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Abstract

Research int@omputer Gostartedaround 1970but the Geplaying programs were
never,in a real senseconsidered to be strong until tgear 2006, when #brand
new search scheme Morarlo Tree Search (MCTS) ahépperConfidence bounds
appliedto Trees(UCT) appearedn the scene. The revolution of MCTS and UCT
promoted progress of computer Go to such a degree that people begarnviothatie
after ten or twenty year&o-playing programs will be able to defeat the top human
players.

In this research, we propose some new heuristics of $cused on two
contributions. The first contribution is the successful applicationSiofiulation
Balancing (SB), an algorithm for training the parameters of the simulatior9t&8.
SB was proposed by Silver and Tesauro in 2009, but it waspoatficedon small
board sizes. Our experimerase the firsto demonstratés effectivenessn 9x9 Go
by showing that SB surpasses the vkelbwn supervised learning algorithm
MinorizationMaximization (MM) by about90 Elo The second contribution is
systematic experiments of various time management schemes Xt® Tb. The
results indicatghat clever time management algorithms can considerably improve
playing strength. All the experiments were performed on oupl@ging program
ERICA, which benefittedfrom these heuristics and the expeentalresults to win the

gold medain the 19x 19 Gotournamenat the 2010 Computer Olympiad

Keywords: Artificial Intelligence, Go, computer Go, Mont€arlo Tree Search
(MCTS), Upper Cofidence boundsppliedto Trees(UCT), Simulation Balancing,

Time Management, Erica.
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Chapter 1

Introduction

The game of Go is a grand challengeadfficial intelligence. In this dissertation, we
investigate some new heuristics of Monte Carlo Tree Search (MCTS) applied to the

game of Go.

1.1 Computer Games

Artificial intelligence in game@Herik et al., 2002)has made¢remendougprogress in

the past decade The theoretical foundation of computer games was laid in 1950,
when Claude Shannon published higroundbreaking papefiProgramming a
Computer for Playing Che@gShannon, 1950)it was this paper that proposed the
well-known search schemmainimaxprocedure in collaboration withan evaluation
function for evaluating the terminal positions. Minimax procedure as well as its
enhancementsSgchaé er, 1989)such as alphheta pruningnuthand Moore, 1975)
transposition tableSlateand Atkin, 1977)getc, constitute the framework that is still
dominant in the area of computer games, particularly computer chess. The rapid and
constant development of computer games, from 1950, reached a peak in the year 1997,
when the chesplaying supeccomputerDEEPBLUE (Campbellet al., 2002) built by

IBM defeated the worldchampion Garry Kasparovin a sixgame match. This

achievemenhas beemegarded as a significant milestone of artificial intelligence. In
1



spite of the chesplaying programs which have grown teetBupethuman level, the
game of Go is a major challenge that remains oemngeisterand Wiles, 1995

BouzyandCazenave, 2001

1.2 The Game ofGo

1.2.1 History

Go (Chinese: , Japanese: , Korean: ) is an ancient board gantbat
originated in China in the far past. According to gemerally acceptetbgends, Go
was invented by the Chineseperor Yao (2332258 B.C.)in order to instruchis
sonDanzhu In the long history of China, interest and research toward Go were never
scarce The game of Go was developed to andegply mingled with Chinese culture
as one of théFour Arts of the Chinese SchatanamelyQn (Gugin), @ (Go),S h |
(Chinese calligraphyHua (Chinese painting)Moreover, theerminologyof Go was
largely adoptedfrom Chinesadioms to represent specific conceptions. Two evident
examples areéadder(Chinese:¢ | , suggestinge a long chase ) andKo (Chinese:
P, implying cinfinite misfortunen ). Several lassical writings investigatingthe
playing skills of Go are stiltirculatednowadaysFor instance,i My s tofe My$ter
-ies 0 (Chinese:x ), a welkknown Tsumegocompilationdocumented 11349
A.D., is still popular andstudied byGo players.

Go was extensively studied and widely played by the general public after
spreading to Japan in the 7th century. On account ofdiligent research and
continual practice of numerous Japanese top Go players, such as the celebrated
Honinbo Shusaky18291862 A.D.), the playing level was raised immensely. Go
becamefithe national game of JagafSmith, 1908). It was in Japan that the first

professional Go institution was built and a number of formal tournaments were held



annually Such development in Japan ooty popularized Go in Japan itself, but also
to other countries and even the western world.

Now, the four leading countries where Go prevails are Korea, China, Japan and
Taiwan. However, people that play Go are increasing in other lands such as America

and Europe.

1.22 Rules

The description in this section is partly extracted fralasiek 1997) and Sendsi
Library". Briefly speaking, Go is played by two players, Black (makes the first move)
and White, by placing one stone of @Gewn color in turn on an empty intersection
on the board, calledoban of 1919 grids of lines (Figure 1.1A moveconsists of
placing one stone of one's own color on enpty intersection on the board.player
may pass his turn at any tirmad tvo corsecutive passes end the game.

Beginners usually play on board for the purpose of training. Another board
size of publidnterestis 13£13. 13E13 Go is more interestinghan9E9 Go to most Go
players, because the conceptofner and edge is meaningfal13E13 Go but notin

9B9 Go (Huang and Yen, 2010).

'!Senseids Library, http://senseis.xmp.net/.



Figure 11: A Go board of 19x19 grid of lines, with some played stones.

The complete rules of Go can be summarized to the followingpftneiples.
1. Removing a string without liberty.
A liberty is an empty irtersection directly adjacent tostone. Astring (or chain) is a
single or upwards of two directly adjacent stones of the same color.stkimg

without a liberty iscapturedby the oponent. Figure 1.2 gives an example of this

principle.
a O O
L@ O@ - O ®
+ @4 o] @ Q-0
s @ o @ O5_®,
A 0O O
) )

Figure 12 An e x a mRdmeving d strifig without libendy . L e fstting of Thiee
stones has 8 | iberti e stringmsaonk & tberty. \Righe White Mi dd | e:

captures thetring, without a liberty, by playing at point A.

4



2. Prohibiting suicide.

A move is illegal if this move has no capture andgtnmgwill have no liberty after it

is played. Figure 1.3 gives an example of this principle.

AO—— OO
o 000
7 O®

O
0O
000
QcQ
n O |
— @00

Figure 13: An e x a mpPrbhébiting Buicid® . Point A and B are both
moves. Point C i s Blcaacnk écsa pltedriaggmavidadovyee gbse c aus e i

3. Prohibiting repeating positions.

This principle deals witlthe repetitionof a board positionn the game of Go. The
simplest case iKo. The more general case, of a longgcle (the number of moves)
between the repeats, is call®dperkowhich is further defined &Situational Superko

andPositional SuperkoFigure 1.4 gives an example of this principle.

. L d . L d T . . .

OOO- O o L O] |

O O 000 O O

o o O
Figure 14: An e x a mprbhébiting fepeafing positiorts . Left: The original
Mi ddlI e: Bl ack captures a Whitebds stone. Ri ght

recreates a formal position (the one in the left).

4.Winning by more territory .

A player's territory consists of all the board points he has either occupied or

5



surroundedy his own colarThere are mainly two types of scoriniggrritory Scoring

and Area Scoring In Territory Scoring, used in Japanese and Korean ruéed) e
player's sore is the sum of her territory plus prisongi$ of the opponerd captured
stones during the gameé) Area Scoring, used in Chinese rulesgte player's score is
the sum of her territory pluthe number of her stones on the bodrd.order to
compenate forBlack® advantage ofhe first move White is given a certain points,
called komi in scoring. Figurel5 gives an example of this principl&uppose
komi=7.5. By Territory Scoring, since (B,W)=(25,25+7.5)=(25,32.5), White wins by
7.5 points. ByArea Scoring, since (B,W)=(41,40+7.5)=(41,47.5), White wins by 6.5

points.

T 000
000
®-000-0O

- 000
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[ 90
® 000 -0
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Figure 15: An e x a niWinnieg by morefterritory .

1.3 Computer Go

The rules of Go are rather simple, but its variations are almost numberless. The
statespace complexity of Go is about1b(Tromp andFarneback 2006) and the
gametree complexity of Go is about 38 (Allis, 1994), as shown in Table 1.AlIso,

Go was prove to be PSPACHard (Lichtenstein and Sipser, 1978). Such high

complexity makes Go a grand challenge for artificial intelligence.



Game Statespace| Gametree Status
complexity | complexity
Tic-tactoe 10° 10° Solved manually
Checkers 1067° 10" Solved in2007
Chess 10" 10" Programs > best human
Chinese chess 10 10*° Programsi best humans
Shogi 10 1077 Programs< best humans
Go 10 10°%° Programs<< best humang

Table 11: Complexities of some weknown games

Research into computer Go started around 1970 (Zobrist, 1970). Although the
whole search scheme of minimax procedure in most of the computer games has been
a success story, it does not work well for the game of Go. The main problems are the
difficulty of designing a feasible evaluation function and the huge search space that is
considerablylarger than other game8duzy and Cazenave, 2001Miuller, 2002)
Consequently, before the year 2006, the traditional approach to writingpta@og
program was to bld many handcrafted and independent modules, each realizing a
concept of certain Go knowledge, such as group (Chen, 1989) arahdifieath
(Chen and Chen, 1999), then integrate them into a single knowledge expert
system. Developing a competitive gtaying program in those days, as a result, took
a great deal of time and required a great deal of Go knowledge. But thanks to large
money prize offered by tournaments such as the Ing Cup and FOST Cup (Fotland,
1996), computer Go became popular since @880s. World championship
competitions drovesteadyincreasing inplaying strength amog the top programs,
including THE MANY FACES OoFGO by David Fotland,Go INTELLECT by Ken Chen,

Go++ by Michael ReissGoOLIATH by Mark Boon Jmmy by Shidim Yen(Yen, 1999)
etc. Among these traditional Go programmers, the most-kvedlwnis Chen Zhixing

renownedfor developingHANDTALK (afterwardsknown asGOEMATE), the generally



acceptedstrongest Ggplaying program in the 1990s. In 199FANDTALK won a

match of 11 handicapstones againsta 9yearold, amateur @€lan Go player. 11
handicap stones away from amateuda® is approximately amateurk§u level,

which is far weaker than the top human level. So,&@hahy Goplaying programs

were never, in a real sense, considered to be strong until the very year 2006, when the
brand new search schenvonte Carlo Tree SearcfMCTS) (Coulom 2006) and

Upper Confidence boundappliedto Trees(UCT) (Kocsis andSzepesva, 2006)
appeared on the scene. The revolution of MCTS and UCT promoted progress of
computer Go to such a degree that people began to beliewafttraers or twenty

years, Geplaying programs will be able tiefeatthe top human players.

