Abstract.

c omputer-go mueller@etl.go.jp

1 A Go Programmer’s Dream

Computer Go: a Researc h Agenda

ETL Complex Games Lab

Tsukuba, Japan

The field of Computer Go has seen impressive progress over

the last decade. However, its future prosp ects are unclear. This pap er

suggests that the obstacles to progress p osed by the current structure of

the community are at least as serious as the purely technical challenge s.

T o overcome these obstacles, I develop three p ossible scenarios, which

are based on approaches used in computer chess, for buildi ng the next

generation of Go programs.

Martin M ¨ uller

In January 1998, I challenged the readers of the mailing list [23] to

discuss future directions for Computer Go:

Assume you have unlimited manp ower at your hand (all are 7-Dan in

b oth Go and programming) and access to the fanciest state of the art

computers. Y our task is to make the strongest p ossible Go program

within say three years. What would you do?

Many of the answers I received severely criticized all currently used ap-

proaches, and advo cated the development of revolutionary new techniques. I

don’t think such wholesale criticism is justified. In this pap er I take a close lo ok

at the current state of Computer Go, and prop ose a more systematic use of

already av ailable, proven techniques. I claim that this will already lead to sub-

stantial progress in the state of the art. W riting programs for Go has turned

out to b e much more complex than for other games. The way Go programs are

develop ed must adapt accordingly: it is necessary to scale up to larger team

efforts.

The pap er is organized as follows: Section 2 analyzes the state of Computer

Go, identifies some of the strengths and weaknesses of the current generation

of programs, and outlines a plan which draws on existing technology but still

promises substantial progress within a few years. In section 3, I intro duce three

development mo dels that have b een used in chess, and discuss how to adapt

them to Computer Go. Finally

, section 4 intro duces promising topics for long-

term research.

2 The State of Computer Go

2.1 The Computer Go Communit y

The T ournament Scene

An International Activity

Lack of Supp ort for New Researchers

T o the casual observer, Computer Go may seem to b e in fine shap e. However,

a numb er of problems threaten the future prosp erity of the field. Many of these

problems are ro oted in the current structure of the Computer Go comm unity .

Recent years have seen many developments in Computer Go. Go o d progress has

b een made in the tournament scene and the internationalization of the field.

However, in several ways the field has remained immature: programs are con-

structed on an ad ho c basis, results are held back for commercial reasons, and the

lack of supp ort for new researche rs willing to enter the field is a severe problem.

Several yearly tournaments have b een established.

Two world championships, the Ing foundation’s International Computer Go

Congress and the newer FOST cup, continue to attract the elite of Go pro-

grams from all over the world. The yearly Europ ean and the North American

Go congresses host smaller, lo cal computer championships. The internet-based

Computer Go Ladder [21] allows Go programmers from all over the world to

comp ete with a wide v ariety of opp onents.

While human Go players are still concentrated

mainly in Asia, Computer Go has b ecome a truly international activity

, with

serious programs b eing develop ed in at least a dozen countries. It is not unusual

to see the first five places in a tournament taken by comp etitors from as many

different countries. Several strong new commercial programs have b een devel-

op ed, and the total numb er of programs to participate in tournaments easily

exceeds a hundred.

There seems to b e renewed interest from the general AI and the computer

games comm unity

. After the world championship p erformance of programs in

games such as chess, checkers or Othello, many eyes have turned to Go as the

‘final frontier’ of computer game research.

F ew individuals or institutions have

enough resources to subscrib e to a full-scale Go programming effort. Indeed most

new Go programmers have to start almost from scratch. Because of the overhead

in getting started, it is very hard for a smaller pro ject, such as a masters thesis,

to make a significant contribution.

