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Time-Critical Planning and Scheduling Research atBrown UniversityThomas L. Dean� Lloyd Greenwald� Leslie Pack Kaelbling�Department of Computer ScienceBrown University, Box 1910, Providence, RI 02912AbstractThis report is a summary of recent work on time-critical planning and scheduling atBrown University. Much of our research over the last six years has been concerned withsystems that are capable of managing computational resources for complex problem-solving tasks, in which the time spent in decision making a�ects the quality of theresponses generated by a system. We developed an approach to designing algorithmsand allocating computational resources to algorithms that is widely cited in the ar-eas of real-time problem solving [8, 5]. We have provided a number of basic resultsregarding the design of systems that manage their computational resources by using ex-pectations about the performance of decision-making procedures and preferences overthe outcomes resulting from applying those procedures [4, 6]. We have also provideda basic framework for planning systems that employ decision theoretic techniques toevaluate plans [15, 16] and to perform probabilistic prediction [12, 14, 13].The main thread of our recent research in time-critical planning and scheduling isconcerned with decision making under uncertainty. Of particular interest are problemsin which the notion of risk is complicated by limitations on time to plan and act. Ourresearch has resulted in a family of algorithms [9, 11, 26, 21, 20] that extend techniquesin operations research to e�ciently handle stochastic processes with very large stateand/or action spaces. Preliminary experimental results have helped to formulate acharacterization of the class of problems for which our methods are well suited.1 IntroductionIn traditional transportation planning and scheduling, plans are made far in advance of ex-ecution with idealized expectations of the target situation; plans go wrong and are patchedby humans with incomplete, local knowledge resulting in drastically sub-optimal perfor-mance. Our work focusses on providing technology to increase performance by developing�This work was supported in part by a National Science Foundation Presidential Young InvestigatorAward IRI-8957601 and by the Air Force and the Advanced Research Projects Agency of the Departmentof Defense under Contract No. F30602-91-C-0041.



conditional plans that take realistic failure scenarios into account and adapt on-line to unan-ticipated events.We depart from the standard AI planning perspective, in which the world is assumed tobe deterministic and planning is done entirely o�-line. Traditional methods in operationsresearch and combinatorial optimization either fail to account for uncertainty and time pres-sure or employ only simple predictive models. Even the best o�-line methods using highlysimpli�ed models and relying on the latest linear programming and search methods cannotcope with problems of realistic size. In our work uncertainty and time pressure are given�rst-class treatment in solving real problems.Problems such as transportation scheduling for large-scale strategic military airlift, air-tra�c control, and factory machine scheduling require solving complex optimization prob-lems in uncertain and changing environments. Systems designed to solve such problemsmust generate solutions in a timely manner and, if needed, revise those solutions quickly toaccommodate new information. When the execution of plans and schedules must proceedin time-critical situations, the solutions must have 
exibility built in. Flexible solutionsto on-line planning and scheduling problems provide high payo� by using existing air�elds,transportation assets, highways, and factory equipment more e�ciently and by reducing theneed for additional capital outlays.This research adopts a stochastic-modeling framework and makes use of novel techniquesfor planning in unpredictable, dynamic environments with complex state and action spaces.Our primary interest is to extend existing planning and scheduling techniques to handlehigh-dimensional state and action spaces in a time-critical setting. We have identi�ed generalprinciples for dealing with large state and action spaces. Our iterative-re�nement planningand scheduling methods rapidly assimilate new information and provide timely solutionsin response to critical events. Planning and scheduling are tightly coupled with on-lineexecution. Our methods make the best possible use of available deliberation time. We havedesigned algorithms and a general architecture to support dynamic planning, scheduling, andexecution. The architecture and algorithms are general enough to apply to a wide range ofproblems modeled as stochastic dynamical systems with very large state and action spaces.2 Time-Critical Planning and SchedulingOur approach to time-critical planning and scheduling is to construct 
