Co op erativ e Mobile Rob otics: An teceden ts and Directions

�

Y. Uny Cao, Alex S. F ukunaga, and Andrew B. Kahng

UCLA Computer Science Department, Los Angeles, CA 90024-1596

Abstract

There has b een increased research interest in systems comp osed of multiple autonomou s mobile rob ots exhibiting

co op erative b ehavior. Groups of mobile rob ots are constructed, with an aim to studying such issues as group

architecture, resource con ict, origin of co op eration, learning, and geometric problems. As yet, few applications

of co op erative rob otics have b een rep orted, and supp orting theory is still in its formative stages. In this pap er,

we give a critical survey of existing works and discuss op en problems in this �eld, emphasizing the v arious

theoretical issues that arise in the study of co op erative rob otics. W e describ e the intellectual heritages that

have guided early research, as well as p ossible additions to the set of existing motiv ations.

1 Preliminaries

There has b een much recent activity toward achieving systems of multiple mobile rob ots engaged in

collective b ehavior. Such systems are of interest for several reasons:

� tasks may b e inherently to o complex for a single rob ot to accomplish, or p erformance b ene�ts

can b e gained from using multiple rob ots;

� building and using several simple rob ots can b e easier, cheap er, more exible and more fault-

tolerant than having a single p owerful rob ot for each separate task; and

� the constructive, synthetic approach inherent in co op erative mobile rob otics can p ossibly yield in-

sights into fundamental problems in the so cial sciences (organization theory

, economics, cognitive

psychology), and life science s (theoretical biology

, animal ethology).

The study of multiple-rob ot systems naturally extends rese arch on single-rob ot systems, but is also a

discipline unto itself: multiple-rob ot systems can accomplish tasks that no single rob ot can accomplish,

since ultimately a single rob ot, no matter how capable, is spatially limited. Multiple-rob ot systems are

�

This is an expanded version of a pap er which originally app eared in the pro ceedings of the 1995 IEEE/RSJ IROS

conference.

also di�erent from other distributed systems b ecause of their implicit \real-world" environment, which

is presumably more di�cult to mo del and reason ab out than traditional comp onents of distributed

system environments (i.e., computers, databases, networks).

The term c ol le ctive b ehavior generically denotes any b ehavior of agents in a system having more than

one agent. Co op er ative b ehavior, which is the sub ject of the present survey

, is a sub class of collective

b ehavior that is characterized by co op eration. W ebster’s dictionary [Merriam-W ebster, 1963] de�nes

\co op erate" as \to asso ciate with another or others for mutual, often economic, b ene�t". Explicit

de�nitions of co op eration in the rob otics literature, while surprisingly sparse, include:

1. \joint collab orative b ehavior that is directed toward some goal in which there is a common interest

or reward" [Barnes and Gray

, 1991];

2. \a form of interaction, usually based on communication" [Mataric, 1994a]; and

3. \[joining] together for doing something that creates a progressive result such as increasing p er-

formance or saving time" [Premvuti and Y uta, 1990].

These de�nitions show the wide range of p ossible motiv ating p ersp e ctives. F or example, de�nitions

such as (1) typically lead to the study of task decomp osition, task allo cation, and other distributed

arti�cial intelligence (DAI) issues (e.g., learning, rationality). De�nitions along the lines of (2) re-

ect a concern with requirements for information or other resources , and may b e accompanied by

studies of related issues such as correctne ss and fault-tolerance. Finally

, de�nition (3) re ec ts a con-

cern with quanti�ed measures of co op eration, such as sp eedup in time to complete a task. Thus, in

these de�nitions we see three fundamental seeds: the task, the me chanism of co op eration, and system

p erformanc e.

W e de�ne co op erative b ehavior as follows: Given some task sp e ci�e d by a designer, a multiple-r ob ot

system displays co op erative b ehavior if, due to some underlying me chanism (i.e., the \me chanism of

c o op er ation

"), ther e is an incr e ase in the total utility of the system. Intuitively

, co op erative b ehavior

entails some typ e of p erformance gain over naive collective b ehavior. The mechanism of co op eration

may lie in the imp osition by the designer of a control or communication structur e, in asp ects of the

task sp eci�cation, in the interaction dynamics of agent b ehaviors, etc.

In this pap er, we survey the intellectual heritage and ma jor research directions of the �eld of

co op erative rob otics. F or this survey of co op erative rob otics to remain tractable, we restrict our

discussion to works involving mobile rob ots or simulations of mobile rob ots, where a mobile r ob ot is

taken to b e an autonomous, physically indep endent, mobile rob ot. In particular, we concentrate d

on fundamental the or etic al issues that impinge on co op erative rob otics. Thus, the follo wing related sub jects were outside the scop e of this work:

� co ordination of multiple manipulators, articulated arms, or multi-�ngered hands, etc.

� human-r ob ot c o op er ative systems, and user-interface issues that arise with multiple-rob ot systems

[Y okota et al., 1994] [Arkin and Ali, 1994] [Noreils and Recherche, 1991] [Adams et al., 1995].

� the c omp etitive sub class of collective b ehavior, which includes pursuit-ev asion [Reynolds, 1994,

Miller and Cli�, 1994] and one-on-one comp etitive games [Asada et al., 1994]. Note that a co-

op erative team strategy for, e.g., work on the rob ot so cce r league recently started in Japan

[Kitano, 1994] would lie within our present scop e.

� emerging technologies such as nanotechnology [Drexler, 1992] and Micro Electro-Mechanical Sys-

tems [Mehregany et al., 1988] that are likely to b e very imp ortant to co op erative rob otics are

b eyond the scop e of this pap er.

Even with these restrictions, we �nd that over the past 8 years (1987-1995) alone, well over 200

pap ers have b een published in this �eld of co op erative (mobile) rob otics, encompassing theories from

such diverse disciplines as arti�cial intelligence, game theory/economics, theoretical biology

, distributed

computing/control, animal ethology and arti�cial life.

W e are aware of two previous works that have surveyed or taxonomized the literature. [Asama, 1992]

is a broad, relatively succinct survey whose scop e encompasses distribute d autonomous r ob otic systems

(i.e., not restricte d to mobile rob ots). [Dudek et al., 1993] fo cuses on several well-known \swarm" ar-

chitectures (e.g., SW

ARM and Mataric’s Behavior-based architecture { see Section 2.1.5) and prop oses

a taxonomy to characterize these architectures . The scop e and intent of our work di�ers signi�cantly

from these, in that (1) we extensively survey the �eld of co op erative mobile rob otics, and (2) we provide

a taxonomical organization of the literature based on pr oblems and solutions that have arisen in the

�eld (as opp osed to a selected group of architectures ). In addition, we survey much new material that

has app eared since these earlier works were published.

T o w ards a Picture of Co op erativ e Rob otics

In the mid-1940’s Grey W alter, along with Wiener and Shannon, studied turtle-like rob ots equipp ed

with light and touch sensors; these simple rob ots exhibited \complex so cial b ehavior" in resp onding

to each other’s movements [Dorf, 1990]. Co ordination and interactions of multiple intelligent agents

have b een actively studied in the �eld of distributed arti�cial intelligence (DAI) since the early 1970’s

[Bond and Gasser, 1988], but the DAI �eld concerned itself mainly with problems involving software

agents. In the late 1980’s, the rob otics research community b ecame very active in co op erative rob otics, b eginning with pro jects such as CEBOT [F ukuda and Nak agawa, 1987], SW

ARM [Beni, 1988], AC-

TRESS [Asama et al., 1989], GOFER [Caloud et al., 1990], and the work at Brusse ls [Steels, 1990].

These early pro jects were done primarily in simulation, and, while the early work on CEBOT, AC-

TRESS and GOFER have all had physical implementations (with � 3 rob ots), in some sense these

implementations were presented by way of proving the simulation results. Thus, several more recent

works (cf. [Kub e and Zhang, 1992, Mataric, 1992b, Parker, 1992]) are signi�cant for establishing an

emphasis on the actual physical implementation of co op erative rob otic systems. Many of the recent

co op erative rob otic systems, in contrast to the earlier works, are based on a b ehavior-based approach

(cf. [Bro oks, 1986]). V arious p ersp ect ives on autonomy and on the connection b etween intelligence

and environment are strongly asso ciated with the b ehavior-based approach [Bro oks, 1991], but are not

intrinsic to multiple-rob ot systems and thus lie b eyond our present scop e. Also note that a recent

incarnation of CEBOT, which has b een implemented on physical rob ots, is based on a b ehavior-based

control architecture [Cai et al., 1995].

The rapid progress of co op erative rob otics since the late 1980’s has b een an interplay of systems,

the ories and pr oblems: to solve a given problem, systems are envisioned, simulated and built; theories of

co op eration are brought from other �elds; and new problems are identi�ed (prompting further systems

and theories). Since so much of this progress is recent, it is not easy to discern deep intellectual

heritages from within the �eld. More apparent are the intellectual heritages from other �elds, as well

as the canonical task domains which have driven research. Three examples of the latter are:

� T ra�c Control. When multiple agents move within a common environment, they typically

attempt to avoid collisions. F undamentally

, this may b e viewed as a problem of r esour c e c on ict,

which may b e resolved by intro ducing, e.g., tra�c rules, priorities, or communication architec-

tures. F rom another p ersp e ctive, path planning must b e p erformed taking into consideration

other rob ots and the global environment; this multiple-rob ot path planning is an intrinsically

ge ometric problem in con�guration space-time. Note that prioritization and communication pro-

to cols { as well as the internal mo deling of other rob ots { all re ect p ossible v ariants of the

gr oup ar chite ctur e of the rob ots. F or example, tra�c rules are commonly used to reduce planning

cost for avoiding collision and deadlo ck in a real-world environment, such as a network of roads.

(Interestingly

, b ehavior-based approaches identify collision avoidance as one of the most basic

b ehaviors [Bro oks, 1986], and achieving a collision-a voidance b ehavior is the natural solution

to collision avoidance among multiple rob ots. However, in rep orted exp eriments that use the

b ehavior-based approach, rob ots are never restricted to road networks.)

� Box-Pushing/Co op erative Manipulation. Many works have addresse d the b ox-pushing

(or couch-pushing) problem, for widely v arying reasons. The fo cus in [Parker, 1994b] is on task allo cation, fault-tolerance and (reinforcement) le arning. By contrast, [Donald et al., 1994]

studies two b ox-pushing proto cols in terms of their intrinsic communication and hardware re-

quirements, via the concept of information inv ariants. Co op erative manipulation of large ob-

jects is particularly interesting in that co op eration can b e achieved without the rob ots even

knowing of each others’ existence [Sen et al., 1994, T ung and Kleinro ck, 1993]. Other works in

the class of b ox-pushing/ob ject manipulation include [W ang et al., 1994] [Stilwell and Bay

, 1993]

[Johnson and Bay

, 1994] [Brown and Jennings, 1995] [Kub e and Zhang, 1992] [Kub e et al., 1993]

[Kub e and Zhang, 1993] [Mataric et al., 1995] [Rus et al., 1995] [Hara et al., 1995] [Sasaki et al., 1995].

� F oraging. In foraging, a group of rob ots must pick up ob jects scattere d in the environment; this

is evo cative of toxic waste cleanup, harvesting, search and rescue, etc. The foraging task is one

of the canonical testb eds for co op erative rob otics [Bro oks et al., 1990] [Steels, 1990] [Arkin, 1992]

[Goss and Deneub ourg, 1992] [Lewis and Bekey

, 1992] [Drgoul and F erb er, 1993] [Mataric, 1994a]

[Arkin and Hobbs, 1993] [Beckers et al., 1994]. The task is interesting b ecause (1) it can b e

p erformed by each rob ot indep endently (i.e., the issue is whether multiple rob ots achieve a

p erformance gain), and (2) as discussed in Section 3.2, the task is also interesting due to mo-

tiv ations related to the biological inspirations b ehind co op erative rob ot systems. There are

some conceptual overlaps with the related task of materials handling in a manufacturing work-

cell [Doty and Aken, 1993]. A wide v ariety of techniques have b een applied, ranging from sim-

ple stigmergy (essentially random movements that result in the fortuitous collection of ob jects

[Beckers et al., 1994] to more complex algorithms in which rob ots form chains along which ob-

jects are passed to the goal [Drgoul and F erb er, 1993]. [Beckers et al., 1994] de�nes stigmergy

as \the pro duction of a certain b ehaviour in agents as a consequen ce of the e�ects pro duced in

the lo cal environment by previous b ehaviour". This is actually a form of \co op eration without

communication", which has b een the stated ob ject of several foraging solutions since the corre-

sp onding formulations b ecome nearly trivial if communication is used. On the other hand, that

stigmergy may not satisfy our de�nition of co op eration given ab ove, since there is no p erformance

improvement over the \naive algorithm" { in this particular case, the prop osed stigmergic algo-

rithm is the naive algorithm. Again, group architecture and learning are ma jor research themes

in addressing this problem.

Other interesting task domains that have received attention in the literature include multi-rob ot

security systems [Everett et al., 1993], landmine detection and clearance [F ranklin et al., 1995], rob otic

structural supp ort systems (i.e., keeping structure s stable in case of, say

, an earthquake) [Ma et al., 1994],

map making [Singh and F ujimura, 1993], and assembly of ob jects using multiple rob ots [W ang et al., 1994].

Organization of P ap er

With resp e ct to our ab ove de�nition of co op erative b ehavior, we �nd that the great ma jority of the

co op erative rob otics literature centers on the me chanism of co op eration (i.e., few works study a task

without also claiming some novel approach to achieving co op eration). Thus, our study has led to the

synthesis of �ve \Research Axes" which we b elieve comprise the ma jor themes of investigation to date

into the underlying mechanism of co op eration.

