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1 IntroductionIn this paper, we present a formal description of the general problem addressed in the Trans-portation Planning and Scheduling Initiative sponsored by the Defense Advanced ResearchProjects Agency in conjunction with the Air Force's Rome Laboratory. The descriptionprovides a framework for constructing models of the static and dynamic aspects of the trans-portation problem. The purpose of the description is to facilitate technical discussion amongparticipants in the initiative and within the larger community of researchers in planning,scheduling and control. For more background details on the initiative see [12, 21, 43, 17].The speci�c problem faced by the initiative is concerned with directing the operatorsand equipment involved in transporting material and personnel for the United States mili-tary. This is the problem currently faced by the United States Transportation Command.The general formulation of the problem described in this paper addresses the wider rangeof issues facing those in government and industry responsible for the e�cient and timelytransportation of passengers and cargo. Both the general and the speci�c versions of theproblem involve multiple agents responsible for the execution of transportation tasks, pos-sibly multiple agents involved in directing the activities of agents executing such tasks, andthe need to respond to changes given varying amounts of lead time.Ultimately, we are interested in systems that can handle a wide range of challenges. Inthe case of a relatively static situation in which the transportation equipment is stable, thecargoes and their destinations are known somewhat in advance of their earliest shippingdates, and the execution of transportation tasks is relatively fault free, the system shouldbe able to make highly e�cient use of existing resources (e.g., minimizing shipping timeand fuel use). In uncertain situations, the system must be able to make decisions on thebasis of partial or probabilistic information, and then monitor the situation as it evolves,prepared to countermand prior decisions should the situation warrant it. In the case of arapidly changing situation, say, providing humanitarian aid in the aftermath of a majordisaster or an ongoing con
ict, the system should respond in a timely manner weighing thecosts and bene�ts of spending additional time in reasoning and gathering information tosupport decision making.In order to provide a compact, tractable description, we abstract from the many detailsof the speci�c problem faced by the U.S. Transportation Command. We do so, however,without eliminating essential sources of structure (which tend to make the problem easier)2



or complexity (which tend to make the problem harder). The description makes clear boththe static structure of the problem involving locations and equipment for moving cargobetween locations, and the dynamical structure of the problem involving the evolution ofthe system over time and the distributed nature of decision making and control.The formal description of Section 2 provides the basis for subsequent explorations ofthe transportation problem, both within the remainder of this paper and beyond. Forthis reason it is made general enough to capture the entities and relationships of futuretransportation problems to arise, both static and dynamic. At the same time it is speci�cenough to provide useful structure for solving such problems. We demonstrate this inSection 3 by providing two special cases of the general transportation problem. Both ofthese cases can be expressed within the formalism developed in Section 2, yet the �rst caseexisted well before the formalism. The second case is constructed using the guidance of theformalism, yet describes a natural real-world transportation problem.The remainder of the paper delves deeper into the complexity issues that arise fromexploring the formalism. In Section 4, we isolate and explore the static sources of com-plexity in the transportation problem. We relate the static sources of complexity in thetransportation problem to those in existing related research. We then discuss existing algo-rithmic techniques that can be used to address these static sources of complexity. We areespecially concerned with techniques that can provide provable performance guarantees. InSection 5, we explore the dynamic sources of complexity. This is accomplished similarlyto Section 4 by introducing related research and algorithmic techniques. In addition, wedescribe the space of solution concepts that can be explored in solving a particular trans-portation problem and discuss how the decision-making structure of the problem constrainsthe possible solutions.The transportation problem has previously been explored by researchers both in com-puter science and operations research. There are many opportunities for sharing technologyamong these two disciplines. This paper takes a step in that direction by providing a stan-dard formalization for researchers to agree on and by combining computer science analysistechniques with operations research approaches.3



2 Formal Description of the Transportation ProblemIn this section, we describe the class of problems being dealt with in the transportationplanning initiative. We abstract from the particulars of the problem faced by the U.S.Transportation Command in an attempt to capture the fundamental sources of complexity.We make no attempt to model the process whereby problems in this class might be solvedaside from recognizing that, in general, the decision-making process will involve more thanone decision-making agent. This problem description makes no representational commit-ments; decision-making agents may choose to represent their knowledge about a probleminstance in any way that they choose. The speci�cations in the following provide structureto constrain the set of possible physical models for the transportation domain. They by nomeans determine a model. De�ning what features of the domain to model what to leaveout is a complex and subtle problem that we do not address.We begin by identifying two distinct aspects of the transportation problem. The �rstconcerns the spatial layout of ports, capabilities of transportation assets, requirementsfor shipping equipment and personnel, and the dynamics governing the behavior of ports,transportation assets, and their cargoes. We call this the basic dynamical system andpresent it in Section 2.1. The second aspect concerns the agents responsible for controllingports and transportation assets: their access to information, communication capabilities,and ability to initiate transportation activities, and the dynamics governing command,control, and communication. We call this the decision-making structure and present it inSection 2.2.2.1 Basic Dynamical SystemIn keeping with terminology used by the U.S. Transportation Command, we use the term\asset" to refer to cargo handling equipment used to transport, store, or process cargo (e.g.,planes, ships, warehouses, forklifts) as well as support equipment used to refuel, maintain,or otherwise service cargo handling equipment. We use the term \package" to refer toany unit of cargo, including equipment, food, munitions, medical supplies, and personnel.Although we do not explicitly address the details of how items are shipped (e.g., bulk itemsmight be shipped on open wooden pallets or in sealed freight containers), packages can beassigned properties to facilitate modeling the dynamics of shipping.4



At each point in time, each asset is in some location and each package is contained insome asset. Transportation assets can move between locations. Packages can be moved be-tween assets by material handling assets. Locations, packages, and assets have time-varyingproperties that a�ect the performance of assets. For example, the readiness of an airplaneis a time-varying property of a transportation asset. Material handling, maintenance, andrefueling assets can change the properties of other assets.Assets have programs that are changed from time to time by decision-making agents.A program can be anything from a set of protocols or standard operating procedures to anarbitrary control law. The program of an asset together with its properties and those of thelocations that it visits and the packages that it carries determine the behavior of the assetover time. In Section 2.2, we discuss how an agent with the appropriate capabilities canchange an asset's program. The only way in which an agent can exert any control over thedynamical system is by changing the programs of assets. The notions concerning the staticstructure of the transportation network are depicted graphically in Figure 1 and formalizedin the following mathematical objects.� a set of locations, L� a set of location properties, QL� a set of direct routes, R, between locations in L� a set of direct-route properties, QR� (L;R) corresponds to a graph with vertices, L, and edges, R� a set of packages, P� a set of package properties, QP� a set of transportation, storage, and material handling assets, A� a set of asset properties, QA� a set of asset programs, ULet ? = L [ R [ P [ A be the union of locations, routes, packages, and assets, andQ? = QL [ QR [ QP [ QA be the union of location, route, package and asset properties.5



