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           This research applies the technique of stratified case based reasoning (SCBR) to two new tasks: STRIPS Planning and the Permute problem. An empirical evaluation shows that SCBR can lead to significantly lower computational expense than either case- based reasoning (CBR) or hierarchical problem solving algorithm in isolation. Specifically, the experiments on STRIPS Planning demonstrate that SCBR has much better problem solving ability and that the ability increases with the number of cases in case library. At the same time, the performance benefit of SCBR increases with the number of abstraction levels. The experiments on the Permute problems and the STRIPS Planning domain show that the solution length decreases slightly with the number of cases in case library, but is not affected by the number of abstraction levels.
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Introduction

Case based reasoning (CBR) reuses past experiences to help solve new problems. Specifically, a CBR system remembers previously solved problems and their solutions, and then use them to solve new problems. Usually, a CBR system accomplishes its tasks in the following phases:

· Retrieval: Given a problem (i.e., a set of initial and goal conditions), retrieve from the case library a similar case (usually, a case consists of a problem and a solution) according to some similarity metric. Some CBR systems also involve some superficial modification (fitting) of the library case, for example, renaming constants and making the case’s initial and goal conditions match the input specifications.
· Adaptation: Modify the retrieved and fitted case by adding and removing steps, by changing step orders, or by modifying variable bindings until a new problem is solved, i.e., the input goal conditions are met.
· Generalization: Generalize a newly solved problem and store it as a new case in the case library.
Much previous work shows that CBR provides many advantages for a reasoner:

· Case-based reasoning allows a reasoner to propose solutions quickly, avoiding the time necessary to derive those answers from scratch: Reuse of old cases is advantageous in dealing with situations that recur. Reference to previous similar situations is often helpful to reduce the complexities of novel situations. 

· Case Based Reasoning allows a reasoner to propose solutions in domains that are not completely understood by the reasoner: Many domains are impossible to understand completely, often because much depends on unpredictable human behavior, e.g., the economy. CBR allows us to make assumptions and predictions based on what worked in the past without having a complete understanding of domains.

· CBR provides a reasoner a means of evaluating solutions when no algorithmic method is available for evaluation: Using cases to aid in evaluation is particularly helpful when there are many unknowns, making any kind of evaluation impossible or difficult. 

·  Knowledge acquisition is often easier for a reasoner because experts typically find it easier to explain the solutions to individual problems than to articulate abstract rules or principles [Branting & Aha, 1995].

· Many human concepts are characterized by prototype effects that are more accurately modeled by CBR than by alternative computational models [Branting & Aha, 1995].

· CBR can lead to improve explanation capability in situations in which the most comprehensible explanations are those that involve specific examples [Branting & Aha, 1995].

Of course, there are some disadvantages in using cases to reason:

· A CBR system might allow cases to bias it too much in solving a new problem.

· In domains requiring relational knowledge, a first-order case representation language is necessary. Unfortunately, use of first-order case representation language drastically increases the complexity of indexing, matching, and adaptation [Branting & Aha, 1995].

An effective approach of overcoming the above weaknesses of CBR is hierarchical problem solving (HPS).

The basic idea of HPS is to use abstraction to reduce the complexity of search by dividing up a problem into smaller sub-problems. The process of problem solving is as follows: given a problem space (initial and goal conditions), a HPS solver first creates several levels of abstract problem spaces, solves the problem in an abstract space, then uses the abstract solution (or partial solution) to guide the search for a solution in successively lower levels of abstraction. The above 2 steps are repeated until the solution for the lowest level of problem space is obtained.

HPS has the following potential benefits for problem solving:

· Abstraction can reduce the complexity of search.

· Abstraction can reduce the expected search time from exponential to linear in optimal case [Knoblock, Bacchus & Yang, 1994].

Most backtracking in HPS results because an HPS system usually derives an abstract solution from scratch, without using experiences from problem solving episodes. However, it is one of benefits of CBR to use experiences from problem solving episodes. A technique for problem solving is combining CBR and HPS techniques is called Stratified Case Based Reasoning (SCBR) [Branting & Aha, 1995].

“Stratified case based reasoning is a technique in which abstract solutions produced  during hierarchical problem solving are used to assist case-based retrieval, matching, and adaptation ” [Branting & Aha, 1995].  

The following is an algorithm for SCBR:

Function StratifiedCaseBasedReasoning(NewProblem, CaseLib)

     Begin

          AbstractProblems := abstracting (NewProblem);

          Cases := RetrieveMostSpecificCases(AbstractProblems);

          Repeat

               AdaptedCases := adapt(NewProblem, Cases);

               BestCases := best(AdaptedCases);

               Cases := children(BestCases);

          Until ground-level(BestCases);

          MakeAndSaveCases(NewProblem, BestCases,CaseLib);

          Return first(BestCases)

     End;

In the above algorithm, a new problem is abstracted into several abstract problems at first. Then, the algorithm searches a case library to find the most specific matching cases (or the most abstract cases if no cases match), adapts all cases to the new problem at the abstract level of the cases, selects the best cases (e.g., those with the shortest solution lengths), finds the children of the best cases, repeats the above 3 steps until the ground level is reached. Finally, the algorithm returns one of the solutions of the ground level best cases as the result, optionally saving the solution as a new case.

In a SCBR, a problem space is divided into several levels of abstraction. Each level of abstraction allows the representation of problems, solutions and cases. Usually, levels of abstraction are ordered (totally or partially) through an abstraction-relation, i.e., one level is called more abstract than another level. In this paper, when one level is more abstract than another level, the more abstract level will be referred to as the higher level.

A more abstract level is characterized through a reduced level of detail in the representation, i.e., it usually consists of fewer features, relations, constraints, operators,  etc. Moreover, abstract levels model the world in a less precise way, but still capture certain, important properties [Bergmann and Wilke, 1996].

In many HPS systems, abstractions are constructed by simply dropping certain literals of the more concrete representation levels. That means more abstract levels of representation are created by dropping some literals from lower representation levels [Bergmann and Wilke, 1996].

Based on the level of abstraction, we can distinguish between two kinds of cases: ground cases and abstract cases. A ground case is a case located at the lowest level of abstraction. An abstract case is a case represented at a higher level of abstraction. After several abstraction levels are given, one ground case can be abstracted to several abstract cases, one at each higher level of abstraction.  Such an abstract case contains less detailed information than a ground case. On the other hand, several ground cases may correspond to a single abstract case (i.e., the several ground cases can be abstracted to one abstract case). 

Abstract cases at different levels of abstraction can be used as hierarchical indices to those ground (or abstract) cases that contain the same kind of information but at a lower level of abstraction.  An abstraction hierarchy can be constructed in which abstract cases at higher levels of abstraction are located above abstract cases at lower levels. The leaf nodes of this hierarchy contain ground cases.

In SCBR systems, there are several ways of using the information provided in abstract cases for solving a new problem [Bergmann and Wilke, 1996]: 

· No use of abstract solutions. Abstract cases are only used as indices to ground cases. For problem solving, ground cases are used exclusively.
· Abstract solutions as result. The system retrieves and reuses abstract cases. The abstract solutions contained in the abstract cases are not refined to more concrete levels but are directly returned as output. The interpretation of abstract solutions is up to the user.
· Refinement of abstract cases. The SCBR system retrieves and reuses abstract cases and refines abstract solutions to the lower level.
Much work on SCBR shows the following advantages of SCBR for problem solving:

· Abstract cases can be used as indices to a set of less abstract cases. Such indices can improve the efficiency of retrieval.

· Matching cases at higher level of abstraction is much easier than at lower level of abstraction. 

· Retrieval and refinement at abstract space can be used as an efficient method of adaptation, i.e., an abstract solution in a matched case can be efficiently refined to a solution of a new problem.

· Since we use CBR technique, a SCBR system usually does not derive an abstract solution from scratch, i.e., SCBR overcomes the weakness of HPS.

Branting & Aha [1995] applied the SCBR technique to a route-finding task and did some experiments for empirical comparisons of case-based vs. non-case-based approaches for hierarchical problem solving and comparisons of hierarchical and non-hierarchical approaches in the context of the route-finding task. In the experiments, 2 ground level CBR algorithms (Ground COVER and Ground CLOSEST), 3 Stratified CBR algorithms (CLOSEST, COVER, CLOSEST Threshold), A* and HPS were applied. The experiments showed that in this domain (1) CBR algorithms outperformed non-CBR algorithms, i.e., reusing stored case solutions decreased search costs; (2) Stratified CBR algorithms outperformed ground level CBR algorithms, i.e., reusing abstract case solutions decreased search costs more than reusing only ground level solutions; (3) The partial matching algorithms (CLOSEST and Ground CLOSEST) outperformed the perfect-matching (i.e., CBR algorithms that performed no adaptation) (COVER and Ground COVER).  Branting & Aha also measured the quality of solutions by the average solution lengths. Since the difference of solution lengths between SCBR and other algorithms is very little, so no discussion about it is presented in [Branting & Aha, 1995].

The above results show that Stratified CBR has a better performance over other algorithms on route-finding task. The results suggest the following questions: (1) Does Stratified CBR have good performance in some other domains, especially the domains requiring relational representations? (2) What factors will affect the performance of SCBR relative to the alternatives? (3) In a complicated domain, will Stratified CBR have stronger ability of problem solving than ground level CBR or Hierarchical Problem Solving algorithms? (4) How do  the quality of solutions for SCBR and other algorithms compare, e.g., the average solution lengths?

This thesis attempts to answer the above questions by:

· Designing, and implementing experimental SCBR systems on some domains different from route-finding  

· Selecting other algorithms in experiments for comparison with SCBR. Since SCBR is a technique of integrating CBR and HPS, so we need to select some CBR algorithms, HPS algorithms and some others, e.g., A*. 

· Selecting some experiment variables. We use the average expanded nodes and average execution time expense as measure of computational expense respectively on 2 different domains. Since the number of cases in case library and the number of abstraction levels are the factors that affect the performance of SCBR, CBR and HPS algorithms in route-finding problem, we use them as independent variables in our experiments to answer the above questions (1) and (2); we select the number of problems that an algorithm can solve in the limit of computer time and resource in a complex domains as a experiment variable to measure the ability of the solving problems of an algorithm to answer question (3); we use average solution length as an experiment variable to measure the quality of solution to answer the question (4).

· Designing a set of experiments using the above experiment variables on selected algorithms for the above questions 

· Analyzing and evaluating the data obtained from the experiments  and then summarizing the results.

In the next section, system and experimental design will be presented. In section 3, we will show the results of some experiments, discussion and analysis of the results. Related work is set forth in section 4. In last section, conclusions are presented.

6 Experimental Design

To answer the thesis research questions set forth in last section, especially to investigate the performance of Stratified CBR technique on other problem solving domains, first we should choose several appropriate problem domains; second, we should make clear what issues we have in SCBR design and implementation; then begin designing and implementing the SCBR systems.

