
L-ALLIANCE: TASK-ORIENTED MULTI-ROBOT LEARNINGIN BEHAVIOR-BASED SYSTEMSLynne E. ParkerCenter for Engineering Systems Advanced Research, Oak Ridge National Lab-oratory, P. O. Box 2008, Mailstop 6364, Oak Ridge, TN 37831-6364 USAAbstract| A large application domain for multi-robot teams involves task-oriented missions, in which potentially heterogeneous robots must solve severaldistinct tasks. Previous research addressing this problem in multi-robot sys-tems has largely focused on issues of e�ciency, while ignoring the real-worldsituated robot needs of fault tolerance and adaptivity. This paper addressesthis problem by developing an architecture called L-ALLIANCE that incorpo-rates task-oriented action selection mechanisms into a behavior-based system,thus increasing the e�ciency of robot team performance while maintaining thedesirable characteristics of fault tolerance and adaptivity. We present our in-vestigations of several competing control strategies and derive an approach thatworks well in a wide variety of multi-robot task-oriented mission scenarios. Weprovide a formal model of this technique to illustrate how it can be incorporatedinto any behavior-based system.Key words: Multi-robot learning, behavior-based, L-ALLIANCE, multi-robotcooperation, action selection, fault tolerance.1. INTRODUCTIONConsider the following problem: a team of heterogeneous mobile robots isrequired to perform a task-oriented mission. Each robot on the team is pro-grammed with the capabilities necessary to perform a subset of the tasks re-quired by the current mission. In order to reduce the e�ects of bottlenecksand single points of failure, the robots are designed to overlap in the tasksthey are able to accomplish, although they may demonstrate di�erent levels ofperformance in accomplishing the same task due to robot heterogeneity. Thecapabilities of the robots in such a mission may change over time, due either torobot subsystem failure, or perhaps due to robot action learning. The problemwe are to solve, then, is that of enabling these heterogeneous robot team mem-bers to select the proper actions to perform during a mission so as to maintaina high level of fault tolerance and adaptivity while not sacri�cing the e�ciencyof the mission performance.A real-world instance of this type of problem is a material handling missioninvolving multiple types of containers and multiple types of robots that haveheterogeneous abilities to carry or to push the containers from point to point.The robots need to be able to select which container to move based upon their1



own capabilities and the capabilities of their functioning teammates.Traditional solutions to this type of task-oriented multi-agent system wouldlikely employ one of two approaches. Either, (1) the robots would be prepro-grammed to always move containers in a �xed order, or (2) the system wouldemploy a planning and hierarchical problem decomposition process, followedby allocation of tasks to agents (either through a centralized assignment, orthrough a negotiation/bidding process), and then agent execution; if an agentwere to fail at its task, then a replanning process would occur that seeks toremedy the problem by reassigning the task(s).However, these solutions are unsatisfactory for most real robot systems, sincethe �rst solution is quite in
exible (e.g. what if a new type of robot were addedto the system with a di�erent capability pro�le, or if the robots were frequentlymoved from one material handling job to another, working with di�erent typesof robots) and the second solution is prone to single-point failure (e.g. due tocommunication failure, robot failure, central planning failure, etc.), leading tothe severe disruption or total breakdown of the system.In previous research [1], Brooks has shown that behavior-based systems pro-vide a high level of fault tolerance and adaptivity that is generally di�cult todemonstrate in systems using a more traditional AI approach. Thus, researchersin multi-robot systems have commonly used behavior-based systems to achievecooperative control (see the following section for a review). However, the major-ity of these techniques are not well-suited for task-oriented problems, in whichvarious distinct tasks must be accomplished by the robot team.Our objective is to extend the usefulness of cooperative behavior-based sys-tems by developing a methodology that takes advantage of the fault-tolerant,adaptive characteristics of behavior-based systems while also enabling e�cienttask-oriented solutions by multi-agent teams. In this paper, we introduce amethod called L-ALLIANCE that achieves this objective. Our approach is builtupon an earlier system we have developed, called ALLIANCE, for fault tolerantmulti-robot control. In the next section, we brie
y describe related work in thisarea. Section 3 then describes the L-ALLIANCE approach, �rst discussing theNP-hardness of the problem we are addressing, then introducing several poten-tial approaches to incorporating task-oriented e�ciency into the ALLIANCEbehavior-based multi-robot system. Experimental results are presented in Sec-tion 4 that compare the e�ectiveness of these strategies in simulation. In Section5, we discuss these results and brie
y describe the implementation of our de-rived approach on a real robot team to verify its applicability. We conclude thepaper in Section 6.2. RELATED WORKA signi�cant amount of previous research has been accomplished in the areasof multi-robot systems and optimal task allocation/scheduling; research interestin multi-agent learning systems has also grown in recent years. The multi-robot2



