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Game playing and genetic algorithms (GAs) are two important topics in artificial
intelligence (AI). In this work we employ network tournament to assist in teaching these
concepts associated with AI. Three exercises that implement a game-playing program
are designed to help students learn relevant topics in AI. The first exercise involves
game theory, e.g. mini-max search and alpha-beta pruning. The second exercise helps
students understand the critical nature of a good heuristic function in game playing. And,
the third exercise introduces GAs to learn a heuristic function. In addition to these exercises, this work also designs several programming toolkits to help students complete
their exercises, such as a network tournament interface, a graphical man-machine interface, and a genetic algorithm based game-playing engine. These exercises encompass
pertinent topics involving artificial intelligence and the network tournament. The network tournament provides a relatively easy means of Othello competition, and has merit
in improving students’ motivation for learning relevant topics.
Keywords: network tournament, game playing, artificial intelligence, genetic algorithms,
computer-assisted instruction

1. INTRODUCTION
Game playing is widely applied via computer simulation in areas as diverse as education, commerce, and politics [1]. In practice game playing poses challenges for humans
and computers. In this work we employ techniques discussed in the AI course to help
students develop an effective game-playing program, which centers on the game Othello.
In the remainder of this section, we introduce the conventional means of implementing a
game-playing program. The game of Othello is briefly described as well.
A game-playing program conventionally consists of two main modules, decision-making and learning. One means of implementing the decision-making module involves using the expert system concept. A typical expert system consists of a knowledge
base and an inference engine. A successful expert system always relies on a sound
knowledge base. However, acquiring and extracting knowledge that relies on a human
experts’ help are relatively difficult. This complicates the construction of a reliable
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knowledge base. Furthermore, in game playing, the expert system should also consider
the possible action of opponents to determine the best move. Under such a situation,
rules with the ability to predict become vital. Fortunately, the expert system has an advantage in the game as to which strategy is critical and information is incomplete [2].
The expert system is useful in constructing an effective strategy and can be combined
with another method such as a game tree (discussed later) to yield a better performance
[3, 4].
Another popular means of implementing the decision-making module employs a
game tree to develop the decision-making module. A game tree is a semantic tree, in
which each node denotes a possible state (board configuration) of the game, and a branch
represents a legal move from one state to another state. Searching a game tree implies
finding a move that appears to have the most desired result, which is subsequently executed. However, in most real world games, numerous possible moves and plies are available during a game; this would involve a large number of branches and a large search
depth. In other words, the game tree may be extremely large and therefore complicate the
search for such a game tree. In normal circumstances an exhaustive search is usually impossible. Some particular search method must be employed to deal with this problem.
Many textbooks recommend employing a mini-max search with alpha-beta pruning
to resolve the game tree search problem. A mini-max search method requires a static
evaluation function (heuristic function) to estimate the reliability of a possible board configuration; decision-making then uses this function to make a decision. The alpha-beta
pruning method, which neglects some apparently useless branches, makes a search more
efficient. Winston [5] thoroughly describes a mini-max search and alpha-beta pruning
techniques.
Most successful chess-playing programs employ a game tree approach using
mini-max search. A renowned example is IBM’s Deep Blue, which combines its powerful hardware with game tree search by employing evaluation functions tuned with expert
knowledge from human grand masters to defeat the world chess champion [6]. In our
course design, the initial exercise is to implement a mini-max search with alpha-beta
pruning and iterative deepening techniques. After completing their first exercises, the
students would realize the significance of effective heuristic functions. Furthermore, the
second exercise focuses on the design of heuristic functions.
A machine learning mechanism is also relevant to a game-playing program. Machine leaning techniques, such as neural networks (NNs) and genetic algorithms (GAs),
help a game-playing program not only to identify a better strategy, but also to adapt in a
changing environment. GAs [7], invented to simulate natural evolution, provide robust
and efficient problem solving abilities. GAs have received extensive interest in the field
of artificial intelligence in recent years. As a consequence, students who take an AI
course should learn how a genetic learning procedure works. In our course, the final exercise uses GAs as our learning mechanism of the game playing. The final exercise synthesizes GAs so as to extend a learning ability to the game-playing program. Table 1
summarizes the exercises of the AI course:
These three exercises focus on Othello, which is a game that challenges its human
players owing to the difficulty of envisioning the drastic board changes that can be
caused by possible moves. This game is reasonably complex with respect to its learning
capacity because of its moderate branching factor. While developing world-class Othello
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Table 1. Exercises of the AI course.
Objective
Exercise 1
Exercise 2
Exercise 3