14 Summary of the Contributions

In this dissertation, we study and investigate several new heuristics of Monte Carlo
Tree Search (MCTS) which had been tested in ouplaging programERICA.
Excluding from the technical and engineering details, our work caurmenarizedo
two contributions.

The first contribution is Mont€arlo Simulation Balancin¢gSB) applied to9x9
Go. SB is an algorithm to train the parameters of the simulation. It was proposed in
2009, but onlypracticedon small board sizeOur experinents are the first to
demonstrate its effectiveneiss9x9 Go by showing that SB surpasses the -ketwn
supervised learning algorithmMinorizationMaximization(MM) by about 90 Elo.

The second contribution is systematic experiments of various time eraeag

% The 10 years prediction imaintainedby ProfessorJaap van den Herik in Tilburg Centre for
Creative Computing (TiCC) of the Tilburg University, Netherlands.
% One of the proponents of the 20 years prediction is David Fotland, the autfia FANY FACESOF

Go.
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schemes for @19 Go. The results indicate that clever time management algorithms
can considerably improve playing strength.

All the experiments were performed on our-@aying programEgRrica, the
winner in the 1819 Go tournament at the 200bmputer OlympiadFotland, 2010Q)

which is a strong confirmation of the effectiveness of these new heuristics.

1.5 Organization of the Dissertation

The organization of this dissertation is as follows. Chapter 1 gives an introduction of
computer games, ¢hgame of Go, computer Go, a summary of the contributions in
this research and the organization of the dissertation. Chapter 2 presents the
background and related work of this research. It introduces Monte Carlo Go, explains
Monte Carlo Tree Search (MCT@nd Upper Confidence bounds applied to Trees
(UCT), and surveys some of the staftthe-art Goplayingprogramsas well as their
contributions. Chapter 3 introduces our Gaaying ERICA. We narrate its
developmenhistory and standings in the tournamethist we have participated, and
introduce the framework of the program. Chapter 4 presents our first contribution:
applyingSB to 9x9 Go. Chapter 5 shows the second contribution: time management
schemes utilized in 229 Go. Finally, conclusions ampfoposés for future workare

given in Chapter 6



Chapter 2

Background and Related Work

In this Chapter, we introduce the background and related work of this research.
Section 2.1 introduces the progress of Monte Carlo Go untildéwelopmentof
Monte Carlo Tree Search (MCTS) akipper Confidence boundsppliedto Trees
(UCT). Section 2.2 explains MCTS and its four stages along with the related work.
Section 2.3 explains UCT, which was mainly proposed for the first stage (selection) of
MCTS. Fnally, Section 2.4 surveys a number of stat¢the-art Goplaying programs

as well as their contributions.

2.1 Monte Carlo Go

The idea of Monte Carlo Go was at the very beginning introduceBrbgmann
(Brigmann 1993). In his papé&iMonte Carlo G, Brigmannproposed an algorithm
which attempts to find the best move by simulated annealing, without including any
Go knowledge, except the rule Ado-notfill -eyed in the simulation. Based on
Abramsoris expectegbutcome model (Abramspri990) a position isevaluated by

the average score of a certain numbesiwifulatiors (random games) played from that
position on.Remarkably by this approachB r ¢ g nsgprograimnGoBBLE achieveda
playing strength of abo@5-kyu ona 98 board. In 2003, on the basisRifigna nsn 6
work, Bouzy started to make some experiments on Monte Carlo Go (Bouzy, 2003;
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Bouzy and Helmstetter 2003) andaccordinglybuilt a new version of his program
INDIGO. In the next few years, Bouzy and Chaslot proceeded to bring forward not a
few groundreakingideas, such a8ayesian generatioof patterns for 1819 Go
(Bouzy and Chaslot, 2005), Progressive Pruning and its variants Miai Pruning (MP)
and Set Pruning (SP) (Bouzy, 2005a), History Heuristic and Territory Heuristic
(Bouzy, 2005b) andEnhancd 383 patterns by reinforcement learning (Bouzy and
Chaslot, 2006).

It was based on thegeliminaryworks on Monte Carlo Go that the significant
breakthrough of Monte Carlo Tree Search (MCTSpylom 2006) and Upper
Confidence boundsapplied to Trees (UCT) (Kocsis and Szepesvari 2006)

independentlyame to realize in 2006.

2.2 MonteCarlo Tree Search (MCTS)

Monte Carlo Tree Search (MCTS)Coulom, 2006)s a kind of besfirst search that
tries to find the best move and to keep the baldmegveen exploration and
exploitation of all movesMCTS was firstly implemented ilfCRAzY STONE, the
winner in the9E9 Go tournament at the 2006 Computer Olympiadyether withthe
emergence of UCTKocsis andSzepesvari 2006) the huge success of MCTS
stimulatedprofound interest among Go programmers. So far, neammancements of
MCTS have been proposed and develogetth asRapid Action Value Estimation
(RAVE), proposed by(Gelly and Silver 2007; Gelly and Silvey 2011) and
progressive biggproposedy (Chaslotet al, 2007) to strengthen iteffect. Plenty of
comprehensive studies were also focusedthe policy and better quality of the
playout(Coulom, 2007Chaslotet al, 2009;Hendrik, 2010Q.

MCTS is commonly classified into four staggshaslotet al, 2007) selection,

11



expansion, simulation and backpropagatias shown in Figure 2.1. The operation of
MCTS consists in performing these four stages ever and agiingaasthere is time
left. The repeated four stages of MCTS and the edlatork are described in the

following subsections.

> Selection > Expansion Simulation Backpropagatio

Figure 21: The scheme of MCTS.

22.1 Selection

The first stageselectionis intent on selecting one of the children, according to a
selectionfunction (or selection formulp of a given node and repeats from the root
node until the end of the tree. Figure 2.2 gives an example. The selection strategy
UCT and the variouselection functions adopted by different-@laying programs

will be independently investigated in Section 2.3.

Figure 22: The first stage of MCTS: selectioNode 1 (Root) selects Node 2 then Node 2
selects Node 6, which reaches the end of the tree.

2.2.2 Expansion

The second stagexpansioris to createa new child node, corresponding to one of the

legal moves of the parent node, and store this new node tmemory tafexpanad
12



the tree. Figure 2.3 gives an example.

The simplest scheme of expansion is to create a new node in the first visit of a
leaf node (Coulom, 2006). However, for RAVE, it is necessary to createealhild
nodes in preparation for updding the RAVE statistics in the fourth stage
backpropagation. To reduce this memory overhead, a popular soludelaygdnode
creation namely to expand a node in thth (n>1) visit. The NOMITAN team has
reported some effective variants of delayed node creategmiaet al, 2010).

To raise the performance of RAVE, it is suggested to assign a prior value to each
created nodeGelly and Silver 2007) If many features are taken into accounttfe
computation of a prior value, node creation can be costly and slow. To speed up node
creation in multithreaded environmeiRJEGO uses an independent, thresakcific,

memory array for node creatioBr{zenbergeandMdller, 2009)

(L
) & @
&) & @ & O
10

Figure 23: The second stage of MCTS: expansion. Node 10, the child node of the leaf node 6,
is created and stored to the memory to expand the tree.

2.2.3 Simulation

The third stagesimulationis to perform a simulation (also callgtayou) from the
13



position represented by the new created node. For delayed node creation, a simulation
is simply performed from the leaf node. In MCTS, a simulation is carried out by
Monte Carlo simulation composed @ndomor pseuderandommoves. This is the
reason for he namefiMonte Carlo Go and fiMonte Carlo Tree SearohWhen the
random games completed, the final position is scofe decide the winner. Then

the associated outcome 0/1 is passed to the tree to indicate loss/win of this simulation.

Figure 2.4 givesrmexample.

©
D ©® @

® ©® 0O ® ©

®

\ 4

Simulationoutcome®/1

Figure 24: The third stage of MCTS: simulation. After Node 10 was created, a Monte Carlo
simulation is performeftom the position represented by this node. Finally, the outcome 0/1
is returned to indicate loss/win of this simulation.

Simulation is the most crucial step of MCTS. In general, there are mainly two

* For the game of Go, a simulation is usually scored by the Chinese rules.
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types of Monte Carlo simulation among the current stronglaging programs.

The first type, calledMogotype sequencdike or fixedsequence simulation
(Gelly et al, 2006), also being callddoga® magic formulais used byMoGo, PACHI,
FUEGO, andmary strong Geplaying programsMogo-type sequencdike simulation
will be further investigated in section 2.4.2.

