea of maintaing a certain distance from
a person, such as is the case for following behind someone, walking next to someg or even standing in
line. Other task constraints will need to be enumerated for individual tasks.

In traditional robot control architectures, obstacle avoidance is handled as dow-level navigational method
onto which complex tasks are built. However, to create human-like social behawrs, other aspects of the task
must often in uence the obstacle avoidance behavior. For example, if the task requirethe robot to maintain
a certain lateral distance from a person, the robot must use this constraint b determine how tojointly pass
an obstacle with its partner. To best integrate these di erent task components, then, the constraints must be
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implemented at the navigational level. For example, obstacle avoidance can be ipfemented by constraining
the robot's allowable velocities to those that will not produce a collisionin some time frame. Similarly, a
robot can follow a person by constraining its velocity to match that of the person. More complex tasks will
require more complex constraints. Following a path may map to multiple consraints, such as minimizing

deviation from the current preferred heading and biasing the robot's movements in dvor of future path

segments (e.g. anticipating turns).

3.2.2 Societal conventions

As discussed in Section 2.1, people use a variety of conventions when interactingtivone another, and many
of these conventions are purely societally de ned. For example, while most cultures haveome concept of
\personal space," the size and shape of this space varies from culture to culture. Sitarly, while Americans
may tend to walk on the right side of a hallway, many Asian cultures tend to walk on the left side. Such
conventions have no direct relevance to spatial tasks|one can travel from point A to point B on either side
of a hallway|but failing to follow them will likely confuse other people in the en vironment. The ability to
follow these conventions, then, is necessary to complete spatial tasks in a sally acceptable manner.

As with the task de nition, societal conventions can also be expressed as navigianal constraints. Per-
sonal space is simply an extension of general obstacle avoidance; the robot's aeity must be further con-
strained to avoid the personal space \zones" around people in the environment. Tendg to the right side of
a hallway can be represented as a constraint that values free space on the rightare highly than space on
the left. Other societal conventions can be represented similarly.

Di erent tasks may require knowledge of dierent sets of conventions; a roba navigating through a
sparsely occupied hallway may need to know less of human behavior than a robot accanying a person
around a crowded shopping area. We can learn what societal conventions are relevaiat any particular task
through existing sociological literature or through ethnographic observatians.

3.2.3 E ciency optimization

Finally, we argue that all aspects of navigating in a human-like manner that ae not subsumed by the task
de nition or societal conventions fall under the category ofe ciency . As we discussed, people are remarkably
e cient, from choosing walking paths that minimize metabolic energy to constructing dialog that minimizes
mental e ort for both the speaker and the listener. To navigate with and around people in a natural and
predictable manner, then, a robot should also attempt to minimize its required e ort.

The idea of e ciency encompasses a wide range of constraints, including movement constras, such
as the e ort required by the robot to travel a certain distance, turn, accelerate, or decelerate. For social
tasks, the e ciency considerations must also include the communicative e orts of interacting with people.
Finally, for cooperative tasks, the robot may also need to consider the humals e ort|that is, the robot
must attempt to optimize the joint e ort between itself and its human partner, in holding with the Principle
of Least Collaborative E ort discussed in Section 2.1.

3.3 Example 1: Vehicle caravan

To better understand these categories of constraints, consider the case of a vehicle asan. The task
de nition is that one car must lead another to some nal destination. Societal conventions dictate that
the cars must both travel on the right side of the street, stop for stop sgns and red lights, obey the speed
limit, and so on. E ciency requires that the leading car consider the following car's e ort when determining
its own actions. If the leading car approaches a tra c light as it turns yellow, then from the single car's
perspective accelerating through the light may be less e ort than attempting to stop the car. However, when
considering the task of remaining in a caravan, the rst car must consider the followng car's ability to also
pass through the light before it turns red. From an e ciency standpoint, if the second car is dynamically
constrained so that it is unable to accelerate fast enough but the rst car travels thraugh the intersection
regardless, then the rst car must exert additional e ort to wait after the light for the second car to proceed,
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or else the task will fail. In this case, joint e ort of both cars would have been less if the rst car had stopped
at the light.

3.4 Example 2: Standing in line

As another example, consider the more complex case of a customer checking out at a grocstgre. The task
de nition requires that he must pass by one (of many) check out counters, where he wilpay for his items.
To get to the counter, he must wait in line, which can be viewed in a high-level sense as ciency|jointly,
everyone will be less e cient if he attempts to cut in lineJor perhaps more simply as another aspect of
the task de nition, in which the presence of other people constrain his access to the counterWhich line
he selects depends on his calculation of e ciency, which may include a trade-o between the timeequired
to examine each line versus choosing the shortest line that is also the closesHow he actually positions
himself in line is based on societal conventions of personal space, which keep himorh running into others
and also allow him to move forward (in pursuit of his goal of the counter) when the line moves. Because of
his continual attempt to optimize his e ciency, this framework additionally accoun ts for behaviors such as
switching to a di erent line if the selected one is seen as moving too slowly accding to his e ciency model.
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4 Previous work

We use our previous work with social robots to inform our general approach asvell as provide a basis for
our proposed work.

4.1 A ective modeling

One of our rst studies in social human{robot interaction involved understanding how people react to a robot
that displays moods and emotions. This study utilized the Roboceptionist platform, a robot stationed near
a building entrance that interacts with visitors to provide information as well as entertainment (Gockley
et al., 2005). The Roboceptionist is shown in Figure 2. This platform wasadvantageous due both to its
ability to display a wide range of facial expressions and to its frequent and unstictured interactions with
many people over a long period of time.

4.1.1 Generative model

We developed a generative model of a ect for social robots (Gockley et al., ZIBb), drawing from psychological
theories on human interaction. In particular, we chose to model a ect according tothe following de nitions,
as categorized by Scherer (2000):

Aect. Aectis ageneral term relating to emotions, moods, and other such states with arying degrees of
positivity or negativity|that is, states with  valence

Emotions. An emotion, or \emotional response," is an immediate a ective response to he evaluation of
some event (or other stimuli) as being of major signi cance. While psychologits may debate whether
emotions have distinct facial responses (see e.g. lzard, 1994; Russell et alQ03), for our purposes
emotions are meaningless unless they result in some outward change in the robahcluding facial,
vocal, or behavioral modi cations. We modeled emotions as facial expressiondhat are triggered by
statements made by visitors to the Roboceptionist, producing expressions suchsathose shown in
Figure 3.

