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I.  ABSTRACT 
 
This paper describes the research done in the field of evolutionary computation, which 
focuses on the issues of subjectivity in evolutionary design processes, exploring its potential 
and constraints in terms of aesthetics and creativity. It provokes questions about what should 
be the right balance between the role of a designer and the role of a computer in the design 
process, in order to reflect designer’s aesthetical preferences on the one hand but also allow 
for novelty and surprise on the other hand. Is computation a catalyst or a limit of the 
designer’s creativity? 
 
Keywords: aesthetics, genetic algorithm, creative evolutionary design, subjectivity 
 
 
II.  INTRODUCTION 
 
Principles of evolution have long been used in order to develop optimization tools, what has 
become one of the main branches of evolutionary computation. Evolutionary design that 
aims at optimization, usually deals with well-defined problems- those, that can be codified as 
objective, more or less complex fitness functions. The challenge appears when the problems, 
which are to be solved using evolutionary computation methods, are problems of subjective 
nature, as for instance aesthetics. How can we codify aesthetics? How can we implement 
subjectivity into automated, computerized design process? Moreover, how can we integrate 
the designer’s aesthetical preferences into the design process in such a way, that it does not 
limit the range of possible solutions, but still allows for innovative, surprising results beyond 
human imagination? Can a machine replace the designer? 
In order to find answers for some of those questions, we did a research project with several 
experiments that implement different degrees of subjectivity into the design process. I will 
explain those experiments briefly in the following parts of the paper, trying to describe 
different achievements and problems that I encountered while developing the evolutionary 
algorithm.  
 
 
III.  HYPOTHESIS 
 
The hypothesis says, that nowadays, considering recent advancement of contemporary 
computational processes, we should be able to construct an intelligent designing machine, 



that would be capable of recognizing the designer’s aesthetics and in the same time 
augmenting human imagination by proposing valid solutions that we would never think of. 
 
 
IV.  RESEARCH 
 
1. Concept  
The aim of our research was to explore the potential of computation in creative evolutionary 
design by testing how can we deal with subjective problems such as aesthetics and 
innovation. Since we were interested in investigating the possible applications of 
evolutionary algorithms in the field of architecture, the subject of our exploration had to be a 
3-dimentional form, so that we could evaluate its spatial qualities, even if very simple.   
The initial idea was to compare three different experiments, one being a simple genetic 
algorithm, the seconed one being a genetic algorithm with human selection, and the third one, 
the most complex one with the machine-learning process that would learn aesthetics based on 
the choices that were made. However those initial assumptions have changed a bit during the 
process (because of the time constraint we did not manage to get to the third experiment), but 
also many other intriquing aspects appeared, which I’ll mention below. 
 
2. The first population  
The first challenge was to define such a rule to generate population of shapes, that would 
always create closed figures (in order to be able to evaluate their spatial/architectural 
qualities, to be able to talk about the interior, exterior and volume), but in the same time to 
allow for variation and differentiation. 
 

 
 
Pic.1 – Random population of shapes made out of 6 double-curved surfaces each (left 1a) and 
12 flat ones (right 1b) 
 

 
 
Pic.2 – Rules for generating the first population of shapes 
 



Starting from a cube, I came up with a solution that would create a shape made out of 6 
double-curved surfaces based on 8 vertices (pic.1a). Each of those vertices would have its 
own zone within which it can be randomly positioned (pic.2). In that way, the shapes will 
never intersect themselves and there will always be some space in-between. However, since 
all of them turned out to look in a very similiar, shapeless manner, we decided to replace 
each of those double-curved surfaces with 2 triangular ones, what enriched them with more 
expression and different aesthetic qualities.(pic.1b) 
 
3. Basic genetic algorithm with objective fitness function  
In order to create next generations, the crossover function and a very basic objective fitness 
function – the biggest volume, were added. The crossover was exchanging the vertices of the 
parent’s shapes in 3 different ways: 4 upper from one parent with 4 lower from the seconed 
one, 4 right with 4 left ones, and finally 4 front with 4 back ones. In that way we could 
achieve bigger variety then just by simply mixing then in the same way. (pic.3)  
 

 
         
Pic.3 (left) – Crossover, Pic.4 (right) –Basic genetic algorithm with objective fitness function 
  
Because of the time constraint and technical difficulties, I decided to fix the amount of 
shapes that will survive in every generation to 3, what automatically established the amount 
of elements in every generation as 18 (3 x 6). Later on it turned out to possibly be a limitation, 
but at that moment it was enough for the purpose of our research. However it was easily seen 
in that basic example, that the populations were becoming alike very soon, already around 5th 
generation. (pic.4) This was happening because no random factor was introduced yet and all 
the possibilities depleted  very fast.  
 
