11Reports of the GMU Machine Learning and Inference Laboratory, MLI 95-3, March 1995.HOW DID AQ FACE THE EAST-WEST CHALLENGE?An Analysis of the AQ Family�s Performance in the 2nd InternationalCompetition of Machine Learning ProgramsE. Bloedorn, I. Imam, K. Kaufman, M. Maloof, R.S. Michalski*, and J. WnekCenter for Machine Learning and InferenceGeorge Mason UniversityFairfax, VA 22030*Also with the Institute of Computer Science, Polish Academy of Sciences01-237 Warsaw, PolandABSTRACTThe �East-West Challenge� is the title of the second international competition of machine learningprograms, organized in the Fall 1994 by Donald Michie, Stephen Muggleton, David Page andAshwin Srinivasan from Oxford University. The goal of the competition was to solve the�TRAINS problems�, that is to discover the �simplest� classification rules for train-like structuredobjects. The rule complexity was judged by a Prolog program that counted the number of variouscomponents in the rule expressed in the from of Prolog Horn clauses. There were 65 entries fromseveral countries submitted to the competition. The GMU team�s entry was generated by threemembers of the AQfamily of learning programs: AQ-DT, INDUCE and AQ17-HCI. The paperanalyses the results obtained by these programs and compares them to those obtained by otherlearning programs. It also presents ideas for further research that were inspired by the competition.One of these ideas is a challenge to the machine learning community to develop a measure ofknowledge complexity that would adequately capture the �cognitive complexity� of knowledge. Apreliminary measure of such cognitive complexity, called C-complexity, different from the Prolog-complexity (P-complexity) used in the competition, is briefly discussed.AcknowledgmentThe authors thank Professors Donald Michie, Steve Muggleton, David Page and AshwinSrinivasan for organizing the �West-East Challenge� competition of machine learning programs,which provided us with a stimulating challenge for our learning programs and inspired new ideasfor improving them. The authors also thank Nabil Allkharouf and Ali Hadjarian for their help andsuggestions in the efforts to solve problems posed by the competition.This research was conducted in the Center for Machine Learning and Inference at George MasonUniversity. The Center’s research is supported in part by the Advanced Research Projects Agencyunder Grant No. N00014-91-J-1854, administered by the Office of Naval Research, and GrantNo. F49620-92-J-0549, administered by the Air Force Office of Scientific Research, in part by theOffice of Naval Research under Grant No. N00014-91-J-1351, and in part by the National ScienceFoundation under Grants No. IRI-9020266, CDA-9309725 and DMI-9496192.

221. IntroductionRecent years have seen a great proliferation of efforts to apply machine learning methods topractical domains. These efforts have brought a better understanding of the strengths andweaknesses the existing methods, and produced useful insights as to what domains these methodsbest apply. An important part of these efforts was an international competition of machine learningprograms organized by Tom Mitchell, Sebastian Thrun and John Cheng from Carnegie MellonUniversity in 1991. The competition originated during the 1991 Summer School on MachineLearning at the Priory Corsendonk in Belgium, and in reflection of this, the problems posed in thecompetition were called �MONKS problems�. This was first such competition of MachineLearning programs. About 20 machine learning programs were applied to the posed problems byresearch teams from the US and various countries in Europe. The research teams that participatedin the competitions were from Carnegie Mellon University, George Mason University, JosefStefan Institute, University of Karlsruhe, University of Zurich, and Vrije Universiteit Brussel.The problems and the results of the competition have been described in (Thrun et al., 1991; seealso Wnek and Michalski, 1994a for additional information). The MONKS problems havesubsequently become a tested for many other learning programs.The Cornsendonk competition has demonstrated a significant interest of machine learningresearchers in applying their learning programs to the same set of problems in order to develop aninsight into their performance and limitations. Following the success of the first competition, thesecond international competition of machine learning programs, called the East-West Challenge,was organized in 1994. Organizers were Donald Michie, Stephen Muggleton, David Page andAshwin Srinivasan from Oxford University in England (Michie, et al, 1994). In contrast to theMONKS� problems designed to test programs for learning attributional (or attribute-based)descriptions, the new challenge was designed to test programs for learning relational descriptions.These problems were particularly suitable for programs employing inductive logic programming�a new and very active research subarea in machine learning, particularly in Europe.The East-West Challenge involved learning simplest rules for classifying TRAINS or train-likestructures into �Eastbound� or �Westbound�. The trains have a variable number of cars; cars areof different shapes and can carry different loads. Anatural characterization of such structuresrequires a language for representing relational descriptions, such as first order predicate logic orannotated predicate calculus (Michalski, 1983). Inductive logic programming is therefore aparticularly suitable approach to such problems. The original TRAINS problem was first proposedby R.S. Michalski over 20 years ago, and was used to test the INDUCE program for learningstructural descriptions (Michalski, 1980).2. Rules of the CompetitionThe competition included many more trains than in the original TRAINS problem presented in(Michalski, 1980). The new TRAINS problem consisted of three separate learning problems,called Competition 1, 2, and 3, respectively, as described by Michie, et al. (1994):

Competition

1 As in scientific discovery, it is required to conjecture some plausible Law, in this casegoverning what kinds of trains are Eastbound and what kind are Westbound. Mergingthe new trains (Figure 2) with Michalski�s original ten (Figure 1) the competitionorganizers applied a freshly conjectured Law to yield class labels for the resultant set oftwenty. Can inductive inference recover the new Law, or one as good or better, fittingall 20? The best entry is to be judged on accuracy and simplicity.

33The additional ten trains were selected from a randomly generated pool and assignedclass labels, all in a way that ensured that the resulting set of 20 was split into East andWest subsets by a new Law known as Theory X. The trains generator itself appliedattribute constraints suggest by Michalski�s original ten train example as follows:1. A train has two, three or four cars, each of which can either be long or short.2. A long car can have either two or three axles.3. Ashort car cab be rectangular, u-shaped, bucket-shaped, hexagonal, or elliptical,while a long car must be rectangular.4. A hexagonal or elliptical car is necessarily closed, while any other car can be eitheropen or closed.5. The roof of a long closed car can be either flat or jagged.6. The roof of a hexagonal car is necessarily flat, while the roof of an elliptical car isnecessarily an arc. Any other short closed car can have either a flat of a peaked roof.7. If a short car is rectangular then it can also be double-sided.8. Along car can be empty if it can contain one, two or three replicas of one of thefollowing kinds of load: circle, inverted-triangle, hexagon, rectangle.9. A short car contains either one or two replicas of the following kinds of load: circle,triangle, rectangle, diamond.10. No sub-distinctions are drawn among rectangular loads, even though some aredrawn square and others more or less oblong. The presumption is that they are drawnjust as oblong as they need to be in each case to fill the available container space.11. In Michalski�s original version a possible distinction between hollow and solidwheels was ignored, as is also done here.Muggleton�s Prolog train-generator embodies the above constraints together withcertain distributional assumptions concerning values of descriptors, so as to preservestatistical coherence with Michalski�s original ten. ... The simplest law Yreceived thatcorrectly classified the twenty trains of Figures 1 and 2 (see Table 1 for their equivalentProlog representation) won competition 1. (Michie et al., pp. 2,3)

44

55

66

77

88The first criterion is syntactic simplicity. Why bring in many conditions in a rule if fewer wouldsuffice? For example, �Eastbound trains have a car with a triangular load� would, all things beingequal, be preferred over �Eastbound trains have an even number of cars and two wheels on therearmost car.� The other criterion is ease of understanding. Simple, interrelated concepts withinthe rule will be more readily remembered than a haphazard collection of conditions, even if thelatter is shorter. For example, �The third car on an eastbound train is rectangular, single-walled,jagged-topped, and carries a single load� may be preferable to the simpler �A train is eastbound ifits first car has three wheels and it has a car with a flat top in front of a double-walled car.� Wepropose that a conceptual complexity (C-complexity) metric be based on these two principles thatclosely mirror typical human preference criteria.It is clear that it will take a substantial effort and experimentation to capture accurately such acriterion. However, other metrics based upon simplicity and ease of understanding will tend torank rulesets similarly. Aversion of C-complexity introduced and used here to evaluate thecomplexity of learned descriptions is:The number of words it takes to describe the conceptconcisely, accurately and understandably in correct English.We view the measure as a rough approximation of "true" cognitive complexity. The advantage ofthe measure is its simplicity. Its weakness is that for each description learned by a system there canbe many English translations. In order to make the measure more operational and speaker-independent, we propose to select the shortest expression among those provided by k (e.g. three)English speakers. The proposed C-complexity is more closely linked to simplicity than it is to ease of understanding.However, combinations of conditions with high conceptual cohesion may reduce to a shorter form,as did the example above in which the characteristics of the third car could be enumerated withoutthe redundant �The third car is�.In the competition, rules were evaluated using a complexity metric based on the simplicity of theProlog representation of the rules. This metric, which we call P-complexity, would appear to beless of an indicator of conceptual complexity than C-complexity, because some of the easilyrepresentable constructs of Prolog such as list representation and predicate recursion do not havesimple representations in our mind or in our written language. The elegant Prolog rule�eastbound(A | B) if (closed(A) or has-load(B, triangle)) and (short(A) or eastbound(B))�translates to an English representation something like �A train is eastbound if its first car is closedor one of its other cars has a triangular load, and also either the first car is short or the rest of thetrain has the eastbound property.� Not only is the English lengthy, but people will generally havetrouble assimilating the last clause � they have to divide the rest of the train into a first and rest,and then reapply the entire rule, only once if they are lucky.In any application or competition, the criteria used for ranking the various possibilities are of theutmost importance. In applications in which inductive logic programming will be the sole methodof rule generation and application and the efficiency rather than the understandability of the rules isof paramount importance, a preference metric such as P-complexity should be used . However, inmost domains, something more like C-complexity is likely to be a better preference criterion.The competition�s first and third problems were judged by P-complexity (assuming complete andconsistent rulesets), and hence was oriented toward certain classes of rules. Since the programsdescribed in this paper tend to be oriented toward lower C-complexities, some of the �good�results they obtained would have scored poorly in the competition. Nonetheless, we found manyof the P-complex rules �good� and/or �interesting� in their own regard, often due to low C-

