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Using Multi-Strategy Learning to ImprovePlanning E�ciency and QualityTechnical Report AI98-269Tara Adrienne Estlin, Ph.D.The University of Texas at Austin, 1998Supervisor: Raymond MooneyArti�cial intelligence planning systems have become an important tool for automating awide variety of tasks. However, even the most current planning algorithms su�er from two majorproblems. First, they often require infeasible amounts of computation time to solve problems inmost domains. And second, they are not guaranteed to return the best solution to a planningproblem, and in fact can sometimes return very low-quality solutions. One way to address theseproblems is to provide a planning system with domain-speci�c control knowledge, which helps guidethe planner towards more promising search paths. Machine learning techniques enable a planningsystem to automatically acquire search-control knowledge for di�erent applications. A considerableamount of planning and learning research has been devoted to acquiring rules that improve planninge�ciency, also known as speedup learning. Much less work has been down in learning knowledge toimprove the quality of plans, even though this is an essential feature for many real-world planningsystems. Furthermore, even less research has been done in acquiring control knowledge to improveboth these metrics.The learning system presented in this dissertation, called Scope, is a unique approach tolearning control knowledge for planning. Scope learns domain-speci�c control rules for a plannerthat improve both planning e�ciency and plan quality, and it is one of the few systems that canlearn control knowledge for partial-order planning. Scope's architecture integrates explanation-based learning (EBL) with techniques from inductive logic programming. Speci�cally, EBL is usedto constrain an inductive search for control heuristics that help a planner choose between competingplan re�nements. Since Scope uses a very 
exible training approach, its learning algorithm canbe easily focused to prefer search paths that are better for particular evaluation metrics. Scope isextensively tested on several planning domains, including a logistics transportation domain and aproduction manufacturing domain. In these tests, it is shown to signi�cantly improve both planninge�ciency and quality and is shown to be more robust than a competing approach.viii
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Chapter 1IntroductionPlanning is a ubiquitous and integral part of every day life. We plan when we go to the grocerystore, when we take a trip, and even when we take the dog for a walk. Small tasks take very simpleplans, such as driving to a restaurant for dinner, while larger tasks can take very extensive andcomplicated plans. For instance building a new house requires a set of long and detailed plans tobe done correctly. Planning also has an important role in the workplace and is used for a variety oftasks such as building pieces of machinery or designing e�ciency delivery routes. Much time ande�ort is often required to construct correct and e�cient plans for such problems and many humanhours can be spent on this process.Arti�cial intelligence (AI) planning systems provide a way to automate many of these plan-ning tasks. Given a set of goals, AI planners generally search through a list of relevant domainactions until a correct list of those actions has been found that can achieve the desired goals. Thesesystems can save countless hours by quickly constructing the necessary steps to perform a particulartask. They can also be helpful in constructing optimal or high-quality plans that will perform thetask in the best possible manner. For instance, it may be important to a manufacturer that plansfor building machinery minimize certain types of resource consumption. Similarly, it is importantfor a package delivery service to design delivery routes that allow for the quickest delivery of allpackages.Once a plan has been constructed by a planning system, it can be used in several di�erentways. The plan is sometimes passed to a human operator who then carries out the speci�ed steps.Another option is to give the plan to a computer execution agent which performs the task withlittle or no human intervention. Planning systems have become a powerful and popular tool forperforming a range of activities, from manufacturing semiconductors (Fargher & Smith, 1994), tocleaning up oil-spills (Agosa & Wilkins, 1996), to scheduling antenna communications with orbitingspacecraft (Chien, Govindjee, Estlin, Wang, & Jr., 1997). As the desire for automation grows moreprevalent in today's society, the need for e�cient and intelligent planning systems grows as well.1.1 Acquiring Planning Control KnowledgeResearchers have introduced numerous approaches to planning that have been tested and utilizedon a variety of toy and real-world domains. Yet, even the newest domain-independent planningalgorithms su�er from two major drawbacks. First, they often require large amounts of computa-1



tion to solve even relatively simple problems and cannot tractably handle most realistic problems.Second, these algorithms are usually not guaranteed to return the best solution, and often returnsub-par solutions to many planning problems. In many real-world settings, returning an optimalor near-optimal solution can be critical and is often more important than returning the solutionquickly.One way to address these problems is to provide a planner with considerable amounts ofextra knowledge about a domain. This additional domain information is often termed \controlknowledge" and indicates how a planner should best achieve its goals. Control knowledge is usuallyrepresented in the form of search-control rules or heuristics that can be easily utilized by theplanner. Control rules can specify information such as what actions should be added to achieveparticular goals, or in what order problem goals should be examined.For example, consider the simple planning problem shown in Figure 1.1 from a logisticstransportation domain created by Veloso (1992). In this domain, packages must be delivered todi�erent locations in di�erent cities. Packages must be transported between cities by airplaneand within a city by truck. In Figure 1.1 there are two packages that must be transported fromthe Austin airport to the Chicago airport. Two possible solutions to this problem are shown inFigure 1.2. Though the problem in Figure 1.1 is relatively simple, a planner will often performmuch unnecessary search before arriving at one of these or other possible solutions. For instance,in trying to achieve the �rst goal, at-obj(pkg1,chicago-airport), the planner may �rst try to usethe truck, by adding the action unload-truck(pkg1,truck1,chicago-airport), and continue along thatsearch path until it �nally fails since the truck cannot be used for inter-city delivery. To avoid thisunnecessary search, the control rule shown in Figure 1.3 could be utilized. This rule checks if thegoal location of the package (the Chicago airport) and the current package location (the Austinairport) are in di�erent cities. If this condition is found to be true, then the control rule directsthe planner to select the appropriate action unload-airplane(pkg1,plane1,chicago-airport). This rulecould also be expanded to check for other conditions; for instance, it could be bene�cial to check ifthe goal location is an airport. Other rules could also be used that apply in other domain situations.Control knowledge, such as the rule shown in Figure 1.3, is not necessary for normal orcorrect planner operation. Without it, the planner is still guaranteed to return a correct plan if givenenough time and if a plan does exist. Yet control knowledge can be very useful in addressing thetwo drawbacks mentioned previously. First, control rules can help a planner to avoid considerablesearch by directing it towards the most promising search paths early in the planning process. Therule shown in Figure 1.3 is an example of this type of knowledge. Second, rules can also be usedto direct a planner towards optimal or high-quality solutions. For instance, in Figure 1.2, Plan 2is a more satisfactory plan since it requires fewer steps. Control rules could be added that directthe planner towards �nding Plan 2 as opposed to �nding Plan 1. Without the addition of controlrules, a planner may be unable to produce solutions in a reasonable amount of time, and the fewsolutions it can produce may be considered infeasible or of low quality.Thus, control rules can be a very important component of any planning system. Unfortu-nately, constructing control rules for a domain is a di�cult, laborious task. One way to acquirerules is to consult with a domain expert. However, acquiring the necessary domain informationfrom an expert and coding that information in a form usable by the planner can be a very hard ifnot impossible task. This problem is one form of the well-known \knowledge-bottleneck problem."2
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at-obj(pkg2,chicago-airport)Figure 1.1: A problem from a logistics transportation domain. This problem speci�es a probleminitial state on the left-hand side and a list of goals that must be achieved on the right. The goalsfor this problem specify that two packages must be moved from the Austin airport to the Chicagoairport.
Plan1load-airplane(pkg1,plane1,austin-airport)
y-airplane(plane1,austin-airport,chicago-airport)unload-airplane(plane1,chicago-airport,austin-airport)
y-airplane(plane1,chicago-airport,austin-airport)load-airplane(pkg2,plane1,austin-airport)
y-airplane(plane1,austin-airport,chicago-airport)unload-airplane(pkg2,plane1,chicago-airport)Plan2load-airplane(pkg1,plane1,austin-airport)load-airplane(pkg2,plane1,austin-airport)
y-airplane(plane1,austin-airport,chicago-airport)unload-airplane(plane1,chicago-airport,austin-airport)unload-airplane(pkg2,plane1,chicago-airport)Figure 1.2: Two plans for the problem shown in Figure 1.1.
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IF current-goal(at-obj(X,Loc)) ^ true-in-state(at-obj(X,Loc2)) ^ di�erent-city(Loc,Loc2)THEN use operator unload-airplane(X,Plane,Loc)Figure 1.3: A simple control rule for the logistics transportation domain. This rule would direct theplanner to choose the action \unload object X from airplane Plane at location Loc" if the currentgoal was to have object X be at location Loc and if it's true that X's location in the current worldstate (Loc2) is in a di�erent city than its goal location (Loc).Many experts cannot easily relay the information that they use in constructing good plans; andeven once the information is given, hand-coding that information in the form of planning controlrules can be very di�cult and time-consuming. Plus, an expert may not always be easily accessiblefor the domain we are working in. Additionally, every time the domain changes, or we apply theplanner to a new domain, we must acquire a new set of control rules.Research in planning and machine learning attempts to address the problem of acquiringusable control knowledge by developing methods that automatically build search-control rules fordi�erent domains. By examining past planning scenarios, a learning system can often constructcontrol heuristics that will help a planner perform well on future problems. In the past few decades,a number of learning systems have been built that learn control knowledge for planning. However,these systems are rarely used in planning systems that are prominently used today. The reasonsfor this are two-fold. First, most past learning systems have been designed to learn control rules forstate-space planners. State-space planning is a older method of planning that is used infrequentlyin present-day planners. A much more common and current style of planning is plan-space orpartial-order planning, which has been shown to be more e�ective than state-space planning inmany domains (Barrett & Weld, 1994; Kambhampati & Chen, 1993; Minton, Drummond, Bresina,& Phillips, 1992). Most past learning systems, however, cannot be applied to partial-order plannersdue to their reliance on the state-space approach.A second reason many of these learning systems aren't used is that the majority of themhave only concentrated on improving planner e�ciency, also know as speedup learning. Anothervery important goal is to improve the quality of �nal plans. The quality of a plan usually refersto its optimality, which is measured by a prede�ned metric. For instance, one measure of planquality could be the number of steps contained in the plan. In this case, the optimal plan is theone containing the least number of steps. Other quality metrics may also be important dependingon the domain. Only a few learning systems have addressed the problem of improving plan quality,even though producing high-quality or near-optimal plans is a very important consideration inmost real-world planning domains. Additionally, even less work has been done on learning rulesto improve both e�ciency and quality. Little research has been done examining whether these twometrics can be successfully improved simultaneously and what the tradeo�s are in improving oneover the other.This dissertation presents a new approach to learning planning control knowledge that canlearn rules for a variety of planning algorithms, including partial-order planning techniques. Thisapproach is shown to not only improve both the e�ciency of a current planning system but alsothe quality of its �nal solutions. By addressing both of these problems, this research is intended to4



strengthen the bridge between building AI planning systems and applying these systems successfullyto real-world problems.1.2 Scope: A Control Knowledge Acquisition SystemThe Scope Learning System is a new approach to acquiring domain-speci�c search-control knowl-edge for planning. Scope stands for the Search Control Optimization of Planning through Experi-ence. This system automatically constructs control rules that specify when certain plan re�nementsshould be applied, where a plan re�nement is any modi�cation to the plan, such as adding a newaction or ordering constraint. For instance a control rule might specify when a particular actionshould be added to a plan in order to achieve a certain goal. These rules help avoid inappropriateplan re�nement applications during planning, and thus they help a planner to �nd solutions quicklyand can also lead a planner towards the best solution paths.To acquire search-control rules for planning, Scope uses a unique combination of machinelearning techniques. Speci�cally, it combines a form of explanation-based learning (EBL) (Mitchell,Keller, & Kedar-Cabelli, 1986; DeJong & Mooney, 1986) with techniques from inductive logicprogramming (Quinlan, 1990; Muggleton, 1992; Lavra�c & D�zeroski, 1994). This integration allowsScope to e�ciently build very general control knowledge that is useful in applying to unseenplanning problems. Control rules are built by performing an inductive search through the spaceof possible control rules, where the goal is to build general but e�ective rules that always lead theplanners towards good search paths and never towards infeasible ones. In order to perform theinductive search e�ciently, the search is biased by using explanation-based generalization (EBG) todirect the search towards information that was found useful in solving previous planning examples.Unlike most past approaches, Scope's algorithm is not tied to a particular type of planning,but instead is intended to apply to many di�erent styles of problem solvers. Thus, Scope can bee�ectively applied to the prominent partial-order style of planning. Most other learning approachesare ine�ective at learning control rules for this type of planner. Another di�erence between Scopeand most past approaches is that Scope has a 
exible architecture and can be trained to improveupon di�erent planning metrics. In particular, Scope has been focused to improve both plan-ning e�ciency and �nal plan quality. Most other learning systems concentrate only on improvingplanning e�ciency and almost no systems look at improving both these factors.The Scope algorithm has been evaluated on a number of di�erent planning problems usingseveral di�erent domains, including the blocksworld domain, a transportation domain and a pro-duction manufacturing domain. Scope is shown to signi�cantly improve both planning e�ciencyand quality on these problems. In particular, Scope is shown to signi�cantly increase plannere�ciency, sometimes by an order of magnitude, and is also shown to produce optimal planningsolutions for many problems. Additionally, Scope is shown to be more robust than a competingapproach at providing speedup on di�erent types of domain de�nitions.1.3 Organization of DissertationThe rest of this dissertation is organized as follows. Chapters 2 and 3 present background knowledgeon both planning systems and on learning planning control knowledge. Chapter 4 discusses learning5



control rules for partial-order planning and presents the partial-order planning algorithm used as atestbed for Scope. Chapter 5 presents the Scope approach to learning control rules for planningand details the di�erent features of its algorithm. Chapters 6, 7, and 8 discuss how Scope wasexperimentally evaluated on several planning domains and present the results of this evaluation.Chapter 9 discusses related work in the area of learning control rules for planning and for other typesof problem solvers. Finally, Chapter 10 presents ideas for future research directions and Chapter11 reviews the ideas and results presented in this dissertation and discusses relevant conclusions.1.4 SummaryControl information can play a very important role in most planning systems by allowing the systemto solve problems e�ciently and also by helping the system to produce high quality solutions.In the past, machine learning techniques have been employed to automatically acquire controlknowledge, however, the resulting knowledge has usually been directed at improving only one goal,e.g. improving e�ciency or improving quality. Little work has been done in trying to learn controlrules that improve upon both these metrics.This dissertation introduces the Scope learning system which can learn search-control rulesfor planning that improve upon both e�ciency and quality. Scope uses a unique combination ofmachine learning techniques to acquire control rules. And unlike most past systems, Scope can bee�ectively applied to di�erent styles of planning and it can be used to improve both e�ciency andplan quality.
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Chapter 2Background on Planning MethodsLearning search-control information for planning is very dependent on the type of planning systembeing employed. Thus, the �rst part of this chapter discusses what is meant by plan generationand reviews the di�erent methods that can be used to form a plan. The second part of the chapterpresents the two main metrics that are used to evaluate planning systems: e�ciency and planquality. These two metrics are de�ned and di�erent methods of measuring them are discussed.2.1 A Planning ProblemA planning problem is traditionally de�ned as consisting of three main parts: an initial-state, a setof goals, and a set of possible actions. Most planners operate by beginning with an empty plan andthen they add actions one at a time until a solution is found. A planner must be able to perform anumber of functions, including choosing a good action to add to the current plan, detecting whena solution has been found, and recognizing dead-end search paths that should be abandoned.Consider the planning problem introduced in Figure 1.1. The �rst two parts of this problemwould be de�ned as follows:� Initial-state: at-obj(pkg1,austin-airport),at-obj(pkg2,austin-airport),at-truck(truck1,austin-airport), at-airplane(plane1,austin-airport)� Goals: at-obj(pkg1,chicago-airport), at-obj(pkg2,chicago-airport)The third set of information is the set of available actions, which depends on the particular task orproblem domain. In many standard approaches to planning, domain actions are represented in aSTRIPS operator format (Fikes & Nilsson, 1971), which consists of a list of preconditions, an addlist and a delete list. De�nitions for several actions from the logistics transportation domain (Veloso,1992) are shown in Figure 2.1. In order for an action to be applied in a plan, its preconditions mustbe satis�ed in the current state of the world. For example, in order to apply the logistics actionload-truck(?X,?Y,?Z) it must be true in the current state that object ?X is at location ?Z, and thattruck ?Y is also at location ?Z. Once an action is applied, any conditions on its add list are addedto the current world state and all delete conditions are removed. In other words, an action's addand delete list describe how the action changes the world.7



load-truck(?X,?Y,?Z)Preconditions: at-obj(?X,?Z), at-truck(?Y,?Z)Add List: inside-truck(?X,?Y)Delete List: at-obj(?X,?Z)unload-truck(?X,?Y,?Z)Preconditions: inside-truck(?X,?Y), at-truck(?Y,?Z)Add List: at-obj(?X,?Z)Delete List: inside-truck(?X)drive-truck(?X,?Y,?Z)Preconditions: at-truck(?X,?Y), same-city(?Y,?Z)Add List: at-truck(?X,?Z)Delete List: at-truck(?X,?Y)Figure 2.1: Operator Schemas from the Logistics Transportation DomainUnfortunately, this action format is insu�ciently expressive for most realistic planning do-mains. In order to perform planning in real-world scenarios, the STRIPS-style action format hasbeen extended by many researchers to include more expressive constructs. One such format is theAction Description Language (ADL) from Pendault (1989). Additional constructs used by ADL andother extended representations include items such as conditional e�ects, universal quanti�cationof precondition and e�ect variables, and disjunctive preconditions (Pendault, 1989; McDermott,1991; Penberthy & Weld, 1992; Chien & DeJong, 1994). These constructs allow the domain writerto create more complicated and expressive operator de�nitions. For an example of a domain thatuses these additional constructs, see the de�nition of the process planning domain (Gil, 1991) inAppendix A.2.2 Search MethodsGiven a planning problem, many di�erent search methods have been developed for �nding a correctplan. Most classical planners, including the original STRIPS planner, employ a state-based search.In this approach, the planner always maintains a representation of the current world state to helpguides its search for a correct plan. An example of a state-based search in the blocksworld domain(Nilsson, 1980) is shown in Figure 2.2. Here the planner starts with the initial state and searchesthrough new states until a state where all the goals are true is reached. New states are created byapplying a domain action. This type of planning can involve either a simple forward search from theinitial state, such as shown in Figure 2.2, or a more sophisticated goal-directed search that reasonsbackwards from the goal state. A well-known goal-directed search technique is means-end analysis,which selects operators to add to the plan that reduce the di�erence between the goal state and thecurrent state. In a state-based planner, all actions in the plan are ordered with respect to all otheractions so that the current state of the world can always be determined. This type of planningalgorithm is often termed a total-order approach since the current plan must be maintained as a8
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CFigure 2.2: A planning state-based search. Here the planner searches through a space of worldstates until a state is reached where the problem goals are true.completely ordered list of actions.A second style of planning employs a plan-based search and does not maintain the currentworld state as it proceeds. This type of planner begins with a null plan and then searches throughthe space of possible plans until it �nds a solution. Actions are still added to the current plan untila solution is reached, however, instead of saving the plan as a completely ordered list of actions, thecurrent plan is represented as a partially-ordered set of actions. During planning, only necessaryordering decisions are saved in the plan; all others are postponed until later in the planning processwhen more information is available. Though only necessary ordering constraints are included inthe current plan, a valid ordering of all operators must always exist. A plan-space planner typicallyproceeds by repeatedly identifying an unachieved goal or precondition, selecting an operator thatwill achieve it, and then adding an instantiated version of that operator to the current plan alongwith any necessary ordering constraints. If a situation arises where one plan action interferes withanother plan action, then the planner will attempt to add an additional constraint to resolve theproblem. The planning cycle continues until all goals have been achieved. Figure 2.3 shows anexample of plan-space planning. This type of planner is often referred to as a partial-order planneras opposed to the total-order planners discussed above. Many researchers consider partial-orderplanning a more powerful and e�cient planning strategy since premature ordering commitments aredelayed until a more informative ordering decision can be made (Barrett & Weld, 1994; Kambham-pati & Chen, 1993; Minton et al., 1992). For instance, Barrett and Weld (1994) show that a basicpartial-order planning algorithm signi�cantly outperforms two di�erent total-order planning algo-rithms on a number of di�erent domains, including domains with independent subgoals, serializablesubgoals, nonserializable subgoals, heterogeneous sets of subgoals, and complex operator-selectiondecisions.One other important distinction that is often made between planning algorithms is whethera planner is linear or nonlinear. Over the years, these terms have acquired several di�erent con-notations and are often confused or mistaken with the terms state-based and plan-based. The mostcommon meaning is that they refer to the type of goal selection strategy employed by the planner.Linear planners, which are usually equated with state-based planners, typically examine goals ina \linear" order; if two (or more) goals exist, then the �rst goal and all of its subgoals must be9
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Stack B on CFigure 2.3: A planning plan-based search. Here the planner searches through a space of partialplans until a plan where all goals are achieved is found. This type of search is also known aspartial-order planning.achieved before the next goal is considered. In contrast, nonlinear planners do not employ the lin-earity restriction and can examine goals in any order. Partial-order planners are typically nonlinearplanners, however they are not required to be. Similarly, state-based (or total-order planners) areusually linear planners, however there are also nonlinear planning algorithms that employ a state-based approach (Warren, 1974; Veloso et al., 1995). Since the terms linear planner and nonlinearplanner are not well-de�ned, many recent authors choose instead to refer to planners as eithertotal-order or partial-order.2.3 Plan Evaluation MetricsThere are two main metrics that are commonly used to evaluate planning algorithms. The �rstmetric, which has perhaps received the most attention in the planning literature, is the e�ciencyof the planning system. Unfortunately, even with the most current algorithms, most planningproblems are di�cult to solve. Even toy domains, such as the blocksworld, quickly become com-putationally intractable as problem di�culty increases. This intractability is further aggravatedby more expressive domain de�nitions, such as those that include conditional e�ects and univer-sal quanti�cation. These constructs can be very important domain representation tools, however,they also greatly contribute to planning complexity making many problems very di�cult to solve.Much past planning research has concentrated on improving planning e�ciency, with the overallgoal of being able to tractably solve larger and harder problems (e.g. Minton, 1989; Etzioni, 1993;Kambhampati et al., 1996).The e�ciency of a planner can be measured in several ways. The most common measurementis the time is takes to �nd a planning solution. Other ways to measure e�ciency include the numberof backtracks a planner performs, and the number of partial plans that must be explored before asolution is found.The second metric used to evaluate planning algorithms is the quality of the output plan. A
aw in most current planning methods is that they often return sub-optimal solutions to planningproblems. Solutions can be sub-optimal for a number of reasons; a solution may be costly to execute10



or may use a larger number of resources than necessary. In many real-world planning systems thequality of the �nal plan may be just as important, if not more important, than the time it takesto generate the plan. For instance, it may be vital in a manufacturing domain for a planner toproduce plans with low resource consumption, or with least number of possible steps. There are avariety of notions about what makes a good plan. Some of the more common quality metrics arelisted below (P�erez & Carbonell, 1994):� The length of the plan (or the total number of steps)� The execution time of the plan� The resource consumption required� The robustness of the planDepending on the domain being used, di�erent quality metrics will have varying importance. Someresearch has been done on improving plan quality with the overall goal of consistently producingoptimal or near-optimal plans (e.g. P�erez, 1996; Iwamoto, 1994).In order to make planning on many domains more tractable and also to produce high qualityplans, researchers often attempt to utilize domain-speci�c control knowledge (e.g Fikes & Nilsson,1971; Minton, 1989; Langley & Allen, 1991). This knowledge can provide a planner with the extrainformation needed to make wise decisions early in the planning process, thereby avoiding largeamounts of search and helping the planner to produce good solutions. The rest of this dissertationdiscusses a new technique for automatically producing control knowledge for planning systems.2.4 SummarySeveral di�erent methods have been de�ned for �nding a correct plan when given a planning prob-lem. One of the most prominent techniques is partial-order planning, where the current plan issaved as a partially-ordered list of actions. Most learning techniques for acquiring control infor-mation have been applied to an older style of planning known as the state-based planner, whichalways maintains a representation of the current-world state during planning. Additionally, severaldi�erent evaluation metrics are commonly used to judge the performance of a planning system.The main two metrics utilized by most researchers are the e�ciency of a planning system and thequality of its �nal solutions. E�ciency is usually measured by the planning time required to �nda solution. Final plan quality can be measured in several ways, with the most common being thenumber of steps contained in the solution. The rest of this dissertation discusses how learningmethods can be applied to improve upon these two metrics.
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Chapter 3Learning Planning Control KnowledgePlanning systems can often automatically acquire control knowledge by utilizing machine learningtechniques. This knowledge can be based directly on user input or derived from past planningexperience. For instance, a system which acts as a learning apprentice is designed to acquirecontrol information by observing the behavior of a human expert. Other learning systems are builtto learn from their own experience without human intervention. These autonomous systems areunderstandably more complex and di�cult to build, however, they are frequently more desirablesince they require little or no human overhead. A number of past learning systems have been builtthat learn control knowledge automatically, with no user intervention. The rest of this section isused to discuss the di�erent methods that have been used to accomplish this task.3.1 EBLThe most common approach to learning control knowledge is to use analytical learning techniques,where the systems learns by problem solving. The most popular analytical method is explanation-based learning (EBL) (Mitchell et al., 1986; DeJong & Mooney, 1986), where the system learnsby analyzing explanations of problem-solving behaviors. Speci�cally, an EBL system builds anexplanation for why an example is a member of some target concept. When used to learn planningcontrol knowledge, the example usually corresponds to a planning decision and the target conceptis explaining why the decision was a good one or a bad one. The explanation built by EBL canbe used to construct a control rule, which can then be used to help make future planning decisionsthat were similar to the original example.This dissertation uses a form of EBL, called explanation-based generalization (EBG) toacquire control knowledge. EBG operates by learning a set of su�cient conditions for being amember of a target concept. These conditions are acquired by generalizing an explanation of whya particular example �ts the target concept de�nition. Explanations are in the form of proof treescomposed of inference rules that prove the example is a member of the concept.Figure 3.1 shows the inputs to an EBG system and gives a sample problem of learningthe de�nition of a cup. Given this set of information shown, the EBG system will determine ageneralization of the training example that is an operational de�nition for the goal concept, i.e. aconcept de�nition which satis�es the operationality criterion. EBG works in two main steps, whichare shown in Figure 3.2. The �rst step uses the domain theory to construct an explanation of12



1. Goal concept: A de�nition of the concept to be learned in terms of high-level properties. Forexample, a goal concept for a cup (from Winston, Binford, Katz, and Lowry (1983)) might be:OPEN-VESSEL(x) ^ STABLE(x) ^ LIFTABLE(x) ! CUP(x)2. Training example: An example of the goal concept. For example, a training example of a cupmight include the following:COLOR(OBJ1,RED)PART-OF(OBJ1,HANDLE1)PART-OF(OBJ1,BOTTOM1)...3. Domain Theory: A set of rules and facts to be used in explaining how the training example isan example of the goal concept. The domain theory for the cup might include a rule such as thefollowing:IS(x,LIGHT) ^ PART-OF(x,y) ^ ISA(y,HANDLE) ! LIFTABLE4. Operationality criterion: A speci�cation of how the learned concept de�nition must be ex-pressed (i.e. the names of available low-level operational predicates). The operationality criterionfor a cup might be that the de�nition be in terms of only observable features, such as the weightof the cup or whether it has certain physical parts.Figure 3.1: Required inputs for an EBG system.
1. Explain: Construct an explanation in terms of the domain theory that proves how the trainingexample satis�es the goal concept. Each branch of the explanation must terminate in an expressionthat satis�es the operationality criterion. An example of an explanation generated for the cupexample is shown in Figure 3.3.2. Generalize: Determine a set of su�cient conditions under which the explanation structure holds.This can be accomplished by regressing the goal concept through the explanation structure. Theconjunction of the resulting regressed expressions constitutes the desired concept de�nition. Thus,after regressing the goal concept CUP(x) through the explanation shown in Figure 3.3 the followingde�nition is produced:(PART-OF(x,xc) ^ ISA(xc,CONCAVITY) ^ IS(xc,UPWARD-POINTING) ^PART-OF(x,xb) ^ ISA(xb,BOTTOM) ^ IS(xb,FLAT) ^ PART-OF(x,xh) ^ISA(xh,HANDLE) ^ IS(x,LIGHT)) ! CUP(x)Figure 3.2: Two main steps in the EBG process.
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IS(BOTTOM-1,FLAT)