Figure 1: Transportation network6



We assume that all properties are boolean; this assumption is made for no other reasonthan to simplify the presentation.It is often the case that transportation assets are treated as cargo and loaded onto otherassets for transport to locations where the transported assets are not available or are inshort supply. We do not require that assets and packages be disjoint. For assets that areoccasionally cargo, we may wish to provide a property to indicate that certain capabilitiesare disabled while in transit as cargo.It should also be noted that packages are in some sense programmable. By attachingrouting, handling, source and destination information, a package can be transported withoutany asset being explicitly programmed to transport that package. In the above formulation,routing information would be represented as a property of packages.We assume that the sets of assets and packages are �xed. We model packages andassets being lost, found, created, or destroyed by assuming a large pool of virtual assetsand packages assigned properties that determine their various states of accessibility.Now that we have the static structure of the transportation network, we need to describehow things change over time. To account for change over time, we borrow from the systemstheory literature by de�ning an appropriate state space and dynamical system [22]. Thestate space is determined by a set of state variables corresponding to the location of eachasset, the asset containing each package, and the status of each property for each location,route, asset, and package. The set of state variables is determined by the following functions.� a location function, l : A! L,� a container function, c : P ! A, and� a property status function, q : Q?� ?! ftrue; falseg,To deal with assets traveling between locations, we could include in L a pseudo locationcorresponding to being enroute and add a route property to QA, or we could extend therange of l to include routes as well as locations.A state vector consists of jAj location variables, one for each asset, l(a1); . . . ; l(ajAj),jP j container variables, one for each package, c(p1); . . . ; c(pjP j), jQAj � jAj asset propertyvariables, one for each combination of asset and asset property, q(g1; a1); . . . ; q(g1; ajAj);7



. . . ; q(gjQAj; a1); . . ., q(gjQAj; ajAj), where gi 2 QA, plus additional variables for package,location, and route properties. We denote by S the state space formed by taking the crossproduct of the set of values for each of the state variables (e.g., for each a 2 A, L is the setof values for l(a)). For a given state, s 2 S, we can refer to, say, the location of a particularasset, a 2 A, using l(a)[s] 2 L. To complete the speci�cation of the basic dynamical system,we introduce time, control, and change as follows.� a set of time points, T� a control function, u : A� T ! U� a state transition function, f : S � U � T � T ! S� a set of state space histories, H = fhjh : T ! Sg.The structure of time can be discrete or continuous. We can refer to the value of a statevariable given a time and history as l(a)[h(t)].We distinguish between state and control in keeping with standard practice in thecontrol literature. For a description of the motivation and use of this formalism for modelingdynamical systems see [14, 18, 22].Given a state, an initial time, and a �nal time, the transition function determines a�nal state for a �xed u. There is a lot folded into the state transition function; amongother things, it determines the behavior of overloaded transportation assets, and the be-havior of material handling assets that attempt to handle packages for which they were notdesigned. In the case of a stochastic system, the state transition function starts with aninitial distribution on states and determines a �nal distribution.The transition function is a simulator for the transportation domain; it can be speci�edas a di�erence equation, a system of di�erential equations, or a �nite state machine; it mayaccount for the weight, volume, fragility, and shelf life of cargo, the speed, fuel consumption,and capacity of transportation assets, and the e�ects of weather, equipment failure, andhostile forces. The amount of detail that the transition function will model is determinedby the individual researcher; we do not prescribe any particular state transition functionin this formalization. For example the transition function may specify the impact on aplane when atmospheric moisture levels rise, or this detail may be ignored if not warranted.8



Exactly what goes in and what stays out of the transition function depends on the goalsof the modeler. There currently exists a set of simulation tools that approximate a statetransition function for the transportation problem.Next, we have to establish performance criteria for comparing solutions to various in-stances of the transportation problem. Traditionally, a particular instance of the trans-portation problem has associated with it a set of requirements that must be satis�ed.Requirements specify that packages must be in particular locations at particular times.Primary requirements are explicitly supplied. Secondary requirements are inferred fromprimary requirements by establishing dependencies between requirements. For instance,there might be a primary requirement that an infantry unit be at a particular place at aparticular time, and a secondary requirement that there be a portable mess hall at thatsame location shortly thereafter.� a set of primary requirements corresponding to a subset of P � L� T� a set of secondary requirements corresponding to a mappingfrom primary requirements to subsets of P � L� TIn an uncertain world, demanding that requirements be strictly satis�ed is unrealistic;there are always extenuating circumstances that warrant sacri�cing requirements in orderto satisfy other, implicit constraints on performance. To capture this more general metricfor performance, we introduce the following measure.� an objective function, g : H ! RThe above objective function subsumes the notion of requirement. Requirements mightcontinue to have some heuristic function in scheduling transportation assets; for instance,it may tend to be the case that the objective function penalizes histories that fail to satisfyrequirements.Unlike the transition function, for which there currently exists an approximation in theform of a simulator, there currently is no authorized realization of the objective function,approximate or otherwise. However, the literature on scheduling and sequencing discussesmany objective functions (e.g., minimize cost, minimize maximum tardiness, minimize9



weighted tardiness, minimize expected cost). It is assumed that researchers will choosetheir own functions after consultations with domain experts.The objective function is not intended to account for performance measures that pertainto the solution process. In particular, issues of scalability and integrability are not addressedhere.2.2 Decision-Making StructureThe decision-making structure describes the decision-making agents, their access to infor-mation and to each other, and their authority with regard to controlling assets. The agentsand the communication channels linking them de�ne a graph. The notions concerning thestatic structure of the communication network are depicted graphically in Figure 2 andformalized in the following mathematical objects.� a set of agents, V� a set of communication channels, E� (V;E) corresponds to a graph with vertices, V , and edges, EFigure 3 depicts the 
ow of information between the decision-making agents and thesystem that they seek to control. Agents attempt to in
uence and discern particular statevariables of the dynamical system through communications and cooperation. The intro-duction of delays and uncertainty complicates the control process giving rise to the needfor continuous monitoring, and replanning.In our formulation, the set of agents are disjoint from the set of assets to distinguishphysical capabilities from decision-making capabilities. In certain instances of the generalproblem, it may prove useful to build abstractions for closely coupled asset/decision-makingunits allowing the decision-making agent to exert direct control over its coupled asset.We introduce additional structure to handle access to information and authority toexert control over assets. Information access determines whether or not an agent hasimmediate access to information regarding a particular property at a particular time. Itmay be convenient to map agents to locations and require that agents have immediateaccess only to information regarding properties of that and nearby locations, the assets in10