99complexities. Hence this paper will discuss rules that were submitted to the competition and thosethat were not, those with lower P-complexities and higher C-complexities and vice versa.The best rules in most of these competitions had P- and/or C-complexities below 20. Butsometimes one complexity measure would be low while the other was very high. For instance, thewinning entry from Competition 1, �The train has either a closed last car or a triangular load in acar other than the last one. Also, either the last car is short or the train, after the last car isremoved, has the above property,� has a P-complexity of 16 and a C-complexity of 40.Conversely, the INDUCE-generate rule, �All cars have two wheels and the second car does nothave a rectangular load,� has a P-complexity of 31 and a C-complexity of 15.4. AQDT-2 System4.1 Program descriptionThe AQDT-2 system (Michalski & Imam, 1994) learns task-oriented decision structures fromdecision rules or from examples. This approach was motivated by the need to build a learning anddiscovery system able not only to generate and store knowledge, but also to use it effectively� fordecision making. Knowledge can be easily acquired and stored in declarative form; however theform in which knowledge can be most readily used is procedural. A decision structure is a directedacyclic graph that specifies an order of tests to be applied to an object (or a situation) to arrive at adecision about that object. The nodes of the structure are assigned individual tests (which maycorrespond to a single attribute, a function of attributes, or a relation), the branches are assignedpossible test outcomes (or ranges of outcomes), and the leaves are assigned one specific decisionor a set of candidate decisions (with corresponding probabilities), or an undetermined decision. Adecision structure reduces to a familiar decision tree when each node is assigned a single attributeand has at most one parent; the branches from each node are assigned single values of that attribute;and leaves are assigned single, definite decisions.A decision tree/decision structure can be an effective tool for describing a decision process, as longas all the required tests can be performed easily, and the decision-making situations it was designedfor remain constant. Problems arise when these assumptions do not hold. For example, in somesituations measuring certain attributes may be difficult or costly. In such situations it is desirable toreformulate the decision structure so that the �inexpensive� attributes are evaluated first (byassigning them to the nodes close to the root), and the "expensive" attributes are evaluated only ifnecessary (they are assigned to the nodes far away from the root). If an attribute cannot bemeasured at all, it is useful to either modify the structure so that it does not contain that attribute,or, when this is impossible, to indicate alternative candidate decisions and their probabilities. Arestructuring may also be desirable if there is a significant change in the frequency of occurrence ofdifferent decisions.The restructuring of a decision structure (or a tree) in order to suit new requirements is usuallyquite difficult. This is because a decision structure is a procedural knowledge representation,which imposes an evaluation order on the tests. In contrast, no evaluation order is imposed by adeclarative representation, such as a set of decision rules. Tests (conditions) of rules can beevaluated in any order. Thus, for a given set of rules, one can usually build a large number oflogically equivalent decision structures (trees), which differ in the test ordering. Due to the lack of�order constraints,� a declarative representation (a ruleset) is much easier to modify to adapt todifferent situations than a procedural one (a decision structure or a tree). On the other hand, toapply decision rules to make a decision, one needs to decide in which order tests are evaluated, andthus, needs a decision structure.In the AQDT method a test is selected from an available set of tests based on its utility (see below)for the given set of decision rules. The test (attribute) utility is a combination of one or more of the

1010following elementary criteria: 1) disjointness, which captures the effectiveness of the test indiscriminating among decision rules for different decision classes; 2) importance, whichdetermines the importance of a test in the rules; 3) value distribution, which characterizes thedistribution of the test importance over its of values; and 4) dominance, which measures the testpresence in the rules. These criteria are defined below.The description of each class is in the form of a ruleset. Assume that this set is the initial rulesetcontext.Step 1: Evaluate each attribute occurring in the ruleset context using the LEF attribute rankingmeasure. Select the highest ranked attribute. Let A represent this highest-rankedattribute.Step 2: Create a node of the tree (initially, the root; afterwards, a node attached to a branch),and assign to it the attribute A. In standard mode, create as many branches from thenode as there are legal values of the attribute A, and assign these values to thebranches. In compact mode, create as many branches as there are disjoint value sets ofthis attribute in the decision rules, and assign these sets to the branches.Step 3: For each branch, associate with it a group of rules from the ruleset context that containa condition satisfied by the value(s) assigned to this branch. For example, if a branchis assigned values i of attribute A, then associate with it all rules containing condition[A= i v ...]. If a branch is assigned values i v j, then associate with it all rulescontaining condition [A= i v j v ...]. Remove these conditions from the rules. If thereare rules in the ruleset context that do not contain attribute A, add these rules to all rulegroups associated with the branches stemming from the node assigned attribute A.(This step is justified by the consensus law: [x=1] ” {[x=1] & [y= a] v [x=1] &[y=b]}, assuming that a and b are the only legal values of y.) All rules associated withthe given branch constitute a ruleset context for this branch.Step 4: If all the rules in a ruleset context for some branch belong to the same class, create aleaf node and assign that class to it. If all branches of the trees have leaf nodes, stop.Otherwise, repeat steps 1 to 4 for each branch that has no leaf.The AQDT approach allows one to generate a decision structure that avoids or delays evaluating anattribute that is difficult to measure, restructures the values of an attribute based on theirimportance, and weights each example. Initial research on this approach, and the first systemimplementation, AQDT-1, is described in (Imam & Michalski, 1993). AQDT-2 generates a goal-oriented decision structure from examples or decision rules learned by either the AQ15c (Wnek etal., 1995) or AQ17 (Bloedorn, et al, 1992) rule learning system, the latter of which has extensiveconstructive induction capabilities.4.2 Problem FormulationBecause the examples in the train problems were originally described in terms of Prolog clauses, itwas necessary to translate these clauses into representations suitable for the different programs.The AQDT-2 program accepts rules or examples in the form of arrays of attribute-value vectors,and can accept examples with different numbers of attribute-value pairs, so that a train with twocars can be expressed in terms of a smaller set of attributes than a train with three or four cars.To describe the train problem in a format suitable for AQDT-2, a set of eight (8) attributes wasgenerated that could completely describe any car in the train. To recognize the number (position)of a given car in the train, each of the eight attributes is associated with a two-digit code; the firstdigit identifies the location of the car and the second identifies the attribute itself. For example, thenumber 3 in the attribute-name �x32� refers to the third car, and the number 2 refers to the secondattribute (as shown below, the car shape).

1111x*1 = Car_top0 = open 1 = closedx*2 = Car_shape0 = rectangle 1 = hexagon2 = bucket 3 = u_shaped4 = ellipsex*3 = Car_length0 = short 1 = longx*4 = Car_frame0 = not_double 1 = doublex*5 = Car_top_shape0 = none 1 = peaked2 = flat 3 = arc 4 = jaggedx*6 = Number_of_wheels2 = two3 = threex*7 = Load_shape0 = rectangle1 = hexagon2 = circle3 = triangle4 = utriangle 5 = diamondx*8 = Number_of_loads0 = no_loads1 = one2 = two3 = threeFigure 4.1 The set of attributes used in the experiments______________________________________________________________________________Prolog Formateastbound([c(1,rectangle,short,not_double,flat,2,l(circle,2)),c(2,bucket,short,not_double,none,2,l(rectangle,1)),c(3,u_shaped,short,not_double,none,2,l(triangle,1))]).AQDT-2 Formateastbound-events[x11 = 1][x12 = 0][x13 = 0][x14 = 0][x15 = 2][x16 = 2][x17 = 2][x18 = 2][x21 = 0][x22 = 2][x23 = 0][x24 = 0][x25 = 0][x26 = 2][x27 = 0][x28 = 1][x31 = 0][x32 = 3][x33 = 0][x34 = 0][x35 = 0][x36 = 2][x37 = 3][x38 = 1]Figure 4.2 An example of Prolog and AQDT-2 descriptions of the same train.Figure 4.1 shows the attributes and their legal values as they were defined for AQDT-2. Thesymbol �*� refers to the car number. Figure 4.2 shows an example of a description of one train inProlog and its corresponding representation in this AQDT-2 format.4.3 Deriving Decision Structures for the Trains ProblemAQDT-2 has a set of parameters and criteria for generating decision structures optimized for agiven task. AQDT-2 allows the user to use different settings to generate different decisionstructures for any given set of dataAQDT-2 uses a cost criterion to ignore attributes that are of no interest. The cost criterion can bedefined for one or more attributes and/or one or more values of a given attribute. AQDT-2 usesweights to define the strength of each example if there is any difference among them. There aremany other properties and parameters in AQDT that can adapt the learning process to achieve the

1212required goal. To solve the trains problem, several AQDT-2 runs were made with differentsettings of the cost criteria.In the original problem some of the characteristics of a given car in the train are implicitly givenhigher costs than others. In other words, the use in rules of certain properties of a given car wouldresult in a higher P-complexity than using other properties.In the search for the simplest decision structure, we designed an algorithm for seeking the simplestand more accurate decision structure. The algorithm uses some heuristics such as:1) If the attribute at the root of the decision structure has many branches, then increase its cost.2) If by reducing the cost of some attribute at the second or higher levels of the decision structure,the complexity (number of nodes) of the decision structure decreases, then reduce the cost of thatattribute so that it occupies the root.3) if the predictive accuracy decreases when the costs of one or more attribute are increased, thendo not increase their costs or select another attribute to be the root of the decision structure.4.4 AQDT-2 Results4.4.1 Competition #1The AQDT-2 results are presented in four different forms: 1) The decision tree output of AQDT-2,2) APC (the �Annotated Predicate Calculus� description language) syntax, 3) English, and 4)Prolog. When AQDT-2 generated a set of different decision structures for a given problem, theywere combined into a single rule. The P-complexity of most of these rules ranges between 20 and22; however the reported rules are those with either the best P-complexity or C-complexity.______________________________________________________________________________Solution #1Decision Tree:x37 = else| x34 = 0| | x23 = 0| | | x12 = 0: eastbound| | | x12 = 2: westbound| | x23 = 1: westbound| x34 = 1: westboundx37 = 3: eastboundNumber of nodes: 4Number of leaves: 5APC syntax:[lshape(car3)=triangle] OR[cshape(car1)=rectangle][length(car2)=short][double(car3)=false]English:"The third car has a triangular load, or the first car is rectangularly shaped, the second car is short, and the third car isnot double."Prolog:eastbound([Car1,Car2,Car3|_]) :-has_load0(Car3,triangle);(rectangle(Car1),short(Car2),\+ double(Car3)).P-complexity: 20C-complexity: 26

1313______________________________________________________________________________Solution #2Decision Tree:x37 = else| x12 = 0| | x31 = 0| | | x22 = 0: westbound| | | x22 = 1: eastbound| | | x22 = 3: westbound| | x31 = 1: eastbound| x12 = 2: westboundx37 = 3: eastboundNumber of nodes: 4Number of leaves: 6APC syntax:[lshape(car3)=triangle] OR[cshape(car1)=rectangle] ([top(car3)=closed] OR [cshape(car2)=hexagon])English:"The third car has a triangular load, or the first car is rectangularly shaped, and the third car is closed, or the secondcar is hexagon-shaped."Prolog:eastbound([Car1,Car2,Car3|_]) :-has_load0(Car3,triangle);(rectangle(Car1),(closed(Car3);hexagon(Car2)).P-complexity: 20C-complexity: 26___________________________________________________________________________Solution #3Decision Tree:x37 = 0: westboundx37 = 1: eastboundx37 = 2| x34 = 0: eastbound| x34 = 1: westboundx37 = 3: eastboundNumber of nodes: 2Number of leaves: 5APC syntax:[lshape(Car3)=triangle or hexagon] OR[lshape(Car3)=circle][double(Car3) = false]English:"The third car contains a triangular or hexagonal load, or contains a circular load and is not double."