PART-OF(OBJ1,HANDLE1)
ISA(HANDLE-1,HANDLE)

Figure 3.3: The explanation structure generated for the \cup" example.why the example is a member of the target concept. Figure 3.3 shows an explanation which wasconstructed for the cup example. The root of the explanation (or proof tree) is the target conceptof cup. The bottom leaves of the tree correspond to operational predicates that were used inbuilding the explanation. In the second step of EBG, this explanation is generalized by regressinga generalized version of the target concept through the explanation structure. The operationalconcepts contained in the generalized explanation are then used to construct a concept de�nition,which can be utilized as a rule for correctly classifying that concept in future problems.Explanation-based learning and other analytical techniques are considered knowledge-richdue to their ability to explain why a particular concept de�nition was learned. A number of EBLlearning systems have been applied to acquire planning control knowledge (Minton, 1989; Etzioni,1993; Bhatnagar & Mostow, 1994; Kambhampati et al., 1996). Unfortunately, due to its reliance ononly a few examples, standard EBL can often produce complex, overly-speci�c control rules that donot generalize well to new planning situations (Minton, 1988). This situation is commonly knownas the utility problem (Minton, 1988; Mooney, 1989; Cohen, 1990), where even though the learnedrules are correct, the cost of testing their applicability to new planning situations often outweighstheir savings. Another problem is that EBL methods are di�cult to apply in domains where it ishard to construct a complete and tractable domain theory (Chien, 1989). These drawbacks makeit di�cult to successfully apply EBL methods to real-world problems.3.2 InductionAnother method of learning planning control rules is to employ a form of induction, which acquiresrules by examining a number of di�erent planning examples. One form of inductive techniquesused in this dissertation are inductive logic programming techniques, which use a combination oflogic programming and machine learning methods, and can provide a good platform for learningcontrol knowledge. 14
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A main advantage of inductive learning techniques over other learning methods such as EBLis that they tend to learn very general control knowledge since they examine a number of di�erentexamples. This quality is important for building very useful control knowledge; general control rulesare usually more e�ective than more speci�c rules at successfully applying to new planning problems.Several past learning systems have successfully utilized induction for learning planning controlknowledge (Mitchell, Utgo�, & Banerji, 1983; Porter & Kibler, 1986; Langley & Allen, 1991; Leckie& Zuckerman, 1993). Unfortunately, inductive techniques have several disadvantages as well. Forone, they usually require large numbers of examples to acquire e�ective control information. Also,these methods can quickly become computationally intractable since they often search through largeamounts of information when building control rules. These disadvantages often prevent inductivemethods from being successfully used on many domains.3.2.2 Inductive Logic ProgrammingSome learning systems, including SCOPE, employ techniques from the �eld of inductive logicprogramming (ILP) to acquire knowledge. ILP research addresses the problem of inducing a �rst-order, de�nite-clause logic program from a set of examples. This �eld represents the intersectionof standard logic programming and machine learning. Due to the expressiveness of �rst-orderlogic, ILP methods can learn relational and recursive concepts that cannot be represented in theattribute/value representations used by most machine-learning approaches. ILP systems have suc-cessfully induced small programs for simple tasks such as sorting and list manipulation (Muggleton& Buntine, 1988; Quinlan & Cameron-Jones, 1993); as well as performing well on more complicatedtasks such as learning properties of organic molecules (Muggleton et al., 1992) and predicting thepast tense of English verbs (Mooney & Cali�, 1995).The ILP algorithm used in this dissertation is a version of the Foil induction algorithm(Quinlan, 1990). Foil learns a function-free, �rst-order, Horn clause de�nition of a target concept.When learning control for planning systems, the target concept can correspond to concepts suchas \when to apply a particular action" or \when to apply a particular ordering constraint". Oncea de�nition is learned for a target concept, it can be utilized as a control rule in solving futureproblems.The de�nition constructed by Foil is in terms of an input set of background predicates. Theinput to Foil consists of an extensional de�nition for the target concept and extensional de�nitionsfor all background predicates. Extensional de�nitions are in the form of tuples of constants ofspeci�ed types. For example, suppose Foil is learning a de�nition of the simple concept \listmembership". The input to Foil might be the following:member(Elt,List): (a,[a]), (a,[a,b]), (b,[a,b]), (a,[a,b,c]), ...components(List,Elt,List): ([a],a,[]), ([a,b],a,[b]), ([a,b,c],a,[b,c]), ...member(Elt,List) is the target predicate for which a de�nition is being learned. Listed above are a setof positive examples of this concept. Foil also requires negative examples of the target predicate,which can be supplied directly or computed using a closed-world assumption. components(A,B,C)is a background predicate which is true if A is list whose �rst element is B and whose tail is C. Eltis a type denoting possible elements, which include a, b, and c, and List is a type de�ned as a listcontaining items of type Elt. 16



InitializationDe�nition := nullRemaining := all positive examplesWhile Remaining is not emptyFind a clause, C, that covers some examples in Remaining,but no negative examples.Remove examples covered by C from Remaining.Add C to De�nition.Figure 3.5: Basic Foil Covering AlgorithmGiven these inputs, Foil learns a program one clause at a time using a greedy-coveringalgorithm, which is summarized in Figure 3.5. Clauses are constructed one at a time where eachlearned clause covers some positives examples of the target concept and no negative examples. Forexample, a clause that might be learned for member after one iteration of this loop is:member(A,B) :- components(B,A,C).This clause covers all positive examples where the element is the �rst one in the list (e.g. mem-ber(a,[a,b])) but does not cover any negatives. A clause that could be learned to cover the remainingexamples is:member(A,B) :- components(B,C,D), member(A,D).Together these two clauses constitute a correct program for the target predicate member.The central part of the Foil algorithm is in the \�nd a clause" step, which is implementedby a general-to-speci�c hill-climbing search. When building a clause, Foil adds antecedents tothe developing clause one at a time. At each step Foil evaluates all possible literals that mightbe added and selects the one which maximizes an information-based gain heuristic. This heuristicprefers literals that cover more positive examples and fewer negative examples. The algorithmmaintains a set of variable binding tuples for all positive and negative examples that satisfy thecurrent clause. Also included in the tuples are bindings for any new variables introduced in thebody. The pseudocode in Figure 3.6 summarizes this procedure.Foil considers adding literals for all possible variable combinations of each backgroundpredicate as long as type restrictions are satis�ed and at least one of the predicate arguments is anexisting variable bound by the head or a previous literal in the body. Literals are evaluated basedon the number of postive and negative tuples covered, where preferred literals are those that covermany positives and few negatives. Let T+ denote the number of positive tuples in the set T andde�ne: I(T ) = �log2(T+=jT j):
17



Initialize C to the target predicate.Initialize T to contain the positive tuples in Remaining and all the negative tuples.While T contains negative tuplesFind the best literal L to add to the clause.Form a new training set T 0 that contains all positive and negative tupleextensions that sati�y L. A tuple is extended by including a set ofbindings for the new variables introduced by L.Replace T by T 0.Figure 3.6: The \�nd-a-clause" step in the Foil algorithm.The chosen literal is then the one that maximizes the following information-gain heuristic:gain(L) = s � (I(T )� I(T 0));where s is the number of tuples in T that have extensions in T 0 (i.e. number of current positivetuples covered by L).Foil also includes many additional features such as methods for testing equality, addinguseful literals that do not immediately provide gain (determinate literals), and the pre-pruning andpost-pruning of clauses to prevent over�tting. More information on Foil can be found in (Quinlan,1990; Quinlan & Cameron-Jones, 1993; Cameron-Jones & Quinlan, 1994).3.2.3 ILP for ControlIt has also been argued that ILP techniques can be a useful tool for acquiring control information(Cohen, 1990). Many di�erent problem solving strategies can be easily coded as logic programs andlearning mechanisms are also easily implemented in this framework. Logic programming also pro-vides a well-understood representational and computational platform upon which to build. Thereare a number of current learning systems that employ ILP techniques to induce Horn clause con-cept de�nitions (Quinlan, 1990; Muggleton, 1992); the Foil learning system is one such example.By casting the problem of learning control rules as a concept learning problem, these inductivetechniques can often successfully be used to acquire control information.A logic program is expressed using the de�nite clause subset of �rst-order logic, where ade�nite clause is a disjunction of literals having exactly one unnegated literal. The one unnegatedliteral represents the clause head while the other literals comprise the clause body. Computationin this representation is done using a resolution proof strategy on an existentially quanti�ed goal.For example, a simple logic program to sort lists (written in Prolog) is shown in Figure 3.7. Thetop-level goal of this program is sort(X,Y). An instantiation of this goal is true when Y is a sortedversion of the list represented by X. The arguments of a top-level goal are usually partitioned intoinput and output argument sets. In this example, X is considered the input and Y the output. Aprogram is executed by providing a goal that has its input arguments instantiated. When sucha goal is provided, a theorem-prover constructively proves the existence of the goal meeting anyconstraints provided through the input arguments. In this process, the prover will produce bindingsfor the output arguments. For example, in our simple sorting program, a top-level goal of the formsort([6,3,1,5,9],Y) would produce the output binding Y = [1,3,5,6,9].18



sort(X,Y) :- permutation(X,Y), ordered(Y).permutation([],[]) :- true.permutation([XjXs],Ys) :- permutation(Xs,Ys), insert(X,Ys,Ys1).insert(X,Xs,[XjXs]) :- true.insert(X,[YjYs],[YjYs1]) :- insert(X,Ys,Ys1).ordered([X]) :- true.ordered([X,YjYs]) :- X � Y, ordered([YjYs]).Figure 3.7: Simple Sorting Programinsert(X,[XjXs],Xs) :- insert control1(X,[XjXs],Xs),!.insert(X,[YjYs],[YjYs1]) :- insert(X,Ys,Ys1).insert control1(X,[],[X]).insert control1(X,[XjZ],[X,YjZ]) :- X < Y.Figure 3.8: Improved Insert PredicateThe Prolog programming language provides a practical instantiation of logic programmingusing a simple control strategy. In Prolog, depth-�rst search with backtracking is used to search fora proof. If during execution the current search path fails, then the last non-deterministic decisionpoint is backtracked upon and a new path explored. Search control in a Prolog program can beviewed as a clause-selection problem (Cohen, 1990), where clause selection is the process of decidingwhat program clause should be used to reduce a particular subgoal during program execution.Di�erent options in a program are represented using separate clauses which have uni�able headsbut di�erent clause bodies. Thus the clause heads can all be matched with the same type of subgoal,however, the bodies contain di�erent conditions which test whether that program option should beselected. If an incorrect clause is selected to solve a program subgoal, then that clause applicationwill eventually be backtracked upon and another matching clause used. Control information isusually incorporated into a Prolog program in the form of clause-selection rules. These rules helpavoid inappropriate clause applications, which both greatly reduces backtracking and can help leadthe program towards better solution paths.As an example, consider the simple sorting program shown in Figure 3.7, which sorts alist by generating permutations of the list until it �nds one that is ordered. Permutations aregenerated by permuting the tail of the input list and then inserting the head somewhere in thepermuted tail. This program currently performs in O(N !) time. The only nondeterminism comesfrom the de�nition of the predicate insert/3 which can either insert an item at the beginning of alist or somewhere in the tail. This nondeterminism can be eliminated by learning a control rule forthe �rst clause that will correctly predict when the item should be placed at the head of the list.Figure 3.8 shows a modi�ed version of the insert clause de�nition, which was constructed bythe Dolphin learning system (Zelle & Mooney, 1993). The �rst insert clause has been guarded with19



control information so that attempts to use it inappropriately will immediately fail. This clausewill now only be applied when an element is being inserted into an empty list or if the new elementis less than the head of the current list. The cut \!" added to the end of the �rst insert clausemakes the clause deterministic. When the �rst insert clause is selected and the control conditionsare found true, then this decision cannot be backtracked upon. The result of adding the controlknowledge is an O(N2) insertion sort program.Cohen (1990) and Zelle and Mooney (1993) have both introduced systems that acquirecontrol heuristics to improve the performance of Prolog programs. In these systems, a combinationof EBL and induction is used to learn control rules that eliminate backtracking in logic programs.Combination learning techniques are discussed more in the next section. This dissertation presentsresearch that successfully extends these methods by applying ILP techniques for control knowledgeacquisition in a complex planning system. Also, unlike past systems, the SCOPE learning systemuses ILP techniques to learn control rules that not only improve program e�ciency, but also improvethe quality of produced solutions.3.3 Multi-Strategy LearningOne other approach to learning control information is to use a combination of learning techniques.Most of these methods attempt to combine EBL with an inductive algorithm where EBL is gen-erally used to construct the control rules and then the rules are further re�ned using induction.The main goal of these methods is to retain the bene�ts of a domain theory while also havingthe 
exibility to learn from the data. For example, instead of building a complete proof, plausibleexplanation-based learning (PEBL) (Zweben, Davis, Daun, Drascher, Deale, & Eskey, 1992) �rstconjectures an example is a member of the target concept, and then con�rms the conjecture withempirical data. Other systems have employed lazy explanation-based learning (LEBL) which gen-erates incomplete explanations and then incrementally re�nes any overly-general knowledge usingnew examples (Tadepalli, 1989; Borrajo & Veloso, 1994).This dissertation presents a novel multi-strategy learning approach to control-knowledgeacquisition for planning systems. The Scope learning system also uses a combination of EBLand induction to learn control information. However, instead of generating control rules throughEBL and then inductively re�ning them, Scope builds rules using an inductive algorithm. EBL isused to focus the inductive search so that only highly relevant pieces of background information areexamined for possible inclusion in a rule. This technique biases the search towards more useful rules,and also keeps the inductive search at a computationally tractable level. This methods also di�ersfrom other control-rule learning techniques by employing inductive-logic programming techniques.This type of learning combination has been used in the past to learn control rules for simple logicprograms, however, this dissertation presents its �rst application to a complicated planning system.3.4 SummaryA number of learning techniques have been utilized to acquire search-control knowledge and manyof these have been applied to improve planning systems. The most popular method is explanation-based learning, which constructs control rules by \explaining" why a planning decision was correct20



or incorrect. Though EBL methods have the advantage of requiring only a few examples, theyalso have a signi�cant drawback since the rules they construct are very speci�c and can be veryexpensive to apply to future problems.Another learning technique used by some researchers to acquire planning control knowledgeis induction. It construct rules by examining a number of examples and then using those examplesto perform an inductive search through the space of possible rules. Some inductive systems employmethods from the �eld of inductive logic programming. ILP techniques combine methods fromthe �elds of induction and logic programming. These techniques have been primarily used in thepast to induce logic programs for classifying examples, however, they are also a very e�ective toolat acquiring control information. Logic programming provides a good platform for representingcontrol knowledge and for easily incorporating control rules into a planning system or other typeof problem solver.Induction is bene�cial because it tends to learn very general control rules that can easilyapply to new planning situations. Unfortunately, induction also has several drawbacks in that alarge number of examples are often required to learn good rules, and also, the inductive search to�nd a good rule can be computationally large or intractable.Some learning systems have combined EBL and induction to acquire control information.These combination techniques have the advantages of being able to utilize a domain theory and alsobeing able to learn more general control knowledge. Most combination methods have used EBL toconstruct control rules and then have inductively re�ned the rules based on other examples.The Scope learning system EBL and induction in a di�erent approach from past learningsystems; induction is used to learn rules and EBL is utilized to bias the inductive search towardsuseful information. Scope also employs inductive logic programming techniques to learn rules,which few past learning systems have done.
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Chapter 4Learning Control for Partial-OrderPlanningAs mentioned in the introduction, previous research in planning and learning systems has beenbased almost entirely on linear, state-based planning algorithms. Since the introduction of thistype of planner, a number of more sophisticated planning approaches have been developed thattypically outperform linear, state-based algorithms. Unfortunately, few control-knowledge acqui-sition systems have been adapted to perform on these newer planning algorithms. One style ofplanning that has acquired much prominence is partial-order planning. This type of approach iswidely used in many current planning systems and thus a partial-order planner was thus identi�edas a good testbed for the SCOPE control rule learning system.4.1 The UCPOP PlannerThe base planner that was chosen for experimentation is UCPOP (Penberthy & Weld, 1992), apartial-order planner whose step descriptions can include conditional e�ects and universal quan-ti�cation. UCPOP has been proven sound and complete, and a signi�cant amount of planningresearch has been based around its algorithm (e.g. Poet & Smith, 1993; Gerevini & Schubert,1996; Kambhampati et al., 1996).4.1.1 Planner RepresentationGiven a planning problem, which contains an initial state, a set of goals, and a set of domainoperators, the goal of UCPOP is to determine a sequence of actions that will transform the initialstate into a state where all goals are satis�ed. Operators are speci�ed using Pednault's ActionDescription Language (ADL) (Pendault, 1989), which was discussed in Section 2.1 and is an exten-sion of the well-known STRIPS format (Fikes & Nilsson, 1971). Operators contain precondition,add and delete lists, and they can also contain constructs such as conditional e�ects, disjunctivepreconditions, and universal quanti�cation.UCPOP searches for a solution in a space of partial plans, where each plan consists of apartial-ordering of actions. A partial plan is best described as a four-tuple hA,B,O,Li: where Ais a set of actions, O is a set of ordering constraints over A, L is a set of causal links, and B is a22



set of binding constraints over variables appearing in A. Speci�cally, A contains all actions thathave been added as current plan steps. The set of orderings, O, speci�es a partial ordering of theseactions. Ordering constraints between steps are usually denoted by the \<" relation. For exampleA1 < A2 means that step A1 is constrained to come before A2. During planning, there must alwaysexist at least one consistent total ordering of all plan steps.Causal links, contained in L, record dependencies between the e�ects of one action and thepreconditions of another. A link is represented as A1 Q! A2 where A1 and A2 are plan steps and Qis an e�ect of A1 and a precondition of A2. In this case, A1 is considered the link's producer andA2 its consumer. These links are used to detect threats, which occur when a new action interfereswith a past decision. More speci�cally, if A1 Q! A2 is a causal link in the current plan and thereexists a separate action in the plan A3, which threatens the link, then the following two conditionsare satis�ed:� O [ A1 < A3 < A2 is consistent, and� A3 has :Q as an e�ect (i.e. A has Q as a delete condition).When a plan contains a threat, it is possible that it will not work as anticipated. To preventthis from happening, the planner must check for and resolve any discovered threats. UCPOPemploys three main threat resolution strategies: promotion, demotion, and confrontation. Forpromotion, the planner adds an additional ordering constraint to ensure that A3, the threateningaction, is executed before A1, the link's producer, i.e. A3 < A1. Similarly, for demotion, an orderingconstraint is added that requires A3 to be executed after A2, the link's consumer, i.e. A2 < A3.Confrontation can be used to resolve a threat if A3's threatening e�ect is conditional. In this case,the planner adds the negation of the conditional e�ect's antecedent to the agenda. For example,if the threatening e�ect is conditional with antecedent S and consequent :Q, then :S would beadded as a new goal to the agenda.Since, some actions in a plan can be partially instantiated, sometimes a threat is subject tointerpretation. For instance, if the link condition Q is clear(a) and A3 has an e�ect not(clear(?X)),where ?X is currently uninstantiated, then A3 could possibly incur a threat. UCPOP's strategy inthis situation is to wait until a threat is undeniable (e.g. all variables are fully instantiated) beforeimposing a threat resolution strategy to handle the threat.The last set B contains a list of binding constraints, which are in the form of codesignationand noncodesignation constraints. Codesignation constraints represent the required uni�cation oftwo variables (?X =?Y ) or a variable and a constant (?X = A). Conversely, noncondesignationconstraints prohibit the un�ciation of two variables (?X 6= ?Y ). These constraints apply to variablesappearing in the pre- and post-conditions of the actions contained in A.4.1.2 Universal Quanti�cation in UCPOPAllowing universal quanti�cation in action preconditions and e�ects allows one to easily describemany real-world situations. For instance, without universal quanti�cation it would be impossibleto specify an action such as the UNIX \rm �" which removes all �les in a directory. In orderto implement this type of expressiveness in domain de�nitions, UCPOP developers made severalsimplifying assumptions. First, it is assumed that the world being modeled has a �nite, static23



universe of objects. Thus objects cannot be created or deleted during planning. Second, each objectmust have a type that is declared in the problem initial state. For example in the blocksworld,for every block X mentioned in the problem, the predicate block(X) must be included in the list ofinitial state predicates.In order to establish goals that contain universally quanti�ed formulas, UCPOP maps theseformulas into a corresponding ground formula where all universally quanti�ed variables are replacedwith constants. This mapping is done by taking the univesal base of the quanti�ed formula. Theuniversal base � of a �rst-order, function-free sentence, �, is de�ned a follows:�(�) = � if contains no quanti�ers�(8t1��(�)) = �(�1) ^ ::: ^�(�n)where the �i corresponds to each possible intrepretation of �(�) under the universe of discourse(or all possible objects of type t1). For example, suppose that the universe of block is fa,b,cg . If� is forall ((block ?x)) (clear ?x)), then the universal base is the following: (and (block a) (block b)(block c)). The de�nition of � can also be extended to handle interleaved universal and existentialquanti�ers. Please see Weld (1994) for more information.4.1.3 AlgorithmAn overview of the UCPOP algorithm is shown in Figure 4.1. The algorithm takes three inputs: aplan hA,B,O,Li, an agenda of outstanding goals, and a set of action schemata �. The initial plan fora planning problem has two actions, A = fA0,A1g, one ordering constraint, O = fA0 < A1g, nocausal links, L = fg, and no binding constraints, B = fg. The initial and goal states are representedin the initial plan by adding the two actions A0 and A1, where the e�ects of A0 correspond to theinitial state and the preconditions of A1 correspond to the desired goal state. The initial agendacontains all top-level goals; each goal in the agenda is represented as a pair hQ;Aii where Q is aprecondition of Ai.In each planning cycle, Step 1 checks if the agenda is empty and if not, Step 2 selects a goalto work on. If this goal is quanti�ed then the universal base of this expression is posted to theagenda and a new goal is selected. If the goal is a disjunction or conjunction than one goal in theformula is chosen to work on, and if the original goal was a conjunction, then the remaining goalsare posted to the agenda to be established later. After a goal has been selected, Step 3 chooses anexisting or new action to assert the goal. Once an action is selected, the corresponding orderingconstraints, casual links and codesignation constraints are added to O, L, and B, and if a new actionwas selected, it is added to A. Step 4 removes the selected goal from the agenda, and if a new actionwas selected to assert it, that action's preconditions are added to the agenda. Step 5 checks forpossible threats and resolves any found by either adding an additional ordering constraint throughdemotion or promotion, or by adding a new goal to the agenda through confrontation. UCPOP iscalled recursively until the agenda is empty. On termination, UCPOP uses the constraints foundin O to determine a total ordering of the actions in A, and returns this as the �nal solution.
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Algorithm UCPOP(hA,B,O,Li,agenda,�)1. Termination: If agenda is empty, return hA,B,O,Li.2. Goal Selection: Remove a goal hQ;Aneedi from agenda where Q is aprecondition of action Aneed.(a) If Q is a quanti�ed sentence then post the universal base h�(Q); Acito agenda. Go to 2.(b) If Q is a conjunction of Qi then post each hQi; Aneedi to agenda. Goto 2.(c) If Q is a disjunction of Qi then nondeterministically choose one dis-junct, Qk, and post hQk; Aci to agenda. Go to 2.(d) If Q is a literal and a link Ap :Q! Ac exists in L, fail (an impossibleplan).3. Operator Selection: Choose either an existing action (from A) or anew action Aadd (instantiated from �) that adds Q. Let O0 = O [fAadd < Aneedg, L0 = L [ fAadd Q! Aneedg, and let B0 be the updated setof bindings. If Aadd is a new action let A0 = A [ Aadd and O0 = O0 [Ao < Aadd < A1.4. Update Goal Set: Let agenda' = agenda - fhQ;Aneedig. If Aadd isnewly instantiated, then for each condition, Qi, on its precondition listadd hQi; Aaddi to agenda'.5. Causal Link Protection: For every action At in A that might threatena causal link Ap R! Ac in L choose one of the following:(a) Demotion: Add At < Ap to O0, or(b) Promotion: Add Ac < At to O0, or(c) Confrontation: If At's threatening e�ect is conditional with an-tecedent S and consequent R, then add h:S nMGU(P;:R); Ati toagenda'.1If no choice is consistent then fail.6. Recursive Invocation: UCPOP(hA0,B0,O0,L0i,agenda',�)Figure 4.1: The UCPOP Partial-Order Planning Algorithm
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4.2 UCPOP in PrologIn order to learn control rules for UCPOP using the logic programming platform, a version ofthe UCPOP algorithm was implemented in Prolog. Planning decision points in this program arerepresented as clause-selection problems (i.e. each decision option is formulated as a separateclause). As explained in Section 3.2.3, this type of representation allows control rules to be easilyincorporated into program clauses.Though the planning algorithm is directly based on UCPOP, there are implementationdi�erences. The most signi�cant di�erence is that the Prolog planner operates using a depth-�rst backtracking search with a depth bound2, while UCPOP normally employs a best-�rst searchstrategy. Kambhampati et al. (1996) also run UCPOP in a depth-�rst search mode in their control-rule learning system. This system is discussed further in related work and to the author's knowledge,is the only other system besides SCOPE that can learn control rules for UCPOP. To evaluate thee�ciency of the Prolog planner as compared to the standard Lisp implementation of UCPOP (v2.0)(Barrett et al., 1993), several experiments were run using problem sets from three domains, whichare also used for testing the learning algorithm. In these tests, which are discussed in Sections 6and 7, the Prolog planner performed comparably to UCPOP and in some cases performed better.Though these experiments are not intended to promote a particular search strategy or programminglanguage, they do indicate that the Prolog version of UCPOP is compatible in terms of e�ciencyto the standard Lisp version of UCPOP.4.3 Planning Decision PointsThere are several important decision points in the UCPOP algorithm where the planner must selectfrom one of several possible plan re�nements. Control rules can be very bene�cial at these pointsby helping the planner to make the right decision. UCPOP decision points include goal selection,goal establishment (selecting an existing or new operator), threat selection, and threat resolution.At these points there are often a number of valid plan re�nements that the planner must choosefrom. For instance, there may be several new actions that can be added to achieve a particulargoal. In the absence of control information, the Prolog UCPOP will always select the �rst validre�nement it �nds; other re�nements may be tried later through backtracking.An example of a planning decision point from the logistics transportation domain (Veloso,1992) is shown in Figure 4.2 and Figure 4.3. Figure 4.2 shows a simple problem from this domainwhere the goal is to deliver one package from the Austin airport to the Chicago airport. Figure 4.3shows the beginning of the search process to �nd a solution to this problem. There are twopossible plan-re�nement candidates in this domain for adding a new action to achieve the goalat-obj(pkg1,Chicago). As shown in the �gure, the package can be transported by either using thetruck or the plane. In this particular case, only one re�nement option (candidate 2) will ever leadto a desirable problem solution; since this is a inter-city delivery, the package must be transportedusing the plane.1MGU(A,B) is de�ned as a function that returns the most general uni�er of A and B.2The Prolog planner also includes a loop detection advice that prevents depth-�rst search from getting stuck inin�nite loops where the same sequence of action is added repeatedly.26



at-obj(pkg1,austin-airport)

at-airplane(plane1,austin-airport)

at-truck(truck1,austin-airport)

Austin-Airport Chicago-Airport

Solution:

2) fly-airplane(plane1,austin-airport,chicago-airport) 
1) load-airplane(pkg1,plane1,austin-airport)  

3) unload-airplane(pkg1,plane1,chicago-airport)

at-obj(pkg1,chicago-airport)

