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Summary. The oriental game of Go is among the most tantalizing unconquered
challenges in artiﬁcial intelligence after IBM’s DEEP BLUE beat the world Chess
champion in 1997. Its high branching factor prevents the conventional tree search
approach, and long-range spatiotemporal interactions make position evaluation
extremely diﬃcult. Thus, Go attracts researchers from diverse ﬁelds who are
attempting to understand how computers can represent human playing and win
the game against humans. Numerous publications already exist on this topic with
diﬀerent motivations and a variety of application contexts. This chapter surveys
methods and some related works used in computer Go published from 1970 until
now, and oﬀers a basic overview for future study. We also present our attempts and
simulation results in building a non-knowledge game engine, using a novel hybrid
evolutionary computation algorithm, for the Capture Go game.

1 Introduction
Games have served as one of the best test benches in artiﬁcial intelligence
ﬁelds since shortly after computers were invented. Human-designed computer
game engines have beaten their designers in varieties of games, from those as
simple as Tic-Tac-Toe to as complex as Chess. The brute-force search algorithm, combined with an expert database, achieved noteworthy success, given
the computational power of current machines, when IBM DEEP BLUE beat
the World Chess Champion Garry Kasparov in 1997 [21]. Unfortunately, this
game’s tree search approach is hampered by the traditional Chinese game Go.
Unlike most other games of strategy, Go has remained an elusive skill for
computers to acquire, and it is increasingly recognized as a “grand challenge”
of artiﬁcial intelligence, which attracts researchers from a diversity of domains,
such as game theory [2], pattern recognition, reinforcement learning [47], and
even cognitive psychology [10].
Even though computers still play Go at an amateur level, numerous
publications demonstrate some quite meaningful exploration that helps us
to understand the nature of this computer game better. In our review of
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computer Go literature on what has been achieved, where the barriers lie,
and how to make a breakthrough, we emphasize that developing an eﬃcient self-learning mechanism in Go may best reveal the nature of goal-driven
decision making and interacting in a range of environments, where strategies
are acquired to allocate available resources in achieving maximum payoﬀs,
either short-term or long-term. Even though other AI approaches are promising in computer Go, we particularly favor applying reinforcement learning
and neural network techniques to build a zero-knowledge board evaluation
function. Such neural network evaluators have been successfully trained by
evolutionary algorithms in Checkers and Chess [6, 7, 16]. We utilize a hybrid
of an evolutionary algorithm and particle swarm optimization to train our
neural network evaluator and obtain encouraging results on Capture Go, a
simpliﬁed version of Go. The success in learning one of the key strategies
of Go, i.e., capture and defense, through Capture Go will demonstrate that
other strategies of similar complexity are solvable with the same technique.
With more strategy boxes accumulated, this divide-conquer approach may
result in an overall game engine incrementally built in a hierarchy of high
levels, employing those boxes as the building blocks and eventually becoming
competitive against human beings.
The chapter is organized as follows: Section 2 provides background information about Go and some comparison between computer Go and a Chess
program. In Section 3, we track the development of computer Go and focus
on several successful programs. The theme for Section 4 is the current promising approaches in self-learning with little built-in knowledge where conventional architecture and algorithms have failed in computer Go. In Section 5, we
present our simulation results in training a zero knowledge game engine to play
Capture Go using an innovative hybrid population computation. We round
oﬀ the article with an overview for future directions of study and conclusions
in Section 6.