Search-based problem solving and planning are subfields of Artificial Intelligence devoted to finding action sequences that do achieve an agent’s goals [Russell & Norvig, 1995]. The common point of their problem solving objective is to synthesize a sequence of actions which can take an agent from a given initial state to a desired goal state when given the descriptions of states, possible actions, the initial state and goal state of a problem. The differences between them are in the representations of actions and states, the constructions of the solution to a problem, and whether a problem can be divided into several independent sub-problems (if yes, the total problem solving can be finished by solving the sub-problems independently). Route-finding and the permute problem belong to search-based problem solving subfield, while STRIPS planning is a kind of planning in the STRIPS formalism. Table 2.1 compares the characteristics of the 3 problem domains.

Table 2.1 Comparisons among route-finding, permute and STRIPS-planning


   Route-Finding
        Permute
 STRIPS-planning

Representation of States
Simple data structure, e.g., a position of an agent
Simple data structure, e.g., permutation of n different elements
Collection of predicates

Representation of Actions
Described by programs that generate successor state descriptions
Described by programs that generate successor state descriptions
Independent modules with logic descriptions of preconditions and effects

Construction of Solutions
Consider only unbroken sequence of actions beginning from initial state
Consider only unbroken sequence of actions beginning from initial state 
Free to add actions to the plan wherever they are needed

The property of Dividable Problems
Dividable 
Undividable
Dividable

Obviously, STRIPS planning is very different from route-finding. So, we choose this domain in our thesis experiment to attempt to answer the research questions in last section. Even though permute problem is very similar to route-finding, we still include it in our thesis experiment because (1) permute problem has very important applications in the real world, e.g., computational biology applications, in particular genome rearrangements, and has widely been studied in last years [Caprara, 1997], (2) we want to see if SCBR keeps the good performance on another similar problem domain.

Since Stratified CBR is a technique of integrating Hierarchical Problem Solving and Case Based Reasoning, theoretically, all issues in Hierarchical Problem Solving systems and Case Based Reasoning systems should be considered in designing and implementing a SCBR system. In detail, we have the following issues in SCBR: 

· Abstracting. How to create an abstraction hierarchy, i.e., given a problem space, how to divide it into several levels of abstraction.
· Abstract Cases Generating. Given a ground problem and an abstraction hierarchy, how to generate abstract cases (including ground cases).
· Case Library Organizing. Using what data structure to organize all abstract cases and ground cases for effective retrieval.
· Case Retrieving. Given a new problem, how to retrieve the cases which are most suitable to it.
· Case Adapting and Refining. How to reuse the cases into the new problem to obtain the solution to the new problem. 

In the rest of this section, we will discuss in detail the design and implementation of SCBR systems on the STRIPS planning and permute problem domains around the above issues in SCBR.

2.1 STRIPS planning Domain

Planning is the problem of synthesizing a course of action that when executed, will take an agent from a given initial state to a desired goal state. Automating plan synthesis has been an important goal of the research in Artificial Intelligence for over 30 years. A large variety of algorithms, with differing empirical tradeoffs, have been developed over this period. Research in this area is far from complete, with many exciting new algorithms continuing to emerge in recent years [Kambhampati, 1997].

The task of a planner is to find a sequence of actions (operators) that solves a problem within  a problem space. A problem space consists of a set of legal operators, where each action is defined by  preconditions and postconditions (effects). The preconditions must be satisfied before an operator can be applied, and the postconditions describe the changes to the state in which the operator is applied. A problem is defined by an initial state and a set of goal conditions. A solution (plan) to a problem is a sequence of operators which transform the given initial state into a final state that satisfies the goal conditions.

The initial approach to the planning problems is theorem proving, which was introduced in the Green’s planner[Green, 1969]. Theorem provers use resolution (or some other complete inference procedure) to prove sentences in full first-order logic. But this approach is inefficient and coupled with the difficulty of handling “frame problem” [Kambhampati, 1997]. Motivated by the needs of robotics, search-based approached was introduced in STRIPS system [Fikes and Nilsson, 1971]. STRIPS was the first major planning system, which searched in the space of world states using means-ends-analysis [Kambhampati, 1997].  Prodigy [Carbonell et al., 1990] was another search-based planner, which was an intelligent integrated architecture designed as a testbed for research in general problem solving and learning. Searching in the space of states was found to be inflexible in some cases, so a new breed of approaches formulated planning as a search in the space of partially constructed plans. Tweak [Chapman, 1987] formalizes a generic, partial-order planning system. Abstract and hierarchical planning was introduced in the ABSTRIPS system [Sacerdoti, 1974]. This formulation allowed a partial plan to contain “abstract” actions which can be incrementally reduced to concrete actions [Kambhampati, 1997]. In most hierarchical planners, the designer of a planning domain must manually engineer the appropriate abstractions. This process is largely a “black art” since the properties of an effective abstraction hierarchy are not well understood [Knoblock, 1994]. This problem led to algorithms for automatically generating abstractions in Prodigy/Alpine [knoblock, 1994] and PLANEREUS [Anderson and Farley, 1988]. With the intensive study of case based reasoning, planning by adapting previously successful plans became an attractive reasoning paradigm. SPA [Hanks & Weld, 1995] and Prodigy/Analogy [Veloso, 1992] are two case-based planners.

There are many formalisms used for planning, but the classical formalism that most planners (e.g., original STRIPS, ABSTRIPS, Alpine, PARIS) use today is STRIPS formalism [Russell & Norvig, 1995]. In STRIPS formalism, states are represented by conjunctions of function-free ground literals, i.e., predicates applied constant symbols, possibly negated. Operators consist of three components: an action description (i.e., name), a precondition (a conjunction of positive literals) and an effect (a conjunction of positive or negative literals). This syntax is illustrated below.

We take logistics transportation problems as STRIPS planning problems that we investigate in this thesis.

2.1.1 Logistics Transportation Domain and Representation

In Logistics Transportation domain, objects are to be moved among different cities. Objects are carried within the same city in trucks and across cities in airplanes. At each city there are several locations, e.g., post offices and airports.

Usually, the representation of logistics transportation problem domain consists of :

(1) A world model. The world model is a set of wffs in the predicate calculus, describing facts of the problem domain.

In logistics transportation domain, we have 14 different predicates: object, post-office, airport, truck, airplane, city, same-city, loc-at, at-obj, at-truck, at-airplane, part-of, inside-truck, inside-airplane. 

For example,

                                   (object o1)      
                                   (pos-office po1)

                                   (airplane p1)

                                   (truck t1)

                                   (airport airp1)

                                   (city c1)

                                   (loc-at airp1 c1) 

                                   (part-of t1 c1)

                                   (same-city airp1 po1)

                                   (at-obj o1 airp1) 

                                   (at-truck t1 airp1)  

                                   (at-airplane p1 airp1)

                                   (inside-truck o1 t1)
                                   (inside-airplane o1 p1)

The above set of expressions means: o1 is an object, po1 is a post office, p1 is an airplane, t1 is a truck, airp1 is an airport, c1 is a city, airp1 is located at c1, t1 is part of c1, airp1 is located at the same city with po1, object o1 is at airp1, truck t1 is at airp1, airplane p1 is airp1, o1 is inside the truck t1, o1 is inside the airplane p1.

(2) A set of action descriptions.  In logistics transportation domain, we have six legal actions: LOAD-TRUCK, LOAD-AIRPLANE, UNLOAD-TRUCK, UNLOAD-AIRPLANE, DRIVE-TRUCK, FLY-AIRPLANE.  LOAD-TRUCK and UNLOAD-TRUCK are used for loading and unload an object inside or outside a truck. LOAD-AIRPLANE and UNLOAD-AIRPLANE are used for loading and unloading an object inside or outside an airplane. DRIVE-TRUCK is used for driving a truck from a place to another place within a same city. FLY-AIRPLANE is used for flying an airplane from a city to another city.

Each action (operator) has a precond list which must be satisfied before the operator can be applied, a postcond list which describes how the application of the operator changes the world and an equals list which gives the constraints to variables.

The set of action descriptions of logistics transportation is given below :

   (defstep

    :action '(LOAD-TRUCK ?OBJ ?TRUCK ?LOC)

    :precond '((object ?OBJ)

                      (truck ?TRUCK)

                      (AT-TRUCK ?TRUCK ?LOC) 

                      (AT-OBJ ?OBJ ?LOC))

    :postcond '((INSIDE-TRUCK ?OBJ ?TRUCK) 

                       (not (AT-OBJ ?OBJ ?LOC)))
      

    :equals '((not (?OBJ ?TRUCK))

                   (not (?OBJ ?LOC))

                   (not (?TRUCK ?LOC))))

   (defstep

    :action '(LOAD-AIRPLANE ?OBJ ?AIRPLANE ?LOC)

    :precond '( (airport ?LOC)

                      (AT-AIRPLANE ?AIRPLANE ?LOC) 

                      (AT-OBJ ?OBJ ?LOC))

    :postcond '((INSIDE-AIRPLANE ?OBJ ?AIRPLANE)

                       (not (AT-OBJ ?OBJ ?LOC)))
      

    :equals '((not (?OBJ ?AIRPLANE))

                   (not (?OBJ ?LOC))

                   (not (?AIRPLANE ?LOC))))

   (defstep

    :action '(UNLOAD-TRUCK ?OBJ ?TRUCK ?LOC)

    :precond '( (AT-TRUCK ?TRUCK ?LOC) 

                      (INSIDE-TRUCK ?OBJ ?TRUCK))

    :postcond '((AT-OBJ ?OBJ ?LOC) 

                       (not (INSIDE-TRUCK ?OBJ ?TRUCK)))
      

    :equals '((not (?OBJ ?TRUCK))

                   (not (?OBJ ?LOC))

                   (not (?TRUCK ?LOC))))

(defstep

    :action '(UNLOAD-AIRPLANE ?OBJ ?AIRPLANE ?LOC)

    :precond '((airport ?LOC)

                      (AT-AIRPLANE ?AIRPLANE ?LOC) 

                      (INSIDE-AIRPLANE ?OBJ ?AIRPLANE))

    :postcond '((AT-OBJ ?OBJ ?LOC) 

                       (not (INSIDE-AIRPLANE ?OBJ ?AIRPLANE)))
      

    :equals '((not (?OBJ ?AIRPLANE))

                   (not (?OBJ ?LOC))

                   (not (?AIRPLANE ?LOC))))

   (defstep

    :action '(DRIVE-TRUCK ?TRUCK ?LOC-FROM ?LOC-TO)

    :precond '( (AT-TRUCK ?TRUCK ?LOC-FROM)

                       (SAME-CITY ?LOC-FROM ?LOC-TO))         

    :postcond '((AT-TRUCK ?TRUCK ?LOC-TO)

                       (not (AT-TRUCK ?TRUCK ?LOC-FROM)))
      

    :equals '((not (?LOC-FROM ?LOC-TO))

                   (not (?TRUCK ?LOC-FROM))

                   (not (?TRUCK ?LOC-TO))))

   (defstep

    :action '(FLY-AIRPLANE ?AIRPLANE ?LOC-FROM ?LOC-TO)

    :precond '((airport ?LOC-FROM) 

                     (airport ?LOC-TO)

                     (AT-AIRPLANE ?AIRPLANE ?LOC-FROM))

    :postcond '((AT-AIRPLANE ?AIRPLANE ?LOC-TO)

                       (not (AT-AIRPLANE ?AIRPLANE ?LOC-FROM)))
      

    :equals '((not (?LOC-FROM ?LOC-TO))

                   (not (?AIRPLANE ?LOC-FROM))

                   (not (?AIRPLANE ?LOC-TO))))

For example, the first operator LOAD-TRUCK specifies that an object can be loaded into a truck at a place if the object and truck both are at the same place. The postcond list specifies that after the operator is applied the object will be inside the truck and it is no longer at the place. The type declarations in the precond list specifies that variable ?OBJ can only be an  instance of type object, ?TRUCK be an instance of type  truck. 