Required techniques

• Mini-max search
• Alpha-beta pruning
• Iterative deepening
• Extraction of features
Design an adequate heuristic function
• Correlation of features
Develop an effective strategy using
• Machine learning
genetic algorithms
• Genetic algorithms
Implement a game-playing program

Allotted
time
2 weeks
2 weeks
2 weeks

programs, Rosenbloom [8], Lee, and Mahajan [9] applied techniques such as iterative
deepening, move ordering, pattern classification, and Bayesian learning. Their
approaches require an enormous amount of human expertise for game-playing strategies
and learning mechanisms. The first two exercises focus on identifying adequate playing
strategies and the third helps students employ GAs to enhance the learning ability of
game-playing programs. Traditionally, students need more than three weeks to complete
each exercise. Novel programming toolkits can reduce the time required for students to
complete an assignment to two weeks, thereby increasing the number of practice exercises in implementing and learning AI.
The following briefly describes the domain of Othello. Two players, Black and
White, play the game on an 8 by 8 board, which is initially set up as illustrated in Fig. 1.
Black initiates the game by placing a black piece on any empty square on the board adjacent to one or more of White’s pieces. By making this move, Black captures the enclosed white pieces, which are then flipped over to show their black side. Fig. 1 (b) and
(c) give an example. However, one restriction is placed: a move must flip at least one of
the opponent’s pieces. A player must pass his/her turn when he/she does not have any
legal move. The players take turns placing pieces on the board until neither player can
make further moves. The player with the most pieces on the board is then declared the
winner. Further details are provided in [10].

Fig. 1. Game of Othello: (a) illustrating the initial set-up, after Black plays to E6 on (b), the board
configuration changes to (c).
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The rest of this paper is organized as follows. Section 2 discusses the relevance of
man-machine interface for game playing, also introduces the man-machine interface design for Othello. The interface provided assists students in completing their exercise.
Section 3 presents the proposed network tournament. The proposed network connection
tool is also introduced. Section 4 highlights the notion of applying GAs to adapt to a
game-playing program. Sample experiments are also performed to demonstrate the accuracy of the proposed scheme. Concluding remarks are given in section 5.

2. MAN-MACHINE INTERFACE
As widely believed, the man-machine interface is relevant for game-playing programs. A successful game-playing program must not only contain effective playing
strategies, but also have an attractive man-machine interface. Also, a good man-machine
interface is useful for program testing. For example, a man-machine interface helps a
student to test and debug their game-playing program in the development phase. Students
can also confirm whether or not their programs breach rules. Furthermore, with
man-machine interface, students can easily adjust their game playing strategies by playing with human players. However, designing a man-machine interface, which contains
graphical library programming, is beyond the scope of our course. The purpose of providing a man-machine interface for students is to reduce their academic load.
We have designed a graphical user interface for Othello based on the X window
system. We use X library (Xlib), i.e. the lowest level programming interface to X windows, to ensure portability. Using Xlib, nearly all machines running X windows can
execute our Othello interface; other graphical libraries such as XView are unnecessary.
As Fig. 2 shows, our Othello playing interface contains three areas. The top area is called
the toolbar, and contains three buttons: “new”, “quit”, and “option”. The “new” button
allows the player to concede the game that is currently playing, resets the chessboard
with the initial configuration, and starts a new game. Clicking on “quit” closes the window and terminates the program. A popup menu that provides the alternation of a human-player moving first or computer-player moving first, will be called when the “option” button is pressed.

