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ABSTRA CT

An imp ortan t need in m ulti-rob ot systems is the dev elopmen t of mec hanisms that enable rob ot teams to autonomously

generate co op erativ e b eha viors. This pap er �rst brie
y presen ts the Co op erativ e Multi-rob ot Observ ation of Mul-

tiple Mo ving T argets (CMOMMT) application as a ric h domain for studying the issues of m ulti-rob ot learning of

new b eha viors. W e discuss the results of our hand-generated algorithm for CMOMMT, and then describ e our re-

searc h in generating m ulti-rob ot learning tec hniques for the CMOMMT application, comparing the results to the

hand-generated solutions. Our results sho w that, while the learning approac h p erforms b etter than random, naiv e

approac hes, m uc h ro om still remains to matc h the results obtained from the hand-generated approac h. The ultimate

goal of this researc h is to dev elop tec hniques for m ulti-rob ot learning and adaptation that will generalize to co op er-

ativ e rob ot applications in man y domains, th us facilitating the practical use of m ulti-rob ot teams in a wide v ariet y

of real-w orld applications.
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1. INTR ODUCTION

Researc h in m ulti-rob ot co op eration has gro wn signi�can tly in recen t y ears. Before m ulti-rob ot teams will ev er

b ecome widely used in practice, ho w ev er, w e b eliev e that adv ances m ust b e made in the dev elopmen t of mec hanisms

that enable the rob ot teams to autonomously generate co op erativ e b eha viors and tec hniques. With the curren t

state of the art, the implemen tation of co op erativ e b eha viors on ph ysical rob ot teams requires exp ert b eha vior

programming and exp erimen tation, follo w ed b y extensiv e tuning and revision of the co op erativ e con trol algorithms.

It is unlik ely that a signi�can t real-w orld impact of co op erativ e rob ot teams will o ccur as long as the curren t lev el

of e�ort is required to implemen t these systems.

Researc hers ha v e recognized that an approac h with more p oten tial for the dev elopmen t of co op erativ e con trol

mec hanisms is autonomous learning. Hence, m uc h curren t w ork is ongoing in the �eld of m ulti-agen t learning (e.g.,
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).

Bro oks and Mataric
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iden tify four t yp es of learning in rob otic systems:

� Learning n umerical functions for calibration or parameter adjustmen t,

� Learning ab out the w orld,

� Learning to co ordinate b eha viors, and

� Learning new b eha viors.

Our researc h has examined sev eral of these learning areas. In the �rst area { learning for parameter adjustmen t { w e

ha v e dev elop ed the L-ALLIANCE arc hitecture,
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whic h enables rob ots to adapt their b eha vior o v er time in resp onse

to c hanging team capabilities, team comp osition, and mission en vironmen t. This arc hitecture, whic h is an extension

of our earlier w ork on ALLIANCE,
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is a distributed, b eha vior-based arc hitecture aimed for use in applications

consisting of a collection of indep enden t tasks. The k ey issue addressed in L-ALLIANCE is the determination of

whic h tasks rob ots should select to p erform during their mission, ev en when m ultiple rob ots with heterogeneous,

con tin ually c hanging capabilities are presen t on the team. In this approac h, rob ots monitor the p erformance of

their teammates p erforming common tasks, and ev aluate their p erformance based up on the time of task completion.

F urther author information: E-mail: park erle@ornl.go v; phone: (865) 241-4959; fax: (865) 574-0405; URL:

h ttp://saturn.epm.ornl.go v/~park erle



Rob ots then use this information throughout the lifetime of their mission to automatically up date their con trol

parameters according to the L-ALLIANCE up date mec hanism. W e note, ho w ev er, that the parameter up date

strategy used b y L-ALLIANCE is dep enden t up on the assumption of indep enden t subtasks whose p erformance can

b e ev aluated based up on the time of task completion. This assumption do es not hold for the CMOMMT application

domain that w e describ e in this pap er.

This pap er discusses our researc h in the learning of new b eha viors in m ulti-rob ot teams. The t yp es of applications

that are t ypically studied for this area of m ulti-rob ot learning v ary considerably in their c haracteristics. Some of

the applications include air 
eet con trol,
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predator/prey,
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b o x pushing,
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foraging,
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and m ulti-rob ot so ccer.
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P articularly c hallenging domains for m ulti-rob ot learning are those tasks that are inher ently co op erativ e. By this, w e

mean that the utilit y of the action of one rob ot is dep enden t up on the curren t actions of the other team mem b ers.