Given the complexity of the task, the supp orting infrastructure for writing

Go programs should offer more than for other games such as chess. However,

it is far inferior. The playing level of publicly av ailable source co de [18] is far

b elow that of state of the art programs. Quality publications are scarce and

hard to track down. F ew of the top programmers have an interest in publishing usual ly

ful l

Handtalk

Go 4++

joseki Go Intel le ct

GoT o ols

2.2 State of Go Programs

–

–

–

–

–

Sp ecial Strengths of Current Programs

Incompleteness of Existing Programs

Disappoin ting Sustained Performance their metho ds. Whereas articles on computer chess or general game tree search

regularly app ear in mainstream AI journals, technical publications on Computer

Go remain confined to the pro ceedings of sp ecialized conferences. The most

interesting developments can b e learned only by direct comm unication with the

programmers and never get published.

Computer Go constitutes a formidable technical challenge. Existing programs

suggest the following difficulties:

A comp etitive program needs 5-10 p erson-years of development.

A typical program consists of 50-100 mo dules.

It is the weakest of all these comp onents which determine the overall p er-

formance.

The b est programs play go o d, master level moves, but their p erfor-

mance level over a game is much lower b ecause of the remaining blunders.

A numb er of standard techniques have emerged. However, there is no single

program which incorp orates most of the currently existing successful Com-

puter Go techniques.

Let me discuss the strengths and weaknesses of programs in some detail.

Several of the leading programs

do one sp ecific task b etter than the others. F or example, excels in

overall integration, playing go o d shap e, and in knowledge ab out group attack

and defense. , on the other hand, is most efficient in taking territory ,

plays the fewest unnecessary ‘wasted’ moves p er game, and has an extensive

sp ecial purp ose b o ok for op ening move sequence s. F urther, is

a mature program with strong tactical fighting and overall Go knowledge, while

[25] is a high dan-level Life and Death solver sp ecialized for completely

surrounded areas.

Unfortunately

, there is no one pro-

gram that incorp orates most of the currently existing successful Computer Go

techniques. A next generation program would need to recreate and integrate

most of these individual capabilities.

It is easy to see why single-p erson pro jects are inadequate: the sheer numb er

of necessary comp onents. Even assuming only one month for each mo dule, a

reasonably complete program will take four to five years to build, even without

considering testing and system integration.

The difference in first-play versus

sustained long-run p erformance of programs against human players is drastic:

programs typically do well in their first game against an opp onent inexp erienced seme ai formula

2.3 What to Blame? The Mo del or its Implementations?

2.4 A Mo del of Go Program Comp onents

–

–

–

–

–

–

Mathematical F oundations and Go Theory in playing computers. F or example, world champion Handtalk has won Ing’s 11

stone challenge matches against high dan-level human players, and has b eaten a

1-dan player without handicap in an exhibition game at the FOST cup. However,

if allowed a few practice games, humans so on sp ot and exploit a program’s

weaknesses. The same program that once b eat the 1-dan regularly loses against

a well-prepared 5-kyu player, even when receiving huge handicaps of up to 20

stones.

What is the reason b ehind the uneven p erformance of programs? How can Go

programs lo ok so go o d on one day and so pathetic on the next? One theory is that

there is a fundamental problem in the underlying mo dels. In this view, current

Go programs are not able to capture the true spirit of Go: they may play go o d-

lo oking moves, but do so without any ‘real understanding’ of the game, which

inevitably shows so oner or later. The alternative view is that the current mo del

is basically sound and sufficient, but programs suffer from incomplete or buggy

implementations.

F otland’s ‘Computer Go design issues’ lists ab out sixty comp onents of current

Go programs [8], and can b e considered as defining a ‘standard mo del’. State of

the art programs contain many of the mo dules describ ed in F otland’s list. I will

use the following simplified classification of development tasks for a Go program:

Mathematical foundations and Go theory

Knowledge representation and data structures

Search metho ds

Global move decision

Software engineering and testing

Automatic tuning and machine learning

I will briefly discuss the issues for each group of tasks, describ e the current

state of their implementation, and p oint out promising areas for short-term

research and development. A program implementing this ‘standard mo del’ as

completely and technically accurate as p ossible would serve as an interesting

milestone and allow a more meaningful analysis of its strengths and weaknesses

than is currently p ossible.

