20J. SchaefferSEARCH IDEAS IN CHINOOKJonathan. Schaeffer1Department of Computing Science,University of AlbertaAlberta, Edmonton,Canada T6G 2H1AbstractThe checkers-playing program CHINOOK is the World Man-Machine Checkers Champion. The program�s strength comes fromdeep alpha-beta searches, combined with a carefully tunedevaluation function and large, powerful endgame databases. Thesecomponents are not independent of each other. This paperdescribes a few of the search innovations in CHINOOK and theirinteractions with the rest of the program.1. INTRODUCTIONIn 1994, the checkers (8·8 draughts) program CHINOOK won the World Man-Machine Championship, becoming the first program to win a world championshipfrom a human opponent in any game. Since then, the program has defended its titletwice, and has established a ranking that is well above the best human player alive.With no human opposition on the horizon, CHINOOK was retired in 1997. Thefull CHINOOK story is detailed in Schaeffer (1997).CHINOOK�s playing strength comes from four components:(a) Search. The low branching factor in checkers (1.1 in capture positions; 7.8 innon-capture positions (Lu, 1994)) allows the program to search quite deeply.The parallel tournament version of CHINOOK using 1994 hardware wouldtypically search a minimum of 21 ply deep, with search extensions oftenreaching over 40 ply. The median position evaluated is usually around 25ply.

1 Email: jonathan@cs.ualberta.ca.

Search Ideas in CHINOOK21(b)Knowledge. The program has a finely tuned evaluation function that hasremained stable since 1992. It was developed in consultation with a checkersexpert (a class below master level). It is a linear combination of 26 heuristicterms. There are four phases of the game (opening, early middlegame, latemiddlegame and endgame), with each heuristic term having a different weightfor each game phase.(c)Endgame databases. All endgame positions with eight or fewer pieces on theboard have been computed (444 billion positions, compressed into 6gigabytes for real-time decompression (Lake, Lu, and Schaeffer, 1993)).CHINOOK�s deep searches mean that the endgame database is accessedthroughout every search during a game (including the first move!). Because ofthe frequency of database accesses and the size of the databases, even on amachine with one gigabyte of RAM, the program quickly becomes I/O bound.This is in sharp contrast to most other game-playing programs; they areusually compute bound and have very little I/O. The database values (win,loss and draw) have no heuristic error, and hence improve the accuracy of thesearch.(d)Opening book. Extensive work has been done on acquiring and improving themajor lines of play in all 144 openings. Unlike most games, where a playercan choose an opening to play, in checkers the opening three moves arerandomly selected before the game. Hence, one has to study all the openings.This paper discusses a number of the search enhancements in CHINOOK that arelikely to be of interest to other search-based game-playing programs. Section 2introduces an enhancement for the critical case where an iterative-deepening searchfails low. Section 3 shows how the transposition table information can be used innew ways. Endgame databases are used throughout the search, resulting inheuristic scores (with errors) being mixed with accurate scores (no error). Section 4shows that even an accurate score (draw) may need a heuristic assessment. Section5 introduces tactical tables, a way of pre-computing tactical patterns so that tablelookups can be used to replace search effort. Finally, Section 6 provides someconcluding remarks.2. FAILING LOW AT THE ROOTMost programs use an aspiration window around the expected search value (EV) toimprove the efficiency of alpha-beta searching. Instead of searching with a fullwindow [-¥, +¥], the window is centered around the expected value [EV-d,

