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Abstract—Due to the multifarious challenges that emerge when
developing an artificial intelligent (AI) agent that can compete
with human players, the classic game of Othello has received a
lot of attention from the Computational-Intelligence community.
This paper proposes an AI agent that learns a winning strategy
for the game of Othello using the eXtended Classifier System
(XCS) algorithm which is a popular variant of the Learning
Classifier System (LCS) algorithm. Othello has been a favourite
in the study of AI due to its simple set of rules, low branching
factor and well defined strategic concepts. The LCS system
consists of a rule-set which is made to evolve using a combination
of Reinforcement Learning (RL) and Genetic Algorithm (GA)
such that the evolved rule-set learns an optimal action for
each input board state. A 6×6 Othello board will be used for
this experiment in order to evaluate the applicability of the
proposed agent in learning a winning game-playing strategy. The
performance of the proposed agent was evaluated against three
categories of agents: minimax, human and random agent. The
XCS agent was able to outperform the above-mentioned agents
showing the effectiveness of rule-based evolutionary learning in
Othello. This work demonstrates the possibility of using the XCS
algorithm in other strategy-based combinatorial games.
Keywords—eXtended Classifier System, Learning Classifier
System, Othello, Computational Intelligence, Evolutionary Computation.

I. I NTRODUCTION
Othello is a combinatorial board game played on an 8×8
uncheckered board. Combinatorial games involve two players
having sequential moves competing with perfect information
about each game state. Combinatorial games like Chess and
Go have long been the subject of rigorous AI research. AI
techniques such as deep reinforcement learning and sophisticated search techniques [1], [2] are generally applied in such
games to model agents that could perform at the level of their
human competitors. One extensively researched technique is
LCS that uses a rule-based mechanism to explore the state
space and evolve its rule-set to come up with the optimal
action for each input state.
LCS was developed as the biologically inspired computational model for human-like cognition. It is one of the classical computational intelligence approaches [3]. John Holland
introduced the concept of classifier systems having adaptive
learning capabilities [4]–[6]. He developed the system which
can build model representation of the environment, improve
itself from experience, and make itself better through breeding

and generalization. He used a rule-based representation of
the environment. GA [4] was used for adaptive evolution
of new rules and RL was used to test the effectiveness of
existing rules. Rules are typically represented in the form of
“IF condition THEN action”. This makes the classifier systems a highly interpretable model which adequately describes
the environment with the rule-set. Holland summarized [5]
classifier systems as rule based systems having mechanisms
to process rules in parallel, adaptively generate new rules and
test the efficiency of existing rules.
Recent studies and surveys [7], bring forth the application of
LCS in games [8], [9]. Classifier systems form an easy integration with the rule-based knowledge used in games. Also, recent
advances in LCS have made it more capable of performing
in real time complex environments with reasonable efficacy
[10], [11]. In the past, LCS algorithm has not been applied
much to combinatorial games [7]. One of the significant works
involving the use of the LCS algorithm in a board game is
by Browne and Scott [12]. They explored the performance of
XCS algorithm in the game of Connect4. XCS algorithm was
introduced by Wilson in 1995 [13] which was a modification
of LCS and used accuracy-based fitness with GA in action-set
for improved performance.
Various AI techniques having different combinations of
heuristic functions and optimization techniques have been used
in the past to create Othello playing agents. Game-search
technique such as minimax [14], RL techniques [15], [16] such
as Q-learning, Sarsa and TD-learning, and neural networks
[17] have been used to learn strategies for playing Othello.
The aim of this paper has been to create an evolutionary
learning agent based on the XCS framework which uses rules
that evolve over time to learn a winning game-playing strategy
for Othello. In this work, the 8×8 board has been reduced to
the size of 6×6 for evaluation of the proposed agent. This has
been done to reduce the number of states and possible actions
in the game, which expediates time required to train the agent.
II. BACKGROUND
In this section, the game of Othello and it’s different gameplaying strategies are explained. Further, a description of the
XCS algorithm is given along with a brief summary of its
working cycle.