exible, on-line so-lutions to time-critical combinatorial problems; where 
exible, on-line solutions correspondto contingent schedules, conditional plans, or policies. Our methods allocate computationalresources to interruptible, iterative-re�nement algorithms that provide better solutions themore time they are given. These algorithms exploit the structure of a particular probleminstance or problem class to restrict attention to a small subset of the search space. Alloca-tion involves trading solution quality against costs due to deliberation delay in an e�ort tomaximize comprehensive value.We have identi�ed properties of planning and scheduling problems that allow us to makecertain restrictions without loss of optimality or with low probability of signi�cant degrada-tion of performance. We use decision-theoretic methods to trade solution quality against thecosts of delays to produce solutions in accord with the demands of evolving situations. Our2



methods combine operations research approaches for dealing with uncertainty with arti�cialintelligence techniques for steering on-line deliberation to solve the most relevant problemsas they occur dynamically. Our contributions are in techniques to deal with the large stateand action spaces typical of real problems.In this section we identify the problems with existing solutions and provide technical ar-guments for four major approaches to these problems. We approach large state spaces withboth state-space reduction techniques that iteratively focus state space exploration (Sec-tion 2.1) and state decomposition/aggregation techniques that prune out irrelevant statevariables (Section 2.2). These two approaches complement each other and lead to e�ectivestate-based deliberation. Our use of time-based abstraction shifts deliberation focus dynam-ically as problem parameters change (Section 2.3). We approach large action spaces throughthe use of on-line stochastic simulation and bottleneck detection techniques to iterativelyfocus action space exploration and reduction (Section 2.4). All of our approaches must con-sider the problems inherent in modeling complex stochastic processes. We summarize heresome technical detail to support the claims of this work.2.1 State-Space ReductionOur �rst approach to managing large state spaces in time-critical, goal-oriented planningunder uncertainty is to take advantage of known information about the problem to iterativelyexpand the search space. Through the use of a known start state, and a model of the natureof the world's non-determinism, we can restrict the planner's attention to a set of worldstates that are likely to be encountered on the way to the goal. Furthermore, the plannercan generate more or less complete plans depending on the time it has available. In this way,we provide e�cient methods, based on existing techniques of �nding optimal strategies, forplanning under time constraints in non-deterministic domains.Dynamic programming algorithms for computing the optimal policy given a stochasticmodel of the world are useful in small to medium-sized state-spaces, but become intractableon very large state-spaces. We address this di�culty by making some informal assump-tions about the environment that allow us to generate approximate solutions e�ciently. Inparticular, we assume that the environment has the following properties:� high solution density: it is relatively easy to �nd plausible (not necessarily optimal)solutions� low dispersion rate: from any given state, there are only a small number of states towhich transitions can be made, given a speci�ed action� continuity: it is reasonable to estimate the values of states by considering the valuesof nearby statesMany large, realistic planning problems, such as those involving high-level navigation orscheduling, have these properties.Following the work on Markov decision processes (mdp)[2, 3], we model the environmentas a stochastic automaton. Let S be the �nite set of world states and A be the �nite set ofactions. The transition model of the environment is a function mapping elements of S �A3



