Evolution of the GPGP/TfiMSDomain-IndependentCoordination Framework1,2CMPSCI 02—03V. Lesser, K. Decker3, T. Wagner4, N. Carver5, A. Garvey6, B. Horling, D. Neiman7, R.Podorozhny, M. Nagendra Prasad8, A. Raja, R. Vincent9, P. Xuan and XQ. ZhangComputer Science DepartmentUniversity of Massachusetts, AmherstJanuary 11, 2002ABSTRACT:The GPGP/TfiMS domain-independent coordination framework for small agent groups was first described almost ten yearsago and then more fully detailed in an ICMAS95 paper. In this paper, we discuss the evolution of this framework over thelast six years motivated by its use in a number of applications, including: information gathering and management,intelligent home automation, coordination of concurrent engineering activities, distributed situation assessment, andhospital scheduling. First, we review the basic architecture of GPGP and then present extensions to the TfiMS domain-independent representation of agent activities. We next describe extensions to GPGP that permit the representation ofsituation-specific coordination strategies and social laws as well as making possible the use of GPGP in large agentorganizations. Additionally, we discuss a more complex view of commitments that takes into account uncertainty incommitments. We then present new coordination mechanisms for use in resource sharing and contracting, and morecomplex coordination mechanisms that use a cooperative search among agents to find appropriate commitments. Weconclude with a discussion of future research directions.

1 This material is based upon work that has been sponsored by the National Science Foundation (under Grant No.IIS-9812755 and Grant No. IIS-9988784) and the Defense Advanced Research Projects Agency (DARPA) and AirForce Research Laboratory, Air Force Materiel Command, USAF (under agreement number F30602-99-2-0525). Theviews and conclusions contained herein are those of the authors and should not be interpreted as necessarilyrepresenting the official policies or endorsements, either expressed or implied, of the Defense Advanced ResearchProjects Agency (DARPA), Air Force Research Laboratory or the U.S. Government. The U.S. Government isauthorized to reproduce and distribute reprints for governmental purposes notwithstanding any copyright annotationthereon.2 This is a significant extension, including additional authors, of a paper with a similar title [38] written in 1998.3 At Computer and Information Science Dept., University of Delaware.4 At Honeywell Research Lab, Minneapolis, Minnesota5 At Computer Science Dept., Southern Illinois University.6 At Computer Science Dept., Truman State University.7 At River Logic, Inc., Beverly, Massachusetts8 At VerticalNet, Palo Alto, California.9 At SRI International, Menlo Park, California

2IntroductionGeneralized Partial Global Planning (GPGP) and its associated TfiMS hierarchical task networkrepresentation [7, 9, 10, 11, 25] were developed as a domain-independent framework forcoordinating the real-time activities of small teams of cooperative agents working to achieve a set ofhigh-level goals. GPGP�s development was influenced by two factors: one was to generalize andmake domain-independent the coordination techniques developed in the Partial Global Planning(PGP) framework [16]10; the other was based on viewing agent coordination in terms ofcoordinating a distributed search of a dynamically evolving goal tree as pictured in Figure 1 [36].Underlying these two influences was a desire to construct a model that could be used to explain andmotivate the reasons for coordination among agents based on a quantitative view oftask/subproblem dependency. As discussed in [11], coordination of behaviors among agentsrequires three things: specification (creating shared goals), planning (subdividing goals intosubgoals/tasks, i.e., creating the substructure of the evolving goal tree) and scheduling (assigningtasks to individual agents or groups of agents, creating shared plans and schedules and allocatingresources). GPGP is primarily concerned with scheduling activities rather than the dynamicspecification and planning of evolving activities (e.g., such as decomposing a high-level goal into aset of subgoals that if successfully achieved will solve the high-level goals)11.The aim of the GPGP coordination framework is to maximize the overall utility accrued by thegroup of agents as a result of successful completion of its high-level goals. These goals can beindependent or held jointly by two or more agents, can be time and resource sensitive, and can be ofdifferent utilities. GPGP deals with high-level coordination issues (scheduling and task selection)involving decisions for each agent about what subtasks12 of which high-level goals it will execute,the level of resources it will expend in their execution, and when they will be executed. Thesedecisions, if not appropriately made, can lead to the group of agents acting incoherently in achievingthe desired set of high-level goals. This incoherence can be characterized by agents wastingresources by: 1) doing redundant, unnecessary or less important subtasks, 2) having nothing to dosince the needed prerequisite information or external resources that are necessary for subtaskexecution are not available in a timely fashion, 3) being overloaded while other agents are under-loaded and, finally, 4) missing deadlines on important tasks. The need for these types of schedulingdecisions occurs when agents are solving subtasks that are interdependent, either through theircontention for scarce resources or through relationships arising among them because they arecontributing to the solution of the same higher-level goal. GPGP is thus most appropriate for softreal-time applications operating in dynamic and resource-bounded environments where there arecomplex interdependencies among activities occurring at different agents.This line of research also assumes soft real-time multi-agent applications are best structured usinggroups of sophisticated agents — where the individual agents are responsible for effectivelybalancing the resources they choose to allocate to multiple, time and resource sensitive activities13.

10 This also involved our understanding that coordination activities could be separated from local agent control if anappropriate bi-directional interface could be established between them.11Though as will be discussed, TfiMS provides a rich language for the representation of agent activities andalternative ways of achieving goals.12 A subtask can potentially represent a significant body of code or a significant set of activities.13In recent work on a distributed sensor network application [26], we exploited such a sophisticated agent architecture[58] to create a virtual agent organization of simple, single-threaded agents. These �virtual� agents were created asneeded and dynamically assigned as goals to a specific sophisticated (�real�) agent based on gross information aboutcurrent resource usage of agents and the type of resources available at each agent. In the hardware implementation ofthis architecture, there was one sophisticated agent for each processor node. The �real� agent then performed detailedplanning/scheduling based on local resource availability and priority of these goals, and multiplexed among thedifferent goals that it was concurrently executing in order to meet soft real-time requirements. The use of