Theoretical techniques appli-

cable to Computer Go range from abstract mathematics for group safety and

endgame calculation [3, 4] to Go-sp ecific knowledge such as the .

[16] gives a detailed discussion.

Standard game tree-searching metho ds are well established for goal-oriented

tactical search in Go. In addition, new search metho ds such as pro of-numb er

Single-go al se ar ch

Knowledge Represen tation and Data Structures

Search Metho ds search [1] have b een successfully applied in at least one commercial program.

The many p otential b enefits offered by theory have only partially b een applied

in current programs.

Most programs use a

hierarchical mo del for b oard representation. Low-level concepts are blo cks of

adjacent stones and connections or ‘links’ b etween stones. Chains, groups and

territories are higher-level concepts built from the primitives. Pattern matching

is used to find candidate moves. Knowledge representation has b een the fo cus of

the ma jority of Computer Go research to date, and has reached a sophisticated

level.

I exp ect that the quality of knowledge incorp orated in programs will grad-

ually b e refined. The quantity of knowledge is rising dramatically due to large

scale pattern learning metho ds, which are b ecoming increasingly p opular [5, 13,

12]. However, it is unclear how computer-generated pattern databases can reach

a quality comparable to human-generated ones. F or comparison, it would b e

fascinating to develop a large corpus of human Go knowledge, to try to identify

and enco de the pattern knowledge of Go exp erts.

Three typ es of search are commonly used in Computer Go:

single-goal, multiple-goal, and full-b oard search.

Sp ecialized searches that fo cus on achieving a tactical goal are some of the

most imp ortant comp onents of current Go programs. A ma jor adv antage of goal-

directed search over full-b oard search is that ev aluation consists only of a simple

test, which is much faster than full territory ev aluation. One use of goal-directed

search is to prop ose lo cally interesting moves to a selective global move decision

pro cess. I exp ect the use of goal-directed minimax searches to expand widely in

volume and scop e.

uses standard game tree searching techniques for finding

the tactical status of blo cks, chains, groups, territories, or connections. Knowing

this status improves the b oard representation and is a precondition for creating

a meaningful scoring function.

Examples for the targets of single-goal search are given in the table b elow.

Current programs implement many but not all of these goal-oriented searches. A

complete implementation of all basic single-goal searches seems to b e a straight-

forward development task.

T arget Reference

Single blo ck capture [11]

Life and death [25, 14]

Connect or cut [7]

Eye status -

Lo cal score (Goliath)

Safety of territory [20]

Semeai [7]

Global Move Decision

–

–

–

–

–

Software Engineering and T esting

Multiple-go al se ar ch

double atari

or

and

or

or

F ul l b o ar d se ar ch tries to achieve a combination of basic goals, such as

capturing at least one of a set of blo cks. The implementation of such tasks is

rudimentary in most programs. Simple double threats such as are

usually built in as sp ecial cases. However, many standard Go strategies can b e

understo o d as more general double threats [17]. The following table lists a few

common themes. [9] describ es a more sophisticated architecture for multipurp ose

strategic planning.

T arget(s) Goal(s)

Multiple blo cks save all blo cks

T erritory b oundary capture break through

2 groups splitting and leaning attacks

Group attack make territory

Group live lo cally break out

Group make eyes win semeai

Searching each p ossible goal combination leads to combinatorial explosion in

the numb er of searches. Heuristics can b e used to select promising goal combi-

nations for search. I exp ect a lot of progress on this problem over the next few

years.

seeks to maximize the overall ev aluation. Because of the

complex ev aluation and high branching factor of Go, full-b oard search has to

b e highly selective and shallow. I exp ect the use of full b oard ev aluation to

increase steadily along with improving hardware, but without playing the same

dominating role it has played for other games.

There is a great v ariety of approaches to the problem

of global move decision in Go. No single paradigm, comparable to the full b oard

minimax search used in most other games, has emerged. Most programs use a

combination of the following metho ds:

Static ev aluation to select a small numb er of promising moves

Selective search to decide b etween candidate moves

Shortcuts to play some ‘urgent’ moves immediately

Recognition and following of temp orary goals

Choice of aggressive or defensive play based on a score estimate

I exp ect exp erimentation to continue, without any clear preference or ‘standard

mo del’ emerging. Metho ds based on combinatorial game theory (section 4.1)

have the p otential to replace more traditional decision pro cedures.

