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What is Go?

ωGo is an ancient board game, originating in China 
ςwhere it is known as weiqiςbefore 600 B.C. It 
spread to Japan (where it is also known as Go), 
to Korea as baduk, and much more recently to 
Europe and America [American Go Association].

ωThe objective is to capture opponent stones and 
surround area on the board.
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The Board
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Rules of Go

1. The board is a square 2D grid; professional games are typically 
played on a board with 19 x 19 lines.

2. One player has black stones, one player has white stones.Black 
takes the first turn, andthe players take alternating turns placing 
one stone on an intersection on the board grid.

3. A player may choose to pass, and not place any stones on the 
board during their turn.

4. The game terminates when both players pass consecutively.

5. !ƴ ƻǇǇƻƴŜƴǘΩǎ ǎǘƻƴŜ ƻǊ ŎƻƴƴŜŎǘŜŘ ƎǊƻǳǇ ƻŦ ǎǘƻƴŜǎ ƛǎ ŎŀǇǘǳǊŜŘ 
(and removed from the board) when that stone / group is 
completely surrounded by enemy stones.A stone/group is 
surrounded when all of its liberties (adjacent free spaces) are 
taken and occupied by enemy stones.
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Rules of Go (continued)

6. A stone may not be placed in a position that will cause it to 
immediately be captured, such as on an intersection which has all 
ŦƻǳǊ ƭƛōŜǊǘƛŜǎ ƻŎŎǳǇƛŜŘ ōȅ ƻǇǇƻƴŜƴǘ ǎǘƻƴŜǎ όέƴƻ ǎǳƛŎƛŘŜέ ǊǳƭŜύΦThe 
exception to this is when doing so will capture the opponent 
stones, and thus allow the stone placed this turn to remain.

7. Ko/Eternity - If, on turn n, placing a stone down on a given 
intersection will result in the same board configuration as turn (n-
нύ όƛΦŜΦ ǘƘŜ ŎƻƴŦƛƎǳǊŀǘƛƻƴ ŀǘ ǘƘŜ ŜƴŘ ƻŦ ǘƘŜ ŎǳǊǊŜƴǘ ǇƭŀȅŜǊΩǎ ǇǊŜǾƛƻǳǎ 
turn), that move is illegal.Thus two players may not infinitely 
alternate between the same two board configurations.

8. Seki/Mutual Life - This is when opposing groups share liberties that 
neither group can fill without leading to the capture of the 
group. !ǊŜŀ ƭŜŦǘ ƻǇŜƴ ŀǊŜ ŘǊŀǿ Ǉƻƛƴǘǎ όŎŀƭƭŜŘ άdomiέύΦ
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Rules of Go (continued)

9. At the end of the game, the game can be scored in one of two 
ways: [1. Area scoring] -ŜŀŎƘ ǇƭŀȅŜǊΩǎ ǎŎƻǊŜ ƛǎ ǘƘŜ ƴǳƳōŜǊ ƻŦ Ƙƛǎ 
stones on the board, plus the number of empty intersections 
surrounded by his stones.[2. Territory scoring] - stones that are 
unable to avoid capture (dead stones) are removed and added to 
ǘƘŜ ƻǇǇƻƴŜƴǘΩǎ ǇǊƛǎƻƴŜǊǎ όǎǘƻƴŜǎ ŎŀǇǘǳǊŜ ŘǳǊƛƴƎ ǘƘŜ ƎŀƳŜύΦEach 
ǇƭŀȅŜǊΩǎ ǎŎƻǊŜ ƛǎ ǘƘŜ ǎǳƳ ƻŦ ǘƘŜ ǇǊƛǎƻƴŜǊǎ ƘŜ Ƙŀǎ ŎŀǳƎƘǘΣ Ǉƭǳǎ ǘƘŜ 
number of empty intersections surrounded by his stones.

10. Various alterations can be made, such as playing on a smaller 
ōƻŀǊŘΣ ƻǊ ƎƛǾƛƴƎ άƘŀƴŘƛŎŀǇǎέ ǘƻ ŀ ǎǘǊƻƴƎŜǊ ǇƭŀȅŜǊΦ  ¢ƻ ƎƛǾŜ ŀ 
handicap, the board begins with a certain number of the weaker 
ǇƭŀȅŜǊΩǎ ǎǘƻƴŜǎ ƛƴ ǇǊŜŘŜǘŜǊƳƛƴŜŘ ǎǘǊŀǘŜƎƛŎ ǇƻƛƴǘǎΦ
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Simple Rules, Complex Play

ωDespite the very straightforward rules, many 
strategies and important patterns emerge.

