
Computational Intelligence, Volume 11, Number 4, 1995KNOWLEDGE-BASED FEATURE DISCOVERY FOREVALUATION FUNCTIONSTom E. FawcettNYNEX Science and Technology, 400 Westchester Ave., White Plains, NY 10604 USAPhone: (914) 644-2193E-mail: fawcett@nynexst.comABSTRACTSince Samuel's work on checkers over thirty years ago, much e�ort has been devoted to learningevaluation functions. However, all such methods are sensitive to the feature set chosen to representthe examples. If the features do not capture aspects of the examples signi�cant for problem solving,the learned evaluation function may be inaccurate or inconsistent. Typically, good feature setsare carefully handcrafted and a great deal of time and e�ort goes into re�ning and tuning them.This paper presents an automatic knowledge-based method for generating features for evaluationfunctions. The feature set is developed iteratively: features are generated, then evaluated, and thisinformation is used to develop new features in turn. Both the contribution of a feature and itscomputational expense are considered in determining whether and how to develop it further.This method has been applied to two problem solving domains: the Othello board game andthe domain of telecommunications network management. Empirical results show that the method isable to generate many known features and several novel features, and to improve concept accuracyin both domains.Key words: constructive induction, feature discovery, evaluation functions, learningINTRODUCTIONIn his early work in arti�cial intelligence, Arthur Samuel (1959) developed aprogram that was able to play checkers. Samuel's program learned an evaluationfunction for board positions, based on a set of features used to characterize a position.By adjusting the coe�cients of these features it was able to achieve a modest level ofpro�ciency at the game. However, much of the program's power came from Samuel'scareful design of the features. Samuel (1959) commented:It might be argued that this procedure of having the program select [fea-tures] for the evaluation polynomial from a supplied list is much too simpleand that the program should generate [features] for itself. Unfortunately, nosatisfactory scheme for doing this has yet been devised. (p. 87)In later work, Samuel (1967) greatly improved the method for combining features,resulting in substantial improvement in the program's performance; yet the problemof automatic feature generation remained \as far in the future as it seemed to be in1959" (p. 617). Samuel identi�ed the automatic construction of features as a majoropen problem of great importance.For over thirty years it has remained an open problem. Many game-playingprograms have been written that achieve high levels of performance using evaluationfunctions (Berliner 1980; Rosenbloom 1982; Lee & Mahajan 1988). These programsmatch and sometimes exceed the abilities of humans. Like Samuel's program, someof these systems are able to learn their evaluation functions automatically; however,c
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2 Computational Intelligenceall of them depend on hand-coded features to describe problem states. It is stillnecessary for a human to devise a suitable feature set for a domain, to evaluate theperformance of the program, and to alter the features if necessary.Even systems that are able to generate features internally show sensitivity toinput representation. For example, Tesauro (1992) has developed a system that learnsto play backgammon using a temporal di�erence method. The performance usingprimitive features is very good; nevertheless, adding expert hand-crafted featuresresulted in substantial performance improvement. As Tesauro (1992) states, \Thefeatures used in Neurogammon were fairly simple, and it is probably the case thatthe features in Berliner's BKG program or in some of the top commercial programsare more sophisticated and might give better performance" (p. 455). Even systemsthat are able to generate features internally may bene�t from using sophisticatedfeatures that incorporate knowledge of the domain.In machine learning, the �eld of constructive induction has developed methods forextending representations for inductive concept learning (Rendell 1985; Schlimmer1987; Matheus 1990; Pagallo & Haussler 1990). However, the methods generallytreat concept learning as an isolated task. They do not exploit knowledge about thegoals and operators of the domain, nor do they use feedback from problem solving toguide feature generation. They typically use weak, general operators for combiningfeatures, rather than operators that exploit domain knowledge. Some constructiveinduction work exploits domain knowledge, but either remains isolated from problemsolving (Drastal, Czako, & Raatz 1989) or imposes restrictions on the problem domain(Utgo� 1986).This paper presents a knowledge-based approach to feature generation for eval-uation functions. The ultimate goal of this work is to be able to generate, for anydomain, features that are useful for an evaluation function. The method was designedto require little more than what a human is given. It starts with basic features andprogressively re�nes and develops them, using both domain knowledge and feedbackfrom learning. The transformations that accomplish the re�nement are divided intofour classes, each of which serves a di�erent purpose.This method has been implemented in a system called Zenith. Samuel's origi-nal work on checkers motivated this research; however, because many more featuresare known for the Othello board game, Othello was used as the primary domain ofexploration. Zenith has also been tested in a second domain, that of Telecommunica-tions Network Management. In both domains, the method is able to generate usefulfeatures for evaluation functions.The remainder of this paper is organized as follows. Section 1 discusses the do-main of Othello. Section 2 reviews some general assumptions about learning andproblem solving. Section 3 discusses the basic theory behind the method, apartfrom the implementation details, which are covered in Section 4. Section 5 discussesthe empirical results of Zenith applied to Othello, and Section 6 describes the fea-tures that Zenith generated in Othello, as well as the features it could not generate.Section 7 discusses some of the problems and issues that were brought to light bythis research, and possible extensions to Zenith that would address them. Section 8concludes the paper.



Knowledge-based Feature Discovery for Evaluation Functions 3
1
2
3
4
5
6
7
8

1
2
3
4
5
6
7
8

1
2
3
4
5
6
7
8

(a) (b) (c)

A B C D E F G H A B C D E F G H A B C D E F G H

Figure 1. Othello boards: (a) Initial Othello board (b) Board in mid-game (c) After Blackplays F6 on (b). 1. THE GAME OF OTHELLOMany of the examples in this paper are taken from the game of Othello1. Oth-ello was chosen as a domain primarily because many features are known for it, soZenith's discoveries could be compared against the catalog of handcoded featuresin this domain. Donald Mitchell (1984) described many Othello features used inpublished systems. Othello is also an attractive domain because its problem spec-i�cation constitutes a complete though intractable domain theory, because it canbe played using state-space search, and because it has been used as a domain byother researchers in arti�cial intelligence (Rosenbloom 1982; Lee & Mahajan 1988;De Jong & Schultz 1988).Othello is a two-player game played on an 8� 8 board. One player is designatedthe White player, the other the Black player. There are 64 discs colored black onone side and white on the other. The starting con�guration is shown in Figure 1a.Black always moves �rst, with players alternating turns.On a turn, the player can place a disc on any empty square that brackets a spanof the opponent's discs ending in a disc of the player's own color. The span canbe horizontal, vertical or diagonal. For example, in Figure 1b, Black could place ablack disc on any of the squares marked with an \X". When a player places a discat the end of a span, all the discs in any formed span are 
ipped (changed to theplayer's color), and the player is said to own them. For example, if Black takes F6 inFigure 1b, the board in Figure 1c would result. A player thus gains discs by placingthem on the board and by 
ipping discs of the other player. In certain con�gurationspieces cannot be 
ipped because no span can be placed through them; these piecesare said to be stable.The game continues until neither player has a legal move, which usually occursafter all 64 squares have been taken. At this point the player with the greater numberof discs wins the game, and the number of points by which the player has won issimply the di�erence between the two piece counts. For analysis, an Othello gameis often broken up into three segments: the early game (from 4 to 16 pieces), the1Othello is also known as Reversi. Othello is a registered trademark of Tsukada Original, licensed byAnjar Co., c
1973, 1990 Pressman Toy. All rights reserved.
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CFigure 2. Special squares in Othellomiddle game (from 17 to 32 pieces), and the late game (from 48 pieces to the end).There are usually 60 moves in an Othello game because the game usually does notend until the board is full. Frey (1986) estimates that Othello, with a search spaceof 1060 nodes, is intermediate in complexity between checkers (with 1040 nodes) andchess (with 10120 nodes).There are several distinguished squares on the Othello board, shown in Figure 2.A corner square is inherently stable because once it is occupied there is no sequenceof moves that will 
ip a disc on it; in addition, stable squares can form the basisfor larger stable regions. Therefore, gaining control of corner squares is a goal inOthello. There are two sets of distinguished squares adjacent to the corners thatare signi�cant in corner square control. The squares along the edges immediatelyadjacent to the corners are called C squares (A2, B1, G1, H2, A7, B8, H7 and G8).X squares (B2, G2, B7 and G7) are diagonally adjacent to the corners. X and Csquares are both considered dangerous to own because they can allow the opponentto move into the corner. C squares are somewhat less vulnerable than X squaresbecause it is more di�cult to move onto an edge than to 
ip a piece along a majordiagonal.2. PROBLEM SOLVING, EVALUATION FUNCTIONS ANDFEATURESThe purpose of learning an evaluation function is to aid a problem solver thatperforms state-space search. The problem solver generates a set of successors of agiven state, then evaluates the set using its evaluation function, and chooses onedetermined to be the best. This process iterates until a goal state is reached. Theoverall goal of learning is to improve the performance of the problem solver, eitherby increasing the quality of the goal state found, or by decreasing the amount ofsearch done by the problem solver in �nding a goal. Because the evaluation functiondirects the problem solver, increasing the accuracy of the evaluation function shouldimprove problem solving performance.Evaluation functions may be expressed in di�erent forms. In this work, an eval-uation function is learned from pairs of states in which one of the states is preferredto the other (Utgo� & Clouse 1991). Both linear threshold units and decision trees