1414Prolog:eastbound([_,_,Car3|_]) :-has_load0(Car3,triangle);has_load0(Car3,hexagon);(has_load0(Car3,circle),not(double(Car3))).P-complexity: 22C-complexity: 18______________________________________________________________________________4.4.2 Competition #2In this competition, the labeling of the second data set was generated based on the decisionstructure shown above in Solutions 1 and 2. As this decision structure was in the bottom quartileof oracles received for competition #1, there was a perfect match between this oracle and the classlabeling given. However, the judges determined later that prizes for competition #2 be based on theaverage degree of match between the submitted class labellings and all lowest quartile oracles forcompetition #1. Below is the official results for the labellings submitted by AQDT-2 forcompetition #2:Solution 1: aqdt140 eastbound and 60 westboundTrain1E|Train2E|Train3E|Train4E|Train5E|Train6W|Train7E|Train8W|Train9W|Train10W|Train11E|Train12W|Train13W|Train14E|Train15W|Train16W|Train17W|Train18W|Train19W|Train20E|Train21W|Train22E|Train23E|Train24E|Train25W|Train26W|Train27E|Train28W|Train29W|Train30E|Train31E|Train32E|Train33W|Train34E|Train35W|Train36W|Train37W|Train38E|Train39W|Train40W|Train41W|Train42W|Train43W|Train44W|Train45W|Train46E|Train47E|Train48W|Train49W|Train50W|Train51E|Train52E|Train53W|Train54W|Train55E|Train56W|Train57E|Train58W|Train59E|Train60W|Train61W|Train62W|Train63E|Train64W|Train65W|Train66E|Train67W|Train68E|Train69W|Train70E|Train71E|Train72E|Train73W|Train74W|Train75W|Train76W|Train77E|Train78W|Train79E|Train80W|Train81E|Train82W|Train83W|Train84W|Train85W|Train86E|Train87E|Train88E|Train89E|Train90W|Train91W|Train92W|Train93W|Train94W|Train95W|Train96E|Train97W|Train98W|Train99W|Train100W|Solution 2: aqdt232 eastbound and 68 westbound.Train1W|Train2W|Train3E|Train4E|Train5E|Train6W|Train7W|Train8W|Train9W|Train10W|Train11W|Train12W|Train13W|Train14E|Train15W|Train16W|Train17W|Train18W|Train19W|Train20E|Train21E|Train22E|Train23E|Train24E|Train25W|Train26W|Train27W|Train28W|Train29W|Train30E|Train31E|Train32E|Train33W|Train34E|Train35W|Train36W|Train37W|Train38E|Train39W|Train40W|Train41W|Train42W|Train43W|Train44W|Train45W|

1515Train46W|Train47E|Train48W|Train49W|Train50W|Train51W|Train52E|Train53W|Train54E|Train55W|Train56W|Train57E|Train58W|Train59E|Train60W|Train61W|Train62E|Train63E|Train64W|Train65W|Train66E|Train67E|Train68W|Train69W|Train70W|Train71E|Train72E|Train73W|Train74W|Train75W|Train76W|Train77E|Train78W|Train79E|Train80W|Train81W|Train82E|Train83W|Train84E|Train85W|Train86W|Train87E|Train88E|Train89W|Train90W|Train91W|Train92W|Train93W|Train94W|Train95W|Train96E|Train97W|Train98W|Train99W|Train100W|4.4.3 Competition #3In the third competition, AQDT-2 was applied to each of the 5 subproblems. The best P-complexity and C-complexity rules found are reported below. The sum of the P-complexities ofthe AQDT-2 Prolog rules is 85.___________________________________________________________________________Set #1:Best solutionDecision Tree:x21 = 0| x22 = 0: eastbound| x22 = 2: westboundx21 = 1| x22 = 0: westbound| x22 = 2: eastboundNumber of nodes: 3Number of leaves: 4APC syntax:[top(car1)=none][cshape(car1)=rectangle] OR[top(Car1)#none][cshape(car1)=bucket]English:"The second car is open and rectangle, or it is closed and bucket shaped."Prolog:eastbound([_,Car2|_]) :-(open(Car2), rectangle(Car2));(closed(Car2), bucket(Car2)).P-Complexity: 16C-Complexity: 14______________________________________________________________________________Set #2Best solutionDecision Tree:x13 = 0| x12 = 0: westbound| x12 = 2: westbound| x12 = 3

1616| | x23 = 0: eastbound| | x23 = 1: westbound| x12 = 4: westboundx13 = 1| x28 = 1: eastbound| x28 = 3: westboundNumber of nodes: 6Number of leaves: 7APC syntax:[length(car1)=long][lqty(car2)=1] OR[cshape(car1)=u_shaped][length(car2)=short]English:"The first car is long and the second car has one load, or the first car is u-shaped and the second car is short."Prolog:eastbound([Car1,Car2|_]) :-(long(Car1), has_load(Car2,1));(u_shaped(Car1), short(Car2)).P-Complexity: 17C-Complexity: 24______________________________________________________________________________Set #3Best solutionDecision Tree:x15 = else| x22 = 0: westbound| x22 = 1: westbound| x22 = 2: eastbound| x22 = 3 | | x12 = 0: westbound| | x12 = 1: westbound| | x12 = 4: eastboundx15 = 4: eastboundNumber of nodes: 3Number of leaves: 7APC syntax:[top(car1)=jagged] OR[cshape(car2)=bucket] OR[cshape(car1)=ellipse][cshape(car2)=u_shaped]English:"The top of the first car is jagged, or the second car is bucket, or the first car is elliptical and the second car is u-shaped."

1717Prolog:eastbound([Car1,Car2|_]) :-arg(5,Car1,jagged);bucket(Car2);(u_shaped(Car2), ellipse(Car1)).P-Complexity: 19C-Complexity: 26______________________________________________________________________________Set #4Best solutionDecision Tree:x14 = 0| x13 = 0| | x21 = 0| | | x12 = 0: eastbound| | | x12 = 3: westbound| | | x12 = 4: eastbound| | x21 = 1: eastbound| x13 = 1: westboundx14 = 1: westboundNumber of nodes: 4Number of leaves: 6APC syntax:[length(car1)=long] OR[double(car1)=true] OR[cshape(car1)=u_shaped][top(car2)=none]English:"The first car is long or double, or the first car is u-shaped and the second car is open."Prolog:westbound([Car1,Car2|_]) :-long(Car1);double(Car1);(u_shaped(Car1), open(Car2)).P-Complexity: 17C-Complexity: 21______________________________________________________________________________Set #5Best solutionDecision Tree:x12 = 0| x32 = 0: eastbound| x32 = 3| | x22 = 0: eastbound| | x22 = 4: westbound| x32 = 4: eastboundx12 = 3: westboundNumber of nodes: 3

1818Number of leaves: 5APC syntax:[cshape(car1)=rectangle][cshape(car2)#ellipse] OR[cshape(car1)=rectangle][cshape(car3)#u_shaped]English:"The first car is rectangular and the second car is not elliptical, or the first car is rectangular and is not u-shaped."Prolog:eastbound([Car1,Car2,Car3|_]) :-rectangle(Car1),(\+ (u_shaped(Car3),ellipse(Car2))).P-Complexity: 16C-Complexity: 22___________________________ __________________________________________________5. INDUCE5.1 Program DescriptionINDUCE is an empirical induction program capable of learning first-order concepts (Michalski1980; Hoff et al. 1986). Examples and concepts are represented in VL2, which is a first-orderversion of Variable-Valued Logic (Hoff et al. 1986). Consequently, INDUCE can learnuniversally and existentially quantified concepts. Available operators include disjunction,conjunction, and internal disjunction. INDUCE allows two types of background knowledge in theform of logical rules (L-rules) and arithmetic rules (A-rules). These mechanisms facilitate theconstruction of generalization hierarchies and the expression of structural and arithmeticrelationships that often simplify learned concepts. In addition, INDUCE can express conceptsusing meta-selectors, which can be described as higher-order expressions. Universalquantification is one example of a meta-selector. Another example might be a feature that countsthe number of cars that have some property.A sketch of the INDUCE algorithm is as follows:1.Select a class to cover. A-rules, L-rules, and meta-selectors are applied to the input examples.2.Star Generation. Select one of the positive examples to be the seed, and generate a star for thisevent. Star generation in INDUCE is a two phase process:a.Find a consistent generalization of the seed. This process is guided by user-defined parametersand cost functions.b.Convert the consistent generalization from VL2 rules to VL1 rules, and use the AQ algorithm toextend references. This process is guided by user-defined parameters and cost functions.c.Convert the resultant VL1 rules back into VL2 rules.3.Select the best generalization according to the Lexical Evaluation Function (LEF).See Hoff et al. (1986) for more details of the INDUCE algorithm.5.2 Problem RepresentationRepresenting Muggleton�s trains in VL2 was a straightforward transformation, although in a puresense, Muggleton�s Prolog representation of Michalski�s trains was not in the same spirit as theoriginal INDUCE representation (see Section 5.5). Figure 5.1 shows an example of one ofMuggleton�s trains. For this competition, Figure 5.2 shows the equivalent INDUCE