4. Introducing mutation  
In order to provide bigger variation of solutions and allow the evolutionary process to run for 
a longer time searching for appropriate results, the mutation was introduced. For the purpose 
of the experiment, the mutation was changing the position of two vertices defining the shape. 
The user could change the percentage of the probability deciding whether mutation will 
happen. The evolutionary algorithm was now able to run for a longer time creating wider 
range of solutions, however it seems to me that still there are a lot of improvements and 
experiments that could be done in that part, as for instaqnce being able to mutate all the 8 
vertices. At the moment the mutation moves the vertices randomly within a certain range 
according to its previous position. What could be also done, is to let them move randomly, 
however then another problem appears – the problem of intersecting faces. They would need 
then to recognize the zones from the very first generations and move randomly within those 



areas.  
Developing the mutation mechanism seems to me now a much more significant improvement 
for the future then the limitation of the amount of the  chosen elements described in the 
previous chapter. By introducing more of the random factor, the algorithm would generate 
much more variations and therefore would run for a longer time. By doing this it would 
check much more possibilities and fully use the advantages of evolution principles. 
 
5. Introducing human selection  
 

 
 
Pic. 5 – The selection procedure 
 
The key concept of our research, that deals with aesthetics, was implemented into the 
algorithm by introducing human selection. Since I was developing the script  in Rhino, which 
has lots of advantages in terms of building geometry, but does not allow for real-time 
interaction with the user, another solution had to be found for that interaction to happen. I 
numbered all the shapes in every generation and introduced a messagebox asking in the 
middle of the process to choose the one that the user likes the most.(Pic.5) It turned out to be 
quite convenient, because it is possible to rotate the view and zoom in and out in the 
meantime, so the user can see in detail all the solutions. 
 

 
 
Pic. 6a (left) - Genetic algorithm where 2 choices are made by the computer and 1 by the user, 
Pic.6b (right) – 1 choice made by the computer and 2 by the user 
 



We also experimented with the ratio of the solutions chosed by the computer and by the user 
(so that the user could choose either 1, 2 out of 3 shapes, Pic.6a, Pic.6b). Obviously, the more 
choices were made by the user the more similiar the result was to them. I could easily 
recognize in the final population the features of the shapes that I was choosing and usually I 
also liked the results.  However it has to be taken into account that all the shapes were very 
basic, what makes it difficult to talk about more complex aesthetic features. Moreover, it is 
hard to judge the novelty since the codified rules remain also very simple.  
Another important aspect is the tiring factor, inseparable from human selection. If the user 
has to choose even 2 shapes in every generation, he/she becomes very soon bored and tired, 
unable to pay the same attention to the process as in the beginning. Therefore very usefull 
seems to me partly automation of the selection process. If the user has to choose only every 
20th generation and the other choices makes for him the computer, the algorithm would run 
faster and much more effectively. 
 
 
V. CONCLUSION  
 
The accomplished research did not provide an unequivocal answer, whether a computer can 
replace the designer or not, however it has outlined the range of problems and issues related 
to that subject-matter. Evolutionary computation can certainly play a significant role in the 
creative design process, however the challenge remains in the aspect of how to use its 
potential in order to enhance and enrich our skills and capacities instead of limiting our 
imagination and design abilities. The above described project, although very simple, shows 
that it is possible to implement into evolutionary design not only the objective desires, but 
also the very personal, subjective ones. However the rules driving design in this example 
remain very simple and therefore are limiting the final outcome. Because of the subjective 
nature of aesthetics, it is very difficult to structure and frame its features, but the more 
precision and time we spend on defining those rules, the more accurate our algorithm will be. 
Later on we could add another levels of complexity, as for instance the machine learning 
process, in order to rationalize the algorithm. 
Nonetheless, because of the complexity and multidisciplinary character of architectural 
designs, the very important issue in my opinion is the fact that it is impossible to create one 
algorithm that would control the design from the early conceptual stage until the end product. 
A much more reasonable approach seems to me finding a right balance between what can be 
done by the computer and what by the designer and intertwining those two in the most 
effective way, so that everything that can be automated can be delegated to the machine, 
while all the linking, organizing and thinking job remains the role of the designer.     
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