Figure 4.2: A simple problem from the logistics transportation domain. The goal of the problemis to deliver a package from Austin to Chicago.Scope has been designed to only learn control rules for decisions that might be backtrackedover (e.g. could lead to a failing search path). Though goal selection and threat selection can a�ectplanner performance, these decisions will never be backtracked upon, thus, no control rules arelearned for these points. Search control rules for the remaining decisions types (goal establishmentand threat resolution) are in the form of re�nement-selection rules. If e�ective rules are acquiredfor these backtracking points, then in most domains, control rules for other decision points are notnecessary for improving planner performance.4.3.1 Control Rule FormatScope learns control rules in the form of re�nement-selection rules that de�ne when a particularplan re�nement should be applied. A selection rule consists of a conjunction of conditions that mustall evaluate to true for the re�nement to be used. If at least one condition fails, that re�nement willbe rejected, and the next re�nement candidate evaluated. For example, shown below is a selectionrule for the �rst candidate from Figure 4.3, which contains several control conditions.Select operator unload-truck(?X,?Y,?Z) to establish goal(at-obj(?X,?Z),A1)If �nd-existing-action(at-obj(?X,?W),Steps,A2) ^member(same-city(?Z,?W),InitState) ^ valid-ordering(A2,A1,Orderings).This rule states that the operator unload-truck(?X,?Y,?Z) should be selected to add at-obj(?X,?Z)when there is another action A2 that asserts object ?X is at a location that is in the same city asthe goal location ?Z, and A2 can be ordered before the action requiring the goal, A1.Learned control information is incorporated into the planner so that attempts to select aninappropriate re�nement will immediately fail. Each plan re�nement may have several controlrules that apply to it. Each time the re�nement is considered, at least one of its control rules mustevaluate to true for the re�nement to be applied. On the planning decision shown in Figure 4.3, the27



at-airplane(plane1,austin-airport)

at-obj(pkg1,austin-airport)
at-truck(truck1,austin-airport)

Initial State:

GOALSTART unload-truck GOALSTART unload-airplane

at-obj(pkg1,chicago-airport) at-obj(pkg1,chicago-airport)

Goal State:

at-obj(pkg1,chicago-airport)

unload-airplane(pkg1,plane1,chicago-airport)
Step-additionStep-addition

unload-truck(pkg1,truck1,chicago-airport)

(1) (2)

Figure 4.3: The top of the search tree used to �nd a solution to the problem shown in Figure 4.2.There are two possible plan re�nements which can be used to achieve the goal at-obj(X,Chicago)..rule shown above would fail for the �rst re�nement candidate. If this was the only rule attachedto candidate 1, it would correctly prevent the planner from selecting it. The planner would themmove on and immediately select candidate 2. Scope can also make selection rules deterministic ornondeterministic depending on the accuracy of the learned rule. If a ruled is deemed fully accurate,then a Prolog cut \!" is added directly after the call to the rule, which means once the rule hascorrectly �red, that re�nement selection cannot be backtracked upon.4.4 SummaryThis section outlined the UCPOP planning algorithm and how control knowledge is implementedwithin its framekwork. UCPOP is a partial-order planning algorithm, which can be used on domainscontaining expressive constructs such as universal quanti�cation and conditional e�ects. UCPOPoperates in a recursive fashion; in each call to the planner, a goal is selected from the agenda andthen an operator is selected to achieve the goal. UCPOP records partial orderings of related actionsand always veri�es that a consistent total-ordering of actions exists. If a situation is detected wherean action in the plan could possibly interfere with another action, UCPOP applies several threatresolution strategies to ensure the plan can still be correctly executed. This process is continueduntil all goals have been solved and all threats have been resolved.In order to stay in the ILP framework, a version of UCPOP has been implemented inProlog. In this planner, planning decision points are represented as clause-selection problemsso that control information can be easily incorporated. Scope learns control rules for planningdecisions that might be backtracked upon. These rules are in the form of re�nement-selection ruleswhich evaluate whether a certain plan re�nement should be selected to resolve a particular planningsubgoal. The process of learning these rules in explained in detail in the next section.
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Chapter 5The Scope Control-Rule LearningSystemThe Scope learning system automatically acquires domain-speci�c control rules for planning. Theinput to Scope is a planning program and a set of training examples. Scope uses the examples toinduce a set of control heuristics that can direct the planner towards promising search paths. Theseheuristics are then incorporated into the original planner and a new planning program is produced.Figure 5.1 shows the three main phases of Scope's algorithm. First, in the example analysisphase, Scope solves the training examples using the original planner and extracts useful controlinformation about what planning decisions where made. This information is then passed to thecontrol rule induction phase where it is used to generate selection rules for choosing plan re�nements.Finally, learned rules are incorporated into the original planner in the program specialization phase,and Scope outputs the new planner. The complete algorithm is explained in detail in the nextthree sections.5.1 Example AnalysisIn the example analysis phase, the training examples are solved using the existing planner. A traceof the planning decision process used to solve each example is stored in a proof tree, where the treeroot represents the top-level call to the planner and the tree nodes correspond to di�erent planningprocedure calls. The top part of a sample proof tree is shown in Figure 5.2, which was generatedfor the logistics problem introduced by Figure 4.3. The top-level goal in this proof is a call to theplanner that includes the initial agenda (containing the top-level goals) and the initial lists of planactions, ordering constraints, and causal-links as input arguments.1 The last argument correspondsto the output plan solution. The remaining proof tree nodes correspond to subsequent planningprocedure calls which were used to �nd a solution. Proof trees are created for each training exampleprovided to Scope.From these proof trees, two main outputs are produced: a set of re�nement-selection exam-ples and a set of generalized proof trees. Re�nement-selection examples are used to record successfuland unsuccessful applications of a plan re�nement. Generalized proof trees provide a background1Binding constraints in our system are maintained through Prolog, therefore, the set of binding constraints, B, isnot explicitly represented in planning procedure calls. 29



Training

Examples

Planning 

Program

Program

New Planning 

Generalized

Proof Trees

Control

Rule

Induction

Program

Specialization

Selection

Rules

Example

Analysis

w/ EBL

Refinement

Selection Exs

Figure 5.1: Scope's High-Level Architecturecontext that explains the success of all correct planning decisions. These two pieces of informationare explained in more detail below and are used in the next phase to build control rules.A re�nement-selection example for a particular plan re�nement is a planning subgoal towhich that re�nement was applied. A correct re�nement selection is an application of that re�ne-ment found on a solution path. An incorrect re�nement selection is a re�nement application thatwas tried and later backtracked over.As an example, consider the planning problem that was introduced in Figure 4.3. The plan-ning subgoal represented by this �gure corresponds to the select-new-op procedure call shown inFigure 5.2. The select-new-op procedure selects a new action to add to the plan to achieve a par-ticular goal. This procedure has several inputs including the goal to be achieved and one output, anew action that will achieve the goal. Figure 5.3 shows a stylized version of the subgoal introducedby Figure 5.2. This subgoal would be identi�ed as a positive re�nement-selection example for re-�nement candidate 2 from Figure 4.3 (adding the action unload-plane(pkg1,plane1,chicago-airport)),and would also be classi�ed as a negative selection example for candidate 1 (adding the actionunload-truck(pkg1,truck1,chicago-airport)). Positive and negative re�nement-selection examples arecollected for all sets of competing planning re�nements. Re�nements are considered \competing" ifthey can be applied in identical planning decisions, such as the two re�nement candidates shown inFigure 4.3. Choosing between competing re�nements is where most backtracking occurs in solvinga planning problem. Any given training example may produce numerous positive and negative ex-30



ADD-ACTION(...)

SELECT-GOAL( [at-obj(pkg1,chicago-airport)], at-obj(pkg1,chicago-airport) )

MEMBER( at-obj(pkg1,chicago-airport), [at-obj(pkg1,chicago-airport)] )

SELECT-NEW-OP( at-obj(pkg1,chicago-airport),...,unload-airplane(pkg1,...,chicago-airport) )

UCPOP( [goal(at-obj(pkg1,chicago-airport),G)], [action(0,start),action(G,finish)], [0<G], [], [...] )

Figure 5.2: Solution Proof of Planning Problem from Figure 4.32For S = (0:Start,G:Goal),O = (0 < G),L = ;,agenda = (at-obj(pkg1,chicago-airport),G),Select a new-operator ?OP to establish goal(at-obj(pkg1,chicago-airport),G)Figure 5.3: The planning subgoal that represents the decision point shown in Figure 4.3.amples of re�nement-selections. These selection examples are used later in induction to representpositive and negative examples of when to apply particular plan re�nements.The second output of the example analysis phase is a set of generalized proof trees. Informa-tion from these proof trees is utilized in the induction phase to help build control rules. Generalizedproofs are produced by using the following procedure. Standard explanation-based generalization(EBG) techniques (Mitchell et al., 1986; DeJong & Mooney, 1986) are used to generalize eachtraining example proof. This generalization is performed by \retracing" the proof steps that wereused to create the original trace using a goal with uninstantiated input arguments. The goal ofthis generalization is to remove proof elements that are dependent on the speci�c example factswhile maintaining the overall proof structure. After EBG has been applied, some tree nodes canstill contain complex lists as arguments. These arguments correspond to items such as the list ofplan actions, the list of plan ordering constraints, etc. In order to promote more general controlknowledge, any list data structures remaining in a generalized proof tree are generalized directlyto variables.An example of the top part of a generalized proof tree is shown in Figure 5.4. This proofwas extracted from the solution trace shown in Figure 5.2 and then generalized using the techniquejust described. The generalized proof of an example, such as this one, provides a context which2For space purposes, some information is not shown here. For instance, action data structures should also containprecondition and e�ect lists. Thus, the data structure for action 0 would contain the initial state as a list of e�ects.31



ADD-ACTION(...)

UCPOP( Agenda, Actions, Orderings, Links, Plan )

SELECT-NEW-OP(at-obj(X,Z),...,unload-airplane(X,Y,Z)))

SELECT-GOAL( Goals, at-obj(X,Z) )

MEMBER( at-obj(X,Z), Goals )

Figure 5.4: Generalized Proof Tree of Solution Trace from Figure 5.2\explains" the success of correct decisions.At the end of the example analysis phase, the set of generalized proof trees and all sets ofre�nement-selection examples are passed to the control-rule induction phase where they are usedto construct control rules.5.2 Control Rule InductionThe goal of the control-rule induction phase is to produce an operational de�nition of when it isuseful to apply a plan re�nement. Given a re�nement candidate, C, Scope builds a de�nition ofthe concept \planning subgoals for which C is useful". For example, in the logistics transportationdomain, such a de�nition is learned for each of the re�nements shown in Figure 4.3. In thiscontext, control rule learning can be viewed as relational concept learning. A number of systemshave been designed to tackle this type of learning problem (Quinlan, 1990; Muggleton, 1992; Zelle& Mooney, 1994a). Scope employs a version of Quinlan's Foil algorithm to learn control rulesthrough induction.The choice of a Foil-like framework is motivated by a number of factors. First, the basicFoil algorithm is relatively easy to implement and has proven e�cient in a number of domains.Second, Foil has a \most general" bias which tends to produce simple de�nitions. Such a bias isimportant for learning rules with a low match cost, which helps avoid the utility problem. Third,it is relatively easy to bias Foil with prior knowledge (Pazzani & Kibler, 1992). In Scope's case,it utilizes the information contained in the generalized proof trees of planning solution traces tobias Foil towards useful control information.5.2.1 foil in scopeAs explained in Section 3.2, Foil attempts to learn a concept de�nition in terms of a given setof background predicates. This de�nition is composed of a set of Horn clauses that cover all32



of the positive examples of a concept, and none of the negative examples. In acquiring controlrules for planning, the concept de�nition learned by Scope is when to apply a particular planre�nement. The re�nement-selection examples collected in the example analysis phase provide thesets of positive and negative examples for when each re�nement should be applied.Scope uses an intensional version of Foil where background predicates can be de�ned asProlog programs (Mooney & Cali�, 1995) instead of requiring an extensional representation as instandard Foil. Instead of matching a literal against a set of tuples to determine whether or notit covers an example, the Prolog interpreter is used to prove whether or not the literal can besatis�ed using its intenstional de�nition. Thus expanded tuples are not maintained and positiveand negative examples of the target concept are retested for each alternative specialization of thedeveloping clause.One major drawback to Foil (and other similar inductive algorithms) is that the hill-climbing search for a good antecedent to add to a clause can easily explode, especially when thereare numerous background predicates with large numbers of arguments. When selecting each newclause antecedent, Foil tries all possible variable combinations for all predicates before making itschoice. This search grows exponentially as the number of predicate arguments increases. Scopesigni�cantly reduces this search by utilizing the generalized proofs of training examples. By ex-amining the proof trees, Scope identi�es a small set of potential literals that could be added asantecedents to the current clause de�nition. Literals are added in a way that utilizes variable con-nections already established in the proof tree. This approach nicely focuses the Foil search byonly considering literals (and variable combinations) that were found useful in solving the trainingexamples. The process of utilizing generalized proof trees to bias the Foil search is explained inmore detail in the next section.5.2.2 Building Control Rules from Proof TreesThe generalized proofs of training examples can be seen as giving the context for the appropriateapplications of plan re�nements within a proof. Some nodes of a generalized proof tree containcalls to \operational" predicates. These are usually low-level predicates that have been classi�edas \easy to evaluate" within the problem domain, and thus can be used to build e�cient conceptde�nitions. The operational nodes of a proof represent all of the primitive conditions that had to besatis�ed for the proof to succeed. Scope employs induction in an attempt to identify a small set ofthese simple tests that will provide necessary guidance in determining whether the application of aplan re�nement is likely to lead to a solution. Since test conditions that verify a planning decisionare sometimes not executed until much later, it is important to consider an entire example proofinstead of just the surrounding context of a particular decision. For instance in the blocksworlddomain, the planner might not verify that choosing the action putdown(a) to establish the goalclear(a) is correct until much later in the planning process when it checks to see if some otheraction has asserted holding(a).Scope employs the same general covering algorithm as Foil, which was presented in Fig-ure 3.5, but modi�es the clause construction step. In Scope, clauses are successively specialized byconsidering how their target re�nements were used in solving training examples. Several di�erenttypes of antecedents can be added to a developing clause. First, antecedents can be pulled directlyfrom generalized proof trees. Scope can also use other types of antecedents such as negated proof33



Initialize C to the target predicate.Initialize T to contain the positive examples in Remaining and all the negativeexamples.While T contains negative tuples or a clause with positive gain cannot be foundCreate a set S of all possible specializations of C by adding the following tothe clause:An operational literal from a generalized proof treeA negated literal from a generalized proof treeA non-codesignation constraint over variables appearing in CA determinate literalA literal de�ned in background knowledgeSelect the clause specialization C 0 from S that scores highest using theFoil information gain metricForm a new training set T 0 that contains all positive and negative examplesthat sati�y C 0.Replace T by T 0.Figure 5.5: The \�nd-a-clause" step in the induction algorithm used by Scope_tree literals, determinate literals, noncodesignation constraints, relational clich�es, and other back-ground de�nitions. Di�erent types of antecedents are explained in detail later in this section. Thepseudocode in Figure 5.5 summarizes the procedure Scope uses for adding a literal to a clause C.For example, suppose we are learning a de�nition for when each of the re�nement candidatesin Figure 4.3 should be applied. The program predicate representing this type of re�nement isselect-new-op, which is shown below.select-new-op(Goal,Steps,Orderings,Links,Agenda,ReturnOp)This predicate is de�ned with several arguments including the unachieved goal and an outputargument for the selected operator.3For each plan-re�nement candidate, Scope begins with the most general de�nition possible.For instance, the most general de�nition covering candidate 2's re�nement-selection examples isClause 1 in Figure 5.6. This overly general de�nition covers all positive examples and all negativeexamples of when to apply candidate 2, since it will always evaluate to true. Clause 1 can bespecialized by adding antecedents to its body. Most specializations are created by unifying thehead of Clause 1 with a (generalized) proof subgoal that was solved by applying candidate 1 andthen adding an operational literal from the same proof tree which shares some variables with thesubgoal. (Other possible specializations can be created by adding other types of literals, which aredescribed in the next section.) One possible specialization of Clause 1 is shown by Clause 2 inFigure 5.6. Here, a proof tree literal has been added which checks if there is an existing plan step,S2, that establishes the goal airport(Z).Variables in a newly added antecedent can be connected with the existing rule head inseveral ways. First, by unifying a rule head with a generalized subgoal, variables in the rulehead become uni�ed with variables existing in a proof tree. All operational literals in that proof3Plan state information (i.e. the list of current plan steps, ordering constraints, causal links, and agenda) is alsoautomatically included as arguments to any re�nement predicate.34



select-new-op(Goal,Steps,Ords,Links,Agenda,unload-airplane(X,Y,Z)) :- (1)TRUE +select-new-op((at-obj(X,Z),S1),Steps0,Ords,Links,Agenda,unload-airplane(X,Y,Z)) :- (2)establishes(airport(Z),Steps1,S2).+select-new-op((at-obj(X,Z),S1),Steps,Ords,Links,Agenda,unload-airplane(X,Y,Z)) :- (3)establishes(airport(Z),Steps,S2).Figure 5.6: The process of constructing a clause. Scope begins with a general clause de�nition(1). The clause is then specialized by adding antecedents (2) and by unifying variables of the sametype (3).that share variables with the generalized subgoal are tested as possible antecedents. This methodinitially establishes many relevant variable connections between a rule head and its antecedents.For instance, in Clause 2, the variable Z appears in both the clause head and the newly addedantecedent.A second way variable connections may be established is through the standard Foil tech-nique of unifying variables of the same type. When Scope tests a literal for use in a control rule,the literal may contain input parameters that are not bound by the rule head or other existingliterals in the rule. Since literals are extracted from di�erent parts of the proof tree, some variableconnections may be lost, causing some parameters in a literal to be unbound. If such parametersexist, Scope attempts to unify these parameters with terms of the same type that are alreadypresent in the rule. For example, Clause 2 from Figure 5.6 has an antecedent with an unboundinput, Steps1, which does not match any other variables in the rule. Scope can modify the rule, asshown by Clause 3, so that the Steps1 is uni�ed with a term of the same type from the rule head,Steps0. For each unbound input parameter, all possible variable uni�cations are tested as possiblespecializations of the current rule and the specialization which maximizes Foil's information-gainheuristic is selected.5.2.3 Types of AntecedentsScope considers several di�erent types of control rule antecedents during induction. Besides pullingliterals directly from the generalized proof trees, Scope can also use negated proof literals, deter-minate literals, literals representing non-codesignation constraints, relational clich�es, and otherbackground knowledge.Negated AntecedentsA good reason for not selecting one plan-re�nement candidate is that another re�nement is prefer-able; therefore, a good antecedent for one re�nement's control rule can often be successfully used35



as a negated rule antecedent for a competing re�nement. Potential negated antecedents for a par-ticular re�nement's control rules are determined by combining the sets of possible rule antecedentsfor all other competing re�nements. Negated copies of these antecedents can be added to a rulein several ways. Standard Foil only adds antecedents to a rule until all negative examples areremoved. If there are any positives left to cover, a new rule is created. Alternatively, Scope canconsider adding negated antecedents in order to cover more positives. Instead of only appendingnegated antecedents to the end of a rule, the Scope induction algorithm considers conjunctivelygrouping them with existing negated antecedents. This procedure can sometimes increase the num-ber of positive examples covered by a rule without covering any additional negatives. For example,assume the induction algorithm is considering adding the antecedent not(ant4) to the followingrule. rulehead :- ant1, not(ant2), ant3.Scope can form either of the two rules shown below, where in standard Foil, only the �rst rulewould have been considered.rulehead :- ant, not(ant2), ant3, not(ant4).rulehead :- ant, not(ant2, ant4), ant3.The �rst rule is more speci�c than the original rule and could possibly exclude more negativeexamples. The second rule, on the other hand, is more general than the original rule and couldcover more positive examples.Determinate LiteralsDeterminate literals can be used to introduce new variables into a clause (Quinlan, 1991; Mug-gleton, 1992). These are literals which produce only one possible binding for each literal outputparameter, and thus their inclusion does not signi�cantly increase the inductive search space. De-terminate literals are typically not added through standard induction since they produce little orno gain. However, they can still be useful as rule antecedents by introducing new informationinto a rule. In Scope's induction procedure, all possible determinate literals are automaticallyadded when a new clause is created. If any prove unnecessary they are simply pruned after clauseconstruction has ended. Scope currently considers adding two types of determinate literals, �nd-initial-state(Steps,InitState) and �nd-�nal-state(Steps,FinalState); both input a list of plan steps andoutput the list of propositions representing the initial or �nal state. These literals are included socontrol rules can easily access information about the initial and goal states.Non-codesignation constraintsAnother type of potential literal is a non-codesignation constraint of the form Xi 6= Xj , where Xiand Xj are variables existing in a clause. This type of antecedent checks if two variables (of thesame type) are nonuni�able. For example, it may be bene�cial to check if two actions are not thesame, as in the following rule from the blocksworld domain.36



select-new-op((S1,clear(X)),Steps0,Orderings,Links,Agenda,putdown(X)) :-establishes(holding(X),Steps0,S2),S1 6= S2.This rule states that the action putdown(A) should be selected to achieve the goal clear(A) if thereis an existing action, S2, that establishes holding(A) and S2 is not the same action which requiresclear(A).Relational Clich�esAnother feature that has been added to Scope's algorithm is the use of relational clich�es. Oftenduring induction, an individual literal may not provide any gain when tested as a possible ruleantecedent. However, when grouped with another related literal, the conjunction of the two literalsmay provide signi�cant gain. In standard hill-climbing, this useful combination of literals may neverbe discovered if neither literal provides any gain individually. Furthermore, searching through allpossible combinations of literals is not a practical consideration. To address this problem, Silver-stein and Pazzani (1991) introduced relational clich�es to suggest potentially useful combinations ofpredicates during relational learning. These clich�es provides an e�cient means of searching througha restricted subset of the space of predicate combinations.Relational clich�es consist of two parts:1. A pattern, which is an abstract description of a conjunction of predicates.2. A set of restrictions, which constrain the predicates and variable bindings that can be usedto �ll the associated pattern.Scope has a number of di�erent relational clich�es that it can utilize. Some clich�es are domain-dependent while others are domain-independent and have been used successfully in all domainstested. For example, two domain-independent relational clich�e patterns are listed below.Pattern1: member(A,C), member(B,C)Restrictions: C must be a list of initial or goal state predicates.Pattern2: not(member(A,C)),not(member(B,C))Restrictions: C must be a list of initial or goal state predicates.These two patterns allow induction to test for concepts present in the initial and �nalstates that may be de�ned by two conditions. These particular patterns were introduced basedon observations of Scope's behavior on the logistics transportation domain. In this domain, it isoften useful to check whether an object is in one city in the initial state and a di�erent city inthe goal state. For instance, if the current goal is to move object X to a certain location Y, then,the predicates member(at-obj(X,Z),InitState) and member(same-city(Y,Z),InitState) could be used todetermine whether object X must be transported between two di�erent cities. To represent thisconcept, the two general patterns listed above are used. These patterns could be made more speci�cby adding more specialized restrictions, however, by keeping their description general other usefulconcepts contained in the initial and goal states may be discovered. Also, these two patterns are not37



forced to be domain-speci�c and have been found useful in other domains besides the transportiondomain which originally inspired them.To use relational clich�es in our induction algorithm, additional rule specializations are gener-ated by adding all combinations of predicates that �t a de�ned pattern and associated restrictions.These specializations are then added to the pool of all possible rule specializations from which therule with the highest gain is chosen. Once an instantiated relational clich�e has been found useful,this instantiatation is cached so that it can be easily used in the future with no search required.Caching relational clich�es is discussed further in Section 5.6.Background KnowledgeOne last type of antecedent are literals de�ned in background knolwedge provided by the user.These are literals that are not included in the planning program but could be useful in buildingcontrol rules.The ability to add background knowledge allows the user to add literals de�nitions thatmight not be discovered through normal hill-climbing. For instance, a literal de�nition may containa series of calls to planning program predicates whose combination would not be discovered throughhill-climbing and the number of predicates involves may be too large to specify e�ciently using arelational clich�e. Or, a background literal could be used to specify a concept related to a qualitymetric, but it is not necessary for correct planning. Background de�nitions may also contain moreexpressive features such as recursive concepts or disjunctive conditions. For instance, the followingrecursive-literal de�nition was found useful in constructing rules for the blocksworld domain:above(Block1,Block2,InitState) :-member(on(Block1,Block2),InitState).above(Block1,Block2,InitState) :-member(on(Block1,X),InitState),above(X,Block2,InitState).The above(Block1,Block2,InitState) literal lets a rule check if one block is located above anotherblock in the same stack in the problem initial state.Literals included as background knowledge are made available to Scope by adding a newProlog clause de�nition. Rule specializations are generated using these literals by adding all possiblevariations of each background literal. Variations of literals are generated by matching each variablein the literal to another variable of the same type already present in the current rule. All variablesin a background literal must be declared a particular type so they can be matched to other ruleantecedent variables. Rule specializations created in this manner are then added to the pool ofspecializations from which the next rule modi�cation will be selected.5.3 Program Specialization PhaseOnce rules have been learned for when to select each plan re�nement, these rules are passed to theprogram specialization phase. In this phase, the learned control information is incorporated back38



select-new-op((at-obj(X,Loc),Aid),Steps,Agenda,unload-airplane(X,P,Loc)) :-�nd-init-state(Steps,Init),member(at-obj(X,Loc2), Init),not(member(same-city(Loc,Loc2),Init)),member(airport(Loc), Init).select-exist-op((at-truck(T,Loc),Aid),Steps,Agenda,init-state)) :-�nd-init-state(Steps,Init),member-pred(at-truck(T,Loc),Init),not(member((Aid2,drive-truck(T,Loc,Loc2)),Steps),Aid6=Aid2).Figure 5.7: Learned control rules for the logistics domain.into the original planner. The basic approach is to guard each plan re�nement candidate with thelearned selection information. This forces a re�nement application to fail quickly on plan subgoalsto which the re�nement should not be applied.A plan re�nement is \guarded" with control information by incorporating the learned controlconditions into the clause that represents the selection of that re�nement. This process is similarto the one described in Section 3.2.3. A copy of the head of the learned control clause is appendedto the end of the original program clause. The learned rule is then added as a program clause. Are�nement may have more than one control clause relating to it. Each of these control rules (whichcan be considered as one disjunctive rule) is then added to the program as a separate clause. Acut (\!") is appended to the body of each newly added control clause since there is no reason toconsider multiple proofs of why a particular plan re�nement should be used.A decision is also made as to whether the control information has made the planner deter-ministic. If a re�nement rule covers no incorrect selection decisions in the induction phase, thenit is assumed that the rule is fully accurate and no other re�nement candidates will need to beconsidered. This type of rule is marked as deterministic by adding a Prolog cut (!) after the callto the rule clause, which will prevent any backtracking over the re�nement selection if all ruleconditions are true. If a re�nement rule could not exclude all incorrect decisions in the previousphase, then the planner is still allowed to backtrack over the selection of that re�nement (i.e. nocut is added). This type of rule can still substantially improve planning e�ciency by preventingmany inappropriate applications of that re�nement.Figure 5.7 shows two learned rules for the logistics transportation domain. The �rst ruleselects the new action unload-airplane(X,P,Loc) to achieve the goal at-obj(X,Loc) when X is foundto be initially located in a di�erent city than the goal location and when the goal location is anairport. The second rule uses the initial state to achieve the goal at-truck(T,Loc) if there does notexist another action in the plan drive-truck(T,Loc,Loc2) that moves the truck to a new location.5.4 Why Multi-Strategy Learning?One question brought out by the last few sections, is what happens if a pure induction algorithmwere used to learn control rules without using EBG to bias the search? Or, on the other hand,39



how would a pure EBL approach perform? This section discusses the bene�ts of a multi-strategylearning approach to the problem of learning search control for planning.5.4.1 Using Pure Induction to Learn Control RulesOne possible approach to learning control rules for planning is to employ a pure inductive algorithm.For instance, a similar inductive algorithm to the one presented here could be used without usingEBG to bias the search. Background information could be provided by using the same pool ofoperational planning predicates as used by Scope to construct rules.Unfortunately, a pure inductive search in this setting would most likely prove computation-ally infeasible. Since no generalized proof trees would be constructed, the induction engine wouldbe responsible for binding all variables in each learned clause. The cost of searching through allthe di�erent variabilizations of all the background predicates would be extremely high, and likelybe intractable to perform.To better explain the cost of a pure inductive search, a brief theory analysis of the Foilalgorithm is presented below. The main element contributing to the size of Foil's search space isthe number of di�erent literals that must be searched through in order to extend the body of aclause. Pazzani and Kibler (1992) show that this number can be bounded by the following formula:NumLits � 2 � AllPred � (Old+MaxA� 1)MaxAwhere AllPred is the total number of available background predicates, Old is the maximum numberof old variables in the clause, andMaxA is the maximum arity of any predicate. One can infer fromthis formula that additional predicates increase the size of the search space a linear amount, whileincreasing the arity of the predicates increases the size of the search space exponentially. Also, thesearch space increases exponentially with the number of distinct variables in the clause.Most past approaches that have utilized a pure inductive search for acquiring control knowl-edge have only searched through a handful of simple predicates. For instance, Grasshoppper(Leckie & Zuckerman, 1993), was applied to a state-based planner and does an inductive searchon whether certain conditions are present in the current world state. Conversely, the operationalplanning predicates used by Scope can be much more complicated and often have a number of ar-guments (some up to ten). Thus, an inductive search through all possible variablilizations of thesepredicates would likely prove infeasible, due to the exponential explosion caused by the number ofpredicate arguments that must be variabilized.Scope circumvents part of this search problem by using information from generalized prooftrees to constrain the search to only certain variable combinations. When looking for a new an-tecedent to add to a clause, many of the literals examined by Scope have all variables alreadybound to other variables in the current clause. Since both the literals and clause heads are ex-tracted directly from generalized proof trees, many variable connections established in these treesare preserved when constructing clauses. Some literals do have unbound variables, so Scope mayhave to search through some di�erent variabilizations. However, since many literal variables arealready bound, the number of variabilizations searched by Scope will be much less than thosesearched through by a pure Foil approach. Scope can also use extra background information,which contains predicates not found in planning proof trees, where all variable connections must40