Moods. Moods are more \di use" a ective states (Scherer, 2000) that typically do not have a single an-
tecedent. They are typically of lower intensity than emotions and have fairly low variance over the

Figure 2: The Roboceptionist robot in its booth.
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Figure 3: Interpolation of emotional expressions between neu tral (far left) and very angry (far right).

course of a single day. Moods may be caused by any number of things, including changasphysiolog-
ical state (such as lack of sleep or iliness), rapidly occurring emotional rggnses, or complex cognition
regarding emotional life events (Ekman, 1994; Lazarus, 1994). The Robocephist's moods are trig-
gered by its \life" events (as determined by the dramatic writers), and its moods both in uence and
are in uenced by the robot's emotions.

Attitudes.  An attitude is an amalgamation of emotions experienced with a particular peson (or thing),
re ecting one's relationship with that person over time. Attitudes may change due to emotions inspired
by the focus of the attitude, co-experienced emotional events, and the frequency and duratioof the
relationship. A person's attitude toward a conversational partner can in uence mary aspects of the
conversation; for example, people are less likely to express emotions in the pegge of strangers (Wagner
and Smith, 1991). Attitudes are a key part of long-term relationships. In our model, attitudes are
formed toward people over the course of their interactions with the robot.

Further details of the a ective model, including mathematical equations and examples, ca be found in
Gockley et al. (2006b). Currently, the robot's a ective state in uences its facial expression but does not
otherwise alter the robot's behavior. More natural behaviors could be producedy using the robot's a ect
to constrain its behaviors|physical or verbal|using the proposed TCE framewo rk.

4.1.2 Interactions with a moody robot

To begin validation of the a ective model, we investigated how people reactedto the robot's displays of
emotions and moods. In particular, we changed the robot's facial expressionot display di erent moods
(positive/happy and negative/sad) and measured how people's interactions with he robot changed. We
measured how many people interacted with the robot and how long they spent typing o it. In addition,
at several points during the study we conducted surveys of people who had interacted witthe robot. Full
results from the study are reported in Gockley et al. (2006a). We found thathow people's interaction
patterns changed was highly in uenced by their prior familiarity with the robot. V isitors to the university,
who likely had less familiarity with the robot, tended to interact with the robot more often and for longer
periods when it displayed either emotion rather than a neutral expression. In contras people who were
more familiar with the robot interacted more often but for shorter periods of time when the robot appeared
happy than in either other condition. This nding, combined with the results from the survey s, is consistent
with the idea that the robot's apparent mood in uences the amount of common ground pele feel with the
robot. For this thesis, we argue that this grounding process can be extended to includetioer aspects of the
robot's behavior, including movement. That is, just as the robot's display of human-like emotions impacted
grounding, the use of social conventions in movement should also foster commamound between the robot
and people.

4.2 Encouraging physical therapy compliance

Our initial work on human{robot spatial interaction addressed the use of a robot in \hands-o " (non-
contact) physical therapy. We designed a user study to determine how the physical presencé a robot could
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Figure 4: A participant in the physical therapy compliance study, t ransferring pencils between baskets.
The robot (a Pioneer 2DX) is at a social distance.

be used to encourage people to comply with therapy treatments. In this study, paricipants performed three
repetitive-motion arm tasks similar to ones commonly used in stroke rehabitation: moving pencils between
baskets, shelving magazines, and paging through a newspaper. The robot, a Pioneer 2Dwas randomly
placed into one of each of the following proxemics and engagement conditions:

Proxemics. The robot attempted to maintain either a personal distance (0.5{1.0 meters)or a social
distance (1.5{2.0 meters) from the participant, hypothesizing that people's preferences for the robot's
distance will vary according to their personalities.

Engagement. Following research that indicates that people prefer and are more persuaded by agen
who mimic their movements at a short delay Bailenson and Yee (2005), we designeal \high engage-
ment" behavior where the robot moved forward and back following the speed ofhe participant's arm

movements (with a random lag). In the \low engagement" condition, the robot remained primarily

stationary, and did not follow the participant's arm movements.

The experimental setup can be seen in Figure 4. We ran the study with 11 participats (8 male and 3
female), each of whom experienced two robot conditions and one control condition Wi no robot present.
In general, we found that participants were not always able to identify the engagment condition, but
that participants did tend to exercise longer when they perceived the robot as more engged with them.
Additionally, we found a strong inverse correlation between participant extroversion and preference for the
robot to stay further away; that is, more extroverted participants were | ess likely to feel that the robot came
too close to them. Further details of this study can be found in Gockley and Matat (2006).

In this study, the robot's task was not particularly human-like; moving for ward and back according to
someone's arm movements is not a common social activity. Regardless, aspecf the task t within the TCE
framework. In particular, the two robot conditions, proxemics and engagement,can each be implemented
as navigational constraints: proxemics constraining the robot's distance om the person and engagement
constraining the robot's movement to the person's arm movements. However, @aa result of this task not
being truly social, it does not have any particular notion of e ciency. Thus, this t ask may be demonstrative
of the type of tasks for which a partial implementation of the TCE fram ework would still be bene cial.

4.3 A person-following robot

In further work on human{robot spatial interaction, we have designed and tested two di erent person-
following behaviors for a mobile robot, as discussed in Gockley et al. @7). The rst and simplest method
is to have the robot always attempt to drive directly toward the person's location. From general observations,
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Figure 5: The robot Grace following behind a human leader.

we suspect that this is how people most often follow other people. This method ofin results in the follower
cutting corners and generally not following in the exact footsteps of the leader. The acond method, then,
is to have the robot attempt to follow the exact path that the person took. W hile this method may not
be the most human-like method, we hypothesized that it may better match people'sexpectations for a
machine-like robot. For example, if a person is leading a robot somewhere, arstep in the person's path
may be taken for reasons that the robot does not know, and thus following the prson's exact path may
be the more appropriate behavior. We have implemented both of these methods, ugj a laser-range nder-
based person-tracking system similar to that of Topp and Christensen (2005)on the robot Grace, shown in
Figure 5.