The second type, calle@rRAzYSTONEIike, probabilistic simulation, being called
CrAzY STONES update formula(Teytaud, 2011)that allows more flexibility, was
proposed byrémi Coulom (Coulom, 2007) and is being used@rRazy STONE, AYA
and our Geplaying programERICA. ZEN was reported to use a mixed type of
simulation betweenMogo-type and CRAzY STONE-like (Yamato, 2011).CrAzY
StoNE-like simulation will be further investigated in the next chapter.

Recent research on simulation centers on two directions. The first direction is to
balance the simulations in the frameworkBafitzmann softmayplayout policy with
thetrained feature weights which will be discussed in Chapter 4. The second direction
is to improve the playout policy dgtting the simulations learn from itself, according
to the results of the previous simulations (Drake, 20@&ndrik 2010; Baier and
Drake, 2010)or the statistical data accumulated in the tfeam(el et al, 2010)

Such dynamic oadaptivescheme for the simulation is being calbthptive playout

2.2.4 Backpropagation

Thefourth stagdackpromgationis to propagate the simulation outcome 0/1 from the
new created node, along with the path decided in the selection stage, to the root node.
Each node in this path updates its own statistical data by the simulation outcome.
Figure 2.5 gives an example.

In backpropagation, it is possible to update other statistical data by the

information collected from the simulation, to obtain a faster estimation of the child

15



nodes. For instance, WitRAVE (Gelly and Silver 2007) or other kinds cAMAF
(All-MovesAs-First) (Brigmann 1993;Helmbold and Wood, 2009) a node updates
all the moves that were played in the tree and the simulation after the position
represented by this node.

Some researchers also tried to assign heavier weights to the later simulation
outcomeswnhen the tree grows largeXié and Liu, 2009), under the assumption that

the larger the sulree the more promising the simulation outcome.

Simulation outcome=0/1

Figure 25: The fourth stage of MCTS: backpropagation. The simulation outcome 0/1 is
propagated from Node 10 along with the path in the selection stage (Node 6 and Node 2) to
the root node (Node 1). Each node updiégeswn statistical data by the simulation outcome.

A recent topic in backpropagation which calls for much attentiodyisamic
komi Dynamic komi was proposed to cure the awful performance of MCTS in
handicap games dhe 19E19 board.The objective undecurrent structure of MCTS
is to maximize the winning rate rather than score. So, MCTS works best if the

winning rate of the root node is close to 50%, because it is the very occasion that the
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simulation outcomes can reflect good and bad moves to thenmaxdegree. In the
case that the winning rate is close to 100% (the case of 0% can be deduced in the
same way), MCTS becomes reluctant to explore (since a 0.5 point win or a 20.5
points win are of the same outcome) and incapabtistoiminae between gaband
bad moves. After all, Monte Carlo simulation is more or less biased and far from
perfection. This problem becomparticularlyapparent in the handicap games against
strong human players, as a result of the huge and early advantage offered by the
handicap stones.

Figure 2.6 gives practicalexample. Tis position is selected from the exhibition
game at the 2010 Computer OlymghiRina FujisawgWhite) vs.ERICA (Black), with
6 handicap stone3he stone marked bgeis the last move. Point A (extending) is a
mandatorymove for Black in this case bERICA played at B, a clearly bad move, and

showed over 80% winning rate.

° °

° °

0000 °
F 00

Figure2.6: The exhibition gamat the 2010 Computer OlympiaRina Fujisawa (White) vs.
ERICA (Black), with 6 handicap stoné&/hite won by resigation

17



The main idea of dynamic komi is to adjust the komi valuetheyaveraged
score derived from the lasearchjn order toshift the winning rate of the root node
closer to 50% ZeN, THE MANY FACES oF Go and PacHI® have been reported to

benefit from dynamic komi, although edchsa differentapproach

2.3 Upper ConfidenceBound Applied to Trees
(UCT)

Upper Confidence bound applied Toees(UCT) (Kocsis andSzepesvari 2006)is
the extension of the UCBL1 strategdugr et at, 2002) to minimax tree search. The
deterministic UCB1 algorithm or policy was designied solve theMulti-Armed
Bandit problem(Auer et al, 1995) and ensures that the optimal machine is played
exponentially more than any other machine uniformly when the rewards are in [0,1].
In MCTS, UCT ismainly served as aelectionfunction in the firststage of MCTS
and, in general, can be viewed as a special case of MCTS. Under the formulation of
UCT, the selection in each node is similar to talti-Armed Bandit problem
(CoquelinandMunos 2007).1t aims to find the best move and in the meantime keep
the balance between the exploration and exploitation of all mM@sowas the first
Go-playing program that successfully applied UCT (Geliwl, 2006).

The strategy of UCT is to choose a childdaovhichmaximizes the selection

formula (2.1):

Iog N uct

UCT = Vuct + CUCt 3
n

(2.1)

uct

wherev,is the value of this noda, is the visit count of this node ad,y is the

visit count of the parent nod€, is a constant, which has to be turesdpirically

® The author oPACHI, Petr Baudi g, described his successful i
draft of his paper fABalancing MCTS by Dynamically A
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The latter part of the formula (2.1) is usually calfeaploration terro for the purpose
of balancing the exploration and exploitation.

The strategy of UCT was very quickly found not feasible to the gaiim@o,
because it requires that each child node must be visited at least once. Ev@Eon
board, the branching factor, 81 for the node representing the empty position, is still
too large to do such complete sear@b. remedy this flaw, Rapid Action Vadu
Estimation (RAVE) was proposed¢€lly and Silver 2007;Gelly and Silvey 2011).
RAVE is a kind of the heuristidMAF (All -MovesAs-First) Brigmann 1993;
Helmboldand Wood, 2009) that updates all the moves which were played in the tree
and the simulation after the position represented by this AdaestrategyRAVE is

to choose a child node whichaximizes the selection formula (2.2):

logN
RAVE=v _ +C_ 3 |29 Nme 2.2)

rave rave n
rave

whereviave is the RAVE value of this nod@e;ae is the RAVE visit count of this node
andNrae is the RAVE visit count of the parent nod&,.e is a constant, which has to
be tunedempirically.

Blending UCT withRAVE, the strategy UGRAVE is to choose a node which

maximizes the selection formula (2.3):

UCT - RAVE =Coefficient® RAVE + (1- Coefficient)® UCT (2.3)

whereCoefficientis the weight of RAVE Gelly and Silvey 2007; Silver, 2009).

In the past few years, many efforts hawesei paid to improve the selection
function based on the strategy UBRVE. Some new ideas and the various selection
functions adopted by different Gaaying programs are listed as follows.

1. Chaslotet al. proposed two progressive strategies for the selecttage and
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measured a significant improvement from 25% to 5@%@0 games)n their
programMANGO againstGNU Go 3.7.10 onl13EL13 board (Chaslotet al, 2007).
The first strategy isprogressive unpruningalso called progressive widening
(Coulom, 2007),which gradually unprunethe child nodes according to their
scores computed by the selectitmction The othersubstantialstrategy is
progressive biasrealized as an independent teaddedbehind the selection
formula aiming to direct the search accong to timeexpensive heuristic
knowledge.

. Chaslotet d. presented a selection formula combing online learning (bandit
module), transient learning (RAVE values), expert knowledge and offline
patterinformation (Chasloiet al, 2009), which is beingusedin their program
Mogo.

. Silver, in his Ph.D. dissertation, based on the experiment$awo (Silver, 2009),
suggested to takeff the exploration termsf both UCT and RAVE, namelyet
CuctandC,aeto O.

. Rosin proposed a new algorithm PU@Bderthe assumption thaiontextual side
information is available at the starttbe episod€éRosin, 2010)

. Tesauroet al. proposed a Bayesian framework for MCTS that allows potentially
much more accurate (Bayeptimal) estimation of node values and node
uncertainties from a limited number of simulation trials (Tesaairal, 2010).

. THE MANY FACES OF GO is using the formula (2.4) ircollaboration with

progressive widening (Fotland, 2011):

(- betg)? (v, +C,.* 129Nuty L petas v +migo_bias (2.4)
uct
beta= &
500+3° N
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wheremfgo_biass unchanging, per move, withinrange of about +2%, based on
the quality of the movestimaed by themove generatoof THE MANY FACES OF
Go.

7. AvA is using the formula (2.5) ircollaboration with progressive widening

(Yamashita, 2011):

log N log N
(1- DEtE)? (Vo + Co® |2 0—2) + DRI (Vo Co? [0 (2.5)
uct rave
beta= &
100+33 N4
8. PEBBLESIs using the formula (2.6) (Sheppard, 2011):
(1- beta)® gUCT +beta® qRAVE (2.6)

wherebetais set according to Silvér dissertation (Silver, 2009). BotjyCT and
gRAVEIincorporate exploration terms frothe Beta Distribution $toginet al,
2010).

9. PacHI is using a formula similar to that 8fvA, except that (e and Giave are set
to 0 (Baudis, 2011). ThéEven game priaris used to setq with 0.5 atn
playouts, wheren can be between 7 and.4@nother important prior igiplayout
policy hinte, which useghe same heuristics (and code) asplagout policy to

pick good tree moves

2.4 Stateof-the-Art Go-Playing Programs
In this section, we survey senstartof-the-art Goplaying programs as well as their
contributions.

2.41 Crazy Stone

CRAzY STONE was created birémi Coulom,the inventor of MCTSCoulom 2006),
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which has been regarded as the most significant contribution to Computer Go in
recent yars. At the 2006 @nputer Olympiad,CRAZY STONE demonstrated the
usefulness and effectiveness of MCTS by ¢lrerwhelmingvictory in the  Go
tournament. In this tournamenfrAzY STONE defeated many senior Gaaying
programs such asNu Go, GOKING, JMMmY, etc, and tied witlAvyA and GOINTELLECT.
In the first UEC Cup in 2007TCRAZY STONE won the exhibition match against Kaori
Aoba 4p with 7 handicap stones. This game was describ@apsbeautifub. Figure
2.7 shows the final positiorf this game CrRAzy StoNE finally killed the whole
Whited big group in the center (marked by) and secured a solid win.

