Measuring the Performance of Go ProgramsMartin M�llerInformatik, ETH Z�richDecember 12, 1990AbstractHuman Go players measure their performance by a widely accepted rating scale. Butit is hard to assign such a rating to computer programs. We explain the reasons behind thisproblem and suggest other ways to measure a program’s performance.A Survey of Possible Performance MeasuresIn this paper we look at four ways of testing a program’s level of performance:¥ Play between two programs¥ Play between human and computer¥ Computer analysis of a set of test positions¥ ’Reverse analysis’ of master gamesEach of these tests has its specific strengths and weaknesses. To get an adequateoverall picture of a program, it is necessary to combine the tests, each of which will give adifferent perspective of a program. We discuss each test in turn and show how to use it fortesting and improving a program. We debate possible automation of tests and their use forfinding errors and locating missing knowledge in a program.Some Definitions of Performance MeasuresTo measure the quality of a move played by a Go program, one must define astandard against which to compare the move. In theory, the exact value of a move in agiven position can be computed by minimax evaluation of the game tree. This computationis not possible in realistic Go positions and must be replaced by the expertise of a playerstronger than the program. Given such a player’s opinion about the value of moves, aprogram’s performance can be measured in various ways:¥A binary measure assigns the value 1 to a move judged to be correct and the value0 to other moves. Summing up this measure for a set of positions yields thepercentage of correctly recognized moves.¥An error measure counts the estimated difference in points between a proposedoptimal move and the program’s move. This method of counting gives lessimportance to small inaccuracies and more importance to really bad blunders.Most of the time, the player used as an expert will be human. In Go, this expertknowledge is on a very high level compared with current program strength. For automationpurposes, it is desirable to replace the human expert by another program. A more powerfulprogram can in principle act as an expert for a weaker program. This approach has beentried in computer chess [Thompson 82, Berliner / Goetsch / Campbell / Ebeling 89].

Test 1: Play between two Computer ProgramsThis is the most obvious and also the most popular measure. Computer Gotournaments determine the relative ranking of all Go programs. However, there are somefeatures of a program that do not show up in a game against another computer:¥The ranking obtained by playing other computers can not be compared with humanranking. Humans learn to exploit a program’s specific weaknesses very quickly.The Kyu ranking sometimes claimed for a program is always a first game ranking.Experiments show that after several games against the same human opponent,program performance deteriorates by orders of magnitude.¥Current Go programs have little knowledge, so the program is tested only in therestricted set of positions that other programs can generate. For example, mostcomputers cannot play double threats well, while humans do search for them. Italso seems that computers are less able to play for influence and other conceptswith a fuzzy definition.¥A game is only one variation in the tree of possible moves. A program may playcorrectly in a particular game, while it would collapse if the opponent tried adifferent variation that is worse in theory. Playing only one sequence does notguarantee stability of the program’s reading.¥The ’bug of the day’, i.e. the worst move of a game, often determines the eventualwinner, even if the losing program plays better Go on average.¥Playing the program against an earlier version of itself gives some indication of theprogress made. It is not a reliable measure of strength because the new version willexploit all the recently removed weaknesses of the old version, while the oldversion still cannot exploit the remaining weaknesses of the new version.Computer vs. computer play can be automated by modem connections andappropriate protocols like TeleTsuke or the new protocol proposed by Kierulf andChristensen [Christensen / Kierulf 90] . It seems that so far no protocol supports playing aseries of games automatically.An unusual application of computer vs. computer play is to match a program againsta very stupid opponent. The most primitive program that is able to complete a game can bedefined as follows:¥ Choose randomly from all legal moves, observing the following¥ Constraint: Do not fill one point eyes.¥ If no such move exists, pass.Playing against such weak opposition might seem silly at first, since the strongerprogram can win giving handicaps of 80 stones and more. But it is still a good test toobserve a program’s behavior in strange positions, and to see its reaction againstunexpected moves.Test 2: Play between Human and ComputerMatching a program against humans is a very common test. One advantage of playingagainst humans is that the program gets to play opponents of widely varying styles and strengths. The games contain a much wider range of positions than seen in computer vs.computer play.Another important advantage is that humans often try different variations, until theyfinally find a gap in the program’s defenses. This is ideal for testing and debuggingpurposes. However, for testing the response to really strange moves an opponent playingrandom moves seems best.Playing against human opponents obviously cannot be automated. It is possible toautomatically record and collect all games played by a program.Test 3: Test PositionsThere are many ways to set up test positions:¥ Specialized problem sets for life & death, capturing stones, the endgame etc.¥ Find-the-best-move problems: Positions where a definite best move is defined byexpert players.¥ Decision problems: Positions where the program has to find the correct move out oftwo possibilities given.¥ Bug collections: Positions in which the program has gone wrong before.¥ Traps: Positions where a move looks superficially good, but is bad in reality. Afamous example of a trap [Kato 78, p. 2] is given in the figure below (Black tomove):a