In both methods, the robot begins to follow a person as soon as someonedstected within 125cm of
the robot, in a cone of 0:5 radians. The robot then attempts to remain a constant distance (120cm, plus
or minus 10cm) from the tracked person. This is achieved through a simple proprtional feedback control
loop based on the error between the robot's current distance from the person ands desired position.
Additionally, the change in range error over time is used to reduce oscillationsn the system. Speci cally, if
the robot is too far from the person and the range error has increased (meanince robot is falling further
behind), then the velocity is increased based on the error; if the robot is too closand is getting closer, then
the velocity is similarly decreased. The robot stops if the distance to the perso drops below 90cm. The
robot's maximum velocity is capped at 70cm/s, due to safety concerns.

Currently, the distance at which the robot tries to follow is held constant, and is designed to keep the
robot just outside of one's personal space. As several studies have found, the approgté distance may vary
according to an individual's personality traits (Walters et al., 2005; Gockley and Matarc, 2006). We have
not tested the person-following with di erent distances at this time.

The two person-following methods di er in how they select the robot's direction of travel. These di er-
ences, as well as social aspects of the robot's behavior, are discussed in thiofeing sections.

4.3.1 Direction-following

In this method of following a person, the robot simply attempts to drive in the direction of the tracked
person's current position. This is combined with the underlying obstacle avoidance aatrol system by setting
these goal directions using the Curvature-Velocity Method (CVM) developed by Simmong1996). With this
method, the robot is able to follow the person through doorways and around carers without collisions.
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Person-following and most obstacle avoidance methods are fundamentally at oddssince following a
person requires the robot to drive straight toward something that would normally be interpreted as an
obstacle. To convince the Curvature-Velocity method to follow a person, we weigted the CVM parameters
to strongly favor the goal direction over the preferred distance from obstaclesand the preferred maximum
speed. That is, the robot will favor going slowly close to obstacles (suchs the person) as long as its heading
is correct. However, this method is not optimal, as changing the parameters in th8 way also results in
higher chances of collisions with static obstacles, such as walls. In contsg this thesis proposes to provide
a better integration of the task (following closely behind a person) and itsinherent social conventions with
the low-level navigational algorithm.

4.3.2 Path-following

In this more sophisticated approach, the robot attempts to follow the path that the person took as closely
as possible, such as switching to the opposite side of the hallway at a ceftalocation and driving around
corners with the same curvature as the person's travel. Path-following is duieved in much the same way
as direction-following, except that the robot's goal direction is chosen accordingo the Pure Pursuit path-
following algorithm (Coulter, 1992). At each tracker cycle, the person'slocation is stored, building a history
of the person's path. The robot's goal point is selected as the point at whik the person was at the desired
distance from their current position (that is, 120cm prior on the person's pat). As with direction-following,
the CVM method is used to integrate obstacle avoidance with the person-folloimg behavior.

In addition, the robot's goal direction is constrained such that the robot will never intentionally turn to
a point at which it can no longer track the person. This is necessary because the bot does not have a
full 360-degree sensor coverage, but means that the robot may not always followhé¢ person's exact path,
particularly if the person walks in a tight circle around the robot. Such a constraint is unnecessary for the
direction-following method, since in that case the robot always turns to face theperson regardless of the
person's path.

4.3.3 Interaction and error recovery

To make the robot's behavior more social and human-like, it periodically oers suggestions and encourage-
ment, using synthesized computer speech. Additionally, the robot will verbally noify the person if he or

she is walking too quickly for the robot to follow, as an able-bodied persn can easily out-pace the robot.
Importantly, this vocalization is also used to aid error recovery. If the laser tracker loses the target person,
the robot immediately stops and provides verbal noti cation. When this occurs, the robot also reverts to its

initial state of waiting to detect a person immediately in front of the laser. Target reacquisition is usually

achieved by the person taking a few steps back toward the robot.

4.3.4 Performance

The two person-following algorithms di er most noticeably when turning corners; the direction-following
approach results in the robot rounding corners much more so than the person did, wheas the robot
explicitly attempts to follow the same curvature as the person when using the pal-following approach. This
distinction can be seen in Figure 6.

We analyzed two aspects of the person-following algorithms: how well the rott was able to follow a
person and how observers interpreted the robot's behaviors. To quantitatiely compare the functionality of
the two algorithms, each behavior was tested repeatedly at varying speeds. Nsigni cant di erence was
found between the two behaviors in terms of either the distance between the robot and grson or the time
between tracker failures.

We performed a pilot study to explore whether people subjectively prefer one person-fluwing method
over another. Participants in the study observed the robot as it followed behindthe experimenter and
answered a short questionnaire regarding each of the two person-following algthms. Due to the within-
subjects nature of this study, we analyzed the survey responses using pairdetests across trials. Average
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Figure 6: Paths of the person and the robot around corners, for ea ch of the two approaches. The
robot drastically cuts corners when not following the person's ex act path. Note that each path shown
is roughly 15m in length.
Following Behavior Paired
Question Direction Path t
Met expectations (not 5.0 3.7 -4.33*
at alljvery much) (0.94) (0.95)
Natural (not at all| 4.0 2.9 -3.97*
human-like) (2.15) (0.88)
Following distance 3.0 29 0:43
(too closeltoo far) (0.94) (1.29)
Stopping distance 4.9 5.4 1.86
(too closeltoo far) (1.20) (1.71)
Table 2: Average responses to the survey questions, with standard d eviations given in parentheses.
All questions were asked on scales of 1{7. N =10. *signi cant at p< 0:01

responses and-values for each question are given in Table 2.

Although the two behaviors are very similar, participants noticed their di er ences. Participants were
asked to rate the robot's behavior according to whether it met their expectations {not at all" (1)|\very
much" (7)) and how natural the behavior was (\not at all* (1)|\human-like" (7) ). As shown in Table 2,
participants rated the robot's behavior as signi cantly more natural and h uman-like in the direction-following
condition. In addition, participants felt that the direction-following robot beha ved more according to their
expectations. Notably, none of the participants rated the path-following behavior as better than the direction-
following behavior on either of these questions. Furthermore, the answers to theswo questions were highly
correlated (r = 0:80, p < 0:0001), indicating that participants expected the robot's behavior to be human-
like, despite the robot's non-anthropomorphic physical shape.

Participants were also asked whether the robot followed and stopped at appropate distances from
the experimenter. They rated the distances on a scale of 1 (\too far away") to 7(\too close"). Overall,
participants felt that the robot stayed a little too far away from the ex perimenter while moving (overall
mean 295, SD 110), but stopped at an appropriate distance (overall mean 515, SD 146). There were no
signi cant di erences in participants' answers across the two person-following kehaviors, which parallels the
guantitative functionality discussed above.