Knowledge-based Feature Discovery for Evaluation Functions 5have been used as function forms.The purpose of feature generation is to aid the evaluation function in evaluatingproblem states. Informally, a feature is useful to the evaluation function if the featureidenti�es some aspect of a state that is predictive of its quality. A useful feature servesto distinguish states that lie on a goal path from states that lead away from the goal,or to a goal state of lesser quality.3. KNOWLEDGE-BASED FEATURE DISCOVERYThe method of feature discovery we propose is transformational, in which newfeatures are developed and re�ned from existing ones. The method comprises a setof transformation classes and a strategy for controlling them. The transformationsand control strategy are domain independent; some transformations utilize informa-tion from the problem speci�cation in creating new features, but the actions of thetransformations are not tailored to an individual domain.The feature generation component has access to a speci�cation of the problem,also called a domain theory. The problem speci�cation is declarative, and includesinformation such as the performance goal, executable de�nitions of operators in thedomain, and expressions for calculating the pre-images of expressions with respectto operators. However, the domain theory contains no information about strategy ortactics, or how to search the space e�ectively. It also has no knowledge about howto generate or select features.Feature generation begins with a feature created from the performance goal. Pro-gressively better features are developed by transforming existing ones. For example,in Othello the initial feature measures whether a state is a �nal state in which theBlack player has won. By decomposing and re�ning this initial feature with itstransformations, Zenith is able to generate more useful features. Zenith's featuregeneration for Othello is discussed in Section 6. The performance goal and transfor-mations de�ne a feature space through which Zenith searches. The development ofthis space may be characterized as a modi�ed beam search (Newell 1978) based onfeatures' usefulness to the concept learner.Within our framework, a feature is based on a logical formula comprised of �rst-order terms. A feature's value with respect to a state is the number of solutions ofthe formula in the state. Every feature has a computational time cost associatedwith it, which is a measure of the amount of time required to evaluate the featurein a state. The evaluation function's cost is bounded in some way so that it can useonly a subset of the total features generated. Additional details about features aregiven in Section 4.1.The following four sections discuss the transformation classes in general terms,explaining what each accomplishes and giving examples of its use in the derivationof known features.3.1. DecompositionDecomposition transformations are syntactic methods for decomposing a featurefunctionally. Each decomposition transformation recognizes a speci�c syntactic form,such as an arithmetic inequality, that can be decomposed into new features. Thetransformation then creates one or more new features from fragments of the originalfeature.
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goalFigure 3. A graph of values of the expression A > B, at left, and its decompositions A andB. In these graphs, TRUE is mapped to one and FALSE is mapped to zero. Each point on the Xaxis is a state on the path from the initial state to the goal state.The resulting fragments may provide more useful information to the evaluationfunction than the original feature. The fragments may be useful because they provideinformation on local state variations. Best-�rst search depends upon local informa-tion to direct the search toward goal states. Local information about how close anexpression is to being satis�ed can help the evaluation function because such infor-mation allows the function to make distinctions between neighboring states in thestate space.For example, one decomposition transformation looks for arithmetic inequalitiessuch as A > B and produces two new features that calculate A and B separately.These separate values may give the system information about how close the problemsolver is to satisfying the original inequality.An example of decomposition is shown in Figure 3. The expression A > B, atleft, is decomposed into the expressions A and B, shown next to it. The graphs showsample values of the expressions for states along a path from Sinitial to Sgoal. Theexpression A > B may not change from one state to the next, so its values maynot be useful to the evaluation function because they do not allow it to discriminatealternative state choices. The two expressions A and B may vary more often, andproviding their values to an evaluation function may allow the function to discrim-inate states for which the A > B relation is constant. If the evaluation function isa weighted sum of feature values, assigning a positive weight to A and a negativeweight to B can direct the problem solver to states with higher A values and/or lowerB values.As an example of decomposition in Othello, the rules state that a player has wonwhen no moves can be made, and the player has more discs than the opponent. De-composing the latter condition yields two features: one counting the number of discsof the player, and the other counting the number of discs of the opponent. Measuringthese two values independently provides more information to the evaluation functionthan does the original inequality.3.2. Goal RegressionGoal regression creates the pre-image of a formula with respect to an operator.If a feature is useful for the evaluation function, then it may be bene�cial for theevaluation function also to use features that measure how the original feature isa�ected by the domain operators. For example, in many board games if it is useful



Knowledge-based Feature Discovery for Evaluation Functions 7to measure the number of pieces owned by a player, it is probably also useful tomeasure the number of pieces that could be acquired (or lost) by a move. The latterfeature is created by regressing the piece ownership term through the move operator.Goal regression is a common technique in arti�cial intelligence (Waldinger 1976;Mitchell, Keller, & Kedar-Cabelli 1986; Utgo� 1986). However, there are two signif-icant di�erences to the goal regression in this theory:1. In other systems, usually only the performance goal is regressed. In this theory,the formula of any feature can be regressed through an operator. Without thisability, goal regression would be capable only of producing features that werepre-images of the performance goal.2. Usually goals are regressed along an entire solution path. In this theory, only asingle goal regression step is done at a time. This di�erence allows the resultingfeature(s) to be tested for usefulness before goal regression is applied again. It isassumed that the nth pre-image is at least as useful as the n+ 1st pre-image.Goal regression may also be viewed as computing enablement and disablementconditions. These conditions are common in the known features of board games. InOthello, ownership of corner squares is important and most Othello programs includefeatures that measure corner square ownership. In Othello, the corner squares canonly be captured from certain con�gurations involving certain squares, known as theC and X squares (see Figure 2); C and X squares enable the capture of corner squares.Most Othello programs employ features that check for ownership of corner squares,as well as other features that check for ownership of C and X squares.In checkers, kings are desirable to own because of their mobility. A player createsa king by moving a man to the opponent's back row. Both players try to keep theirback rows protected to block the opponent's men | that is, to disable the creationof opponent kings. Most checkers programs have features that count the number ofkings, as well as features that determine whether the back row is protected.3.3. AbstractionFeatures are often created (for example, by goal regression) that could be valu-able to the evaluation function but are not worth their cost. Both abstraction andspecialization can be used to reduce cost. Abstraction is a form of generalizationthat removes details from a feature. If a condition can be achieved easily, it can beconsidered a detail; if it can only be achieved with much e�ort (or not at all), it islikely to be an important condition that should not be removed (Sacerdoti 1974).An example of abstraction in Othello is shown in Figure 4. The de�nition of alegal move for the black player is a blank square next to a line (in any direction) ofone or more white pieces, terminated by a black piece. A graphical depiction of thesethree conditions is shown at the top left of the �gure. Of the three conditions, theeasiest for Black to in
uence is the existence of a black piece (condition 1), becauseBlack can place black pieces directly onto the board, but can neither place whitepieces nor create blank squares. Therefore, a more abstract feature can be producedby removing condition (1) of the Othello move. The resulting expression, shown atthe top right of Figure 4, matches a pattern consisting of one or more white piecesterminated by a blank square. These conditions are the basis for several mobilityfeatures used by Rosenbloom (1982). These features are cheaper to evaluate thanthe original conditions of the Othello move and preserve much of their accuracy.
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Figure 4. An example of abstraction in Othello.Figure 4 also shows, below each pattern, the matches of the pattern on a sampleOthello board. On each board a small \x" marks the matches of the blank square(condition 3) on the board.A second example of abstraction occurs in the specially designated X and Csquares of Othello. As mentioned in Section 3.2, the X and C squares enable thetaking of corner squares. However, owning an X or C square does not alone guaranteethat the corner square can be captured; it is also necessary to place pieces on theother side of the X or C square to enable a move into the corner. But these otherpieces are usually easy to place, and so they may be considered removable details ofthe enabling conditions. Thus, features that check X and C squares are abstractionsof the actual enabling conditions of corner square captures.3.4. SpecializationThe fourth class of transformations creates specializations of existing features.Both specialization and abstraction reduce cost, but abstraction increases the domainof (generalizes) a feature, whereas specialization decreases it.A common way of specializing a disjunctive formula is to remove one of its dis-juncts. Zenith's Remove-disjunct transformation accomplishes this, by choosing adisjunct occurring in a feature's formula.Another way of specializing a feature is to to replace a call to a recursive predicatewith its base case from the domain theory. Zenith's transformation expand-to-base-case replaces a call to a recursive predicate with that predicate's base case. Evaluatinga predicate's base case is usually much less expensive than evaluating the recursivepredicate.