2 Background
This section furnishes some background knowledge for both the traditional
game Go and the computer version so that we can discuss the methods
presented in this chapter. First, we introduce the game Go with its terms
and rules. Then, we brieﬂy discuss the techniques used for computer games.
Finally, we compare computer Go and computer Chess to show why the conventional methods failed.
2.1 The Game Go
Go is a deterministic, perfect information, zero-sum game of strategy between
two players. Players take turns placing black and white pieces (called stones)
on the intersections of the lines in a 19x19 grid called the Go board. Once
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played, a stone cannot be removed unless captured by the other player. To
win the game, each player seeks to surround more territory (empty grids) with
one’s own stones than the opponent.
Adjacent stones of the same color form strings, and hence groups; an empty
intersection adjacent to a stone, a string, etc. is called its liberty. A group is
captured when its last liberty is occupied by the opponent’s stone. A player
cannot make a suicidal move by placing a stone on an intersection with no
liberty. An eye is a formation of stones of special signiﬁcance in Go. When
an empty intersection is completely surrounded by stones of the same color,
it is known as an eye. An opponent cannot place a stone on that intersection unless it is a capturing move, i.e. unless placing the stone causes one
or more of the stones surrounding the intersection to be captured. A string
with two eyes cannot be captured because ﬁlling one of the eyes would be
a suicidal, and therefore illegal, move. Having formed two eyes, or having
the potential to do so, is the line between “alive” strings and “dead” ones.
Those strings that are incapable of forming two eyes will be considered as
captured and hence are removed when calculating the territories at the end of
the game. Evaluating whether stones can be formed into strings, furthermore
into groups, and whether strings are capable of forming two eyes is the fundamental skill in Go as it represents the game strategies of “attack,” making
ourselves strong and being aggressive, and “defense,” avoiding vulnerabilities
and surviving.
To prevent loop, it is illegal to make moves that recreate prior board
positions (rule of Ko). The rule for Go is simple: one can place his/her stone
on any empty intersection unless it is a suicidal or Ko move. A player can
pass his/her turn at any time. The game ends when both players pass in
consecutive turns (see Fig. 1). There are excellent books available on the game
of Go [43].
2.2 Techniques Used in Computer Games
Claude Shannon [42] proposed that a mechanical algorithm could play a game
if that algorithm contained two ingredients: an evaluation function—a mathematical formula that assigns credits according to diﬀerent board positions—
and a rationale, which he called “minimax,” that seeks to minimize the maximum damage that the opponent can do in any circumstance.
The evaluation function quantiﬁes how good or bad each legal move on
the board was, while the minimax procedure provides a way to evaluate the
possible alternative positions, given the credits from the evaluation function,
by favoring the position that had the least advantage for the rival. This mechanism is the bar code of almost every computer game product.
Numerous algorithms, such as minimax, Alpha-Beta search, MFD, and
diﬀerent parallel versions, are proposed in the minimax procedure for the
purpose of achieving a deeper and wider search with the same computational power. On the other hand, the evaluation function is evolved from static
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Fig. 1. Go board, terms, and rules. Only a portion of the 19x19 Go board is shown.
In (a), the lower 5 T-like white stones form a string, and hence a group with the
white stone to their left. In the middle, black captures a white stone, the dashed
one, and removes it from the board by placing the top black stone on the board.
However, white cannot immediately put a stone onto the dashed-stone intersection
to capture the top black stone because such a move would repeat the previous board
position, thus violating the rule of “Ko.” In the middle of (b), white has an eye at
“E.” White cannot put his stone at “E,” which results in no liberty of the whole
string. That is a suicide move and forbidden by the rules. Black can put his stone
at “E” even though there is no liberty of that stone either, but it is allowed because
it captures the white string. So the white string with only one eye is dead and will
be removed from the board at the end of the game. The black string at the corner
has two eyes, i.e., “E” and “F,” and hence is alive because white cannot seize both
of the eyes simultaneously

