






Abstract  

 
This thesis has developed an interactive system that uses an evolutionary algorithm 
incorporating an artificial neural network for improving the aesthetic appeals of design. 
The artificial neural network allows the system to generalise user preferences by learning 
the implicit relationship between the evolved design solutions and the user evaluations.  
 
Evolutionary algorithms are usually used as optimizers for searching the best solutions to 
specific problems by imitating the adaptive processes in nature. These algorithms must, 
however, rely on predefined objective functions called fitness functions, in order for the 
system to converge on the optimal solution. The formulation of the fitness functions is a 
major bottleneck in the application of these algorithms in design domains. 
 
In recent years, evolutionary algorithms have been used in computer aided design 
systems for generating desirable images or 3D forms. These systems use human 
subjective evaluations and selections instead of objective fitness functions to control the 
evolution, and they are referred to as the Interactive Evolutionary Systems (IES). An IES 
is capable of generating and evolving large numbers of alternative designs as well as 
finding the optimum design. In an application, a designer is continuously required to 
interact with the system by making evaluations and selections of the designs that are 
being generated and displayed on a computer screen.  
 
However, the IES approach involves a process which may become unendurable and 
exhaustive for several reasons. First the limited size of a computer screen allows only a 
small number of candidate solutions to be displayed, evaluated and selected by the 
designer. Second, due to fuzzy nature of aesthetic evaluations, evolution is usually a 
mutation-driven and divergent process. Third the evolutionary process is time consuming 
due to limited speed of ratings and interactions. The convergent mechanisms typically 
found in standard Evolutionary Algorithms are more difficult to achieve with IES. In an 
IES, optimisation gives way to exploration due to the open ended nature of the 
algorithms. 
 
To address this problem, the thesis proposes an approach to use a neural network in 
conjunction with an IES to obtain a smoother, less erratic evaluation function than what 
would be the direct result of user’s individual choices. A designer comes to interact with 
the evolutionary system and makes evaluations and selections. If the designer’s aesthetic 
preference is consistent, the seemingly erratic user selections may have certain 
consistency and tendency. The designer’s selections are recorded and the artificial neural 
network is thereby able to approximate implicit correlation between evolving designs and 
the designer’s responses. This allows a canonical evolutionary process to run with much 
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larger population samples to get a good distillation of designs that the designer most 
likely prefers. This process is called “capturing user intent”. The approach supports a 
design paradigm which consists of iterative cycles of interactive evolution and intent 
capturing, as the intent of the user may not be exactly captured in a single try. 
 
The neural network for the approximation is a kind of RBF network called General 
Regression Neural Network (GRNN). The approximation is a regression of aesthetic 
appeals conditioned on the corresponding designs.  
 
The basic idea for this framework is based on the assumption that learning behaviours 
exist in design processes. The inductive learning ability of human beings can generate 
and adapt designs based on past failures and successes, whilst in natural evolution the 
generation, reproduction and variation are blind processes. Therefore a learning 
mechanism in an evolutionary design process contributes to the formulation of aesthetic 
intent of a designer in terms of an approximated fitness function for shortening the 
tedious and lengthy process of human evaluation and selection involved in an IES. In 
such an approach, a balance is reached between exploration and optimisation, both of 
which are essential tasks of design and should be supported by computational power.  
 
The application for the implemented system focuses on parametric tuning activities of 
design. A prototype system for facial character creation is implemented in order to study 
the feasibility of the proposed new framework. The implemented system is interactive 
and it uses genetic algorithms for searching desirable 3D facial surface models. An 
intuitive interface with easy to use operations provides a basis for testing and evaluating 
the implemented system.  
 
Several experiments are conducted in order to verify the performances of the system 
implemented. The outcomes are analyzed and evaluated.  
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Chapter  

 

 

Introduction 

The use of computer based design tools has long become an established way
for designers at different stages of design process.  In real design practice
designer may wish to explore a large number of alternative concepts or fo
selecting the ones that best match the expectations of the designer or the req
the users. Researchers in the field of AI or Design have developed evolutio
systems, with which a large number of alternative design solutions can be evo
process similar to nature’s evolution. 
 
An evolutionary system used for optimizing a design solution needs a 
evaluation function for the control of the automatic search process. The co
design domains, however, makes the formulation of the evaluation functions
difficult, since design involves both qualitative and quantitative constraints
importantly, the success of a design is judged from many different perspective
for example, the aesthetic values of a design are difficult to measure. An e
system therefore requires the designer to stay with a lengthy and repetit
making decisions. The success in finding the best solution is usually opportun
 
To address the problem, this thesis proposes a framework which integrat
neural network with evolutionary system. It is believed that the designer’s inte
a desirable solution in an interactive evolutionary process can be captu
framework which utilizing the learning ability of the neural network.    
 
This thesis provides some theoretic discussion and initial experiments on how
the intent of design within an interactive evolutionary design system u
networks. The methodologies, system architectures, algorithms, system impl
experiences, visualization and interfaces of the implemented system, and ana
experiment results, demonstrate a new potential intelligent design tools.  
 
This chapter presents an overview of this thesis. Evolutionary algorithm
applications in design involving aesthetic evaluation are introduced at first
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problems of interactive evolutionary systems are identified. Consequently, a research 
proposition is presented and the main research objectives are specified. Finally, the 
research methodologies of the thesis are proposed. 

1.1 Evolutionary algorithms 
Many observations support the belief that biological systems can evolve to such a 
fantastically elaborate and elegant degree that nothing in the man-made world can match 
them in terms of complexity, performance and efficiency.  
 
In nature, a species evolves and adapts to its environment with a certain scale of 
population in a biological process. Each individual of biotic species has two related 
forms: genotype and phenotype. Genotypic form (chromosome) uniquely identifies each 
individual in nature. It consists of genes, i.e., the inheritance substance (the DNA) that 
triggers a growing process to unfold.  This process is called embryogeny and it defines 
how a genotype develops into a phenotype.  A phenotype is a fully developed organism. 
Variation of individuals or species results from crossover and mutation on the genotypes. 
These two operations make the viability of phenotypes in a population slightly, 
sometimes significantly, different. During the competition process, such as searching for 
food or avoiding the enemy in a natural environment, individuals or species who survive 
longer are likely to reproduce more productively than those who die early. This 
mechanism of natural selection gives those advantageous variations of genes more 
chances to spread in the population, transmitting the information to next generations.  
 

1.1.1 Evolution as an algorithmic model 

Since 1960s, scientists have been using evolutionary models and applying the ideas of 
natural selection, mutation and recombination in computational processes for optimal 
configuration of system design.  
 
Evolutionary algorithms imitate the real evolution in several ways. Charles Darwin saw 
in the diversity of species the principal operations of evolution for all the generations of 
population: variation, competition and selection. According to the theory of Universal 
Darwinism (Dawkins, 1983), all evolutionary phenomena must be cyclical processes 
which consist of three aspects: transmission (inheritance), variation and selection.  
 
In a typical evolutionary algorithm, a representation scheme (data structure) defines 
possible formations of the solutions to a problem.  A population of individual solutions is 
randomly created to form an initial generation. Then, an evolutionary cycle starts:  
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• Evaluation: Each individual is “trialled” by the “environment”, i.e., an 
objective function called fitness function that is specific to the problem being 
solved.  

 
• Selection: The fitness of an individual to the “environment” will determine 

its chance to survive the competition and to be selected as one parent of the 
next generation.  

 
• Reproduction: Offspring are produced using reproduction operators such as 

combination and mutation operating on the “inheritance substance” given by 
the parent.  

 
This cycle repeats until a pre-defined termination criterion is satisfied. The following is 
the process of an evolutionary algorithm presented in pseudo code. 
 
 

Evolutionary Algorithm 
{ 

Randomly initialize the first generation; 
Fitness evaluation; 
While TerminationCriteriaNotSatisfied 
{ 

Select parents based on their fitness; 
Perform evolutionary operations  
(recombination/crossover and/or mutation); 
Fitness evaluation; 

} 
} 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

1.1.2 Representation schemes 

Besides the algorithmic operators, an essential aspect of evolutionary algorithm is 
representation scheme, i.e., the data structure representing all the possible solutions for a 
target problem. 

 
The representation of a solution in an evolutionary algorithm must interface with two 
basic algorithmic processes: one involves evolutionary operations such as inheritance and 
variation. The other is for the performance evaluation process in the form of fitness 
functions.  

 
Most representation schemes define the solutions using different forms of data types and 
structures for different algorithmic operations used in the evolution.  In these 
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representation schemes, mapping or developing rules are attached to the algorithms for 
converting one data structure to another. Some other representation schemes use only one 
form of data to serve all the purposes, when in some cases, the solution data for fitness 
evaluations can be easily defined with the same representational terms as those for 
evolutionary operations. 

 
A general evolutionary algorithm has several classes which are mainly distinguished by 
their representation schemes: 
 

• Genetic algorithms (Holland, 1975) usually have two forms of representation 
for each individual. An abstract form of representation called genotype                        
consists usually of a binary bit string or a matrix. The other form of 
representation called phenotype is mainly used for fitness evaluation. A code 
scheme or a mapping scheme is required to decode and encode between the 
genotype and the phenotype. New individuals are reproduced by applying the 
crossover and mutation operators to the selected genotypic forms of the 
parent population. The crossover operator swaps the portions of the 
genotypes from the two parents. This produces two new offspring with 
genetic inheritance substance from both parents. Mutation is then carried out 
by randomly changing the character of a probabilistically chosen individual 
and its gene. Advantageous genes in the chromosomes increase generation by 
generation under the same selection criteria. 

 
• Evolutionary strategies (Rechenberg 1965, 1973; Schwefel, 2000) refer to a 

kind of evolutionary algorithm which uses vectors of real values to represent 
the data for both evolution and evaluation. Each component in the vector 
corresponds to a feature of an individual. All the operations exert directly on 
the real number vectors. The main reproduction operator in this kind of 
evolutionary algorithms is Gaussian mutation, in which a random value from 
a Gaussian distribution is added to each element of an individual’s vector to 
create a new offspring.  

  
• Genetic programming is another approach to evolutionary algorithms in 

which a solution is represented by a variable-sized tree of functions and 
values (Koza, 1992, 1994).  Each internal node in the tree is one of the 
available functions. Each terminal (leaf) in the tree is one of the variables 
with a coefficient. The root of the tree corresponds to the main function. 
Typically, each individual tree is an executable program. By calling the 
functions one by one in a leftmost and depth-first manner, the programme 
gives an output value for the fitness evaluation. The most commonly used 
operator in this approach is sub-tree crossover, in which two entire sub-trees 
as the parents of the offspring are swapped. Mutation is used to change the 
leaf nodes and the internal nodes. In a standard genetic program, all the 
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values and functions are assumed to return the same types of data for the 
fitness evaluation, although these functions may vary in the number of 
arguments they take. Genetic programming has been widely used as an 
evolutionary method for automatic programming. 

 
• Evolutionary programming (Fogel, 1963, 1995) is a minor variation of 

evolutionary strategy paradigm, which is specially devised for the evolution 
of finite state machines. In this paradigm candidate solutions evolve by 
mutating their state-transition diagrams. The representation scheme is 
symbolic. This method has been used to solve path-planning problems, 
training and design of neural networks, automatic control, gaming, and 
general function optimisation problems etc.  

 
The representation in an evolutionary algorithm is highly problem oriented. It is hard to 
generalise rules for selecting representation schemes when developing an evolutionary 
algorithm in an application.  
 
Genetic Algorithms (GA) are the most recognized and also the most widely used 
evolutionary techniques, since its representation schemes of genotype and phenotype are 
general enough to match various problems.  

1.1.3 Genetic algorithms 

The idea of genetic algorithms was introduced first by John Holland as a general model 
of adaptive processes (Holland, 1975).  
 
A genetic algorithm starts from the initialization of a population of strings at random; 
these strings are then converted to a population of functional forms; the performances 
(fitness) of those forms are evaluated for the first time; then the following cycle gets 
started: 

 
• Selection: Pick the parent strings from the population using probabilities 

proportional to the fitness of the strings. Genetic algorithms usually use 
probabilistic, nondeterministic selection rules. 

 
• Reproduction: Reproduce new strings using crossover and mutation. The 

crossover operator swaps portions of the binary strings from the two parents. 
This produces two new offspring inheriting genetic materials from both 
parents. Mutation is then carried out by randomly changing the bit at 
probabilistically chosen genes of the newborns. Crossover rate and mutation 
rate are constant during the evaluation and are decided on before the circle 
starts.  
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• Evaluation: Decode and evaluate each newly generated string. 
 

• Replace an equal number of strings in the current population or insert each 
newborn to them and then delete the most inferior ones. Some genetic 
algorithms generate only one new string at a time while others generate the 
whole new population at one step. 

 
In a parametric optimization problem, for instance, a potential solution to a problem is 
represented as an array of parameters which is called phenotype. Each parameter is 
encoded in binary form which is normally referred to as gene, with the values of the 
parameter as alleles. A collection of genes of an individual is often referred to as the 
genotype, or chromosome.  

 
More generally, in genetic algorithms, each individual in a population can be recognized 
by two related forms: genotype and phenotype. Thus, a code scheme is required to 
decode and encode between the genotypes and phenotypes. Genotype (chromosome) 
uniquely identifies each individual in the whole population whilst phenotype represents a 
solution to the problem in its original form. Genotype consists of genes, the inheritance 
substance transmitting the information between generations. Genetic operations such as 
crossover and mutation work on the genotype. In a genetic algorithm the fitness function 
is used to evaluate how good a solution is in terms of solving the problem. This is then 
used to determine how many chances there are for an entity to be bred based on a 
specified selection criterion. The fitness function uses phenotype as the input. 
 
The encoding scheme of genetic algorithm usually adopts a minimal ‘alphabet’ from 
which ‘words’ can be easily made up and modified. (In natural DNA, this alphabet 
consists of four different nucleotides: Adenine, Thymine, Cytosine, and Guanine 
(A,T,C,G). These are combined to make a long “word”, genes, chromosomes or a 
genotype, from which one can interpret the full physical features of an individual).  
 

1.1.4 Genetic algorithms as searching methods 

Genetic algorithms are often characterised as search systems for finding ‘optimal 
solutions’. Optimization relies on the advantageous genes in a population that have more 
chances to survive than others. In many cases, however, only a near optimal solution is 
possible and the task of improving the solution is thus characterised as a search problem. 
This idea of searching among a selection of candidate solutions gives rise to the concept 
of a search space (Wright, 1932; Newell et al 1967; Kanal and Cumar, 1988). 

 
The search space concept encompasses a notion of distance between candidate solutions. 
An algorithm for searching this space is considered a method for choosing which 
candidate solutions to test at each stage of the search process. In many cases the next 
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candidate solution to be tested depends on the results of testing the previous sequence of 
candidate solutions. Many algorithms assume that there are meaningful relationships 
between neighbouring candidate solutions, i.e., those close to each other in the search 
space. In the context of the search space concept, the idea of a fitness landscape comes 
into being for the description of a space in which similarities between entities are judged 
by their distances from each other. A fitness landscape is an explicit representation of the 
fitness scale values of the corresponding solutions in the search space.  It is referred to as 
a landscape because graphically the fitness values can form ‘hills’, ‘peaks’, ‘valleys’, and 
other features analogous to those found in physical landscapes. In the context of 
searching, the task of a system using genetic algorithm is to reach the highest peaks in 
this landscape. 

 
A large number of search algorithms have been developed by researchers in many 
different domains in an attempt to deal with all kinds of problems associated with search 
efficiency and completeness. Hill-climbing is one of the best known methods. This 
algorithm utilises heuristic information such as partial derivatives of the current point on 
the fitness function, to determine the next direction and the step size of the search. 
Iteratively it reaches a peak. However, such point-to-point search algorithms are 
susceptible to stagnation at local peaks and have difficulty in searching rugged fitness 
landscapes. In order to overcome this drawback, numerous parallel search methods have 
been introduced. Among them genetic algorithms are the most successful ones which are 
based on the intrinsically parallel process of natural evolution. As such they earned the 
reputation for being an efficient and robust type of parallel search algorithm suitable for 
certain types of complex problems (Schwefel, 2000). Genetic algorithms start from 
global views and gradually reduce their scopes into local areas of search spaces. 

1.2 Evolutionary design 
Design is a domain where evolutionary algorithms have been successfully used. The 
utilization of evolutionary algorithms as a way of finding an optimal configuration for a 
specific system in a design domain defines the term evolutionary design. Successful 
implementations and applications of evolutionary design systems in a variety of design 
domains have been highlighted (Bentley, 2000) and reported (Frazer, 1995b; Bentley, 
1999d, c, 2000b; Bentley and Corn, 2002; Dasgupta and Michalewicz, 1997). Bentley 
(2000) gives an overview of the applications of evolutionary algorithms in planning, 
design, simulation and identification, control and classification.  
 
Many researches have established an understanding of design process being considered 
and modelled as an information process in which knowledge about a product being 
designed is generated and evolved (Simon, 1981). For example, Gero considers that 
design process can be characterized as a goal oriented, constrained, decision making 
process (Gero, 1996). In this process, information (numeric, graphical and symbolic) 
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about the functions of the artefacts and the methods for manufacturing are created, 
modified and materialized.  

 
Design can also be regarded as a search for an optimal solution to a problem with a 
specific set of numeric or functional requirements. A search problem in traditional 
artificial intelligence consists of an objective, a search space and a search strategy. 
Evolutionary algorithms can be regarded as a type of search strategy incorporating an 
objective in terms of an evaluation criterion as part of the search strategy.  

 
Design involves a creative and complex process in which information, knowledge and 
even the design problem itself are constantly evolving as designers tackle the design 
problem and its possible solutions.  
 
Evolutionary design changes normal design practice; design tasks are formulated as 
exploration and optimisation problems that can be tackled by the application of various 
evolutionary algorithms. In this new practice, the process of design is formulated as 
computational cycles of generation-selection-adaptation in an evolutionary design 
system. In such a practice, formulating a design scheme or genes at the early stages of 
design process, in terms of design styles or aesthetics for the computer based system to 
generate and evolve large numbers of alternatives with unexpected or optimum final 
outcome, becomes an important task for the designer. In this formulation, computer based 
tools employing efficient exploration or optimisation algorithms for two fundamental 
tasks of designing, i.e., generation and optimisation can be better utilised. As more and 
more designers see the benefits of using evolutionary algorithms to solve many design 
problems, a field of evolutionary design has emerged (Frazer, 1995).  
 
Two basic categories of evolutionary design systems can be identified clearly based on 
whether the emphasis is on optimisation or exploration. In other words, there are mainly 
two types of evolutionary design systems, one emphasises adaptability whilst another 
focuses on creativity, both of which are essential elements of design and innovation. 
 

Optimisation 

An evolutionary design system is seen as an optimisation system if the task of such a 
system is concerned with the objective of evolving design solutions based on well 
defined parameters with quantitatively measurable evaluation. A reliable and precise 
evaluation function is a key for final optimum results.  Examples of this kind of 
evolutionary system exist (Rasheed, 1998; Rasheed and Davison, 1999; Dasgupta and 
Michalewicz, 1997; Caldas, 2001, 2002). 
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Exploration 

In computational terms exploration can be performed in a more loosely defined search 
space. It suits more to model design as an exploration at the early stage of design process 
which focuses on the generation of new concepts or structures. At this level of detail, 
there is less demand on predefined problem structure or constraints formulating a design 
problem and its solutions. The representation of an artefact can be based on a under 
constrained form with less precision and detail than in the case of optimisation.  
 
In an evolutionary design representation, the phenotypes in an explorative process are 
typically quite general, capable of representing large numbers of alternative 
morphologies (Bentley, 2000). The objective in this process is not concerned only with 
finding a single and global optimal solution to the problem using computational power, 
but rather, it seeks to generate a number of alternatives, without completely giving up the 
goal of finding the optimal ones. 
 
Conceptually, some believe that while optimisation relies on a more restricted 
representation, exploration is less restrictive therefore it gives room to be more creative. 
To form a creative exploration process within an evolutionary design system, a 
representation with a high degree of freedom on variables and relaxed constraints is 
needed. 
 
Examples of evolutionary algorithms used in design applications for exploration are 
many (Frazer, 1990, 1992; Graham et al., 1993; Frazer et al., 1995b; Bentley, 1996; 
Rosenman, 1996b, a, 2000; Baron et al., 1997, 1999; Coates et al., 1999; Frazer et al., 
2000; Rosenman and Gero, 1999; Sun et al., 1999, 2000; Von Buelow, 2002; Jackson, 
2002; Bentley and Wakefield, 1997; Funes and Pollack, 1999).  
 
These systems are also called creative evolutionary systems. Although there is a general 
view that computers can never be creative (Boden, 1992), some suggest that a certain 
degree of creativity can be achieved with the participation of a designer. Such creativity 
is judged by whether a new solution to a problem derived by a computer based system 
has been defined within the scope of the original representation or not (Gero, 1990).   
 
Design is seen by some as a knowledge depositing (constraints adding) process on a 
developing form. For the same design target, the less the prior knowledge the design 
possesses, the more explorative the design tends to be. 

 
In evolutionary design emphasizing optimisation, a knowledge-rich encoding for the 
problem is usually used (Bentley, 2000). That is, a solution is parameterised and its 
values demand high precision. Evolution is used as a way of fine-tuning the parameter 
values within that parameterisation, which embodies slight differences for the solution in 
a constrained set.  
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In evolutionary exploration, a knowledge-lean representation is used (Bentley, 2000). 
The goal is to identify less preconceived solutions in a less constrained search space. In 
practice, the adoption of an explorative approach to evolutionary design is also largely 
due to the fact that in the evaluation of a design solution, a desired accuracy is difficult to 
reach (Bentley, & Wakefield, 1997).  

1.3 Interactive Evolutionary Systems 
Artificial selection refers to selective breeding in the evolutionary process, carried out by 
a designer or a user interacting with the process, to produce a desired evolutionary 
response. In a biological world, humans have used artificial selection to breed specific 
types of dogs, pigeons, crops, and flowers. In a population of those species, the 
individuals that exhibit desirable traits are selected and bred to create offspring with 
similar inherited features.  
 
When evolutionary algorithms are used to evolve designs involving artistic and aesthetic 
evaluation, a strategy of Artificial Selection is usually employed. This is because in 
artistic and aesthetic domains, an objective selection method called natural selection 
requiring a quantitative fitness function is difficult to define. Artificial Selection is less 
demanding than natural selection for a precise fitness function, since this strategy relies 
on designers who can interact with the evolutionary process to make the selections. 
 
Evolutionary systems employing an artificial selection strategy are called Interactive 
Evolutionary Systems (IES). In general any evolutionary system requires the interaction 
of a designer or a user to a large extent, but in the context of an IES, interaction 
particularly refers to the activity that users have to perform in making evaluations and 
selections in the process of evolution. 
  
A number of IES have been implemented in the domain of graphic, media art and 
industrial design for the generation of desirable images or forms (Bentley 1999). Design 
problems in these domains rely heavily on the judgment of a human being to evaluate the 
results requiring aesthetic judgement and a good understanding of the context of the 
design.  

 
IES applied to aesthetic domains was first demonstrated by Dawkins (1986, 1989) in his 
program for evolving artworks called “Biomorphs”. Following this work, many people 
also devised their own evolutionary systems using artificial selection. Examples of such 
systems include evolutionary art systems, which are becoming popular, and some of them 
are already available as art packages (Todd and Latham, 1992; Frazer 1999, 2001; Sim 
1991; Rowbottom, 1999; Bentley, 2002).  

 
The systems with mechanisms to support design explorations are sometimes called 
Creative Evolutionary Systems (CES), which is a term introduced by Bentley and Corne 
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(2002). Pioneering work on using computers for creative architectural design was done 
by Frazer (1995; 2002). More and more evolutionary algorithms and systems are being 
embedded into the applications of industrial designs, visual arts and media arts. Most of 
the prototype systems have managed to play a creative role by generating novel, 
unexpected solutions.  

 
In these applications, most of the systems generate and evolve images or forms, and 
employ a similar interactive interface for a user to view and rate aesthetic visual appeal of 
the individuals in each generation (Bentley 1999). A small population of visual 
representations (phenotypes) decoded from a string of bits (genotypes) are displayed on 
the computer screen. The next generation is produced by mutation from one or several 
genotypes whose phenotypes are considered preferable by the users. The process 
continues until a desirable phenotype is found. Chapter 2 will give a more detailed review 
of those systems with their applications in solving artistic and aesthetic problems. 

1.4 Problem identification 
An IES usually has a very big solution space with an explorative search strategy adopted, 
because a desired accuracy is difficult to reach in evaluation of a design solution. It is 
guided by an artificial selection rather than a “natural selection” mechanism. The use of 
natural selection requires an objective fitness function, which is difficult to define 
quantitatively in some application areas.  
 
The consequence of using an artificial selection mechanism in an IES is that subtle 
convergence commonly achievable in conventional evolutionary systems for optimization 
becomes undermined. An IES tends to evolve in a loosely controlled and interactive 
process, with the convergence on a single search result being diverted. 

1.4.1 Convergence of conventional evolutionary algorithms 

Convergence is a benchmark for optimization when using evolutionary algorithms in 
design or other applications. The purpose of using an evolutionary algorithm in a design 
or engineering application is to perform search activity for a successful and efficient 
convergence on a global optimum solution defined within a solution space. In this regard, 
a major difficulty one might encounter is premature convergence, which misleads the 
search and terminates the process without finding the overall optimum.  
   

Premature convergence 

A commonly existing problem of canonical genetic algorithms is premature convergence, 
which is a phenomenon of convergence to a non-optimal solution. The symptom reveals a 
stagnation of an evolutionary process, loss of diversity of genetic resources, with the 
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individuals in the population becoming homogenous too quickly. In other words, the 
search process contracts its search scope too quickly to do enough global exploration.  
 
Evolutionary algorithms must elaborately control their convergence speed. On the one 
hand, steady convergence is needed in order to allocate more computing efforts to the 
promising areas of the search space. On the other hand, it is necessary to maintain a 
continuing exploratory capability in order to find new promising areas in the search space 
to avoid being trapped in local optima.  
 
The reasons for premature convergence include:  

 
• High selection pressure,  
• Small population, and, 
• Bumpy fitness landscape.  

 
A genetic algorithm uses the selection pressure and the size of population to control 
diversity in all populations. Interbreeding in a small population or under a high selection 
pressure immediately leads to premature convergence (Whitley, 1989). Here, selection 
pressure is an index of the unevenness of selection. Canonical genetic algorithms adopt 
some elaborate proportional selection schemes in order to ensure moderate selection 
pressure and reasonable convergence speed. A high selection pressure is the main reason 
for premature convergence, especially when the fitness landscape is rugged and the 
population is small.  

 
A common measure to avoid premature convergence is to use a relatively larger 
population size and low selection pressure. This measure, however, relies on increased 
computational resources. Allowing for species diversity, conventional evolutionary 
systems use some elaborated “natural selection” methods such as proportionate selection 
(De Jong, 1975), tournament selection (Whitley, 1989), and truncation selection 
(Goldberg, 1985) to reduce the selection pressure. These selection methods usually 
require well-defined objective fitness functions.  