3An alternative approach to this multiplexing among multiple activities in a single agent (andconsequently avoiding the requirement for more sophisticated local agent control) is to use agentsthat have simpler local control architectures that for instance only allow one goal or task to beperformed at any given time. In this latter approach, the underlying operating system handles themultiplexing among the different �simple� agents� activities when these agents are hosted on thesame processor node. Further, the arrival of new tasks/goals requires instantiating the appropriate�simple� agent on a specific processor node to solve the desired task. However, if there are optionsfor not doing goals or doing them in different ways, depending on resource availability, then theformer approach will permit an agent to make the decisions based on an appropriate context, whilein the latter approach the �simple� agents cannot make the decision unless they get detailedfeedback from the underlying operating system about the current set of activities. Even in this caseit may be hard because a �simple� agent does not have the appropriate context to understand howto balance its choice with the choice of other agents. We feel that, for many soft real-time multi-agent applications, a certain class of information is required to reason about how to balanceresources between multiple tasks or goals that vie for limited resources (e.g. time). Decomposingthe problem space completely to �simple� agents does not address the problem or remove theinformation and decision requirements.The type of high-level coordination that we are discussing above is very different from the type oflow-level, local and fine-grained coordination that commonly occurs when a protocol is createdamong agents to synchronize their activities. In frameworks such as COOL [2] and AGENTTALK[32] the emphasis is on the flow of messages and how the dialog between agents is structured.Such frameworks generally combine finite state machines with enhancements, e.g., exceptions, tosupport a flexible and explicit specification of a communication process. In contrast, inGPGP/TfiMS the focus is primarily analytical and domain independent. It is on the˚quantitativeevaluation of the interactions among tasks and the formation of temporal constraints to resolve andto exploit the interactions. GPGP coordination is about exchanging the necessary information forthe agents to analyze their activities and perform distributed optimization problem solving toproduce better results. While˚GPGP does contain protocols that define the exchange of messagesand the flow of the conversation, the emphasis is not on the machinery for specifying the protocolsbut on the information that must be exchanged, and when, in order to create a distributedoptimization process whose performance approximates that of a centralized process. GPGP andwork such as COOL relate in that GPGP could literally make use of COOL or AGENTTALK tostructure the˚flow of information between agents -- GPGP would still be dealing with a higher-levelanalytical optimization problem. Aspects of the optimization problem considered by GPGP includedeadlines and temporal constraints as well as resource interactions. As will be discussed in moredetail later,˚the communication-based joint problem solving performed by GPGP˚also differs fromthe coordination that takes places in most BDI agent systems and frameworks such asTEAMCORE/STEAM [47, 56, 57]14,ARCHON [30]15 and SHARED-PLAN [24],˚in that GPGPis focused on˚optimization — how to concurrently solve multiple, time and resource sensitive goalsof varying worth within existing resource constraints so as to maximize the overall utility accrued.Over the last six years, we have significantly extended the framework based on our experienceapplying it to a number of applications including information gathering and management, intelligenthome automation, distributed situation assessment, coordination of concurrent engineering activities, sophisticated agents has also helped us to construct a resource negotiation protocol that operates on an abstract modelof resources and does not need to resolve all conflicts to be successful [43]. In this case, the agent took on theresponsibility of mapping the abstract resource allocation policy generated by the negotiation protocol into a detailresource allocation schedule and where possible, solved resource allocation conflicts at the abstract level throughlocal shifting and modification of tasks.14 TEAMCORE/STEAM allows for solving concurrent goals as long as there is no resource contention orinterdependencies among the goals, i.e., they are totally independent.15 ARCHON does allow for some very simple scheduling of tasks taking into account their time and worth.

4and hospital scheduling [14, 26, 39, 40, 41, 45, 46]. Most of these extensions have been alreadydiscussed in published papers so the emphasis of this paper is not on providing an in-depthdiscussion of each extension and empirical results that examine the performance of the extension.Rather, our focus is to present a high-level overview of how this body of work fits togetherintellectually and how it has been used to create a framework that solves many of the issuesnecessary for building multi-agent applications that require sophisticated coordination amongagents. We start out by first reviewing the basic concepts behind GPGP and TfiMS, and how theGPGP framework relates to other approaches.Review of Basic ArchitectureThe GPGP approach to coordination assumes an operating environment consisting of cooperativeagents that are pursuing a number of high-level goals with varying worth (importance) and timedeadlines, each of whose achievement requires the (partial) satisfaction of a number of subgoals;these subgoals in turn may have their own time constraints imposed as a result of the timeconstraints on the higher-level goals that they are helping to achieve. This model of agentcomputation leads to a situation where each agent may be trying to achieve a number of subgoals,possibly associated with more than one high-level goal. We are also assuming that these subgoalsmay be achieved with varying levels of quality (satisfaction) which in turn will have an impact on theultimate worth of the higher-level goal. We do not assume that every high-level goal needs to beachieved in order for the collection of agents as a whole to operate effectively16.Underlying Conceptual ModelThe underlying model of computation implicit in the GPGP approach to agent coordination can beconceptually represented as an extended AND/OR goal tree where the leaves of the tree are primitive(non-decomposable) activities. For each goal that the system is solving, there is a tree thatrepresents alternative ways of solving this goal. For example, consider the goal tree for one high-level goal as depicted in Figure 1. In this representation, subgoals are not only related to each otherby the AND/OR relationship among siblings, but also by constraints and other interdependenciesamong the goals. Examples of these constraints and interdependencies include: when the result ofone subgoal is a precondition for another subgoal, when the result of one subgoal if available canimprove the performance of another subgoal (for instance, by providing additional constraints),when two subgoal solutions need to be compatible (obey constraints on their solution) since theycontribute to the solution of the same higher-level goal, when one subgoal produces a resource (or astate in the world) that is needed by another subgoal, and so forth.Acentralized view of the search control problem associated with solving this goal tree involves ateach point choosing which subgoal to work on in order to produce the highest quality result in theavailable time. Now let us look at Figure 2, which is the distribution of this tree between two agents.Note the circles around certain goals and subgoals indicating that both agents are working on thesame parts of the goal tree (jointly-shared goals). The question now arises as to what type ofknowledge about the current state of the problem-solving search in Agent 1 would be helpful toAgent 2 in deciding which order to solve its subgoals, and how the decisions among the two agentsshould be coordinated. For example, should they simultaneously pursue alternative ways ofachieving some subgoal (e.g., G1,2k, 1 and G2k, 2 solving for G1,2k) or should one agent delayexecuting its subgoal until it gets the results of another subgoal being solved by the other agent(e.g., G2k, 2 waiting for the result from G11, 1). This scheduling problem becomes significantly more

16In the initial implementation of GPGP using the DTT Scheduler [19], there was a bias in local decision makingtowards achieving some minimal satisfaction of every high-level goal rather than maximizing the overall worth ofthe high-level goals achieved. In the more recent DTC Scheduler [60], the bias is not present and the scheduler worksto maximize an overall utility function specified by the coordination module or the agent�s domain problem solver.

5complex if the agents are pursuing more than one high-level goal due to the large number ofpossible combinations. The computational complexity increases further when there are deadlinesfor the achievement of goals, there are alternative ways of achieving a goal that trade off the utility ofthe derived solution and the likelihood of successfully achieving a solution against resource usage,or the goals are only partially overlapping among agents. For example, Agent 1 is pursuing asubtask associated with high-level goals 1 and 2, while Agent 2 is pursuing a subtask associatedwith high-level goal 2 and goal 3. We can further complicate this problem by assuming that the goaltree is not a priori decomposed among the agents but is either dynamically assigned as the goal treeis being created (a top-down perspective) or the relationship among subgoals is not known a priori.In this latter case, the relationship among goals (e.g., G10 and G20 are the same goal) needs to bediscovered through agent communication.

DATA/Resourcesdj+1 . . . r

d z d 1 . . . . . r j G0 1G2 . . .Gk-1Gk . . . . . Gn G1,2G1,3Gk,1Gk,2 Gk ,1,1...

,2,2

ANDORANDAND AND Gk,1,4

,2,1

Gk,1,2Gk,1,3Figure 1: Represents an AND/OR goal tree that specifies a set of subgoals that need to be solved inorder to solve the top-level goal. At the bottom of the figure are raw data and resources that areneeded to solve specific subgoals. The figure also represents interdependencies among goals and thefact that one subgoal may contribute to solving more than one higher-level subgoal.

6 Figure 2: Represents the goal tree pictured in Figure 1 distributed between two agents. Thesuperscript on a subgoal indicates which agent is responsible for solving that subgoal. A subgoal thatis being solved either partly or completely by both agents will have two numbers associated with itssuperscript. Those subgoals have ovals around them. Subgoals being solved by only Agent 2 haveboxes around them while those being solved only by Agent 1 have nothing surrounding them.In order to operate effectively in this framework, decisions need to be made about what subgoals anagent will try to achieve, when it will attempt these goals, and how much effort it will spend on eachgoal. In essence, we see these control decisions as the output of an optimization problem which istrying to maximize the utility that the group of agents accrue over some time frame from the(partial) satisfaction of a number of higher-level goals. As will be discussed later, additionalquantitative information beyond what is specified in a classic AND/OR goal tree is necessary forappropriately formulating this optimization problem, e.g., the time it will take to achieve a subgoaland how the achievement of a subgoal (if there are alternative ways of achieving it) contribute to theutility accrued by its higher-level goal. Also needed is additional quantitative information andsequencing constraints that specify a more detailed view of the nature of the interdependenciesamong subgoals, their current degree of satisfaction, whether they are scheduled for execution (i.e.,whether they are part of the agent�s current plan to satisfy the high-level goal), and deadlines ontheir completion.