systems work can be loosely divided into two categories: swarm cooperation andintentional cooperation. The largest body of this research is in swarm cooper-ation, which deals with the study of large numbers of (usually) homogeneousrobots (e.g., [2,3,4,5,6,7,8,9,10,11,12]). The di�cult problem addressed in thesesystems is predicting the global behavior of the collective from the design of thecontrol laws in the individual agent. Such approaches usually rely on mathemat-ical convergence results (such as the random walk theorem [13]) that indicatethe desired outcome over a su�ciently long period of time.The \intentional" cooperation research employs a more directed type of coop-eration that usually requires several distinct tasks be performed. These missionsusually require a smaller number of possibly heterogeneous mobile robots thanthe swarm-type of applications. Key issues in these systems include robust taskallocation, e�cient team performance, and multi-robot coordination. Nearly allof the previous work on heterogeneous physical robots (e.g. [14,15,16,17]). usesa traditional arti�cial intelligence approach, which breaks the robot controllerinto modules for sensing, world modeling, planning, and acting rather than thefunctional decomposition of behavior-based approaches. However, although theneed for fault tolerance is often noted in this intentional cooperation research,the approaches are typically vulnerable to single-point failures, and are largelylimited in their ability to deliver real-time performance in a dynamic worldbecause they do not adequately address the situatedness and embodiment ofphysical robots.A huge amount of research in optimal task allocation and scheduling has beenaccomplished previously (e.g. [18]). However, these approaches alone are notdirectly applicable to multi-robot missions, since they do not address multi-robot performance in a dynamic world involving robot heterogeneity, sensinguncertainty, and the nondeterminism of robot actions.Previous work in multi-robot learning is currently limited, although the topicis gaining increased interest. See [19] for several recent e�orts in this area. Ourwork is di�erent from most of this earlier work in that it applies multi-robotlearning in behavior-based systems to task-oriented missions.3. APPROACHTo achieve e�ciency in task-oriented multi-robot systems, we built upon ourbehavior-based architecture, called ALLIANCE [20,21] that facilitates the exe-cution of task-oriented missions by teams of heterogeneous mobile robots. Weimplemented a learning mechanism in this architecture through the use of pa-rameter tuning. Since the problem we are addressing is NP-hard, we investi-gated several heuristic approaches and tested and compared them extensivelyin simulation. We then validated our results in a simple robot application toverify its applicability in real robot systems.We begin this section by showing that the e�cient action selection problemaddressed in this paper is NP-hard, even if all information is known in advance3



(which is not generally true). We then present the L-ALLIANCE mechanismand describe the heuristic approaches we studied for achieving e�ciency in task-oriented behavior-based systems.3.1. NP-HardnessTo understand the di�culty of our action selection problem, we now show thateven a simpli�ed version of this problem, in which the performance capabilitiesof all robots are known in advance, is NP-hard.Let R = fr1; r2; :::; rng represent the set of n robots on a cooperative team,and the set T = ftask1; task 2; :::; taskmg represent the m independent tasksrequired in the current mission. Each robot in R has a number of high-level task-achieving functions that it can perform, represented by the setAi = fai1; ai2; :::g. Since di�erent robots may have di�erent ways of perform-ing the same task, we de�ne the set of n functions H, where H : Ai ! T ,H = fh1(a1k); h2(a2k); :::; hn(ank)g, and hi(aik) returns the task task j thatrobot ri is working on when it performs the high-level function aik.We denote the metric evaluation function as q(aij), which returns the \qual-ity" of the action aij as measured by a given metric. Here, we consider themetric of average task completion time, although many other metrics could beused. Finally, we de�ne the tasks a robot ri elects to perform during a missionas the set Ui = faij jrobot ri performs task hi(aij) during the current missiong.In the most general form of this problem, distinct robots may have di�er-ent collections of capabilities; thus, we do not assume that 8i:8j:(Ai = Aj).Further, if di�erent robots can perform the same task, they may perform thattask with di�erent qualities; thus, we do not assume that if hi(aix) = hj(ajy),then q(aix) = q(ajy). For the simpli�ed case, we will assume that these robotperformance measurements are known in advance. The formal HeterogeneousRobot Action Selection Problem (HRASP) can then be stated for each robot rias follows: Given T , Ai, and hi(aik), determine the set of actions Ui such that8i:Ui � Ai and 8j:9i:9k:((taskj = hi(aik)) and (aik 2 Ui)) and the following isminimized, according to the time performance metric: maxi(Paik2Uiq(aik)).It can be easily shown that the e�ciency problem, HRASP, is NP-hard byrestriction to the well-known NP-complete problem PARTITION [22]. (See [21]for the proof.) Thus, since this heterogeneous action selection problem is NP-hard, we cannot expect the robot team to be able to derive an optimal actionselection policy in a reasonable length of time. We look instead to heuristicapproximations to the problem that work well in practice.3.2. ALLIANCE OverviewThe foundation of our approach to task-oriented multi-robot learning inbehavior-based systems is the ALLIANCE architecture, which has been reportedearlier in [20,21]. ALLIANCE is a behavior-based, fully distributed architecture4