The second great contribution Goulomis the supervised learnirggorithm
named MinorizationrMaximization (MM) for computingthe Elo ratings of move
patterns (Coulom 2007), which will be further investigated in Chapter 4. This

learning algorithm is still used by some of the-tepel Goplaying programs, such as

ZEN andAvA.
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Figure 27: The final positionof the exhibition match: Kaori Aoba 4p (White) VGRAZY

® A group consists of one or more loosely connected strings.
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STONE (Black), with 7 handicap stones, in the first UEC Cup, 2007. Black won by
resigration

Currently, Coulom is again working dRAzY STONE after a suspension of about
2 years. Right nowCRAzY STONE is rated 4dan on theKGS Go Serve(KGS) on a
24-core machine (accourazyStongretrieved at 20107-14 T12:12:42+08:00 on
the 19E19 board and reachedBayesElo rating (Coulom,2010)f 2914in Computer
Go Server (CGOS) otthe 99 board (accountbonobot retrieved at 201-D7-14

T12:15:34+08:00).
24.2 MoGo

MoGowas createth the beginning by Yizao Wang and Gelly Sylvain, supervised by
Rémi Munos Olivier Teytaud took the lead of tHf#MoGo tean® after Yizao Wang
and Gelly Sylvain leftThere are several important contributions fréime MoGo
team.

The first and the greatest contribution is applying UCT (KocsisSagpesv ari
2006), whichwas inventedby Kocsis et al. independentlyat the same timeas
Coulom® MCTS, to computer Go (Gelbt al, 2006). It is widelymaintainedhat the
contributions ofCrAzY STONE andMoGocollaborativelyenable the Monte Carlo Go
programs to be competitive with, and stronger than, the strongest traditional
Go-playing programs, such aBlANDTALK, THE MANY FACES OF Go and Go
INTELLECT.

The second contribution dlocoteam lies in the Monte Carlo part. The earliest
creators oMoGo, mainly Sylvain Gelly and Yizao Wang, designed a sequkkee
simulation (Gellyet al, 2006) that still hagslominantinfluence on almost all the

current strong Gelaying programs. This sequerdes simulation was further

" Presented in ISO 8061 date format.
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improved by expert knowledge, such as nakade, and heuristics sifeH #e board

(Chaslotet al, 2009) Figure 2.8 gives the example of sequelilee simulation.

©

Figure 28: An exampe of sequencéike simulationproposed byMoGo team,cited from the

paper AModiycation of UCToOwith Patterns in

The main pringle of such sequendike simulation consists in considering the
present move by responding to the previous move played by the oppoment. T
importantresponse$o the previous move afsave a string by capturiogndfisave a
string by extendingg For fisave a string by capturingit meansa save the string and
put in atari by the previous move, bgaptuing its directly neighboring opponent
string. fiSave a string by extendiagneans to save the string apdt in dari by the
previous moveby extendingits liberty. Figure 2.9 gives an example of these
responses.

The most powerful part of the sequetlike simulation is considering theE3
patterns around the previous moliés generally stated that th&Bpatterns designed
by Yizao Wang and RAVE arthe major factors that enabl&doco to be the solid
strongest Ggplaying program in the period of the first half of 2007.

This sequencdike simulation handcrafted policy was improved by the offline
reinforcement learning from games of saly (Gelly and Silver 2007). Gelly and

Silver reported that this generated policy outperformed both the random policy and
24
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the handcrafted policy by a margin of over 90%.

The third big idea oMocGo team is RAVE Gelly and Silver 2007) which is a
kind of the heuristic AMAF (AHMovesAs-First) Brigmann 1993;Helmbold and
Wood, 2009) Presently, RAVE is reported to be utilized in almost every strong
Go-playing program. Some authors even reported that RAVE boosts the playing
strength otheir programs over 200 Elo (Kato, 2008).

Other contributions oMocGoinclude theparallelizationof MCTS (Chaslotet al,
2008;Gelly et al, 2009;Bourki et al, 2010, the neveiending learning algorithms for
designing automatically an opening bookMETS (Chaslotet al, 2009;Audouardet
al., 2009;Gaudelet al, 2010) and so on.

MoGOTW, a joint project between thdoGo team anda Taiwanesdeam, led by
ChangShinLee composed o$everalTaiwaneseauniversitiesand organizations, won
the first 9B game as Black against the top professional Go plagenHsun Chou
9p, the winner of the international professional Go tournament LG Cup 2007, in the
Human vs.Computer Go Competition at WCCI 2Q1Bigure 2.10 shows the final

position of this game
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Figure 210 The final position of the match: Chitsun Chou 9p (White) vaMOGOTW
(Black), with komi 7.5. The st onresigmtanr ked by @

24.3 GNuGo

GNU Go is an opersource Geplaying program authored by many people. The first
version of GNU Go was released at March 13th, 1989. It is still the most popular

Go-playing program among many internet Go servers and the most common
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experimental test bed in the field of computer Go.

Before the rising of MCTS and UCTGNU Go was among the strongest
Go-playing programs. It won the gold medal in thé=l19 Go tournament at th€@3
Computer Olympiad and silver medal in tH®9G0 tournarant at the 2004 Computer
Olympiad.On the Bayes£tlo rating systemof the Computer Go Servé€GOS),the
rating of GNUG0-3.7.1GA0 on the 19519 boardis 1800 and the top ranked program is
ZENGG4XAc-TsT, rated 289 (retrieved at2011-07-17 T17:22+08:00). This fact
shows that in the past seven yedrsm 2004 to 2011the improvement of the
strongest Geglaying program is at lea$000 Ho.

Figure 2.11 gives the position in the opening stage of the rbatofeenliMmy
(White) and GNu Go (Black) in round 1 in the 1E19 tournament at the 2003
Computer Olympiad. This example shows that l&tiv Go andJmMmy can play very

good pattern shapes in the opening stage.
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Figure 211: Round 1 at the 2003 Computer Olymgi MMy (White) vs.GNU Go (Black),
wi t h komi 6. 5. The stone mar ke designgfionee i s the pr
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24.4 FUEGO

FUEGO (Enzenbergeet al, 2010)was createthy Markus Enzenberge¥jartin Miller
and Boderick Arnesorof thecomputer Gaesearclgroupled by MartinMuller at the
University of Alberta, Canada.

FUEGO won the first 9F9 game as White against the top professional player
ChunHsun Chou9p in the Human vs. Computer Go Competition of 2009 IEEE
International Conference on Fuzzy System<2010,FUEGO, running on &ig shared
memory machine at IBMvith 112 threads(Segal, 201Q)won the 4th UEC Cup.
Figure 2.12 shows the position in theddiie game of the final match betwegen
(White) andFueGo (Black). FUEGOGs previous move, marked lag was a severe and
strong cut aiming to kill the Whie group markedy x. After winning this big

semeai, Fuego secured the leading to the end of time gad won the 4th UEC Cup.
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Figure 212 A position of the final match in 4th UEC CupeN (White) vs.FUEGO (Black).
Black won byresigration

Another contribution ofFUEGO team is the release of the toGloGui for
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Go-playing program developers&soGuiallows direct communication to a Go engine

by a command shell. It also provides a mechanism of automatic playing between any
two Goplaying programs througico Text protocol(GTP). Anotherconvenience
supplied by GoGuis the visualization ohumeroudeatures for the usexpecific GTP

commands.

245 The Many Faces of Go

THE MANY FACES OFGoO (Fotland, 1993; Fotland, 2002) was developed by David
Fotland, an American professional Go programmer who has worked on coi@puter
for over 5 years.THE MANY FACES OFGO is acommercialGo-playing program. It
was among the strongest traditional -@aying programs, themransformedto a
Monte Carlo Go program mixed with the old engine.

THE MANY FACES OFGO has outstanding achiement in tournaments and has
been a competitive program since the 1980 older version that did not use MCTS
won the 21st Century Cup in 2003 and the 1998 Ing Cup World ChampioAstiie
2008 Compute®lympiad THE MANY FACES OFGo won both the B9 and 1%19 Go
tournaments. It also won the gold and bronze nsddahe 1¥13 Go and 1819 Go
tournaments at the 2010 Computer Olympiad. Intthenamentof KGS Go Server
(KGS), THE MANY FACES OFGO has always been a patrticipant at the top of the list.

Figure 2.13 shows the game betwean (White) andTHE MANY FACES OFGO
(Black) in round 7 in the 819 Go tournament at the 2010 Computer Olympiad. The
stone marked bgeis the last move wheHEN resigned. In this position, Black can
either play at A or B to secure the center group marked.ldy clearly shows the
strong lifeanddeath and defenseapabilites of THE MANY FACES OFGoO (Fotland,

2002) undeZENds continuousy largescale, fierce @hck toward the center group.
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Figure 213 The final position of the match in round 7 in thex19 Go tournament at the
2010 Computer OlympiadeN (White) vs.THE MANY FACES OFGO (Black). Black won by
resigration

246 ZEN

ZEN is a Japanese commercial-Blaying program created byjima Yoji (nickname
YamatQ, collaboraing with Hideki Kato on clusteiparallelization ZEN was the
winner in the 1819 Go tournament at the 2009 Computer Olympiads now
doubtlesslythe strongest Ggplaying program (up to July 13th, 2010ntheKGS Go
Server(KGS), ZEN is the onlyprogramthat stands firm ifb-dan (accaint Zen190 as
shown in Figure 2.14etrieved at 201-D7-14 T12:53:01+08:00in blitz gamesand
4-dan (accountZen19Sretrieved at 201-D7-14 T12:53:28+08:00in longer games
running on a 2&ore cluster. It also won all the tournament& &S Go Serve(KGS)

thatit had participated up to July, 2011.
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KGS Rank Graph for Zenl13D (May 28, 2011 through Jul 14, 2011)

& May ljun IJuI
2011

Figure 214: KGS Rank Graph fazen19D

Good at fighting has long been the main featur&md. The success story of
ZEN clearly demonstrates thedficacy of heavy and informative playouts, RAVE and
larger patterns in the tree (Coulom, 2007), which were reported to contribZgado
playing strength.