Knowledge-based Feature Discovery for Evaluation Functions 9A third way of specializing a feature is to restrict it to invariants (Puget 1988).An invariant may be de�ned as a domain element, or con�guration of domain ele-ments, that always satis�es a condition. The invariants of a feature may be foundby searching for domain elements that satisfy a feature in every problem solvingstate. For example, a feature may be expensive because it tests members of a set todetermine which of them satisfy an expensive predicate. If a subset of the domain el-ements can be found that always satis�es the predicate, a feature can be created thatuses only elements from this subset and avoids calling the expensive predicate. Theresulting feature will usually be much cheaper than the original and will maintainmost of its accuracy.In Othello, \semi-stability" is an important property of a piece: it determineswhether the piece can be captured immediately. Checking all squares for semi-stability is expensive, but there are some squares (the corner squares) that invariablysatisfy it due to the geometry of the board. It is much easier to check whether indi-vidual, known squares are owned than to check each owned square for semi-stability.In checkers, it is important to prevent the opponent from creating a king byreaching the back row. There are special formations of pieces along the back rowthat allow a player to block the opponent. Two such con�gurations are the Bridgeand the Triangle of Oreo (Samuel 1959). Both con�gurations may be consideredinvariants of the \king prevention" property. It is much less expensive to test forthese special con�gurations than to determine whether an arbitrary con�gurationprevents the opponent from creating a king.3.5. SummaryDecomposition and goal regression transformations can create new \subgoal"features. Decomposition transformations may be seen as a syntactic subgoal creationmethod, and goal regression as a semantic subgoal creation method. The abstractionand specialization components re�ne features by removing details and �nding specialcases, both of which can reduce cost.4. THE ZENITH SYSTEMThe theory discussed in the previous section has been implemented in a systemcalled Zenith. This section describes the architecture of the implemented system.Additional details, including discussion of alternatives considered, are available inFawcett's thesis (1993).Zenith operates in cycles. With each cycle new features are generated and eval-uated. The data collected on features in a cycle are used to direct the generation ofnew features. Each cycle consists of the following three main steps:1. Problem solving is performed using the current evaluation function. New traininginstances are generated from the problem solving episode.2. New features are generated by applying the transformations to existing features.Data on feature performance, provided by the feature selection process, is usedto control the generation.3. Features are selected for the evaluation function, using the current feature settrained on instances from past problem solving. The result is a new evaluationfunction and data on feature performance.
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Formula:

blank(X) ^ 
neighbor(X,Y) ^ 
owns(black,Y)Name Variable Values satisfying Featurelist variable list valuef1 [] f[]g 1f2 [X] f[b2]; [b4]; [b5]; [c2]; [c5]; [d2]g 6f3 [Y ] f[c3]; [c4]g 2f4 [X; Y ] f[b2; c3]; [b4; c3]; [b4; c4]; 7[b5; c4]; [c2; c3]; [c5; c4]; [d2; c3]gFigure 5. A sample Othello state and four features evaluated in it. All features are basedon the formula shown, but each uses a di�erent variable list.The next two sections present the formalism used for features and the set oftransformations used in Zenith. The �nal two sections discuss how features aregenerated and selected.4.1. Feature FormalismThe feature formalism used in Zenith is similar to that of Michalski's (1983)counting arguments rules. Every feature has two components. The �rst componentis equivalent to the body of a Horn clause and is called a formula. More precisely, inBNF a formula is:Formula ::= Formula ^ FormulaFormula ::= Formula _ FormulaFormula ::= : FormulaFormula ::= Termwhere a Term is a �rst-order term that is not otherwise a Formula.The second component of a feature is a variable list, which is a list containingzero or more of the variables occurring in the formula.A feature is evaluated in a state by counting the distinct values of its variable listthat can satisfy the formula. That is, the value of a feature is the cardinality of the setof all unique assignments to variables in the variable list that satisfy Formula. Featurevalues are normalized to [+1;�1] before being presented to the concept learner. Thisnormalization prevents features of di�ering ranges from biasing the concept learner.Feature evaluation is illustrated in Figure 5, which shows an Othello state, aformula, and four features (f1 through f4). All of the features use the formula shown,but each has a di�erent variable list. The table in Figure 5 shows the variable list for



Knowledge-based Feature Discovery for Evaluation Functions 11Table 1. Transformations in ZenithClass Name English descriptionDecomposition split-conjunction Split conjunction into independent partsremove-negation Replace :P with Psplit-arith-comp Split arithmetic comparison into constituentssplit-arith-calc Split arithmetic calculation into constituentsAbstraction remove-LC-term Remove least constraining term of conjunctionremove-variable Remove a variable from the feature's variable listGoal Regression regress-formula Regress the formula of a feature througha domain operatorSpecialization remove-disjunct Remove a feature's disjunctexpand-to-base-case Replace call to recursive predicate with base casevariable-specialize Find invariant variable values that satisfya feature's formulaeach feature, followed by the set of values in the Othello state that satisfy the variablelist. The value of each feature, shown in the right-hand column, is the cardinality ofthis set.A formalism based on counting is used because it is more expressive than aformula alone. It allows a feature to calculate the number of ways in which theformula can be satis�ed. The formalism is a superset of a boolean rule. A featurewith an empty variable list is equivalent to a rule: its value is 1 if the formula issatis�able and 0 if the formula is unsatis�able.When a feature is created it inherits the variable list of the feature from whichit was transformed. Variables can be removed from the variable list by the remove-variable transformation, discussed in Section 4.2.Two performance measurements are made of each feature. These are used infeature selection and generation.1. The discriminability of a feature is the ability of the individual feature to dis-criminate the instances when used by the concept learner. Because this is anindividual measure, it disregards the e�ects of other features in the feature set.2. The cost of a feature is the average amount of time it takes to compute the valueof the feature in a state. Cost is determined empirically by measuring CPU time.4.2. TransformationsFeatures are generated using the domain-independent transformations shown inTable 1. A transformation applies to a feature and creates one or more new featuresfrom it, without losing the original feature. The next four sections explain each ofthe transformations in Table 1.Decomposition Transformations. Zenith employs three decomposition transfor-mations. Split-conjunction operates on features with conjunctive formulas. It par-titions the formula's terms based on the variables it uses, such that none of thepartitions share variables. A separate feature is created for each partition. Thejusti�cation for this decomposition is that the satis�ability of each partition is not



12 Computational Intelligencedependent on the satis�ability of any other partition. For example, the formula:p(X) ^ q(X;Y ) ^ r(Y ) ^ s(Z) ^ t(Z)would be partitioned into two features:p(X) ^ q(X;Y ) ^ r(Y )based on their common use of X and Y , ands(Z) ^ t(Z)based on their common use of Z.Remove-negation operates on features whose formulas contain negations. It re-places a negated term :P with the expression P , and it adds the variables used in Pto the new feature's variable list. This transformation overcomes a limitation of logicprogramming: the variable values satisfying a negated term cannot be enumerated,but those satisfying a non-negated (positive) term can. The resulting feature countsthe values of variables internal to P .Split-arith-comp transforms a feature whose formula contains an arithmetic com-parison (=; 6=; <;�; >;�) between two variables X and Y . The feature is split apartinto two features that calculate the values X and Y . This transformation is similarto the AE transformation of CINDI (Callan & Utgo� 1991a; 1991b). Split-arith-calcapplies to features that perform an arithmetic calculation. A separate feature iscreated for each arithmetic operand in the calculation.Goal Regression Transformations. Zenith uses a single goal regression transfor-mation, regress-formula, which produces new features by regressing the formula of anexisting feature through a domain operator. The transformation chooses a domainoperator, then chooses a player, and generates the pre-image of the formula withrespect to the instantiated operator.For example, assume regress-formula is applied to a feature with the formulaowns(Player, Square). Regress-formula would �rst choose an operator. Othellohas only one domain operator, move(Player,MoveSquare), meaning that Playermoves to MoveSquare on the board. Note that in this example the variable Playeris shared between the formula and the operator. Regress-formula would then selectan agent for the operator. There are two players in Othello: black and white.Regress-formula would thus perform the regression with one value of Player at a time.It would regress owns(black,Square) through move(black,MoveSquare), then itwould regress owns(white,Square) through move(white,MoveSquare).The result of goal regression is a set of cases corresponding to the pre-imagesof the formula. Regress-formula takes the expression resulting from goal regres-sion and creates a feature from every disjunct in the resulting expression. In theexample above, regressing owns(black,Square) through move(black,MoveSquare)would yield these three disjunctive pre-images:� Square was the square taken by black (so Square=MoveSquare), or� Square was already owned by black and was not a�ected by the move, or� Square was owned by white and it was 
ipped by black.Three new features would be created from this regression, each corresponding toone of these pre-images.