ω9ȄŀƳǇƭŜΥ  ά9ȅŜέ ǇŀǘǘŜǊƴǎ

ςLŦ ŀ ƎǊƻǳǇ Ƙŀǎ ŀ ǎƛƴƎƭŜ ƛƴǘŜǊƴŀƭ ƻǇŜƴ ǎǇŀŎŜ ƻǊ άŜȅŜέΣ 
it can be captured; the opponent may surround the 
group and then fill the space.

ςIƻǿŜǾŜǊΣ ƛŦ ŀ ƎǊƻǳǇ Ƙŀǎ ǘǿƻ όƻǊ ƳƻǊŜύ άŜȅŜǎέΣ ǘƘŜ 
opponent can not play in either due to the no-
suicide rule.  Thus that group cannot be captured.
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Eyes - example

ωThe formation on the left could be captured if 
white takes all its external liberties, and then 
places a stone in the center.

ωThe formation on the right (two eyes) cannot be 
captured.
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Why do people try to make Go AI?

ω.ŜŎŀǳǎŜ ƛǘΩǎ ŎƘŀƭƭŜƴƎƛƴƎΣ ŀƴŘ ǊŜǉǳƛǊŜǎ ŎƻŘŜǊǎ ǘƻ 
seek new AI board game techniques.

ωGo is fun!

ω!ƭǎƻ ƛǘΩǎ ŀ ƎǊŜŀǘ ǿŀȅ ǘƻ ōŜƎƛƴ ƛƴǾŜǎǘƛƎŀǘƛƴƎ !L ŦƻǊ 
games, as many approaches can be applied to it.

ωFor neuroscience:  possibly, through machine 
learning techniques, some insight can be gained 
into how humans learn and think.
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Go is P-Space Hard

ωGiven a position on an n by n Go board, determining the 
winner is polynomial-space hard.  This can be proved by 
reducing TQBF (a P-Space complete set) to the 
άƎŜƴŜǊŀƭƛȊŜŘ ƎŜƻƎǊŀǇƘȅέ ƎŀƳŜΣ ǘƻ ŀ ǇƭŀƴŀǊ ǾŜǊǎƛƻƴΣ ŀƴŘ 
then to Go [Lichtenstein & Sipser].

ωCheckers is also polynomial-space hard, and is a solved 
problem [Schaeffer].

ωHowever, the sheer magnitude of options (and for 
intelligent algorithms, sheer number of possible 
strategies) makes it infeasible to create even passable 
novice AI with an exhaustive pure brute-force approach 
on modern hardware.  

ωChess is only 8x8, and a powerful minimaxis feasible.
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{ƻƳŜ bǳƳōŜǊǎΧ

ωThe professional sized board is 19 x19.

ωBarring illegal moves, this allows for about 10171

possible ways to execute a game.

ωThis number is about 1081 times greater than the 
believed number of elementary particles 
contained in the known universe [Keim].
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Major Challenges

1. The sheer size of the move tree.

2. 5ƛŦŦƛŎǳƭǘȅ ƻŦ ŘŜǘŜǊƳƛƴƛƴƎ ǿƘŀǘ ƳŀƪŜǎ ŀ άƎƻƻŘέ 
board.  It is difficult to create an evaluation 
function that determines how advantageous a 
given board state is for a given player.

ƛΦŜΦ  ƛǘΩǎ ŘƛŦŦƛŎǳƭǘ ǘƻ ǇǊǳƴŜ ǘƘŜ ƳƻǾŜ ǘǊŜŜ ƛƴ

conventional ways
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Recent Progress

ωOn February 7th, 2008, a computer finally beat a 
pro Go player ςbut with a 9-stone handicap on 
the human player, and with processing power 
over 1000 times that of Deep Blue [Guillame].

ωThis program, MoGo, beat a pro player with only 
a 7-stone handicap in 2009.

ωIt seems feasible for computers to outperform 
professional Go players within the next decade 
ώYŜƛƳϐΣ ōǳǘ ǘƘŜȅ ŎŜǊǘŀƛƴƭȅ ŀǊŜƴΩǘ ǘƘŜǊŜ ȅŜǘΦ
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Goals of this project

ωInvestigate Artificial Intelligence,  as a potential 
ŀǊŜŀ ƻŦ ƛƴǘŜǊŜǎǘ ŀǎ ŀ aŀǎǘŜǊΩǎ ǎǘǳŘŜƴǘΦ

ωLearn XNA and C# (and begin learning Go).

ωCode a two-human player game using XNA.