18



435 Summary

Quantitatively, the two methods of person-following are equivalent; the behavors do not dier in laser
tracking performance, and both allow the robot to follow smoothly behind a person. The primary di erence
between the two behaviors occurs at corners, when the direction-following behavior caas the robot to curve
much more gently than the person, given su cient space to do so. If the followng occurs in narrow corridors,
the di erences between the behaviors lessens, as obstacle avoidance constrains the ridbmovement.

Qualitatively, however, people indicate that the direction-following behavior is signi cantly more human-
like and more closely matches their expectations than when the robot followshe person's path. Several
participants commented that, when performing path-following, the robot did not appear to react \quickly
enough" to the person's turns (since the robot turned at the location where the persorturned, rather than
at the same time as the person), which may help explain this nding.

To date, we have performed only the small pilot study as described above. Obviolis many caveats
apply to this sort of study, as the participants were all familiar with ro bots and most likely had very
di erent expectations of robotic behavior than non-roboticists. However, while the participant population
may have in uenced the exact values of the survey questions, we expect that the relative dierences between
the di erent robot behaviors would be similar across other populations, aswell. A further shortcoming of
this study is that it analyzed only people's third-person observations of the robd's behaviors, and thus the
results may not capture the full spectrum of people's preferences. However, while peopléfssitu experiences
of a robot's behavior are clearly valuable, such testing is di cult to perfor m and evaluate when the robot's
behavior occurs strictly behind|and thus out of sight of|the person.

As mentioned, our implementation of person-following behaviors was hindered byhe use of a standard
obstacle avoidance algorithm, the Curvature-Velocity Method. While some of thedi culties we encountered
would be remedied by the use of a navigational method that accounts for dynamic oltacles (see Table 1),
we argue that person-following behavior could be more human-like as well asone easily implemented using
the TCE framework. In particular, the robot's speed and direction could be congrained to match that of the
person (task rule) while still respecting the person's personal space (sociabnvention). Adding an e ciency
constraint to keep the robot's overall movements to a minimum would result n a \direction-following" type
of behavior. (Producing the \path-following" behavior would require additional task rules to constrain the
robot's movement to the person's prior path.)

4.4 Social aspects of walking together

As discussed in Section 2.1, little work has been done to date to understand the sotiaonventions used
when two people walk together. To provide a basis for our proposed work, we pfarmed an observational
study of how older adults in a local retirement community walk together, using ethnogiaphic methodologies
borrowed from social anthropology. These results can also be found in Galey (2007).

441 Procedure

Observations took place at a local retirement community. Investigators used a ethnographic approach that

involved making observations as unobtrusively as possible while seated, stding, or walking within 20 feet

of participants (investigators were somewhat conspicuous by virtue of their punger age in comparison to the
community residents). Genders of the participants and observation locations werdocumented. Observations
were made of pairs of people regarding:

1. what route they took, including stops;

2. the relative ages of the walking companions (e.g. two older adults, one oldedalt and one sta person,
etc.);

3. how the companions positioned themselves relative to each other;

4. whether either person had any obvious disabilities, including walker use;
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Escorting
Leader Follower Count | Typical interpersonal distances
Side-to-side Front-to-back
Resident Resident 4 1{2' 1=
Resident Non-resident 1 1 3'*
Non-resident Resident 14 1 1'*
Non-resident Non-resident 5 1{2' varied y
Social
Pairing Count | Typical interpersonal distances
Side-to-side Front-to-back
Both residents 15 1 0'
Both non-residents 7 1{2' varied y
Resident with non-resident 8 o{2' varied y
Table 3: Number of walking pairs observed, separated by situati on (escorting or social), with typical
interpersonal distances for each situation. Total pairs observe d: 54. *Directly side-by-side or leader

in front.  yPartners within each pair did not maintain a consistent distance.

5. what each person was holding or carrying;
6. whether one person was leading or escorting the other (if so, who was in whichlg); and

7. the amount of social interaction, both of the two walkers and of any irteractions with people outside
of the pair.

Residents and sta received prior notice of the study through the community's weekly nevsletter, and
the experimenter willingly explained the nature of the study when requested during obserons. To protect
residents' privacy, no personally identifying information was collected and nophotographs were taken.

442 Results

Observations were performed in three-hour blocks on 4 days, for a total of 12 hosr Data was collected on
54 pairs of people. The situational breakdown of people can be seen in Table 3.

Escorting behaviors. We observed several behaviors speci ¢ to escorting situations, including gestures,
physical contact, and body movements to indicate direction.

Gestures and physical contact. In escorting situations, the leader often used gestures or physical
contact to indicate the intended direction. We observed ve instances of the leader pointng toward
a destination, and four instances of the leader using physical contactla hand on the follower's arm,
shoulder, or back|to direct the follower.

Body movements. Intuitively, we suspect that leaders use movement into or out of their partner's
personal space in order to indicate turns along the path. Unfortunately, these movemds are subtle
and di cult to detect in this sort of observational study. We observed several instances, typically
involving a non-resident leading a resident, where the leader appeared to speed up on ousi turns
and slow down on inside turns, allowing the follower to maintain a constam speed. In addition, we
observed one instance where such body movements failed to properly convey a turn; theader began
to turn a corner by moving away from the follower, but the follower did not imm ediately correct her
movement. Rather, once the pair had separated to about 1.5m between them, the leader toed to the
other, gestured, and said, \This way." That is, a failure in leading via body movements was corrected
with a gesture and spoken command.

20



Interpersonal distances. Table 3 lists the typical distances maintained between walking partners. These
distances were estimated by the observers from a distance (typically from acreshe room), and thus should
not be considered absolute measurements. All distances (both side-to-side and frotd-back) between com-
panions were highly variable|not just across di erent pairs of people, but also withi n individual pairs as

they walked. However, we can note that pairs consisting of two residents walkingocially or of a non-resident
and a resident in an escorting situation tended to maintain much closer side-to-sie distance (0.5m or less)
than most other types of pairs. In addition, either partner's use of a walker or cane did not appear to have
an impact on their interpersonal distance.

