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Abstract
It is intuitive that allowing a deeper search into a game tree will result in a superior player to one that is
restricted in the depth of the search that it is allowed to make. Of course, searching deeper into the tree comes at increased
computational cost and this is one of the trade-offs that has to be considered in developing a tree-based search algorithm.
There has been some discussion as to whether the evaluation function, or the depth of the search, is the main contributory
factor in the performance of an evolved checkers player. Some previous research has investigated this question (on Chess
and Othello), with differing conclusions. This suggests that different games have different emphases, with respect to these
two factors. This paper provides the evidence for evolutionary checkers, and shows that the look-ahead depth (like Chess,
perhaps unsurprisingly) is important. This is the first time that such an intensive study has been carried out for evolutionary
checkers and given the evidence provided for Chess and Othello this is an important study that provides the evidence for
another game. We arrived at our conclusion by evolving various checkers players at different ply depths and by playing
them against one another, again at different ply depths. This was combined with the two-move ballot (enabling more games
against the evolved players to take place) which provides strong evidence that depth of the look-ahead is important for
evolved checkers players.
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Introduction

Designing automated computer game-playing programs can be traced back to the 1950s[1-2] , with significant interest still being evident today. Deep Blue
represents one of the landmark successes when, in May
1997, a computer program defeated, arguably, the best
chess player (Garry Kasparov) that has ever lived[3-4] .
Game playing crosses discipline boundaries, being of interest to areas such as artificial intelligence (AI), knowledge representation, automated search and machine
learning. A knowledge-based approach is often used
in traditional computer games programs, whereby encoding by hand is utilised to incorporate human knowledge about the game into the computer by means of
an evaluation function and a database of opening and
endgame sequences. Chinook, similar to Deep Blue,
uses this methodology and, in 1994, it became the first
machine to be crowned a world champion when it defeated the world checkers champion (Marion Tinsley)
at that time[5] .
Chinook and Deep Blue require considerable effort
by the design teams as the evaluation function is designed and tuned by experts: both algorithmic experts

and game experts (e.g., chess grand masters). This is
not only time consuming but only produces an automated game player that is able to play a single game.
If it were possible to automate (e.g., evolve) an evaluation function, then the same methodology could be
used across many games, without the need for human
experts.
Evolutionary algorithms are a class of algorithms
that draw their inspiration from biological processes.
Genetic algorithms[6] , for example, are motivated by
Darwin’s principle of natural evolution (Survival of the
Fittest). A population of candidate solutions compete
against one another for survival, with the individuals
that are best suited to their environment (e.g., produce
the best solution to the problem at hand) surviving to
the next generation, whilst the poorest performing individuals die off. Each individual is subject to random
mutation, as well as being bred with other members
of the population to produce children which are (hopefully) better than the two parents they were bred from.
Genetic programming[7] follows a similar paradigm.
Whereas genetic algorithms typically manipulate vectors representing solutions, genetic programming manipulates syntactically correct computer programs.
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The algorithmic steps are similar in both versions of
the algorithms (evaluation of individuals, selection of
the best individuals, breeding and random mutation),
but the underlying representations are very different.
Neural networks[8] , model (albeit a very simplified
version) the brain and the processes that it performs
(a set of inter-connected neurons and whether neurons
fire or not). A relatively recent innovation is to evolve
neural networks, where a population of neural networks
exist and compete for survival, coming under evolutionary pressure in the same that is apparent in genetic
algorithms and genetic programming. Indeed, genetic
algorithms are just one possible way to control the evolutionary process, in that the neural networks are encoded as a vector which enables manipulation by a genetic algorithm.
In this work, we evolve a population of neural
networks[9] utilising evolution strategies[10-13] , where
the connection weights of the network are randomly
changed (mutated) by a random value drawn from a
normal distribution.
Evolutionary computation actually covers a number
of areas, being one of the categories under the more
general heading of AI. Other evolutionary computation
methodologies include ant colony optimisation, particle
swarm optimisation and evolution strategies. Excellent
introductions to this area can be found in [10-13].
Blondie24[14] attempted to evolve a neural network
that could play checkers at the level of a human expert,
but without the need for human knowledge to be incorporated, which was not the case with Deep Blue and
Chinook. We note that the ideas in Blondie24 were
also later applied to Chess[15−17] . Blondie24 was not
provided with any human expertise. Instead it evolves
its own evaluation function through self-play and the
networks are subject to evolutionary pressure. By using only the positions and type of pieces on the board,
together with a piece difference (the difference between
the number of pieces for each player), the evolutionary
algorithm utilises feedforward artificial neural networks
to evaluate alternative positions in the game. The architecture of Blondie24 is shown in Fig.1[14] .
This feedforward neural network consists of two hidden layers, of 40 and 10 nodes respectively. The output
layer has one node. This provides a real-valued output,
which is used to measure the quality of the board position. That is, we are attempting to evolve the weights
of the connections in the network such that higher values are provided by the output neuron when the input
to the network is presented with a better board position.
Of course, we cannot be sure whether a given position is
better than another one, but we hope that evolutionary
pressure will give us some insights without the need for
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human expertise. The input neurons reflect all the 32
board positions where checkers can reside. In addition,
the network inputs also reflect the temporal nature of
the board in an attempt to show that squares are connected diagonally, but not horizontally or vertically.