Figure 2: Decision-making structure11



Figure 3: Interaction between assets and decision-making agents12



those locations, and the packages in those assets. It is reasonable that agents only haveimmediate access to information concerning the current time; data logging can be performedto keep track of historical information. Communication access determines whether or notone agent can communicate directly with a second agent at a particular time. Finally,control authorization determines whether an agent is authorized to change the program ofan asset to a particular program at a particular time.� an information access function, i : V �Q?! ftrue; falseg� a communication access function, d : V � V ! ftrue; falseg� a control authorization function, a : V � A� U ! ftrue; falsegThe communication channels are used by agents to obtain indirect access to information.In order for agents to transmit information via communications channels it will be necessaryto establish protocols. These protocols will cover requests for information, commitmentsto send information, actual transmission and acknowledgement that the information hasbeen received. Message protocols, packet sizes, etc. are all part of the solution and notthe problem description; however, we assume that one agent can request information fromanother agent. If security becomes an important issue, it will be necessary to add aninformation access authorization function that determines what information each agent isallowed access to and when.To complete the picture, the state transition function described in Section 2.1 has tobe extended to account for the dynamics of access and authorization. In particular, thestate transition function may account for delays in communication, transmission noise,and changes in the topology of the communication network. These extensions involveadditional state variables and, therefore, the state space may be augmented to account forthe additional variables. It may be convenient to think of the state transition functionas a composition of simpler state transition functions, each operating independently andasynchronously. In many cases this abstraction is physically valid.3 Two Special Cases of the Transportation ProblemIn this section, we demonstrate two natural transportation problems that can be expressedwithin our formulation. They are the subscriber dial-a-ride problem and the greyhound13



problem. These special cases of the general transportation problem give us an opportunityto map concrete problems to the general formalization provided in Section 2 by focusing onthe static sources of complexity (i.e., the basic entities). In Section 4, we more thoroughlyexplore the process of reformulating the general transportation problem by focusing oncertain sources of complexity and neglecting others. In Section 5, we explore how to dealwith dynamic sources of complexity.3.1 Subscriber Dial-a-Ride ProblemOne reformulation of the general transportation problem that has been studied in theliterature is the Subscriber Dial-a-Ride Problem [38, 7]. This problem consists of a set ofcustomers (packages) who each need to be delivered from a source location to a destinationlocation. In addition, the pickup and/or delivery time for each customer is speci�ed. Givena set of vehicles (assets), the problem is to construct a set of schedules such that thecapacities of the vehicles are not exceeded. The performance criteria for this problem isto minimize customer dissatisfaction. This equates to minimizing the maximum for anycustomer of the deviation of the actual pickup time from the desired pickup time plus thedeviation of the actual delivery time from the desired delivery time.Using the formalization techniques of Section 2 we have:� a �nite, �xed set of locations, L;� a set of location properties, QL; all locations have identical properties, includingin�nite storage capacity;� a �nite, �xed set of direct routes, R, between locations in L;� a set of direct-route properties, QR; direct-routes have �xed, �nite length;� a graph (L;R) with vertices, L, and edges, R;� a set of packages, P (customers);� a set of package properties, QP ; packages have size, release date (desired pickuptime), delivery date (desired delivery time), source location (pickup location) anddestination location (delivery location) properties;14



� a �nite set of transportation assets (vehicles), A;� a set of asset properties, QA; assets have �nite capacity and in�nite range; and� a set of asset programs, U ; an asset program consists of a route that begins and endsat a speci�ed location (depot) and cannot be preempted.The performance criteria is to �nd a set of routes for transportation assets and one load andunload per package such that the package is loaded at source and unloaded at destinationsuch that the customer dissatisfaction is minimized subject to the capacity constraints ofthe assets. Formally, we haveminmaxp2P (jarelease(p)� drelease(p)j+ jadelivery(p)� ddelivery(p)j)where arelease(p) is the actual time that package p is picked up at its source, drelease(p)is the desired time of pickup for p at its source, adelivery(p) is the actual time that packagep is delivered to its destination and ddelivery(p) is the desired delivery time for p at itsdestination. In cases where only pickup or delivery times are given the corresponding termcan be dropped.The dial-a-ride problem can be expressed and solved as a linear program. A mathemat-ical formalization for this problem is found in [38].3.2 Greyhound Package Scheduling ProblemA second reformulation of the general transportation problem is the Greyhound PackageScheduling Problem. This problem is characterized by �xed asset routes resembling busschedules. Consider a situation in which a bus company has created a set of schedulesfor its buses that it has optimized for some performance criteria based on its passengeroperations. For example, it has scheduled its buses so that a bus is available at everylocation every �fteen minutes and no bus makes more than three stops between any twolocations; or it has minimized the time a passenger has to wait before the next bus arrivesgiven that passengers arrive at �xed times. The company then realizes that, although theschedules are optimal for its desired performance criteria, there is unused capacity availableon some buses. The bus company would like to make use of this capacity by managing apackage delivery business on the side. 15