In the 4th UEC Cup in 201&EN won the exhibition matchgainstKaori Aoba
4p with 6 handicap stones. Figure 2.15 shows the final position of this game. In this
game, ZEN thoroughly showed its strong capabilities of attack through wiele
game. ltfinally killed the Whités big group markedE and came off with a great

victory.
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Figure 215: The final position of the exhibition match in the 4th UEC Ciipori Aoba 4p
(White) vs.ZEN (Black). Black won byesigration

In the Computer Go Competition at the 2011 IEEE International Conference on
Fuzzy Systems heldn June 2780, 2011, in Taiwan, ZEN defeatedthe top
professional Go playethunrtHsun Chowlp with 6 stones. Figure 2.16 shows the final
position of this gameThe stone marked bgeis the last move. In this game,
ChuntHsun Chou9p consumed only 10 minutes totally, and he explained that
fibecause | want to test the performanceZefl in a fast gamend most ofZENG

moves were exactly what | would play
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Figure 216: The final position of the match in the Computer Go Competition at the 2011

IEEE International Conference on Fuzzy Systems: @fsum Chou 9p (White) vSZEN

(Black), with 6 handicap stones. Black won by 14.5 points.

2.4.7 Other Programs

Here we briefly and selectively introduce some other sththe-art and specific
programs that are worth mentioninBAcHI by Petr Baudis and Jedoup Galilly

(Baudisand Gailly, 2010)s now the strongest open source progr&LKYRIA by

Magnus PerssorPérsson2010) features heavy and rich knowledge representation in

the playout and ispecificallycompetitive orthe 9 board LIBEGObyGu k a s z
(Lew, 2010) is tkb fastest implementation of MCTOREGO by Peter Drake (Drake,

2011) is one of the popular test beds among computer Go researchers.
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Chapter 3

ERICA

In this chapter, we introduce our aying programERICA. Section 3.1 briefly
reviews thedevelopmenthistory of ERICA, as well as its standings in some of the
tournaments thaERICA participated up to July 2011. Section 3.2 investigates the
implementation of MCTS oERICA along with some of our own ideas. Finally,
Section 3.3 gives several examples pitk®m the games th&RICA played against

human players to indicatesistrength

3.1 DevelopmentHistory

3.1.1 First Version Created onMay 2008

The first version oERICA was created in May 2008, based on implementiags o0&
famousfUCT papeo (Gelly et al, 2006) The work was motivated by the impressive
performance ofCrRAzy SToNE and MoGo in the 9E9 competition at the 2007
Computer Olympiad.

This earliest version dERICA was written in pure C programming languagke
speed was about 20,000 uniform random simulations per secasirajfiecore CPU
of 2.26 GHz, orthe 99 board. Aboard is realized bya single array, keeping the

related information of a position, such as each siinglor, liberty, ownér and size.

8 Theownerof a string is the representative stone of it.
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MocGotype, fixedsequence simulation and RAVE form the basic MCTS
framework of the program. In this period, the personal communications with Yizao
Wang, one of the creators d¥loGo, helped considerably for the authos
understanding of thBUCT paped andto makeERICA stronger.

In the Computational Intelligence Forum & WorldU® Computer Go
Championship held on September25 2008, in TaiwanERICA ended up in thdth
position Table 3.1 shows the result of this competition. In this tournaniksmntA
won a game againgBo INTELLECT but lost to JMmmy, the strongest Taiwanese

Go-playing program at that time.

Position Program Wins | Country
1 MoGo 10 France
2 GO INTELLECT 6 America
3 JMMY 6 Taiwan
4 ERICA 6 Taiwan
5 Fupo Go 6 Japan
6 CPS 6 Taiwan
7 GOSTAR 4 Taiwan
8 GOKING 4 Taiwan
9 HAPPYGO 2 Taiwan
10 CHANGJUAN1 0 Taiwan

Table 31: The result of the Computational Intelligence Forum & Worl® ©@omputer Go
Championshifgeld onSeptember 227, 2008jn Tainan, Taiwan.

In the 4B Go tournament at the 2008 Computer Olympiad held on September 28
to October 5, 2008, in Beijing, Chin&RIicA finished in11th place among the 18
participants. Figure 3.1 shows the game betwEga (White) andAva (Black) in
round 2. In this game, thanks to the correct handlingeéfin the playout,EricA

reversed the bad situation and won.
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Figure 31: The final position of the match in roundr2the 9x9 Go tournamenét the 2008
Computer OlympiadERICA (White) vs AyA (Black). The stone marked lagis the last move.
Thegroups marked by form a seki White won byresigration

At the 2009 Computer Olympiad held on May-1®, 2009, inPamplona, Spajn
ERICA participated in the @ Go tournament with the same version that played in the

previous year. Finall\ERICA scored théth positionamong the 9 participants.
3.1.2 Second VersionCreated onJune 2009

In June 2009, amew version of ERICA was created, under the supervisionR&mi
Coulom. The maimdvancement this new version consists in the implementation of
the Boltzmannsoftmax playout policy that wasiccessfuin Coulonts CRAZY STONE.
In addition to RAVE prior informationwas taken into accouim the formulation of
progressive bias(Chaslot et al, 2007). The supervised learning algorithm
MinorizationMaximization (MM) (Coulom, 2007) was used to train the pattern
weights.

At the 2009TAAI Computer GoTournamentheld on October 3631, 2009, in
Taiwan,ERIcA won the3rd and2nd positionin the 9UB Go (Table 3.2)and 19119 Go

(Table 3.3) tournamentgspectively
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Position Program Country
1 ZEN Japan
2 MoGo France
3 ERICA Taiwan

Table 32: The result of the 9x9 Go tournameait the 200TAAl Go Tournament

Position Program Country
1 ZEN Japan
2 ERICA Taiwan
3 DRAGON Taiwan

Table 33:; The resit of the 19x19 Go tournameat the 200FAAI Go Tournament.

In the next monthERICA participated in the 3rd UEC Cup held on November
28-29, 2009, in Japan, and at last scored Gtieposition In the round 2 of this
tournament, ERiCA for the first time defeated the wehown strong 1919
Go-playing programAvyA, as shown in Figure 3.Zhelastmov e i s mdnr ke d
this gameERIcA (Black) killed severalWhite® groups, marked by) andacclaimed

a great victory

o0 O o0
POOI.O.%..I.#.O
000000000000 000
OOQOOVOO0 @O0+ OO
QOO.O. —

1 0O00Q0®-
00 OO0 O ~-O0®-
00000 xR,
0000 0000
000000 0¥ O OO
1 OOOX® @O0
® 000 00000 O
00 O 0@ OXXOOO0 | |
L 0 [ 5 an O OO [ [ @8
0XO00XXO0 COO® &@...

*
O
¢

®
®
L
O
*

REOO0] e 00 o8
00000000 00 000
QQQéngOO.@)@.@@.

L M) [
/

L 5
Q
O

Figure 32: The final posibn of the match in round 2 d¢iie 3rd UEC Cup:ERICA (White) vs
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AYA (Black).. Black won byresigration

3.1.3 Third Version Created onFebruary 2010

In February2010,Gu k a s z thelaathor ofLIBEGO was a great help in speed
optimization ofERICA. The author revrote many primary data structures and created

a new version OERICA, under thesupervisiorof Coulom. For instancenacres, a sort

of preprocessor in C programming language, were used extensively for loop unrolling.
The speed of the simation was accelerated by a factdr2 compared to thprevious
version. In this period, weconcentratecbn 19019 Go, trying hard to make use of
larger patterns ithetree and improve the quality of the playout.

At the 2010 Computer Olypmiad held on Sapber 24 to October 2, 2010, in
Kanazawa, JapatERICA won thegold and silver medasé in the 19119 Go (Fotland,
2010)and 9P Go tournamentsespectively In the 1919 Go tournament, after the
final round is finished, three progran®gN, THE MANY FACES OFGO and ERICA were
in a tie. The final positions were decided in the second playoff, whenZgotland
ERICA defeatedTHE MANY FACES OFGO andERIcA defeatedZeN. This indicates that
the three programs were competitive in playing strength. Figure 3.3 shevimal
match betweerZen (White) and ERicA (Black). This game was decided by a
largescale semeai in the opening stagen misread the semeai so thzgicaA killed

White® big group (marked by) and secured the lead until the end.
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Figure 33: A position of he final match in the playofff the 19x19 Go tournament at the
2010 Computer OlympiadeN (White) vs ERICA (Black). The previous move is marked by
& Black won byresigration

In the 4th UEC Cup, heldn 27th to 28th November 2010 in JapBRICA won
the 3rd positior?. Table 3.4 shows the result of this interesting tournament. In this
tournament, the games between the strong programs clearly indicated that handling
semeai correctly iparticularly crudal. Hgure 3.4 shows the position of the match
betweenTHE MANY FACES oF Go (White) andERiCA (Black) in round 4 of the
preliminariesin the first day. This game was decided by the lmgge semeai in the
middle game. The Bla& group, marked by, has4 liberties A, B, C and D while the
White& group, marked by, has only 3 liberties E, F and G. FinalBrica played
correctly to win this capturing race and defeated the tough TaMANY FACES OF

Go.