 
Another reason for premature convergence is poor representation scheme, which wastes 
extra computational resources in finding the promising areas of the search space of a 
complex problem. In a conventional evolutionary design system, the size of search space 
needs to be reasonable in terms of dimensions and scales. A representation scheme for 
any evolutionary system must consider how effectively the defined search space is to be 
explored for the purpose of exploration and optimisation. 
 
A poor representation scheme also means increased complexity (bumpiness) of the 
fitness landscape. Therefore the representation scheme may enumerate the solutions in 
such a way that very dissimilar solutions may become too close to each other, making the 
search for better solutions harder.  
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The difficulty of local fine tuning 

The problem for local fine tuning inherently exists in evolutionary algorithms (Holland, 
1975; Michalewicz, 1996). Usually the main fitness improvement can be gained 
significantly at the beginning. Such an improvement, however, exponentially decreases 
as the process goes on. Genetic algorithms display inherent difficulties in performing 
local search for numerical applications because of the random nature of crossover and 
mutation operations.  

1.4.2 Convergence problems in IES 

The amendatory measures for convergence in conventional evolutionary algorithms are 
not available in IES. An IES possesses several problems: small population, 
uncontrollable selection pressure, instability and inefficient fitness evaluation.  

Bottlenecks of artificial selection 

The artificial selection process is simple but subject to fatigue. An IES using artificial 
selection differs in several ways from a general evolutionary system that has an objective 
fitness function to control the evolution:  
 

• Users’ fatigue tolerance: The fast computational speed of an interactive 
evolutionary process is poorly matched by a slow selection process of a user. 
As a result, a user gets tired of the repetitive evaluation and selection, usually 
several minutes into the process. 

 
• Small population: In terms of interface usability, the narrow view of a 

computer screen limits the population size that must be set in order to run the 
evolutionary algorithm. Especially in the application of 2D or 3D 
visualisation, only a small number of solutions can be displayed at a time on 
the screen for the user to evaluate and select. As a result, a small population 
size must be used and this may result in premature convergence (Renner, 
2003).  

 
• Sentimental evaluation: The nature of human aesthetic evaluation is 

qualitative, fuzzy and sometimes incoherent. A user may judge the same 
individual differently at different times. This inconsistency in the selection 
process involving a user over a certain period of time is inevitable as the user 
loses the threshold of evaluation judgment in the lengthy and cycled 
evolutionary process.  

 
• High selection pressure: Small population and inconsistency in evaluation 

result in deterministic and sometimes confusing selections. This pushes the 
selection pressure up.  
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Unconventional configuration  

Due to the bottlenecks of artificial selection method mentioned above, many IES’ 
employed an unconventional configuration of algorithms which are asexual breeding and 
mutation driven. 

 
Conventional evolutionary systems use crossover as a global search operator, and 
mutation as local search operator. As such, the selection pressure needs to be moderate to 
ensure the diversity of genetic materials evolved. The effect of crossover is to cover the 
whole space thoroughly and find out more potential areas before it is cornered in by 
selection pressure. A small population with a high selection pressure almost immediately 
leads to unavoidable premature convergence. Interbreeding within a small population 
under a high selection pressure dramatically converges toward homogeneity.  

 
This explains the reason why so many IES’ did not use the crossover operator. As a 
result, they demonstrate divergent search paths resulting from asexual breeding, 
mutation-driven and open-ended processes. 

 
Mutation-driven evolution is also commonly used in another kind of evolutionary 
algorithm, i.e., Evolutionary Strategies. These algorithms achieve convergence by using 
mutation adaptively based on the rate of fitness improvement. The approach is similar to 
hill-climbing search. However, it is difficult for an IES to use this approach. Usually, a 
fixed mutation rate is adopted. But if the mutation rate is small and the search space is 
large, then the search process may lose the global view of the search space, and as a 
result the system may be easily misled. The process is likely to become very time-
consuming and tedious for the user. 

 
Conversely, if the mutation rate is high, then the inheritance of the evolution may be 
broken. Potentially good results may be missed. A small population with a strong 
mutation force is unlikely to converge.  

 
In general it is difficult for an IES to find globally optimal solutions. The evolution in an 
IES takes a mysterious and winding path through the search space. The path may go 
around in circles. Occasionally such path may lead to a global optimal - but there is no 
guarantee for this to happen.  

 

 22



 
Figure 1.1 Left: Evolutionary algorithms achieve convergence by gradually reducing 
the search scope. Genetic Algorithms, for instance, use elaborated “Natural 
selection” method. The search scope is contracted gradually so that it covers the 
target area all the time without being misled and trapped. Evolutionary Strategies 
achieve this by adaptively reducing mutation step size based on the rate of fitness 
improvement.  
Right: For interactive evolutions, usually, a fixed scope is adopted. A search in most 
interactive evolutionary systems is easily misled to zigzag paths. Divergence is 
overwhelming in such a kind of system.  

 
 

The IES approach is typically used as a continuous novelty generator, but not as an 
optimiser (Bentley, 1998; 1999). An IES may arrive at a good solution by chance, but 
with no guarantee that potentially better solutions have not been missed in the process. It 
is therefore difficult for the evolutionary process to converge on optimum solutions in a 
subtly controlled manner. Bentley expressed the same view in his book (Bentley, 1999) 
which is quoted below 

 
 “… The evolutionary algorithm does not have to be complex. Evolution is 
used more as a continuous novelty generator, not as an optimizer. The 
artist is likely to score designs highly inconsistently as he/she changes 
his/her mind about desirable features during evolution, so the continuous 
generation of new forms based on the fittest from the previous generation 
is essential. Consequently, an important element of the evolutionary 
algorithms used is non-convergence. If the populations of forms were ever 
to lose diversity and converge onto a single shape, the artist would be 
unable to explore any further forms. Because of this, most Evolutionary 
Art systems do not employ crossover within their evolutionary algorithms. 
Typically only mutation is used, with all offspring being mutated copies of 
their parents (and often only a single parent is used per generation)...”  

 
If the search purpose of a designer or an artist is totally open-minded, then a system 
acting as a random generator might do well enough. But in design, this kind of 
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exploration does not necessarily mean a totally mindless search without a direction. It is 
usually directed towards certain conceptual targets or it is aimed at subtle local fine 
tuning. In these cases, the non-convergence approach will not serve the purpose of the 
designer well.  

 
In a design application, the heuristic knowledge accumulated by designers in the aesthetic 
evaluation and selection improves the understanding of the problem of design and the 
efficiency of solving it. In an IES, however, this knowledge is not utilised and the system 
continues the same process. Each new generation of evolution is simply a random 
variation from a number of selected individuals in the past generation. This problem of 
IES motivated the research in this thesis and the integration of a learning mechanism in 
an IES to capture the aesthetic intent of a designer for the improvement of the 
convergence without undermining its explorative ability.  

1.5 Research objectives  
CAD systems today provide graphic interface, scripting and mathematic expression to do 
many kinds of physical simulation and modelling in design. But, since they have less 
commonsense, inspiration, intuitive and associative thinking than designers themselves, it 
is difficult for these systems to develop concepts and make decisions to solve design 
problems, which are ill-defined. It is still too early for a computer to have the sense of 
aesthetics to perform a design evaluation task.  
 
This research is to develop a computational framework for interactive evolutionary 
design system that can be applied to aesthetic problems in design.  
 
The framework is aimed at solving the convergence problem of conventional interactive 
evolutionary design systems by speeding up the evolutionary process through a learning 
mechanism, in order to relieve designers’ exhaustive selection and evaluation in the 
process.  

 
Three main objectives are attached to the development, implementation and evaluation of 
this framework: 

 
• To close the loop of divergent exploration and convergent optimisation 

during an interactive evolutionary process. 
 
• To speed up interactive evolutionary process by capturing the intent of the 

designer and guiding the search quickly to desirable solutions, without 
undermining diversities in the explorative processes. 
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• To formulate empirical design knowledge for reuse. That is, to formulate 
basic aesthetic evaluation criteria using inductive learning in the process of 
generative and evolutionary design processes for future reuse. 

 
The first two are basic objectives of the proposed framework. The third objective points 
to a more general problem of learning.  The understanding established in the experiments 
carried out in this research might be essential to the further improvement of the 
framework 

1.6 Proposition  

1.6.1 Theoretic presuppositions 

This research is based on the following perspectives, which influenced the conception of 
the framework developed in this thesis.  
 

• There must be a certain consistency of correlations between visual forms and 
aesthetic appeal. The correlations reflect some aesthetic criteria from the 
designer (in designing desirable products) and from the user (in judging and 
selecting their preferred products).  

 
• In design, the intent of a designer drives the design activities, although such 

intent may be changed in the process. Aesthetic intent points to a certain 
desired visual form matching certain aesthetic criteria. The form possesses 
the most appealing visual characteristics for designers and customers. 
However, the aesthetic intent is usually a vague image in designers’ or 
customers’ mind. Design can be modelled as a process realizing the design 
intent by definitely configuring the visual form. 

 
• Design is a motivated adaptive process in which inductive learning from past 

successes and failures plays an important role in regeneration and 
modification of design solutions. This is an essential difference to natural 
evolution in which reproduction relies largely on accidental variations.  

 
Schon (1982) suggested a thinking model of professional practitioners called “reflection-
in-action” other than a traditional model called “technical rationality”. “When someone 
reflects-in-action, he becomes a researcher in the practice context…He reflects on the 
phenomena before him, and one prior understanding which have been implicit in his 
behaviour. He carries out an experiment which serves to generate both a new 
understanding of phenomena and change in the situation.”  
 
Schon’s model partially comes from his observations on architecture design behaviours:  
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“Designer cycles through iterations of moves and appreciation of the outcomes of 
moves…He spins out a web of moves, subjecting each cluster of moves to multiple 
evaluations drawn form his repertoire of design domains…Detecting and correcting 
errors in his own performance…Designers learning from iterations of moves which lead 
them the re-appreciate, reinvent and redraw, the fundamental structure of inquiry... 

They need engage in a conversation with the situation they are shaping. They are 
likely to find new and unexpected meanings in the changes they produce and to redirect 
their moves in response to such discoveries… 

Finally zero in on a scheme which acquires the commitment.”  
 
From Schon’s description, it can be drawn that design is an iterative learning process. 
Designers discover from tentative exploration whose results are only dimly apparent in 
the early stages of the process.  
 
The new approach of Interactive Evolutionary design proposed in this thesis, in a sense, 
matches the model of “reflection-in-action” which came from real design practice. It will 
be embodied in the proposed new framework of evolutionary design system. 

1.6.2 Enhanced Interactive Evolutionary Design System (EIEDS) 

In order to overcome the difficulty of convergence in an IES, this thesis proposes a 
computational framework which incorporates artificial neural networks into an IES in an 
aesthetic domain of design. The system implemented based on this framework is named 
Enhanced Interactive Evolutionary Design System (EIEDS). The EIEDS enhances 
convergence by using a neural network as an inductive learning mechanism for capturing 
designer’s intent. The intent is captured by formulating designers’ aesthetic evaluation 
and selection in the form of an approximated fitness function. The approximation is a 
regression of aesthetic appeals conditional to the corresponding phenotypic visual forms.  

 
The EIEDS utilises a traditional IES not only as a design explorer but also a user 
preference sampler. All the explored designs and their user responses are collected for the 
neural network to learn. Learning is approximating the aesthetic fitness landscape from 
the discrete data accumulated during the exploration process. The learning 
(approximation) mechanism of the neural network helps to identify the potentially 
desirable forms that the designer is seeking and to infer users’ aesthetic preferences.  
 
The initial concept of the system framework consists of two major parts: an interactive 
evolutionary design system and a learning system using artificial neural networks, as 
illustrated in Figure1.2. In Figure 1.2, the shaded block linked by the dash lines between 
the newborn generation and artificial selection represents an introduction of an alternative 
route for fitness evaluation using an artificial neural network, in an IES.  The introduction 
of this new route provided increased flexibility in evolutionary control, and better 
performance in convergence to optimal solution, with no added complexity to the system 
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or burden to the designer, since the designer’s initial interaction with the system in 
exploring design creates the data for the neural network to learn.  

 
The right part of the Figure 1.2 depicts the learning process of the artificial neural 
network. After learning a certain number of cases of interactive evolution, the surrogate 
fitness function of the neural network can automatically guide the evolution towards the 
direction of designer’s intent.  
 
According to the Schon’s model of ‘refection in action’, designer preference or intent is 
usually not so clearly formed at the beginning. And naturally, the neural network may not 
be able to precisely capture designer’s preference in a single try with little possession of 
observed data. Therefore, the EIEDS provides a new paradigm of heuristic and 
interactive evolution design in which a designer can iteratively switch between 
interactive evolution and intent capturing mechanism using Artificial Neural Network, 
until the most desirable point in a solution space the designer intends to is captured by the 
system. The artificial neural network keeps learning inductively from accumulating 
interactivities. As a result, iteratively inferring of user preferences or intent may 
accelerate and improve the process of interactive evolution in terms of convergence.  
 
The implementation of the proposed framework involved several technical problems, 
these include:  

• system platform, interface for problem parameterization and visualization,  
• efficiency in the representation scheme for 3D geometric and spatial data,  
• Neural Network structuring and training methods,  
• Proper configuration of evolutionary algorithm, etc. 

 
The solutions to these technical problems will be described in the remaining chapters in 
this thesis in detail. 
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Figure 1.2: The proposed system architecture consists of two major parts: an 
interactive evolutionary design system and an inductive learning system using 
artificial neural networks. The left section depicts a conventional evolutionary 
process driven by artificial selection. The shaded blocks on the right hand side of the 
diagram are the modules of the artificial neural network. 

 

1.7 Contribution and significance  
Most of the computational design tools developed so far are mainly focused on design 
visualization. As our understanding of design process and design thinking improves, 
computational supports to designers must therefore move beyond today’s passive tools 
towards more active and conscious environments. Many critical issues need to be tackled 
in order to develop better tools for designers, which are readily suited to the creative 
users’ mentality.  
 
The emerging new paradigm of IES supporting designers in a more reactive way have yet 
to be developed. This thesis contributes to the field of interactive evolutionary design in 
the following ways: 
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• The framework developed in this thesis provides a promising approach to 
support the generative and evolutionary design process.  

 
• The thesis develops a new way for linking optimisation and exploration 

within an interactive evolutionary design process. With a neural network 
based learning mechanism for capturing designer’s intent, the convergent 
ability of the system is enhanced. 

 
• The formulation of the relationships between visual forms and aesthetic 

evaluations allows designers to blend forms with flexibility in compromising 
a number of different aesthetic intents. 

 
• The development and experiment of prototype EIEDS lead to a direction for 

developing new computational design systems for exploring a wide range of 
visual forms in industrial design. The systems will be more congenial to the 
mentality of creative designers. 

 
 

As a whole, this research may lead to a new ‘user-centred design’ approach to building 
intelligent design tools in which consumer preferences can be directly used to design the 
appearance of a product at the conceptual design stage.  
 
With the framework developed in this thesis, it is possible to record and learn from 
customer’s reactions to various given example designs and concepts, and then to pass the 
control to consumers for them to evolve their own desirable results. For example, by 
displaying a collection of forms and asking consumers to evaluate them in terms of 
certain aesthetic feeling, it is possible for the system to capture this knowledge and 
generate new results which strongly display desired characteristics evoking the same 
aesthetic response. 
 
The proposed framework is implemented with a prototype system. The system and the 
experimental results provide a good basis for further research in the field. 

1.8 Research methodology  
This research follows a research paradigm that includes three key stages: 
conceptualization, implementation and evaluation. 
 
The conceptualization stage includes: 

 
• Problem identification and clarification, 
• Case studies and theoretic generalization and abstraction,  
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• Theoretic modelling, hypothesis and presumed solutions, 
• Theoretic verification using deduction and/or induction. 

 
This project seeks to solve the convergence problem of interactive evolutionary systems. 
The reasons for the problem have been carefully identified. The convergent mechanism 
of genetic algorithms has been analyzed in detail in order to understand of the nature of 
the difficulty in interactive evolutionary systems’.   

 
Propositions of a theoretic system framework incorporating a learning capacity into an 
interactive evolutionary system are therefore presented. 
 
Most common methods adopted by other researchers in this area are reviewed in 
comparison with the approach proposed in this thesis. Due to the probabilistic nature of 
learning and dynamic online requirements in this case, a specific model called general 
regression neural network is proposed. Its advantages over other models are verified at 
both theoretic and practical levels. 
 
The implementation stage includes system realization and evaluation. An interactive 
evolutionary system employing genetic algorithms is developed for facial character 
design and more general design problems that seek desirable shape, texture, colour tone, 
lighting, etc.  
 
Experiments are conducted to verify the performances of the implemented system. The 
outcomes are analyzed. 
 
 

1.9 Overview of thesis 

This thesis has nine chapters: 

Chapter 1 is this introduction, which outlines the whole research background and themes.  

Chapter 2 (Interactive evolutionary systems) gives a review of related research and recent 
development in interactive evolutionary art and design.  

Chapter 3 (Aesthetic intent of design) presents the basic proposition of this thesis. After 
introducing aesthetic aspects of design and demonstrating traditional approaches to 
exploration and selection following certain aesthetic intent, some approximation (learning) 
approaches to surrogate fitness functions using artificial neural networks are proposed. 
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Chapter 4 (System architecture) gives an overall description of the system architecture 
and technological details of the implementation.  

Chapter 5 (Representation of forms) classifies efficient representation schemes of 
geometries in interactive evolutionary systems and describes the representation strategy 
used in this research. 

Chapter 6 (Artificial neural networks in EIEDS) provides a theoretic analysis of neural 
network based learning. How the GRNN and RBF network proposed in EIEDS are 
deduced from general probabilistic theory is described. 

Chapter 7 (Parameter setting of GA) analyzes the convergence mechanism of genetic 
algorithm in detail and suggests several basic algorithmic configuration guidelines for the 
EIEDS. 

Chapter 8 (Experiments) reports on the results obtained from two experiments conducted 
in this research.  

Chapter 9 (Conclusion and future work) presents the findings that form the basis of the 
contributions of this research and provides several issues for further research in this area. 
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Chapter  

 

 

Interactive Evolutionary Systems

This chapter presents a review of interactive evolutionary systems for generat
tuning art work, product design and architecture. 
 
Interactive Evolutionary Systems (IES) differ from other evolutionary system
IES adopts an artificial selection strategy which requires the interaction of a u
system throughout the whole evolutionary process. Animals and plan
vegetables, fruits, cats, dogs, pigeons, corps, livestock etc. have long been
bred by humans for better functional or visual characteristics. In a populati
species, the individuals that exhibit the desirable traits are selected and bred
reproduce and improve these traits.  
 
The successful application of artificial selection in the domain of computer a
demonstrated by a biologist (Dawkins 1986, 1989). Dawkins implemented
which used genetic algorithms for evolving a form of tree in a system called “
“Biomorph” was developed as a 2D mutating drawing programme, and it w
demonstration showing that computers can be used to evolve artistic wor
spaces. Following this idea, many interactive evolutionary systems for art cr
been developed. Sims (1991) used genetic algorithm and genetic progra
constructing images and solid models. His research systematically demonstr
typical evolutionary art systems. Todd and Latham (1992) developed their 
called Mutator which used a simple descriptive language for representing the
for construction.  
 
Some researchers have adopted interactive evolutionary systems to the desig
generate and optimize design solutions. Interactive evolutionary systems w
first by researchers involved in architectural design. Frazer (1995) pioneered 
in evolutionary architecture by adopting genetic algorithms as powerful gen
adaptive techniques for architectural form creation and visualization. Nishino
(2000) proposed the use of interactive evolution in 3D modelling with an 
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enhance users’ ability to create inventive shapes. This system was intended to support 
novice users with little knowledge and experiences of 3d modelling, through an 
interactive evolutionary system. Soddu (2005) developed a system named “Argenia” for 
evolving architectural and product forms with representation and transformational 
algorithms of artificial DNA and a strategy of visionary variations.  
 
Parmee (2000; 2002) proposed to use Interactive Evolutionary Design System (IEDS) 
supports the conceptual stages of engineering design. His Interactive evolutionary 
system, however, is beyond the scope of the discussion in this thesis, as the interactivity 
in his system has nothing to do with Artificial Selection. He believes that, during these 
early conceptual stages, design problem may relate to search and exploration across a 
poorly defined space. The search may be guided by multi objectives which are likely to 
be ill–defined and their relative importance is uncertain. Therefore, he proposed to use 
off-line data analysis and visualization tools during an evolutionary process and 
interactively redefines both the variable and objective space relating to the design 
problem. Such redefinition may refer to the inclusion or removal of objectives, changes 
concerning their relative importance or the reduction of variable ranges. In order to get 
the best compromise, designers can interactively determine the relative importance of 
multi-objectives (multi evaluation criteria or functions). The redefinition of the variable 
space is based on the sensitivity of the objective functions to variation of the parameter 
values. By visualizing high performance regions on each hyper plane of the space, these 
variables with less significance will be replaced from future search effort with constants. 
The inspirable idea of Parmee’s work is that the data recorded from past evolution can be 
analyzed to adapt future evolution. 
 
This thesis focuses on evolutionary systems driven by Artificial Selection. The criteria of 
selection simply are formulated as a single objective function and the solutions of the 
problem are supposed to be well defined in a multivariable space. 
 
In the first section some typical interactive evolutionary systems are reviewed based on 
their innovative representation methods. In the second section, some cases of 
evolutionary design systems are introduced and studied. 

2.1 IES representation methods 
Koza (1990) once pointed out that 
 
“Representation is a key issue in genetic algorithm work because the representation can 
severely limit the window by which the system observes its world ……,”  
 
In the applications of computer art and design, attempts were made in finding different 
representation schemes for dealing with complex forms and structures. Rowbottom 
(1999) provides a detailed review of the functionalities of many of these evolutionary 
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systems. Many successful evolutionary systems developed so far all had innovative data 
structures. The data structures define a set of potential solutions to a targeted problem and 
determine the algorithm’s capacity and efficiency for exploration and optimization.  
 
In general, a good representation in an evolutionary design system must make 
compromises between completeness and algorithmic efficiency. Completeness requires 
that a representation must cover as many possible the solutions to the target problem so 
that the solutions with more desirable characteristics can be found and fine tuned. 
Algorithmic efficiency requires that a representation must be valid and compact to allow 
the implementation of simple but efficient search operations. These two requirements 
sometimes conflict with each other but they are equally significant in determining the 
essential quality of an evolutionary process.   
 

 
Figure 2.1: The basic cycle of an evolutionary algorithm requires that different 
representations are used by two basic algorithmic processes. One is for evolutionary 
operations (the block labelled with ‘genetic operator’), the other is for fitness 
(performance) evaluation. 

 
Most representation schemes in evolutionary systems usually use two or more forms 
(data types and structures) to represent a solution with certain decoding rules in between 
the forms. Different forms of the representation serve different algorithmic purposes. 
genetic algorithms, for instance, have two basic representations: genotype and phenotype. 
Genotype is suitable for genetic operations whilst phenotype is suitable for fitness 
evaluation. Genotype is usually an alphabetic string structure. For computational 
efficiency, simple formatted short strings with minimum number of alphabets are 
preferred to the complicated longer ones with large alphabets.  
 
A decoding process is necessary for a representation scheme when the structure of 
evolvable genotype codes needs to be transformed to the final screen-output forms. 
Figure 2.1 illustrates the link between the internal representation for genetic operations 
and the external representation for visualisation and evaluation. 
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However, in a design application, a representation for a design solution, such as a product 
form with geometric and functional constraints, needs to be knowledge intensive and 
informative. Such a representation must reflect a reasonably defined search space in 
which solutions can be explored and evaluated by the users, without encountering too 
much noisy data or invalid solutions.  As illustrated in Figure 2.1, the representation for 
fitness evaluation called phenotype needs to be more problem specific to allow easy user 
interaction. The phenotype is domain dependent and can therefore be significantly 
different. In any such representations, encoding and decoding procedures are needed for 
the computer system to perform transformations between the genotype and phenotype.  
 
Is there a possible representation that eliminates the differences between genotype and 
phenotype? If the answer to this question is yes, then it would be possible to have a 
uniform representation for all kinds of evolutionary systems. In reality, this is desirable 
but difficult. For example, in travelling salesman problem, a path through all the cities 
can be represented by a string of symbols which represents those cities. Any valid path is 
a permutation of these symbols. This representation is straight forward and easy to 
evaluate, and at the same time it is also compact and complete. However, it is difficult to 
use canonical crossover and mutation operators. Because with this representation, if one 
candidate solution is mutated to produce a new solution, or two candidate solutions 
exchange bits for crossover to produce two new solutions, then the results might become 
invalid with paths that make no sense. In this case, specially devised operators have to be 
introduced. The use of new operators for transformations between visualized solutions 
and their internal computational representations usually introduces new complications 
that make an evolutionary design system less efficient than expected (Michalewicz 1996).  
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Figure 2.2: Representations used in evolutionary systems can be classified by two 
dimensions. 

 
As illustrated in Figure 2.2, the representations used by various kinds of evolutionary 
systems can be classified by two dimensions: The first dimension has two extreme ends: 
direct mapping and procedural developing.  Interactive evolutionary systems, depending 
on the complexity of their decoding mechanisms, can be placed along this dimension 
between the two extreme ends. The second dimension has two extreme ends: parametric 
and symbolic.  

 

2.1.1 Direct mapping 

Many interactive evolutionary systems adopt a simple one to one mapping for the 
transformation of genotypes to phenotypes. For example, a binary string may be used to 
represent the structures and dimensions of a room. In an extreme situation, a bit in the 
string may directly represent a brick on the wall of a room.  

Parametric approach 

Within the direct mapping approach, parameters can be floats, doubles, binaries, Boolean, 
integers and so on. For example, a black and white bitmap can be represented by a binary 
or Boolean matrix. The genetic algorithm uses a one to one mapping to transform the 
genotype to phenotype, with each bit in the genotype defining whether a corresponding 
pixel in the bitmap is black or white. Similarly, a 3D binary (Boolean) matrix can directly 
define a brick house, with each bit representing a filled or empty spatial grid (Voxel).  
 
Many evolutionary systems use a string of parameters to define a 2D or 3D model in 
which a fairly simple linear mapping function can be used. A representation of genotype 
with a fixed number of genes may be created to represent a candidate solution that is not 
significantly different from the representation of the phenotype. A simpler type of 
decoding function can be used. This representation has been extensively adopted in 
evolutionary systems for numeric optimizations such as parametric design tuning and 
generative concept creation. For example, a model of constructive solid geometry with a 
cluster of primitive forms can be modified by changing the coordinates, sizes, rotations 
and Boolean states of the primitive forms.  

 
Bentley (1996, 1999a) developed a generative evolutionary design system, called 
GADES (Genetic Algorithm DESigner). In GADES, forms can be defined by assembling 
solid primitives. The system creates forms by placing a number of primitives in the space 
relative to the global origin. The position and shape of each primitive is controlled by 
nine float point parameters ranging from -256.000 to +256.000, which in encoded format 
are represented as nine 16-bit binaries. Each genotype consists of a variable number of 
primitives. A solid model is created by decoding the parameters in the genotype and 
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placing the primitives independently from one to another. A more detailed introduction of 
this system will be presented later in this chapter.  

