The Implementation of Othello using Genetic Programming and Backpropagation Algorithm
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Abstract


In this paper, we implement the Othello game using an artificial Neural Network and Genetic Programming. The first player always chooses the best position to put his pieces using the neural network and the second player using Genetic Programming. Before the competition, we trained the neural network by error back propagation algorithm and got the best individual by doing tournament for each individual in the population against other individuals randomly in Genetic Programming. In the competition, the best individual of Genetic Program showed a better performance than the neural network. 
Introduction  


Nowadays, along with the booming of the Artificial Intelligence (AI) field, there are many implementation of  AI, such as autonomous planning and scheduling, game playing, autonomous control, diagnosis, logistics planning, robotics, language understanding and problem solving. One of the first tasks undertaken in AI is game playing. Board games like Othello, checkers and chess provide a simple yet interesting testbed of AI systems. Since computers can be programmed, it has been improved so much, so that the machine can beat the human champion in checkers and Othello although not every time (Russel 1995). In this paper, we will focus on the game of Othello. Like checkers, Othello is an interesting board game for studies. Othello is a deterministic, perfect information, zero-sum game of two players. For this, a genetic programming and an artificial neural network could be useful algorithms. A genetic programming can automatically create a computer program to solve a problem while we have to decide what we should do to solve it.  On the other hand, an artificial neural network can have the system to learn to play Othello without expert knowledge while most programs developed for strong Othello play depend on expert-knowledge-based evaluation functions and advanced search algorithms. 

  In this paper, we make two players compete in Othello game. One player calculates the best next position to put its piece by using genetic programming and the other player by using artificial neural network. The purpose of this study is to compare the performance of genetic programming and artificial neural network in Othello. Results of this study may give a better understanding about genetic programming and artificial neural network in Othello. 

Genetic Programming


Genetic Programming is the implementation of Genetic programmings in computer program. Similar with Genetic programmings, this algorithm also use mutation, crossover and reproduction operators. The difference between these two algorithms is in the representation of the solution. In genetic programmings, the solution is represented as a string while in genetic programming, the solution is represented as a computer programs that has a tree form. 

The Genetic Programming algorithm is as following:

Generate initial population randomly
While the termination criterion is unsatisfied




For each individual in the population 





Evaluate fitness value




End for




While individuals < M
Select a genetic operator (reproduction, crossover, mutation) probabilistically:

· reproduction: 

· select one individual based on the fitness value

· individuals = individuals + 1

· crossover

· select two individual based on the fitness value

· do crossover

· insert the two new individual to the new population

· individuals = individuals + 1

· mutation 

· select one individual based on the fitness value

· do mutation

· insert the new individual to the new population

· individuals = individuals + 1
End While

Generations = Generation + 1

End While

Designate result
End

Implementation Genetic Programming to Othello


In genetic  programming, each individual in a population is represented in a tree. Each tree has terminals for the leaf nodes and functions for the other nodes. In this implementation, the terminals nodes can be “white”, “black”, “white_edges”, “black_edges”, “white_corners”, “black_corners”,  “white_near_corners”, “black_ near_corners” or “10” . The functions can be “+”, “-”, “*” or “/”.
To create initial population, we generate each tree randomly. 


To assign fitness value for each individual in the population, each individual will compete with m other individuals which are chosen randomly. Then, the value for this individual is the substraction of the total of his pieces from all the games he did with the total of his opponent’s pieces from all the games he did, that is: fitness value of individu_i = (total individu_i’s pieces) - (total individu_i’s opponent’s pieces). After we get all the fitness value for the individuals in the population, then we generate new population by selecting an operator probabilistically. 
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Figure 1. Crossover

Crossover. We do the crossover operator by selecting the parents from two individuals in the old population probabilistically based on the fitness. The probability of an individual in the old population being chosen as a parent is f(individu_i)/(total f(individu)) where f(individu_i) is the fitness value of this individual and (total f(individu)) is the total of the fitness value of each individu in the population. Then, for each of this parent we choose a node position randomly and do the crossover in these positions. 
Reproduction. For the reproduction operator, we simply create a new individual by copying from the individual in the old population based on the rank. 