for multi-robot cooperative control in robot missions involving loosely coupled,largely independent tasks. Robots under this architecture possess a variety ofhigh-level functions (modeled as behavior sets) that they can perform during amission, and must at all times select an appropriate action based on the require-ments of the mission, the activities of other robots, the current environmentalconditions, and their own internal states. Since cooperative robotic teams of-ten work in dynamic and unpredictable environments, this software architectureallows the team members to respond robustly and reliably to unexpected en-vironmental changes and modi�cations in the robot team that may occur dueto mechanical failure, the learning of new skills, or the addition or removal ofrobots from the team by human intervention. This is achieved through theinteraction of mathematically modeled motivations of behavior, such as impa-tience and acquiescence, within each individual robot. These motivations allowrobots to take over tasks from other team members (i.e., become impatient) ifthose team members do not demonstrate their ability | through their e�ecton the world | to accomplish those tasks. Similarly, they allow a robot togive up its own current task (i.e., acquiesce) if its sensory feedback indicatesthat adequate progress is not being made to accomplish that task. The rateat which robots become impatient or acquiesce is dependent upon control pa-rameter settings. It is these control parameters that are automatically updatedby the L-ALLIANCE mechanism to achieve increased e�ciency in robot teamperformance.3.3. L-ALLIANCE MechanismIn this subsection, we describe our approach to the development of a task-oriented multi-robot control architecture that increases robot team performancewithout sacri�cing the desirable characteristics of fault tolerance and adaptiv-ity. We �rst state two assumptions under which we developed our methodol-ogy, followed by a description of the performance monitors incorporated intoL-ALLIANCE. We then describe the various control strategies we studied toincrease the e�ciency of multi-robot team performance in terms of the L-ALLIANCE formal model. The formal model derived as a result of our studiesis given in the Appendix.In the L-ALLIANCE approach, we make two assumptions: (1) a robot's av-erage performance in executing a speci�c task over a few recent trials is a rea-sonable indicator of that robot's expected performance in the future, and (2) ifrobot ri is monitoring environmental conditions C to assess the performance ofanother robot rk, and the conditionsC change, then the changes are attributableto robot rk.3.3.1. Performance Monitors. Figure 1 L-ALLIANCE-arch illustrates theL-ALLIANCE architecture. This architecture extends the ALLIANCE archi-tecture by incorporating the use of performance monitors for each motivationalbehavior within each robot. Each monitor is responsible for observing, eval-5
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sFigure 1: The L-ALLIANCE architecture.uating, and cataloging the performance of any robot team member (includingitself) whenever it performs the task corresponding to that monitor's respec-tive behavior set. Formally, robot ri, programmed with the b behavior setsA = fai1; ai2; :::; aibg, also has b monitors MONi = fmoni1;moni2; :::;monibg,such that monitor monij observes the performance of any robot performingtask hi(aij), keeping track of the time of task completion (or other appropri-ate performance quality measure) of that robot. Monitor monij then uses themechanism described below to update the control parameters of behavior set aijbased upon this learned knowledge. It is important to note that a robot ri doesnot keep track of the task completion times for capabilities of other robots thatri does not share. This allows the L-ALLIANCE architecture to scale favorablyas the mission size increases.3.3.2. Two L-ALLIANCE Control Phases. If robot team members are ona training mission, whose sole purpose is to allow robots to become familiar withthemselves and with their teammates, then they can explore their capabilitieswithout concern for possible mission failure. On the other hand, if the robotsare on a live mission, then the team has to ensure that the mission is completedas e�ciently as possible. Even so, as they perform a live mission, the robotsshould take advantage of the opportunity to learn about the robot capabilities6