Section 2 of this pap er describ es these axes, which are: 2.1 Group Architecture , 2.2 Resource

Con ict, 2.3 Origin of Co op eration, 2.4 Learning, and 2.5 Geometric Problems. In Section 3, we

present more synthetic reviews of co op erative rob otics: Section 3.1 discusses constraints arising from

technological limitations; and Section 3.2 discusses p ossible lacunae in existing work (e.g., formalisms

for measuring p erformance of a co op erative rob ot system), then reviews three �elds which we b elieve

must strongly in uence future work. W e conclude in Section 4 with a list of key research challenges

facing the �eld.

2 Researc h Axes

Seeking a me chanism of co op eration may b e rephrase d as the \co op erative b ehavior design problem":

Given a gr oup of r ob ots, an envir onment, and a task, how should c o op er ative b ehavior arise? In some

sense, every work in co op erative rob otics has addressed facets of this problem, and the ma jor research

axes of the �eld follo w from elements of this problem. (Note that certain basic rob ot interactions are

not task-p erforming interactions p er se, but are rather basic primitives up on which task-p erforming

interactions can b e built, e.g., following ([Connell, 1987, Donald et al., 1994] and many others) or

o cking [Reynolds, 1987, Mataric, 1994a]. It might b e argued that these interactions entail \control

and co ordination" tasks rather than \co op eration" tasks, but our treatment do es not make such a

distinction).

First, the realization of co op erative b ehavior must rely on some infrastructure, the group archi-

tecture. This encompasses such concepts as rob ot heterogeneity/homogeneity

, the ability of a given

rob ot to recognize and mo del other rob ots, and communication structur e. Second, for multiple rob ots

to inhabit a shared environment, manipulate ob jects in the environment, and p ossibly communicate

with each other, a mechanism is needed to resolve resource con icts. The third research axis, ori-

gins of co op eration, refers to how co op erative b ehavior is actually motiv ated and achieved. Here, we

do not discuss instances where co op eration has b een \explicitly engineered" into the rob ots’ b ehavior

since this is the default approach. Instead, we are more interested in biological parallels (e.g., to so cial

insect b ehavior), game-theoretic justi�cations for co op eration, and concepts of emergence. Because adaptability and exibility are esse ntial traits in a task-solving group of rob ots, we view learning as

a fourth key to achieving co op erative b ehavior. One imp ortant mechanism in generating co op eration,

namely

, task decomp osition and allo cation, is not considered a research axis since (i) very few works in

co op erative rob otics have centered on task decomp osition and allo cation (with the notable exceptions

of [Noreils, 1993, Lueth and Laengle, 1994, Parker, 1994b]), (ii) co op erative rob ot tasks (foraging, b ox-

pushing) in the literature are simple enough that decomp osition and allo cation are not required in the

solution, and (iii) the use of decomp osition and allo cation dep ends almost entirely on the group archi-

tectures (e.g. whether it is centralized or decentralized). Note that there is also a related, geometric

problem of optimizing the allo cation of tasks spatially

. This has b een recently studied in the context

of the division of the search of a work area by multiple rob ots [Kurabayashi et al., 1995]. Whereas

the �rst four axes are related to the gener ation of co op erative b ehavior, our �fth and �nal axis { ge-

ometric problems { covers research issues that are tied to the emb edding of rob ot tasks in a two-

or three-dimensional world. These issues include multi-agent path planning, moving to formation, and

pattern generation.

2.1 Group Arc hitecture

The ar chite ctur e of a computing system has b een de�ned as \the part of the system that remains

unchanged unless an external agent changes it" [V anLehn, 1991]. The gr oup ar chite ctur e of a co op-

erative rob otic system provides the infrastructure up on which collective b ehaviors are implemented,

and determines the capabilities and limitations of the system. W e now brie y discuss some of the

key architectural features of a group architecture for mobile rob ots: centralization/decentralization,

di�erentiation, communications, and the ability to mo del other agents. W e then describ e several rep-

resentative systems that have addressed these sp eci�c problems.

2.1.1 Centralization/Decen tralization

The most fundamental decision that is made when de�ning a group architecture is whether the system is

centralized or decentralized, and if it is decentr alized, whether the system is hierarchical or distributed.

Centr alize d architecture s are characterized by a single control agent. De c entr alize d architectures lack

such an agent. There are two typ es of decentralized architecture s: distribute d architectures in which

all agents are equal with resp e ct to control, and hier ar chic al architectures which are lo cally centralized.

Currently

, the dominant paradigm is the decentr alized approach.

The b ehavior of decentralized systems is often describ ed using such terms as \emergence" and

\self-organization." It is widely claimed that decentr alized architectures (e.g., [Beckers et al., 1994,

Arkin, 1992, Steels, 1994, Mataric, 1994a]) have several inherent adv antages over centralized architec-

tures, including fault tolerance, natural exploitation of parallelism, reliability

, and scalability

. However,

we are not aware of any published empirical or theoretical comparison that supp orts these claims di-

rectly

. Such a comparison would b e interesting, particularly in scenarios where the team of rob ots is

relatively small (e.g., two rob ots pushing a b ox), and it is not clear whether the scaling prop erties of

decentralization o�set the co ordinative adv antage of centralized systems.

In practice, many systems do not conform to a strict centralized/dece ntralized dichotomy

, e.g.,

many largely decentr alized architectures utilize \leader" agents. W e are not aware of any instances

of systems that are completely centralized, although there are some hybrid centralized/dece ntralized

architectures wherein there is a central planner that exerts high-level control over mostly autonomous

agents [Noreils, 1993, Lueth and Laengle, 1994, Aguilar et al., 1995, Causse and Pampagnin, 1995].

2.1.2 Di�erentiation

W e de�ne a group of rob ots to b e homo gene ous if the capabilities of the individual rob ots are iden-

tical, and heter o gene ous otherwise. In general, heterogene ity intro duces complexity since task allo ca-

tion b ecomes more di�cult, and agents have a greater need to mo del other individuals in the group.

[Parker, 1994b] has intro duced the concept of task c over age, which measures the ability of a given team

memb er to achieve a given task. This parameter is an index of the demand for co op eration: when task

coverage is high, tasks can b e accomplished without much co op eration, but otherwise, co op eration is

necess ary . T ask coverage is maximal in homogeneous groups, and decre ases as groups b ecome more

heterogeneous (i.e., in the limit only one agent in the group can p erform any given task).

The literature is currently dominated by works that assume homogeneous groups of rob ots. How-

ever, some notable architectures can handle heterogene ity

, e.g., ACTRESS and ALLIANCE (see Section

2.1.5 b elow). In heterogeneous groups, task allo cation may b e determined by individual capabilities,

but in homogeneous systems, agents may need to di�er entiate into distinct roles that are either known

at design-time, or arise dynamically at run-time.

2.1.3 Communication Structures

The communication structure of a group determines the p ossible mo des of inter-agent interaction. W e

characterize three ma jor typ es of interactions that can b e supp orted. ([Dudek et al., 1993] prop oses a

more detailed taxonomy of communication structure s).

Interaction via environmen t

The simplest, most limited typ e of interaction o ccurs when the environment itself is the commu-

nication medium (in e�ect, a shared memory), and there is no explicit communication or interaction

b etween agents. This mo dality has also b een called \co op eration without communication" by some

researche rs. Systems that dep end on this form of interaction include [Goss and Deneub ourg, 1992,

Beckers et al., 1994, Arkin, 1992, Steels, 1990, T ung and Kleinro ck, 1993, T ung, 1994, Sen et al., 1994].

Interaction via sensing

Corresp onding to arms-length relationships in organization theory [Hewitt, 1993], interaction via

sensing refers to lo cal interactions that o ccur b etween agents as a result of agents sensing one an-

other, but without explicit communication. This typ e of interaction requires the ability of agents to

distinguish b etween other agents in the group and other ob jects in the environment, which is called

\kin recognition" in some literatures [Mataric, 1994a]. Interaction via sensing is indisp ensable for

mo deling of other agents (see Section 2.1.4 b elow). Because of hardware limitations, interaction via

sensing has often b een emulated using radio or infrared communications. However, several recent

works attempt to implement true interaction via sensing, based on vision [Kuniyoshi et al., 1994a,

Kuniyoshi et al., 1994b, Sugie et al., 1995]. Collective b ehaviors that can use this kind of interaction

include o cking and pattern formation (keeping in formation with nearest neighb ors).

Interaction via communications

The third form of interaction involves explicit communication with other agents, by either directed

or broadcast intentional messages (i.e. the recipient(s) of the message may b e either known or un-

known). Because architectures that enable this form of communication are similar to communication

networks, many standard issues from the �eld of networks arise, including the design of network top olo-

gies and communications proto cols. F or example, in [W ang, 1994] a media access proto col (similar to

that of Etherne t) is used for inter-rob ot communication. In [Ichik awa et al., 1993], rob ots with limited

communication range communicate to each other using the \hello-call" proto col, by which they estab-

lish \chains" in order to extend their e�ective communication ranges. [Gage, 1993] describ es metho ds

for communicating to many (\zillions") rob ots, including a v ariety of schemes ranging from broadcast

channels (where a message is sent to all other rob ots in the system) to mo dulated retrore ec tion (where

a master sends out a laser signal to slaves and interprets the resp onse by the nature of the re ect ion).

[W ang et al., 1995] descr ib es and simulates a wireless CSMA/CD ( Carrier Sense Multiple Access with

Collision Detection ) proto col for the distributed rob otic systems.

There are also communication mechanisms designed sp ecially for multiple-rob ot systems. F or exam-

ple, [W ang and Beni, 1990] prop oses the \sign-b oard" as a communication mechanism for distributed

rob otic systems. [Arai et al., 1993] gives a communication proto col mo deled after di�usion, wherein lo cal communication similar to chemical communication mechanisms in animals is used. The commu-

nication is engineered to decay away at a prese t rate. Similar communications mechanisms are studied

in [Lewis and Bekey

, 1992, Drgoul and F erb er, 1993, Goss and Deneub ourg, 1992]. Additional work on

communication can b e found in [Y oshida et al., 1994], which analyzes optimal group sizes for lo cal com-

munications and communication delays. In a related vein, [Y oshida et al., 1995a, Y oshida et al., 1995b]

analyzes optimal lo cal communication ranges in broadcast communication.

2.1.4 Mo deling of Other Agents

Mo deling the intentions, b eliefs, actions, capabilities, and states of other agents can lead to more

e�ective co op eration b etween rob ots. Communications requirements can also b e lowered if each agent

has the capability to mo del other agents. Note that the mo deling of other agents entails more than

implicit communication via the environment or p erception: mo deling requires that the mo deler has

some repres entation of another agent, and that this represe ntation can b e used to make inferences

ab out the actions of the other agent.

In co op erative rob otics, agent mo deling has b een explored most extensively in the context of ma-

nipulating a large ob ject. Many solutions have exploited the fact that the ob ject can serve as a common

medium by which the agents can mo del each other.

The second of two b ox-pushing proto cols in [Donald et al., 1994] can achieve \co op eration without

communication" since the ob ject b eing manipulated also functions as a \communication channel"

that is shared by the rob ot agents; other works capitalize on the same concept to derive distributed

control laws which rely only on lo cal measures of force, torque, orientation, or distance, i.e., no explicit

communication is necessary (cf. [Stilwell and Bay

, 1993] [Hashimoto and Oba, 1993]). In a two-rob ot

bar carrying task, F ukuda and Sekiyama’s agents [F ukuda and Sekiyama, 1994] each uses a probabilistic

mo del of the other agent. When a risk threshold is excee ded, an agent communicates with its partner

to maintain co ordination. In [Donald, 1993a, Donald, 1993b], the theory of information inv ariants is

used to show that extra hardware capabilities can b e added in order to infer the actions of the other

agent, thus reducing communication requirements. This is in contrast to [Sen et al., 1994], where the

rob ots achieve b ox pushing but are not aware of each other at all. F or a more complex task involving

the placement of �ve desks in [Sugie et al., 1995], a homogeneous group of four rob ots share a ceiling

camera to get p ositional information, but do not communicate with each other. Each rob ot relies on

mo deling of other agents to detect con icts of paths and placements of desks, and to change plans

accordingly .

2.1.5 Represen tative Architectures

All systems implement some group architecture. W e now describ e several particularly well-de�ned

represe ntative architecture s, along with works done within each of their frameworks. It is interesting to

note that these architecture s encompass the entire sp ectr um from traditional AI to highly decentralized

approaches.

CEBOT

CEBOT (CEllular roBOTics System) is a decentralized, hierarchical architecture inspired by the cel-

lular organization of biological entities (cf. [F ukuda and Nak agawa, 1987] [F ukuda and Kawauchi, 1993],

[Ueyama and F ukuda, 1993b] [Ueyama and F ukuda, 1993a] [F ukuda and Iritani, 1995]). The system is

dynamically recon�gurable in that basic autonomous \cells" (rob ots), which can b e physically coupled

to other cells, dynamically recon�gure their structur e to an \optimal" con�guration in resp onse to

changing environments. In the CEBOT hierarchy there are \master cells" that co ordinate subtasks

and communicate with other master cells. A solution to the problem of electing these master cells

was discussed in [Ueyama et al., 1993b]. F ormation of structure d cellular mo dules from a p opulation

of initially separated cells was studied in [Ueyama and F ukuda, 1993b]. Communications requirements

have b een studied extensively with resp ec t to the CEBOT architecture, and v arious metho ds have b een

prop osed that seek to reduce communication requirements by making individual cells more intelligent

(e.g., enabling them to mo del the b ehavior of other cells). [F ukuda and Sekiyama, 1994] studies the

problem of mo deling the b ehavior of other cells, while [Kawauchi et al., 1993a

, Kawauchi et al., 1993b]

present a control metho d that calculates the goal of a cell based on its previous goal and on its master’s

goal. [F ukuda et al., 1990] gives a means of estimating the amount of information exchanged b etween

cells, and [Ueyama et al., 1993a] gives a heuristic for �nding master cells for a binary communication

tree. A new b ehavior selection mechanism is intro duced in [Cai et al., 1995], based on two matrices, the

priority matrix and the interest relation matrix, with a learning algorithm used to adjust the priority

matrix. Recently

, a Micro Autonomous Rob otic System (MARS) has b een built consisting of rob ots

of 20 cubic mm and equipp ed with infrared communications [Mitsumoto et al., 1995].