7Our approach to this optimization problem of necessity needs to be distributed, quantitative andapproximate because of limits and delays imposed by the agent communication medium, theuncertainty associated with agent problem-solving behavior, and the cost of decision making due tothe combinatorics resultant from even a relatively small number of agents in the system and a smallnumber of higher-level goals that are being pursued concurrently. For these reasons, GPGP isdesigned so that each agent optimizes its own local computational activities over optimizationcriteria defined by local considerations but mediated by both short-term and long-term knowledgeof the activities of other agents. This mediation occurs as a result of GPGP imposing additionalconstraints on groups of these local optimization problems. These constraints connect localoptimization problems that are not independent (i.e. agents who have dependencies among theiractivities) and represent a way of locally approximating the more global optimization probleminvolving the group of agents having interdependent activities.There is a strong connection between the GPGP coordination module that is resident at each agentand a local scheduler/control module that is part of each agent�s architecture. The connectionbetween these two is necessary because the generation of suitable constraints must take into accountcharacteristics of the current solution to the local agent optimization problem, e.g., when resourcesare available, when tasks will be performed, etc., but also the implications of change such asperforming an unplanned task at a particular time. In our current work, the agent�s localoptimization expert is the Design-to-Criteria Scheduler (DTC) [60, 62, 66] or another module builton top of DTC [58], all of which are descended from the Design-to-Time (DTT) [19] scheduler17.The scheduler plays a critical role in coordination because the GPGP module may engage in anactive search process to create constraints that are suitable to coordinate the activities of the localagent with other agents. During this search process, GPGP may query the DTC schedulerrepeatedly to explore the implications of constraints, and their associated temporal/resourcebindings, and to obtain feedback from the scheduler about alternative constraints that may be moreappropriate [18]. In our work, the local scheduler module must also be more than a conventionalscheduler (that makes sequencing decisions) since it is required to carry out planning activities liketask selection. In essence, the scheduler must make decisions about which one of a pre-defined(though potentially quite large) set of alternative approaches should be used to satisfy a goal and ifthere are multiple goals to solve, which ones should be solved in order to generate the maximumlocal utility.The GPGP and DTC modules present in each agent thus combine to guide the agent�s activitiesusing knowledge of its own local situation and partial knowledge of the activities being carried outby other agents. Each agent�s local GPGP module also coordinates or negotiates with the GPGPmodules of other agents to generate constraints on local control that will lead to more coherentagent activities. The resulting local control decisions made by GPGP and DTC are onlyapproximately correct because of the limits on communication and processing resources. First,complete and up-to-date knowledge of all agent activities is not used due to the cost of obtainingand processing the information. Second, not all GPGP modules are involved in the decisionprocess; only those having goals that are directly related to the goals of the agent making the localdecision are18. Third, the GPGP modules do not engage in a complete/exhaustive negotiation(search) process that is guaranteed to find the constraints to place on local agent control that lead to

17 In the work on the DECAF agent architecture [20, 21, 23] that uses a variant of TfiMS, a simpler scheduler thanDTC, called DRU, was used [22].18 In the current implementation, even if the GPGP module is aware that there are multiple relationships amonggoals of different agents that need to be taken into account, it will treat them independently rather than as a unifiedgroup of relationships. There is current work on trying to take into account these other relationships [74].Additionally, GPGP currently operates mainly on relationships that only span two agents except for one mechanism(avoiding redundant activity) that can handle the situation where two or more agents are planning to do the sameactivity. Again, the fact that existing GPGP mechanisms mainly operate in the context of two agents is not inherentin the approach but was initially done to simplify the protocols among GPGP modules.

8the most coherent behavior. Finally, because of combinatorics, the local scheduler module is notguaranteed to generate optimal schedules [60, 62, 66].Additionally, it is important to emphasize that the GPGP approach to coordination is an incrementaland evolving one. This also leads to an approximation of an optimal agent coordination policy sincethe choice GPGP makes about how to coordinate at one instant does not fully reflect possiblechanges in the coordination scenario as the result of the execution of scheduled activities nor thearrival of new goals/tasks. It is incremental and evolving, since as the execution of activities resultsin behaviors that do not fall into expected ranges, there are new tasks/goals that an agent encounters,or there is new or revised information that the agent receives about the state of other agents�activities, the agent will need to re-evaluate its current plans and schedules19. This re-evaluation mayin turn cause the agent to revise its coordination strategy that may then cause other agents to revisetheir plans, schedules and coordination strategies.This incremental and evolving approach to coordination is in contrast to a distributed MDP optimalpolicy where all contingencies based on the execution behavior of activities in agents are pre-analyzed and factored into the design of an optimal coordination policy [4, 71, 72]. We do not feelthis type of complete pre-planning for every execution contingency is feasible in environmentswhere there are a very large number of possible scenarios over some finite horizon involving howgoals are distributed among the agents and when goals become active and need to be completed. Insuch environments, we do not think it is feasible in soft real-time to do the computation necessary togenerate an optimal coordination policy so that when a new or revised coordination scenariopresents itself a policy can be generated sufficiently quickly to be useful [3]. Further, off-linegeneration of policies for all scenarios also seems infeasible because of the large number ofscenarios20. However, we are not saying that some level of contingency analysis is not worthwhile[48, 70, 77], and in the future section on Uncertainty and Dynamics of Commitments we willdiscuss how this analysis can be used to construct better coordination strategies. Further, inenvironments where there is more regularity in distribution and arrival rate of goals, which alsoimplies more structure to the transitions among scenarios, a more pre-planned, contingency-basedapproach may be appropriate.In essence, there is a spectrum of approaches to coordination that represent different trade-offs(optimality of coordination, computational costs, communication costs, delays, etc.) based on wherethey lie in a multi-dimensional space. The dimensions of this space include for example: 1) theamount, detail and accuracy of information used about the current and future set of activities for thelocal agent and other agents; 2) the time horizon for which a strategy is appropriate; 3) thecontingencies that are analyzed and the ones that are pre-planned for; and 4) the optimality of thecoordination strategy. From this perspective, GPGP makes the following choices: it only acquiresinformation about other agents based on the existence of potential interdependencies among goalsthat are deemed important in the current situation; it limits the time horizon and analysis to the

19Over the years, we have explored a number of techniques for reducing the frequency of complete re-planning, re-scheduling, and re-coordination. The ability to reduce the need for re-coordination is also strongly related to theability of local agent control to find alternative schedules for its activities, in the event of performance deviation,without breaking existing commitments. These techniques have included adding slack time into schedules, local re-ordering of scheduled activities based on existing constraints and commitments, incremental planning and schedulingas new task arrives, replacement of scheduled activities with semantically equivalent activities that use less resourcesbut have poorer performance [17, 58, 76].20 In this discussion, we have not discussed the possibility of generating non-optimal distributed MDP policies on-line quickly (which, though approximate are very good policies), or trying to dynamically adapt a smaller set ofoptimal policies for a selected set of scenarios to work non-optimally for a scenario in the larger set of possiblescenarios. These are definitely possible approaches that may turn out to be very useful to have in a toolkit ofapproaches to coordination.