Fig. 2. Man-machine interface of Othello.
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The central area denotes the current board configuration. When the human player’s
turn comes around, he/she can put his/her piece in any legal place by moving the mouse
cursor to the targeted position and clicking mouse button. To make the interface friendlier, the following hint facility is also provided: the mouse cursor becomes a cross when
it is in a legal position; a player can only put its piece in those legal positions. The computing time a computer takes always depends on the search depth and the performance of
the computer. It is possible that a running game will take a few seconds for a ply. The
cursor changes into a small clock icon, indicating that the computer is thinking. Our interface will inform the player when we should pass. The area on the right, which provides information about the current game, displays the number of pieces for both the
computer and human player.
Linking the student’s program with the man-machine interface developed here is
quite simple. The interface between a student’s program and the program we developed
is via a C language function called ‘bestmove’. This function should return the coordinates which appear to have the most advantages according to the function input of the
current board configuration.
The designed Othello playing interface is useful for students to develop and test
their Othello playing programs. Furthermore, this interface can be an effective pedagogical instrument for introducing the game of Othello and demonstrate computer game
playing. This man-machine interface provides the facility for humans to play against a
computer game playing program; however, two game-playing programs playing against
each other is still difficult. In this paper, we design another machine-machine Othello
playing interface running over the Internet to solve this problem, as discussed in the next
section.

3. OTHELLO TOURAMENT VIA THE INTERNET
3.1 Meanings of Othello Tournament
The best way of objectively assessing a students’ ability to play Othello is via a
tournament. The score on an exercise is marked according to the tournament rank.
Therefore, the tournament motivates students to work harder for their exercises; students
will bask in their hard won victory. Restated, students are strongly motivated to complete
their program to attain a higher tournament rank. Furthermore, the fact that the tournament is in public allows the students to observe any game in the tournament. Watching
games carefully allows students not only to possibly understand why a program wins or
loses, but also to identify some game playing features which were ignored previously.
The valuable experiences gained during competition allow students to further refine their
game playing programs. Hence, watching the game is also a part of the learning process
for students. The tournament itself also provides a more tension free environment than in
the classroom, giving students the opportunity to discuss and exchange ideas.
In this course we have three tournaments corresponding to the three exercises. In
practice such a tournament is time consuming, monotonous, and heavily reliant on human work. The game adversaries must take two computers to execute their game playing
programs with a man-machine interface, and then input the action that their opponent
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takes by hand each turn. The latter is prone to human error. On the other hand, the reaction time for a human is slower than that for a computer; the former has become the time
bottleneck for the entire tournament.
To overcome the limitations of the conventional method, this work designs a network interface for our Othello tournament running on the Internet. The Internet provides
the communication facility for programs distributed on different computers nearly anywhere in the world. Thus, via this communication facility of the Internet, an Othello
playing program can communicate with its opponent, which may be another computer
playing program in another country. Once the connection is established, the game between two programs can automatically play without any human intervention. With the
network interface proposed here, students in the tournament have a relatively simple task:
connect to a particular computer called a server. The server program then handles all
other tasks in the tournament such as scheduling, communication, and logging.
3.2 Client-server Architecture
The architecture of our network interface is based on the client-server model [11]. A
sever is a computer process which waits for connection requests from client programs on
the network, and it attempts to connect with its peer once a connection request is found.
In our implementation, each Othello program is treated as a client, and each client that
wants to attend the tournament must connect with the server, which is controlled by a
teacher or a TA.
In addition to establishing a connection, our tournament server performs three other
tasks:
1. The server is treated as a control center, scheduling all tournament games. When a
pair of idle players exist, the server matches the players and issues a ‘new game’
command for both; a new game then commences. On the other hand, the server verifies whether or not the action of any player is legal. If an illegal action involving a
player occurs, the server completes the game and declares its adversary the winner.
Furthermore, the server provides a command console to monitor and control the complete tournament process.
2. The server is treated as a communication center, exchanging information between
clients through the server. Each client directly connects to only the server; it does not
actually connect with any other client program. This centralized method is advantageous in that it is easy to maintain. The server, which has the complete information
and status on all clients, can easily detect any client-related error, such as a crash or
lost connection. The server can also call on some recovery action immediately to ensure the completion of the tournament. However, a centralized sever is limited in that
the server incurs a traffic bottleneck. Such a bottleneck may only occur with a large
number of client (for example, 500) connections to the same server at a time. Under
this circumstance, the entire tournament must be divided into a few smaller tournaments, such as preliminary and final games.
3. The server is treated as an administrative center, recording the results of the complete tournament, including the winner of each game, time used by each player, and
even the detailed network communication. Also, the record files provide some statis-
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tical information, e.g., total scores and total piece advantages. After the tournament, a
teacher or a TA can easily check this information to rank all game-playing programs.
This information also assists students in further enhancing their game-playing programs.
The network interface is developed on the UNIX operating system with a standard
socket library. The programs are coded in C++. Both client program and server program
are available for students to use, allowing students not only to hold a small local tournament by themselves, but also verify the functioning of their program. Analogous to the
man-machine interface described in section 2, the program interface between client program and a student’s game playing program is implemented with a function called ‘bestmove’ function.
According to the network connection program described above, holding the tournament is relatively easy and simple. Fig. 3 depicts the screen dump of a client program,
referred to as ‘team5’ in a demonstration tournament. In this demonstration tournament,
eight players participate in the tournament, team1 to team8. The right hand side of the
screen displays the results of team5 competing against each of the seven opponents,
where ‘**’ denotes games is not played yet. The results of each game contain three numbers, the time for each player takes. For instance, the result of the first game of team5
competing against team7 is (-54, 5, 4), indicating that team5 lost 54 pieces, spends 5
seconds, team7 wins 54 pieces, and spends 4 seconds. The left hand side of the screen
displays the board configuration of the game currently being played.