1919representation of the train appearing in Figure 5.1. The translation is intuitive and direct; however;notice that in Figure 5.2, the decision class eastbound is represented by assigning the decisionvariable d the value 1.eastbound([c(1,rectangle,short,not_double,flat,2,l(circle,2)),c(2,bucket,short,not_double,none,2,l(rectangle,1)),c(3,u_shaped,short,not_double,none,2,l(triangle,1))]).Figure 5.1. Prolog representation of a train.[infront(car1,car2)=1][infront(car2,car3)=1][pos(car1)=1][cshape(car1)=rectangle][ln(car1)=short][double(car1)=false][top(car1)=flat][nwls(car1)=2][lshape(car1)=circle][lqty(car1)=2][pos(car2)=2][cshape(car2)=bucket][ln(car2)=short][double(car2)=false][top(car2)=none][nwls(car2)=2][lshape(car2)=rectangle][lqty(car2)=1][pos(car3)=3][cshape(car3)=u_shaped][ln(car3)=short][double(car3)=false][top(car3)=none][nwls(car3)=2][lshape(car3)=triangle][lqty(car3)=1]=>[d=1].Figure 5.2. INDUCE representation of a train.______________________________________________________________________________5.3 Problem Solving MethodologyOver the six week period that the Center was involved with this competition, many variations wereattempted. These included using background knowledge (e.g., a generalization hierarchy of loadshapes), derived attributes (e.g., whether the number of loads in the train is odd), variouscombinations of parameter settings, and removing training examples. Unfortunately, the use ofbackground knowledge did not prove useful for this competition and the use of derived attributes,while producing interesting rules, produced rules that were too costly since Prolog predicates tocompute the derived attributes had to be included in computing the P-Complexity.Early in Competition 1, three types of background knowledge were used: (1) a generalizationhierarchy for load shapes (see Figure 5.3a), (2) a generalization hierarchy for car shapes (seeFigure 5.3b), and (3) logical transformation rules for car shapes similar to those used in theoriginal trains data set (see Figure 5.3c).______________________________________________________________________________Load ShapePolygonTriangleUpside-downTriangleRectangleHexagonEllipse

Diamond

Car ShapePolygonRectangleHexagonEllipse

Open ShapeBucketU-Shaped a) Load shape generalization hierarchy b) Car shape generalization hierarchy[cshape(car1)=rectangle] & [top(car1)=none] & [double(car1)=true]=>[ctype(car1)=doubleOpenRectangle]c) Example of a car shape transformation rule.Figure 5.3. Background knowledge used by INDUCE______________________________________________________________________________

2020Several derived attributes were also tried. Table 5.1 lists the derived attributes used forCompetition 1. It was hoped that derived attributes were not necessary to win the competition. Ifthis was the case, then the competition would be reduced to someone finding the right piece ofbackground knowledge or the right derived attribute and giving it to a learning program and not atest of the power of the learning algorithm used.Total Number of CarsTotal Number of LoadsNumber of Even LoadsNumber of Even CarsNumber of Odd LoadsNumber of Odd CarsCars Having the Same Load ShapeCars Having the Same Car ShapeCars Having the Same Number of WheelsCars Having the Same TopCars Having the Same LengthCars Having the Same Load QuantityThe First CarThe Last CarTable 5.1. Derived attributes used for Competition 1.INDUCE has a large set of parameters, so any attempt to exhaustively attempt to optimize theseparameters is virtually impossible. When running INDUCE, a good approach is to start with abase set of parameter settings and then make modifications to single parameters and see which ofthese modifications yields the best result using some quality criteria (such as P-complexity), andthen use the parameters that produced better results. Essentially, this is a hill-climbing techniquethrough the parameter space.Initially, the parameters are set to their defaults. The LEF for the VL and AQphases ofgeneralization were set to maximize coverage of all positive examples, minimize the number ofselectors, and minimize coverage negative examples. All tolerances for these parameters were setto 0, which caused the parameters to be considered equally, and strictly in the order that theyappeared. At this point, rules were induced for both decision classes 1 (eastbound) and 2(westbound).Next, either the coverage parameters were re-ordered or the positive example coverage werechanged to maximize coverage of new positive examples. Once the coverage parameters weredetermined, the affect of meta-selectors was investigated by turning all meta-selectors off. In somecases, the complexity of the induced concepts increased when no meta-selectors were active.If meta-selectors did indeed simplify learned concepts, then star generation parameters and meta-selectors were set to large numbers (usually 10). If at this point, results were still unsatisfactory,then minimizing the cost of functions and variables would be investigated.Of course, determining what values and variables to cost and by how much is also a complexprocedure. Several schemes were employed. One scheme was to weight predicates based on theirP-complexity score. For example, the car shape predicate would have a weight of 3, since any useof the car shape predicate in a concept expressed in Prolog would evaluate to a P-complexity of 3.The square of a predicate�s P-complexity, as well as higher powers of a predicate�s P-complexity,were also used to weight predicates. Another scheme used, which was more interactive, was toexamine a concept and determine which selectors had a high P-complexity and weight the functionsand variables of this expensive selector in an effort to eliminate it from further consideration by

2121INDUCE. On occasion, we had a concept in mind, for example, one induced by AQDT. So afinal costing scheme would be to cost those functions and variables appearing in the AQDTsolution in an effort to encourage INDUCE to find the same concept. Unfortunately, these costingmethods did not work and the reason for this is discussed further in Section 5.5.5.4 ResultsThe INDUCE results are shown in four different forms: 1) INDUCE output, 2) APC syntax (the�Annotated Predicate Calculus� description language), 3) English, and 4) Prolog.5.4.1 Competition 1 Results______________________________________________________________________________Competition 1 ResultsInduce: [cshape(car1)=bucket,hexagon][pos(car1)=2] OR [lshape(car1)=hexagon,triangle][pos(car1)=3]APC: [cshape(car2)=bucket or hexagon] OR [lshape(car3)=hexagon or triangle]English:The third car contains a triangular or hexagonal load, or the second car is either hexagon or bucket shaped.Prolog: eastbound([_,Car2,Car3|_]) :- bucket(Car2); hexagon(Car2); has_load0(Car3,hexagon); has_load0(Car3,triangle). p-Complexity: 22 c-Complexity: 19______________________________________________________________________________5.4.2 Competition 3 Results______________________________________________________________________________Competition 3 Results-Set 1 Rules:Induce: [cshape(car1)=ushaped] OR [num-diff-pos=3][nwls(car1)#3][top(car1)#none]APC: [cshape(car1)=ushaped] OR [num-diff-pos=3][nwls(car1)#3][top(car1)#none]English:There is a u-shaped car or the train has three cars with some closed car having two wheels.Prolog: eastbound(Train) :- has_car(Train,Car), (u_shaped(Car); (len1(Train,3), closed(Car), arg(6,Car,2))).

2222 p-Complexity: 18 c-Complexity: 18______________________________________________________________________________Competition 3 Results-Set 2 Rules:Induce: [lshape(car1)#triangle][num-car(top=peaked)=0][num-diff-cshape=2]APC: [lshape(car1)#triangle][num-car(top=peaked)=0][num-diff-cshape=2]English:There are no peaked topped cars, some car has no triangleload and the train has cars of two different car shapes.Prolog: eastbound(Train) :- \+ has_load1(Train,triangle), \+ (has_car(Train,C),arg(5,C,peaked)), findall(C,(has_car(Train,C1), has_car(Train,C2), arg(2,C1,S1), arg(2,C2,S2), S1 \== S2),[_,_]). p-Complexity: 39 c-Complexity: 22______________________________________________________________________________Competition 3 Results-Set 3 Rules: Induce: [top(car1)=peaked] OR [cshape(car1)#crect,ushaped][num-car(cshape=hexagon)=0]APC: [top(car1)=peaked] OR [cshape(car1)#crect or ushaped][num-car(cshape=hexagon)=0]English:There is a peaked-topped car, or there is a non-rectangle or u-shaped car and there are no hexagonal cars.Prolog: eastbound(Train) :- has_car(Train,Car), (arg(5,Car,peaked); \+ (rectangle(Car);u_shaped(Car)), \+ (has_car(Train,C),hexagon(C))). p-Complexity: 23 c-Complexity: 20______________________________________________________________________________Competition 3 Results-Set 4 Rules:Induce: [forall-car(nwls=2)][lshape(car1)#rectangle][pos(car1)=2]

2323APC: [forall-car(nwls=2)][lshape(car2)#rectangle]English:All cars have two wheels and the second car does not have a rectangular load.Prolog: eastbound(Train) :- findall(C,(has_car(Train,C),arg(6,C,2)),List), len1(List,N), len1(Train,N), append([_,Car],_,Train), \+ has_load0(Car,rectangle). p-Complexity: 31 c-Complexity: 15______________________________________________________________________________Competition 3 Results-Set 5 Rules:Induce: [lshape(car1)#rectangle,triangle][num-car(cshape=bucket)=0] [num-car(pos=3)#0]APC: [lshape(car1)#rectangle or triangle][num-car(cshape=bucket)=0] [num-car(pos=3)#0]English:There is a third car, no bucket cars, and the load shape of some car is not rectangular or triangular. Prolog: eastbound(Train) :- has_car(Train,Car), \+ (has_load0(Car,rectangle);has_load0(Car,triangle)), \+ (has_car(Train,C),bucket(C)), append([_,_,_],_,Train). p-Complexity: 30 c-Complexity: 20______________________________________________________________________________5.5 Discussion5.5.1 Problems with Muggleton�s Prolog RepresentationIn a pure sense, Muggleton�s Prolog representation of Michalski�s trains is not in the same spirit asthe trains were originally represented in INDUCE. This argument is subtle, but valid. Michalski�soriginal INDUCE representation for the trains is a clausal representation. That is, each attribute ofa car correspondents to a VL2 predicate. Trains were then represented as a conjunction of all VL2predicates related to a given train.Muggleton also uses a conjunctive representation, but the conjuncts in his representation are cars.Individual characteristics of cars are represented as arguments to the term representing the train�scars. While this distinction is subtle, Muggleton�s representation gives rise to certain unsavoryartifacts not present in Michalski�s original representation. For instance, several of the trains arepictured with no loads. However, in the Prolog representation, while the load quantity might be 0,