9known current goals21; it does some level of analysis of contingencies in choosing local schedulesand commitments but does not pre-generate alternative local schedules to handle specificcontingencies, and as describe above, it makes a variety of decisions that limit computational andcommunication costs to the detriment of the optimality of coordination. As always, there is no onebest approach to coordination; the appropriateness of a specific approach to coordination dependson factors such as the size, regularity and dynamics of the coordination scenario space, the type anddegree of inter-dependencies among agent goal and activities, the worth structure of different goals,and the uncertainty in agent behavior, etc.To summarize, GPGP approximates the solution to the global optimization problem of choosingand sequencing activities of a group of agents that generate the highest combined utility by breakingthe problem down into a set of asynchronous and evolving local optimization problems, one peragent, where part of the optimization problem is solved by GPGP and part by the DTC scheduler.Each of these local optimization problems involve choosing and sequencing local agent activities;these local optimization problems are in turn modified to reflect the dynamically evolvinginteractions of activities in different agents with these local activities. This modification occursthrough the addition of constraints22 on local agent activities (commitments to other agents) andexpectation of the results of non-local agent activities (commitments by other agents). Thesemodifications occur through a limited sharing of information and search by a small group ofagents.Implementation of Underlying Conceptual ModelGPGP starts by each agent (i.e., the domain problem-solving component of the agent) constructingits own local view of the activities (goals and their associated task structures) that it intends topursue in the short-to-medium-term time frame, and the relationships among these activities. TheTfiMS representation, an enriched representation of a goal tree that includes quantitativeinformation and temporal sequencing constraints plus more dynamic information on the state ofsubgoal scheduling execution, is the shared representation that is used by the problem-solving,coordination and scheduling components to communicate among themselves. This view of localagent activities may be augmented by information both static and dynamic about the activities ofother agents and the relationship between these activities and those of the local agent; thus, the viewevolves from a local view to one that is not entirely local (i.e., partially global). Individualcoordination mechanisms that are part of GPGP help to construct these partial views, and torecognize and respond to particular inter-agent task structure relationships by making commitmentsto other agents. These commitments result in more coherent, coordinated behavior by affecting thetasks an agent will execute, when they will be executed, and where their results will be transmitted.Integral to GPGP is a domain-independent scheduler that, based on commitments, agents� goals,the local and non-local values of tasks, and other agent activity constraints, creates an end-to-endschedule of activities for the agent to perform23 that meets real-time deadlines and addresses costand resource constraints and preferences. In this way, GPGP coordinates the activity of agentsthrough modulating their local control as a result of placing constraints and commitments on thelocal scheduler. No one coordination strategy is appropriate for all task environments, but by

21 As implemented in [64], a simple model of future task arrival could be easily incorporated into GPGP through anopportunity cost model.22These constraints consist of both simple constraints on the temporal ordering of activities, such as the earliest timethat an activity can start, the latest time it can finish, and a time interval at which the activity cannot occur and morecomplex constraints such as guaranteeing that an activity (or related group of activities) is completed with a certainquality by a specified time.23Schedules, as previously discussed, are revised or replaced as new information arrives or the problem solvingcontext changes. This end-to-end view is necessary in order to meet overall real-time and resource constraints. This isin contrast to the myopic view employed in [28].

10selecting from a set of possible coordination mechanisms (each of which may be furtherparameterized), we can create a wide set of different coordination responses that provide a range oftrade-offs between the overhead of coordination and the optimality of coordination.To reiterate, the central representation that drives all of the GPGP coordination mechanisms is thatof the local (and non-local) task structures as specified in TfiMS. Several important pieces of staticinformation are captured in a TfiMS representation of agent activities. Figure 11 (see page 25)illustrates pictorially some of these items, which include: (a) the top-level goals/objectives/abstract-tasks that an agent intends to achieve including the deadline for their completion and the earliesttime they can begin being executed, (b) one or more of the possible ways that they could beachieved, expressed as an abstraction hierarchy whose leaves are basic action instantiations, calledmethods, (c) a precise, quantitative definition of the degree of achievement in terms of measurablecharacteristics, such as solution quality and time, called quality-accumulation-functions (qaf�s), (d)task relationships that indicate how basic actions or abstract task achievement affect taskcharacteristics (e.g., quality and time) elsewhere in the task structure, and (e) the resourceconsumption characteristics of tasks and how a lack of resources affects them24. The existence ofinterdependencies among subtasks situated in different agents as specified by qaf�s, taskrelationships and resource consumption characteristics are the triggers that are used by GPGP toestablish coordination of activities among agents. It is also important to emphasize that the TfiMSrepresentation is not intended to capture the detailed problem-solving state of an activity. The onlystate information easily representable is the level of resources used and the amount of quality so farachieved25,and it is the responsibility of the domain problem solver to update this information asmethods complete execution. This choice of representation is quite unique and powerful. Unlikemany systems, it deals with worth-oriented [52] environments where a goal is not black and white,but rather has a degree of achievement associated with it. We also allow many task structures to beactive at once, representing several objectives all of which must be achieved to some degree.Additionally, the agent’s task structure view may change over time due to uncertainty or adynamically changing environment26.Qaf�s are generalizations of logical constraints among tasks and their subtasks such as and and orto quantitative functions such as min and max, respectively. The idea is to provide a repertory ofsuch qaf�s that can be used to approximate how the relative success in achieving a low-levelproblem-solving activity will eventually affect higher-level activities of which they are a part. In asimilar way, task relationships represent a quantified view of temporal constraints among activities27as a result of information sharing relationships. Hard relationships (e.g., enables) denote when theresult from one problem-solving activity is required to perform another28,or when performing one

24 Though resource consumption characterizations were part of the specification of TfiMS as defined in [11] theywere not used as a basis of coordination in the original GPGP.25 As will be discussed later, TfiMS has been extended to include outcomes on methods. In this way, a limited andlocal representation of domain state can be represented. Additionally, pseudo resources can be created to add in somecapability for representing a more global domain state.26An agent�s problem-solving component is expected to modify the task structure to reflect its revised view of itsexpected domain problem solving activities.27 Task relationships as specified currently in TfiMS only involve relationships between two tasks. There is noreason that more complex relationships irreducibly involving more than two tasks could not be created but we havenot yet found a compelling need for such relationships in effectively modeling subtask interdependencies for theapplications we have so far studied. It should be noted however that qaf�s represent relationships among an arbitrarynumber of subtasks.28 The enables relationship between tasks at different agents indicates that a result needs to be transferred, after theenabling task is completed, to the enabled task at the other agent before it can execute. There are other types ofsemantics that could be associated with the type of precedence relationship represented by enables. For instance inSTEAM [47, 56, 57], there is a role dependency relationship between tasks that does not imply information transfer.