Fig.1. Blondie24 architecture[14] .

All the layers are fully connected. The total number of weights and biases is 5 046 and these values are
evolved by the algorithm presented in Section 5.
Fogel[14] , stated that “At four ply, there really is not
any “deep” search beyond what a novice could do with
a paper and pencil if he or she wanted to”. Whilst this
might be true, it would be an immense task for a human player to derive a 4-ply search tree with paper
and pencil, for every move they have to make, let alone
make sense of the tree (e.g., manually apply minimax)
to decide the best move to make. Of course, the search
might be done at some subconscious level, especially if
intuitive pruning were taking place, but this (as far as
we are aware) has not been reported in the scientific
literature.
Although, there has been a lot of discussion about
the importance of the look-ahead depth used in Fogel’s
work[14] , there is little work that has rigorously investigated its importance. In this paper, we extend our
previous work[18] to investigate the importance of the
look-ahead depth to an evolutionary checkers player. In
[18] we showed that players with higher plies perform
better than those with a lower ply, when playing at a
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fixed ply of six. In this work we carry out two additional experiments, where players evolve/play at different plies, in order to provide additional evidence to
support our hypothesis.
Our experiments demonstrate that the look-ahead
depth is important for the learning process of computer checkers. This is achieved through evolving various checkers players with different ply depths and by
using three different methods for playing them.
The original work by Fogel and Chellapilla[19-22] was
an important milestone in artificial intelligence and
evolutionary computation. It has motivated many researchers to carry out work in the area. The full list
of papers are too numerous to cite here but the interested readers are pointed towards the proceedings
of the IEEE Congress of Evolutionary Computation,
IEEE Transactions on Evolutionary Computation and
IEEE Transactions on Computational Intelligence and
AI in Games. However, since the seminal work of Fogel
and Chellapilla, researchers have tackled many games
such as Cribbage[23] , Go[24] as well as other areas such
as finance[25-26] . It is interesting to note that Go is now
considered to be the Drosophila of artificial intelligence
(replacing Chess) due, in part, to its large branching
factor. A recent survey paper[27] provides an excellent
starting point for readers interested in this area, where
Monte Carlo Tree Search is emerging as the algorithm
of choice.
Given the wide breadth of research that has emanated from the original work in this area, there are still
many areas left to explore, as well as new research directions to investigate. In this paper, we take a reflective
look at the work of Fogel and investigate if look ahead
is a contributory factor in its effectiveness. To do this,
we use the original algorithm of Fogel, and explore the
effect of adjusting various parameters.
The rest of the paper is organised as follows. Section
2 will discuss the game of Checkers, while the related
work is presented in Section 3. The two-move ballot is
discussed in Section 4. Section 5 shows our experimental setup for this work. Section 6 presents our results
and we conclude the paper in Section 7.
2

