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Abstract When using an evolutionary algorithm, to undertake the search for good topological 

solutions to a design problem, the choice of representation has a significant affect on the ability of 

the algorithm to search. Generative representations have been heralded as having the power to 

allow evolutionary algorithms to search widely for topologies but as the authors have shown in a 

previous paper, there are many challenges to successfully implementing generative 

representations. This paper shows how some of these challenges have been overcome and 

describes further work in testing the abilities and functionality of generative representations. 

 

1 Introduction  
 

Finding the best topological solution to a given problem is a well established and mature 

research area. However, all the current methods of searching for topologies are specific to 

certain forms (Zhang et al, 2006, Miles et al, 2007). So for example voxels are good for 

continuums (fig.1) and graphs are good for discrete structures (fig.2) 

 

 
Fig.1: Example of using voxels; in this case for beam cross sections. 

 

Currently there is no known method of handling topological search which can cope with more 

than one form. This is a severe disadvantage. Take a simple example with a load and an area 

in which supports can be located (fig.3). There are several possible solutions to this problem 

but the obvious ones are a solid beam or a truss of some form. To search for the best solution 

for this problem using current technology would require the use of two different methods of 

representation, for example one using voxels and another using graphs so that both solid beam 

and truss type structures could be explored. 
 

One of the advantages of evolutionary search techniques such as genetic algorithms and 

particle swarm analysis is that they can cope with highly complex search spaces. If we are 

therefore to make best use of these algorithms in our design search software, we need to 

develop representations that allow them to be configured so that they can search through a 

variety of topologies rather than just, for example, trusses. 
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Fig.2: A discrete structure (a truss) and its representation using a graph 

 

 
Fig.3: Support area on the left, load on the right. 

 

 

If one looks into the future, this argument becomes more compelling. The conceptual design 

systems that have been developed to date have been applied to relatively simple problems 

such as the design of rectangular buildings (Mathews & Rafiq, 1995, Khajehpour & Grierson, 

2003, Miles et al, 2001). Although these problems require the algorithms to explore large and 

complex search spaces, these are relatively simple design challenges compared to those that 

are faced daily by design teams.  

 

In the construction industry, design is a multi-disciplinary, multi-participant activity that often 

also involves contractors, sub-contractors and specialist suppliers of, for example,  windows 

and elevators having an input into the process. Each discipline makes decisions in isolation, 

setting objectives and constraints and inevitably many of these interact with the decisions 

taken by others. Although every effort is made to consider the needs of other disciplines and 

reach a good solution, these attempts are hampered by the lack of a system which can reason 

about the complete design and model the interactions between the various objectives and 

constraints. A system which could do this is not possible with current technology but one of 

its features would have to be the ability to cope with highly varied and complex topological 

reasoning. 

 

Thus there is a need to find new ways of reasoning about topological problems. These new 

approaches will have to be able to handle various types of topology and also preferably be 

compact and efficient.  

 

As a part of their research into solutions to this challenge, the authors have been investigating 

a number of technologies that show some of the required capabilities. One of these is the use 

of generative representations, based on the work of Hornby (2003). This paper describes the 
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ongoing work on this representation. As will be seen, at this stage, the work is concerned with 

the features and ability of the representation rather than design itself. This is because the 

representation is highly unusual and has presented some significant challenges which were 

not discussed by Hornby. Many of these challenges were described by Zhang et al (2007). 

This is a follow on paper which describes how many of these challenges have been overcome. 

First, however, it is necessary to give a description of the salient features of generative 

representations 

 

2      Generative Representations 

 

The generative representation of Hornby(2003) is based on two main technologies, these 

being L-Systems (Przemyslaw, et al, 1990), which were originally developed as a 

mathematical way of generating plant like forms using Turtle Graphics (Abelson & diSessa 

1981).  

 

The basis of L-Systems is a rewriting grammar for producing character strings. The grammar 

is expressed as a series of production rules which are used to replace each symbol with 

another symbol or symbols to create a complex string or strings from a succession of simpler 

strings. A simple L-System is given below (Hornby,2003):- 

 

a ­ ab 

b ­ ba 

 

If the starting symbol ñaò is given then the following sequences are generated :- 

 

a 

ab 

abba 

abbabaab 

etc. 

 

So for the first pass through the rules, starting with a, this only matches with the first rule 

and so the sequence ab is generated. The rules are then applied again and the first rule 

matches the a and the second the b and so the sequence abba is generated from the two rules. 

The process is repeated for as many times as is deemed necessary. 

 

To add movement to rewriting rules so that topologies can be created, L-Systems couples 

rewriting rules with Turtle Graphics, the latter being a simple command set which is used to 

move a ñturtleò around in space. An example of turtle graphics is given below in fig.4, where 

in fig. 4(i) the turtle is seen in its initial state. The turtleôs X axis is defined as being the 

direction in which it is facing and in this case, it is pointing upwards. If given the command 

F(1): the turtle moves forward one step (fig.4(ii)). It is then given the command R(1), which 

means rotate clockwise by 90
o
 (fig.4(iii)), and another forward command F(1) then causes the 

turtle to move one step as shown in fig.4(iv). The two dimensional commands for turtle 

graphics are given in table 1.  
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(i)              (ii)                (iii)                   (iv) 

 

Fig. 4: Turtle Graphics 

 

 

Command Description 

[]  Push/ pop state to stack 

F(n) Move forward by n units 

L(n) Rotate the turtleôs  heading n x d̄  to the left 

R(n) Rotate the turtleôs  heading n x d̄  to the left 

 
Table 1: Two dimensional Commands for Turtle Graphics 

 

