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A system for architectural design is presented, which is based on combining a 
multi-objective evolutionary algorithm with a fuzzy information processing 
system. The aim of the system is to identify optimal solutions for multiple criteria 
that involve linguistic concepts, and to systematically identify a most suitable 
solution among the alternatives. The system possesses cognitive features, where 
cognition is defined as final decision-making based not exclusively on 
optimization outcomes, but also on some higher-order aspects, which do not play 
role in the pure optimization process. That is, the machine is able to distinguish 
among the equivalently valid solution alternatives it generated, where the 
distinction is based on second order preferences that were not pin-pointed by the 
designer prior to the computational design process. This is accomplished through 
integrating fuzzy information processing into the multi-objective evolutionary 
search, so that second-order information can be inductively obtained from the 
search process. The machine cognition is exemplified by means of a design 
example, where a number of objects are optimally placed according to a number 
of architectural criteria. 

Introduction 

Design is complex. This is because it involves conflicting goals that are 
often vague. For example a design is demanded to be functional, look 
appealing and have moderate costs. The vagueness of these objectives 
makes it problematic to precisely compare alternative solutions during 
design, and the conflicting nature of the objectives make it problematic to 
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reach optimality. Another source of complexity is that the amount of 
possible solutions is excessively large in general. This is due to the 
combinatorial explosion in the parameter domain, making it difficult to 
ensure a designer does not miss a superior solution during the design 
process. A third source of complexity is that prior to the design it is 
generally not clear how important goals are relative to each other. For 
example it is difficult to specify exactly how important the functionality of 
a design should be taken compared to cost aspects prior to knowing what 
the implication of such a commitment is. That is, before finding most 
suitable solutions for the goals, and thereby becoming aware of the nature 
of the inevitable trade-offs occurring in the task at hand, it is premature to 
commit to a relative importance among high-level goals. 

The complexity makes it difficult to accomplish scientific means for 
design enhancement, i.e. providing designers with means that ensure to 
some extend the suitability of their designs for an intended purpose. There 
have been a number of works addressing this issue. The first ones were 
using methods of classical artificial intelligence [1-3]. These methods are 
based a rigid inference mechanism. Namely, the identification of a 
deficiency in a design has a set of actions associated for improving the 
deficiency that is defined a-priori. For example in [3], when it is detected 
that a room has insufficient openness, the computations move or remove 
elements blocking the view. This predefined association of goal and action 
is clearly a problematic approach when openness for instance is not the 
only objective at hand, but other factors play a role as well, such as costs, 
functionality etc. Also the approach is challenged when the action to take 
involves a number of parameters to decide upon in combination, e.g. 
determining the most suitable location to move the object blocking the 
view to. 

A promising approach in this respect is the emerging information 
processing paradigm known as computational intelligence (CI), also 
referred to as soft computing [4]. CI methodologies are superior over the 
classical AI methodologies in particular with respect to dealing with 
vagueness of objectives and combinatorial explosion in the parameter 
domain. Among the CI methodologies, in particular evolutionary 
algorithms became popular in the last decade for identifying optimal 
solutions for different aspects in design problems [5-9]. A difference of 
evolutionary approaches compared to the classical AI approach lies in the 
fact that the former does not involve a-priori defined solutions for 
preconceived conditions. Instead the solutions are the result of a stochastic 
process involving an evaluation-generation loop, where the evaluation and 
the generation are separate sub-processes, i.e. they are not associated 
rigidly and a-priori as it is the case in classic AI approaches. Among the 
evolutionary algorithms the class known as multi-objective evolutionary 
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algorithms (MOEA) is particularly promising for design, as it is able to 
deal with the multiplicity of conflicting criteria that is common in design. 
However, it is important to note that the ability of MOEAs to handle 
multiple objective dimensions is generally limited to about four or five 
[10]. This issue will be further explained in section three. Design usually 
involves much more than five requirements, while some of the 
requirements may be vague in nature. Therefore it is clear that another 
approach to represent the objectives is needed compared to conventional 
applications of MOEAs. 

