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Chapter 15 
Evolutionary Algorithms towards Generating 
Entertaining Games 

Zahid Halim and A. Raif Baig * 

Abstract. Computer games are gaining popularity by every passing day. This has 
increased the number of choices in computer games for the users. At the same 
time the quality of entertainment provided by these games has also decreased due 
to abundance of games in the market for personal computers. On the other hand 
the task of game development for the developers is becoming tiresome, which re-
quires scripting the game, modeling its contents and other such activities. Still it 
cannot be known how much the developed game is entertaining for the end users. 
As entertainment is a subjective term. What might be entertaining for one user 
may not be entertaining for others. Another issue from the point of view of game 
developers is the constant need of writing new games, requiring investment both 
in terms of time and resources. In this work we create a set of metrics for measur-
ing entertainment in computer games. The genres we address are board based 
games and predator/prey type of games. The metrics devised are based on differ-
ent theories of entertainment specifically related to computer games, taken from  
literature. Further we use Evolutionary Algorithm (EA) to generate new and enter-
taining games using the proposed entertainment metrics as the fitness function. 
The EA starts with a randomly initialized set of population and using genetic op-
erators (guided by the proposed entertainment metrics) we reach a final set of 
population that is optimized against entertainment. For the purpose of verifying 
the entertainment value of the evolved games with that of the human we conduct a 
human user survey and experiment using the controller learning ability. 

1   Introduction 

Nowadays computer games have became a major source of entertainment for all 
age groups, especially children. The reason for computer games being the primary 
source of entertainment could be many including these being highly interactive, 
high resolution graphics, diverse level of choice and challenge. According to  
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a survey conducted in [1] on 1254 subjects, only 80 were found playing no  
electronic games in the last 6 months. The results in [1] show the popularity of 
computer and video games in young generation.  

Thinking from the point of view of game developers it has always been a chal-
lenge to measure the entertainment value of the human player. This is due to the 
fact that entertainment is very subjective. It also depends upon the genre of game 
and contents of the game in addition to the subject (user) playing it. Keeping this 
fact in mind it would be very convenient for the game developers to develop enter-
taining games if they could somehow measure entertainment, the way other things 
like temperature, weight and many such things are measured. This would give a 
quantitative representation of the entertainment a game has as against the subjec-
tive one nowadays. Still based upon the measurable entertainment, the responsibil-
ity of producing a game like nowadays will be on the shoulders of game  
developer. Game developer will have to define the complete game from start till 
end along with each stage with its components and complexities. It would be very 
convenient that we could also produce the game automatically based upon the 
measurable entertainment. This would lead to interesting application in the area of 
computer game development. 

1.1   Our Contribution  

In this chapter we address the two issues in game development: (a) measuring en-
tertainment value of a game and (b) automatic generation of entertaining games. 
We propose an entertainment metrics to quantitatively measure the entertainment 
value of the game. At present we address two genres of games and a separate set 
of entertainment metrics is proposed for each. The genres of games addressed in-
clude board based games and predator/prey games. There might be other sources 
of entertainment, other than the one we have considered for devising our enter-
tainment metrics, like graphics and sound effects but these factors are not in the 
scope of the basic ingredients of a game and that is why they have not been consi-
dered.  We have further shown the utility of the proposed entertainment metrics by 
generating new and entertaining games through computational intelligence tech-
niques like genetic algorithms and evolutionary strategy which uses the proposed 
entertainment metrics as fitness function, guiding the evolution towards entertain-
ing set of games. In order to counter check the entertainment value of the evolved 
games we have conducted a human user survey to verify that the results correlate 
with those produced by the system. In contrast to the user survey, the entertain-
ment value of the evolved games is also verified using the Schmidhuber’s theory 
of artificial curiosity [2].   

Remaining of the chapter is organized as follows: section 2 covers background 
work, section 3 covers entertainment theories, section 4 lists search space, section 5 
and 6 cover fitness function and chromosome encoding, respectively, section 7  
explains the software agents, section 8 lists experiments and section 9 concludes 
the chapter. 
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2   Background Work 

The concept of measuring entertainment and automatic generation of games 
and/or its contents is fresh and quite a limited amount of literature is available on 
the topic. This section is dedicated to the work done in the domain of measuring 
entertainment in computer games and their automatic generation.  We have stu-
died the work done in this regard by different researchers and listed it here.   

2.1   Board Based Games 

Iida [3], in 2003, has proposed a measure of entertainment for games and used it 
to analyze the evolution of game of chess over the centuries. This measure is con-
sidered to be the pioneer in quantification of entertainment. Even though Iida’s 
work is limited to chess variants, the measure of entertainment can be easily ap-
plied to other board games. According to this measure, the entertainment value of 
a game is equal to the length of the game divided by the average number of moves 
considered by a player on his turn. The game is more entertaining if the value of 
this measure is low. The main idea is that the player should have many choices 
(moves) on the average and the length of the game should not be large. Long 
games with few choices per move are boring. The authors differentiate between 
possible moves and the moves considered by a player. The set of considered 
moves is smaller than the set of possible moves and the metric is based on the 
moves considered by a player.  

In [4] the authors introduce the uncertainty of game outcome as a metric of  
entertainment. If the outcome is known at an early stage then there is not much in-
terest in playing it. Similarly if it is found at the last move then it is probably 
probabilistic. The outcome should be unknown for a large duration of the game 
and should become known in the last few moves of the game. Authors state that it 
is easy to create new board games and variants of classical games but to make a 
game attractive to the human user, is challenging. In [4] a simple technique based 
on synchronism and stochastic elements is used to refine the game of Hex. Au-
thors proof that the game's attraction has increased by conducting experiments to 
show an increment of the outcome uncertainty. 

In [5] Symeon uses board games for e-learning. He proposes an e-learning 
board game that adopts the basic elements of a racing board game and cultivates in 
students skills like creativity, problem-solving, and imagination, as students try to 
reach the end by improving their performance in a variety of learning activities.  

2.2   Video Games 

Togelius [6] has presented an approach to evolve entertaining car racing tracks for 
a video game. Tracks were represented as b-splines and the fitness of a track  
depended on how an evolved neural network based controller (modeled after a 
player) performed on the track. The objectives were for the car to have made max-
imum progress in a limited number of time steps (high average speed), high  
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maximum speed (so that at least one section of the track is such that high speeds 
can be achieved), and high variability in performance (as measured by the final 
progression made) between trials (so that the track is challenging: neither too easy 
nor too hard). The game model used for experimentations in [6] is simple both 
graphically and physically (being 2D).  

In [7] three metrics (which are combined into one) have been proposed for 
measuring the entertainment value of predator/prey games. The first metric is 
called appropriate level of challenge (T). It is calculated as the difference between 
the maximum of a player’s lifetime and his average lifetime over N games. This 
metric has a higher value if the game is neither too hard nor too easy and the op-
ponents are able to kill the player in some of the games but not always. The 
second metric is behaviour diversity metric (S). It is standard deviation of a play-
er’s lifetime over N games. It has a high value if there is diversity in opponent’s 
behaviour. The third metric is spatial diversity metric E{Hn}. It is the average en-
tropy of grid-cell visits by the opponents over N games. Its value is high if the op-
ponents move all the time and cover the cells uniformly. This movement portrays 
aggressive opponent behaviour and gives an impression of intelligent game play. 
The three metrics are combined into one single metric I = [γT + δS + εE{Hn}]/[γ 
+ δ + ε] where I is the interest value of the predator/prey game; γ, δ and ε are 
weight parameters. The work in [8] is some sort of extension of [7]. 