into discrete probability distributions over S. We write Pr(s1; a; s2) for the probability thatthe world will make a transition from state s1 to state s2 when action a is taken.A policy � is a mapping from S to A, specifying an action to be taken in each situation.An environment combined with a policy for choosing actions in that environment yields aMarkov chain [25]. A reward function is a mapping from S to <, specifying the instantaneousreward that the system derives from being in each state. Given a policy � and a rewardfunction R, the value of state s 2 S, V�(s), is the sum of the expected values of the rewardsto be received at each future time step, discounted by how far into the future they occur.The discounting factor, 0 � 
 < 1, controls the in
uence of rewards in the distant future.One of the most common goals is to achieve a certain condition p as soon as possible. Ifwe de�ne the reward function as R(s) = 0 if p holds in state s and R(s) = �1 otherwise,and represent all goal states as being absorbing, then the optimal policy will result in thesystem reaching a state satisfying p as soon as possible. A state is absorbing if all actionsresult in that same state with probability 1; that is, 8a 2 A; Pr(s; a; s) = 1. The languageof reward functions is quite rich, allowing us to specify much more complex goals, includingthe maintenance of properties of the world and prioritized combinations of primitive goals;this is explored in [10].Given a state-transition model, a reward function, and a value for 
, it is possible tocompute the optimal policy using either the policy iteration algorithm [23] or the value iter-ation algorithm [2]. However, for large state spaces, even a polynomial-time algorithm suchas policy iteration becomes too ine�cient. To compensate we consider a highly-restrictedsubset of the entire state space in our planning. A partial policy is a mapping from a subsetof S into actions; the domain of a partial policy � is called its envelope, E�. The fringe of apartial policy, F�, is the set of states that are not in the envelope of the policy, but that maybe reached in one step of policy execution from some state in the envelope. To construct arestricted stochastic automaton, we take an envelope E of states and add the distinguishedstate out, which is absorbing. The cost of falling out of the envelope is a parameter thatdepends on the domain. For example, if it is possible to re-invoke the planner when thesystem falls out of the envelope, then one approach is to assign V (out) to be the estimatedvalue of the state into which the system fell minus some function of the time required toconstruct a new partial policy.The basic algorithm starts with an initial policy and a restricted state space (or envelope),extends that envelope, and then computes a new policy. There are two basic types ofoperation on the restricted automaton. Envelope alteration serves to increase or decreasethe number of states in the restricted automaton and Policy generation determines a policyfor the system automaton using the restricted automaton. Note that, while the policy isconstructed using the restricted automaton, it is a complete policy and applies to all of thestates in the system automaton. For states outside of the envelope, the policy is de�ned bya set of re
exes that implement some default behavior for the system.Figure 1.i shows an example system automaton consisting of �ve states. Suppose thatthe initial state is 1, and state 4 satis�es the goal. The path 1 a! 2 a! 4 goes from the initialstate to a state satisfying the goal and the corresponding envelope is f1; 2; 4g. Figure 1.iishows the restricted automaton for that envelope. Let �(s) be the action speci�ed by thepolicy � to be taken in state s; the optimal policy for the restricted automaton shown inFigure 1.ii is de�ned by �(1) = �(2) = �(4) = a on the states of the envelope and the re
exes4
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ex actions need not be the same in allstates).The basic algorithm is employed under various models of planning and execution. Twothat have been considered are precursor deliberation and recurrent deliberation; they vary inthe amount of concurrency between planning and execution. The details of the algorithmsand models are given in [10]. We compared the performance of our planning algorithmwith policy iteration optimizing the policy for the whole domain. Our results show that ourplanning algorithm supplies a good policy early, and typically converges to a policy thatis close to optimal before the whole-domain policy iteration method does. Figure 2 showsaverage results from 630 runs, where a single run involves a particular start state and goalstate.