 
Graham et al. (1993) (see also (Frazer, 1995b, p. 61)) developed a system that used 
genetic algorithms to optimise the performance of racing yacht hulls, in which a set of 
parameters is used to represent curved surfaces of yacht hulls. The curves of the hulls 
profile were defined by a set of control points. The program interactively generates 
alternative yacht hulls by varying the coordinates of control points. Figure 2.3 shows the 
images generated by this system. 

 
 

 
 

Figure 2.3: Tuning of yacht hulls using a genetic algorithm, from Frazer (1995b, 
p.61)  

 

Symbolic approach  

Symbolic representation is a kind of enumeration. A solution is configured by some 
enumerating variables and each variable has several states represented by an alphabet of 
symbols. For some symbolic combinatorial problems, a direct mapping is also preferred. 
In feature based modelling systems using CSG primitives, for example, a hierarchical tree 
can be mutated by replacing a feature element predefined in a list. Mitchell (1977, p. 34-
35) presented an example of generating alternative designs for domestic windows. In his 
example, the object of a window is divided into five types of elements: frame, glazing, 
opening system, privacy system, and sun protection system. For each type of element, an 
alphabet of symbols representing alternative elements is defined. In order to generate the 
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design of a window, one element for each element type is selected from the predefined 
alphabets. For instance, one possible window design might consist of a steel frame, a 
single pane glazing, a vertical sash opening system, drapes for the privacy system, and 
exterior louvers for the sun protection system.  
 
A limitation of this symbolic representation is the difficulty in maintaining the 
independent relations between the elements arranged along the string of alphabets.  If the 
choice (or change) of one element in one location affects the choice of another element in 
another location of the string, then it becomes difficult for the genetic operators to 
perform crossover or mutation. In the applications involving complex data, such as in the 
case of design application, to maintain such independence is difficult. A typical example 
is the permutation problem, as explained in the above example of travelling salesman 
problem.  
 
The apparent advantage of this representation strategy of direct mapping is that design 
solutions are relatively easier to imagine and predict from their internal representational 
formats without needing complex transformations or interpretations. 

2.1.2 Procedural development 

In addition to the representation of direct mapping from genotype to phenotype, a large 
variety of alternative representations with procedural development methods have also 
been developed by researchers, ranging from fractal equations to recursive development 
rules using constructive solid geometry (Todd and Latham, 1992). These representations 
are useful for creating different visual styles.  
 
Some generative and evolutionary systems have a procedural pipeline which consists of 
complicated decoding processes for transferring the information contained in genotypes 
to the pixels that can be displayed on computer screens. For example, in ‘Biomorph’, 
Dawkins (1986) used a representation scheme named “L-system” which is 
mathematically expressed as a recursive developing process. In this representation, a 
fixed number of genes represents the numbers and angles of the L-system branches, and 
creates several 2D forms of insects, as shown in Figure 2.4.   
 
There is a tendency in evolutionary art systems that procedural representations with 
unfixed structures become more popular than other types of representations. This is 
because in art applications it is necessary to allow the evolutionary process to vary basic 
structures of the solutions, such as changing the number of construction rules or primitive 
shapes. It is also widely believed by researchers that this can increase the ‘creativity’ of 
the system. With a more complex mapping (decoding) procedure, one can achieve an 
amplifying effect on the diversity of phenotypes, because a slight variation of genes can 
generate significantly different phenotype features.  
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A system dealing with complex natural forms usually prefers procedural representations 
to direct mapping methods, because more complex decoding operations can be performed 
in a procedural and sometimes nonlinear development process in order to achieve the 
diversity in the final screen-output forms.  
 
Bentley and Kumar (2002) replaced the simple one to one mapping from genotype to 
phenotype with a process called “embryogeny”. This term refers to a growing process 
derived from the instructions given by the genetic materials in the initial data. Such a 
process allows the development of more compact and generative and flexible 
representations for the genotype. Using this method, the genotype and even the 
phenotype does not necessarily represent the solution itself, but the elementary 
components and the specifications from which a solution can be constructed. Bentley and 
Kumar stated that: 
 
“A natural embryogeny is an inherently scalable process. Once evolved in nature, this 
growth process opened up the door to the evolution of every creature from fruit fly to 
blue whale (Bentley and Kumar, 2002).”   
 
Embryogenies can be used to define compact search spaces since they allow the 
construction of solutions incrementally from elementary components, contrary to a direct 
mapping representation in which the parameters or symbols must be directly mapped in a 
linear manner to the final configurations of the structures or the states to be optimized.  
 
Procedural representations need to be efficiently implemented in computer graphics 
applications for creating scenes and animations which have a high degree of complexity, 
especially when the procedural model itself is an evolvable embryogeny. A price that has 
to be paid for dealing with this complexity is that the users may lose the threshold in 
maintaining the control (fine tuning) of the final results. Procedural representations also 
have limitations because the details of the procedures must be conceived, understood, and 
designed by a human in advance.  
 
Sims (1991) concluded that there are two typical procedural representations for 
interactive computer graphics creations. The first is parametric optimization with fixed 
expression (or developing) rules. The second is evolvable procedural development, which 
is a symbolic tree representing a Lisp expression. This is also referred to as genetic 
programming and it was firstly proposed by Koza (1990). 

Parametric approach  

It is a well accepted concept in evolutionary art research that procedural models such as 
fractals and procedural texturing allow a user to create a high degree of complexity with 
relatively simple input information (Prusinkiewicz, 1995). One of methods for procedural 
structure creation involves a set of input parameters each of which has an effect on the 
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developmental process which assembles the structure. Several systems demonstrated the 
parametric approach to procedural representation in evolutionary systems and they are 
discussed in more detail here in order to get a better understanding of the technical issues 
involved. These systems are 
 

• “Biomorph” developed by Dawkins, 
• “Mutator” developed by Todd and Latham, and 
• Interactive Evolutionary System developed by Sims. 

 
Dawkins created “Biomorph” on his Macintosh to draw symmetrical Biomorphs. A 
biomorph is a drawing of simply branched tree.  The shape of a Biomorph is influenced 
by a set of parameters (genes), each of which has a value represented by a number. The 
evolution of the genes gives rise to an extraordinary variety of Biomorph shapes, because 
these genes control the branching factors including the angle and the length of the branch, 
as well a recursive process in which new branches grow from an existing branch. 
 

 

Figure 2.4: Examples created by Richard Dawkins. Safari park of black-and-white 
Biomorphs, bred with the ‘Blind Watchmaker’, a program written by Richard 
Dawkins to demonstrate how even simple selection could produce intricate 
apparently "designed" objects. (This picture comes from 
 http://www.simonyi.ox.ac.uk/dawkins/WorldOfDawkins-
archive/Dawkins/Work/Books/safari.gif) 
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By starting with a small population of random “Biomorphs” on the computer screen and 
then selecting whichever candidate appears most interesting, one can go through a 
Biomorph park full of trees growing from the initial data. The Biomorphs reproduce 
asexually and the newborn offspring carry random mutations. That is, their gene values 
differ slightly from that of their parents.  
 
Dawkins initially expected this program to draw only plant shapes such as bushes and 
trees, but then realised that the system was capable of doing much more than that. Trees, 
bushes, flowers, spiders, beetles, ants, butterflies, frogs, letters of the alphabet, rockets, 
and vases all became possible results.   
 
Todd and Latham (1992) got their inspirations from natural shapes and created their 
system using a selective mutation method in an evolutionary process, to iteratively breed 
forms. 
 
The initial concept for the “Mutator” system came from a system called “FormGrow” 
(Todd and Latham, 1992) combined with some of the features demonstrated in the 
“Biomorph” system (Dawkins, 1986). FormGrow is a modelling system developed by 
Todd and Latham (1992) which allows artists to generate three-dimensional forms. 
FormGrow constructs three-dimensional models of abstract organic forms using a set of 
growth rules. The basic growth process creates a compound form by duplicating a 
specified input form, which is an elementary shape designed by a designer. When the 
input form is duplicated, it is subjected to a series of translations and transformations as 
specified by a list of rules. For example, the ‘stack’ rule will stack the input forms on top 
of each other, while the ‘grow’ rule will scale the input form each time it is duplicated. 
The input form can either be a primitive shape such as a sphere, a torus, or a compound 
form. A simple scripting language allows the input forms and the translation and 
transformation rules to be specified. 
 
Sims’ system used parameters to describe fractal limits, branching factors, scaling, 
stochastic contributions, etc. These parameters are used by the interactive evolutionary 
system to generate three-dimensional tree structures consisting of connected segments. 
The growth rules used contain 21 genetic parameters and the hierarchical location of each 
segment in the tree structure determine how fast that segment will grow, and when it will 
generate new buds, and in which direction the new buds will grow. The tree structures 
grow in arbitrarily small increments in order to visualize a smooth simulation of the 
development process.  
 
Many systems in the domain of evolutionary art use L-Systems, a kind of fractal function. 
The book “The Fractal Geometry of Nature” by Mandelbrot (1975) provides a good study 
of recursive processes for generating complex objects using fractal functions. A fractal 
has statistical self-similarity at all resolutions and is generated by an infinitely recursive 
process. The growth process of almost all plants incorporates a repeated process of 
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initiating new branches, thereby creating a branching pattern. In smaller plants such as 
ferns, these branching patterns can be very regular. In 1968, Lindenmayer developed the 
formalism, the L-system, which is particularly intended to model plant growth.  
 
An L-system is a procedural rule representing a form of plant. Fractal and recursive 
forms are easy to describe with the L-system representation. L-systems can be used to 
generate complex forms consisting of a series of straight line segments that resemble a 
variety of natural ferns and weeds (Prusinkiewicz and Lindenmayer, 1990). The line 
segments represent plant modules such as internodes, apices, leaves and branches with 
different labels. The developmental rules may include variable numeric parameters, 
thereby allowing the gradual phenomena of growth to be modelled. For example, a line 
labelled stem may have a numeric parameter associated with it that defines its thickness. 
A transition rule may then specify that any line labelled stem should be replaced by a new 
line that is 5% thicker, also labelled stem. This would result in the line gradually 
becoming thicker with each time step, thus simulating the thickening of a branch. 
 
A typical system using L-system called “Lparser” was developed by Lapre. 
(http://www,xs4all.nl//~ljlapre/). Those kinds of production rules have since been 
extensively adopted by others for creating complex forms of nature in computers. 
 

Symbolic approach  

To deal with the problem of complexity, the information contained in a genotype of an 
evolutionary system cannot be limited to parameters or variables representing the 
structures or sizes of the form being generated. Sims proposed to include procedural 
information in the genotype instead of just parameters. In a symbolic approach, a set of 
Lisp functions as argument generators can be used to create arbitrary expressions which 
can be mutated, evolved, and evaluated to generate phenotype representations. Lisp is an 
AI based interpretative programming language in which functions and the arguments of 
the functions are evaluated in a unified manner.  

 
Sims applied genetic programming technique of mutating symbolic Lisp expressions to 
create images, solid textures, and animations. Genotype in genetic programming is a tree 
structure of symbolic expressions representing a procedural model. The length and 
structure of the genotype themselves are evolvable. Thus, images of high complexity and 
organic detail can be created from these genotypes by mutating and mating them.  

 
The number of possible symbolic expressions of acceptable length can be very large, and 
a wide variety of textures and patterns can therefore emerge. For example, the image 
shown in Figure 2.5 was created from the following evolved Lisp expression:  
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e 2.5: A procedural texture defined by symbolic expressions. (Sims, 1990) 

tomata are another example of symbolic representation and developmental 
r graphic construction. The basis of this construction is a space divided into 
ich is a sort of grid. Each of these cells has finite states. Starting from a given 
h a randomly initiated grid, the generation of new pattern is determined by the 
eighbourhood rules. The rules determine the new state of a cell based on its 
te and the current states of its neighbours. That is, each rule defines an 
 pattern and a consequent pattern.  

lest case, (see Figure 2.6) an antecedent pattern consists of the two states (on 
he centre cell and its two immediate neighbours in a row. A consequent pattern 

ply of the new state of the centre cell. For example, one rule might state that 
re cell is black and the cells to left and right of the centre cell are both white, 
 next step the centre cell will remain black. For this simplest one-dimensional 
ate cellular automata, there are a total of (2^3) possible antecedent patterns. As 
actly eight transition rules are required. Because each of these eight rules can 

two possible consequent patterns, there are a total of (2^8) 256 possible sets of 
igure 2.7 illustrates one possible result of this Cellular Automata.  
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Figure 2.6: A graphical representation of one possible set of 8 rules of one dimension 
automata. The centre cell and its left and right neighbours’ states determine the 
consequent cell’s state (below one). Redrawn from Flake (1998), The computational 
Beauty of Nature. p234.  

 

 
     

Figure 2.7: An example result of one dimension automata (Pascal's triangle). With 
one dimensional automata (i.e. one line) one can use the second dimension to 
represent time. Its development is displayed by stacking rows of cells created at each 
step, with time running down the vertical axis. For each generation, a new line is 
added below the former one. 

 
The first task for constructing cellular automata is to define the spatial structure of the 
grids, which is its number of dimensions, the disposition of cells and the type of 
neighbourhood determination. The second task is to determine the number of states and 
the transition rules. The total number of possible states can also be more than two. For 
example, one dimensional cellular automata can be created where each cell is in one of 
three states: white, grey or black. In this case, there are a total of (3^3) states, that is 27 
states. As a result, exactly 27 transition rules are required. Since there are three 
consequent patterns, this will result in a total of (3^27, 7.6 trillion) possible sets of 27 
rules (Janssen, 2005). This highlights another huge increase in complexity when the 
number of states increases. When the dimensionality of the grid and the number of states 
are both increased, the resulting increase in complexity can be far greater and difficult to 
manage, even with powerful computers. 
 
The mechanism of cellular automata was firstly proposed by John von Neumann. The one 
best known is that developed by John Conway, who in 1970 developed a set of transition 
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rules for a two-state, two-dimensional cellular automata that he called The Game of Life 
(Gardner, 1970, 1971). The Game of Life rules exhibit a range of complex behaviours 
and an immense amount of effort was spent in finding out the initial conditions that lead 
to repetitive or other interesting behaviour. Eventually a configuration, described as a 
breeder, was found capable of self-reproduction. The idea of cellular automata has been 
extensively adopted in genetic art and artificial life systems. 

2.2 IES in design applications 

2.2.1 Interactive evolutionary systems in design 

In the domain of design, interactive evolutionary systems were adopted first by the 
researchers involved in architectural design. Frazer adopted genetic algorithms as 
powerful generative and adaptive techniques for architectural form creation and 
visualization (Frazer, 1995). In his book named “Evolutionary Architecture”, Frazer 
illustrated various applications of genetic algorithms in the creation of unpredicted forms 
of architectures and their possible interactions with their environments (Frazer 1995, 
1996 and 1997). Furuta (1995) described an approach to quantifying aesthetic factors of 
bridge structure in an evolutionary design system using a representation called 
“psychovectors”. 
  
In the same design domain, Soddu developed a system named “Argenia” for evolving 
architectural and product forms with representation and transformational algorithms of 
artificial DNA and a strategy of visionary variations (Soddu, 1998; 2005).  
 
Recently, interactive evolutionary technique exhibited its potential in industrial design 
applications. Nishino and Takagi (2000) proposed the use of interactive evolution in 3D 
modelling with an interface to enhance the users’ ability in creating inventive shapes. 
This system was intended to support novice users with little knowledge and experiences 
of 3d modelling, through an interactive evolutionary system. Sato (2001) developed a 
tool-creating support system named “Interactive Design System using Evolutionary 
Techniques” (IDSET). This system supports the evolution of forms using a bottom-up 
design process during which primitive shapes are created first and then their 
combinations are evolved. In this system artificial selection is supported through an 
interactive interface.  
 
The application of genetic algorithms as one of the main evolutionary mechanisms in 
design is not straight forward. Researchers encountered various problems in terms of 
representing design data, controlling design process, and evaluating the outcomes, and 
developed methodologies and strategies for dealing with them. 
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The applications combine exploration and optimization, utilizing the strategy of artificial 
selection in order to incorporate users’ knowledge in evolution processes. Most of them 
suffer a bottle neck of speed and human fatigue inherent in artificial selection process. 
One of the main reasons for this is that the representations of 3D form in an evolutionary 
design system vary from problem to problem, therefore the design intent and evaluation 
criteria are difficult to formulate in traditional rule based way.  
 
The use of evolutionary search techniques allows computers to explore populations of 
designs in parallel and has shown to be highly successful in generating improved designs 
for a wide range of applications. Today computers are being used to evolve useful things 
from architecture or product, with a variety of algorithms and representations dealing 
with the problems from aesthetic or mathematic domains. A comprehensive review of 
evolutionary designs by computers has been given by Bentley (1999b; 1999d).  
 
Generally, the increased use of evolutionary techniques in design applications helps to 
achieve the purpose of improving computer based design systems in two important areas: 
design optimization and design exploration. This section gives a review of several design 
applications in which generative and evolutionary techniques are well used.  

2.2.2 GADES 

Bentley (1996, 1999a) developed a generative and evolutionary design system, called 
Genetic Algorithm DESigner (GADES). In this research, varieties of compact schemes 
for representing solid models were explored before a specialized representation was 
developed for the definition of 3D forms in an evolutionary design system by assembling 
solid primitives. The primitives were simple cubes that can be stretched orthogonally to 
form solids of any size. The cubes can also optionally be clipped by a plane. The clipping 
plane can slice part of a solid off so as to increase the variety of primitive shapes.  
 
The system creates forms by placing a number of clipped or unclipped primitives in space 
relative to the global origin. The position and the shape of each primitive are controlled 
by nine parameters that are encoded as nine 16-bit genes. Each genotype consists of a 
variable number of primitives. A solid model is simply realized by decoding the 
parameters in the genotype and placing the primitives independently from one to another. 
A collision detection method is introduced to avoid overlaps. 
 
The main input required from the user is an initialization file that specifies which 
evaluation modules are to be used to evaluate the evolved designs. 
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Figure 2.8: Examples of sports car designs at different stages of evolution. From 
(Bentley, 1996, p. 205) 

 
Bentley (1996, 1999a) tested his GADES using sixteen different design problems from 
different fields. These included the evolution of tables, heat-sinks, optical prisms, 
streamlined designs (train fronts, boat bowls, boat hulls, saloon cars, and sports cars) and 
two-dimensional floor plans for hospital layouts etc.  
 
Figure 2.8 is an illustration of Bentley’s work, with four sports car designs evolved at 
different stages of the evolutionary process.  The top left one represents a random design; 
the top-right one is the best design after 20 generations; the bottom-left one is the best 
design after 200 generations; and the bottom-right one is the best final design after further 
evolving the rear of the car. 
 
The contribution of Bentley’s work is the development of a simple but efficient 
parametric representation which is a direct mapping of initial data to the final solution 
space. This representation is flexible and generative. The evolutionary algorithm is 
encapsulated and connected with various application problems only via this standard 
interface. 
 
The system requires well defined fitness functions or other objective evaluation modules 
for the system to perform well. This requirement may be not feasible for complex design 
problems. GADES claimed to be able to consistently evolve designs without human 
intervention. In the example of car evolution, the car was optimized by pure physical 
requirements. This doesn’t match the real case of car design. To evolve designs to the 
satisfaction of a designer, he has to deal with all the structural knowledge and aesthetic 
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polishing as well. Aesthetic consideration is also important for concretization of a final 
form.  
 
Many other aspects — such as symmetry of the car, the diameter of the tires, the width of 
track and so on— have to be predefined by the user based on their experience not only 
technical rationality. For instance, the slope angle of the wind shield of car is a trade-off 
between at least two criteria: aerodynamic and ergonomic requirement (area of users’ 
view). The weights of the two requirements can not be simply equal and have to be 
determined by designers subjectively. 

2.2.3 Argenia 

Soddu used evolutionary techniques to generate objects from novel table-lamps to castles, 
and even to Picasso style three dimensional sculptures (Soddu, 1995). Argenia is a 
generic generative design system developed by Soddu (1997). Soddu stated that: 
 
“It is a computer program utilizing artificial intelligence to explicate the idea, capable of 
emulating electronically the processes of building scenarios, and of managing these 
scenarios in the manufacturing sequence.”  
 
The aim of Argenia project was to test the possibility of using digital manufacturing 
equipment available in factories to produce a series of personalized products. 
 
The designs in Argenia are realized through a series of generative procedures. The 
generative procedures are guided by the encoded ‘logic’ emulating the subjective 
procedures which designers normally adopt. In one of his examples of chair design, 
Argenia formulated the normal procedures of chair design, and represented this ‘logic’ in 
a hierarchical way, from the overall form to the details. 
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Figure 2.9: Chairs developed by Soddu’s Argenia design system have seemingly 
marvellous post-modern fashion.  (The picture comes from 
http://soddu2.dst.polimi.it/stoc_sed.htm) 

 
Soddu regarded the evolution of design as a ‘dynamic chaotic system’. That is, each chair 
is produced uniquely by this dynamic chaotic system. This is acceptable in the art 
community. However, it seems to contradict the effort of some who are involved in 
finding the potential of evolutionary techniques in addressing both exploration and 
optimization problems of design. In a more constrained context, the evolution of design is 
not all about random generation and variations. It is rather an inheriting development 
process during which constraints are satisfied and compromises are made. Argenia is an 
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imaginative system, in which the adaptative nature of evolutionary design following 
certain consistent criteria may need to be further explored and enhanced.  
 
One of the main contributions of Argenia is the formalization of design ‘logic’ as 
reprogramming actions, which can produce large numbers of alternative designs. Soddu 
also admitted that the only irreplaceable job for a designer in Argenia is interactive 
selection (artificial selection).  

2.2.4 Evolutionary architecture  

Frazer pioneered the research in evolutionary architecture and promoted the application 
of generative and evolutionary techniques in product design as well (Frazer, 1995). 
Frazer demonstrated in architectural application how evolution can generate many 
surprising and inspirational architectural forms, and what variety of novel and useful 
structures can be evolved. His methods often involved the use of components such as 
cellular automata, which were evolved and sometimes wrapped in surfaces to generate 
smooth exteriors. Several fundamental issues of evolutionary design are addressed by 
Frazer and his research groups. In particular, two important issues have been addressed: 
how to code a design in an evolutionary system, and what is the significance of artificial 
selection in design applications employing genetic algorithms. 

Coding a design 

The generative approach developed by Frazer (1974) requires designer to codify a set of 
design ideas. These encoded design ideas called concept-seeds can then be used by a 
computer program to generate alternative designs. In this approach, two types of 
information need to be encoded (formulated): first, a concept-seed needs to be codified 
for capturing a set of design ideas. Second, ‘growing’ rules need to be codified for 
developing a concept-seed into perceptible form.  Concepts are described in a genetic 
language which produces a code script of instructions for form generation. 
 
Then a wide range of design possibilities is explored by making small generative 
modifications to the rules and the seeds. Frazer (1974) suggested that:  

 
“Alternative strategies for cultivating the seed are automatically evaluated and the 

program adjusts itself on a simple heuristic basis to adopt those tactics which have 
proved most successful in previous attempts”. 

 
 This idea of a generative system with an adaptation mechanism depicts a paradigm 

of evolutionary design. Frazer (1995b, p. 65) further clarifies the approach as follows:  
 
“The evolutionary model requires an architectural concept to be described in a form 

of ‘genetic code’. This code is mutated and developed by a computer program into a 
series of models in response to a simulated environment. The models are then evaluated 
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in that environment and the code of successful model used to reiterate the cycle until a 
particular stage of development is selected for prototyping in the real world.”  

Artificial selection 

Frazer (1995) writes “…Where the selection criteria are less easily quantified or the 
criteria are more concerned with aesthetics or personal choice, then a technique of 
visual, judgmental or intuitive selection can be used. This technique is more analogous 
with artificial selection, which is the process used for breeding race horses, greyhounds, 
pigeons, cattle or any domesticated animal. A breeder uses their skill, experience and 
judgement to decide which animals to mate or select for breeding stock, and similarly a 
designer can use their experience and judgement to select genetic variants for further 
experimental development. This can be done by examining a 'population' of genetic 
variants which may be presented graphically and a selection made on the basis of visual 
inspection.”   
 
Frazer (1995) demonstrated an interactive evolutionary model through an example of 
yacht design. In it, evolution was driven by both ‘Natural selection’ and ‘Artificial 
selection’. Frazer (1995) stated that: 

 
“Natural selection’ can be used to optimise the quantifiable criteria whilst the 

process can be periodically interrupted to make a more intuitive decision or ‘artificial 
selection’” 
 
Two scores (one indicated by statistical and analytic information from the analysis 
program indicating functional performance and one from intuitive judgements on ill-
defined functional and aesthetic criteria) were incorporated into an overall assessment of 
a fitness evaluation to control the development of the generative program.  
 
Concerning ‘artificial selection’, Frazer (1995) also notes that solving problems with ill-
defined criteria using artificial evolution seriously limits the scope of problems that can 
be tackled. The reliance upon user interaction in artificial evolution limits the practical 
size of populations and the duration of evolutionary cycles.  
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Figure 2.10: An interactive wine glass design system developed by Chen K.H., my 
fellow PhD student, is a good example for parametric tuning problem using genetic 
algorithm. A profile curve is controlled by user via an interactive evolutionary 
process. A small population of visual representations decoded from a string of bits 
(genotypes) were displayed on screen. Next generation would be produced by 
mutation from the one or several genotypes whose phenotypic forms were preferable 
and selected. The process continued until a desirable result was found. 
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Figure 2.11: Rendering output of a single generation of the wine glass evolutionary 
design, a typical interactive evolutionary system. 

Summary 
This chapter has reviewed interactive evolutionary systems in creating and tuning art 
works, products and architectures, from which the following points can be summarized: 
 

• The review of different Interactive Evolutionary Systems reveals that IES’ 
provide a new paradigm to artists and designers working in digital environments. 
Most of the IES’ have to adopt a control strategy with artificial selection, which 
involves human subjective evaluations and selections. 

 
• The representation of design solutions in an evolutionary system is significant in 

terms of modelling and representing information in an efficient and 
comprehensive way. Typical interactive evolutionary systems can be classified 
according to the complexity in decoding processes involving different 
representation schemes. The detailed review and analysis of these schemes help 
to identify the appropriate representation scheme to be used in this thesis. 

 
• The analysis in detail of several evolutionary design systems gives a picture of 

the achievements in this research as well as the problems to be addressed.  
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Despite the success of those systems and methods reviewed, many questions remain 
unanswered. Should we use interactive evolutionary systems mainly as generative tools, 
instead of optimizers in an aesthetic domain? How can an unpredictable and stochastic 
method be more controllable by designers? Can we use ideas from other fields, including 
design behaviour itself, to increase the capabilities of our computational models? What 
kinds of knowledge are behind the designer and artist’s behaviour in seeking visually 
pleasing, plausible and perfect shape, texture, pattern or colour?  
 
With these questions in mind, the next chapter will present the propositions of this thesis 
in a context of formulation of aesthetic evaluation to support design decision making. 
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Chapter  

 

 

Aesthetic intent of design  

This chapter discusses several issues of aesthetics which are relevant to the
basis of this thesis. Then, the research propositions for design intent capturing
 
In developing a framework for capturing aesthetic intent of design, two quest
be answered:  
 

• The first is whether the aesthetic intent of design concerning what is a
excellent, can be understood and formulated in an information process

 
• The second is what kind of models can be used to capture the aesthe

design in order to support design decision making in an evolutio
system. 