Checkers

This section gives a brief description of Checkers,
and the next section summarises previous approaches
that have been used to automate playing the game.
Checkers, sometimes called draughts, is played on
an 8 × 8 board between two players, black and white
(black moves first). Each player has 12 pieces (also
called checkers), which are placed on the 12 alternating squares of the same colour that are closest to that
player’s side as shown in Fig.2. Checkers can only move

forward diagonally one square at a time. The aim of the
game is to remove all the opponent’s pieces by jumping them (when your piece is adjacent to an opponent’s
piece with an empty square on the other side). If a
checker is able to jump another checker it must make
that move; a so-called forced jump. Multiple jumps are
similarly enforced. If multiple forced jumps are available the player may choose which one to make. When
any pieces advance to the last row of the board (on the
opponent’s side), that piece becomes a King and it can
move diagonally one square at a time either forward
or backward. The game ends when one player removes
all his/her opponent’s pieces, or when a player has no
more available moves. The game can also end when one
player offers a draw and the other accepts.

Fig.2. Checkers board (showing possible moves). Black moves
first.

3

Background

Arthur Samuel, in 1954, attempted to illustrate that
a computer program could play against itself in order
to evolve a checkers player, using an early form of temporal difference learning. Samuel’s program adjusted
weights for 39 features[2,28] . These features were adjusted during the game using a method we now refer to
as reinforcement learning, instead of tuning the weights
manually[29-32] . Samuel found that piece difference was
more important feature than the other 38 features (e.g.,
capacity for advancement, control of the centre of the
board, threat of fork) taking on various levels of importance. Due to memory limitations, Samuel only used 16
of the 38 features in his evaluation function. To include
the remaining 22 features he swapped between features using a procedure called term replacement[14,28] .
Samuel used two evaluation functions (Alpha and Beta)
to determine the weights for the features. The process
gives an appropriate weight to each parameter and sums
them together. This evaluation function evaluates each
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leaf node in the game tree. This process is considered
to be one of the first attempts to use heuristic search
methods in the quest for the next best move in a game
tree. Samuel used minimax with three ply and a procedure called rote learning[2] was also included in the
program. For further reading about Alpha, Beta and
minimax, the interested reader is referred to [33-34].
Starting in 1989, Jonathan Schaeffer and his colleagues at the University of Alberta, designed a checkers program called Chinook[5,35] . Solving the game was
Schaeffer’s initial motivation. However, this was a challenging goal as there are approximately 5×1020 different
positions to evaluate[36] . A further motivation was to
produce the world’s best checkers player. This was done
by using an evaluation function, which includes several
features, all based on human expertise, including grand
masters. Like Samuel’s program, the main feature in
Chinook’s evaluation function is the piece count. The
next most important features are the king and the runaway checker (a clear path for a checker to become a
king, without any obstacles). The summation of each
term provides an overall assessment of the board for a
particular game state. Initially, Schaeffer gave initial
values to the weight of each feature and then manually
tuned them when he found an error or when a Chinook
move led to a losing position.
Chinook also utilised opening and endgame
databases to further enhance its ability. Chinook’s
opening game database contained more than 40 000 sequences. The endgame database contained all the possibilities that lead to a win, a draw or a loss, for a given
number of pieces left on the board. The final version of
Chinook’s endgame database contained all 6-piece end
sequences, allowing it to play perfectly from these positions.
In 1989 Chinook, with a 4-piece endgame
database[37] , won the computer Olympiad. Later, with
its final 6-piece endgame database, together with its
evaluation function modified by a fudge factor[35,38] , it
finished in second place to Marion Tinsley (recognized
as the best checkers player who ever played the game)
in the U.S. National Checkers Championship held in
1990. After a further sequence of matches in 1994 between Chinook and Tinsley, Chinook became the World
Man-Machine Checkers Champion (after Tinsley’s resignation due to health problems, who died in the following year)[35] . In 1996 Chinook retired with rating
at 2 814.
The building of the opening and endgame databases
ultimately led Schaeffer to achieve his initial motivation
(solving the game of checkers)[39] . Perfect play by both
sides leads to a draw.
Blondie24 attempted to evolve a computer check-
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ers program, injecting as little expert knowledge as
possible[14,19-22,40] . Evolutionary neural networks were
used as a self-learning computer program. The neural network used for a particular player provided the
evaluation function for a given board position. The
networks acted randomly at first (as their weights were
initialized randomly), and gradually improved over
time. The final network was able to beat the majority (> 99%) of human players who registered on
www.zone.com at that time. Blondie24 is a significant
achievement, particularly in machine learning[32] and
AI although it does not play at the level of Chinook[5] .
However this was not the objective of the research; it
aimed to answer the challenge set by Samuel[1-2] and
what Newell and Simon (two early AI pioneers) said
that progress in this area would not be made without
addressing the credit assignment problem.
Al-Khateeb and Kendall[41] enhanced Blondie24 by
introducing a round robin tournament, instead of randomly choosing five opponents in each round. The results showed that this type of modification did evolve
a superior checkers player, even catering for the fact
that it evolved over less generations in order to have
the same number of matches.
Many researchers have shown the importance of the
look-ahead depth for computer games, but none of them
was related to checkers. Most of the findings are related to chess[42-45] , where it was shown that increasing the depth level will produce superior chess players.
However, Runarsson and Jonsson[46] showed that this
was not the case for Othello, as they found that better
playing strategies are found when temporal difference
(TD) learning with ε-greedy is applied with a lower
look-ahead search depth during evolution and a deeper
look-ahead search during game play.
Given that Chess appears to benefit from a deeper
look-ahead while Othello does not, this paper will establish if the evolutionary method for playing checkers
benefits from a deeper look-ahead.
Even though Blondie24 answered the challenge set
by Samuel, it has still attracted comments about its
design. One of them is concerned with the piece difference feature and how it affects the learning process
of Blondie24. This was answered by Fogel[14,40] , Evan
Hughes[47] , and Al-Khateeb and Kendall[48] . The results show that both the piece difference and the neural network architecture contribute to the learning. Another design issue questions the importance of the lookahead depth. Al-Khateeb and Kendall[18] showed that
the look-ahead depth is important for the evolutionary
algorithm that is used to construct a checkers player.
Preliminary experiments for this work are reported in
[18] and we will extend it in this paper by adding two
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further experiments. This provides further evidence
and enables us to draw stronger conclusions. Therefore,
this paper has three different experiments (see Section
4). The first experiment is the same as in [18] while the
second and the third experiments are new to [18].
4