Knowledge-based Feature Discovery for Evaluation Functions 13Abstraction Transformations. Zenith has two abstraction transformations. Thetransformation Remove-LC-term performs term-dropping abstraction similar to thatin ABSTRIPS (Sacerdoti 1974). It removes the least constraining term occurringin a formula. Zenith places a term in one of three categories, in order of increasingcriticality:1. A term that can be achieved by an operator.2. A term that is state-dependent (i.e., the term changes between states) but cannotbe achieved by an operator.3. A term that is state-independent, i.e., one that never changes.The criticality of a term is determined automatically by examining the problemspeci�cation. ABSTRIPS depended upon the domain having STRIPS-style operatorswith explicit preconditions, postconditions and deletelists; this made the criticalityjudgments straightforward. Zenith does not assume that the operators of its domainare representable in STRIPS notation, so it uses somewhat more complex (and lessexact) techniques for determining criticality:� If the term's predicate is declared to be non-state-speci�c in the problem speci-�cation, then the term is of criticality 3.� The term is of criticality 1 if it can be achieved directly by an operator. This istested by regressing the term through every operator and looking at the resultingpre-image. If the pre-image does not include the term, then Zenith assumes thatthe agent can achieve the term directly, and the term is assigned a criticality of1.� If the term is declared to be state-speci�c but does appear in its own pre-image,then it is assigned a criticality of 2. This means that the term can be a�ected insome way, but not (apparently) achieved directly by an operator.Using these principles, remove-LC-term drops the least critical term and createsa new feature from the resulting formula. If several terms are of the same criticality,it creates multiple features, each with one least-critical term removed.The second abstraction transformation, remove-variable, removes a single variablefrom a feature's variable list. Remove-variable is classi�ed as an abstraction trans-formation because the resulting feature provides less information about the formula,and because the resulting feature is also usually less expensive to compute than theoriginal. By creating features with full variable lists, Zenith begins with a fully in-formed version of the feature; if the feature proves valuable, Zenith can then discardvariables to create less expensive versions of it.Specialization Transformations. Zenith includes a transformation, variable-specialize,that looks for variable values that always satisfy a feature's formula, and creates anew feature that uses those speci�c values. Speci�cally, given a feature f with asingle variable X in its variable list, variable-specialize splits f 's formula into a pre�xp that binds X and a su�x q that uses X. The following set is then computed:S = fX j p(X)! q(X)gS is computed empirically by sampling Zenith's database of training instances, gen-erating X values and discarding X values that satisfy p(X)^:q(X). If any elements



14 Computational Intelligenceremain in S, a new feature f 0 is created that has formula:p(X) ^ (X 2 S)In f 0 the conjunction q has been replaced by a set inclusion test. The latter test isusually much cheaper than q.4.3. Controlling the TransformationsZenith's initial feature is created directly from the performance goal. New fea-tures are generated subsequently by applying transformations to the existing features.Unrestricted transformation of features is impractical because most transforma-tions can be applied to most features. Therefore, a control strategy is employed thatrestricts the application of transformations to features that could plausibly bene�tfrom the transformation. Two data about each feature are used to guide featuregeneration. Every feature incurs a time cost to compute its value in a state. Becausethe total time cost of the evaluation function is bounded, usually only a subset of theexisting features are used in the evaluation function. A feature's selection for use inthe evaluation function is an indication of its quality. The cost of a feature and itsuse by the evaluation function give rise to the following two de�nitions:� An expensive feature is one whose cost exceeds a maximum threshold. In theimplemented system, this threshold is 10% of the maximum allowed cost of theentire evaluation function.� An active feature is one that has been selected for use by the evaluation function.A feature that is not used by the evaluation function is called inactive.The following rules are used to determine which transformations should be ap-plied to a given feature:1. Decomposition transformations may be applied to any feature. Because decom-position is based on speci�c syntactic forms and generally produces features thatprovide more information than the original, it is bene�cial to apply decomposi-tion transformations to both active and inactive features alike. Features resultingfrom decomposition are usually less expensive than the original, so both expensiveand inexpensive features can be decomposed bene�cially.2. If the feature is expensive, abstraction and specialization transformations are ap-plied to it, in order to reduce its cost. In principle, abstraction and specializationcould be applied to any feature because reducing feature cost is arguably alwaysworthwhile. However, abstraction and specialization generally involve a trade-o�between cost and accuracy. This control rule is based on the assumption thatthe accuracy sacri�ce is probably not worth making for features that are alreadyinexpensive.3. Only if a feature is active and inexpensive will goal regression be applied toit. Goal regression usually produces features that are more expensive than theoriginal, so it is only applied to features that have already proven their worth.This rule is based on the assumption that if a feature is inactive, it is unlikely thata feature based on its pre-image would have a greater contribution to conceptaccuracy.



Knowledge-based Feature Discovery for Evaluation Functions 15New features are generated from both active and inactive features. Active fea-tures may be regressed through operators but inactive features will not be. Aninactive feature may have been excluded from the evaluation function because it wasnot useful, or because it was too expensive for its contribution; in either case itspre-image should not be generated.4.4. Feature SelectionAfter generating new features, Zenith must select a subset of them to use for theevaluation function. The feature selection step has two results. First, the evaluationfunction produced will be used in problem solving in the next cycle. Second, thefeature selection method partitions the features into active and inactive subsets.This partitioning is used in feature generation in the next cycle.Determining an optimal subset of features is prohibitively expensive. Zenithuses a sequential backward selection method (Kittler 1986). The method creates anevaluation function from the entire feature set, then it casts out individual featuresuntil the total cost of the evaluation function falls below the imposed limit. Thefeature to be cast out is the one that produces the smallest decrease in conceptaccuracy when removed from the set. When the process terminates, the remainingfeatures are used in the evaluation function. These are termed the active features,and the features that have been cast out are inactive.Feature selection and generation are closely linked. A simpler strategy mightkeep no inactive features and develop only the active ones. However, an inactivefeature may not be bad; it may simply be too expensive or too speci�c, in which casefurther development may improve it. At the other extreme, a control strategy mightkeep all inactive features and continue developing them regardless of their worth.This strategy would quickly overwhelm the feature selection mechanism, which mustexamine the current features and select the best for use by the evaluation function.Instead, an intermediate strategy is used in which a �xed number of the inactivefeatures are kept in a reserve set. After feature selection, the inactive features areordered by their individual contributions to the evaluation function. The features ofhighest contribution are kept, and the remainder are discarded. In the experimentsbelow, the 20 inactive features of highest discriminability were kept, and the remain-der were discarded. Thus, Zenith performs a beam search through feature space witha beam size of 20.5. OTHELLO EXPERIMENTS AND RESULTSZenith's primary domain of application was the board game of Othello. Thissection describes Zenith's performance in that domain. Zenith has also been appliedto Telecommunications Network Management (Fawcett & Utgo� 1992; Fawcett 1993).The Othello problem speci�cation corresponds to the rules given to a humanplayer2. It contains a de�nition of the Othello board, a speci�cation of the Othellomove, and statement of the goal. Zenith's goal in Othello is a win for the Black player.The theory speci�es auxiliary predicates necessary for the de�nition of win, such as2The Othello problem speci�cation is available via the Internet from the machine learning databaserepository at the University of California at Irvine. The URL isftp://ics.uci.edu/pub/machine-learning-databases/othello/new-othello.theory.



16 Computational Intelligencespan and line. These predicates are in turn de�ned in terms of the operationalpredicates, the primitive observable attributes of an Othello state.Othello has one general operator, move(Player,Square), indicating the playermaking the move and the square to which the player is moving. The domain theoryalso speci�es the pre-images of expressions with respect to the Othello operator.These pre-images are used by the goal regression transformation.The domain theory also contains meta-information about predicates. It speci�esmode declarations (Warren 1977) about Prolog predicates, indicating which argu-ments of a predicate are used for input, output or both. Mode declarations are usedto determine whether a formula is legal. The domain theory speci�es the conditionsunder which a predicate call is determinate, and which predicate calls are operational.An operational predicate is considered to be an atomic operation and its de�nitionwill not be inspected by Zenith.It is important to note what the domain theory does not include. It contains noinformation about strategy or tactics, no information about how to win the game, andno knowledge about how to generate or select features. Though it has informationon how the squares are connected, it has no special knowledge about corner, edge,C or X squares. It has no information about the board center. It has no concept ofstability, mobility and vulnerability of pieces, or the notions of attack and defense.5.1. ExperimentsZenith's opponent is an expert Othello-playing program called Wystan. Wystanuses a sophisticated set of features and 4-ply search, so its moves are initially muchbetter than Zenith's. Wystan's evaluation function is a weighted sum of featurevalues, the weights having been derived via TD from a large set of instances. Wystanuses its evaluation function to choose moves for approximately the �rst forty-sixmoves of the game, then switches to perfect search for the last fourteen moves.Zenith's performance component makes a move using the preference predicate(Utgo� & Saxena 1987; Utgo� & Clouse 1991). Several choices were made in orderto simplify the performance component:� The performance component performs 1-ply search. It determines the descen-dants of the current state and chooses the most preferred successor state usingits preference predicate. This choice was made primarily to reduce the amountof time spent by the performance element.� Zenith does not use perfect search in the Othello end-game. The same preferencepredicate is used throughout the entire game. This was done to keep the perfor-mance element domain independent. We did not want to bias the performancecomponent toward any particular two-player game, so we did not assume that theend-game could be searched, or even identi�ed. Hence, Zenith employs a singlesearch method over the entire state space.After each game, Zenith's critic extracts preference pairs from the moves. Eachpreference pair constitutes an instance and is added to the instance base. In theexperiments below, the capacity of the instance base was limited to 3000 to keepmanageable the time taken in calculating feature values. This limit was rarely metwithin 10 cycles because each game added roughly 250 instances. Zenith trains on-line: in every cycle, after instances are added, Zenith trains a new evaluation functionon the current instance set, to be used in the following cycle.
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Figure 6. Classi�cation accuracies for Othello using a linear threshold unit.At the end of every cycle the instance accuracy of the preference predicate istested and reported. The instance accuracy is the classi�cation accuracy of thepreference predicate, measured as follows. The instance set is partitioned randomlyinto a training set (2/3 of the instances) and a testing set (the remaining 1/3). Thepreference predicate is trained on the training set, then its accuracy recorded againstthe testing set. Accuracy is measured by applying the preference predicate to eachinstance and checking for strict (consistent) preference. The accuracy is the ratio ofcorrectly classi�ed test instances to total test instances.In order to arrive at a �nal accuracy, Zenith creates and tests preference predi-cates repeatedly until the average accuracy lies within a 2% con�dence interval with99% probability. At this point the average accuracy is reported.Performance improvement is also measured by playing a set of ten games againstan opponent after every cycle and counting the number of games won. A separate op-ponent was created that used Zenith's framework but Wystan's evaluation function.The opponent uses 1-ply search and no exhaustive search in the end-game, but usesWystan's expert hand-coded features. A separate opponent called ORFEO (ORacleFEature Opponent) is used to test Zenith's performance. ORFEO performs 1-plysearch using Wystan's features but performs no end-game search. Thus, ORFEOhas Zenith's framework but uses a handcoded expert feature set.Because neither opponent learns while it plays, Zenith's games against ORFEOare arti�cially varied slightly. There are several ways that this could be done, such asselecting moves probabilistically. Following the practice of Lee and Mahajan (1988), aportion of the opening game (the �rst �ve moves made by each player) is randomizedto provide variety in the games. Without this small amount of randomization, theopponents might play the same set of moves repeatedly.Linear Threshold Unit. The �rst tests used a linear threshold unit (LTU) as apreference predicate. The LTU was trained using the Recursive Least Squares (RLS)training rule (Young 1984). For a given preference pair, the LTU was trained onthe di�erence vectors of the preference pair states. First the di�erence vector waspresented with the desired output value of +1, then the negated delta vector was