be made by the induction engine. However the use of these extra background predicates is verylimited, so as not to signi�cantly increase the inductive search. Thus, overall, the search spaceexamined by Scope is usually signi�cantly smaller than the search space examined by a pureinductive approach.5.4.2 Using Pure EBL to Learn Control RulesIt is also possible to learn control rules for planning using a purely explanation-based approach.UCPOP+EBL is a learning system that learns control rules for planning by utilizing EBL toexplain planning failures (Kambhampati et al., 1996), and is discussed in more detail in Chapter 9.This learning system has been successfully used to acquire rules that improve the performance ofUCPOP. However, as mentioned in Section 3.1, rules learned using EBL alone can often be overly-speci�c and complex where the cost of applying the rules outweighs their savings. In Section 9.2,an experimental comparison of Scope and UCPOP+EBL is presented where Scope is shown tooutperform UCPOP+EBL in several di�erent experiments. In particular, EBL is shown to bee�ective at improving planning performance for a very expressive domain, while Scope, which usesa combination of EBL and induction, is shown to be much more robust at applying to di�erentdomain representations.5.5 Improving Upon Di�erent Planning MetricsBy learning rules that avoid search paths that lead to backtracking, Scope can signi�cantly improvethe e�ciency of of a planner (Estlin & Mooney, 1996). Scope can also be used simultaneously toimprove the quality of plans by using a particular method to collect training data.In order to improve plan quality, as well as e�ciency, Scope is trained on only high-qualitysolutions. For instance, when using plan length as a quality evaluation metric, Scope should betrained on solution plans containing a low number of steps. Or if a minimal plan execution time isthe desired quality metric, Scope should be trained on solution plan with small execution times.This approach causes Scope to collect positive and negative examples of when to apply a planre�nement based on �nding a high-quality plan. Thus, it learns rules that not only avoid dead-endpaths, but also that avoid paths that lead to low-quality solutions.In order to train Scope on high-quality solutions, several di�erent techniques can be em-ployed to generate training problem solutions. One is to allow the planner to simply search foroptimal or high-quality solutions. For example, when plan length is the quality metric, the searchmethod depth-�rst iterative deepening (DFID) (Korf, 1985) can often be used to guarantee optimalsolutions. For other metrics, such as plan execution time or cost, a branch and bound search canbe used that focuses on �nding low-cost plans for that metric. Or, it may be possible to use an A�star search (Hart, Nilsson, & Raphael, 1968) if there exists an admissible heuristic for that qualitymetric.Another technique is to employ a human domain expert to solve the training problems.When presented with a problem, a domain expert can often easily provide a high-quality solution.In many real-world settings, this is a viable option, since a domain expert is often available.
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5.6 Improving Learning TimeTwo additional features have been added to Scope to keep learning time at a tractable level. Theseare caching useful relational clich�es and employing a method for incremental training.5.6.1 Caching Relational Clich�esRelational clich�es can be very valuable in �nding accurate rules, unfortunately, they can also dra-matically increase the inductive search space. For each clich�e used, there may be a number ofdi�erent literal combinations that �t the speci�ed pattern. In order to decrease this extra search,relational clich�es are only considered for small numbers of training examples or when an accu-rate rule cannot be learned through standard hill-climbing. Speci�cally, Scope uses the followingprocedure. For small numbers of training examples, Scope searches through all relational clich�ecombinations and caches any useful instantiations of the more general patterns. Then once thenumber of training examples exceed a prede�ned limit4, only cached clich�es are immediately con-sidered for addition to a clause. Scope searches through all relational clich�e patterns only if nosingle literal or cached pattern is found to have any gain. Often, Scope can �nd many usefulrelational combinations early in training and by caching these, Scope can avoid the need for muchextra search later in the training process.5.6.2 Incremental TrainingScope has also been designed to run in an incremental training mode, which can often save timeand help the system to be less memory-intensive. Scope was originally designed to run as a batchsystem where all training examples were input to the system at the same time. However, in orderto create a more e�cient system, Scope has been modi�ed to run in an incremental mode wheresmaller sets of training examples are input to Scope. In this mode, Scope reads in a small set ofexamples, learns control rules for these examples, and then reads in a new set of training examplesto examine. Any learned control rules can be saved and then re-used in later trials. This processworks in the following manner. For each set of training examples, Scope caches any learned rules.In the next trial, before performing induction to build new rules from scratch, any cached rulesare �rst tested. If any of the cached rules are found to be fully accurate on the current set ofre�nement-selection examples, then the rule with the highest gain is selected (i.e. the rule whichcovers the largest number of positives). Any positive re�nement-selection examples covered by thisrule are then removed and the process is repeated until no accurate cached rules can be found orall positive re�nement-selection examples have been covered. If any positive examples remain, thena new rule (or set of rules) is built from scratch to cover them.It is often the case that a very good control rule is learned based on a very small number oftrain examples. This technique exploits this fact by caching rules built after only a small amountof learning and then re-using them when training on larger numbers of examples without incurringlarge amounts of learning time. Training in an incremental mode can thus greatly cut down onlearning time, especially when many good rules are learned for small numbers of training examples.4This limit was set at 10 or 20 examples in the experiments discussed in this dissertation.42



5.7 SummaryThis section presented the Scope learning system, which automatically acquires search-controlknowledge for planning systems. This knowledge is acquired in three main phases. In the �rstphase, Scope solves any input training examples using the original planning program and extractstwo pieces of control information. The �rst is a set of re�nement selection examples that recordwhen plan re�nement were successfully and unsuccessfully applied in solving the training examples.The second is a set of generalized proof trees which provide a background context that explains thesuccess of correct planning decisions. These are constructed by applying explanation-based gener-alization techniques to proofs of the training examples. In the second phase of the algorithm, thesetwo pieces of information are used to construct control rules. Here, the Foil induction algorithm isemployed to construct a de�nition for when to apply each planning re�nement. Information in thegeneralized proof trees is used to bias the Foil search towards useful control information. Oncea set of rules has been constructed for when to apply each re�nement, the rules are passed to thethird phase of the algorithm which incorporates them into the original planner and outputs a newplanning program.The next few chapters presents results demonstrating that Scope can e�ectively learn con-trol knowledge that improves planner performance in several di�erent domains.
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Chapter 6Experimental Evaluation - ImprovingE�ciency and Plan LengthThis section describes a number of experiments that test Scope's ability to improve both thee�ciency of a plan and also the plan quality metric of solution length. Experiments are presentedin two domains where Scope is shown to signi�cantly improve upon both these factors. Scope isalso shown able to scale gracefully to increasingly hard problems.6.1 Domain DescriptionsThe logistics transportation domain of Veloso (1992) was adopted for one set of experiments. Inthis domain, packages must be delivered to di�erent locations in a number of cities. Packagesare transported between di�erent cities by airplane and between locations in the same city bytruck. For the second domain, the standard set of blocksworld operators from Nilsson (1980) wereused. The logistics domain contains six operators and blocksworld domain contains four. Operatordescriptions for both domains can be found in Appendix A.In both the logistics and blocksworld domain, plan quality is measured by the length of theplan, i.e. shorter plans are considered more desirable. Thus, the goal in these domains, was toimprove planning e�ciency and to produce solutions of minimal length.6.2 Focusing Scope on Improving E�ciency and Plan LengthIn order to improve plan quality, as well as e�ciency, Scope is trained on only high-quality solu-tions. For the blocksworld domain, DFID was used to generate optimal training-problem solutionsof minimum length. However, for the logistics domain, DFID could not solve most of the trainingproblems in a reasonable amount of time. For this domain, a bootstrapping technique was used toacquire high-quality solutions for the training problems. First, a training set of simpler problemswas generated that could be e�ciently solved by DFID. For this case, problems containing onlythree packages were used. Scope was trained on these problems and a set of control rules wasgenerated. These rules were then used to solve problems in the actual training set (containing 5-7packages). In the majority of the 5-7 package problems, this technique was able to produce optimal44



(or near-optimal) solutions1. About 3% of the problems could not be solved by the control rules.Optimal solutions for these problems were entered by hand. This training approach allows Scopeto be easily trained on optimal (or near-optimal) solutions for harder problems, with very littlehelp from the user.6.3 Experimental DesignThe goal of these experiments was to improve both planner e�ciency and also the quality ofgenerated solutions. Training and test problems were generated for each domain by using a randomproblem generator which produced random initial and �nal states. In the logistics domain, stateswere produced by placing packages in random locations in di�erent cities. Problems in this domaincontained between �ve and seven packages, two trucks and two planes, which were distributedamong locations in two cities. In the blocksworld, problems were generated by using the techniquedescribed in Minton (1988), where each block is placed either on the table, on top of another block,or is held by the arm. Problems contained between three and six blocks and had between one andfour goals.In both domains, Scope was trained on separate examples sets of increasing size. Since planlength was used as the quality metric in these domains, Scope was always trained on solutions ofminimal length. In blocksworld, these were generated by using DFID to solve the training problems,and in logistics, these were generated by using a bootstrapping technique to solve the trainingproblems, as explained in the preceding section. In each domain, a test set of 100 independentlygenerated problems was used to evaluate performance. Five trials were run for each training setsize, after which results were averaged. No time limit was imposed on planning in either domain,but a uniform depth bound on the plan length was used during testing that allowed for all problemsto be solved. In the blocksworld the depth bound used was set at 8 and in the logistics domain,the depth bound was set at 100. Tests in the blocksworld were performed on an Ultra Sparc 2 andin the logistics domain on an Ultra Enterprise 5000.For each trial, Scope learned control rules from the given training set and produced amodi�ed planner. Since Scope only specializes decisions in the original planner, the new planningprogram is guaranteed to be sound with respect to the original one. Unfortunately, the new planneris not guaranteed to be complete. Some control rules could be too specialized and thus the newplanner may not solve all problems solvable by the original planner. In order to guarantee thecompleteness of the �nal planner, a strategy used by Cohen (1990) is adopted. If the �nal plannerfails to �nd a solution to a test problem, the initial planning program is used to solve the problem.When this situation occurs in testing, both the failure time for the new planner and the solutiontime for the original planner are included in the total solution time for that problem.For comparison purposes, one other search method was used to solve the test problems.Best-�rst search was also evaluated at solving the test problems. These tests were done usingthe standard Lisp implementation of UCPOP (Barrett & et al., 1995), thus some results could bepartially due to implementation di�erence between Prolog and Lisp.1These solutions are not guaranteed to be optimal since it is possible the rules are too specialized and could missan optimal solution. However, a number of problems were checked by hand, and in all cases optimal solutions hadbeen produced. 45



6.4 ResultsFigure 6.1 and Figure 6.2 show the measured improvements in planning e�ciency for both domains.The times shown represent the number of seconds required to solve all of the problems in the testsets after Scope was trained on a given number of examples. The best performance occurredwhen the planner utilized the learned control information. In these tests, Scope was able toproduce a new planner that was signi�cantly faster than the original depth-�rst planner. In thelogistics domain, the new planner was an average of 8 times faster than the original planner andin the blocksworld domain it was an average of 23 times faster. Also, at all points where controlknowledge was added, no backtracking occurred in either new planner.In both domains, especially the logistics domain, Scope was able to learn some very goodcontrol rules with only a few training examples, and thus could immediately produce signi�cantspeedup. Then, as more and more training examples are seen, Scope picks up more specializedcontrol rules that help reduce the planning times either further. Overall, in the logistics domain,an average of 20 rules were learned and in the blocksworld an average of 19 rules were learned.Best-�rst search performed signi�cantly worse than both depth-�rst search and Scope onboth the logistics and blocksworld domains. In the blocksworld domain, best-�rst could solve allof the test problems, however the planning time required was greater than that of the depth-�rstProlog planner. In general, the best-�rst search seemed able to solve a large number of problemsvery quickly, but there were a small number of problems for which it had great di�culty in �ndinga solution. In the logistics domain, best-�rst could solve only three of the test problems using asearch-limit of 200,000 plans. The �nal planning time was over �fteen hours and was thus too largeto display in the graph.Plan quality improvements in these domains are shown in Figures 6.3 and 6.4. The lengthsshown in the graphs represent average solution lengths returned for the test problems. In theblocksworld, the average length of all optimal solutions is also shown (which was produced byusing DFID). Optimal solutions for the logistics problems could not be generated in a reasonableamount of time so this average could not be calculated. In the logistics domain, Scope was able toreturn signi�cantly shorter solutions than those produced by using the original depth-�rst planner;average solution lengths are reduced from 35.2 steps to 25.1 steps. As already mentioned, best-�rst search could only solve a few problems in this domain and thus the average plan lengths forthis search method are not shown. In the blocksworld domain, Scope was able to produce a newplanner that returned near-optimal solutions, and again, returned signi�cantly shorter solutionsthan those returned by depth-�rst alone. In this domain, Scope reduced average solution lengthsfrom 5.07 to 3.91 where the average solution lengths of optimal solutions was 3.70. Best-�rst searchgenerated average solutions lengths of 3.78 and thus did not achieve optimal solutions, but didproduce slightly better solutions than those produced by Scope.As mentioned earlier, the new planner produced by Scope is guaranteed to be correct butit is not guaranteed to be complete. It is possible that the control rules produced by Scope couldbe too specialized and might prevent the planner from solving all problems. However, for mostexperiments presented in this dissertation, this problem occurred very infrequently; after training,the new planner could usually solve between 97%-100% of the test problems that could be solvedbefore learning. And as shown in the next chapter, the new planner can sometimes solve a muchhigher percentage of test problems than the original planner.46
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Figure 6.1: E�ciency performance in the logistics transportation domain.
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Figure 6.2: E�ciency performance in the blocksworld domain.47
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Figure 6.3: Quality performance in the logistics transportation domain.
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Figures 6.5 and 6.6 show the percentage of test problems that could be solved by the newplanner for the experiments just presented. Each graph shows the percentage of test problemssolved after training on a certain number of problems. In the logistics domain, the new planner wasable to cover around 80% of the test problems after begin trained on just a few examples. Oncethe learner saw up to 100 training examples, the new planner was covering close to 100% of thetest problems. In the blocksworld domain, the new planner was also able to quickly cover a largepercentage of the test examples and was again able to cover close to 100% after all training hadcompleted.6.5 ScalabilityAnother set of experiments were performed to evaluate how Scope performed on harder problems.These tests were done using increasingly complex problems in the logistics transportation domain.Two di�erent experiments were performed, one where Scope was was trained on simple problems,and one where Scope was retrained on slightly harder problems. In both experiments, results wereevaluated using several di�erent test sets of increasing complexity. The goal of these experimentswas two-fold; one, to see how well rules learned on simpler problems scaled to harder problems andtwo, to see what di�erences arose when Scope was trained on harder problems.6.6 Training on Simple ProblemsIn the �rst experiment, Scope was training on 100 training problems in the logistics domain thatcontained three packages, two planes, and two trucks, which were distributed among locations intwo cities. Solutions were generated using DFID, since as mentioned previously, problems at thislevel of complexity could be solved by DFID in a reasonable amount of time. Scope's performanceafter training on these relatively simple problems was then evaluated, to see how well the controlrules learned by Scope could scale to problems of di�erent complexity. Six di�erent test sets ofincreasing complexity were used to perform this evaluation where the number of packages (andgoals) ranged from 1 up to 50. During testing, a time limit of 500 seconds per problem was used.No limits on solutions length were imposed on test problems in these experiments, however, a depthbound was used that ensured all test problems could be solved. The depth bound ranged from 12steps for 1 package problems up to 350 for 50 package problems.The results from this �rst experiment are shown in Table 6.1 and Table 6.2. The �rst set ofcolumns in each table shows the complexity level of each test set. In Table 6.1, the second set ofcolumns shows the percentage of test problems that could be solved within the time limit (usingdepth-�rst search) before and after learning. The last set of columns reports the planning timerequired to solve the test problems. In Table 6.2, the second set of columns shows the averagesolution lengths for all problems solved. These numbers show how long the average solutions werefor all test problems that could be solved by the new planner. The last set of columns showsthe average solution lengths only for problems that could be solved by the original planner (withoutcontrol information). These last numbers were included to show how Scope improved upon solutionquality. Thus these numbers were only gathered for problems that could be solved both by theoriginal planner and by the new planner so that changes in solution length could be observed. Also49
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Test Sets Problems Solved Solution Time(%) (Secs)Num. of Num. of W/o With W/o WithGoals Problems Rules Rules Rules Rules1 100 100 100 3.9 1.82 100 100 100 18.6 4.85 100 100 100 374 62.810 100 100 100 4112 90620 100 30 85 45870 1000550 100 0 24 50000 46201Table 6.1: E�ciency results on increasingly complex test problems in the logistics domain.Test Sets Plan Lengths Plan Lengths(All problems solved) (Only problems solvableby original planner)Num. of Num. of W/o With W/o With OptimalGoals Problems Rules Rules Rules Rules Lengths1 100 6.4 5.7 6.4 5.7 5.72 100 11.2 9.8 11.2 9.8 9.85 100 25.8 22.5 25.8 22.5 -10 100 45.0 39.0 45.0 39.0 -20 100 76.0 69.9 76.0 66.6 -50 100 - 162.7 - - -Table 6.2: Quality results on increasingly complex test problems in the logistics domain. Resultsare shown both for all problems that could be solved by the new planner and for problems thatcould only be solved by the original planner.included in Table 6.2 are the average optimal solution lengths for some of the simpler test sets.Dashes indicate a number was not available due to the fact that many problems could not be solvedby the original planner using depth-�rst or DFID.For all six test sets, Scope was able to improve planning e�ciency, and when possible,increase the percentage of problems solved. For instance, on problems containing 5 packages,Scope was able to create a new planner that was 5.9 times faster than the original planner andon the problems containing 20 packages, Scope was able to create a new planner that was 4.5times faster and it also improved the percentage of problems solved from 30% to 85%. In 50package problems, relatively little speedup was realized, however, the number of test problemssolved increased form 0% to 24%.Unfortunately, it was di�cult to gather data on whether plan quality was always improvedin all test sets. For many examples in the hardest two test sets, the original planner could not�nd a solution under the time limit, and thus solutions lengths before and after learning couldnot be compared. For the �rst two test sets (containing 1 and 2 package problems), Scope wasable to signi�cantly improve �nal solution quality and always generated optimal solutions. For thethird, fourth and �fth test sets (containing 5, 10 and 20 package problems), Scope was also ableto improve �nal solution quality. For instance, for the 20 package problems that could be solvedby the original planner, Scope improved the average solution length from 76.0 to 69.9. In the lasttest set (containing 50 package problems) no problems could be solved by the original planner, soplan quality improvement could not be measured.51



Test Sets Problems Solved Solution Time(%) (Secs)Num. of Num. of W/o With W/o WithGoals Problems Rules Rules Rules Rules1 100 100 100 3.9 1.82 100 100 100 18.6 4.85 100 100 100 374 44.010 100 100 100 4112 62420 100 30 94 45870 612850 100 0 22 50000 46917Table 6.3: E�ciency results on increasingly complex test problems in the logistics domain.6.7 Training on Harder ProblemsIn the second experiment, the bootstrapping method presented in Section 6.3 was used to trainScope on harder problems. This experiment was intended to test whether training Scope onharder problems could improve results even further. For this experiment the following procedurewas used to generate training examples. First, the rules from the experiment just presented wereused to solve harder training problems. These new training problems contained 5-7 packages,as opposed to the problems in the previous experiment which contained only 3 packages. As inSection 6.3, the learned rules were able to solve around 97% of the new training problems. Optimalsolutions for any unsolved problems were then entered by hand.Scope's performance was then tested again on the same six sets of test problems. The resultsfrom this second experiment are shown in Tables 6.3 and 6.4. Again, for all six test sets, Scopewas able to improve planning e�ciency, and when possible, increase the percentage of problemssolved. Also, improvements were greater than those seen in the previous experiment. For instance,after training on 3 package problems, Scope increased the coverage of 20 package problems from30% to 85%. However, after training on the 5-7 package problems, this coverage increased to 94%.Similarly, greater speedup was also realized. Speedup on the 10 package problems increased from4.5x to 6.6x, and on the 20 packages problems from 4.5x to 7.5x.On the 50 package problems, solution coverage actually slightly decreased from 24% to 22%.This decrease is most likely caused by the use of a time limit. As discussed in (Etzioni & Etzioni,1994), using a time limit can decrease speedup, especially when solution times are close to thelimit. In these problems, solution times were often very close to the time limit (of 500 seconds).After training on harder problems it's possible that solution times in several of these problems gotslightly longer causing the time limit to be reached, while solution times in other (harder) problemsmight have improved. However, since these harder problems could not be solved under the timelimit, this speedup is not re
ected in the reported results.Quality improvements in general remained similar. Scope was still able to produce optimalsolutions for the 1 and 2 package problems. After training on 3 package problems, Scope improvedthe average solution lengths of 5 package problems from 25.8 to 22.5 and after training on 5-7package problems, they were improved to 22.4. For 10 package problems, lengths were originallyimproved from 45.0 to 39.0 in the �rst experiment; and after training on the 5-7 package problems,they were improved to 38.8. For 20 package problems, solution lengths remained the same.Thus, training on harder problems did help to further improve planning e�ciency, however,it had very little e�ect on quality. One possible reason for is that the solutions produced in the �rst52



Test Sets Plan Lengths Plan Lengths(All problems solved) (Only problems solvableby original planner)Num. of Num. of W/o With W/o With OptimalGoals Problems Rules Rules Rules Rules Lengths1 100 6.4 5.7 6.4 5.7 5.72 100 11.2 9.8 11.2 9.8 9.85 100 25.8 22.4 25.8 22.4 -10 100 45.0 38.8 45.0 38.8 -20 100 76.0 70.6 76.0 66.6 -50 100 - 163.3 - - -Table 6.4: Quality results on increasingly complex test problems in the logistics domain. Resultsare shown both for all problems that could be solved by the new planner and for problems thatcould only be solved by the original planner.experiment (where Scope was trained on 3 package problems) might have already been optimal orclose to optimal and thus there was little room for further improvement. In the harder test sets,where further quality improvements could be possible, very few problems could be solved by theoriginal planner, and thus quality improvements were di�cult to measure.6.8 Ablation ResultsOne other set of tests was run to evaluate the di�erent features of Scope's induction algorithm.These experiments test what e�ect the di�erent antecedent types listed in Section 5.2.3 have onScope's performance. These tests were done using the problem sets for the logistics transportationdomain that were utilized for the �rst set of experiments from this section. Thus training and testproblems contained between 5-7 packages distributed among locations in two cities, and the samehigh-quality solutions to the training problems, which were generated previously by a bootstrappingmethod, were also utilized.Two experiments were run to test the importance of di�erent antecedent types. In the�rst experiment, Scope's induction algorithm could use literals taken straight from generalizedproof tree, but could not use any other types of these literals, such as negated versions of prooftree literals, relational clich�es, etc. In the second experiment, the induction algorithm could usea few other types of literals, including negated literals, determinate literals and non-codesignationconstraints. However, it could not use relational clich�es or extra background predicates, which canincur the most extra search. For both these experiments, both e�ciency and quality improvementswere measured. Also, Scope's performance using all types of literals is compared against the resultsfor these tests.Figure 6.7 shows the measured improvements in planning e�ciency. Similar to previousresults, the times shown represent the number of seconds required to solve all of the problemsin the test set after Scope was trained on a given number of examples. The best performanceoccurred when Scope could utilize all di�erent types of antecedents. When using only regularproof tree literals, Scope is able to get some improvement in e�ciency but it is much smaller thanwhen using di�erent types of literals. The speedup incurred when using only regular proof treeliterals was 1.5x, while a speedup of 8.8x was produced when using all of the di�erent types ofliterals. Also, it took longer to converge to a good set of rules in this experiment, and after training53
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Figure 6.7: Ablation results for e�ciency in the logistics transportation domain.on a small number of examples Scope actually decreased planning e�ciency.In this experiment, Scope was often not able to construct accurate control rules, whichdon't cover any negative examples, and thus it sometimes could not add a cut after a re�nementselection. This causes slower planning times since more backtracking occurs. Also when the newplanner was too specialized to solve the test problems, it took much longer to revert back to theold planner to produce a solution, which accounts for the much longer planning times early in thetraining process.In the second experiment, where Scope could use negated literals, determinate literalsand noncodesignation constraints, Scope was able to further improve planning e�ciency, but stillperformed worse than when it could access relational clich�es and other background predicates. Inthis experiment, Scope was able to achieve a speedup of 2.4x. For this experiment, a better set ofcontrol rules were learned than for the �rst experiment, however there were still some points whereScope had problems learning fully accurate rules.Figure 6.8 shows the measured improvements in plan quality, where the lengths shown inthe graph represent average solution lengths returned for the test problems. Again, in the �rsttwo experiments, where Scope did not use all of the di�erent antecedent types, it performed worsethan when using standard Scopewhere all literal types were utilized. In the �rst experiment, whereScope could only use regular proof tree literals, it was able to reduce average solution lengths from29.2 steps to 28.6 steps. Thus control rules were able to direct Scope to only slightly higher qualitysolutions. Since some rules covered negative examples, the planner was not always directed towardsthe best solution paths. In the second experiment, where Scope could use some extra features, itwas able to further reduce average solutions lengths from 29.2 steps to 27.7 steps. Finally, whenusing standard Scope, where all extra features were used, control rules were better able to direct54
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Figure 6.8: Ablation results for quality in the logistics transportation domain.the planner towards high-quality solutions; in this test, the average solution lengths of the testproblems was reduced to 25.1 steps.Thus, these ablation tests show that for both e�ciency and quality improvements, the useof di�erent antecedent types is an important factor in achieving good performance improvements.6.9 Learning TimeThe e�ciency results presented in this chapter only considered initial and �nal planning time anddid not include learning time. This section discusses learning time for these experiments and andhow it incorporates into previous results.Learning times from the logistics and blocksworld experiments presented in Section 6.3 areshown in Figure 6.9 and Figure 6.10. In the blocksworld domain, the �nal learning time aftertraining on 150 examples was around 1500 seconds. In the logistics domain, �nal learning timewas 9576 seconds. (Also, this only includes the time used to learn control rules for the 5-7 packageproblems. This does not include time required to learn control rules for the 3 package problems,which were used to help solve harder training examples. If this time is included the �nal learningtime for logistics is 122,770 seconds.)Thus, learning time can be signi�cant for the Scope learning system. However, its draw-backs do not outweigh the overall bene�ts provided by Scope. First, learning only has to beperformed once, and the new planner generated can then be used to solve countless new problems.Thus the extra time spent in the learning process can easily be justi�ed. To further this argument,an amortization analysis was performed that evaluated how quickly a gain would be realized foreach domain. In other words, this analysis estimates how many problems the system must solve to55
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make up for the cost of learning time. The following results were produced. For the blocksworld, again in planning time is realized after running on at least 250 test examples. In the logistics domain,a gain is realized after running the new planner on at least 1300 examples. (If including time tolearn rules for the 3 package problems, a gain is realized after running the new planner on at last1500 examples.) Thus, in the blocksworld, a relatively small number of problems must be solvedbefore a gain in e�ciency is �rst seen. In logistics, a larger number of problems must be solved toachieve a gain, however, for most real-world applications, this number could be quickly reached. Inaddition, when tested on increasingly complex problems in this domain, the new planner producedby Scope was able to signi�cantly increase the number of test problems that could be solved.Second, Scope is learning to produce near-optimal or optimal solutions for most novelproblems. When using just the base planner (without control information), solutions were often ofmuch lower quality. For instance, in the blocksworld, solutions were 25% longer when using theoriginal planner as opposed to the new planner, which includes control information, and solutionswere 14% longer in the logistics domain. Plus, the time required to generate optimal solutionswith the base planner is usually much greater than the time to generate just valid solutions. Forinstance, in the logistics domain, when using a DFID search, the planner using a could still notgenerate optimal solutions for many 5 package problems even when run for several days.6.10 SummaryThis section presented experimental results for using Scope to improve both planning e�ciencyand the quality metric of solution lengths. Results are presented in two domains, the logisticstransportation domain and the blocksworld domain. In these experiments, Scope is shown toproduce signi�cant improvements. For both domains, the new planner produced by Scope wassigni�cantly faster than the original planner. Also, Scope was able to produce shorter solutionplans. Another set of experiments is also presented that shows Scope's ability to scale to increas-ingly complex problems. These experiments were performed in the logistics domain where Scopewas shown to produce a new planner that could e�ciently solve many problems containing 10, 20or 50 packages. For all levels of problem complexity tested, Scope was able to produce a fasterplanner, and when possible Scope signi�cantly increased the number of test examples that couldbe solved by the planner under a time limit. Scope also produced improvements in plan qualitywhen applied to harder problems. For all test sets, Scope was able to improve solution qualityfor problems that could be solved by the original planner. Additionally, it was shown that at leastfor simple problems (where optimal solutions were known) that Scope was generating optimalsolutions.
57