In [9], the authors have developed a computer game called “Glove” with three 
levels of incongruity: hard, easy and balanced. Their assumption is that the player 
would get frustrated or bored respectively, with the first two settings and would 
enjoy with the third one. The verification of this assumption has not been actually 
done in their paper. They argue that the actual complexity of a game can be de-
fined as its difficulty level and the incongruity, i.e. the difference between the  
actual complexity and a player’s mental complexity of a game can be measured 
indirectly by observing the player’s behavior in the game.     

In [10] an effort has been made to evolve rules of the game. The evolution of 
games in [10] is guided by a fitness function based on “learning ability”. It gives 
low scores to games that do not require any skill to play and also to those which are 
hard and impossible whereas it assigns high fitness to games which can be learnt 
quickly. Although there are games being created automatically but they are not be-
ing measured against their entertainment value present in the game due to its rules 
and contents. They employ theory of artificial curiosity based fitness function in-
troduced in [1] which focuses on the predictability of the game environment. 

Chris in [11] modified the level generator to create new level on the basis of 
four parameters, three of which deals with the performing different operations 
with holes and the last parameter deals with the direction of the movement of Ma-
rio. If one or more direction switch is present, the level will suddenly be mirrored 
at random points, forcing the player to turn around and go the other way, until 
reaching the end of the level or the next direction switch. The aforementioned pa-
rameters are then categorized into two sub parts that are high or low thus making 
16 possible combinations in total. In [11] several statistical features are noted dur-
ing the playing of the game. These include completion time, time spent on  
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various tasks (e.g jumping), killed enemies (e.g way of killing) and information on 
how the player dies. Chris used neuroevolutionary preference learning of simple 
non linear perceptron to predict certain player emotions from game play features. 

In [12] Nicola presents the concept of fun in the game of Pac-man based on the 
concept of flow. He argues that the fun factor in a game depends upon the psycho-
logical flow concept. Work in [12] deal with the question whether flow is a more 
reliable measure than asking human players directly for the fun experienced dur-
ing the game. For the purpose of detecting flow a measure based on interaction 
time fraction between the human-controlled Pac-Man and the ghosts is introduced. 
The outcome of the measure is compared with the work done in this regard by 
Yannakakis and Hallam [13]. 

3   Theories on Entertainment 

According to Csikszentmihalyi’s theory of flow [14,15] the optimal experience for 
a person is when he is in a state of flow. In this state the person is fully concen-
trated on the task that he is performing and has a sense of full control. The state of 
flow can only be reached if the task is neither too easy nor too hard. In other 
words the task should pose the right amount of challenge.  

In addition to the right amount of challenge, Malone [16] proposes two more 
factors that make games engaging: fantasy and curiosity. If a game has the capa-
bility of evoking the player’s fantasy and makes him feel that he is somewhere 
else or doing something exotic then that game is more enjoyable than a game 
which does not do so. Curiosity refers to the game environment. The game envi-
ronment should have the right amount of informational complexity: novel but not 
incomprehensible. Koster’s theory of fun [17] states that the main source of en-
joyment while playing a game is the act of mastering it. If a game is such that it is 
mastered easily and the player does not learn anything new while playing then the 
enjoyment value of that game is low.  

Rauterberg [18, 19] has introduced the concept of incongruity as a measure of 
interest in a task. Given a task, humans make an internal mental model about its 
complexity. Incongruity refers to the difference between the actual complexity of 
the task and the mental model of that complexity. We have positive congruity if 
this difference is positive and negative congruity otherwise. In case of negative in-
congruity a person would be able to accomplish the task easily. Interest in a task is 
highest when the incongruity is neither too positive nor negative. In case of large 
positive incongruity the humans have a tendency to avoid the task and in situa-
tions of large negative incongruity they get bored. This requirement of right 
amount of incongruity is similar to the right amount of challenge in the concept of 
flow mentioned above.  It has been further proposed that in case of reasonable 
positive incongruity the humans have a tendency to learn more about the task so 
that their mental model comes at par with the actual complexity of the task.  

Several other related and derivative works are available on this topic. Many of 
them are covered in Yananakakis’s recent survey [20]. 
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4   Search Space 

For the purpose of generating new games we need to define a search space that 
will be used by the evolutionary algorithm for this purpose, for these games to be 
entertaining the evolutionary algorithm will be guided by a fitness function, which 
will be our proposed entertainment metrics. As we are addressing two different 
genres of games we need to have separate search space and fitness functions for 
both.    

4.1   Board Based Games 

For defining the search space for board based games we use the search space of 
the popular board games of chess and checkers as a super set. Figure 1 summariz-
es the search space. 

Search Space Dimension Values 

Play Area Both white & black squares are used 
Types of Pieces 6 

Number of pieces/type variable but at maximum 24  

Initial position First 3 rows & Both white & black  

Movement direction 
All directions, straight forward, straight forward and 

backward, L shaped, diagonal forward 
Step Size One Step, Multiple Steps 

Capturing Logic Step over, step into 
Game ending logic No moves, no king 

Conversion Logic Depends upon rules of the game 

Mandatory killed Depends upon rules of the game 
Turn passing allowed No 

Fig. 1 Board based game search space dimensions. 

The size of play area in our search space is a grid of 8x8 squares, alternating 
white and black, all squares can be used. Combining the rule space of chess and 
checkers we have total six types of pieces in our search space. Each type can have 
a minimum of 0 and a maximum of 16 pieces. However, total pieces should not be 
zero nor exceed 16. The initial positions of the pieces are the nearest three rows of 
a player. A cell can have one piece of type 0 to 6, type 0 means no piece is present 
in that cell.  The search space to evolve new games consists of only those six 
movement logics as in both chess and checkers. Which include diagonal forward, 
diagonal forward and backward, movement in all directions, L shaped movement, 
straight forward and straight forward and backward. The step size for a piece can 
either be one or up to an occupied cell. 

Capturing is done by jumping over or moving into the opponent’s cell. The re-
sult of capturing is death of captured piece. The game ends if there are no more 
pieces left of a specific type. We call this type of piece the “piece of honour”.  
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There can be zero or one piece type declared to be a piece of honour. A game ends 
if a piece of honour of any player is dead or the player without moves is the loser. 
A game can have a maximum of 100 moves. A piece may or may not convert to 
another type after reaching last row. Evolution decides which type is convertible. 
Each piece has a conversion logic which decides which type it will convert to 
when last row is reached. Turn passing is not allowed.  