11activity precludes the performance of another (e.g., disables). Soft relationships, such as facilitates (orhinders), express the notion that the results of one activity may be beneficial (or harmful) to anotheractivity, but that the results are not required in order to perform the activity. The quantified view ofthese relationships indicate how the quality of the information generated by an activity will affect theperformance characteristics of the activity using this information, such as the length of its executionand the quality of its resulting solution. The quantified aspects of these relationships areparameterized so that the user has some flexibility in specification. Resource consumptioncharacteristics are specified in much the same way as task relationships, except that relationship isbetween a resource and a task rather than a task and a task. We have used the produce and consumerelationships from task to resource to specify the amount of a resource used and produced,respectively, as a result of task execution; the limits relationship from resource to task has been usedto represent how the lack of the required resources will affect the performance characteristics of thetask such as delaying task execution or increasing the amount of time for the task to execute. Theset of task and resource relationships that we have chosen is again an attempt to construct anappropriate repertory of such relationships that will allow the faithful modeling of domain problem-solving activities.By restricting the set of qaf�s, task relationships and resource consumption characterizations to bepredefined rather than user defined, it permits more computationally efficient analysis of the TfiMSstructure by the DTC scheduler and GPGP but at the cost of less faithful approximation by TfiMSof domain problem-solving activity. This efficiency is important since one of the main analysesdone repeatedly on the TfiMS task structure is making predictions on how the choice of particularpaths through the task structure will affect the expected quality and duration of the overall task. Tore-emphasize, TfiMS takes both a very abstracted view of the state of domain problem solving anda very local view of how intermediate activities affect the state of domain problem solving asreflected in the definition of qaf�s and task relationships. The key issue is whether this veryabstracted and approximate view of domain activities is sufficient to make effective coordinationdecisions among agents. We will delay a more detailed discussion on TfiMS until the section onextensions to TfiMS.In terms of BDI-style architectures [51], an agent selects from among its desires an intended setwhich are then �planned� for, and whose component actions are then �scheduled� for execution.In this paper, we view �planning� as the process of elucidating a task structure with a manageablenumber of possibilities, and �scheduling� as the process of selecting specific intended actions andlocating them in time. In fact, planning, scheduling, and action execution can be viewed asincreasingly specific and less revocable intentions to more and more precise action specifications.As stated earlier, GPGP, despite the name, has so far focused primarily on coordinating thescheduling process29.The GPGP approach uses this basic TfiMS task structure representation, and adds two importantextensions: partial representations of the task structures at other agents, and local and non-local

Rather, it indicates that one task has created a state of the world that is necessary for the execution of the other task.A transfer of a message from one agent to the other can indicate the existence of this state of the world or it can justbe observed by the dependent task. We can easily model this type of �role dependency� relationship in ourframework, either though the use of a new relationship that is similar to enables but without the informationtransfer, or with the use of the producer/consumer relationship on a pseudo resource which represents the state of theworld that is desired. In fact in [11, pp. 54—58], a more complete list of relationships (facilitates, hinders, precedence,causes, shares-results, cancels, favors) are specified, many of them oriented toward modeling interrelationshipsamong non-computational activities such as �causes� where the result of completing one activity results in thecompletion of another activity.29The name GPGP derives from Durfee’s Partial Global Planning [16], which by today’s definition of AI planningalso focuses on the scheduling end of the planning-scheduling spectrum.

12commitments to task achievement. Each GPGP coordination mechanism is specified with respect tofeatures in these dynamically changing task structures, and so provides flexible coordinatedresponses across different problem domains. The quantitative, worth-oriented approach has severalbenefits when compared to symbolic, preplanned, domain-specific approaches [29]. In particular,GPGP is not domain-specific, but rather task-structure-characteristic-specific. The same taskrelationships may appear across many different domains, and the same coordination mechanismscan be used30. Efficient and effective coordination must account for the benefits and the costs ofcoordination in the current situation. The current situation includes the goals that the agent iscurrently pursuing, the goals it will likely pursue in the near term, the characteristics of the abstracttasks and basic actions available to achieve these goals, their relationships to other tasks (possibly atother agents), and the degree of achievement necessary for each goal. Purely symbolic reasoningabout costs and benefits can be extremely complex, particularly in large systems and openenvironments. Thus, the ability to reason quantitatively about the benefits and costs of coordinationseems essential for effective system operation where there is a large set of situations that need to bereasoned about [37].31Connections to Joint —Intention ModelThe initial set of mechanisms for GPGP was derived from Durfee’s work on PGP [16] in theDistributed Vehicle Monitoring Testbed (DVMT). These five mechanisms were: (1) communicatenon-local views; (2) communicate appropriate results; (3) avoid redundancy; and (4,5) handle hardand soft coordination relationships that extend between tasks at two agents [10, 11]. These fivebasic mechanisms formed a domain-independent set for basic agent teamwork. As such, it isinteresting to compare them to Tambe’s work on flexible teamwork, implemented in the STEAMand TEAMCORE frameworks [47, 56, 57], that is in turn based on Cohen & Levesque’s work onjoint-intentions32 [42]. In particular, the five initial GPGP mechanisms do not separate theenvironment-centered coordination actions from actions oriented toward teamwork itself. In otherwords, in general, GPGP does not communicate solely to maintain some explicit model ofteamwork. However, a striking example of the relationship of GPGP to the Cohen and Levesqueteamwork model is their prediction that team members should communicate when they believe thatthe object of a joint persistent goal has been achieved, found to be unachievable, or irrelevant. TheGPGP �communicate results� mechanism contains a clause to communicate a �final result�(degrees of achievement) for every task group (implicit joint persistent goal) indicating that theagent believes no further actions can be done for that task group. Interestingly, this is one of thesmall generalizations that were added when creating the general GPGP mechanisms from theoriginal DVMT PGP heuristics.GPGP currently only represents joint intentions implicitly. There are no explicit mechanisms toguarantee agents have mutual intentions to achieve their parts of the jointly shared goal. GPGPgenerates commitments to accomplish subtasks of a jointly shared goal though these detailedcommitments are not in response to a more encompassing commitment, explicitly held by eachagent, to achieve the jointly shared goal. There is no guarantee that an agent will solve its part of a

30The question of which mechanism to use when more than one is possible is a question aboutorganizational/societal norms.31In fact, there are two primary classes of reasoning embodied in the GPGP/scheduler pair. The first class pertains tothe reasoning required to form and propose commitments with the other agents, the second class pertains tounderstanding how the choice of actions is affected by commitments and when/if commitments may realistically besatisfied. In our current work [63], we are further separating these two different types of activities so thatcommitments may be specified by components other than the GPGP coordination module.32 STEAM/TEAMCORE framework extends the original joint-intentions model in some important practical wayssuch as providing mechanism/reasoning so that agents� can 1) switch roles if one of their teammates fails infulfilling its role, and 2) selectivity choose whether to follow the prescriptions of the joint-intention model based ona decision theoretic analysis of the costs of communication in the current situation.

13jointly shared goal though it knows of its existence. In fact from a social utility perspective, an agentmay choose to solve other goals/tasks that it knows of rather than its part of a jointly shared goal.However, what is of concern is if the following situation occurs: an agent solves its part of a jointlyshared goal while an other agent chooses not to solve a critical part of the jointly shared goal, thusmaking the other agent�s effort worthless. Additionally, there are limited mechanisms in the initialGPGP to coordinate about which alternative ways agents should achieve their local subtasks of thejointly shared goal that would be maximally beneficial to them in the context of the other tasks theyare doing. This latter problem entails a complex distributed search due to the complex qafrelationships possible among distributed subtasks. We have only recently begun to solve thisproblem in restricted cases as will be described in the section on more complex coordinationmechanisms. Of the original five initial mechanisms only the redundancy mechanism is triggeredby the existence of a qaf�s relationship (i.e., max) among sibling subtasks located in differentagents, and it uses a very simple heuristic not involving distributed search for making a decision33.Neither the lack of explicit mechanisms to generate a joint intention nor the lack of mechanism tohandle qaf�s such as min (and) turned out to be a serious problem in the experiments [10, 11] thatwe have conducted. Problems did not often occur because: 1) subtasks in a jointly shared goal wereoften connected through interrelationships so that failing to schedule a subtask in one agent wouldlead another agent to not schedule its related subtask�this resulted in implicitly deciding to notsolve the shared joint goal34; and 2) the scheduling heuristic used by the local scheduler (DTT [19])was to first guarantee, if possible, that all local task structures achieved some minimum level ofutility before attempting to maximize the overall utility achieved by all local tasks. Based on thesereasons, the GPGP mechanisms operated correctly in most cases by either explicitly generatingcommitments to solve a subtask of the jointly shared goal (or not solve it) due to aninterrelationship between a subtask of the shared goal held by another agent or scheduling thesesubtasks due to local utility concerns. We now feel that with a few additional messages beingtransmitted among agents35,GPGP could be made to work in all cases within our existingmechanisms; these messages would guarantee that when an agent made a decision not to scheduleactivities to generate utility for their part of a shared goal other agents having parts of the sharedgoal would be notified. In essence, we are saying that the joint—intentions model is compatible andintegratable with our quantitative view of coordination and the issue of implicit versus explicitrepresentation of jointly shared goals becomes moot as we add additional attributes to the TfiMStask structure representation necessary to support the reasoning associated with these additionalmessages being exchanged among agents.