Chapter 7Experimental Evaluation - ImprovingE�ciency and Plan CostThis section describes two experiments that test Scope's ability to improve the e�ciency of a planand the plan quality metric of solution cost, and also that test Scope's ability to improve thesemetrics in a complex, realistic domain. Experiments are done in a large-scale domain where solutioncost is not always dependent on solution length; i.e. sometimes a longer solution is a higher qualityone. Two di�erent quality metrics for this domain are de�ned and Scope is shown able to improveon either one, as well as still improving planner e�ciency.7.1 Domain DescriptionThe domain used for these experiments is the process planning domain created by Gil (1991). This isa large-scale complex domain that describes a number of manufacturing processes (e.g. machining,joining, and �nishing). Process planning can be described as one of the intermediate steps ofproduction manufacturing (Gil, 1991; P�erez, 1995). The �rst stage of production manufacturing isproduct design, which involves producing a speci�c model of a product that satis�es a desired setof speci�cations. When the design is completed, the next step is to plan the sequences of processesthat will be performed on di�erent product components, or parts. The parts are then manufacturedaccording to the production plans and �nally, the parts are assembled to produce the �nal product.The focus of the process planning domain is to automate the production step of productionmanufacturing. Problems in this domain involve �nding a sequence of operations that will producea particular part design. For instance, one possible design goal is to produce a part that has a holedrilled on one side. This hole usually must be of a certain depth and width, and must be drilledin a particular location on the part. An example of such a goal and a sample solution plan thatachieves the goal is shown in Figure 7.1. This goal requires a hole to be drilled in side 2 of part 1.(Each side of a part is numbered, thus a rectangular part has 6 sides). Also, this hole must be ofdepth 3, be of width 1/8, and be in location (2,2) on side 2 of the part. The sample solution planshows a valid plan for achieving this goal. In this plan, the part is �rst cleaned and placed in thedrill. A spot-drill bit is then used to mark the location of the hole and �nally, a twist-drill bit isused to drill the hole. Other possible goal speci�cations in this domain include producing a part ofa particular shape, giving a part a speci�c metal coating or polish, and smoothing the surface of a58



drill1 part1

Initial State Goal

has-hole(part1,side2,3,1/8,2,2)

twist-drill-bit1

Solution Planput-on-machine-table(drill1,part1)clean(part1)hold-with-vise(drill1,vise1,part1)put-in-drill-spindle(drill1,spot-drill1)drill-with-spot-drill(drill1,spot-drill1,part6,hole1,side1)remove-tool(drill1,spot-drill1)put-in-drill-spindle(drill1,twist-drill1)drill-with-twist-drill(drill1,twist-drill1,part6,hole1,side1,3,1/8,2,2)Figure 7.1: Example of a problem and sample solution plan in the process planning domain. Thegoal of this problem is to have a hole of a certain size drilled in a part at a certain location.part to an adequate level.For each type of design goal, there are often a variety of alternative processes that can beused. For instance, there are usually a number of di�erent type drill bits that can be used to drilla hole, and a drilling operation can be performed by di�erent machines. In the implementation ofthis domain used in Gil (1991), machining operations (e.g. drilling, polishing, cutting) are givenin the form of planning operators. An example of an operator for drilling is shown in Figure 7.2.This particular operator is for drilling with a twist-drill bit in the drill machine. The operatorhas a number of preconditions that must be satis�ed before it is applied, including that the drillmachine being used must be holding the part and that the diameter of the drill-bit used to drillthe hole matches the width speci�ed in the has-hole goal. Also represented in the process planningdomain de�nition are operators for setting up parts and tools, securing parts in holding devices,cleaning parts, and removing metal burrs from the surface of a part. In total, this implementationof process planning contains 81 operators. Processes represented in this domain are quite complexand can have many interactions, which can cause quite long planning times.
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drill-with-twist-drill (?Machine,?Drill-bit,?Holding-device,?Part,?Hole,?Side,?Hole-depth,?Hole-diameter)Preconditions:is-a(?Part,part),is-a(?Machine,drill),same(?Drill-bit-diameter,?Hole-diameter)diameter-of-drill-bit(?Drill-bit,?Drill-bit-diameter)is-a(?Drill-bit,twist-drill)has-spot(?Part,?Hole,?Side,?Loc-x,?Loc-y)holding-tool(?Machine,?Drill-bit),holding(?Machine,?Holding-device,?Part,?Side)Add List:has-burrs(?Part),has-hole(?Part,?Hole,?Side,?Hole-depth,?Hole-diameter,?Loc-x,?Loc-y)Delete List:is-clean(?Part),has-spot(?Part,?Hole,?Side,?Loc-x,?Loc-y)Figure 7.2: Drilling operator from the process planning domain.7.2 Plan Quality in the Process Planning DomainPlan quality in the process planning domain can be extremely important. Goals such as minimizingexecution time or reducing the number of resources used can be a crucial part of productionmanufacturing. There are a number of di�erent quality metrics that can be measured for thisdomain (P�erez, 1995), including:� The number of plan steps� The total execution time of the plan� The dollar cost of the plan� The number of resources used by the plan� The feasibility of executing the plan� The reliability of the planPlan length is usually not an accurate measure of plan quality in the process planningdomain, since di�erent operators have di�erent execution costs. In fact, it is sometimes the casethat a high-quality plan will have more steps than a low-quality one. A more accurate qualitymeasure is the total cost of the plan, which can be measured by execution time or by the dollarcost of each plan step.One rough measure of the plan execution time can be made by counting the number ofset-up steps that exist in the plan (P�erez, 1995). Set-up steps usually prepare a machine or partfor an operation. For instance, placing a part in a machine or rotating a part already held in amachine are operations that �t in to this category. Set-up steps are very important in the process60



planning domain and usually take the longest to execute. Table 7.1 describes a quality metric fromP�erez (1995) that re
ects this type of quality measure; for the purposes of this dissertation, call thisQuality Metric 1. This metric assigns each operator a �xed cost where lower values are higherquality. The cost of a plan is determined by adding up the costs of all plan steps. This particularmetric assigns a higher cost to set-up steps and re
ects the fact that it is often cheaper to switchtools in a machine than it is to manipulate parts.Other quality measures can also be de�ned for this domain. For this dissertation, a secondmetric was created that re
ected another possible type of plan cost. Some machines in productionmanufacturing may be signi�cantly more expensive to operate than others. Thus, a bene�cialquality measure could directly re
ect machine operation cost. Table 7.2 describes a second qualitymeasure; call this Quality Metric 2. This metric states that operators that use a milling machineare more costly than those that use a drill. In the process planning domain, a milling machine canbe used to both change the dimension of a part and to drill a hole in a part; a drill machine canonly be used to drill holes. Thus, according to this quality metric, if a plan's only goal is to drill ahole, a plan that used a drill machine to create the hole would be better than a plan that used amilling machine, even though both plans would be correct.The two quality metrics de�ned in Tables 7.1 and 7.2 can prefer very di�erent high-qualityplans for the same problem. For instance, consider the problem shown in Figure 7.3. This problemhas two goals, one to change the size of the part and one to drill a hole in one side. Two solutionsplans for this problem are also shown in Figure 7.3. These solution plans score very di�erently withthe two quality metrics de�ned previously in this chapter. The �rst plan scores much better (i.e.lower) with Quality Metric 2 since the milling machine is only used for one operation, while in thesecond plan the milling-machine is used for both operations. Conversely, the second plan scoresbetter with Quality Metric 1, since it requires fewer setup steps than the �rst plan.7.3 Focusing Scope on Improving E�ciency and Plan CostIn the previous chapter, Scope was shown to improve both planning e�ciency and the qualitymetric of plan length. This section focuses on improving e�ciency and quality metrics that relateto di�erent types of plan cost.Again, in order to improve plan quality as well as e�ciency, Scope is trained on only high-quality solutions (and when possible, on optimal solutions). When using plan cost as an evaluationmetric, Scope should be trained on very low cost plans for all training problems. Unfortunately, theprocess planning is a very complex domain and the base planner has di�culty producing solutionsin a reasonable amount of time. (In the tests shown in the next section, the base planner couldonly solve 33% of the test problems under a time limit of 500 seconds). Additionally, providingsolutions to the training problems that are high quality is even more di�cult.The approach used to generate high-quality solutions for training problems was the following.First, in order to solve all of the training problems, the Prodigy4.0 planner (Carbonell & etal., 1992) was utilized, which contains a large set of hand-coded control rules for the processplanning domain. These rules enable the Prodigy planner to solve problems in this domain muchquicker than with the base planner used in this dissertation. Second, once solutions for all trainingproblems were generated by Prodigy, two di�erent sets of solutions were created by modifying61



Operator Type Cost OperatorsMachining 1 drill-with-spot-drill, drill-with-twist-drill,operators drill-with-high-helix-drill,drill-with-spot-drill-in-milling-machine,drill-with-twist-drill-in-milling-machine,face-mill, side-millMachine and 8 put-holding-device-in-drill,holding device put-holding-device-in-milling-machine,set-up operators put-on-machine-table, remove-from-machine-table,hold-with-vise, release-from-holding-deviceTool operators 1 put-tool-on-milling-machine, put-in-drill-spindle,remove-tool-from-machineCleaning operators 6 clean, remove-burrsTable 7.1: Quality Metric 1 - This quality metric re
ects execution time in the process planningdomain. Higher costs are assigned to steps which involve holding or moving parts.
Operator Type Cost OperatorsMilling machine 15 drill-with-spot-drill-in-milling-machine,operators drill-with-twist-drill-in-milling-machine,face-mill, side-millDrill operators 1 drill-with-spot-drill, drill-with-twist-drill,drill-with-high-helix-drillMachine and 2 put-holding-device-in-drill,holding device put-holding-device-in-milling-machine,set-up operators put-on-machine-table, remove-from-machine-table,hold-with-vise, release-from-holding-deviceTool operators 1 put-tool-on-milling-machine, put-in-drill-spindle,remove-tool-from-machineCleaning operators 3 clean, remove-burrsTable 7.2: Quality Metric 2 - This quality metric re
ects a di�erent type of execution cost inthe process planning domain. Higher costs are assigned to steps that utilize expensive machines.
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drill1

milling-machine2
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millling-cutter3

twist-drill-bit2
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size-of(part1,length,3)

Goal

has-hole(part1,side3,1,1/8,1,1)

(a)Solution Plan 1 Solution Plan 2put-on-machine-table mill-mach put-on-machine-table mill-machclean-part clean-parthold-with-vise hold-with-viseput-tool-on-mill-mach mill-cutter put-tool-on-mill-mach mill-cutterface-mill face-millrelease-from-holding-device remove-tool milling-cutterput-on-machine-table drill put-tool-on-mill-mach twist-drill2remove-burrs drill-with-twist-drillclean-parthold-with-viseput-in-drill-spindle twist-drill2drill-with-twist-drill (b)Plan Quality Metric 1 Quality Metric 2Plan 1 62 37Plan 2 26 40(c)Figure 7.3: Example of a problem in the process planning domain. The goal of this problem is tochange the part's length to 3 and to have a hole drilled in one side.
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the Prodigy solutions, where each set corresponded to a particular quality metric. The set ofsolutions corresponding to Quality Metric 1 was produced by �rst examining each solution thatwas produced by Prodigy, and if that solution could be improved with respect to Quality Metric1, it was modi�ed by hand so that the new solution was optimal. The same procedure was usedto produce a solution set for Quality Metric 2. Most solutions generated by Prodigy had to bemodi�ed in some way in order to produce an optimal solution for either quality metric. Two di�erenttraining sets were then produced, which contained the same problems but di�erent solutions.7.4 Experimental DesignThe goal of these experiments was to improve both planning e�ciency and also the quality ofgenerated solutions. Speci�cally, these experiments were intended to evaluate how well Scopecould improve upon di�erent quality metrics. The two quality metrics de�ned in Section 7.2 wereused to measure solution quality for this domain. Scope's goal in these tests is to minimize thesolution cost, since lower cost solutions are considered more higher quality.A random problem generator was built to generate problems for the process planning do-main. It operates by creating a random initial state that contains di�erent machines, parts andtools, where parts and tools can be placed in di�erent locations (e.g. the drill machine may bealready holding a certain size drill bit). It also creates a random set of goals for any available partsin a problem. These experiments concentrated on goals of cutting parts to a desired size along theirthree dimensions, and on spotting and drilling holes of di�erent sizes which are located in randomlocations on a part. Each problem contained from one to three di�erent goals. Using the problemgenerator, 100 training problems were created and then optimal solutions for Quality Metric 1 and2 were produced using the technique described in the preceding section.Two experiments were run, one for each quality metric; call these Experiment 1 andExperiment 2, where Experiment 1 used the training problems optimized for Quality Metric 1and Experiment 2 used the training problems optimized for Quality Metric 2. For each experiment,Scope was trained on separate example sets of increasing size. Only one trial was run in theseexperiments due to the time involved in generating training solutions and in learning control rules.A test set of 100 independently generated problems was used to evaluate performance. Duringtesting, a time limit of 500 seconds was imposed per test problem and a depth bound on planlength of 30 steps was used that allowed for all problems to be solved. All tests were performed ona Ultra Enterprise 5000.Similar to the procedure used in previous experiments, Scope learned control rules fromthe given training set and produced a modi�ed planner. If the new planning program was everfound to be too specialized (i.e. it failed on one of the training problems) then the initial planningprogram is used to solve the problem. When this situation occurs in testing, both the failure timefor the new planner and the solution time for the original planner are included in the total solutiontime for that problem.For comparison purposes, best-�rst search was also evaluated at solving the test problems.Again, these tests were done using the standard Lisp implementation of UCPOP (Barrett & et al.,1995), thus some results could be partially due to implementation di�erence between Prolog andLisp. 64



7.5 E�ciency ResultsFigure 7.4 shows the measured improvements in planning e�ciency for both experiments. In bothtests Scope was able to greatly improve planner e�ciency. In Experiment 1 (where trainingproblems were optimized for Quality Metric 1), Scope was able to speedup the original plannerby a factor of 4.8. In Experiment 2 (where training problems were optimized for Quality Metric2), Scope was able to speedup the original planner by a factor of 5.7. And, for all points wherecontrol knowledge was added, no backtracking occurred in the new planner in both experiments.Scope was able to achieve a slightly higher speedup factor in Experiment 2, where qualityrelates to machine operation cost. This could be partly due to the fact that fewer control rules werelearned for Experiment 2. In Experiment 1, 57 rules were learned and in Experiment 2, 51 ruleswere learned. In addition, Scope outperformed best-�rst search in this domain, however best-�rstsearch was somewhat faster than the base planner using depth-�rst search.In both experiments, Scope was also able to signi�cantly improve the number of test exam-ples that could be solved under the time limit, as shown in Figure 7.5. The original base plannercould solve 33% of the test problems under the time limit and best-�rst search was able to solve45% of the test problems under the time limit. In both Experiment 1 and Experiment 2, the newplanner produced by Scope could solve 86% of the test problems, and thus Scope was able togreatly improve the number of test problems that could be solved in a reasonable amount of time.Since signi�cant speedup and coverage improvements were realized for both experiments,these tests show that the e�ciency improvements generated by Scope are not dependent to acertain type of quality metric.7.6 Quality ResultsPlan quality improvements were collected in two di�erent ways. The goal for both these evaluationswas to test whether training Scope on optimal solutions for a particular quality metric helped it toproduce a planner that generated solutions that score well with that metric. Thus, ideally, controlrules from Experiment 1 should minimize Quality Metric 1 and control rules from Experiment 2should minimize Quality Metric 2.First, plan quality was evaluated for all test problems that could be solved by both �nalplanners. In the test set, 79 of the problems could be solved by both new planners. The set ofsolutions for these problems produced in Experiment 1 were evaluated once using Quality Metric1 and then again using Quality Metric 2. The same was done for the set of solutions produced inExperiment 2. The results from this evaluation are shown in Table 7.3. The total costs for theproblem solutions generated in both experiments are given for both quality metrics.As shown by the table, the training set optimized for Quality Metric 1 produced controlrules which in turn generated solutions that minimized this metric but did not score well with thesecond quality metric. Similarly, the training set optimized for Quality Metric 2 produced controlrules which generated solutions that minimized this metric but did not score well with the �rstquality metric. The solutions generated by Experiment 1 were 18% lower in cost for Quality Metric1, than solutions generated be Experiment 2. The solutions generated by Experiment 2 were 35%lower in cost for Quality Metric 2, than solutions generated by Experiment 1. Thus, this evaluation65
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Solution Set Quality Metric 1 Quality Metric 2Experiment 1 3881 3606Experiment 2 4750 2346Table 7.3: The total cost of solutions produced in two di�erent experiments, as evaluated by twodi�erent quality metrics. Only solutions for problems which both new planners could solve areincluded. In experiment 1, the training problems were optimized for Quality Metric 1. And inexperiment 2, the training problems were optimized for Quality Metric 2.Solution Set Quality Metric 1 Quality Metric 2SCOPE - Exp 1 886 789SCOPE - Exp 2 1102 527UCPOP - DF 994 491UCPOP - BF 1006 788Table 7.4: The total cost of solutions produced in two di�erent experiments, as evaluated by twodi�erent quality metrics. Only solutions for problems that could be solved by both new plannersproduced by Scope, by the base planner (using depth-�rst) and by standard UCPOP (using best-�rst) were included.shows that Scope can successfully improve on very di�erent quality metrics.A second comparison was done that only used solutions for problems that could be solvedby both �nal planners produced by Scope, by the base planner (using depth-�rst), and by thestandard Lisp version of UCPOP (using best-�rst search). In the test set, 31 of the problems couldbe solved by all four planners. Similar to the last evaluation, the set of solutions for each plannerwas then evaluated once using Quality Metric 1 and again using Quality Metric 2. The results ofthis evaluation are shown in Table 7.4.Again, the training set optimized for Quality Metric 1 produced control rules which in turngenerated solutions that minimized this metric but did not score as well with the second qualitymetric. Similarly, the training set optimized for Quality Metric 2 produced control rules whichgenerated solutions that minimized this metric but did not score well with the �rst quality metric.For the �rst quality metric, the lowest cost solutions were produced by the planner generatedin Experiment 1. These solutions were 20% lower in cost than solutions generated by the newplanner in Experiment 2, 11% lower in cost than solutions produced by the depth-�rst version ofUCPOP, and 12% lower in cost than solutions generated by best-�rst UCPOP.For the second quality metric, the lowest cost solutions were actually produced by the depth-�rst version of UCPOP. These solutions were 38% lower in cost than solutions produced by thenew planner from Experiment 1, 7% lower in cost than solutions produced by the new plannerfrom Experiment 2, and 38% lower in cost than solutions produced by best-�rst UCPOP. Thus,in Experiment 2 (which was optimized for Quality Metric 2), Scope did not produce solutionsthat were lower in cost than those produced by the base planner. For this quality metric, thebase planner output optimal solutions for all test problems solved so there is no room for qualityimprovements on these test problems. For most of the problems, the new planner from Experiment2 produced equivalent solutions to those produced by the base planner, however for just a fewproblems it produced slightly worse solutions, which account for the di�erence in total plan cost67



shown in Figure 7.4. The solutions produced in Experiment 2 were signi�cantly lower in cost thansolutions produced in either Experiment 1 or by the best-�rst search version of UCPOP.Thus, when optimized for a particular quality metric, the new planner produced by Scopewas always able to outperform the standard Lisp implementation of UCPOP (using best-�rst)and was able to outperform the depth-version of UCPOP for one quality metric and only slightlyunderperformed the depth-version of UCPOP for another quality metric. Plus, the new plannerproduced by Scope was always able to produce signi�cantly more solutions under the time limitthan could be produced by either implementation of UCPOP.7.7 Learning TimeAgain, the e�ciency results presented in this chapter only considered initial and �nal planning timeand did not include learning time. This section discusses learning time in the process planningdomain.Learning times from the both experiments are shown in Figure 7.6. In Experiment 1, the�nal learning time after training on 100 examples was approximately 115 hours. In Experiment 2,the �nal learning time after 100 training examples was approximately 147 hours. Thus learningtimes are very high for this domain, as compared to the logistics and blocksworld domains. Thisis mainly due to the fact that there are a much higher number of decision points in the processplanning domain than in the other two domains tested. The process planning domain contains 81operators, compared to 4 in the blocksworld and 6 in the logistics domains, and there are manymore points where control rules could be learned in this domain. Also, Scope must always examineall decision points to see if control knowledge could be useful. So even if a decision point cannotbene�t from learned control knowledge (i.e. it's possible that that decision point is rarely used orthat backtracking just never occurs at that point), Scope still spends time examining it.Even with the high learning time, Scope can still be seen as very bene�cial in this domain.First of all, it is unclear how much speedup Scope really achieves in this domain since many of thetest problems cannot be solved by the base planner under the time limit. Though employing a timelimit is often necessary when running experiments such as the one presented in this dissertation, itcan often underplay the true speedup achieved by a learning system (Etzioni & Etzioni, 1994). Forthese experiments, it is unclear how long it would take the base planner (without control knowledge)to solve all of the test problems. The planner was run for several days without a time limit andcould only solve a few problems.Second, Scope is producing high quality solutions. The time required to automatically �ndhigh quality solutions is often much more than the time required to �nd just a valid solution, sincethe planner might have to perform an extensive search through a number of di�erent solutions.Thus, even though learning time is large in this domain, it can easily be argued that the bene�tsprovided by Scope outweigh any drawbacks introduced by a large learning time.7.8 SummaryThis section presented experimental results for using Scope to improve both planning e�ciency andthe quality metric of execution cost. These experiments were performed using the process planning68
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Experiment 2Figure 7.6: Learning time in the process planning domain.domain, which is a very large and complex domain that describes a number of manufacturingprocesses.Two di�erent quality metrics were de�ned for the process planning domain where each metricemphasized a di�erent type of execution cost. Two di�erent experiments were run, where the goalof each experiment was for Scope to produce control rules that emphasized one of the qualitymetrics and also improve planning e�ciency. In both experiments, Scope was able to signi�cantlyimprove planner e�ciency and increase the number of test problems that could be solved under atime limit. Also, Scope was able to produce solutions that emphasized the chosen quality metric.These results show that Scope can successfully be applied to improve both planning e�ciency andplan quality, and that these results are not dependent on the particular quality metric being used.They also show that Scope can be used e�ectively to improve planner performance on a realistic,large-scale domain.
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Chapter 8Experimental Evaluation - Improvingonly E�ciencyOne question brought out by the last two chapters, is \what happens if we don't train Scope onhigh-quality solutions?" What e�ciency gains will Scope achieve after looking at solutions thathave not been optimized for quality? In order to investigate these questions, Scope was run ona similar set of experiments as those presented in Chapter 6. The main change was that Scopewas trained on the �rst solution found using depth-�rst search, instead of being trained on veryhigh-quality solutions. The goal of these experiments was to test whether Scope could producee�ciency improvements even when trained on sub-optimal solutions, and also to see what e�ectthese improvements would have on plan quality.8.1 Experimental DesignThese experiments used the logistics transportation and the blocksworld domains to evaluateScope's performance. The same example sets from Chapter 6 were used for training and testing.However, instead of solving the training examples using depth-�rst iterative deepening, depth-�rstsearch was utilized. During training, the �rst solution found was always used by the learning al-gorithm. In both domains, depth-�rst search could solve all problems in a reasonable amount oftime, so a bootstrapping training method was not necessary for these tests.The same two sets of 100 test problems used in Chapter 6 were used to evaluate performance.Five trials were run for each training set size, after which results were averaged. No time limit wasimposed on planning but a uniform depth bounds on plan length was used during training andtesting that allowed for all problems to bel solved. Depth bounds were set identical to those inSection 6.3; in the blocksworld, the depth bound was set at 8 and in logistics, the depth bound wasset at 100. Again, tests in the blocksworld were performed on an Ultra Sparc 2 and in the logisticsdomain on an Ultra Enterprise 5000.
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Figure 8.1: E�ciency performance in the logistics transportation domain.
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Figure 8.2: E�ciency performance in the blocksworld domain.71