3.1 General conceptions 
One of the main objectives of this thesis is to improve the process of IES in 
domain of design, by overcoming the difficulty of IES in converging to
solutions that best match the intent of designers.  
 
A framework, “Enhanced Interactive Evolutionary Design System” (EIEDS),
in this thesis in order to validate how the main objective is achieved. The inte
neural network with an interactive evolutionary system provides the technica
for capturing aesthetic intent of design.  
 
During an interactive evolutionary design process in the EIEDS, all the expl
alternatives and their evaluations done initially by a designer are collected fo
network to learn. This learning is for the neural network to form an exp
approximating the implicit aesthetic criteria of the designer as a new fitnes
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function. This process allows users to express their selection criteria with only a modest 
number of selections and then allows the system to induce good distillations of designs 
that the user most likely prefers.  
 
The proposed approach to improving IES is based on the following assumptions: 
  

• There must be a certain consistency of correlations between visual forms and 
aesthetic appeals. The correlations reflect the aesthetic criteria which determine 
what kinds of forms are designed by designers or selected by customers. 

  
• The aesthetic intent points to a desired visual form which possesses the most 

appealing visual characteristics for the designer. The aesthetic intent is usually a 
vague image in designers’ or customers’ mind. Design can be modelled as a 
process realizing the design intent by definitely configuring the visual form. 

 
• Design is an adaptive process with inductive learning from past successes and 

failures. This is an essential difference to natural evolution in which reproduction 
relies on accidental variation. In design, the trail and error approach is usually 
complemented by inductive learning in order to gain efficiency. The proposed 
computational framework is inspired from this idea. An interactive evolutionary 
process may possibly be enhanced by inducing and capturing the designer’s 
intent from his/her past evaluations. 

 
In the following sections, these assumptions are examined from several different 
perspectives. 

3.2 Classic views on aesthetics & design  
In a computer based design system, Aesthetic intent is difficult to represent or formulate. 
For example, intuitively, we all know that ‘beautiful’ can be used to describe an object or 
person, but it is difficult to identify the explicit attributes of beauty enabling us to design 
everything beautifully. 
 
Greek philosophers Plato and Socrates were among the first who attempted to define the 
term “beauty”. They considered objects of nature as being inherently beautiful and that 
beauty is inside an object. Beauty is generally regarded as an object property which could 
be defined by rules. A well known ratio, i.e., the golden section (approximately equal to 
0.618) is an example of a proportion that contributes to beauty.  
 
Numerous studies of aesthetics in modern psychology and neurobiology also showed a 
large degree of consistency in aesthetic preference among different people. Fechner 
(1876) was the first to apply scientific methods to the investigation of subject preferences 
involving the golden ratio. A clear preference for the rectangle with the proportion closest 
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to the golden ratio was observed from the persons involved in the experiments. McManus 
(1980) investigated rectangles with various ratios of width to height more recently. A bi-
modal preference was found with one (less significant) preference being based on the 
square, and the other upon a ratio close to that of the golden ratio.  
 
An increasing number of studies today have revealed significant evidence for a universal 
neuropsychological basis for some aesthetic preferences. Perrett, May & Yoshikawa 
(1994) asked subjects to rate the attractiveness of prototype faces which differ only in 
shape. Japanese and Caucasian observers both preferred the same (more attractive) face 
shape. This study showed that subjects did not only agree to a high degree about what 
was attractive, but also that this agreement was consistent across different cultural 
backgrounds.  
 
Early Greek studies of aesthetics are full of rules. And they undoubtedly believed that 
beauty is a universal formal property. However, these rule based approaches did not 
prove very fruitful. For real work in art and design, it is difficult to use the rules.  
 
Although the aesthetic preferences have certain consistency, the correlation between 
stimulus and aesthetic responses are fuzzy and difficult to formulate. 
 
What is more, sensing beauty in an object is not a simple result only of the properties of 
the object, but it depends more on the circumstances of studying the object, that is, 
“beauty is in beholder’s eyes”. Therefore, aesthetic judgements are subjective and 
unstable. Evidently there are some inconsistencies in aesthetic judgements of people. 
Aesthetic preferences are biased in complex cultural contexts.  That is why hairstyles, 
carpet colours, visual art styles are constantly changing among people with different 
cultural backgrounds. Therefore it implies that aesthetic preferences are changeable with 
passing time and geographical location.  
 
To universally formulate aesthetic criteria for any artistic form seems impossible, since 
art is an inevitably complex subject. Observing and dissecting preferences in artistic 
forms are difficult. We can not separately analyze each element of visual stimuli, as 
aesthetic perception is always comprehensive and correlated. For instance, variables in 
paintings, such as colour or other visual content can inadvertently affect our evaluation to 
the composition.  
 
The consistency and inconsistency of aesthetic judgements bring forth both promises and 
challenges to the formulation of people’s aesthetic criteria.  

3.3 Capturing aesthetic intent of design   
The inconsistency of aesthetic perceptions and difficulty to formulate aesthetic criteria 
make aesthetic intents of design hard to capture and realize during design processes. 
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At the beginning of a design, designers’ new ideas of aesthetic intent are usually 
presented and communicated with semantic descriptions, such as delicate, sleek, 
streamlined, hard, etc. When talking about colour tone, for example, hues in the red area 
of the colour wheel are called warm, while those in the blue and green range are referred 
to as cool. Such simple semantic descriptions, however, have obvious limitations when 
precision is required. The human eye can distinguish approximately 7.5 million 
differences in colour (Hearn, 1986). Semantic descriptions can only provide a very vague 
and rough vision of design. It is difficult to establish how exactly the product will take its 
form. A product style needs to be fully expressed in a visible and tangible way, not just 
by semantic descriptions. 

 
In order to realize the intended aesthetic effect for the product being designed, designers’ 
intents must turn from a verbal context to a visual one. The designers must project their 
aesthetic intent onto sketches or renderings. The design process has to enter a cycle of 
exploration, selection, and adaptation.  

 
Designers must examine large numbers of alternative design solutions in order to 
establish the justifications for any selections they may wish to make, without prematurely 
leaving potential solutions out of the process. The traditional method is to screen all the 
solutions generated, and this screening process needs to be guided by designers’ aesthetic 
criteria and vague images established in their minds.  

 
A comparatively small number of solutions can be investigated further at final stage of 
design. At this stage the ideas selected must be developed and hybridized to get closer 
and closer to an ideal effect expected by the designers. The concepts with desirable 
features may be combined or improved in order to produce new alternatives.  
 
Among all these stages of design process, the aesthetic intent is implicitly demonstrated. 
Cycles of exploration, selection, combination and regeneration embody the aesthetic 
intent converging towards a certain class of forms with desirable visual traits.  

3.3.1 Inductive reasoning techniques 

As described with Schon’s model of “reflection-in-action”, designer cycles through 
iterations of moves and reflects on the outcomes of moves (1982). Designers such as car 
stylists always generate many different sketches first in a short period of time. Then, they 
put a large number of sketches on a wall to reflect and evaluate those ideas. Following 
this, a further development or adjustment (reproduction) will be based on several 
candidates that got better evaluation than others. After several repetitions, finally, they 
will attempt to bring all the materials to an optimum conclusion. Design involves both 
divergent and convergent thinking. 
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Unlike in a computational and natural evolution model, in real design, the generation of 
alternative design solutions (reproduction) is not conducted on a random basis. Design 
improvements involve a kind of convergent thinking similar to inductive learning and 
reasoning. The inductive reasoning ability means a design process can be accelerated as 
the designers accumulate more and more knowledge in the learning from past failures 
and successes.  
 
However, this inductive reasoning about visual forms largely depends on a designer’s 
intuition and usually is performed in a trial and error manner. Recently, a relatively 
systematic analysis tool for visual aesthetic form development has become popular. This 
is the Kansei Engineering method which is a statistical decision making model for 
predicting and assessing new designs (Nagamachi, 1988). It uses traditional statistical 
methods to formulate customers’ aesthetic evaluations for design decision making. The 
method of Kansei Engineering provides a rudimentary mechanism for inductive 
reasoning after the collection of systematic questionnaires.  

3.3.2 Kansei engineering techniques 

Kansei Engineering is a method to induce knowledge from user preferences by 
systematically collecting the data of users’ evaluation of past designs. This method can be 
used to convert verbal and sometimes ambiguous descriptions of desirable products 
expressed by customers into visual forms of sufficient detail, based on the information 
obtained via questionnaires (Nagamachi, 1988, 1991, 1995). Kansei (感性) is a Japanese 
word that refers to feeling or human impression of an object. 
 
Kansei Engineering method supports product designers by identifying the correlations 
among people’s aesthetic responses and corresponding designs. It can therefore assist 
designers in selecting and synthesizing design solutions with the features that satisfy an 
expressed aesthetic evaluation term or criterion.  

 
The standard procedure employed in Kansei Engineering method involves the following 
5 steps:  
 

(1) Identifying verbal terms to be used in styling activities to factorize the 
aesthetic aspects of a planned product. Those words will define the semantic 
dimensions for the evaluation of visual forms. 

 
(2) Preparing (or generating) as many various sample solutions of this design as 

possible, for psychological experiments of evaluation with questionnaire (see 
table 3.1) which have many key words. The cases are evaluated according to 
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each key word with semantic differential approaches*. All the cases therefore 
are positioned in several semantic differentiated dimensions. 

 
(3) Identifying the visual elements characterizing all the sample solutions (i.e. 

character lines, silhouettes, light lines and other significant curves) or 
adopting numeric, symbolic or categorical representations of the visual 
geometric features (see table 3.2).  

 
(4) Calculating the correlations between each semantic dimensions (each key 

word) and feature spaces (visual elements), (see table 3.3). A multivariate 
regression analysis can be taken as the predictor. 

 
(5) Mapping the semantic descriptions of new concept into the feature space, or 

vice versa. 
 

A simple example is used here to demonstrate Kansei Engineering approach. The 
following three tables are appearances of necessary paperwork of Kansei Engineering. 
The table 3.1 and 3.2 are common forms for data collection. Table 3.3 is the statistic 
results based on the collected data. 
 

Economical 
 

Luxurious  

Soft  
 

Hard  

Streamline  
 

Blocky 

Special  
 

Universal 

Manly 
 

Womanly 

…  … 
 

Table 3.1 a typical questionnaire. If M sample cases are assessed by N people, then 
M*N tables must be collected. Each row of the table is a semantic dimension 

differentiated with five ranks. 
 
 

                                                 
*  Marketing expert C.E. Osgood (1952) proposed that an image or object could be 
positioned on a semantically differentiated scale (extremely, rather, slightly, neutral) 
between two extremes of a semantic dimension (warm/cold, dark/light), and in this way 
its aesthetic aspects could be ascertained.  
 

 61



 
 
 

 
Table 3.2 visual elements analysis categorizing visual geometric features of all the 

sample cases use this table. Each case has one such table. 
 

 
 

Features 
 

 
Cate-
gories 

 
Grades 

 
Corre-
lations 

Luxurious                          Economical 
 
 

-1        -0.5            0          0.5           1 
narrow 0.930 

mid -0.621 
Engine 
hood 
width wide -0.850 

0.830     

1 color -0.923 Color of 
door 2 color 0.369 

0.813     

small -0.332 
mid 0.785 

Edge 
radius 

big -0.659 

0.806     

small 0.689 
mid 0.072 

Bump/ 
hood 

distance Big -0.624 

0.672     

1 light 0.383 
2 lights -0.323 

Number 
of head 
lights Hidden -0.746 

0.616     

concave -0.085 Grille 
type convex 0.805 

0.546     

 

Features Categories 
1 below143mm 
2 143~150mm 

1 Engine hood 
width 

3 above 151mm 
1 below 100 mm 
2 100~210mm 

2 Bump and 
Grill height 

… … 
1 Type 1 
2 Type 2 

3 Head light 
type 

3 None 
1 Big 
2 Mid 

4 Edge radius 
and 
curvature 3 Small 

5 … … … 

Table 3.3 after multivariate analysis of collected data, Dependencies of Semantic 
dimension (key word) “economical – luxurious” on all correlated visual elements of 
geometric features are formulated in this table. 
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Table 3.3 is the example result of multivariate analysis of semantic dimension (key word) 
“economical – luxurious” on all correlated visual elements of geometric features. From 
table 3, an induction can be drawn that a luxury car must have the following feature:  

 
• wide engine hood, 
• single coloured door, 
• round edge, 
• large Bump/hood distance, and 
• hidden head light or 2 head lights 

 
By formulating people’s evaluation, Kansei Engineering approach can be used as an 
evaluation and prediction model. Each design solution is represented by an array of 
variables of visual elements which can be manipulated. The formulated Kansei model 
links the multivariate design solution to each semantic variable. Given a specified 
solution, the model can output a value indicating how well the solution meets customer 
expectations and customer preferences on each semantic dimension. The goal is to select 
the design which will yield greater designer (customer) preference, or will decide what 
kinds of visual elements should be combined in the next step of design exploration.  
 
Conversely, a Kansei model can also be used as a new solution predictor. When designers 
seek to specify multiple semantic Kansei attributes, an estimate of the most preferred 
design can be calculated by usual multi objective optimization. For each semantic 
dimension has a separate result such as table 3.3, the decision for a new solution may 
need a comprehensive consideration. In order to identify an optimal design, conflicting 
objectives are typically considered simultaneously using multi objective optimization.  

 
The limitation of Kansei Engineering is, however, apparent. In order to get good results, 
cases (stimuli) for experiment should be diverse enough and well prepared. Manually 
collecting and analyzing all the questionnaires involves heavy work. In addition, there is 
no ideal guide line to determine the number of cases that must be used to reach a required 
precision for the final model. 

3.4 Fitness approximation for intent capturing 
A counterpart of Kansei Engineering in the computational context of inductive learning is 
artificial neural network. It is, however, much faster than the traditional hands-on 
statistical approach.   

3.4.1 Neural networks 

It is suggested in artificial intelligence that a neural network demonstrates inductive 
principles when it learns from the training examples. Examples are specific instances of a 
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general rule, that is, the function that created the examples. The goal of neural network 
based learning is to seek the general principle in the examples. 
 
An artificial neural network is a data-modelling tool capable of capturing complex 
input/output relations from observed input/output data. An artificial neural network 
consists of polynomials. It is visualized as a graph composed of a large number of highly 
interconnected processing elements called neurones (see Figure 3.1). These processing 
elements are simple linear or nonlinear transferring functions working together to 
approximate an unknown continuous function. Learning is demonstrated in the process of 
approximating to an unknown function from the observed input and output data.  
 
Each neuron is linked to its neighbours in certain ways through which input or output 
impulses are received, with varying coefficients for the connectivity that represent the 
strengths of the connections between all the neurons. These coefficients are known as 
synaptic weights. Learning is accomplished by adjusting the coefficients of the 
transferring functions attached with the processing elements (neurons), the patterns and 
the weights of the connections cause the overall network to output an appropriate 
response to any new input.  
 

 
Figure 3.1:  An example of network with input layer on left hand side and an output 
node on the right hand side. An artificial neural network is a visualized form of 
polynomials composed of a large number of highly interconnected processing 
elements (neurons) working together to approximate an unknown continuous 
function. 

 

3.4.2 Fitness approximation using neural networks 

Sims (1991) stated that: “Large amounts of information of all the human selection 
choices of many evolutions could be saved and analyzed. A difficult challenge would be 
to create a system that could generalize and ‘understand’ what makes an image visually 
successful, and even generate other images that meet these learned criteria”. The use of 
artificial neural networks for approximating unknown fitness functions, called fitness 
approximation, has been reported in evolutionary art and design (Yaochu, 1998).  
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The efforts using ‘learning’ models to enhance convergence in the evolutionary 
algorithms have been reported in a number of different applications where the fitness 
evaluation done by the users was time consuming and inefficient. Some researchers in 
evolutionary arts used artificial neural networks in the formulation of the aesthetic intent 
of design at the evaluation and selection stage in interactive evolutionary systems. In the 
domain of computer supported musical composition and image creation, the use of neural 
networks in IES has been reported.  

Musical composition 

An early system using neural network to derive a fitness function for genetic algorithm to 
evolve musical compositions was Neurogen (Gibson and Byrne, 1991). In this system, 
short GA strings are used to represent elements of musical harmony, and a neural 
network is trained by the existing musical pieces, and then used to rate results.  
 
Biles’ Genjam is a genetic algorithm for generating a jazz solo with a three-layer multi 
layer preceptron (MLP) neural network called Evaluator (1994). This system is able to 
evolve measures and phrases (which are a series of measures) simultaneously in a real 
time fashion. This is an interactive evolutionary system, and as the users listen to a 
stream of phrases and measures, they can type `b' for bad or `g' for good. The 
accumulation of these ratings serves as the fitness function for the measures. The author 
reported that although some decent phrases eventually began to emerge, the process was 
nevertheless still tedious.  
 
The Evaluator system used a very common neural network with a three-layer feed 
forward structure N-M-K. (N input nodes (neurons), M hidden (middle layer) nodes, and 
K output nodes). In the experiments, Biles found out that it was difficult to determine the 
number of hidden nodes. A network with a large number of hidden nodes might become 
over specialised by the training data, and lose the capability of generalizing new cases.  
 
Spector and Alpern (1994) developed a genetic programming (GP) system for the 
evolution of responsive phrases to known jazz pieces. They used a neural network trained 
with real responses from known jazz pieces, and then used the trained network as a 
fitness function for the evolutionary system to generate ‘good responses’ when given a 
new jazz piece. They reported that this was not very successful since the neural network 
did not have an adequate amount of training on ‘poor responses’.  
 
Johnson and Poli (1998) presented the GP-Music System, which was an interactive 
evolutionary system that allows users to evolve short musical sequences using interactive 
genetic programming, with intent to make a fully automated musical composition system. 
The basic GP-system worked by using genetic programming, with a small set of 
functions for creating musical sequences, and a user interface allowing users to rate 
individual sequences. This system generated musical tunes over 10 generations with 20 
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individual sequences in each generation. In order to overcome the bottleneck of fitness 
evaluation commonly existing in interactive evolutionary systems, the system adapted the 
data rated by user and then used this data to train a neural network to construct an 
automatic rater, called “auto-rater”. Then this auto-rater replaced the user to continue the 
evolution. Using this auto-rater, the system was able to evolve 50 generations with 500 
individuals in each generation.  
 
However, the authors reported that the best pieces generated by the auto-rater were 
pleasant enough but not as good as those generated by the system guided by the users. 
They realized that an optimum scale and topology of neural networks might be essential 
to achieve better performance. They believed that at least the computer might be able to 
act as a first pass rater, allowing the human to rate only the best of the batch.  

Image creation 

Baluja (1994) used an artificial neural network to formulate human aesthetic judgments 
on the images produced by an interactive evolution system, in a similar way to Sims’ 
evolutionary 2D graphics work using genetic programming. Baluja’s system was used to 
classify output images into several ranked categories. He attempted to automate the 
process of graphics evolution through the use of artificial neural networks.  
 
The objective of Baluja’s study was to learn from user’s preferences, and to apply the 
knowledge learned to the evolutionary process in which aesthetically pleasant images 
evolved without user intervention as if they evolved with user interaction. The 
evolutionary process is divided into two stages, one with user interaction and one without 
such interaction. The data generated with the user interaction is used to train the system 
so that without further user interaction, the system is able to generate results similar to the 
training data. Baluja hoped to increase the ability of the system to learn and automatically 
create aesthetically pleasant images. He claimed that his work had made a step forward 
towards teaching the system how to simulate an individual user’s aesthetic preferences. 
 
Baluja proposed that artificial neural networks should be trained on a variety of images 
taken from several evolutions. Generalization may fail when the sample set is not evenly 
and globally distributed. If given only the sequences of images or melodies derived from 
experimental evolution, then these images or melodies may not be heterogeneous enough 
to allow the artificial neural network to generalize the new data globally. This presents a 
common problem for offline training the neural network for evolutionary systems, 
because the use of multiple training sets requires a classification of the data into several 
categories in advance.  
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3.4.3 Common problems for neural network based learning 

All the above mentioned systems employing neural networks to capture user intent have 
encountered several difficulties, which can be summarized below: 
 

• The required input dimensionality is too high, even with a short melodic phrase 
or a small patch of image. For example, Baluja directly used pixel information as 
the features of the image, which required a huge input space, 

  
• Most neural networks are only suitable for global classification tasks. 

Representative learning samples in a huge input space for global generalization, 
however, is always insufficient, especially at the beginning of evolution, 

  
• Most of the neural networks mentioned above can only be trained offline, after 

enough samples are collected. This makes it difficult to integrate them with 
interactive evolutionary systems for which online learning is more desirable and 
convenient for designers. 

 
The method used by neural networks for global classification is to partition the high 
dimensional input space into some segments by placing a number of hyper surfaces in 
proper positions of the space. Samples in a same segment will have the same neural 
network output.  The generalization of the classification depends on:  
 

• A proper number of hyper surfaces; and 
• A sample set that is large and diversified enough.  

 
The learning capacity of a neural network is related to the number of hyper planes, i.e., 
the processing elements in the hidden layers. The minimum size of a training set is 
difficult to determine since the granularity of segments are very indistinct when the 
distributions of the classes must be intertwined in a high dimensional space and 
overlapped with unavoidable errors and contradictions of human judgments. As a result, a 
neural network may become either over-fitted or over-generalized. 
 
These problems were also observed by Ohsaki and Takagi (1998) in their experimental 
work with graphical creation. They used an artificial neural network to predict human 
evaluation and selection for the new generation of images in an interactive evolution and 
display these in a decreasing arrangement. Their experiments showed that the predictions 
given by the neural network were less precise than those derived by another method 
which used reciprocals of Euclidean distances to the evaluated images as the predicted 
fitness of new images.  
 
An interesting result was the use of reciprocals of Euclidean distances as predicted fitness 
of newborn individuals which achieved better performance of the system than what 
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would have been done by the neural network (MLP for global classification). However, 
there was not enough explanation on why their neural network approach did not work 
well.  
 
The use of reciprocals of Euclidean distances is closely related to the idea of clustering 
with density estimation. The direct use of reciprocals of Euclidean distances for 
prediction does not suit multimodal and nonlinear situations where different categories 
are intertwined, for instance, in the case of high order logic such XOR problems. The 
density estimation usually uses nonlinear transformation of the distance measures. 
However, for some simple cases, the prediction results might be acceptable.  
 

3.4.4 Probabilistic neural networks 

In this thesis, a probabilistic neural network is proposed as a fitness approximating tool to 
enhance an interactive evolutionary system by capturing the aesthetic intent of the user at 
the early stage of the design exploration. This approach allows users to express their 
aesthetic criteria with a modest number of interactive selections, and then uses this 
captured knowledge as a fitness function. The probabilistic neural network is able to 
approximate implicit correlations between evolving designs and user responses.  
 
The system implemented is Enhanced Interactive Evolutionary Design System (EIEDS). 
In the EIEDS, a specific type of probabilistic neural network called General Regression 
Neural Network (GRNN) (Specht, 1990; 1991) is adopted. The properties of the particular 
model for this application will be discussed in detail in Chapter 6. The advantages of this 
neural network model over the other models and its significance to the research issues are 
addressed in this section. 

A simple concept 

The idea of a probabilistic neural network is based on the concept that the probability 
distribution of preferred objects in an un-explored space is presumed to be even. But, 
with human selection, some points in the space may be crossed out and some areas may 
emerge as having more favourite points. When the equilibrium of the space is disturbed, 
the probability density in the space becomes uneven.  
 
Probabilistic neural network is a subclass of commonly adopted Radial Basis Function 
(RBF) neural networks. RBF networks are based on the idea of density estimation. A 
RBF network uses a weighted sum of a finite set of radial basis functions (Gaussian 
kernel functions) to approximate an unknown function. Common RBF networks are 
usually trained by iteratively adapting the centres and widths of the kernels to 
approximate the training data. 
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Advantages of the model  

In contrast to other rival techniques, GRNN is a nonparametric approach which uses 
distinct ‘local’ RBF kernels trained for each individual sample, avoiding thus the 
modelling of the entire search space through a ‘global’ meta-model. The network scale 
grows when new measured cases are added on. The advantage of GRNN is that, when 
integrated with an interactive evolutionary system, its nonparametric simple learning 
manner enables an online mode which updates with interactive evolutionary processes. 
 
In addition, the standard RBF can be modified by taking into account the sensitivity of 
the fitness function with respect to each one of the design parameters (sensitivity 
derivatives or importance factors). The parametric approach of RBF network is also 
proposed in the EIEDS as an alternative suitable for offline learning mode, because it is 
relativly compact.  
 
The RBF networks and especially the GRNN are preferably employed, for the following 
reasons in comparison to other surrogate models: 
 

• The suitability for local generalization and 
• The suitability for regression. 
 

For local generalization, the density estimation approach enables a learning model in 
which similar features are ascertained first, and the sample images are then placed into 
groups (clusters) based upon similarity. With the formation of these groups, learning the 
user’s rankings of the images may become an easier task.  
 
RBF networks are based on the idea of density estimation which is suitable for local 
approximation with an incomplete sample set. Local generalization means that even with 
an incomplete sample set which only has samples from a few generations of interactive 
evolution, the system can still give a reasonable prediction. Most models of neural 
networks adopted as surrogate fitness functions in evolutionary art systems belong to a 
common MultiLayer Perceptrons (MLP) approach which is used for global generalization 
and needs to collect sufficient samples first in order to make predictions. 

 
For regression, the approximation to fitness function is a regression problem in nature. 
Neural networks as general purposed approximating methods have two basic 
functionalities: classification and regression. In classification, artificial neural networks 
are used to classify the inputs by approximating the boundary between different classes. 
In regression, the problem is one of explicitly representing the mapping between the 
random input data and the desired response (output). The RBF networks are not only 
suitable for classification but also for fitness regressions on solutions. 
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The suitability for fitness approximation using RBF network in IES is also proven by 
some research outcomes in Engineering areas. In aerodynamic design optimisation, 
explicit fitness functions are either hard to formulate or computationally too expensive. 
The design and optimization of aerodynamic shapes using genetic algorithms suffer from 
high fitness computing cost.  
 
Giotis and Giannakoglou tried to use surrogate model learning from evaluated past 
samples to forecast potential better candidate solutions before calling the real fitness 
evaluation function (Giotis and Giannakoglou, 1999; Giannakoglou, etc., 2001; 
Giannakoglou, 2002). They proposed a new way of simultaneously using exact (for the 
most important candidate solutions) and inexact (for the rest of the population) evaluation 
tools in the course of a GA-based optimization process. The concept of the algorithm was 
simple. That is, during genetic evolution, all the candidate solutions which have been 
evaluated through costly evaluation software for aerodynamic analyses were stored in a 
database. These were then systematically used for forecasting the merit of any new 
candidate solution. For this purpose, a surrogate model (often referred to as meta-model), 
which is less demanding in CPU cost than the exact evaluation tool, was dynamically 
built and used during a preliminary phase which was referred to as the inexact pre-
evaluation phase.  

