An Ev olutionary Algorithm Extended b y Ecological Analogy and its Application to the Game of Go T akuy a Ko jima Kazuhiro Ueda Saburo Nagano College of Arts and Sciences The Univ ersit y of T oky o 3-8-1 Komaba, Meguro-ku, T oky o, 153, JAP AN k o jima@taik an.c.u-toky o.ac.jp Abstract The follo wing t w o imp ortan t features of h uman exp erts’ kno wledge are not realized b y most ev olutionary algorithms: one is that it is v ari- ous and the other is that the amoun t of kno wl- edge, including infrequen tly used kno wledge, is large. T o imitate these features, w e in tro duce an activ ation v alue for individuals and a new v ariation-making op erator, splitting, b oth of whic h are inspired b y ecological systems. This algorithm is applied to the game of Go and a large amoun t of kno wledge ev aluated as appro- priate b y a h uman exp ert is acquired. V arious kinds of Go kno wledge ma y b e acquired suc h as patterns, sequences of mo v es, and Go maxims, part of whic h has already b een realized. 1 In tro duction The kno wledge of h uman exp erts has t w o imp ortan t fea- tures. One is that it is full of variety ; h umans can ha v e man y t yp es of kno wledge, suc h as v erbal or visual, and there is little limitation in size and shap e. The other is that it can b e a lar ge amount ; it is estimated that a c hess master has b et w een 10,000 and 100,000 c h unks of kno wl- edge [ Simon and Gilmartin, 1973 ] . As a consequence, exp erts also ha v e kno wledge whic h is infr e quently use d . In con trast, kno wledge acquired b y most ev olutionary algorithms, suc h as Genetic Algorithm (GA), has t w o features. One is that it is in exible ; kno wledge repre- sen tation is uniform suc h that the length of all strings is unique. The other is that in most cases acquired kno wl- edge is limited to one kind; all rules tend to b e similar [ Goldb erg, 1989 ] in most algorithms. Moreo v er, algo- rithms can only acquire kno wledge whic h is frequen tly used. These t w o c haracteristics of algorithms are far from those of h uman exp erts. Among ev olutionary algorithms, Genetic Program- ming (GP) o v ercomes the �rst w eakness; it can use pro- grams as represen tation, whic h are far exible represen- tation than that used b y other ma jor ev olutionary al- gorithms. Ho w ev er, GP do es not o v ercome the second w eakness; all the individuals tend to b e similar. W e c ho ose ecological systems as a new source of ideas. In ecological systems, man y sp ecies co exist in en viron- men t. W e in tro duce an activ ation v alue for individuals and a new v ariation-making op erator, splitting, in order that di�eren t individuals co exist. This researc h aims to acquire a large n um b er of exible rules, including useful but infrequen tly used ones. This algorithm ma y help us to build a learning mo del in an ev olutionary w a y whic h learns as p eople do. This algorithm is applied to the game of Go, whic h has recen tly attracted considerable atten tion from AI researc hers as the target next to c hess [ Kitano and oth- ers, 1993; McCarth y , 1990 ] . Games ha v e b een used as a testb ed for AI algorithms b ecause they are w ell-de�ned and easy to use to test the algorithms. Almost all the games studied so far ha v e b een so simple that the game pla ying systems are on an exp ert lev el only b y using the searc h-in tensiv e approac h. Go is the only exception. Since Go has a m uc h larger searc h space than c hess, tak- ing the searc h-in tensiv e approac h used for c hess is not enough to mak e Go systems pla y as w ell as h uman ex- p erts. Th us, another approac h in AI, the kno wledge- in tensiv e approac h, should b e considered. Go pla ying systems of this approac h ha v e a large amoun t of kno wl- edge and searc h a small space resem bling h uman exp erts [ Saito, 1996 ] . Th us, Go is considered to b e an appropri- ate testb ed for the kno wledge-in tensiv e approac h. The kno wledge-in tensiv e approac h is di�cult to tak e b ecause of the di�cult y of acquiring a h uge amoun t of kno wledge. This algorithm aims to acquire large n um- b ers of rules, making it p ossible to tak e the kno wledge- in tensiv e approac h. 2 Explanation of this Algorithm Since it is inspired b y ecological systems, this algorithm is explained using ecological terms. 