This paper presents a novel system for performance-based 
computational design that addresses the complexity issues mentioned 
above using a combination of two CI methodologies. One bottleneck 
addressed concerns MOEAs ability to deal with many objectives at the 
same time. The strategy used in the present work is to reduce the amount 
of objective dimensions. This is achieved by establishing a neuro-fuzzy 
model in which a number of elemental requirements are aggregated 
forming fewer, more complex and more abstract concepts. In this way the 
model mimics the human-like comprehension of the design objectives. It is 
noted that aspects of the approach have been presented in an earlier paper 
[11], where the focus was on enhancing the effectiveness of multi-
objective evolutionary algorithm. This paper elucidates the role of the 
cognitive approach in design applications. In particular attention is paid to 
the role of fuzzy information processing in a computational design process, 
and to the implications of the machine cognition concept on alleviating the 
decision making. 

The paper is structured as follows. In section two fuzzy modeling for 
design evaluation is described. In section three multi-objective 
evolutionary search is described. In section four the two components are 
combined yielding an intelligent system for performance-based design 
exhibiting cognitive features. This is followed by conclusions. 

Evaluating Design Performance 

During design we need to estimate the suitability of a solution for our 
intended purpose. This means beyond observing the direct physical 
features of a solution, they need to be interpreted with respect to the goals 
pursued. For example, designing a space it may be desirable that the space 
is large or it is nearby another space. Clearly these requirements have to 
do with the size of the space, and the distance among spaces respectively, 
which are physical properties of the design. However, it is clearly noted 
that largeness is a concept, i.e. it does not correspond immediately to a 
physical measurement, but it is an abstract feature of an object. It is also 
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noted that there is generally no sharp boundary from on which one may 
attribute such a linguistic feature to an object. For instance there is 
generally no specific size of a room from on which it is to be considered 
large, and below which it is not large. Many design requirements have this 
character, i.e. they do not pin-point a single acceptable parameter value for 
a solution, but a range of values that are more or less satisfactory. This is 
essentially because design involves conflicting requirements, such as 
spaciousness versus low cost. Therefore many requirements are bound to 
be merely partially fulfilled.  

Such requirements characterized as soft, and they can be modelled using 
fuzzy sets and fuzzy logic from the soft computing paradigm [12]. A fuzzy 
set is characterized via a function termed fuzzy membership function, 
which is an expression of some domain knowledge. Through a fuzzy set an 
object is associated to the set by means of a membership degree µ. Two 
examples of fuzzy sets are shown in Figure 1.  

 

 

Fig. 1. Two fuzzy sets expressing two elemental design requirements 

By means of fuzzy membership functions a physical property of a 
design, such as size, can be interpreted as a degree of satisfaction of an 
elemental requirement. The degree of satisfaction is represented by the 
membership degree. 

The requirements considered here are relatively simple, whereas the 
ultimate requirement for a design - namely a high design performance - is 
complex and abstract. Namely the latter one is determined by the 
simultaneous satisfaction of a number of elemental requirements. 

In this work the performance is computed using a fuzzy neural tree  
[13]. It is particularly suitable to deal with the complex linguistic concepts 
like design performance. A neural tree is composed of one or several 
model output units, referred to as root nodes that are connected to input 
units termed terminal nodes, and the connections are via logic processors 
termed internal nodes. An example of a fuzzy neural tree is shown in 
Figure 2.  
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Fig. 2. The structure of a fuzzy neural tree model for performance evaluation  

The neural tree is used for performance evaluation by structuring the 
relations among the aspects of performance. The root node takes the 
meaning of high design performance and the inner nodes one level below 
are the aspects of the performance. The meaning of each of these aspects 
may vary from design project to project and it is determined by experts. 
The model inputs are shown by means of squares in Figures 2 and 3, and 
they are fuzzy sets, such as those given in Figure 1. 

 

 
 (a) (b) (c) 

Fig. 3. Different type of node connections in the neuro-fuzzy model in Figure 2 

The detailed structure of the nodal connections with respect to the different 
connection types is shown in Figure 3, where the output of i-th node is 
denoted μi and it is introduced to another node j. The weights wij are given 
by domain experts, expressing the relative significance of the node i as a 
component of node j.  
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The centres of the basis functions are set to be the same as the weights 

of the connections arriving at that node. Therefore, for a terminal node 
connected to an inner node, the inner node output denoted by Oj, is 
obtained by [13]. 
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where j is the number of the node; i denotes consecutive numbers 
associated to each input of the inner node; n denotes the highest number of 
the inputs arriving at node j; wi denotes the degree of membership being 
the output of the i-th terminal node; wij is the weight associated with the 
connection between the i-th terminal node and the inner node j; and σj 
denotes the width of the Gaussian of node j.  

It is noted that the inputs to an inner node are fuzzified before the AND 
operation takes place [11]. This is shown in Figure 4a. It is also noted that 
the model requires establishing the width parameter σj at every node. This 
is accomplished by means of imposing a consistency condition on the 
model [13].  