knowledge-based pattern recognition to dynamic neural networks trained by
Heuristic Dynamic Programming (HDP) or Evolutionary Algorithm (EA).
2.3 Computer Go and Computer Chess
Given the same programming techniques that were so successful in Chess,
computer Go has so far signiﬁcantly bypassed what Chess programs have
achieved in a high level of game playing. We separate these two games into
parts, based on Shannon’s plot, to illustrate the gap we need to overcome.
In the game tree aspect, good Chess programs look seven plys, a move by
each player, ahead or deeper, and there are about 35–40 moves available, on
average, to a player. Exploration on such a search tree results in an evaluation
of about 60 billion scenarios with good prune skills. The IBM Deep Blue
is capable of evaluating 200 million positions a second, which allows Chess
programs to execute a massive search and evaluation with the help of expert
knowledge.
Unlike Chess, Go starts with an empty board and ﬁlls with stones as the
game progresses. Theoretically speaking, there are 361! leaves at the bottom
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of the game tree with no capture occurring during the game. The branching
factor of the search tree, or the number of legal moves on the board, is around
200 on average, more at the beginning and less at the end of the game. The
game length varies from 150 to 300 moves. All these factors result in a game
tree varying from 10360 to 10690 . In general, a game tree of approximately
10575 leaves [1] is accepted by most researchers. A 7-ply look-ahead search
needs to handle ten thousand trillion positions, which makes a brute force
search approach infeasible, even with the most powerful computer.
The evaluation function is much easier in Chess because the pieces have
their own rank values. Assessing the strength of either side can be simply
reduced to comparing the piece value, plus some measure of strength position and threat to the King, since normally a piece advantage will lead to
a victory. The idea of rank in Go is very vague. A single stone has no rank
at all. Moreover, the importance of a stone, a string, and a group changes
based on a number of factors, such as connectivity, liberty, position on the
board, correlation with neighboring friend and/or foe, and even the player’s
preferences, as the game progresses. Sometimes, the same stones can be either protected or sacriﬁced with the same aim to gain the maximum territory.
Additionally, tactical skills play a more important role in Chess. A tactical
evaluation based on piece quality of the board correctly yields the likely winner. In Go, winning a tactical struggle over a group may not clearly lead to
winning the game. In other words, it is more important to know how to apply
those tactical skills properly at diﬀerent board areas, under diﬀerent game
conditions, or even in diﬀerent sequences than how to play each tactic correctly. Unfortunately, the former is very game/situation dependent, and even
human masters do not agree with each other on which tactical method to pick
(sometimes totally opposite methods are selected just because of masters’ personal tastes). Therefore, installation of an expert knowledge database, which
usually contains the procedures of tactical skills, as the evaluation function,
as used in Chess, is implausible for Go because deﬁning and formulating such
knowledge into Go moves is diﬃcult.
Besides the above two facets, computer Go also lacks the capability to
perform deep, narrow look-ahead. “Ladder situation” is a typical example.
Another problem in Go is to determine the ﬁnish of the game. In Chess, the
game ends when one of the players resigns, when a checkmate is achieved, or
when stalemate/draw positions by rule (e.g. king + knight vs. king, position
repetition, 50-move rule) are reached, which all are immediate, deﬁnite, and
easily recognizable states. In Go, the game ends when both players choose
to pass consecutively. They agree to pass when they feel that it would not
improve their territory by placing more stones on the board. Beginners frequently play beyond the optimal point at which an expert would stop. Current
Go programs display similar behavior, especially in self-playing.
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3 Development of Computer Go
The history of computer Go is rather short. The ﬁrst paper discussing computer Go was published in 1970 by Albert Zobrist [49], who wrote the ﬁrst
computer program to play a complete Go game. Since then, many programs
have been developed, including, but not limited to: Go Nemesis [46], Wally
[29], Many Faces of Go [17], Handtalk [11] and Go4++ [33], some of which
will be discussed in full later in this section. Also, quite a few international
computer Go tournaments have been held since the 1st international computer
Go congress took place in 1986.
3.1 Early Attempts
Computer Go pioneers inherited most of their techniques from computer
Chess. A small game tree was searched due to limited computational power,
and certain board patterns, based on ﬁxed, pre-built expert knowledge working as feature evaluation, were checked in order to generate candidate moves.
Zobrist introduced the idea of using inﬂuence functions to quantify the impact of black and white stones, and hence segment the board into black and
white territories. Each stone radiates its inﬂuence, measured by a numeric
value with positive for black stones and negative for white ones on the board.
The inﬂuence attenuates as the hamming distance increases. Also, a black
stone itself is given a value of +50 and a white stone, −50. For every intersection on the board, the inﬂuence function accumulates the inﬂuence credits
spread by all black and white stones. The black and white territories can be
recognized as the areas of contiguous positive and negative values. On the
other hand, Zobrist quantiﬁed the board in various 19x19 arrays that contain information such as the occupation of an intersection (black, white, or
empty); the number of white and black neighbors; the number of stones and
liberties for each string; size (including empty points) and number of stones in
each segment. This internal representation was constructed for future feature
evaluation and pattern recognition.
The move generator in Zobrist’s program was built by integrated feature
evaluations. With the help of internal representation, the program performed
pattern recognition over the entire board, hoping to ﬁnd some patterns matching those stored in the expert knowledge database. In this database, each pattern was associated with a candidate move and a numeric value to reﬂect the
priority of the move. At the end of the process, the pattern with the highest
value was picked, and its associated move became the program’s next move. In
addition, a limited look-ahead, a depth of three moves, or heuristic search was
executed on a local area in handling forming eyes, ladders, saving/capturing
strings, and connecting/cutting strings.
Zobrist’s program performed somewhat weakly. It beat some beginners
but was fairly vulnerable when playing against experienced players.
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Ryder’s program [37] extended Zobrist’s work with reﬁned inﬂuence functions and larger summed feature evaluations. The contribution Ryder made
was that he combined both strategic, long-term objectives and tactical, shortterm objectives because he saw that Go requires a balance between fortifying