Fig. 3. A sample tournament.

In our experience, an AI class with 100 students took 2 full days to complete a
tournament without network tournament interface. On the other hand, a tournament with
a network interface took only a half day to complete. This results in two advantages: the
network interface saves time and is more exciting because of the faster rhythm of the
games. Thus, these exercises attract more students’ attention.
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After students complete their first two exercises, some of their game-playing programs have acceptable capability/performance. The next section applies GAs to
game-playing strategies to teach concepts of machine learning.

4. GAME PLAYING AND GENETIC ALGORITHMS
The third exercise employs genetic algorithms to further enhance students’
game-playing programs. In this section we not only explain how to use genetic algorithms in game playing, but also introduce our design of the GA engine designed herein.
Several experiments are also provided to demonstrate the effectiveness on learning of
GAs in game playing.
4.1 Evaluation Function
Most successful game-playing programs employ a heuristic search that uses a static
evaluation function to guide the direction of the search. A typical linear evaluation function has the form of Eq. (1), where h denotes the static evaluation function of a game
board configuration, fi’s represents one of n features, total, that profoundly influence
game-playing strategies, and the wi’s are the corresponding weights indicating the relative importance of the features. With such an evaluation function, we can apply the
well-known mini-max search algorithm as well as alpha-beta pruning.
n

h=

∑w ⋅ f
i

i

(1)