A. Othello
Othello is a perfect-information strategy based game which
is played on a 64-square board among two competing players
having black and white discs respectively. Objective of each
player is to maximize their discs on the board by end of the
game. Winner is the player who ends the game with highest
number of own discs. Each player takes its respective discs
(Black/White) and begins the game with the setup shown in
Fig. 1. Here pink cells show the valid moves of current player
(i.e. Black player in Fig. 1) that can be taken in that particular
input board state.

values to those positions as shown in Fig. 3. Position values
assigned to the squares in 8×8 Othello board [15] have been
symmetrically reduced to 6×6 in Fig. 3. This is possible
because reduction in size does not change how games are
played and also the position values in the original Othello
board have rotational symmetry. The corner positions have
highest value associated with them since discs placed at the
corners cannot be flipped over in any move.

Fig. 3. Position value of each cell in the Othello board.
Fig. 1. Initial state of the Othello board

A move consists of outflanking the opponent’s disc(s) and
then flipping the outflanked disc(s) to the player’s color
(Fig. 2). Outflanking means to place a disc on the board so
that the opponent’s row/column/diagonal of disc(s) is bordered
at each end by the disc of the player.

Fig. 2. Illustrating the process of black discs getting outflanked and consequently sandwiched between A and B during whites turn. As soon as white
plays on position B, the corresponding column is flipped to white.

The greedy strategy commonly adopted for playing Othello
is to capture the maximum number of opponent-discs in each
move. However, this is not advisable, as towards the end,
discs captured in initial moves are easily lost. Many gameplaying strategies for Othello have been developed over time,
the most popular among them being the positional strategy
and the mobility strategy [15].
The positional strategy takes into account stability of discs
at various positions on Othello board and accordingly assigns

Mobility in Othello is defined as the available board positions for a player in a given move. Mobility strategy is based
on the premise of reducing opponent’s mobility thus giving the
opponent fewer options to capture high-value board positions.
B. Description of XCS
The most popular LCS algorithm is an RL based LCS
named XCS [13]. RL and LCS share many common features.
For instance, RL is used in sequential learning tasks where the
agent learns through trial and error by performing an action
and then receiving rewards as feedback from the environment.
For evaluating rules in the LCS system, Holland, earlier
used the Bucket Brigade algorithm, an archaic approach in
RL literature [18]. With the advancements in RL such as
the introduction of Temporal difference learning [19] and
Q-learning [20], these newer algorithms were employed for
assigning rewards to the rules. Like neural networks are used
to approximate the value function in RL, the LCS rules
also act as state-space approximators with an interpretable
representation of the environment.
XCS is the variant of LCS which uses accuracy-based fitness
value and Q-learning like update in multi-step problems.
Classifiers form building blocks of the XCS framework. Each
classifier in the population consists of three parts [21]: Condition, Action and Parameters. Fitness is one of the classifier
parameters that reflects quality of the classifier. Earlier, fitness
was strength based i.e. it was directly proportional to the
total reward received from the environment. The introduction
of accuracy based fitness was a major breakthrough in LCS
literature which highly improved performance of the algorithm
[13].

Q(st−1 , at−1 ) ← (1 − α)Q(st−1 , at−1 )
+ α(rt + γ max Q(st , a))
a∈A

Fig. 4. Working steps of XCS cycle in a typical reinforcement learning
environment. Pink boxes are the storage sets containing the classifiers,
grey boxes represent processes of XCS cycle and the blue boxes are the
environment components.