Mutation. To create a new individual by using the mutation operator, we select an individual in the old population to be mutated probabilistically based on the fitness in the same way as in the crossover operation. After having an individual to be mutated, then we choose a node in this individual randomly and mutate the node. 
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Figure 2. Mutation

The Performance of Genetic Programming

The performance of Genetic Programming depends on many variables, such as the number of individuals, the number of generation, the probability for crossover, mutation, reproduction and also the number of opponent for each individual. The result of the implementation of this algorithm to Othello given different parameter can be seen in Table 1.

	Num
Pop
	Num
Gen
	Black (BP)
	White (GP)
	% GP wins

	100
	5
	20
	22.32432
	74

	20
	5
	11.6667
	18.28125
	64

	20
	15
	13.8462
	23.11111
	72

	60
	15
	27.8182
	26.31579
	88

	50
	15
	14.4444
	20.5
	64

	10
	15
	15.4286
	20.94444
	72


Table 1. The GP performance in Othello given different parameter.

Artificial Neural Network
The architecture of the neural network
As one player, the neural network calculated the best move in each step while it competed with the other player by genetic programming. It consists of one input layer, one hidden layer and one output layer. The input layer represents a board state in Othello game and the number of the input nodes is 64.  For input value, we normalized it from 0 to 1: “0” means empty, “0.5” means black piece and “1” means white piece in the board of Othello game. 

[image: image1]For hidden layer, we used 32 nodes because too many hidden nodes can cause overfitting or too few nodes can cause underfitting.

For output layer, it has only one node. Its value represents the goodness of the position where the black piece can be put. The neural network calculated the goodness for every possible position where black piece can be put at each step in a game. Then, we chose the best goodness and put the black piece at the corresponding position. The Figure 3 is the architecture of the neural network.

The train of the neural network
Othello game can be divided into three phases: opening game, mid game and end game. Each phase requires the different strategies (Anderson 2005). For the first phase, we can use the opening Book that stores the result of the search for the several moves from a initial board state(Do 2002).  The second phase has several strategies which can be divide two classes, position and mobility. For end phase, each player just gives attention to the position where it can get more its pieces. However, there is on criteria for the division of the Othello game. In this paper, we divided the whole steps of Othello game into three phases according to the number of the pieces. First phase has at most 16 pieces, the second phase has the pieces in the range from 17 pieces to 36 pieces and the third phase has at least 37 pieces. To make the training data, we implemented two players that used one of nine features. The nine features are the number of black pieces, the number of white pieces, the number of black pieces in edge, the number of white pieces in edge, the number of black pieces in corners, the number of white pieces in corners, the number of black pieces in near corners, the number of white pieces in near corners and no feature using one constant. After playing each game, we decided the goodness of each move of the two players according to winner. That is, we assigned “1” to the each move of the winner and “0” to each move of the looser. For the training data, there were the three kinds of training data, the data for the first phase, the data for the second phase and the data for the third phase. For each training data, there was one neural network. Each data set had 3000 games.

The training algorithm
For the training algorithm, we use the error back propagation algorithm. In the algorithm, we used the standard sum-of-squares error function and sigmoid function for the hidden node and the output node as activation function. For each training examples (X, T) where X is the input vector and T is the target vector, the algorithm can be described as follows.

1. feed forward input X and compute the output O.

2. for each output node k, compute 

(k   = Ok(1-Ok)(Tk – Ok)

3. for each hidden node h, compute

	The training data set
	The result

	The first phase
	33.42424242424242

	The second phase
	41.571954538178325

	The third phase
	16.966411002380323






(h   = Oh(1-Oh)(Wkh(k   
4. Update weight Wji 




Wji  =  Wji  +( Wji   





where  ( Wji(n)   = ((j Xji + (   ( Wji(n-1)   

In the algorithm,  ( is the learning rate and (  is the momentum, 0(  ( < 1.