2424the load shape would actually be defined as a rectangle or circle. Clearly, this is inconsistent. Andin some cases, this artifact caused the inductive learner to learn valid concepts with respect to thetraining examples, but these concepts would be judged incorrect when translated into Prolog usingthe given Prolog predicates since the predicate that checked load shape also checked load quantityto ensure that it was greater than zero. In short, the trains generated by Muggleton�s traingenerator were not semantically correct.This situation would not arise in Michalski�s original INDUCE representation of the trains. If a carwas not carrying a load, then no load shape predicate would appear in the clause. The deficiencyin Muggleton�s representation could be patched by adding the symbol none when load shapes werezero. Nevertheless, Muggleton still represents each car as a term in a conjunctive expression.Several arguments could be made that Muggleton�s representation is clausal and any confusion is aresult of syntactic aberrations, but the term clause has a very precise definition in both VL2 andProlog. Consequently, in order for Muggleton�s trains to be clausal in the sense that Michalski�soriginal trains were clausal, trains should be represented in Prolog as Figure 5.4 illustrates.______________________________________________________________________________eastbound:-bucket(car1),short(car1),...has_load(car4,1).Figure 5.4. Clausal representation of a train in Prolog.______________________________________________________________________________5.5.2 Selectivity of Cost FunctionsThe selectivity of INDUCE cost functions proved inadequate for precisely focusing attention in thisproblem. One of the features of AQDT that helped focus attention to specific attributes of specificcars was a highly precise cost function. In AQDT, individual attributes of a specific car (e.g., thetop of the third car) can be assigned costs. Conversely with INDUCE, this selectivity is not asfine-grained. Costing functions can be set for a specific car (e.g., the third car) and for a specificattribute that ranges over all cars (e.g., the tops of cars), but we cannot cost the top of the third car.It would also be useful to be able to cost the values that individual attributes can take. Forinstance, there is often a need to make circular load shapes in the third car expensive.5.5.3 Logical Errors in INDUCE and ASTRAIn spite of this lack of selectivity of the cost function, logical errors exist in INDUCE and ASTRA,a knowledge discovery shell that incorporates the INDUCE program. The following discussionapplies primarily to ASTRA since it was used predominantly in the Trains Competition.Appendix A.1 contains an ASTRA run demonstrating problems with the costing functions. This isusing the second set of trains from the third competition in which ASTRA induced a selectorstating that the number of different shaped cars in a train was either 2 or 4 (see bold selector). Thesecond parameter screen shows an attempt to remove this selector by high costing both the num-diff function and the cshape attribute and minimizing function cost in the VL1 phase of execution.In spite of setting the cost for both of these parameters at 10000, ASTRA induced the same rule.Appendix A.2 contains an ASTRA run demonstrating problems with the mxpe parameter, which isa parameter to maximize coverage of positive examples. Given the parameter settings appearing inthe screen dump, ASTRA core dumps in the procedure phase2prep, which presumably is apreparation procedure for phase 2 or AQ generalization.Appendix A.3 clearly demonstrates problems with the forall meta-function. Metamax is set to ahigh value of 30, which brings in numerous meta-functions, including the forall meta function.

2525This meta-function basically tries to capture relationships that apply to all train cars. In thisparticular example, ASTRA included the meta-function forall-car(lshape=triangle)=false, whichstates that for all cars in a train going east bound, no cars have a triangular load shape. Howeverby inspecting the individual events from event set 1, we see that the first car of the third rule clearlyis carrying a triangular load.Appendix A.4 demonstrates problems with ASTRA�s event coverage. This particular run is withthe Competition 1 trains. The first rule states that the second car is a bucket-shaped car. This ruleis reported to cover event 3. In reality however, the second car of event 3 is a hexagonal car. Therule that covers the reported examples is as follows and was included in the submission:[cshape(car1)=bucket,hexagon][pos(car1)=2]The problem could be something as simple as ASTRA not printing out the second internal disjunct.The preceding diatribe on ASTRA�s problems is intended to be constructive. ASTRA is anexcellent program that is much easier to use for problem-solving than INDUCE because of thelevel of interactivity ASTRA permits. Consequently, in addition to addressing the aboveproblems, the following are additional recommendations for enhancing ASTRA:1.Add functions to load parameter sets from a file. INDUCE has this function, but ASTRA doesnot. During some runs of ASTRA as many as 10 or so parameters were changed.Remembering and changing these parameters when beginning a new day of experiments orwhen ASTRA crashed is tedious. Being able to load parameters from a file and saveparameters to a file, while preserving the level of interactivity for changing parameters, wouldbe a useful and simple feature to add to ASTRA.2.Replace the old AQ engine in ASTRA with a more modern version. Currently, we believe thatASTRA and INDUCE contain an AQ11 engine and some experiments have identifiederroneous results produced by this engine. Incorporating the AQ15c engine into INDUCE andASTRA might solve some of the existing problems.3.Port ASTRA and INDUCE to C. Both programs are currently in Pascal (INDUCE also has aLISP implementation). If any future work with these systems is planned, they should beported to C and modernized.6. AQ17-HCI6.1 The MethodThe AQ17-HCI system implements the AQ-HCI method for combining an inductive rule learningalgorithm with a hypothesis-driven constructive induction (HCI) procedure for iterativelytransforming a representation space (Wnek & Michalski, 1994b). In each iteration, the methodchanges the representation space by adding new attributes determined on the basis of detectedpatterns, and removing insufficiently relevant attributes. The quality of the hypothesis generated ineach iteration is evaluated by applying the hypothesis to a subset of training examples. The set oftraining examples prepared for a given iteration is split into the primary set (the P set), which isused for generating hypotheses, and the secondary set (the S set), which is used for evaluating theprediction accuracy of the generated hypotheses. Figure 6.1 presents a diagram illustrating themethod.

2626INPUT : Examples & Definitions of Initial AttributesSplit of Examples into P & SRule Learning (from P)Rule Evaluation (on S)

Stopping ConditionSatisfied

NoRepresentation SpaceTransformationRule Analysis

YesOUTPUT : Rules & Definitions ofConstructed AttributesFinal Rule Learning (from P&S)

Reformulation of Examples

NOTE: P — Primary Training Examples S — Secondary Training Examples

Phase 1Iterative Determinationof the RepresentationSpace

Phase 2Learning the FinalConcept Descriptionin the AcquiredRepresentation Space

Figure 6.1. The method for Hypothesis-driven Constructive Induction.The input consists of training examples of one or more concepts, and background knowledgeabout the attributes used in the examples (which specifies their types and legal value sets). For thesake of simplicity, let us assume that the input consists of positive examples, E+ and negativeexamples, E-, of only one concept. If there are several concepts to learn, examples of each conceptare taken as positive examples of that concept, and the set-theoretical union of examples of otherconcepts is taken as negative examples of that concept.The method consists of two phases. Phase 1 determines the representation space by a process ofiterative refinement. In each iteration, the method prepares training examples, creates rules,evaluates their performance, modifies the representation space, and then projects the trainingexamples into the new space. This phase is executed until the Stopping Condition is satisfied.This condition requires that the prediction accuracy of the learned concept descriptions exceeds apredefined threshold, or there is no improvement of the accuracy over the previous iteration.Phase 2 determines final concept descriptions in the acquired representation space from thecomplete set of training examples. The output consists of concept descriptions, and definitions ofattributes constructed in Phase 1.The training set defining problem 1 in the competition was very small. It consisted of 5 positiveand 5 negative examples only. Therefore, the system was run without splitting the trainingexamples into P and S sets. All examples were put in the P set, and the S set remained empty.The stopping criterion was formulated accordingly, with addition of the following constraint

2727reflecting the goal of the competition of learning descriptions with minimal complexity. Thelearning task for AQ17-HCI could be paraphrased in the following way:Beginning with a one-attribute representation space, search for minimal descriptionsthat cover 100% of training examples. If no such descriptions arefound, then addone more attribute into the representation space (up to maximum of 3).6.2 Problem RepresentationAQ17-HCI was run on an input file similar to AQDT-2 (see Section 4.2). The only modificationconcerned examples with fewer than four cars. AQ17-HCI, like its predecessor AQ15c, allowsfixed-length example definitions only. Since there were eight attributes describing each car, andthe maximum number of cars was four, therefore, each train was described using 32 attributes. Inshorter trains, the attribute-values of non-existing cars were set to an additional �not applicable�(�na�) value. Figure 6.2 shows an example of a shorter train, and its AQ representation.6.3 Problem Solving MethodologyThe original representation space consisted of 48 attributes. Given this space and the set oftraining examples, the AQ17-HCI system searched for a minimal representation subspace in whichthe examples could be expressed without ambiguity. There were no single attributes found thatwould give 100% unambiguous coverage. The system then searched among combinations of twoattributes. This search resulted in finding 4 pairs of attributes that describe the input examples in adistinct way (Figure 5.3). Each pair included the c3_LoadShape attribute, and one ofc1_TopShape, c1_LoadShape, c2_Shape, and c3_Frame. The whole process of searching forthese subspaces together with generation of the four rules took less than 1 second on a SunSparcstation-2. From among these rules, the simplest one was selected manually.Prolog representationeastbound([c(1,rectangle,short,not_double,flat,2,l(circle,2)),c(2,bucket,short,not_double,none,2,l(rectangle,1)),c(3,u_shaped,short,not_double,none,2,l(triangle,1))]).AQ17-HCI representationeastbound-eventsc1_Topc1_Shapec1_Lengthc1_Framec1_TopShapec1_NoWheelsc1_LoadShapec1_NoLoadsc2_Topc2_Shapec2_Lengthc2_Framec2_TopShapec2_NoWheelsc2_LoadShapec2_NoLoadsc3_Topc3_Shapec3_Lengthc3_Framec3_TopShapec3_NoWheelsc3_LoadShapec3_NoLoadsc4_Topc4_Shapec4_Lengthc4_Framec4_TopShapec4_NoWheelsc4_LoadShapec4_NoLoadsclosedrectangleshortnot_doubleflat2circle2openbucketshortnot_doublenone2rectangle1openu_shapeshortnot_doublenone2triangle1nanananananananaFigure 6.2. An example of Prolog and AQ17-HCI descriptions of a three-car train______________________________________________________________________________ parameters run mode ambig trim wts maxstar echo criteria verbose 1 ic neg mini cpx 1 p default 1Active atts: 5 23 Unambig: 100%

2828 eastbound-outhypo # cpx 1 [c3_LoadShape=hexagon,triangle] (t:8, u:8) 2 [c1_TopShape=peaked,flat] [c3_LoadShape=circle] (t:2, u:2) westbound-outhypo # cpx 1 [c3_LoadShape=rectangle] (t:8, u:2) 2 [c1_TopShape=none,jagged] [c3_LoadShape=rectangle,circle] (t:8, u:2)Active atts: 7 23 Unambig: 100% eastbound-outhypo # cpx 1 [c3_LoadShape=hexagon,triangle] (t:8, u:8) 2 [c1_LoadShape=rectangle,utriangle] [c3_LoadShape=circle] (t:2, u:2) westbound-outhypo # cpx 1 [c1_LoadShape=rectangle,hexagon,circle,triangle] [c3_LoadShape=rectangle] (t:8, u:6) 2 [c1_LoadShape=hexagon,circle] [c3_LoadShape=circle] (t:4, u:2)Active atts: 10 23 Unambig: 100% eastbound-outhypo # cpx 1 [c3_LoadShape=hexagon,triangle] (t:8, u:6) 2 [c2_Shape=hexagon,bucket] (t:4, u:2) westbound-outhypo # cpx 1 [c2_Shape=rectangle,u_shaped] [c3_LoadShape=rectangle,circle] (t:10, u:10)Active atts: 20 23 Unambig: 100% eastbound-outhypo # cpx 1 [c3_Frame=not_double] [c3_LoadShape=hexagon,circle,triangle] (t:8, u:3) 2 [c3_LoadShape=triangle] (t:7, u:2) westbound-outhypo # cpx 1 [c3_LoadShape=not_double] (t:8, u:2) 2 [c3_Frame=double] [c3_LoadShape=circle] (t:8, u:2)System time: 0.750 secondsFigure 6.3. Output produced by AQ17-HCI.______________________________________________________________________________6.4 ResultsThe AQ17-HCI results are stated in four different forms: 1) AQ17-HCI output, 2) APC syntax(the �Annotated Predicate Calculus� description language), 3) English, and 4) Prolog.6.4.1.Competition 1 Results