A comp etitive Go program is a ma jor

software development pro ject. Software quality can b e improv ed by using stan-

dard development and testing techniques [15]. A wide v ariety of game-sp ecific

testing metho ds are av ailable, including test suites, auto-play and internet-based

play against human opp onents.

Dr eihirn

gote sente

3 A Researc h Plan for Computer Go

Automatic T uning and Machine Learning

–

–

–

3.1 Detailed Error Analysis

It is hard to judge ob jectively

, but I susp ect there is a lot of ro om for improve-

ment in this area. Most leading programs have b een in continuous development

for ten or more years. Many of these programs may b e reaching a level of inter-

nal complexity where it is difficult to make much progress. Originally designed

for machines a thousand times smaller and slower, programs have grown layer

up on layer of additions, patches and adjustments. Some programs have b een

rewritten from scratch in the meantime, but this is a daunting and extremely

time-consuming task [24].

Machine learning techniques

are currently used in only a few programs [5, 6]. However, parameter tuning

and b o ok learning techniques seem to b e in more frequent use. I predict that

the applications of machine learning techniques in Computer Go will increase,

for example for fine-tuning the p erformance of complex programs with many

comp onents.

What is the real limit on the p erformance of Go programs imp osed by current

mo dels? Should research fo cus on developing new mo dels or on improving the

implementation of current ones? T o answer these imp ortant questions, I prop ose

the following three lines of research and development:

Detailed analysis of current programs’ errors

A exp eriment

Large scale Go programming pro jects

The first two metho ds are designed to b etter understand the problems of

current programs. The third prop osal addresses testing the limit of current tech-

nology .

Detailed error analysis of current programs can draw up on a wealth of av ailable

game records [18]. Many classifications of mistakes are p ossible. F or our purp oses,

it may b e sufficient to assign errors to one of two broad groups: lack of basic

understanding and lack of efficiency

. Lack of basic understanding can b e defined

as the failure to identify the current fo cus of a game. Examples are attacking or

defending the wrong group, ignoring threats or double threats, or making wrong

life and death judgments.

Efficiency errors are less drastic individually but have a large cumulative

effect. Mistakes b elonging to this category are: making overconcentrated shap es,

taking when a move is av ailable, or achieving the correct main goal

without considering secondary effects. An example of the latter kind of problem

is saving a group by connecting it on a neutral p oint, instead of living more kikashi

Dr eihirn

str ong

3.2 A Dreihirn Match for Go

3.3 Outline of An Architecture for Large Scale Go Pro jects

–

–

–

–

–

– profitably by surrounding enough territory to make two eyes. Another example

of efficient play is : playing profitable forcing moves b efore going back to

make a neccessary but unattractive defense.

Research along these lines will aim to develop automatic metho ds for p er-

forming such analyses, by using statistical techniques and developing suitable

test p osition collections.

In the chess games [2], a team of two chess computers sup ervised by a

human ‘b oss’ has achieved strong results against chess grandmasters. The team

played markedly b etter than each individual program, even though the ‘b oss’

was a relatively much weaker player. The human sup ervisor was able to select a

promising overall direction of play and avoid some typical computer missteps.

I prop ose a comparable exp eriment in Go, with a team of several Go pro-

grams sup ervised by a human player. At each move, the human selects

one of the moves prop osed by the programs. This team is tested against a v ariety

of opp onents, including other programs and humans of different strengths. Such

a test can serve to establish an upp er limit of current program p erformance, and

show whether the uneven play is due more to individual bugs in the implementa-

tions or due to more fundamental limitations of all current programs. If a series

of games is played, the test would also show if human opp onents can adapt as

quickly to such a system as they adapt to each individual program’s weaknesses.