Guiding reproduction 

Using probabilistic ‘learning’ models to enhance convergence also has significant 
contribution to enhancing canonical genetic algorithms. Learning models can also be 
used for the intrinsic problem of local fine tuning of genetic algorithms. Local fine tuning 
problems exist in numeric optimizations (Holland, 1975; Michalewicz, 1996). Genetic 
algorithms display difficulties in performing local search for numerical applications 
because of the randomness of crossover and mutation which may make the number of 
evaluations increased exponentially. Most mutations are more likely to disrupt 
advantageous chromosomes than to amend them. Significantly the main fitness 
improvement is achieved only at the beginning. Fitness improvement is decreased 
exponentially with the passing of time. Probabilistic modelling of genes (parameters) in 
promising solutions may help to guide the further mutations following the joint 
probability of genes instead of relying on random mutation.  
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There have been some encouraging outcomes reported in methods that learn the structure 
of a problem online and use this information to ensure a relative deterministic 
reproduction. Probabilistic models* (usually it is a Bayesian Network) can reveal the 
distributions of solution vectors conditional to certain fitness values and they can be used 
to guide the reproductions (Pelikan, etc., 2002). The algorithms were named Estimation 
of Distribution Algorithms (EDA) by Muhlenbein & Paab (1996). In EDA, newborns 
were generated based on the distribution of selected solutions in the last generation. The 
purpose of the algorithms was to improve reproduction efficiency in the belief that 
blinded recombination and mutation operators were sometimes not able to find out the 
complex correlations (Epistasis) between parameters or genes of solutions, sometimes 
they even disrupt them (Thierens, 1995). 
 
Univariate Marginal Distribution Algorithm (UMDA) was proposed by Muhlenbein and 
Paab (1996) to independently reproduce each variable for a newborn based on the 
estimated marginal distribution of the variable. However, the assumption of the 
independencies between the multi variables was not necessarily true.  It’s reasonable to 
assume that reproduction should follow the overall joint probability of all the variables. 
Mutual-Information-Maximizing Input Clustering (MIMIC) algorithm proposed by De 
Bonet (1997) tried to simplify the overall joint probability calculation with a chain of 
pairwise conditional probabilities which have a maximizing mutual information by 
permutation of variables.  
 
Another more precise model is Factorized Distribution Algorithm (FDA) proposed by 
Muhenbein (1998) which factorized the overall joint probabilities so that the variables 
could be processed in several independent groups. A full comprehensive review has been 
given by Pelikan and Goldberg (2002).  

 
Guiding reproduction using probabilistic models may improve fine tuning efficiencies in 
the final stages of the evolutions.  

                                                 
* Probabilistic networks (also known as Bayesian networks) allow a compact description 
of complex stochastic relationships among several random variables. They are rapidly 
becoming the tool of choice for uncertain reasoning in artificial intelligence. A 
probabilistic network is a graphical model for probabilistic relationships among a set of 
variables (Heckerman, 1995). Probabilistic graphical models are the graphs in which 
nodes represent random variables, and the directed arcs represent conditional 
independence assumptions. Hence they provide a compact representation of joint 
probability distributions. Methods for learning Bayesian networks from data are based on 
the Bayesian Rule.  
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Summary 
This chapter has presented some basic perspectives on aesthetics and design, from the 
context of which several approaches to capturing the aesthetic intent of design are 
discussed. The main points can be highlighted as follows: 
 
Aesthetic intent for design does not have an easy or unified definition, therefore it is 
difficult to formulate, but it is the essential intelligence in design and key driving force 
for design activities.   
 
The inductive learning ability of a human being plays an important role in design 
improvements based on past successes and failures. A systematic approach to improve 
the aesthetic quality of design is Kansei Engineering which formulates customers’ 
aesthetic evaluations by questionnaires and multivariate analysis.  
. 
In computational context, the formulation of aesthetic evaluation of design using artificial 
neural networks makes it possible to overcome the difficulty of convergence in IES. 
Neural networks are learning mechanisms that have already been used to enhance 
interactive evolutions, but there are various limitations to capturing aesthetic intent online 
and in flexible ways. The problems encountered in the effort to apply neural networks to 
fitness approximation tasks have been analyzed. In comparison with other classes of 
models, probabilistic neural networks have several advantages to serve the purpose of 
obtaining smoother, less erratic fitness evaluation functions.  
 
In the succeeding chapters, the architecture, representation, implementation, integration 
and experiments of this formulation and system will be presented. 
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Chapter  

 

 

System architecture 

In order to address the problem of difficult convergence in interactive e
systems, a computational framework incorporating artificial neural netwo
interactive evolutionary system has been proposed. This framework is s
enhance convergence in evolutionary design using a special kind of probabi
network to iteratively approximate the relation between visualised forms
responses in aesthetic evaluation as a surrogate fitness function. The fitness
then used to continue the evolutionary process to generate potentially desirab
representing users’ aesthetic preferences. 
 
The integration of a neural network with a genetic algorithm forms the 
Enhanced Interactive Evolutionary Design System (EIEDS). A co
architecture needs to be constructed for various components of this system to
a user friendly way.  
 
This chapter presents the system architecture of the proposed EIEDS, with the
of the main components and their interactions in the system implemented.  

4.1 Overview of enhanced interactive evolution
 
The EIEDS integrates evolutionary algorithms and artificial neural net
evolutionary algorithms support divergent design exploration and the neural n
used to capture the aesthetic intent of design through a learning mec
constructing a fitness evaluation function for convergence on desirable design
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Figure 4.1: The new design paradigm supported by the integration of genetic 
algorithms and neural networks has two states. One is the normal interactive 
evolutionary process guided by artificial selections. The other is an automatic 
evolution with a GRNN inferring on the user intent through the results emerging 
from the interactive evolutionary process. 

 
The evolutionary design switches between two basic states. The first state is via artificial 
selection. At the beginning, a user starts an interactive evolutionary process with random 
seeds for the first generation and then interactively evolves them generation by 
generation. In each generation, the user picks one or several individuals on the computer 
screen. Then, the system starts asexually breeding and mutating them to derive a new 
generation. The mutation rate is always set high in order to ensure enough diversity in the 
results generated. Meanwhile, all the selected and unselected solutions are saved in the 
GRNN memory, giving the GRNN module initial data to capture user’s intent, via the 
results emerging from user’s selections. This is the training stage for the GRNN. 
 
After several generations of interactive evolution, the system can be switched to another 
state. In this state a normal genetic algorithm runs automatically to find the interesting 
points or areas in the search space to which the trained GRNN gives strong responses. 
Because it is highly possible that the GRNN demonstrates a multi modal which presents 
many peaks, it is necessary to take advantage of the genetic algorithm which is more 
robust than normal analytical approaches such as Newton gradient descent method. In 
this state, the genetic algorithm can be set with a relatively large population size and low 
selection pressure in order to ensure a successful convergence. The details of how this 
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works with real design examples will be examined more closely in the succeeding 
chapters with the experimental results.  
 
If none of the results generated is satisfactory, then the user may wish to switch back to 
the first state, for the GRNN to learn more from the user. It is a reasonable strategy that 
the user works with the system in an iterative way. By switching between the two states, 
the system can get closer and closer to those points that represent the intended results.   
 
This iterative process seems coincident with the general frame of “refelction-in-action”, 
the design behavioural model. Within this frame, “Designer cycles through iterations of 
moves and appreciation of the outcomes of moves… Designers learning from iterations of 
moves which lead them the re-appreciate, reinvent and redraw, the fundamental structure 
of inquiry...” (Schon, 1982)  Design is an iterative learning process.  
 
The EIEDS provides a heuristic and iterative design paradigm for designers to work with 
visual aesthetic problems.  

4.2 System architecture 
The system architecture is designed following Object Oriented Programming* principles. 
It consists of three major functional modules:  
 

• System platform for user interface and design visualization,  
• Genetic algorithms, and 
• Artificial neural network. 

 
Figure 4.2 illustrates the relations among these three modules. The upper left grey patch 
is the platform module for interactive interface. The lower right is the neural network 
module. The remaining three in the middle column are the components of the genetic 
algorithms module. 
 
In the following sections, each module in this architecture is described.  

                                                 
* In Object-Oriented Programming, a program running in a computer is treated as a 
dynamic set of interacting objects. Each object is capable of receiving messages, 
processing data, and sending messages to other objects. (Wirfs-Brock, 1990) 
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Figure 4.2: The system architecture 

4.2.1 System platform module 

The proposed EIEDS is built on Windows platform via Application Programming 
Interfaces (API). Windows 32 API provides a convenient way for developing Windows 
based interactive user interfaces. An infrastructure generally follows the pattern of 
Model-View-Controller (MVC).  
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Most functional blocks (classes* ) are instantiated as visible objects such as windows, 3D 
view ports, 3D models, control panels, buttons, and so on, for modelling a design 
problem and controlling the evolutionary process.  
 
The platform in the EIEDS generally enables a designer to do the following tasks for the 
problem being solved:  
 

• System platform provides the User Interfaces (usually through command line and 
graphic windows) for modeling design solutions by design parameterization (and 
symbolization). These parameters or symbols to be optimized as a whole are 
formatted in a structure which is convenient for evolutionary algorithmic 
operations. 

 
• In an interactive evolution session, the system platform must provide a window 

with view ports that allow the visualization of a population of individuals 
evaluated by the designer. In order to help the designer to understand the design 
results being generated by the system, such an interface should allow the models 
to be rotated, rendered, sectioned, and saved. The window object also keeps 
transferring the user’s evaluations (mouse clicking) into the corresponding 
individuals in a population during the interactions.  

 
• The third task for the system platform is to provide the user with control panels, 

buttons or popup windows for controlling the evolutionary process and neural 
network learning. These control procedures are able to handle mouse or keyboard 
message, to start or terminate a certain process by calling the functions in the 

                                                 
*  In object-oriented programming, a class consists of a collection of types of 
encapsulated variables and types of methods, possibly with implementation of those types 
together with a constructor function that can be used to create objects of the class. A class 
describes the rules by which objects behave; each object is created from a class, these 
objects are referred to as "instances" of that class. A class specifies the structure of data 
which each instance contains as well as the methods which manipulate the data of the 
object; such methods are sometimes described as "behaviour". A method is a function 
with a special property that has access to data stored in an object. (Wirfs-Brock, 1990) 
 
Creating an instance of a class is sometimes referred to as instantiating the class. This 
modularity allows the program parts to be easily created and managed.  
 
All instances of a particular class will have certain aspects in common and follow the 
defined behaviour of said class. For example, the class individual would describe the 
properties common to all instances of that class of individual. Each individual is 
generally alike; but varies in such properties as "fitness" and "genotype". The class would 
list types of such instance variables; and also define, via methods, the behaviour which 
individuals can perform such as “growing up” 
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evolutionary algorithm module and neural network module. Some control panels 
or popup windows are used to specify parameter settings of objects and 
processes, for example, the maximum size of memory of neural network, or the 
mutation rate of genetic operations, and so on.  Figure 4.3 illustrates the buttons 
for the designer to control the evolutionary and learning processes of the EIEDS. 
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Modelling a design solution (3D forms) in a computer is a process of parameterization (or 
symbolization). In the EIEDS, a design solution is represented by a set of parameters or 
symbols with a certain format.  
 
As mentioned in the chapter on introduction (page3. section 1.1.1), a representation of a 
design solution in a genetic algorithm has to interface with the two basic algorithmic 
processes: one is genetic operations and the other is fitness evaluation.  
 
In genetic algorithms, the genotype defines the search space of the algorithm. It should be 
designed to minimise possible disruption caused by genetic operators. The phenotype 
representation should be designed such that it permits quick and efficient visualization 
and evaluation using the fitness function. These two data types have to be separated in an 
interactive evolutionary process, since a genotype is more efficient for genetic operations 
whilst a phenotype is more suitable for fitness evaluation. 
 
In chapter 2, section 2.2, the representation schemes used in the evolutionary art and 
design systems are classified in terms of the complexity of mapping (direct mapping and 
procedural development) between the genotypes and phenotypes. 
 
Genotypes in various forms also require corresponding genetic operations. For instance, 
the recombination or mutation operations on string, matrix, or tree structures are 
different. Especially, in some novel representations for specific design problems 
involving complex data structures, some specific operators have to be devised.  
 
In a conventional evolutionary design, the creation of suitable genetic representations and 
corresponding operators is fundamental for success. There is little theory to guide 
designers regarding what the most appropriate rules and representations might be suitable 
for a specific design situation. As a result, designers must rely on intuition and trial-and-
error experimentation.  

A general strategy  

In order to simplify the work and help a designer to configure a specific design problem 
easily with the EIEDS, the genetic algorithm module is constructed with two layers: 
 

• Problem-dependent, publicly accessible layer, and 
• Problem-independent, protected core layer. 

 
The EIEDS provides the user with a class of objects called individual for instantiation. 
The class and subclass of individual can be analogized as the templates of representation 
schemes.  
 
Most attributes in the class called individual are problem dependent and open for the 
designer to configure. As design problems may vary in scale and complexity, ideally, the 

 80



EIEDS must provide the designer with enough choices of different subclasses for 
instantiation and customization. A subclass represents a category of representation 
schemes such as a symbolic tree or a parametric list. The instances of a subclass can be 
further customized by passing arguments to a class constructor during instantiating.  
 
Once the designers determine the general type of representation scheme for the design 
problem, they can select and customize an available class of individuals, and further 
define the size, structure of the genotype, and the mapping rules to convert between the 
genotype and the phenotype.   
 
The class for genetic operation is problem independent. They are encapsulated in a 
protected core layer, isolating the designer from the implementation details of the 
algorithm. Genetic operation class has a set of predefined genetic operators and this is 
applicable to a wide range of genotypes. Flexibility of genetic operation class comes from 
its polymorphism. The operators are flexible to different genotypes and are only activated 
in predefined conditions.  
 
On the one hand, the class of individual must be versatile enough for different design 
problems. It is better for this class to have more polymorphic data types for the genotype 
representations such as binary strings, real-valued vectors, symbolic tree structures, direct 
acyclic graphs etc. On the other hand, the class template must also make sure that the 
genotypic data and structure are regular enough to match several encapsulated mapping 
rules and canonical genetic operators. By using formatted representations and mappings, 
the architecture of the EIEDS allows the designer to concentrate on the design problem 
side of the matter without being concerned too much with the implementation details of 
the system.  

A prototype of the module 

In the implemented EIEDS prototype, basic features of the above mentioned three classes 
of genetic algorithm module have been developed. 
 
In the class of individual, the EIEDS prototype shows only the parametric cases and their 
genotypes coded as binary strings. The representation scheme follows the tradition of a 
canonical genetic algorithm in which the representation of each individual solution has 
two basic forms: genotype and phenotype.  
 
Many evolutionary design systems use a string of parameters to directly define a 2D or 
3D model in a computer system. In these systems, the representations of phenotypes are 
certain structures of doubles, floats, binaries and integers. The number of parameters, 
precisions, parameter intervals (with upper bounds and lower bounds) must be specified 
when instantiating the class of individual, since such information is highly problem 
dependent, the class of individual should provide a polymorphic data interface with 
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customizable formats in order to accommodate those variations. The default polymorphic 
mapping methods are encapsulated in the class, for automatic bidirectional mapping 
between any possible phenotypes and genotypic binary strings.  
 
Besides, the class of individual must have a scale variable which is used to record fitness 
evaluations coming from interactive mouse clicking actions or surrogate fitness function 
of the neural network.  
 
Within the proposed architecture, the hub component is the population. This object 
connects other modules and components such as individuals, genetic operations, 
visualization, artificial selection, neural network module.  
 
A population object possesses and manages two pointer lists (like address lists): past 
generation and new generation. The pointer lists point to all the individuals being 
instantiated. In this way all the operations of allocating, sorting, deleting of each 
individual will be efficient. Methods in the population such as sorting the individuals 
based on their fitness evaluation or expanding the current population size are actually just 
sorting or expanding the pointer lists. In each generation of evolution, a method of 
swapping is used to exchange two lists’ addresses one time to allow the new generation 
of this cycle to become the past generation of the next cycle, and to make past 
generation’s storage space available for the next new generation. All the addressing and 
editing operations from other modules on each individual are referenced through 
corresponding pointers in this list. 
 
The population class also keeps almost all global variables in the implemented system, 
such as mutation rate, selection pressure, generation number, and several flags of global 
states.  
 
The third one is the genetic operation class. It encapsulates most common methods 
(operations) of reproduction. In reaction to the calling commands from the user interface 
module, certain methods will fetch some state variables and address the individuals via 
the lists in the population. For instance, a selection method fetches a selection pressure 
value from a population and picks the parents from the past generation according to their 
fitness score values. A mutation method fetches a mutation rate of the population and 
randomly changes the selected parent individuals’ genes to produce new genes for the 
offspring.  

4.2.3 Neural network module  

Artificial neural network (see the ‘class ANN’ module in figure 4.2) is responsible for 
learning and formulating aesthetic evaluation and selection of specified designs. Once a 
neural network object is instantiated, it has three general states: idle, learning and 
responding. When it is set to learning state, it keeps recording evaluated individuals by 
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the designer in the present generation, and organizes the individuals in its memories in 
idle time. The memory is a kind data structure which is dynamically expandable. Once it 
is set to the responding state, it feeds back an estimated fitness value to every individual 
every time a new generation is generated, using the individual as an input.  

Learning using artificial neural network 

In the EIEDS, a type of probabilistic neural network called General Regression Neural 
Network (GRNN) (D.F. Specht, 1990; 1991) is adopted. Probabilistic neural network is a 
special class of RBF networks. A detailed explanation of these neural networks will be 
given in chapter 6. The structure of GRNN is also illustrated in figure 6.1.  
 
In a normalized multi dimension (parameter) solution space, one can estimate the 
probabilistic density of the promising (preferable) solutions by placing Radial Basis 
Functions (a kind of normal probabilistic distribution function with gradually diminishing 
density outward. It is also called Gaussian kernels centred at each measured case. Each 
kernel is weighted by the observed user’s evaluation of the corresponding case. By 
summing up this weighted kernel functions, the overall density distribution of the 
promising solution that the user intends to find is estimated. The neural network allows 
the system to infer which designs the users may find desirable, and generalise user 
preferences by learning the implicit relationship between the evolved design solutions 
and user responses. 

Short term memory and long term memory 

The leaning by neural network can be carried out in both online and offline mode. The 
online mode means that the learning by neural network runs in parallel with the 
evolutionary process. Offline learning means that the learning by neural network runs 
during the idle state of the evolution. Correspondingly, two types of sample sets: short 
term memory and long term memory are devised in the neural network leaning module.  
 
The online learning is based on GRNN, which is a nonparametric approach. The learning 
of GRNN is just recording input-output pairs. The network scale of the GRNN grows 
when the new measured cases are added in. The most significant advantage of GRNN is 
its nonparametric simple learning manner which enables an online mode that keeps 
updating data as the interactive evolutionary process goes on. 
 
The only drawback of GRNN is that it tends to be slower in execution time and more 
resource consuming than other kinds of neural networks, especially when the sample set 
is large. The short term memory using sample sets which have limited sizes are specially 
devised for GRNN. A sample set records a limited number of cases (individuals) during 
the interactive evolution. When it is full, a newly added case will replace the oldest one in 
the set. This means that the sample set always exhibits a local fitness landscape. It covers 
only a portion of the search space. Updating with interactive searching, the cloud of the 
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sample set has a tendency to move in a certain direction. If a user picks the solutions in a 
certain direction, then the mutations for the next generation might have a tendency to 
continue in that same direction, causing the evolution to have a “momentum”. 
 
The neural network performance can also be improved by adding an offline learning 
method. Long term memory is specially devised for this purpose. All the generations 
evaluated by the designer are recorded in it. The long term memory is used to train a 
normal RBF neural networks offline. RBF networks usually use much less kernels and 
needs iterative training processes to adapt the centres and widths of the kernels in order to 
approximate the training data. The learning of RBF is actually clustering data, using 
fewer kernels with different widths and placing them in optimal places. 

4.2.4 Special setting of interactive evolutionary system 

In chapter 2, it was mentioned that the representations should compromise both 
completeness and algorithmic efficiency. Completeness requires that the representations 
must cover as many solutions of the targeted problem as possible so that more potential 
solutions can be found and fine tuned. The algorithmic efficiency requires that the 
representations should be compact so that the evolutionary operations will be efficient.  
 
A special setting of the EIEDS is that the individual’s genotypic coding can be set with 
different precisions. For instance, a real number parameter defined in a certain interval 
can be coded both as a 4 bit string or 8 bit string.  That means the interval of this 
parameter is fractionized by 2^4 = 16 and 2^8 = 256 respectively. During an interactive 
evolution process, the short representation with low precision is used so that within a 
limited number of artificial selections, the evolution tends to be explorative, ensuring the 
diversity and granularity of the search. Once entering automatic evolution guided with 
the surrogate fitness function of the neural network, a long and much fractionized 
representation is then used to enable local fine tuning of the parameters. 
 
The algorithmic parameter setting in the genetic algorithm module follows the idea that 
the evolutionary processes driven by artificial selection emphasize exploration whilst the 
evolutions driven by the surrogate fitness function emphasize optimization. During the 
interactive evolutionary processes, as the population size has to be small, the genetic 
algorithm adopts an asexual reproduction and mutation operator to keep enough diversity. 
Once entering the automatic evolutionary processes, the evolutionary algorithm will be 
configured with a larger population size, low selection pressure and small mutation rate 
to ensure successful global convergence. Detailed discussion of parameter setting in the 
genetic algorithm will be presented in chapter 7 with the analysis of results generated to 
demonstrate examples. 
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4.3 Implementation 
The EIEDS has been implemented on two system platforms. One is on OpenGL and 
Windows and one as a plug-in to 3D surface modelling system Maya. 

4.3.1 Facial character design 

The first implementation of the EIEDS is a system called the Genetic Face Creator 
(GFC), which uses genetic algorithms to modify 3D facial characters defined by certain 
parameters.  
 
Facial character design is chosen as a typical application for testing the framework 
proposed in this research. Perception of faces is a particularly well developed ability in 
humans. The use of computers to evolve amusing or attractive animated characters is 
totally based on the visual impression of strong character traits. Facial character has an 
extensive application in anthropomorphic agent, animation, game, and toy design. 
 

 

 
 

Figure 4.4: An interactive evolutionary system developed in this project. It uses 
genetic algorithm to evolve a preferred set of facial shapes. Once an individual is 
picked, its colour will be darkened slightly. 
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4.3.2 A Maya plug-in  

The EIEDS is also implemented as a plug-in to 3D surface modelling system Maya, in 
order to test the use of the proposed framework and software architecture to other 
multivariable optimizations which involve human aesthetic judgements.  
 
Multi-parameter tunings are common activities in computer graphic packages. A 
visualization of an abstract pattern or a virtual space displayed on the screen is produced 
by a rendering pipeline which consists of a series of data mappings and operations. A 
rendering process involves heavy work of parameter setting of texturing, shading and 
lighting. In order to get desirable shapes, textures, shadings, lightings and movements, 
designers usually have to spend a lot of time adjusting hundreds of parameters back and 
forth. Because most parameters are highly correlated, satisfactory results have to be 
identified from many failed or less satisfactory tries. 
 
 

 
 

 Figure 4.5: The implemented plug-in to Maya uses a grid window. A user 
interactively evaluates individuals on the screen by rotating them and marking them. 
A scroll bar expands the window to accommodate a larger population. 

 
Both implementations and applications will be discussed with the real design examples in 
later chapters.  

Summary 
The EIEDS provides a new paradigm of interactive evolution design in which the genetic 
algorithm iteratively switches between artificial selection with the designer and natural 
selection with the surrogate fitness function. This function is formulated dynamically 
with an artificial neural network that keeps learning from the designer in the interactive 
evolutionary process. A result of integrating the neural network with the genetic 
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algorithm in the EIEDS is enhanced convergent optimization without losing the global 
exploration of the search. 
 
The architecture of the EIEDS consists of three basic functional modules: system 
platform, genetic algorithm and artificial neural network. The basic functionalities of 
these modules and their interactions have been described but more details on their 
applications and the accuracy of the algorithms will be presented in later chapters.  
 
The creation of suitable genetic representations and corresponding operators is a 
fundamental element for success. In order to simplify the work and help designers to 
configure a specific design problem easily with the EIEDS, a general strategy is 
proposed. With this strategy, the genetic algorithm module is constructed as a platform 
which has two layers. That is, a problem dependent layer and a problem independent 
layer. The problem dependent (public accessible) layer provides the templates for the 
representation schemes (which have polymorphic data structures defined in the class of 
individual) for designers’ customization. The problem independent and protected core 
layer encapsulates polymorphic methods of genetic operations (crossover, mutation, etc.). 
With this strategy, the architecture allows a designer to specify the problem 
representations without being concerned with the implementation details of the 
algorithm.  
 
In the artificial neural networks module, a general type RBF neural network and a 
specific nonparametric type of RBF network called General Regression Neural Network 
(GRNN) are introduced. RBF is for offline learning based on a long-term memory 
(sample set) whilst GRNN is for on-line learning based on a short-term memory.  
 
A parameter setting strategy is proposed based on the fact that the evolutionary processes 
driven by artificial selection demonstrate a kind of explorative search capability whilst 
the evolutionary processes driven by the surrogate fitness function perform better in 
optimization. The evolutionary algorithm can keep enough diversity in the initial 
exploration. But once entering the automatic evolutionary process, the evolutionary 
algorithm can be configured with a larger population size, low selection pressure and 
small mutation rate to ensure successful global convergence.  
 
In the following chapters, several aspects of the system implementation as well as the 
experiment results will be reported. 
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Chapter  

 

 

Representations of forms 

The prerequisite preparation of interactive evolutionary design in the EI
parameterization (and/or symbolization) of design solutions. In the i
prototype system, a design solution is directly encoded as an array o
specifying the values for the parameters defining a 3D facial form.  
 
This chapter presents the representation scheme used in the EIEDS. Se
approaches to the parameterizations of 3D facial form designs are discu
context of their effectiveness for the integration of genetic algorithms 
networks. The parameterization of a design solution in 3D form affects the p
of an evolutionary design system in terms of exploration potential and conv
optimization. Several guidelines contributing to an efficient representation o
are proposed.  

5.1 Geometric elements of form  

How to represent a form in a computer system is an extensive topic which is
of computational geometry. The functionality of most CAD tools is based o
geometric elements.   
 
There are three commonly used geometric elements in most computer graph
These are polygonal surfaces, implicit surfaces and parametric surfaces. The
geometric elements have been encapsulated in many of the comput
programming systems. So the designers or programmers can use the
concerning with their mathematic implementations. However, the properti
geometric elements are significantly different due to their different 
foundations. When developing an evolutionary design system for the evol
forms, it is necessary to understand these foundations and their relations. 
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Polygonal surfaces 

A polygonal surface may be defined in the form of rectangular or triangular polygonal 
meshes. A polygonal face is a linear function constrained by 3 vertices. Most of the 
current computer graphic interfaces can display polygonal surfaces and update 3D 
surface models of modest complexity in real time. Because of the efficiency in display, 
many computer models are transformed (tessellated) into polygonal surface for display. 