8.2 E�ciency ResultsFigure 8.2 and Figure 8.1 show the measured improvements in planning e�ciency for both domains.The results from the previous set of experiments are also shown for comparison. Again, Scopeproduced a more e�cient planner than the original after incorporating learned control information.In these tests, Scope was able to produce a new planner that was 6 times faster in the logisticsdomain, and 3 times faster in the blocksworld domain. In the logistics domain, Scope was stillable to achieve very signi�cant speedup when trained on non-optimal solutions, although it was notquite as high as the previous experiments, which achieved a speedup factor of 8x. In the blocksworlddomain, Scope was also able to produce a more e�cient planner, however, the speedup was muchless than in earlier tests where Scope was trained on optimal solutions and a speedup factor of23x was achieved.There are several possible reasons why speedup factors are less when Scope is trainedon solutions that have not been optimized for quality. For one, swaying Scope towards shortersolutions means less work for the �nal planner. Since solutions are shorter, fewer planning iterationsmust take place. Second, Scope was not always able to learn accurate rules in these experiments.In the logistics domain, accurate rules were learned for all decision points. However, in blocksworld,Scope is able to learn some good rules, but there are a few decision points where it is unable tolearn a fully accurate set of rules. As explained in Section 5.3, when a rule is learned that is notfully accurate (i.e. it covers negative examples), the rule is still used, but no cut is added afterthe rule. This allows the corresponding re�nement application to be still backtracked upon. Thus,the new planner can still solve the test problems, however, the solution times are larger since morebacktracking occurs.The re�nement-selection examples that Scope cannot learn to accurately cover in thesesituations usually correspond to similar planning subgoals that were solved in di�erent ways duringtraining. These di�erences stem from how close the plan is to the depth limit. For instance,consider the two problems shown in Figure 8.3. To solve the �rst goal for each problem, clear(b),suppose the �rst action the planner will try to add is unstack(X,b), where X is another block in theproblem. This could return a valid plan for each problem, as shown in Figure 8.4. However, if thedepth limit given the planner is 7, then a di�erent Plan B will be created that has only 5 steps. Inthis plan (which is the same as Plan B minus the last three steps) clear(d) is asserted by the stepputdown(d), instead of by the step unstack(b,d). Thus, clear(d) will be achieved in di�erent waysfor these two problems, even though they are very similar. Scope has a hard time learning a ruleto cover scenarios such as these, where planner behavior is di�erent due to the depth limit.This type of problem did not occur in the experiment for the logistics domain. One reasonfor this could be that logistics problems were solved using a relatively high depth limit (i.e. mostproblem solutions were well under the depth bound). Where as, in the blocksworld, solutions wereoften found very close to the depth bound. Unfortunately, it was di�cult to raise the depth limitin the blocksworld and still solve the training problems in a reasonable amount of time.One way to avoid this problem, might be to use a very high depth limit which would nota�ect most solutions. Unfortunately, as just mentioned, this makes it hard in many domains tosolve the training problems in a reasonable amount of time. Another solution, would be to givethe learning system a method for reasoning about the depth limit where it can build rules thatcan evaluate whether the current search path will hit the depth limit before �nding a solution. For72
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duced that were comparable to those produced in Chapter 6. In the blocksworld domain, e�ciencygains were also produced, however, they were much less than those seen in the Chapter 6 experi-ments. Scope had di�culty always building accurate rules in this experiment, due to di�erencesin blocksworld solutions that were caused by the depth limit.Plan quality changes were also presented for these experiments. In both domains, Scopeproduced a new planner that does not signi�cantly change the quality of solutions.
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Chapter 9Related WorkThe work discussed in this dissertation touches on numerous areas of arti�cial intelligence, includingmachine learning, planning and inductive logic programming. Some related work in these areashas already been mentioned in other chapters. This chapter presents a broader discussion of workrelated to Scope. Although it would be impossible to mention in detail all related research, acomprehensive summary is attempted of the closest work.9.1 Learning Control for Problem SolvingEarly research in learning control rules has been focused on a variety of problem solving applications,such as symbolic integration, eight-puzzle, and the N-Queens problem. Much early work centeredaround learning macro-operators which record successful operator sequences so they can be reusedon future problems. (Fikes & Nilsson, 1971; Korf, 1985; Minton, 1985; Porter & Kibler, 1986).Other systems concentrated on learning heuristics that characterized successful problem solvingbehavior. To acquire control information, most systems employed a similar method to Scope's ofanalyzing the search space. Positive and negative examples of problem solver behavior are identi�ed(Mitchell et al., 1983; Langley, 1985), and then control heuristics are learned to cover the positiveexamples and rule out the negatives. Several early approaches also used a combination of inductionand EBL to learn control information. The LEX-2 (Mitchell et al., 1983) and MetaLEX (Keller,1987) systems constructed rules by inducing over complete explanation-based generalizations ofproblem-solving traces. Scope, on the other hand, uses induction to select the most useful piecesof EBG generalizations.Some work has also been done on learning approximations to EBL rules. The ULS system(Chase et al., 1989) acquired conservative approximations to EBL rules by simply dropping one ortwo conditions. ULS was very limited in the rules it could generate, unlike Scope, which uses aninductive learning mechanism to build rules from scratch. A more closely related system is AxA-EBL (Cohen, 1990), which integrates an induction mechanism to learn approximate EBL rules.AxA-EBL �rst learns a control rule by applying EBG to the proof of a correct control decision.A pool of candidate control rules is then formed by considering all k-bound approximations of thisrules, where a k-bounded approximation is formed by dropping k or less rule conditions. AxA-EBLthen searches this pool for a small set of rules that maximizes coverage of the positive examplesand minimizes coverage of the negative examples. Although quite successful, this system does has76



several weaknesses. First, the number of k-bounded approximations grows exponentially in k, thusk is limited to very small values. A second problem is that explanations for subgoals only considerthe context of that particular subgoal. Often the conditions which cause a particular operator tofail, lie outside the proof of the speci�c subgoal to which that operator was applied.The Dolphin system (Zelle & Mooney, 1993) improves on AxA-EBL by using a more pow-erful induction algorithm and analyzing proof trees of entire problems instead of only explainingindividual subgoal successes. The overall goal of Dolphin is Prolog program optimization. Specif-ically, Dolphin learns learns control rules that determine which clauses in a Prolog program touse to solve particular subgoals. These rules are learned through a combination of explanation-based generalization (EBG) and inductive-logic programming. Dolphin has been shown successfulat improving problem-solver performance in several di�erent domains, such as N-queens and twoplanning domains which utilized a simple linear, state-based planner. Much of the original inspira-tion for Scope came from ideas introduced in Dolphin, however there are a number of di�erencesbetween the two systems.Scope and Dolphin both use a combination of EBG and ILP techniques to learn controlrules and both have been used to improve the performance of Prolog programs. However, Dolphinhas only been applied to simple logic programs whose search spaces were fairly easy to analyze.Scope, on the other hand, has been applied to a very complex problem solver, which requireda much more e�cient EBG algorithm and also a more powerful induction engine to learn controlinformation. Dolphin has di�culty e�ciently generating explanation structures for a partial-orderplanner, and for many problems cannot generated this explanation in a reasonable amount of time.This di�culty probably stems from the large search space that must be examined. On the inductionside, Dolphin's algorithm approach is very limited and cannot construct rules that are expressiveenough to analyze complex situations, such as those found in a partial-order planner. Dolphin'salgorithm can only add rule antecedents straight from generalized proof trees and has no mechanismfor modifying an antecedent once it is added to a rule. Dolphin also has none of the additionalinductive features that have been added to Scope (e.g. negated antecedents, relational clich�es)and thus can only build very simple control rules. Finally, Scope can learn rules that improveupon �nal plan quality, unlike Dolphin which is only focused on improving program performanceand can not change the quality of produced solutions.9.2 Learning Control for Planner Performance9.2.1 Systems Applied to State-Based plannersA signi�cant amount of research in learning control knowledge has been explicitly directed towardsimproving the performance of planning systems. Most of this research has concentrated on linear,state-based planners. For instance, the Prodigy planning and learning system (Minton, 1989)employs a version of EBL, called explanation-based specialization, to learn domain-speci�c controlrules for a linear, state-based planner. Rules are learned in response to both planning failures andsuccesses and also from unforeseen goal interactions. Learned control rules can select, reject, orprefer plan-re�nement candidates for several di�erent decision types. A number of other systemshave also applied EBL to learn search-control for planning. Static (Etzioni, 1993) acquires controlrules by analyzing the problem domain theory. This system uses EBL to analyze a graph struc-77



ture that captures the precondition/e�ect dependencies between the actions in the domain. Thisanalysis is then used to derive goal-ordering rules for the Prodigy state-based planner. Failsafe(Bhatnagar & Mostow, 1994) was designed to learn control rules in domains where the underlyingdomain theory was recursive. This system uses a forward-searching state-based planner and learnsby building incomplete explanations of its execution time failures.Not all learning approaches have relied on EBL. Grasshopper (Leckie & Zuckerman, 1993)uses an inductive approach to learn planning control knowledge. This system learns control rulesfor goal, operator, and variable binding decisions. Given a set of training examples, Grasshopperlooks for sets of similar decisions that could form the basis for control rules. Rule preconditions aregenerated by �nding a generalized set of current state conditions that hold true at the beginning ofeach decision. This inductive search for rule conditions is a relatively small since it only searchesthrough world-state conditions. Unfortunately, as mentioned in Chapter 5, applying an inductivesearch in a partial-order setting would require a much more complicated set of predicates thatwould most likely render the search infeasible to perform.All of these learning systems have been shown successful at improving planner performancein several domains, such as the blocksworld and stripsworld. However, unlike Scope, each system'sarchitecture is limited to apply only to a linear, state-based planner. Most of the rules generatedby these early systems heavily rely on the assumptions of a state-based search and goal linearity,neither which are valid in a UCPOP-style planner. For instance, rules often check for conditionspresent in the current state and they also often assume that all current actions in the plan areordered. These systems would also have di�culty analyzing the search space of a partial-orderplanner. Since partial-order planners operate in a plan-space instead of a state-space, the processof creating and generalizing explanations is more complex. Removing the linearity assumptionadds further complications for learning search-control not addressed by these early systems, sincemany more search paths must be considered in generating an explanation. Unfortunately, very fewlearning systems have been built to acquire control knowledge for other styles of planning.Hamlet (Borrajo & Veloso, 1997) is one more recent system, which learns control knowledgefor the nonlinear planner Prodigy4.0 (Carbonell & et al., 1992). Similar to Scope, Hamletuses a combination of EBL with induction to acquire control rules. First, optimal solutions aregathered for each training example by performing an exhaustive search of the problem search space.Hamlet �rst generates a bounded explanation of each planning decision and then incrementallyre�nes any incomplete or inaccurate explanations. Control rules can either be specialized if theyare found to cover negative examples or generalized if they are found to exclude positive examples.Unlike Scope, Hamlet uses EBL to build rules, and induction is primarily used to re�ne learnedknowledge. Also, though the Prodigy4.0 planner does remove the linearity restriction for examininggoals, it is still a state-based planner and many rule conditions used by Hamlet are directlydependent on current state information. It is thus unclear, how Hamlet would perform on apartial-order planner. Also, Hamlet has only been tested on small domains for the quality metricof plan length. It is thus also unclear, how Hamlet would perform on more complex domains andwhether it could improve upon other types of quality metrics.Hamlet has successfully improved the e�ciency performance of the Prodigy4.0 plannerin the blocksworld and logistics planning domains, however, since Hamlet and Scope have beentested on completely di�erent planning algorithms, only a very rough comparison can be drawn.78



When examining the results reported for Hamlet in Borrajo and Veloso (1997) and the resultsreported for Scope reported in Chapter 6 of this dissertation, the following was noted.In blocksworld, Scope achieved a speedup factor of 23x on problems containing 4-6 goals,while Hamlet achieved a speedup of 2x on problems containing 5 goals and a speedup of 35x onmore complicated problems containing 10 goals.1 In the experiments for Hamlet, the number ofblocks in each problem was greatly varied (between 5 to 50), while for Scope it only slightly varied(between 3 and 8). Scope was able to produce signi�cant quality improvements in this domain,lowering solution lengths an average of 22.9%, however, Hamlet produced very little improvementand only lowered solutions lengths by 2.2%. However, this result could be due to the fact that theProdigy planner produces relatively high-quality solutions even before learning.Both systems were run on increasing complex problems in the logistics transportation do-main. In these tests, Scope was trained on problems containing 3 packages (and 3 goals) distributedover 2 cities and Hamlet was trained on problems containing 1-2 goals for 5 packages distributedover 1-3 cities. In these tests, Scope achieved speedup factors ranging from 2.2 on simple 1 goalproblems and up to 6.0 on 5 goal problems and 4.5 on 20 goal problems. Conversely, Hamletproduces relatively small speedup gains, ranging from 1.3 on simple 1 goal problems to 1.5 on 5goals problems and 1.2 on 20 goals problems. Neither system achieves signi�cant e�ciency gainson 50 goals problems, however Scope was able to improve test problems coverage from 0% to 24%while, Hamlet only improved coverage from 2% to 4%. Scope was also able to more signi�cantlyimprove test problem coverage at other levels of complexity. For quality results, both systems wereable to improve their base planners. The greatest improvement realized by Scope was decreasingsolution lengths for 10 goals problems by 13.3%. The greatest improvement realized by Hamletwas decreasing solution lengths by 13.2% which was also for 10 goals problems.In conclusion, both systems were able to signi�cantly improve planning e�ciency in theblocksworld domain, however Hamlet was more extensively tested than Scope. Scope achievedmuch higher speedup factors in the logistics domain and was able to further improve test problemscoverage in this domain. In quality improvements, Scope was able to more signi�cantly decreasesolution lengths in blocksworld and both systems achieved equivalent improvements in the logisticsdomain.9.2.2 Systems Applied to Partial-Order PlannersThe only system besides Scope to learn control information for partial-order planning is UCPOP+EBL(Kambhampati et al., 1996). This system also learns search control rules to improve the perfor-mance of UCPOP, but uses a purely explanation-based approach. Speci�cally, UCPOP+EBL em-ploys the standard EBL techniques of regression, explanation propagation and rule generation toacquire search-control rules, which are learned in response to past planning failures. UCPOP+EBLlearns from both analytical failures (dead-end search paths) and depth limit failures (the searchpath crosses a depth limit). In order to explain the failures of search paths that cross over a depthlimit, this system can utilize extra domain axioms, de�ned as \readily available physical laws of thedomain", that help detect and explain inconsistencies at some depth limit failures. UCPOP+EBL1Note that performance improvements in Hamlet were reported using the number of planning nodes examinedas opposed to using cpu time. Though this is a valid method of recording planning performance, it fails to report thetime spent in matching rules, and thus could possibly overstate the achieved speedup.79



is limited in the rules it can learn, however, since only explainable failures can be utilized for learn-ing. Even with additional domain axioms, it may be di�cult or impossible to explain some failurescaused by the depth limit. Scope, on the other hand, can learn rules to avoid all unpromisingpaths, as long as a solution path has been identi�ed. Scope also utilizes a combination of EBLand induction to learn very general control rules, whereas UCPOP+EBL uses only EBL to buildrules. UCPOP+EBL has been shown to improve planning performance in two domains, theblocksworld domain and the briefcase domain (Penberthy & Weld, 1992). To compare Scopeto UCPOP+EBL, an experiment was replicated from Kambhampati et al. (1996). This experimentuses three di�erent versions of the blocksworld domain in order to test whether the expressivenessof the domain representation in
uences the e�ectiveness of the learner. The �rst version (calledBW-prop) contains only simple propositional preconditions and e�ects, and contains no conditionale�ects or universal quanti�cation. The second (called BW-cond) contains conditional e�ects, andthe third (called BW-univ) contains universal quanti�cation. These di�erent domain versions arepresented in Appendix A.The experiment consisted of three phases, each corresponding to one of the domain versions.A set of 100 training problems and a set of 100 test problems was randomly generated and thenused for each of the three phases, where each problem contained between three and six blocks andthree and four goals. During testing, a time limit of 120 seconds per test problem was used. Inaddition, experiments in each phase were run with two di�erent goal-selection strategies, one thatuses a last-in �rst-out (LIFO) strategy and one that uses a most-instantiated goals �rst strategy.(All other experiments up to this point have employed a LIFO goal-selection strategy.)Both learning systems run UCPOP in a depth-�rst search mode, however, it should be notedthat Scope was run used a Prolog version of UCPOP as a base planner, while UCPOP+EBL usesthe standard LISP implementation (Barrett & et al., 1995). Also, these experiments were run ondi�erent machines. Thus some di�erences in results could be due to these factors. For instance, theProlog version of UCPOP was able to solve more of the test problems under the time limit thanthe Lisp UCPOP, thus speedup factors incurred by the two systems can only be roughly compared.Table 9.1 shows the results of these experiments. UCPOP+EBL's performance is shownon the left and Scope's performance is shown on the right. UCPOP+EBL's performance varieswidely across the di�erent domain versions and the di�erent goal-selection strategies. In several ofthe experiments, very little speedup is realized. However, in one particular experiment, which usesBW-univ and a most-instantiated goals �rst selection strategy, UCPOP+EBL achieves a very highspeedup factor (34x). Scope on the other hand is able to achieve signi�cant speedup in all experi-ments. Surprisingly, the one experiment where the speedup factor achieved by Scope is somewhatlow (2.7x) is the same experiment in which UCPOP+EBL achieves its greatest performance. Thislower speedup is due in part to the fact that the base planner in this experiment was already verye�cient (solving 96% of the test problems under the time limit). Plus, Scope is able to increasespeedup further when trained on more problems. When trained on 200 training problems in the�rst experiment on BW-univ, the speedup factor reaches 11.3x and test problem coverage increasedto 100%. Overall, Scope outperforms UCPOP+EBL in these experiments, and seems to be morerobust at applying to di�erent domain representations. These results indicate that combining in-duction with EBL can be more e�ective than EBL alone at improving the performance of planning80



Domain UCPOP+EBL SCOPEScratch w/ Control Scratch w/ Control%Sol Time %Sol Time %Sol Time %Sol TimeAchieving most instantiated goals �rstBW-prop 51% 7872 68% 5410(1.5x) 92% 1277 97% 402(3.2x)BW-cond 89% 2821 91% 2567(1.1x) 91% 1268 98% 300(4.2x)BW-univ 53% 7205 100% 210(34.3x) 96% 982 98% 351(2.7x)Achieving goals in a LIFO orderBW-prop 10% 13509 10% 13509(1x) 29% 8936 98% 241(37.1x)BW-cond 42% 9439 75% 4544(2.1x) 94% 954 99% 124(7.7x)BW-univ 81% 3126 94% 1699(1.8x) 90% 1359 100% 5(271.8x)Table 9.1: Comparison between Scope and UCPOP+EBL for improving the e�ciency of UCPOP.systems.9.2.3 Systems Applied to Decomposition PlannersOne other type of learning system that has been developed to increase planning e�ciency is X-Learn(Reddy & Tadepalli, 1997), which uses a very di�erent approach to control-knowledge acquisition.Instead of learning separate control rules that are incorporated into an existing planning system,X-Learn builds a new decomposition-based problem solver based on a set of training examples.Similar to Scope, X-Learn also utilizes inductive logic programming techniques, and is constructedusing a combination of explanation-based and empirical learning. For each training problem, X-Learn constructs a decomposition rule that covers just that example. Then a \generate-and-test"algorithm is used to combine the rule with any previously learned rules by �nding the least generalgeneralization (LGG) of the new rule with the previously formed rules. X-Learn has been shownto produce signi�cant speedup in several planning domains, including a variant of the STRIPSworld domain (Fikes, Hart, & Nilsson, 1972) and an air-tra�c control domain. Unfortunately,even though X-Learn can produce signi�cant speedup on these domains, it is not guaranteed toproduce a complete planner and thus sometimes the �nal planner cannot produce a solution forall test problems. Also, X-Learn's approach is based around learning a new decomposition basedplanner and thus, cannot be used to directly improve existing planning techniques, such as partial-order planning; and, unlike Scope, X-Learn only improves problem solver e�ciency, and does notattempt to improve solution quality.9.3 Learning Control for Plan QualityMost research in learning control rules for planning has been directed at improving planning e�-ciency. However, some research has concentrated on improving the quality of plans produced by aplanner. The most prominent of these systems is the Quality learning system (P�erez, 1996) whichis built on top of the Prodigy4.0 nonlinear planner. Quality inputs a set of planning domainoperators, a domain-dependent metric that evaluates the quality of plans and a set of problems forthat domain. It then analyzes the di�erences between a plan initially produced by the planner anda better plan (according to the given quality metric), which can be either input by hand or produced81



by having the planner search until a better solution is found. Two di�erent learning approachescan be used to construct control information that will lead to higher quality plans. Control rulesapply to local planning decisions and are generated using explanation-based learning to explainwhy one plan is better than the other. Control knowledge trees helps to make globally optimaldecisions by provide estimates of the quality of di�erent planning alternatives. These trees consistof goal, operator and binding nodes for a planning problem and are generated from the problemsearch trace. Quality has been evaluated on the process planning domain and has been shown tosigni�cantly improve plan quality for this domain. Unfortunately, Quality does not necessarilyimprove planner e�ciency and can sometimes produce much longer planning times. Additionally,Quality is built around a state-based planner and thus, it is unclear whether it could be success-fully applied to a partial-order planner, especially since many rule conditions refer to current stateinformation.There are two other learning systems for improving quality which also run on the PRODIGYnonlinear planner. One technique was developed by (Iwamoto, 1994) and uses EBL to acquirecontrol rules for near-optimal solutions in LSI design. This method is similar to Quality's control-rule learning algorithm, however it does not make use of the quality evaluation function to buildthe rule and is more limited in the type of control rules it can build. Iwamoto's system has alsoconcentrated only on building control rules, unlike the Quality system which can also constructcontrol knowledge trees to represent plan-quality control information. Iwamoto's system was ableto moderately improve upon planner e�ciency, however, it has only been tested on problems in avery limited domain.Another learning system which has addressed improving plan quality is Hamlet. It is alsobuilt on the PRODIGY nonlinear planner and was discussed in Section 9.2. Similar to ScopeHamlet has been shown to improve upon both plan quality, as well as planner e�ciency in thelogistics transportation domain. However, the only quality metric examined by this system is thelength of the plan, and thus, it is unclear whetherHamlet could improve upon other quality metricsas well. Also, as mentioned before, it is unclear how Hamlet would perform on a partial-orderplanner.Most other work in plan quality has not utilized machine learning techniques. Some workhas concentrated on examining goal interactions and how they related to solution quality. Onetechnique is to analyze the di�erent types of goal interactions and then develop strategies to dealthem (Wilensky, 1983; Pollack, 1992). The LCOS (Least Commitment to Operator Selection)planning strategy (Hayes, 1990) takes a global view of the plan and only makes operator selectionsthat can maximize a given plan quality criteria. Foulser, Li, and Yang (1992) promotes plan mergingas a technique for minimizing plan cost, where certain operators in a plan are grouped together.Other work has utilized decision theory to improve plan quality. The Pyrrhus planning system(Williamson & Hanks, 1994) is an extension to UCPOP that �nds optimal plans by using utilitymodels to measure the quality of a partial plan. There have also been some domain-dependentapproaches to generate high quality plans. TheMachinist program (Hayes, 1990) generates plansfor a machine process domain and has embedded knowledge about feature interaction which helps itto generate minimal length plans. The GARI (Descotte & Latombe, 1985) planner generates plansfor metal cutting by using a constraint satisfaction algorithm, where domain control knowledge isencoded with more general domain information in the form of preference rules.82



Chapter 10Future WorkThere are a number of issues that would be interesting to pursue in future research. First, there areseveral enhancements that could be bene�cial for Scope's algorithm. These include incorporatinga method for constructive induction that could invent new concepts when needed and learningrules for other types of decision points not currently considered by Scope. Second, further experi-ment evaluation should be performed on di�erent types of domains and quality metrics, and morethoroughly comparing Scope to other learning methods. Third, it would be interesting to applyScope to other types of planning algorithms to see if similar gains could be produced. This sectiondiscusses each of these topics and presents di�erent ideas for implementation.10.1 Enhancements to Scope's Algorithm10.1.1 Constructive Induction and Shared ConceptsOne possible enhancement to Scope is the incorporation of constructive induction to invent newpredicates when needed. Currently, the pool of possible control rule antecedents is drawn mainlyfrom program predicates which were used in the main planning algorithm. However, for completeoptimization of a planner or other problem solver, it is often necessary to introduce new conceptsfor use in the control language. For instance, it may be helpful in the logistics domain, to have apredicate which tests whether two objects are initially in the same city. Currently, it is possible forthe user to provide Scope with extra concepts de�nitions in the form of relational cliches or extrabackground knowledge. However, a better method would be for the system to learn these conceptsautomatically. Constructive induction techniques have been implemented in several ILP systems(Kijsirikul et al., 1992; Zelle & Mooney, 1994b) and could help Scope learn more accurate ande�cient control rules.Furthermore, it is often the case that concepts that are useful in making a control decisionabout a certain plan re�nement are also useful for making decisions about other related re�nements.However, even with constructive induction, these \shared" concepts must be relearned from scratchfor each new control rule. In a Foil-like inductive learner, it is relatively easy to make a newlyconstructed concept available for reuse to simple adding it to the list of predicates that can be usedas control rule antecedents. Unfortunately, the de�nition of this concept may be incomplete orincorrect, depending on the particular set of training examples that was used to construct it. This83



problem can be remedied by the following approach. If a previously de�ned concept is found to bethe best choice for the next control-rule antecedent, yet it does not cover all the positive controlexamples, this concept can be rede�ned by merging the original set of control examples with thenew set and then recursively inducing rules to cover all positive examples. This type of conceptsharing procedure could help further reduce the inductive search space, and make Scope's learningalgorithm more e�cient.10.1.2 Learning at Other Decision PointsScope was designed to learn control rule for decision points that could be backtracked upon.These points are portrayed as clause selection problems, which enables control information to beeasily incorporated. If learning is successful at all backtracking points, then control information isunnecessary at all other points. For instance, another planning decision point for which a numberof past systems have learned control rules is goal selection. However, when using a UCPOP-styleplanner, goal selection is never backtracked upon (i.e. a correct plan can be found for any orderingof goals). Therefore, if accurate rules are learned for all other decision points (where backtrackingdoes occur) then there is no need for control rules in goal selection. However, it is often the casethat accurate control rules are not learned for all other points; Scope is sometimes unable to �nda rule that can rule out all negative re�nement-selection examples. In these cases, incorporatingcontrol information for goal selection could be bene�cial.Another decision point for which Scope does not learn control information is selectingvariable bindings when establishing a goal using the initial state. For instance, if a goal has unboundvariables (e.g. on-table(?X)) and there are several possible bindings in the initial state that couldbe used to establish the goal (e.g. the initial state contains both on-table(a) and on-table(b), thenit is possible the decision of what bindings to select will be backtracked upon. In the experimentsused to test Scope, this has not been an issue, but it could become important when testing ondi�erent types of domains or on when testing on more complicated problems. For instance, in theprocess planning domain, a relatively small number of machines were made available in probleminitial states. Increasing the number of available tools and machines of a certain type could causecontrol information at this point to be necessary.Both decision points of goal selection and binding selection are di�cult to cast as clause-selection problems since it is not known prior to planning what the di�erent options are. Boththese decision correspond to selecting an appropriate item from a list. Thus, one possible way towrite these decisions in the clause-selection format, is to use two clauses. The �rst clause wouldexamine the �rst appropriate item o� the list of options as a possible choice. The second clausewould search the rest of the list for the desired item. Control rules could then be learned thatinstruct the planner when to select the �rst clause over the second clause, i.e. rules would evaluatewhen the �rst acceptable item should be chosen as opposed to searching farther in the list.10.1.3 Evaluating Control Rule UtilityCurrently, Scope automatically includes any learned rule in its �nal set of control rules, however,some rules are probably much more useful than others. The utility of individual rules can oftendramatically vary and too many rules of low utility can even lead to lower performance (Minton,84