ACTRESS

The ACTRESS (ACT or-based Rob ot and Equipments Synthetic System) pro ject [Asama et al., 1989]

[Ishida et al., 1991] [Asama et al., 1992] is inspired by the Universal Mo dular ACTOR F ormalism

[Hewitt et al., 1973]. In the ACTRESS system, \rob otors", including 3 rob ots and 3 workstations

(one as interface to human op erator, one as image pro cessor and one as global environment manager),

form a heterogeneous group trying to p erform tasks such as ob ject pushing [Asama et al., 1991a] that

cannot b e accomplished by any of the individual rob otors alone [Ishida et al., 1994, Suzuki et al., 1995].

Communication proto cols at di�erent abstraction levels [Matsumoto et al., 1990] provide a means up on

which \group cast" and negotiation mechanisms based on Contract Net [Smith, 1980] and multi-

stage negotiation proto cols are built [Asama et al., 1994]. V arious issues are studied, such as e�cient

communications b etween rob ots and environment managers [Asama et al., 1991b], collision avoidance

[Asama et al., 1991c].

SW ARM

A SW

ARM is a distributed system with a large numb er of autonomous rob ots [Jin et al., 1994].

(Note that the work on SW

ARM systems b egan as work on Cellular Rob otic Systems [Beni, 1988],

where many simple agents o ccupied one- or two-dimensional environments and were able to p erform

tasks such as pattern generation and self-organization). SW

ARM intel ligenc e is \a prop erty of sys-

tems of non-intelligent rob ots exhibiting collectively intelligent b ehavior" [Hackwo o d and Beni, 1991].

Self-or ganization in a SW

ARM is the ability to distribute itself \optimally" for a given task, e.g., via

geometric pattern formation or structural organization. SW

ARM exhibits a distributed architecture,

usually with no di�erentiation among memb ers (an exception is [Hackwo o d and Beni, 1992], where two

di�erent typ es of rob ots were used). Interaction takes place by each cell reacting to the state of its near-

est neighb ors. Mechanisms for self-organization in SW

ARM are studied in [Hackwo o d and Beni, 1992]

[Beni and W ang, 1991] [Beni and Hackwo o d, 1992] [Hackwo o d and Beni, 1991] [Liang and Beni, 1995]

[Jin et al., 1994]. Examples for p ossible applications include large-scale displays and distributed sens-

ing [Hackwo o d and W ang, 1988]. Communication primitives have b een an imp ortant part of research

in SW

ARM [W ang and Beni, 1988, W ang and Premvuti, 1995] (see Section 3.2 b elow for more details).

GOFER

The GOFER architecture [Caloud et al., 1990, LePap e, 1990] was used to study distributed problem

solving by multiple mobile rob ots in an indo or environment using traditional AI techniques. In GOFER,

a central task planning and scheduling system (CTPS) communicates with all rob ots and has a global

view of b oth the tasks to b e p erformed and the av ailability of rob ots to p erform the tasks. The CTPS

generates a plan structure (template for an instance of a plan) and informs all av ailable rob ots of

the p ending goals and plan structure s. Rob ots use a task allo cation algorithm like the Contract Net

Proto col [Smith, 1980] to determine their roles. Given the goals assigned during the task allo cation

pro cess, they attempt to achieve their goals using fairly standard AI planning techniques. The GOFER

architecture was succe ssfully used with three physical rob ots for tasks such as following, b ox-pushing,

and wall tracking in a corridor.

Other architectures that make signi�cant use of concepts studied within the classical distributed

paradigm are describ ed in [Lueth and Laengle, 1994] [Noreils, 1990] [Noreils, 1993] [Noreils, 1992a]

[Noreils, 1992b] [Alani et al., 1995] [Albus, 1993].

ALLIANCE/L-ALLIANCE

The ALLIANCE architecture was develop ed by Parker [Parker, 1994b, Parker, 1994a] in order

to study co op eration in a heterogeneous , small-to-medium-sized team of largely indep endent, lo osely

coupled rob ots. Rob ots are assumed able to, with some probability

, sense the e�ect s of their own actions

and the actions of other agents through p erce ption and explicit broadcast communications. Individual

rob ots are based on a b ehavior-based controller with an extension for activ ating \b ehavior sets" that

accomplish certain tasks. These sets are activ ated by motiv ational b ehaviors whose activ ations are

in turn determined by the rob ots’ awareness of their teammates. L-ALLIANCE [Parker, 1994b] is

an extension to ALLIANCE that uses reinforcement learning to adjust the parameters controlling

b ehavior set activ ation. The ALLIANCE/L-ALLIANCE architecture has b een implemented b oth on

real rob ots and in simulation, and has b een success fully demonstrated for tasks including b ox-pushing,

puck-gathering, marching in formation, and simulations of hazardous waste cleanup and janitorial

service.

Behavior-Based Co op erative Behavior

Mataric [Mataric, 1992c, Mataric, 1992a, Mataric, 1993, Mataric, 1994a] prop oses a b ehavior-based

architecture for the synthesis of collective b ehaviors such as o cking, foraging, and do cking based on

the direct and temp oral comp osition of primitive basic b ehaviors (safe-wandering, following, aggre-

gation, disp ersion, homing). A metho d for automatically constructing comp osite b ehaviors based on

reinforcement learning is also prop osed. The architecture has b een implemented b oth on groups of up

to 20 real rob ots (the largest group rep orted in the works we surveyed) and in simulation.

Similar b ehavior-based architecture s include the work by Kub e et al, which is based on an Adaptive

Logic Network, a neural network [Kub e and Zhang, 1992, Kub e and Zhang, 1993, Kub e et al., 1993,

Kub e and Zhang, 1994], the T ropism-Based Cognitive Architectur e [Agah and Bekey

, 1994], and an

architecture based on \instinctive b ehaviors" [Dario et al., 1991].

2.2 Resource Con ict

When a single indivisible resource is requested by multiple rob ots, r esour c e c on ict arises. This issue has

b een studied in many guises, notably the mutual exclusion problem in distributed algorithms and the

multiaccess problem in computer networks. With multiple rob ots, resource con ict o ccurs when there

is a need to share space, manipulable ob jects or communication media. F ew works have dealt sp ecif-

ically with ob ject sharing or sharing of communication media (i.e., sharing of communication media

is usually achieved using very basic techniques { wireless LAN, straightforward time-division multiplexing, or broadcast over an RF channel; recently

, [W ang and Premvuti, 1994, Y oshida et al., 1995b,

Y oshida et al., 1995a

] have considered some problems in sharing communications channels). W e there-

fore center on the space sharing problem, which has b een studied primarily via multiple-rob ot path

planning (the \tra�c control" formulation from ab ove) and the collision and deadlo ck avoidance prob-

lems.

In a multi-rob ot system, each rob ot can conceiv ably plan a path that accounts for other rob ots and

the global environment via con�guration space-time, explicit mo dels of other agents, or other tech-

niques F or example, [F ukuda and Sekiyama, 1994] prop oses a \hierarchical prediction mo del" which

essentially uses simulation to achieve collision avoidance. [Rude, 1994] considers the problem of cross-

ing an intersection: event transforms into the lo cal space-time co ordinate frame of a rob ot are applied,

and each rob ot (i) iteratively up dates the lo cal frame and its ob jects, (ii) ev aluates collision risk,

and (iii) generates a mo di�ed path dep ending on the collision risk. (See also Section 2.5). How-

ever, researchers considering real-world multi-rob ot systems typically conclude that planning paths

in adv ance is imp ossible. Thus, rob ots are often restricte d to prescrib ed paths or roads, with rules

(much like tra�c laws in the human world) and communications used to avoid collision and deadlo ck

[Caloud et al., 1990, Asama et al., 1991a ].

Grossman [Grossman, 1988] classi�es instances of the tra�c control problem into three typ es: (i)

restricte d roads, (ii) multiple p ossible roads with rob ots selecting autonomously b etween them, and

(iii) multiple p ossible roads with centralized tra�c control. When individual rob ots p ossess unique

roads from one p oint to another, no con ict is p ossible; when there is global knowledge and centralized

control, it is easy to prevent con ict. Thus, the interesting case is (ii), where rob ots are allowed

to autonomously select roads. Analysis in [Grossman, 1988] shows that restricted roads are highly

sub optimal, and that the autonomous road choice coupled with a greedy p olicy for escaping blo cked

situations is far more e�ective (cf. \mo dest co op eration" [Premvuti and Y uta, 1990], where rob ots are

assumed to b e b enevolent for the common go o d of the system).

Solutions to the tra�c control problem range from rule-based solutions to approaches with an-

tecedents in distributed pro cess ing. In [Kato et al., 1992], rob ots follow pre-planned paths and use rules

for collision avoidance. Example rules include \keep-right", \stop at intersection", and \keep su�cient

space to the rob ot in front of you". [Asama et al., 1991c] solves collision avoidance using two simple

rules and a communication proto col that resolves con ict by transmitting individual priorities based

on the task requirement, the environment, and the rob ot p erformance. In [Y uta and Premvuti, 1992],

the rob ots stop at an intersection and indicate b oth the numb er of rob ots at the intersection and the

directions in which they are traveling. If deadlo ck is p ossible, each rob ot p erforms \shunting" (trying

to obtain high priority) and pro ceeds according to the agreed-up on priorities. [W ang, 1991] takes a distributed computing approach to tra�c control, where the particular problem solved is to keep the

numb er of rob ots traveling on any given path b elow a threshold v alue. Rob ots use a mutual exclusion

proto col to comp ete for the right to travel on each path. W ang and Beni [W ang and Beni, 1990] adapt

two distributed algorithms to solve two problems in their CRS/SW

ARM architecture . The \n-way in-

tersec tion problem" is solved using an algorithm similar to mutual exclusion, and the \knot detection

problem" is solved using an algorithm similar to distributed deadlo ck detection.

2.3 The Origin of Co op eration

In almost all of the work in collective rob otics so far, it has b een assumed that co op eration is explicitly

designed into the system. An interesting research problem is to study how co op eration can arise

without explicit human motiv ation among p ossibly sel�sh agents.

McF arland [McF arland, 1994] distinguishes b etween two signi�cantly di�erent typ es of group b e-

haviors that are found in nature: euso cial b ehavior and c o op er ative b ehavior. Euso cial b ehavior is

found in many insect sp ecies (e.g., colonies of ants or b ees), and is the result of genetically determined

individual b ehavior. In euso cial so cieties, individual agents are not very capable, but seemingly intelli-

gent b ehavior arises out of their interactions. This \co op erative" b ehavior is neces sary for the surviv al

of the individuals in the colonies. [W erner and Dyer, 1992] studies the evolution of herding b ehavior

in \prey" agents in a simulated ecology

, where there is no a priori drive for co op eration. Recently ,

[McF arland, 1994, Steels, 1994] have laid the initial groundwork to address the problem of emergent

co op eration in an ecological system inhabited by actual mobile rob ots. In their ecosystem, individual

rob ots are sel�sh, utility-driven agents that must co op erate in order to survive (i.e., maintain some

minimal energy level).

On the other hand, [McF arland, 1994] de�nes co op erative b ehavior as the so cial b ehavior observed

in higher animals (vertebrate s); i.e., co op eration is the result of interactions b etween sel�sh agents. Un-

like euso cial b ehavior, co op erative b ehavior is not motiv ated by innate b ehavior, but by an intentional

desire to co op erate in order to maximize individual utility .

Inspired by economics and game-theoretic approaches, [Bond and Gasser, 1988] [Genesereth et al., 1986]

[Rosenschein and Genesere th, 1985] [Rosenschein and Zlotkin, 1994] and others have studied the emer-

gence of co op eration in sel�sh rational agents in the �eld of distributed arti�cial intelligence (DAI). A

recent work in the rob otics literature that adopts this game-theoretic approach is [Numaok a, 1993].

2.4 Learning

Finding the correct v alues for control parameters that lead to a desired co op erative b ehavior can b e a

di�cult, time-consuming task for a human designer. Therefore, it is highly desirable for multiple-rob ot

systems to b e able to le arn control parameter v alues in order to optimize their task p erformance, and

to adapt to changes in the environment. Reinforcement learning [Barto et al., 1983, Kaelbling, 1993]

has often b een used in co op erative rob otics.

[Mataric, 1994a, Mataric, 1994b] prop ose a reformulation of the reinforcement learning paradigm

using higher levels of abstraction (conditions, b ehaviors, and heterogeneous reward functions and

progress estimators instead of states, actions, and reinforcement) to enable rob ots to learn a com-

p osite foraging b ehavior. [Parker, 1994b] uses standard reinforcement algorithms to improve the p er-

formance of co op erating agents in the L-ALLIANCE architecture by having the agents learn how to

b etter estimate the p erformance of other agents. [Sen et al., 1994] uses reinforcement learning in a

two-rob ot b ox-pushing system, and [Y anco and Stein, 1992] applies reinforcement learning to learn a

simple, arti�cial rob ot language. Other relev ant works in multiagent reinforcement learning (done

in simulation, in contrast to the ab ove works which were implemented on actual rob ots) include

[Whitehead, 1991, T an, 1993, Littman, 1994].