that are demonstrated. Thus, one of two high-level control phases are utilizedfor robot team members under L-ALLIANCE, depending upon the type of theteam's mission. During training missions, the robots enter the active learningphase, whereas during live missions, they enter the adaptive learning phase. Inthe active learning phase, each robot selects its next action randomly from thoseactions that are: (1) currently incomplete, as determined from the sensory feed-back, and (2) currently not being executed by any other robot, as determinedfrom broadcast communication messages. While they perform their tasks, therobots are maximally patient and minimally acquiescent, meaning that a robotneither tries to preempt another robot's ongoing task, nor does it acquiesce itsown current action to another robot. During the active learning phase, eachmonitor mon ij in each robot ri monitors and catalogues the performance of allrobots rk that are performing task hi(aij), as well as updates the appropriatecontrol parameters.When a robot team is applied to a \live" mission, it enters the adaptive learn-ing phase, in which the robots acquiesce (give up tasks) and become impatient(take over tasks) according to their learned knowledge and the control strategiesdescribed in the remainder of this paper, rather than being maximally patientand minimally acquiescent as they are in the active learning phase. However,the monitors within each robot continue to monitor and catalog robot perfor-mances during this phase, updating their control parameters based upon theseperformances.3.1.3. Parameter Update Strategies. Once the robot performance data hasbeen obtained, it must be input to some control mechanism that allows the robotteam to improve its e�ciency over time while not sacri�cing the fault tolerantcharacteristics of the behavior-based ALLIANCE architecture. This controlproblem translates into two related subproblems: (1) dynamic task reallocation| how an individual robot determines whether to interrupt the task currentlybeing performed by another robot (i.e. become impatient), or whether it shouldacquiesce its own current task and (2) task ordering | how an individual robotselects from among a number of incomplete tasks that no other team member iscurrently performing. These issues are modeled in the L-ALLIANCE formalism(shown in detail in the Appendix) as three control parameters:� � fast ij(t): the rate of impatience of ri at time t concerning the behaviorset aij when no other robot is performing task hi(aij)� � slow ij(k; t): the rate of impatience of ri at time t concerning the behaviorset aij when robot rk is performing task hi(aij)�  ij(t): the time ri will maintain aij 's activity before acquiescing to anotherrobotTo study these issues, we identi�ed three potential control strategies for thetwo dynamic task reallocation parameters (� slow ij(k; t) and  ij(t)), and three7



Strategy Impatience (� slow ij(k; t)) Acquiescence ( ij(t))I own time own timeII own time min. time of teamIII time of robot own timeperforming hi(aij)Table 1: The impatience and acquiescence parameters are functions of the valuesshown in the table, for each of three dynamic task reallocation strategies.potential control strategies for the task ordering parameter, � fast ij(t). Thesepotential control strategies for parameter learning are discussed below.Dynamic Task Reallocation StrategiesThe three dynamic task reallocation strategies that we tested for task-orientedmulti-agent learning are summarized in Table 1 three-strategies. The �rstdynamic task reallocation strategy, which we call Strategy I: \Distrust Per-formance Knowledge about Teammates", takes a minimalist approach to theproblem by requiring a robot to use only the knowledge it learns about its ownperformance. Under strategy I, ri becomes impatient with any other robot rkthat does not complete hi(aij) in the same length of time required for ri tocomplete hi(aij).The second strategy, which we call Strategy II: \Let the Best Robot Win",endows the robot team with the character of \striving for the best". Under thisstrategy, a robot holds itself to the performance standard of the best robot itknows about in the group, for each task to be accomplished. Thus, if ri haslearned that the quickest expected completion time required by a team memberfor a task hi(aij) is t, then ri will acquiesce task hi(aij) to another robot if ri hasattempted hi(aij) for a time longer than t. On the other hand, ri will becomeimpatient with rk performing task hi(aij) only after rk has attempted the taskfor a longer period of time than ri believes that it, itself, needs to accomplishhi(aij).The third dynamic task reallocation strategy, called Strategy III: \Give Robotsa Fighting Chance", results in a robot team that judges performances of robotteam members based on each team member's own individual expected perfor-mance, rather than its comparison to other teammembers' performances. Understrategy III, ri becomes impatient with rk's performance only after rk beginsperforming worse than its (rk's) normal abilities. Additionally, each robot isunwilling to acquiesce its own action until it believes it has had a fair chance toaccomplish the task, according to its own expected performance requirements.Task ordering strategiesWe also investigated three task ordering strategies (i.e. how an individualrobot selects from among a number of incomplete tasks that no other teammember is currently performing) in which each robot's next action selection iseither a greedy choice based upon the expected execution time of the tasks it is8