18 Computational IntelligenceTable 2. Number of features generated for Othello (LTU)Time limit Total Active at Accuracy(msecs) generated end of run attained250 86 6 85%500 119 16 85%750 138 10 86%1000 98 5 84%3000 228 14 88%presented with the desired output value of -1. The LTU was used to classify a newpair of states by calculating the feature delta vector of the states and presenting theit to the LTU. For a positive output, the �rst state is preferred to the second; for anegative output, the second is preferred to the �rst.The e�ect of feature generation can be measured directly as the change in clas-si�cation accuracy of the LTU. Four experiments were run varying the evaluationfunction cost limit as an independent parameter. Each of the experiments was al-lowed to run for ten cycles, at which point the accuracies had stabilized. Figure 6shows classi�cation accuracy as a function of cycle number. In these runs, the ac-curacies rose from zero in the �rst cycle to a �nal value between 83% and 86%. Asthe evaluation function cost limit was raised, the corresponding accuracy attained byZenith rose only slightly.To test the e�ect of further increase in the evaluation function cost limit, anotherexperiment was performed in which three seconds (3000 milliseconds) were allowed foreach evaluation. The highest accuracy achieved in this run, 87%, is not substantiallyhigher than the accuracies in Figure 6, indicating that there may be an accuracyceiling above which Zenith's feature generation, trained with an LTU, cannot rise.Tables 2 and 3 show data on feature generation in these experiments. Table 2shows the total number of features generated by Zenith in the experiments with anLTU. The second column shows the total number of features generated in the run,and the third column shows the number of features in the active set at the end ofeach run. The last column shows the highest instance accuracy attained in the run.Table 2 demonstrates that Zenith does not generate a prohibitive number of featuresas the time limit is raised.The �nal size of the active feature set, shown in Table 2, does not increasemonotonically with the time limit. This may seem counterintuitive because a greatertime limit should imply that more features could be used. However, Zenith develops afeature di�erently depending on whether it is considered expensive, and the de�nitionof expensive is a function of the time limit. Hence, given higher time limits, Zenithmay end up with several expensive features rather than many inexpensive features,if the expensive features attain equal or better accuracy. However, there may bebene�ts to reducing the cost of expensive features so that more features can beadmitted into the active set. This is an area for future study.Table 3 shows the number of times each transformation was used. After eachtransformation is the total number of times it �red in each run. A \�ring" is thegeneration of a new feature by a transformation. Split-arith-calc was not used at allin this domain because it decomposes arithmetic calculations, and the domain theoryof Othello performs no arithmetic calculations. Other than that, all transformations



Knowledge-based Feature Discovery for Evaluation Functions 19Table 3. Transformation �ring data for Othello (LTU)Transformation Class Time Limit250 500 750 1000 3000split-arith-comp Decomposition 2 2 2 2 2split-arith-calc Decomposition 0 0 0 0 0split-conjunction Decomposition 9 4 9 3 11remove-negation Decomposition 6 7 6 6 8split-disjunction Specialization 6 10 11 19 21expand-to-base-case Specialization 18 20 25 7 15variable-specialize Specialization 3 5 2 1 3remove-LC-term Abstraction 11 6 13 4 7remove-variable Abstraction 18 23 15 16 16regress-formula Goal regression 12 41 54 39 144
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Figure 7. The performance of Zenith after every cycle, using a linear threshold unit. Eachpoint represents the number of games out of 10 won by Zenith against the ORFEO opponent.were used multiple times in a run.Performance improvement was also measured at the end of every cycle by havingZenith play against ORFEO. Figure 7 shows the results for these games, with thenumber of games won as a function of cycle number. Because instance classi�cationaccuracy improves with the cycle number, Figure 7 demonstrates that performancegenerally improves with classi�cation accuracy; however, the performance is erratic.This may be due to the feedback between performance and learning with on-linetraining. As the evaluation function changes, it causes the problem solver to ex-plore di�erent parts of the instance space, which in turn changes the set of traininginstances. This phenomenon was observed and has been labeled temporal crosstalkby Jacobs (1990). A learning system su�ering from temporal crosstalk appears toperform poorly or erratically because it is led continually into new regions of theproblem space for which its learned responses may be ine�ective or even disastrous.Donald Mitchell (1984) mentions a similar phenomenon related to novice versusexpert learning. He argues that a program plays most e�ectively when its evaluation



20 Computational Intelligencefunction is tuned against opponents whose skill level is comparable to its own. Withina learning system, this improvement from novice toward expert constitutes a form ofconcept drift. Because of the feedback from performance to the training instance set,the relationship between evaluation function accuracy and performance is complex.Investigation of this relationship is the subject of future work, and is discussed furtherin Section 7.3.5.2. Univariate Decision Trees (C4.5)In order to investigate the sensitivity of feature generation to the concept form,the second set of Othello experiments used the C4.5 program (Quinlan 1993) as aconcept learner. C4.5 is a learning program that induces a decision tree from a set ofexamples. C4.5 is based on ID3 (Quinlan 1986) but has several extensions, the mostimportant of which is the ability to accommodate continuous-valued numeric features.C4.5 was used with windowing disabled, but with all other options defaulted.C4.5 produced preference predicates in the form of two-class decision trees. Fora given preference pair, C4.5 was trained on the delta vector as an example of theclass \preferred", and trained on the negated delta vector as an example of the class\not-preferred." A new state pair was tested by classifying both its delta vector andits negated delta vector; only if both the delta vector and its negation were classi�edcorrectly was the preference assumed to hold.A modi�ed sequential backward selection method was used with C4.5. The utilityof a feature was measured by summing, for every internal node in the decision treethat tested the feature, the number of instances that reached that node. The resultingcount thus measured how many instances used the feature in their classi�cation. Thefeature with the lowest count was assumed to be the least useful feature, and wasdiscarded.Four experiments were run, varying the evaluation function cost limit as an in-dependent parameter with the same values as with LTUs. Again, each of the experi-ments was allowed to run for ten cycles. Classi�cation accuracy is shown in Figure 8.In these runs, the accuracy rose from zero to a �nal value between 76% and 81%.These accuracies were generally slightly lower than the corresponding instance accu-racies for LTUs. This is probably because univariate decision trees are more suitablefor discrete symbolic attributes than for Zenith's continuous attributes. For contin-uous attributes, in addition to determining the best attribute on which to split, aunivariate decision tree algorithm must �nd proper range values for the attribute.The accuracies of the 1000 millisecond run lagged behind those of the other C4.5runs, and exhibited a noticeable drop in the tenth cycle. This is due to the modi�edbackward selection algorithm. Better features were available in the last cycle, butthey were not used because the highest-ranked feature was very expensive. Thishad the e�ect of squeezing out other features, and resulted in only a single featureleft in the active feature set at the end of the cycle. Section 7 discusses Zenith'srequirements for feature selection in more detail.As with LTUs, a �nal experiment was run in which the evaluation function costlimit was raised to three seconds (3000 milliseconds). The highest accuracy achievedin this run, 78%, is similar to the highest accuracies of Figure 6, but the number offeatures generated is smaller. This may be due to the more erratic feature selectionmethod.Table 4 shows data on feature generation for the C4.5 experiments. The tableshows, for each value of the evaluation function time limit, the total number of fea-
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Figure 8. Classi�cation accuracies for Othello using the C4.5 learning program.Table 4. Number of features generated for Othello (C4.5)Time limit Total Active at Accuracy(msecs) generated end of run attained250 83 3 76%500 97 7 77%750 97 3 81%1000 98 1 76%3000 77 3 78%tures generated, the number of features in the active set at the end of each run, andthe accuracy attained. Again, the 1000 millisecond run had a lower accuracy thanexpected, and the run concluded with only a single active feature. The transforma-tion �ring data are similar to the corresponding data for LTUs, except that fewerfeatures were generated in the 750 and 1000 millisecond runs of C4.5. This is be-cause on average there were fewer active features in these C4.5 runs. Game-playingperformance with C4.5 exhibited behavior similar to that reported with LTUs.6. FEATURE GENERATION IN OTHELLOThis section discusses features generated by Zenith and how they compare withknown features from Othello. Speci�cally, we discuss known features that Zenithgenerated, novel features that Zenith generated, and known features that Zenith didnot generate.Many of the known features for Othello have been discussed and analyzed byMitchell (1984). A more accessible description of the game and some of the im-portant features is included in a journal article by Rosenbloom (1982). Lee andMahajan (1988) also discuss Othello features. Unfortunately, details of the featuresused by top-ranked Othello programs are rarely published while the programs are