ωWrite AI for Go.
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Overview

ωThere are a lot of ideas out there!  Resources like 
{ŜƴǎŜƛΩǎ ƭƛōǊŀǊȅ ƘŀǾŜ ǇŀƎŜǎ ŀƴŘ ǇŀƎŜǎ ƻŦ ƴƻǾƛŎŜ-
written algorithms, ideas for further research, 
etc.

ωThere are many combinations of approaches.  
For example, MoGouses UCT, Monte-Carlo, and 
pattern-based techniques.
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Pattern Matching

ωAlbert Zobristcreated one of the first (if not the 
first) implementations of Go AI in 1970.

ςIt used one influence function, which considered 
adjacent pieces, to assign values to the possible next 
moves

ςIt also used another influence function that tried to 
match patterns in a library to the board 
configuration

ωSimple pattern-matchers can be good initial 
training programs for machine learning 
ǘŜŎƘƴƛǉǳŜǎ όŜΦƎΦ .ƛƭƭ bŜǿƳŀƴΩǎ ²ŀƭƭȅύ
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Life and Death

ω! ƎǊƻǳǇ ƻŦ ǎǘƻƴŜǎ ƛǎ ŎƻƴǎƛŘŜǊŜŘ άƭƛǾŜέ ƛŦ ƛǘ ǿƛƭƭ 
remain on the board.

ς! ƎǊƻǳǇ ǿƛǘƘ ǘǿƻ ŜȅŜǎ ƛǎ άƭƛǾŜέ ƛƴ ǘƘŜ ǎǘǊƻƴƎŜǎǘ 
sense; they can never be captured.

ω.ŜƴǎƻƴΩǎ !ƭƎƻǊƛǘƘƳ ǳǎŜǎ ǘƘƛǎ ŎƻƴŎŜǇǘΦ

ωThese algorithms can be very fast.
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Center vs. Edge Heuristics

ωConsider strategies such as center of the board 
vs. edge of the board placement.

ωAlso may use techniques such as calculating the 
physics center of gravity of a group, and then 
trying to place stones around the edge to 
enclose this center of gravity [House].
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Influence / Moyo

ωάƛƴŦƭǳŜƴŎŜέ ƛǎ ŀ ƭƻƴƎ-term predictive effect; e.g. a 
nearly captured stone has close to zero influence, 
whereas  a stone in the center of the board with 
no neighbors may have high influence

ωAn area where a player has a lot of influence, i.e. 
is likely to become their territory, is called a 
framework, or moyo.

ωAlistair Turnbull:  if a given player tends to claim 
the majority of a certain region of the board 
when stones are placed randomly, this indicates 
that the player has influence in that region.
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Monte-Carlo

ωUse of random playouts (simulations of the 
game to the end) to generate an expected win 
rate for each move.

ςWin rate can be thought of as an estimated 
likelihood of it leading to a win if that move is 
played.

ωCrazyStoneby RémiCoulomrelies heavily on 
Monte-Carlo with little hardcoded knowledge of 
Go, and has performed well
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Reducing the Scope of Move Search

ωThe challenge is to make the move search more 
manageable ,  while retaining prediction strength

ωIn addition to the fairly well-known alpha-beta search, 
there are algorithms that make use of a technique known 
as ZobristHashing for more efficient search.
ςThis is a way to implement hash tables indexed by board 

position, known as transposition tables [Wikipedia].

ωSome have considered more unusual techniques  like 
Markov Chains [House]
ςA Markov chain is a stochastic process having the Markov 

property, which in this context means that the current state 
captures all information that could influence future states ς
which are determined by probabilistic means.
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Upper Confidence Bounds for Trees

ωMulti-Armed Bandit Problem
ςEach legal move is an arm of a multi-armed bandit

ς find the most promising looking branches, and expend more 
resources exploring those 

ωKeep selecting children according to upper confidence 
ōƻǳƴŘǎΣ ǳƴǘƛƭ ŀ ƴŜǿ ΨƭŜŀŦΩ ƛǎ ŦƻǳƴŘ όǘǊŜŜ ǇŀǊǘύΤ ǇŜǊŦƻǊƳ 
simulations to evaluate this new leaf (random part)
ςUpdate ancestors based on winrate

ωMoGo:  Use of patterns to have more meaningful Monte-
Carlo sequences
ςNot using patterns to prune the tree

ςParallelization Ą 70k simulations per move on a 13x13 board

ςAlso many hand-coded aspects to include various Go skills
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Genetic Programming

ωMutating code and using natural selection to 
evolve a program.