2.1 Ov erview of the Algorithm This algorithm acquires a large n um b er of rules in the form of pro duction rules. Eac h rule is considered as an individual and has an activation value . There are no rules in the initial state. A training datum is considered as fo o d whic h is eaten b y an y rule that matc hes it and the activ ation v alue of the rule increases. If there are no rules whic h matc h a giv en datum, a new rule is created whic h matc hes the datum. Th us, the n um b er of rules increases at an early stage. Rules whose activ ation v alue is o v er a certain threshold split in to the original rule and a more sp eci�c rule. Ev ery rule eats fo o d during eac h step and decreases one activ ation v alue. Rules whose activ ation v alue is 0 die . The pro cedure of this algorithm is sho wn b elo w. Algorithm 1 Outline of this Algorithm 1 step 1 while step � l aststep 2 c ho ose a datum from a training set 3 if no rule matc hes the datum then mak e a new rule else feed matc hed rules for all rules 4 if activ ation of a rule > f thr eshol d g then split the rule 5 activ ation of a rule activ ation of a rule � 1 6 if activ ation of a rule = 0 then the rule dies end 7 step step + 1 end 2.2 Details of the Algorithm Rules tak e the form of pro duction rules. They are Horn clauses; the condition part of eac h rule consists of a set of clauses and con tains only ^ as a logical connectiv e. Matc hing and F eeding Rules Matc hed rules are those whose condition part and ac- tion part matc h a giv en training datum. Those rules that do not ha v e more sp eci�c rules than themselv es are fed. An activ ation v alue equal to P arameter F O O D is shared among the rules fed b y one training datum. The follo wing is an example. Supp ose that the follo wing �v e rules are matc hed. 1. IF C 1 THEN A 1 2. IF C 1 ^ C 2 THEN A 1 3. IF C 2 ^ C 3 THEN A 1 4. IF C 4 ^ C 5 THEN A 1 5. IF C 2 ^ C 3 ^ C 4 THEN A 1 Since Rules 1 and 3 ha v e more sp eci�c rules than themselv es (Rules 2 and 5), they are not fed. The others, Rules 2, 4 and 5, do not ha v e more sp eci�c rules than themselv es, so they share fo o d and eac h gets one third of the fo o d. In summary , the more general the rules are, the more frequen tly they are matc hed, but the lo w er the probabil- it y is that they are fed when they are matc hed. Splitting and Making Rules A rule whose activ ation v alue is o v er a certain threshold splits in to t w o rules; one is the original rule and the other is created b y adding a new predicate to the condition part of the original (paren t) rule. F or example, a pattern, IF C 1 ^ C 2 THEN A 1 , splits in to the original rule and a new pattern, IF C 1 ^ C 2 ^ C 3 THEN A 1 . The new predicate, C 3 , is randomly c hosen as long as the newly created rule matc hes the giv en datum. If no rule is matc hed, a new rule is created whic h has only one predicate c hosen randomly in the condition part as long as the newly created rule matc hes the giv en da- tum. When a new rule is created, its activ ation v alue is de- cided b y a parameter, I N I AC T . When a rule is split, the activ ation v alue of the newly created rule is deter- mined b y I N I AC T and is subtracted from the activ a- tion of the paren t rule. 2.3 General Description of the System Beha vior The follo wing is the general description of the b eha vior of this system. In the initial state, this system has no rules. A training datum is giv en and if no rules matc h the giv en datum, a new rule ha ving only one predicate in the condition part is created, th us man y rules with only one condition are created in the early stages. A rule whose activ ation v alue is o v er a certain threshold splits in to the original rule and a more sp eci�c rule cre- ated b y adding a new predicate to the condition, so rules that often matc h data split frequen tly and more sp eci�c rules are created. The frequency of matc hing of a newly created rule is alw a ys less or equal to that of its par- en t rule, b ecause the condition of the new rule is alw a ys more sp eci�c than that of its paren t. Rules split and ev olv e in to more sp eci�c rules, as long as the frequency of b eing fed is higher than a certain threshold. There- fore, in the stable state, all rules are exp ected to matc h data with almost the same frequency . The n um b er of rules is exp ected to b e almost equal to the amoun t of F O O D . Let N b e the n um b er of rules. F or eac h step, ev ery rule loses one unit from its activ ation v alue, so the total loss in activ ation v alue is N ; on the other hand, the total gain in activ ation v alue is F O O D . 3 Application to the Game of Go W e c hose the game of Go as a testb ed for the algorithm, b ecause Go has a m uc h larger searc h space than c hess and kno wledge is therefore indisp ensable for computer systems to pla y Go. Moreo v er, recen t cognitiv e studies on Go pla y ers [ Saito and Y oshik a w a, 1996 ] ha v e rev ealed that h uman exp erts use Go kno wledge suc h as \patterns" and also searc h a game tree a little; this sho ws the im- p ortance of Go kno wledge to h uman pla y ers. Therefore, studying acquisition of Go kno wledge ma y help Go pla y- ing systems to pla y b etter. Game kno wledge can b e classi�ed in to t w o categories: strict know le dge and heuristic know le dge . The former is the kno wledge that can alw a ys b e applied and the v alidit y can easily b e sho wn, suc h as the w a y to cap- ture stones. The latter is the kno wledge whose v alidit y dep ends on situations, suc h as tesuji , a heuristic w a y of attac k or defense. In Go, a searc h space is so h uge and mo v es are so sensitiv e to situations that most of the kno wledge used b y h uman pla y ers is the heuristic kno wl- edge.