2.1.2 Logistics Transportation Problem and Plan

A logistics transportation problem is given by initial state and a goal state specification. The description of an initial state (or any state) is composed of a list of objects and their corresponding types together with a set of instantiated predicates (i.e. literals) that describes the configuration of those objects. The objects in the state must be instances of the types that are declared in the domain. Suppose that the planner is given a problem depicted in Fig 2.1 (prob5 in our test set, see Appendix B).

Initial State:

    c1                                                                                          c2


        


     po1                                 airp1                                               airp2                            po2

Goal State :



    po1                                      airp1                                          airp2                               po2

                                             Fig. 2.1 A Logistics Transportation problem

Fig 2.1 describes such a problem: at the initial state, there is an object at the post office po1, a truck at airport airp1, an airplane at airp1, a truck at airport airp2, po1 and airp1 are both at city c1, airp2 and po2 at city c2. At the goal state, the object is at airp2 (we do not care about the position of the truck and airplane).

The above problem can be described  in STRIPS notation as follows:

       (init '((object o1)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

                   ))

        (goal '(

                (at-obj o1 airp2)))

One plan to this problem is :

      (DRIVE-TRUCK T1 AIRP1 PO1)

      (LOAD-TRUCK O1 T1 PO1)

      (DRIVE-TRUCK T1 PO1 AIRP1)

      (UNLOAD-TRUCK O1 T1 AIRP1)

      (LOAD-AIRPLANE O1 P1 AIRP1)

      (FLY-AIRPLANE P1 AIRP1 AIRP2)

      (UNLOAD-AIRPLANE O1 P1 AIRP2)

The plan means: at first, drive truck t1 from airp1 to po1, load o1 at po1 into truck t1, drive t1 from po1 to airp1, unload o1 from t1 at airp1, load o1 into airplane p1 at airp1, fly p1 from airp1 to airp2, unload o1 from p1 at airp2, then we get it.

2.1.3 Abstraction

When we use the hierarchical problem solving technique, the first issue is how to find effective abstractions. In most of the existing hierarchical planners, the abstractions are constructed by the designers of the problem space manually. Although effective in some cases, in others, it is difficult to find good abstractions and impractical to suit them to individual problems. Ideally one would like a simple and tractable criterion for generating the abstractions of a problem space.

In this thesis, we directly use the result hierarchies which Alpine [Knoblock, 1994] system creates. Craig A. Knoblock[1994] suggested an approach of automatically generating abstractions for planning in a system called Alpine. In this approach, an abstraction space is formed by dropping certain terms from the language of a problem space. In the resulting abstraction space, a single abstract state corresponds to one or more states in the original problem space. An ordered sequence of abstraction spaces defines an abstraction hierarchy, where each successive abstraction space is an abstraction of the previous one.

The use of an abstraction hierarchy for hierarchical problem solving reduces search by partitioning a problem into a number of simpler sub-problems. This reduction in search comes from the assumption that the sub-problems are smaller and can be solved without violating the conditions achieved at the higher levels in the abstraction hierarchy. Thus, an abstraction hierarchy needs to partition a problem such that the parts of a problem that are solved in an abstract space can be held invariant while the remaining parts of a problem are solved. This property is captured by the ordered monotonicity property:

Ordered Monotonicity Property: For all abstract plans, all refinements of those plans leave the literals established in the abstract space unchanged [Knoblock, 1994].

This property captures an important feature of abstraction space and can be used to generate abstraction hierarchies. However, it is heuristic since it does not guarantee that a refinement of an abstract plan exists.

Knoblock [1994] presents two algorithms for generating ordering constraints on an abstraction hierarchy. The first algorithm produces a set of problem-independent constraints that guarantee the ordered monotonicity property. The second algorithm produces a set of problem-specific constraints, where the constraints are sufficient to guarantee the ordered monotonicity property for a given problem. The ordering constraints generated by the algorithms are placed in a directed graph, where the literals form the nodes and the constraints form the edges. Each literal at a node represents both that literal and the negation of the literal since it is not possible to change one without changing the other. A directed edge between two nodes in the graph indicates that the literals of the first node can not occur lower in the abstraction hierarchy than the literals of the second node.

The following algorithm of constructing hierarchies is given the operators that define a problem space and, optionally, the goals of a problem to be solved, and it produces an ordered-monotonic abstraction hierarchy. The algorithm partitions the literals of a domain into classes and orders them such that the literals at one level will not interact with the literals in a more abstract level. The final hierarchy consists of an ordered set of abstraction space, where the highest level in the hierarchy is the most abstract and the lowest level is the detailed.

The algorithm follows these steps [Knoblock, 1994] :

· Produce a set of constraints on the order of the literals in an abstraction hierarchy using the problem-independent constraint algorithm or the problem-dependent constraint algorithm.

· Find the strongly connected components of the graph using a depth-first search. Two nodes in a directed graph are in the same strongly connected component if there is a path from one node to the other and back again. Thus, any node in a strongly connected component can be reached from any other node within the same component. As such, this step partitions the graph into classes of literals where all the literals in a class must be placed in the same abstraction level.

· Construct a reduced graph where the nodes that comprise a connected component in the original graph correspond to a single node in the reduced graph. There is a constraint between two nodes in the reduced graph if there was a constraint between the corresponding nodes in the original graph. The literals within a node in the reduced graph must be placed in the same abstraction space and the constraint between nodes defines a partial order of the possible abstraction hierarchies.

· Transform the partial order into a total order using a topological sort. The total order defines a single ordered monotonic abstraction hierarchy. There may be a number of possible total orders for a given partial order and one order may be better than another.

Using Alpine on logistics transportation domain, we have the following abstraction hierarchies:

USER(2): (domain 'logistics)

; Loading

Running load-domain.

0.1

USER(3): (gen-problem-independent)

T

USER(4): (show-abstraction)

(Abstraction

  (Static = loc-at same-city)

  (Level-2 =

   at-obj

   inside-truck

    inside-airplane)

  (Level-1 =

    at-airplane)

  (Level-0 =

    at-truck)

 :order

  (Level-2 > Level-1 Level-0))

The above results mean that the whole problem space can be divided into 4 levels of abstraction (i.e., level-0, level-1, level-2 and Static), level-2 is higher than level-1 and level-0. It does not matter which is higher as for level-1 and level-0. In this thesis, we take level-1 as higher than level-0. Sentences with literal at-truck can only occur at level-0, at-airplane at level-1 and below, inside-truck and inside-airplane at level-2 and below. Since sentences with literals at level static can not be changed during problem solving, we put them at the highest level of abstraction.

So, the problem prob5 of logistics transportation in section 2.2.2 can be represented among 4 abstraction levels :

Initial                                          Goal                              Abstraction Level

(object o1)                                                                                                                                          3
(pos-office po1)

(pos-office po2)

(airplane p1)

(truck t1)

(truck t2)

(airport airp1)

(airport airp2)

(city c1)

(city c2)

(loc-at airp1 c1) 

(loc-at po1 c1)

(part-of t1 c1)

(loc-at airp2 c2) 

(loc-at po2 c2)

(part-of t2 c2)

(same-city airp1 po1)

(same-city po1 airp1) 

(same-city airp2 po2)

(same-city po2 airp2) 

(at-obj o1 po1)                (at-obj o1 airp2)                 2                                                      

(at-truck t1 airp1)                                              1

(at-truck t2 airp2) 

(at-airplane p1 airp1)                                           0

Note: the level i description includes all literals from levels ( i . The above abstraction means: the problem at level 0 is the ground problem, i.e., the initial and goal statements at level 0 keep the same as the ground initial and goal statements. We obtain the abstract problem at level 1 when deleting statements with the literal at-airplane from initial and goal statements. The abstract problem at level 2 is obtained by deleting statements with literal at-truck. Since all literals at level 3 keep unchanged during planning, i.e., the statements in a goal state at level 3 are same as those in the initial state, so we do not need any abstract problem at level 3.  

2.1.4 Abstract Cases and Case Library

2.1.4.1 Generation of Abstract Cases

In this thesis research, we create ground cases using the function plan-from-scratch in the SPA system, which will be introduced in section 2.1.5. The crucial questions are how to create abstract cases above level 0 and what to preserve from the problem solving search episode in cases for the similar situation of new problems.

As for what to preserve, we have two extreme options, i.e., to remember only the final solution (plan) or the complete search space. While the latter option is too expensive to be pursued, there are several methods that follow the former one. Most CBR systems reuse past solutions by modifying directly a solution to a similar past problem, a process called “transformational analogy” in [Carbonell, 1983]. The adaptation is based on the differences recognized between the past and the current new problem. However a final solution represents a sequence of actions that correspond only to a particular successful search path. Since we use the adaptation algorithm from SPA in the case adaptation process, the final solution is sufficient fitting and adapting. So, some relative information is remembered in a case in addition to final solution. Specifically, we preserve the following items for every case:

· Problem name

· Domain name

· Abstract level

· Parent

· Children

· Initial

· Goal

· Plan

· Open list

· Unsafe list

· Links

· Orderings

Where parent and children items are used for case library structure, see section 2.1.4.2.

Given an abstraction hierarchies, we have two approaches to create abstract cases: (1) Top-down, given a concrete problem, create all abstract problems and then solve each abstract problem respectively; (2) Bottom-up, create all abstract cases from ground cases. The former approach requires the solver to have the ability of searching in abstract problem space [Branting, 1997]. Unfortunately, the solver which we use (i.e., plan-from-scratch from SPA) doesn’t have the ability, we use the latter approach. 