Inheren tly co op erativ e tasks cannot b e decomp osed in to indep enden t subtasks to b e solv ed b y a distributed rob ot

team. Instead, the success of the team throughout its execution is measured b y the com bined actions of the rob ot

team, rather than the individual rob ot actions. This t yp e of task is a particular c hallenge in m ulti-rob ot learning,

due to the di�cult y of assigning credit for the individual actions of the rob ot team mem b ers.

Of these previous application domains that ha v e b een studied in the con text of m ulti-rob ot learning, only the

m ulti-rob ot so ccer domain addresses inheren tly co op erativ e tasks with more than t w o rob ots while also addressing

the real-w orld complexities of em b o died rob otics, suc h as noisy and inaccurate sensors and e�ectors in a dynamic

en vironmen t that is p o orly mo deled. T o add to the �eld of c hallenging application domains for m ulti-rob ot learning,

w e ha v e de�ned and ha v e b een studying a new application domain { the Co op erativ e Multi-rob ot Observ ation of

Multiple Mo ving T argets (CMOMMT) { that is not only an inheren tly co op erativ e task, but, unlik e the m ulti-rob ot

so ccer domain, is also a domain that m ust deal with issues of scalabilit y to large n um b ers of rob ots. In
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w e presen ted

the motiv ation for using this domain for m ulti-rob ot learning. In this pap er, w e brie
y review this motiv ation, and

then describ e a hand-generated solution to this problem, along with the results w e obtained with this approac h. W e

then de�ne a learning approac h to enable rob ot teams to autonomously generate viable solutions to the CMOMMT

application and compare the results to the hand-generated approac h. The �nal section of the pap er concludes with

some summary remarks.

2. THE CMOMMT APPLICA TION

The application domain that w e are studying for use as a m ulti-rob ot learning testb ed is the problem w e en title

Co op er ative Multi-r ob ot Observation of Multiple Moving T ar gets (CMOMMT). This problem is de�ned as follo ws.

Giv en:

S : a t w o-dimensional, b ounded, enclosed spatial region

V : a team of m rob ot v ehicles, v

i

; i = 1 ; 2 ; :::m , with 360

0

�eld of

view observ ation sensors that are noisy and of limited range

O ( t ) : a set of n targets, o

j

( t ), j = 1 ; 2 ; :::; n , suc h that target o

j

( t ) is

lo cated within region S at time t

W e sa y that a rob ot, v

i

, is observing a target when the target is within v

i

's sensing range. De�ne an m � n matrix

B ( t ), as follo ws:

B ( t ) = [ b

ij

( t )]

m � n

suc h that b

ij

( t ) =

8

<

:

1 if rob ot v

i

is observing target

o

j

( t ) in S at time t

0 otherwise

Then, the goal is to dev elop an algorithm, whic h w e call A-CMOMMT , that maximizes the follo wing metric A :

A =

T

X

t =1

n

X

j =1

g ( B ( t ) ; j )

T

where:

g ( B ( t ) ; j ) =

�

1 if there exists an i suc h that b

ij

( t ) = 1

0 otherwise



That is, the goal of the rob ots is to maximize the a v erage n um b er of targets in S that are b eing observ ed b y at

least one rob ot throughout the mission that is of length T time units. Additionally , w e de�ne sensor c over age ( v

i

)

as the region visible to rob ot v

i

's observ ation sensors, for v

i

2 V . Then w e assume that, in general, the maxim um

region co v ered b y the observ ation sensors of the rob ot team is m uc h less than the total region to b e observ ed.

That is,

S

v

i

2V

sensor c over age ( v

i

) � S : This implies that �xed rob ot sensing lo cations or sensing paths will not b e

adequate in general, and instead, the rob ots m ust mo v e dynamically as targets app ear in order to main tain their

target observ ations and to maximize the co v erage.