actual and/or potential territories and avoiding loss of key stones to the opponent. In maintaining this balance, Ryder formulated three domains of interest:
how well each side controls his/her regions on the board; where the best moves
for both sides are located; and what the life-and-death statuses of strings for
both sides are.
Move generation in Ryder’s program consisted of two phases. At ﬁrst, the
summed feature evaluation, working as a move ﬁlter, reduced the candidate
moves from all legal ones to about the 15 best moves according to the tactical
status of all strings. In the second phase, the best 15 moves were further
analyzed with respect to both tactical and naı̈ve strategy theories. The move
with the highest combined score after the ﬁrst and second round was then
recommended as the next move.
Besides reﬁning the credits each stone contributed through the inﬂuence
function, Ryder also used the inﬂuence function to describe the strength
of connectedness and relation between stones, and hence to form individual
stones and neighboring empty points into some local properties, such as walls,
strings, groups, and armies, based on some predeﬁned inﬂuence thresholds.
Reitman and Wilcox [34, 35, 36] built their Go program, from INTERIM.2
to Nemesis, by replicating human perceptual and cognitive abilities in Go.
The three essential ingredients they incorporated into their Go program were
perception, knowledge, and coordination. By perception, they meant the representation of diﬀerent board positions as a skilled Go player would do. Types
of knowledge stored in the program were: tactical – including how to save/kill
a group and how to make territory; strategy – evaluating the board position
as the game proceeded; coordination – controlling the ﬂow of both perceptions
and knowledge for the purpose of generating the next move.
The INTERIM.2, and later the Nemesis [46], had tremendous data structures cascading from simple to complex: stringboard, linkboard, gameboard,
and gamemap. They were designed to contain the representations mentioned
above. The program also employed a tactician, PROBE, to answer speciﬁc
questions and propose reasonable initial moves. Those moves, instead of all
legal candidates, worked as the branches of the game tree for certain depths
of plays until a board position could be judged as either a success or a failure for the speciﬁc question. Typically, around 60–80 moves were searched for
a particular problem based on a hierarchy of experts in PROBE. Therefore,
such a look-ahead drive was rather a narrow, goal-driven but faster one than
a general, full-board yet time-consuming one with the price of being greedy
at local patterns.
Restricted by the computational powers they had at the time, researchers
of computer Go in the 70s and 80s implemented quite an amount of Go
knowledge, borrowed directly from human experts, in their programs. The
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Go knowledge encoded in the form of patterns greatly pruned the game tree,
which by no means brute force can handle, by concentrating on the most
promising candidate moves. On the other hand, the room for improvement for
these knowledge-intensive Go engines was limited due to their hard learning
mode. No ability in Go beyond their ﬁxed database had been demonstrated in
their performance. Besides rigid playing, these early programs lacked overall
game strategy because the search involved was local rather than full-width.
The preferred patterns, and hence corresponding moves, on the sub-board
may not be the right play for a long-term goal. These were the reasons why
early Go programs ranked at low Kyu level.
3.2 Knowledge Representation and Rule-Based Go Engines
Computer Go engines saw some breakthrough in the 1990s. Many Faces of
Go, Handtalk, and Go4++ were among the strongest Go programs commercially available during that time. All these programs employed complicated
data structures to describe board position, sophisticated tactical strategies to
generate candidate moves, and expert patterns to modify move values.
Many Faces of Go is a typical representative of this category. It contains
dynamic data, such as intersections, eye, string, connection, and group, to
illustrate board positions. The dynamic data structure is modiﬁed incrementally as stones are added to or removed from the board. The data are also
recalculated, ether locally or globally, when regions of the board have been
aﬀected by a move or move sequence.
The evaluation function, which maintains the data structure, is a tactical
analyzer. It reads strings to evaluate liberties, eye, connection, group strength,
and territories. Therefore, it assigns a score to board positions depending on
how strongly they are controlled by white or black.
The game engine of Many Faces of Go is driven by a strategy function,
which scans the dynamic data to pick up important areas on the board to act.
It also switches the engine among open game, middle game, and end game,
hence utilizing diﬀerent knowledge/rule databases for move generation. Other
functionalities include game judgment (“ahead,” “even,” “behind,” etc.), sente
evaluation, and urgent defense/capture.
Knowledge and rules are implemented intensively in Many Faces of Go
for candidate move generation. A rule-based expert system with more than
200 rules is responsible for suggesting plausible moves for full board level. A
Joseki database consisting of over 36,000 moves is designed for corner ﬁghts.
In the pattern database, each of the 1200 patterns of size 8x8 is associated
with a move tree. Patterns match leads to move suggestion, eye/connection
clariﬁcation, in diﬀerent game phases (middle or end game), and at diﬀerent
areas of the board (middle, edge, or corner).
Combining a strategy function, a move suggestion expert system, and a
pattern database, the Many Faces of Go evaluates only a small number of
moves and plays the one with the highest score.
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Handtalk and Go4++ process similar procedures; Handtalk implements
patterns in assemble code to enhance the matching speed, and Go4++ emphasizes the connectivity in its data structure and evaluation function.
The common and distinguishing feature of computer Go programs in this
category is that candidate moves are heuristically generated by an expert
knowledge database and/or pattern matching. The success of the program
depends heavily on the sound design of the expert knowledge database and
suﬃcient patterns to cover every case, which is usually very diﬃcult, especially
in middle game.
3.3 Combinatorial Game Theory Approach in Computer Go
Combinatorial game theory [12] treats a game as a sum of local subgames
and provides a mathematical basis to analyze the game in a divide-conquer
manner.
Combinatorial game theory has been applied to many aspects of computer
Go. This approach achieved a major breakthrough in computer Go by beating a human professional master at the end game [3]. Another attempt of
combinatory game theory is to employ it in position evaluation by focusing
on diﬀerent zones of the board and then computing a full board evaluation
from these local evaluations [27]. It is also utilized to decompose Go game
tree search [26].
However, the theory has one drawback for its emphasis on being exact. At
the end game, the territories held by each side are very clear; thus, subgames
can be precisely divided. In open and middle games, however, such assumption
is usually not true. Current research involves using heuristic rules/conditions
to replace [9] or relax [28] the theory.