22 Computational Intelligencestill in competition; Kierulf's BRAND (1989) and Peer Gynt (1990) programs areexceptions.6.1. Generation of Known Othello FeaturesFigure 9 illustrates Zenith's derivations of some of the known Othello features,and two novel ones. The �gure shows the features discussed in this section and inSection 6.2. Due to space considerations, only a subset of all generated features areshown. Tables 2 and 4 give information on the total number of features generatedfor the runs.Zenith uses generated symbols for its features, such as f17; the feature names inthe �gure are descriptive names assigned by hand.Zenith's initial feature is created from the performance goal, win(black), whichis speci�ed by the domain theory. This initial feature is binary, and returns one whenapplied to states in which Black has won and zero otherwise. This feature is uselessfor directing search because it only distinguishes end-game states in which Black haswon from states in which Black has not. However, decomposing this initial featureyields features measuring the score for each player (Pieces), and the number of legalmoves (Moves).The Pieces feature counts the number of Black pieces on the board. Regressingthe formula of Pieces through the Othello move operator yields a Semi-stable Piecesfeature that counts the Black pieces in a state that are semi-stable. Semi-stablepieces are pieces that cannot be acquired by the opponent in a single move. Fromthis feature, remove-negation generates the Axes feature, which measures the totalpotential for 
ipping opponent's pieces on the board. Axes measures, for each piece,the number of ways in which it can be 
ipped. A further abstraction of this, usingremove-variable, yielded Semi-unstable Pieces, which counts the pieces that can betaken by the opponent on the next move.The number of semi-stable pieces is a useful feature of a state to measure, butit is expensive to test every piece for semi-stability. The variable-specialize transfor-mation specialized this expensive feature by looking for squares that are invariantlysemi-stable; that is, by looking for squares that invariably satisfy the semi-stabilityproperty. Because of the geometry of the Othello board, pieces on the four cornersquares are invariantly stable: it is not possible to create a span through a cornersquare to 
ip a piece on it. Zenith's variable-specialize transformation found the cor-ner squares, and several others, to be frequently stable. From these squares thevariable-specialize transformation created a new feature, called Apparently Always Sta-ble Squares (AASS). Because it includes squares other than the corners, AASS is notequivalent to Corner Squares, although AASS subsumes it.The AASS feature proved to be both useful and inexpensive. Goal regression wasthen applied to it, yielding a feature that counted the number of pieces that couldbe taken on the next move. This feature is similar to commonly known features suchas X Next to Empty Corner and C Next to Empty Corner.Zenith created a number of mobility features, shown on the right-hand side ofFigure 9. From the initial feature, Zenith created a feature that measured the numberof moves available (Moves). By expanding the de�nition of the Othello move, a newfeature was created that counted the number of squares involved in each move. Byrepeatedly abstracting this feature, Zenith created a number of simpler, less costlymobility features including three used by Rosenbloom (1982) (Rosenbloom Empty,Rosenbloom Sum Empty and Rosenbloom Frontier). However, Rosenbloom's features
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AbstractionFigure 9. Othello features generated by Zenithmeasured the di�erence in mobility between two players, whereas Zenith's featuresmeasured the value for each player individually.6.2. Generation of Novel Othello FeaturesFigure 9 also shows several novel features generated by Zenith that, to the bestof our knowledge, have not been published or discovered elsewhere. By applying theregress-formula transformation to the Moves feature shown on the right-hand side ofthe �gure, Zenith generated several future mobility features that detected moves thatcould become available in the next state.
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f13(H) :- count([G,E,A,C],(A=B,square(C),blank(C),opponent(black,D),D\==black,direction(E),neighbor(C,E,F),span(F,G,E,D),neighbor(G,E,A),legal_move(A,black),B\==C),H).Figure 10. The Future Mobility feature. At top left is the pattern being matched by thefeature. At top right is an illustration of the feature applied to an Othello state. At bottom isZenith's de�nition of Future Mobility for the Black player.One of these features is illustrated in Figure 10. A pattern illustrating the con-�guration matched by the feature is shown at the left side of Figure 10. Intuitively,the feature measures the number of ways in which a move can be created by takinga blank square. At the right side of Figure 10 is a sample board to illustrate thefeature. Each of the X's on the board is a blank square bound to square A in thepattern (square F5 occurs twice). The variable values generated by the feature inthe sample state are: [c3,ne,d2,b4] [c3,sw,b4,d2][e6,ne,f5,d7] [f2,se,g3,e1][f6,s,f7,f5] [e6,sw,d7,f5][f6,n,f5,f7] [f3,nw,e2,g4]so the value of the feature in this state is 8. Figure 10 shows the actual text of thefeature.Another novel feature created by Zenith is called Frontier Directions. This featuremeasures the number of directions in which a frontier exists for a player. Its valueranges from zero to eight. Frontier Directions is illustrated in Figure 11, in which
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A D E

blank

C (direction)

NW N NE
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SW S SEf73(F) :- count([C], (square(A),blank(A),opponent(black,B),direction(C),neighbor(A,C,D),owns(B,D),neighbor(D,C,E),owns(black,E)),F).Figure 11. The Frontier Directions feature. At top left is the pattern matched by the feature.At top right is an illustration of the feature applied to an Othello state. White has neighboringblack pieces in the directions fSW,S,SE,E,NE,Ng, so the feature value in this state is 6. At bottomis Zenith's de�nition of Frontier Directions for the Black player.the black player has a Frontier Directions value of 6. This feature is a very abstractmeasure of mobility in that it ignores not only the existence of a bracketing piece butalso the number of moves available in the same direction on the board, no matterwhere they are. It is surprising that such an abstract feature proved useful to Zenith,but it survived in competition with other mobility features.6.3. Known Othello Features Not GeneratedZenith was unable to generate all known features for Othello. Some featuresare based on a property of the Othello domain that Zenith's transformations areunable to generate. Other features require a form that Zenith is unable to produce.Section 7 discusses improvements that could be made to Zenith to overcome some ofthese limitations.Stability Features. Stability is a property of a piece such that the piece cannotbe 
ipped by any future move. The corner squares are unconditionally stable inthat any piece placed in a corner is stable regardless of the occupants of the rest ofthe board. Other pieces can become stable depending on their neighboring squares.Because corner squares are unconditionally stable, stable regions emanating from the