The following is the algorithm of generation of abstract cases.
Function AbstractCases (initial, goal, levels, hierarchies)

    cases := nil;

    Begin

           plan := plan-from-scratch (initial, goal);

           case := make-case(initial, goal, plan);

           push(case, cases);

           for i:=1 to levels-1 do

                 Begin

                          initial :=  drop-literals(initial,  first(hierarchies));

                          goal    :=  drop-literals(goal, first(hierarchies));

                          plan    :=  fit-plan (initial, goal plan);

                          case    := make-case(initial, goal, plan);

                          push(case, cases);

                           hierarchies := rest(hierarchies);

                  End;

    End;

For example, using the above algorithm on prob5 in training set, we obtain the following abstract cases (see Fig. 2.2).
               Level 0                              Level 1                                 Level 2

Initail:  (object o1)                                    (object o1)                                      (object o1)                                                                                           

                (pos-office po1)                           (pos-office po1)                              (pos-office po1)

                (pos-office po2)                           (pos-office po2)                              (pos-office po2)

                (airplane p1)                                 (airplane p1)                                   (airplane p1)

                (truck t1)                                       (truck t1)                                        (truck t1)

                (truck t2)                                       (truck t2)                                        (truck t2)

                (airport airp1)                                (airport airp1)                                (airport airp1)

                (airport airp2)                                (airport airp2)                                (airport airp2)                   

                (city c1)                                         (city c1)                                         (city c1)              

                (city c2)                                         (city c2)                                         (city c2)

                (loc-at po1 c1)                               (loc-at po1 c1)                               (loc-at po1 c1)

                (part-of t1 c1)                                (part-of t1 c1)                                (part-of t1 c1)

                (loc-at airp2 c2)                            (loc-at airp2 c2)                              (loc-at airp2 c2)  

                (loc-at po2 c2)                               (loc-at po2 c2)                               (loc-at po2 c2)

                (part-of t2 c2)                                (part-of t2 c2)                                (part-of t2 c2)

                (same-city airp1 po1)                    (same-city airp1 po1)                    (same-city airp1 po1)

                (same-city po1 airp1)                    (same-city po1 airp1)                    (same-city po1 airp1)

                (same-city airp2 po2)                    (same-city airp2 po2)                    (same-city airp2 po2)

                (same-city po2 airp2)                    (same-city po2 airp2)                    (same-city po2 airp2)

                (at-obj o1 po1)                               (at-obj o1 po1)                              (at-obj o1 po1)

                (at-airplane p1 airp1)                     (at-airplane p1 airp1)

                (at-truck t1 airp1) 

                (at-truck t2 airp2) 

Goal: 

                (at-obj o1 airp2)                             (at-obj o1 airp2)                            (at-obj o1 airp2)

Plan:  

      (drive-truck t1 airp1 po1)              (drive-truck ?truck7 airp1 po1)                    (drive-truck ?truck7 airp1 po1)

       (load-truck o1 t1 po1)                    (load-truck o1 ?truck5 po1)                         (load-truck o1 ?truck5 po1)

       (drive-truck t1 po1 airp1)               (drive-truck ?truck6 po1 airp1)                   (drive-truck ?truck6 po1 airp1)

       (unload-truck o1 t1 airp1)              (unload-truck o1 ?truck4 airp1)                   (unload-truck o1 ?truck4 airp1)

       (load-airplane o1 p1 airp1)             (load-airplane o1 p1 airp1)                          (load-airplane o1 ?airplane2 airp1)

       (fly-airplane p1 airp1 airp2)           (fly-airplane p1 airp1 airp2)                      (fly-airplane ?airplane3 airp1 airp2)  

       (unload-airplane o1 p1 airp2)         (unload-airplane o1 p1 airp2)                      (unload-airplane o1 ?airplane1 airp2)

Open:

                                                               (at-truck ?truck7 airp1 )                               (at-airplane ?airplane2 airp1)

                                                                                                                                    (at-airplane ?airplane3 airp1)

                                                                                                                                    (at-truck ?truck7 airp1)
Unsafe:

Links:

              ……

Orders:

           ……

                                  Fig. 2.2  Ground Case and Abstract Cases for prob5
2.1.4.2 Case Library Organization

One of the biggest issues in CBR generally and SCBR in particular is retrieval of appropriate cases. How do people remember the right ones at right times? How can we make the system do the same (or better)? We call this problem the indexing problem. The indexing problem can be described as several parts. First is the problem of assigning indices to cases at the time that they are entered into the case library to ensure that they can be retrieved at appropriate times. Indices are used at retrieval time to judge the appropriateness of an old case to a new situation. Second is the problem of organizing cases so that search through the case library can be done efficiently and accurately. Third is the problem of retrieval algorithms themselves.

Usually in a planning problem, the initial state and goal state of a problem situation define the problem and then should be used as indices. In our system, the abstract cases play the role of indexing when retrieving. That is, abstract cases are stored together with ground cases and the case library is organized by abstract hierarchy.

Fig. 2.3 shows an example of case library structure (based on [Branting & Aha, 1995]). Suppose that case50 is the ground case obtained from Pro5, case51 is the abstract case of case50 at level 1, case52 is the abstract case of case50 at level 2, case70 is the ground case obtained from Prob7, case71 is the abstract case of case70 at level 1, case72 is the abstract case of case70 at level2, and cases of prob5 are created before cases of prob7. So, case52 is used as the index of case51 (i.e., case52 is the parent of case51), case51 as the index of case50 (i.e., case51 is the parent of case50). When cases of prob7 are created, since case72 is for the same abstract problem as case52 at level 2, so case72 will not be saved into the case library, while case71 will share the same parent (i.e., case52) with case51 and become the parent of case70.

                                                            case52

                                                                   

Level 2

                                ……                                                                               ……


                            case51                                            case71

Level 1

               ……                                                    …                                                         ……


                            case50                                            case70

Level 0

     ……                                                              …                                                       …… 

                                                   Fig. 2.3  Case Library Structure

2.1.4.3 Retrieval of cases

When a new problem which is specified in terms of its initial state and goal state comes to a problem solver, a CBR or SCBR system tries to find if it has solved any similar problems before instead of simply trying to solve the new problem from its domain theory. The purpose of retrieval phase is to seek the similar problem solving situations that will be helpful to the replay mechanism guiding its reconstruction process and reducing the problem solving search effort involved. 

There are several issues we should consider in designing the retrieval procedure:

· What are similar problem solving situations?

· How can retrieval be efficient in a large case library?

Consider a new problem situation with initial state S and goal state G. In most CBR systems, the features from S and G are compared when retrieving old cases in case library. As the CBR systems expect to learn from situations that partially match the new situation, they consider as reasonable candidate cases that share only subsets of the features of goal state and initial state.

Immediately the problem arises of how to rank the partially matched situations: What is the best ? To share more features all together independently from whether they are in the goal or initial state feature sets? To share more goal features? To share more features from initial state? The simplest comparison between a new problem and an old case is to just equate the features of the goal statement and initial state flatly by counting the number of shared features.  M. Veloso [1992] presented  A Direct Similarity Metric Between Two problems:

          Let P and P’ be two particular problems, respectively with initial states SP  and SP’, and goals GP and GP’. Let (G be the match value of  GP and GP’ and (S be the match value of SP  and SP’, under some situation (.

          The two problems P and P’ directly match with match value ( = (G + (S for substitution (.

In this metric all the features of both the goal statement and initial state are credited for the similarity of the problems. The immediate advantage of this metric is its conceptual simplicity. It does not require any particular understanding or encoding of what is more relevant. All the knowledge available is uniformly weighed.  

But in many situations, the metric is not good enough. For example, in logistics transportation domain, suppose we have 2 cases in case library:

Case1:  S1 = {(at-obj o1 po1) (at-truck t1 airp1) 

                         (at-truck t2 airp2) (at-airplane p1 airp2)}

             G1 = {(at-obj o1 airp2)}

Case2:  S2 = {(at-obj o1 airp1) (at-truck t1 po1) 

                        (at-truck t2 airp2) (at-airplane p1 airp1)}

             G2 = {(at-obj o1 po2)}

NewProb: Snew = {(at-obj o1 po1) (at-truck t1 po1) 

                                 (at-truck t2 airp2) (at-airplane p1 airp2)}

                  Gnew = {(at-obj o1 po2)}

 Then, (G1 = 0, (S1 = 3, so, (c1 = 0 + 3 = 3

           (G2 = 1, (S1 = 2, so, (c1 = 1 + 2 = 3

That means Case1 and Case2 have the same match value with NewProb. The problem is that we do not know which case is better.

In Prodigy/Analogy system [Veloso, 1992], a foot-printing metric is used: at first, check out all matched goals G1, …, Gm between the new problem and a case, calculate the match value m, then find out all the foot-printed initial state (the set of literals in the initial state each  of which is a precondition of an action in the plan that achieves the goals) S of the case for G1, …, Gm, calculate the match value k of the initial state of the new problem and S. Then, the whole match value is m + k. The case with the greatest match value is the retrieved case.

SPA [Hanks & Weld, 1995]’s retrieval metric is as follows: the retrieval begins with the first case matching against the new problem. If a non-nil partial plan can be returned, then stop. If not, next case is retrieved until a non-nil partial plan is returned or a nil plan is return if all cases are scanned. For each matching case, the new problem goals are matched against each of the library plan’s goals in the case (different variable bindings result in many different plans from a case plan), and the library plans with the greatest number of matches are identified. If this can result in many candidates, then the algorithm examines the match between the initial conditions of each candidate and the new problem. It computes for each alternative the number of open conditions created by replacing the library plan’s initial conditions with those of the new problem.

In SCBR, the case library is organized in tree structure. All abstract cases play the role of indices at different levels. The retrieval process starts from the highest level, i.e., the match among new problem and cases takes place in the most abstract cases. After the best case of the most abstract cases is chosen, the next retrieval will continue among the children of the best case until the best ground case is decided. 

In PARIS [Bergmann and Wilke, 1996], the hierarchy is traversed top town during retrieval. If an abstract case is adaptable for the new problem, the successor nodes (i.e., children) are investigated, otherwise the successors not considered and the retrieval proceeds with the next node of the same level. Obviously, if many abstract cases are adaptable to the new problem, only one is considered. This method takes less expense than those which consider all possible cases. But, it can not guarantee the best one will be chosen.

The differences among Prodigy/Analogy, SPA and PARIS are: (1) if many cases are adaptable to the new problem, only one is considered in SPA and PARIS, while Prodigy/Analogy will scan all cases, (2) only the foot-printed initial conditions for the matched goals in a case are used to match the initial conditions of a new problem in Prodigy/Analogy, while all initial conditions of a case are used for matching against those of the new problem if the case is retrieved in SPA and PARIS.