The bus company sets up package drop-o� points at each of its locations. Since thebus schedules are already �xed, the problem reduces to that of determining a sequence ofloads and unloads for each package so that each package is transported from its sourceto its destination. The sequence of loads and unloads determines the route, or 
ow, ofthe package. Not only is the problem constrained to follow the �xed bus routes but, thecompany must be assured that the packages assigned to any bus at any time will not takeup more space than the capacity available. This capacity is �xed in advance by the buscompany's solution to the passenger routing problem.1 Finally, given these constraints, thebus company would like to minimize the total transit time for all packages so that it canmake some claims about average delivery time. Alternately, the company could choose tominimize the maximum delivery time for any package and make claims about \overnight"delivery, etc.Formally, we have:� a �nite, �xed set of locations, L;� a set of location properties, QL; all locations have identical properties, includingin�nite storage capacity;� a �nite, �xed set of direct routes, R, between locations in L;� a set of direct-route properties, QR; direct-routes have �xed, �nite length;� a graph (L;R) with vertices, L, and edges, R;� a set of packages, P ;� a set of package properties, QP ; packages have size, release date and source locationand destination location properties;� a �nite set of transportation assets, A;� a set of asset properties, QA; assets have �nite capacity and in�nite range; and1In practice, cargo is not stored in the passenger area but, rather, in the baggage area. The unusedcapacity at any time will vary though we have assumed it is �xed. A more convincing version of thisproblem can be framed in terms of containerized freight.16



� a set of asset programs, U ; an asset program consists of a �xed, possibly repeatedroute that cannot be preempted.The basic entities of the greyhound problem are depicted in Figure 4. The performancecriteria that we consider here is to �nd a set of schedules for packages (i.e., for each package,a series of loads/unloads onto assets such that the package begins at its source and endsat its destination) such that the total time between release date and delivery date (atdestination) for all packages subject to the capacity constraints of the assets is minimized.Formally, we have minXp2P delivery(p)� release(p)where delivery(p) is the time at which package p is delivered at its destination and release(p)is the time at which package p is released at its source.Given the speed of each asset (bus) and the sequence of locations it must visit, alongwith the distance between locations, we can construct the �xed asset routes required bythe problem. A example �xed asset route table that corresponds to the example problemin Figure 4 is:�rst stop second stop third stop fourth stop �fth stop sixth stop cycle time*on route on route on route on route on route on routeBus a 12:00 (A) 12:09 (C) 12:18 (B) repeat 30.6 minBus b 12:00 (B) 12:24 (F) 12:39 (E) 12:54 (F) repeat 78 minBus c 12:00 (E) 12:13 (D) 12:28 (C) 12:41 (B) 1:00 (A) repeat 91 min*Cycle times assume 3 minutes per stop for loading/unloading. In this simpli�cation ofthe problem, we neglect any variance in the travel times due to tra�c conditions, etc., andassume that the �xed routes (bus schedules) are guaranteed. In Section 5, we describe howto extend a static problem to one with dynamic complexity such as uncertainty in �xedroutes.Upon closer inspection it is apparent that in the greyhound problem the bus schedulesand problem graph can be collapsed into a single structure, since the bus routes are �xedthere are a �xed number of ways for a package to travel between nodes. Using this factwe can take an instance of the greyhound problem including graph, �xed asset routes andpackages and induce a new graph as follows:17
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� pick some time interval;� for each asset a 2 A:{ for each route stop i within the time interval:� create a node (la;i; ta;i) such that asset a arrives at location la;i at timeta;i 2 T� create directed edge ((la;i; ta;i); (la;i+1; ta;i+1)) with capacity cap(a) and costta;i+1 � ta;i;� for each package p 2 P :{ create a node (sp; tp) such that package p is released at source node sp 2 L atrelease date tp 2 T ;� for each time step tl within the time interval, if (l; tl) corresponds to a node createdabove then create a directed edge ((l; tl); (l; tl0)) with in�nite capacity and cost tl0� tl;where tl0 is minimum time step greater than tl corresponding to node created abovefor location l;� letDEST = Sp2P dest(p) ; for each dt 2 DEST create node dt and for each node (l; t)created above, if l = dt then create a directed edge ((l; t); dt) with in�nite capacityand zero cost.An induced graph corresponding to our example is given in Figure 5. As we point out inSection 4.3, this graph can then be used to solve the greyhound problem as a multicom-modity 
ow problem. For a more detailed treatment of the greyhound problem see [13].3.3 Comparing the Two Special CasesIn the general transportation formulation of Section 2, properties on basic entities are leftunspeci�ed. This lack of structure can lead to combinatorial problems. Both the dial-a-ride and greyhound problems address this issue by further constraining the problem. Theyboth are concerned solely with static sources of complexity and neglect dynamic sources ofcomplexity. The two problems are similar in that all the basic entities are the same. They19
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* Figure 5: Greyhound Problem { Induced Graphdi�er from each other in the properties of the packages and programs of the assets and theirperformance criteria. Speci�cally, they have the following di�erences:1. package properties� dial-a-ride: release date and delivery date properties of packages correspond toa time window in which the package must be delivered� greyhound: delivery date is not necessarily speci�ed2. package program (routing property)� dial-a-ride: single load/unload per package� greyhound: multiple loads/unloads per package3. asset program� dial-a-ride: asset routes begin and end in the same location but are otherwiseunconstrained� greyhound: asset routes are completely �xed in advance4. performance criteria� dial-a-ride: minimize maximum time window 
uctuation for any package20



� greyhound: minimize total travel time for all packagesThe key di�erences in terms of complexity are the �xed versus scheduled asset routesand the single versus multiple loads per package. The complexity issues caused by thesedi�erences are explored in more detail in Section 4. Linear programming and integer pro-gramming formularization have been obtained for both the dial-a-ride and greyhound prob-lems. As will be seen in Section 4.3, linear programming is an important tool for solvingtransportation problems.4 Static Complexity Issues and Problem ReformulationIn Section 2, we present a formalization of the transportation problem. This formalizationis su�ciently general to address the wide range of issues within the transportation domain.However, many sources of complexity are combined in the problem description as presented.In Section 3, we describe two special cases of the general transportation problem. Thesubscriber dial-a-ride problem was found in the literature and then shown to be a specialcase of the general problem. In the greyhound problem, we began with the formalizationof the general problem described in Section 2 and simpli�ed the formalization into a moretractable yet very natural problem. In this section we describe this process of reformulatingthe general problem into simpli�ed problems based on complexity issues in more detailand discuss the usefulness of the general formalization for constructing new, interestingproblems.The two special cases above serve to isolate certain complexity issues from others.For example, in the dial-a-ride problem the complexity due to multiple loads/unloads ofpackages is removed and in the greyhound problem the complexity due to unconstrainedasset routes is removed. In both problems, the complexity due to �nite storage capacityat sites and all dynamic sources of complexity are removed. This process of abstractingfrom the general transportation problem features based on the complexity sources can beexplored further.We proceed by explicitly pointing out the static sources of complexity in the problemformulation. Once we are aware of the sources of complexity, we can reformulate theproblem so that the sources of complexity that are critical to a particular natural problem21