The CMOMMT application is an excellen t domain for em b o died m ulti-rob ot learning and adaptation. CMOMMT

o�ers a ric h testb ed for researc h in m ulti-rob ot co op eration, learning, and adaptation b ecause it is an inheren tly

co op erativ e task. In addition, man y v ariations on the dynamic, distributed sensory co v erage problem are p ossible,

making the CMOMMT problem arbitrarily more di�cult. F or example, the relativ e n um b ers and sp eeds of the rob ots

and the targets to b e trac k ed can v ary , the a v ailabilit y of in ter-rob ot comm unication can v ary , the rob ots can di�er

in their sensing and mo v emen t capabilities, the terrain ma y b e either enclosed or ha v e en trances that allo w ob jects

to en ter and exit the area of in terest, and so forth. Man y other subproblems can also b e addressed, including the

ph ysical trac king of targets (e.g. using vision, sonar, IR, or laser range), prediction of target mo v emen ts, m ulti-sensor

fusion, and so forth.

3. A HAND-GENERA TED SOLUTION TO CMOMMT

W e ha v e dev elop ed a hand-generated solution to the CMOMMT problem that p erforms w ell when compared to v arious

con trol approac hes. This solution has b een implemen ted on b oth ph ysical and sim ulated rob ots to demonstrate its

e�ectiv eness. The hand-generated solution, whic h w e call A-CMOMMT , is describ ed brie
y as follo ws. Rob ots use

w eigh ted lo cal force v ectors that attract them to nearb y targets and rep el them from nearb y rob ots. The w eigh ts

are computed in real time b y a higher-lev el reasoning system in eac h rob ot, and are based on the relativ e lo cations

of the nearb y rob ots and targets. The w eigh ts are aimed at generating an impro v ed collectiv e b eha vior across rob ots

when utilized b y all rob ot team mem b ers.

The lo cal force v ectors are calculated as follo ws. The magnitude of the force v ector attraction of rob ot v

l

relativ e

to target o

k

, denoted j f

lk

j , for parameters 0 < do

1

< do

2

< do

3

, is:

j f

lk

j =

8

>

>

<

>

>

:

� 1

do

1

for d ( v

l

; o

k

) � do

1

1

do

2

� do

1

for do

1

< d ( v

l

; o

k

) � do

2

� do

2

do

3

� do

2

for do

2

< d ( v

l

; o

k

) � do

3

0 otherwise

where d ( a; b ) returns the distance b et w een t w o en tities (i.e., rob ots and/or targets). The magnitude of the force

v ector repulsion of rob ot v

l

relativ e to rob ot v

i

, denoted j g

li

j , for parameters 0 < dr

1

< dr

2

, is:

j g

li

j =

8

<

:

� 1 for d ( v

l

; v

i

) � dr

1

1

dr

2

� dr

1

for dr

1

< d ( v

l

; v

i

) � dr

2

0 otherwise

Determining the prop er setting of the parameters do

1

; do

2

; do

3

; dr

1

, and dr

2

is one approac h to solving the

CMOMMT m ulti-rob ot learning task using an a priori mo del-based tec hnique.

Using only lo cal force v ectors for this problem neglects higher-lev el information that ma y b e used to impro v e

the team p erformance. Th us, the hand-generated approac h enhances the con trol approac h b y including higher-lev el

con trol to w eigh t the con tributions of eac h target's force �eld on the total computed �eld. This higher-lev el kno wledge

can express an y information or heuristics that are kno wn to result in more e�ectiv e global con trol when used b y eac h

rob ot team mem b er lo cally . The hand-generated approac h expresses this higher-lev el kno wledge in the form of a

w eigh t, w

lk

, that reduces rob ot r

l

's attraction to a nearb y target o

k

if that target is within the �eld of view of another

nearb y rob ot. Using these w eigh ts helps reduce the o v erlap of rob ot sensory areas to w ard the goal of minimizing the

lik eliho o d of a target escaping detection.

The higher-lev el w eigh t information is com bined with the lo cal force v ectors to generate the commanded direction

of rob ot mo v emen t. This direction of mo v emen t for rob ot v

l

is giv en b y:

P

n

k =1

w

lk

f

lk

+

P

m

i =1 ;i 6= l

g

li

, where f

lk

is



Figure 1. Sim ulation results of three rob ots and six targets (�rst image), and �v e rob ots and t w en t y targets (second

image), with the rob ots using the hand-generated solution to CMOMMT, and the targets mo ving randomly .