In this thesis, the retrieval procedure at the same abstract level can be divided into two steps. First, the goals of new problem are matched against the goals of each of the set of cases, and the case with the greatest number of matches is identified. This can result in one or more candidates. If there are more than one, then calculate the number of open conditions for each candidate created by fit-plan algorithm from SPA through fitting the candidate to the new problem, and the case with the minimum is chosen as the best.
The retrieval algorithm in this thesis is given below :

Function RetrievalBestCase (prob, levels, hierarchies)

    Begin

           abs-probs :=  abstract-probs(prob, hierarchies);

           CurrentLevel := levels;

           CurrentNode := nil;

           While CurrentLevel >= 0 Do

                Begin

                    BestCase := get-closest-case (first (abs-probs), CurrentLevel, CurrentNode);

                    CurrentNode := BestNode;

                    CurrentLevel--;

                    abs-probs := cdr(abs-probs);

                 End;

            return  BestCase;

    End;

Function get-closest-case (prob, CurrentLevel, CurrentNode)

    Begin

         If  (CurrentLevel =  *maximum-abstraction-level* )

         Then SelectedCases := MostAbstractCases()

         Else SelectedCases := Children(CurrentNode);

         BestCase := first(SelectedCases);

         BestPartialPlan := fit-plan(prob,plan(BestCase));

         SelectedCases := cdr (SelecetedCases);

         While SelectedCases <> nil Do

               Begin

                      case := first (SelectedCases);

                      CurrentPartialPlan := fit-plan(prob, plan(case));

                      If  (LinksToGoal (CurrentPartialPlan) > LinksToGoal(BestPartialPlan) OR

                            (LinksToGoal(CurrentPartialPlan)=LinksToGoal(BestPartialPlan) AND

                              Opens(CurrentPartialplan) < Opens(BestPartialPlan)))

                      Then

                            Begin

                                 BestCase := case;

                                 BestPartialPlan := CurrentPartialPlan;

                             End;

                      SelectedCases := cdr (SelectedCases);

                 End;

          return BestCase;

    End;

The basic idea of fit-plan [Hanks and Weld, 1995] is:

· Instantiate the case plan with the variable bindings 

· Replace the case plan’s goal conditions with the new goal conditions

· Create a new open condition for each goal proposition that appears in the new goal set but not in the case plan’s goal set

· Replace the library plan’s initial conditions with the new problem’s initial conditions

· For each causal link that “consumes” a proposition from the old initial conditions, if that proposition is absent from the new initial conditions, then delete the link and add a corresponding new open condition.

· For each causal link that “produces” a proposition for the old goal conditions, if that proposition is absent from the new goals, then delete the link.

2.1.5 Adaptation

When the best case for the new problem is chosen, fit-plan is used to get the partial plan and then begin adapting the partial plan to the new problem. In my experimental system, the adaptation algorithm in SPA is used. The basic idea is selecting a flaw in the plan (an open precondition or threatened link), then generating all possible corrections to the flaw. Repeat the selecting and generating until the result plan achieves the new problem. An open condition can be supported either by choosing an existing step that asserts the proposition or by adding a new step that does so. The three possible ways to resolve a threat – promotion, demotion, and separation – involve adding ordering and binding constraints to the plan (see [Hanks and Weld, 1995] for details).

2.1.6 Experimental Algorithms

In this thesis research, we use 6 algorithms on Logistics Transportation problems.

2.1.6.1 Alpine and Prodigy

ALPINE is a hierarchical problem system, which is implemented by Craig A. Knoblock. The system uses a completely automated approach to generating abstractions for planning.  The abstractions are generated using a tractable, domain-independent algorithm whose only input is the definition of a problem to be solved and whose output is an abstraction hierarchy that is tailored to the particular problem. The algorithm generates abstraction hierarchies by dropping literals from the original problem definition. It forms abstractions that satisfy the ordered monotonicity property, which guarantees that the structure of an abstract solution is not changed in the process of refining it.

The abstraction hierarchies generated by Alpine are used on a hierarchical version of the PRODIGY problem solver. PRODIGY is extended by adding a module to perform the hierarchical control, while employing the basic PRODIGY system to solve the abstract problems which are created at each abstract level. 

Prodigy is a domain-independent problem-solving architecture used primarily as a testbed for research in planning, machine learning, and knowledge acquisition.  Prodigy solves a problem by searching for a sequence of operators that transform the initial state into a final state that satisfies the goal expression. It does this by means-ends analysis, which means that it will pick a goal that is not yet true and attempt to find an operator that would make it true. The preconditions of this operator then also become goals, and the process is repeated, until all the goals either have operators attached or are true, yielding a plan.

2.1.6.2 SPA

SPA views the general planning problem as a search through a directed graph of partial plans. The graph’s root represents the null plan and its leaves represent finished plans. Generative planning starts at the root of the graph and searches for a node (plan) that satisfies the goal. It generates the graph by successively refining (constraining) the plan. The retrieval phase of an adaptation-based planner, on the other hand, returns an arbitrary node in the graph, and the adapter begins searching from that point. It can search down the graph like a generative planner but also can search backward through the graph by retracting constraints, producing more abstract plans [Hanks and Weld, 1995].

In my experiment, I use 3 algorithms from SPA :

· SPA. It solves a problem from scratch. plan-from-scratch from SPA is the main function in SPA.

· SPA-cbr. It is case based planner. Plan-from-library  from SPA is the main function.

· SPA-cbr-cascading (this is my original extension of SPA). It is similar to spa-cbr. The difference is that spa-cbr-cascading saves every new problem and its solution as a case in case library at testing phase while spa-cbr just uses training cases in case library.

2.1.6.3 SCBR

As we discussed above, SCBR divides a new problem into sub-problems according to the hierarchy generated by Alpine, uses the retrieval algorithm in section 2.1.4.3 to search case library from the most abstract cases down until the best ground case is found, and then applies the fit-plan and adapter from SPA to adapt the stored plan in the retrieved case to the new problem.

In my experiment, SCBR and SCBR-cascading are used. The difference between them is that SCBR-cascading not only stores the cases in case library from training set but also stores the cases which are obtained from testing set while SCBR just uses cases from training set.

Function SCBR (ground-problem, levels, hierarchies)

     Begin

          best-case :=RetrievalBestCase (ground-problem, levels, hierarchies)

                             ;; RetrievealBestCase is set forth on page 23

          inits := initial(ground-problem);

          goals := goals(ground-problem);

          partial-plan := fit-plan( stored-plan(best-case), inits, goals);

          final-plan := adapt-plan(partial-plan);

         return final-plan;

     End;

2.2 Permute Problem

2.2.1 Permute Domain and Representation

A permutation of  {e1, e2, …, en} is a list of elements, ( = ((1 (2  …  (n), where all elements are different and in {e1, e2, …, en}. A specific permutation (e1, e2, …, en) is called identity permutation denoted by l.  A reversal of the interval (i, j) is an inversion of the subsequence (i,… , (j of ( , represented by the permutation ( = (1 … i-1  j … i   j+1 … n).  Composition of ( with ( yields (( = ((1 …  (i-1 (j  … (i (j+1…  (n) where elements (i, …, (j  have been reversed [Caprara,1997]. A prefix reversal is a  reversal of the interval (1, j).

The representation of permute problem domain consists of:

(1) A world model. The world model is all possible lists of elements of {e1, e2, …, en}. Each list gives a description of a permutation.

For example, given a set of elements {A, B,C,D,E,F,G}

Then, we can have such permutations:

                                                           (D G C E A F B)

                                                           (C G D E A F B)

                                                           (F A E D G C B)

                                                           (D E A F G C B)

                                                           (G F A E D C B)

                                                           (B C D E A F G)

                                                           (E D C B A F G)
                                                           (A B C D E F G)

(2) A set of action descriptions. In this experiment, the operators consist of all possible prefix reversals on {e1, e2, … , en} except prefix reversal (1,1). For simplicity, we use j to represent the operator (1,j).

For example,  we have 6 operators on the domain of {A, B,C,D,E,F,G}. If we use the operators on permutation (A B C  D E F G), the results are :

             Operator                                    Result

       -------------------------------------------------------------

            2                                            (B A C D E F G)

            3                                            (C B A D E F G)

            4                                            (D C B A E F G)

      5                                            (E D C B A F G)

6 (F E C D B A G)

7 (G E F D C B A)

     We use reverse-prefix to define the operator j in this experiment:

      Function reverse-prefix (list, j)

         Begin

                 first-j-elements := subseq (list, 0, j);

                 rest-elements := nthcdr (j, list);

                 return append(reverse(first-j-elements), rest-elements)

         End;

2.2.2 Permute Problem and Solution

A permute problem is given by start state and a goal state specification. The description of a start state (or any state) is composed of a list of elements. A Permute N problem is a Permute problem involving N elements. The following is an example of the permute 7 problem:

Start:   (D G C E A F B)

Goal:   (A B C D E F G)

The solution to the PERMUTE problem is a sequence of operations, rather than just the solution state. The result returned by a solver must therefore include not just the solution state, but the sequence of operations used to reach that state For example, the solution to the above problem is:

                                                            (3 6 4 5 7 4 5)

 the result is :

                                                           (D G C E A F B)

                                                                    3

                                                           (C G D E A F B)

                                                                    6

                                                           (F A E D G C B)

                                                                    4

                                                           (D E A F G C B)

                                                                    5

                                                           (G F A E D C B)

                                                                    7

                                                           (B C D E A F G)

                                                                    4

                                                           (E D C B A F G)

                                                                    5

                                                           (A B C D E F G)
2.2.3 Abstraction

The hierarchy for a permute problem in this experiment is constructed by dropping elements from state. For simplicity, we suppose the following hierarchies for {e1, e2, …, en} :

level n-1 :     e1

level n-2 :     e2

       .

       .

       .

level 1    :     en-1

level 0    :     en

For example, we can abstract the problem in section 2.2.2 to the following abstract problems in {A , B, C, D, E, F, G} :
Start                                          Goal                              Abstraction Level

(A)                      (A)                          6


(A B)                    (A B)                        5

(C A B)                  (A B C)                      4

(D C A B)                (A B C D)                    3

(D C E A B)              (A B C D E)                  2

(D C E A F B)            (A B C D E F)                1


(D G C E A F B)          (A B C D E F G)              0
 2.2.4 Abstract Cases and Case Library

2.2.4.1 Generation of Abstract Cases

The items which we keep for every case are start state, goal state, and solution. The abstract cases are generated using A* algorithm. The algorithm for generating (top-down) abstract cases is as follow:

;; the algorithm is inserted into HSOLVE (see 2.2.5.2) in this research

Function AbstractCases (start, goal, levels)

    Cases := nil;

    Begin

           Hierarchies := make-permute-hierarchy(start, goal, levels);

           solution := a-star(start, goal, successors,  distance-estimator);

           case := make-case(start, goal, solution);

           push(case, cases);

           for i:=1 to levels-1 do

                 Begin

                          start := first(first(hierarchies));

                          goal    := second(first(hierarchies));

                          solution := a-star(start, goal, successors,  distance-estimator);

                           case     := make-case(start, goal, solution);

                           push(case, cases);

                           hierarchies := rest(hierarchies);

                  End;

    End;

Suppose we use the above algorithm on the above permute problem and the levels = 5, then the cases are:

                level 0                                          level 1                                   level 2

start     : (D G C E A F B)                          (D C E A F B)                       (D C E A B)

goal      : (A B C D E F G)                          (A B C D E F)                       (A B C D E)

solution: (D G C E A F B)                          (D C E A F B)                      (D C E A B)

                (C G D E A F B)                          (C D E A F B)                      (C D E A B)

                (F A E D G C B)                          (F A E D C B)                      (E D C A B)

                (D E A F G C B)                          (B C D E A F)                      (B A C D E)

                (G F A E D C B)                          (E D C B A F)                      (A B C D E)

                (B C D E A F G)                          (A B C D E F)

                (E D C B A F G)

                (A B C D E F G)

                     level 3                                         level  4

start      : (D C A B)                                       (C A B)

goal       : (A B C D)                                       (A B C)

solution:  (D C A B)                                       (C A B)

                 (B A C D)                                       (B A C)

                 (A B C D)                                       (A B C)

2.2.4.2 Case Library Organization

In permute domain, we use the same case library organization approach as logistics transportation, i.e., we have the same case library structure as logistics transportation: start state and goal state as entries of every case, higher abstract cases as indices for lower abstract cases. The whole library structure is a tree.