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greedy algorithmFigure 2: Comparison of planning algorithm using greedy deliberation strategy (dashed line)with the policy iteration optimization method (solid line): Average over 630 runs2.2 State Decomposition/AggregationComplementary to our approach to state-space reduction are techniques for constructingabstract probabilistic world models that allow e�cient approximate planning for very largestochastic domains. Domains are speci�ed compositionally, in terms of state variables. Thesensitivity of variables involved in the goal to other variables is analyzed, allowing approxi-mate domain models at di�erent levels of abstraction to be constructed. During the planningprocess, the approximation is re�ned until it is su�cient for the derivation of a plan at aspeci�ed level of reliability. 5



The models used in traditional AI planning, made up of operator descriptions, provide animportant starting point for developing compact models of stochastic domains. They startby considering the world state as being composed of a number of state variables (typicallypropositional), each of which can take on values independently. The state transition func-tion is given compositionally, by specifying, in di�erent rules, how di�erent aspects of theenvironment change given di�erent actions. Thus, the color of walls need only be mentionedwhen describing change that occurs as a result of the paint operator.A simpli�ed version of the Bayesian network formalism [32] is well suited to specifyingstochastic state transition and reward models. For each action, we use a two-slice network,in which nodes in the �rst slice represent values of state variables at time t and nodes in thesecond slice represent values of state variables at time t+1. In addition, there is a node in thesecond slice that represents instantaneous reward at time t+1. The value of this node dependsdeterministically on the values of the nodes to which it is connected; it plays the role of avalue node in an in
uence diagram. Arcs in the diagram indicate probabilistic dependencebetween variables and are represented, in detail, by conditional probability distributionsover values of the target variable given values of the source variables. Figure 3 shows aBayesian network model for the results of performing the action go and one for the turningactions (turn right, left and about all have the same network structure) in an example groundtransport domain, whose states are characterized by the vehicle's location, direction, batteryvoltage, and the clutter of the current location.
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Figure 3: Bayesian network model of simple vehicle actionWhen there are no arcs between nodes in the second slice, the attributes of the state attime t+1 are conditionally independent given the state at time t. It is possible for attributesat time t+ 1 to be dependent on one another, as long as there is no cycle of dependency.We assume that the state set S is describable as the cross product of a set of m setsof values Vi, one for each world attribute i. An individual state is described by the vectorhv1; : : : ; vmi. The state-transition function of the mdp can be derived from the Bayesiannetwork in the conditionally-independent case as follows:T (hx1; : : : ; xmi; a; hy1; : : : ; ymi) =Yi Pr(yija; x1; � � � ; xn) :For any given yi term, it is only necessary to condition on xj if there is an arc from node j inthe �rst slice to node i in the second slice. If the second-slice attributes are not conditionallyindependent, then because they are acyclic, it is possible to �nd an ordering of them that6



allows the following calculation:T (hx1; : : : ; xmi; a; hy1; : : : ; ymi) = Pr(y1ja; x1; � � � ; xn)Yi>1Pr(yija; x1; � � � ; xn; y1; � � � ; yi�1) :Even with a compact representation of the dynamics of the entire world, we will rarelywant or need to work with the whole model. Given di�erent goals, di�erent time constraints,or di�erent current world states, we might want to take very di�erent views of the world.One way to construct di�erent world views is by specifying only a subset of the possibleattributes in the complete world model. In some cases, these abstract views will capture allof the world dynamics relevant to the problem at hand. In other cases, they will serve astractable approximations to more complex models.Even though the planning technique described in section 2.1 considers a potentially verysmall subset of the state space, it considers fully-speci�ed world states, which may makedistinctions that are not important to the planning task at hand. By restricting the worldview before applying the envelope-based algorithm, we can potentially drastically reduce thenumber of states in the envelope. With an abstract world view, each of the states in theenvelope stands for an equivalence class of world states that can be treated the same for thecurrent purposes.2.3 Time-Based AbstractionThus far we have focussed on managing large state spaces by considering restricted envelopesof states and decomposing the variables within any given state. In this section we discusshow to use the dynamic nature of planning and scheduling problems to shift deliberationfocus over time. There are two components to this task. The �rst is to partition in�nitehorizon problems into problem instances over �nite time intervals that take into accountdynamically changing problem parameters and the second is to allocate on-line deliberationtime to the corresponding problem instances. The planning approach of Section 2.1 takesa speci�c view of problem partitioning by using a restricted envelope and discount factorto focus attention on near (in time or space) states and considers two particular models forshifting deliberation focus over time. While this approach is satisfactory in some planningdomains, in domains such as scheduling, the ability to �nd a reasonable envelope and discountfactor is less certain; furthermore, as noted in [10] and [6], the interdependence of problempartitioning and allocation of on-line deliberation time must be carefully considered.We have developed a planning and execution architecture that explicitly considers theproblem of dynamically shifting deliberation focus. This architecture allows for concurrentplanning and execution that is tailored to the dynamic nature of the environment. In addi-tion, when possible, meta-scheduling may be performed o�-line to aid time-critical tasks.The architecture is depicted in Figure 4. The environment g(x(t); u(t)) enters a newstate x(t) at time t in response to the action u(t) executed by the combination planningand execution component. The planning and execution component is divided into severalon-line deliberative components and an on-line reactive component �t to execute the policiesgenerated by the deliberative components in response to the current state. Note that policiesare non-stationary and are, therefore, indexed by time to explicitly account for a dynamicenvironment. The policies are generated on-line by deliberative decision procedures f . Due to7



the combinatorics involved in deliberative processing there is typically a delay � between thetime a state triggers the deliberative process and the time the resulting policy is available forexecution. The choice of decision procedure and appropriate calling parameters is determinedby the strategy table �. When appropriate, the strategy table may be generated o�-line (asdepicted in the �gure). A stochastic model of the environment is used both during on-line deliberation to predict future states and during strategy table construction to discernpatterns of shifting dynamics. Detailed presentations of this architecture may be foundin [19, 22].