2929AQ17-HCI: 1 [c3_LoadShape=hexagon,triangle] (t:8, u:6) 2 [c2_Shape=hexagon,bucket] (t:4, u:2)APC: [lshape(car3)=hexagon or triangle] OR [cshape(car2)=hexagon or bucket]English:The third car contains a hexagonal or triangular load, or the second car is either hexagon or bucket shaped.Prolog: eastbound([_, Car2, Car3|_]) :- has_load0(Car3, hexagon); has_load0(Car3, triangle); hexagon(Car2); bucket(Car2).P-Complexity: 22C-Complexity: 196.4.2 Competition 2 ResultsThe rule obtained for competition 1 was tested against various oracles that scored less or equal 20.Below are results from testing.Entry Oracle Accuracy Contestant_____ ______ ________ __________AQ17-hci aqdt1 57% MLIC - AQ17-HCI aqdt2 54% inglis 53% mpage 51% pfahr1 53% pfahr2 58% turney 53% weka 53% x 52%7. AQ Family Results Versus Those Obtained by Other ProgramsThe AQfamily programs used do not have the ability to involve recursion in the createddescriptions. Therefore they were handicapped with regard to the inductive logic programmingalgorithms that strongly emphasize recursion, and to the Prolog complexity measures that wereused in the competition. Nevertheless, the results obtained compare quite favorably with thoseobtained by many inductive logic programs.East-West Challenge: Results of Competition 1

Legend:Entry is a codeword used by us for scoring purposesCoverage is a pair of numbers E/W denoting number of East/West trainscovered by the theorySizeis the complexity score of the theory submitted, as calculated byAshwin Srinivasan’s Prolog program (complex.pl)

3030Contestantis the name of the contestant

Notes:1. Entry names prefixed by "comput" were entries received by the British magazine "Computing", in responseto Donald Michie’s article published on August 4.2. Multiple entries by the same contestant are suffixed by a number to indicate entry number.3. Winner is decided on the basis of lowest complexity score.EntryCoverageSizeContestant___________________________pfahr210/016Bernhard Pfahringeringlis10/019Stuart Inglispfahr110/019Bernhard Pfahringerturney10/019Peter D Turneyweka10/019WEKA ML Projectaqdt110/020MLIC - AQDT-2aqdt210/020MLIC - AQDT-2-----------Bottom quartile ends here----------akay10/022Andrew Kayaq17hci10/022MLIC - AQ17-HCIgamb110/022Dragan Gambergermli10/022MLIC - INDUCEquin10/022Ross Quinlanrudy10/023Rudy Setionocomput210/024Richard Lawrencecomput110/025Nicholas Knowlescomput910/025T M Bradshawcomput1010/025Alan D Coxcomput1110/025Tony Yulepfahr310/027Bernhard Pfahringercomput1310/027Stephane Deomcomput1410/027Stephane Deomcomput1510/027R M Yaxleycomput1810/027Jane Flanderscomput2210/027Ian Thirkettlecomput2410/027P Smithcomput2510/027D P Sayerscomput2710/027Nick Henfrycomput1210/028John Browncomput2810/029Nick Henfrycomput310/030Peter Guycomput2110/030A R Archervogt10/031Chris Vogtcomput610/032Andrew Daviescomput810/032Sue Woodcomput2310/032David Nelsonmcdon10/038mcdonald@edu.kestrelcomput410/042Bernard Lucasgamb210/042Dragan Gambergercomput460/1043R D Scott Westbound rule-----------Too complex----------

3131hart__hart@uk.ac.ox.vaxcomput16__G E Tyackcomput20__Demetrios Papacharalambouscomput5__Judy BroadwaYcomput29__S Roycomput30__Melvyn Maltzcomput31__Mark Henrycomput32__Kevin Ferridaycomput33__J Gibbonscomput34__Donald Mcleodcomput35__R Millarcomput37__M Whitecomput38__Gianni Pischeddacomput39__Chris Derrycomput40__Hans Wrangcomput41__Peter Youngcomput42__Chris Bergmancomput43__Peter Youngcomput44__Tim Binneycomput45__Ian Barkercomput47__Frank Smith-----------Inconsistent----------comput17__Jane Moch just fits 10 trainscomput19__Demetrios Papacharalambouscomput26__Simon Townercomput29__Marcus Sean Rebelcomput36__Dennis CollieProlog encoding and English translation of theories in bottom quartile______________________________________________Bernhard Pfahringer (pfahr2)English:The train has either a closed last car or a triangular load in a car other than the last one. Also, either the last car isshort or the train, after the last car is removed, has the above property.Prolog:eastbound([Car|Cars]) :- (closed(Car);has_load1(Cars, triangle)), (short(Car);eastbound(Cars)).P-Complexity: 16C-Complexity: 28Michie-Page effort inspired by pfahr2English:There is a short car that either is closed or is somewhere behind a car with a triangular load.Prolog:eastbound([Car|Cars]):- short(Car), (closed(Car);has_load1(Cars,triangle));

3232 eastbound(Cars).P-Complexity: 16C-Complexity: 13Bernhard Pfahringer (pfahr1)Stuart Inglis (inglis)Peter D Turney (turney)WEKA ML Project (weka)English:There are at least three cars, and the second and third cars from the end do not contain the same shape load.Prolog:eastbound([Car1,Car2,Car3|_]) :- has_load0(Car1,_), has_load0(Car3,Load), not(has_load0(Car2,Load)).P-Complexity: 19C-Complexity: 15Theory X (x)English:There is eather a short, closed car, or a car with a circular load somewhere behind a car with a triangular load.Prolog:eastbound([Car|Cars]):- (short(Car), closed(Car)); (has_load0(Car,circle), has_load1(Cars,triangle)); eastbound(Cars).P-Complexity: 19C-Complexity: 16MLIC - AQDT-1 (aqdt1)English:The third [from the end] car contains a triangular load, or it is not double, while the last car is rectangular and the carinbetween is short.Prolog:eastbound([Car1,Car2,Car3|_]) :-has_load0(Car3,triangle);(rectangle(Car1),short(Car2),not(double(Car3))).P-Complexity: 20C-Complexity: 20MLIC - AQDT-2 (aqdt2)

3333English:The third car [from the end] has a triangular load, the second [to last] car is hexagon-shaped, or the last car isrectangularly shaped and the third [from the end] car is closed.Prolog:eastbound([Car1,Car2,Car3|_]) :-has_load0(Car3,triangle);rectangle(Car1),(closed(Car3);hexagon(Car2)).P-Complexity: 20C-Complexity: 25================================================================East-West Challenge: Results of Competition 2

Legend:Entry is a codeword used by us for scoring purposesOracleis a codeword used to denote theories known to us to be withinthe bottom quartile of complexity scoresAccuracyis the accuracy of the subsymbolic entry, taking as oracle thetheory in the Oracle columnContestantis the name of the contestant

Notes:1. Accuracy is measured as follows. For each oracle/entry pair the following 2x2 table is calculated: Oracle class|East |West------------------------------------------East|N1|N2Entry||class----------------------------------------- West|N3|N4||------------------------------------------Accuracy = (N1 + N4) / (N1 + N2 + N3 + N4)2. We know of 9 theories in the bottom quartile of complexity scores relevant to Competition 1. Ordered bycomplexity score, these are:TheorySizeDetails_________________mpage16Michie-Page inspired by Theory pfahr2pfahr216Bernhard Pfahringeringlis19Stuart Inglispfahr119Bernhard Pfahringerturney19Peter D Turneyweka19WEKA ML Projectx19Theory Xaqdt120MLIC - AQDTaqdt220MLIC - AQDT3. Winner is decided on the basis of the highest accuracy using any of the theories listed above as oracles. If two ormore entries have the same accuracy, then a tie-break rule compares accuracies when using the winner ofCompetition 1, (Theory pfahr2) as oracle.

3434

Entry

Oracle

Accuracy

Contestantaq17hciaqdt157%MLIC - AQ17-HCIaqdt254%inglis53%mpage51%pfahr153%pfahr258%turney53%weka53%x52%aqdt1aqdt1100%MLIC - AQDT-1aqdt281%inglis69%mpage54%pfahr169%pfahr261%turney69%weka69%x47%aqdt2aqdt181%MLIC - AQDT-2aqdt2100%inglis60%mpage57%pfahr160%pfahr260%turney60%weka60%x52%hartaqdt153%G R Hartaqdt252%inglis60%mpage51%pfahr160%pfahr256%turney60%weka60%x48%imamaqdt169%Ibrahim F Imamaqdt266%inglis70%mpage63%pfahr170%pfahr260%turney70%weka70%x58%quinaqdt160%Ross Quinlanaqdt265%inglis45%mpage46%pfahr145%pfahr255%

3535turney45%weka45%x51%turneyaqdt143%Peter D Turneyaqdt248%inglis52%mpage85%pfahr152%pfahr272%turney100%weka52%x90%================================================================East-West Challenge: Results of Competition 3

Legend:Entry is a codeword used by us for scoring purposesCoverageis a pair of numbers E/W denoting number of East/West trainscovered by the theories for each of the 5 subtasksSize is the complexity score of the theories submitted, as calculated by Ashwin Srinivasan’s Prolog program (complex.pl)Contestant is the name of the contestant

Notes:Winner decided on the basis of lowest total complexity score for the five subtasks.