In our previous studies [ Ko jima et al. , 1994; Ko jima, 1995 ] , w e built a system that deductiv ely acquires Go patterns. Although the system acquires reliable pat- terns, it can only acquire strict rules, not heuristic ones. The t w o big problems in the presen t systems that ac- quire heuristic kno wledge are that the acquired kno wl- edge is lo calized and small, and that the kno wledge rep- resen tation is �xed. F or example, one system [ Sei and Ka w ashima, 1994 ] collects from master’s game records patterns, whic h are �xed diamond shap e and whose area is within �v e Manhattan distances of the cen ter. Our al- gorithm mak es it p ossible to acquire more exible kno wl- edge; patterns with an y shap es and of unlimited size can b e acquired. Th us, patterns acquired b y our algorithm are more similar to those whic h h uman pla y ers ha v e than those acquired b y the previous systems. 3.1 Details of Application to Go Go is a game b et w een t w o pla y ers, who tak e turns putting blac k and white stones on a b oard. The standard b oard size is 19x19; sometimes a smaller b oard, suc h as 13x13 or 9x9, is used usually b y b eginners. T raining examples are game records b et w een profes- sional pla y ers. Tw o kinds of training sets are used: one is 19x19 b oard games (total 600 games) and the other is 9x9 b oard games (total 200 games). T raining sets are c hosen as follo ws. One game is randomly c hosen and all the mo v es of the game are tak en as training data 1 from the �rst mo v e to the last mo v e. After all the mo v es are used as training data, another game is randomly c hosen. This pro cess is rep eated. Eac h mo v e is one time step in this algorithm. There are man y kinds of Go kno wledge, suc h as pat- terns, sequences of mo v es, and maxims. A pattern is a rule whose condition part is a part of b oard con�guration and whose action part is a mo v e. A sequence of mo v es is a rule that suggests sev eral mo v es. A maxim is a rule consisting of Go terms. This pap er describ es the acqui- sition of patterns, so the rules men tioned in the most of the pap er are Go patterns. Rules are describ ed in relativ e terms so they can b e executed b y either pla y ers. A predicate of the condition part consists of ob jects and their co ordinates ( c o or di- nate = obje ct ); the action p oin t is the p oin t to whic h a stone is placed and has the co ordinates [0,0]; other co or- dinates are relativ e to the action p oin t, and ob jects are either stones or edges of the b oard. Stones are either \SAME" (i.e. b elonging to the activ e pla y er) or \DIFF" (i.e. b elonging to the opp onen t). The action part of a rule is alw a ys \place a stone to [0,0]", so it is omitted in the follo wing examples. F or example, \ If [2,1]=SAME ^ [0,1]=DIFF ^ [5,0]=EDGE" means that if a same color stone as the activ e pla y er’s is in the p oin t [2,1] (relativ e to the action 1 All the mo v es are used, b ecause almost all the mo v es of professional pla y ers are tak en as go o d mo v es for amateur pla y ers and only less than one p ercen t of mo v es are bad. p oin t), and if a di�er ent color stone exists in p oin t [0,1] and e dge exists in p oin t [5,0] then put a stone on [0,0]. When rules split or are newly created, a new condition ab out stones or edges of the b oard is c hosen. 3.2 P arameters This algorithm has t w o parameters: one is a constan t, I N I AC T , whic h is the initial activ ation v alue for newly created rules, and the other is F O O D , a function of the n um b er of games used as training data (= i ), whic h is the total amoun t of activ ation giv en b y one training datum. In the exp erimen t with 9x9 b oard games, F O O D is de�ned as follo ws: if i < 4000, F O O D = 400, and if i � 4000, F O O D = i � 10, and I N I AC T is 200. In the exp erimen t with 19x19 games, F O O D is de�ned as follo ws: if i < 4000, F O O D = 2000, and if i � 4000, F O O D = i � 2, and I N I AC T is 1000. The threshold of splitting is t wice the v alue of F O O D . P arameter I N I AC T is smaller than F O O D . A newly created rule is an assumption, th us it is often in- appropriate and consequen tly dies, b ecause a new condi- tion is randomly c hosen. Therefore, the activ ation v alue giv en to a newly created rule is smaller than that giv en to an existing rule. The n um b er of iterations is coun ted b y the n um b er of games used. It is 50,000 for 9x9 b oard games and 26,500 for 19x19 b oard games. 