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time. For example, we may consider the di�erence between partitioning time into disjointor overlapping windows. Furthermore, if the windows are independent, a distinct policy � isgenerated for each window. For dependent windows, the policy is dependent on the outputof other windows.2.4 Action Space ReductionIn this section we discuss an approach to on-line scheduling that extends the approachof Section 2.1 to handle large action spaces. Given a large action space it becomes veryexpensive to consider all possible actions for any given state. Instead, we generate policiesin two phases. We �rst employ Monte Carlo simulation and constrained dispatch schedulingusing a stochastic model of the environment to sample the large state/action space andprovide default re
exes to handle the remaining states. We then apply bottleneck-centeredscheduling heuristics [1, 29] to improve initial policies. Deliberation scheduling is used toallocate computation time across these two phases. This work is described in detail in [21, 20].In scheduling problems, each state consists of a number of available and unavailableresources and a number of activities that need to be scheduled on these resources. Actionsconsists of di�ering assignments of activities to resources. In the �rst phase of our approach,local assignments of activities to resources for a given state of a scheduling problem aredetermined by greedy dispatch scheduling rules such as �rst-come �rst-served, latest releasedate �rst or earliest deadline �rst. The greedy dispatch rules are controlled by applyingconstraints to the set of possible assignments (actions) on a state-by-state basis. Constraineddispatch scheduling solves the problem of scheduling in the face of a large action space. Givenuncertainty, when executed, a given action may stochastically lead to a number of di�erentstates. Monte Carlo simulation is used to sample the state space reachable via the dispatchscheduling rules (actions) using a stochastic model of the e�ects of actions. The combinedresult is a policy executable under uncertainty.The second phase analyzes the results of the �rst phase in order to detect areas for im-provement (bottlenecks) within the policy and adds additional constraints on the action spacein order to mitigate the bottlenecks and improve subsequent policies. Our technique for prop-agating constraints is based on bottleneck-centered heuristics [1, 29], a form of opportunisticscheduling in which critical points of resource contention are located and used to iden-tify and remove potential for negative interactions between activities. Bottleneck-centeredheuristics have demonstrated their e�ectiveness in deployed scheduling solutions [29]. Weemploy bottleneck-centered heuristics through two main steps. First, �nd a critical interac-tion (bottleneck) among activities; namely one which contributes directly to a policy withhigh expected cost. In practice [29] critical interactions occur during time intervals in whichthere is a high demand/supply ratio for resources. Second, identify an assignment of activi-ties to resources that, if constrained, will both relieve the bottleneck and guarantee that animproved policy exists that may be found through dispatch scheduling.Figure 5 depicts the mechanics of our two phase algorithm. From initial state 1 thedispatch scheduler chooses action C from among the unconstrained actions. Monte Carlosimulation is then executed to achieve three alternative next states reachable from state 1through action C with varying probabilities. These states are then added to the list and theprocess is repeated by choosing a new state to expand from the list. From state 3 action I9
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for controlling inference.Kabanza [24] describes a method for planning in nondeterministic environments thatrelies on exploring a small portion of the set of all possible action sequences and representingthe resulting restricted automaton using a propositional branching time logic. Kabanza'sapproach does not make use of any probabilistic information regarding state transitionsand makes no attempt to construct even an approximately optimal plan for any measureof performance. Thiebaux et al. [33] attempt to extend our work and that of Drummondand Bresina to use probabilistic logic [30] for planning under uncertainty. Probabilistic logicprovides a more expressive representation than that o�ered by Markov process theory, butwith the increased expressiveness comes