Entry

Coverage

SizeContestantpfahr5/015Bernhard Pfahringer5/0165/0155/0145/013--74dm25/026Donald Michie0/515(Westbound rule)5/0290/522(Westbound rule)0/522(Westbound rule)__114mli5/018MLIC - INDUCE5/0565/0235/0315/030--158--------------Below this are inconsistent------------aqdt5/016MLIC - AQDT-2

36365/117has_load(Car,N) wrongly interp as exactly N5/0190/517Westbound rule5/016__85turney5/018Peter D Turney0/215assumes generative infront/30/516Westbound rule5/0170/516Westbound rule__82Prolog encoding of winning entry (pfahr)________________________________________Subtask 1:English:The last car is rectangular and closed, or the last car is short and the rest of the train does not have this property.Prolog:eastbound([A|B]) :- ( rectangle(A), closed(A) ; short(A), not(eastbound(B)) ).P-Complexity: 15C-Complexity: 17Subtask 2:English:Either the train does not have a car carrying a triangular load, or the train has a car carrying a rectangular load, andone of its cars is u-shaped.Prolog:eastbound(A) :- ( not(has_load1(A,triangle)) ; has_load1(A, rectangle), has_car(A, B), u_shaped(B) ).P-Complexity: 16C-Complexity: 21Subtask 3:English:Either the train does not have a car carrying a triangular load, or one of its cars is bucket-shaped.Prolog:eastbound([_|A]) :-

3737 ( not(has_load1(A,rectangle)) ; has_car(A, B), bucket(B) ).P-Complexity: 15C-Complexity: 14Subtask 4:English:The last car is short and not double, and no other car carries a hexagonal load.Prolog:eastbound([A|B]) :- short(A), not(double(A)), not(has_load1(B,hexagon)).P-Complexity: 14C-Complexity: 16Subtask 5:English:The third car from the engine is rectangularly shaped.Prolog:eastbound([A|B]) :- rectangle(A), ( len1(B, 2) ; eastbound(B) ).P-Complexity: 13C-Complexity: 8ReferencesBergadano, F., Matwin, S., Michalski, R.S. and Zhang, J., "Learning Two-tiered Descriptions ofFlexible Concepts: The POSEIDON System," Machine Learning, Vol. 8, No. 1, pp. 5-43, 1992.Bloedorn, E., Wnek, J., Michalski, R.S. and Kaufman, K., �AQ17: AMultistrategy LearningSystem: The Method and User�s Guide,� Reports of Machine Learning and Inference Laboratory,MLI-93-12, Center for Artificial Intelligence, George Mason University, 1993.Bloedorn, E. and Michalski, R. S., �Data Driven Constructive Induction in AQ17-PRE: AMethodand Experiments,� Proceedings of the Third International Conference on Tools for AI, San Jose,California, November 9-14, 1991a.Bloedorn, E. and Michalski, R.S., �Constructive Induction from Data in AQ17-DCI: FurtherExperiments,� Reports of the Machine Learning and Inference Laboratory, MLI 91-12, Center forArtificial Intelligence, George Mason University, Fairfax, VA, December, 1991b.

3838Hoff, W., Michalski, R.S. and Stepp, R.E., �INDUCE 3: a program for learning structuraldescriptions from examples,� Technical Report, TR-UIUCDDS-F-86-960, Department ofComputer Science, University of Illinois, Urbana, 1986.Imam, I.F. and Michalski, R.S., �Should Decision Trees be Learned from Examples or fromDecision Rules?�, Lecture Notes in Artificial Intelligence (689), Komorowski, J. and Ras, Z.W.(Eds.), pp. 395-404, from the Proceedings of the 7th International Symposium on Methodologiesfor Intelligent Systems, ISMIS-93, Trondheim, Norway, June 15-18, Spring Verlag, 1993a.Michalski, R. S., �Pattern Recognition as Rule-guided Inference,� IEEE Transactions on PatternAnalysis and Machine Intelligence, PAMI, Vol.2, pp. 349—261, 1980.Michalski, R.S. �A Theory and Methodology of Inductive Learning,� Artificial Intelligence, Vol.20, pp. 111-116, 1983.Michalski, R.S., Mozetic, I., Hong, J. and Lavrac, N., �The Multi-Purpose Incremental LearningSystem AQ15 and Its Testing Application to Three Medical Domains,� Proceedings of AAAI-86,pp. 1041-1045, Philadelphia, PA, 1986.Michalski, R.S. and Imam, I.F., �Learning Problem-Optimized Decision Trees from DecisionRules: The AQDT-2 System�, Lecture Notes in Artificial Intelligence, Spring Verlag, from the 8thInternational Symposium on Methodologies for Intelligent Systems, ISMIS, Charlotte, NorthCarolina, October 16-19, 1994.Thrun, S.B., Bala, J., Bloedorn, E., Bratko, I., Cestnik, B., Cheng, J., De Jong, K.A.,Dzeroski, S., Fahlman, S.E., Hamann, R., Kaufman, K., Keller, S., Kononenko, I., Kreuziger,J., Michalski, R.S., Mitchell, T., Pachowicz, P., Vafaie, H., Van de Velde, W., Wenzel, W.,Wnek, J. and Zhang, J., "The MONK’s problems: APerformance Comparison of DifferentLearning Algorithms," Computer Science Reports, CMU-CS-91-197, Carnegie MellonUniversity, Pittsburgh, PA, December l991.Wnek, J. and Michalski, R.S., "Comparing Symbolic and Subsymbolic Learning: Three Studies,"in Machine Learning: A Multistrategy Approach, Vol. 4., R.S. Michalski and G. Tecuci (Eds.),Morgan Kaufmann, San Mateo, CA, 1994a.Wnek, J. and Michalski, R.S., "Hypothesis-driven Constructive Induction in AQ17-HCI: AMethod and Experiments," Machine Learning, Vol. 14, No. 2, pp. 139-168, 1994b.Wnek, J., Kaufman, K., Bloedorn, E. and Michalski, R.S., "Selective Induction Learning SystemAQ15c: The method and user’s guide," Reports of Machine Learning and Inference Center, MLI95-04, Center for MLI, George Mason University, 1995.

3939APPENDIX A: Sample Runs Demonstrating ASTRA�s Logical ErrorsAppendix A.1: Problems with the Cost FunctionFile: set2.astra from competition 3________________________ ALL PARAMETERS SUMMARY ______________________________ g1 = 2 (grmaxrules) |-------------------------|TRACES|FUNCTION ftype fcost g2 = 2 (alter) | e1 = 2 (exmaxrules) | t1=i | NAME (f1) (f2) g3 = 4 (nconsist) | e2 =false (exstrip) | t2=i | num-p’s lin 1 g4 = 1 (regenstar) | e3 = 20 (excutoff) | t3=i | num-part lin 1 gn = 4 (grnumcrit) | en = 2 (exnumcrit) | t4=i | num-diff lin 1gc(1)=mnfc gt(1)= 0 | ec(1)=mxpa et(1)= 0 | t5=i |gc(2)=mxpa gt(2)= 0 | ec(2)=mnsl et(2)= 0 | t6=i |gc(3)=mnsl gt(3)= 0 | ec(3)= et(3)= | t7=i |gc(4)=mnna gt(4)= 0 | ec(4)= et(4)= | t8=i |gc(5)= gt(5)= | ec(5)= et(5)= | t9=i |gc(6)= gt(6)= | ec(6)= et(6)= |STOPS |gc(7)= gt(7)= | ec(7)= et(7)= | s1=i |-----------------------|-------------------------| s2=i | r1 = 4 (metamax) | l1 = 5 (lrmax) | s3=i | r2 = false (endpoint) | ln = 4 (lrnumcrit) | s4=i | r3 = false (equal) | lc(1)=mxpa lt(1)= 0 | s5=i |-----------------------| lc(2)=mnna lt(2)= 0 | s6=i | c1 = disc (gentype) | lc(3)=mxls lt(3)= 0 | s7=i | c2 = 100 (mincover) | lc(4)=mnrs lt(4)= 0 | s8=i | c3 = 0 (maxback) | lc(5)= lt(5)= | s9=i |THE FOLLOWING RULE COVERS SET 1:This rule covers event(s) 5 4 3 2 1 (0 new) : Rule 42:[lshape(car1)#triangle][num-car(top=peaked)=0][num-diff-cshape=2,4] Costs: 1. (mnfc) = 3 2. (mxpa) = 5 3. (mnsl) = 3 4. (mnna) = 0The selected meta-selectors are: ms type function value poscov negcov 1 num-diff cshape 2 5 2 2 num-p’s cshape = ellipse 0 5 3 3 num-p’s top = arc 0 5 3 4 num-p’s top = peaked 0 5 3________________________ ALL PARAMETERS SUMMARY ______________________________ g1 = 2 (grmaxrules) |-------------------------|TRACES|FUNCTION ftype fcost g2 = 2 (alter) | e1 = 2 (exmaxrules) | t1=i | NAME (f1) (f2) g3 = 4 (nconsist) | e2 =false (exstrip) | t2=i | num-p’s lin 1 g4 = 1 (regenstar) | e3 = 20 (excutoff) | t3=i | num-part lin 1 gn = 4 (grnumcrit) | en = 2 (exnumcrit) | t4=i | num-diff lin 10000gc(1)=mnfc gt(1)= 0 | ec(1)=mxpa et(1)= 0 | t5=i | cshape nom 10000gc(2)=mxpa gt(2)= 0 | ec(2)=mnsl et(2)= 0 | t6=i |gc(3)=mnsl gt(3)= 0 | ec(3)= et(3)= | t7=i |gc(4)=mnna gt(4)= 0 | ec(4)= et(4)= | t8=i |gc(5)= gt(5)= | ec(5)= et(5)= | t9=i |gc(6)= gt(6)= | ec(6)= et(6)= |STOPS |gc(7)= gt(7)= | ec(7)= et(7)= | s1=i |-----------------------|-------------------------| s2=i | r1 = 4 (metamax) | l1 = 5 (lrmax) | s3=i | r2 = false (endpoint) | ln = 4 (lrnumcrit) | s4=i | r3 = false (equal) | lc(1)=mxpa lt(1)= 0 | s5=i |-----------------------| lc(2)=mnna lt(2)= 0 | s6=i | c1 = disc (gentype) | lc(3)=mxls lt(3)= 0 | s7=i | c2 = 100 (mincover) | lc(4)=mnrs lt(4)= 0 | s8=i | c3 = 0 (maxback) | lc(5)= lt(5)= | s9=i |

4040THE FOLLOWING RULE COVERS SET 1:This rule covers event(s) 5 4 3 2 1 (0 new) : Rule 58:[lshape(car1)#triangle][num-car(top=peaked)=0][num-diff-cshape=2,4] Costs: 1. (mnfc) = 10002 2. (mxpa) = 5 3. (mnsl) = 3 4. (mnna) = 0The selected meta-selectors are: ms type function value poscov negcov 1 num-diff cshape 2 5 2 2 num-p’s cshape = ellipse 0 5 3 3 num-p’s top = arc 0 5 3 4 num-p’s top = peaked 0 5 3