Obstacles and bottlenecks. We observed four main behaviors when pairs encountered obstacles (e.qg.
another person or object in the way) or bottlenecks (narrowing of the passageay):

1. Simultaneous movement.Both partners simultaneously move to the side. This behavior was observed
only once; both partners were able-bodied and had su cient space in the hallway to avai the obstacle.

2. Speed increase.One partner speeds up to pass the other and proceeds rst (observed 8 times). This
behavior occurred primarily in social accompaniment situations, and in particular occurred when one
partner was able-bodied but the other was not, in which case the able-bodied partner proceeded ts

3. Speed decreaseOne partner slows down and allows the other to proceed ahead. This behavior was
observed 12 times, in the following situations:

When both partners were able-bodied, the partner closest to the obstacle fell behind whil¢he
other partner proceeded straight ahead.

When a more able-bodied person was leading a less able-bodied follower, the able-bodiedder
slowed down, allowing the other to pass, and often used physical contact (such ashand on the
other's shoulder) to continue guiding the other from behind.

This behavior was also observed in social accompaniment situations between amla-bodied and
a less able-bodied person, in which case the able-bodied person slowed down to let thitber pass
rst.

4. Separation. The partners pass on opposite sides of the obstacle. The retirement community's camon
room has a central lounge area with multiple chairs and couches surrounded by severatructural
columns. In several cases, when partners were walking together through this area, theyould separate
and pass on opposite sides of a column or chair before returning to side-by-sideatrel. This behavior
was observed three times and only occurred in this common area around inanimate odxts; no partners
were seen separating within a restricted hallway or around a person.

Unexpected stops. We observed ve instances of one partner stopping suddenly|to speak to a passerby
or to search through a bag|without the other partner's prior knowledge. In each of t hese cases, the other
partner continued on for 0.5{2.5m before stopping, then turned to face the stoppedrartner. Generally, the
other person did not reverse direction, but rather waited in place for the rst to resume walking.

Social interaction. In general, partners who were conversing with each other tended to look forward, \th
occasional glances toward the other partner. However, more detailed observationsuch as video coding)
may be necessary to fully understand the use of gaze in such situations.

Gender di erences. We are not currently able to report on gender di erences due to a heavy bias toward
women in both the residents and the sta. Of the 54 pairs observed, only 15 contaied at least one male
partner, and only three of those pairs were both male.
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4.4.3 Summary

We have performed an observational study of how older adults walk together in pas. From this study we
have been able to derive the speci ¢ conventions that people obey when walking in par such as how far
apart they walk from each other and how they signal where they are going. We arguehiat all of these rules
can be labeled as either societal conventions, task constraints, or e ciency conderations. See Appendix A
for the complete task description and constraint labeling.

An obvious question regarding this research is whether it generalizes to locationsnd populations other
than this particular retirement community. Obviously, we cannot state conclusively that it does without
further research. However, from casual observations, we anticipate that the corentions we listed above do
generalize (at least to American populations). While conventions such as irgrpersonal distances and speeds
are likely in uenced by the relative ages, social status, relationship, and so onpetween the two partners,
these can all be modeled by additional societal constraints within the TCE franework.
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5 Proposed work

This thesis proposes to address spatial social tasks, tasks that require alvot to navigate around people. In
addition to the TCE framework, the expected contributions of this thesis include a navigational algorithm
that allows a robot to respond to and observe spatial social conventionsrad an implementation of a robot
that can escort a person side-by-side in a human-like manner.

5.1 Navigating around people

We intend to design and implement a robot control algorithm that accounts for people using the TCE
framework. That is, the algorithm must treat people di erently than inanima te objects when performing
obstacle avoidance. The algorithm must include both object tracking and navigatonal components.

5.1.1 Object tracking

In order to navigate safely, a robot must be able to identify the locationsof obstacles in its environment.
Furthermore, if a robot is to avoid obstacles in a human-like manner, it must be able to predict the trajectories
of moving obstacles (Foka, 2005).

Currently, we have an implementation of a laser-based person-tracker that comutes the approximate
velocity of each person it tracks. However, our current implementation is @ independent module from the
underlying obstacle avoidance algorithm. As noted in Gockley et al. (2007), lis is a sub-optimal approach,
as the obstacle avoidance does not di erentiate between people and objects and does notsaer human
conventions such as personal space. We intend to integrate our current person-ttker into a more general
obstacle-detection algorithm, with the characteristics listed in Section 3. Tha is, the algorithm must be
able to detect and track static as well as dynamic obstacles and must also be ablto detect which sensor
readings correspond to people.

Static obstacle detection is trivial and can be easily implemented on any robt equipped with sensors
such as sonar- or laser-based range nders. Unfortunately, the remaining charactetiss listed are much more
di cult. Implementations exist for both mobile obstacle tracking (e.g. Ca stro et al., 2004; Fod et al., 2001;
Vermaak et al., 2005; Jaward et al., 2006; Schulz et al., 2001) and fgrerson identi cation and tracking (e.g.
Montemerlo et al., 2002; Schulz et al., 2003; Kleinehagenbrock et al., 200Zppp and Christensen, 2005), as
well as our own person-tracker mentioned previously, and we expect to combine sevéa these approaches.
In addition, we may simplify the person-detection problem by instrumenting people n the environment,
since accurate person-detection is necessary for successful robot behavior but the sensinglpem is not a
focus of this thesis.

5.1.2 Navigation

As discussed, we believe that physically cooperative social tasks can be fuldescribed by the following
components:

task de nition,
societal conventions and
e ciency , including kinodynamic considerations.

As discussed in Section 2.2, several researchers' prior work supports the idea @presenting these task
components as navigational constraints. In particular, many of the algeithms mentioned in Table 1 have
demonstrated that kinodynamic considerations, such as the acceleration and decelerati pro les of the
robot, can be expressed in the form of constraints on the robot's movementOlivera and Simmons (2002)
have shown that the societal convention of tending toward the right in hallways can also be expressed as a
simple navigational constraint. We argue that the remaining task rules and ®cial conventions can also be
encoded as such constraints, as discussed below.

In order to solve this problem, we intend to address the following questions:
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Figure 7: An agent approaching an obstacle.

How should the task be de ned as constraints?
What social conventions are needed and how should they be eded as constraints?

How should the di erent constraints be combined to determie the robot's behavior?