4 Learning in Computer Go
Unlike the knowledge-based approaches, which retrieve the built-in expert
solutions via pattern recognition, the learning approaches really focus on
teaching the computer to analyze the environment and then play the game
from its own experience. Neural networks, reinforcement learning, and evolutionary computation are heavily involved in these approaches. Neural networks
usually act as a game engine, such as a board evaluator and/or move ﬁlter
for game tree search, utilizing reinforcement learning techniques to describe
the game environment/goals in sequence and employing evolutionary computation methods to tune the weights in order to minimize the cost function.
Temporal diﬀerence [44] methods are incremental learning procedures
specialized for prediction problems where the sensory inputs are applied in
sequence. They have been successfully employed for the prediction evaluation
function at diﬀerent board positions in backgammon [45]. Temporal diﬀerence
algorithms minimize the following criterion function:
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J(w) =

Np
P 


λNp −k (zNp − G(xp (k))2

(4.1)

p=1 k=1

by adjusting the weights in a neural network as:
∆wt = α(Pt+1 − Pt )

t


λt−k ∆w Pk

(4.2)

k=1

In both equations, P is the number of examples, i.e., the number of games;
Np is the number of steps in the pth example, which is not known until the outcome is determined; zNp is the actual outcome of the pth example; G(xp (k))
is the output of the network when presented with xp (k); and λ[0,1] is a parameter used to place more emphasis on predictions temporally close to the
outcome.
Using the TD approach, a computer Go program can pick up moves that
result in better board positions once appropriate weights are learned. In addition, as the weight evolves, the program strategy will also evolve, leading to
diﬀerent performance and triggering, and, in return, another round of weight
adjustment. Such a process guides the computer Go engine to play a game
without supervision, i.e., explicitly labeled good/bad moves. In fact, any legal
move can be used for training, and the game engine gradually learns the strategies itself by playing both sides according to its current evaluation function,
with little expert knowledge involved during the whole process.
Schraudolph et al. [39, 40] implemented a Go position evaluator on a neural
network system, trained by the TD(0) algorithm. The architecture of the
neural system was designed to reﬂect the spatial board information and eliminate symmetric eﬀects on the board (color and position reﬂection/rotation)
with hidden units and weight sharing. The network predicts the fate of every
point on the board rather than just the overall score and then evaluates whole
positions accordingly. After extensive self-play training (moves acquired stochastically by Gibbs sampling to avoid duplication and local minima), the
system managed to edge past Wally, a weak computer Go program, and even
beat Many Faces of Go at some low level playing.
Zaman et al. [47, 48] used an Heuristic Dynamic Programming (HDP)
type adaptive critic design [32] for evaluating a Go board. The main diﬀerence
between HDP and the above-mentioned TD approaches is that HDP uses an
additional utility function (per step cost/reward) in the training signal.
An HDP-type critic estimates the function J (cost-to-go) in the Bellman
equation of dynamic programming expressed as:
J(t) =

∞


γ k U (t + k)

(4.3)

k=0

where γ is a discount factor for ﬁnite horizon problems (0 < γ < 1), and U(.)
is a non-negative utility function or local cost/reward. The critic is trained
forward in time and tries to minimize the following error measure over time:
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(4.4)

t

where,
E(t) = J(t) − [γJ(t + 1) + U (t)]

(4.5)

the terms inside the square bracket make the desired signal at time t, if t is
not the terminal state. At the end of the game, the desired signal is simply
U(t). J(t) is a function of R(t), i.e., the observable states. In terms of Go,
R(t) can be the board representations at step t. The function U(t) denotes
an incremental area measure from board R(t − 1) to R(t). When the area
associated with R(t − 1) is larger than that of R(t) (loss of area between two
steps, t − 1 and t), U(t) is set to zero because U(.) is strictly non-negative by
the principle of dynamic programming. In [47], the U(t) function is given by:
/
util(t) − util(t − 1); if util(t) > util(t − 1)
U (t) =
(4.6)
0; otherwise
where,
util(t) = η

AW
PB
NW
+ν
+ρ
NW + N B
AW + AB
PW + PB

(4.7)

NW and NB are the number of WHITE and BLACK stones on the board,
respectively; AW and AB are the areas occupied by WHITE and BLACK
stones, respectively; PB and PW are BLACK and WHITE prisoners held by
the opponent, respectively.
The architecture of Zaman’s computer Go engine includes ﬁve distinct
modules: Critic, Action, Wally, Go, and Utility. The Critic module is a multilayer perceptron trained by the TD(0) method. It estimates the sum of discounted reward/cost for the network’s future actions starting from the current
state. The Action network plays as a move ﬁlter. Firstly, it lists all legal moves
for the current state; secondly, it generates a new board position for each
move; after that, it evaluates the critic’s evaluation of the resulting board;
and ﬁnally, it selects the move based on the critic’s board evaluation. The
utility module is used to measure network cost/reward at the current state of
the board. The Go module incorporates rules of the game, and Wally serves
as the network’s opponent. The game engine surpassed the strength of Wally.
Besides the reinforcement technique discussed above, evolutionary computation, especially genetic algorithm, is also very popular in computer Go
engine implementation. Like natural evolution, the genetic algorithm evolves
the neural networks to tackle evaluation function problems in Go.
Genetic operators, such as selection, crossover, and mutation, are applied
to neural networks for eﬀective architecture and/or weights to solve the credit
assignment problem. Instead of punishing or rewarding individual moves, the
evolutionary approach evaluates and selects networks, i.e., game strategies,
based on their overall performance in the game. SANE [38] evolved both
architecture and weights of a three-layer feedforward network simultaneously
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to evaluate move value for each board position. After a few hundred generations of evolution, SANE defeated Wally 75% of the time and exhibited
several aspects of general Go playing, indicating a good scale-up.
Genetic algorithms are also used to direct minimax searches away from
poor information [25] and optimize search heuristics for life-and-death problems [31].