1988). This occurrence, commonly known as the utility problem, can be lessened or prevented byonly including the most useful control rules in the �nal planner. Though rule utility has thus farnot been problematic, Scope may still be creating a few rules that are overly complex and applyto very few examples. Thus, it might be useful to incorporate a method into Scope that directlyevaluates control-rule utility. Researchers have introduced a variety of techniques for determiningthe best rules to save (Greiner & Likuski, 1989; Markovitch & Scott, 1989; Subramanian & Feldman,1990; Gratch & DeJong, 1992). As yet, no one has applied such techniques to evaluate rules for apartial-order planner, however, such a method should be easy to integrate into Scope's learningsystem.10.1.4 Induction BiasAnother possible improvement is to replace or modify the standard Foil information-gain heuristiccurrently used to bias Scope's induction algorithm towards good rules. Though the results withthis heuristic have been encouraging, experimenting with di�erent heuristics may be bene�cial. Onepossibility is to replace this heuristic with a metric that more directly measures rule utility. Thismodi�cation could improve performance by encouraging the system to only select highly-usefulcontrol rule antecedents. Another problem with the current heuristic is that a good rule is oftendiscarded because it covers one or two negative control examples. Even if such a rule is retained,it will be considered \nondeterministic" (no cut will be added) and could be backtracked upon,causing a potential loss in speedup. Scope could bene�t from methods for handling noisy data thathave been in employed in Foil and other related systems (Quinlan, 1990; Muggleton, 1992; Lavra�c& D�zeroski, 1994). In Scope's framework, a small percentage of incorrectly covered examples couldbe treated as noise, thereby allowing some good rules to be retained and more rules to be markedas deterministic. This procedure could cause even more backtracking to be eliminating, resultingin lower solution times for many examples. Problems that are not correctly covered by rules arealready handled by retaining a backup of the original planner. Since most backtracking would beeliminated, the new planner should fail quickly on these examples, thus incurring very little extratime to solve them. Speedup gain on all other examples could make this approach bene�cial overall.10.1.5 Employing Failure InformationOne last possible research direction is to utilize information about planning failures to learn moree�ective control rules. Currently, Scope only uses the generalized solution proofs of the trainingexamples to bias the inductive search. Another approach is to also utilize explanations of whyparticular search paths failed. For instance, the generalized failure explanations created by theUCPOP+EBL learning system could also be used to bias the inductive search. This approachwould allow control rules to directly utilize relevant failure information. In particular, rules wouldhave access to the sets of conditions which caused many search paths to fail when solving the thetraining examples. This information could help Scope to build more e�ective rules which moreaccurately avoid unpromising search paths.
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10.2 Further Experimental EvaluationIt would be interesting to conduct further experiments using Scope on other realistic domainsand quality metrics. In the process planning domain, more extensive experiments could be runthat tested a wider variety of part and problems types. For instance, in addition to the types ofproblems already tested, problems can require parts to have a particular surface �nish or coating.Also, holes in a part can be further re�ned such as tapping a hole to produce a thread inside orcountersinking a hole to cut an angular opening into the top.A number of other domains could also to test Scope. For instance, the UM Translogdomain (Andrews et al., 1995) is an extended version of logistics transportation domain, which itis an order of magnitude larger in size (41 actions vs. 6) and which provides more complex featuresand goal interactions. In this domain, packages must still be delivered between cities, howeverthere are more modes of transportation, vehicles and packages have special loading methods, andsome routes of transportation can be temporarily unavailable. The detailed set of operators in thisdomain provide for long plans with many possible solutions to the same problem. Scope could alsobe evaluated on di�erent quality metrics. For instance in both the UM Translog domain and theTruckworld domain utilized by (Williamson & Hanks, 1994) resource consumption is an importantquality measure.Also, further experiments should be done comparing the multi-strategy learning approachused by Scope to a pure explanation-based approach, such as that used by UCPOP+EBL. In thetests comparing these two systems, it was unclear why the EBL approach was so greatly a�ectedby both the type of domain de�nition used and the type of goal-selection strategy used by theplanner. Further tests should also be done on whether the expressiveness of a domain has anye�ect on Scope's ability to learn control rules. It would be useful to compare these two systemson other types of domains to better evaluate their strengths and weaknesses.10.3 Applying Scope to Other Planning SystemsIn future work, it would be nice to demonstrate that Scope's learning is not limited to improvingthe performance of only one type of planner. There are several other types of planners besidespartial-order that are prominent in the planning community today. One is an hierarchical-tasknetwork (HTN) planner (Erol et al., 1994a). As opposed to most operator-based planners, HTNplanners specify plan modi�cations in terms of task reduction rules. These reduction rules are thenused to decompose abstract goals into lower level tasks. A set of similar constraints as found in anoperator-based planner (e.g. orderings, causal-links) is maintained in an HTN planner and manyof the same methods can be used to resolve possible con
icts. HTN planners have several decisionpoints where control knowledge could be useful, including what task reduction rule to apply, andwhat constraint resolution method to use. HTN planners are argued by some researchers to be moreuseful for real-world applications since they o�er more 
exibility in expressing domain knowledge.There are several well-developed HTN algorithms that would be good testbeds for Scope. Theseinclude UMCP (Erol et al., 1994b), developed at the University of Maryland, and COLLAGE(Lansky & Getoor, 1995), developed at the NASA Ames Research Center.Another breed of planners that could be considered are those that use a combination of86



plan-space and state-space techniques. Kambhampati and Srivastava (1996) introduced the UCPplanning algorithm which casts plan-space and state-space planning methods into a single frame-work. UCP has the freedom to interleave these two re�nement strategies on a singular plan repre-sentation. Veloso and Stone (1995) have also developed a new approach to planning that combinesthese two re�nement strategies by using a 
exible approach to ordering commitments. FLECS canuse both least-commitment and eager-commitment strategies and can vary its use across di�erentproblems and domains. This strategy also integrates techniques from both partial-order and total-order planners. Both UCP and FLECS could highly bene�t from learned control knowledge sincethey have been especially designed to take advantage of heuristic knowledge at the choice pointsjust described.More recently, a new breed of planners has appeared that utilize propositional reasoningand theorem proving techniques to e�ciently solve planning problems (Blum & Furst, 1997; Kautz& Selman, 1996). These types of planners operator very di�erently from more traditional planningstyles, where planning is viewed as a state-based or plan-based search. For instance, Graphplanconverts a planning problem into a structure called a planning graph, and then systematicallysearches the graph for a solution (Blum & Furst, 1997). Kautz and Selman (1996) describe a methodfor reducing planning problems into SAT encodings, and then employing either a satis�abilityalgorithm or a stochastic algorithm to produce solutions. Since, these approaches are quite di�erentin nature to other types of planning systems, it is unclear if a learning system such as Scope couldbe e�ectively applied to improve performance. Graphplan seems the most likely candidate to bene�tfrom Scope since it performs a backtracking search through the planning graph. During this search,it continuously attempts to �nd a set of actions which maps one set of goals to another until asolution is found. The decision of what action to select to achieve a goal can be backtracked upon,and thus would likely bene�t from learned control knowledge. The other approach of reducingplanning into SAT would be more di�cult to use as a base planner for Scope, since it directlyemploys satis�ability algorithms, and thus search is performed in a much di�erent space. However,using learning to improve performance in such algorithms could be bene�cial and is worth furtherinvestigation.
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Chapter 11ConclusionsThis dissertation has presented a novel approach for learning control knowledge for planning sys-tems. This approach is set apart from other control-rule learners, by several key features. First, itlearns control rules that can approve upon both planning e�ciency and quality, as opposed to mostother approaches which concentrate on one of these metrics. Second, it employs an inductive-logicprogramming framework and casts the problem of control-rule learning as a clause-selection prob-lem where control information can be easily incorporated. Third, it uses a multi-strategy learningtechnique, that successfully combines both EBL and induction to acquire control rules.Scope, the control-rule learning system developed in this dissertation, automatically ac-quires domain-speci�c control rules for a planner by examining past planning scenarios. Search-control is cast as a clause-selection problem for a Prolog program, where learned control knowledgeis incorporated to help the planner immediately select promising plan re�nements. Control rules areacquired by using a combination of machine learning techniques. In particular, explanation-basedgeneralization is used to bias an inductive search for control rules towards useful control informa-tion. Scope's approach is shown successful at learning control rules for a partial-order planner,which is a style of planning to which few other learning systems can be successfully applied.Experiments in several domains showed that Scope could signi�cantly speedup a plannerand at the same time, improve the quality of the generated solutions. In the logistics transportationand blocksworld domains, Scope was able to produce a much faster planner, and also was ableto signi�cantly reduce solution lengths, often to optimal solutions. Additionally, the scalability ofScope was demonstrated in the logistics domain, where it was able to generate a new planner thatcould solve problems at a much higher complexity level than could be solved before learning.Experiments in the process planning domain demonstrated two main goals. First, Scopecould successfully apply to a complex, realistic domain, which was over an order of magnitude largerthan the other domains tested. Second, Scope was able to improve on di�erent types of qualitymetrics, while still improving e�ciency. In particular, Scope produced two sets of control rulesthat generated solutions emphasizing two separate quality metrics and that signi�cantly improvedboth planning e�ciency and the number of test problems that could be solved under a time limit.Scope was also demonstrated to outperform a competing approach that used a purelyexplanation-based approach to acquire control knowledge. In these tests, an EBL approach wasshown to improve planning performance on only one type of domain de�nition, while Scope wasshown to produce signi�cant improvements on a variety of domain types and thus appeared to be88



more robust than a system that used only EBL to learn rules. These experiments indicated thatcombining induction with EBL can be more e�ective than using EBL alone to acquire useful controlknowledge.In conclusion, this dissertation presents a novel learning approach for acquiring planningcontrol knowledge, which can learn control information for improving both planning e�ciency andquality, and which is one of the few methods proven successful for learning control rules to improvepartial-order planners.
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Appendix ADomain De�nitionsAll domain de�nitions listed below are given in the following format. Domain operators are speci�edusing the operator/3 predicate which is de�ned as:operator(Op, Preconditions, Postconditions)where Op corresponds to the operator name and arguments, Preconditions corresponds to a list ofpreconditions and Effects corresponds to a list of e�ects.A.1 Blocksworld DomainThe main blocksworld domain de�nition (Nilsson, 1980) that was used in this dissertation is listedbelow.operator(putdown(X),[holding(X)],[on_table(X),clear(X),arm_empty,not(holding(X))]).operator(pickup(X),[on_table(X),clear(X),arm_empty],[holding(X),not(on_table(X)),not(clear(X)),not(arm_empty)]).operator(unstack(X,Y),[on(X,Y),clear(X),arm_empty],[clear(Y),holding(X),not(on(X,Y)),not(clear(X)),not(arm_empty)]).operator(stack(X,Y),[holding(X),clear(Y)],[on(X,Y),clear(X),arm_empty,not(holding(X)),not(clear(Y))]).A.2 Three Versions of the Blocksworld DomainThree di�erent versions of blocksworld were used in comparing Scope to UCPOP+EBL in Chap-ter 9. There three version are listed below.A.2.1 BW-PropThis version contains only simple propositional preconditions and e�ects.90



operator(newtower(X,Table,Z),[on(X,Z),clear(X),neq(X,Z),bloc(X),bloc(Z),tab(Table)],[on(X,Table),clear(Z),not(on(X,Z))]).operator(puton(X,Y,Z),[on(X,Z),clear(X),clear(Y),neq(X,Y),neq(X,Z),neq(Y,Z),bloc(X),bloc(Y)],[on(X,Y),not(on(X,Z)),clear(Z),not(clear(Y))]).A.2.2 BW-CondThis version contains conditional e�ects.operator(puton(X,Y,Z),[on(X,Z),clear(X),clear(Y),neq(X,Z),neq(Y,Z),neq(X,Y),bloc(X)],[on(X,Y),not(on(X,Z)),when(bloc(Z),clear(Z)),when(bloc(Y),not(clear(Y)))]).A.2.3 BW-UnivThis version contains universal quanti�cation in its preconditions.operator(puton(X,Y,Z),[on(X,Z),neq(X,Y),neq(X,Z),neq(Y,Z),or([tab(Y),and([bloc(Y),forall(bloc(B),not(on(B,Y)))])]),forall(bloc(C),not(on(C,X)))],[on(X,Y),not(on(X,Z))]).A.3 Logistics Transportation DomainThe logistics transportation de�nition (Veloso, 1992) that was used in this dissertation is listedbelow.operator(load_truck(Obj,Truck,Loc),[at_obj(Obj,Loc),at_truck(Truck,Loc)],[inside_truck(Obj,Truck),not(at_obj(Obj,Loc))]).operator(load_airplane(Obj,Airplane,Loc),[at_obj(Obj,Loc),at_airplane(Airplane,Loc)],[inside_airplane(Obj,Airplane),not(at_obj(Obj,Loc))]).operator(unload_truck(Obj,Truck,Loc),[inside_truck(Obj,Truck),at_truck(Truck,Loc)],[at_obj(Obj,Loc),not(inside_truck(Obj,Truck))]).operator(unload_airplane(Obj,Airplane,Loc),[inside_airplane(Obj,Airplane),at_airplane(Airplane,Loc)],[at_obj(Obj,Loc),not(inside_airplane(Obj,Airplane))]).operator(drive_truck(Truck,Loc_from,Loc_to),[same_city(Loc_from,Loc_to),at_truck(Truck,Loc_from)],[at_truck(Truck,Loc_to),not(at_truck(Truck,Loc_from))]).operator(fly_airplane(Airplane,Loc_from,Loc_to),[airport(Loc_to),neq(Loc_from,Loc_to),91



at_airplane(Airplane,Loc_from)],[at_airplane(Airplane,Loc_to),not(at_airplane(Airplane,Loc_from))]).A.4 Process Planning DomainThe process planning de�nition (Gil, 1991) that was used in this dissertation is listed below. Thisdomain contains de�nitions for operators, axioms and functions. Axioms can be used to easily de�neextra operator e�ects so that domain operators can be structured in a concise format. Functionsare used to de�ne operator preconditions that can be satisifed by calling a Prolog function. Formore information on how axioms and functions are used in UCPOP, see Barrett and et al. (1995).A.4.1 Process Planning Operatorsoperator(drill_with_spot_drill(Machine,Drill_Bit,Holding_Device,Part,Hole,Side),[is_a(Part,part),is_a(Machine,drill),is_a(Drill_Bit,spot_drill),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),has_spot(Part,Hole,Side,Loc_X,Loc_Y)]).operator(drill_with_twist_drill(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Hole_Depth,Hole_Diameter),[is_a(Part,part),is_a(Machine,drill),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),is_a(Drill_Bit,twist_drill),has_spot(Part,Hole,Side,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(has_spot(Part,Hole,Side,Loc_X,Loc_Y)),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(drill_with_high_helix_drill(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Hole_Depth,Hole_Diameter),[is_a(Part,part),is_a(Machine,drill),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),is_a(Drill_Bit,high_helix_drill),has_fluid(Machine,Fluid,Part),has_spot(Part,Hole,Side,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(has_spot(Part,Hole,Side,Loc_X,Loc_Y)),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(drill_with_straight_fluted_drill(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Hole_Depth,Hole_Diameter),[is_a(Part,part),is_a(Machine,drill),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),is_a(Drill_Bit,straight_fluted_drill),smaller(Hole_Depth,2),material_of(Part,brass),has_spot(Part,Hole,Side,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(has_spot(Part,Hole,Side,Loc_X,Loc_Y)),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(drill_with_oil_hole_drill(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Hole_Depth,Hole_Diameter),[is_a(Part,part),is_a(Machine,drill),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),92



is_a(Drill_Bit,oil_hole_drill),smaller(Hole_Depth,20),has_fluid(Machine,Fluid,Part),has_spot(Part,Hole,Side,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(has_spot(Part,Hole,Side,Loc_X,Loc_Y)),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(drill_with_gun_drill(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Hole_Depth,Hole_Diameter),[is_a(Part,part),is_a(Machine,drill),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),is_a(Drill_Bit,gun_drill),has_fluid(Machine,Fluid,Part),has_spot(Part,Hole,Side,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(has_spot(Part,Hole,Side,Loc_X,Loc_Y)),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(drill_with_center_drill(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Drill_Bit_Diameter,Loc_X,Loc_Y),[is_a(Part,part),is_a(Machine,drill),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),eq(Drill_Bit_Diameter,Hole_Diameter),is_a(Drill_Bit,center_drill),has_spot(Part,Hole,Side,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(has_spot(Part,Hole,Side,Loc_X,Loc_Y)),has_hole(Part,Hole,Side,1/8,Hole_Diameter,Loc_X,Loc_Y),has_center_hole(Part,Hole,Side,Loc_X,Loc_Y)]).operator(tap(Machine,Drill_Bit,Holding_Device,Part,Hole),[is_a(Part,part),is_a(Machine,drill),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),is_a(Drill_Bit,tap),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),when(is_reamed(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y),not(is_reamed(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y))),is_tapped(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(countersink(Machine,Drill_Bit,Holding_Device,Part,Hole),[is_a(Part,part),is_a(Machine,drill),angle_of_drill_bit(Drill_Bit,Angle),is_a(Drill_Bit,countersink),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),is_countersinked(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y,Angle)]).operator(counterbore(Machine,Drill_Bit,Holding_Device,Part,Hole),[is_a(Part,part),is_a(Machine,drill),size_of_drill_bit(Drill_Bit,Counterbore_Size),is_a(Drill_Bit,counterbore),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),is_counterbored(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y,Counterbore_Size)]).operator(ream(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Hole_Depth,Hole_Diameter),[is_a(Part,part),is_a(Machine,drill),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),is_a(Drill_Bit,reamer),smaller(Hole_Depth,2),has_fluid(Machine,Fluid,Part),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y),93



holding_tool(Machine,Drill_Bit),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),when(is_tapped(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y),not(is_tapped(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y))),is_reamed(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(side_mill(Machine,Part,Milling_Cutter,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,milling_machine),is_of_type(Milling_Cutter,milling_cutter),or([eq(Dim,width),eq(Dim,length)]),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),smaller_than_2in(Value_Old,Value),side_up_for_machining(Dim,Side),holding_tool(Machine,Milling_Cutter),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,rough_mill),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(face_mill(Machine,Part,Milling_Cutter,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,milling_machine),is_of_type(Milling_Cutter,milling_cutter),eq(Dim,height),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),side_up_for_machining(Dim,Side),holding_tool(Machine,Milling_Cutter),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,rough_mill),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(drill_with_spot_drill_in_milling_machine(Machine,Drill_Bit,Holding_Device,Part,Hole,Side),[is_a(Part,part),is_a(Machine,milling_machine),is_a(Drill_Bit,spot_drill),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),has_spot(Part,Hole,Side,Loc_X,Loc_Y)]).operator(drill_with_twist_drill_in_milling_machine(Machine,Drill_Bit,Holding_Device,Part,Hole,Side,Hole_Depth,Hole_Diameter),[is_a(Part,part),is_a(Machine,milling_machine),eq(Drill_Bit_Diameter,Hole_Diameter),diameter_of_drill_bit(Drill_Bit,Drill_Bit_Diameter),is_a(Drill_Bit,twist_drill),has_spot(Part,Hole,Side,Loc_X,Loc_Y),holding_tool(Machine,Drill_Bit),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(has_spot(Part,Hole,Side,Loc_X,Loc_Y)),has_hole(Part,Hole,Side,Hole_Depth,Hole_Diameter,Loc_X,Loc_Y)]).operator(rough_turn_rectangular_part(Machine,Part,Toolbit,Holding_Device,Diameter_New),[is_a(Machine,lathe),is_a(Toolbit,rough_toolbit),shape_of(Part,rectangular),size_of(Part,height,H),size_of(Part,width,W),smaller(Diameter_New,H),smaller(Diameter_New,W),holding_tool(Machine,Toolbit),side_up_for_machining(diameter,Side),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(size_of(Part,height,H)),not(size_of(Part,width,W)),size_of(Part,diameter,Diameter_New),not(surface_coating_side(Part,side1,Surface_Coating)),not(surface_coating_side(Part,side2,Surface_Coating)),not(surface_coating_side(Part,side4,Surface_Coating)),not(surface_coating_side(Part,side5,Surface_Coating)),not(surface_coating_side(Part,side0,Surface_Coating)),not(surface_finish_side(Part,side1,Sf1)),not(surface_finish_side(Part,side2,Sf2)),not(surface_finish_side(Part,side4,Sf4)),not(surface_finish_side(Part,side5,Sf5)),surface_finish_side(Part,side0,rough_turn)]).operator(rough_turn_cylindrical_part(Machine,Part,Toolbit,Holding_Device,Diameter_New),94



[is_a(Machine,lathe),is_a(Toolbit,rough_toolbit),shape_of(Part,cylindrical),size_of(Part,diameter,Diameter),smaller(Diameter_New,Diameter),holding_tool(Machine,Toolbit),side_up_for_machining(diameter,Side),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(size_of(Part,diameter,Diameter)),size_of(Part,diameter,Diameter_New),not(surface_coating_side(Part,side0,Surface_Coating)),not(surface_finish_side(Part,side0,Sf)),surface_finish_side(Part,side0,rough_turn)]).operator(finish_turn(Machine,Part,Toolbit,Holding_Device,Diameter_New),[is_a(Machine,lathe),is_a(Toolbit,finish_toolbit),shape_of(Part,cylindrical),size_of(Part,diameter,Diameter),finishing_size(Diameter,Diameter_New),holding_tool(Machine,Toolbit),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,side0)],[not(is_clean(Part)),has_burrs(Part),not(size_of(Part,diameter,Diameter)),size_of(Part,diameter,Diameter_New),not(surface_coating_side(Part,side0,Surface_Coating)),not(surface_finish_side(Part,side0,Sf)),surface_finish_side(Part,side0,finish_turn)]).operator(make_thread_with_lathe(Machine,Part,Holding_Device,Side),[is_a(Part,part),is_a(Machine,lathe),is_a(Toolbit,v_thread),shape_of(Part,cylindrical),holding_tool(Machine,Toolbit),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,side0)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,side0,Surface_Coating)),not(surface_finish_side(Part,side0,Sf)),surface_finish_side(Part,side0,tapped)]).operator(make_knurl_with_lathe(Machine,Part,Holding_Device,Side),[is_a(Part,part),is_a(Machine,lathe),is_a(Toolbit,knurl),shape_of(Part,cylindrical),holding_tool(Machine,Toolbit),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,side0)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,side0,Surface_Coating)),not(surface_finish_side(Part,side0,Sf)),surface_finish_side(Part,side0,knurled)]).operator(file_with_lathe(Machine,Part,Holding_Device,Lathe_File,Diameter_New),[is_a(Part,part),is_a(Machine,lathe),is_a(Lathe_File,lathe_file),shape_of(Part,cylindrical),size_of(Part,diameter,Diameter),finishing_size(Diameter,Diameter_New),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,side0)],[not(is_clean(Part)),has_burrs(Part),not(size_of(Part,diameter,Diameter)),size_of(Part,diameter,Diameter_New),not(surface_coating_side(Part,side0,Surface_Coating)),not(surface_finish_side(Part,side0,Sf)),surface_finish_side(Part,side0,rough_grind)]).operator(polish_with_lathe(Machine,Part,Holding_Device,Cloth),[is_a(Part,part),is_a(Machine,lathe),is_a(Cloth,abrasive_cloth),material_of_abrasive_cloth(Cloth,emery),shape_of(Part,cylindrical),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,side0)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,side0,Surface_Coating)),not(surface_finish_side(Part,side0,S_Q)),surface_finish_side(Part,side0,polished)]).operator(rough_shape(Machine,Part,Cutting_Tool,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,shaper),is_a(Cutting_Tool,roughing_cutting_tool),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Cutting_Tool),holding(Machine,Holding_Device,Part,Side)], 95



[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,rough_shaped),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(finish_shape(Machine,Part,Cutting_Tool,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,shaper),is_a(Cutting_Tool,finishing_cutting_tool),size_of(Part,Dim,Value_Old),finishing_size(Value_Old,Value),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Cutting_Tool),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,finish_shaped),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(rough_shape_with_planer(Machine,Part,Cutting_Tool,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,planer),is_a(Cutting_Tool,roughing_cutting_tool),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Cutting_Tool),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,rough_planed),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(finish_shape_with_planer(Machine,Part,Cutting_Tool,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,planer),is_a(Cutting_Tool,finishing_cutting_tool),size_of(Part,Dim,Value_Old),finishing_size(Value_Old,Value),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Cutting_Tool),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,finish_planed),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(rough_grind_with_hard_wheel(Machine,Part,Wheel,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,grinder),is_a(Wheel,grinding_wheel),has_fluid(Machine,Fluid,Part),hardness_of_wheel(Wheel,hard),hardness_of(Part,soft),not(material_of(Part,bronze)),not(material_of(Part,copper)),grit_of_wheel(Wheel,coarse_grit),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Wheel),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,rough_grind),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(rough_grind_with_soft_wheel(Machine,Part,Wheel,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,grinder),is_a(Wheel,grinding_wheel),has_fluid(Machine,Fluid,Part),hardness_of_wheel(Wheel,soft),hardness_of(Part,hard),grit_of_wheel(Wheel,coarse_grit),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Wheel),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),96



not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,rough_grind),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(finish_grind_with_hard_wheel(Machine,Part,Wheel,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,grinder),is_a(Wheel,grinding_wheel),has_fluid(Machine,Fluid,Part),hardness_of_wheel(Wheel,hard),hardness_of(Part,soft),not(material_of(Part,bronze)),not(material_of(Part,copper)),grit_of_wheel(Wheel,fine_grit),size_of(Part,Dim,Value_Old),finishing_size(Value_Old,Value),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Wheel),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,finish_grind),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(finish_grind_with_soft_wheel(Machine,Part,Wheel,Holding_Device,Side,Dim,Value),[is_a(Part,part),is_a(Machine,grinder),is_a(Wheel,grinding_wheel),has_fluid(Machine,Fluid,Part),hardness_of_wheel(Wheel,soft),hardness_of(Part,hard),grit_of_wheel(Wheel,fine_grit),size_of(Part,Dim,Value_Old),finishing_size(Value_Old,Value),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Wheel),not(has_burrs(Part)),is_clean(Part),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,finish_grind),size_of(Part,Dim,Value),not(size_of(Part,Dim,Value_Old))]).operator(cut_with_circular_cold_saw(Machine,Part,Attachment,Holding_Device,Dim,Value),[is_a(Part,part),is_a(Machine,circular_saw),is_a(Attachment,cold_saw),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Attachment),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,finish_mill),not(size_of(Part,Dim,Value_Old)),size_of(Part,Dim,Value)]).operator(cut_with_circular_friction_saw(Machine,Part,Attachment,Holding_Device,Dim,Value),[is_a(Part,part),is_a(Machine,circular_saw),is_a(Attachment,friction_saw),has_fluid(Machine,Fluid,Part),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Attachment),holding(Machine,Holding_Device,Part,Side)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,rough_mill),not(size_of(Part,Dim,Value_Old)),size_of(Part,Dim,Value)]).operator(cut_with_band_saw(Machine,Part,Attachment,Dim,Value),[is_a(Part,part),is_a(Machine,band_saw),is_a(Attachment,band_file),size_of(Part,Dim,Value_Old),smaller(Value,Value_Old),not(eq(Dim,diameter)),side_up_for_machining(Dim,Side),holding_tool(Machine,Attachment),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,S_Q)),surface_finish_side(Part,Side,sawcut),97



not(size_of(Part,Dim,Value_Old)),size_of(Part,Dim,Value)]).operator(polish_with_band_saw(Machine,Part,Attachment,Side),[is_a(Part,part),is_a(Machine,band_saw),is_a(Attachment,saw_band),side_up_for_machining(Dim,Side),holding_tool(Machine,Attachment),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part)],[not(is_clean(Part)),has_burrs(Part),not(surface_coating_side(Part,Side,Surface_Coating)),not(surface_finish_side(Part,Side,Old_Sf_Cond)),surface_finish_side(Part,Side,polished)]).operator(weld_cylinders_metal_arc(Machine,Part1,Part2,Part,Electrode,Holding_Device,Length),[is_a(Part1,part),is_a(Part2,part),not(eq(Part1,Part2)),is_a(Machine,metal_arc_welder),is_a(Electrode,electrode),material_of(Part1,Material1),material_of(Part2,Material2),shape_of(Part1,cylindrical),shape_of(Part2,cylindrical),not(exists(has_hole(Part1,Hole,Side,Depth,Diameter,Loc_X,Loc_Y))),not(exists(has_hole(Part2,Hole,Side,Depth,Diameter,Loc_X,Loc_Y))),size_of(Part1,diameter,Diameter1),size_of(Part2,diameter,Diameter2),eq(Diameter1,Diameter2),size_of(Part1,length,Length1),size_of(Part2,length,Length2),new_size(Length1,Length2,Length),new_part(Part,Part1,Part2),new_material(Material,Material1,Material2),holding_tool(Machine,Electrode),holding(Machine,Holding_Device,Part2,side3)],[not(is_a(Part1,part)),not(is_a(Part2,part)),is_a(Part,part),material_of(Part,Material),size_of(Part,diameter,Diameter1),size_of(Part,length,Length),surface_finish_side(Part,side0,sawcut),forall([Sf31],when(surface_finish_side(Part1,side3,Sf31),surface_finish_side(Part,side3,Sf31))),forall([Sf62],when(surface_finish_side(Part2,side6,Sf62),surface_finish_side(Part,side6,Sf62))),not(holding(Machine,Holding_Device,Part2,side3)),holding(Machine,Holding_Device,Part,side3),not(size_of(Part1,diameter,Diameter)),not(size_of(Part1,length,Length1)),not(size_of(Part2,diameter,Diameter)),not(size_of(Part2,length,Length2)),not(material_of(Part1,Material1)),not(material_of(Part2,Material2)),not(is_clean(Part1)),not(is_clean(Part2)),forall([Sidea,Surf_Coatinga],not(surface_coating_side(Part1,Sidea,Surf_Coatinga))),forall([Sideb,Surf_Coatingb],not(surface_coating_side(Part2,Sideb,Surf_Coatingb))),forall([Sidec,Sfc],not(surface_finish_side(Part1,Sidec,Sfc))),forall([Sided,Sfd],not(surface_finish_side(Part2,Sided,Sfd)))]).operator(weld_cylinders_gas(Machine,Part1,Part2,Part,Rod,Holding_Device,Length),[is_a(Part1,part),is_a(Part2,part),not(eq(Part1,Part2)),is_a(Machine,gas_welder),is_a(Rod,welding_rod),is_a(Torch,torch),material_of(Part1,Material1),material_of(Part2,Material2),eq(Material1,Material2),shape_of(Part1,cylindrical),shape_of(Part2,cylindrical),not(exists(has_hole(Part1,Hole,Side,Depth,Diameter,Loc_X,Loc_Y))),not(exists(has_hole(Part2,Hole,Side,Depth,Diameter,Loc_X,Loc_Y))),size_of(Part1,diameter,Diameter1),size_of(Part2,diameter,Diameter2),eq(Diameter1,Diameter2),size_of(Part1,length,Length1),size_of(Part2,length,Length2),new_size(Length1,Length2,Length),new_part(Part,Part1,Part2),holding(Machine,Holding_Device,Part2,side3)],[not(is_a(Part1,part)),not(is_a(Part2,part)),is_a(Part,part),material_of(Part,Material1),size_of(Part,diameter,Diameter1),size_of(Part,length,Length),surface_finish_side(Part,side0,sawcut),forall([Sf31],when(surface_finish_side(Part1,side3,Sf31),surface_finish_side(Part,side3,Sf31))),forall([Sf62],when(surface_finish_side(Part2,side6,Sf62),surface_finish_side(Part,side6,Sf62))),not(holding(Machine,Holding_Device,Part2,side3)),holding(Machine,Holding_Device,Part,side3),not(size_of(Part1,diameter,Diameter)),not(size_of(Part1,length,Length1)),not(size_of(Part2,diameter,Diameter)),not(size_of(Part2,length,Length2)),98