Fig. 4 depicts the working of the complete XCS cycle. An
encoded input state is received from the environment and has
same representation as that of the condition part of a rule.
Most commonly used syntax for rule condition representation
is fixed length bit-strings of the ternary alphabet (0, 1, #) [11].
# represents a don’t care that in turn represents a general
state, i.e. it can be 1 or 0. This input state is compared
with the classifiers present in the population-set [P ]. [P ] is
initialized either randomly or by using the covering operator.
Match-set [M ] is formed consisting of all the classifiers in [P ]
whose condition matched the input state. This matching can be
between each specified bit or some other criterion like distance
can be used [22]. Now, if the match-set remains empty, then
covering operator is called and the population is populated
by creating multiple classifiers matching the current input and
by introducing don’t cares (#) with a specified probability.
After this, action to be executed is selected from the classifiers
in [M ]. Action selection can be carried out by selecting any
random action from [M ]. This random selection of the action
encourages exploration in the environment. Another way to
choose an action is through exploitation which selects the
best action so far. This is done using a prediction-array which
is formed based on the prediction-value of the classifier as
explained in Section III-C. Action with the highest predictionvalue is chosen and action-set [A] is formed comprising of
classifiers advocating the selected action. The selected action
is executed and a reward signal is given to all classifiers
in the previous action-set [A]−1 (action-set created in the
previous time step). Reward assignment to the prediction-value
of classifiers in [A]−1 is done according to the following Qlearning update equation:

(1)

In XCS framework, Q(st−1 , at−1 ) corresponds to the
prediction-value of the classifiers in [A]−1 , rt is the reward
signal received from the environment at time-step t and
max Q(st , a) denotes maximum value in the prediction-array
a∈A
formed at time-step t. α and γ are the learning-rate and
discount-factor respectively [23].
A GA cycle is applied in [P ] or [M ] to introduce plausibly better classifiers into the population which is done by
applying genetic operations like mutation and crossover over
the classifiers. Mutation seeks to change individual bit values
of the classifier’s condition. It diversifies the search space
covered by either expanding or shrinking the search area.
It either mutates specific bits to another specific bit (0 to
1 or 1 to 0) or makes the rule more general (0 or 1 to
#). Conversely, the generality of search space can also be
reduced (# to 1 or 0). Crossover seeks to incorporate the
useful parts of the classifiers together. Good solutions searched
by the XCS algorithm need to be found and joined together
to make a highly effective classifier.Basic crossover considers
the condition part of two classifiers (parents) and swaps bits
between them to form a new classifier (offspring). Two-point
crossover selects two crossover points to cut the two parents
and swaps the middle section of the rule to form an offspring.
Therefore, while mutation helps to variegate the search space,
crossover helps to combine the effective knowledge together.
Commonly, Roulette-wheel selection or Tournament selection
is used to select the parents for breeding based on fitness
values [24]. Applying GA in [M ] or [A] is more intuitive
as groups of similar classifiers are formed in [M ] or [A]
and evolving those classifiers by breeding them against each
other will result in better generalized classifiers. Subsumption
is a process by which a more general classifier, having a
high fitness value, subsumes the more specific classifiers.
Subsumption can either be applied directly in [A] or with GA.
Subsumption is however avoided in simpler problem domains.
To allow space in the poulation for newly created classifiers,
deletion through Tournament/Roulette-wheel selection is done
by removing the less fit classifiers in [P ]. This also ensures
that size of the population does not increase to infinity.
III. P ROPOSED A PPROACH
A typical Othello board consists of 8×8 squares which
results in 60 possible actions (64 squares with 4 initially
occupied). In this work, a 6×6 subset of the original board
has been used to establish the effectiveness of XCS algorithm
for learning a winning game playing strategy in Othello. By
doing so, the search space is reduced and maximum number
of possible actions are restricted to 32. This shortens the
time required to achieve desired results. Hence, a conceptual
framework has been established for using XCS algorithm in
Othello which can further be extended to the original board
size.