3.3 Exp erimen tal Results The Num b er of Acquired Rules and the Probabilit y of Being F ed In the 9x9 b oard games, 4,684 rules w ere acquired, while in the 19x19 b oard games, 12,850 rules w ere acquired. 2 This sho ws that our algorithm, unlik e the general ev o- lutionary algorithms, enables a large n um b er of rules to b e acquired. Rules that are fed o v er 100 times w ere selected for ev aluation, b ecause rules that are just created ma y b e inappropriate and die after only a few steps. As a result, 3,211 rules w ere selected for 9x9 b oard games and 7,587 rules for 19x19 b oard games. The a v erage probabilit y that the selected rules are fed 3 is calculated. The results w ere 1.58% for 9x9 b oard games and 0.188% for 19x19 b oard games, demonstrat- ing that infrequen tly used rules, whic h are di�cult for ordinary ev olutionary algorithms to acquire, can b e ac- quired b y this algorithm. Qualit y of Acquired Rules Acquired rules from 9x9 b oard games w ere ev aluated b y an exp ert 4 . It is di�cult to ev aluate the patterns stored b y previous studies, b ecause they ha v e a �xed shap e and ha v e to o man y indi�eren t stones to b e called rules. The 2 In this sim ulation, newly created rules that are the same as a rule already in the rule set is deleted. Th us, there is no duplication of rules. 3 The a v erage of the probabilit y that eac h rule is fed during the learning pro cess. 4 5 dan amateur pla y er rules acquired b y our algorithm are su�cien t for ev alu- ation b y h uman exp erts. Of the 3,211 selected rules, the top 5% of the 161 rules (the order b eing determined b y the n um b er of b eing fed) w ere ev aluated. Mo v es indicated b y the rules w ere ev aluated and categorized as go o d, a v erage, or bad. Of the 161 rules, 67 (41.6%) w ere ev aluated as go o d, 34 (21.1%) as a v erage, and 60 (37.3%) as bad. This result sho ws that ab out t w o thirds of the rules acquired b y this algorithm are acceptable, sho wing that the algorithm w orks e�ectiv ely , ev en without an y domain sp eci�c heuristics. Automatic Con text Separation This algorithm automatically acquires sp ecialized rules, whic h are used only in a certain stage or con text. Most ev olutionary algorithms can acquire only general rules and require h umans to classify training data in to con- texts in order to acquire sp ecialized rules. Our algo- rithm, ho w ev er, do es not require the classi�cation b y h umans and automatically separates situations or con- texts. F or example, Figure 1 sho ws a rule used only in the op ening and Figure 2 a rule used only in the end game. y � x � � � y � x � Figure 1: An example of a rule used in the op ening. xyy �xy Figure 2: An example of a rule used in the end game. The V ariet y of Acquired Rules In previous studies, only small and �xed-shap ed rules are acquired, whereas this algorithm p ermits the rules to b e an y size and shap e. Our algorithm acquires rules with a v ariet y of the sizes, nev er realized in previous studies. Figure 1 is an example of a large (whole-b oard) rule. Figure 3 is an example of a small rule. yy xyx �x Figure 3: An example of a small rule. y yxx yx � Figure 4: An example of an irregular-shap ed rule. The v ariet y in shap e of the rules acquired b y our algo- rithm is demonstrated b y the follo wing three examples. Figure 1 is an example of the rule with stones spread o v er a wide area. Figure 3 is an example of a compact, square rule. Figure 4 is an example of an irregularly shap ed rule. Rules that are used in di�eren t con texts can b e ac- quired, as sho wn in \Automatic Con text Separation". The examples sho w the great v ariet y in size, shap e, and con text of kno wledge acquired b y this algorithm. Learning Pro cess In the early trials, general rules tend to b e acquired and gradually sp ecialized rules are acquired. This is b ecause the more trials there are, the more fo o d that is giv en. While frequen tly used rules can b e acquired when the amoun t of fo o d is small, less frequen tly used rules are not acquired un til the amoun t of fo o d is large. T ak e Figures 1 5 and 3 6 for example. 