Figure 2. Rob ot team executing hand-generated solution to CMOMMT. The �rst photo sho ws rob ots op erating in

an area with no obstacles. The second photo sho ws the rob ots amidst randomly distributed obstacles.

the force v ector attributed to target o

k

b y rob ot v

l

and g

li

is the force v ector attributed to rob ot v

i

b y rob ot v

l

. T o

generate an ( x; y ) co ordinate indicating the desired lo cation of the rob ot corresp onding to the resultan t force v ector,

w e scale the resultan t force v ector based up on the size of the rob ot. The rob ot's sp eed and steering commands are

then computed to mo v e the rob ot in the direction of that desired lo cation.

4. RESUL TS FR OM HAND-GENERA TED SOLUTION

Figure 1 sho ws t w o of the sim ulation runs of the hand-generated algorithm (out of o v er 1,000,000 sim ulation test

runs). Figure 2 sho ws snapshots of t w o of the ph ysical rob ot exp erimen ts (out of o v er 800) in whic h the the rob ots

p erform the task either with no obstacles in the w ork area or with randomly distributed obstacles.

The results of the hand-generated approac h to CMOMMT v ary dep ending up on a n um b er of factors, including

the relativ e n um b ers of rob ots and targets, the size of the w ork area, the motions of the targets (i.e., whether random

or ev asiv e), and the setting of the w eigh ts. In general, the A-CMOMMT algorithm p erformed b est for a ratio of

targets to rob ots greater than 1/2. W e compared the hand-generated A-CMOMMT approac h with a non-w eigh ted

lo cal force v ector approac h, as w ell as t w o con trol cases in whic h rob ots either main tained �xed p ositions or are

mo v ed randomly . Figure 3 giv es a t ypical set of these comparativ e results.
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Figure 3. Sim ulation results of four distributed approac hes to co op erativ e observ ation, for random/linear target

mo v emen ts, for v arious ratios of n um b er of targets ( n ) to n um b er of rob ots ( m ).
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5. LEARNING IN THE CMOMMT APPLICA TION

W e ha v e studied the CMOMMT problem from a learning p ersp ectiv e without the assumption of an a priori mo del.

This approac h uses a com bination of reinforcemen t learning, lazy learning, and a P essimistic algorithm able to

compute for eac h team mem b er a lo w er b ound on the utilit y of executing an action in a giv en situation. The

c hallenges in this m ulti-rob ot learning problem include a v ery large searc h space, the need for comm unication or

a w areness of rob ot team mem b ers, and the di�cult y of assigning credit in an inheren tly co op erativ e problem.

In this learning approac h, lazy learning

13

is used to enable rob ot team mem b ers to build a memory of situation-

action pairs through random exploration of the CMOMMT problem. A reinforcemen t function giv es the utilit y of

a giv en situation. The p essimistic algorithm for eac h rob ot then uses the utilit y v alues to select the action that

maximizes the lo w er b ound on utilit y . The resulting algorithm is able to p erform considerably b etter than a random

action p olicy , although it is still signi�can tly inferior to the hand-generated algorithm describ ed in the previous

section. Ho w ev er, ev en with a p erformance less than that of the hand-generated solution, this approac h mak es an

imp ortan t con tribution b ecause it do es not assume the existence of a mo del (as is the case in the P artially Observ able

Mark o v Decision Pro cess (POMDP) domain), the existence of lo cal indicators that help individual rob ots p erform

their tasks, nor the use of sym b olic represen tations. The follo wing subsections describ e this approac h and its results

in more detail.

5.1. Lazy learning and Q-learning

Lazy learning

13

{ also called instance-based learning { promotes the principle of dela ying the use of the gathered

information un til the necessit y arises (see Fig. 4). The same p o ol of information (i.e., memory) is used for di�eren t

b eha vior syn theses. The lazy memory pro vides a go o d w a y of reducing the duration of an y rob otic learning ap-

plication. In the con text of reinforcemen t learning, lazy learning pro vides an instan taneous set of situation-action

pairs (after the initial and unique sampling phase). Lazy learning samples the situation-action space according to a

random action selection p olicy , storing the succession of ev en ts in memory and, when needed, prob es the memory

for the b est action. The exploration phase is p erformed only once. By storing situation-action pairs, a lazy memory

builds a mo del of the situation transition function.