4.2   Predator/Prey Games 

The predator/prey genre consists of one or more predators, predators may be ho-
mogeneous or heterogeneous in their behaviour, obstacles (which may or may not 
be for both predator and prey) and some objective for the prey to achieve. Pac-
Man is a very popular game of this genre. Keeping the above constrained in mind 
and inspired by its closeness to the rule space defined by J. Togelius in his work 
[10]. We have defined our rule space as follows. 

Play area consists of 20 X 20 cells. There are N predators of type M; each type 
is represented by a different colour. We have selected N to be 0-20 and M in range 
0-3. Where colours are red, green and blue. Each type of predator moves around 
the play area according to any of the following three schemes: still, turn clockwise 
upon encountering an obstacle and turn counter clockwise upon encountering an 
obstacle. The predators may collide with each other and the prey. As the different 
predators may have different behaviour so the response to collision needs to be 
different of each type. The possible types of responses to a collision are as: death 
of the prey and/or predator, random change in current location of the prey and/or 
predator, no effect on the prey and/or predator. The score is calculated for the prey 
only, which is one of +1, 0, or -1 upon collision with a predator. For the predators 
for which upon collision with the prey, prey’s score increases prey is predator for 
them and the predators are prey. This shows the uncertain nature of the game 
which adds some level of entertainment in the game as well. The time for which 
the game will be played vary from 1-100 time steps and the maximum score that a 
prey can achieve vary from 1-2000. The game will stop if any of the following is 
true: the time exceeds its maximum limit, prey has died, or the prey score exceeds 
the maximum score. Figure 2 displays a typical environment of one such game 
created based on the rule space defined. The yellow is the prey and remaining are 
the predators of different types. 

 

Fig. 2 The play area of the predator-prey game.  
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5   Structure of the Chromosome 

For the purpose of evolving games we have used Evolutionary Algorithms. Each 
individual chromosome of the EA population represents one complete set of rules 
for the game; whereas each gene of the chromosome represents one rule of the 
game. 

5.1   Board Based Games  

Based upon the above search space, the structure of the chromosome used is listed 
in figure 3. The chromosome consists of a total 50 genes. First 24 genes may con-
tain values from 0 to 6 were 1 represents a piece of type 1, 2 for piece of type 2 
and so on. Zero is interpreted as no piece. The piece type represented by gene 1 is 
placed in the cell 1 of the game board; piece type represented by gene 2 is placed 
in the cell 2 of the game board and so on. 

Gene Title 
Va

lue 

1-24 Placement of gene of each type 
0-

6 

25-30 Movement logic of each type 
1-

6 

31-36 Step Size 0/1 

37-42 Capturing logic move into cell or jump over 0/1  0/1 

43 Piece of honor 
0-

6 

44-49 Conversion Logic 0-6 
0-

6 

50 Mandatory to capture or not 0/1 

Fig. 3 Structure of the chromosome 

Gene 25 to 30 represents movement logic for each piece type   respectively, 
where 1 is for  diagonal forward, 2 for diagonal forward and backward, 3 for all 
directions, 4 for L shaped movement, 5 for straight forward and backward and 6 
for straight forward.  Genes 31 to 36 are used for step size of each type, where 0 is 
used to indicate single step size and 1 for multiple step sizes. Genes 37 to 42 are 
used for step size of each type, where 0 is used to indicate step into and 1 for step 
over. Gene number 43 indicates the type of piece that will be the piece of honour, 
possible values include 0-6, where 1-6 indicate the piece type and 0 represents that 
there is no piece of honour in the game. Genes 44-49 represents the conversion 
logic, of piece type 1 to 6 respectively, when they reach the last row of the game 
board. Where 0 represents the piece will not be converted to any type and 1-6 
represents the type of piece. The last gene represent whether it is mandatory in the 
game to capture the opponent piece in case it could be, 0 represents no and 1 
represents yes.  
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5.2   Predator/Prey Games 

There are a total of 30 genes in a chromosome; the chromosome encoding is 
shown in Figure 4. The rules of the game they represent and their possible values 
are as follows:  

• First three genes each for representing the number of red, green and blue 
type of pieces. The values they can have range form 0-20. 

• Next three genes each representing the movement logic of red, green and 
blue type of pieces. The possible values for these genes are 0 to 4 
representing: still, clockwise, counter clockwise, random short and ran-
dom long movement respectively. 

• A total of next 15 genes for representing collision logic between two 
pieces or between any piece and an agent. Since there are a total of 4 
entities (three pieces and an agent), hence the possible effects of collision 
between any two entities can be represented by a 4x4 -1 matrix. A colli-
sion between an agent and another agent is not possible because there is 
only one agent. Hence one element of the 4x4 matrix is empty and needs 
not be represented as a gene in the chromosome. The possible values of 
the collision logic genes are 0, 1 and 2 representing no effect on the col-
liding entity, the entity dies and are removed from the game and the piece 
is moved to some randomly chosen location respectively. 

• Next 9 genes for representing the score addition or depletion on the colli-
sion of any two entities. The possible values of these genes are -1, 0,  
and 1.  

• Next nine genes represent score effect for collision between: agent and 
red piece, agent and green piece, agent and blue piece, red and red piece, 
red and green piece, red and blue piece, green and green piece, green and 
blue piece, and blue and blue piece.  

Number of predators  

Red 0-20 

Collision logic 

Blue-Green 0-2 

Green 0-20 Blue-Blue 0-2 
Blue 0-20 Blue-Agent 0-2 

Movement logic 

Red 0-4 Agent-Red 0-2 
Green 0-4 Agent-Green 0-2 

Blue 0-4 Agent-Blue 0-2 

Collision logic 

Red- Red 0-2 

Score logic 

Red- Red -1,0,+1 

Red- Green 0-2 Green-Green -1,0,+1 

Red-Blue 0-2 Blue-Blue -1,0,+1 

Red- Agent 0-2 Agent-Red -1,0,+1 

Green-Red 0-2 Agent Green -1,0,+1 
Green-Green 0-2 Agent-Blue -1,0,+1 

Green-Blue 0-2 Green-Red -1,0,+1 

Green-Agent 0-2 Blue-Red -1,0,+1 

Blue-Red 0-2 Blue-Green -1,0,+1 

Fig. 4 Chromosome encoding along with possible values a gene can have. 



392 Z. Halim and A.R. Baig 
 

6   Fitness Function  

Each chromosome encodes the rules of a game. In other words, it is a complete 
game. The aim of the evolutionary process is to evolve a population of games and 
find a best one which is entertaining for the player. For this purpose we have as-
sumed that better entertainment is based on four different aspects described below 
for each of the genre discussed. In three of these aspects (for board based games) 
we assume that both the players play each game with the same strategy (random 
controller). Hence both have the same chances of winning.  

6.1   Board Based Games 

6.1.1   Duration of the Game 

In general, a game should not be too short or too long, as both are uninteresting. 
For example, if a game is such that it usually ends after a few moves (like Tic-
Tac-Toe) then it would not appeal to adults. On the other hand, if a game usually 
continues for several hundred moves then the players may choose not to play it 
due to lack of enough time.  