2.2.5 Experimental Algorithms

In this section, we will introduce 4 algorithms which are used in our experiment on permute problems: a hierarchical problem solver HSOLVE, a ground level case based reasoner GRCL, a stratified CBR RCL [Branting & Aha, 1995], and best first search A* .

2.2.5.1 A*

A* is a version of best-first search. It employs an additive evaluation function f(n) = g(n) + h(n), where g(n) is the cost of the currently evaluated path from start  to n  and h is a heuristic estimate of the cost the path remaining between n and some goal node. A* constructs a list T of selected paths using the elementary operation of node expansion, i.e., generating all successors of a given node. Starting with start, A* selects for expansion that leaf node of T which has the lowest f value, and only maintains the lowest f-path to any given node. The search halts as soon as a node selected for expansion is found to satisfy the goal conditions.

In this experiment for solving permute problem, we use successors and estimator as functions of the node expansion and heuristic estimate of the cost of the path between n and goal.

Function successors (state)

;; generates all states reachable by an application of

;; reverse-prefix to the state's arrangement
   Begin

       st :=  state-arrangement (state);

       len := length (st);

       result := nil;

       for i := 2 to len Do

           Begin

                NewState := make-state (reverse-fix (st, i ));

                push(NewState,Result)

           End;

       Return

   End;

Note: state-arrangement(state) return a permutation in state. 

Function estimator (state1, state2)

;; estimator for permutation problem

     Begin

             p1 := state-arrangement (state1);

             p2 := state-arrangement (state2);

             e := 0;

             len := length (p1);

             for i:= 0 to len-1 do

                   Begin

                          If  abs(position(nth(i,p1) ,p2) – position(nth(i+1,p1),p2)) > 1

                          Then  e++;

                   End;

              Return e

      End; 

Since the Best-first search using f as the evaluation function and an admissible h function is called A* search and h is called admissible if h never overestimates the cost to reach the goal, so we need to state that estimator is admissible here.

Suppose state2 is a goal state.  If given an i, abs(position(nth(i,p1),p2) – position(nth(i+1,p1),p2)) > 1, then at least one element should occur in the goal state arrangement between ith element and (i+1)th element of p1, i.e., at least one operator should be applied. That means if estimator(state1, state2) = e, then at least e operators are needed to transfer from state1 to state2, i.e., at least e nodes will occur on the path from state1 to state2. So, estimator never overestimates the cost from state1 to state2, i.e., estimator is admissible here.

2.2.5.2 HSOLVE

HSOLVE is a hierarchical problem solving algorithm that abstracts a given problem into several abstract sub-problems at several abstract levels, then uses A* to find a solution from the start state to the goal state at the highest level of abstraction. At lower level of abstraction, search by A* is restricted to positions falling within the solution path at the next higher levels of abstraction. The algorithm is presented as follow:

Function HSOLVE (start, goal, number-of-levels)

     Begin

              Hierarchies :=  make-permute-hierarchy(start, goal, number-of-levels);

              abstract-solution := nil;

              ;; for each level of abstraction, find a path at that level and

              ;; record it in abstract-solution

              for i:= 0 to (number-of-levels –1) do

                    Begin

                           current-hierarchy := nth(i, hierarchies);

                           abstract-start := first(current-hierarchy);

                           abstract-goal := second(current-hierarchy);

                           current-solution := a-star(abstract-start,

                                                                     abstract-goal,

                                                                      #’successors,

                                                                      :distance-estimator #’abpath-or-est2)

                          abstract-solution := current-solution;

                  End;

              Return current-solution

     End;

Function   abpath-or-est2 (state1 state2)

     Begin

            est2-distance :=  est2(state1,state2);

            (abs1,abs2) := abstract-states(state1,state2, 1);

                                     ;; 1 means 1 higher abstraction

            if (member(abs1, abstract-solution) AND member(abs2,abstract-solution))

            then distance := max{abs(position(abs1, abstract-solution) 

· position(abs2, abstract-solution),

                                               est2-distance}

            else distance := est2-distance +1;

            return distance;

     End;

2.2.5.3 GRCL

GRCL (Ground Reuse Closest) is a ground level CBR algorithm that searches the case library for a ground case that includes the new start state and new goal state. If none is found, then GRCL adapts each ground case (i.e., uses A* to locate the shortest paths the new start and goal positions with the stored case’s solution) and returns the shortest adapted solution. To prevent retrieval from increasing in proportion to the size of the case library, GRCL uses a modification of A* that prunes each node n for which f(n) is greater than the cheapest adaptation found so far. Thus, GRCL performs best-first search for the shortest adaptation paths within  each case, but branch-and-bound search through the case library for the case with the shortest adaptation paths [Branting and Aha, 1995].

Function GRCL (start, goal, case-lib)

     Begin

           ground-cases := cases-of-level(case-lib,0);

           cover-cases := get-covers(ground-cases, start, goal);

           if (cover-cases != nil)

               then return shortest-solution(cover-cases)

               else if (ground-cases != nil)

                       then return shortest-solution(adapt(start, goal, ground-cases))

     End;

2.2.5.4 RCL

RCL (REUSE CLOSEST) is a stratified case based reasoner that begins with abstracting a new problem at several levels of abstraction and then gets the most specific matching cases. If no cases match, get the most abstract cases. Then, the algorithm adapts all the cases (i.e., use A* to find the shortest adaptation paths from the start and goal positions to the solution path at that level of abstraction), select the adaptations which have the shortest adapted solution paths, and then refine the cases in the adaptations (i.e., the cases’ children). Repeat the above steps until the ground level is reached.

Function RCL (start, goal, case-lib)

     Begin

          cases := get-most-specific-covers(start, goal, case-lib);

          if (cases = nil) then cases := cases-of-level(case-lib,0);

          Loop

                adpated_cases := adapt(start, goal, cases);

                best-cases := shortest(adapted_cases);

                if  (ground_level(best-cases))

                then return first(best-cases);

                cases := refine(best-cases);

          End

     End;

Function adapt (start, goal, Cases)

     Begin

             adaptations := nil;

             For each case in Cases Do

                 Begin

                        goal-list := solution(case);

                        path1 := a-star(start, goal-list, #'successors ,   

                                                :distance-estimator #'abpath-or-est2);

                        path2 := a-star(goal, goal-list, #'successors ,   

                                                :distance-estimator #'abpath-or-est2);

                        solution-segment := get-solution-segment (case, path1,path2);

                         push( (case, path1, path2, solution-segment), adaptations);

                 End;

     End;

7 Empirical  Evaluation & Analysis

The previous section describes the design and implementation of 2 SCBR systems respectively on STRIPS planning and the Permute problem. In this section, empirical comparisons among SCBR and other algorithms also introduced in last section will be presented to answer the thesis research questions in section 1.

3.1 Experimental Variables 

For Permute problem, we will compare RCL against A*, HSOLVE, and GRCL described in last section. The primary dependent variable of interest is the performance measured by the number of nodes expanded by A* in the course of executing each algorithm. Another dependent variable of interest is the algorithms’ solution length. The independent variables are:

· The number of abstraction levels (1,2,3,4)

· The size of case library (1,5,10,50,100,500,1000)

From the demonstration of previous work on hierarchical problem solving and case based reasoning, we expected that the computational expense on searching would decrease with abstracting and as the number of abstraction levels, i.e., the performance of stratified CBR should get better performance. We also expected the advantage of CBR would increase as the size of case library increases.

For Logistics Transportation Domain, our experiments focus on different aspects. We will compare two SCBR algorithms against Alpine, and 3 SPA algorithms. The primary dependent variables of interests are:

· The computational expense measured by time expense in the course of executing each algorithm

· The solvability of problems for each algorithm, i.e., the number of problems that can be solved by each algorithm

· The lengths of algorithms’ solutions

We expected that stratified CBR would have least time expense since the tree structure of case library using abstract cases as indices would decrease the search time in case library and the adaptation decreases the planning time. The cascading increase of cases would improve the solvability of case based reasoning.  Intuitively, SPA and Alpine should have the shorter length of solutions.

3.2 Experiments

We arranged 2 experiments for Permute problem and varied each of the independent variables stated above. The results in this section are based on the same set of 1000 test problems. All the train and test problems are randomly generated automatically by function create-a-permute-problem. The experiment function is multi-test.

Three experiments are arranged for Logistics Transportation Domain. We varied one of the dependent variables in section 3.1.  We use 9 cases in train set and 14 problems in test set. All the problems are generated manually.

3.2.1 Varying the number of cases 

We varied the number of cases in case library with the size of permute problem 8, i.e., the number of different elements in a permutation is 8. The number of abstraction levels is three. 

Fig. 3.1 summarizes the results. Since A* and HSOLVE do not use cases in case library, their results remain the constant. GRCL outperforms HSOLVE when the number of cases is 1 or 5, outperforms A* under the number of 10, but goes worse and worse as the number of cases increases when above 10. RCL outperforms A* and HSOLVE if 1 or more cases in case library, outperforms GRCL with at least 5 cases, is outperformed by GRCL with less 5 cases.
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                        Fig. 3.1   Varying the number of cases in the Permute 8 problem

3.2.2 Varying the number of abstraction levels

In this experiment, we varied the number of abstraction levels while fixing the number of cases in case library with 100. The results of A* and GRCL remain constant since they are not effected by stored cases at vary abstraction levels.

Fig. 3.2 shows that RCL performs much worse than other algorithms with only 1 abstraction level, worse than A* and HSOLVE with 2 abstraction levels. So, it means that SCBR algorithm performs poorly when only a few abstraction levels are used. But, RCL outperforms other algorithms when 3 or 4 abstraction levels are used because the refinement and adaptation is much less costly in the higher abstraction levels. The results states that the computational expense of the hierarchical problem solver and SCBR algorithms decrease with the number of abstraction levels. 
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                                            Fig. 3.2   Varying the number of abstraction levels

3.2.3 The Solvability

Theoretically, all problems of logistics transportation which we arranged in this experiment are solvable from the domain theory provided to the problem solvers.  Were there enough search time and resources available in this running computer, should find a solution to any problem. However, an unguided exploration of the search space drives the problem solvers very easily into a chain of inconvenient or wrong decisions from which it is very difficult to recover, since there are a very large number of alternatives at each choice point. Therefore although all the problems are solvable theoretically, in practice they become rapidly unsolvable within a limited running time and resources when their complexity increases.