i =1

The power of a game-playing program is thus determined by two factors: how the
discriminating features are selected and how the weights are assigned. These two factors
have received extensive attention since Arthur Samuel published his seminal work on
machine learning [12]. In the final exercise we concentrate on the second factor by using
genetic algorithms.
Genetic algorithms avert local minimum or sub-optimal traps. Consequently, GAs
are ideal for searching the weight space of the heuristic function h used in game-tree algorithms. While designing genetic learning algorithms, we consider many relevant factors such as those summarized in [13]. To play Othello games, our coach programs and
GAs learning programs employ features such as position, piece advantage, mobility and
stability. Here we treat a chromosome string as a vector of real-valued parameters, which
represent the coefficients of the game-playing heuristic function [14].
After students complete their first two exercises, we organize a local computer
Othello tournament with about 100 competitors. The top five players in the tournament
are selected as the five coach programs. A full-width mini-max search with alpha-beta
pruning is commonly used in the coach programs. To deal with time constraints, some of
the programs employ the iterative deepening strategy, i.e., they perform a full N-ply
search before attempting an N + 1-ply search.
We call the coaches Coach1, Coach2, Coach3, Coach4, and Coach5 in order of increasing power, that is, Coach5 is the program that won the tournament and Coach1 is
ranked fifth in the tournament. There are two reasons to employ multiple coaches. First,
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selecting a single evaluation standard to succeed in a real world, a multi-criteria environment such as game playing is extremely difficult. A prerequisite for a player to be
‘good’ is that he/she can defeat more than one ‘good’ rival. Second, if we use only one
coach for training, individuals can easily over commit themselves to that coach’s weak
points and thus fall into a local optima.
4.2 Training Tool of GAs
To reduce the academic load on students, this scheme also provides a software program for students to experiment with GAs. To attract students, this program was designed with a fancy interface. As Fig. 4 depicts, the screen can be divided into three
blocks. The left upper area displays the chessboard and configuration of current games.
The left lower area (white area) contains the piece advantages of the two adversaries in
the current game. The right area displays information on how evolution is proceeding,
the parameter values of the GA and the individual’s status. Each item in this area contains a rectangular bar to indicate its value of relative proportion. Different lengths of the
bar have different meanings. For instance, a short bar denotes a small value, a middle bar,
a normal value, and a long bar, a large value. The parameters of the GA contain the generation count, individual number, mutation rate, crossover rate and mutation range. In
the lower portion of this area are the piece advantages of the current individual who is
competing against each coach. The ‘summation’ is the sum of the piece advantages of the
five games for the current individual.
In this work, the sample experiments are coded in C++. The population size is set to
100. Each member of the population takes about 10 seconds on a Pentium-133 PC to
complete a game. Evolutionary behavior is visible, even with a relatively small population size. In this program, we employ fitness-proportional selection, one-point crossover,
and bit-flip mutation. Each member of the population plays one game with each coach.
For the sake of fairness, one game comprises two matches and each pair of opponents
takes turns initiating the two matches. The fitness score is defined as the sum of piece
advantages of the five games. In terms of reproduction, our results demonstrate that
recombination, particularly crossover, is highly productive at yielding good offspring.
Fig. 5 summarizes the GA training process.
In order to test the validity of the proposed model, we applied it in several learning
situations. In our first try, we used a game-playing heuristic function with six features:
board position measure, piece advantage, current mobility (defined as the difference in
the number of possible moves between a GA player and a coach), stability (number of
unflippable pieces), first potential mobility (number of opponent's pieces adjacent to
empty squares), and second potential mobility (number of empty squares adjacent to opponent’s pieces).
For comparison, we initially let the GA player learn from a single coach. Learning
curves demonstrating the evolutionary processes against Coach1 and Coach5 are shown
in Fig. 6(a) and (b), respectively. As expected, the best individual in each case learned to
beat the corresponding coach because it successfully found a good weight combination
for its heuristic function. The GA player won by a larger margin against Coach1 than
against Coach5 since Coach5 was a tougher opponent than Coach1.
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Fig. 4. Othello learning using genetic algorithms.

Fig. 5. GA training process of Othello players.

4.3 Enhanced Model With Multiple Coaches
Now we come to an interesting question, if the GA player has an opportunity to
learn from all five coaches, will the result be better than if there were only a single coach
involved, regardless of whether the coach is the champion or an ordinary player? Answering this is not trivial because we know that learning with multiple goals at the same
time may result in useless interpolation. Currently, the only way for us to answer this
question is by doing experiments.
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(b)

Fig. 6. Evolutionary curve: (a) Learning with Coach1, (b) Learning with Coach5.

Fig. 7. Evolutionary curves: Learning with all five coaches. Each coach is represented by a curve.

In the initial population for training with multiple coaches, each individual was
scheduled to play two games with Coach1. In any later generation, only those individuals
who had beaten Coachi and were not changed by the reproduction operators were scheduled to play against Coachi+1. The evolutionary learning results are shown in Fig. 7.
Obviously, the learning effect was better than that with a single coach. The best
player in the final population against Coach1 achieved a total score of more than 100,
which was better than the result shown in Fig. 6(a). The most remarkable result was that
the best player against Coach5 was able to beat the coach by a margin of greater than 70.
Note that the final score in Fig. 6(b) was saturated just below 50. Thus, keeping chromosomes with greater variety helps to produce a performance breakthrough. From the
learning curves we can observe that every time an individual developed a better weight
combination, the result was likely to ripple out to affect its performance against other
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coaches. Moreover, we observe that the best players against different coaches were, in
general, different individuals, and thus the ripple effect was caused by crossover.
4.4 Enhanced Model With More Features
After we found that the GA produced satisfactory results, we tried to enhance its
potential ability to identify lower-level features. The current board position measurement
plays a pivotal role in Othello. In the previous design the importance of each square was
determined by human experience. To avoid this kind of high-level human involvement in
learning, we broke the configuration feature of the whole board down into individual
position features. In the expanded chromosome encoding, we represented the board position measure as 10 values, taking advantage of the symmetry of the Othello board. Furthermore, we found that a single feature of relative mobility was not enough to reflect the
importance of the total number of legal moves in different game-playing stages, such as
opening moves and closing moves. Hence, we broke that feature into two sub-features,
the number of possible moves for the player and the number of possible moves for the
coach. Thus we had a total of 17 features in the revised game-playing heuristic function.
The learning curves with this expanded chromosome format are shown in Fig. 8. As
expected, the learning speed was reduced because it was time-consuming to find the correct setting of importance for each position. However, interaction between curves occurred much more frequently than before.