able to perform, or is a random choice of actions. The following paragraphs de-scribe these three task ordering approaches, called Longest Task First, Modi�edShortest Task First, and Modi�ed Random Task Selection.In the multi-processor scheduling community, a centralized greedy approachcalled Descending First Fit has been shown to result in mission completiontimes within 22% of optimal [22] for identical processors. In this approach, thetasks are assigned to processors in order of non-increasing task length. Thus,we �rst attempted a distributed version of Descending First Fit to determine itse�ectiveness for the multi-robot application domain. The distributed version,which we call Longest Task First, requires each robot to select as its next taskthat which is expected to take the robot the longest length of time to complete.As a logical next step, we studied the dual of the Longest Task First approachin which each robot to selects its next action as that which it expects to per-form the quickest. The centralized version of this greedy approach for identicalmulti-processors has been shown to result in minimizing the mean 
ow of themission, which means that the average completion time of the tasks in the mis-sion is minimized [18]. Here, we modify the pure Shortest Task First techniquesomewhat (hence, the nameModi�ed Shorted Task First) to compensate for thefact that heterogeneous robots have di�erent sets of tasks which they are able topursue. We thus require a robot to �rst select from among those actions whichit expects to perform better than any other robot on the team.Finally, as a baseline against which to compare the other task ordering ap-proaches, a random selection of tasks was also studied, which we call Modi�edRandom Task Selection. In this case, the robots divide the tasks into the sametwo categories used in the Modi�ed Shortest Task First approach. However, inthis case, the tasks are randomly selected, initially from the �rst category, andthen from the second category.4. RESULTSTo determine the relative merits of these strategies, we executed a large num-ber of test runs in simulation, comparing the results of all of the combinations ofthe dynamic task reallocation and task ordering strategies in terms of the timerequired to complete the mission. We collected performance data by varying thenumber of robots on the team (n) from 2 to 20, the number of tasks the teammust perform (m) from 1 to 40, the task coverage1 from 1 to 10, the degree ofheterogeneity2 from 0 percent to 3200 percent, and the value of the ProgressWhen Working (PWW) condition3 as either true or false. For this study, the1The task coverage is a measure of the total number of capabilities on the robot team thatmay allow a team member to achieve a given task | see [21].2In this context, degree of heterogeneity refers to a relative comparison of q(aij) and q(akl),in which hi(aij) = hk(akl); in other words, ri and rk can both perform the same task, butwith di�erent levels of performance.3We de�ne the Progress When Working condition as follows (see also [21]). Let z be the9



missions were composed of completely independent subtasks involving no or-dering constraints, the capabilities were distributed uniformly across the robotsbased upon the given task coverage, and the same task coverage was assumedfor all tasks in the mission. For each 5-tuple (n, m, task coverage, heterogeneity,PWW) of a given run of the simulation, which we call a scenario, 200 randomlygenerated test runs were executed. The average over these 200 runs was thenconsidered the characteristic performance of that scenario.Our studies revealed that all of the above variables have an impact on therelative performances of the parameter learning strategies. Limited space inthis paper prohibits a thorough analysis of these results; instead, we focus hereon the most important, high-level results. (Refer to [21] for a more detailedanalysis.) The relative performance results comparing the three dynamic taskreallocation strategies for the �xed task ordering strategy of Modi�ed ShortestTask First are shown succinctly in Fig. 2 time-venn. In this �gure, the numbersI, II, and III in large parentheses indicate the relative performance of the threedynamic task reallocation strategies in each of the regions, where the top row in-dicates the best performer(s). When more than one set of values are given (e.g.,in regions 2 and 3), the relative performances depend upon the Progress WhenWorking (PWW) condition. The four points noted with small black squares areexemplar missions of their corresponding regions. The three values in the smallparentheses by each of these four points describe the corresponding cooperativescenario by giving the number of robots, the number of tasks, and the taskcoverage used in the exemplar. As can be seen, the relative performances of thevarious parameter update strategies vary depending upon the particular sce-nario being investigated. In this �gure, \highly" heterogeneous means roughlya degree of heterogeneity above 600%, whereas \mildly" heterogeneous meansa degree of heterogeneity between approximately 300% and 600%.We then compared the impact on these task reallocation strategies whenchanging the task order strategy from Modi�ed Shortest Task First to theLongest Task First and Modi�ed Random Task Selection approaches. Our re-sults led to a quick dismissal of the distributed Longest Task First approach,since it turned out to be disastrous for heterogeneous cooperative teams inwhich robot failures can occur | in general, this approach caused each task inthe mission to be attempted by the robot team member with the worst abilityto accomplish that task. Clearly, this does not result in collectively e�cienttask execution.Our experiments showed that the relative performances of the three dynamictask reallocation strategies change when using a Modi�ed Random Task Se-lection task ordering approach instead of the Modi�ed Shortest Task First ap-�nite amount of work remaining to complete a task w. Then whenever robot ri activates abehavior set corresponding to task w, either (1) ri remains active for a su�cient, �nite lengthof time � such that z is reduced by a �nite amount which is at least some constant � greaterthan 0, or (2) ri experiences a failure with respect to task w. Additionally, if z ever increases,the increase is due to an in
uence external to the robot team.10