increased computational overhead.There have been a variety of other planning systems that are related to the problem.George�'s procedural reasoning system [18] was designed for on-line use in evolving situations,but it simply executes user-supplied procedures rather than constructing plans of action onits own. Systems for synthesizing plans in stochastic domains, such as those by Kushmerick,Hanks and Weld [27], do not directly address the problem of generating plans given time andquality constraints. Lansky [28] has developed planning systems for deterministic domainsthat exploit structural properties of the state space to expedite planning. Ow et al. [31]describe some initial e�orts at building systems that modify plans incrementally. NeitherLansky nor Ow et al.'s systems deal with uncertainty nor provide options for user input andLansky's system cannot handle concurrent planning and execution.There is ongoing work at NASA in collaboration with the FAA on building systems forthe automated management and control of air tra�c [7]. We see our work as extendingthe basic capabilities of such systems to handle uncertainty and make the best use of thetime available for planning in time-critical situations. Our work on large action spaces alsoborrows from and extends the operations research literature on bottleneck-centered heuristicsdeveloped by Adams et al. [1] and analyzed by Muscettola [29].4 Application AreasOur technology is directly applicable to problems in military and civilian air tra�c controland 
eet maintenance. We have also applied our techniques to problems of mobile robotics.We describe here other applications that we have investigated, all of which require thesolution of highly complex problems in dynamic, incompletely-predictable domains.Military and Civilian Air-Tra�c Control and Fleet Maintenance With increasingair tra�c, it is becoming desirable to coordinate arrivals and departures at airports for bothmilitary and civilian operations. Systems for global air-tra�c control and terminal areatra�c are faced with combinatorial problems that involve managing runway 
ow, schedulinglanding and takeo� sequences, and assigning terminal gates. These systems are designedto ensure fuel-e�cient and con
ict free descents and to reduce delays at the gate and timespent waiting in holding patterns.An example of our focus in this area is the problem of scheduling routine maintenanceat distributed world-wide locations for an aircraft 
eet. The input to this problem is a listof cities and their facilities, costs, maintenance histories for all aircraft, and the times at11



which facilities expect initial and amended schedules for speci�c intervals of time (usuallyduring o�-hours at an airport). In the current formulation, the system processes a steadystream of input including current aircraft location data. Takeo�s and landings are similarlylogged. The system also processes time-stamped data regarding 
ight schedules and howthey change over time. In this problem, the system cannot a�ect the schedules of aircraftbut only the determination of which planes get maintenance in which cities. Periodically, thesystem issues maintenance schedules to particular cities; there are approximately 200 citiesin about 15 time zones, but not all cities have maintenance facilities. There is a time whenan initial schedule is due and a last time when the schedule can be amended. Approximately30% of all 
ights do not 
y their initially scheduled aircraft (this is industry wide) so thereis a great deal of uncertainty in which planes will be in a given city for a given maintenanceinterval. The system that we are working on must decide when to allocate time to schedulingmaintenance resources, how far in advance to schedule, and under what circumstances andfor what cities to reschedule.Dynamic Schedules for Health-Care Professionals Scheduling work assignments fornurses in a large hospital is a persistent problem and is related to crew scheduling problemsin transportation domains. Typical constraints in the assignment of patients to nurses arethat primary nurses are attached to each patient; nurses should be assigned patients that aregeographically clustered, to avoid walking time; nurses must be assigned patient loads thatare evenly balanced within a shift. In the assignment of nurses to shifts, an entirely di�erentset of constraints applies: some nurses only work weekends; some generally work nights (butcan be called in for day shifts in emergencies); nurses that have worked a night shift onone day should not