26 Computational Intelligencecorner often can be created.Zenith can generate a semi-stable feature that recognizes pieces that cannot bere-taken with a single move. Zenith can also generate a feature, labeled AASS Pieces,which is an empirical approximation of unconditional stability; that is, stability ofindividual squares without regard to surrounding pieces.Stability of interior discs is much more expensive to test because it requires testingeach square for stability along its axes. Even using e�cient handcoded procedures,such stability tests generally take too long to be worthwhile3 . Instead, most programsuse features that check for speci�c con�gurations of stable pieces, usually along theedge. Examples of such features are Stable Pieces, Stable Edge Pieces, Nonstable EdgePieces, Rosenbloom Edge Score and Edge Anchor.Zenith is unable to generate features for stability for two reasons. First, Zenithdoes not reason about move sequences . Although its regress-formula transformationcan regress a formula through an operator application, it cannot derive propertiesthat are true of inde�nitely long sequences of operator applications. Second, itsvariable-specialize transformation looks only for individual domain elements that sat-isfy a property. Variable-specialize does not examine combinations of domain elementsthat, taken together, satisfy a property. For example, a piece on a C square nextto an empty corner is unstable, but a piece on a C square next to a corner that isoccupied by the same color piece is stable.Edge Square Features. Pieces on edge squares are important in Othello becausethey can only be 
ipped by a move along the edge, so they tend to be more stablethan interior squares. They are also important because moves along the edge can beused to take the corner, and because large stable regions can be constructed from acorner and its adjacent edge(s).Because of the importance of edge squares, many Othello programs employ fea-tures involving them. Some features simply count edge pieces in speci�c con�gura-tions (Semi-Stable Edge Pieces, Stable Edge Pieces, NonStable Edge Pieces), and someweight the squares in di�erent ways (Rosenbloom Edge Score, Edge Anchor). However,although edge squares are known to be important, players disagree about whether itis good or bad to own edge pieces (Mitchell 1984); Kierulf (1989) invented a featurethat penalized edge con�gurations he considered to be dangerous.Zenith does not create features that employ edge squares because Zenith's trans-formations are incapable of recognizing edge squares as a special class. Zenith couldcreate a feature for edge squares by a change to its variable-specialize transforma-tion. Currently this transformation checks a property against instances and acceptsonly domain elements that are completely invariant with respect to the property (seeSection 4.2). This test could be weakened so that elements that usually satisfy theproperty are accepted. This change would allow a feature to generate edge squaresas regions of high semi-stability or low mobility. This idea is further explored inSection 7.Specialization of Number. Zenith's variable-specialize transformation can special-ize the identities of domain elements that satisfy a property. Some features are spe-cializations of the number of domain elements that satisfy a property. For example,Weighted Sum Empty is a mobility feature like Rosenbloom Sum Empty that weights3Rosenbloom's (1982) IAGO program used an internal stability feature, but Rosenbloom noted thatbecause of the approximation required, it was most useful in games in which IAGO already had an advantage.



Knowledge-based Feature Discovery for Evaluation Functions 27the number of empty neighbors to determine the feature value: one neighboring discassigns 6 to that piece's mobility score, two neighboring discs assigns 11 to the score,three discs assigns 15, etc. Thus, Weighted Sum Empty uses specializations of thenumber of empty neighboring squares that a piece has.Similarly, the Solitaires feature counts the number of pieces for a player that haveonly one neighbor of the same color (solitaire discs are thought to be disadvanta-geous to own because they are \stranded" from the center of play). Thus, Solitairespecializes the number of neighbors that a piece has.Zenith can create a feature that measures the number of pieces owned by theplayer, and a feature that measures the number of pieces that have any number ofneighbors. However, it cannot create a feature that limits the number of neighbors ofa piece. Zenith's feature formalism allows it to count the number of values satisfyinga variable, but not to constrain the number of values. There is no straightforwardextension to Zenith's formalism that would allow this specialization.7. PROBLEMS, ISSUES AND FUTURE WORKThis research is exploratory, designed to answer the question How could expertfeatures be automatically generated for evaluation functions? The previous sectiondemonstrated that Zenith, when applied to a domain theory for Othello, is ableto generate many of the known features of that domain. It is also able to generatesome useful novel features. However, as with most exploratory work, experience withthe Zenith system has illustrated some problems with the theory and has suggesteddirections for future work.7.1. Evaluating and Selecting FeaturesFeature selection is one of the most important and time-consuming componentsof Zenith. It is critical because it determines not only the quality of the evaluationfunction but also the features that are considered active, and active features aredeveloped di�erently from inactive ones.Zenith imposes several unusual demands on a feature selection method.1. The method must be sensitive to feature cost as well as feature worth.2. The method must be able to accommodate groups of features that are very sim-ilar, and possibly identical, to each other. The simultaneous existence of similarfeatures in a set can confound selection methods that evaluate features indepen-dently.3. The method must be able to evaluate the contribution of a feature in the contextof other features in the set. A feature alone may be a poor predictor of prefer-ence, but when combined with other features may be stronger. Feature selectionmethods that evaluate features individually may under-estimate the worth of afeature for this reason.4. In some cases a feature will be created that produces zeroes on many of theinstances; that is, it will not di�erentiate many of the preference pairs, so manyof the resulting delta values will be zero. Some methods only penalize a featurefor poor correlation with preference, but because features are evaluated on allstates, some penalty must be incurred when the feature indicates no preference.Determining the optimal acceptable subset of a set of features is NP-complete, so



28 Computational Intelligenceexhaustive approaches are rarely used in practice. Instead, less expensive heuristicmethods are used (Kittler 1986; Kira & Rendell 1992). Several heuristic methodswere tried in Zenith.In earlier work (Fawcett & Utgo� 1991), features were selected by reducing theirworth to a single number that combined cost and discriminability. This method wasunsatisfactory for several reasons. The worth function was an individual measure thatwas independent of the contributions of the other features in the set, and Zenith wouldoften select several features that were very similar. Also, the discriminability/costtrade-o� represented by the worth function was never perfect because cost wouldsometimes have a greater in
uence than desired. It was di�cult to derive an equationthat could express universally the desired relationship. Though several such equationswere tried, none proved satisfactory.The method ultimately adopted kept feature cost and contribution separate, andused a sequential backward selection method (Kittler 1986). Sequential selectionmethods do satisfy Zenith's four requirements, but they tend to be expensive: forn features they require O(n2) applications of the concept learner. As mentioned inSection 5.2, this expense was acceptable for LTUs but prohibitive for C4.5, so themethod was modi�ed for C4.5. The modi�cation enabled the least valuable featureto be estimated after a single run of C4.5, thus reducing the entire selection processto O(n) applications of C4.5. Even with this modi�cation, feature selection remainsone of the most expensive components of Zenith, and probably will remain so.7.2. Control of Feature GenerationNew features in Zenith are created by applying transformations to old ones, thenletting the combined features compete with each other. Any feature that is not activeand does not make the inactive feature \cut" is ejected and not developed. Thus,the number of active and inactive features act as a beam width in beam search.Several variations of this control strategy were tested, such as �xing the size of theactive feature set, restricting the number of new features that could be introduced ineach cycle (Fawcett & Utgo� 1991), and changing the size of the inactive feature set.The current strategy was found to produce the best results and was satisfactory forthe experiments reported; however, it has shortcomings. Competition in the featureset is still high; in the �nal cycles of the runs, many features tend to be thrown awaythat have non-zero discriminabilities and could possibly be developed further.One way to improve feature generation would be to make the application oftransformations more intentional and focused. For example, Zenith could devoteone cycle to reducing the cost of a valuable but expensive feature. Zenith wouldthen apply transformations to the feature, perhaps repeatedly, and �nally extractthe best feature that it had generated and discard the others. One advantage of thisapproach is decreased competition: by developing the feature space around a singlefeature at a time, Zenith could do a more thorough job than by developing manyfeatures simultaneously.7.3. Decision Making and PerformanceAn important issue in this research is the relationship between decision accuracyand performance. We assumed that as an evaluation function became more accurate,the decisions based on it would improve, and the performance of the problem solverwould improve in turn. In Zenith this seems to happen in general, but the perfor-



Knowledge-based Feature Discovery for Evaluation Functions 29mance improvement is not stable. Although the classi�cation accuracy usually risesmonotonically, the corresponding e�ect on problem solving performance is erratic.Several hypotheses might explain this phenomenon. Temporal crosstalk, dis-cussed in Section 5.1, is caused by the interaction of learning and performance. Anysystem that does on-line training, in which learning is interleaved with performanceepisodes, is susceptible to temporal crosstalk. This phenomenon was identi�ed byJacobs (1990), but no solution has been found yet.Another hypothesis is that certain decisions in a domain are more critical thanothers, and that once a critical decision is made the exploration of the search spaceafter that decision is greatly a�ected. For example, in Othello losing a corner squareis critical, and it makes little di�erence how well other decisions are made after severalcorners have been lost. However, the instance base may not re
ect the importance ofthis decision; the instances involving this critical decision may be no more prevalentthan instances of other, less critical decisions. As a result, two preference predicatesmay have equal accuracy when measured against an instance base, but one may bemuch better at making critical decisions, and thus result in much greater performance.In their earlier work on backgammon that used expert-ranked boards, Tesauro andSejnowski (1989) emphasized the necessity of intelligently hand-crafting the trainingset to illustrate particular di�cult points.Unfortunately, there may be no a priori way to determine which decisions arecritical, and in turn which preference pairs are more important for the predicate todistinguish. It is possible that Temporal Di�erence (TD) learning (Sutton 1988) canovercome this problem. However, preliminary experiments by Callan (1993) usingTD learning in a similar framework exhibited similar erratic behavior as that shownby Zenith. The relationship between classi�cation accuracy and problem solvingperformance is an important topic of future work.7.4. SpecializationZenith uses three specialization transformations: expand-to-base-case, remove-disjunct and variable-specialize. The �rst two are standard methods of specializingexpressions. The third is unusual in that it specializes variables: it produces sets ofvalues that empirically satisfy the formula or a portion of the formula. In essence,variable-specialize induces from examples the invariants of a portion of a feature. Itcan also be characterized as a transformation that tries to create a cheaper structuralfeature from a valuable but expensive functional feature (Callan 1993). Section 6referred to a number of possible extensions to the variable-specialize transformationthat might account for more of the known Othello features.Currently, variable-specialize only accepts values that empirically always satisfythe conditions of the specialization (the q predicate of Section 4.2). One possibleextension is to weaken this test so that a value need only satisfy the test most ofthe time, by imposing a non-zero threshold on the portion of instances in which theelement was observed to vary. This would enable variable-specialize to create, forexample, a class for squares that were usually but not always stable. The disadvan-tage of introducing such a threshold is that it would increase the chance of spuriousinclusion in the set(s) generated. The induction performed by the transformationwould be more susceptible to coincidences and false matches.Currently, variable-specialize looks for individual domain elements that satisfythe unary predicate q. This could be extended in two ways simultaneously. Thetransformation could allow q to be an n-ary predicate, and it could examine con�gu-