proach, regardless of the scenario's region in Fig. 2. A typical result of compar-ing the relative performances of the three dynamic task reallocation strategiesunder the Modi�ed Random Task Selection task ordering approach instead ofwith the Modi�ed Shortest Task First approach is shown in Fig. 3 for one ofthe exemplar scenarios. As this �gure shows, although the Random Task Selec-tion approach degrades the performance of teams controlled by strategies I andIII as heterogeneity increases, it actually improves the performance of teamscontrolled with strategy II (Let the Best Robot Win).We discuss the signi�cance of these results in the next section.5. DISCUSSIONOur goal in this work is to derive a single approach to multi-robot actionselection that performs well regardless of the particular instantiation of therobot team and mission. We do not want to require a human system designerto perform extensive analysis of speci�c multi-robot applications to determinethe appropriate multi-robot learning strategy. Thus, we now analyze the resultsof the previous section to attempt to �nd a general approach that performs wellin any of the situations studied.Combining the results of Figs. 2 and 3 leads �rst to the conclusion that strat-egy II (Let the Best Robot Win) is the favored strategy for experimental sce-narios in regions 1 and 4, as well as in regions 2 and 3 when the Progress WhenWorking condition is true, regardless of whether the Modi�ed Random or theModi�ed Shortest Task First ordering approach is used. Strategy III (GiveRobots a Fighting Chance) is preferred over strategy II only when using theModi�ed Shortest Task First ordering approach and when the PWW conditionis false in the following regions: region 3, and in region 2 for \mildly" heteroge-neous teams. Strategy I (Distrust Performance Knowledge about Teammates)is never a superior strategy.Returning to Fig. 3, let us now determine why strategy II performs so muchbetter under the Modi�ed Random approach than the Modi�ed Shortest TaskFirst approach. The reason for this performance improvement relates to thetheoretical advantages mentioned earlier of using the Longest Task First selec-tion strategy. The Longest Task First approach theoretically results in shortermission completion times for homogeneous robot teams because the longer tasksare pursued �rst while available robots perform the shorter tasks in parallel. Ofcourse, we dismissed this approach for heterogeneous robot teams which canperform the same tasks with di�erent qualities, since it caused each task to bepursued by the robot with the longest task completion time. However, if weallow robots to divide their tasks into two categories | (1) those which therobot expects to be able to perform quicker than any other robot, and (2) allremaining tasks that robot can perform | and then use a Longest Task Firstmechanism to select among the �rst category and a Shortest Task First mech-anism for selecting among the second category, the problem of heterogeneity is11



1.00.80.60.40.20.0
0

1

2

3

4

Region 3

Region 1

Region 4

Region 2

Task Coverage (TC)   # Robots/

# 
Ta

sk
s 

(m
) 

 #
 R

o
bo

ts
/

II, III
I( )

I, II, III
---( )

)I, II
III(

I, III
II( )

(20,40,2)

Time Usage

( )I, III
II

0 
< 

TC
/m

 <
 .1

.1
 <

 T
C

/m
 <

 .4

.4 < TC/m < 1

1 < TC/m

(6,12,4)

(10,14,10)

(4,2,3)

( )I, II, III
---PWW true:

PWW false:

PWW 
false &

mildly het.:

PWW true
or (PWW false
& highly het.):

Figure 2: Summary of time usage for the dynamic task reallocation strategiesusing a �xed task ordering strategy (Modi�ed Shortest Task First). (Refer tothe text for an explanation of this �gure.)12



AAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA
AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