The duration of play (D) of a game is calculated by playing the game n times 
and taking the average number of moves over these n games. For the games 
evolved in this chapter, the maximum moves are fixed at 100 (50 for each player). 
If a game does not end in 100 moves then it is declared a draw. The average value 
of D is taken because if the game is played multiple times with a different strategy 
(or even by the same strategy which has probabilistic components) then we do not 
get the same value of D every time. For averaging, the game is played n = 20 times 
in our experiments. Equation (1) shows the mathematical representation of D. ∑

                                                        (1) 

Where, L  is the life of the game playing agent in game K. In order to reward 
games neither too short nor too long raw value of D is scaled in range 0-1. The 
boundaries for scaled value of D are shown in figure 5.  

 

Fig. 5 Scaling ranges for raw value for duration of game. 
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For the raw duration of games 0 to 10 and 100 to 90 a scaled value of 0 is as-
signed, for ranges 11-20 and 81-90 a value of 0.2 is assigned, for 21-30 and 71-80 
a scaled value of 0.5 is used, 31-40 and 61-70 are converted to 0.8 and a range of 
41-60 is assigned the highest value i.e. 1.  

6.1.2   Intelligence for Playing the Game 

A game is interesting if the rules of the game are such that the player having more 
intelligence should be able to win. The intelligence (I) is defined as the number of 
wins of an intelligent controller over a controller making random (but legal) 
moves. For this purpose the game is played n times (n = 20 times in our experi-
ments). Higher number of wins against the random controller means that the game 
requires intelligence to be played and does not have too many frustrating dead 
ends. Intelligence I is calculated using equation (2).  ∑

                                                         (2) 

Where, IK is 1 if intelligent controller wins the game otherwise its 0. 

6.1.3   Dynamism Exhibited by the Pieces 

This aspect assumes that a game whose rules encourage greater dynamism of 
movement in its pieces would be more entertaining than a game in which many 
pieces remain stuck in their cells for the entire duration of the game.  The dynam-
ism is captured by the following fitness function given in equation (3).  

 
                                    (3) 

Where, 
Ci,  is the Number of cell changes made by piece i during a game 
Li, is life of the piece i 
And m is the total number of pieces specified in a chromosome.  

The dynamism is averaged by calculating it for 20 games for the same chromo-
some. This fitness function has a higher value if the pieces show a more dynamic 
behaviour.       

6.1.4   Usability of the Play Area 

It is interesting to have the play area maximally utilized during the game. If most 
of the moving pieces remain in a certain region of the play area then the resulting 
game may seem strange. The usability is captured using equation (4). 

| |  
                                             (4) 
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Where,  C , is usability counter value for a cell k. |C |, is the total number of usable cells. 
n, is 20 as explained previously. 

A usability counter is set up for each cell which increments when a piece arrives 
in the cell. The usability U is averaged by playing twenty different games for a 
chromosome. A cell which is never visited during a game will have a counter val-
ue of zero, thus contributing nothing to the usability formula. Furthermore, a cell 
which has a few visits would contribute less than a cell having large number of 
visits.  

6.1.5   Combined Fitness Function 

The above four metrics are combined in the following manner. All chromosomes 
in a population are evaluated separately according to each of the four fitness func-
tions. Then the population is sorted on “duration of game” and a rank based fitness 
is assigned to each chromosome. The best chromosome of the sorted population is 
assigned the highest fitness (in our case it is 20 because we have 10 parents and 10 
offsprings), the second best chromosome is assigned the second best fitness (in 
our case 19), and so on. The population is again sorted on the basis of “intelli-
gence” and a rank based fitness is assigned to each chromosome. Similarly, rank 
based fitness is assigned after sorting on “diversity” and “usability”. The four rank 
based fitness values obtained for each chromosome are multiplied by correspond-
ing weights and then added to get its final fitness. 

FF = aD + bI + cDyn + dU                                  (5) 

Where, a, b, c, and d are constants. In our experiments we keep the values of these 
constants fixed at 1. The multiplication with a corresponding weight allows us to 
control the relative influence of an aspect. The calculation of rank based fitness 
gets rid of the problem of one factor having higher possible values than another 
factor.  

6.2   Predator/Prey Games 

6.2.1   Duration of the Game 

The fitness function should be such that it discourages such a possibility. The du-
ration of play, D, is calculated as in equation 6. D ∑

                                                   (6) 

Where, L , is the life of the game playing agent in game K
 
, 

And n is the total number of times the agent plays a game represented by a sin-
gle chromosome, in this case n is fixed to 20.  
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Since there are many probabilistic factors in the game, we will not get the same 
value of D if the game is played multiple times. For this purpose the game is 
played n times (n= 20 in our experiments) for a chromosome and an average is 
taken.  

6.2.2   Appropriate Level of Challenge  

The level of challenge of the game can be directly measured from the score of the 
player in the game. Higher a player score more is his interest and motivation to 
play the game again. Too high a score, achieved easily is not challenging enough 
and similarly too low a score even after an intelligent game play is discouraging. 
There has to be an appropriate level of challenge provided by the rules. The factor 
of uncertainty in the rules of the game where entities other than the agent can have 
positive and/or negative effect on the player’s score, introduces a factor of good or 
bad luck in the game, as in snake and ladders game, and can enhance the enjoy-
ment level, provided that this uncertainty factor is not too high. The challenge  is 

converted into a fitness function using equation 6:   c e | |
                                                    (6) 

Where  S ∑ Sn  S , is score of the agent when it plays it Kth time.  
n, is 20 as explained previously. 

Since the value of  S  can also be negative, hence we use the following processing:  S         S ,                         if S 0|S | 20,       otherwise.                                    (7) 

6.2.3   Diversity 

The diversity of the game is based upon the diversity of the pieces in the game. 
The behavior of the moving pieces of the game should be sufficiently diverse so 
that it cannot be easily predicted. Pieces with complex movement logic including 
random reallocation (teleport) would be more entertaining than static or simply 
moving ones. The diversity is captured by equation 8. 

 Div  
                                            (8) 

Where,  
m, is the total number of pieces (all three types) specified in a chromosome. ∂ , Number of cell changes made by piece k during a game. 
n, is 20 as explained previously. 
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6.2.4   Usability 

Usability is the fourth and last factor we have considered for our metrics of enter-
tainment. It is interesting to have the play area maximally utilized during the 
game. If most of the moving pieces remain in a certain region of the play area then 
the resulting game may seem strange. The usability is captured by equation 9:  

U | |  
                                           (9) 

Where,  C , is usability counter value for a cell k. |C |, is the total number of usable cells. 
n, is 20 as explained previously. 

A usability counter is set up for each cell which increments when a piece arrives 
in the cell. The usability U is averaged by playing ten different games for a chro-
mosome. The total cells for our current experimentation are 14x14 minus the 
7+7=14 cells used by two walls.  

6.2.5   Combined Fitness Function  

To assign a chromosome a single fitness value we use rank based fitness using the 
above mentioned four metrics, as explained in section 6.1.5. The four rank based 
fitness values obtained for each chromosome are multiplied by corresponding 
weights and then added to get its final fitness, as in equation 10.   FF α D β C χ Div δ U                               (10) 

Where, α , β , χ ,  and δ are constants. In our experiments we keep the value of 
these constants fixed at 1. The multiplication with a corresponding weight allows 
us to control the relative influence of an aspect.  