30 Computational Intelligencerations of variable values that satisfy q, rather than individual values. For example,variable-specialize currently only �nds individual Othello squares to be stable. Withthe extension it could �nd con�gurations of squares that are stable together. Otherexamples, mentioned in Section 3.4, are the Bridge and Triangle of Oreo featuresof checkers, both of which are special con�guration of squares in checkers. Unfortu-nately, such an extension would have to examine many more examples, so it would bemore expensive. Like weakening invariance, it might lead to spurious con�gurationsbeing accepted.Another improvement to variable-specialize might be to prove invariance analyti-cally using the domain theory. For example, to most experienced Othello players itis \obvious" that corner squares are stable, and it may seem wasteful for variable-specialize to search through examples of moves to determine this fact. Variable spe-cialize could be altered so that, given a set of domain elements, it would hypothesizethat each is invariant and attempt to prove the hypothesis using the domain theory.Unfortunately, there are disadvantages to using analytical theorem proving to con-�rm invariance. The greatest disadvantage, and the reason it was not used in Zenith,is that the domain theory may not include all the information necessary to completethe proof. For example, proving the stability of corner squares in Othello requiresfacts such as:� The three conditions blank(X), owns(white,X) and owns(black,X) are mutu-ally exclusive.� If one square does not satisfy a condition, then no longer span of squares con-taining that square will satisfy the condition either.Such facts constitute meta-knowledge about the domain that is not necessary for thecompleteness of the domain theory, but is necessary for the proof. Though these factscould be added to the domain theory, the problem lies in determining that these factsare necessary for the proof to succeed in the �rst place. There is no way of knowingwhether a proof failed because the hypothesis was not true, or because some criticalknowledge was missing. Such knowledge simply cannot be assumed to exist.The second disadvantage of proving invariance analytically is that strict invari-ance is not always desirable. As already mentioned, there are bene�ts to weakeningvariable-specialize so that it accepts variables that are usually but not always invari-ant. Proofs of invariance could not easily provide information about the frequencywith which conditions are satis�ed or violated.7.5. Providing Goal Regression InformationApplying Zenith to a new domain requires a new domain theory, a new problemsolver, a new instance manager, and (sometimes) changes to the critic. Of theserequirements, supplying the domain theory is the most di�cult and time-consuming.Much of the e�ort of writing a domain theory is involved in specifying the goal regres-sion information; that is, the expressions that specify the pre-images of conditionswith respect to the domain's operators.Many machine learning systems employ the simpler, more constrained STRIPSoperator formalism (Sacerdoti 1974; Waldinger 1976). This formalism lends itself toanalysis: operator de�nitions are easy to inspect, interactions between operators arestraightforward to predict, and operator pre-images are easy to determine. Unfor-tunately, neither Othello nor Telecommunications Network Management (TNM) has



Knowledge-based Feature Discovery for Evaluation Functions 31operators that can be expressed using the STRIPS representation. Othello's opera-tor requires doubly-nested universal quanti�ers, and TNM's network controls requirefunctions to determine their e�ect on network tra�c 
ow.Because of these requirements, Zenith allows operator de�nitions to be arbitraryProlog procedures. Unfortunately, this generality prevents pre-images from beingcomputable automatically from the operator de�nitions. Zenith, like STABB (Utgo�1986), requires that the domain theory author specify the operator pre-images. Thereare as yet no methods for inverting such operators automatically, so specifying thepre-image expressions for a domain theory remains the most time-consuming partof applying Zenith to a new domain. The complexity of the operators in Zenith'sdomains is probably more typical of problem solving domains than is the relativelysimple STRIPS formalism.7.6. Feature OptimizationBoth Abstraction and specialization are intended to improve features by decreas-ing their cost without sacri�cing much of their accuracy. Abstraction does this by re-moving conditions of a conjunctive formula, e�ectively generalizing it. Specializationdecreases cost by creating special cases of a feature. Abstraction and specializationare both truth-compromising (as opposed to truth-preserving) operations; the result-ing features usually have di�erent semantics from the original. Zenith also containsa simpli�er that simpli�es the formulas of features to reduce their cost.Much more work could be done to optimize Zenith's features. An alternativeto removing terms from a formula is to reorder them. Term reordering is bene�-cial because Prolog interprets a conjunction from left to right, so whenever a termbacktracks it forces re-evaluation of terms to its right. By reordering terms (for ex-ample, by moving a rarely satis�ed term to the beginning of a conjunction) the totalnumber of term evaluations can be decreased substantially. Future work should in-vestigate such techniques because of their strong e�ect on feature cost (Warren 1981;Smith & Genesereth 1985). 8. CONCLUSIONSIt has long been recognized that inductive learning is very sensitive to represen-tation. Zenith is an attempt to answer the question raised by Arthur Samuel overthirty years ago, How can a system generate useful features automatically? Speci�-cally, this work addresses the problem of feature generation for evaluation functions,an area that has received little attention in constructive induction. The ultimategoal of this work is to produce, for any domain, features that are as good as thosecreated by humans.Zenith, when applied to a domain theory for Othello, is able to generate featuresthat are functionally equivalent to known features of that domain. With some ex-tensions to its transformations, primarily the specialization transformations, Zenithcould account for many of the known Othello features. Therefore, Zenith succeedsas an explanatory theory of feature generation4 . Zenith is also able to generate somenovel features that are useful for evaluating states. This demonstrates that Zenith is4The term \explanatory" here refers not to how features were derived, but how they can be derived.Zenith is not a cognitive theory.



32 Computational Intelligencepromising as a generative theory of feature discovery.Zenith is able to consistently improve its ability to classify state preference pairsby developing its set of features. Classi�cation accuracy increases smoothly with thecycle number. Thus, the features generated by Zenith are appropriate for the domainand useful for expressing the concepts necessary for problem solving. Zenith is alsoable to improve problem-solving performance, although the improvement is erratic.Tables 2 and 4 present data on the number of features generated. These dataindicate that feature generation increases sublinearly with the amount of time allowedfor the evaluation function. Similar results were demonstrated in TelecommunicationsNetwork Management (Fawcett 1993). This provides evidence that the method doesnot become prohibitively expensive as evaluation time is increased.The theory of feature generation integrates both feature costs and feature ben-e�ts. The work acknowledges that every feature used in an evaluation functionadds expense as well as accuracy. Therefore, Zenith addresses the utility problemin machine learning. This problem is most prominent in explanation-based learning(Minton 1988), but has been addressed in inductive learning as well (Nunez 1988;Gennari 1987; Tan & Schlimmer 1991).Zenith is one of the few symbolic systems that integrates feature discovery, con-cept learning and problem solving. Although previous work in constructive inductionhas used domains related to problem solving (e.g. tic-tac-toe concepts), the resultingfeatures were not used in an evaluation function. Furthermore, Zenith is one of thefew constructive induction systems to produce features for a domain with a verylarge search space and an intractable domain theory. By automating the construc-tion of features, it brings us closer to an ideal of automatic generation of evaluationfunctions. ACKNOWLEDGEMENTSPaul Utgo� advised this work and for provided valuable comments on previouspapers. Comments by Jamie Callan, Bernard Silver, Chris Matheus, Michael Pazzaniand Je� Clouse on previous papers improved the presentation of this work. Je�Clouse provided Wystan, Zenith's opponent.This research was supported in part by a grant from GTE Laboratories Inc., andby the O�ce of Naval Research through a University Research Initiative Programunder contract N00014-86-K-0764. Quintus Computer Systems Inc. provided a copyof Quintus Prolog, in which Zenith is written.REFERENCESBerliner, H. J. 1980. Backgammon computer program beats world champion. Arti�cial Intelligence,14:205{220.Callan, J. P., and P.E. Utgoff. 1991a. Constructive induction on domain knowledge. In Pro-ceedings of the Ninth National Conference on Arti�cial Intelligence. pp. 614{619. Anaheim, CA:MIT Press.Callan, J. P., and P.E. Utgoff. 1991b. A transformational approach to constructive induction. InProceedings of the Eighth International Workshop on Machine Learning. Evanston, IL: MorganKaufmann. pp.122{126.
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