22J. SchaefferEV+d], for some small value d (typically valued at half a pawn in chess, and half achecker in checkers). This works well when the search value falls within theaspiration window (EV—d < value < EV+d). When the search fails high (EV+d £value), we have a lower bound on the true score and have to re-search to find theexact value [value, +¥]. This is usually not a problem, since the score isimproving, However, the reverse case, failing low, is much more serious (value £EV-d). Here our search expectations have gone seriously awry; we have only anupper bound on the score of the �best� move. The usual method for resolving thisis to re-search the move with a wider search window [-¥, value] to find its actualvalue, and then continue searching the rest of the moves to see if an alternativemove yields a better score.Fail-low results are of critical importance to the program, since the searchexpectations are changing. Further, it may take a significant amount of time to re-search the fail-low move (possibly finding out that the move is losing) beforedesperately searching for an alternative. In the meantime, the program may haverun out of time allocated to this move, possibly without finding an improvement.CHINOOK solves this problem be restarting the iterative-deepening search from thebeginning when a fail low occurs. Information in the transposition table allows thealternative moves, if better, to show up in the early iterations. If the best move failsat depth D, then the other moves have scores in the transposition table for depth D-1. By restarting the search, the alternative move�s transposition table scores willallow for a better move reordering with a low search depth (such as depth D = 1),rather than continuing the expensive D-ply iteration. Almost immediately after afail low, a new best move (if available) will emerge. Figure 1 illustrates theenhancement, with the additional code required highlighted in bold.Experience with this enhancement in CHINOOK is limited, since the program isgood enough that its searches rarely fail low (except at shallow search depths). Inthe period 1994-1996 (ending with CHINOOK�s retirement), CHINOOK played 228games against Grandmasters and Masters. In that span, there were 22 non-trivialfail-low searches:1:lost position — the result of the search did not matter;6:a positive score for the program (advantageous position) was lowered, butthere was no change in the choice of move played;1:a positive score for the program was lowered, resulting in a better move being chosen;3:the score dropped to a large negative score (the program will have a bad orlosing position if the move being searched is made); in each case, the fail-low enhancement allowed CHINOOK to find a significantly better move.

Search Ideas in CHINOOK23value = Evaluate( position ); Restart:for( depth = 1; depth <= MAX_DEPTH; depth++ ) {alpha = value — ASPIRATION_WINDOW;beta = value + ASPIRATION_WINDOW;value = AlphaBeta( position.moves[1], alpha, beta, depth);/* On a fail low, restart the search */if( value <= alpha )goto Restart;/* Rest of iterative deepening */. . ./* value = MAX score of all the moves */if( EffortExceeded() )break;}Figure 1: Handing a fail low in an iterative-deepening search.The last category is the critical one. In each case the correct move was foundwithin one second and its correctness verified by the rest of the search. HadCHINOOK wasted its time re-searching the previously �best� move, in at leasttwo of the cases the program may have moved into a lost position had the timeallocated to the search expired before the problem was resolved.3. BETTER USE OF TRANSPOSITIONSConsider a cutoff node N, with move B causing the cutoff, as in Figure 2. Intraditional implementations of alpha-beta with transposition tables, all subsequentsearches at this node will consider only move B, as long as it continues to cause acutoff. However, what if move C is legal at node N and it happens to transposeinto another part of the search tree? If C is also capable of causing a cutoff at N,then the program should choose the move that achieves the cutoff with the leastamount of search effort.Enhanced Transposition table Cutoffs (ETC) attempt to maximize the use ofinformation available in the transposition table (Plaat et al., 1996; Plaat, 1996).The usual alpha-beta implementation with transposition tables always takes thetransposition table move as the �best� move to play in a position. However,search information gathered from elsewhere in the tree may affect this information. Ifthe program blindly plays the same move in the same position, opportunities forreduced search effort may be missed. In particular, new search results may beavailable that suggest a cheaper way of causing a cutoff..Figure 3 shows how to integrate ETC into alpha-beta, with the additional ETCcoded highlighted in bold. By directing the search towards previously visited

24J. Schaeffer

Search Ideas in CHINOOK25nodes, ETC maximizes information reuse, thereby reducing the number of nodesvisited during a search.In CHINOOK, ETC results in search trees with 22% fewer nodes (17-ply searches).With ETC enabled at all nodes in the tree, the reduction in nodes searched is offsetby the increased computation per node. However, the biggest transposition savingsoccur near the root of the tree. Hence, ETC was disabled for the last two ply of thesearch, slightly reducing their effectiveness but substantially reducing theirexecution overhead. Also, note that ETC is even more effective in CHINOOK�sparallel search algorithm.ETC has also been implemented in chess, with a 28% reduction in search tree sizefor 8-ply searches (Plaat et al., 1996; Plaat, 1996).4. ALL DRAWS ARE NOT EQUALCHINOOK is unique in that the program needs to access endgame databasesthroughout an entire game. However, mixing accurate evaluations (databaselookups) with heuristic evaluations (evaluation function) can result in poor play. Inparticular, scoring a draw as a 0 (equality), as is done in most game-playingprograms, is a mistake (Beal, 1984). The program needs to be able to differentiatebetween �strong� draws (positions where there is a high probability that theopponent will make a mistake) and weak draws (ones where the opponent plays onhoping for the computer to err). Since CHINOOK often declares the final (drawn)result of a game within 15 moves of the start, it is important that the programcontinue to play to maximize its chances of inducing a mistake.The alpha-beta algorithm returns the minimax value of the search and a �best�move that leads to that value. However, is the highest minimax score adequate fordefining the �best� move? Consider these events:• Should a draw be scored as a zero (0)? In game 26 of the 1992 Tinsley-CHINOOK World Man-Machine Championship match, CHINOOK chose amove that preserved a small advantage (small positive minimax score).However, an alternate move led to a provable draw (courtesy of deep searchand the endgame databases), but with many opportunities for the opponent togo wrong. Objectively, the alternative move offered better chances forCHINOOK to win the game.