Implicit surfaces 

Implicitly defined primitives are the current preferred geometric bases for building 
complex 3D models. An implicit surface is defined by a function f(x, y, z) which 
describes dependent relations among (x, y, z) coordinates of any point on the surface. The 
function implicitly describes the algebraic surface including planer, ellipsoids, cylinders, 
cones, tori etc. These algebraic models are largely adopted in today’s graphic APIs, as 
they are precise and compact. For instance, a sphere can be defined by a centre point with 
three coordinates and a radius.  

Parametric surfaces*

Bivariate parametric and polynomial functions are used widely in computer graphic 
packages to define three dimensional free forms. Examples of these include B-spline, 
Bezier and non uniform rational B-spline surfaces.  These surfaces are generated by three 
functions each of which has two variables, with each of the functions defining one 
element of 3D spatial points (vectors). These functions are typically based on quadric or 
cubic polynomials.  
 
These surfaces are mostly defined in terms of control values (control vertices) and basic 
functions. A parametric surface is generated by summing up the polynomials. In most 
implementations a surface is defined using a 3D array of control values. Each certain 
scale sub array of control values defines one portion (patch) of the surface. Each patch is 
produced by overlapping several consecutive polynomials. Each polynomial is controlled 
by several control values and each control vertices only takes effect on a limited number 

                                                 
* Examples of these include B-spline, Bezier and non uniform rational B-spline surfaces. 
These surfaces can be expressed in the form of 

)()(),( ,,, vBuBVvuS
i j

mjkiji∑∑=  

where S(u, v) is the parametric surface, Vi,j are the control vertices, and Bi,k(u), Bj,m(v) 
are the basis functions of polynomial orders k and m, respectively. For each surface 
patch, the parameters u and v vary over the interval [0.0, 1.0] with k-1 and m-1 uniform 
division respectively. The basis functions Bu and Bv are determined by the type and order 
of the surface.  
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of polynomials. The continuity between patches is determined by surface type and the 
polynomials which are shared by the patches.  
 
One of the main advantages of parametric surfaces is that they have good local edit 
properties while maintaining good surface continuity.  

5.2 Composition of form 
Polygonal surface, implicit surface and parametric surface are elementary approaches to 
representation of 3D shapes in computer. An array of real number parameters 
representing the control values of polynomials, coefficients of implicit functions, or 
control vertices of polygons is the most straightforward representation and may easily be 
implemented. However, some drawbacks of this representation must be taken into 
consideration. 
 

• A polygonal surface is the most direct representation of forms in computers. 
However, this representation needs a large number of control vertices when 
complex free forms are constructed. For genetic algorithms, this representation is 
not so compact and efficient to control. Discrete control on each vertex makes the 
global deformation and structural shape morphing hard to achieve. For those 
forms with features that are dependent on each other, such as the facial shapes, 
this representation is not an efficient option. 

 
• An implicit surface is a compact representation of forms, but the forms must be 

regular primitives. Every coefficient of an implicit function has global effect on 
the primitives. This makes it difficult to adjust the local curvature details of the 
primitives.  

 
• A parametric surface compromises the coherence of implicit surface and local 

flexibility of polygonal surface. It is suitable for freeform representation with 
local curvature editing property. The drawback of the parametric surface comes 
from its two direction isograms. Increasing local flexibility of the surface needs 
adding in whole rows and columns of control vertices or extra local weight 
specifications which may become difficult to control.  

 
The drawbacks of elementary geometric surfaces can be amended by some structural 
compositions, with several approaches. 

Hierarchical polygonal features 

Hierarchical representation of feature operations is a useful approach to representing and 
controlling a complicated spatial shape. A typical and simple example is an octree, which 
represents a shape by repeatedly subdividing a cube. By changing the tree structure, all 
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sorts of shapes can be produced. This successive and iterative refinement can also be 
defined in a more flexible way. Elson (1990) describes an approach to surface sculpturing 
using interactive modelling tools and techniques based on the operations including tools 
for cutting polygonal surfaces in to small pieces, forming extrusions by pulling and 
adding points to locally deform the polygonal surface. All these operations can be 
organized in a hierarchical tree structure.  
 
For example, a head shape might begin as a cube. Cutting operations can be used to build 
the overall shape of the head. Extrusions can be used to add feature details. A new feature 
is dependent on the replaced original edges, vertices or polygonal surface patches.  
 
Comparing to usual flatten vertices lists of traditional polygonal shapes or voxels (Voxel 
model can be regarded as a special case of polygonal representation in which each vertex 
is on grid), this hierarchical representation has more global control whilst keeping local 
flexibility. More importantly, it can be evolved by genetic algorithms combining with 
genetic programming techniques to increase the structural variations.  

Blending or nesting implicit surfaces 

Although the analytical features exist in implicit surfaces formed with simple functions 
which are easy to control, in evolutionary systems, more complicated implicit functions 
may be needed, especially in evolutionary art systems.  
 
Given two or several implicit surface functions, additional implicit surface functions can 
be generated by blending these surfaces. Ricci (1973) pointed out that the functions could 
be any procedure that defined a surface. Some nested functions may give rise to an 
unexpected complex form. Models constructed with such procedures are called 
procedural implicit models which are the same as the procedural textures and images in 
2D (procedural developing of image has been reviewed in chapter 2, section 2.2.2). 
 
The blending or nesting of implicit functions allows the creation of complex models that 
otherwise would be difficult to build with other techniques. These complex models also 
have local flexibility, a feature which is unavailable in simple implicit models. However, 
the interactive modification of such a model may become unpredictable. That is the 
reason why most CAD systems have not adopted complicated and implicit represented 
primitives. 

Composite B-spline surfaces   

Forsey and Bartels (1988) described a way to increase local details in B-spline surfaces 
without the need to add complete rows or columns of control vertices. By controlling 
overlapping boundary conditions, the surface details can be increased by overlaying a 
more detailed surface defined with additional control points only in the region of interest.  
These additional control points allow more detailed control on the surface. The added 
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detail is relative to the original underlying surface. When the underlying surface is 
modified, the added detail is updated accordingly.  
 

5.3 Parameterization of facial form in IEIDS 
Using 3D facial character design as an instance, this section presents several basic 
approaches to parameterizations of solutions of 3D form designs in the EIEDS. 

5.3.1 Constructive solid geometry (CSG) 

A commonly adopted approach to complicated form composition in most CAD system is 
CSG. With a hierarchical tree structure organizing the geometric elements of graphics, 
CSG approach is used successfully as the basis for computer-aided mechanical design 
systems.  
 
With a surface normal being defined, various other surface models can be used as 
primitive elements in a Boolean tree of CSG. In many CAD modellers the basic elements 
are organized in a hierarchically dependent manner. 
 
A particular style of cartoon faces can be constructed using CSG techniques. The facial 
characters can be assembled from basic shapes and can make use of simple control 
mechanisms. The separate primitive shapes can be varied and may include basic implicit 
surfaces such as spheres, cylinders, and cones. Other simple shapes are constructed from 
simple parametric surface meshes. CSG parameters can directly control the components’ 
affine transform. This approach is easy and convenient for simple facial character 
representation.  
 

 
 
Figure 5.1: Cartoon style faces represented using CSG structure. 
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The initial implementation of the EIEDS is a simple system called the Genetic Face 
Creator (GFC), which uses a genetic algorithm and a neural network to evolve 3D facial 
models. In this system, a facial model is defined using the parameters of constructive 
solid geometry (CSG). The system can be used to evolve characters totally based on the 
visual impression of particular character traits.  
 
Figure 5.1 illustrates the face models generated by the GFC. A NURBS surface is 
constructed as the basis of the facial shape (Figure 5.2 illustrates the main components of 
the model and the parameterization of the model). Some facial features, such as nose, 
ears, eyes and mouths, are then added onto the surface. The facial features are made of 
primitive shapes, such as spheres, cylinders, torus, cones, or their combinations. The 
position of each facial feature depends on the NURBS surface by referencing one of the 
surface points on it (called anchor points, see the cross points with label A in Figure 5.2) 
which are determined by specifying the UV coordinates on the surface.  
 
A large number of alternative facial models can be evolved by changing the parameters, 
which include the following:  

 
• The XYZ coordinates of control points of the NURBS (with label C), 
• The U and V coordinates of the anchor points on the NURBS surface (with label 

A), 
• The scaling and rotation of the local coordinates of each facial feature (with label 

S and R), 
• The constraints (deviations on XYZ axes, with label D) from the pivots of the 

facial features to the anchor points, 
 
These parameters are selected to define the phenotypes used in the genetic algorithms. 
Therefore, each phenotype in the GFC is a real number vector. Each component of the 
vector varies in an interval with specific upper and lower bounds defined by the user. The 
bounds of the intervals are usually loosely set with safe margins.  
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Figure 5.2: An example of parameterization of the facial model.  The points labelled 
C are some of the control points on a NURBS surface. The nose, mouth, ears, eyes 
and eyebrows are created from the primitives. The points with the label A are 
surface points on the NURBS for constraining these facial features (the deviations 
are labelled D).  Each facial feature has local coordinates for rotation and scaling 
(labelled S and R).  

 
As the intervals of the parameters may have different scales, all the components of a 
phenotype are normalized. Normalization is performed by first subtracting the middle 
values of those intervals, and then mapping them to a unified scale of [-256.00, 256.00]. 
(The normalization and scaling of the phenotype is also a requirement for the input to the 
GRNN.) This normalisation allows the data to be further uniformly encoded as 16-bit 
binary strings (one bit for the sign, eight bits for the integer part, the remaining seven bits 
for decimal fractions) which are regarded as the genes of the individual. During the 
evolution, every newborn genotype must be decoded from a binary string to a phenotypic 
real number vector. 
 
The assembly and the manipulation of model components can also be specified through 
the use of symbolic representation which can make structural changes to the model. For 
example, some facial shapes may have moustaches; some ears may have ear rings 
attached etc.  With this approach, a model is actually a program written in a special 
programming language. Graphic primitives (such as spheres, cones, bounds, patches, and 
polygons) and operators (such as translation, rotation, and deformation) are the functions 
built into certain symbolic programs, in a hierarchical structure. The model is created and 
modified by running the programs to determine the compositions and the orientations of 
the graphical components in the model.  
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In the implemented EIEDS, the symbolic representations have not been involved. The 
implemented system, called GFC, adopted a parametric representation approach instead. 
Although in theory a parametric approach can define any shape from scratch (Bentley, 
1996), in the EIEDS approach, a strategy is adopted for designers to predefine an initial 
state with some dependency and constraints between the parameterized components, such 
as the symmetric constraint of facial shapes, which can reduce the complexity of the 
problem and save computing time during evolution. 

5.3.2 Deformation and interpolation  

Deformation and interpolation are functions for nesting and blending. Deformation and 
interpolation of forms are important steps in creating sophisticated forms in 3D visual 
design, no matter whether it is in surface modelling or in solid modelling. In a separate 
experiment using Maya as a framework for fine tuning 3D images, several approaches to 
3D deformation and interpolations have been proposed in this thesis for creating new 
forms based on existing forms. 

Deformation  

Any deformer can be regard as a function nesting other functions which output geometric 
objects. A deformer is usually a linear or nonlinear vector field. When an geometric 
object is put into this field, any point on the object can be transformed by the vector at 
this point in this field. Deformation can be applied to various geometric primitives, 
including polygonal, quadric, parametric, implicit surface and solid models. There are 
many methods for defining a vector field of a deformer. 
 
A general approach to modifying the existing three-dimensional model is the freeform 
deformation. In this approach, a parametric solid is defined by a three dimensional cubic 
lattice of control points. As the control points are manipulated, the parametric solid is 
deformed. Any point in the solid has a vector starting from original point to its new 
position. As the parametric solid is deformed, so is any model embedded within it. The 
basis for the parametric solid is typically a tri-variation tensor product Bernstein 
polynomial. Figure 5.3 illustrates some deformation results using the lattice deformer.  
 

 

 95



 
 
Figure 5.3: Using lattice deformer in Maya, the EIEDS can produce thousands of 
alternatives in a few minutes. The detailed variation is not so significant because 
only one deformer is added.  

 
 
All human faces have the same structure and are similar with each other in shape. This 
fact allows the construction of a canonical face model. Modelling specific faces consists 
of transforming the canonical facial model into desired individual facial models.  
 
For a canonical facial model, a number of feature control handles (points) can be defined 
on the model. The desired transformations therefore can be controlled by displacing these 
control handles. The control handles are vertices that are important in specifying the 
overall shape of the face, and the shape and location of facial features such as the 
eyebrows, the corners of the eyes and the mouth.  

Interpolation  

The notion of interpolation is straight forward. Two points in a plan or space can define a 
line. Any point on the line and inside the interval of the two points is an interpolation of 
the two points. 
 
The facial topology must be the same for all faces being interpolated. The number of 
vertices defining the surface and their interconnections must be identical for all the faces. 
If the facial topology is fixed, then creating a new face involves just blending the vertex 
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positions. For this approach to work well, a single sufficiently flexible topology must be 
abstracted to allow the representation of a wide range of individual faces.  
 
With shape blenders or deformers, the representation of a facial shape can be compact 
while still maintaining realistic effects. Blenders create new facial shapes by interpolating 
several existing basic facial models. Deformers are the most popular and convenient 
methods to create new facial shapes from an existing one.  

5.4 Completeness and compactness   
Parameterizations for various visual forms need designers’ experiences of design 
modelling and optimization. To select or devise a good representation usually involves 
several guidelines. 
 
Mentioned in chapter 2, representations used in an evolutionary system with the GRNN 
should compromise both completeness and algorithmic efficiency. Completeness means 
that the representations must cover all possible solutions. Algorithmic efficiency requires 
that the representation should be non redundant and compact.  
 
One of the challenges for facial modelling is to support and allow considerable variation 
from one individual face to another. Choices made early in the modelling process will 
determine the flexibility and modifiability of the model later on. For instance, a CSG 
structure may suit abstract cartoons styles, whilst the deformation approaches are suitable 
for realistic facial models. Parameterizations based on different geometric descriptions 
determine the potentials of the model.   
 
As mentioned in chapter 1 and 2, an evolutionary design system integrating a neural 
network may suffer from the problem of high dimensional spaces. Therefore reducing the 
dimensionality of the solution vector (the number of the parameters) is always desirable. 
The decomposition of a big problem into smaller ones relies on the experience of a 
designer. In this regard, the choice of a representation and deformation method is highly 
related to the problem domain and sufficient understanding of various geometric 
elements used in computer reasoning and visualisation.   
 
In the first chapter of the introduction, section 1.5 and chapter 3, section 3.1, a 
presupposition for the neural network learning stated that there is a certain correlation 
which exists between the visual forms and the corresponding aesthetic responses during 
the interactive evolutionary process. However, a good parameterization of the form may 
make this correlation more clearly clarified with ease in construction and modification 
during the interactive evolution, while a poor parameterization may make this correlation 
too chaotic to be approximated. The initial choice of a particular set of parameters used to 
describe each individual of the solution presumably reflects the designer’s judgements 
regarding their relevance for the aesthetic qualities of modelling. The chosen parameters 

 97



must be relevant to the aesthetic expectations being sought. The presence of too many 
irrelevant parameters may obscure the evolution and neural network learning, making the 
search for best solution harder.  

Summary  
This chapter discussed several technical issues of parameterizations of 3D forms. 
Parameterization of a solution space for certain design problems with an array of 
parameters is a flexible approach adopted in the EIEDS. Using 3D facial character design 
as an example, this chapter presented several basic approaches to the parameterization of 
3D form designs in EIEDS.  
 
Three classes of elementary geometric surfaces: polygonal surfaces, implicit surfaces, 
and parametric surfaces, are the basis of the most 3D graphic systems. Several efficient 
and expressive geometric representation techniques based on composition, deformation 
and interpolation are introduced. Two instances of facial character design (figure 5.1 and 
Figure 5.3) demonstrated the different styles of parameterized CSG models and lattice 
deformation, which are based on a canonical definition of abstractive facial geometry 
shown in Figure 5.2.  
 
The role of the neural network in the EIEDS has been mentioned in previous chapters, 
but it is the topic of the next chapter in which the technical details and the mechanism of 
learning are explained in more detail.  
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Chapter  

 

 

Artificial Neural Networks in EIE

 
Neural network learning can be modelled as a function approximation based o
cases.  
 
The first section of this chapter compares RBF networks with a typical type
neural networks, Multilayer Perceptrons (MLP) in terms of the forms and p
the different approximating functions. RBF networks are suitable 
approximation, while the MLP networks are not. Since samples comin
interactive evolution are usually not ideally distributed, most artificial neur
such as MLP may fail to perform well because of this. 
 
In the second section, a special RBF neural network suitable for onli
(updating) called General Regression Neural Network (GRNN) (Specht, 199
introduced. The GRNN is exactly the learning model adopted in the prototype

6.1 Artificial neural network learning  
The problem of learning a mapping between an input and an output space is
equivalent to the problem of estimating a system that transforms inputs into o
a set of examples of input-output pairs. A classical framework for this 
approximation theory (Poggio, 1989).  
 
Approximation theory deals with the problem of approximating or inte

continuous, multivariate function t(x) by an approximating function  (w, 
fixed number of parameters w (x and w are real vectors x = x1; x2; ..; xn, and 
…;wm). For approximation, the problem is to find a set of parameters w that 
best possible approximation of t on the set of observed examples. Before

needless to say, it is very important to choose an appropriate approximating f
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that can represent t (.) as best as possible. The effectiveness of learning will be limited, if 

the chosen approximation function  (w, x) can only give a very poor representation of 
t(x), even with optimal parameter values of w.  

∧

t

 
Therefore, learning by approximation has two main problems: 
 

• The problem of what approximation method to use, i.e., what classes of 
functions t(x) must be effectively approximated by what approximating 

functions  (w, x). This is a representation problem (Poggio, 1989).  
∧

t

 
• The problem of what algorithms to use for finding the optimal values of the 

parameters w for a given choice of (w. x). 
∧

t

 
In chapter 3, section 3, it was mentioned that Neural Networks can be regarded as a 

graphic notation for a large class of algorithms which is an approximating function (.) 
composed of many basic functions called neurons. Each neuron is linked to certain of its 
neighbours with varying coefficients of connectivity w that represent the strengths of 
these connections known as synaptic weights. Learning is accomplished by adjusting the 
topology and the weights to cause the overall network to output appropriate results by 
presenting observed data.  

∧

t

 

Artificial neural networks have a variety of types of (.). Different types have different 
advantages and disadvantages for approximation.  

∧

t

6.1.1 MLP vs. RBF 

Two typical types of (.) are Multilayer Perceptron (MLP) and Radial Basis Function 
(RBF).  

∧

t

Multilayer perceptron (MLP)  

Chapter 3 reviewed the fact that the most models of neural networks adopted as surrogate 
fitness functions in evolutionary art systems belong to the type of multilayer perceptrons. 
MLP is the most fundamental type of neural networks and can be found in many 
textbooks of artificial neural network (Zurada, 1992).  
 
A three layer perceptron (with two layer interconnection weights u and v) constructing an 
input-output mapping can be written as a composition of nested nonlinear transfer 
functions f (.)  
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The nonlinear transfer functions f (.) are usually sigmoid. The training of the network is 
actually to determine the type of transfer functions, the number of the layers of nesting 
and the values of the w. 

Radial Basis function Networks 

RBF networks were independently proposed by Broomhead and Lowe (1988) , Lee and 
Kil (1988), Niranjan and Fallside (1988), and Moody and Darken (1989a, 1989b). RBF 
network was motivated by earlier work on radial basis functions (Medgassy, 1961) which 
were utilized for probability density estimation (Parzen, 1962; Specht, 1990) and 
approximations of smooth multivariate functions (Poggio and Girosi, 1989).  
 
A RBF network uses a weighted sum of a finite set of radial basis functions (bell shaped 
Gaussian kernel functions) to approximate an unknown function.  
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                   (6.2) 

where  

)2/||||exp()( 22 σmm cxxf −−=      (6.3) 
 
is m-th radial basis function (Gaussian kernel function) which outputs a value based on 
the Euclidian distance between input vector x and the m-th Gaussian kernel’s ‘centre’ 

.  The training of the neural network is to adjust the values of Gaussian kernels’ 
centres and the weights w, which are the kernels’ expansions. 

mc

Local generalization 

For function approximation, the MLP network performs global fit to the training data, 
whereas the RBF network performs local fit (Hassoun, 1995). The MLP consists of 
nested sigmoid transfer functions and is suitable for global generalization. During the 
training of it, all the units in the MLP network must be evaluated and their weights 
adjusted for every input vector. In comparison with MLP, the linear combination of RBF 
functions (Bell-shaped Gaussian kernels) has greater local flexibility. The RBF network 
decomposes a function into localized Gaussian functions through which local data 
features are represented (Hartman, 1990; Park and Sandberg, 1991). The RBF network 
utilizes a number of locally-tuned units (RBF's) which have localized receptive fields 
(Hassoun, 1995). Only a small fraction of the units in an RBF network responds to any 
particular input vectors. The RBF networks are therefore suitable for local 
approximation.  
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With nested sigmoid functions, to approximate a function, the MLP has greater ability for 
generalization. The MLP, however, is usually over generalized, when sample sets are 
globally insufficient. It can have high output even in regions far away from those 
populated by the training data. This causes the network to indicate high confident 
responses to meaningless inputs. The interpolation and extrapolation of the MLP may 
become unreliable and unsafe. This problem may be reduced by employing the "training 
with rubbish" strategy (Hassoun, 1995). However, when dealing with high dimensional 
input spaces, this strategy generally requires an excessively large training set due to the 
large number of possible "rubbish".  
 
On the other hand, the local nature of the units’ receptive fields in the RBF network 
prevents them from being able to "see" too much beyond the training data. This makes 
the RBF network safer with an insufficient sample set. 
 
As the samples provided by interactive evolution are usually not sufficient enough and 
not ideally distributed in a solution space, most artificial neural networks such as MLP 
may fail to perform well because of this reason. The EIEDS adopts RBF network rather 
than MLP. In contrast to rival techniques such as MLP, distinct ‘local’ RBF, can be 
trained for each small cluster of individual samples (even for each single sample), thus 
avoiding modelling of the entire search space. 

6.1.2 Finding the optimum parameters  
∧

w

Theoretic learning process 

Learning tasks can be considered as specific methods of function approximation. To 
measure the quality of the approximation, a distance function is naturally introduced to 

determine the distance d [t(x); (x , w)] of an approximation (x , w) from t(x). The 
approximation problem can then be stated formally as: 

∧

t
∧

t

 

If t(x) is a continuous function defined on set x, and (x, w) is an approximating function 
that depends continuously on w (w

∧

t

∈P) and x, then the approximation problem is to 

determine the optimum parameters such that 
∧

w

 

d [ (x , ), t(x)] < d[ (x , w), t(x)] for all w in the set P. 
∧

t
∧

w
∧

t

 
Suppose m cases of x with their correspondent t(x) are observed, then the statement can 
be reformulated as an equation: 

)]}(),([{minarg mm
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xtwxtdw −= ∑
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     (6.4) 
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This is a general objective function of neural network approximation problems. There are 

lots of methods that analytically or numerically search , to minimize the approximation 
error. The approaches to finding the w at minimum include some relaxation methods, 
such as gradient descent, conjugate gradient, simulated annealing or evolutionary search 
in parameter space P, all of which attempt to minimize the error over the set of examples.  

∧

w

 
Two basic objective functions are commonly adopted: Least square error and Maximum 
likelihood *. 

Algorithmic learning process 

The above is the theoretic explanation of network learning in general. In real practice, 
each approximation scheme has some specific algorithms for finding the optimal set of 
parameters w.  
 
For instance, RBF networks are trained in following steps: 

                                                 
*  The commonly adopted objective functions are least square error and maximum 
likelihood. 
1. Least square error is one of the basic objectives for estimation. The MLP network 
usually uses gradient descend on the error function and back propagation to adapt the w 
layer by layer.  
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2. Maximum likelihood is another objective function. It supposes that t( ) is corrupted 

by noise in normal distribution. Then given the system parameter w, and input , the 

posterior probability of t = t( ) is given as normal distribution as well: 
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where is the covariance matrix of the estimator and  ∑ ∑ ||
 is its determinant, n is 

the dimension of vector t( ). The likelihood with which all the m output {t( )} will 
be generated by the system w is given by the multiplication of all the m factors of  

P(t( )|w).  
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and consequently the log-likelihood function is written as follows. 
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Neural network learning is then to find an optimum w which maximizes E(w). 
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• Deciding on how many hidden units need to be used,  
• Deciding on their centres,  
• Training the network by tuning up the weights to the output layer, and the 

expansions of the Gaussians,  
 

Generally, the number of hidden units and their centres are decided at first by clustering 
or self organizing the input vectors of the training data. Then, the output layer weights are 
trained using the back propagation. With back propagation, the input data is repeatedly 
presented to the neural network in random order. With each presentation the output of the 
neural network is compared to the desired output and the error is computed. This error is 
then fed back (back propagated) to the neural network and used to adjust the weights 
such that the error decreases with each iteration and the neural model gets closer and 
closer to producing the desired output.  

Computational cost of learning 

Learning in a RBF network is the process of adapting the hidden units and modifying the 
parameters w within the network by presenting the network with examples (sample 
cases).  

 
However, this kind of learning process is computationally expensive and the iterative 
learning algorithms are time consuming. The trained networks are static. When more 
training data becomes available, the dynamic updating of the neural network is not so 
easy. It usually needs a complete new training session from the start. 
 
In order to dynamically update the neural network online with less computational cost for 
learning during an interactive evolutionary process, a special kind of RBF neural network 
is introduced in the EIEDS and is discussed in the next section.  

6.2 Nonparametric approximation 

6.2.1 Probabilistic interpretation of approximation 

Any neural networks for regressions can be regarded as an explicit representation of the 
implicit deterministic input-response relationship in the measured data which are 
corrupted somehow by additive zero-mean noises. It is assumed that the network input is 
a random variable x, and the desired response t is also a random variable. An important 

interpretation is that a network learnt form measured data has an output  that 
approximates the conditional mean of the desired response data t, that is, the regression of 
t conditioned on x: 

∧

t
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where  means the optimal weights (parameters) of certain selected network type such 

as MLP, RBF or Bayesian network.  

∧
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[ ]xtE |  refers to the conditional mean (expectation) 

of t defined by  
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All of those networks mentioned above can therefore be considered as nonlinear 
regressors based on the adaptation of weights w. 
 
A drawback for all these approaches is that w needs complex back-propagated learning 
such as minimizing the mean square error (MSE), maximizing likelihood or other 
methods that require significant computational time. In addition, networks need a priori 
information about the approximating models fitting the structures of the data. 
Furthermore the intelligent choices of functional forms generally require data structure 
analysis. In many circumstances, it is inappropriate to assume any functional form for a 
class of density functions. Neural networks need structure estimations and adaptations by 
choosing the number of layers, the type of transfer functions and the number of nodes. It 
means that the degree of freedom in a neural network topology has to be decided 
experimentally at first. However, both the network topology adaptation and weights’ 
training are nontrivial issues.  

