
 
 

 

  

Abstract—AI in computer games has been highlighted 
recently and the importance of game platforms that support the 
investigation of various kinds of AI techniques increases. In this 
paper, we developed a real-time simulation game called 
‘Conqueror’ for providing with a better AI game platform to 
many AI researchers and applied it to produce a neural NPCs 
with layered influence maps. The layered influence map 
algorithm is used to analyze the situation in terms of 
distribution of influences between friends and enemies, while 
the neural network is adopted as a basic representation of the 
NPC. The experiment has been conducted with various factors 
and verified the usefulness of the proposed game platform. 
 

I. INTRODUCTION 
Inexpensive yet powerful computer hardware and 

advanced graphics technique have made it possible to enlarge 
computer game genre. One of them is real-time strategy 
simulation games. A good artificial intelligence (AI) on 
RTS-games means a series of interesting decisions. But most 
of the research focused on games that can be described in a 
compact form using symbolic representations such as board 
and card games. Recently, many AI technologies are applied 
to design NPC’s behaviors of the RTS-game. One of them is 
Neural Evolution (NE) [1]. This approach is particulaly 
well-suited for video games. NE works well in the high 
dimensional space, diverse population can be maintained as 
individual networks behave consistently, adaptation can take 
place in real time, and memory can be implemented through 
recurrency [2]. RTS games include Starcraft, Dawn of War, 
Supreme Ruler, Earth 2160, and Age of Empires. Players are 
given cities, armies, buildings, and abstract resources such as 
money, gold, and saltpeter. They play by both allocating these 
resources to produce more units and buildings, and by 
assigning objectives and commands to their units. Units carry 
out player orders automatically, and the game is usually 
resolved with the destruction of other players’ assets [3]. 

In the paper, we propose a strategy generation method 
using influence map. An influence map (IM) is a grid placed 
over the world, which has values assigned to each square 
based on some functions which represent a spatial feature or 
concept. Influence maps evolved out of work done on spatial 
reasoning within the game of Go and have been used 
sporadically since then in games such as Age of Empires. 
Influence maps combine together to form spatial decision 
 
Sung-Bae Cho is with the Department of Computer Science.  Yonsei 
University, 262 Seoungsanno, Sudaemoon-ku Seoul 120-749,  
Korea(phone +82-2-2123-3877 ;email : neogates@sclab.yonsei.ac.kr) 
Sung-Bae Cho is with the Department of Computer Science.  Yonsei 
University, 262 Seoungsanno, Sudaemoon-ku Seoul 120-749, 
 Korea(phone +82-2-2123-2720 ; email : sbcho@cs.yonsei.ac.kr) 

 

making strategies. The IM function could be a summation of 
the natural resources present in that square, the distance to the 
closest enemy, or the number of friendly units in the vicinity 
[3]. 

II. BACKGROUND 

A. Related Work 
The part of interpretation of the current situation is very 

important in order to generate the optimal strategy for 
realtime strategy games. There are various techniques for 
situation analysis. C. Ong [4] attempted to evaluate situations 
of Chinese Chess by expressing the location of the horses on 
the whole map with numbers. This method enables to identify 
all the factors making influences on the game by reading the 
whole situation. This is appropriate for a method that each 
object has no autonomy and that a small number of object 
adjustments is carried out with central control. However, for a 
case that the influence one object makes on the whole game is 
small as there are many objects in the game, the strategies to 
be taken by the object find more chances that the information 
of the whole game is not necessary, and rather unnecessary 
information may force excessive computation resources and 
interrupt with an optimal strategy adoption. 

S. Lucas [5] used the situation information of the map in 
the Pac-Man game after selectively collecting and processing 
them. An expert system should be utilized to effectively use 
data . As more parts are tuned at the development stage, it 
leads to more overhead and trials and errors become 
mandatory in order to find effective encoding.  