7 While Figure 3 can o ccur in all stages of the game, Figure 1 app ears only in the op ening. The ages 8 of the rules are 1,139,957 and 335,825 resp ectiv ely , sho wing that the more p opular the rules are, the older they are. 4 Discussion and Related W ork 4.1 Adv an tages of In tro ducing an Activ ation V alue One of the ma jor di�erences b et w een our algorithm and other ev olutionary algorithms is that our algorithm giv es eac h individual an activ ation v alue. Tw o adv an tages of in tro ducing the activ ation v alue are discussed b elo w. 5 If [10,1]=SAME [10,13]=SAME [-2,1]=DIFF [-2,13]=DIFF [0,-3]=EDGE [-6,0]=EDGE 6 If [1,0]=SAME [0,1]=SAME [2,1]=SAME [1,1]=DIFF [0,2]=DIFF [1,2]=DIFF 7 Since b oth rules ha v e six conditions, the probabilit y that they are acquired is the same. 8 the time steps from the birth of the rule

Av oidance of Con v ergence In almost all ev olutionary algorithms, individuals tend to b ecome similar and con v erge at one p oin t or in one set of a small n um b er of rules. This con v ergence is a v oided b y in tro ducing activ ation v alue to individuals. The reason is as follo ws. Supp ose man y similar rules are created and they tend to matc h the same data. As explained b efore, among matc hed rules, those that do not ha v e more sp eci�c rules than themselv es are fed, so those that do ha v e more sp e- ci�c rules matc hing the same data are not fed and die. Some individuals that are fed also die if there are to o man y similar rules b eing fed at the same time, b ecause the fo o d is shared among them. As a consequence, the appropriate n um b er of individuals for the giv en fo o d sur- viv es and rules acquired will not b e similar as long as there is v ariet y in the training data. Acquisition of Rules Infrequen tly Used and Sp ecialized Ordinary ev olutionary algorithms acquire the rules that are used at almost ev ery time step, not those that are infrequen tly used, b ecause all individuals are ev aluated at ev ery time step. By in tro ducing the activ ation v alue, suc h rules are acquired if they are fed b efore activ ation v alue b ecomes zero. This is demonstrated b y the a v erage probabilities that rules are fed b eing 1.58% for 9x9 b oard games and 0.188% for 19x19 b oard games. Automatic situation separation is also the consequence of in tro ducing activ ation v alue. Op ening rules, suc h as Figure 1, will app ear only in the op ening and not in other stages. Without the activ ation v alue suc h sp ecialized rules w ould not b e acquired. 4.2 V ariation-making Op erator Genetic Algorithm (GA) and Genetic Programming (GP) adopt crosso v er as a v ariation-making op erator. Crosso v er is a go o d op erator for spreading go o d build- ing blo c ks ( schema ); once go o d sc hema are found, they are spread rapidly in to the p opulation b y the crosso v er op erator, and individuals in the p opulation tend to b e similar. Therefore, it is quite useful for optimizing func- tions. Instead, our algorithm adopts splitting, whic h is a new op erator. Unlik e crosso v er, this op erator do es not refer to other individuals in making a v ariation, and eac h in- dividual mak es indep enden tly new rules b y adding one condition to itself. As a result, the probabilit y of making a no v el rule is exp ected to b e higher than with crosso v er. While it is said that crosso v er tends to mak e individ- uals similar to eac h other, splitting is exp ected to mak e individuals di�eren t. Since our purp ose is to acquire v ar- ious rules, w e adopted splitting. 