7   Software Agents 

Evolutionary algorithm evolves a population of games and the fitness of each 
game has to be determined in each generation we may have a total of several thou-
sands of such fitness evaluations. Since a fitness evaluation means playing the 
game several times, it is not possible to do so manually. We need software game 
playing agents. The more intelligent the agent the better will be the accuracy of 
fitness evaluation. We have developed two types of such agents for board based 
games (as required by the fitness function).  

• Random agent. 
• Agent using Min-Max with rule based evaluation function. 
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7.1   Random Agent  

As the name suggests the random game playing agent plays the game by randomly 
selecting a legal move at each step. The agent follows the following algorithm 
listed in figure 6: 
 
 
 
 
 

 
 

 
 

Fig. 6 Algorithm for the random playing agent 

The agent initially generates all the legal moves and stores them in a queue. 
The queue is shuffled once all the moves are saved in it. Shuffling is important, as 
we take an average of 20 games to calculate the individual metrics values, if the 
queue is not shuffled then each time the game is played it will use the same se-
quence of moves to play the game and fitness values will remain the same in each 
iteration of the game play. If the mandatory to capture bit is "on" in a chromosome 
which is being evaluated then the agent first tries to find a move that will capture 
an opponent's piece. If no such move is found it randomly selects a move from the 
queue. 

7.2   Agent Using Min-Max with Rule Based Evaluation Function 

This type of agent is intelligent as compared to the random one. It generates all the 
possible one ply depth game boards using a min-max algorithm. Each of the re-
sulting game board is evaluated using a rule based evaluation function and the one 
with the highest evaluation is selected as a next move. 

Evaluation function for this type of agent assigns priorities (weights) to piece-
type according to whether its disappearance would cause the game to end, flexibil-
ity of movement (more directions and multiple step sizes are better), and capturing 
logic (capturing by moving into opponent’s cell is better). Once the priority of a 
piece is calculated we multiply each piece with its corresponding weight and cal-
culate weighted summation for self and opponent. The board evaluation is the self 
weighted summation minus opponents weighted summation. Figure 7 lists the al-
gorithm for the evaluation function we use. 

 
 

Input: Game Board current state 
1. Generate all legal moves 
2. Store the moves in a queue 
3. Shuffle the queue 
4. If Not mandatory to kill 
5.         Randomly select a move from the queue. 
6. Else 
7.         Select a move that captures an opponent's piece, if such move exists 
8.         Otherwise, randomly select a move from the queue. 

Output: Next move to take 
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Fig. 7 Algorithm for evaluation of board positions 

Since we are using mini-max of single ply hence we had to incorporate a me-
chanism in the evaluation function to overcome the randomness effect near the end 
of the game when pieces are few and may be far apart. In such cases the evaluation 
function listed in figure 7 gives same evaluation for all the board positions thus in-
creasing the duration of game. To avoid such situation we restrict the agent to  
select the move which decreases distance between its own piece and one of an op-
ponent's pieces, provided all next game board position have equal evaluations. 

7.3   Agents for Predator/Prey Games 

For predator/prey games the controller is implemented using an (Artificial Neural 
Network) ANN and a rule based controller, used to evolve two separate popula-
tions to study the effect of controller on evolution. For ANN based controller we 
have used a multi-layer fully feed forward connected neural network, architecture 
is shown in Figure 8. There are a total of 6 neurons in the input layer, 5 neurons in 
the hidden layer and 4 output layer neurons. Sigmoid activation function is used at 
each neuron. The weights on the edges range between -5 to +5. The input vector to 
the neural network is (∆xr, ∆yr, ∆xg, ∆yg, ∆xb, ∆yb) where ∆xr, ∆yr, ∆xg, ∆yg, 
∆xb  and ∆yb  represent agent’s distance from nearest red type predator in x-
coordinate,  agent’s distance from nearest red type predator in y-coordinate, 
agent’s distance from nearest green type predator in x-coordinate, agent’s distance  
 

Input: Game Board current state 
1. For each piece 
2.         priority=0 
3. For each piece 
4.         if is piece of honor 
5.                 priority = priority +1 000 
6.         if movement logic all directions 
7.                priority = priority + 8 
8.         if movement logic diagonal Forward and Backward 
9.                 priority = priority + 7 
10.         if movement logic Straight Forward and Backward 
11.                 priority = priority + 7 
12.         if movement logic diagonal Forward  
13.                 priority = priority + 6 
14.         if movement logic Straight Forward  
15.                 priority = priority + 6 
16.         if movement logic L shaped 
17.                 priority = priority + 5 
18.         if capturing logic step into 
19.                 priority = priority + 4 
20.         if capturing logic step over  
21.                 priority = priority + 3 
22. Count the number of pieces of Player A 
23. Multiply the number of pieces of a type with its relevant priority 
24. Count the number of pieces of Player B 
25. Multiply the number of pieces of a type with its relevant priority 
26. Calculate boardValue = WeightSumofA-WeightSumofB 
27. Check if the Piece of Honour is dead add -1000 to boardValue 
28. Check if the Piece of Honour is NOT dead add +1000 to boardValue 

Output: boardValue   
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from nearest green type predator in y-coordinate, agent’s distance from nearest 
blue type predator in x-coordinate and agent’s distance from nearest blue type 
predator in y-coordinate. The ANN outputs a 4 dimensional vector (Nu,Nd,Nl,Nr) 
where  Nu,Nd,Nl and Nr represents agent’s next position for up, agent’s next posi-
tion for down, agent’s next position for left and agent’s next position for right. 
Agent moves in the direction having the maximum value. 

 

Fig. 8 ANN architecture used to control agent 

For the purpose of training of ANN weights we have employed GA where each 
chromosome of the population represents the set of weights for the entire ANN. In 
this case the chromosome length is of 97 genes. Mutation is used only as a genetic 
operator. For each game a random population of GA representing the weights of 
the edges is created. The game is played 10 times using these weights and a score 
is assigned which is the average score achieved by the controller. The GA is run 
for 10 iterations and the best chromosome of each is saved. As the GA finishes we 
select the best chromosome out of 10, based upon the highest average score 
achieved.  

The rule based controller is implemented as a human supplied rule set. The 
same controller is used for playing all games (chromosomes) during the entire 
evolutionary process. Our rule based agent controller is composed of rules formu-
lated to implement the following policy. According to the game rules, at each si-
mulation step the agent must take exactly one step. The agent looks up, down, left 
and right. It notes the nearest piece (if any) in each of the four directions, and then 
it simply moves one step towards the nearest score increasing piece. If there are no 
score increasing piece present it determines its step according to the following 
priority list: 

• Move in the direction which is completely empty (there is only the wall 
at the end). If more than one directions are empty move towards the far-
thest wall (in the hope that subsequent position changes would show it a 
score increasing piece)  

• Move in the direction which contains a score neutral piece. The farthest, 
the better.  
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• Move in the direction which contains a score decreasing piece. The far-
thest, the better. 