Fig. 8. Evolutionary curves: Learning with all five coaches, with expanded position features.

4.5 Experimental Results and Discussions
Another interesting point is that the order of the coaches in terms of power, from the
GA player’s point of view, was not quite the same as the ranking found in the tournament.
For example, the GA player beat Coach3 by a larger margin than Coach2, whereas the
former beat the latter in the tournament. Moreover, an interesting relationship could develop between average human players (Hs), expertise-based game-playing programs (Es),
and GA-based learning programs (Ls). This relationship would be cyclic, just like that
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between the scissors, paper, and stone in the well-known children's game: although Es
outperform Hs, Ls learn to beat Es, and Hs are, in most cases, able to beat Ls easily. The
apparent reason for this relationship is that Ls over-commit themselves to the weak
points of Es and develop a narrow strategy that is not good for generalization.
Since it is interesting to see whether training with multiple coaches enables Ls to
avoid this drawback, we had the programs play against the commercial Othello program
Reversi for WindowsTM. There are four levels in Reversi, Beginner, Novice, Expert, and
Master. We chose the Master level for our program players, including all the coaches
and the best GA players against each coach. Since we had two versions of GA encoding,
we use superscripts 6 and 17 to denote the number of genes used in the chromosome
format. For example, Best217 denotes the best player against Coach2 using 17 features.
We gave our programs 0.3 seconds for each move; this was in generally less than the
time consumed by Reversi, which typically used 2 to 3 seconds for its mid-game search.
The results are summarized in Table 2.
Table 2. Play against Master. Two games were played. The table shows the sum of final
scores of our program players against Reversi Master.

Player

Score

Player

Best1

Best217

+6

Best3

17

-60

Best4

17

+2

Best5

17

-18

Best1

+6

Best26

+8

Best3

6

Best4

6

Best5

6

Coach5

-10
+20

-12
+11

17

Score

-38

+38

Coach2
Coach4

Player

+28

Coach1
Coach3

Score

6

-38
-6

If we consider the Besti17’s, the cyclic relationship is quite clear. Besti17 beat Coachi,
Coachi beat Master, and Master beat Besti17, with Best417 the only exception. However, if
we consider the Besti6’s, which employed more human knowledge in terms of position
evaluation than the Besti17’s, the outcomes were quite different. In this case, we had three
GA players, Best16, Best36, and Best56, who beat both their coaches and the Reversi Master program. Although these results increased our belief in the learning ability of GAs,
they also left us many questions to answer in the future. We believe that no single rule
(strategy) can beat all players, and different strategies may be needed while fighting with
different opponents. At the present time, we are investigating multiple strategies GAs to
overcome this difficult problem.

5. CONCLUSIONS
This work designs several software toolkits to assist students in completing their
game playing exercises. These toolkits can also be employed pedagogically to introduce
the concepts of playing the Othello game, AI, and GAs. Moreover, having students score
their exercise in the way of network tournament is a relevant task. In addition, students
are strongly motivated to complete their programs to get a better rank in the tournament.
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Furthermore, students can learn many valuable experiences in the tournament, thereby
helping them to further improve their program. Based on the results of the experiment,
we conclude that GAs enhance the power of the game-playing program. In addition to its
usefulness in teaching AI in our experience, the proposed model presented in sections 4
can also be used as a problem-solving scheme in our experience; the three exercises designed here have been successful in teaching Artificial Intelligence.
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