26J. Schaeffer• Should all draws have the same score? In game 37 of the Tinsley- CHINOOKmatch, CHINOOK�s deep searches allowed it to back up a draw to the root ofthe search. That is not so unusual. What is unusual is that this occurred onmove 5 of the game! Clearly it is too early to shake hands and move on to thenext game of the match. In this situation, CHINOOK must select the drawingmove that maximizes the chances for an opponent error.Various schemes were tried to solve this problem. They involved assigning a non-zero score to a drawn position, a score that attempted to reflect the chances foropponent error. Some of the schemes that we experimented with include usingexpert-specified heuristics (too hard to obtain and code), using the evaluationfunction to score the drawn position (easy to implement but too simple anassessment of future chances), trying to correlate properties of the search tree withdifficulty (for example, selecting the move that maximizes the number of forcedopponent moves), and identifying forced moves (with respect to the database) thatwere not identified as such by the evaluation function (Levy, 1991). Although allthese ideas holds some promise, in practice they did not seem to yield the desiredresults.CHINOOK now allows database draw positions found in the search to be assignedpositive and negative scores, corresponding to the notion of strong and weak draw.Unlike most programs, CHINOOK will select a drawing line over a non-drawingline if it perceives there is a better chance of winning. When CHINOOK comesacross a drawn database position, it does a depth-limited search with the databasesturned off. By turning off the databases, we can use the result of a search using theheuristic evaluation function to score this position. So, for example, if a databasedrawn position leads to a position up a checker, this assessment can be used toscore the draw. Clearly, if the program is up a checker, even though the position isdrawn�assuming perfect play�there is a real chance that the opponent will findthis line difficult to draw.Assigning a non-zero score for a draw can introduce some subtleties in the searchresult. What if a drawing line returns a score of —50, while a non-drawing linereturns a score of —20. Clearly, alpha-beta will prefer the higher score of —20. But isthis correct? The —20 may lead to a dangerous position, but the —50 leads to adraw. Hence the score of the drawing line must be �high� enough that it ispreferred over weaker, non-drawing lines. One possibility is to make all draws withnegative scores a zero. In this case all weak draws will have the same score (0), andthe choice of move will essentially be random. It is better to have a small range ofnegative draw scores, allowing the program to use alpha-beta to maximize the drawscore, allowing it to choose the �best� of the weak draws.

Search Ideas in CHINOOK27An important point to note is that when CHINOOK backs up a draw score to theroot of the search, it is not guaranteed to be a draw. This is a consequence of theerror in heuristic evaluations. A node N might have two children, A and B. MoveA leads to a database draw (score is zero); move B returns a score of -50. Hence,alpha-beta will prefer A over B. However, if there is a large error in the evaluationof B, because of an overlooked tactic for example, then on the next iteration node Nmight discover that B has a higher score than A. Hence, one cannot always treat abacked-up draw score as proof that the position is now drawn. Thus, one has to becareful with interpreting negative draw scores.As well, one has to be cautious about the interpretation of positive draw scores.Consider a provable draw that returns a score of winning a checker. Should thisline be preferred over a line that does not win a checker, but is not a provabledraw? Since the draw score is only an estimate of the draw difficulty (being aheuristic score, it could have a large error), in CHINOOK the positive draw scoresare lowered by a factor of two to reflect our uncertainty. Also, we impose amaximum on the size of the draw score, to prevent moves with high draw scoresbeing preferred over moves with serious winning chances.These issues arise because all draws are not the same. Because of CHINOOK�sextensive endgame databases, heuristic values (evaluation function) areintermingled with accurate values (database results) throughout all searches (evenfrom the start of the game). A heuristic value assesses the likelihood of winning; ahigher score indicates a higher winning probability. Database scores, however, donot indicate a probability; they indicate the final result assuming perfect play byboth sides. Given a fallible opponent, draw scores need to reflect not only the factthat they lead to a draw, but also the probability of winning (chances of anopponent making an error).Figure 4 shows a simplified version of CHINOOK�s draw scoring code. The actualcode to assign scores to favorable and unfavorable draws is slightly morecomplicated, being a non-linear function. As well, scores from draws are backed upwith a special bit being set indicating that the score is for a drawn position. Thisallows us to identify moves at the root which lead to a draw.Draw searches are a gamble. At a database draw position in the search, you have anaccurate value for the node and can immediately return from the recursive alpha-betacall. Instead, you are going to continue searching, albeit to a reduced search depth,to refine that draw score. This is additional computational effort that negates someof the search effort reductions provided by the databases. The issue then becomes atrade-off: are the benefits of the information uncovered by the search worth theadditional search effort?