The game-playing agent’s framework and the algorithmic
components used to design the agent have been described in
this section.
A. Representation of the classifiers and the input state
Every classifier consists of the following components:
1) Condition: This is used to match the rule to the corresponding input state. Many different syntaxes have been
examined for representing a rule condition such as fixed length
bit-strings of the ternary alphabet (0, 1, #) [11], the realvalued alphabet [25] and fuzzy logic [26]. In the current
model, the ternary alphabet string representation of rules has
been used to encode the input state of Othello board. The
following encoding technique is used to capture each state:
•
01 for white cell
•
10 for gray cell (Invalid move)
•
11 for pink cell (Valid move)
•
# as Don’t care symbol
2) Action: This part of the classifier specifies the action
to be taken when input state matches with the condition of
that classifier. For each classifier, action is defined in terms of
exact coordinates of the cell on Othello board on which disk
is to be placed in the current move.
3) Parameters: Parameters are used to determine the classifier’s quality that indicates it’s worth of being present in
the population-set [21]. Their values evolve over time as
the training progresses. Prediction-value, fitness, predictionerror, experience and numerosity are some of the important
parameters that belong to every classifier in the population.
Prediction-value gives the estimate of payoff expected if the
classifier’s action is executed. Fitness is a function of accuracy
of the classifier and determines if classifier should be present
in the population. The prediction-error gives the value of errors
made in the prediction and is calculated using the difference
between input reward and expected payoff of the classifier.
Experience counts the number of times a classifier has been a
part of the action-set since its formation and numerosity refers
to the number of micro-classifiers (more specific classifiers)
that a macro-classifier (more general classifier) represents.
B. Learning and Evolutionary components
RL (the learning component) and GA (the evolutionary
component) are the two building-blocks of XCS algorithm.
The contribution and significance of these two components in
the evolution of rule population have already been illustrated in
Section II-B. The following subsection explains how RL and
GA have been used within the XCS framework to train the
rule-based agent and learn the optimal game playing strategy
for Othello.
1) Reinforcement Learning: Prediction-value of the classifiers in [A]−1 are updated at each non-terminal time step
through Q-learning update equation (1).
In order to define the reward rt in (1), received at each
intermediate time-step, game of Othello is divided into two
phases according to the number of board positions filled at
that particular time step:

a) Beginning and Middle phase: Less than 80% of the
total positions/squares on Othello board have been filled.
During this phase, the reward rt at an intermediate time step
t is defined as:
rt =

w1 v1 + w2 v2 + w3 v3 + ... + w36 v36
|v1 | + |v2 | + |v3 | + ... + |v36 |

(2)

where wi (i ∈ [1, 36]) is +1, −1 or 0 for each square depending on whether the board position is occupied by agent’s
disc, occupied by opponent’s disc or unoccupied respectively.
Value vi for each square is given by the position value grid in
Fig. 3.
b) End phase: More than 80% of the total positions/squares have been filled on the Othello board.
During this phase, the reward rt at an intermediate time step
t is defined as:
(na − no )
(3)
rt =
36
where na represents the number of discs belonging to the
agent and no represents the number of discs belonging to
opponent.
Both the above reward terms defined for a non-terminating
time step, have been normalized such that −1 < rt < 1. The
values of the learning-rate α and the discount-factor γ in (1)
have been chosen experimentally as 0.1 and 1.0 respectively.
At the end of each game, if XCS agent wins the game, all
classifiers in action sets formed during the game are given an
end-reward of +1. If there is a tie, end-reward of 0 and in case
of a loss, −1 end-reward is given to the classifiers (end-reward
is the reward given once the game ends).
2) Genetic Algorithm: The condition for GA execution is
checked at the end of each game on all action sets used during
the game, given by [21]:
P
C∈[A] tsC ∗ numC
P
t−
> θGA
(4)
C∈[A] numC
where t is the current game number, C is the classifier, numC
is numerosity of the classifier C, tsC is time stamp and θGA
is the GA threshold. Genetic operators are then applied on all
action sets of each game which satisfy the above condition.
Two-point cross-over is applied with crossover-probability 0.8
and mutation is applied with mutation-probability 0.4 in which
parents are selected from the action-set based on fitness value
through Roulette-wheel selection procedure. The off-springs
generated are then checked for subsumption.
C. Algorithmic Description
Algorithm 1 shows step-wise explanation of complete XCS
cycle in the game.
In the algorithm, [P ] denotes population-set, [M ] denotes
match-set, [P A] is the prediction-array containing predictionvalue of the matched classifiers, [A] represents action-set,
[A]−1 is the action-set formed in previous iteration and [AC]
is the collection of all [A] formed during the game.