• Move in the direction which contains a death causing piece. The farthest, 
the better. 

Going into walls is not allowed, and if there is a wall present in the adjoining cell, 
the possibility of going in that direction is automatically curtailed. The above 
mentioned controller rules encourage the agent to maximize its score by trying to 
collide with the piece which increase its score and at the same time try to avoid 
collision with the rest. 

8   Experiments 

Different experiments carried out are explained in the sub-sections below for each 
of the game type.  

8.1   Board Based Games 

The methodology of the experimentations is such as we evolve new board based 
games using 1+1 Evolutionary Strategy (ES). Once we get a set of evolved games 
we first select minimum number of games, using equation (12), for analysis. In 
order to analyze and study the entertainment value contained in the evolved games 
we follow a twofold strategy i.e. by conducting a controller learnability experi-
ment and a human user survey. 

8.1.1   Evolution of New Games 

In order to generate new and entertaining board based games we use 1+1 Evolu-
tionary Strategy (ES). Initially a population of 10 chromosomes is randomly initia-
lized with permissible values. The evolutionary algorithm is run for 100 iterations. 
Mutation is the only genetic operator used with a mutation probability of 30 per-
cent. In each iteration of the ES one parent produce one child and a fitness differ-
ence is calculated between them. If it is greater than 4 (i.e. the child is at least half 
times better than its parent) child is promoted to the next population. We use the 
formula given in equation (11) to calculate the fitness difference.    1                    (11) 

Where, 

 is the fitness value of parent for current metrics  is the fitness value of child for current metrics 

We keep an archive of 8 slots and in each iteration update it with the best 2 chro-
mosomes based on each of the fitness metrics. Figure 9 shows the metrics values 
of one family of chromosome in shape of a graph (figure 9), over a period of 100 
iterations. 
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Fig. 9 Metrics values of a typical family of chromosome. 

As we use 1+1 ES the best chromosome found in an iteration may get lost in 
iterations to come. For this purpose as mentioned previously we keep an archive 
of 8 for best 2 chromosomes against each of the metrics. As the evolutionary 
process progresses the number of changes, child beating its parent using fitness 
difference formula (equation (11)) decreases.  

8.1.2   Games for Analysis 

The evolutionary process gives 8 games evolved against the entertainment based 
on duration, intelligence, dynamism and usability. For further analysis of these 
games we select the set of most diverse games. Diversity (from each other) of 
these games is calculated using their fitness values and is listed in table 1 for one 
experiment. 

Table 1 Fitness values of chromosomes in archive 

    
Game 
No. Duration Dynamism Intelligence Usability 

A
rc

hi
ve

 

Duration 1 1 0.885 0.081 1.000 21.051 

Duration 2 2 0.850 0.068 0.700 16.775 

Dynamism 1 3 0.021 0.181 1.000 22.065 

Dynamism 2 4 0.221 0.172 1.000 25.866 

Intelligence 1 5 0 0.086 1.000 23.085 

Intelligence 2 6 0 0.068 1.000 21.028 

Usability 1 7 0.400 0.066 0.850 84.927 

Usability 2 8 0.216 0.039 0.700 80.997 

We calculate the diversity based on each of the four metrics for all pair of 
games using equation (12).    |          |             (12) 
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Selecting a threshold value of 0.6 table 2 shows the diversity count of evolved 
games. Diversity count indicates that a game is different from how many other 
games based on all the four metrics of entertainment. 

Table 2 Diversity count of evolved games 

Game No. 
Different from number of  games 

(for threshold > 0.6) 

1 5 

2 5 
3 3 
4 1 
5 0 
6 1 
7 6 
8 3 

Based upon the above statistics game number 1, 2 and 7 seems to be the most 
diverse. We select these three for further analysis. From this point onwards we 
will refer to these as game 1, 2 and 3 respectively. Rules of these games are listed 
in figure 22-24 (appendix I). For the sake of simplicity we do not name the pieces 
rather we identify them by their type number which range from 1-6. 

We also create a randomly initialized game that has not been passed through 
the evolutionary process for optimization against entertainment. This game is used 
to analyze the learnability of the game experiment covered in next section and also 
in the user survey, to compare with the evolved games. Rules of the random game 
are shown in figure 25 (appendix I). 

8.1.3   Learnability of Evolved Games 

The entertainment value of the evolved games needs to be verified against some 
criteria other than the proposed entertainment metrics. For this purpose we use the 
Schmidhuber’s theory of artificial curiosity [2]. We need to see how quickly a 
player learns an evolved game. Games learned very quickly will be trivial for the 
player and thus not contributing anything towards entertainment. Those taking 
large amount of time to learn will be too difficult. Games between these two 
boundaries will fall in the range of entertaining games. To observe the learnability 
of the evolved games there are two options first to ask a human to play a game 
multiple times and see how fast she/he learns and second is to do the same task us-
ing a software based controller.  

We have used an ANN based controller. The architecture of the controller is the 
same architecture used by Chellapilla [21] for evolving an expert checkers player. 
There are total 5 layers in the ANN, input with 64 neurons, first hidden layer with  
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91 neurons; second hidden layer with 40 neurons third with 10 neurons and the 
output layer with 1 neuron.  A hyperbolic tangent function is used in each neuron. 
The connection weights range from [-2, 2]. The training of the ANN is done using 
co-evolution. A set of genetic algorithm (GA) population is initialized that 
represent the weight of the ANN. Each individual of the population is played 
against randomly selected 5 others. Mutation is the only genetic operator used; we  
have kept the ANN and its training as close to Chellapilla [21] work as possible, 
except for the number of iteration for which the ANN is trained. We train the set 
of ANN until we get a set of weights that beats all others. Such individual will 
have its fitness equal to 1. The number of iterations that take to get such individual 
in the archive is called the learning duration or learnability of the game. Figure 10 
shows the learnability of all the 4 games including the random game (referred to 
as game 4). 

 

Fig. 10 Learnability of evolved and random game 

It takes about 80 to 110 iterations to get a chromosome representing ANN 
weights that achieve a fitness of 1 during co-evolution, for the evolved games. In 
case of the randomly initialized game (game 4) it takes only 30 iterations, thus 
showing game 4 is trivial and uninteresting.  Thus we can conclude that game 1, 2 
and 3 proof to be entertaining as an ANN based controller neither takes too short a 
time nor too long to learn these games. 

8.1.4   User Survey on Entertainment Value of Evolved Games 

To validate the results produced against human entertainment value we have to 
perform a human user survey. For this purpose we select a set of 10 subjects. Sub-
jects are chosen such that they have at least some level of interest towards com-
puter games. Each individual was given 4 games while s/he was supposed to play 
each game 3 times, the rules of the game were already explained to the subjects 
and also displayed on the software they used. This makes a total of 12 games to be 
played by each subject.  
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The four games given to the user are marked as Game 1, Game 2, Game 3 and 
Game 4. Game 4 is the randomly initialized one (but will legal values) whereas 
remaining three games are evolved for entertainment. Each subject was asked to 
rank the game they play as 1- liked, 2-disliked and 3-neutral. The results of the 
human user survey are shown in table 3. For visual purposes we use for √ liked, × 
for disliked and ~ for neutral.  