In addition, techniques inspired by biological evolution have also b een used in co op erative rob otics.

[W erner and Dyer, 1992] uses a genetic algorithm [Goldb erg, 1989] to evolve neural network controllers

for simulated \prey" creature s that learn a herding b ehavior to help avoid predators. [Reynolds, 1992]

uses genetic programming [Koza, 1990] to evolve o cking b ehavior in simulated \b oids."

2.5 Geometric Problems

Because mobile rob ots can move ab out in the physical world and must interact with each other physi-

cally

, geometric problems are inherent to multiple-rob ot systems. This is a fundamental prop erty that

distinguishes multiple-rob ot systems from traditional distributed computer systems in which individual

no des are stationary

. Geometric problems that have b een studied in the co op erative rob otics literature

include multiple-rob ot path planning, moving to (and maintaining) formation, and pattern generation.

(Multiple-Rob ot) Path Planning

Recall that multiple-rob ot path planning requires agents to plan routes that do not intersect. This

is a case of resource con ict, since the agents and their goals are emb edded in a �nite amount of

space. However, we note path planning separately b ecause of its intrinsic geometric avor as well as

its historical imp ortance in the literature.

Detailed reviews of path planning are found in [F ujimura, 1991, Latomb e, 1991, Arai and Ota, 1992].

F ujimura [F ujim ura, 1991] views path planning as either centralized (with a universal path-planner

making decisions) or distributed (with individual agents planning and adjusting their paths). Arai

and Ota [Arai and Ota, 1992] make a similar distinction in the nature of the planner, and also allow

hybrid systems that can b e combinations of on-line, o�-line, centralized, or decentralized. Latomb e

[Latomb e, 1991] gives a somewhat di�erent taxonomy: his \centralized planning" is planning that

takes into account all rob ots, while \decoupled" planning entails planning the path of each rob ot in-

dep endently . F or centralized planning, several metho ds originally used for single-rob ot systems can b e

applied. F or decoupled planning, two approaches are given: (i) prioritize d planning considers one rob ot

at a time according to a global priority

, while (ii) the p ath c o or dination metho d essentially plans paths

by scheduling the con�guration space-time resourc e. The work of [Erdmann and Lozano-Perez, 1986]

is a typical decoupled approach where every rob ot is prioritized and rob ots plan global paths with

resp ec t to only higher-priority rob ots (e.g., the highest-priority rob ot plans only around the obsta-

cles in the environment). Note that this is still a centralized metho d according to the terminology

of [F ujimura, 1991, Arai and Ota, 1992]. On the other hand, [Y eung and Bekey

, 1987] presents a dis-

tributed approach (p er F ujimura’s taxonomy) where each rob ot initially attempts a straight-line path

to the goal; if an interfering obstacle is seen, then the rob ot will scan the visible vertices of the obstacle

and move toward the closest one. In general, this continues until the goal is reached. Dynamically

v arying priorities are given to each rob ot (based on current need) to resolve path intersec tion con icts,

and con icting rob ots can either negotiate among themselves or allow a global blackb oard manager to

p erform this function.

Some rece nt works have addressed some nontraditional motion planning problems. F or example,

[Hert and Lumelsky

, 1995] prop oses an algorithm for path planning in tethered rob ots, and [Ota et al., 1995]

consider the problem of moving while grasping large ob jects.

The F ormation and Marching Problems

The F ormation and Marching problems resp ec tively require multiple rob ots to form up and move

in a sp eci�ed pattern. Solving these problems is quite interesting in terms of distributed algorithms

[Sugihara and Suzuki, 1990], balancing b etween global and lo cal knowledge [Parker, 1994b], and in-

trinsic information requirements for a given task. Solutions to F ormation and Marching are also useful

primitives for larger tasks, e.g., moving a large ob ject by a group of rob ots [Stilwell and Bay

, 1993]

[Chen and Luh, 1994a] [Chen and Luh, 1994b] or distributed sensing [W ang and Beni, 1988].

The F ormation problem seems very di�cult, e.g., no published work has yet given a distributed

\circle-forming" algorithm that guarantees the rob ots will actually end up in a circle. F or this problem,

the b est known solution is the distributed algorithm of [Sugihara and Suzuki, 1990], which guarantees only that the rob ots will end up in a shap e of constant diameter (e.g., a Reuleaux triangle can b e the

result). It is assumed that the i th

mobile rob ot knows the distances D

i and d

i to its farthest and nearest

neighb ors, resp e ctively; the algorithm attempts to match the ratios D

i

=d

i to a prescrib e d constant.

No metho d of detecting termination was given. [Chen and Luh, 1994a, Chen and Luh, 1994b] extend

the metho d of [Sugihara and Suzuki, 1990] to incorp orate collision avoidance when the rob ots are

moving. [Y amaguchi and Arai, 1994] approaches the shap e-generation problem using systems of linear

equations; starting at some initial lo cation, each rob ot changes its (x; y ) p osition according to a linear

function of its neighb ors’ p ositions and some �xed constant. Simulations of the metho d show that a

group of initially collinear rob ots will converge into the shap e of an arc.

W e observe that the circle-forming problem, while quite simple to state, reveals several pitfalls

in formulating distributed geometric tasks. F or example, the ability of an individual agent to sense

attributes of the formation must b e carefully considered: to o much information makes the problem

trivial, but to o little information (e.g., returns from lo calized sensors) may prevent a solution (e.g.,

rob ots may never �nd each other). Information lower b ounds, e.g., for rob ots to b e able to realize that

they have achieved the prescr ib ed formation, are also largely unexplored in the literature. Interestingly ,

we note that the algorithm of [Sugihara and Suzuki, 1990] can b e slightly mo di�ed: rather than each

rob ot seeking to achieve a prescrib ed ratio D =d, each rob ot could seek to achieve a prescrib ed angle

(close to 90 degrees) subtended by its farthest neighb or and its closest neighb or to the right. This uses

very similar sensing capabilities but guarantees the desired circular shap e.

F or Marching, [Chen and Luh, 1994a] employs p ositional constraint conditions in a group of rob ots

that makes turns while maintaining an array pattern. In [Chen and Luh, 1994b] a leader-follower ap-

proach is used to solve a similar task. [Parker, 1993] studies the problem of keeping four marching

rob ots in a side-by-side formation; this increases in di�culty when the leader has to p erform obsta-

cle avoidance or other maneuvers. Parker also de�nes the concepts of global goals and global/lo cal

knowledge. T o study the e�ect s of di�erent distributions of global goals and global knowledge, four

strategies are compared b oth in simulation and on mobile rob ots. Simpli�ed instances of the Marching

problem require rob ots to reliably follow each other and to move in a group (without tight con-

straints on their relative p ositions). Some works that address this problem (sometimes referred to

as the herding/ o cking problem) include [Reynolds, 1987, Mataric, 1994a, Ho dgins and Brogan, 1994,

Brogan and Ho dgins, 1995, Milios and Wilkes, 1995]. A somewhat related problem is the problem of

co op erative p ositioning (determining the lo cations of the rob ots in a group using limited information)

[Kurazume and Nagata, 1994].

Related to the F ormation problem is the pattern generation problem in Cellular Rob otic Sys-

tems, multiple-rob ot systems which can \enco de information as patterns of its own structural units"

[Beni, 1988]. Typically

, one- or two-dimensional grids constitute the workspace, and sensing of neigh-

b oring cells is the only input. Within these constraints, a set of rules is devised and applied to all agents;

a standard result is to show in simulation that convergence to some spatial pattern is guaranteed. The

meaningful asp ect of this work lies in providing a system with the capability of spatial self-organization:

a CRS will recon�gure itself without intervention in certain situations or under certain conditions.

In [W ang and Beni, 1988, Liang and Beni, 1995], a CRS is characterized as an arbitrary numb er

of rob ots in a one- or two-dimensional grid. The rob ots are able to sense neighb oring cells and com-

municate with other rob ots via a signb oard mechanism. Proto cols are presented for creating di�erent

patterns, e.g., alternating rob ots and spaces in a one-dimensional grid; covering the top row of a two-

dimensional grid by rob ots; or covering the b oundary of a two-dimensional grid by rob ots. Egecioglu

and Zimmermann [Egecioglu and Zimmermann, 1988] p ose the \Random Pairing" problem, and seek a

set of rules by which for any given numb er, a CRS will converge to a pattern such that there is a group

of two rob ots with that numb er of v acant spaces b etween them (see also [Beni and Hackwo o d, 1992]).

An analogous cellular approach is adopted by Genovese et al. [Genovese et al., 1992], who describ e

the simulation of a system of p ollutant-seeking mobile rob ots. The simulation uses a p otential �eld

mechanism to attract rob ots to the p ollutant and to repulse rob ots from each other. The combined

e�ect of these two forces yields a gradient pattern that \p oints" toward the source of the p ollutant.

3 P ersp ectiv es

As an integrative engineering discipline, rob otics has always had to confront technological constraints

that limit the domains that can b e studied. Co op erative rob otics has b een sub ject to these same

constraints, but the constraints tend to b e more severe b ecause of the need to cop e with multiple rob ots.

At the same time, co op erative rob otics is a highly interdisciplinary �eld that o�ers the opp ortunity to

draw in uences from many other domains. In this section, we �rst outline some of the technological

constraints that face the �eld. W e then mention some directions in which c o op er ative r ob otics might

progress, and describ e related �elds that have provided and will continue to provide in uences.

3.1 T ec hnological Constrain ts

It is clear that technological constraints have limited the scop e of implementations and task domains

attempted in multiple-rob ot research systems.

One obvious problem that arises is the general problem of researche rs having to solve v arious

instances of the vision problem b efore b eing able to make progress on \higher-level" problems. Often,

di�culties arising from having to solve di�cult p erceptual problems can limit the range of tasks that can b e implemented on a multiple-rob ot platform. F or example, in co op erative rob otics systems where

mo deling of other agents (see Section 2.1.4) is used, the lack of an e�ective sensor array can render

the system unimplementable in practice. In addition, rob ot hardware is also notoriously unreliable; as

a result, it is extremely di�cult to maintain a eet of rob ots in working condition. Again, collective

rob otics must deal with all of the hardware problems of single-rob otic systems, exacerbated by the

multiplicity of agents.

Due to the di�culties (such as those outlined ab ove) encountered when working with real rob ots,

much of collective rob otics has b een studied exclusively in simulation. Some researche rs have argued

(cf. [Bro oks, 1991]) that by ignoring most of the di�culties asso ciated with p erception and actuation,

simulations ignore the most di�cult problems of rob otics. By making overly simplistic assumptions,

it is p ossible to generate \successful" systems in simulation that would b e infeasible in the real world.

(Conversely

, mobile research rob ots can also come to \lo ok like the simulator", i.e., circular fo otprint,

sonar ring, synchro-drive is a common con�guration.) Nevertheless , simulation must inevitably play

a role in multi-agent rob otics at some level. Although it is currently p ossible for researche rs to study

groups of 10-20 rob ots, it is unlikely that truly large-scale collective b ehavior involving hundreds or

thousands of real rob ots will b e feasible at any time in the near future. Thus, co op erative mobile

rob ot researchers have used a v ariety of techniques to simulate p erce ption, while using physical rob ots.

F or instance, the use of a global p ositioning system can in part comp ensate for the lack of vision, but

can place severe environmental constraints under which rob ots can op erate (b ecause many ob jects and

acoustic features of the environment can interfere with the GPS). F or the basic problem of di�erentiat-

ing b etween other agents and all other ob jects in the environment. some researchers [Parker, 1994b] use

radio communication to solve this problem. In other works [Donald, 1993a, Parker, 1994b] interaction

via sensing is done by explicit radio communication. There are recent attempts to p erform recognition

via vision [Kuniyoshi et al., 1994a, Kuniyoshi et al., 1994b].

An approach taken by some researcher s is to use simulations as prototyp es for larger-scale studies,

and small numb ers of real rob ots as a pro of-of-concept demonstration [Mataric, 1994a, Parker, 1994b].

On the other hand, some researche rs, citing the neces sity of working in the real world domain,

have chosen to eschew simulations altogether and implement their theories directly on actual rob ots

[Beckers et al., 1994] [McF arland, 1994] [Steels, 1994]. In studies of lo comotion in large herds of (upto

100) one-legged rob ots and simulated human cyclists, [Ho dgins and Brogan, 1994] [Brogan and Ho dgins, 1995]

take an alternate approach of design a very physically realistic simulation. While this approach brings

realism to actuation, the issue of p erce ption is still simulated away; it is still unclear whether it will

b e feasible to realistically mo del sophisticated agents in more complex environments, or whether the

e�ort will outweigh the b ene�ts.

3.2 T o w ards a Science of Co op erativ e Rob otics

The �eld of co op erative mobile rob otics o�ers an incredibly rich application domain, integrating a huge

numb er of distinct �elds from the so cial sciences , life science s, and engineering. That so many theories

have b een brought to b ear on \co op erative rob otics" clearly shows the energy and the allure of the �eld.

Y et, co op erative rob otics is still an emerging �eld, and many op en directions remain. In this subsec tion,

we p oint out some promising directions that have yet to b e fully explored by the research community .

By way of a preface, we also p oint out three \cultural" changes which may come as the �eld matures:

(1) Because of the youth of the �eld, co op erative rob otics research has b een neces sarily rather informal

and \concept" oriented. However, the development of rigorous formalisms is desirable to clarify v arious

assumptions ab out the systems b eing discussed, and to obtain a more precise language for discussion

of elusive concepts such as co op eration (there are some exceptions, such as [Parker, 1994b], which

presents a formalization of motiv ational b ehavior in the ALLIANCE architecture). (2) F ormal metrics

for co op eration and system p erformance, as well as for grades of co op eration, are noticeably missing

from the literature. While the notion of co op eration is di�cult to formalize, such metrics will b e very

useful in characterizing v arious systems, and would improve our understanding of the nature of agent

interactions. Although [Mataric, 1994a

] has suggested parameters such as agent density for estimating

interference in a multi-rob ot system, much more work in this area is necessary

. (3) Exp erimental studies

might b ecome more rigorous and thorough, e.g., via standard b enchmark problems and algorithms.