or set of research interests are included and those that are peripheral are excluded. Eachreformulation of the problem may emphasize di�erent sources of complexity. In Section 5,we discuss dynamic sources of complexity.We de�ne a source of complexity as a problem feature whose inclusion has tendedto make similar problems NP-hard, all other features remaining equal. These featuresmove a problem across the threshold from tractable to NP-hard. We must emphasize thatthese categorizations only provide perspective on the problem, based on seemingly similarproblems in related lines of research. Any actual complexity determination depends uponthe combination of all features in a particular problem description. We take advantage ofthe wealth of research in sequencing and scheduling, vehicle routing and operations researchto make our preliminary categorizations.4.1 Static Sources of Complexity from Related ResearchIncluded here are summaries of the relevant complexity of the related research. It is beyondthe scope of this article to go into detail about the speci�c concepts of these related lines ofresearch and mappings from their terminology to the transportation domain. For a moredetailed discussions see [25, 6, 38, 10, 19, 16].There is a well-developed body of research in sequencing and scheduling that exploressome of the questions with which we are concerned [25]. This research is divided intosingle machine deterministic problems, parallel machine deterministic problems, stochasticproblems and job shop problems. If we are to take advantage of results in the schedulingliterature, we must describe our problem in terms of machines, jobs, operations, etc. The�t is not exact and, therefore, there are many di�erent ways to map the problem into thislanguage. Though we do not go into detail about how to map transportation problemsto traditional scheduling problems, these choices can greatly a�ect the complexity of thesolutions.Below is a summary of related results in the scheduling literature. Each of these resultspoint to a speci�c combination of features that have either been shown NP-hard or poly-nomial in single machine (unless noted) deterministic machine scheduling. Deterministicmachine scheduling literature is most closely related to the static complexity issues in thetransportation problem. It is important to reiterate here that these results are not cut anddry. These categorizations only provide perspective on the problem. Determining whether22



a speci�c transportation problem is NP-hard or polynomial depends upon an analysis ofthe combination of all features in that particular problem.NP-hard:{ arbitrary precedence constraints among jobs{ jobs with deadlines and weighted minsum objective function{ variable release dates among jobs (as opposed to all jobs being released at thesame time){ no job preemption, parallel machine model and minmax objective function{ job preemption, parallel machine model and weighted minsum objective function{ job preemption, single machine model and weighted minsum tardiness objectivefunction{ arbitrary processing requirements among jobs and unweighted minsum objectivefunctionPolynomial:{ special cases of precedence among jobs (e.g., tree, series-parallel){ jobs with deadlines and unweighted minsum objective function{ variable release dates among jobs and job preemption{ variable release dates among jobs and similar ordering of release and due datesamong jobs (i.e., if job a has release date preceding job b then job a also has duedate before job b){ unit length jobsThe general transportation problem can be best described as involving unrelated parallelmachines (machine properties vary with both machine and job) that cannot be preemptedonce a job is started, jobs with arbitrary deadlines and release dates and a weighted minsumobjective function. The results above indicate that this combination of features may beNP-hard. The greyhound problem can be best described as involving uniform parallelmachines (machine properties vary with machine only) that cannot be preempted once ajob is started, jobs with variable release dates and processing requirements, and a weighted23



minsum objective function. This simpli�ed problem also appears to be NP-hard, based onrelated scheduling results above. However, when uncertainty is introduced into the problemand we are looking for expected performance rather than exact performance, it is often thecase that NP-hard problems can be solved in polynomial time [25]. Similar optimalityrelaxation results for approximation algorithms are discussed in Section 4.3.A second body of research that relates to features in the transportation problem areshortest path, traveling salesman (TSP) and multicommodity 
ow problems [15, 20, 10, 36].In the shortest weight-constrained path problem [16], we are given: a graph G = (V;E);length l(e) 2 Z+, for each e 2 E; weight w(e) 2 Z+, for each e 2 E; speci�ed verticess; t 2 V ; and positive integers K;W ; and ask the question: Is there a simple path (allvertices in the path are distinct) in G from s to t with total weightW or less and total lengthK or less? This problem is NP-complete for directed and undirected graphs, but solvable inpolynomial time if all weights are equal or all lengths are equal [16]. This problem indicatesthat an optimal assignment of assets to packages, even for a single package, is NP-complete.Another closely related problem from [16] is the path constrained network 
ow problem.In this problem: given a directed graph G = (V;A); speci�ed vertices s and t; capacityc(a) 2 Z+, for each a 2 A; a collection P of directed paths in G; and a requirementR 2 Z+; we ask the question: Is there a function g : P ! Z+0 such that if f : A ! Z+0 isthe 
ow function de�ned by f(a) = Pp2P (a) g(p), where P (a) � P is the set of all pathsin P containing the arc a, then f is such that (1) f(a) � c(a) for all a 2 A, (2) for eachv 2 V � fs; tg, 
ow is conserved at v, and (3) the net 
ow into t is at least R?This problem remains NP-compete even if all c(a) = 1. It is similar to the statictransportation problem in that it speci�es a set of paths, each with a unique cost (size).However, it does not specify schedules since paths do not include any timing information.A third related problem is the directed two-commodity integral 
ow problem [16]. Inthis problem: given a directed graphG = (V;A); speci�ed vertices s1, s2, t1, and t2; capacityc(a) 2 Z+, for each a 2 A; and requirements R1; R2 2 Z+; we ask the question: Are theretwo 
ow functions f1; f2 : A ! Z+0 such that (1) for each a 2 A, f1(a) + f2(a) � c(a), (2)for each v 2 V � fs; tg and i 2 f1; 2g, 
ow fi is conserved at v, and (3) for i 2 f1; 2g, thenet 
ow into ti is at least Ri?This problem remains NP-complete even if c(a) = 1 for all a 2 A and R1 = 1. Thecorresponding M-commodity (multicommodity 
ow) problem is polynomially equivalent24