A
A
A
A
A
A
A
A
A
A

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

AA
AA
AA
AA
AA
AA
AA
AA
AA
AA

-10

-5

0

5

10

15

20

25

30

-5 0 5 10 15 20 25 30 35

6 Robots, 12 Tasks, Task Coverage = 4

Strategy I
Strategy II
Strategy III

P
e

rc
e

nt
 C

ha
ng

e
 in

 M
is

si
o

n 
C

o
m

p
le

tio
n 

T
im

e

Deviation in robot ab ilities when overlappingFigure 3: Typical change in mission completion time when using the Modi�edRandomTask Selection ordering approach instead of the Modi�ed Shortest TaskFirst approach.circumvented. What we �nd in Fig. 3 is that the Random Task Selection ap-proach for strategy II actually moves the robot control toward a Longest TaskFirst approach, since any random selection of an action must result in a longertask than that chosen with the Shortest Task First approach.This then leads to the following general task oriented learning mechanism forthis application domain, under which each robot ri does the following:1. Divide the tasks into two categories:(a) Those tasks which ri expects to be able to perform better than anyother team member, and which no other robot is currently perform-ing.(b) All other tasks ri can perform.2. Repeat the following until sensory feedback indicates that no more tasksare left:(a) Select tasks from the �rst category according to the longest task �rstapproach, unless no more tasks remain in the �rst category.(b) Select tasks from the second category according to the shortest task�rst approach. 13



If a robot has no learned knowledge about team member capabilities, all of itstasks fall into the second category.The implementation of this control strategy in terms of the control parametersof the L-ALLIANCE architecture is formally presented in the Appendix.Since this action selection problem is NP-hard, it is very di�cult to empiricallycompare the performance of the L-ALLIANCE approach to the theoreticallyoptimal result. The optimal solution becomes impractical to calculate directly,even for small values of n and m. However, the optimal result can be directlycalculated for many small problems in which the value of nm is reasonable. Wethus experimentally compared the results of the derived L-ALLIANCE controlstrategy with the optimal solution for those problems in which we could derivethe optimal result. What we discovered, for a total of 496 scenarios in regions1, 2, and 3, is that L-ALLIANCE performs within 20% of the optimal solutionfor these smaller scenarios, which is certainly acceptable. Of course, the keyissue is how seriously the performance of L-ALLIANCE will degrade as the sizeof the problem increases. This is a topic of future research.To validate the results of our empirical studies in simulation, we successfullyimplemented this L-ALLIANCE control strategy in a cooperative box pushingdemonstration on real mobile robots. This demonstration was useful, because ifo�ered a simple and straight-forward illustration of the key characteristics of theL-ALLIANCE architecture: fault tolerant, adaptive, and e�cient control. Thisdemonstration was implemented using a heterogeneous robot team of two R-2robots and a Genghis-II robot. It successfully illustrated how the L-ALLIANCEarchitecture endows robot team members with fault tolerant and e�cient actionselection in the midst of robot failures and team heterogeneity. Space limitationsprohibit a discussion of these results; refer to [21] for more details.6. CONCLUSIONSMost previous work in multi-robot systems has addressed either the needfor fault tolerance in a cooperative system, or the need for e�ciency in multi-robot systems. Very little previous research has addressed a combination ofthese two issues for task-oriented multi-robot control. We have addressed thisproblem by developing a mechanism called L-ALLIANCE that allows teamsof heterogeneous robots to improve their task e�ciency without sacri�cing thedesirable characteristics of fault tolerance and adaptivity. This mechanism isbased upon the ALLIANCE architecture, and was developed through extensivetesting of competing strategies in simulation. We validated our results on a teamof physical robots performing a simple manipulation task. Future research inthis area includes comparing our results to the results of a evolutionary searchapproach, as well as deriving analytical proofs of the theoretical e�ectiveness ofour approximate solution.Acknowledgments 14
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APPENDIX: FORMAL MODEL OF L-ALLIANCEThe formal de�nition of the L-ALLIANCE cooperative robot architecture, in-cluding mechanisms for learning and e�ciency considerations, is providedbelow.Given �, which is the threshold of activity of a behavior set, and strategy, which isthe current impatience/acquiescence update strategy, seven sources of inputa�ect the motivation to perform a particular behavior set. These inputs arede�ned as:Sensory feedback:sensory feedback ij(t) = 8<: 1 if sensory feedback in robot ri at time tindicates that behavior aij is applicable0 otherwiseInter-robot communication:�i = Rate of messages per unit time that robot ri sends concerning itscurrent activitycomm received (i; k; j; t1; t2) = 8>><>>: 1 if robot ri has received message fromrobot rk concerning task hi(aij)in the time span (t1; t2), where t1 < t20 otherwise�i = Maximum time robot ri allows to pass without hearing from aparticular robot before assuming that that robot has ceasedto functionrobots present (i; t) = fkj9j:(comm received (i; k; j; t � �i; t) = 1)gSuppression from active behavior sets:activity suppression ij(t) = 8<: 0 if another behavior set aik is active, k 6= j,on robot ri at time t1 otherwiseLearned robot in
uence:learning impatience ij(t) = 8>>>><>>>>: 0 if( Xx2robots present(i;t)comm received (i; x; j; 0; t))6= 01 otherwise� = Number of trials over which task performance averages and standarddeviations are maintainedtask time i(k; j; t) = (average time over last � trials of rk's performance of( task hi(aij)) + one standard deviation ofthese � attempts, as measured by ri17