Algorithm 1 Running procedure of XCS in Othello
Require: Othello board-state
1: [P ] ← [], [M ] ← []
2:

[M ] ← G ENERATE M ATCH S ET([P ])

3:
4:
5:

if µ < θ OR [P ] is empty then
Apply covering;
end if

6:

[P A] ← G ENERATE P REDICTIONA RRAY([M ]);
prediction ← E XPLORE E XPLOIT([P A]);
action ← S ELECTACTION(predcition);
[A] ← G ENERATE ACTION S ET(action);

7:
8:
9:

6.

7.
8.

9.
10:

TAKE ACTION(action); . The chosen action is executed
on the Othello board

11:
12:

QR EWARD U PDATE([A]−1 , [P A]);
U PDATE PARAMETERS([A]−1 );
. Fitness-value and
prediction-error of classifiers in [A]−1 are updated

13:
14:
15:
16:
17:
18:
19:
20:

S UBSUMPTION([A], [P ]);
[AC] ← A DDACTION S ET([A]);
if Othelloiscomplete then
reward ∈ {−1, 0, 1};
E ND R EWARD([AC], reward);
U PDATE PARAMETERS([AC]);
A PPLY GA([AC]);
end if

C ← C +

10.

11.
1.

2.
3.

4.

5.

[P ] and [M ] are initially empty. [P ] is initialized
using the covering mechanism when input state is
received.
XCS agent receives a ternary-bit string representing
the input state on Othello board.
Input state is compared with the condition of every
classifier in [P ]. If the classifier’s condition matches
with input state, it is included in [M ].
[M ] is then traversed and number of unique actions
in the set is recorded as µ. If the value of µ < θ
(θ denotes number of valid actions available on
the Othello board), covering operation is performed
and [P ] is populated with the required number of
classifiers.
After the formation of [M ], [P A] is created containing all unique actions in [M ]. For each action,
a prediction value P (a) is computed by taking the
fitness-weighted average of all matching classifiers
with that action [27].
P
C.a=a∧C∈[M ] C.p ∗ C.F
P
P (a) =
(5)
C.a=a∧C∈[M ] C.F
where C.a, C.p and C.F respectively represent action, prediction and fitness associated with the clas-

sifier C.
Action is chosen based on the  − greedy policy of action selection which uses a combination
of exploration (choosing the action randomly) and
exploitation- (choosing the action with highest prediction value in prediction array). [A] is formed
using all classifiers in [M ] that proposes the selected
action.
The selected action in [A] is executed on the Othello
board.
Prediction-value is updated for all classifiers present
in [A]−1 according to Q-learning equation(1) for
which the reward terms have been defined in Section III-B.
After updating the prediction values, the predictionerror for all the classifiers is evaluated as follows
[21]:

12.

(|rt + γ max[P A] − pC | − C )
expC

(6)

where C is the prediction-error, pC is the predictionvalue and expC is the experience of classifier.
Fitness-value of classifiers in [A] is updated using
the equation [21]:
numC
fC ← fC + 0.2 ∗ (κC ∗
− fC ) (7)
accuracySum
where fC is the fitness-value, κC is the accuracy (inversely proportional to the prediction-error), numC
is the numerosity and accuracySum is the sum of
accuracies of classifiers in [A].
Action-set subsumption is then applied to the classifiers present in [A] and [P ] is updated incorporating
changes after subsumption.
Once the game is completed, all classifiers in [A]
contained in [AC] are given the end-reward and their
prediction errors and fitness values are updated. GA
is also applied in [AC] as discussed in Section III-B.
IV. E VALUATION

XCS agent developed using the approach given in Section III was trained for 60,000 games against an opponent that
played randomly. Population-set size was kept fixed at 50,000
and θGA was set to 50. Value of exploitation-probability()
was increased over the training period according to the sigmoid
function such that the probability was 0 initially, 0.5 at 30,000
games and 1 at 60,000 games.
Fig. 5 shows the winning percentage of XCS agent against
random agent during the training process. A continuous increase in the winning percentage of XCS agent is seen,
however as the number of training games approach 60,000
the rate of increase is very minimal and winning percentage
starts to saturate at 65%.
Fig. 6 shows variation in fitness-value of classifiers over
the training period. Fitness-values of the classifiers in the
population have been compared for two phases during the

Fig. 5. Winning percentage of XCS agent against random agent during the
training process.