In this experiment, we arranged 9 cases in case library and 14 problems in test set. Table 3.1 shows that all CBR algorithms can not only solve all problems which Alpine and SPA solve, but also solve more problems because the adapted stored partial plans can decrease the complexity of planning. SCBR algorithms outperform all others because abstract cases can guide CBR planners to find a better stored partial plan and then decrease the complexity. SCBR-cascading performs the best. There is only 1 problem left unsolvable to SCBR-cascading. That is because if some problems, which SPA can not solve directly but  SCBR can be solve,  are used as new cases in case library, then the solvability of SCBR can be improved. Unfortunately, SPA-cbr-cascading has no improvement over SPA-cbr.

Table 3.1  The solvability for algorithms                             ( : solved

                                                                                                  ( : unsolved
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3.2.4 Running Time

In this experiment, we use 7 of 14 problems in test set which all the algorithms can solve to measure the average running time.

Fig. 3.3 shows that Alpine outperforms SPA, SPA-crb, SPA-cbr-cascading since hierarchical problem solving can decrease the complexity of problems. SCBR outperforms all other algorithms since abstract cases decrease the search time and can locate the best partial plan. On the other hand, adapting a best partial plan to a new problem can decrease the complexity of a problem.
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It is dramatic that SPA-cbr and SPA-cbr-cascading have not got the benefits of case based reasoning. Table 3.2 can give me some answers. SPA-cbr performs very well on prob1, prob3, prob5, prob9  and prob11 but very badly on prob4 and prob10. The only reason is the retrieved cases are not appropriate to the new problem. SPA-cbr-cascading got the same reason as SPA-cbr for bad performance.

Table 3.2  Running Time (ms)


Alpine
SPA
SPA-cbr
SPA-cbr-cascading
SCBR
SCBR-cascading

Prob1
340
3130
330
2700
340
370

Prob3
130
1380
110
160
60
60

Prob4
320
5080
5400
5030
150
80

Prob5
380
33110
280
34690
340
370

Prob9
250
1120
100
520
60
70

Prob10
240
27770
35640
29930
230
240

Prob11
340
21020
230
24760
340
380

3.2.5 Solution length

In order to investigate what factors will affect the solution length of a permute problem, we arranged 2 experiments: varying the number of abstraction levels while fixing the number of cases with 100 (see results in Table 3.3), varying the number of cases while fixing the number of abstraction levels with 3 (see results in Table 3.4).

Table 3.3 The Solution Lengths for Permute 8 problem varying # of abstraction levels


         A*
    HSOLVE
     GRCL
         RCL

1 abstract level
         7.7
          7.7
        9.3
          9.5

2 abstract levels
         7.7
          7.7
        9.3
          10.1

3 abstract levels
         7.7
          7.7
        9.3
          9.9

4 abstract levels
         7.7
          7.7
        9.3
          10.0

Table 3.4 The Solution lengths for Permute 8 problem varying # of cases


         A*
    HSOLVE
    GRCL
        RCL

1        case
         7.7 
         7.7
      10.5
        10.5

5        cases
         7.7
         7.7
      10.0
        10.0

10      cases
         7.7
         7.7
      10.1
        10.1

50      cases
         7.7
         7.7
       9.5
        10.0

100    cases
         7.7
         7.7
       9.3
         9.9

500    cases
         7.7
         7.7
       8.9
         10.0

1000  cases
         7.7
         7.7
       8.7
         9.6

The above results show that A* and HSOLVE got the shortest average solution.  A* keep unchanged average solution length when varying the number of both abstraction levels and cases because A* does not use hierarchical problem solving and cases. Since HSOLVE keeps unchanged solution length and RCL changed very little with the varied number of abstraction levels, so the number of abstraction levels does not affect the solution length. Since the average solution lengths of GRCL and RCL decline a little with the increasing of the number of cases, so the number of cases can affect the solution length of CBR algorithms, but not very much. The only explanation for longer average solution lengths of CBR algorithms is that Reusing the stored solution for permute problem will increase the solution length.

Another interesting issue to analyze for Logistics Transportation domain is the comparison of the quality of the solutions created by the 6 algorithms on Logistics Transportation. In this experiment, we still use the 7 problems in section 3.2.4.

Fig. 3.4 shows that Alpine, SCBR and SCBR-cascading got the shortest average solution length. It is a little bit unexpected that SPA has not got the shortest length.

Table 3.5 gives the results for every algorithm on every problem.

Table 3.5 Solution lengths for Permute 8


Alpine
SPA
SPA-cbr
SPA-cbr-cascading
SCBR
SCBR-cascading

Prob1
6
6
8
6
6
6

Prob3
3
3
5
7
3
3

Prob4
6
6
6
6
6
6

Prob5
7
9
7
9
7
7

Prob9
3
3
5
14
3
3

Prob10
7
9
9
9
7
7

Prob11
7
9
7
9
7
7
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                            Fig. 3.4 Average Solution Length for the logistics problems

3.3 Discussion  & Analysis

The above results of our experiments show  :

· Hierarchical problem solvers outperform non-CBR and non-hierarchical problem solvers in terms of search cost, e.g., HSOLVER outperforms A*, Alpine outperforms SPA for the above 7 problems.
· The CBR algorithms outperform non-CBR algorithms in terms of search cost, e.g., SPA-cbr outperforms SPA, GRCL outperforms A* with less that 10 cases.
· The stratified CBR algorithms outperforms almost all other algorithms in terms of search cost, e.g., RCL outperforms A*, HSOLVE, and GRCL with 3 or more levels of abstraction, SCBR outperforms Alpine, and SPA algorithms.
· The stratified CBR algorithms have stronger ability of problem solving than other algorithms, e.g., SCBR and SCBR-cascading can solve more problems than  Alpine , SPA , SPA-cbr and SPA-cbr-cascading.
· The ability of stratified CBR of problem solving increases with the number of cases in case library, e.g., SCBR-cascading can solve more problems than SCBR.
In all, the results in this section and in [Branting and Aha, 1995] demonstrate that the stratified CBR techniques can be applied to many AI domains to decrease the complexity of problem solving and then cut  the computational expense of problem solving.

8 Related Work

In this section, we will describe some related works on CBR, HPS, SCBR, STRIPS planning, and the permute problem.

4.1 CBR

In this thesis, we use abstract cases as indices and organize the case library as a tree structure. When a new problem comes, the system will start the retrieval process with fitting the most abstract cases to the new abstract problem at the same abstraction level.  If the number of most abstract cases is too big, then the cost on retrieval may go up much.

Manuela M. Veloso[1992] used goal statements to index the case library structure in Prodigy/Analogy.  The interacting goals are identified by partially ordering the totally ordered solution found. The connected components of the partially ordered plan determine the independent fragments of the case each corresponding to a set of interacting goals. Each case is multiply indexed by the sets of interacting goals. The relevant literals of the initial state are foot-printed for each goal conjunct in the goal statement by goal regressing through the plan found. I believe that this technique can be used at least to organize the abstract cases at the most abstraction level and will improve the performance of retrieval in our system when we have too many most abstract cases.

4.2 Hierarchical Problem Solving

In Logistics Transportation domain, we use Alpine to generate abstractions for problem solving. Alpine forms abstractions based on the ordered monotonicity property. This property guarantees that any plan for achieving a literal ignored at an abstraction level will not add or delete a literal in a more abstract space. In effect, the ordered monotonicity property partitions those literals that interact with one another and orders the partitioned sets of literals in a way that minimizes the interactions among them. An important feature of the ordered monotonicity property is that Alpine can tractably generate problem-specific abstractions that have this property [Knoblock, 1994].

PLANEREUS [Anderson and Farley, 1988] is a system that automatically generates hierarchies of abstract operators and objects. The system constructs operator hierarchies by examining the operators that share common effects and forming new abstract operators that contain only the shared preconditions. Similarly, object hierarchies are formed by adding a new abstract object type when two operators perform the same operations on different objects. The operators and object hierarchies are then used to construct abstract macros by generalizing a particular plan as far as possible without losing the dependency structure of the plan. The resulting macros are then added to the operator hierarchy as new abstract operators which can be used to solve analogous problems in the future. The abstract operators, objects, and macros are then used for least-commitment hierarchical problem solving.

PLANEREUS differs from Alpine in at least two important ways. 

· PLANEREUS generates operator and object hierarchies and macro operators, while Alpine forms abstract problem spaces.

· PLANEREUS forms abstract operators by ignoring the differences between operators without regard to the difficulty of achieving those differences, while Alpine drops conditions based on an interaction and dependency analysis of the entire problem space.

Obviously, if the hierarchies created by PLANEREUS are used in our system, SPA can be applied to create abstract cases at any level of abstractions, since we have abstract operators to apply.

4.3 SCBR

PARIS [Bergamnn and Wilke, 1996] is a system which uses abstraction in case-based planning. In PARIS, given a concrete and an abstract planning domain, abstract planning cases are generated automatically by a domain-independent case abstraction algorithm. The abstract cases are stored together with the concrete cases in case base which is organized by an abstraction hierarchy, used for indexing during retrieval. An abstract solution contained in an abstract case can be refined automatically to a ground level solution. So, it satisfies the downward refinement property.  During refinement, the abstract operators of the abstract case are used to guide the generative planner to find a refined solution to the problem. In PARIS, a case deletion policy is suggested, which works by pruning sub-trees of the abstraction hierarchy. A sub-tree is pruned if matching and adapting abstract or ground cases contained in the this sub-tree requires more effort that refining a more abstract available case.

4.4  STRIPS Planning

In this thesis, we use the algorithm of planning by adaptation. The basic idea behind planning by adaptation (or similar work in case-based planning, transformational  planning, or planning by solution replay ) is to solve a new problem by (1) retrieving from memory a problem that had been solved previously, then (2) adapting the old solution to the new problem[Hanks and Weld, 1995]. In many planning algorithms by adaptation including thesis research, only execution results in success are stored and adapted to new problems, while the CHEF system [Hammond, 1990], The PLEXUS system [Simmons. 1988] consider how to use execution results in failure to improve subsequent retrievals.

The CHEF system is a case based planner that solves problems in the domain of cooking. When given a goal to produce a dish with particular properties , CHEF first tries to anticipate any problems or conflicts that might arise from the new goal, and uses that analysis to retrieve from memory a candidate solution (baseline plan). The baseline plan is then manipulated by a modifying algorithm that tries to satisfy any new goals and repair problems that did not arise in the baseline scenario. It then  executes the plan, and if execution results in failure a repair algorithm analyzes the failure and uses the result of that analysis to improve the index for this solution so that it will not be retrieved in situations where it will fail again.