Table 5 Human user survey results 

Subject 

Game 1 Game 2 Game 3 Game 4 
Run 

1 
Run 

2 
Run 

3 
Run 

1 
Run 

2 
Run 

3 
Run 

1 
Run 

2 
Run 

3 
Run 

1 
Run 

2 
Run 

3 

1 ~ √ √ ~ √ √ ~ √ √ ~ √ × 

2 ~ ~ √ ~ √ √ ~ √ √ ~ × × 

3 × √ √ ~ × × √ × × × × × 

4 ~ √ √ √ √ √ √ √ √ √ √ √ 

5 ~ √ √ √ √ √ ~ √ √ ~ √ × 

6 ~ √ √ ~ √ √ √ √ √ ~ √ × 

7 ~ ~ √ ~ √ √ √ √ √ ~ × × 

8 × √ √ √ √ √ ~ √ √ × × × 

9 √ √ √ × √ √ ~ √ √ × × × 

10 √ √ √ × √ √ ~ √ √ ~ ~ ~ 

For the purpose of collecting statistics from the human user survey we mark a 
game liked by the subject if during any run he has liked the game and for rest he 
has either liked or been neutral.  If in any run he has disliked the game we mark 
the game to be disliked. Figure 11 shows the statistics based upon this scheme.  
About 70- 90 percent subjects have liked the evolved games and found these en-
tertaining, whereas only 10 percent say that the random game (game 4) was enter-
taining.  

 

Fig. 11 Statistics of the human user survey 
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8.2   Predator Prey Games 

A population of 10 chromosomes is randomly initialized by the GA. In each gen-
eration one offspring is created for each chromosome by duplicating it and then 
mutating any one of its gene, where all genes have equal probability to be  
selected. The mutation is done by replacing the existing value with some other 
permissible value, where each permissible value has equal probability to be se-
lected. This result in a parent and offspring pool of total 20 chromosomes from 
which 10 best, based on their fitness rank, are selected for the next generation. 
This evolutionary process is continued for 100 generations.  

The fitness of a chromosome, in our case, is based on data obtained by playing 
the game according to the rules encoded in the chromosome. As there are a num-
ber of probabilistic components in the game, hence the data obtained from playing 
the same game multiple times is never the same. To minimize the effect of this 
noise in the fitness, we take the average of ten games for every fitness evaluation. 
To analyze the effect of each of the four proposed factors of entertainment indivi-
dually we evolve four different populations. Each of these populations is guided 
by one of the proposed fitness function. We also evolve a population using the 
combined fitness function.  

8.2.1   Duration of the Game 

Considering the duration of the game play as determined by the average life span 
of the agent we rapidly evolve a population of chromosome in which there are 
very less possibilities for the agent to die in the allotted 100 steps. Figure 12 
shows one such evolved chromosome. It is worth noticing in figure 12 (a) that 
none of the collision logic column 19, 20 and 21 contain 1 which represents death 
of the agent. Rules of the games in figure 12 (b) shows death of the agent only in 
case it collides with red type predator but as shown in column 1 there are 0 in-
stances of red predator in the game. Thus these games will be played for a longer 
duration of time.  

 

Fig. 12 The best chromosome evolved by optimizing duration of game. a) Evolved using 
rule based controller b) Evolved using ANN based controller 

8.2.2   Appropriate Level of Challenge 

Considering this metric alone, we were able to evolve chromosomes which en-
couraged a score of 10 to 20. An example is shown in Figure 13. The game rules 
represented by figure 13 (a) shows that agent looses point only when it collides 
with blue predators, although agents score also decreases when green/red predator 
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collides or if there is collision between blue type predators. The score remains 
neutral when collision occurs between blue/green and agent/red. In all other cases 
score is increased. Agent does not die out in any of the collision case. The rules 
represented by figure 13 (b) shows a decrease of agents score in case of red/red 
collision only. Here agent does not die out in any of the collision case.  

 

Fig. 13 The best chromosome evolved by optimizing appropriate level of challenge. a) 
Evolved using rule based controller b) Evolved using ANN based controller 

8.2.3   Diversity 

When the diversity is considered in isolation, the solutions evolved tend to have 
somewhat higher number of predators of each type. Another tendency is to have 
one of the dynamic movement logics. Yet another observation was that the death of 
agent was avoided in most of the better chromosomes so that the game may contin-
ue for maximum number of steps. A sample chromosome is shown in Figure 14.  

 

Fig. 14 The best chromosome evolved by optimizing diversity. a) Evolved using rule based 
controller b) Evolved using ANN based controller 

8.2.4   Usability 

The chromosomes evolved by using usability of the play area metric seem similar 
to that for diversity metric. One such chromosome is shown in figure 15. The 
game rules shown in figure 15 show that usability as an entertainment metrics 
alone encourages rules with maximum number of predators of each type none hav-
ing movement logic 0 which means predator does not move.  

 

Fig. 15 The best chromosome evolved by optimizing usability. a) Evolved using rule based 
controller b) Evolved using ANN based controller 
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8.2.5   The Combined Fitness Function 

The above mentioned combined fitness function was used to evolve a population 
of chromosome. Most of the resulting evolved chromosomes are playable and 
seem interesting. They were much better than random games. Also they seem bet-
ter than some games evolved using individual components of the fitness function. 
However, an extensive user survey is needed to verify and quantify all these ob-
servations, which is covered in next sub section of this chapter. A chromosome 
showing the best evolved chromosome is shown in figure 16.     

 

Fig. 16 The best chromosome evolved by optimizing the combined fitness function. a) 
Evolved using rule based controller b) Evolved using ANN based controller 

8.2.6   Human User Survey 

To validate the results produced against human entertainment value we performed 
a human user survey on 10 subjects, chosen such that they have at least some apti-
tude towards playing computer games. The experiment was conducted in two dif-
ferent sets on different days using the same subjects, one for the games evolved 
using rule based controller and second for the games evolved by ANN based con-
troller. Each individual was given 6 games while s/he was supposed to play 2 
times, the rules of the game were already explained to the subjects and also dis-
played on the software they used. This makes a total of 12 games to be played by 
each subject in each set of experiment. The six games given to the user were 
marked as A, B, C, D, E and F. Where A was a randomly initialized game, B was 
the game evolved by using duration of game as the fitness function in isolation, C 
was the game evolved by using appropriate level of challenge as entertainment 
metrics, D was evolved against diversity, E for usability and F was the game 
which was evolved based on all the four entertainment matrices combined. The 
subjects were unaware of criteria of evolution for each game.  Randomly selected 
game rules are shown in figure 17.  Each subject was asked to rank the game they 
play as 1- liked, 2-disliked and 3-neutral.  

The randomly generated game, game code A, rules consists of 0 red predators, 
12 green predators collision with them cause 0 effect on agents score but causes it  
 

 

Fig. 17 Randomly select game rules for user survey 
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to die, 20 blue predators and they decreases the agent’s score by 1 and also kills 
the agent when collision occurs. The game rules has the tendency to kill the agent 
very early and always with 0 or negative scores. The survey suggests that every 
subject disliked this game.  