F rom the b eginning, most Computer Go pro jects have consisted of a single pro-

gramm er with o ccasional assistance from either scientists or Go exp erts. In recent

years, a few commercial programs have b een develop ed on a slightly bigger scale,

with small teams of programmers and managers working on the Go engine and

user interface.

I b elieve that the scale of these pro jects is not large enough, and that pro jects

an order of magnitude larger are necessary to pro duce a qualitative jump in p er-

formance. Section 2 has identified a long list of tasks required to implement

a complete Go program based on the current ‘standard mo del’. However, im-

plementing a success ful large scale Go pro ject requires a series of preliminary

steps:

Secure an existing state of the art program to build on, including an easy to

use basic Go to olkit

Mo dify the program to increase its usability in a multi-programm er environ-

ment

Describ e the mo del underlying the program in detail

Extensively do cument and structure the source co de

Define an effective comm unication metho d b etween team memb ers

Implement a well-defined pro cess for subtask assignment, co de integration

and testing

3.4 Three Prop osals for Large Scale Go Pro jects

–

–

–

Plan 1: Large Scale Commercial Pro ject

Plan 2: Public Domain Go Pro ject

–

–

–

In chess, three approaches have b een taken in recent years that may serve as an

inspiration for Go:

Large company funded teams (Deep Blue)

Public domain source co de (GNU chess, Crafty)

University pro jects (many)

The Deep Blue chess pro ject

represents a large-scale effort, one order of magnitude larger than typical com-

p etitive chess programs. Its success rests on two pillars: on the technical side, it

is a complete, mature system, the result of sound engineering firmly based on

a large amount of previous research. On the organizational and financial side,

the Deep Blue pro ject was backed by a large company with an interesting new

marketing strategy

. Computer chess was chosen as an advertising vehicle b ecause

it represe nts an attractive topic that is tied to deep myths ab out human and

machine intelligence.

W ould a similar alliance of research and big business make sense in Go? Who

would b e a p otential sp onsor, and what would b e their interest? In my view it

would b e a world-class company with a strong interest in the Asian market,

and an ambition to create or reinforce their image as an intellectual leader. The

company would profit mainly from the publicity generated by exhibition games,

not from sales of Go software. Given the high regard for Go as an intellectual

sp ort, it seems p ossible to attract a level of attention comparable to that of the

chess matches, at least in East Asia. In Go, what is an achiev able goal that will

fascinate the masses? W orld championship level play still seems far in the future.

Y et a program playing at a sustained 1-dan level, which can b eat professional

players on 9 stones handicap, will b e p erceived as an intellectual achievement at

least equal to that of the chess machines. Is it p ossible in the near future? Let’s

try!

Source co de for more than a dozen chess

programs is readily av ailable on the internet [22]. The two b est-known of these

programs, GNU chess and Crafty

, have active user groups which are testing,

discussing or directly improving the program.

In Go, several public domain pro jects have b een attempted over the years.

So far, none of these has resulted in a tournament level program. Recently

, there

seems to b e renewed interest in such a pro ject, which has generated a large

amount of messages on the mailing list.

The characteristics of a public domain Go program are quite different from

a funded pro ject and include:

Greater fluctuation of team mem b ers

Less individual commitment, lower work intensity

Low development cost aji korikatachi sab aki

thermo gr aphy

sente gote

4 Some Issues for Long-term Researc h in Computer Go

–

Plan 3: Universit y Research Pro ject

4.1 Combinatorial Game Theory for Computer Go

Difficult mo deration and integration tasks

The pro ject goal could b e to develop a noncommercial, research-oriented

to ol. The program structure should allow small or medium-scale exp eriments,

for example in machine learning, to profit from a state of the art Go engine.

A less ambitious approach would aim at developing only a library of commonly

used functions.

Many of the strongest chess programs

are develop ed at universities. The situation in Go is comparable: ab out half of

the current top 20 Go programs have started as student pro jects. An adv antage

of student pro jects is that relatively little funds are required, and students can

combine their parts of the overall programming work with their research.