 

B. Influence Map 

Interpretation of the current situation is very important in 
order to draw out the optimal strategies for real-time strategy 
games. IM shows overall reverse relationships of the game 
and is useful for strategic evaluation and decision-making 
based on the current game status. An Influence map is 
comprised of multiple layers superposed on the geographic 
expression of the game map as shown in Figure 1, and each 
layer represents various variables of the game. When an agent 
carries out a certain decision-making, the whole or parts of 
these layers are put together along with appropriate weights to 
make into a map. Values constituting the map indicate an 
approximate degree of suitability of the relevant position of 
the game map for decision making at present [3]. 
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Weighting and summing the influence layers to attain a 

final set of desirability value is advantageous as it is a 
relatively simple approach. Moreover, it is fully transparent in 
that the developer knows exactly how and why it makes its 
decision, as these parameters have been set by hand. However, 
this method of calculating the desirability value has certain 
limitations. 

First, the developer needs to choose which layers are 
relevant to the decision that is being made. This might seem 
like a simple task, but it is often difficult to know exactly 
which factors an expert is considering when making a 
decision, such as an expert game player choosing which 
location to attack. Therefore, the process of choosing the 
relevant variables that need to be considered for the decision 
is a matter of trial and error. As a result, the process is time 
consuming and might mean that useful and important 
information is left out. 

Second, when the chosen layers are summed together, it is 
possible that important information might be lost. For 
example, consider a situation in which the AI has units in a 
certain cell that are adding a positive influence, while the 
human player has units in the same cell that are adding a 
negative influence. When these opposing influences are 
added together they cancel each other out, and it seems as 
though there are no units adding influence in that cell. 
However, the information that both forces have units in this 
cell could be quite important to a strategic decision, but by 
simply adding them together it can go unnoticed. 

Third, finding the correct weighting for each layer for each 
decision is also a matter of trial and error, and as such can 
require a great deal of tweaking to get right. The only way to 
find a suitable set of weight is to guess initial values and then 
hand-tune until the AI seems to be behaving reasonably [6]. 
In order to overcome such limits, in this paper, behavior 
evaluation is conducted for a case of considering each 
variable only by separating situational variables, and behavior 
strategies that would satisfy all the variables as much as 
possible after considering weights by variables of values 
evaluated are sought after. This is because the weight is not 
identical in terms that all the situations have influences on 
strategies selection.  

In this paper, we adopt the evolutionary method using the 
genetic algorithm to generate behavior systems that are 
accommodated to several environments. The chromosome is 
encoded as a string that represents a weight of neural network 
that determine behavior of agent as shown in Figure. 4. The 
crossover, mutation operations and the roulette wheel 
selection are used to reproduce a new population. The 
crossover and mutation of neural networks are shown in  
Figure. 5. In crossover, we first choose two individual and 
replace those parts of them. In mutation, we select a part of 
the network and replace with new values. As repeating this 
process, we can get improved strategy of  behaviors. 

 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

Fig. 4. Chromosome of NN Encoding 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5. Genetic Operation 

V. EXPERIMENT AND RESULT 

A. Experiment 

Operator used for the genetic algorithm was designed with 
50 individuals, 0.7 of cross-over rate, and 0.15 of mutation 
rate with roulette wheel selection.  

Situational variables of LIM were divided into the status of 
buildings and status of troops, and the weight given for troops 
was 0.8, and that for buildings was 0.2. The value of the 
position where the biggest influence of the friends is 5, 1 point 
to be deducted for each fall while the value of the position 
where the biggest influence of enemies is -5, 1 point to be 
added for each fall. Where the influences of friends and 
enemies are overlapped, the total sum of each influence is to 
be established. Evaluation is based on how effectively the 
game progresses against the system of random strategy 
selection. Based on the status of buildings and the status of 
troops used for LIM, grade (A) is produced. This grade, not 
evaluated as an absolute value, but the relative grade has been 
figured out (1) by comparing with grades of the system of 
random strategy selection (B). This means the dominance rate 
of the game. 
  The feasibility has been verified by comparing strategy 

performance generated by utilizing LIM like this with 
strategy performance generated by utilizing general IM. 

 
Fitness = A / ( A + B )                                    (1) 
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