In PLEXUS system, when a plan failure is detected, it is classified as being either a failure precondition, a failing outcome, a case of differing foals, or step out of order. Ignoring the aspects of PLEXUS that deal with incomplete and incorrect knowledge, the program’s main repair involves replacing a failed plan step with one that might achieve the same purpose.

4.5 The Permute Problem

 In our experiment, we calculated the average lengths of solutions for every algorithm. We do not discuss the issue of length since the results are very similar. But, we concern that if there is any algorithm which can solve a Permute problem by minimum operations.

Caprara [1997] prove that the problem of sorting a permutation by the minimum number of reversals is NP-hard, thus answering a major question on the complexity of a problem which has widely been studied in the last years.

For a permutation ( of the integers from 1 to n (or n different elements), let f(() be the smallest number of prefix reversals that will transfer ( to the identity permutation, and let f(n) be the largest such f(() for all ( in (the symmetric group) Sn. William H. Gates [1979] presented an algorithm sorting any permutation of length n in about 5n/3 prefix reversals, and described a technique for deriving lower bounds for f(n), and show that it can be used to establish that f(n) ( 17n/16. For permute-8, Gates’s algorithm needs about 5*8/3 = 13.3 prefix reversals. In the experimental evaluation, on average A*, HSOLVE needed 7.7 prefix reversals, and GRCL and RCL with more than 1 case needed and  no more than 10.5 prefix reversals.  f(8) ( 17*8/16 = 8.5 is satisfied by all algorithms.

9 Conclusion

SCBR is a technique of integrating CBR with hierarchical problem solving. In this thesis, we addressed the design and implementation of SCBR on domains requiring relational representations, and then compared SCBR with CBR, hierarchical problem solving and some other algorithms through experiments to determine  (1) if Stratified CBR has good performance in some other domains, especially the domains requiring relational representations, (2) what factors will affect the performance of SCBR relative to the alternatives, (3) in a complicated domain, if Stratified CBR has stronger ability of problem solving than ground level CBR, Hierarchical Problem Solving algorithms, and (4) what factors affect the quality of solutions, e.g., the average solution lengths.

The issues addressed in this thesis to apply SCBR technique include: abstractions of problem spaces, the generation of cases for reuse, the organization of case library, the retrieval of cases in library similar to new problems, the adaptation of retrieved cases to new problems.

The empirical evaluation showed that SCBR can lead to significantly lower computational expense than either case based reasoning (CBR) or hierarchical problem solving algorithm in isolation. Specifially, the experiments on STRIPS Planning demonstrate that SCBR has much better ability of solving problems and the ability increases with the number of cases in case library. At the same time, the performance benefit of SCBR increases with the number of abstraction levels. The experiments on the Permute problems and the STRIPS Planning domain show that the solution length decreases slightly with the number of cases in case library, but is not affected by the number of abstraction levels.
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 [Appendix A : Train Set for Logistics Transportation Domain]

(let * (          

;; logistics problem1

    (init1 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

              ))

    (goal1 '(

                     (at-obj o1 po1)))

;; logistics problem2

    (init2 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

                   ))

    (goal2 '(

                    (at-obj o1 airp2)))

;; logistics problem3

    (init3 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

                   ))

    (goal3 '(

                    (at-obj o1 po2)))

;; logistics problem4

    (init4 '(

                    (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

                   ))

    (goal4 '(

                    (at-obj o1 airp1)))

;; logistics problem5

    (init5 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

                   ))

    (goal5 '((at-obj o1 airp2)))

;; logistics problem 7

    (init7 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp2)

                   ))

    (goal7 '((at-obj o1 airp2)))

;; logistics problem 11

    (init11 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp1)

                   ))

    (goal11 '((at-obj o1 airp2)))

;; logistics problem 13

            (init13 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 airp1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp1)

                   ))

    (goal13 '((at-obj o1 airp2)))

;; logistics problem 15

    (init15 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 po1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp2)

                   ))

    (goal15 '((at-obj o1 airp2)))

[Appendix B : Test Set for Logistics Transportation Domain]

(let* (

;; logistics problem1

    (init1 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

              ))

    (goal1 '(

                     (at-obj o1 airp2)))

;; logistics problem2

    (init2 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

              ))

    (goal2 '(

                     (at-obj o1 po2)))

;; logistics problem3

    (init3 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

              ))

    (goal3 '(

                     (at-obj o1 airp2)))

;; logistics problem4

    (init4 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp1)

              ))

    (goal4 '(

                     (at-obj o1 po2)))

;; logistics problem5

    (init5 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp2)

              ))

    (goal5 '(

                     (at-obj o1 airp2)))

;; logistics problem6  

    (init6 '(

               (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp2)

                   ))

    (goal6 '(

                    (at-obj o1 po2)))

;; logistics problem7  

    (init7 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp2)

                   ))

    (goal7 '(

                    (at-obj o1 airp2)))

;; logistics problem8   

    (init8 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 airp1) 

               (at-truck t2 airp2) 

               (at-airplane p1 airp2)

                   ))

    (goal8 '(

                    (at-obj o1 po2)))

;; logistics problem9

    (init9 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 po1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp1)

                   ))

    (goal9 '((at-obj o1 airp2)))

;; logistics problem10

    (init10 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 airp1) 

               (at-truck t1 po1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp1)

                   ))

    (goal10 '((at-obj o1 po2)))

;; logistics problem11

    (init11 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp2)

                   ))

    (goal11 '((at-obj o1 airp2)))

;; logistics problem12

    (init12 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp2)

                   ))

    (goal12 '((at-obj o1 po2)))

;; logistics problem13   

    (init13 '(

                    (object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 po1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp1)

                   ))

    (goal13 '(

                    (at-obj o1 po2)))

;; logistics problem14   

    (init14 '((object o1)

               (object o2)

               (pos-office po1)

               (pos-office po2)

               (airplane p1)

               (truck t1)

               (truck t2)

               (airport airp1)

               (airport airp2)

               (city c1)

               (city c2)

               (loc-at airp1 c1) 

               (loc-at po1 c1)

               (part-of t1 c1)

               (loc-at airp2 c2) 

               (loc-at po2 c2)

               (part-of t2 c2)

               (same-city airp1 po1)

               (same-city po1 airp1) 

               (same-city airp2 po2)

               (same-city po2 airp2) 

               (at-obj o1 po1) 

               (at-truck t1 airp1) 

               (at-truck t2 po2) 

               (at-airplane p1 airp1)

                   ))

    (goal14 '((at-obj o1 po2)))

[Appendix C: Source Codes and Running Calls]

1 Logistics Transportation Domain

· ALPINE 

· [source codes]: /meru0/yitao/scbr-planner/alpine/ 

· [running ]

               meru 1% cl

            ……

            USER(1): (load "loader")

             ……

             ;;; Prodigy is loaded.

             T

             USER(2): (domain 'logistics)

             ……

             Running load-domain.

             0.11

             USER(3): (problem 'ty-test1)

             ; Loading

             ;    /meru0/yitao/scbr-planner/alpine/domains/logistics/probs/ty-test1.lisp

             NIL

             USER(4): (run :use-abs-type :in)

                ……

                Solution:

                             <load-airplane o1 p1 airp1>

                             <fly-airplane p1 airp1 airp2>

                             <unload-airplane o1 p1 airp2>

· SPA, SPA-cbr, SPA-cbr-cascading, SCBR and SCBR-cascading
· [Source codes]: /meru0/yitao/scbr-planner/spa

· [Running]:
Note: Before running, please modify the file “logistics-test-probs.lisp” to make sure the test problems you want to test using one of the following methods

               meru 1% cl

               ……

               USER(1): (load "test")

               ……

               USER(2): (in-package ‘spa)

               ……

               SPA(3): (spa-logistics)                       ;; run SPA

OR

               SPA(3): (spa-cbr-logistics)                 ;; run SPA-cbr

OR

               SPA(3): (spa-cbr-logistics t)               ;; run SPA-cbr-cascading

OR

               SPA(3): (scbr-logistics)                      ;; run SCBR

OR

               SPA(3): (scbr-logistics t)                    ;; run SCBR-cascading

 2 Permute Problem

· [source codes]: /meru0/yitao/scbr/g-scbr
· [Running]:

      meru 1% cl

      ……

      USER(1): (load "group-test")

      ; Loading ./group-test.lisp

      T

      USER(2): (group-test)

      …..

Prob5


Initail: 


     (at-obj o1 po1) 


      (at-truck t1 airp1) 


      (at-truck t2 airp2) 


      (at-airplane p1 airp1)


Goal: 


      (at-obj o1 airp2)


Plan:  


(drive-truck t1 airp1 po1)


(load-truck o1 t1 po1)


(drive-truck t1 po1 airp1)


(unload-truck o1 t1 airp1)


(load-airplane o1 p1 airp1)


(fly-airplane p1 airp1 airp2)


(unload-airplane o1 p1 airp2)





Initail: 


     (at-obj o1 po1) 


     (at-airplane p1 airp1)


Goal: 


      (at-obj o1 airp2)


Plan:  


(drive-truck ?truck7 airp1 po1)


(load-truck o1 ?truck5 po1)


(drive-truck ?truck6 po1 airp1)


(unload-truck o1 ?truck4 airp1)


(load-airplane o1 p1 airp1)


(fly-airplane p1 airp1 airp2)








Initail: 


     (at-obj o1 po1) 


Goal: 


      (at-obj o1 airp2)


Plan:  


(drive-truck ?truck7 airp1 po1)


(load-truck o1 ?truck5 po1)


(drive-truck ?truck6 po1 airp1)


(unload-truck o1 ?truck4 airp1)


(fly-airplane ?airplane3 airp1 airp2)


(load-airplane o1 ?airplane2 airp1)


(unload-airplane o1 ?airplane1 airp2)








Prob7


Initial:


     (at-obj o1 po1) 


     (at-truck t1 po1)  


     (at-truck t2 airp2) 


      (at-airplane p1 airp2)


Goal:


      (at-obj o1 airp2)


Plan:


(load-truck o1 t1 po1)


(drive-truck t1 po1 airp1)


(fly-airplane p1 airp2 airp1)


(unload-truck o1 t1 airp1)


(load-airplane o1 p1 airp1)


(fly-airplane p1 airp1 airp2)


(unload-airplane o1 p1 airp2)


(load-airplane o1 p1 airp2)


(unload-airplane o1 p1 airp2)








Initial:


     (at-obj o1 po1) 


     (at-airplane p1 airp2)


Goal:


      (at-obj o1 airp2)


Plan:


(drive-truck ?truck9 po1 airp1)


(load-truck o1 ?truck8 po1)


(fly-airplane p1 airp2 airp1)


(unload-truck o1 ?truck7 airp1)


(load-airplane o1 p1 airp1)


(fly-airplane p1 airp1 airp2)


(unload-airplane o1 p1 airp2)


(load-airplane o1 p1 airp2)


(unload-airplane o1 p1 airp2)








                       Average Number of Nodes Expanded





                       Average Number of Nodes Expanded





     Average  Solution Length (Steps)
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