to integer programming and with non-integral 
ows allowed is polynomially equivalent tolinear programming for all M � 2. One consequence of this result is that, if packages aresmall enough, we can think of them as continuous variables and possibly generate usableapproximation algorithms. In Section 4.3, we discuss approximation algorithms in moredetail, including some based on multicommodity 
ow.4.2 Static Sources of Complexity in the General Transportation ProblemFrom the above discussions, we can pinpoint some sources of complexity in the formulationof the transportation problem. It can be seen that the following are static sources ofcomplexity:� Finite, mobile transportation assets� Transportation assets with �nite capacity constraints (even if uniform)� Nonpreemption of transportation assets (once in transit)� Nonidentical release dates, nonidentical package processing requirements (route size),nonidentical deadlines� Nonidentical packages, assets, sites, edges� Finite capacity storage and edges� Finite range of transportation assets� Unconstrained routing of transportation assets� Arbitrary precedence constraints in routes� Transit and package handling time dependent on location and assetIn the presentation of the subscriber dial-a-ride and greyhound problems in Section 3,we isolate some sources of complexity from others. In general, we can choose certainsources of complexity as being critical to a natural problem and then neglect those that areperipheral. In essence, this process takes the general problem formalization and �lters itthrough related complexity observations and a particular natural problem or set of researchinterests and arrives at a problem reformulation.25



4.3 Algorithms and Performance Guarantees that Address Static Com-plexity IssuesIn Section 4, we cite problems related to the general transportation problem and isolatethe static sources of complexity in the transportation problem. Given that these relatedproblems are known to be NP-hard, it would seem unlikely that we would be able to �ndpolynomial time optimal algorithms to solve the static transportation problem or reformu-lations that contain comparable sources of complexity. However, there are ways to approachthe transportation problem if we are willing to relax our desire for optimal solutions.In this section, we discuss two classes of algorithms that can be used to overcomethe di�culty of the static transportation problem. They are approximation algorithmsand randomized algorithms. In short, approximation algorithms give up the notion of an\optimal solution" to an optimization problem but, in turn, guarantee that the qualityof the solution of the resulting algorithm will not exceed a performance bound for anyproblem instance; whereas randomized algorithms allow for better bounds on algorithms bybounding the probability that a worst-case (i.e., bad) event occurs and thereby guaranteeingthat a good event will occur with high-probability.We can obtain provable performance guarantees for certain problems by constructingapproximation algorithms. Approximation algorithms apply to optimization problems inwhich we can be content with solutions that are provably near-optimal using fast (polyno-mial) algorithms. Good discussions of approximation algorithms can be found in [16, 11].When analyzing an approximation algorithm, we compare the value of the solution withthe optimal value for the optimization problem. Since an optimization problem is concernedwith either minimization or maximization of some objective function, the value that weare concerned with is the value of that objective function. In general, an approximationalgorithm run on di�erent instances of a problem will yield di�erent values, just as theoptimal value will be di�erent for di�erent instances. It may also be the case that therelation between the value given by the approximation algorithm and the optimal valuewill be di�erent for di�erent instances of the problem. It is that relation or ratio that wewould like to provably guarantee.Let OPT (I) be the optimal value for instance I of a problem and let AA(I) be thevalue returned by a given approximation algorithm for instance I of a problem. For a26



minimization problem, we are interested in the ratioAA(I)OPT (I)and for a maximization problem we are interested in the inverse ratio. More succinctly, weare interested in the value maxf AA(I)OPT (I) ; OPT (I)AA(I) g. Since the optimal value is a lower boundon the value that any algorithm will return for an instance, this ratio is lower boundedby one. There are further details concerning the di�erence between absolute performancebounds and asymptotic performance bounds that we will not go into here (see [16]).In the analysis of a given approximation algorithm, we would like to upper and/or lowerbound this ratio. By providing an upper bound on this ratio, we are guaranteeing that forany instance of the problem (or any instance large enough in size) the ratio of the valueof the algorithm to the optimal value is bounded from above. This bound can either be aconstant bound or a bound that is a function of the size of the instance. Ideally, we wouldlike constant bounds that are as close as possible to one. Non-constant bounds implythat the value of the approximation algorithm can be in�nitely worse than the optimalvalue. However, in cases when constant bounds are not possible, we may be satis�ed withpolylogarithmic bounds.As an example of an approximation algorithm related to the transportation problem,consider the traveling salesman problem (TSP). The TSP problem is a single-vehicle prob-lem in which, given a �nite set of cities and a distance between any two cities, we would liketo �nd a tour of minimum distance for the vehicle such that each city is visited exactly once.This problem has been extensively studied [24] and has been shown NP-complete. How-ever Christo�des [9] has demonstrated an approximation algorithm with ratio 3=2 based onminimum spanning tree methods for instances of the TSP problem that satisfy the triangleinequality (i.e., for every 3 cities fa; b; cg, dist(a; c) � dist(a; b) + dist(b; c)). So, for anyinstance of the TSP problem satisfying this condition, a solution can be found quickly (inpolynomial time) that provides a tour in which the vehicle travels no more than 50% morethan the optimal tour. It is interesting to note that it has been shown [37] that a good ap-proximation algorithm to solve the TSP problem without the triangle inequality constraintcannot be found in polynomial time unless P = NP .As another example of an approximation algorithm related to the transportation prob-lem, consider the bin packing problem. In the bin packing problem, we are given a �nite27



set of items of rational size 2 [0; 1] and we must partition the items into the fewest numberof sets such that no set contains items that sum to more than one. While this problem isalso NP-hard, an approximation algorithm exists [16] that can �nd a solution in which thenumber of sets in the partition is within 22% of the optimal number of sets.There is an extension on the approximation algorithm idea into what is called an ap-proximation scheme. In an approximation scheme we are given an \accuracy requirement"� > 0. Given this �, the approximation scheme is an approximation algorithm that willsolve the problem instance with a ratio less than or equal to 1 + �. Generally, the lowerthe � the slower the algorithm (in terms of computation time). If the algorithm used ispolynomial in the size of the instance for each �xed � > 0 then we have a polynomial timeapproximation scheme. If, additionally, the process of �nding the particular algorithm forthe �xed � (the scheme) is polynomial in terms of the size of the instance and 1=�, then wehave a fully polynomial time approximation scheme (FPAS). In trying to solve an NP-hardproblem, an FPAS is, in some sense, the best possible result.Randomized algorithms incorporate random choices into otherwise deterministic pro-cedures. Whereas approximation algorithms provide provable performance guarantees forsolving an instance of a problem near-optimally, algorithms constructed using the random-ization technique provide performance guarantees that will be correct for every instanceof the problem with high-probability. In other words, there is some non-zero probabilitythat the performance guarantee will be violated in some cases. However, these cases areprovably very rare. A good discussion of randomized algorithms can be found in [32].One example of a randomized algorithm is a variant of quicksort called random quicksort.The major di�erence from deterministic quicksort is that, in random quicksort, the splitterelement is picked randomly. Recall that deterministic quicksort has an expected runningtime of O(n logn) and a worst-case running time of O(n2). Therefore, our performanceguarantee for deterministic quicksort is O(n2) for any input. By taking the randomnessout of the input and putting it into the algorithm, randomized quicksort is able to providea performance bound of O(n logn) for any input, with high probability. The probabilityin this case is 1 � O(n�6). In other words, the probability that random quicksort willterminate in O(n logn) steps is very close to one [32].Randomization techniques can also be used to construct approximation algorithms thatare provably close to optimal with high-probability. The relation of multicommodity 
owproblems to transportation problems was mentioned in Section 4.1. In [26] the authors28