33 We have also explored more complex heuristics involving load balancing [11, pg 163-164].34 When non-local tasks were connected to local tasks as a result of task relationships such as enables, this wouldtrigger a coordination mechanism to be invoked. If successful, it would result in a commitment that would guaranteethat the result needed by the local task would be generated in a timely way. If a commitment could not be achievedsuccessfully, then either an alternative way of solving the local task that did not need the non-enabled task wasfound, or the local task would not be scheduled for execution. This knowledge of the resultant local schedulingdecision would be transmitted to the other agent so it could update the expected utility to be produced by doing itslocal task as part of the larger task. If this utility were zero, the other agent would not schedule tasks associated withits part of the shared goal. However, this local utility as contained in a non-local commitment at a remote agent wasnot always changed when it changed at the local agent because too much communication was needed.35 We already send messages alerting agents of failed commitments. What we don�t handle correctly in all situationsis a case where the lack of successful generation of a commitment may still allow agents to find another way tosolve their part of the joint goal, nor the case where there are no task interrelationships among the task structuresthat make up the shared goal and there is only a qaf relationship that defines the connection among activities.However, it should be mentioned that none of these issues arise when one agent contracts with another agent to dopart of a higher-level goal, i.e., top-down coordination. All the problematic situations described above occur whenagents need to recognize that their local activity is part of a higher-level goal to which other agents are alsocontributing, i.e., bottom-up coordination. In this case, the execution of their local activity does not make any senseunless other agents are committed to executing their local activity, which is part of the jointly shared goal.

14Additionally, Tambe�s STEAM/TEAMCORE work points to a need to more carefully definecoordination mechanisms to separate bottom-up, environment-centered coordination activities fromtop-down, organizationally-prescribed teamwork coordination activities � an exciting area of futurework. On the other hand, the success of using GPGP environment-centered mechanisms in multipleenvironments demonstrates that there are indeed general mechanisms for solving domain-levelcoordination problems in different environments, because the task relationships in thoseenvironments can be characterized in a general way. While STEAM’s teamwork rules are general, itstill requires the addition of new, different, domain-specific coordination rules for each domain.Another difference is that TfiMS and GPGP deal in worth-oriented environments, thus goals areachieved to varying degrees, rather than black and white �achieved or not achieved.�36A Detailed GPGP ExampleTo illustrate how GPGP operates, consider the task structure shown in Figure 3. The task structurerepresents a global view of all of the activities being carried out by three cooperative agents, A, B,and C, and the interactions between these activities. In this example, the agents are fully cooperativeand working to achieve common objectives so the utility produced by one agent has equal value toanother agent.37 In this structure, task A1 facilitates task C1 and task A2 facilitates task B1 — inother words, agent A�s tasks interact with tasks being carried out by each of the other agents. Giventhis global view, control problem solving, while exponential, is straightforward. However, in GPGPwe do not assume that a global view exists or that it is even composable. In large-scale multi-agentsystems, particularly those embedded in dynamic environments, construction of the view isgenerally not possible and the combinatorics of centralized problem solving make the centralizedapproach intractable.

In GPGP, initially, each agent has a view of only its own local problem-solving activities.Figure 4Aagent Ainitial view,Figure Binitial view,and Figure Cinitialview. In this example, the agents are autonomous and operating their own local task structures.the activities require input from any other agent and the potential relationshipsbetween their activities are not known Each also have quality, cost, andduration characteristics, well potential local constraints deadlines and earliest starttimes. In this example, we will assume that the agents are fully cooperative (attempting to maximize

there are quantitative thresholds are used indicate whether was successfullyachieved, reached However, there reasoning knowledge indynamically threshold current conditions and generate different plansthat will likely achieve different thresholds.agentswords, cooperative utilitiesproduced by the individual represented super over theindividual example we have omitted clarify different world held thedifferent agents.

overall utility) and that the tasks have the following durations and deadlines: A1a duration 6,A2 a duration of 5, B1 a duration of 5 and a deadline of 10, C1 a duration of 4 and a deadline We will assume that the other tasks are unconstrained and ignore their characteristics, to clarify theexample.

View

Each agent constructs a local schedule based its local view. This generally done theDesign-to-Criteria agent scheduler analyzes the task structure, itsconstraints, and evaluates the different trade-offs of different possible courses action and customtailors a schedule for the agent. Given that the initial views are only their local problem-solving activities and their local constraints, the initial schedules the agents are shown in Figure5. Note that time 10, which is the deadline for tasks B1 and C1, is identified in all of the schedules.

If agent A encounters agent B during the course of problem solving, the agents may then engage ina dialogue during which they compare their activities, portions thereof, and look interactionsbetween the activities. the mechanism to exchange and compare task structures called exchange-non-local-views. It is during this dialogue that the facilitation relationship betweenagent A�s task A2 and agent Btask B1discovered. To the example, if the agents wereinformation-gathering agents, the facilitation might model agent Aproviding a to agent Bsothat agent Bnot need to search said After the exchange, agent Aand agent Bhaveviews each activities shown in Figure Note that if the agents have larger taskstructures, it is unlikely that the agents will exchange entire task structures AB After Aand Bdetect the facilitation relationship they can then compute that performing A2beforeB1, and sending agent Bthe result from agent A, will improve the overall utility their problemsolving. Thus, to improve problem solving the agents deploy the handle-soft-interactionsmechanism and agent Areschedules, DTC, and agent Ba commitment to produce result for A2 by time 5 so that agent B can execute task B1between time and and still meet itsdeadline. Agent B then reschedules, again DTC, to take advantage this result. Theirrespective schedules after the commitment is formed are shown in Figure 7.

ABThe example far illustrates a single exchange, discovery, and commitment formation betweentwo cooperative agents. However, was designed to operate in an open environment wherethis type activity occurs frequently agents discover one another and the environmentchanges the being performed the change. Control in this context a difficultproblem because little remains static the goal in to perform control from a satisficingperspective and to respond to these dynamics of the environment.Returning to the example, let us now assume that agent C encounters agent A. As with the exchangebetween Aand B, agents Aand will now exchange their local views. Agent Arevised view shown in Figure 8 and agent C�s in Figure 9. Note that agent not have a view agent B�sactivities — only agent A now has a full view of the activities happening at the other agents.

A’sCsLet us assume that when task C1 is facilitated by A1 it will produce greater utility than B1when it facilitated A2. Note that because the time deadline held both and B1agent Aunable to facilitate both this case, agent Amust break its commitment with agent B, andthen reschedule in cooperation with agent C to form a new commitment to provide the result taskA1 to agent C by time five so that agent can perform The act decommitting from agent may involve a penalty depending how the decommitment structured. the original GPGP work, decommitment penalties were not The revised schedules the agents are shown inFigure 10.