Task constraints. As discussed in the General Approach (Section 3), to produce human-like behaviors,
the task itself must be represented in the navigational algorithm. We propee that this can be done by
encoding the task as navigational constraints. For some tasks, this encoding ay be straightforward. For
example, following behind a person can be represented as a constraint on the ratsovelocity to keep the
robot within a certain distance from the person.

As we have discussed, obstacle avoidance is a component of most social taske.alcertain extent, obstacle
avoidance can be handled as simple navigational constraints, as with the Vetity Obstacle approach (Fiorini
and Shiller, 1998). However, we agree with Foka (2005) in arguing that th@bstacle avoidance problem cannot
be treated in a strictly local, reactive manner, if robots are to move inan e cient, human-like manner. To
demonstrate why, consider the case shown in Figure 7, where the robot is apprdaiog an obstacle. From a
purely local point of view, either of the avoidance maneuvers shown in Figure 8 coulthe taken. However,
if the obstacle is considered in the global context of the robot's nal goal, asshown in Figure 9, one can
see that the moste cient path is for the robot to move to the right of the obstacle. Foka (2005) presents
one possible solution to the integration of local and global obstacle avdance, called the Robot-Navigational
Hierarchical Partially Observable Markov Decision Processes (RN-HPOMDP) Another approach, which we
believe may be simpler but still e ective, is to plan using Rapidly-exploring Random Trees (RRTS), as in
LaValle and Ku ner (1999). RRTs alone may not produce the most e cient paths, but the addition of a
heuristic bias can greatly improve the path quality (Urmson and Simmons, 2@3).

Furthermore, as discussed in Section 5.1.1, the robot must be able to track thenovement of people and
obstacles in the environment and consider this movement in its planning. One method of @proaching this
problem is the idea of Re ective Navigation (Kluge, 2004), wherein the robot asames that things moving
in the environment are intelligent agents with similar obstacle avoidance tendencies to its own. In order to
accurately predict the future trajectories of people moving in the robot's enviroament, the robot may need
to learn common paths that people take (e.g. Bruce and Gordon, 2004; Bennewitz etl.a 2005; Foka, 2005).
However, we currently anticipate that such behavior will not be necessary to acieve socially acceptable
robot behavior.

For this portion of the thesis, we will investigate the simple task of having a robot navigate through a
populated hallway. As such, the task de nition is not particularly complex, consisting primarily of a goal
destination combined with obstacle avoidance. Rather, this portion of the thesisfocuses more on the social
conventions and combining the constraints; a more complex task is addressed in Semti 5.2.
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Figure 8: Two possible paths for an agent to take around an obstacl e. Without additional knowledge,
path (a) appears to be more e cient (shorter).

Figure 9: The approach situation of Figure 7, but shown in globa | context. If the agent's goal location
is at the star, then the agent's most e cient path around the obsta cle is to pass it on the right side.

Social conventions. As we identied in related work and in our retirement community observations,

people use a wide variety of societally-de ned conventions when walking around eachtleer. Some of these
conventions may be physically impossible for a robot to observe; even arsple greeting of a smile and nod
requires an expressive and mobile head, something not all robots possess. Other gentions may require
advanced sensing capabilities, such as reacting di erently according to a person's gender eocial status,
which a robot may have di culty determining.

From the literature discussed in Section 2.1, we currently anticipate that the wo most important so-
cial conventions that a robot must follow are tending to the right side of a hdlway and avoiding people's
personal space zones. Both of these conventions can be represented as navigatiamalstraints in a straight-
forward manner, as discussed in our General Approach. Whether additional conventionsra necessary will
be determined during our design and evaluation of the navigational algorithm.

Combining constraints. As discussed, we can de ne a series of constraints based on the task de nition,
societal conventions, and the robot's kinematics and dynamics. In addition, weanust de ne some measure of
e ciency, likely based on travel distance and energy requirements to change speed and dirdon, which the
robot must attempt to optimize. Once each of these are de ned, we must determine how to comipie them to
compute the robot's velocity at any given time. However, the constraints de ning the robot's behavior may
at times con ict with one another. For example, the most e cient path through a crowd may not respect the
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constraint against entering the personal space of others. On the other hand, just a¢ is socially acceptable
to nudge other people in particularly dense crowds, the personal space constraint maneed to be relaxed in
some circumstances or the robot may fail at its task. Thus, the di erent constraints need to be combined in
some way to resolve such con icts.

One method of combining the constraints would be to treat the system as a linear prgramming model
and assign individual weights to each constraint in the optimization function, which could then be solved by
any number of standard constraint solvers (Williams, 1999). However,due to the need for global planning
to determine the most e cient path, it is not clear at this time that a mathematical model will be the most
straightforward method. Furthermore, we do not have evidence at this time that the system will be strictly
linear. We may also consider using Multipartite RRTs for planning in high-dimensional constraint space
(Zucker et al., 2007) combined with heuristic biasing to probabilistically optimize e ciency (Urmson and
Simmons, 2003). We are continuing to research additional methods of combininghe di erent constraints.

Within each task, determining the relative weights (which may or may not be linear) to assign to each
constraint can be seen as a learning problem. In particular, we wish to learn howo combine the constraints
to produce the most human-like behavior. Thus, will compare the robot's behavdor under various constraint
combinations against actual human behavior, as discussed below.

5.1.3 Evaluation

Our primary method of evaluating the robot's navigational ability will be through quantitative user studies.
Because this portion of the thesis focuses on the robot's ability to navigat around people in the environment,
we anticipate that the studies will require having multiple people walking around an area where the robot is
moving, and comparing the robot's behavior to human behavior as well as usinguestionnaires to determine
people's perceptions of the robot's movements. In particular, we will need to stdy the robot's behavior
in varying levels of crowdedness and clutter to verify that its behavior remains scially acceptable. These
studies will be used to understand people's overall responses to the robot and to detaine appropriate
weights for the di erent navigational constraints.

Example procedure. We will recruit people in groups of 3-6 people. Each group will be asked to pesfm
some task that requires them to move around an environment, such as moving safl items from one end of
a hallway to another. At some point during the task, the robot will travel through the environment using
one of the following navigational methods: our TCE-based method (with one of everal sets of constraint
combinations), a standard obstacle avoidance algorithm that does not account fosocial conventions, and
a Wizard-of-Oz method where the robot is controlled by a human operator. We wli also obtain baseline
measures of a person walking through the same environment.