To quote Kato:"Black thus has thirteen stones in atari above and one stone in atari below. Mostpeople would think straightaway of connecting at ’a’, but you must consider theboard as a whole before deciding whether this is wise or not."In this position it is better to rescue the single stone and attack the big white groupbelow it.Because the designer of a test suite has complete freedom on the set of positionsincluded, this testing method is very powerful. With carefully selected test sets one can getindependent measures of performance in different stages of a game, leading to a detailedprofile of program behavior. While setting up a test suite certainly takes a lot of work, it isthen very easy to run it over and over again automatically.We think that developing a widely accepted set of test positions is an urgent task forthe near future. The popularity of the Bratko-Kopec set of test positions in computer chess[Kopec / Bratko 82] supports this thesis.Test 4: Reverse Analysis of Master GamesComputer moves can be analyzed by human Go players who know the program’sinner workings. This process takes much effort and cannot be automated. We can make useof good player’s knowledge in another form: In a game between master players, mostmoves will be good. Seeing a program’s evaluation of these moves gives interestinginformation about the program. I call this procedure ’reverse analysis’, because a weakerplayer (the program) is ’analyzing’ the moves of a stronger player.The ExperimentOur program ’Swiss Explorer’ assigns a numerical value to each possible move in agiven Go position. The moves are ordered by evaluation value, leading to a ranking of themoves. For classifying master moves, 20 categories were chosen: Categories 1 to 19contain the master moves that were ranked in first to 19th position by the program, whilecategory 20 contains all moves with rank 20 or worse. About 3000 moves from randomlyselected master games were assigned to these categories.ResultsThe results are summarized in the figure below. Explorer would play about 14% ofthe master moves, rank 8% of the moves as second best, 6% in third position and so on. Onthe low end of the table, we see that almost 34% of the master moves were rankedtwentieth or worse.

the same evaluation are ordered randomly, and only one of them can get to first place. Thisdoes not matter much in the opening and middle game, since the evaluation is sufficientlyfine-grained there, but in the late endgame many small moves will get the same evaluation.Some Performance FiguresFor comparison, we have tried a similar test on humans. Several test persons werepresented with professional games unknown to them. Their task was to predict the nextmove. In contrast to the detailed statistics obtained from the computer, humans are notwilling to try out their 20 best moves, so we restricted the experiment to 3 tries in eachposition. The figure below shows the results:StrengthRank 1Rank 2Rank 3Rest (‡4)# Moves