The main challenge of this approach is to assemble a large group of talented

students and keep their efforts co ordinated over a numb er of years. Given the

current distribution of Go players, a large-scale university Go pro ject would

probably b e feasible only in an Asian country .

Compared to the complex reasoning pro cesses of human Go exp erts, the mo dels

incorp orated in current Go programs are severely limited. A goal of long-term

research could b e to close this gap, either by building more sophisticated mo dels

or by deriving human-lik e reasoning capabilities from simple mo dels.

Another fascinating topic is mo deling the high level full-b oard plans of human

players, or adv anced Go concepts such as , or . Therefore,

one direction for research is ev aluation from first principles, using only search

and learning, without relying on human-engineered heuristics.

Long-term machine learning topics are automatic deriv ation of sophisticated

Go concepts from first principles, or the learning of patterns along with suitable

contexts for their application.

Y et another research topic, addressed in the next subsection, is the applica-

tion of combinatorial game theory to Computer Go.

As a framework for Computer Go, combinatorial game theory has several ad-

v antages compared to the standard minimax game-playing mo del. However, the

finer p oints of this theory are as go o d as unknown ouside the small combinatorial

games comm unity

. Several of the to ols provided by this theory are well suited

for analyzing Go and should b e used more in Go programs.

F or example, the metho d called is able to mo del fundamental

Go concepts such as and very naturally [4]. Thermography computes

the temp erature of each lo cal situation, which is a measure of move urgency .

5 Summary

References

4.2 Handling of Ko Fights

Se ar ching for Solutions in Games and Artificial Intel ligenc e

ICCA Journal

Information Scienc es one-side d sente

sente

ko

ambient

r everse sente

r eversibility

thermo gr aphic

r eversibility

Ko

ko ko

ko

1. L.V. Allis. . PhD

thesis, University of Limburg, Maastricht, 1994.

2. I. Alth¨ ofer. A symbiosi s of man and machine b eats grandmaster Timoshchenko.

, 21(1):40–47, 1997.

3. D.B. Benson. Life in the game of Go. , 10:17–29, 1976.

Reprinted in Computer Games, Levy

, D.N.L. (Editor), V ol. I I, pp. 203-213,

Springer V erlag, New Y ork 1988.

Comparing the thermographs b efore and after a move yields an optimal tem-

p erature range for each move. These ranges may differ dramatically for b oth

players, for example in the case of moves. Using such an anal-

ysis, programs will b e able to follow the standard Go strategy of keeping

mov es in reserve as p otential threats. The theory is able to determine precisely

how long the temp erature of a game remains high enough to prevent

an opp onent’s move.

Another imp ortant concept from combinatorial game theory is ,

which allows a player to make many moves based on a lo cal consistency argu-

ment, without any full-b oard analysis. The computational adv antages of this idea

are immediate. Thermography intro duces the stronger notion of

by which a further reduction of search can b e achieved [4].

Recent research by Kao addresses handling incomplete lo cal game trees and

selective search strategies within a combinatorial game framework [10]. An im-

p ortant research question is to generalize the precise concepts of combinatorial

game tho ery to work in a heuristic setting, in analogy to the heuristic game tree

search based on minimax used in other games.

fights are considered the most complex phase of the game, and are handled

p o orly by current programs. Progress in theory and in practical algorithms for

thermography [4, 19] provides effective and sound metho ds for comparing the

relative v alues of and non- moves. This framework also allows the ev aluation

of p ossible threats.

Computer Go has enjoyed a b o om in recent years, but its progress is hamp ered

by problems in the structure of the Computer Go comm unity

. An analysis of the

current state of Computer Go indicates promising directions for research, b oth

short-term and long-term. T o overcome the lack of critical human resources,

Computer Go would b enefit from the same kind of larger scale pro jects that

have succeed ed in chess.