4.3 Comparison with Other Ev olutionary Algorithms Since our algorithm is a kind of an ev olutionary algo- rithm, w e compare it with other ev olutionary algorithms in this section. Genetic Programming Among ma jor ev olutionary algorithms, only Genetic Programming (GP) [ Koza, 1992 ] admits exible kno wl- edge represen tation. It admits more exible kno wledge represen tation than our algorithm; while our algorithm admits only Horn clauses, GP admits an y t yp e of pro- grams in describing rules. On the other hand, while GP acquires small sets of rules, our algorithm can acquire large n um b ers of rules and some infrequen tly used rules. Therefore, our algorithm is appropriate for acquiring a large n um b er of rules that can b e describ ed b y Horn clauses, while GP is appropriate for acquiring a small n um b er of optimal rules that are to o complex to b e de- scrib ed b y Horn clauses. Classi�er Systems Classi�er Systems (CS) [ Holland et al. , 1986 ] use man y classi�ers to solv e problems, as do es our algorithm. Ho w- ev er, CS do not acquire the thousands of rules, whic h our algorithm do es. Moreo v er, the probabilit y that rules are matc hed should b e high and rules whic h are infrequen tly used are not acquired b y CS, whereas they are with our algorithm. CS need a uniform format (i.e. the same length of strings) b ecause they use crosso v er. Our algorithm adopts splitting and do es not require the same length of strings, and the acquired rules are v aried in the n um b er of predicates in the condition part. 4.4 Comparison with Humans The learning pro cess of this algorithm can b e compared with that of h umans. In the b eginning of this algorithm, there are no rules and the simplest forms of rules are created. Gradually they ev olv e from simple rules to more complex ones. This is similar to the h uman learning pro cess. Human b eginners also learn simple rules �rst and then gradually learn exceptions and more complicated rules. F o o d migh t b e compared with the memory capacit y of h umans. While no vices ha v e m uc h less memory capac- it y , their capacit y gradually increases; exp erts ha v e m uc h larger capacit y than no vices [ Chase and Simon, 1973 ] . In this algorithm, the amoun t of fo o d giv en for one train- ing datum is determined b y the F O O D parameter. As men tioned in Section 3.2, F O O D increases as the itera- tion con tin ues. This is similar to the pro cess of h uman learning in expanding memory capacit y . 4.5 Impro ving the Qualit y of Acquired Rules The h uman exp ert’s ev aluation of the acquired rules w as sho wn ab o v e. Most rules ev aluated as a v erage or bad lac k ed some conditions, or stones. The complexit y of the rules dep ends on the n um b er of iterations; the more the algorithm iterates, the more sp eci�c the rules are. The n um b er of the rules acquired dep ends on the parame- ter F O O D . Therefore, c hanging the parameter and the n um b er of iterations ma y impro v e the qualit y of the ac- quired rules. W e are curren tly studying this assumption.

4.6 F uture W ork: Acquisition of other kinds of kno wledge in Go This pap er fo cuses only on the acquisition of patterns. Since this algorithm is exible, other kinds of rules ma y b e acquired. Human pla y ers are said to ha v e not only patterns but also sequences of mo v es, whic h they consider imp ortan t [ Saito, 1996 ] . Since the condition part of this algorithm can tak e an y predicates, indexes of previous mo v es (for example, t w o mo v es b efore) can b e a part of the condi- tion. Th us, sequences of mo v es ha v e already b een ac- quired, although they are not men tioned in this pap er. F urthermore, once Go terms are de�ned, Go maxims using these Go terms migh t b e acquired. Since rules of this algorithm are Horn clauses, predicates of rules can b e Go terms. In splitting, a new predicate whic h is a Go term can b e added to the rule condition to mak e the rule more complex. In this w a y , man y rules using Go terms, whic h w e call maxims , ma y b e acquired b y this algorithm. Acquiring Go maxims, whic h h uman exp erts implicitly ha v e, ma y help b oth