4141Appendix A.2: Problems with the mxpe Parameterfile: set3.astra________________________ ALL PARAMETERS SUMMARY ______________________________ g1 = 2 (grmaxrules) |-------------------------|TRACES|FUNCTION ftype fcost g2 = 2 (alter) | e1 = 2 (exmaxrules) | t1=i | NAME (f1) (f2) g3 = 4 (nconsist) | e2 =false (exstrip) | t2=i | num-p’s lin 1 g4 = 1 (regenstar) | e3 = 20 (excutoff) | t3=i | num-part lin 1 gn = 4 (grnumcrit) | en = 3 (exnumcrit) | t4=i | num-diff lin 1gc(1)=mnna gt(1)= 0 | ec(1)=mxpe et(1)= 0 | t5=i |gc(2)=mxpn gt(2)= 0 | ec(2)=mnsl et(2)= 0 | t6=i |gc(3)=mnsl gt(3)= 0 | ec(3)=mnvc et(3)= 0 | t7=i |gc(4)=mnfc gt(4)= 0 | ec(4)= et(4)= | t8=i |gc(5)= gt(5)= | ec(5)= et(5)= | t9=i |gc(6)= gt(6)= | ec(6)= et(6)= |STOPS |gc(7)= gt(7)= | ec(7)= et(7)= | s1=i |-----------------------|-------------------------| s2=i | r1 = 4 (metamax) | l1 = 5 (lrmax) | s3=i | r2 = false (endpoint) | ln = 4 (lrnumcrit) | s4=i | r3 = false (equal) | lc(1)=mxpa lt(1)= 0 | s5=i |-----------------------| lc(2)=mnna lt(2)= 0 | s6=i | c1 = disc (gentype) | lc(3)=mxls lt(3)= 0 | s7=i | c2 = 100 (mincover) | lc(4)=mnrs lt(4)= 0 | s8=i | c3 = 0 (maxback) | lc(5)= lt(5)= | s9=i |Core dumps in phase2prep().

4242Appendix A.3: Problems with the forall Meta-Function________________________ ALL PARAMETERS SUMMARY ______________________________ g1 = 2 (grmaxrules) |-------------------------|TRACES|FUNCTION ftype fcost g2 = 2 (alter) | e1 = 2 (exmaxrules) | t1=i | NAME (f1) (f2) g3 = 4 (nconsist) | e2 =false (exstrip) | t2=i | num-p’s lin 1 g4 = 1 (regenstar) | e3 = 20 (excutoff) | t3=i | num-part lin 1 gn = 4 (grnumcrit) | en = 3 (exnumcrit) | t4=i | num-diff lin 1gc(1)=mnna gt(1)= 0 | ec(1)=mxpn et(1)= 0 | t5=i |gc(2)=mxpn gt(2)= 0 | ec(2)=mnsl et(2)= 0 | t6=i |gc(3)=mnsl gt(3)= 0 | ec(3)=mnvc et(3)= 0 | t7=i |gc(4)=mnfc gt(4)= 0 | ec(4)= et(4)= | t8=i |gc(5)= gt(5)= | ec(5)= et(5)= | t9=i |gc(6)= gt(6)= | ec(6)= et(6)= |STOPS |gc(7)= gt(7)= | ec(7)= et(7)= | s1=i |-----------------------|-------------------------| s2=i | r1 = 30 (metamax) | l1 = 5 (lrmax) | s3=i | r2 = false (endpoint) | ln = 4 (lrnumcrit) | s4=i | r3 = false (equal) | lc(1)=mxpa lt(1)= 0 | s5=i |-----------------------| lc(2)=mnna lt(2)= 0 | s6=i | c1 = disc (gentype) | lc(3)=mxls lt(3)= 0 | s7=i | c2 = 100 (mincover) | lc(4)=mnrs lt(4)= 0 | s8=i | c3 = 0 (maxback) | lc(5)= lt(5)= | s9=i |THE FOLLOWING RULE COVERS SET 1:This rule covers event(s) 5 4 3 2 1 (5 new) : Rule 102:[forall-car(lshape=triangle)=false][num-car(lshape=hexagon)=0][num-car(lshape=diamond)=0][num-car(top=arc)=0] Costs: 1. (mnna) = 0 2. (mxpn) = 5 3. (mnsl) = 4 4. (mnfc) = 4#ERROR This car obviously has a triangle load: Rule 3: Event set: 1[cshape(car1)=ushaped][cshape(car2)=crect][double(car1)][double(car2)][forall-car(pos=3)=false][forall-car(top=flat)=false][forall-car(top=arc)=false][forall-car(top=peaked)=false][forall-car(pos=4)=false][forall-car(double=false)][forall-car(nwls=3)=false][forall-car(ln=long)=false][forall-car(lqty=2)=false][forall-car(lqty=3)=false][forall-car(lshape=rectangle)=false][forall-car(cshape=ushaped)=false][forall-car(lshape=utriangle)=false][forall-car(lshape=hexagon)=false][forall-car(lshape=diamond)=false][forall-car(cshape=bucket)=false][forall-car(cshape=crect)=false][forall-car(lshape=triangle)=false][forall-car(cshape=ellipse)=false][forall-car(pos=2)=false][infront(car1,car2)][ln(car1)=short][ln(car2)=short][lqty(car1)=1][lqty(car2)=1][lshape(car1)=triangle][lshape(car2)=rectangle][num-car(cshape=ellipse)=0][num-car(lshape=diamond)=0][num-car(lqty=3)=0][num-car(lshape=hexagon)=0][num-car(pos=2)=1][num-car(pos=1)=1][num-car(top=arc)=0][num-car(top=peaked)=0][num-diff-cshape=2][num-diff-double=1][nwls(car1)=2][nwls(car2)=2][pos(car1)=1][pos(car2)=2][top(car1)=none][top(car2)=flat] => [d=1]

4343Appendix A.4: Problems with Event Coverage________________________ ALL PARAMETERS SUMMARY ______________________________ g1 = 10 (grmaxrules) |-------------------------|TRACES|FUNCTION ftype fcost g2 = 10 (alter) | e1 = 10 (exmaxrules) | t1=i | NAME (f1) (f2) g3 = 10 (nconsist) | e2 = true (exstrip) | t2=i | num-p’s lin 1 g4 = 10 (regenstar) | e3 = 20 (excutoff) | t3=i | num-part lin 1 gn = 3 (grnumcrit) | en = 3 (exnumcrit) | t4=i | num-diff lin 1gc(1)=mxpn gt(1)= 0 | ec(1)=mxpn et(1)= 0 | t5=i |gc(2)=mnsl gt(2)= 0 | ec(2)=mnsl et(2)= 0 | t6=i |gc(3)=mnna gt(3)= 0 | ec(3)=mnna et(3)= 0 | t7=i |gc(4)= gt(4)= | ec(4)= et(4)= | t8=i |gc(5)= gt(5)= | ec(5)= et(5)= | t9=i |gc(6)= gt(6)= | ec(6)= et(6)= |STOPS |gc(7)= gt(7)= | ec(7)= et(7)= | s1=i |-----------------------|-------------------------| s2=i | r1 = 0 (metamax) | l1 = 5 (lrmax) | s3=i | r2 = false (endpoint) | ln = 4 (lrnumcrit) | s4=i | r3 = false (equal) | lc(1)=mxpa lt(1)= 0 | s5=i |-----------------------| lc(2)=mnna lt(2)= 0 | s6=i | c1 = disc (gentype) | lc(3)=mxls lt(3)= 0 | s7=i | c2 = 100 (mincover) | lc(4)=mnrs lt(4)= 0 | s8=i | c3 = 0 (maxback) | lc(5)= lt(5)= | s9=i |THE FOLLOWING RULES COVER SET 1:This rule covers event(s) 8 6 3 2 (2 new) : Rule 7116:[cshape(car1)=bucket][pos(car1)=2] Costs: 1. (mxpn) = 2 2. (mnsl) = 2 3. (mnna) = 0#In reality the above rule does not cover event 3, since the car shape for that car isactually hexagon.#This rule covers event(s) 10 9 7 6 5 4 2 1 (8 new) : Rule 6780:[lshape(car1)=hexagon,triangle][pos(car1)=3] Costs: 1. (mxpn) = 8 2. (mnsl) = 2 3. (mnna) = 0

4444Appendix A.5: Prolog Complexity Tester%%%%% Ashwin Srinivasan’s Prolog code%%%%% for measuring theory complexity.% dynamic statements are only for compiled Prologs% (not Clocksin and Mellish standard):- dynamic counts/2.% count clauses, literals and terms in file FileNamecount(FileName):-reset_counts,see(FileName),count_clauses,seen,print_theory_counts.count_clauses:-repeat,read(Clause),count_clause(Clause),Clause = end_of_file,!.count_clause(end_of_file):- !.count_clause((Head:-Body)):-!,inc(clauses,1),get_litterm_count((Head,Body)).count_clause(UnitClause):-inc(clauses,1),get_litterm_count(UnitClause).get_litterm_count((LitTerm;LitTerms)):-!,inc(litterms,1),% for ’;’/2get_litterm_count(LitTerm),get_litterm_count(LitTerms).get_litterm_count((LitTerm,LitTerms)):-% no charge for ’,’/2!,get_litterm_count(LitTerm),get_litterm_count(LitTerms).get_litterm_count(LitTerm):-inc(litterms,1),% for Litfunctor(LitTerm,Name,Arity),get_arg_count(LitTerm,Arity,0,T0),inc(litterms,T0).get_arg_count(_,0,LT,LT).get_arg_count(Expr,Arg,T,LitTerms):-arg(Arg,Expr,Term),var(Term), !,Arg0 is Arg - 1,T1 is T + 1,get_arg_count(Expr,Arg0,T1,LitTerms).get_arg_count(Expr,Arg,T,LitTerms):-arg(Arg,Expr,LitTerm),functor(LitTerm,LitTermName,LitTermArity),inc_term_count(LitTermName/LitTermArity,T,T1),get_arg_count(LitTerm,LitTermArity,T1,T2),Arg0 is Arg - 1,

4545get_arg_count(Expr,Arg0,T2,LitTerms).inc_term_count(’,’/2,T,T):-% no charge for ’,’/2!.inc_term_count(_,T,T1):-T1 is T + 1.reset_counts:-retractall(counts(_,_)),asserta(counts(clauses,0)),asserta(counts(litterms,0)).print_theory_counts:-counts(clauses,C),write(’clauses:’), write(C), nl,counts(litterms,LT),write(’lits+terms:’), write(LT), nl, nl,Total is C + LT,write(’total:’), write(Total), nl.inc(Parse,N):-retract(counts(Parse,N1)),N0 is N1 + N,asserta(counts(Parse,N0)).

4646APPLYING AQ TO THE EAST-WEST CHALLENGEFor a possbile journal paper:HOW DID AQ FACE WEST-EAST CHALLENGE?Results and Lessons from the the 2nd International Competition ofMachine Learning Programs