the player’s level is determined according to Table 1.
We note that the purpose of this paper is to compare
the performance of the two players and not to measure
their actual ratings, which could only realistically be
done by playing against a number of different players.
Table 1. Relevant Categories of Player Indicated by the
Corresponding Range of Rating Score[14]

Two-Move Ballot and Standard Rating
Formula in Checkers

When the world’s best players play the game of
checkers, it often ends in a draw. To overcome this
and make the games more competitive, the Two-Move
Ballot is used. This was introduced in the 1870s[5] .
The first two moves (each side’s first move) are randomly chosen. There are 49 possibilities to play in this
way, but research has shown that six of these moves
(openings) are unbalanced, as it will give an advantage to one side over the other. Therefore, only 43 of
the 49 available moves are considered. At the start of
the game a card is randomly chosen indicating which
of the 43 openings is to be played. The original game,
with no forced opening moves, is called go-as-you-please
(GAYP).
Checkers players are rated according to a standard
system[14] (following the tradition of the United States
Chess Federation) where the initial rating for a player
is R0 = 1 600 and the player’s score is adjusted based
on the outcome of a match (outcome) and the rating of
the opponent:
Rnew = Rold + C(Outcome-W ),
where
• Rnew is the new rating for the player and Rold is
the current player’s rating,
• W = 1/(1 + 10((Ropp −Rold )/400 ),
• Outcome is 1 for win, 0.5 for draw, or 0 for loss,
• Ropp is the opponent’s rating,
• C = 32 for ratings less than 2 100, C = 24 for ratings between 2 100 and 2 399, and C = 16 for ratings at
or above 2 400.
We use the standard rating formula in this work to
compare different players. For the purpose of showing
how the players perform, relative to one another, we
use 5 000 different (random) orderings for the 86 (each
player plays 43 games as black and 43 games as white)
games and then compute the mean and the standard
deviation for the standard rating formulas. We use
5 000 orderings for the wins, losses and draws in order to derive a distribution of ratings for a given set
of matches, in order to capture the fact that the initial
ordering of matches is purely arbitrary. We say that a
player is better than his/her opponent if his/her mean
standard rating formula puts him/her in a level that
is higher than his/her opponent. The determination of