work a day or evening shift the next; assignments should be chosen tominimize overtime pay during each week. The shift assignment problem is currently solvedby one or two people with the aid of a computer program, making out a plan several weeksin advance. The patient assignment problem is worked out at the start of each shift. Whensta� illnesses, increased patient loads, or hospital emergencies disrupt the schedule, chaosensues. Our stochastic modeling and prediction techniques could reduce the enormous timethat is spent on the sta� scheduling problem, introducing an important e�ciency into acostly area of health care.NASA Scheduling Problems NASA has a wealth of scheduling problems that haveserved to motivate our research. NASA's Data Information System for the Earth ObservingSystem (EOSDIS) is concerned with analyzing, archiving, and retrieving scienti�c data formany present and future NASA projects. Scientists submit requests for data and analysisand EOSDIS schedules time on a world-wide network of computers and data archives tosatisfy those requests. When the satellites of the Earth Observing System come on line, theNational Space Science Data Center will be acquiring data at a rate of 2000 Gigabytes aday and responding to several thousand requests for both raw and analyzed data per year.Scheduling for these requests represents a formidable challenge.NASA has a number of steerable, ground- and space-based automated telescopes. NASAneeds a system that can take requests through the Internet from astronomers at their homeinstitutions and then schedule observations and initiate control sequences at the remote12



telescopes to obtain the requested observations. The system needs to quickly respond to un-foreseen events including hardware malfunctions and unanticipated opportunities to observeastronomical phenomena. This application requires concurrent scheduling and execution andan e�ective solution promises to reduce telescope operation costs and increases the numberof requests that can be handled and their timeliness.5 ConclusionThe work described in this report is a summary and synthesis of our recent work extendingexisting planning and scheduling techniques to handle high-dimensional state and actionspaces in a time-critical setting. We have described algorithms and a general architectureto support dynamic planning, scheduling, and execution. The architecture and algorithmsare general enough to apply to a wide range of problems modeled as stochastic dynamicalsystems with very large state and action spaces. We conclude this summary with an examplestrategic military airlift scenario that exempli�es the bene�ts of applying our technology totime-critical planning and scheduling problems.5.1 Example Time-Critical Planning ScenarioIt is early in the morning at Dover Air Force Base. A large-scale strategic airlift is in itssecond week, focusing on Dover as a point of embarkation for mobilization. Numerous forcemodules consisting of tanks, trucks, cargo, forces and supplies are converging at Dover frombases throughout the United States.Currently, the Dover air tra�c controller is monitoring several planes in their �nal de-scent. Earlier in the morning an operator working with the Air Tra�c Management Advisorysystem set a landing sequence for these planes. Now the planes are following instructionsfrom the Descent Advisor and Final Approach Spacing tools. The landings are almost en-tirely automatic; the air tra�c controller and the pilots of the descending planes are checkingvisually for anomalies.As is typical throughout the course of this mobilization, the local terminal tra�c con-troller is preparing to assign staging areas for arriving and departing 
ights that requireloading and unloading in the next two hours. Short-term aircraft 
ight schedules relevantto Dover have just been transmitted from the centralized scheduler of the Air MobilityCommand at Scott Air Force Base. The local terminal tra�c controller assisted by a localplanning system uses the corresponding ETAs in conjunction with a local weather model toplan for the morning's tra�c. Status at Dover (e.g., information regarding severe weather orcongestion) and the results of local planning decisions are transmitted back to the central-ized 
ight scheduler at Scott. This procedure is repeated throughout the network of basesinvolved in this mobilization.During the previous night, the 
ight scheduler at Scott simulated upcoming (daily andweekly) transportation activity throughout the network of bases. The simulations made useof movement models constructed from data from the OPLAN and TPFDD and weatherforecasts throughout the country. Additionally, the 