demonstrate an approximate k-commodity 
ow algorithm that runs in O(knm log4 n) timewith high probability, where n is the number of nodes and m is the number of edges in thenetwork. Given any multicommodity 
ow problem, this algorithm is guaranteed with highprobability to provide a feasible solution, if one exists, in which all capacities are increasedby a (1 + �)-factor or to provide a proof that no feasible solution exists.Another use of randomization techniques to construct approximation algorithms formulticommodity 
ow and other transportation related problems can be found in [34, 33].This work introduces the concept of randomized rounding in which high-probability al-gorithms are obtained for integer problems by �rst solving a relaxed linear program andthen using the resulting real-number values to determine integer values for the variables.(See [2] for recent results in using linear programming for solving complex transportationproblems).In [13] we apply this randomized rounding technique to the greyhound problem. Wedemonstrate the bene�ts of this method for restrictions of the greyhound problem by pro-viding algorithmic solutions. We also demonstrate the limitations of applying this methodto more general transportation problems. Algorithmic solutions to the dial-a-ride problemare discussed in [31, 39, 8, 41].It should be noted that approximation and randomization techniques can be applied tothe dynamic problems discussed in Section 5 as well as the static ones discussed here. Agood reference for surveys and results for combinatorial optimization problems is [30].5 Dynamic Complexity Issues and Solution ConceptsIn Section 4.1, we explore research that points to static sources of complexity that tendto make a problem hard. In Section 4.3, we discuss approximation algorithms and howto provide performance guarantees for the corresponding problem reformulations. Thisis only half the story. We have thus far completely neglected the additional complexitydue to dynamic sources. In particular, the general transportation problem introducedin Section 2 allows for uncertain and changing basic entities in the problem de�nition,partial and uncertain information in the communications structure and distributed controlin the solutions. This additional complexity is in part due to the fact that a transportationproblem naturally consists of the concurrent operation of dynamical systems in an uncertain29



environment. While related research provides much insight into static complexity, there isa relative paucity of related research considering these dynamic sources of complexity. Inthe following we describe some related research and discuss ways to extend solutions tostatic problems into solutions addressing the dynamic sources of complexity as well.5.1 Dynamic Sources of Complexity from Related ResearchOne line of related research provides insights into the dynamic sources of complexity inthe transportation problem is the �eld of discrete event systems (DES). This research isparticularly applicable to the distributed, decentralized aspects of our problem in thatthere are some noteworthy results concerning decentralized supervisory control in the DESliterature. Results from this area may also be applicable to the dynamic nature of thetransportation problem, including their consideration of the problem of partial information.The results of Ramadge, Wonham and Lin [35, 27] are encouraging in that they are the�rst results we have come upon that enable us to formally analyze the feasibility of a dis-tributed solution. They provide conditions under which distributed solutions are provablyfeasible.In the DES context, the complexity of synthesizing supervisors is the relevant measure.A supervisor is a control program that restricts the dynamical system from entering certainstates. Ramadge and Wonham [35] give polynomial algorithms for solving some supervisorsynthesis problems. However, they show that it is unlikely that techniques to realize min-imal supervisors will be feasible in large problems. Also, these algorithms are polynomialin the size of the state space, which may not be a useful measure in the transportationproblem since the state space is exponential in the number of state variables. Ramadgeand Wonham also mention results related to the use of the shu�e product (forming DESfrom the concurrent actions of two or more asynchronous and independent machines) inmodeling the concurrent operation of several discrete dynamical systems. In these systemsthe number of states increases exponentially with the number of components.Tsitsiklis [42] provides necessary and su�cient conditions for the existence of cer-tain classes of supervisors and then demonstrates polynomial-time algorithms for show-ing whether or not those conditions are met for speci�c DES. However, this only showsthe existence of a supervisor in polynomial-time. There is not an e�cient method for ac-tually synthesizing the supervisor. It is not necessarily the case that a supervisor with30



polynomial-state space may always be found. As mentioned above, shu�e product systemshave a state-space that is exponential in the size of the state space of a single component.Tsitsiklis demonstrates polynomial algorithms for some control problems, but also showsthat some control problems of interest are computationally di�cult. He has also observedthat problems with partial information are often algorithmically intractable.5.2 Solution ConceptsIn the problem description of Section 2, we discuss the basic entities and decision-makingstructure that comprise a transportation problem. There is no explicit formula for how todeal with the dynamic, distributed and uncertain properties that many natural transporta-tion problems tend toward. These issues may best be dealt with not as part of the problemformalization but as part of the solution. In this section, we sketch this approach to dealingwith dynamic complexity.In some sense, the decision-making structure de�ned in a particular transportationproblem formulation dictates the form of the solutions. For example, a decision-makingstructure that is de�ned to require multiple, distributed agents may lead to vastly di�erentsolution techniques than a problem in which the decision-making structure can be designedto best suit the problem. An unrestricted decision-making structure can lead to more 
ex-ibility in constructing solutions, whereas a problem in which the decision-making structureis �xed in advance has a more restricted choice of solution techniques.The structures through which the decision-making structure dictates the form of thesolution include:� number of decision-making agents,� information access function,� communication access function, and� control authorization function.For example, if the decision-making structure includes multiple agents and constrains thecontrol authorization function such that every agent is only authorized to change the pro-gram of a speci�c subset of assets at any time, we must derive a solution that includesmultiple distributed controllers. 31