6.2.2 General Regression Neural Network (GRNN) 

In order to avoid those problems, a nonparametric regression is chosen, which is an 
approach without weights w to be involved. In this approach, formula (1) and (2) can be 
simply rewritten as:  
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The regression of t on x can be written as a function of the joint Probability Density 
Function (PDF) which needs to be directly estimated from the available data. That is, 
given a number of the input-response pairs (xi, ti), the approach seeks a nonparametric 
estimator of the joint PDF P(x, t) of random input vector x and random scalar response t. 
 
Estimating the PDF from the measured data is a normal approach in Statistics (Parzen, 
1962), and it also fits the area of Bayesian Statistics. A commonly used technique for 
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achieving this is the Parzen kernel method which is a nonparametric estimator following 
the idea of kernel approximation.  It provides an estimate that approaches the true density 
under fairly general conditions. The estimator was proposed by Parzen (1962) and 
developed further to multidimensional cases by Cacoullos (1965), as expressed below: 
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           (6.8) 
 

 
where n is the dimension of x;  m is the number of the cases 
 
In using the Parzen method, the underlying PDF is assumed continuous. The method 
starts by normalizing the measured data and choosing a type of symmetric kernel 
function such as the Gaussians. The kernels are located at each (xi, ti), and added up for 
estimating the overall joint PDF. A cluster of kernels closely packed together usually 
indicates an area of high probability density.  
 
After combining (6.7) and (6.8), performing integrations, (6.9) is obtained: 
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Formula (6.9) is actually a special regression form developed from formula (6.2) and 
(6.3), where the number of hidden units is equal to the number of sample cases. Therefore 
the parameters w of kernel expansions are equal to the corresponding outputs of the 
sample cases, without time-consuming adaptation. 
 
The following is a simplified form of function (6.9).  
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Zi can be some kind of distances between any new input x and the ith measured case xi. 
In real applications, there are some alternatives of Euclidian distances for reducing the 
computational costs, such as the dot product: 
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Formula (6.9) can be realized with a multi layer feed forward network structure in 
figure 6.1.  
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Figure 6.1:  A GRNN structure and workflow 

 
 
The Gaussian kernels are centred at each measur
response to the case xi. The output t can be visu
values of ti. The weight is exponentially related
kernel centre xi.    
 
One may find that the GRNN appears just to be
point of GRNN is that the number of the nodes 
number of measured cases. The network grows
unlike the RBF networks which must have a fi
processes to adapt to the centres and widths of
width σ ( the radial deviation) of the Gaussians 
 
 

 

Input n dimension
  

m kernel centres, 
the measured cases  

Summation layer  

Output t= estimated conditional 
average of  t on test input x 
given all of known (xi, ti) pairs 

ed case xi, where ti is the observed user’s 
alized as a weighted average of all of the 
 to the distance between the input x and 

 a RBF network in structure. But, the key 
in the hidden layer is exactly same as the 
 when new measured cases are added on, 
xed number of kernels and need training 
 the kernels. In GRNN, only the unified 
has to be experimentally determined.  
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The network input 

The vector x represents the features of an evolved design which aroused a certain user 
response. The x should be a real value vector in Euclidian space as a GRNN makes 
density estimates in a continuous Euclidian space. The simplest approach is to adopt a 
real number phenotypic representation. 
 
An important presumption of the fitness approximation is that the real joint PDF of (x, t) 
is continuous. This means that a slight change of x should not result in a sharp change in 
aesthetic appeal. Fortunately, it seems not a problem in cases of aesthetic evaluation.  
 
The other requirement for x is normalization. As a pre-processing step, it is usually 
necessary to scale all components of vector x such that they have approximately the same 
ranges or deviations. The necessity for this stems from the fact that the underlying PDF is 
to be estimated with symmetric kernels that have the same width σ in each dimension 
(Parzen, 1962). 
 
A design may have various representations serving different purposes. For instance, some 
creative (generative) systems devised to solve combinatorial problems use binary or 
alphabetical codes or tree structures. In such cases, a reasonable way to measure the 
similarities and differences among the designs is Hamming distance or Edit distance 
rather than Euclidian distance or City Block distance. Some other density estimation 
methods may then be required based on these other distance measurements.  

The user response 

For the response ti, one option is to let the user input a scale value corresponding to the 
design xi, which may be quite informative. However, it is likely to be very tedious for the 
user and the values obtained may not be reliable. 
 
The experimental system developed in this thesis simply sets ti as a Boolean value. That 
is, all of the cases are put into two categories: selected and unselected. The user’s 
response ti of the visual output of case xi only requires one click (selected), or no click 
(unselected) on it. Referring to Figure 6.1, if x1 and x2 are selected, the desired output t1 
and t2 will be set to 1, while the rest (t3~tm) are set to zero. Therefore, only x1 and x2 are 
summarized in the node WS (weighted summation). The final output is the estimated 
possibility that the user will select the currently applied test vector.  
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The regression function 
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Figure 6.2a: Twelve one dimension kernels on [0,100] with 5=σ . The bold lines 
represent selected cases while the thin lines are not selected ones. 
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e 6.2b: GRNN regressions on the twelve cases. The regressions vary from sharp 
 with the σ = 2, 5, 10, 15, 20 and 35 in turn.  

mportant parameter is σ , which determines the smoothness of the regression 
he greater theσ , the smoother the function is. This implies that the GRNN has 
ibility to capture both the global and gradually the local properties of input 

ere are twelve randomly generated sample cases in a one-dimension solution 
four of them are selected. Figure 6.2a depicts the sample cases with twelve 
σ  =5) placed on x. The four Gaussians drawn with bold lines are the selected 
orresponding regression of t on x can then be estimated (see the solid line with 
in Figure 6.2b). 

.2b, a bundle of curves depicts the estimated t on x using different σ  values. 
of those curves are estimated to be the potential desirables (the user’s intent). 
ll σ may cause the search to fail to converge, as the peaks are replaced by flat 
s. (See the dotted line with σ =2).  

l method for selecting suitableσ  is the holdout method (Specht, 1991). For a 
alue of σ , the holdout method consists of removing one measured case at a 
nstructing a network based on all of the other cases. Then the network is used 
 t for the removed case. By repeating this process for each case and storing 
ate, the mean squared error can be measured between the actual measured 
 estimates. The value of σ giving the smallest error should be used in the final 
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network. The holdout method is useful in the offline state when learning has been 
completed. 
 
In the case of dynamic online learning in this thesis, a simple alternative method is 
proposed. A user initially uses a range of different σ values to make several separate 
estimates. The user picks the most desirable estimated result. Then, its σ value will be the 
mean value of the range of σ for the next try. This strategy makes the estimation of the 
user’s preference flexible. Typically, a change of σ  shifts the high peaks significantly 
when learning cases are few and far away from each other. With the accumulation of 
learning cases, peaks’ shifting will be reduced. 

Interpolation and extrapolation  

A two-dimensional example (see Figure 6.3) of a GRNN approximation process may 
help to explain the effect of the σ , and the basic mechanism of how possible user 
preferences are inferred from the input data.  
 
There are seven sampled points scattered in a 2D solution space so far. Two of them are 
selected (the circles with asterisks). Two possible consequent approximated fitness 
landscapes are depicted by contour lines.  
 
The shift of the peaks highlights the two abilities of the GRNN: interpolation and 
extrapolation. Interpolation refers to the fact that the peaks tend to match the common 
clustering centres of the selected samples. Extrapolation refers to the fact that the 
unselected samples counteract the peaks, making them deviate off the clustering centres 
and extrapolating them towards unexplored potential areas.  
 
The intertwining of two classes of samples (the selected and unselected) implies a 
bimodal XOR problem. A moderate σ  captures this feature with two separate peaks (see 
the upper segment in Figure 6.3). When σ  becomes larger than a certain threshold, the 
two peaks are merged into a single one (see the lower in Figure 6.3). The unselected point 
in the middle is somehow suppressed as an error (but it still has an effect on the peak). 
With a suitableσ , the GRNN is robust enough to tolerate the uncertainty and confliction 
of selections. 
 
With differentσ , the inferences cautiously cover the most possible situations at this stage. 
A reasonable conjecture from this example is that with subsequent user selections, as well 
as increased samples, the shifts of the peaks will be confined and ambiguities will be 
gradually eliminated. 
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Figure 6.3: Intent inferences using a GRNN with different values ofσ ( 0.3 and 0.5). 
There are total 7 observed cases, of which two are selected (the circles with 
asterisks). 
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Online and offline learning 

Chapter 4 mentioned that the leaning of neural network in the EIEDS is proposed to be in 
both online and offline mode.  
 
Offline learning is based on the normal RBF network. It runs during the idle state of the 
evolution. The learning of RBF becomes the clustering of data, using fewer kernels with 
different widths and placing them in optimal places. The long term memory is specially 
devised for this purpose. All the generations evaluated by the user are recorded in it for 
learning purposes.  
 
Online learning is based on the GRNN, which a nonparametric alternative of RBF. The 
learning of GRNN becomes just recording input-output pairs. The drawback of GRNN is 
that it tends to be slower than normal RBF in execution time, especially when the sample 
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set is large. The short term memory uses the sample sets which have limited sizes to keep 
updating with the interactive evolution process. This means that the sample set always 
exhibits a local fitness landscape.  

Summary  
This chapter has presented a theoretic explanation of the artificial neural network module 
used in the EIEDS.  
 
RBF neural networks are generally a type of approximating models suitable for local 
approximation with an insufficient sample set. Samples provided by an interactive 
evolution are usually not sufficient enough and not ideally distributed.  
 
A special RBF neural network, called General Regression Neural Network (Specht, 1990; 
1991) based on nonparametric density estimation and suitable for online learning 
(updating) becomes the final choice. The advantages of this model will be further verified 
in the next two chapters when actual examples are used to demonstrate how the 
integrated system works. 
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Chapter  

 

 

Parameter setting in GA 

This chapter explains some relevant control parameter settings for the genet
and their effects on evolutionary processes, through the analysis of schem
Possible consequences of improper parametric settings are then discussed. B
discussion, several parameter setting guidelines for the efficient running of 
both interactive design exploration and automatic design optimization (inten
are proposed.  

7.1 Control parameters in genetic algorithm 
The performance of a genetic algorithm depends on the settings of a set of ‘kn
algorithms. Proper settings are essential for the algorithmic efficiency and suc

 
• Population size: If the population is too small, then it is highly po

genetic algorithm will miss some subspaces which may contain t
global maximum.  

• Chromosome length: This parameter determines the precis
parametric representation. 

• Selection pressure: This is an index of the unevenness of selectio
definition is the ratio of the best individual's selection probab
average selection probability of all individuals in the parent 
Canonical genetic algorithms adopt some elaborate proportion
schemes in order to ensure moderate selection pressure and
convergence speed. Selection concentrates on the search in the re
lead to fitter structures and it allows strings with higher fitness to 
higher probability in the next generation. It is the power to mak
converge. Gene resource may be diminished and diversity may b
selection. 
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• Crossover rate: This leads to the generation of new solutions with 
inheritance from both parents.  

• Mutation rate: Mutation flips bits in a string. It provides chances to amend 
local disfigurement in a chromosome. 

 
In order to understand the function of selection, crossover and mutation in evolutionary 
process as well as how these ‘knobs’ can control the performances of genetic algorithms, 
it is necessary to mention schema theorem (Holland 1975; Goldberg 1989a;b).  

7.1.1 Schema theorem 

Holland (1975) proposed the building block hypothesis. This hypothesis postulates that 
canonical genetic algorithms work by discovering, emphasizing, and recombining good 
building blocks of solutions in a highly parallel fashion. A building block is a small sub-
section of the genotype. 
 
Holland (1975) formalized this notion of building blocks further in his schema theorem. 
This theorem states that a canonical genetic algorithm provides a strategy for increasing 
the number of good building blocks. 
 
A schema represents a subset of the solution space whose collective genotypes are 
identical at some gene positions. In the case of, for example, the genotypes being 
represented by fixed-length strings over a finite alphabet (allele), a schema is a template, 
some of whose positions have fixed values (alleles) and some are the so called ‘not sure’ 
symbol asterisks.  If the alphabet is a binary alphabet, then a schema can be represented 
as (* * * 1 * * 0 0 * * 1), to represent any string with 11 binary digits with ones and zeros 
in the positions indicated, and anything at all (zeros or ones) in the positions containing 
an asterisk.  
 
Holland also introduced the concept of schema order which is the number of defined bits 
in the schema. The other concept is the defining length. The defining length of a schema 
is the distance between the first and the last definite bits. For example, the order of the 
schema (* * * 1 * * 0 0 * * 1) is 4, and its defining length is 7. 
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Before reviewing Holland’s schema theorem, some symbols used in the schema theorem 
are listed below:  
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  a schema with high fitness value and at least one instance in 

 population at time t. 

H, t)  number of instances of H at time t. 

, t)    average fitness of H at time t.  

)t    average fitness of the population at time t. 

 the length of bit-strings in the search space. 

)H   the defining length of H. 

)   the schema order of H.   

      the probability that single-point crossover will be applied to a

ing. 

  the probability of any bit being mutated. 
lity that a crossover point happens to be on a schema (assume single-point 
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lity that a schema H will survive single-point crossover satisfies the 
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ity of mutating any bit is called mutation rate Pm. The probability of any bit 
 (1 - Pm). Considering all the fixed bits of the schema H, the probability that 
 will survive under mutation is 

( ) ( ) ( )Ho
mpHSm −= 1  
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Then at time t+1, 
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This is Holland’s schema theorem. The interpretation is: short, low order schemata 
whose average fitness remains above the mean will receive an exponentially increasing 
number of samples over time. The number of samples of those schemata is increased by a 
factor of 
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at each generation. 
 
According to the theorem, (suppose Pm = 0, i.e., only considering crossover) 
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will insure schema H’s growth. It should be stressed that the H is not a fixed specific 
schema, it actually dynamically points to a schema which represents those better-than-
average individuals. 

A pitfall of schema theorem 

But, there is a pitfall: when f(H, t)   ( )tf , Pc must  0. Otherwise, the system will 
never converge. However, the reality is that genetic algorithms always set crossover rate 
Pc high, sometimes even use two or multipoint crossover. There is no evident case that 
with high crossover rate, the convergence is impeded.  
 
The problem is that the Holland’s schema theorem only considers the crossover as a 
distractive force which disrupts the high fitness schemata. 

( )
ccdestroy p

l
Hpp →
−

=
1

δ
 

But actually, the crossover is also a constructor for good schemata. The effects of the 
usual crossover and mutation operators on a schema can both be destructive as well as 
constructive. They bring about not only inferior but also superior offspring to the 
population. Only taking the destructive effects into account suggests a lower bound 
which the system may never reach. 
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In fact, when the population inevitably becomes homogenous and certain schemata are 
overwhelming in the population, the probability of crossover’s destructiveness 

 
0→destroyp . 

 

Two extra interpretations for the schema theorem 

Two extra interpretations of Holland’s schema theorem state that: 

• Selection pressure ( ) ( )( )tftHf ,  is the power of convergence. 
• Mutation is the power resisting convergence (divergent power). With a high 

Pm, system will never converge. 
 

Although schema theorem has a pitfall in that it just considers the lower bound of a 
probabilistic event (the worst situation), it still reveals a clear relationship between 
selection pressure, crossover probability, mutation probability, and remains a very useful 
concept schema.  

7.1.2 Between divergence and convergence 

Holland (1975) characterized the process of adaptation of individuals during the 
evolutionary process as a balance between two opposing tendencies: exploration and 
exploitation. Exploration refers to the creation of diversity within the population. This is 
achieved primarily through the genetic operators: mutation introduces innovation, while 
recombination changes the context of the existing genetic information. Exploitation refers 
to the reduction of diversity as a result of a selection process that favours the individuals 
of higher fitness. This balance between exploration and exploitation is critical for the 
evolutionary process. Holland’s original genetic algorithm was proposed as an ‘adaptive 
plan’ for accomplishing a proper balance between exploration and exploitation in 
adaptive systems.  
 
The level of exploitation within an evolutionary system is often characterized as selection 
pressure. If the selection pressure is high, then the evolutionary process quickly loses its 
diversity, and results in premature convergence. Conversely, if the selection pressure is 
excessively low, then the evolutionary process will become inefficient. 
 
Many researchers believe that the quick loss of diversity is the main reason for premature 
convergence. Allowing for the increase of population size is not always enough, and the 
convergent pressure from the selection should be suppressed in order to enable the 
crossover operator to have enough time to take effect on a global level.  
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Evolutionary search has been vividly modelled as a race between the converging process 
of selection and the exploratory process of building block mixing (Goldberg 2001; 
Thierens 2000). 

7.2 Premature convergence 
It was mentioned in first chapter that premature convergence is a phenomenon of 
convergence to a non-optimal and the symptom is a stagnation of an evolutionary 
process. The search process contracts its search scope too quickly to do enough global 
exploration.  
 
The fitness-based selection methods are widely adopted in many existing genetic 
algorithms. Due to the unbalanced sampling and the unbalanced speeds of fitness growths 
of schemata, in any given cycle, typically some salient schemata get to propagate, while 
other schemata get lost. It is highly probable that some of the discarded schemata, when 
properly assembled, may produce the potentially perfect solution, or that some of the 
discarded schemata may be essential to forming the best solutions. In this case, a system 
may only have a rare chance to reach for the best.  

7.2.1 Local fine tuning problem 

The following experiment is an intuitive example of premature convergence. The 
experiment is done with a canonical genetic algorithm provided by GAlib, which is a 
genetic algorithm tool box developed by AI lab, MIT. 
 
The genetic algorithm in GAlib is adopted to solve a travelling salesman problem, which 
is a routing problem in AI. In this problem, a salesman must visit a number of cities, and 
then return home. The algorithm needs to find one of the shortest routes.  
 
The twenty cities are distributed evenly on a 4X5 grids. Therefore, the shortest path must 
be 20. Figure 7.1 shows the first generation which is randomly generated. 
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     The 1st generation  

   The 15th generation 

 The 150th generation 

 
Figure 7.1: The system has found one of the best paths in a 150-generation evolution 

 
Figure 7.1 illustrates a successful running of evolutionary search. However, the algorithm 
does not always run successfully like this. In most of the tries, the algorithm became 
stable on near-optimums and was not able to produce the best, unless it kept repeating the 
mutations.  If there were no preconception of the best path, then it would have been 
highly possible that the user could never get the best one.  
 

 119



Figure 7.2 shows some of the premature results with different patterns all of which are 
larger than 20. The final improvement of the evolution usually demands considerable 
computational cost.  
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Figure 7.2: The above patterns are all premature results in several other tries. The 
individuals in these populations became homogeneous.  It would be difficult for the 
system to reach the potential best in these states. 

 
Fitness improvement exponentially decreases with the passing of time, because small 
disfigurements of a well developed schema are difficult to be amended due to the 
blindness of variation. This problem is also called local fine tuning problem which exists 
in genetic algorithms (Holland, 1975; Michalewicz, 1996) and other stochastic search 
methods as well. Blindness in reproduction is intrinsic for generic algorithms. 
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Other possible factors contributing to premature convergence are related to representation 
scheme (complexity of fitness landscape) and improper parameter setting of evolutionary 
system. The representation problem has been discussed in Chapter 5.  A poor 
representation may fail the evolutionary algorithm in the first place. The schema theorem 
reveals that fitness improvement relies on the selection pressure. By selection, the search 
is biased to the high-quality solutions. However, combined with a multimodal fitness 
landscape, high selection pressure may mislead an evolution. 
 
The following demonstration of deceptive problem may explain that blindness of 
variation combined with a multimodal fitness landscape may mislead an evolution. 
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0 0 0 

0 1 0 

1 1 0 

1 1 1 
Figure 7.3: A genotype space represented by a three bit binary string with a total of 8 
members. The column bars at the bottom represent the fitness of the members. Below 
the figure is the list of four individuals of (t)th generation. The four individuals are 
the ones marked with darker colour in the above figure. 
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7.2.2 Deceptive problem 

The Figure 7.3 depicts a mini genetic algorithm. A genotype space is represented by a 
three bit binary string with a total of 8 members. The column bars at the bottom represent 
the fitness of the members. 
 

Supposing that the algorithm uses one-point crossover operations and no mutation, and 
assuming that the selection pressure is not so high, say, almost equals 1. Therefore all the 
individuals in a generation will have the same probability to be selected as the parents of 
the next generation.  
 
During the reproduction, two parents are stochastically picked out from (t)th  generation, 
to produce two newborns by a crossover operation. This operation is repeated n-times 
until the new generation is full. The generation size is supposed to be 2n. In this case, 2n 
=4. 
 
Then, the question is, in t+1 generation, how many chances will the system have in 
finding or missing the schema 0  0  1, which has the highest fitness value? 
 
If one stochastically picks 2 different individuals out of (t)th generation twice, then the 
probability that all four individuals are selected to be the parents of the next generation is 
1/6. This means that the probability that at least one individual might be lost during 
selection is 5/6. It seems then quite probable that some gene materials in the generation 
will be lost.  
 
It was noticed that even if the chances were even, the loss of certain gene material was 
highly probable. This might explain the reason why many systems have been reported to 
become homogenous and lose their diversity so quickly.   
 
The probability of missing specific x individuals during selection in population 2n is 
formulated as 

n

nn
xnxn
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Examining the present generation gives an indication on what the bad results might be 
and what might be their probability of occurrence. The bad results can make the system 
loss the chance to get the best result, which is 0  0  1, if without mutation. The bad results 
would be the ‘building blocks’ of  0  0  1  which will all get lost during the selections. In 
this case, these building blocks can be represented as 0  0  * and *  *  1,  which only 
existed in the individual 0  0  0  and 1  1  1. So, the following is obvious 

 
• The probability that the next generation dominated by schema 1  1  *  or *  1  

0 after selection is (1/36)*2. This is the worst situation. 
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• The probability that the next generation loses at least one of 0  0  0  and 1  1  
1, dominated by schema *  *  0 or *  1  *  is (6/12)^2*2 -1/36= 17/36. 

 

Then, it is possible to examine what the good results might be after selections.  

 

• The probability that both 0  0  0  and 1  1  1  are selected as the parents of the 
next generation is 19/36. The probability of schema 0  0  * and *  *  1 
surviving crossover is certainly less than 19/36 (considering crossover 
destructive effect). 

 
• The probability of producing exactly the individual 0  0  1 is 1/6*(2 times 

selections)*(1/2 crossover construction probability) =1/6. This is the best 
situation. If 0  0  0  and 1  1  1 are selected at the same time and crossed at the 
second point. 

 
This mini problem using genetic algorithms demonstrates that it is highly possible that, in 
a random selection manner, an evolution may run into an impasse.  
 
Of course, the selections in genetic algorithms are not even. They are heuristic and led by 
fitness information. However it is still possible, in some circumstances, to allow the 
selection to mislead the process towards a situation where the algorithm gets stuck in a 
local optimum. By observing the fitness landscape (represented by column bars) in 
Figure 7.3, it is obvious that it has two peaks. The lower one has broader leading region 
which almost occupies half of the search space. This implies that, according to the 
schema theory, the evolution may lead to subspace 1  * *, before crossover finds the 
individual 0  0  1. 

7.2.3 Improper parameter settings 

The premature convergences may also result from the parameter settings of algorithmic 
operations such as: 
 

• High selection pressure:  High selection pressure is the main reason for 
premature convergence, especially when the fitness landscape is rugged and the 
population size is small. Crossover, as described before, has greater exploring 
steps at the beginning than mutation while still keeping inheritability. This makes 
it suitable to be a global searcher. It works on the building block scale not bit by 
bit. However, its exploring ability is subject to the selection pressure (unlike 
mutation). Homogeneity makes the crossover operator cease to produce new 
individuals. The selection pressure must be moderate to insure that crossovers 
produce offspring as diverse as possible.  
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• Small population size: In each generation, the genetic algorithm is explicitly 
evaluating the fitness of individuals in the population, while implicitly evaluating 
the fitness of all the schemata existing in the genotypes. The problem is that 
some schemata may have too few instances to be evaluated properly. Then, an 
early discovered good schema tends to occupy most of the population and thus 
prevents any other incompatible schemata from being incorporated into these 
individuals. Thus, no other incompatible schemata may be tested and the 
exploratory capability may get lost. This is so called “founder” effect in genetic 
algorithm (Holland 2000). Deceptive partial solutions discovered early in the 
evolution of the population with relatively high fitness tend to produce clones at 
high rates, thus reducing the variety of the population. If a search space is big, 
say, with 2^50 = approx. 10^15 individuals, then it is quite unrealistic that the 
populations less than 50 individuals are assumed “representative” and are not 
misled and skewed as algorithm progresses.  

 

7.3 Parameter setting strategies  
Chapter 4 introduced EIEDS with two states of evolution: the interactive evolution and 
automatic evolution. The evolutionary design switches between the two states. The 
algorithmic parameter setting in the genetic algorithm module follows the strategy that 
the interactive evolutions emphasize divergent exploration whilst the automatic 
evolutions driven by surrogate fitness function emphasize successful convergence.  
 
At the beginning, a user starts an interactive evolution with random seeds for the first 
generation and then interactively evolves them generation by generation. The user just 
deterministically picks one or several individuals on the screen. The genetic algorithm 
adopts the asexual reproduction with the mutation operator. On the state of interactive 
evolution, the population size has to be small in order to allow the user to view all the 
candidates. The mutation rate is always set high in order to keep enough diversity. Unlike 
the fact that crossover’s exploration is subject to moderate selection pressure, the 
mutation’s divergent capability is unrestricted, and it is only determined by the mutation 
rate. This characteristic is typical in asexual evolution with a high selection pressure.  
 
In order to keep enough diversity in interactive evolutions to ensure global search 
efficiency, a special setting strategy is needed in the class of individual to set the 
genotypic coding with different precisions. A real number parameter defined in a certain 
interval can be coded both as a 4 bit string and 8 bit string.  This means that the interval 
of this parameter is fractionized by 2^4 = 16 and 2^8 = 256 respectively. During an 
interactive evolution process, the short representation with lower precision and larger 
granularity is used so that within the limited number of artificial selections, the evolution 
tends to be explorative, to ensure the diversity and the novelty of the offspring.  
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Once the system has been switched to automatic evolution mode, a long chromosome 
may be used to enable fine tuning of the parameters. With surrogate fitness function of 
the neural network, the genetic algorithm can be configured as a normal genetic 
algorithm, running automatically to find out the interesting points or areas to which the 
neural network gives stronger responses.  
 
In this mode, sexual reproduction operator such as crossover can also be used. The 
genetic algorithm can be set with a relatively large population size, small mutation rate 
and low selection pressure in order to ensure a successful convergence.  
 
Many researchers have found it useful to change the selection pressure as an evolution 
progresses. At the start of the evolutionary process, low selection pressure is useful 
because it allows many new possibilities to be explored in a divergent search process. By 
gradually increasing the selection pressure the process becomes more convergent, 
focusing on the fitter individuals and exploiting their genetic materials. 

Summary  
This chapter has explained the control parameters of genetic algorithm and their effects 
on evolutions. Several guidelines of parameter setting for proper running of genetic 
algorithm in the EIEDS have been proposed.  
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Chapter  

 

 

Experiments  

This chapter presents two experiments conducted in this research to verify th
of the proposed approach and evaluate the performances of the prototype EIED
 
The first experiment demonstrates how two separate interactive evolutions w
outcomes reach a better compromise using intent capturing mechanism based
learning. The second is an experiment of a rendering process involving 
tuning operation that shows how outputs interactively converge to a pre-spec
tone which is assumed to be a desirable effect in the designer’s mind. The in
generated by this system are reported. 
 