ight scheduler took into account ex-pected maintenance activities for aircraft throughout the network. Statistics gathered from13



these simulations were used to extract models of daily tra�c patterns of the most relevantscenarios. The resulting statistics are now used to focus the on-line deliberations of the 
ightscheduler throughout the day. The pro�les reveal a potential hot-spot at Dover around 1000EST. The centralized scheduler allocates extra processing cycles to consider this bottleneckin order to plan for many possible contingencies. During the night, initial 
ight schedulesfor the day are precomputed based on projected conditions.At 0800 EST a report is issued from overseas indicating that a returning C-141 requiresroutine maintenance. This situation was anticipated as a possible contingency in the initial
ight schedules and the maintenance scheduler at Scott reacts to this information by re-routing this transport to McGuire rather than Dover in order to reduce parking congestionat Dover and take advantage of the special maintenance facilities of McGuire. Concurrently,the centralized scheduler reacts by re-sourcing a C-141 coming out of maintenance at Nortonto Dover to satisfy the OPLAN. The replacement C-141 is scheduled from Norton throughTravis to Dover. The aircraft is given an ETA of 2100 EST at Dover, which is time enoughto satisfy the original OPLAN requirements.Weather reports continually come in to Scott and are used to update the stochastic modelfor evaluating alternative 
ight schedules. Meanwhile, the centralized scheduler at Scott hasconstructed several contingent schedules for the 1000 EST period. These schedules areconstructed by focusing on the states most likely to occur in that time period given themost recent weather, maintenance and other data. Reports from Dover specify the mostrecent capacity and delay information. Based on these reports Scott chooses one of thepre-constructed alternative 
ight schedules. The chosen schedule deals with congestion atDover by holding low priority aircraft destined for Dover on the ground at McGuire. Scotttransmits the updated 
ight schedules for 1000 EST activity to Dover and McGuire. Theadditional ground holds at McGuire are the least-cost solution to the congestion at Dover,taking into account all downstream constraints.At 1300 EST severe weather reports come into Scott from Travis. The C-141 had to berescheduled by local controllers to March Air Force Base and will not be able to make the2100 EST rendezvous at Dover. Strategically, when re-sourcing the C-141 from Norton this
ight leg was 
agged by the centralized controller as a potential bottleneck and source ofuncertainty given the weather conditions at Travis at 0800 EST and local stochastic model.Daily processing allocations were re-allocated at that time to focus on-line deliberation onconstructing additional contingency 
ight schedules. The contingency plans resulting fromthis additional processing become available from the centralized scheduler at 1400 EST. Theplans specify that a replacement for the C-141 grounded at March is available at Charleston.Unfortunately, this aircraft cannot make it to Dover until the next morning. The updated
ight schedule takes this into account and grounds a personnel transport from McGuireso that the personnel may overnight at McGuire rather than further taxing the limitedresources at Dover. Additionally, perishable supplies coming out of McChord are rescheduledto correspond with the arrival of the personnel. The additional parking space freed up by themissing C-141 allows a C-130 to overnight at Dover and undergo preventive maintenance.As night falls the centralized scheduler begins to simulate airlift possibilities for thenext day. A change in the OPLAN has been transmitted from Washington to the AirMobility Command at Scott and is incorporated into the daily and weekly simulations.Some components of this strategic airlift application are depicted in Figure 6.14



...... ... ... ... ... ... ... ...Figure 6: A target application for the research described in this paper is the on-line schedul-ing of aircraft for strategic military airlift operations. Iterative re�nement planning andscheduling routines generate 
ight and maintenance schedules in a timely manner and con-tinually revise them to account for delays due to weather and mechanical failure.15
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