We de�ne some solution concepts that can be combined to form a complete solution asfollows:Control :Centralized: A single agent has exclusive access to all programmable assets.Distributed: Multiple agents have individual access to programmable assets.Coordination :Centralized: A single agent determines the coordination of all agents.Distributed: Multiple agents, each independently (or through communication) de-termine the coordination of a subset of agents.Data Access :Global: All data (state information) is equally accessible to any agent.Local: Access to data (state information) is restricted by location and/or other fac-tors.Predictive Model :Perfect: The deterministic predictive model of the underlying dynamical system isknown and allows perfect extrapolation.Imperfect: The system model is incomplete, stochastic, or error prone and, there-fore, extrapolation is imperfect.Schedule Generation :Static: Entire schedule is generated at t = 0 and then executed without feedback.Dynamic: Schedule is generated and modi�ed on-line as conditions change.The �ve solution concept categories can be combined in numerous ways, subject to therestrictions in the decision-making structure of the problem. These concepts form a spaceof complete solution points from which to search. When searching for techniques to employin solving the transportation problem, we can restrict our search to one point in this spaceat a time. For example, the combination of distributed control, centralized coordination,32



global data access, perfect model and dynamic schedule generation form one point in thisspace.The solution space concept can be best used to direct the search for solutions within aparticular formulation of the transportation planning problem. For any single transporta-tion problem, a series of solution points may be explored. Conversely, for any single solutionpoint there may be many alternative problem formulations to explore. We discuss alternateproblem formulations in Section 4. Therefore, a research program may move simultaneouslyin two spaces: the problem space and the solution space, alternatively reformulating theproblem and considering di�erent points in the solution space until a satisfactory solutionto a natural problem is derived.It may be the case that the class of interesting problems are such that the decision-making structure completely restricts the solution space from within the problem descrip-tion. However, maintaining the distinction between problem concepts and solution conceptsallows us to better generalize solution techniques for di�erent problem formulations and,conversely, move between solution concepts within a single problem formulation.Although this section is concerned with extending static algorithms to algorithms thatsupport dynamic complexity as well, it should be noted that exploring the static algorithmshas merit of its own. In speci�c, in cases where fast medium bandwidth communicationexists, static, centralized scheduling algorithms can be the major part of a solution to aparticular transportation problem. The transportation problem consists of both high-levelscheduling and low-level control issues. While the low-level control is inherently distributed,the high-level scheduling need not be.5.3 Algorithms and Performance Guarantees that Address Dynamic Com-plexityIn addition to the approximation algorithm and randomization techniques discussed inSection 4.3, there are other algorithmic approaches to solving problems with dynamic com-plexities similar to those in transportation problems. In this section, we discuss two ofthese techniques that provide performance guarantees in the face of dynamic sources ofcomplexity. They are anytime algorithms and competitive algorithms.A classic military maxim is \Good plans o�ered now are always better than perfect planso�ered later" [12]. This maxim points to the dynamic complexities involved in operating33



in a changing environment. Anytime algorithms address this issue by providing iterativealgorithms that achieve better solutions as more time for computation is available, but areable to provide some solution at any time [3]. In other words, the quality of the solution(i.e., performance guarantee) is a function of the computation time. This notion di�ers fromthe traditional concept in which algorithms provide only one solution at the completion ofprocessing.Anytime algorithms have many applications to transportation problems. In [4] anytimevehicle routing solutions are provided based on the edge-exchange algorithm of [28]. Any-time algorithms are useful for both dynamic and uncertain environments because they allowthe decision-making agent to make e�ective use of the time available for decision-makingwhile at the same time allowing for unexpected changes to interrupt the decision-makingat any moment.In Section 5.2, we consider the di�erence between the o�-line (static) construction ofschedules and the on-line (dynamic) construction of schedules. In [40] a method of analysisis developed that compares the performance of an on-line algorithm on any sequence ofoperations to the performance of the optimum o�-line algorithm (i.e., one in which theentire sequence is known in advance) on the same sequence of operations. This analysisis similar to that of approximation algorithms in that we are interested in the ratio of thebest on-line to the best o�-line solution,online(I)offline(I) :An algorithm is termed k-competitive [23] if the ratio is within a factor k. An algorithmis considered strongly competitive if the factor obtained is provably the best possible. Anexample of a strongly competitive algorithm is given by [29].In [1] the authors use the notion of polylog(n)-competitive to describe an on-line schedul-ing problem related to transportation problems. They describe an on-line algorithm to bal-ance the job load in a network of processors that is provably polylog(n)-competitive with thebest o�-line algorithm. This scheduling problem is similar to the parallel machine schedul-ing problems mentioned in Section 4.1 and described fully in [25]. This demonstrates theuse of competitive algorithms to bound the performance of an on-line scheduling problem.In the past, researchers have recognized the tradeo�s inherent in the extremes character-ized by anticipatory control strategies involving complex forms of inference and responsive34



control strategies involving much simpler forms of inference. There appear to be similartradeo�s inherent in the extremes characterized by, on the one hand, distributed planningsystems involving complex negotiation and cooperation and, on the other hand, fault toler-ant systems involving much simpler protocols to e�ect coordination and guarantee behavior.In distributed planning, issues of time criticality are exacerbated by delays in communica-tion. Many forms of inference can be protracted due to communications delays. Researchon the transportation problem promises to redirect work in planning, scheduling and combi-natorial optimization to address the dynamic problems faced by real-world, time-pressuredembedded control systems.6 ConclusionThis paper is intended to serve as a starting point for coordinating the work of computerscientists and operations researchers toward addressing the di�cult issues inherent in thetransportation problem. By providing a standard formalization in which to discuss thetransportation problem, we hope to bring forth the commonalities of existing research in thetwo areas. We hope that this description facilitates technical discussion among participantsin the Transportation Planning and Scheduling Initiative and within the larger communityof researchers in planning, scheduling and control.AcknowledgmentsThe authors would like to thank Jon Doyle, Paris Kanellakis, and Mike Wellman for theirsuggestions and feedback on an earlier draft of this paper. We would also like to thankPhilip Klein and R. Ravi for their assistance in exploring approximation algorithms for thegreyhound problem.References[1] Awerbuch, Baruch, Kutten, Shay and Peleg, David, Competitive Distributed JobScheduling, in preparation. 35
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