This is challenging in mobile rob otics, given the noisy

, system-sp ec i�c nature of the �eld. Nevertheles s,

it is neces sary for claims ab out \robustness" and \near-optimality" to b e appropriately quanti�ed,

and for dep ende ncies on v arious control parameters to b e b etter understo o d. F or example, we have

noted that despite a numb er of claims that v arious decentr alized approaches are sup erior to centralized

approaches, we have not seen any thorough, published exp erimental comparisons b etween the ma jor

comp eting paradigms on a particular task. However, we note that recently

, rese archer s have b egun

to empirically study quantitative measures of co op eration, trying to identify conditions under which

mechanisms for co op eration are b ene�cial [Arkin et al., 1993, Arkin and Hobbs, 1993, Parker, 1995].

Finally

, several basic analogies remain incomplete, and must b e revisited and resynthes ized as the

�eld matures. F or instance, many multi-rob ot problems are \canonical" for distributed computation

and are interesting primarily when viewed in this light. A typical example is moving to formation,

which has b een solved optimally in the computational geometry literature (it is the \geometric matching

under isometry" problem [P

.J. He�ern an, 1992]), but which is di�cult in the distributed context due

to issues like synchronization, fault-tolerance, leader election, etc. However, the distributed context

can b e selectively ignored, e.g., [Sugihara and Suzuki, 1990] use \human intervention" to p erform what

is essentially leader election (breaking symmetry in a circle of rob ots to cho ose vertices of the desired p olygonal formation). The intro duction of such devices runs counter to the implicit assumption that

it is the distribute d problem that holds research interest.

More generally

, it is likely that more structural and less sup er�cial analogies with other disciplines

will b e needed in order to obtain \principled" theories of co op eration among (mobile) rob ots; inte-

gration of formalisms and metho dologies develop ed in these more mature disciplines is likely to b e an

imp ortant step in the development of co op erative rob otics. Disciplines most critical to the growth of

co op erative rob otics are: distributed arti�cial intelligence, biology

, and distributed systems.

Distributed Arti�cial Intelligence

The �eld of distributed arti�cial intelligence (DAI) concerns itself with the study of distributed

systems of intelligent agents. As such, this �eld is highly relev ant to co op erative rob otics. Bond and

Gasser [Bond and Gasser, 1988] de�ne DAI as \the sub�eld of arti�cial intelligence (AI) concerne d

with concurre ncy in AI computations, at many levels." Grounded in traditional symb olic AI and the

so cial sciences , DAI is comp osed of two ma jor areas of study: Distributed Problem Solving (DPS) and

Multiagent Systems (MAS).

Research in DPS is concerne d with the issue of solving a single problem using many agents. Agents

can co op erate by indep endently solving subproblems (task-sharing), and by p erio dically communicating

partial solutions to each other (result-sharing). DPS involves three p ossibly overlapping phases: (i)

problem decomp osition (task allo cation), (ii) subproblem solution, and (iii) solution synthesis. Of

these, problem decomp osition has attracted the greatest interest among DAI researchers . The critical

issue in task sharing is �nding the appropriate agent to assign to a subproblem. This is nontrivial, since

if the most appropriate agent for a subtask is not obvious, then the system must try to determine which

of the many eligible agents should b e assigned the task, and often there are to o many eligible agents to

attempt an exhaustive search. Perhaps the b est known scheme for task allo cation is the Contract Net

Proto col [Smith, 1980], which has b een used in the ACTRESS [Ishida et al., 1994, Asama et al., 1994,

Ozaki et al., 1993] and GOFER [Caloud et al., 1990] pro jects.

One imp ortant assumption in DPS is that the agents are predisp osed to co op erate. Research in

DPS is thus concerned with developing frameworks for co op erative b ehavior b etween willing agents,

rather than developing frameworks to enforce co op eration b etween p otentially incompatible agents, as

is the case with multiagent systems and distributed pro cess ing.

Multiagent Systems (MAS) research is the study of the collective b ehavior of a group of p ossibly

heterogeneous agents with p otentially con icting goals. In other words, researche rs in MAS discard

the \b enevolent agent" assumption of DPS [Geneseret h et al., 1986]. [Genesereth et al., 1986] states

the central problem of MAS research as follows: \in a world in which we get to design only our own intelligent agent, how should it interact with other intelligent agents?" Therefore, areas of interest in

MAS research include game-theoretic analysis of multi-agent interactions (cf. [Geneseret h et al., 1986,

Rosenschein and Geneser eth, 1985, Rosenschein and Zlotkin, 1994]), reasoning ab out other agents’ goals,

b eliefs, and actions (cf. [Rosenschein, 1982, George�, 1983, George�, 1984]), and analysis of the com-

plexity of so cial interactions [Shoham and T ennenholtz, 1992].

W ork in MAS has tended to b e theoretical and in very abstract domains. A common underlying

assumption is that although the agents may b e sel�sh, they are rational and highly delib erative. This

is in stark contrast with research in swarm intelligence (see Section 2.5), in which individual agents are

assumed to b e relatively unintelligent.

However, the in uence of DAI on co op erative rob otics has b een limited. This is in part b ecause

researche rs in DAI have mostly concentrate d on domains where uncertainty is not as much of an issue

as it is in the physical world. W ork in MAS has tended to b e theoretical and in very abstract domains

where p erfect sensing is usually assumed; typical DPS domains are in disemb o died, knowledge-based

systems. Another assumption of DAI that has prevented its application in co op erative rob otics is the

assumption is that although agents may b e sel�sh, they are rational and highly delib erative. However,

achieving strict criteria of rationality and delib erativeness can often b e prohibitively exp ensive in

current rob otic systems. Thus, it has b een argued that DAI, while suited for unsituated, knowledge-

based systems, will not succee d in the domain of co op erative rob otics [Parker, 1994b, Mataric, 1994a].

However, we observe that direct comparisons of DAI and alternative paradigms are notably missing

from the literature; such comparisons are needed to ev aluate the true utility of DAI techniques in

co op erative rob otics. Also, as lower-level pro cess es (p erception and actuation) are b etter understo o d

and implemented, and as computational p ower increases, the high-level results of DAI research may

b ecome increasingly applicable to collective mobile rob otics.

Distributed Systems

A multiple-rob ot system is in fact a sp ecial case of a distributed system. Thus, the �eld of dis-

tributed systems is a natural source of ideas and solutions. [Beni, 1988] describ e s cellular rob otics as

b elonging to the general �eld of distributed computing. It is noted, however, that distributed com-

puting can only contribute general theoretical foundations and that further progress needs to b e made

concerning the application of such metho ds to collective rob otics. [W ang and Beni, 1990] states, \a

distributed computing system contains a collection of computing devices which may reside in geo-

graphically separated lo cations called sites." By noting the similarities with distributed computing,

theories p ertaining to deadlo ck [W ang and Beni, 1988, W ang and Beni, 1990, Lin and Hsu, 1995], mes-

sage passing [W ang and Beni, 1990] and resource allo cation [W ang, 1991], and the combination of the

ab ove as primitives [W ang, 1995, W ang and Premvuti, 1995], have b een applied to collective rob otics in a numb er of works.

In work done on multiple AGV systems and Distributed Rob otic Systems, deadlo ck detection and

resource allo cation metho ds are applied to allow many rob ots to share the limited resource of path

space [W ang and Beni, 1990, W ang, 1991]. Pattern generation in a CRS may also rely on distributed

computing to resolve con icts [W ang, 1991, W ang and Beni, 1990]. Finally

, [W ang, 1993, W ang, 1994]

describ e a task allo cation algorithm where the rob ots vie for the right to participate in a task. See also

the discussion in Section 2.1.1 and Section 2.5.

Broadcast communication, which is widely assumed in co op erative rob otics, exhibits p o or scal-

ing prop erties. As rob ots b ecome more numerous and widely distributed, techniques and issues from

the �eld of computer networks b ecome relev ant. A rich b o dy of research on algorithms, proto cols,

p erformance mo deling and analysis in computer networks can b e applied to co op erative rob otics.

There is currently a great amount of e�ort b eing put into studying networking issues related to mo-

bile/nomadic/ubiquitous computing (cf. [Awerbuch and Peleg, 1991, W eiser, 1993, Kleinro ck, 1995,

Badrinath et al., 1994]). Results from this �eld could b e applied in a straightforward way to multi-

rob ot systems.

Finally

, distributed control is a promising framework for the co ordination of multiple rob ots. Due

to di�culty of sensing and communication, a parsimonious formulation which can co ordinate rob ots

having minimal sensing and communication capabilities is desirable. In an ideal scenario, maximal fault

tolerance is p ossible, mo deling of other agents is unneces sary

, and each agent is controlled by a very

simple mechanism. A distributed control scheme (known as the GUR game) develop ed originally by

[Tsetlin, 1964] and recently studied in [T ung and Kleinro ck, 1993, T ung, 1994] provides a framework in

which groups of agents with minimal sensing capability and no communication are controlled by simple

�nite state automata and converge to optimal b ehaviors. [T ung, 1994] describ es p ossible co op erative

rob otics applications in moving platform control and p erimeter guarding.

Biology

Biological analogies and in uences ab ound in the �eld of co op erative rob otics. The ma jority of

existing work in the �eld has cited biological systems as inspiration or justi�cation. W ell-known

collective b ehaviors of ants, b ees, and other euso cial insects [Wilson, 1971] provide striking exis-

tence pro ofs that systems comp osed of simple agents can accomplish sophisticated tasks in the real

world. It is widely held that the cognitive capabilities of these insects are very limited, and that

complex b ehaviors emer ge out of interactions b etween the agents, which are individually ob eying

simple rules. Thus, rather than following the AI tradition of mo deling rob ots as rational, delib-

erative agents, some researche rs in co op erative rob otics have chosen to take a more \b ottom-up" approach in which individual agents are more like ants { they follo w simple rules, and are highly re-

active (this is the approach taken in the �eld of Arti�cial Life). W orks based on this insect-colony

analogy include [Mataric, 1994a, Beckers et al., 1994, Stilwell and Bay

, 1993, Doty and Aken, 1993,

Johnson and Bay

, 1994, Deneub ourg et al., 1991a

, Deneub ourg et al., 1991b]. The pattern generation

of CRS’s can also b e considered as b ottom-up (see Section 2.5), since each rob ot is designed as a very

simple agent which follows a set of presp ec i�ed rules.

A more general, biological metaphor that is often used in co op erative rob otics is the concept of a self-

or ganizing system [Nicolis and Prigogine, 1977, Y ates, 1987]. (Note that researchers from many �elds

have studied self-organization; it is by no means an exclusively biological concept. However, in the �eld

of co op erative rob otics, referenc es to self-organization have often b een made in a biological context.)

The b ehavior of insect colonies describ ed ab ove can b e characterize d more generally as that of self-

organizing systems. Representative work that is based on this concept includes [W ang and Beni, 1988,

Steels, 1990, Hackwo o d and Beni, 1991, Hackwo o d and Beni, 1992, Beni and Hackwo o d, 1992]. Self-

organization in multi-cellular biological systems has b een an inspiration for [Hackwo o d and W ang, 1988,

Beni, 1988, Egecioglu and Zimmermann, 1988, Genovese et al., 1992]. Hierarchical organization of bi-

ological multi-cellular organisms (i.e., from cellular to tissue to organism level) has b een used as a

guiding metaphor for cellular rob otics in the CEBOT pro ject [F ukuda and Nak agawa, 1987].

Biological analogies have also in uenced the choice of task domains studied in co op erative rob otics.

While foraging is a natural abstraction of some practical applications such as waste retriev al and search

and rescue , one ma jor reason that it has b ecome identi�ed as the canonical co op erative rob otic task

is that it is a natural task, given the group architecture s resulting from analogies to insect colonies.

Another example of this phenomenon is the o cking/herding task. It seems no accident that biolog-

ical inspirations led to \natural" mo dels of group motion, as opp osed to more structure d mo dels of

co ordinated motion (such as moving in some arbitrary formation).

Finally

, as we noted in Section 2.4, there have b een some biological in uences on the learning and

optimization algorithms used to tune control parameters in multiple-rob ot systems.

4 Conclusions

W e have synthesized a view of the theoretical bases for research in co op erative mobile rob otics. Key

research axes in the �eld were identi�ed, particularly with resp ec t to achieving a \mechanism of co-

op eration", and existing works were surveyed in this framework. W e then discussed technological

constraints and interdisciplinary in uences that have shap ed the �eld, and o�ered some general pre-

cepts for future growth of the �eld. Finally

, we identi�ed distributed arti�cial intelligence, biology

, and distributed systems as disciplines that are most relev ant to co op erative rob otics, and which are most

likely to continue to provide v aluable in uences. Based on our synthesis, a numb er of op en research

areas b ecome apparent. W e b elieve that the following are among the ma jor, yet tractable, challenges

for the near future:

1. robust de�nitions and metrics for v arious forms of co op eration,

2. achieving a more complete theory of information requirements for task-solving in spatial domains,

p erhaps for the canonical tasks of pattern formation or distributed sensing (e.g., measures of pat-

tern complexity

, information lower b ounds for pattern recognition and maintenance, abstraction

of sensor mo dels from the solution approach). The works of [Donald et al., 1994, Rus et al., 1995,

Brown and Jennings, 1995] have b egun to address this issue, in the context of ob ject manipula-

tion tasks; interestingly

, [Brown and Jennings, 1995] observes that given a rob ot system, some

tasks are str ongly c o op er ative { the rob ots must act in concert to achieve the goal, and the strategy

for the task is not trivially serializable.

