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What is Go?

w Go Is an ancient board game, originating in Ch
¢ where it Is known asveiqi ¢ before 600 B.C. It
: spread to Japan (where it is also known as Go
\, to Korea avaduk and much more recently to
Europe and America [American Go Associatiol

w The objective Is to cd‘ﬁiure opponent stones ar
surround area-on the board.
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Rules of Go

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

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

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

The game terminates When'_/be-th"players pass consecutively.
Ly 2Ly SyiQa aildzyS 2N O02yy S
(and removed fromrthe board) when that stone / group is
completely surrounded by enemy stone&.stone/group Is

surrounded when all of its liberties (adjacent free spaces) are
taken and occupied by enemy stones.



Rules of Go (continued)

A stone may not be placed in a position that will cause it to
iImmediately be captured, such as on an intersection which has
FT2dzNJ f AGSNIASAa 200dzLJA SR 0 éThe
exception to this is when doing so will capture the opponent
stones, and thus allow the stone placed this turnto remain.

KadEternity - If, on turn n, placing a stone down on a given
Intersection will result in the same board configuration as turm (r
HO OADPSD® (KS O2y FAIdzNI GA2Y |
turn), that move is illegalThus4wo players may not infinitely
alternate between the samie two board configurations.

Seki/Mutual Life This is when opposing groups share liberties tr
neither group can fill without leading to the capture of the
group.! NBI € STd 2LISYy | tdbiE BRI ¢ LJ



Rules of Go (continued)

10.

At the end of the game, the game can be scored in one of two
ways: [1. Areascoring]S I OK LJ | @ SNRa &a02N
stones on the board, plus the number of empty intersections
surrounded by his stoneg2. Territory scoring] stones that are
unable to avoid capture (dead stones) are removed and added f
0KS 2LI1R2YySyidQa LINARazySNA BEaéhi .
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number of empty intersections surrounded by his stones.
Various alterations can be“made, such as playing on a smaller
02FNRX 2NJIAPAY3I aKIF yYRAOI LJE
handicap, the board begins with a certain number of the weakel
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Simple Rules, Complex Play

w Despite the very straightforward rules, many
strategies and important patterns emerge.
WIOEI YLX SY @G9&Sé LI G0GS
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It can be captured; the opponent may surround the
group and then fill the space.

¢l 26 SOSNE M»MF | 3INRdzL) KI &
opponent can notplay in either due to the no
suicide rule.~Thus that group cannot be captured.



Eyes example

w The formation oanld be captured if

white takes all its’external liberties, and then
places a stone in the center.

w The formation on the right (two eyes) cannot b
captured.
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Why do people try to make Go Al?

w. SOlIdzaS A0Qa OKIffSy3
seek new Al board game technigues.

\\. w Go Is fun!

w!'faz AdQa | ANBlI G gl &
games, as many appreaches can be applied tc

w For neuroscience: possibly, through machine
learning techniques, some insight can be gaine
iInto how humans learn and think.



Go Is PSpace Hard

w Given a position on an n by n Go board, determining tf
winner Is polynomiaspace hard. This can be proved b
reducing TQBF (a$pace complete set) to the
GISYSNIfAT SR IS23INI LIKE E
then to Go [Lichtenstein & Sipser].

w Checkers is also polynomspace hard, and is a solved
problem [Schaeffer].

w However, the sheer magnitude of options (and for
intelligent algorithms, siieer number of possible
strategies) makes-it infeasible to create even passable
novice Al with-an exhaustive pure brth@ce approach
on modern hardware.

w Chess is only 8x8, and a powerfuhimaxis feasible.
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w The professional sized board is 19 x19.

w Barring illegal moves, this allows for-about 20
possible ways to execute a game.

w This number is about.26times 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.

\ 25AFFAOdA e 2F RSUSNYJ

board. It is difficult to create an evaluation
function that determines how advantageous a
given board state Is for-a given player.

ADPS® AU Qa RAFTTFAOMA G G2
conventional ways



Recent Progress

w On February 7, 2008, a computer finally beat a
pro Go playerc but with a 3stone handicap on
the human player, and with processing power
over 1000 times that of Deep Bluéillam4g.

w This programMoGa beat a pro player with only
a f-stone handicap in 2009.

w It seems feasible for’ébmputers to outperform
professional Go players within the next decade
WYSAYBI 0dzi UKSE& OSNI



Goals of this project

w Investigate Artificial Intelligence, as a potentia
I NBIF 2F AyaSNBadad Fa |

w Learn XNA and C# (and begin learning Go).
w Code a twehuman playergame using XNA.

w Write Al for Go.
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Overview

w There are a lot of ideas out there! Resources |
\\ [ SYaSAQa f AONI NE KI @S
written algorithms, ideas for further research,
etc.

w There are many coembinations of approaches.
For exampleMoGouses UCT, Mont€arlo, and
pattern-based techniques.



Pattern Matching

w Albert Zobristcreated one of the first (if not the
first) Implementations of Go Al in 1970.

¢ It used one influence function, which considered
adjacent pieces, to assign values to the possible ne
moves

¢ It also used another influence function that tried to
match patterns in a library to the board
configuration |
w Simple patteramatchers can be good Initial
training programs for machine learning
0 SOKYAljdzSa oS®PId . Af ¢



Life and Death

w! 3IANRdAzL) 2F aduz2ysSa Aa
remain on the board.