5 An Example of Training a Non-Knowledge Game
Engine for Capture Go
Evolutionary algorithms have shown to be a promising approach to solving
complex constrained optimization problems. Chellapilla and Fogel succeeded
in evolving an expert-level neural board position evaluator for Checkers without any domain expertise [6, 7, 15]. Their work concludes that computer game
engines can learn, without any expert knowledge, to play a game at an expert
level, using a co-evolutionary approach.
The trend of [6, 7] is followed, and PSO is applied in combination with an
EA to develop a neural evaluator for the game of Capture Go. As a simpliﬁed
version of Go, Capture Go has the same rules but a diﬀerent goal – whoever captures ﬁrst, wins. The system for this game, with minor modiﬁcations,
should be a useful subsystem for an overall Go player. Previous work [24] on
Capture Go showed that the simpliﬁed game is a suitable test bench to analyze typical problems involved in evolution-based algorithms, such as lifetime
learning, incremental evolution [20], open ended evolution, and scalability.
Growing from zero knowledge, this game engine extends our work [4]. The
large-scale game engine, a neural network with more than 6000 parameters, is
trained by a particle swarm optimization (PSO)-enhanced evolutionary algorithm through self-playing. The innovative hybrid training algorithm inheriting the advantages, i.e., fast convergence and good diversity, of both PSO and
EA is more powerful than its individual parts, and this has been shown in
other applications [5]. It is compared with a Hill-Climbing (HC) algorithm as
a ﬁrst-order benchmark. The hybrid, method-based game engine is also played
against a hand-coded defensive and a web player to show its competence. The
Capture Go games are played on a 9x9 board.
5.1 Particle Swarm Optimization
Particle swarm optimization is a form of evolutionary computation developed
by Kennedy and Eberhart [22, 23]. Similar to EAs, PSO is a population-based
optimization tool, where the population is initialized with random potential
solutions and the algorithm searches for optima, satisfying some performance
index over iterations. It is unlike an EA, however, in that each potential
solution (called a particle) is also assigned a randomized “velocity” and is
then “ﬂown” through an m-dimensional problem space.
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Each particle i has a position represented by a position vector xi (the
possible solution for the given problem). A swarm of particles moves through
the problem space, with the velocity of each particle represented by a vector
vi . At each time step, a function f representing a quality measure is calculated
by using xi as input. Each particle keeps track of its own best position, which
is recorded in a vector pi , and f (pi ), the best ﬁtness it has achieved so far.
Furthermore, the best position among all the particles obtained so far in the
population is recorded as pg , and its corresponding ﬁtness as f (pg ).
At each time step t, by using the individual’s best position, pi (t), and the
global best position, pg (t), a new velocity for particle i is calculated using
(5.1) below
vi (t + 1) = w × vi (t) + c1 r1 (pi (t) − xi (t))
+ c2 r2 (pg (t) − xi (t))

(5.1)

where c1 and c2 are positive acceleration constants, r1 and r2 are uniformly
distributed random numbers in the range [0, 1], and w is the inertia weight,
with a typical value between 0.4 and 0.9. The term vi is limited to the range
±vmax . If the velocity violates this limit, it is set at its proper limit. Changing
velocity this way enables the particle i to search around the individual’s best
position pi and global best position pg . Based on the updated velocities, each
particle updates its position according to the following:
xi (t + 1) = xi (t) + vi (t + 1)

(5.2)

Based on the above equations, the population of particles tends to cluster together with each particle initially moving in a random direction. Fig. 2
illustrates the procedure of the PSO algorithm. Computing PSO is easy and
adds only a slight computational load when incorporated into an EA.
5.2 Evolutionary Algorithm
The evolutionary algorithm (also called evolution strategy in [41]) begins
with a uniformly random population of n neural networks, Ki , i = 1, . . . , n.
Each neural network has an associated self-adaptive parameter vector σi ,
i = 1, . . ., n, where each component controls the step size of mutation applied to its corresponding weights or bias.
Each parent generates an oﬀspring strategy by varying all associated
weights and biases. Speciﬁcally, for each parent Ki , i = 1, . . ., n, an oﬀspring
Ki , i = 1, . . ., n, was created by
σi (j) = σi (j) exp(τ Nj (0, 1)),

j = 1, . . . , Nw

(5.3)

wi (j) = wi (j) + σi Nj (0, 1),

j = 1, . . . , Nw

(5.4)

where Nw is the number of weights and biases in the feedforward neural
√
network, τ = 1/ 2 Nw , and Nj (0, 1) is a standard Gaussian random variable
resampled for every j[6, 7].
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Initialize particles with random positions and velocities
gen K = 1; i = 0