Class
Senior Master
Master
Expert
Class A
Class B
Class C
Class D
Class E
Class F
Class G
Class H
Class I
Class J
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Rating
2 400+
2 200∼2 399
2 000∼2 199
1 800∼1 999
1 600∼1 799
1 400∼1 599
1 200∼1 399
1 000∼1 199
800∼999
600∼799
400∼599
200∼399
Below 200

Experimental Setup

For the purpose of investigating our hypothesis (i.e.,
showing the importance (or not) of a look-ahead to the
game of checkers), an evolutionary method for playing
checkers, based on the same algorithm that was used
to construct Blondie24, was implemented in order to
provide a platform for our research. The following algorithm is used to construct the checkers player.
1) Initialize a random population of 30 neural networks (strategies), Pi , i = 1, . . . , 30, sampled uniformly
[−0.2, 0.2] for the weights and biases.
2) Each strategy has an associated self-adaptive parameter vector, si , i = 1, . . . , 30, initialized to 0.05.
3) Each neural network plays against five other neural networks selected randomly from the population.
4) For each game, each competing player is allowed
to search for 4-ply and receives a score of +1 for a win,
0 for draw and −2 for a loss.
5) Games are played until either one side wins, or
until one hundred moves are made by both sides, in
which case a draw is declared.
6) After completing all games, the 15 strategies that
have the highest scores are selected as parents and retained for the next generation. Those parents are then
mutated to create another 15 offspring using the following equations:
For each parent Pi , i = 1, . . . , 15, an offspring Pi0
was created by:
si (j) = si (j) exp(tNj (0, 1)),
wi (j) = wi (j) + si (j)Nj (0, 1),

j = 1, . . . , Nw ,
j = 1, . . . , Nw ,
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where wi (j) is the weight to be updated, Nw is the number of weights and biases in the neural network (here
this is 5 046), t = √ 1√
= 0.083 9, and Nj (0, 1)
2× N w

is a standard Gaussian random variable resample for
every j.
7) Repeat steps 3 ∼ 6 for 840 generations.
We note that the values we used for the various parameters (e.g., number of neural networks, number of
generations) were chosen as they were used by Fogel in
his original work[20-22] .
Our implementation has the same structure and architecture that Fogel utilised in Blondie24. Four players
were evolved.
1) C1 was evolved using 1-ply depth.
2) C2 was evolved using 2-ply depth.
3) C3 was evolved using 3-ply depth.
4) C4 was evolved using 4-ply depth.
Three different experiments were carried out in order to provide an extensive review for the importance
of the look-ahead depth to an evolutionary method for
playing checkers. These experiments were:
1) Each player played against the rest of players but
was now allowed to search to a depth of 6-ply.
2) Each player played against the rest of players using the ply they were trained at.
3) Each player played against itself at a different ply.
6

Results

All the experiments were run using the same computer (1.86 GHz Intel Core2 processor and 2 GB RAM).
All the experiments to evolve the players were run for
the same period, 19 days. The algorithms were run for
this amount of time as, when running the original algorithm, it took 19 days to execute the 840 generations
that were originally used in Fogel’s algorithm. In order to provide fair comparisons all the other algorithms
were also run for this length of time. This means that
the algorithms differed in the number of generations
that were executed, but ran for the same time (on the
same computer), which seems to be the fairest way to
compare the various algorithms.
6.1

1001

played was 258. Each game was played using 6-ply.
The games were played until either one side won or a
draw was declared after 100 moves for each player. The
results are shown in Tables 2∼4 and Fig.3.
Table 2. Number of Wins (for the Row Player)
out of 258 Games
C1
33
45
59