~

~

Games of No Chanc e: Combinatorial Games at MSRI

Systeme d’Appr entissage Par Auto-Observation. Applic ation au jeu

de Go

IEEE

T r ansactions on Pattern Analysis and Machine Intel ligenc e

Sums of Hot and T epid Combinatorial Games

Smart Game Bo ar d: a Workb ench for Game-Playing Pr o gr ams, with

Go and Othel lo as Case Studies

Automatic A c quisition of Go Know le dge fr om Game R e c or ds: De ductive

and Evolutionary Appr o aches

Pr o c e e dings of the Fif-

te enth International Joint Confer enc e on Artificial Intel ligenc e(IJCAI-97)

Computer Go

R apid Development

Pr o c. of the Go and Computer

Scienc e Workshop (GCSW’93)

Computer Go as a Sum of L o c al Games: An Applic ation of Combina-

torial Game The ory

Pr o c e e dings of IJCAI-97 Workshop on Computer Games on

Using Games as an Exp erimental T estb e d for AI R ese ar ch

Pr o c e e dings of the Game

Pr o gr amming Workshop in Jap an ’97

Heuristic Pr o gr amming in Artificial Intel ligenc e 2

4. E. Berlek amp. The economist’s view of combinatori al games. In S. Levy

, editor,

. Cambridge University Press,

1996.

5. T. Cazenave.

. PhD thesis, University of Paris, 1997. www-laforia.ibp.fr/ cazenave/ -

pap ers.html.

6. M. Enzenb erger. The integratio n of a priori knowledge into a Go playing neural

network. cgl.ucsf.edu/go/ Programs/ NeuroGo.html , 1996.

7. D. F otland. Knowledge representation in The Many F aces of Go. Rep ort p osted

on internet newsgroup rec.games.go, 1993. Av ailabl e by ftp from igs.nuri.net.

8. D. F otland. Computer Go design issues. www.usgo.org/computer/text/-

designi ssues .text, 1996.

9. S. Hu and P

. Lehner. Multipu rp ose strategic planni ng in the game of Go.

, 19(9):1048–1051, 1997.

10. K.Y. Kao. . PhD thesis, University

of North Carolina at Charlotte, 1997.

11. A. Kierulf.

. PhD thesis, ETH Z ¨ urich, 1990.

12. T. Ko jima.

. PhD thesis, University of T okyo, 1998.

13. T. Ko jima, K. Ueda, and S. Nagano. An evolution ary algorithm extended by

ecologica l analogy and its appli catio n to the game of go. In

, pages

684–689, 1997. www.brl.ntt.co.jp/p eople/ko jima/r esearch.

14. J. Kraszek. Heuristics in the life and death algorithm of a Go-playing program.

, 9:13–24, 1988.

15. S. McConnell. . Microsoft Press, 1996.

16. M. M ¨ uller. Game theories and Computer Go. In

, Sophia-Anti p ol i s, 1993. INRIA.

17. M. M ¨ uller.

. PhD thesis, ETH Z ¨ urich, 1995. Diss.Nr.11.006.

18. M. M ¨ uller. American Go Asso ciation Computer Go Pages. www.usgo.org-

/computer, 1997.

19. M. M ¨ uller. Generalized thermography: A new approach to ev aluation in Computer

Go. In H. Iida, editor,

, pages 41–49, Nagoya,

1997.

20. M. M ¨ uller. Playing it safe: Recognizi ng secure territories in Computer Go by

using static rules and search. In H. Matsubara, editor,

, pages 80–86, Computer Shogi Asso ciation ,

T okyo, Japan, 1997.

21. E. Pettersen. The Computer Go Ladder. cgl.ucsf.edu/go/l ad der.html , 1994.

22. P . V erhelst. Chess program sources. www.xs4all.nl/ verhel st/ch ess/so urces.html ,

1997.

23. L. W eaver. COMPUTER-GO Maili ng List Archive. www.hsc.fr/computer-go,

1998.

24. B. Wilcox. Chess is easy

. Go is hard. Computer Game Develop ers Conference.

home.sprynet.com/spry net/vrml pro /cgdc .html, 1997.

25. T. W olf. Investigating tsumego problems with RisiKo. In D.N.L. Levy and D.F.

Beal, editors, . Ellis Horwo o d,

1991.