At gen K: Evaluate particle xi by given fitness function f
i = i +1

Is the fitness value f (xi)
better than f (pi)

No

Yes

pi = xi
f (pi) = f (xi)

Is the fitness value f (pi)
better than f (pg)
No
Yes

pg = pi
f (pg) = f (pi)

Are all n particles
evaluated, i.e., i > n
No
Yes
For each of all n particles:
Calculate particle velocity according to eqn (1)
Update particle position according to eqn (2)
K = K + 1; i = 0

No

K > max number or
f (pg) is sufficiently
good
Yes
pg is the best solution to the given problem

Fig. 2. Flow chart of PSO procedure
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5.3 Hybrid of PSO and EA
PSO focuses more on the cooperation among the particles. With memory, each
particle tracks the best performance in its own history and its neighborhood
throughout the entire evolution when sharing the memory. Such a mechanism
guides particles to pursue high ﬁtness values more quickly than mere selection
operation in EA. However, particles of PSO are not eliminated even if they
are ranked to have the worst ﬁtness in the population, which may waste the
limited computational resources. On the other hand, individuals in EA compete for survival. Also, their diversity, maintained by mutation, prevents the
population from the premature convergence often found in PSO. Clearly, the
advantage of one algorithm can complement the other’s shortcoming. Thus,
the motivation is to develop a hybrid-based learning algorithm.
Based on the complementary properties of PSO and EA, a hybrid algorithm
is used to combine the cooperative and competitive characteristics of both. In
other words, PSO is applied to improve the surviving individuals and maintain the properties of competition and diversity in EA. In each generation, the
hybrid algorithm selects half of the population as the winners according to
their ﬁtness and discards the rest as losers. These elites are enhanced, sharing
the information in the community and beneﬁting from their learning history,
by the standard PSO procedure. The enhanced elites then serve as parents for
an EA mutation procedure. The oﬀspring also inherit the social and cognitive
information from the corresponding parents, in case they become winners in
the next generation. Fig. 3 illustrates this hybrid PSO + EA algorithm.
5.4 Simulation Results
A feedforward neural network (multi-layer perceptron MLP) is designed to
carry out the board evaluation function, assigning credits for leaves in the
game search tree of Capture Go. The best candidate move is then chosen
according to the alpha-beta minimax search from the game tree. The board
information is represented by a vector of length 81, with each element corresponding to an intersection on the board. Elements in the vector are from
{−1, 0, +1}, where “−1” denotes that the position on the board is occupied
by a black stone, “0” denotes an empty position, and “1” denotes a white
stone. The feedforward neural evaluator consists of three hidden layers and
one output node. The second, third, and output layers are fully connected.
Each neuron has a bipolar sigmoid activation function:
tanh(λx) =

eλx − e−λx
eλx + e−λx

(5.5)

with a variable bias term.
The ﬁrst hidden layer is designed specially, following [6, 7], to process
spatial information from the board. In order to grasp the spatial characteristics
such as neighborhood and distance of the board, each neuron in the ﬁrst
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Fitness ranking

Old population
Winners
Elites

Losers
Discard half

PSO

Enhanced elites
EA
mutation
Offspring

New population

Fig. 3. Flow chart of the hybrid PSO-EA method. The winners, which contain half
of the population, are enhanced by PSO and kept in the population for the next
generation. Those enhanced winners also work as the parents in EA to produce
oﬀspring. The oﬀspring replace the discarded losers to keep a constant number of
individuals in the population for the next generation. If the PSO block is removed,
the hybrid algorithm is reduced to the conventional EA

hidden layer covers an n × n, n = 3, . . ., 9, square overlapping a subsection of
the board. In addition, the connecting weights between the input layer and
the ﬁrst hidden layer are designed specially to reﬂect the symmetric property
of the board. Fig. 4 shows the general structure of the game engine.
In the self-play training, a population of 40 individuals, each representing
a game engine, is evolved by playing games of Capture Go. Each individual
earns credits based on its game results. Each player, always black, plays one
game against each of eight randomly selected opponents, always white, from
the population. The game is scored for each player as −2, 0, or +1 points
depending on the results of loss, draw, or win. In total, there are 320 games
per generation, with each engine participating in an average of 16 games. After
all games are complete, each individual accumulates the scores it earned as
its ﬁtness value and updates according to the algorithms employed, i.e., PSO,
EA, or the hybrid.
The weights of each swarm neuro-engine are generated randomly from a
uniform distribution over [−0.2, 0.2]. The self-adaptive parameters for the
EA are initially set to 0.05. The value of vmax for PSO is set to 2.0. The
whole evolutionary process is iterated for 100 generations. At last, the best
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evaluation

All 49 3x3
overlapping
subsections

All 36 4x4
overlapping
subsections

All 48x8
overlapping
subsections

Full Board
(Only 9x9
subsection)