C1
C2
C3
C4

C2
28
31
40

C3
17
24
35

C4
13
19
25
-

Σ Wins
58
76
101
134

Table 3. Number of Draws (for the Row Player)
out of 258 Games
C1
25
24
14

C1
C2
C3
C4

C2
25
31
27

C3
24
31
26

C4
14
27
26
-

Σ Draws
63
83
81
67

Table 4. Number of Losses (for the Row Player)
out of 258 Games

C1
C2
C3
C4

C1
28
17
13

C2
33
24
19

C3
45
31
25

C4
59
40
35
-

Σ Losses
137
99
76
57

Results of Playing C 1 , C 2 , C 3 and C 4 Using
6-Ply

Fig.3. Results of playing a league between C1 , C2 , C3 and C4

To measure the effect of increasing the ply depth,
each player trained at a given ply was matched with
all of the other players trained with a different ply. A
league was held between C1 , C2 , C3 and C4 ; each match
in the league was played using the idea of a two-move
ballot (see Section 4). For each match we played all of
the 43 possible games, both as black and white. This
gives a total of 86 games. The total number of games

It is clear from Tables 2 and 4 that the total number of wins increases and the total number of losses
decreases when the evolved ply depth increases. Therefore, increasing the ply depth leads to a superior player.
Table 5 shows the mean and the standard deviation
(SD) of the players’ ratings after 5 000 different orderings for the 86 games, while Table 6 summarises the
results when playing the league between players using

using 6-ply.
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a starting position where all pieces are in their original
positions (i.e., no two-move ballot).
Table 5. Standard Rating for All Players after
5 000 Different Orderings of the 86 Games Played

C1
C2

Mean
1188.94
1206.24

SD
28.94
27.62

Class
E
D

C1
C3

1146.58
1266.18

27.40
26.14

E
D

C1
C4

1264.11
1474.99

27.21
26.14

D
C

C2
C3

1179.47
1205.10

26.85
25.60

E
D

C2
C4

1114.61
1200.21

27.17
25.88

E
D

C3
C4

1176.02
1205.26

28.26
26.98

E
D

Table 6. Wins/Losses for C1 , C2 , C3 and C4 When Not
Using Two-Move Ballot Using 6-Ply

C1

Black
White

C2
Lost
Drawn

C3
Lost
Lost

C4
Lost
Lost

C2

Black
White

-

Lost
Drawn

Lost
Lost

C3

Black
White

-

Lost
Lost

The results in Table 5, obtained using 5 000 different
orderings for the 86 games (obtained using the twomove ballot) show that increasing the ply depth by one
increases the performance of the checkers player as C2
is better (using our definition given earlier with respect
to players having a different rating class) than C1 , C3 is
better than C2 and C4 is better than C3 , and by using
the average value for the standard rating formula the
results (when playing C2 against C1 ) put C2 in class D
(rating = 1 206) and put C1 in Class E (rating = 1 189).
Also the results (when playing C3 against C2 ) in Table
5 put C3 in class D (rating = 1 205) and put C2 in class
E (rating = 1 179) and finally (when playing C4 against
C3 ) put C4 in class D (rating = 1 205) and put C3 in
class E (rating = 1 176). Table 6 shows that C2 won as
black and drew as white when playing against C1 using
a starting position where all pieces are in their original
positions, also C3 won as black and drew as white when
playing against C2 , and C4 won as black and as white
when playing against C3 .
The results shown in Table 5 also show that increasing the ply depth by two increases the performance of
the checkers player as C3 and C4 perform better than
C1 and C2 respectively, and by using the average value

for the standard rating formula, the results (when playing C3 against C1 ) put C3 in class D (rating = 1 266)
and C1 in Class E (rating = 1 147), while (when playing C4 against C2 ), C4 is in Class D (rating = 1 200)
and C2 is in class E (rating = 1 115). Also C3 won as
black and as white when playing against C1 and C4 won
as black and as white when playing against C2 using a
starting position where all pieces are in their original
positions as shown in Table 6.
Finally the results in Table 5 show that C4 is performing better than C1 , and by using the average value
for the standard rating formula, the results (when playing C4 against C1 ) puts C4 in class C (rating = 1 475)
and C1 in class D (rating = 1 264), while Table 6 shows
that C4 won as black and as white when playing against
C1 using a starting position where all pieces are in their
original positions.
6.2