This condition is to ensure that when all inputs take a certain value, then 
the model output yields this very same value, i.e. μ1=μ2≈Oj This is 
illustrated in Figure 4b by means of linear approximation to the Gaussian. 
The consistency is ensured by means of gradient adaptive optimization, 
identifying optimal σj values for each node.  

 

    
 (a) (b) 

Fig. 4. Fuzzification of an input at an inner node (a); linear approximation to 
Gaussian function at AND operation (b)  

It is emphasized that the fuzzy logic operation performed at each node is 
an AND operation among the input components μi coming to the node. 
This entails for instance that in case all elemental requirements are highly 
fulfilled, then the design performance is high as well. In the same way, for 
any other pattern of satisfaction on the elemental level, the performance is 
computed and obtained at the root node output. The fuzzy neural tree can 
be seen as a means to aggregate elemental requirements yielding fewer re-
quirement items at higher levels of generalization compared to the lower 
level requirements. This is seen from Figure 5. 
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Fig. 5. Degrees of generalization in the neuro-fuzzy performance evaluation 

Multi-objective Evolutionary Search with a Relaxed Dominance 
Concept 

In design generally multiple objectives are subject to simultaneous 
satisfaction. Such objectives are for example high functionality and low 
cost. To deal with multi-objectivity, evolutionary algorithms with genetic 
operators are effective in defining the search direction for rapid and 
effective convergence [14]. Basically, in a multi-objective case the search 
direction is not one but may be many, so that during the search a single 
preferred direction cannot be identified and even this is not desirable. In 
the evolutionary computation case a population of candidate solutions can 
easily hint about the desired directions of the search and provoke the 
emergence of candidate solutions during the search process that are more 
suitable for the ultimate goal. Next to the principles of genetic algorithm-
directed optimization, in multi-objective (MO) algorithms, in many cases 
the use of Pareto ranking is a fundamental selection method. Its 
effectiveness is clearly demonstrated for a moderate number of objectives, 
which are subject to optimization simultaneously [15]. Pareto ranking 
refers to comparing solutions of a population regarding their degree of 
being non-dominated by other solutions in the population. The 
evolutionary search using Pareto ranking converges to a set of solutions 
that lie on a surface in the multidimensional objective space. On this 
surface, the solutions are termed Pareto optimal solutions. They are 
different, both in terms of the solution parameters and their associated 
features. But they are assumed to be equivalently valid as there are no 
other solutions outperforming them for every objective dimension at the 
same time, i.e. the solutions on the Pareto surface are all non-dominated. 
Selection of one of the solutions among these is based on some higher-
order preferences, which require further insight into the problem at hand. 
This is necessary in order to make more refined decisions before selecting 
any solution represented along the Pareto surface. From the cognitive 
viewpoint, this means among the solutions available for the task, one is 
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selected consciously. The above are crucial for a cognitive system design. 
Namely, the problem formulation is not purely optimization-based, but the 
final outcome is dependent on the availability and the nature of availability 
of the solutions. Even solutions may be sub-optimal as a trade-off for 
diversity, when cognition plays an important role in decision-making. 

The formation of the Pareto front is based on objective functions of the 
weighted N objectives which are of the form  
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where Fi(x) is the new objective function; aij is the designated amount of 
gain in the j-th objective function for a loss of one unit in the i-th objective 
function. Therefore the sign of aij is always negative. The above set of 
equations require fixing the matrix a, which has all ones as diagonal 
elements. For the Pareto front we assume that, a solution parameter vector 
x1 dominates another solution x2 if F(x1)≥F(x2) for all objectives, and a 
contingent equality is not valid for at least one objective. 