The momentum is used to escape the local minima. We assigned 0.3 to  ( and  (
The result of training
We made three neural networks and trained separately. To finish the train, the standard sum-of-squares error function and the number of the iteration of whole data set training was used. 

The Figure 4 is the result of the training. It shows that the average for the standard sum-of-squares error between the target value and the neural network output decrease as the number of the iteration for whole data set training increases. This means that our algorithm converges to the solution.
The result of test
After training, we tested the neural network by using the different data set from the training data set. The Table 2 shows the result. Each value was calculated by using the thresh hold for the difference between the output of neural network and the target value. If the difference is smaller than the thresh hold, the data was regarded successfully trained. The value in Table2 is the percentage of the number of the data which is successfully trained for the size of all data. From that, we can see that for the third phase, our neural network was not trained enough well.


The competition between back propagation algorithm and genetic programming.
After training the neural network and selecting the best individual, we made them to compete in 100 games 5 times. The result is in Table 3 where B means the number of the case in which Black player wins, W means the number of the case in which White player wins and T means the number of tie. 
	No
	B
	W
	T

	1
	26
	73
	1

	2
	35
	63
	2

	3
	31
	68
	1

	4
	30
	69
	1

	5
	35
	63
	2


 
From Table 2, we can think that the genetic programming has better performance than the back propagation algorithm.  To show the quality of the wining strategy for two players, we shows Table 3 where B means that if black player wins, how is the difference between black pieces and white pieces at the final step and W means that if white player wins, how is the difference between black pieces and white pieces 
From Table 4, we can also think that the genetic programming is better than the back propagation algorithm. In addition, the wining strategy of the genetic programming is better than the neural network.
	No
	B
	W

	1
	16.23077
	22.16438

	2
	15.97143
	21.5873

	3
	14.83871
	22.82353

	4
	17.1333
	23.69565

	5
	15.97635
	21.5873


Discussion and Conclusion
For the result that the genetic programming has better performance than back propagation algorithm, we can think that the weak point of the neural network comes from the training. In table 2, we can see the test result of the third phase has around 16%. Although the second phase in Othello game is regarded the most important, in the third phase, we can get more pieces if we give more attention. From table 4, we can also think that the result of the third phase training has effect on the performance of the neural network because although the black player win, the average of the difference between black pieces and white pieces is worse than the case in which the white player win. In addition, we can derive the cause of the low performance of the neural network from the quality of the training data because some of the features which we used to get training data can not be wining strategies. In some games, they just use one of possible move as the best position without any consideration to win. For example, the features “the number of black pieces in edge” and “the number of white pieces in edge can be this case” selected one of the possible moves as the best position if there is no piece on the four edges in the game board. However, most steps in Othello game do not have black or white pieces in the edge of the board. 

The genetic programming has better performance especially in the middle and nearly final game because at the first time when there is still no pieces in the edges and corner, then the individual in the genetic programming may give the same value for each possible position on the board, especially in the case where the terminals in the individual only consists of black_corners, black_edges or black_near_corners which are still empty at that time. Since, in Othello mostly the middle and nearly final game are the most important time to win the game, so the weakness of the individual in genetic programming does not have a big influenced to its performance in playing Othello. 
Further Work

For the back propagation algorithm, we can improve the result of the training for the third phase by changing the criteria to finish the training. That is, changing the thresh hold for standard sum-of-squares error or the number of maximum iteration. Another improvement can be possible by changing the leaning rate ( and the momentum (. We assigned “0.3” to them. They are usually determined by trial and error. So, it would be better to determine those values by several experiments. 
To improve the result of Genetic Programming especially to play Othello game, we can add other terminals, such as “black_near_edges”, “white_near_edges”, add other functions “%”,” ^” or add more constants. Beside that, we can also improve the result by adding the method to get the fitness value for each individual. Not only let each individual competes with other individuals randomly but also let this individual compete with the other player that uses different algorithm as example the backpropagation algorithm. 
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Figure 3. The architecture of the neural network
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Figure 4. The result of the training
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