ωJohn Kozahas popularized a method of ensuring 
that mutated programs are still syntactically 
correct.

ωJeffrey Greenberg applied genetic programming 
to Go

ςIt also had to learn the basic rules of Go

ςInitial attempts did not result in strong Go players 
(but the process is very interesting)
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Genetic Algorithms

ωPer wǳǘǉǳƛǎǘΩǎǇŀǇŜǊΣ ά9ǾƻƭǾƛƴƎ ŀƴ 9Ǿŀƭǳŀǘƛƻƴ 
CǳƴŎǘƛƻƴ ǘƻ tƭŀȅ DƻΣέ ŘŜǎŎǊƛōŜǎ ŀ ǿŀȅ ƻŦ ŀǇǇƭȅƛƴƎ 
Genetic Algorithms to Go.

ςIt uses a vector of patterns and machine learning to 
evaluate the fitness of a set of weights for the 
pattern set.  (Weights indicate the importance of the 
pattern.)

ςA genetic algorithm is used to evolve the pattern set.

ωLearned to do well with training/test sets, but 
ŘƻŜǎƴΩǘ Ǉƭŀȅ ǿŜƭƭ ƻǾŜǊŀƭƭ όŀƎŀƛƴǎǘ GnuGo).

ςScores of -80 with no training, then -20 with training.
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Neural Networks

ωUse of Neurons (units of strategy) with connections to 
other Neurons

ωCredit assignment problem in backpropagation:  
ςwhich moves get credited/blamed for a win/loss?

ωRichards et. al. designed a system that evolves two 
populations:  one of Neurons and one of Blueprints
ςBlueprints use neurons to form larger strategies.

ςUses SANE (Symbiotic Adaptive Neuro-Evolution).

ςNeurons receive credit/blame based on the multiple blueprints 
they are used in.

ωLearned to defeat Wally on a 5x5 board in 20 
ƎŜƴŜǊŀǘƛƻƴǎΣ ōǳǘ ŘƻŜǎƴΩǘ ǎŎŀƭŜ ǘƻ мфȄмф ǊŜŀǎƻƴŀōƭȅΦ
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5ŜŎƛŘƛƴƎ ǿƘŀǘ ǘƻ ƛƳǇƭŜƳŜƴǘΧ

ωMain Goals:

ςInvestigate AI as a potential field of further study as 
ŀ aŀǎǘŜǊΩǎ ǎǘǳŘŜƴǘ

ςlearn XNA, C#, and Go to make a Go AI

ωApproach:

ςRead about as many approaches as possible.

ςMake some toy AIs to build the core program 
around.

ςImplement UCT- and Monte-Carlo-based approach, 
because MoGohas had great success with these.

ςCombine with a distance function to predict the 
άŀŘǾŀƴǘŀƎŜƻǳǎƴŜǎǎέ όŜȄǇŜŎǘŜŘ ǿƛƴ ǊŀǘŜύ ŦƻǊ ōƻŀǊŘǎΦ
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Code Organization

ωCoded up a framework to have AI deathmatches, 
with visuals using XNA (also can have two-human 
player games that merely enforce the rules).

ωWhite-Player and Black-Player each have an array of 
the classes that inherit from GoAi.  

ςAI implementations override TakeTurn(board) 

ωThe active AIs for each player are indicated by an 
index value.

ωCore framework guarantees that there is at least one 
legal move left when passing control to the AI.

ωAll AIs guarantee their chosen move is always legal.
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Tools Used

ωC# 

ωXNA

ςXNA Creators Club tutorials and models

ς¢ƘŜ hΩwŜƛƭƭȅ ōƻƻƪ

ςPrimitiveBatchcode

ω.SGF files from real Go games

ωGoTraxxparser
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XNA

ω·b! Ґ ·b!Ωǎ bƻǘ ŀƴ !ŎǊƻƴȅƳ

ωFramework for hooking into graphics, user input, 
etc. on Windows or XBox360

ςTrivial to switch between platforms

ωUseful classes to inherit from

ςGame

ςGameComponent

ωMany powerful systems for download, e.g. 
{ȅƴŀǇǎŜ DŀƳƛƴƎΩǎ άSunBurnέ
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Visuals

ω2D Viewer

ςAllows players to place stones on the board when 
there is a human player

ςSprite-based elements for the board and stones

ςUses PrimitiveBatch, downloaded from Microsoft to 
makes lines, etc. much more intuitive

ω3D Viewer

ςJust for fun

ςIntended for watching AI deathmatches

ςCamera viewing board and stone models
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2D Viewer
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3D Viewer
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