Applying the Pareto concept in its conventional strict form has 
drawbacks when the problem involves more than four or five objectives. 
The cause of this issue is the greediness of the conventional Pareto 
ranking. Namely with many objectives most solutions of the population 
will be considered non-dominated, although the search process is still at a 
premature stage. This means the search has little information to distinguish 
among solutions, so that the selection pressure pushing the population into 
the desirable region is too low. This means the algorithm prematurely 
eliminates potential solutions from the population, exhausting the 
‘creative’ potential inherent to the population. As a result the search 
arrives at an inferior Pareto front, and with aggregation of solutions along 
this front. This is a well known topical issue in the area of evolutionary 
multi-objective optimization [10, 16, 17]. For the greedy application of the 
MO algorithm, one uses the orthogonal contour lines at the point P as 
shown in Figure 6. In this Figure the point P denotes one of the individuals 
among the population in the context of genetic algorithm (GA) based 
evolutionary search. In the greedy search many potential favourable 
solutions are prematurely excluded from the search process. This is 
because each solution in the population is represented by the point P and 
the dominance is measured in relation to the number of solutions falling 
into the search domain within the angle θ=π/2. To avoid the premature 
elimination of the potential solutions, a relaxed dominance concept is 
implemented where the angle θ  can be considered as the angle for 
tolerance provided θ>π/2. The resulting Pareto front corresponds to a non-
orthogonal search domain as shown in Figure 6. 
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Fig. 6. Contour lines defining the search areas  

The wider the angle beyond π/2 the more tolerant the search process and 
vice versa. For θ<π/2, θ becomes the angle for greediness. Domains of 
relaxations are also indicated in Figure 6. In the greedy case the solutions 
are expected to be more effective but to be aggregated. In the latter case, 
the solutions are expected to be more diversified but less effective. In both 
cases, the fitness of the solutions can be ranked by the fitness function 
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=
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where n  is the number of potential solutions falling into the search 
domain. Although N(θ) can be on-line modified during the search, it is 
expectedly constant once θ is determined. However, without the analysis 
of the functionality of N(θ) it is difficult to establish such a function 
through experiments. 

To obtain n in Eq. (3), for each solution point - say P in Figure 6 - the 
point is temporarily considered to be a reference point as origin, and all the 
other solution points in the orthogonal coordinate system are converted to 
the non-orthogonal system coordinates. This is accomplished through a 
matrix operation [11]. The importance of this coordinate transformation 
becomes dramatic especially in higher dimensions. In such cases the 
spatial distribution of domains of relaxation becomes complex and thereby 
difficult to implement. Namely, in multidimensional space the volume of a 
relaxation domain is difficult to imagine, and more importantly it is 
difficult to identify the population in such domains. Therefore the 
approach through the coordinate transformation is a systematic and elegant 
approach. In this way the bottleneck of conventional Pareto ranking  
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dealing with many objectives is alleviated to some extend, so that the 
evolutionary paradigm becomes more apt for applications in architectural 
design usually containing a great many requirements. It is noted that the 
relaxed Pareto approach requires significantly less computations to rank 
the population compared to the existing strategies aiming to avoid 
aggregation on the Pareto front, such as niched Pareto ranking [17]. 

Multi-objective Evolutionary Algorithm & Fuzzy Neural 
Tree = A Computational Design System with Cognitive Features 

Next to relaxing the greediness of multi-objective evolutionary algorithm 
(MOEA), a second measure that alleviates the limitations of evolutionary 
search for design applications is to couple the algorithm with the fuzzy 
model in section 2. This yields the system shown in Figure 7. In the system 
the fuzzy model is the playing the role of fitness function in the MOEA. 
When we first consider a design containing many elemental requirements, 
on can consider that within the fuzzy model the amount of objectives is 
reduced by aggregating some requirements forming fewer, more complex 
concepts, which become the objectives subject to simultaneous 
satisfaction. Examples of such complex objectives are functionality and 
sustainability. Using the fuzzy information processing in this way entails 
that the search process makes use of human-like reasoning during its strive 
for optimality.  

From Figure 7 we note that the computational design system starts its 
processing by generating a population of random solutions within the 
boundaries put forward by the designer in advance. Then several properties 
of these solutions are measured, such as sizes, distances, and perceptual 
properties. These are interpreted with respect to the elemental design 
requirements at the input layer of a fuzzy neural tree. This information is 
propagated through the tree yielding the degree of satisfaction of the 
solution at the penultimate level right below the root node. That is the 
evaluation using the neural tree is able to express the features of a solution 
in a few abstract, linguistic terms. For example it provides the performance 
regarding functionality, perception and cost effectiveness. These outputs 
are then used to compare the randomly generated solutions regarding their 
respective non-dominance using the relaxed Pareto concept. 
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Fig. 7. Cognitive system based on MOEA and fuzzy neural tree 

Relatively non-dominated solutions are then favoured for reproduction 
and the genetic operations, so that the next generation is more likely to 
contain non-dominated solutions. This generation-instantiation-evaluation-
loop is executed for a number of generations, finally resulting in a set of 
Pareto optimal solutions. A designer or decision-maker is then able to 
compare these solutions in order to select his favourite design among the 
apparently equally valid solutions. In case the favourite solution is com-
pletely satisfying the designer’s preferences, the design solution is found. 
Otherwise the designer may change the criteria of the computational de-
sign process and re-run the algorithm. This process iterates as shown in 
Figure 8, where the box containing the term IDO (Intelligent Design Ob-
jects) represents the system shown in Figure 7. 