® Special thanks tdrofessor TsaiSheng HsuResearch Fellow of Academia Sinica, Taiwarho
kindly providedus the hardware resources, aodBe server with 64GB memory, for this tournament.
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Position Program Country
1 FUEGO Canada
2 ZEN France
3 ERICA Taiwan
4 AYA Japan
5 THE MANY FACES OFGO | America
6 COLDMILK Taiwan
7 CAREN Japan
8 PERSTONE Japan

Table 34: The result of théth UEC Cup, 2010.
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Figure 34: A position of the match in the 4th UEC CUME MANY FACES OFGO (White) vs
ERiICA( Bl ack) . The previous moresigmatios mar ked by

3.2 MCTS InERICA

This section investigates the implementation of MCT&RrcA, along with some of
our own ideas. Note that these ideas might baventions, since there are plenty of
open source Goplaying programs to trace that we might overlook, not mentioning to

the ones of unavailable source code.
3.2.1 Selection
The selection formula dErRICA is a combination of the strategies of UCT, RAVE and
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progressive biawhich maximizes the selection formula (3.1):

Coefficient 3 RAVE + (1- Coefficient)® UCT + progressie_bias (3.1)

whereCoefficientis the weigh of RAVE computed bySilverd formula Silver, 2009)
and the exploration term of RAVE is taken off as Silver suggested. For the exploration
term of UCT, G is set to 0.6 for all board sizes.

The term progressive_bias is computed by the formula (3.2):
Vprior

progressie_bias=C,;3 (3.2)

uct
where Gg is aconstant which has to be tunethpirically ny, initialized to 1,is the
visit count of this node and, is theprior value in [0,1] After the end of search, the
most visited candidate move in the root node is seldotgethy. For ERICA, the good

value of C_, on the 1819 boardis around50. Note that the good values oE,g

can vary in different board sizes.

3.2.2 Expansion

ERiCA usesdelayed node creatiofa node is expanded in thigh (n>1) visit) to
reduce the memory overhead caused by RAVE, as explained in SectionFar2.2.
Erica, the good value af on the 18119 board is around Fn node creation, the prior
computation takes into account various feasuwhich are partly listed in (Coulom,

2007), according tde pattern weights given by MM.

3.22.1 Larger Patterns

For ERICA, the first and foremodeature in prior computation athe 19019 board is

larger patterns of diamorshape (Stern at akR006). Firstly, larger patterns of up to
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size 9(by the definition in (Stern at al., 200&je harvested from the game records
according to their frequencies of appearance. Then, these patterns are trained by MM
together with other features that parti¢gpan prior computationln ERICA, larger
patterns are onlysedin progressive bias, not in the playotihe improvement from

larger patterns is measured to be over 100 Elo.

3.22.2 Other Features

Other useful featurefor the 19019 board are, for instar, ladder, distance features
(distance to the previous move, distance to the move before the previous move and
CommonFate Graph (CFG) distance (Graepedt al, 2001), etc) and various tactical

features of semeai and lifanddeath, such aSave a strin@py capturing.

3.23 Simulation

3.23.1 Boltzmann Softmax Playout Policy

In simulation stage ERICA usesBoltzmann softmaxplayout policy (usually called
softmax policyor Gibbs samplingGeman and Geman; 19845oftmaxpolicy was
firstly applied to a Monte Carl&o program in(Bouzyand Chaslot, 2006) and called
psdueerandommovesthat aregenerated bylomairdependenapproach which uses
a nonuniform probability. In the experiments of Bouzy and Chaslot, onk33
paterns along with onéiberty urgency were served as the features. Shieme of
pseuderandom, noruniform probabilistic distribution was further improved and

extended by Coulom to multiple features (Coulom, 2007).

The softmax policy p, is defined by theprobability of choosing action a in

State s:

f(s,a) g
Py(s8)=————
A (sb)' q
a,c
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wherel (s, a) is a vector of binary features, affid a vector of feature weights.
To explain the softmax policy, Figure 3.5 givesexampleof a position in the
playout,Black to move. The previous move is markedsdy-or Black, now the only

legal moves aré, B, C andD™.

Figure 35: An example of a position in the playout. The previous move is mamkeziBlack
to move.

Suppose there two binary features (for simplici¥,is denoted byg, ):

1. Contiguous to the previous moveA candidate move that is directly neighboring
to the previous move has this feature. The weight of this featugg.i®ointA, C
andD have this feature.

2. Save the string, put in dari by the previous move, by extendingThe weight of
this feature is g, . PointA has this feature.

Then, the weight of each move is,

A: weight= g, g,

B: weight= g,

C: weight= g,

D: weight= 1, with no corresponding feature.

19 |In EricA, an empty point that fills a real eye, such as E, is also regarded as an illegal move, though
they are | egal according to the Go rul es. Forbid #Af
current Mone Carlo Gplaying programs.
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Consequently, the probability to choose each move is given by

429,
G20, +g g +1
o
G20, +g g +1
)
G2 +tg +o+1
1
G2+t +o+1

A:

B:

D:

3.23.2 Move Generator

The move generator in the playaftERICA is depicted by th@seudocode shown in

Table 3.5. The details are explained as follows.

MoveGenerator()
{
ComputeLocalFeatures();
for (;;)
{
If (TotalGamma == 0)
{
Move = PASS;
break;
}

Move = ChooseMoveByProbability();
If (ForbiddenMove(Move))

{
SetZeroGamma(Move);
continue
}
ReplaceMove(&Move);
break;
}
RecoverMoves();

Return Move;

}

Table 35: Pseudocodef the move generator in the playout&sfiCA.

ComputeLocalFeaturedeals with thdocal features(the features related to the
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previous move or the move before the previous move, etc) and updates the gammas of
the local movesvhich have the local feateis. 3% 3 patterns and some of the local
features oERICA will be introduced in Section 4.3.2.

The move to be generated is decided infiioe loopd. Firstly, if TotalGamma
the sum of the gammas of all the moves in this position, is equaMow&is set to
passand returned immediately since no move has a nonzero probability. Otherwise,
ChooseMoveByProbabilitghooses a move and assigndtove by softmax policy as
described in the previous section.

After Moveis chosenForbiddenMove=xamines thiaif Moveis forbidden, which
means it has a feature of zero weight. Mbve is detected to be forbidden,
SetZeroGammaubtracts its gamma froiffotalGamma andresets thggamma to zero.

The mechanism ofForbiddenMoveis a compromisefor the features which are too
costly to incrementally update. Note that it is also possible to check the legality of
Movein ForbiddenMoveThe next section will give an examplekdrbiddenMove

After the examination oforbiddenMove Moveis passed @l by reference) to
ReplaceMovefor further inspection ReplaceMoveis an extended version of
ForbiddenMoven the sense that it not only examineMibveis forbidden or not, but
also replaces it with a better move for the former case. Section 3.2IBglveian
example oReplaceMove

Outside thefifor loopd, whenMoveis ready to be returne®RecoverMovesets

back the gammas of the moves rdésetorbiddenMove

3.23.3 ForbiddenMove

Figure 3.6 gives an example BbrbiddenMoveof ERICAG move generator in the
playout, Black to move. In this example, pofiis forbidden because it issalfatari

of 9 stones, which is a clearly bad molWeERICA, a selfatari move isot forbidden
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if it forms anakadeshape.

Figure 36: An example ofForbiddenMoveBlack to move.
3.23.4 ReplaceMove

Figure 3.7 gives an example &eplac&love of ERICAG move generator in the
playout, Black to move. In this example, paokts forbidden and replaced wi by
the rulefiwhen filling a false eye, if there is a capturable group in one of the diagonal

point, then capture the group instead of filling the fals@.eye
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Figure 37: An example ofForbiddenMoveBlack to move.
3.24 Backpropagation
In this section, we present two useful heuristics of RAVE to improve its performance.

Section 3.2.4.1 presents the first heuristic, to bias RAVE uptgtenove distance.

Section 3.2.4.2 presents the second heuristic, to fix RAVE updatks foreats.

3.24.1 Bias RAVE Updates by Move Distance

When updating the RAVE values in a node, the heuri®ias RAVE Updates by
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Move Distancé is to bias the simulation outcome according to how far the updated
move was played away from this noddéae number of the moves between this node
and the updated move is defined as distanceof this move, denoted bg. The
weight to bias the simulation outcome is definedliatance weightdenoted byw. If

the simulation outcome is 1, then the updated outcomedsw; if the simulation

outcome is 0, then the updated outcome @4 Figure 3.8 gives an example.

SearchpatiNod emdwWe AYNowmee2 BYNaodee3 e

C Suppose simulation outcomeahdw=0.00L.
. Whenupdating the RAVE values dfode 1,
b For moveA, d=0 and thaupdated outcomef Ais 17 0*0.001= 1.

For move B, d=1 andthe updated outcomef B is1i 1*0.001 = 0.999.
For moveC, d=2 andthe updated outcomef C is 1i 2*0.001 = 0.998.

Figure38: An e x a m@RAVE UpddtediyB i Miosv e Di st anceo.

As far as we knowkFUEGO was the first Geplaying program that proposed and
used this ided. This heuristic brings in the information of move sequence to RAVE.

It is worth about 50 Elo in our experiments.