not(material_of(Part1,Material1)),not(material_of(Part2,Material2)),not(is_clean(Part1)),not(is_clean(Part2)),forall([Sidea,Surf_Coatinga],not(surface_coating_side(Part1,Sidea,Surf_Coatinga))),forall([Sideb,Surf_Coatingb],not(surface_coating_side(Part2,Sideb,Surf_Coatingb))),forall([Sidec,Sfc],not(surface_finish_side(Part1,Sidec,Sfc))),forall([Sided,Sfd],not(surface_finish_side(Part2,Sided,Sfd)))]).operator(metal_spray_coating(Machine,Wire,Part,Side,Another_Machine,Holding_Device),[is_a(Part,part),is_a(Machine,electric_arc_spray_gun),is_a(Wire,spraying_metal_wire),not(material_of(Wire,tungsten)),not(material_of(Wire,molybdenum)),is_clean(Part),not(has_burrs(Part)),surface_coating_side(Part,Side,fused_metal),is_of_type(Another_Machine,machine),holding(Another_Machine,Holding_Device,Part,Side)],[when(material_of(Wire,stainless_steel),surface_coating_side(Part,Side,corrosion_resistant)),when(material_of(Wire,zirconium_oxide),surface_coating_side(Part,Side,heat_resistant)),when(material_of(Wire,aluminum_oxide),surface_coating_side(Part,Side,wear_resistant)),not(surface_coating_side(Part,Side,fused_metal))]).operator(metal_spray_prepare(Machine,Wire,Part,Side,Another_Machine,Holding_Device),[is_a(Part,part),is_a(Machine,electric_arc_spray_gun),is_a(Wire,spraying_metal_wire),has_high_melting_point(Wire),is_clean(Part),not(has_burrs(Part)),is_of_type(Another_Machine,machine),holding(Another_Machine,Holding_Device,Part,Side)],[surface_coating_side(Part,Side,fused_metal)]).operator(clean(Part),[is_a(Part,part),is_available_part(Part)],[is_clean(Part)]).operator(remove_burrs(Part,Brush),[is_a(Part,part),is_a(Brush,brush),is_available_part(Part)],[not(is_clean(Part)),not(has_burrs(Part))]).operator(put_tool_on_milling_machine(Machine,Attachment),[is_a(Machine,milling_machine),or([is_of_type(Attachment,milling_cutter),is_of_type(Attachment,drill_bit)]),is_available_tool_holder(Machine),is_available_tool(Attachment)],[holding_tool(Machine,Attachment)]).operator(put_in_drill_spindle(Machine,Drill_Bit),[is_a(Machine,drill),is_of_type(Drill_Bit,drill_bit),is_available_tool_holder(Machine),is_available_tool(Drill_Bit)],[holding_tool(Machine,Drill_Bit)]).operator(put_toolbit_in_lathe(Machine,Toolbit),[is_a(Machine,lathe),is_of_type(Toolbit,lathe_toolbit),is_available_tool_holder(Machine),is_available_tool(Toolbit)],[holding_tool(Machine,Toolbit)]).operator(put_cutting_tool_in_shaper_or_planer(Machine,Cutting_Tool),[or([is_a(Machine,shaper),is_a(Machine,planer)]),is_of_type(Cutting_Tool,cutting_tool),is_available_tool_holder(Machine),is_available_tool(Cutting_Tool)],[holding_tool(Machine,Cutting_Tool)]).operator(put_wheel_in_grinder(Machine,Wheel),[is_a(Machine,grinder),is_a(Wheel,grinding_wheel),is_available_tool_holder(Machine),is_available_tool(Wheel)],[holding_tool(Machine,Wheel)]). 99



operator(put_circular_saw_attachment_in_circular_saw(Machine,Attachment),[is_a(Machine,circular_saw),is_of_type(Attachment,circular_saw_attachment),is_available_tool_holder(Machine),is_available_tool(Attachment)],[holding_tool(Machine,Attachment)]).operator(put_band_saw_attachment_in_band_saw(Machine,Attachment),[is_a(Machine,band_saw),is_of_type(Attachment,band_saw_attachment),is_available_tool_holder(Machine),is_available_tool(Attachment)],[holding_tool(Machine,Attachment)]).operator(put_electrode_in_welder(Machine,Electrode),[is_a(Machine,metal_arc_welder),is_a(Electrode,electrode),is_available_tool_holder(Machine),is_available_tool(Electrode)],[holding_tool(Machine,Electrode)]).operator(remove_tool_from_machine(Machine,Tool),[is_of_type(Machine,machine),is_of_type(Tool,machine_tool),holding_tool(Machine,Tool)],[not(holding_tool(Machine,Tool))]).operator(put_holding_device_in_milling_machine(Machine,Holding_Device),[is_a(Machine,milling_machine),or([is_a(Holding_Device,four_jaw_chuck),is_a(Holding_Device,v_block),is_a(Holding_Device,vise),is_a(Holding_Device,collet_chuck),is_a(Holding_Device,toe_clamp)]),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]).operator(put_holding_device_in_drill(Machine,Holding_Device),[is_a(Machine,drill),or([is_a(Holding_Device,four_jaw_chuck),is_a(Holding_Device,v_block),is_a(Holding_Device,vise),is_a(Holding_Device,toe_clamp)]),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]).operator(put_holding_device_in_lathe(Machine,Holding_Device),[is_a(Machine,lathe),or([is_a(Holding_Device,centers),is_a(Holding_Device,four_jaw_chuck),is_a(Holding_Device,collet_chuck)]),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]).operator(put_holding_device_in_shaper(Machine,Holding_Device),[is_a(Machine,shaper),is_a(Holding_Device,vise),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]).operator(put_holding_device_in_planer(Machine,Holding_Device),[is_a(Machine,planer),is_a(Holding_Device,toe_clamp),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]).operator(put_holding_device_in_grinder(Machine,Holding_Device),[is_a(Machine,grinder),or([is_a(Holding_Device,magnetic_chuck),is_a(Holding_Device,v_block),is_a(Holding_Device,vise)]),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]). 100



operator(put_holding_device_in_circular_saw(Machine,Holding_Device),[is_a(Machine,circular_saw),or([is_a(Holding_Device,vise),is_a(Holding_Device,v_block)]),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]).operator(put_holding_device_in_welder(Machine,Holding_Device),[is_of_type(Machine,welder),or([is_a(Holding_Device,vise),is_a(Holding_Device,toe_clamp)]),is_available_table(Machine,Holding_Device),is_available_holding_device(Holding_Device)],[has_device(Machine,Holding_Device)]).operator(remove_holding_device_from_machine(Machine,Holding_Device),[is_of_type(Machine,machine),is_of_type(Holding_Device,holding_device),has_device(Machine,Holding_Device),is_empty_holding_device(Holding_Device,Machine)],[not(has_device(Machine,Holding_Device))]).operator(add_soluble_oil(Machine,Fluid),[is_of_type(Machine,machine),is_a(Part,part),or([material_of(Part,steel),material_of(Part,aluminum)]),is_a(Fluid,soluble_oil)],[has_fluid(Machine,Fluid,Part)]).operator(add_mineral_oil(Machine,Fluid),[is_of_type(Machine,machine),is_a(Part,part),is_a(Fluid,mineral_oil),material_of(Part,iron)],[has_fluid(Machine,Fluid,Part)]).operator(add_any_cutting_fluid(Machine,Fluid),[is_of_type(Machine,machine),is_a(Part,part),or([material_of(Part,brass),material_of(Part,bronze),material_of(Part,copper)]),is_of_type(Fluid,cutting_fluid)],[has_fluid(Machine,Fluid,Part)]).operator(put_on_machine_table(Machine,Part),[is_a(Part,part),is_of_type(Machine,machine),not(is_a(Machine,shaper)),is_available_part(Part),is_available_machine(Machine)],[not(on_table(Another_Machine,Part)),on_table(Machine,Part)]).operator(put_on_shaper_table(Machine,Part),[is_a(Part,part),is_a(Machine,shaper),size_of_machine(Machine,Shaper_Size),size_of(Part,length,Part_Size),smaller(Part_Size,Shaper_Size),is_available_part(Part),is_available_machine(Machine)],[not(on_table(Another_Machine,Part)),on_table(Machine,Part)]).operator(hold_with_v_block(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,v_block),has_device(Machine,Holding_Device),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part),shape_of(Part,cylindrical),eq(Side,side0),is_empty_holding_device(Holding_Device,Machine),is_available_part(Part)],[not(on_table(Machine,Part)),holding_weakly(Machine,Holding_Device,Part,Side)]).operator(hold_with_vise(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,vise),has_device(Machine,Holding_Device),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part),is_empty_holding_device(Holding_Device,Machine),is_available_part(Part)],[not(on_table(Machine,Part)),when(shape_of(Part,cylindrical),holding_weakly(Machine,Holding_Device,Part,Side)),when(shape_of(Part,rectangular),holding(Machine,Holding_Device,Part,Side))]).101



operator(hold_with_toe_clamp(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,toe_clamp),has_device(Machine,Holding_Device),not(has_burrs(Part)),is_clean(Part),or([shape_of(Part,rectangular),eq(Side,side3),eq(Side,side6)]),on_table(Machine,Part),is_empty_holding_device(Holding_Device,Machine),is_available_part(Part)],[not(on_table(Machine,Part)),holding(Machine,Holding_Device,Part,Side)]).operator(secure_with_toe_clamp(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,toe_clamp),has_device(Machine,Holding_Device),not(has_burrs(Part)),is_clean(Part),shape_of(Part,cylindrical),holding_weakly(Machine,Another_Holding_Device,Part,Side),is_empty_holding_device(Holding_Device,Machine)],[not(on_table(Machine,Part)),holding(Machine,Holding_Device,Part,Side)]).operator(hold_with_centers(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,centers),has_device(Machine,Holding_Device),has_center_holes(Part),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part),shape_of(Part,cylindrical),is_empty_holding_device(Holding_Device,Machine),is_available_part(Part)],[not(on_table(Machine,Part)),holding(Machine,Holding_Device,Part,Side)]).operator(hold_with_four_jaw_chuck(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,four_jaw_chuck),has_device(Machine,Holding_Device),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part),is_empty_holding_device(Holding_Device,Machine),is_available_part(Part)],[not(on_table(Machine,Part)),holding(Machine,Holding_Device,Part,Side)]).operator(hold_with_collet_chuck(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,collet_chuck),has_device(Machine,Holding_Device),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part),shape_of(Part,cylindrical),is_empty_holding_device(Holding_Device,Machine),is_available_part(Part)],[not(on_table(Machine,Part)),holding(Machine,Holding_Device,Part,Side)]).operator(hold_with_magnetic_chuck(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_a(Holding_Device,magnetic_chuck),has_device(Machine,Holding_Device),not(has_burrs(Part)),is_clean(Part),on_table(Machine,Part),is_empty_holding_device(Holding_Device,Machine),is_available_part(Part)],[not(on_table(Machine,Part)),holding(Machine,Holding_Device,Part,Side)]).operator(remove_from_machine_table(Macine,Part),[is_of_type(Machine,machine),is_a(Part,part),on_table(Machine,Part),is_available_part(Part)],[not(on_table(Machine,Part))]).operator(release_from_holding_device(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_of_type(Holding_Device,holding_device),holding(Machine,Holding_Device,Part,Side)],[not(holding(Machine,Holding_Device,Part,Side)),on_table(Machine,Part)]).operator(release_from_holding_device_weak(Machine,Holding_Device,Part,Side),[is_of_type(Machine,machine),is_a(Part,part),is_of_type(Holding_Device,holding_device),holding_weakly(Machine,Holding_Device,Part,Side)],[not(holding_weakly(Machine,Holding_Device,Part,Side)),on_table(Machine,Part)]).102



A.4.2 Process Planning Axiomsaxiom(side_up_for_machining_length,[eq(Dim,length),or([eq(Side,side3),eq(Side,side6)])],side_up_for_machining(Dim,Side)).axiom(side_up_for_machining_width,[eq(Dim,width),or([eq(Side,side2),eq(Side,side5)])],side_up_for_machining(Dim,Side)).axiom(side_up_for_machining_height,[eq(Dim,height),or([eq(Side,side1),eq(Side,side4)])],side_up_for_machining(Dim,Side)).axiom(side_up_for_machining_diameter,[eq(Dim,diameter),or([eq(Side,side1),eq(Side,side0)])],side_up_for_machining(Dim,Side)).axiom(machine_available,[is_of_type(Machine,machine),not(exists(on_table(Machine,Other_Part)))],is_available_machine(Machine)).axiom(tool_holder_available,[is_of_type(Machine,machine),not(exists(holding_tool(Machine,Tool)))],is_available_tool_holder(Machine)).axiom(tool_available,[is_of_type(Tool,machine_tool),not(exists(holding_tool(Machine,Tool)))],is_available_tool(Tool)).axiom(table_available,[is_of_type(Machine,machine),is_of_type(Holding_Device,holding_device),or([not(exists(has_device(Machine,Another_Holding_Device))),is_a(Holding_Device,toe_clamp)])],is_available_table(Machine,Holding_Device)).axiom(holding_device_available,[is_of_type(Holding_Device,holding_device),not(exists(has_device(Machine,Holding_Device)))],is_available_holding_device(Holding_Device)).axiom(part_available,[is_a(Part,part),not(exists(holding_weakly(Machine,Holding_Device,Part,Side))),not(exists(holding(Machine,Another_Holding_Device,Part,Side)))],is_available_part(Part)).axiom(holding_device_empty,[is_of_type(Machine,machine),is_of_type(Holding_Device,holding_device),not(exists(holding_weakly(Machine,Holding_Device,Part,Side))),not(exists(holding(Machine,Holding_Device,Another_Part,Side)))],is_empty_holding_device(Holding_Device,Machine)).axiom(is_rectangular,[is_a(Part,part),exists(size_of(Part,length,L)),exists(size_of(Part,width,W)),exists(size_of(Part,height,H))],shape_of(Part,rectangular)).axiom(is_cylindrical,[is_a(Part,part),exists(size_of(Part,length,L)),exists(size_of(Part,diameter,D))],shape_of(Part,cylindrical)).axiom(are_sides_of_rectangular_part, 103



[is_a(Part,part),shape_of(Part,rectangular)],side_of(Part,side1)).axiom(are_sides_of_rectangular_part,[is_a(Part,part),shape_of(Part,rectangular)],side_of(Part,side2)).axiom(are_sides_of_rectangular_part,[is_a(Part,part),shape_of(Part,rectangular)],side_of(Part,side3)).axiom(are_sides_of_rectangular_part,[is_a(Part,part),shape_of(Part,rectangular)],side_of(Part,side4)).axiom(are_sides_of_rectangular_part,[is_a(Part,part),shape_of(Part,rectangular)],side_of(Part,side5)).axiom(are_sides_of_rectangular_part,[is_a(Part,part),shape_of(Part,rectangular)],side_of(Part,side6)).axiom(are_sides_of_cylindrical_part,[is_a(Part,part),shape_of(Part,cylindrical)],side_of(Part,side0)).axiom(are_sides_of_cylindrical_part,[is_a(Part,part),shape_of(Part,cylindrical)],side_of(Part,side3)).axiom(are_sides_of_cylindrical_part,[is_a(Part,part),shape_of(Part,cylindrical)],side_of(Part,side6)).axiom(is_machined_surface_quality,[is_a(Part,part),or([surface_finish_side(Part,Side,rough_mill),surface_finish_side(Part,Side,rough_turn),surface_finish_side(Part,Side,rough_shaped),surface_finish_side(Part,Side,rough_planed),surface_finish_side(Part,Side,finish_planed),surface_finish_side(Part,Side,cold_rolled),surface_finish_side(Part,Side,finish_mill),surface_finish_side(Part,Side,finish_turn),surface_finish_quality_side(Part,Side,ground)])],surface_finish_quality_side(Part,Side,machined)).axiom(is_ground_surface_quality,[is_a(Part,part),or([surface_finish_side(Part,Side,rough_grind),surface_finish_side(Part,Side,finish_grind)])],surface_finish_quality_side(Part,Side,ground)).axiom(has_surface_finish_rectangular_part,[is_a(Part,part),shape_of(Part,rectangular),surface_finish_side(Part,side1,Surface_Finish),surface_finish_side(Part,side2,Surface_Finish),surface_finish_side(Part,side3,Surface_Finish),surface_finish_side(Part,side4,Surface_Finish),surface_finish_side(Part,side5,Surface_Finish),surface_finish_side(Part,side6,Surface_Finish)],surface_finish(Part,Surface_Finish)). 104



axiom(has_surface_finish_cylindrical_part,[is_a(Part,part),shape_of(Part,cylindrical),surface_finish_side(Part,side0,Surface_Finish),surface_finish_side(Part,side3,Surface_Finish),surface_finish_side(Part,side6,Surface_Finish)],surface_finish(Part,Surface_Finish)).axiom(has_surface_coating_rectangular_part,[is_a(Part,part),shape_of(Part,rectangular),surface_coating_side(Part,side1,Surface_Coating),surface_coating_side(Part,side2,Surface_Coating),surface_coating_side(Part,side3,Surface_Coating),surface_coating_side(Part,side4,Surface_Coating),surface_coating_side(Part,side5,Surface_Coating),surface_coating_side(Part,side6,Surface_Coating)],surface_coating(Part,Surface_Coating)).axiom(has_surface_coating_cylindrical_part,[is_a(Part,part),shape_of(Part,cylindrical),surface_coating_side(Part,side0,Surface_Coating),surface_coating_side(Part,side3,Surface_Coating),surface_coating_side(Part,side6,Surface_Coating)],surface_coating(Part,Surface_Coating)).axiom(material_ferrous,[is_a(Part,part),or([material_of(Part,steel),material_of(Part,iron)])],alloy_of(Part,ferrous)).axiom(material_non_ferrous,[is_a(Part,part),or([material_of(Part,brass),material_of(Part,copper),material_of(Part,bronze)])],alloy_of(Part,non_ferrous)).axiom(hardness_of_material_soft,[is_a(Part,part),or([material_of(Part,aluminum),alloy_of(Part,non_ferrous)])],hardness_of(Part,soft)).axiom(hardness_of_material_hard,[is_a(Part,part),alloy_of(Part,ferrous)],hardness_of(Part,hard)).axiom(high_melting_point,[is_a(Wire,spraying_metal_wire),or([material_of(Wire,tungsten),material_of(Wire,molybdenum)])],has_high_melting_point(Wire)).axiom(is_machine,[or([is_a(Machine,drill),is_a(Machine,lathe),is_a(Machine,shaper),is_a(Machine,planer),is_a(Machine,grinder),is_a(Machine,band_saw),is_a(Machine,circular_saw),is_a(Machine,milling_machine),is_of_type(Machine,welder)])],is_of_type(Machine,machine)).axiom(is_welder,[or([is_a(Machine,metal_arc_welder),is_a(Machine,gas_welder)])],is_of_type(Machine,welder)).axiom(is_tool,[or([is_of_type(Tool,machine_tool),is_of_type(Tool,operator_tool)])],is_of_type(Tool,tool)).axiom(is_machine_tool, 105



[or([is_of_type(Attachment,drill_bit),is_of_type(Attachment,lathe_toolbit),is_of_type(Attachment,cutting_tool),is_a(Attachment,grinding_wheel),is_of_type(Attachment,band_saw_attachment),is_of_type(Attachment,circular_saw_attachment),is_of_type(Attachment,milling_cutter),is_a(Attachment,electrode)])],is_of_type(Attachment,machine_tool)).axiom(is_drill_bit,[or([is_a(Drill_Bit,spot_drill),is_a(Drill_Bit,center_drill),is_a(Drill_Bit,twist_drill),is_a(Drill_Bit,straight_fluted_drill),is_a(Drill_Bit,high_helix_drill),is_a(Drill_Bit,oil_hole_drill),is_a(Drill_Bit,gun_drill),is_a(Drill_Bit,core_drill),is_a(Drill_Bit,tap),is_a(Drill_Bit,countersink),is_a(Drill_Bit,counterbore),is_a(Drill_Bit,reamer)])],is_of_type(Drill_Bit,drill_bit)).axiom(is_lathe_toolbit,[or([is_a(Toolbit,rough_toolbit),is_a(Toolbit,finish_toolbit),is_a(Toolbit,v_thread),is_a(Toolbit,knurl)])],is_of_type(Toolbit,lathe_toolbit)).axiom(is_cutting_tool,[or([is_a(Cutting_Tool,roughing_cutting_tool),is_a(Cutting_Tool,finishing_cutting_tool)])],is_of_type(Cutting_Tool,cutting_tool)).axiom(is_circular_saw_attachment,[or([is_a(Attachment,cold_saw),is_a(Attachment,friction_saw)])],is_of_type(Attachment,circular_saw_attachment)).axiom(is_band_saw_attachment,[or([is_a(Attachment,saw_band),is_a(Attachment,band_file)])],is_of_type(Attachment,band_saw_attachment)).axiom(is_milling_cutter,[or([is_a(Milling_Cutter,plain_mill),is_a(Milling_Cutter,end_mill)])],is_of_type(Milling_Cutter,milling_cutter)).axiom(is_operator_tool,[or([is_a(Tool,lathe_file),is_a(Tool,abrasive_cloth),is_a(Tool,torch),is_a(Tool,welding_rod),is_a(Tool,spraying_metal_wire),is_a(Tool,brush)])],is_of_type(Tool,operator_tool)).axiom(is_cutting_fluid,[or([is_a(Cutting_Fluid,soluble_oil),is_a(Cutting_Fluid,mineral_oil)])],is_of_type(Cutting_Fluid,cutting_fluid)).axiom(is_holding_device,[or([is_a(Holding_Device,v_block),is_a(Holding_Device,vise),is_a(Holding_Device,toe_clamp),is_a(Holding_Device,centers),is_a(Holding_Device,four_jaw_chuck),is_a(Holding_Device,collet_chuck),is_a(Holding_Device,magnetic_chuck)])],is_of_type(Holding_Device,holding_device)).A.4.3 Process Planning Functionshalf_of(X,Y) :-(var(X) ->X = Y*2; var(Y) ->Y = X/2; TempX is Y*2, 106



X =:= TempX).smaller(X,Y) :-(var(X) ->X = Y-0.5; var(Y) ->Y = X+0.5; X<Y).smaller_than_2in(X,Y) :-Temp is X-Y,Temp =< 2.finishing_size(X,Y) :-(var(X) ->X is Y+0.002; var(Y) ->Temp is X-0.002,(Temp > 0 ->Y is X - 0.002; true); Temp is X-Y,Temp =< 0.003).new_size(D1,D2,D) :-(var(D) ->D is D1+D2; Temp is D1+D2,Temp=D).new_part(Part,Part1,Part2) :-(var(Part) ->new_name(Part1,Part2,Part); true).new_material(Material,Material1,Material2) :-(var(Material) ->(Material1=Material2 ->Material = Material1; new_name(Material1,Material2,Material)); true).
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Appendix BLearned Control RulesThis appendix contains a set of learned control rules for the logistics transportation domain. Theserules were learned in the experiments reported in Section 6.3 after Scope was trained on 100training examples.In the Prolog version of UCPOP used in this dissertation the following predicates are back-tracking points and thus can have control rules learned for them. The find new action predicateselects a new action to achieve a goal. The find existing action selects an existing action toachieve a goal. The select action predicate decides whether a new or existing action should beused to achieve a goal. The apply constraint predicate decides what threat resolution strategy touse to resolve a threat. In the logistics domain, control rules were learned for all of these points,except for the apply constraint predicate, which was never backtracked upon in these experiments.find_new_action(at_obj(B,C),D,_,_,_,E,no_cond,action(_,unload_truck(B,A,C),[inside_truck(B,A),at_truck(A,C)],[at_obj(B,C),not(inside_truck(B,A))])) :-\+member_goal(goal(at_truck(_,C),D),E).find_existing_action(at_truck(B,C),D,E,F,_,_,no_cond,[],0,action(0,start,[],A)) :-nonvar(C),member_action(action(0,start,[],A),E),member_pred(at_truck(B,C),A),\+nonfixable_threats_to_new_link(0,at_truck(B,C),D,E,F).find_existing_action(at_airplane(B,C),D,E,F,_,_,no_cond,[],0,action(0,start,[],A)) :-member_action(action(0,start,[],A),E),member_pred(at_airplane(B,C),A),\+threats_to_new_link(0,at_airplane(B,C),D,E,F).find_existing_action(at_airplane(B,C),D,E,F,_,_,no_cond,[],0,action(0,start,[],A)) :-nonvar(C),member_action(action(0,start,[],A),E),member_pred(at_airplane(B,C),A), 108



\+nonfixable_threats_to_new_link(0,at_airplane(B,C),D,E,F).select_action(goal(at_obj(D,E),F),G,H,I,O,J,K,L,M,N,O,P,old) :-find_existing_action(at_obj(D,E),F,G,H,I,O,P,[],C,J),can_add_ordering(C,F,H),add_clink(C,at_obj(D,E),F,I,K,N),add_ordering(C,F,H,M),L=G,find_init_state(G,B),find_goal_state(G,A),intercity_delivery(D,B,A).select_action(goal(at_obj(C,D),E),F,G,H,N,I,J,K,L,M,N,O,old) :-find_existing_action(at_obj(C,D),E,F,G,H,N,O,[],B,I),can_add_ordering(B,E,G),add_clink(B,at_obj(C,D),E,H,J,M),add_ordering(B,E,G,L),K=F,find_init_state(F,A),member_goal(goal(at_airplane(_,D),_),N),member_pred(airport(D),A).select_action(goal(at_obj(B,C),D),E,F,G,M,H,I,J,K,L,M,N,old) :-find_existing_action(at_obj(B,C),D,E,F,G,M,N,[],A,H),can_add_ordering(A,D,F),add_clink(A,at_obj(B,C),D,G,I,L),add_ordering(A,D,F,K),J=E,member_goal(goal(at_airplane(_,C),_),M),member_goal(goal(at_truck(_,C),D),M).select_action(goal(at_truck(C,D),E),F,G,H,N,I,J,K,L,M,N,O,old) :-find_existing_action(at_truck(C,D),E,F,G,H,N,O,[],B,I),can_add_ordering(B,E,G),add_clink(B,at_truck(C,D),E,H,J,M),add_ordering(B,E,G,L),K=F,find_init_state(F,A),member_pred(airport(D),A),\+ (member_pred(at_truck(C,D),A),nonfixable_threats_to_new_link(B,at_truck(C,D),E,F,G)).select_action(goal(at_truck(B,C),D),E,F,G,M,H,I,J,K,L,M,N,old) :-find_existing_action(at_truck(B,C),D,E,F,G,M,N,[],A,H),can_add_ordering(A,D,F),add_clink(A,at_truck(B,C),D,G,I,L),add_ordering(A,D,F,K),J=E, 109



can_add_ordering(D,A,F).select_action(goal(at_truck(B,C),D),E,F,G,M,H,I,J,K,L,M,N,old) :-find_existing_action(at_truck(B,C),D,E,F,G,M,N,[],A,H),can_add_ordering(A,D,F),add_clink(A,at_truck(B,C),D,G,I,L),add_ordering(A,D,F,K),J=E,member_action(action(D,drive_truck(B,C,_),_,_),E).select_action(goal(at_truck(B,C),D),E,F,G,M,H,I,J,K,L,M,N,old) :-var(B),find_existing_action(at_truck(B,C),D,E,F,G,M,N,[],A,H),can_add_ordering(A,D,F),add_clink(A,at_truck(B,C),D,G,I,L),add_ordering(A,D,F,K),J=E.select_action(goal(at_airplane(B,C),D),E,F,G,M,H,I,J,K,L,M,N,old) :-find_existing_action(at_airplane(B,C),D,E,F,G,M,N,[],A,H),can_add_ordering(A,D,F),add_clink(A,at_airplane(B,C),D,G,I,L),add_ordering(A,D,F,K),J=E,can_add_ordering(D,A,F).select_action(goal(at_airplane(B,C),D),E,F,G,M,H,I,J,K,L,M,N,old) :-find_existing_action(at_airplane(B,C),D,E,F,G,M,N,[],A,H),can_add_ordering(A,D,F),add_clink(A,at_airplane(B,C),D,G,I,L),add_ordering(A,D,F,K),J=E,member_action(action(D,fly_airplane(B,C,_),_,_),E).select_action(goal(at_airplane(B,C),D),E,F,G,M,H,I,J,K,L,M,N,old) :-nonvar(C),find_existing_action(at_airplane(B,C),D,E,F,G,M,N,[],A,H),can_add_ordering(A,D,F),add_clink(A,at_airplane(B,C),D,G,I,L),add_ordering(A,D,F,K),J=E.
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