It has been said that IES has no reliable convergent mechanism. It is usually
for a user to achieve identical evolutionary results in a number of separated
evolutions. This is due to the fuzzy nature of aesthetic judgments (The inco
users’ perceptions and the difficulty in formulating aesthetic criteria makes t
intent of design hard to capture and realize during design processes). And also
the stochastic nature of the asexual mutation-driven evolutions. The appearan
designs rely on randomly mutating the designs selected by the user in the past
With a small population, it’s highly possible that an interactive evolution will
optimums.  
 
However, the inductive nature of the GRNN makes intent capturing possible
does not significantly change his/her preference, the seemingly erratic use
may have a certain consistency.  
 
In the following experiments, the feasibility of achieving convergence withi
demonstrated. The GRNN is used to reveal implicit correlation between evolv
and user responses. The evolutionary system is then allowed to run and to ev
designs towards dominant points of user preference. 
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8.1 Finding the best compromise 
 

At the beginning of a design, the designers’ aesthetic intent is usually conceived with a 
very vague vision of design which is associated with some semantic descriptions. Design 
intent becomes focused via the process of generation-selection-adaptation. And it can 
only be precisely and fully expressed in a visible and tangible way. 
 
Designers must examine large numbers of alternative design solutions in order to 
establish the justifications for any selections they may wish to make. After creative brain-
storming, designers such as car stylists always generate many different sketches first in a 
short period of time. Then, they put those sketches on a wall for comparison.  
 
Following the evaluation and screening, a comparatively small portion of the solutions 
are developed further. Several candidates with desirable features that were considered 
better than the others may be synthesized, combined and adjusted to produce new 
alternatives.  

8.1.1 Evolution of facial characters 

Genetic Face Creator (GFC), the first implementation of the EIEDS, is used to 
demonstrate the inductive ability of the system for aesthetic intent capturing. The GFC 
may be used to capture specific facial characteristics. For example, a user may evolve 
“girl” faces or “smart” faces.  
 
The user initially evolves a set of faces by artificial selection. Each generation consists of 
12 individuals, which are all displayed to the user. The user will usually select one or 
more individuals as the parents for asexual breeding. (It is also possible to select none, in 
which case the system will keep breeding the parents from the previous generation until 
acceptable offspring appear.)  
 
The user’s selections are saved in a depository, referred to as a pool. Separate pools 
would be created for each key word of aesthetic intent. For example, one pool would be 
created for the “smart” faces, and another for the “girl” faces. 
 
The system is then switched to the second state. First, the GRNN is used to capture the 
user’s aesthetic intents, and then the canonical genetic algorithm is used to automatically 
evolve faces that reflect the user’s aesthetic intents.  
 
Using the GRNN also enables GFC to find compromises between different aesthetic 
intents. This can be achieved without requiring the user to perform any further artificial 
selections. For example, by activating the pools for both “smart” and “girl”, the GFC can 
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be used to evolve “smart girl” faces. Such combinations are compromises that are 
achieved by linear combinations.  
 
 
 
 

 
 

 
 
 
 
 

Figure 8.1:  The experimental system has several depositories called pools to 
separately record interactivities with different aesthetic intents. The slide bars allow 
the user to define weights for each key word of aesthetic intent. The numeric fields 
display the numbers of selected and unselected cases in the pools so far. 

 
 
A simple experiment with the GFC intuitively demonstrates this point. In this experiment, 
the task is to evolve the facial character of a young lady. The experiment has three steps. 
 
First, the GFC system was initialized, and run interactively for 8 generations. 7 designs 
were selected out of a total of 96. All the selections were recorded in the pool. The GFC 
system was then switched to the second state. The GRNN was used to analyze the pool 
and capture the user’s aesthetic intent. The genetic algorithm was then used to 
automatically evolve a set of designs. The population size was enlarged to 40, and single 
point crossover with a low mutation rate (0.01) was used. Selection pressure was set 
lower when a proportionate selection (De Jong, 1975) method was used. The evolution 
became stable after 200 generations. The result of the convergence is shown on the left 
side of Figure 8.2 with label A. 
 
The second step was similar to the first step. The GFC system was initialized and run 
interactively. This time, the system was run for 4 generations, with 4 designs being 
selected out of a total of 48. These selections were recorded in a second pool. The GFC 
was then switched to the second state. In this case, the GRNN was used to analyze the 
second pool, thereby capturing a different set of aesthetic intents. The genetic algorithm 
was used to automatically evolve a second set of designs. The result of the convergence is 
shown on the right side of Figure 8.2 with label B.  
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Finally, in the third step, no interactive artificial selection was made. Instead, the GRNN 
was used to analyze both pools from the first and second steps. This resulted in the 
GRNN capturing a set of aesthetic intent from both the first and second steps. The genetic 
algorithm was then used to evolve a third set of designs. The result of the convergence is 
shown in the lower part of Figure 8.2 labelled C. 
 
The primitive and caricatured models in GFC are easier for us to observe the facial 
features’ differences and similarities than other kinds of models. I found that the result in 
C compromised the results in A and in B. The eyes and eyebrows in C looked like the 
results in A, whereas the mouth and nose were like the results in B. The face silhouette 
looked more elegant than in the results in A and B because some appearance flaws were 
moderated by the use of more data. It is certain that as more and more cases were 
accumulated, more favourable results would be obtained.  
 
The observation of the experiment verifies that GFC using GRNN fitness approximation 
is able to converge to a certain stable point. Furthermore, it suggests that when the 
GRNN uses multiple pools, the final evolved designs will be a compromise of the 
different aesthetic intents for each of the pools. 
 

8.1.2 Using a suitable variance 

In this experiment, the variance was fixed at 1500. As a part of an intent capturing 
mechanism, however, one can set a series of variances to make a batch of inferences. 
Figure 8.3 shows that the result in C can be slightly different when different variances 
were used. The larger the variance values are, the less significant the changes will be. The 
variances may be adapted in the subsequent evolutions in order to improve the sensibility 
of the prediction when the searching gradually converges to a local area. 
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Figure 8.3: The results may slightly change with different deviations σ : 250, 500, 
1000, 2000 and 4000 in a top down order. 
 
 
 

 
The GRNN in this demonstration used city block distance metric to estimate the 
probabilistic density (see the formula 6 and 7).  The deviation σ  was fixed at 1500.  The 
intent capturing mechanism allows the user to define a series of σ  values, resulting in a 
batch of inferences. Figure 8.3 shows that the result of C may vary slightly as different 
deviations are used. The larger the deviation value is, the less significant the changes will 
be.  
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8.2 Finding a desirable colour tone 
As aesthetic intent of design is usually fuzzy and difficult to specify, it is hard to 
objectively measure whether certain convergent results actually reflect a user's aesthetic 
intent. some experiments were therefore designed and conducted in Maya system with 
the EIEDS developed as a plug-in. 

8.2.1 A rendering pipeline 

Multi-parameter tunings are common activities in computer graphic creation. Most 
graphic packages such as Maya consist of rendering pipelines which involve heavy 
tuning operations of texturing, shading and lighting. In order to get desirable shapes, 
textures, shadings, lightings and movements, designers usually have to spend a lot of time 
adjusting hundreds of parameters back and forth. Because most parameters are highly 
correlated and some parameters are really super-realistic, designers are not able to 
imagine the final effect of the rendering based on their life experiences. For instance, the 
intensity of a light may be a negative value. Satisfactory results have to be identified from 
many failed or less satisfactory tries. 
 
Supported by an interactive evolutionary system, designers needn’t be concerned too 
much about the exact functions of the parameters in the rendering pipeline. After 
specifying the parameters which need to be modified, they can just keep ticking the 
renderings of relatively satisfactory effects in a grid window until a desirable effect 
appears.  
 
More importantly, with the inductive learning ability, the multivariable tuning will be 
focused quickly on the point the designers might intend.  
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Figure 8.4: Lighting effects of a scene can be evolved using the EIEDS plugged in 
Maya. A designer picks one or several satisfactory effects in the grid window, then 
clicks on the ‘Next Generation’ button to produce a new generation, or, after several 
generations, clicks on the ‘Auto Run’ button to evolve the images towards a potential 
effect which may be the designer’s intent.  

 
A simple experiment reported here is devised to demonstrate whether the system can 

infer the intent of visual effect in a user’s mind from a limited number of his selections.  
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Figure 8.5: In a grid scroll window, fifty renderings were displayed for selection.  
 

   
 

Figure 8.6: The left is a rendering which has been manually configured by a user of 
Maya. The rendering was supposed to be the user’s intent. The right is an inferred 
result provided by EIEDS after the user had made several selections. 

 
At first, an experienced Maya user was asked to manually configure a lighting effect of a 
scene as he likes. The result is the left image in figure 8.6. This image therefore was 
supposed to be the effect the user intended to. The lighting effect was controlled by 
fifteen parameters. The parameters include lights’ intensities, colours, opacities, shadow 
properties and so on. This process of the parameters’ adjustment spent almost one hour or 
so, as rendering is time consuming.  
 
On another occasion, EIEDS was started.  The system took over the control of the fifteen 
parameters. It automatically ran fifty renderings in a background process. The process 
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finished one or two hours later. In a grid scroll window, fifty renderings were displayed 
for selection (see figure 8.5). The user then was asked to make selection, picking out 
those seem close to the original atmosphere of the lighting. Totally three of the 
renderings were ticked by the user.  
 
Finally, the intent capturing operation was executed. It only took two minutes or so. The 

sult is the image on the right in figure 8.6. The general atmosphere looks quite close to 

eters, such as the intensity distribution of 
e lights, have overwhelming significance determining the user’s choices. The values of 

rder to objectively measure whether certain convergent results actually get 
loser to a user's aesthetic intent, the experiment seems have to be simplified. To simplify 

hey could be easily visualized and tracked. And it could show 
ow the system interactively converged to a pre-specified point of colour tone which was 

.2.2 Evolution of colour tone 

balls in a grid window (see the Figure 8.7). By 
was able to evolve the colour tone and converge 

re
the original manual work, although some subtle effects of shade and shadow are still not 
captured. What’s more, it is not so apparent that the inferred result of rendering is getting 
closer towards the original rendering than the three selected renderings. There is lack of 
objective measures to prove this.  
 
An unexpected phenomenon is that some param
th
these parameters of the three selected renderings seem stably converge towards the user’s 
original settings.  As for some parameters which are less influential to the user’s selection 
(but still quite important to make some subtle differences to the lighting effect), their 
values of the selected renderings were not so stable and certain.  To solve this problem, 
the EIEDS may need an extra new mechanism which is able to gradually bias the 
mutation operator towards those uncertain parameters during the process of interactive 
evolution.  
 
So far, in o
c
the experiment for analysis, a three-parameter optimization problem was adopted in next 
stage of the experiment. And more importantly, the three parameters had better have 
same significance for the fitness evaluation. The experiment involved tuning three 
parameters of colour tone. 
 
As only three parameters, t
h
supposed to be a target (intent) in designer’s mind. The movements of the search process 
were illustrated using Matlab. 
 

8

The user was asked to select shaded 
repeatedly making selections, the user 
towards a desired colour. In this experiment, the desired colour was actually predefined, 
thereby allowing objective measurements of convergence to be taken. A warm grey 
colour tone was displayed in a smaller window and was supposed to be the desired target 
colour in the user’s mind (the small window was always shown to the user as a reference 
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during the search). The experiment was aimed at discovering whether and how the 
system could help a user get closer to the ‘intent’, as the evolutionary process progressed.  

 
 

 
 

Figure 8.7: A user kept picking the colour balls which seemed close to the target 
colour tone in the smaller window during an interactive evolution.  

 
 

Th  c  (hue, saturation and 
value) colour model. (HSV model was chosen as it is more intuitive for colour 

ion, each generation consisted of 12 individuals. Each individual 
ad a decimal real number phenotype and a binary genotype. The parameters in each 

e olour tone was controlled by three parameters of the HSV

comparison than other models.) The three parameters were real numbers varying in an 
interval [0.000, 1.000].  
 
During interactive evolut
h
phenotype were decoded from 16-bit binary strings (genes) in the corresponding 
genotype. Each newborn individual in this generation was produced by mutating the 
genotype of a parent, which was one of the selected individuals in the last generation. A 
mutation randomly flipped one or two bits in each gene of the parent.  
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Figure 8.9: Visualization of the results of the intent capturing in the HSV search 
space. The two clusters of solid dots represent the evolved individuals (search 
results) from two automatic evolutions using GRNN fitness approximations with 
σ =6 and 9 (the approximations are illustrated in figure 8.8). 
 
 

Figure 8.8 visualizes the first five generations of interactive evolution colour tuning in 
HSV coordinates. (Only the portion around the target is displayed. The target is the centre 
of the cross with HSV [0.083, 0.25, 0.80].) Each row shows two views of the HSV search 
space. The circles scattered in the HSV space represent the individuals generated during 
the process and the asterisks represent the selected individuals. Figure 8.9 represents the 
results of the intent capturing process which is the automatic evolution process using the 
fitness approximation. The fitness approximation used the GRNN, and was performed 
with four different deviation values σ , which are visualized in Figure 8.8.  
 
Figure 8.9 shows that, with suitable deviation values (σ =6 or 9), the intent capturing 
process converges towards the target. Figure 8.8 shows the fitness approximations using 
GRNN. The centres of the regressions are seen to drift gradually as the value of the 
deviation σ increases. This may be due to the extrapolating effect of the unselected points 
scattered in the lower part.  
 
The values of the deviations σ  were initially tested with several integers of an 
arithmetical progression. The suitable value of the deviation σ must be empirically 
determined by the user with several trials. A general strategy has been proposed in 
section 6.2.2 
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2σ = 3 

2σ = 6 

 

2σ = 9 

2σ = 12 

Figure 8.8: The 3D slices illustrate the approximations (regressions) based on all 
measured cases from the interactive evolution process. The regressions use city 
block distance metric in the HSV space. As the deviation value σ  increases, the 
density centres of the regressions can be seen to drift gradually. 
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8.3 Some empirical guidelines 
From the experimentation, it is discovered that the value of the deviation σ of the GRNN 
is sensitive to a number of different factors. The deviation σ  appears to be highly related 
to the interval span of the components of the input vector x (parameters) and to the 
complexity of the problem (multimodal or unimodal). In addition, for the different 
distance metrics, the same value forσ results in significant differences. Therefore the 
following empirical guidelines can be formulated. 
 
When the city block distance metric (see formula 6.11) is used to estimate the 
probabilistic density, the increase of the progression of σ  should usually be two or three 
times the interval of the GRNN inputs. In the colour ball case, for instance, the interval 
was [0.0, 1.0]; the trials of the deviations could be {3, 6, 9, 12}.  In facial shape design 
case, the interval was [-256.0, 256.0], the trials adopted the deviations {1000, 2000, 3000, 
4000} (see Figure 8.3). This empirical guideline seemed to work well in the implemented 
system in this research.  
 
When Euclidian distance metric (see the formula 6.3) is adopted, however, the value of 
σ is usually a fraction of the interval. For instance, in Figure 6.3, the GRNN’s deviations 
are 0.3 and 0.5 as its interval is [-0.2, 1.2]; in Figure 6.2b, the seemingly reasonable 
deviations are {10, 15, 20} as the interval is [0.0, 100]. 
 
In order to use a more precise and problem specific value for the deviation σ , a number 
of further trials is usually needed.  
 
Another unexpected phenomenon observed after tracking a number of interactive 
evolution processes in the system is that the individuals bred are not distributed evenly in 
all directions around the parents. The distribution of the breeding seems to be skewed, 
with the newborns bred from one parent appearing frequently in several grid areas with 
gaps in between.  
 
Generally, the symptoms can be explained as a local fine tuning problem of genetic 
algorithm for numeric optimization (Michalewicz, 1996). A simple explanation is that the 
gaps result from the hamming cliffs between the binary genotypes of contiguous 
individuals in a solution space. Thus, two close decimal numbers may have a very long 
hamming distance. (For instance, 7 and 8’s corresponding binary forms are 0111 and 
1000.) On the other hand, two relatively distant decimal numbers may have very close 
hamming distance. (For instance, 15 and 7’s corresponding binary forms are 1111 and 
0111). As the newborns are produced by flipping randomly selected bits in the parent 
genes, the mutations may seem to be jumpy. 
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The skewed breeding is due to the fact that the proportions of 1 and 0 in a binary string 
are usually not equal. (For instance, the number 7 (0111) has 3/4 probability become a 
smaller number, 1/4 probability to be a larger number 15 (1111), if one bit is flipped.) 
 
In this demonstration, the individuals bred in generation 2~5 were separated and confined 
within two apparent clusters. Unfortunately, the desired target fell in the gap between the 
two main clusters. As a result, evolution stagnated with many redundant reproductions. 
Although a mutation might eventually fill this gap with an increasing number of tries, it 
was considered to be problematic. One solution may be to use special coding schemes 
such as grey coding or real number coding.  
 
Nevertheless, this problem was not seen to be fatal to the performance of the GRNN. The 
interactive evolution process is only used as a pre-processor to perform initial search. The 
GRNN is then used to create a fitness approximation based on the selections during the 
interactive evolution.  Figure 8.8 and 8.9 show that, with a suitable deviation valueσ , 
interpolation and extrapolation by the GRNN are able to fill the gaps based on 
neighbouring individuals.  

Summary  
Two experiments have been analyzed and reported in this chapter. The initial results 
verified the feasibility of the proposed approach to design intent capturing. The first 
experiment verified how two separate interactive evolutions with different outcomes 
reached a better compromise based on GRNN learning. It is the inductive nature offered 
by the GRNN that makes the intent capturing possible. The second experiment of three 
parameter colour toning has shown how outputs interactively converged to a pre-
specified colour tone which was assumed to be a desirable effect in a designer’s mind.  
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Chapter  

 

 

Conclusions and future work  

In this chapter, conclusions about this research as well as the issues to be addr
future are presented.  The conclusions are drawn based on an assessment of th
and limitations of the system framework, the EIEDS, implemented in this st
experiments extending the system to more design applications are discussed. 

9.1 Conclusions  
This thesis has presented a new interactive evolutionary design system ca
which is aimed at solving the difficulty of convergence in normal interactive e
design systems. The EIEDS uses an evolutionary algorithm in conjuncti
artificial neural network to obtain a smoother, less erratic evaluation funct
direct result of a user’s individual choices in a normal interactive system.
network is a kind of RBF network called General Regression Neural Network
 
The EIEDS enhances convergence using a General Regression Neural Netwo
as a learning mechanism for capturing a designer’s intent. During an
evolutionary process, information from user selections is recorded. The arti
network is thereby able to approximate the implicit correlation between t
designs and the designer’s responses.  
 
The main reason for having used GRNN as a model for fitness approximatio
parametric nature. GRNN has a simple structure and a fast learning speed. S
is suitable for dynamic on-line learning. In addition, as a variation of RBF ne
good local approximation properties that allow for local fine tuning of d
interpolation and extrapolation abilities enable GRNN to predict high fitness
when the sample cases are incomplete.  
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The initial experiments of implemented prototype system were focused on the design 
problems of multivariable optimization following human aesthetic judgments.  
 
The first experiment has demonstrated that two separate interactive evolutions with 
different outcomes reached a better compromise via inductive learning of GRNN. The 
experiment verified that the system was able to converge to a certain stable point. 
Furthermore, it also implied that with more and more interactive selections, the system 
can get closer and closer to a user’s intent. 
 
The second experiment of intent capturing showed that a population of evolved colour 
tone interactively converged to a pre-specified colour tone which was assumed to be a 
desirable effect in the designer’s mind. The power leading the evolution towards the 
potential area of intent comes from the interpolation and extrapolation ability of a 
smoother, less erratic surrogate fitness function (discussed in section 6.2.2.).  
 
The experiments so far verified that the system was able to converge to a certain stable 
point. All the results so far verified the feasibility of the intent capturing mechanism for a 
more robust interactive evolutionary system. 
 
The main objectives mentioned at the beginning of the thesis have been fulfilled are 

 
• The loop of divergent exploration and convergent optimisation during an 

interactive evolutionary process is closed by a surrogate fitness function. The 
function guides the interactive exploration quickly to the desirable solutions the 
designer intends, without undermining diversities in the explorative processes. 

 
• The interactive evolutionary processes involving aesthetic evaluation and 

selections become more controllable. The capability of an Interactive 
Evolutionary System in fine tuning design solutions is improved.  

 
• The approach has demonstrated its potential for reducing human fatigue in an 

IES as well as for improving the convergence properties of the overall system. 
 
The initial prototype system and the experiment results provide a basis for further 
research in the field.  

9.2 Future work  
Although the initial prototype system’s performances are promising and encouraging, the 
experiments are still not strong enough, because there is lack of evaluation tool to 
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convincingly evaluate the performance of the system. A lot of work is necessary to 
further verify the capabilities of the EIEDS framework. More systematic experiments 
with more design examples will be conducted in future.  

9.2.1 More experiments 

The prototype system should be adjusted with more user testing. More experimental 
results of user testing and statistically convincing methods of evaluating the results 
should be provided to justify the viability of the proposed approach to more general 
problems. 
 
Three experiments with more user tests involved are proposed here for verification. The 
experiments may be conducted systematically in following sequence: 
 

• do design with normal Interactive Evolutionary System 
• do design with the EIEDS 
• do design with the EIEDS and with add parameters 

 
The design problem in the first and second experiments could be very simple. For 
instance, to design a cup shaped with two parameters, its height and diameter (width), 
may be enough.  
 
The first experiment seems similar to Fechner’s one (1876) which has been introduced in 
the first section of chapter 3. It has been reported in his experiment that a clear preference 
for the rectangle with golden ratio was observed from many subjects. McManus (1980) 
also investigated rectangles with various ratios of width to height more recently. He 
reported that a bi-modal preference was found. One (less significant) is the square, and 
the other closes to the golden ratio. It is expected in the first experiment that the subjects 
who accept the tests with normal Interactive Evolutionary System will confirm Fechner’s 
and McManus’ results.  
 
The second experiment will repeat the first experiment in the new approach of the 
EIEDS. The outcomes will be compared with the first experiment to see if there is a 
statistical significant improvement in the system’s performance. 
 
The third experiments will be used to verify if the system is robust enough to solve 
general design problems in which more parameters are involved. Theoretically, with the 
number of parameters (the dimensionality of search space) increasing, the number of tries 
required in search process may increase exponentially. General strategies to deal with this 
problem might be: 

• Factorize a big objective function into a number of small ones.  
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• Analysis the sensitivity of fitness evaluation to the parameters in the each cycle 
of iteration using EIEDS, so as to ascertain the values of a string of parameters 
section by section, from high influential parameters to less influential ones 
(gradually bias the mutation operation towards the uncertain parameters in the 
string)  

 
Besides the experiments for basic test described above, the following measures may be 
adopted to improve the system’s performance: 
 

• The proposed system framework might be implemented more on usages of 
GRNN. GRNN will be tested with different kinds of evolutionary systems such 
as Evolutionary Strategies (ES) and Genetic Programming (GP). In an ES 
approach, the algorithms operate directly on the real number parameters. It has 
been proven that for numeric optimization, real number coding is more efficient 
than binary coding (Michalewicz, 1996). The mutations via flipping bits in 
binary codes are usually skewed and as a result the search space cannot be evenly 
explored. GP is commonly used to solve combinatorial problems, with a special 
symbolic tree structure adopted as a representation scheme. In this case, 
hamming distance or edit distance may be used to measure the differences and 
similarities among all the design solutions, instead of Euclidian or city block 
distance. 

 
• From an algorithmic perspective, the drawback of GRNN is that it tends to be 

slower in execution time and more space consuming than other kinds of neural 
networks, especially when the sample set becomes too large. So some offline 
learning methods of RBF networks may be necessary to improve the 
performance of the system. The learning of RBF network is clustering the 
collected data using fewer kernels. 

 
• An interesting idea is to adopt Niche technique during automatic evolution for 

intent capturing. The Niche technique enables system to provide multi results of 
intent capturing, when the surrogated fitness function is multi modal. This is 
highly possible as the user preferences are ambiguous at the beginning or the 
problem itself is complicated such as XOR problems.  

9.2.2 More applications 

 
This research implied a new ‘user-centred design’ approach to building intelligent design 
tools in which consumer preferences can be directly used to design the appearance of a 
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product. Multi user interfaces and Internet access for mass data acquisition can be used to 
predict trends in areas such as fashion colour or car styling.  
 
With the framework developed in this thesis, it is possible to record and learn from 
customer’s reactions to various given example designs and concepts, and then to pass the 
control from a design support system to the consumers for them to evolve their own 
desirable results. For example, by displaying a collection of forms and asking consumers 
to evaluate them in terms of linking the displayed results with certain aesthetic concepts 
or terminologies, it is possible for the system to capture this knowledge and generate new 
results which strongly display the desired characteristics evoking the same aesthetic 
responses. 
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Figure 9.1: These two pictures demonstrated a typical styling study. Designers use 
marker rendering to express the imagination in their mind. By slightly tuning the 
form, they capture certain subtle difference of aesthetic characteristics of design.  
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Figure 9.2: Complicated surface model of the sports car Lotus  
 
 
Another potential application of the EIEDS is to support complicated freeform 
construction in design, especially in car styling process. Using parametric surface model 
(figure 9.2) or well drawn marker rendering (9.1) to explore a large number of design 
alternatives would be helpful. However, the modification of a parametric surface model 
or marker rendering is time-consuming. Most surface (include polygonal, implicit and 
parametric surface) modelling systems in existence today have limited abilities in 
allowing designers to experiment with a large number of concept shapes in a short period 
of time. Surface models have considerable restrictions on the construction process and 
topology. This makes it difficult and sometimes impossible to make major modelling 
adaptations that are necessary at the conceptualisation stage.  
 
With proper representation schemes, 2D or 3D models can be evolved following 
designers’ preference so that lots of time for modification and reconstruction will be 
saved. And the design outcomes will be more justified. 
 
The proposed approach to formulation of aesthetic evaluation in design may call forth a 
wild imagination that someday computers may possess the sense of beauty like human 
beings. A limitation of the EIEDS is that the aesthetic criteria formulated in facial shape 
designs are not reusable in car designs or other situations. The EIEDS just simply uses 
the phenotypic representations of forms as the inputs to artificial neural networks. When 
a representation (data structure) of form in a genetic algorithm changed, the learning 
process of the system has to restart from scratch. To solve this problem in the future, a 
representation scheme general enough to cover any visual form ought to be devised. The 
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representation must also specifically contain information which is relevant to the 
aesthetic appeals of forms. Another necessary effort is to increase the learning capacity of 
computers with a more efficient learning algorithm and hardware. All of those tasks are 
not easy, as people still have not so clearly understood how an uncountable number of 
visual forms and images are efficiently perceived, processed, associated, classified and 
memorized in human cognition and how the human brain captures the similarity among 
shapes across completely different subjects, from lip stick to rocket, in no time. 
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