Measures. We will collect both objective and subjective measures of the robot's perfanance. We will
measure each algorithm's functionality in terms of the robot's ability to navigate without collisions while
respecting social conventions such as personal space, the time it requires to e through the environment,
and how much people change their own behaviors in response to the robot. We Walso collect participants'
perceptions of the robot via questionnaires after each trial.

Long-term evaluation. Since people's reactions to the robot may change over time, we may also attempt
long-term studies of the robot's behavior. Such studies may require having the robt moving around in a
building on a daily basis and measuring how people's behaviors around the robot chaegover time, such as
whether people attempt to move out of the robot's way or simply ignore the rotot.

5.2 Side-by-side leading

Once we have a navigational algorithm that can obey social conventions, we Wiextend it to perform side-
by-side escorting. In particular, we will add the task constraint of remaining side-by-side as well as extend
the notion of e ciency within the context of a joint task.
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Figure 10: In these images, the \social distance" between two peopl e is shown as a dashed line
connecting them. Note that the social distance is measured around the personal space of others, as
in (b) and (c), but is not in uenced by inanimate objects, as in (d)

For two partners to walk together, they must maintain a certain lateral dist ance between them. They may
occasionally pass on opposite sides of an obstacle (such as a chair or agillas long as their interpersonal
distance is not in uenced greatly. If the partners approach a person, however, social caention dictates that
they should attempt to pass the person on the same side, rather than surrounding the pspon. We argue that
this convention can be understood as part of the task de nition by claiming that presence of a third person
between the two partners increases thesocial distance between them, thus in uencing the task-constrained
interpersonal distance. Our current working de nition of this \social distance" is as follows.

De nition 1 (Social Distance) The social distancebetween two agents is the shortest distance between
the two that does not overlap any other agent's personal spazone.

Examples of the social distance between two people are shown in Figure 10. Irigeral, constraining the
social distance between a robot and a person will still allow the partners topass on opposite sides of an
inanimate object, since it will not in uence the social distance, but will limit the cir cumstances in which
they will do so around a person. That is, they will only pass on opposite sides o person when the social
distance constraint is outweighed by other constraints, such as the dynamic constints that may occur if a
person approaches the pair suddenly and unexpectedly.

Additionally, this navigational algorithm must be able to account for the w ays in which people maneuver
around obstacles and bottlenecks when walking together (see Section 4.4). When encouritey an obstacle,
one partner may speed up to move ahead of the other or slow down to move behind, botpartners may
move to one side, or both partners may move to opposite sides. We argue thdahese behaviors are chosen
opportunistically; that is, each partner chooses his action based on what he bealives to be the most e cient
joint behavior. To implement this in the TCE framework, the robot must thus attem pt to optimize joint
e ciency between itself and the human. We de ne \joint e ciency" as follows.

De nition 2 (Joint E ciency) We de ne joint e ciency to be a measure of the e ort required by both
parties when acting jointly. This includes the energy requid to follow a certain path or change direction as
well as the cost of e ective communication for maintaining ommon ground.
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Using these de nitions with the description of side-by-side escorting as given in Appendi A, we can
formulate the task of escorting as the following set of constraints.

Task de nition

{ Minimize deviance from optimal social distance between self and partner.
{ Minimize probability of collisions.

{ Minimize deviance from desired goal/path.

{ Minimize deviance from desired speed.

Societal conventions

{ Bias heading toward the right side of hallways.
{ Minimize intrusion into the personal space of others.

E ciency

{ Minimize the expected joint e ort between self and partner.

5.2.1 Implementation

Side-by-side leading is an extension of the robot's ability to navigate around pople. The algorithm discussed
previously will be extended to consider additional task rules as well as joint e ciency.

5.2.2 Evaluation

Again, evaluation will be primarily based on quantitative user studies. In particular, we will test the robot's
escorting behavior in a tour guide task, in which the robot will lead an individual around a building. After
a tour, the participant will be asked to rate the robot's behavior along several scales, including general
preference, human-likeness, and predictability. In addition, we will compare the robos performance against
more traditional robotic tour-guiding techniques in which the robot leads in front of the person. However,
to reduce implementation e ort, we may test the traditional leading technique wit h a Wizard-of-Oz method.

5.3 Side-by-side following

As a stretch goal, we may additionally attempt to implement side-by-side folowing. Following di ers from
leading primarily in that it has fewer task rules; the task rules can be summarzed as:

Minimize deviance from optimal social distance between self and partner.
Minimize probability of collisions.

However, we anticipate two main di culties with the side-by-side following t ask. First, a person-following
robot must be extremely reactive to the person's movements, which requires aery accurate sensor model of
the leading person. Second, we anticipate that understanding the joint e ort will be mare di cult from the
follower's perspective than from the leader's perspective, as it has a much me predictive nature. In most
situations, the leader can perform an action with the expectation that the follower will correctly interpret
the action and react appropriately. The follower, on the other hand, must accurately deect the leader's
actions and predict its future movements.

5.4 Robotic platforms

We have several robotic platforms available on which to implement and tesour work. We have traditionally
used Grace (Simmons et al., 2003) for this work, and will continue developmentn that platform. In addition,

we are currently developing a new, highly mobile base. Either robot will be able tde equipped with multiple
laser range nders to provide a 360 eld of view.

28



(a) Grace, an RWI B21 robot (b) Preliminary design sketches for
that we have used in various a new holonomic robot.
human{robot interaction tasks.

Figure 11: The two robots that may be used in this research.

5.4.1 Grace

Grace is an RWI B21 robot that we have used in various human{robot interaction tasks, including standing
in line (Nakauchi and Simmons, 2000), tending to the right side of hallways Qlivera and Simmons, 2002),
and the AAAI Challenge (Simmons et al., 2003), as well as our recent work on pepn-following (Gockley
et al., 2007). Itis a non-holonomic base in that it can drive only in the direction it is facing; it cannot travel

sideways without a parallel-parking maneuver. Grace is shown in Figure 11(a).

5.4.2 Holonomic robot

We are currently working with Botrics 1 as well as members of the School of Design to develop a holonomic
robot based on the Obot H100. The robot uses three omni-wheels based on the Killougtlatform (Pin and
Killough, 1994). Unlike Grace, this robot will be able to move sideways \ithout changing its orientation,
which will allow it to side-step obstacles without having to turn, for example. We believe that this extra
mobility will a ord more human-like behaviors. In addition, we are designing a body for the robot considering
the following constraints:

The body of the robot should have a more organic shape than is typical of magesearch robots (such
as Grace), which are often likened to trash cans.