28J. Schaeffer/* Reduce the search depth for draw searches */#define DRAW_DEPTH_REDUCTION 2/* Search window for draw searches. Can be improved *//* by combining it with the alpha/beta values for *//* this position. */#define DRAW_SEARCH_WINDOW CHECKER_VALUE/* Scale back the search score, differentiating bet- *//* better (positive) and worse (negative) positions. */#define DRAW_POSITIVE_REDUCTION 2#define DRAW_NEGATIVE_REDUCTION 10if( DataBaseResult() == DRAW ) {DataBaseUsage = OFF;drawdepth = depth / DRAW_DEPTH_REDUCTION;alpha = -DRAW_SEARCH_WINDOW;beta = DRAW_SEARCH_WINDOW;value = AlphaBeta( position, alpha, beta, drawdepth );/* Score the position differently whether it is *//* advantageous to the program or not. */if( ( ToPlay == Chinook && value >= 0 ) || ( ToPlay != Chinook && value < 0 ) ) value = value / DRAW_POSITIVE_REDUCTION;else value = value / DRAW_NEGATIVE_REDUCTION;DataBaseUsage = ON;return( value );}Figure 4: Draw searches in CHINOOK.It is difficult to quantify the significance of the draw-differentiation enhancement.One could play a series of self-play matches to determine if the draw code isbeneficial. For example, CHINOOK with the 8-piece databases and draw-differentiation code could play a match against CHINOOK with the 4-piecedatabases and no draw-differentiation code. This interesting experiment has notbeen performed. Instead, we offer some empirical evidence. In the 1996 USChampionship, using the draw-differentiation code, CHINOOK won 8 of the 26games in which it announced a draw. We can contrast this with the 1990 U.S.Championship where CHINOOK did not differentiate between draws. Here only 3 of23 drawn games were won.5. TACTICS TABLEMost game-playing programs attempt to make sure that heuristic evaluations areonly done for quiescent positions. Usually the criteria used for defining a quiescentposition are based on some simple tactical analysis. In chess, for example, aquiescence search is done to determine whether the leaf node being evaluatedcontains any hidden tactics that might radically change the material balance. In atypical chess program, the quiescent searches dominate the total search time. It is

Search Ideas in CHINOOK29critical to know whether your heuristics for identifying quiescence are working inpractice.With the aid of Stef Keetman�s 10·10 checkers program, Truus, an analysis toolwas written to identify the positional features of tactical oversights that occurred atleaf nodes in CHINOOK. Basically, if the material balance of a leaf position differedfrom the result obtained from a shallow (3-ply) search, then the analysis tool couldidentify the tactical features that led to the win/loss of material. Several thousandpositions were analyzed, and the resulting patterns (if any) were logged to a file.This data was then manually inspected. Analysis of the data showed that one typeof tactical combination accounted for almost 50% of the positions flagged (twoadditional patterns accounted for another 25% of the combinations).Consider the checkers position in Figure 5. White to move has a �two-for-one�:White moves d2-c3, forcing b4xd2 and c1xe3xg5, winning a checker. For thiscombination of moves to work, several conditions must be in place: there must beWhite pieces on c1 and d2; there must be Black pieces on b4 and f4; and squaresc3, e3, and g5 must be empty (indicated by �---� in the diagram). But that�s notenough. Once White wins the piece, we must also make sure that Black can�timmediately recapture it. For example, there can�t be a Black piece on h6 (�·�meaning �not� in the figure); otherwise, Black could regain the lost piece withh6xf4. Similarly, Black shouldn�t have a recapture with f6xh4. A number ofconditions must hold for this re-capture to be possible (shown by the line from e7to h4). The absence of any of those conditions negates the possible recapture.These conditions include h4 being empty, f6 being occupied by a Black piece, ande7 being occupied.