ABThis example the basic style coordination in the original formulation whichinvolves an incremental, dynamically evolving It also indicates the close interplaybetween the local scheduler and coordination mechanisms.its original conceptualization, TfiMS was a hierarchical task representation language thatfeatured the ability to alternative ways performing tasks, characterization methodsaccording to expected quality and expected duration, and the representation interactions betweenAs a result it in a number applications, TfiMS evolved considerably in itsrepresentational power and in the scope of applications that can be appropriately represented.Addition of Discrete DistributionsAs TfiMS has evolved, we have moved beyond simple quality/time trade-off reasoning to a multi-dimensional satisficing methodology [60]. Methods are longer simply characterized in terms expected quality and duration values but are characterized statistically via discrete probabilitydistributions in three dimensions: quality, cost, and duration; and the work extensible to multipleother dimensions well. The switch from expected values to discrete distributions enablesreasoning about the certainty particular action, perhaps performing contingencyanalysis [50, 77], well the quality/cost/time trade-offs. This more complete view crucial inhighly constrained situations (e.g., where deadlines are present). example, in meeting animportant commitment, it may be preferable to choose a highly certain course of action that has onlymoderate overall quality to ensure that results are available by the deadline, rather than a certainsolution path, even though it may have the possibility a very high-quality payoff. Theenhancement multiple attribute dimensions, including uncertainty, also important because therepresentation enables the multi-agent system designer to better characterize the desired systemperformance [60, 62]. This new performance characterization takes into account both hard and constraints on quality, cost and duration of the schedule intended to meet a high-level goalor commitment. Additionally, the amount of uncertainty that is tolerable in meeting these constraintscan be specified [61].Additional Quality Accumulation FunctionsTfiMS, toward the problem-solving objective expressed and tabulated in terms quality. Tasks accumulate quality from their according toquality accumulation functions(qafs). Originally, qafs defined only which combinations of could be performed to achievethe parent task and how the subtask qualities are tabulated at the parent task. For example, the sum()qaf denotes that the power set the child tasks, minus the empty set, can be performed to achievethe parent task and that the parent task’s quality is the the children’s qualities. the current

decommitment were used, alternative, qualitative was used makedecisions could decommitted and circumstances. wheninitially constructed was marked with different �levels of negotiability� which reflected its relative importance.

TfiMS, qafs may also define orderingsall, we have developed a suite nine different qafstorepresent the needs of different application domains.q_minMinimum single quality of all subtasks.q_maxMaximum single quality of all subtasks.Total aggregate quality of all subtasks.As with q_sum, except all subtasks must be completed.q_seq_minAs with q_min, except all subtasks must be completed in order.As with q_max, except all subtasks must be completed in order.q_seq_sumAs with q_sum, except all subtasks must be completed in order.Quality of single subtask. Only one subtask may be performed.q_sigmoidSimilar to except there a parameterized sigmoidfunction that defines how quality accumulatesAnother important enhancement the representation different possible outcomes primitiveactivities. For example, an action may produce a result type Atype B, it may fail entirely.With the outcome enhancement, clients can represent cases where a result type Abeneficial tosome other method, method A; type Bbeneficial to yet another method, method B; and thefailure outcome enables a recovery action. While outcomes have always been included conceptuallyin TfiMS, either via entries in a method’s quality, cost, and duration distributions via contribution to the expected values in the early versions TfiMS, this new explicit outcomerepresentation enables the expression task interactions that are based particular outcomesThe new outcomes feature also allows the representation different outcomes that have differentstatistical characteristics, i.e., different discrete probability distributions quality, cost, andduration.

addition qafs ordering q_seq_sum provoked Oneargument appropriate relationshipsaddition ordering qafs. However, we eventual came down the side of ease of representation that occurs when in certain situations the s contain such information. However, we have not developed the equivalent of qafs that are able specify method levelshould propagated higher-level reason very domain-dependent and amenable can solved code domain problemhigher-level associated specific higher-level can berepresented modifying structure each higher-level requires willmethod are for brother higher-level task.appropriate code inthe domain problem solver that computes the desired outcome to associated Unfortunately, thisdoes there way for scheduler reason likelihood ofdifferent higher-level tasks� outcomes given a specific plan achieve higher-level alternative approachare signaledchild (and child parent task does not need to be signaled by the same, or even a unique, child.

Figure an example information-gathering TfiMS task structure, from the BIGinformation-gathering agent that contains some these new extensions to TfiMS. The top-level task is to recommend a high-end PC system. It two one that pertains to findinginformation about various products and constructing models the products, and one makingthe decision about which product to purchase. The two tasks are governed by a seq_last() qaf, whichindicates that the must be performed in order and that the quality the top-level task determined by the quality returned by the last subtask executed, i.e., the decision task. Thismodels the fact that the decision described here takes into consideration the quality,coverage, and certainty of the information used to make the decision and reflects these attributes inthe quality of its final decision. The task that handles finding, extracting, and building informationobjects Build-Product-Objectsdecomposable into finding basic product informationand gathering reviews. The qafdenotes that both these must be performedand that the quality Build-Product-Objectsa the qualities produced the subtasks.Build-Objects has a set of different outcomes that indicate the number objects produced duringthe information-gathering phase. Note the dotted edges leading from Build-Objectsto Make-Decision. These denote task interactions also called non-local-effectsnlesThe nlespictureddenote facilitation and hindering effects to model the notion that the decision quality improved more objects but that more objects also increases the time required to make thedecision. Get-Basic-Product-Information has children governed a sum()qaf, which meansthat the power-set the children (minus the empty set) may be performed and that the quality Get-Basic is the sum of the qualities of its children. Note that the child have different quality,cost, and duration characteristics�essentially, there are 24different alternative ways to performGet-Basicand the agent will determine which approach to employ based the current problem-solving context. example, if time limited, it may only get information from one fast site opposed to a set of sites.

The actual information-gathering task structure does not incorporate outcomes at the example conceptual abstraction of the actual class of task structures produced by the information-gathering agent�s planner and

Representation of Non-Computational ResourcesThe explicit representation non-computational resources, network bandwidth, databases,and physical resources like printers, another important TfiMS enhancement. To this, werepresent each resource explicitly in the existing task structure. As with task—task relations, task—resource relation indicates how the execution a task affects the state the resource, andhow the state of the resource affects the characteristics (quality, cost, duration) of the to whichit is related. A monetary resource is shown in Figure with appropriate consumption and limitingresource relationships. Iteration and repetitive are still more enhancements recently added toTfiMS but not yet fully implemented.Virtual TasksFigure the same information-gathering task structure it might be decomposed andassigned to several agents. Obviously, many decompositions are possible; the decompositionin Figure according to the approach to agent specialization in multi-agentinformation-gathering The Agentresponsible producing the result butInformation Agentsare the retrieval and processing experts. The interrelationships between thedifferent task structures denote GPGP coordination points. The task structure in Figure actuallycontains several different types of coordination-centric interactions. The inability the Agentto carry out the information-gathering actions means it must contract those duties out to thespecialists this handled new mechanisms virtual tasking contracting(discussed later). The enables nle between the two information agents requires the use the originalcoordinate-hard-task-interaction mechanism. The monetary resource interaction requiresresource centric coordination like that in the recent hospital patient scheduling and theintelligent home automation [39, 40] applications.