Capture Go board encoded as an 81x1 vector

Fig. 4. Architecture of the game engine. This feedforward neural network evaluates
the given board. Diﬀerent sets of parameters of the neuro-game engine lead to diﬀerent credit assignments for the given board, and hence represent diﬀerent strategies.
The board pattern is interpreted by 140 subsquares. Each of these subsquares is
assigned to a node in the ﬁrst layer of the network for spatial preprocessing purposes. The outputs are then passed through two hidden layers of 40 and 10 nodes,
respectively. The output node of the entire network is scaled between [−1, 1] with
“−1” in favor for the white and “1” for black
Table 1. Tournament results among hybrid PSO-EA, PSO, EA, HC and random
players in 100 games. Black players are listed in rows and white players in columns.
For example, the result in row 2, column 4 means that the hybrid PSO-EA player
in black wins 90 to 10 against the EA player in white

Hybrid PSO-EA
PSO
EA

Hybrid PSO-EA

PSO

EA

HC

Random

/
62/38
53/47

79/21
/
68/32

90/10
76/24
/

76/24
70/30
70/30

100/0
100/0
100/0

neuro-engine (at generation 100) of each category, i.e., PSO, EA, and the
hybrid, is then used to play against each other and a random player (in each
game, roughly 20% of the moves are randomly generated for both sides to
avoid duplication). Table 1 summarizes their performance in 100 games in the
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tournament. All players illustrate success in learning strategies in Capture Go
because they overwhelm the random player with only 28 moves per game,
on average. The hybrid PSO-EA player in black dominates both PSO and
EA players. Considering the advantage that black plays ﬁrst, the hybrid in
white is roughly equivalent to the EA and slightly weaker than the PSO.
The PSO and EA players are at the same level. Following the same self-play
methodology, another game engine is trained by a simple learning method,
hill-climbing (HC), for Capture Go, to verify if the dynamics of the game
and the co-evolutionary setup of the training are the key issues of the game
engine learning [30]. The tournament results show that PSO, EA, and hybrid
players outperform the HC player (with training parameter beta = 0.05 [30]),
which indicates that the improvement of game engines comes mainly from
the learning algorithms. Finally, a web Capture Go player [19] is brought for
illustration, and the best hybrid player wins 23 of 25 games.
In addition to self-play, a defensive player of Capture Go is hand-coded.
This player takes defensive strategies with the following priorities: 1) connect
all its stones into one string; 2) choose a move that maximizes its liberties
(the liberty count saturates when it makes two eyes); 3) surround more empty
intersections with a wall; and 4) attack the weak stone(s) of its opponent. The
player is hard to capture because it is diﬃcult to seize all its liberties before
it makes two eyes or captures an opponent’s stone(s) instead (see Fig. 5).
The game’s result indicates that an opponent is more likely to defeat this
defensive player by occupying more territories rather than by capturing its
stones. Competing with this player teaches our hybrid engine to manage the
balance between seizing its own territories and capturing enemy stones (see
Figs. 6 & 7).

6 Conclusion
The game Go remains unconquered for traditional artiﬁcial intelligence techniques due to the tremendous size of its game tree, vague rank information of
its stones/strings/groups, and dynamic changes of the crucial building blocks.
Early computer Go programs built the game board evaluation function
by employing pattern recognition, tactical search, and rule-based reasoning,
mainly based on matching the expert knowledge. Even though such techniques are predominant in the top computer Go engines existing now, the
rigid or hand-coded look-up table in a knowledge database prevents the game
engines from correctly handling the complex and subtle environment beyond
the provided expert knowledge.
The emergence of neural networks, reinforcement learning, and evolutionary computation techniques guide the computer Go engines to learn, rather
than embed, the game strategies through playing Go games. The game engines
without pre-deﬁned knowledge gradually adapt to the nonlinear stimulusresponse mappings of the game from their own experience. Multiple at-
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Initial Board

Current Board

Any capture
on enemy

Yes
Make a capture

No

Any capture
on self

Yes
Make a save

No
For every liberty intersection (except
eyes) place a stone to check

Liberty
increased

Yes

Select one that maximizes
the string liberty

No

Has two
eyes

Yes

Set Self_lib=Max
Place stone on enemy
liberty (subtracts most
enemy liberty) or extends
self territory

No
Make eyes and mark

Make next move
Enemy move
No

Both
pass
Yes

Game over

Fig. 5. Flowchart of the defensive player
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Fig. 6. Final board of game one between the hybrid PSO-EA and the defensive
player
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Fig. 7. Final board of game two between the hybrid PSO-EA and the defensive
player

tempts in this category have achieved primary success in beating some of
the knowledge-based counterparts and have demonstrated the ability to scale
up and grasp the general Go strategy.
The acquisition, integration, and use of knowledge are critical to the
progress of computer Go programs. Allowing the network to access mature
features instead of looking at the raw board may allow it to learn faster and
deal with more complex situations. The possibility of merging approaches
of network evolution and pattern matching is worthy of further exploration.
Evolving a hierarchy of networks where the lower levels, mainly the wellstudied features, would provide the inputs for the networks at a high level
may be the next breakthrough towards the ultimate goal – defeating human
masters in Go.
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