The robot should be tall enough to be noticeable when it is amongst standing peopleyut it should
not feel intimidating to its interaction partners. Preliminary investiga tions suggest a height of approx-
imately 4.5' to be appropriate for most adults.

Finally, the robot's body should not suggest skills beyond its capabilities In particular, it should not
be overly human-like, it should not have arms if it cannot gesture or hands if it canna grasp, it should
not have ears if it cannot process speech input, and so on.

Lhttp://www.botrics.com/
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Preliminary design sketches are shown in Figure 11(b). However, building thisabot is not intended to be a
major contribution of this thesis; it is discussed here only as a potential pléform for implementation of the
navigational algorithms we have described.

5.5 Summary

In summary, we are addressing the problem of having a robot navigate with andiround people in a socially
acceptable manner. We are proposing a hew method of describing physically interactiveocial tasks as a
series of task-based, societally-based, and e ciency-based constraints to the robat'navigational algorithm.
We will use this framework to develop a general algorithm that will allow a robot to navigate around people
in a socially acceptable manner. We will then extend the algorithm to allow the rdot to lead a person
side-by-side. We will examine the robot's behaviors using user studies to verifyts human-likeness and social
appropriateness as well as its ability to complete tasks. We believe that thiSramework will allow us to
greatly improve the behavior of robots navigating with and around people wer traditional robot control
algorithms.

As a nal note, the TCE framework as proposed is largely conceptual in nature. That &, the framework
is intended as a means of understanding human{robot social tasks and as a basis fionplementation, but
we do not currently intend to produce a full implementational framework. We believe that there are a
relatively small number of task constraints that could apply to a comparatively large number of social
tasks, thus allowing for a very general, versatile implementation of hunan{robot interaction within the TCE
framework. However, proof of generalizability would rst require many more analyses of human behaviors
in order to derive commonalities, which is not a focus of this thesis at this tine. We anticipate that at
the conclusion of this thesis we will be able to generalize across the tasks thate have studied, speci cally
person-following, social navigation through hallways, and side-by-side esding.
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6 Timeline

We anticipate that the proposed research will be completed according to the follwing timeline.
Summer and Fall 2007

{ Continue to explore social conventions for these tasks.
{ Implement and test laser-based dynamic person- and obstacle-tracking.
{ Begin design and implemention of basic controller with obstacle avoidance andocial conventions.

Spring 2008

{ Complete basic navigational controller.
{ Begin user studies for tuning constraints and determining user preferences.

Summer 2008

{ Translate side-by-side social conventions into controller parameters.
{ Complete user studies for basic controller.

Fall 2008

{ Implement side-by-side escorting.
{ Begin tests for human-likeness and user acceptance of robot escorting.

Spring 2009

{ Complete user testing of escorting.
{ Write and defend thesis.
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A Rules for walk-with

The following rules were derived from our study of people walking together (see Sectn 4.4). Note that there
are fewer rules for following than for leading; this results from the more reative nature of person-following.
Many of the rules listed for leading are general to individual-level navigation.

A.1 Rules for leading

Task de nition: determine and follow path to goal while maintaining appropriat e side-by-sidesocial distance
on the right side of the person following the robot.

Rule Classi cation
Follow pre-determined path task

Tend to right side of hallway societal

If the person falls more than 1m behind: assume person can't keep up,

reduce velocity task

If person falls too far behind or stops unexpectedly: slow down to stop,

turn to watch person, wait until person catches up e ciency

If person has stopped and doesn't resume in some amount of time, ask why

(may need to declare task failure) task

If person turns away unexpectedly (i.e. their velocity signi cantly changes
direction without a visible obstacle):

Temporarily follow person to maintain proper distance task
May be able to replan path accounting for turn e ciency
To turn right (i.e. toward the person): speed up while turning (cut o person) e ciency
To turn left (i.e. away from the person): slow down while turning e ciency
If person does not react after some distance, stop and o er instructions task
If an obstacle is heading toward the pair, the robot should plan to pass it
on the right. societal
If an obstacle is headed away from them (i.e. robot and person are catching
up to someone), it should plan to pass on the left societal
Side doesn't matter for stationary obstacles societal + e ciency
When obstacle is a person, the robot and partner should pass on the same sidetask + societal
When obstacle is not a person, passing side does not matter task + e ciency
If obstacle is in front of person but not robot:
If room: robot should move to allow person to remain side-by-side task + e ciency

Otherwise: robot should go straight (maintain or increase speed); can expect
person to fall behind and then catch up. Due to the geometry, the person
will be forced to either fall behind or speed up to pass in front of the robot.

If person falls behind but doesn't try to catch up, treat as above rule for

a person who has fallen behind. If the person speeds up, the robot should
maintain speed and try to restore side-by-side travel after passing the obstde | e ciency

If obstacle is in front of robot but not person: robot should slow down and adlow

person to go rst e ciency
If robot is signi cantly ahead of person, it can speed up to pass in front e ciency
If person stops, robot may need to speak (e.g. \Please go ahead") or may go
around person and go rst task
Need to speed up after it's past the obstacle to resume default position task
If obstacle is in front of both person and robot: determine whether any path
around the obstacle exists, take most e cient task + e ciency
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A.2 Rules for following

Task de nition: maintain appropriate side-by-side social distance on the left side of the leader.

Rule Classi cation
Default: attempt to match person's position (with o set) and velocity task + societal
If no obstacle is visible:
If person begins moving away from robot (e.g. to the right), anticipate a turn:
speed up while arcing right e ciency
If person begins moving closer to the robot (e.g. to the left), anticipate aturn:
slow down while arcing left e ciency
If obstacle in front of robot but not person:
If obstacle is a person, robot must pass on the same side as its partner task (social distance)
If person's velocity increases or does not change, then slow down and fall behinde ciency
If person slows down, try to speed up and pass in front e ciency
If obstacle in front of person but not robot:
If person moves closer to robot, attempt to move aside as well e ciency + task
If no space and/or person speeds up, then slow down to allow person to go
ahead, fall behind and then catch up e ciency
If person slows down, continue in straight line and expect person to fall
behind and then catch up e ciency
If obstacle in front of both robot and person: wait for person's reactian, follow task
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