3.24.2 Fix RAVE Updates for Ko Threats

Figure 3.9is anillustrationto show theoccasionwherethis heuristicis applicable

This positionis selected fronthe game played on the KGS Go Server (KGS) between

™ The details ofFUEGOD s a p o fBlaa RAVE Updates by Move Distaricean be found in the
documers of FUEGOIn the official web site, http://fuego.sourceforge.net/.
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ajahuang[6d] (White) and Zen1905d] (Black). The previous move (marked lag
played byZeN is clearly meaninglesshough its a sentemoveor ko threatthat forces
White to respod. Apparently, the correct move in thmomentis A, namelyto

capture the ko. But wh¥EN playeda ko threat before capturing theo
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Figure 39: An example to showhe occasionof the heuristich Fi x RAVE Updates f c
T h r e ajahsangf6d] (White)vs.Zen19D[5d] (Black). White won by resignation.

The problem ig(probably) out of RAVE. It is due to theintrinsic problem of
RAVE thatin theroot node the RAVE value of the ko threats (such as the previous
move marked byad, which weresearched in the lower levels of the {raee also
updated. But a ko threas supposed tde playedafter a ko capture So, in this
example, the RAVE value @lacks ko threas (such as the previous move marked by
a9 should not be updated in the root nodlbis is the main idea dhe heuristicfiFix
RAVE updates for Ko Threais Figure 3.10 gives an exampté this heuristicto
show how it works practically in the trda this example, the RAVE value ofove E

in Node 1is notupdatedbecause it is detecteba ko threaimove of Node 5This
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heuristic isworth abouB0 Elo in our experiments.

Sear ch patmbveA Whooddeemd@¥B Y No d emodt
Y Node 4 moveDY Node 5" moveEY Node 6

Suppose

A: Black captures a ko

B: White plays a ko threat

C: Black responses the ko threat threatened by B.

D: White recaptures the ko.

E: Black plays a ko threat.

Thendond@ update the RAVE value of moveE in node 1

@T@?@?@f@i

Figure 3100 A n e x &inRAVEUpdafedoriKo Threat® .

3.3 KGS Games ofERICA

Starting December 13, 201BRIcA played on the KGS Go Server (KGS) using the
accountEricaBot, running on a 4ore CPU of 3.07 GHz. With short time setting of
10000:15 (15 seconds bygmi for 10 times), it was rated-@an in the beginning and

about 3.75dan on June, 2010, as shown in Figufe.3.
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KCS Rank Graph for EricaBot (Dec 13, 2010 through Jul 18, 2011)
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Figure 311: The KGS Rank Graph fdgricaBot

Figure 3.2 shows al9U19 game betweekricaBot (White) and a Zan human
player BOThater36 In this gameERICA captured the center group by ladaéari
(move 120) and won. This game shows trRICA is a solid 3dan player and features

moderate opening play ahe 19019 board.
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Figure 312 A 19019 ranked gamen KGS: EricaBot 3-dan (White) vsBOThater362-dan
(Black). White won by resigtion

Figure 3.B shows a9(B game betweerErica9 (White) and a &lan human
playerguxxan In this gameERICA played a classical killing method (move 32 and 34)
to kill the Black group in the tofeft corner. This game shows tHzrICA is already a

solid high dan player on tf#B board.
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Figure 313 A 9(B gameon KGS: Erica9 (White) vs.guxxan5-dan (Black). White won by

(=]

resignation.
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Chapter 4

Monte Carlo Simulation Balancing

Applied to 9B Go

4.1 Introduction

Monte Carlo evaluation of a position depends on the choice of a probability
distribution over legal moves. Aniform distribution is the simplest choice, but
produces poor evaluations. It is often better to play good muowts a higher
probability, and bad moves with a lower probability. Playout policy has a large
influence on thelaying strength. Several metil®have been proposed to optimize it.
The simplest approach to policy optimization is trial and error. Some knowledge
is implemented in playouts, ants effect on the playing strength is estimated by
measuring the winning rate against other programs BQ@0O5; Gellyet al, 2006;
Chen and Chang, 2008; Chasbttal, 2009) This approach is often slow and costly,
because measuring the winning rate by playing games takes a large amount of time,
and many trials fail. It iglifficult to guess what changea ithe playout policy will
make the program stronger, because making playdays better often causes the
Monte Carlo program to become weaker (Bouzy and Chaslot, 2006; Gellgibved,

2007).
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In order to avoid the difficulties of crafting a playout pglimanually, some
authors tried to establish principles fantomatic optimization. We mention two of
them. First, it is possible to optimize directly numerical parametstts generic
stochastic optimization algorithms such as the eemdpy method (Cislotet al,

2008). Sucha method may work for a few parameters, but it still suffers from the
rather high cost of measuring strengthptgying games against some opponents. This
cost may be overcome by methods such as reinforcement lef@ounzy and Gaslot,

2006; Gelly and Silver, 2007; Silver and Tesauro, 2009), or supervised learning from
good moves collected from game records (Coulom, 2007). Supervised learning from
game records has begnite successful, and is used in someleygl Go programs

such asZEN andCRAZY STONE.

Second, among the reinforcemégrning approaches to playout optimization, a
recent method is simulatidmalancing (SB) (Silver and Tesauro, 2009). It consists in
tuning continuous parameters of the playout policyoider tomatch some target
evaluation over a set of positions. This target evaluation is determined by an expert.
For instance, it may be obtained by letting a strong program analyze positions quite
deeply. Experiments reportdoly Silver and Tesauro indicate thdtist method is
promising: they measured a 2p06int Elo improvement overevious approaches.

Yet, the SB experiments were promising, but not completely convincing, because
they were not run in a realistgetting. They were limited to(R patterns of stone
configurations, on the ® and €6 Go boards. Moreovethey relied on a much
stronger programf-UEGO (Enzenberger aniiller, 2009), that was used to evaluate
positionsof the training database. Anderson (2009) failed to replicate the success of
SB for 9B Go, but may havéad bugs, because he did not improve much over
uniformrandom playouts. So, it was not clear whether this wadd be applied

successfully to a statsf-the-art program.
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This chaptermpresents the successful application of SBrRecA, a stateof-the-art
Monte Carlo program. Experimenigere run on the @ board. The training set was
made of positions evaluated HBRICA herself. Sothis learning method does not
require any external expert supervisor. Experimental results demonstrat8Btha
made the program stronger than its previous version, where patterns were trained by
minorizationrmaximization(MM) (Coulom, 2007). Besides a raise in playing strength,
a second interesting result is that pattern weigbtsputed by MM and SB are quite
different from each other. For instance, SB patterns may wish to playratimee bad
shape positions, which are evaluated quite badly by MM, but that helps to arrive at a

correct playoubutcome.

4.2 Description of Algorithms

This section is a briefeminder of the MM (Coulom, 2007) and SB (Silver and
Tesauro, 2009) algorithms. Modetails about these algorithms can be found in the

references.

42.1 Softmax Policy

Both MM and SB optimize linear parametesf a Boltzmann softmax policyhich
was introduced in Sectio 3.2.3.1.The objective of learninglgorithms is to find a

good value forg.

42.2 Supervised Learning with MM

MM learns feature weights by supervised learning over a database of sample moves
(Coulom, 2007). MM $ a maximization algorithm for computing
maximuma-posteriori values ofg, given a prior distribution and sampteves. The
principle of this algorithm dates back to at least Zermelo (1929). Its formulation and

convergenceproperties were studied recently in a more general case by Hunter
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(2004).
When learning with MM, the training set is typically made of moves extracted
from game records of strorglayers. It may also be made of sglay games if no

expert game recordse available.

42.3 Policy-Gradient Simulation Balancing (SB)

SB does not learn from examples of good moves, but from a set of evaluated positions.
This training set mape made of random positions evaluated by a strong program, or
a human expert. Featiweights are trained gbat the average of playout outcomes
matches the target evaluation given in the training set. Silver and T¢Sauer and
Tesauro,2009) proposed two such algorithms: polgnadient simulation balancing
and twaestep simulatiorbalancingWe chose to implement poligyradient simulation
balancing only, because it is simpler and produced heteits in the experiments by
Silver and Tesauro.

The principle of PolicyGradient Simulation Balancing consists in minimizing
the quadatic evaluation error byhe steepest gradient descent. Estimates of the
gradient are obtained with a likelihoodtio method (Glynn1987), also known as
REINFORCE (Williams, 1992).

The details of SB are given in Algorithm 1. In this algorithyn(s,a) is defined

by:

ﬂ)(sa (J) = Vy log "‘TQ(Sv a‘) = (j')(S, (1) - Z 71—9('91 b)(f)(sz b) :
b

V*(S) is the target value of position.sa is the learning rate of steepest descent. z
is the outcome of onplayout, from the point of view of the player who made action
a, (+1 for a win,-1 for a loss, for instance). anda are successive states and actions
in a playout of T moves. M and N are integer parameters of the algoxitand g are
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multiplied in the update ofy, so they must be evaludtén two separate loops, in

order to obtain twindependent estimates.

Algorithm 1 Policy-Gradient Simulation Balancing (SB)
<0
for all s; < training set do
V<0
fori = 1to M do
simulate(sq, @i, ..., ST, ar; 2) using mg
V—V4+ 5
end for
g+ 0
for j = 1to N do
simulate(sq, a1, ..., ST, ar; z) using mg
9+ 9+ 5 S (s ar)
end for
0 0+ a(Vi(s)—V)g
end for

4.3 Experiments

Experiments were run with the Guaying programerICA. The SB algorithm was
applied repeatedly witdifferent parameter values, in order to measure their effects.
Playing strength was estimated with matches ag&wsto. The result of applying

SB is compared to MM, both in terms of playing strength and feature weights.

43.1 ERICA

ERICA is developed by the author in the framework of hiPhesearchMore detais

of ERICA can be found in Chapter 3.