task category ij(t) = 8>>>>>>><>>>>>>>: 1 if (task time(i; j; t) =mink2robots present(i;t) task time(k; j; t))and(( Xx2robots present(i;t)comm received (i; x; j; t � �i; t)) = 0)2 otherwiseboredom threshold i = level of boredom at which robot ri ignores thepresence of other robots able to perform sometask not currently being executedboredom rate i = Rate of boredom of robot riboredom i(t) = 8<: 0 for t = 0(Qj activity suppression ij(t))�(boredom i(t� 1) + boredom rate i) otherwiselearned robot in
uence ij(t) = 8<: 0 if (boredom i(t) < boredom threshold i)and (task category ij(t) = 2)1 otherwiseRobot impatience:�ij(k; t) = Time during which robot ri is willing to allow robot rk'scommunication message to a�ect the motivation ofbehavior set aij .= � task time i(k; j; t) if (strategy = III)task time i(i; j; t) if (strategy = II)� slow ij(k; t) = Rate of impatience of robot ri concerning behavior set aijafter discovering robot rk performing the taskcorresponding to this behavior set= ��ij(k;t)min delay = minimum allowed delaymax delay = maximum allowed delayhigh = maxk;jtask time i(k; j; t)low = mink;j task timei(k; j; t)scale factor = max delay�min delayhigh�low� fast ij(t) = Rate of impatience of robot ri concerning behavior set aij in theabsence of other robots performing a similar behavior set= ( �min delay+(task timei (i;j ;t)�low)�scale factor if task categoryij (t) = 2�max delay�(task timei (i;j ;t)�low)�scale factor otherwise18



impatience ij(t) = 8<: mink(� slow ij(k; t)) if (comm received (i; k; j; t � �i; t) = 1) and(comm received (i; k; j; 0; t � �ij(k; t)) = 0)� fast ij(t) otherwiseimpatience resetij (t) = 8>><>>: 0 if 9k:((comm received (i; k; j; t � �t; t) = 1) and(comm received (i; k; j; 0; t � �t) = 0));where �t = time since last communication check1 otherwiseRobot acquiescence: ij(t) = Time robot ri wants to maintain behavior set aij 's activity beforeyielding to another robot.= ( task time i(i; j; t) if (strategy = III)mink2robots present(i;t)task time i(k; j; t) if (strategy = II)�ij(t) = Time robot ri wants to maintain behavior set aij 's activity beforegiving up to try another behavior setacquiescence ij(t) = 8>>>>>>>><>>>>>>>>: 0 if [(behavior set aij of robot ri has been activefor more than  ij(t) time units at time t) and(9x:comm received (i; x; j; t � �i; t) = 1)]or(behavior set aij of robot ri has been activefor more than �ij(t) time units at time t)1 otherwiseMotivation calculation:The motivation of robot ri to perform behavior set aij at time t is calculatedas follows:DURING ACTIVE LEARNING PHASE:random increment  � � (a random number between 0 and 1)mij(0) = 0mij(t) = [mij(t� 1) + random increment ] � sensory feedback ij(t)�activity suppressionij(t)� learning impatience ij(t)The motivation to perform any given task thus increments at some randomrate until it crosses the threshold, unless the task becomes complete (sen-sory feedback), some other behavior set activates �rst (activity suppression),or some other robot has taken on that task (learning impatience).When the robots are working on a \live" mission, their motivations to performtheir tasks increment according to the robots' learned information. Themotivations are thus calculated as follows:19



DURING ADAPTIVE PHASE:mij(0) = 0mij(t) = [mij(t� 1) + impatience ij(t)]� sensory feedback ij(t)�activity suppression ij(t)� impatience reset ij(t)�acquiescence ij(t)� learned robot in
uence ij(t)
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