3. principled transfer of the concepts of fault-tolerance and reliability from the �eld of distributed

and fault-tolerant computing,

4. incorp oration of recent ideas in distributed control to achieve oblivious co op eration, or co op-

eration without communication (e.g., when rob ots have minimal sensing and communication

capabilities),

5. achieving co op eration within comp etitive situations (e.g., for rob ot so ccer, or pursuit-ev asion

with multiple pursuers and ev aders). An interesting op en problem is how well solutions that have

b een develop ed in discretized abstractions of these domains (cf. [Levy and Rosenschein, 1991,

Korf, 1992]) translate to the physical world.

Ac kno wledgemen ts

Partial supp ort for this work was provided by NSF Y oung Investigator Award MIP-9257982; the UCLA

Commotion Lab oratory is supp orted by NSF CDA-9303148. The authors would like to thank B.

Donald, T. F ukuda, M. Anthony Lewis, M. Mataric, J. W ang, and memb ers of the UCLA Commotion

Lab for helpful comments, suggestions, and discussions. F rank Meng assisted in the preparation of a

previous version of this pap er.

References

[Adams et al., 1995] J.A. Adams, R. Basjcsy

, J. Koseck a, V. Kumar, R. Mandelbaum, M. Mintz, R. Paul,

C. W ang, Y. Y amamoto, and X. Y un. Co op erative material handling by human and rob otic agents: Mo dule

development and system synthesis. In IEEE/RSJ IROS, pages 200{205, 1995.

[Agah and Bekey

, 1994] A. Agah and G. A. Bekey

. Autonomous mobile rob ot teams. In Conf. on Intel ligent

R ob otics in File d, F actory, Servic e and Sp ac e (CIRFFSS94), 1994.

[Aguilar et al., 1995] L. Aguilar, R. Alami, S. Fleury

, M. Herrb, F. Ingrand, and F. Rob ert. T en autonomou s

mobile rob ots (and even more). In IEEE/RSJ IROS, pages 260{267, 1995.

[Alani et al., 1995] R. Alani, F. Rob ert, F. Ingrand, and S. Suzuki. Multi-rob ot co op eration through incre-

mental plan-merging. In IEEE ICRA, pages 2573{2579, 1995.

[Albus, 1993] J. S. Albus. A Contr ol Ar chite ctur e for Co op er ative Intel ligent R ob ots, pages 713{743. 1993.

[Arai and Ota, 1992] T. Arai and J. Ota. Motion planning of multiple rob ots. In IEEE/RSJ IROS, pages

1761{1768, 1992.

[Arai et al., 1993] T. Arai, E. Y oshida, and J. Ota. Information di�usion by lo cal communication of multiple

mobile rob ots. In IEEE Confer enc e on Systems, Man and Cyb ernetics, pages 535{540, 1993.

[Arkin and Ali, 1994] R. Arkin and K. Ali. Integration of reactive and telerob otic control in multi-agent rob otic

systems. In Pr o c. Simulation of A daptive Behavior, 1994.

[Arkin and Hobbs, 1993] R. Arkin and J. Hobbs. Dimensions of communication and so cial organization in

multi-agent rob otic systems. In Pr o c. Simulation of A daptive Behavior, 1993.

[Arkin et al., 1993] R. C. Arkin, T. Balch, and E. Nitz. Communication of b ehavioral state in multi-agent

retriev al tasks. In IEEE ICRA, volume 3, pages 588{594, 1993.

[Arkin, 1992] R. C. Arkin. Co op eration without communication: Multiagent schema-based rob ot navigation.

Journal of R ob otic Systems, 9(3):351{364, 1992.

[Asada et al., 1994] M. Asada, E. Uchib e, S. No da, S. T awaratsumida, and K. Hoso da. Co ordination of multiple

b ehaviors acquired by a vision-based reinforcement learning. In IEEE/RSJ IROS, 1994.

[Asama et al., 1989] H. Asama, A. Matsumoto, and Y. Ishida. Design of an autonomous and distributed rob ot

system: ACTRESS. In IEEE/RSJ IROS, pages 283{290, 1989.

[Asama et al., 1991a] H. Asama, M. K. Habib, I. Endo, K. Ozaki, A. Matsumoto, and Y. Ishida. F unctional

distribution among multiple mobile rob ots in an autonomous and decentralized rob ot system. In IEEE

ICRA, pages 1921{6, 1991.

[Asama et al., 1991b] H. Asama, K. Ozaki, Y. Ishida, M. K. Habib, A. Matsumoto, and I. Endo. Negotiation

b etween multiple mobile rob ots and an environment manager. In IEEE ICRA, pages 533{538, 1991.

[Asama et al., 1991c] H. Asama, K. Ozaki, H. Itakura, A. Matsumoto, Y. Ishida, and I. Endo. Collision

avoidance among multiple mobile rob ots based on rules and communication. In IEEE/RSJ IROS, pages

1215{1220, 1991.

[Asama et al., 1992] H. Asama, Y. Ishida, K. Ozaki, M. K. Habib, A. Matsumoto, H. Kaetsu, and I. Endo.

A communication system b etween multiple rob otic agents. In M. Leu, editor, Pr o c. the Jap an U.S.A.

Symp osium on Flexible Automation, pages 647{654, 1992.

[Asama et al., 1994] H. Asama, K. Ozaki, Y. Ishida, K. Y okita, A. Matsumoto, H. Kaetsu, and I. Endo.

Collab orative team organization using communication in a decentralized rob otic system. In IEEE/RSJ

IROS, 1994.

[Asama, 1992] H. Asama. Distributed autonomou s rob otic system con�gurated with multiple agents and its

co op erative b ehaviors. Journal of R ob otics and Me chatr onics, 4(3), 1992.

[Awerbuch and Peleg, 1991] B. Awerbuch and D. Peleg. Concurrent online tracking of mobile users. Computer

Communic ation R eview, 21(4):221{233, 1991.

[Badrinath et al., 1994] B.R. Badrinath, A. Acharya, and T. Imielinski. Structuring distributed algorithms for

mobile hosts. In Pr o c e e dings of the 14th International Confer enc e on Distribute d Computing Systems, pages

21{24, June 1994.

[Barnes and Gray

, 1991] D. Barnes and J. Gray

. Behaviour synthesis for co-op erant mobile rob ot control. In

International Confer enc e on Contr ol, pages 1135{114 0, 1991.

[Barto et al., 1983] A.G. Barto, R.S. Sutton, and C.J.C.H. W atkins. Learning and sequential decision making.

In M. Gabriel and J. Mo ore, editors, L e arning and Computational Neur oscienc e: F oundations of A daptive

Networks, pages 539{603. MIT Press, 1983.

[Beckers et al., 1994] R. Beckers, O. E. Holland, and J. L. Deneub ou rg. F rom lo cal actions to global tasks:

Stigmergy and collective rob otics. In Pr o c. A-Life IV. MIT Press, 1994.

[Beni and Hackwo o d, 1992] G. Beni and S. Hackwo o d. Stationary waves in cyclic swarms. In IEEE Interna-

tional Symp osium on Intel ligent Contr ol, pages 234{242, 1992.

[Beni and W ang, 1991] G. Beni and J. W ang. Theoretical problems for the realization of distributed rob otic

systems. In IEEE ICRA, pages 1914{1920, 1991.

[Beni, 1988] G. Beni. The concept of cellular rob otic system. In IEEE International Symp osium on Intel ligent

Contr ol, pages 57{62, 1988.

[Bond and Gasser, 1988] A. H. Bond and L. Gasser. R e adings in Distribute d Arti�cial Intel ligenc e. Morgan

Kaufmann Publishers, 1988.

[Brogan and Ho dgins, 1995] D.C. Brogan and J.C. Ho dgins. Group b ehaviors for systems with signi�cant

dynamics. In IEEE/RSJ IROS, pages 528{534, 1995.

[Bro oks et al., 1990] R. A. Bro oks, P

. Maes, M. J. Mataric, and G. More. Lunar base construction rob ots. In

IEEE/RSJ IROS. IEEE, July 1990.

[Bro oks, 1986] R. A. Bro oks. A robust layered control system for a mobile rob ot. IEEE Journal of R ob otics

and Automation, RA-2(1):14{23, 1986.

[Bro oks, 1991] R. A. Bro oks. Intelligence without reason. In Pr o c. Intl. Joint Conf. Arti�cial Intel ligenc e,

pages 569{595, 1991.

[Brown and Jennings, 1995] R.G. Brown and J.S. Jennings. A pusher/steere r mo del for strongly co op erative

mobile rob ot co op eration. In IEEE/RSJ IROS, pages 562{568, 1995.

[Cai et al., 1995] A.-H. Cai, T. F ukuda, F. Arai, T. Ueyama, and A. Sak ai. Hierarchical control architecture

for cellular rob otic system. In IEEE ICRA, pages 1191{1196 , 1995.

[Caloud et al., 1990] P

. Caloud, W. Choi, J.-C. Latomb e, C. Le Pap e, and M. Yin. Indo or automation with

many mobile rob ots. In IEEE/RSJ IROS, pages 67{72, 1990.

[Causse and Pampagnin, 1995] O. Causse and L.H. Pampagnin. Management of a multi-rob ot system in a

public environment. In IEEE/RSJ IROS, pages 246{252, 1995.

[Chen and Luh, 1994a] Q. Chen and J. Y. S. Luh. Co ordination and control of a group of small mobile rob ots.

In IEEE ICRA, pages 2315{2320, 1994.

[Chen and Luh, 1994b] Q. Chen and J. Y. S. Luh. Distributed motion co ordination of multiple rob ots. In

IEEE/RSJ IROS, pages 1493{1500, 1994.

[Connell, 1987] J. Connell. Creature design with the subsumption architecture. In Pr o c. AAAI, pages 1124{

1126, 1987.

[Dario et al., 1991] P

. Dario, F. Rib echini, V. Genovese, and G. Sandini. Instinctive b ehaviors and p ersonalities

in so cieties of cellular rob ots. In IEEE ICRA, pages 1927{1932, 1991.

[Deneub ourg et al., 1991a] J. Deneub o urg, S. Goss, N. F ranks, A. Sendov a-F rank s, C. Detrain, and L. Chretien.

The dynamics of collective sorting: Rob ot-like ants and ant-like rob ots. In Pr o c. Simulation of A daptive

Behavior, 1991.

[Deneub ourg et al., 1991b] J-L. Deneub ou rg, G. Theraulaz, and R. Beckers. Swarm-made architectures. In

V erela and Bourgine, editors, Pr o c. Eur op e an Confer enc e on Arti�cial Life, pages 123{133. MIT Press, 1991.

[Donald et al., 1994] B. R. Donald, J. Jennings, and D. Rus. Analyzing teams of co op erating mobile rob ots.

In IEEE ICRA, pages 1896{1903, 1994.

[Donald, 1993a] B. R. Donald. Information inv ariants in rob otics: I. state, communication, and side-e�ects. In

IEEE ICRA, pages 276{283, 1993.

[Donald, 1993b] B. R. Donald. Information inv ariants in rob otics: I I. sensors and computation. In IEEE ICRA,

volume 3, pages 284{90, 1993.

[Dorf, 1990] R. Dorf. Concise International Encyclop e dia of R ob otics: Applic ations and Automation. Wiley-

Interscience, 1990.

[Doty and Aken, 1993] K. L. Doty and R. E. V an Aken. Swarm rob ot materials handling paradigm for a

manufacturing workcell. In IEEE ICRA, volume 1, pages 778{782, 1993.

[Drexler, 1992] K.E. Drexler. Nanosystems: Mole cular Machinery, Manufacturing, and Computation. John

Wiley and Sons, Inc., 1992.

[Drgoul and F erb er, 1993] A. Drgoul and J. F erb er. F rom tom thumb to the do ckers: Some exp eriments with

foraging rob ots. In Pr o c. Simulation of A daptive Behavior, 1993.

[Dudek et al., 1993] G. Dudek, M. Jenkin, E. Milios, and D. Wilkes. A taxonomy for swarm rob ots. In

IEEE/RSJ IROS, pages 441{447, 1993.

[Egecioglu and Zimmermann, 1988] O. Egecioglu and B. Zimmermann. The one dimensional random pairing

problem in a cellular rob otic system. In IEEE International Symp osium on Intel ligent Contr ol, pages 76{80,

1988.

[Erdmann and Lozano-Perez, 1986] M. Erdmann and T. Lozano-Perez. On multiple moving ob jects. In IEEE

ICRA, pages 1419{1424, 1986.

[Everett et al., 1993] H. Everett, G.A. Gilbreath, T.A. Heath-Pastore, and R.T. Laird. Co ordinated control of

multiple security rob ots. Mobile R ob ots VIII, 2058:292{305 , 1993.

[F ranklin et al., 1995] D.E. F ranklin, A.B. Kahng, and M.A. Lewis. Distributed sensing and probing with

multiple search agents: toward system-level landmine detection solutions. In Dete ction T e chnolo gies for

Mines and Minelike T ar gets, Pr o c e e dings of SPIE, V ol.2496, pages 698{709, 1995.

[F ujimura, 1991] K. F ujimura. Motion Planning in Dynamic Envir onments. Springer-V erlag, New Y ork, NY,

1991.

[F ukuda and Iritani, 1995] T. F ukuda and G. Iritani. Construction mechanism of group b ehavior with co op-

eration. In IEEE/RSJ IROS, pages 535{542, 1995.