The task structures shown in Figure provide a small-scale example TfiMS and interaction-motivated can easily imagine a pool information-gathering and decision-makingagents cooperating to equip an office. Interactions would exist between information-gatheringactivities at multiple levels of abstraction. example, two agents computer might share free-format text reviews the structured data produced abstraction. Interactions would also exist over shared resources and to data-assimilation and data-driven decisionmaking.TfiMS as an Abstract Model of Problem SolvingThere are two views of how TfiMS is related to agent problem solving. One views TfiMS as a wayto represent agent problem-solving activities, that is, agents would literally TfiMS internally.The other view TfiMS an abstract model agent problem-solving activitiesIt this latterview that typical current in real applications: a domain problem solver its owninternal representation for problem solving and this representation abstracted into a TfiMS taskstructure this way TfiMS/GPGP, we are arguing that mostcoordination needs an appropriately abstracted view activities sufficient effective agentcoordination. This perspective motivates the continuous evolution TfiMS. The addition newfeatures and new representations to TfiMS caused the constant tension amongrepresentational power of TfiMS to accurately model an agent�s problem solving activities, the easebeing able to map these activities into TfiMS, and the ability to reason without significantcomputational cost about these activities. There is a trade-off between representing large amounts problem-solving possibilities, and contingencies, and maintaining a somewhat unwieldy modelingframework. For example, if the problem solver enumerates all possible problem-solving actions every step in the problem-solving process, and all possible actions caused carrying out the firstset of actions, and all possible contingencies in the case failure a change in the environment,the TfiMS model becomes computationally intractableHowever, through new constructs likeiteration, outcomes, and qafs that impose orderings and other semantics, the representational powerTfiMS enhanced without increasing the computational complexity reasoning with theTfiMS models. It also allows the domain problem solver to more accurately model keycontingencies and key repetitive actions, and provide with more information while notoverloading it with details. Without these features, an agent might have to constantly communicatewith about how its view its future activities needs to be modified the result itsincremental execution its tasks; this modified view may entail significant re-coordinationactivities since other agents may also need to be notified of these changes. Instead, can now,when it makes its original coordination decisions based the description its activities,factor into these decisions that an activities may change in certain ways a result thepartial execution its activities. example, instead establishing a commitment that highlyuncertain because there is a significant possibility that a task established to satisfy the commitmentmay not be completed successfully, it now possible to analyze whether there would be anotherway that the agent could successfully complete the commitment with additional time. Thus, thecoordination mechanism can, in making the original commitment, factor in some the implicationsthe original task failing and an alternative method being required, which can result in making different commitment that has a much higher certainty of being successfully honored.have also explored ideas a number other task relationships. mention them here toemphasize that the framework can be easily extended to represent other types task interdependencies. relationship involves a new type temporal synchronization amongthat denotes the constraint that both need to be started and completed within the sametemporal window; the more quantitative aspects this relationship would be the tolerable overlap

abstracted schedule generated indicating theand resources expendon each approach [41]. Examples of modeling frameworks that have more complex control constructs are [53, 69].

among the temporal windows of tasks and how the task�s solution quality is affected by the amountof overlap. Another relationship indicates that there are consistency constraints among solutions toa set that will require sharing intermediate information among them to converge solution; the more quantitative aspects this relationship would be the expected frequency information exchange among Knowledge both relationships could lead to morecoordinated scheduling task activities in the different agents. Another interesting relationshiprepresents a meta-level exchange information between this case, the relationshipindicates that the completion one task would provide information about the performancecharacteristics of another task; this information could then be the problem-solvingcomponent to revise its TfiMS description of the task. This relationship like facilitatesin that thetask can be performed without an updated view its performance characteristics, but waiting this information in certain situations would lead to more optimized behaviorWe have also implemented a more complex view of a execution that permits to modelactivities that not the resource their entire duration This accomplished specifying an additional attribute associated with a method that indicates whatpercentage the the method will this information, the scheduler can thenoverlap method execution. recent work [58], we have developed a more comprehensive view method execution that allows to reason about concurrent execution methods where there aremultiple processors and multiple copies of resources at a single agent and where methods may notbe resources. This allows to build agents that can not only schedulecomputational activities but also act as resource controllers for shared resources [39, 40, 58].There are three main areas of extensions to GPGP. The first concerns how the partial global viewused in making coordination decisions is constructed. It also has implications for how GPGP caninteract with other components in the agent. The second involves a more complex representation ofcommitments. The third focuses on new and more complex mechanisms for establishingcommitments among agents. These extensions have been made for a number of reasons. Onereason has been to reduce the communication and computational overhead of using GPGP � thefull use of all the mechanisms is not warranted in all environments. This is also especially importantif GPGP is to operate in an environment with a large number of agents where agents take onorganizational roles. Another reason is to avoid forcing users of GPGP into only one style ofbuilding multi-agent systems. The final reason is the desire to exploit the additional informationrepresentable in the extended TfiMS on uncertainty and on usage of non-computational resourcesfor effective coordination.It is important to mention that a current version of GPGP that includes all these extensions does notexist. Some have been done in different versions of GPGP while others have been done outside ofGPGP though they have used TfiMS as their basic representation of task activities andinterrelationships. To our knowledge, there is no impediment to creating a version of GPGP/TfiMSthat incorporates all of these extensions in a unified way; in fact, this is a current goal of ours.Constructing and Using the Partial Global View

The need for this meta-level relationship has been recognized in our own work [55] and by others [1].We found very information-gathering [41] where we need model methods access a WWW server site for information. In this case, there was processor executingthe setting up of the call to the server and processing the received information but there was a significant delay beforethe results were returned by the remote activity.

We have significantly enriched how the partial global view used in making coordination decisions constructed. Two issues motivated this first extension. One was a desire increased efficiency incoordination by being able to exploit default knowledge whenever it was available. The second wasbeing able to handle not only an agent-centric and bottom-up view on how goals and their were created and distributed among the agents (which was the original orientation butalso a hierarchical and top-down perspective on their creation and distribution. The ability to handleboth perspectives in an integrated way significantly increases the scope multi-agent applicationsthat can be represented in GPGP.Conditioned ViewAs mentioned earlier, TfiMS task structures are typically to encode the different plans achieving a goal, and the constraints and trade-offs associated with each potential plan. They arealso to describe those instances during execution where it been determined thatcoordination to take place. instance, a TfiMS structure might indicate that one methodenables another. these two methods are to be performed different agents, this enablementindicates a point where coordination between the two parties would be beneficial.Interrelationships in TfiMS therefore have additional meanings. A(consumesrelationship betweena method and a resource would cause the usage that resource to be appropriately coordinatedover with other entities in the system prior to use. A hard or soft (enables, facilitates) interrelationshiparising from a method or task represented at a remote agent with a local target would cause the localagent to contact the remote one to coordinate their activities in a satisfactory manner. Arelationshipindicating potential negative effects a remote agent (hinderswould require the agent tofirst determine if performing the activity acceptable before execution. Scheduling a methodflagged as being non-local would cause the agent to coordinate over the execution of that method a remote agent.this way, an agent a task structure containing methods constraints that may besatisfied by many different remote agents may actually represent quite a large range coordinationpossibilities. some conditions the availability many alternatives can be beneficial, butwhen operating under a deadline tight resource constraints, too many alternatives can bedistracting and wasteful. needed then, a way to represent an true operatingpotential, while limiting the scope this representation to only those parts that are reasonable andnecessary.To achieve this, we have added a second view an task structure; each agent will possesstwo different versions its local task structure, called the subjective and conditioned views. Thesubjective view contains what the agent believes to be a complete view its local executionalternatives. The conditioned view a copy the subjective that gone through a conditioning it may contain task, method interrelationship deletions and modifications tobetter adapt that structure to current operating conditions. the conditioned view plan construction, these modifications indirectly allow the problem solver performing theconditioning process to focus the attention the scheduling and coordination mechanisms. Thesechanges serve two to prevent certain subtrees from being considered during scheduling,and to remove interrelationships that are not to be coordinated over. the first case, if the problemsolver has determined that a particular action should not be performed, it can simply remove it fromthe conditioned view to prevent it from being considered. The second more germane to theissue at hand � by convention any interrelationships present in the conditioned view indicates thatthe interrelationship be coordinated over when the related methods are scheduledfor execution. Removing the interrelationship will either prevent the coordination from taking place,prevent the method from being selected execution. making these changes, the overheadrequired to reason about the task structure is reduced, and the agent�s attention is more focused.