Results of Playing C 1 , C 2 , C 3 and C 4 Using
the Ply They Were Trained at

In this experiment, a league was held between C1 ,
C2 , C3 and C4 , and each match in the league was played
using the idea of a two-move ballot (see Section 4). For
each match we played all of the 43 possible games, both
as black and white. This gives a total of 86 games. The
total number of games played was 258. Each game was
played using the ply they were trained at. The games
were played until either one side won or a draw was
declared after 100 moves for each player. The results
are shown in Tables 7 ∼ 9 and Fig.4.
Table 7. Number of Wins (for the Row Player)
out of 258 Games

C1
C2
C3
C4

C1
36
51
64

C2
25
37
49

C3
13
21
36

C4
9
15
25
-

Σ Wins
47
72
113
149

Table 8. Number of Draws (for the Row Player)
out of 258 Games

C1
C2
C3
C4

C1
25
22
13

C2
25
28
22

C3
22
28
25

C4
13
22
25
-

Σ Draws
61
75
75
61

Table 9. Number of Losses (for the Row Player)
out of 258 Games

C1
C2
C3
C4

C1
25
13
9

C2
36
21
15

C3
51
37
25

C4
64
49
36
-

Σ Losses
151
111
70
49

Belal Al-Khateeb et al.: Effect of Look-Ahead Depth in Evolutionary Checkers

Fig.4. Results of playing a league between C1 , C2 , C3 and C4
using the ply they were trained at.

The results in Tables 7∼9 show that the number
of wins decreases as the number of ply of the opponents increases. This result is as one may have been
expected. The total numbers of wins are summed up in
the last column. Those cases players trained and playing at higher ply exhibit the best performance. Table
10 shows the mean and the standard deviation (SD) of
the players’ ratings after 5 000 different orderings for
the 86 played games, while Table 11 summarises the
results when playing the league between players using
a starting position where all pieces are in their original
positions (i.e., no two-move ballot).
Table 10. Standard Rating Formula for All Players after
5 000 Different Orderings of the 86 Games Played

C1
C2

Mean
1167.96
1215.12

SD
27.14
28.30

Class
E
D

C1
C3

1158.80
1327.26

25.86
26.58

E
D

C1
C4

1257.51
1525.32

24.66
25.10

D
C

C2
C3

1177.67
1202.98

26.11
27.15

E
D

C2
C4

1167.74
1317.52

26.20
27.00

E
D

C3
C4

1167.07
1216.00

27.19
28.35

E
D

Table 11. Wins/Losses for C1 , C2 , C3 and C4 When not
Using Two-Move Ballot Using the Ply They Were Trained at

C1

Black
White

C2
Lost
Drawn

C3
Lost
Lost

C4
Lost
Lost

C2

Black
White

-

Lost
Drawn

Lost
Lost

C3

Black
White

-

Lost
Lost
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The results in Table 10, obtained using 5 000 different orderings for the 86 games (obtained using the twomove ballot) show that increasing the ply depth by one
increases the performance of the checkers player as C2
is better (using our definition given earlier with respect
to players having a different rating class) than C1 , C3
is better than C2 , C4 is better than C3 . And by using
the average value for the standard rating formula the
results (when playing C2 against C1 ) put C2 in class D
(rating = 1 215) and put C1 in Class E (rating = 1 167).
Also the results (when playing C3 against C2 ) in Table
10 put C3 in class D (rating = 1 202), put C2 in class E
(rating = 1 177), and finally (when playing C4 against
C3 ) put C4 in class D (rating = 1 216) and put C3 in
class E (rating = 1 167). Table 11 shows that C2 won as
black and drew as white when playing against C1 using
a starting position where all pieces are in their original
positions, also C3 won as black and drew as white when
playing against C2 , and C4 won as black and as white
when playing against C3 .
The results shown in Table 10 also show that increasing the ply depth by two increases the performance of
the checkers player as C3 and C4 perform better than
C1 and C2 respectively. And by using the average value
for the standard rating formula, the results (when playing C3 against C1 ) put C3 in class D (rating = 1 327)
and C1 in Class E (rating = 1 158), while (when playing C4 against C2 ), C4 is in Class D (rating = 1 317)
and C2 is in class E (rating = 1 167). Also C3 won as
black and as white when playing against C1 and C4 won
as black and as white when playing against C2 using a
starting position where all pieces are in their original
positions as shown in Table 11.
Finally the results in Table 10 show that C4 performs better than C1 , and by using the average value
for the standard rating formula, the results (when playing C4 against C1 ) puts C4 in class C (rating = 1 525)
and C1 in class D (rating = 1 257). Table 11 shows that
C4 won as black and as white when playing against C1
using a starting position where all pieces are in their
original positions.
6.3