In order to express a b eha vior, the memory m ust b e prob ed. T o do this probing, w e use a mo di�ed v ersion of the

tec hnique prop osed in.
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In

14

the ob jectiv e is to pro vide a metho d for predicting the rew ards for state-action pairs

without explicitly generating them. F or the curren t real w orld situation, a situation matc her lo cates all the states in

the memory that are within a giv en distance. If the situation matc her has failed to �nd an y nearb y situations, the

action comparator selects an action at random. Otherwise, the action comparator examines the exp ected rew ards



asso ciated with eac h of these situations and selects the action with the highest exp ected rew ard. This action is then

executed, resulting in a new situation. There is a �xed probabilit y (0.3) of generating a random action regardless of

the outcome of the situation matc her. New situation-action pairs are added to the memory , along with a Q-v alue

computed in the classical w a y.
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Among similar situation-action pairs in the memory , an up date of the stored

Q-v alues is made. Ho w ev er, there is a limit to the generalit y of this lazy memory b ecause the Q-v alues asso ciated

with the situation-action pairs only apply for a particular b eha vior. With the desire of reducing the learning time as

m uc h as p ossible, as w ell as preserving the generalit y of the lazy memory , w e mo di�ed the algorithm as follo ws: (1)

the situation matc her alw a ys prop oses the set of nearest situations { no maxim um distance is in v olv ed, (2) there is no

random selection of actions b y the action comparator, and (3) the Q-v alues are not stored with the situation-action

pairs, but are computed dynamically as the need arises.

5.2. The P essimistic Algorithm

W e de�ne a P essimistic Algorithm for the selection of the b est action to execute for a giv en rob ot in its curren t lo cal

situation as follo ws: �nd the lo w er b ounds of the utilit y v alue asso ciated with the v arious p oten tial actions that ma y

b e conducted in the curren t situation, then c ho ose the action with the greatest utilit y . A lo w er b ound is de�ned as

the lo w est utilit y v alue asso ciated with a set of similar situations.

The idea b ehind the P essimistic Algorithm is that a lo cal rob ot situation is an incomplete observ ation of the true

state of the system. Th us, instead of trying to solv e the observ ation problem b y completing the observ ation (usual

POMDP approac h), w e are only in terested in ranking the utilit y of the actions. If w e use a unique instance of the

memory to obtain the utilit y of the situation, then c hances are that the utilit y attributed to this lo cal situation is due

in fact to other rob ot's actions. This probabilit y decreases prop ortionally with the n um b er of similar situations that

are tak en in to accoun t. If a large n um b er of situations are considered, then there m ust b e at least one for whic h the

rew ard directly dep ends on the lo cal situation. By taking the minim um utilit y v alue of the set of similar situations,

w e are guaran teed that, if the v alue is n ull, then the situation ac hiev ed do es not imply lo osing target(s).

The P essimistic Algorithm is then giv en as follo ws:

� Let M be the memory, a lookup table of situation-action pairs gathered during an

exploration phase -- M = [( s (1) ; a (1)) ; :::; ( s ( t ) ; a ( t )) ; ( s ( t + 1) ; a ( t + 1)) ; ::: ] .

� Let sit be the current situation.

� Find S ( sit ) , the set of n situations of M similar to sit .

� Let S

f ollow

( sit ) be the set of the situations that directly follows each situation of

S ( sit ) .

� Compute the lower bound (LB) of the utility value (U) associated with each

situation s ( k ) 2 S

f ollow

( sit ) :

{ LB ( s ( k )) = min( U ( s ( m ))) , for s ( m ) 2 S ( s ( k )) , the set of situations similar to

s ( k ) .

� Execute the action that should take the robot to the new situation s

�

: s

�

=

max( LB ( s )) and s 2 S

f ollow

( sit ) .

The utilit y U asso ciated with a giv en situation can b e computed in man y w a ys. It can b e the exact v alue of the

reinforcemen t function for this particular situation-action pair, or it can b e a more elab orate v ariable. F or example,

in our exp erience w e store the situation-action pairs, plus the n um b er of targets under observ ation in the lo okup

table (M). Ho w ev er, the v alue that is used as utilit y is +1 if one or more targets ha v e b een acquired compared to

the previous situation, -1 if one or more targets ha v e b een lost, or 0 otherwise. An exact Q v alue requires running

the Q-learning algorithm with the samples stored in the memory .