To combine turtle graphics and the L-system idea of rewriting rules, the rules are written in a 

form where they contain turtle graphics commands. Also, it is advantageous to implement a 

more advanced form of rewriting rules which contain parameters thus becoming parametric 

L-Systems rather than just L-Systems. The parameters give additional flexibility and 

complexity. An example of such rules is given below (Zhang et al, 2007) :- 

 

)2)]}(()[1({1:)(1

)1(0)1()2()1()]2(1)[(1:)(0

000

00000

nFRnnP

nPRFLnPnFnnP

­²

-³­²
 

 

Note the addition of an extra type of symbol, the {} parentheses. This is a new feature 

introduced by Hornby (2003). In effect this is a repeat operator which in concept is very much 

like a For ï Next loop used in many computer languages. For example, {block}(n) repeats the 

enclosed block n times. This coupled with the use of parametric L-Systems greatly enhances 

the functionality of the approach. To initiate the expansion of rules such as those given above, 

all that is necessary is to define a starting parameter (in this case to give n0 a value) and then 

they are expanded in the same manner as defined in the previous set of rules.  

 

Note that the inclusion of parameters gives a facility where the expansion of the rules can be 

limited, rather than being infinite as in the previous example. The above rules can be 

represented in spatial form by using turtle graphics. In their pure form they are just a set of 

lines but if the space traversed by the turtle is covered with voxels, then each voxel through 

which the turtle passes can be shown as a solid object rather than just a line and thus a more 

distinct shape can be generated. There is however a problem that arises with this related to the 

grid resolution that is used for the voxels. As is shown in fig.5, this has a substantial impact 

on the resulting topology. The actual turtle graphics path is shown by the lines given in the 

top left hand example. All the other parts of the figure show the same individual but plotted 

using voxels of different sizes. 
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Fig. 5: Impact of voxel resolution on the topology of the result (Zhang et al, 2007). 

 

Hornby (2003) has used the above approach to generate various shapes. In terms of 3D 

objects, his most interesting work is the generation of tables, an example of which is given in 

fig 6. It is this ability to create relatively complex topologies which led the authors to further 

investigate this approach for topological reasoning.  Initially, significant problems were 

incurred and these are discussed in Zhang et al (2007). Most of these have now been 

overcome and the discussion will therefore concentrate on current developments. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6: Table designed using L-Systems and Evolutionary Computation Hornby(2003). 



41 

 

3     The Search Algorithm 

L-Systems alone are not capable of exploring large search spaces and finding good solutions 

so they have to be operated on by some sort of algorithm. Hornby (2003) used a Genetic 

Algorithm (GA) and this approach has been continued in this work. As described by Zhang et 

al (2007), the application of a GA to rules, rather than for example a binary string, has some 

significant implications. For example to generate the initial population for a binary string, one 

can randomly create individuals with 1 and 0 spread in equal amounts. With L-Systems, there 

are far more primitives from which the population can be formed and so some thought needs 

to be given to how to create the initial population. 

 

4     The Test Domain  - Shape Matching 
 

The aim of the generative representation is to generate topologies. Typically with a GA, one 

searches for a solution to a problem where the perfect result is not known. However, for 

testing the effectiveness of an approach, one needs to know what the correct answer is and so 

for this work a ñshape matchingò test has been developed. The way that this works is very 

simple. The correct answer is defined before the start of the GA run. For example it could be 

an I shape (fig.7) 

 

 

Fig.7: A Sample ñcorrect answerò for Shape Matching 

To assess how good is each solution produced by the GA, the fitness function then simply 

measures the number of voxels where a match is obtained. Fig. 8 gives a typical result, this 

one being the fittest individual produced after 1200 generations. One unexpected feature of 

this work is that the ability of the method to search for good solutions has been found to be 

very dependent on the starting point for the Turtle. Initially, the Turtle was always placed in 

the bottom left hand corner and it was found to be almost impossible to get L-Systems to 

generate an upper flange for the I beam problem. However, if the Turtle is started from the 

middle of the web, then  the results are far better, as shown in fig.8. 
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Fig.8: A Typical Result. 

Certain types of shapes such as circles cause more problems than anticipated. As can been 

seen in fig.9, the filling in of the centre is relatively complete. However, the method seems to 

have problems replicating a curved boundary (fig.9). Intuitively, one would think that the 

generation of a series of commands to step along a curved boundary would be relatively 

simpler but this is obviously not the case. 

 

 

Fig.9: Results for a circle, on the right the target shape, in the middle a typical result and on the right, the same 

result shown as the Turtle trace rather than voxels. Fitness of the result = 93% , obtained after 100
 
generations. 

5     Implementation of the GA 

The implementation of crossover and mutation in this work has involved a lot of investigation 

which is not yet complete because of ongoing problems with slow convergence. Initially 

crossover was allowed at the level of primitives as well as entire rules. However, Zhang et al 

(2007) found that crossover using primitives could be highly disruptive so for much of the 

work only complete rules have been exchanged.  

 

When one looks at the fitness function and how individuals are rewarded, a mismatch 

becomes apparent The fitness is measured using the shape that is produced from the Turtle 

passing through a given set of voxels but the same shape is generated whether or not the 

Turtle passes through a voxel once or many times. Thus there is a many to one match between 

a given shape and the number of individuals which can match that shape. This causes 

problems with allocating fitness because two significantly different individuals can have an 