Results of Playing C 1 , C 2 , C 3 and C 4
amongst Themselves

In this experiment, each player played against itself
using different plies. Each match was played using the
idea of a two-move ballot (see Section 4). For each
match we played all of the 43 possible games, both as
black and white. This gives a total of 86 games. The
total number of games played was 258. The games were
played until either one side won or a draw was declared
after 100 moves for each player. The results are shown
in Tables 12∼14.

1004

J. Comput. Sci. & Technol., Sept. 2012, Vol.27, No.5
Table 12. Number of Wins (for the Row Player)
out of 258 Games

C1
C2
C3
C4

1-Ply
36
49
65

2-Ply
20
41
52

3-Ply
15
26
40

4-Ply
8
24
22
-

Σ Wins
43
86
112
157

Table 13. Number of Draws (for the Row Player)
out of 258 Games

C1
C2
C3
C4

1-Ply
30
22
13

2-Ply
30
29
20

3-Ply
22
29
24

4-Ply
13
20
24
-

Σ Draws
65
79
75
57

Table 14. Number of Losses (for the Row Player)
out of 258 Games

C1
C2
C3
C4

1-Ply
20
15
8

2-Ply
36
26
24

3-Ply
49
41
22

4-Ply
65
52
40
-

Σ Losses
150
113
81
54

The results in Tables 12∼14 clearly show that playing with deeper look-ahead search will result in larger
number of wins, which confirms that playing at higher
ply will increase player performance and hence give superior performance.
7

Conclusions

In this paper we have evolved different checkers players using an evolutionary algorithm that is based on
Fogel’s work to evolve Blondie24.
The experiments produced many checkers players,
using different depths of ply during learning. Three
different experiments were done in which our expectations were that better value functions would be learned
when training with deeper look-ahead search. This was
found to be the case. The main results are that, during
training and game playing, better decisions are made
when deeper look-ahead is used.
The first experiment showed that players with higher
ply perform better than those with a lower ply, when
playing at a fixed ply of six. The second experiment
also showed that players trained with higher plies also
performed better than the players trained with a lower
ply, when playing at the ply that they were trained at.
The third experiment showed that players trained on a
higher ply perform significantly worse when playing at
a lower ply. This suggests that there is no point playing
at a level that is lower than the trained level.

An interesting point to note from the results is that
increasing the depth level by one will give a different
performance depending on the level. For example, the
results in Table 2 indicates that increasing the level
number from two to three gives a better performance
than the performance gained when increasing the level
number from one to two. The same occurs when increasing the depth from three to four, which is better
than increasing the depth from one to two and from
two to three. This suggests that the performance will
increase when training at a level of five, six and so on.
It is normally the case that increasing the ply depth will
increase the computational cost of evolving the player.
This is not the case in our experiments. As we mentioned before all the experiments were run for the same
amount of time (19 days).
The results suggest that starting with a depth of
four ply is the best value function to start with during
learning phase for checkers. That is, train at four ply
and then play at the highest possible ply.
There are many possible research directions. Directly related to this work, it would be interesting to
investigate the findings of this work to other perfect
information games such as Chess. As we said in the
introduction, there has been much work carried out in
this area and it would benefit from concentrated effort
into certain games to see if any theoretical insights can
be established which are lacked at the moment. Looking at imperfect, or stochastic games would also be welcomed. For example, bridge, backgammon, poker and
(particularly) Go.
Other extensions would also be welcomed. Hybridisations with methodologies such as Monte Carlo
Tree Search[27] have the potential to make significant
improvements by further increasing the depth of the
search that can be explored.
Moreover, there is much scope to extend the
methodologies outlined in the paper to other areas such
as the stock market prediction.
In summary, the look-ahead depth is an important
design feature in evolutionary checkers and is worthy of
further attention for other games.
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