5.3. Results of learning approac h

W e studied the e�ciency of the P essimistic Algorithm b y comparing the p erformance of a team of rob ots with a purely

random action selection p olicy , a user-de�ned non-co op erativ e p olicy and A-CMOMMT . In these exp erimen ts, eac h

rob ot situation is a v ector of t w o times 16 comp onen ts. The �rst 16 comp onen ts co de the p osition and orien tation

of the targets. It sim ulates a ring of 16 sensors uniformly distributed around the rob ot b o dy . Eac h sensor measures
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Figure 5. P erformances of the P essimistic lazy Q-learning approac h compared to a random action selection p olicy ,

a user-de�ned non-co op erativ e p olicy and the hand-generated solution A-CMOMMT , for 10 rob ots and 10 randomly

mo ving targets. The results are the mean of 10 di�eren t exp erimen ts p er p oin t for lazy learning p olicy , and 100

exp erimen ts for the other 3 p olicies. Eac h exp erimen t duration is 1000 iterations.

the distance to the nearest target. The sensor p osition around the b o dy giv es the orien tation. The second ring of

16 comp onen ts co de in the same manner the p osition and orien tation of neigh b oring rob ots. The maxim um range

for a target or a rob ot to b e seen is 1, for an arena radius of 5. The actions of eac h rob ot are rotation and forw ard

mo v emen t. The measure of p erformance is the mean observ ation time of all targets.

Figure 5 sho ws the p erformance of a P essimistic lazy Q-learning p olicy v ersus the size of the lazy memory , from

100 to 900 situation-action pairs. Eac h p oin t is the a v erage of 10 exp erimen ts. The lazy memories are obtained

through an initial exploration in v olving from 15 to 25 targets and a single rob ot. During the sampling, the targets

are �xed and the rob ot's p olicy is random action selection (with 5% c hance of direction and orien tation c hanges).

The reinforcemen t function returns +1 if the total n um b er of targets under observ ation increases, -1 if this n um b er

decreases, or 0 otherwise.

As w e see there is an imp ortan t p erformance gain asso ciated with the P essimistic lazy Q-learning o v er a purely

random selection p olicy . This clearly demonstrates the imp ortance of lazy Q-learning as a learning tec hnique. Ev en

more in terestingly , lazy Q-learning p erforms m uc h b etter than the user-de�ned non-co op erativ e p olicy ( L o c al ). It

is imp ortan t to note that neither p olicy is a w are of the existence of the other rob ots. Both p olicies use the same

sensory information { i.e., the distance and orien tation of nearb y targets. It is our opinion that the v ariation of

p erformance is due to the fact that the lazy Q-learned b eha vior is somewhat less rigid than the user-de�ned p olicy .

A lazy Q-learning guided rob ot will follo w a target further than it could b e, and, in doing so, will exhibit an erratic

path, mo ving from one side of the target to another, bac k and forth without losing the target. In doing so, the surface

under observ ation p er unit of time is larger than the co v ered surface b y the more rigid cen ter-of-gra vit y-orien ted

rob ot. On the other hand, b ecause it do es not tak e in to accoun t the neigh b oring rob ots, it is easy to understand

wh y the lazy Q-learned b eha vior p erformance cannot reac h the lev el of the A-CMOMMT p erformance.

6. CONCLUSIONS

In this pap er, w e ha v e prop osed that the Co op erativ e Multi-rob ot Observ ation of Multiple Mo ving T argets

(CMOMMT) application domain pro vides a ric h testb ed for learning and adaptation in m ulti-rob ot co op erativ e teams.



W e ha v e describ ed the need for learning and adaptation in m ulti-rob ot teams, and ha v e de�ned the CMOMMT appli-

cation, along with the c haracteristics that mak e it an in teresting testb ed for learning and adaptation. W e rep orted on

a hand-generated solution to the CMOMMT problem and discussed ho w the results from the implemen tation of this

solution rev eal the need for learning and adaptation in this domain. W e discussed our w ork that uses the CMOMMT

problem as a learning domain. The ultimate ob jectiv e is to dev elop learning tec hniques using the CMOMMT do-

main that will generalize to other real-w orld domains, and will th us help realize the ultimate goal of enabling the

widespread, practical use of m ulti-rob ot teams.
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