43.2 Playout Features

This subsection and the remaindertlois chapteruses Go jargon that may not be

familiar to some readers. Explanatidos all items of the Gaelated vocabulary can

be found in the Sensei 6s Library web site
possible to understand the main ideas of tthapterwithout understandinghat

vocabulary.The playouts oERICA are lased on BB stone patterns, augmented by the
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atari status of the four directigonnectedpoints. These patterns are centred on the
move to be played. By taking rotations, symmetries, amove legality into
consideration, there is a total of 2,051 suchepa#t In addition to stone patterns,

ERICA uses 7 features related to the previous move (examples are givgaredrl).

1. Contiguous to the previous moveActive if the candidate move is among the 8
neighbouring points of thgrevious move. Also acte for all FeaturesiZ.

2. Save the string in new atari, by capturing The candidate move that is able to
save the string in ne@tari by capturing has this feature.

3. Same as Feature 2, which is also selfari. If the candidate move has Feature 2
but is also a selhtari, therinstead it has Feature 3.

4. Save the string in new atari, by extendingThe candidate move that is able to
save the string in neetari by extending has this feature.

5.Same as Feature 4, which is also selfari.

6. Solve a new ko by capturing If there is a new ko, then the candidate move that is
able to solve the ko bgapturing any one of the neighbouring strings has this feature.
7. 2-point semeai If the previous mee reduces the liberties of a string to only two,
then the candidate movbkat gives aari to its neighbouring string which has no way

to escapéas this feature. This feature deals with the rbasic type of semeai.
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Figure 41: Examples of Features 2,3,4,5,6 and 7. Previous move is marked with a dot.

4.3.3 Experimental Setting

The performances of MM and SB were measured by the winning rabRIOA
againstFUEGO 0.4 with 3,000playoutsper move for both programs. In the empty
position,ERICA ran 6,200 playouts per second, wher@asco ran 7,200 playouts per
second. For reference, performance of the uniform random playout policy and the

MM policy are shown in Tabld.1.

ERICA’s Playout Policy | Winning Rate of ERICA
Uniform Random 6.8% + 1.6

19x 19MM 68.9% £ 2.9

9 x 9MM 40.9% + 3.0

Table 41: Reference results agaifaiEG0 0.4, 1,000 games, 9%9, 3k playouts/move

For fairness, the trainings of MM and SB were both performed with the same

features described above. Thmining of MM was accomplished within a day,
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performed on 1,400,000 positions, chosen from 150,000L9game records by
strong players. The games were KGS games collected from the web site of Kombilo
(Goertz andShubert, 2007), combined with professiogaimes collected from the
web2go web sitel{n, 2009).

The production of the training data and the training process of SB were
accomplished througERICA without any external program. The training positions
were randomly selectddom the games sefflayed by ERicA with 3,000 playouts per
move. TherErICA with playouts parameters determined by MM, was directly used to
evaluate these positions. It took over three days to complete merely the production
and evaluation of the trainimgpsitions. From this viepoint, SB training costs much
more time than MM.

The 9B positions were also used to measure the performance of MM in the
situation equivalent to that of SBhe same 5k positions, that were served as the
training set of SB, were trained on MM to compllite patterns.

The strength of these patterns was measured and shown in Table91NA9

4 3.4 Results and Influence of MetaParameters

SB has a few metparameters that need tuning. For the gradiestent part, it is
necessary to choose M, Bind a . Two other parameters define how the training set
was built: number of positions, and number of playdotseach position evaluation.

Table4.2 summarizes the experimental results with these parameters.
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Positions 5k 5k 5k S5k Sk 10k
Playouts 100k 100k 10k 100k 100k 100k
M 500 100 500 500 100 500

N 500 100 500 500 100 500

o 10 10 10 10 1 10
Outcome 0/1 -1/1 -1/1 -1/1 -1/1 -1/1
20 | 51.5% | 69.2% | 65.7% | 69.3% | 51.8% | 71.2%

40 | 57.6% | 75.5% | 68.5% | 75.4% | 57.2% | 76.0%

60 | 58.1% | 70.1% | 70.8% | 77.9% | 57.2% | 74.0%

80 | 61.3% | 782% | 72.2% | 76.8% | 63.7% | 76.9%

100 | 63.9% | 76.2% | 74.0% | 73.5% | 65.4% | 76.0%

200 | 60.8% | 77.4% | 71.6% | 76.3% | 70.1% | 74.1%

300 | 61.9% | 73.9% | 72.1% | 75.0% | 73.2%

500 | 61.6% | 72.3% 69.8% | 75.4%

700 71.6% 74.8%

900 69.7% 74.3%
1,100 70.5% 76.2%
1,300 65.1% 76.6%
1,500 77.3%
1,700 76.0%
1,900 74.2%
2,100 76.4%

Iteration Winning Rate

Table 42: Experimental results. The winning rate was measured 1,000 games &gaiast
0.4, with 3,000 playouts per move. 95% condifence is £3.1 when the winning rate is close to

50%, and +2.5 when it is close to 80%.

Since the algorithm is random, itowld have been better to replicate each
experiment more than once, in ordenteasure the effect of randomness. Unlike MM,
SB has no guarantee to find the global optimum, and mayaask to get stuck at a
bad local optimum. Because of limited compug=ources, we preferred trying many
parameter values rather than replicating experiments with the same parameters.

In the original algorithm, the simulations of outcome O are ignored when N
simulations are performed to accumul#te gradient. The algonin can be safely
modified to use outcomed/1 and replace z by ¢zb), whereb is the average reward,
to make the 0/1 and/1 cases equivalent (Silver, 2009). The results of the 1st and 4th
columnsin Table 2 show that the learning speed of outcelffewas much faster than

0/1, so that the winningate of outcomel/1 of Iteration 20 (69.2%) was even higher
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than that of outcome 0/1 of Iteration 100 (63.9%)is is an indication thatl/1 might
be better than 0/1, but more replications would be necessary to maeneaal
conclusion.

The SB algorithm was designed to reduce the mean squared error (MSE) of the
whole training set by stochastgradientdescent. As a result, the MSE should
gradually derease if the training is performed on the same trais@tgver and again.
Running the SB algorithm through the whole training set once is defined as an

Iteration Figure 42 shows that the measure MSE actually decreases.

0.035 : I |
MSE ——

0.03 lT -
0.025 -
0.02 L |
0.015 | - -
T

0.01 | | | |
0 20 40 60 80 100

Figure 42: Mean square error as a function of iteration number. M=N=%D&10, training
set has 5k positions evaluated by 100 playouts. The error was measured by 1,000 playouts for
every position for the training set.

4.4 Comparisonbetween MM and SB Feature
Weights

For all comparisons, SB values that scored 77.9% adauesto 0.4 were used (60

iterations, fourth column ofable4.2). Table4.3 shows theg-values of local features
(g =e"is a factor proportional to the probability tHesature i is played). Tabke4

shows some interestind_B patterns (top 10, bottom 10, top 10 without atari, and
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most different 10 patternshocal features (Tabld.3) show that SB pis tactical
moves such as captures and extensions in a way timaicis more deterministic than
MM. A possible interpretation is that strong players may sometimes find subtle
alternatives to those tactical moves, such as playing a move in sente els®uhere.
those considerations artar beyond what playouts can understand, so more

deterministic captures and extensions may produce Ibéttete Carlo evaluations.

Feature | Description MM ~ SB ~
1 | Contiguous 11.12 7.43
2 | Save new atari by capturing 32.37 | 151.04
3 | 2 + self-atari 0.24 0.53
4 | Save new atari by extending 6.71 23.11
5 | 4+ self-atari 0.05 0.02
6 | Capture after ko 0.65 6.37
7 | 2-point semeai 32.07 | 141.80

Table 43: Comparison of local features, between MM and SB

Pattern weights obtained by SB are quite different from those obtained by MM.
Figure 4.3 shows that SB has rather high density of neutral patterns. Observing
individual patterns on Tabld4 shows that patterns are sometintasked in a
completely diffeent order. Top patterns (first two lines) are all captures and
extensions. Many of thiep MM patterns are kéight patterns. Again, this is because
those occur quite often in games by strong humgrerts. Resolving a ko fight is
beyond the scope of thayout policy, so it is not likely that kinght patternshelp
the quality of playouts. Remarkably, all the best SB patterns, as well as all the worst
SB patterns (line 3) af@order patterns. That may be because the border is where most
crucial lifeeand-death problems occur.

The bottom part of Tablé.4 shows the strangest differences between MM and

SB. Lines 5 and 6 are top pattemighout atari, and lines 7 and 8 are patterns with the
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highest difference in pattern rank. It is quite difficult to fowhvincing interpretations
for most of them. Maybe the first pattern of line 7 (with SB rank 34) allows to
evaluatea dead PR eye. After this move, White will probably reply by a nakade, thus
evaluating this eye correctlPatterns with SB ranks 40, 119,dah5 offer White a
deserved eye. These are speculative interpretations, bushbeythe general idea:

playing such ugly shapes may help playouts tdueta lifeanddeath correctly.

4.5 Against GNU Go on the 9x9 Board

The SB patterns of subsectid83.5 were also tested agairGiu Go. For having

more evident statistical observatiofRICA was set to play with 300 playouts per
move to keep the winning rate as close to 50% as pos$inderesults presented in
Table4.5 indicate that SB performs alntadentical to MM. The reason for this result

is maybe that progressive bias still has a dominant influence to guide the UCT search
within 300 playouts. Alsai is a usual observation that improvement agasnsi Go

is often much less than improvementiagaotherMonte Carlo programs.
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Table 44: 3x3 patterns. A triangle indicates a stone in atari. Black to move.

Table 45: Results againséNu Go 3.8 Level 10, 1,000 game, 9x9, 300 playouts/move
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