computers and h uman no vices to understand Go. The the w eak est p oin t in presen t Go pla ying systems is said to b e that they do not b eha v e di�eren tly according to the situations they face, but it is v ery di�cult to write rules for so man y situations. Once situation terms in Go are de�ned, Go patterns or rules ma y b e acquired for the situations using the terms, as with the Go maxims. This ma y enable computers to pla y a m uc h stronger game of Go. 5 Conclusions A new ev olutionary algorithm inspired b y ecological sys- tems is in tro duced. Although previous ev olutionary al- gorithms acquire only a few kinds of rules, this algo- rithm acquires a large n um b er of them. It can acquire rules used as infrequen tly as 1% of the time, whic h ha v e nev er b een acquired b y other ev olutionary algorithms. It acquires Horn clauses, whic h are exible compared to the �xed kno wledge represen tation of most ev olutionary algorithms. The algorithm w as applied to the game of Go. A large n um b er of appropriate rules w ere acquired; this ma y enable Go pla ying systems to tak e kno wledge-in tensiv e approac h. Automatic con text separation w as also ob- serv ed. This algorithm should enable systems to acquire se- quences of mo v es and Go maxims, whic h are said to b e imp ortan t for h uman pla y ers, b ecause it p ermits exible kno wledge represen tation. So this study ma y enable Go pla ying systems to b e m uc h stronger. It is sho wn that the learning pro cess of this algorithm is similar to that of h umans. This algorithm enables a large n um b er of rules to b e acquired in an ev olutionary w a y and in tro duces the p os- sibilit y of in tegrating ev olutionary algorithms and kno wl- edge engineering. Ac kno wledgemen ts The authors w ould lik e to thank Masahiro Ok asaki for useful information, and Prof. T ak ao T erano, Masahiro Hac himori, and Kiy oshi Izumi for their helpful com- men ts. References [ Chase and Simon, 1973 ] William G. Chase and Her- b ert A. Simon. P erception in c hess. Co gnitive Psy- cholo gy , 4:55{81, 1973. [ Goldb erg, 1989 ] Da vid E. Goldb erg. Genetic A lgo- rithms in Se ar ch, Optimization, and Machine L e arn- ing . Addison-W esley , 1989. [ Holland et al. , 1986 ] J. H. Holland, K. J. Holy oak, R. E. Nisb ett, and P . R. Thagard. Induction: Pr o- c esses of Infer enc e, L e arning, and Disc overy . MIT Press, 1986. [ Kitano and others, 1993 ] Hiroaki Kitano et al. Grand c hallenge AI applications. In Pr o c e e dings of the Thir- te enth International Joint Confer enc e on A rti�cial In- tel ligenc e , pages 1677{1683. Morgan Kaufmann, 1993. [ Ko jima et al. , 1994 ] T akuy a Ko jima, Kazuhiro Ueda, and Saburo Nagano. A case study on acquisition and re�nemen t of deductiv e rules based on EBG in an ad- v ersary game: ho w to capture stones in Go. In Game Pr o gr amming Workshop in Jap an ’94 , pages 34{43. 1994. [ Ko jima, 1995 ] T akuy a Ko jima. A mo del of acquisition and re�nemen t of deductiv e rules in the game of Go. Master’s thesis, The Univ ersit y of T oky o, 1995. [ Koza, 1992 ] John R. Koza. Genetic Pr o gr amming . MIT Press, 1992. [ McCarth y , 1990 ] J. McCarth y . Chess as the Drosophila of AI. In T. An thon y Marsland and Jonathan Sc haef- fer, editors, Computers, Chess, and Co gnition , c hap- ter 14, pages 227{237. Springer-V erlag, 1990. [ Saito and Y oshik a w a, 1996 ] Y asuki Saito and A tsushi Y oshik a w a. An analysis of strong go-pla y ers’ proto- cols. In Pr o c e e dings of Game Pr o gr amming Workshop in Jap an ’96 , pages 66{75. 1996. [ Saito, 1996 ] Y asuki Saito. Co gnitive Scienti�c Study of Go . PhD thesis, The Univ ersit y of T oky o, 1996. in Japanese. [ Sei and Ka w ashima, 1994 ] Shinic hi Sei and T oshiaki Ka w ashima. The exp erimen t of creating mo v e from \lo cal pattern" kno wledge in Go program. In Game Pr o gr amming Workshop in Jap an ’94 , pages 97{104, 1994. in Japanese. [ Simon and Gilmartin, 1973 ] Herb ert A. Simon and Kevin Gilmartin. A sim ulation of memory for c hess p ositions. Co gnitive Psycholo gy , 5:29{46, 1973.