A pie chart representation of the survey is given in figure 18 and 19. As all the 
games are played by each subject twice we have marked a game to be liked by a 
subject if for once s/he has liked it and second time been neutral. If in any of the 
play subject disliked the game we mark it as disliked. If a subject has been neutral 
in both iterations of game play it is not considered. In all other cases the game is 
marked as liked by the subject. 

 

Fig. 18 Pie chart representation of the human user survey using rule based controller. 

 

Fig. 19 Pie chart representation of the human user survey using ANN based controller. 

The purpose of evolving two sets of population was to see the effect of controller 
type on the evolved games. Theoretically the rule based controller will evolve the 
games which are entertaining only while the game is played using the rules encoded 
in the rule based controller. Thus the idea of using a relatively intelligent and generic 
controller using an ANN was implemented. Although the games evolved using both 
the controllers seems somewhat same but in comparison the games evolved using 
the ANN based controller is more liked by the subjects in the user survey. Figure 20 
shows a comparison of the two controllers rating, in general except for the duration 
metrics games evolved by the ANN based controller are rated higher.  
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Fig. 20 comparison of the rule based and ANN based controller 

8.2.7   Controller Learning Ability 

The controller we use is the same ANN based controller we used to evolve the 
games as shown in figure 8. First of all the weights of the neural network are 
trained using GA against each of the evolved games and a randomly initialized 
game, separately.  

The learning ability of the controller is calculated as follows: 

• The controller plays the game for N times, where N is 10.   
• Calculate average score of N games.  
• Repeat step 1 and 2 until the standard deviation of the last M runs is mi-

nimized. Where M is 3 and the minimized standard deviation is set to 5.  
We also round the average score to an integer value.   

If for 1000 runs condition in step 3 is not satisfied learning ability of the controller 
is set to 1000. Figure 21 lists the results of the controller learning experiment.  

 

Fig. 21 Learning ability of a controller 

The results of the experiments shows that the games evolved using the individ-
ual entertainment metrics in isolation were either too easy for the controller to 
learn, as in case of diversity, duration, challenge evolved using rule based control-
ler and usability and diversity evolved using ANN based controller, or too hard as 
in case of usability for rule based controller and duration and challenge for ANN 
based controller. Same goes for the randomly initialized game rules which were 
learned by the controller in only 63 iterations. In contrast the game rules evolved 
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using combined fitness function (both based on rule based and ANN based con-
troller) were neither too hard nor too easy and lied between the two extremes.  

9   Conclusion 

The work presented in this chapter is focused on two primary questions: how we 
can measure the entertainment value of a computer game and how we can auto-
matically generate entertaining games using computational intelligence tech-
niques. For this purpose we used two different genres of games as our test bed 
which are, board based games and predator/prey games. Based on different  
theories of entertainment in computer games we identify different factors that con-
tribute towards entertainment in each genre of game.  In the process we have pre-
sented some metrics for entertainment which are based on duration of game, level 
of challenge, diversity, intelligence, and usability. These metrics are combined in 
a fitness function to guide the search for evolving the rules of the game.  

Further work needs to be done to make the proposed entertainment metrics 
more generic so they can automatically cover more types of computer games. The 
automatic game creation approach can be applied to other genre of games like 
platform games, real time strategy games and many others. Some other direction 
could be to use co-evolution where one population tries to evolve the rules and 
other tries to evolve the strategy to play on those rules. In the context of enter-
tainment metrics in our case the four fitness criterion are linearly combined, an al-
ternate would be use of multi objective genetic algorithm for this purpose. There 
may be a study conducted on effect of the type of controller being used for evolu-
tion process. It will be interesting to see if different types of controllers producing 
entertaining yet totally different types of games. The idea of measuring entertain-
ment and automatic generation needs to be extended to other real world applica-
tions. One such application could be developing strategies for wars. 
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Glossary of Terms and Acronyms 

ANN: Artificial Neural Network  
Chromosomes: One individual of the genetic algorithm population representing 
one complete game 
ES: Evolutionary Strategy  
Fitness function: the objective of the evolution process  
GA: Genetic Algorithm 
Learnability: The duration in number of steps an artificial intelligence based con-
troller takes to learn a game 
Piece of honour: A piece in a board based game having the highest priority and 
whose absence will make relevant player loose the game   
Search space: The total scope of the game rules which will be used to evolve new 
games. 
Software agents: the artificial intelligence based controllers to automatically play 
the game 

Appendix I 

Piece 
No Movement Logic Step Size

Capturing 
Logic

Conversion 
Logic 

1 L Multiple Step Into 6

2
Diagonal Forward & 

Backward Single Step Over 5
3 All Directions Multiple Step Into Nil
4 Straight Forward Multiple Step Into 1
5 Straight Forward Multiple Step Over 2
6 All Directions Multiple Step Over 3

Piece of Honour 5
Mandatory to Capture No  

Fig. 22 Rules of game 1 and pieces board positions 

Piece 
No Movement Logic Step Size

Capturing 
Logic

Conversion 
Logic 

1 L Single Step Over 1
2 Diagonal Forward Single Step Into 3
3 Diagonal Forward Single Step Over Nil
4 All Directions Multiple Step Over Nil
5 Straight Forward Multiple Step Into 2
6 All Directions Single Step Into 1

Piece of Honour 5
Mandatory to Capture Yes

 

Fig. 23 Rules of game 2 and pieces board positions 
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Piece 
No Movement Logic Step Size

Capturing 
Logic

Conversion 
Logic 

1 L Multiple Step Into 5
2 L Single Step Into 2
3 Straight Forward Multiple Step Over 3
4 Straight Forward Single Step Over 5

5
Diagonal Forward & 

Backward Single Step Over 3
6 Diagonal Forward Multiple Step Over 3

Piece of Honour Nil
Mandatory to Capture Yes  

Fig. 24 Rules of game 3 and pieces board positions 

Piece 
No Movement Logic Step Size

Capturing 
Logic

Conversion 
Logic 

1 All Directions Multiple Step Into Nil
2 All Directions Single Step Over 1

3
Straight Forward & 

Backward Multiple Step Over 5

4
Diagonal Forward & 

Backward Multiple Step Over 2
5 Straight Forward Multiple Step Into 6

6
Straight Forward & 

Backward Single Step Into 6

Piece of Honour 5
Mandatory to Cap-

ture
No

 

Fig. 25 Rules of random game and pieces board positions 


	Evolutionary Algorithms towards Generating Entertaining Games
	Introduction
	Our Contribution

	Background Work
	Board Based Games
	Video Games

	Theories on Entertainment
	Search Space
	Board Based Games
	Predator/Prey Games

	Structure of the Chromosome
	Board Based Games
	Predator/Prey Games

	Fitness Function
	Board Based Games
	Predator/Prey Games

	Software Agents
	Random Agent
	Agent Using Min-Max with Rule Based Evaluation Function
	Agents for Predator/Prey Games

	Experiments
	Board Based Games
	Predator Prey Games

	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