Fig. 7. Prediction-error of the best-fitness classifier and top 100 classifiers
having highest fitness values.

training period: 1) Till 30,000 games and 2) 30,000-60,000
games. It can be seen that as the agent gets trained, mean
fitness-value increases from approximately 0.0035 in the first
30,000 games to 0.0052 in the last 30,000 games. This is
indicative of an improvement in quality of classifiers present
in the population-set. Also, standard deviation in fitness values
reduces for the second phase, indicating less variance in fitness
of the classifiers from increased average.

Fig. 8. Number of wins of the XCS agent operating at three different searchdepths of the minimax agent.

Fig. 6. Variation in fitness-value of classifiers over the training period.

Prediction-error of the best-fitness classifier and top 100
classifiers having highest fitness values have been shown in
Fig. 7. A downward trend in the prediction-error of classifiers
is observed as the number of games played increases.
Fig. 8 shows the number of wins of the XCS agent against
the minimax agent operating at three different search-depths
for a set of 100 games. The rule population evolved in the
training process was used by the XCS agent against the
minimax agent.
The proposed agent was also tested against human players. Since humans are the most unpredictable and nondeterministic agents, this served as a true test of the model’s
capability. Each human player was made to play 20 games

each. Nine humans with varying skill levels competed against
the XCS agent. Three of them were experienced Othello
players, three players had average skills and played Othello
for recreational purposes and the rest were new to Othello and
had low strategic knowledge of the game. Each participant was
also made to play an additional five games before beginning
the test to get them accustomed to the game GUI. Table I
depicts the performance of XCS agent against humans.
TABLE I
P ERFORMANCE OF XCS AGENT AGAINST HUMANS .
Skill level

Wins

Loss

Ties

Highly skilled

40

11

9

Average skilled

46

5

9

Low skilled

55

2

3

V. C ONCLUSION
Through this work, the effectiveness of using XCS algorithm to construct a game-playing AI agent for Othello has
been established by obtaining favorable results when made

to compete against 3 different categories of agents: minimax,
human and random agent. A new approach of applying Reinforcement Learning and Genetic Algorithm is introduced to
effectively use XCS algorithm in the large state-space offered
by Othello board. This approach ensures that all the classifiers
which contribute to a winning game are rewarded and highaccuracy classifiers are successively introduced into the population set, throughout the training process. The fact that the
agent was able to beat other Othello playing agents by learning
a winning strategy is a testament to the proposed combination
of RL and GA as an evolutionary learning mechanism in a
rule-based format. This work is essentially a proof-of-concept
that the XCS algorithm can be applied to play Othello, and
an exploratory foray into how to actually do so. Also, this
successful implementation of the XCS framework in 6×6
Othello serves as a reference for possible future use of this
algorithm in other classic combinatorial games.
VI. F UTURE D IRECTIONS
Future work would involve expanding the search space to
address the full 8×8 Othello game board instead of the reduced
6×6 version. Since the 8×8 board of Othello has a large
action space, therefore introducing generalization over the
action space and replacing the prediction-value parameter with
a parametrized function [28] could significantly improve the
agent’s performance and provide better results. Also, training
could be carried with other state of the art agents involving
AI techniques such as neural networks and RL and more
comparative results can be computed and analyzed.
Further, the rule-based or symbolic nature of the XCS
algorithm renders it the unique ability to reason in games.
The condition part of a rule gives information about the input
state which can be used to draw the reason behind taking the
corresponding action for that state. This level of reasoning
can be used to explain actions for users which can further be
used to diagnose their performance and conduct post-action
reviews. This possibility of using LCS (or some variation of
it) for “user diagnosis” can prove to be especially useful in
enhancing cognitive control through the use of video games
and simulation games.
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