5 Dan42%14%7%36%249

5 Dan45%14%7%33%263

5 Dan49%13%5%31%229

2 Dan39%9%6%45%182

2 Dan44%9%6%38%192

1 Kyu47%15%7%29%268

1 Kyu38%9%3%48%239

12 Kyu34%7%4%53%239

16 Kyu27%8%4%59%239

16 Kyu23%15%7%53%92

16 Kyu26%7%5%61%176

Explorer14%11%8%67%2952

The Relation to Playing StrengthThe statistics gained by reverse analysis show some relation to playing strength, withstronger players getting a greater percentage of moves ranked first. Still, the correlationbetween the percentage of master moves guessed correctly and playing strength does notseem to be simple. A primitive pattern matcher specializing on very few tactical moves likecapture, escaping from atari and the like can get similar ratings (more than 10%) as a goodprogram. The number of master moves not considered at all (those in category 20 in theexample above) is probably a better measure of program strength.Using Reverse Analysis to improve a ProgramThe results of reverse analysis can be used directly to debug and improve a program.One method is to work specifically on the moves ranked second best, trying to adjustparameters to get them to first position. Another way of improving the program is toanalyze the moves it misses completely and write new code to generate such moves.Testing the Similarity of ProgramsReverse analysis is not confined to analysis of master games. Trying to predict themoves of another program or an old version of the same program gives a measure ofsimilarity between programs. For example, our program Swiss Explorer and Ken Chen’sprogram Go Intellect share a common ancestor. Still, Explorer’s analysis of a game playedby Go Intellect against itself showed that Explorer’s play duplicates Intellect’s in only 10%of the moves played. The two programs have developed in very different directions.

Future Research ProblemsPerformance measures for Go programs are a challenging research topic, and thispaper is only a small first step towards developing good measures. Several applications ofreverse analysis need to be explored in depth.The Role of LookaheadCurrent Go programs can only do a very selective kind of lookahead. Just a smallnumber of all possible moves are included in the further search. The effect of lookahead isto reorder these moves according to their minimax values instead of their static evaluation.How does this reordering affect the statistics collected through reverse analysis?Consider the case where at most 5 candidate moves will be selected for lookahead.This will not affect the categories 6 and higher, but the moves that fell into the categories 1to 5 will be reshuffled. Under the assumption that lookahead usually has a beneficial effect,we expect more master moves in category 1 or 2 now, while the number of moves in thelower categories 4 and 5 should decrease correspondingly.Such an experiment could show the effects of lookahead directly. It could also help todecide the fundamental question: Is it better to have a simple evaluation function and muchlookahead, or a very elaborate evaluation and less lookahead?Move TypesWe would like to assess a program’s strength in different classes of positionsrequiring different types of moves. A simple way to achieve this is to perform reverseanalysis on selected sets of positions, where each set contains only positions of a specificclass. For example, a program’s performance in a collection of Joseki or life & deathproblems could be measured.An automatic classification of input positions is another challenging research topic.Related WorkWe are not aware of any previous work on measuring the performance of Goprograms. There are several well established rating lists for human Go players, and some,like the list of the American Go Association, give ratings for computer programs as well.Concerning test positions, there are many problem books designed for human players. Still,there seems to be no test suite that specifically addresses computer programs.In chess, the situation is much better. Several well established test suites exist. Thebest known of these is the Bratko-Kopec test mentioned before. There is a rating listspecifically for computer chess programs, maintained by the Swedish Computer ChessAssociation and published in the ICCA Journal.ConclusionMeasuring the performance of a Go program naturally leads to new tools for testingand improving the program. The notion of performance is fuzzy in itself: a ranking numberalone cannot describe the program very well. A variety of complementary tests arenecessary to get an adequate picture of a complex system like a Go program.

References[Beal 89]Advances in Computer Chess 5. BEAL, D.F. (Ed.), North Holland,Amsterdam, 1989.[Berliner / Goetsch / Campbell / Ebeling 89]Measuring the Performance Potential of Chess Programs. BERLINER,H., GOETSCH, G., CAMPBELL, M. and EBELING, C. [Beal 89].[Clarke 82]Advances in Computer Chess 3. CLARKE, M.R.B. (Ed.), PergamonPress, Oxford, 1982.[Kato 78] Kato’s Attack and Kill. KATO, M., Ishi Press, Tokio, 1978.[Christensen / Kierulf 90] A Communications Protocol for Cooperative Game Analysisover Modem. To be published in: Computer Go Journal, 1991.[Kopec / Bratko 82]The Bratko-Kopec Experiment: A Comparison of Human andComputer Performance in Chess. KOPEC, D., and BRATKO, I. [Clarke82][Thompson 82]Computer Chess Strength, THOMPSON, K.[Clarke 82].