[F ukuda and Kawauchi, 1993] T. F ukuda and Y. Kawauchi. Cel lular R ob otics, pages 745{782. Springer-V erlag,

1993.

[F ukuda and Nak agawa, 1987] T. F ukuda and S. Nak agawa. A dynamically recon�gura ble rob otic system

(concept of a system and optimal con�gurations). In International Confer enc e on Industrial Ele ctr onics,

Contr ol, and Instrumentation, pages 588{95, 1987.

[F ukuda and Sekiyama, 1994] T. F ukuda and K. Sekiyama. Communication reduction with risk estimate for

multiple rob otic system. In IEEE ICRA, pages 2864{286 9, 1994.

[F ukuda et al., 1990] T. F ukuda, Y. Kawauchi, and H. Asama. Analysis and ev aluation of cellular rob otics

(CEBOT) as a distributed intelligent system by communication amount. In IEEE/RSJ IROS, pages 827{

834, 1990.

[Gage, 1993] D. Gage. How to communicate to zillions of rob ots. In Mobile R ob ots VIII, SPIE, pages 250{257,

1993.

[Genesereth et al., 1986] M. R. Genesereth, M. L. Ginsb erg, and J. S. Rosenschein. Co op eration without

communication. In Pr o c. AAAI, pages 51{57, 1986.

[Genovese et al., 1992] V. Genovese, P

. Dario, R. Magni, and L. Odetti. Self organizing b ehavior and swarm

inteligence in a pack of mobile miniature rob ots in search of p ollutants. In IEEE/RSJ IROS, pages 1575{1582,

1992.

[George�, 1983] M. George�. Communication and interaction in multi-agent planning. In Pr o c. AAAI, pages

125{129, 1983.

[George�, 1984] M. George�. A theory of action for multi-agent planning. In Pr o c. AAAI, pages 121{125,

1984.

[Goldb erg, 1989] D. Goldb erg. Genetic Algorithms in se ar ch, optimization, and machine le arning. Addison

W esley

, 1989.

[Goss and Deneub ourg, 1992] S. Goss and J. Deneub ou rg. Harvesting by a group of rob ots. In Pr o c. Eur op e an

Confer enc e on Arti�cial Life, 1992.

[Grossman, 1988] D. Grossman. T ra�c control of multiple rob ot vehicles. IEEE Journal of R ob otics and

Automation, 4:491{497, 1988.

[Hackwo o d and Beni, 1991] S. Hackwo o d and G. Beni. Self-organizing sensors by deterministic annealing. In

IEEE/RSJ IROS, pages 1177{1183, 1991.

[Hackwo o d and Beni, 1992] S. Hackwo o d and G. Beni. Self-organization of sensors for swarm intelligence. In

IEEE ICRA, pages 819{829, 1992.

[Hackwo o d and W ang, 1988] S. Hackwo o d and J. W ang. The engineering of cellular rob otic systems. In IEEE

International Symp osium on Intel ligent Contr ol, pages 70{75, 1988.

[Hara et al., 1995] F. Hara, Y. Y asui, and T. Aritake. A kinematic analysis of lo comotive co op eration for two

mobile rob ots along a genereal wavy road. In IEEE ICRA, pages 1197{1204 , 1995.

[Hashimoto and Oba, 1993] M. Hashimoto and F. Oba. Dynamic control approach for motion co ordination of

multiple wheeled mobile rob ots transp orting a single ob ject. In IEEE/RSJ IROS, pages 1944{1951, 1993.

[Hert and Lumelsky

, 1995] S. Hert and V. Lumelsky

. Moving multiple tethered rob ots b etween arbitrary con-

�gurations. In IEEE/RSJ IROS, pages 280{285, 1995.

[Hewitt et al., 1973] C. Hewitt, P

. Bishop, I. Greif, B. Smith, T. Matson, and R. Steiger. Actor induction and

meta-ev aluation. In ACM Symp osium on Principles of Pr o gr amming L anguages, pages 153{168, 1973.

[Hewitt, 1993] C. Hewitt. T oward an op en systems architecture. In Information Pr o c essing 89. Pr o c e e dings of

the IFIP 11th World Computer Congr ess, pages 389{92, 1993.

[Ho dgins and Brogan, 1994] J. Ho dgins and D. Brogan. Rob ot herds: Group b ehaviors for systems with

signi�cant dynamics. In Pr o c. A-Life IV, 1994.

[Ichik awa et al., 1993] S. Ichik awa, F. Hara, and H. Hosok ai. Co op erative route-searching b ehavior of multi-

rob ot system using hello-call communiction. In IEEE/RSJ IROS, pages 1149{1156, 1993.

[Ishida et al., 1991] Y. Ishida, I. Endo, and A. Matsumoto. Communication and co op eration in an autonomou s

and decentralized rob ot system. In IF

AC int. Symp. on Distribute d Intel ligent Systems, pages 299{304, 1991.

[Ishida et al., 1994] Y. Ishida, H. Asama, S. T omita, K. Ozaki, A. Matsumoto, and I. Endo. F unctional

complement by co op eration of multiple autonomous rob ots. In IEEE ICRA, pages 2476{2481, 1994.

[Jin et al., 1994] K. Jin, P

. Liang, and G. Beni. Stability of synchronized distributed control of discrete swarm

structures. In IEEE ICRA, pages 1033{1038, 1994.

[Johnson and Bay

, 1994] P

. J. Johnson and J. S. Bay

. Distributed control of autonomou s mobile rob ot col-

lectives in payload transp ortation. T echnical rep ort, Virginia Polytechnic Institute and State University ,

Bradley Dept. of Elec. Engr., 1994.

[Kaelbling, 1993] L. P

. Kaelbling. L e arning in Emb e dde d Systems. MIT Press, 1993.

[Kato et al., 1992] S. Kato, S. Nishiyama, and J. T akeno. Co ordinating mobile rob ots by applying tra�c rules.

In IEEE/RSJ IROS, pages 1535{1541, 1992.

[Kawauchi et al., 1993a] Y. Kawauchi, M. Inaba, and T. F ukuda. A principle of distributed decision making

of cellular rob otic system (CEBOT). In IEEE ICRA, volume 3, pages 833{838, 1993.

[Kawauchi et al., 1993b] Y. Kawauchi, M. Inaba, and T. F ukuda. A relation b etween resource amount and

system p erformance of the cellular rob otic system. In IEEE/RSJ IROS, pages 454{459, 1993.

[Kitano, 1994] H. Kitano. p ersonal communication, 1994.

[Kleinro ck, 1995] L. Kleinro ck. Nomadic computing - an opp ortunity

. Computer Communic ations R eview,

Computer Communications Review 1995.

[Korf, 1992] R. Korf. A simple solution to pursuit games. In Pr o c. 11th International Workshop on Distribute d

Arti�cial Intel ligenc e, 1992.

[Koza, 1990] J. Koza. Genetic Pr o gr amming: On the Pr o gr amming of Computers By the Me ans of Natur al

Sele ction. MIT Press, 1990.

[Kub e and Zhang, 1992] C. R. Kub e and H. Zhang. Collective rob otic intelligence. In Pr o c. Simulation of

A daptive Behavior, pages 460{468, 1992.

[Kub e and Zhang, 1993] C. R. Kub e and H. Zhang. Collective rob otics: F rom so cial insects to rob ots. A daptive

Behavior, 2(2):189{219, 1993.

[Kub e and Zhang, 1994] C. R. Kub e and H. Zhang. Stagnation recovery b ehaviours for collective rob otics. In

IEEE/RSJ IROS, pages 1883{1890, 1994.

[Kub e et al., 1993] C. R. Kub e, H. Zhang, and X. W ang. Controlling collective tasks with an ALN. In

IEEE/RSJ IROS, pages 289{293, 1993.

[Kuniyoshi et al., 1994a] Y. Kuniyoshi, N. Kita, S. Rougeaux, S. Sak ane, M. Ishii, and M. Kakikura. Co op er-

ation by observ ation - the framework and basic task patterns. In IEEE ICRA, pages 767{774, 1994.

[Kuniyoshi et al., 1994b] Y. Kuniyoshi, J. Riekki, M. Ishii, S. Rougeaux , N. Kita, S. Sak ane, and M. Kakikura.

Vision-based b ehaviors for multi-rob ot co op eration. In IEEE/RSJ IROS, pages 925{931, 1994.

[Kurabayashi et al., 1995] D. Kurabayashi, J. Ota, T. Arai, and E. Y oshida. An algorithm of dividing a work

area to multiple mobile rob ots. In IEEE/RSJ IROS, pages 286{291, 1995.

[Kurazume and Nagata, 1994] R. Kurazume and S. Nagata. Co op erative p ositioning with multiple rob ots. In

IEEE ICRA, pages 1250{1257, 1994.

[Latomb e, 1991] J. Latomb e. R ob ot Motion Planning. Kluwer Academic, Boston, MA, 1991.

[LePap e, 1990] C. LePap e. A combination of centralized and distributed metho ds for multi-agent planning

and scheduling. In IEEE ICRA, pages 488{493, 1990.

[Levy and Rosenschein, 1991] R. Levy and J.S. Rosenschein. A game theoretic approach to distributed arti�cial

intelligence and the pursuit problem. In Eur op e an Workshop on Mo del ling Autonomous A gents in a Multi-

A gent World, pages 129{146, 1991.

[Lewis and Bekey

, 1992] M.A. Lewis and G.A. Bekey

. The b ehavioral self-organization of nanorob o ts using

lo cal rules. In IEEE/RSJ IROS, pages 1333{1338 , 1992.

[Liang and Beni, 1995] P

. Liang and G. Beni. Rob otic morphogen esis. In IEEE ICRA, pages 2175{2180, 1995.

[Lin and Hsu, 1995] F.-C. Lin and J. Y.-J. Hsu. Co op eration and deadlo ck-han dling for an ob ject-sorting task

in a multi-agent rob otic system. In IEEE ICRA, pages 2580{2585, 1995.

[Littman, 1994] M. Littman. Markov games as a framework for multi-agent reinforcement learning. In Pr o-

c e e dings of the International Machine L e arning Confer enc e, pages 157{163, 1994.

[Lueth and Laengle, 1994] T.C. Lueth and T. Laengle. T ask description, decomp osition and allo cation in a

distributed autonomous multi-agent rob ot system. In IEEE/RSJ IROS, pages 1516{1523, 1994.

[Ma et al., 1994] S. Ma, S. Hackwo o d, and G. Beni. Multi-agent supp orting systems (MASS): Control with

centralized estimator of disturbance. In IEEE/RSJ IROS, pages 679{686, 1994.

[Mataric et al., 1995] M.J. Mataric, M. Nilsson, and K.T. Simsarian. Co op erative multi-rob ot b ox-pushing. In

IEEE/RSJ IROS, pages 556{561, 1995.

[Mataric, 1992a] M. J. Mataric. Designing emergent b ehaviors: F rom lo cal interactions to collective intelligence.

In J.-A. Meyer, H. Roitblat, and S. Wilson, editors, F r om Animals to Animats 2, Se c ond International

Confer enc e on Simulation of A daptive Behavior (SAB-92), pages 432{441. MIT Press, 1992.

[Mataric, 1992b] M. J. Mataric. Distributed approaches to b ehavior control. In SPIE - Sensor F usion V,

volume 1828, pages 373{382, 1992.

[Mataric, 1992c] M. J. Mataric. Minimizing complexity in controlling a mobile rob ot p opulation. In IEEE

ICRA, pages 830{835, May 1992.

[Mataric, 1993] M. J. Mataric. Kin recognition, similarity

, and group b ehavior. In Fifte enth Annual Co gnitive

Scienc e So ciety Confer enc e, pages 705{710. Lawrence Erlbaum Asso ciates, June 1993.

[Mataric, 1994a] M. Mataric. Inter action and Intel ligent Behavior. PhD thesis, MIT, EECS, May 1994.

[Mataric, 1994b] M. Mataric. Reward functions for accelerated learning. In Pr o c e e dings of the International

Machine L e arning Confer enc e, pages 181{189, 1994.

[Matsumoto et al., 1990] A. Matsumoto, H. Asama, Y. Ishida, K. Ozaki, and I. Endo. Communication in the

autonomous and decentralized rob ot system: ACTRESS. In IEEE/RSJ IROS, pages 835{840, 1990.

[McF arland, 1994] D. McF arland. T owards rob ot co op eration. In Pr o c. Simulation of A daptive Behavior, 1994.

[Mehregany et al., 1988] M. Mehregany

, K.J. Gabriel, and W.S. T rimmer. Integrated fabrication of p olysilicon

mechanisms. IEEE T r ans. Ele ctr on Devic es, 35(6):719{723, 1988.

[Merriam-W ebster, 1963] Merriam-W ebster. Webster’s 7th Col le giate Dictionary. Merriam-W ebster, Inc., 1963.

[Milios and Wilkes, 1995] G. Dudek M. Jenkin E. Milios and D. Wilkes. Exp eriments in sensing and commu-

nication for rob ot convoy navigation. In IEEE/RSJ IROS, pages 268{273, 1995.

[Miller and Cli�, 1994] G. F. Miller and D. Cli�. Protean b ehavior in dynamic games: Arguments for the

co-evolution of pursuit-ev asion tactics. In D. Cli�, P

. Husbands, J.-A. Meyer, and S. W. Wilson, editors,

Pr o c. Simulation of A daptive Behavior, 1994.

[Mitsumoto et al., 1995] N. Mitsumoto, T. F ukuda, K. Shimo jina, and A. Ogawa. Micro autonomou s rob otic

system and biologically inspired immune swarm strategy as a multi agent rob otic system. In IEEE ICRA,

pages 2187{2192, 1995.

[Nicolis and Prigogine, 1977] G. Nicolis and I. Prigogine. Self-Or ganization in None quilibrium Systems. Wiley-

Interscience, 1977.