1------------xBBx---

Figure 5: Illustrating the conditions necessary for a �two-for-one� to work.

30J. SchaefferTranslating this information into code was difficult. After a frustrating day ofcoding if-then-else statements, this was abandoned in favor of a more brute-forceapproach: enumerate all possible patterns and pre-compute the search results. Thesquares involved in this pattern require consideration of 24 of the 32 squares on theboard. By generalizing some of the features, a table of roughly 8,000,000 entrieswas constructed. Each entry corresponded to a class of positions. A program set upa representative position from each of these classes and did a search to see if thetactical combination was present or not. Each table entry contained one bitindicating whether for that class of positions it was possible to initiate a two-for-one combination to win a checker or not. We call this precomputed result a tacticstable.1Before a leaf node is evaluated, the tactics table is consulted. The contents of therelevant squares are mapped to a unique index in the table. If the table entry bitindicates a winning combination, the search is extended to play out thecombination. CHINOOK knows it is winning at least a checker, however it needs toevaluate the position at the end of the combination. It is possible that the win ofthe checker(s) could be obtained at the expense of positional considerations.Alternatively, having won the checker, the resulting position may now contain acombination for the opponent to regain the checker.The tactics table had some pleasant surprises for us. First, one would predict thatCHINOOK could now solve some checkers problems (find the right move) with ashallower search depth. On our internal test set, several problems were indeedsolved at an earlier iteration than before. Second, since finding a two-for-one resultsin a search extension, one would expect that on average the program would buildlarger search trees. Surprisingly, the program ran faster. Why? Without the tacticstable, the two-for-one combinations were occurring so frequently that they causedsearch inefficiencies in the iterative deepening (for some nodes, the depth D-1 bestmove no longer was best at depth D). With the tactics table, CHINOOK foundthings earlier in the search and ended up avoiding doing a lot of wasteful work.6. SUMMARYThis paper presents four search ideas that are implemented in the checkers programCHINOOK. All four have been instrumental in CHINOOK�S success. Although noneof the ideas is in itself a major contribution to our understanding of game-playingprograms, each played a significant role in creating a world-championship-caliberprogram.

1 This is an instance of a pattern database (Culberson and Schaeffer, 1998).

Search Ideas in CHINOOK317. ACKNOWLEDGEMENTSI would like to thank Hiroyuki Iida for the invitation to talk about CHINOOK at theIJCAI�97 workshop on computer games. This research has been funded by theNatural Sciences and Engineering Research Council of Canada.8. REFERENCESMany of the CHINOOK-related references can be found at:www.cs.ualberta.ca-/~chinook.Beal, D.F. (1984). Mixing Heuristic and Perfect Evaluations: Nested Minimax.ICCA Journal, Vol. 7, No. 1, pp. 10-15. ISSN 0920-234X.Culberson, J. and Schaeffer, J. (1998). Pattern Databases. ComputationalIntelligence, Vol. 14, No. 3, pp. 318-334.Lake, R. and Schaeffer, J., and Lu, P. (1993). Solving Large Retrograde-AnalysisProblems using a Network of Stations. Advances in Computer Chess 7 (ed. H.J.van den Herik, I.S. Herschberg and J.W.H.M. Uiterwijk), pp. 135-162. Universityof Limburg, Maastricht, The Netherlands. ISBN 90 6216 1014.Levy, D. (1987).Improving the performance of Endgame Databases. ICCA Journal,Vol. 10, No. 4, pp. 191-192. ISSN 0920-234X.Levy, D. (1991). First Among Equals. ICCA Journal, Vol. 14, No. 3, p. 142.ISSN 0920-234X.Lu, P. (1994). Parallel Search of Narrow Search Trees. M.Sc. thesis,Department of Computing Science, University of Alberta, Edmonton, Canada.Plaat, A., Schaeffer, J., Pijls, W., and Bruin, A. de (1996). Exploiting GraphProperties of Game Trees. American Association for Artificial Intelligence (AAAI)National Conference, pp. 234-239.Plaat, A. (1996). Research Re: Search & Re-Search. Ph.D. thesis, ErasmusUniversity, Rotterdam, The Netherlands.Schaeffer, J. (1997). One Jump Ahead: Challenging Human Supremacy atCheckers. Springer-Verlag, New York, N.Y. ISBN 0-387-94930-5.

32J. Schaeffer