¢! IANRdzL) 6AGK Go2 S8Sa A
\ sense; they can never be captured.

w. SyazyQa ! L@2NAUIKY dza

w These algorithms can be very fast.



Center vs. Edge Heuristics

w Consider strategies such as center of the boar
vs. edge of the board placement.

w Also may use techniques such as calculating tl
physics center of gravity of a group, and then
trying to place stones areund the edge to
enclose this center-of gravity [House].



Influence /Moyo

wa A Y T dzSy Qesnéd predidtiveleffett; 2 ¥f. 3
nearly captured stone has close to zero influen
whereas a stone in the center of the board wit

no neighbors may have high influence

w An area where a player has a lot of influence, |
Is likely to become their territory, is called a

framework, ormoya.~

w Alistair Turnbull? if a given player tends to clair
the majority of a certain region of the board
when stones are placed randomly, this indicate
that the player has influence in that region.



Monte-Carlo

w Use of randonplayouts (simulations of the
game to the end) to generate an expected win
rate for each move.

\

\, ¢ Win rate can be thought of as an estimated
likelihood of it leading to a win'if that move is
played.

w CrazyStoney RémiCbqumreIieS heavily on
Monte-Carlo-with little hardcoded knowledge o
Go, and has performed well



Reducing the Scope of Move Search

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

w In addition to the fairly welknown alphabeta search,
there are algorithms that make use of a technigue kno
asZobristHashing for more efficient search.

¢ This is a way to implement hash tables indexed by board
position, known as transpositiontables [Wikipedia].

w Some have considered.more unusual techniques like
Markov Chains [House]

¢ A 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
which are determined by probabilistic means.



Upper Confidence Bounds for Trees

w Multi-Armed Bandit Problem
¢ Each legal move is an arm of a meditmed bandit
¢ find the most promising looking branches, and expend more

\\ resources exploring those
w Keep selecting children according to upper confidence
62dzyRax dzyuUAft | ySég WSt

simulations to evaluate this new leaf (random part)
¢ Update ancestors based_ efinrate

w MoGa Use of patterns to have more meaningful Mont
Carlo sequences
¢ Not using patterns to prune the tree
¢ ParallelizationA 70k simulations per move on a 13x13 board
¢ Also many hanecoded aspects to include various Go skills



Genetic Programming

w Mutating code and using natural selection to
evolve a program.

w JohnKozahas popularized a method of ensurin
that mutated programs are still syntactically
correct.

w Jeffrey Greenberg applled genetic programmin
to Go
¢ It also had tofearn the basic rules of Go

¢ Initial attempts did not result in strong Go players
(but the process Is very interesting)



Genetic Algorithms

wPerw dzil |j dzi 4I5MNE G 9 ¥2f GA Y
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Genetic Algorithms to Go.

¢ It 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.) :

¢ A genetic algorithm is used to evolve the pattern se
w Learned to do well with training/test sets, but

R2S&ay Qi LX I & @i 2 TS

¢ Scores 0f80 with no training, then-20 with training.



Neural Networks

w Use of Neurons (units of strategy) with connections to
other Neurons

w Credit assignment problem lvackpropagation
¢ which moves get credited/blamed for a win/loss?

w Richards et. al. designed a system that evolves two
populations: one of Neurons and one of Blueprints
¢ Blueprints use neurons to formlarger strategies.
¢ Uses SANE (Symbiotic A"déptiMeur(}Evolution).
¢ Neurons receive credit/blame based on the multiple blueprints
they are used-in.
w Learnedto defeat Wally on a 5x5 board in 20
ISYSNI GA2yas o0dzi R2SayQi
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w Main Goals:
¢ Investigate Al as a potential field of further study as
I al Aa0SNXNa aiddzRSyi
\\ ¢ learn XNA, C#, and Go to make a Go Al

w Approach:

¢ Read about as many approaches as possible.

¢ Make some toy Als to bund the core program
around. S

¢ Implement UC¥and Monte-Carlobased approach,
becauseMoGohas had great success with these.

¢ Combine with a distance function to predict the
Gl ROl yil 3S2dzaySaaé O6SEL






Code Organization

w Coded up a framework to have d¢athmatches
with visuals using XNA (also can have-twonan
player games that merely enforce the rules).

w White-Player and BlacRlayer each have an array
the classes that inherit frorGoAl

¢ Al implementations overridelakeTurn(board)

w The active Als for each player are indicated by an
iIndex value. '

w Core framework guarantees that there is at least @
legal move left when passing control to the Al.

w All Als guarantee their chosen move is always leg



Tools Used

w CH#

W XNA
¢ XNA Creators Club tutorials and models
CCKS hQwSAaAffte 022]
¢ PrimitiveBatchcode

w .SGF files from-real Go games

w GoTraxyparser



XNA

w-b! T bl Qa b2G Fy 1 C
w Framework for hooking into graphics, user inpt
\ etc. on Windows or XBox360

¢ Trivial to switch between platforms

w Useful classes to inherit from
¢ Game
¢ GameComponent

w Many powerful systems for download, e.g.
{feyl1LJAS BunBumy 3Qa d



Visuals

w 2D Viewer

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

¢ Sprite-based elements for the board and stones

¢ UsesPrimitiveBatch downloaded from Microsoft to
makes lines, etc. much more intuitive

w 3D Viewer
¢ Just for fun

¢ Intended for watching Atleathmatches
¢ Camera viewing board and stone models



2D Viewer

Implementation
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