[Noreils and Recherche, 1991] F. Noreils and A. Recherche. Adding a man/machine interface to an architecture

for mobile rob ots. In IEEE/RSJ IROS, 1991.

[Noreils, 1990] F. Noreils. Integrating multirob ot co ordination in a mobile rob ot control system. In IEEE/RSJ

IROS, pages 43{49, 1990.

[Noreils, 1992a] F. R. Noreils. Co ordinated proto cols: An approach to formalize co ordination b etween mobile

rob ots. In IEEE/RSJ IROS, pages 717{724, July 1992.

[Noreils, 1992b] F. R. Noreils. Multi-rob ot co ordination for battle�eld strategies. In IEEE/RSJ IROS, pages

1777{1784, July 1992.

[Noreils, 1993] F. R. Noreils. T oward a rob ot architecture integrating co op eration b etween mobile rob ots:

Application to indo or environment. The International Journal of R ob otics R ese ar ch, 12(1), F ebruary 1993.

[Numaok a, 1993] C. Numaok a. Collective alteration of strategic typ es with delayed global information. In

IEEE/RSJ IROS, pages 1077{1084, 1993.

[Ota et al., 1995] J. Ota, N. Miyata, T. Arai, E. Y oshida, D. Kurabayashi, and J. Sasaki. T ransferring and

regrasping a large ob ject by co op eration of multiple mobile rob ots. In IEEE/RSJ IROS, pages 543{548,

1995.

[Ozaki et al., 1993] K. Ozaki, H. Asama, Y. Ishida, A. Matsumoto, K. Y okota, H. Kaetsu, and I. Endo. Syn-

chronized motion by multiple mobile rob ots using communication. In IEEE/RSJ IROS, pages 1164{1169,

July 1993.

[Parker, 1992] L. E. Parker. Adaptive action selection for co op erative agent teams. In Se c ond Annual Inter-

national Confer enc e on Simulation of A daptive Behavior, pages 442{450. MIT Press, Decemb er 1992.

[Parker, 1993] L. E. Parker. Designing control laws for co op erative agent teams. In IEEE ICRA, volume 3,

pages 582{587, 1993.

[Parker, 1994a] L. E. Parker. ALLIANCE: an architecture for fault tolerant, co op erative control of heteroge-

neous mobile rob ots. In IEEE/RSJ IROS, pages 776{783, 1994.

[Parker, 1994b] L. E. Parker. Heter o gene ous Multi-R ob ot Co op er ation. PhD thesis, MIT EECS Dept., F ebruary

1994.

[Parker, 1995] L. E. Parker. The e�ect of action recognition and rob ot awareness in co op erative rob otic teams.

In IEEE/RSJ IROS, pages 212{219, 1995.

[P .J. He�ernan, 1992] S. Schirra P

.J. He�ernan. Approximate decision algorithms for p oint set congruence. In

8th Annual Compuational Ge ometry, pages 93{101, 1992.

[Premvuti and Y uta, 1990] S. Premvuti and S. Y uta. Consideration on the co op eration of multiple autonomou s

mobile rob ots. In IEEE/RSJ IROS, pages 59{63, 1990.

[Reynolds, 1987] C. W. Reynolds. Flo cks, herds and scho ols: a distributed b ehavioural mo del. Computer

Gr aphics, 21(4):71{87, 1987.

[Reynolds, 1992] C. Reynolds. An evolved, vision-based b ehavioral mo del of co ordinated group motion. In

Pr o c. Simulation of A daptive Behavior, 1992.

[Reynolds, 1994] C. Reynolds. Comp etition, co evolution and the game of tag. In Pr o c. A-Life IV, 1994.

[Rosenschein and Genesereth, 1985] J.S. Rosenschein and M.R. Genesereth. Deals among rational agents. In

Pr o c. Intl. Joint Conf. Arti�cial Intel ligenc e, pages 91{99, 1985.

[Rosenschein and Zlotkin, 1994] J.S. Rosenschein and G. Zlotkin. Rules of Enc ounter:designing c onventions

for automate d ne gotiation among c omputers. MIT Press, 1994.

[Rosenschein, 1982] J.S. Rosenschein. Synchronization of multi-agent plans. In Pr o c. AAAI, pages 115{119,

1982.

[Rude, 1994] M. Rude. Co op eration of mobile rob ots by event transforms into lo cal space-time. In IEEE/RSJ

IROS, pages 1501{1507, 1994.

[Rus et al., 1995] D. Rus, B. Donald, and J. Jennings. Moving furniture with teams of autonomous rob ots. In

IEEE/RSJ IROS, pages 235{242, 1995.

[Sasaki et al., 1995] J. Sasaki, J. Ota, E. Y oshida, D. Kurabayashi, and T. Arai. Co op erating grasping of a

large ob ject by multiple mobile rob ots. In IEEE ICRA, pages 1205{1210, 1995.

[Sen et al., 1994] S. Sen, M. Sek aran, and J. Hale. Learning to co ordinate without sharing information. In

Pr o c. AAAI, pages 426{431, 1994.

[Shoham and T ennenholtz, 1992] Y. Shoham and M. T ennenholtz. On the synthesis of useful so cial laws for

arti�cial agent so cieties (preliminary rep ort). In Pr o c. AAAI, pages 276{281, 1992.

[Singh and F ujimura, 1993] K. Singh and K. F ujimura. Map making by co op erating mobile rob ots. In IEEE

ICRA, volume 2, pages 254{259, 1993.

[Smith, 1980] R. Smith. The contract net proto col: high-level communication and control in a distributed

problem solver. IEEE T r ans. Computers, pages 1104{1113, 1980.

[Steels, 1990] L. Steels. Co op eration b etween distributed agents through self-organization. In Eur op e an Work-

shop on Mo del ling Autonomous A gents in a Multi-A gent World, pages 175{195, 1990.

[Steels, 1994] L. Steels. A case study in the b ehavior-oriented design of autonomous agents. In Pr o c. Simulation

of A daptive Behavior, 1994.

[Stilwell and Bay

, 1993] D. J. Stilwell and J. S. Bay . T oward the development of a material transp ort system

using swarms of ant-like rob ots. In IEEE ICRA, volume 6, pages 766{771, 1993.

[Sugie et al., 1995] H. Sugie, Y. Inagaki, S. Ono, H. Aisu, and T. Unemi. Placing ob jects with multiple mobile

rob ots { mutual help using intention inference. In IEEE ICRA, pages 2181{2186 , 1995.

[Sugihara and Suzuki, 1990] K. Sugihara and I. Suzuki. Distributed motion co ordination of multiple mobile

rob ots. In Pr o c. IEEE International Symp osium on Intel ligent Contr ol, 1990.

[Suzuki et al., 1995] T. Suzuki, H. Asama, A. Uegaki, S. Kotosak a, T. F ujita, A. Matsumoto, H. Kaetsu, and

I. Endo. An infra-red sensory system with lo cal communication for co op erative multiple mobile rob ots. In

IEEE/RSJ IROS, volume 1, pages 220{225, 1995.

[T an, 1993] M. T an. Multi-agent reinforcement learning: indep endent vs. co op erative agents. In Pr o c e e dings

of the International Machine L e arning Confer enc e, 1993.

[Tsetlin, 1964] M.L. Tsetlin. Finite Automata and Mo deling the Simplest F orms of Behavior. PhD thesis, V.A.

Steklov Mathematical Institute, 1964.

[T ung and Kleinro ck, 1993] B. T ung and L. Kleinro ck. Distributed control metho ds. In Pr o c e e dings of the 2nd

International Symp osium on High Performanc e Distr ibute d Computing, pages 206{215, 1993.

[T ung, 1994] Y-C. T ung. Distribute d Contr ol Using Finite State Automata. PhD thesis, UCLA Computer

Science Department, 1994.

[Ueyama and F ukuda, 1993a] T. Ueyama and T. F ukuda. Knowledge acquisition and distributed decision

making. In IEEE ICRA, volume 3, pages 167{172, 1993.

[Ueyama and F ukuda, 1993b] T. Ueyama and T. F ukuda. Self-organization of cellular rob ots using random

walk with simple rules. In IEEE ICRA, volume 3, pages 595{600, 1993.

[Ueyama et al., 1993a] T. Ueyama, T. F ukuda, F. Arai, Y. Kawauchi, Y. Katou, S. Matsumura, and T. Uesugi.

Communication architecture for cellular rob otic system. JSME International Journal, Series C, 36:353{360,

1993.

[Ueyama et al., 1993b] T. Ueyama, T. F ukuda, F. Arai, T. Sugiura, A. Sak ai, and T. Uesugi. Distributed

sensing, control and planning - cellular rob otics approach. In IMACS, pages 433{438. Elsevier Science Publ.

(North-Holland), 1993.

[V anLehn, 1991] K. V anLehn, editor. Ar chite ctur es for Intel ligenc e: The 22nd Carne gie Mel lon Symp osium on

Co gnition. Lawrence Erlbaum Asso ciates, 1991.

[W ang and Beni, 1988] J. W ang and G. Beni. Pattern generation in cellular rob otic systems. In IEEE Inter-

national Symp osium on Intel ligent Contr ol, pages 63{69, 1988.

[W ang and Beni, 1990] J. W ang and G. Beni. Distributed computing problems in cellular rob otic systems. In

IEEE/RSJ IROS, pages 819{826, 1990.

[W ang and Premvuti, 1994] J. W ang and S. Premvuti. Resource sharing in distributed rob otic systems based

on a wireless medium access proto col (CSMA/CD-W). In IEEE/RSJ IROS, pages 784{791, 1994.

[W ang and Premvuti, 1995] J. W ang and S. Premvuti. Distributed tra�c regulation and control for multiple

autonomous mobile rob ots op erating in discrete space. In IEEE ICRA, pages 1619{1624, 1995.

[W ang et al., 1994] Z.-D. W ang, E. Nak ano, and T. Matsuk awa. Co op erating multiple b ehavior-based rob ots

for ob ject manipulation. In IEEE/RSJ IROS, pages 1524{1531 , 1994.

[W ang et al., 1995] J. W ang, S. Premvuti, and A. T abbara. A wireless medium access proto col ( csma/cd-w )

for mobile rob ot based distributed rob otic system. In IEEE ICRA, pages 2561{2566, 1995.

[W ang, 1991] J. W ang. F ully distributed tra�c control strategies for many-AGV systems. In IEEE/RSJ IROS,

pages 1199{1204, 1991.

[W ang, 1993] J. W ang. DRS op erating primitives based on distributed mutual exclusion. In IEEE/RSJ IROS,

pages 1085{1090, 1993.

[W ang, 1994] J. W ang. On sign-b oard based inter-rob ot communication in distributed rob otic systems. In

IEEE ICRA, pages 1045{1050, 1994.

[W ang, 1995] J. W ang. Op erating primitives supp orting tra�c regulation and control of mobile rob ots under

distributed rob otic systems. In IEEE ICRA, pages 1613{1618, 1995.

[W eiser, 1993] M. W eiser. Some computer science issues in ubiquitous computing. Communic ations of the

ACM, 36(7):74{84, 1993.

[W erner and Dyer, 1992] G. W erner and M. Dyer. Evolution of herding b ehavior in arti�cial animals. In Pr o c.

Simulation of A daptive Behavior, 1992.

[Whitehead, 1991] S. Whitehead. A complexity analysis of co op erative mechanisms in reinforcement learning.

In Pr o c. AAAI, pages 607{613, 1991.

[Wilson, 1971] E.O. Wilson. The inse ct so cieties. Harv ard University Press, 1971.

[Y amaguchi and Arai, 1994] H. Y amaguchi and T. Arai. Distributed and autonomou s control metho d for

generating shap e of multiple mobile rob ot group. In IEEE/RSJ IROS, pages 800{807, 1994.

[Y anco and Stein, 1992] H. Y anco and L. Stein. An adaptive communication proto col for co op erating mobile

rob ots. In Pr o c. Simulation of A daptive Behavior, pages 478{485, 1992.

[Y ates, 1987] F.E. Y ates, editor. Self-Or ganizing Systems: The Emer genc e of Or der. Plenum Press, 1987.

[Y eung and Bekey

, 1987] D. Y eung and G. Bekey

. A decentralized approach to the motion planning problem

for multiple mobile rob ots. In IEEE ICRA, pages 1779{1784, 1987.

[Y okota et al., 1994] K. Y okota, T. Suzuki, H. Asama, A. Masumoto, and I. Endo. A human interface system

for the multi-agent rob otic system. In IEEE ICRA, pages 1039{1044, 1994.

[Y oshida et al., 1994] E. Y oshida, T. Arai, J. Ota, and T. Miki. E�ect of grouping in lo cal communication

system of multiple mobile rob ots. In IEEE/RSJ IROS, pages 808{815, 1994.

[Y oshida et al., 1995a] E. Y oshida, M. Y amamota, T. Arai, J. Ota, and D. Kurabayashi. A design metho d of

lo cal communication area in multiple mobile rob ot system. In IEEE ICRA, pages 2567{2572, 1995.

[Y oshida et al., 1995b] E. Y oshida, M. Y amamoto, T. Arai, J. Ota, and D. Kurabayashi. A design metho d of

lo cal communication range in multiple mobile rob ot system. In IEEE/RSJ IROS, pages 274{279, 1995.

[Y uta and Premvuti, 1992] S. Y uta and S. Premvuti. Co ordinating autonomou s and centralized decision mak-

ing to achieve co op erative b ehaviors b etween multiple mobile rob ots. In Pr o c. of the 1992 IEEE/RSJ

International Confer enc e on Intel ligent R ob ots and Systems, R aleigh, NC, July 7-10, 1992, pages 1566{1574,

July 1992.