 

 

Fig. 8. Cognitive design approach 

The Cognitive Features of the System 

In contrast to conventional multi-objective optimization, due to the special 
fitness evaluation in this work involving a fuzzy model, the solutions on 
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the Pareto front are not completely equivalent despite being all non-
dominated. They may be distinguished as follows. 

At the root node of the neural tree, the performance score is computed 
by the de-fuzzification process given by 

1 1 2 2(1) (1) ... (1)n nw f w f w f p+ + + = , (4) 

where w1+w2+…+wn=1; f1-fn are the outputs at the penultimate nodes; p is 
the design performance, which is requested to be maximum. The vector w 
containing the weights on the penultimate level is termed priority vector. 
The node outputs f1 - fn can be considered as the design feature vector f. It 
is important to note that a certain feature vector f will yield the greatest 
performance p at the model output if the weights w1-wn define the same 
direction as that of the feature vector. In order to consistently compare 
among different solutions’ feature vectors with their different magnitudes, 
it is necessary to obtain the unit vector u along every feature vector. This 
unit vector is given by 
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In order to meet the condition imposed by the de-fuzzification process 
in Eq. (4), namely that the weight components sum up to unity, it is 
necessary to normalize the components u1, …., un of the unit vector. 
Explicitly this is given by 
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Equating the normalized components to the components of a priority 
vector wmax yields 
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(7)  

The steps in Eq. 5-7 are illustrated in Figure 9 for a case with two 
objectives. Due to Eq. 7 the performance given by Eq. 4 becomes the 
maximal performance pmax 
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Fig. 9. Feature vector f, unit vector u, and priority vector w in objective space 

Every solution on the Pareto front has an associated pmax value that 
characterizes it. This value gives the maximum design performance the 
solution attains, when there is no a-priori preference regarding the 
objectives. The solutions can be compared regarding their pmax value, and 
the solution with the highest value is a preferable choice among the Pareto 
solutions. This solution has a characteristic priority vector w*. It is noted 
that the computation used to identify pmax is elegant in the sense that it does 
not require, for instance, solving a linear programming problem to 
maximize p for a given feature vector f. 

This vector w* implies that the computer advises the decision maker 
which goal he should take as more or less important in the present task, 
while this information was not known prior to the search process. This 
means the machine performs an act beyond mere optimization through 
intelligent information processing. Namely it is an act of cognition, 
yielding information about second-order aspects that were not included in 
the criteria given by the human decision maker. The artificial cognition 
alleviates decision-making in the sense that the designer need not explore 
the entire Pareto front, but has information on proficient areas along the 
front. 

Let us consider the possibility that we obtain solutions having identical 
pmax values while their components are different. For example a solution 
with f=(0.9, 0.1, 0.1) yields the same pmax value as a second solution (0.1, 
0.1, 0.9). For clarifying this issue it is noted that Eq. (8) can be 
transformed in such a way that it describes a spherical surface in the 
multidimensional objective space, on the surface of which pmax is constant. 
In a two objective case the sphere becomes a circle given by [18] 

2 2 2 2 2
1 2 1 2 1 1( ) ( )f f pf pf x x y y R+ − + ≡ − + − − , where (9) 
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The circle of constant maximal performance is shown in Figure 10. It is 
noted that due to the Pareto dominance criterion a Pareto front has a flatter 
curvature compared to the circle of constant maximal performance. 
Therefore the greatest pmax values are generally to be found at the 
extremities of the front, i.e. close to the axes. From Figure 10b is noted 
that for Pareto fronts that are asymmetrically shaped w.r.t. the line passing 
through the origin and (x1,y1) where x1=y1 merely a single maximal pmax 
value may exist in the population. In the latter case provision of this 
solution clearly alleviates the decision making. From figure 10a we note 
that, tn case of symmetry of the front providing the pmax value to a decision 
maker alleviates the decision making as the two solutions will be very 
different regarding their respective features, so that the decision may be 
easier to make compared to the case pmax were unknown. 
 

 
 (a) (b) 

Fig. 10. Constant performance surface and Pareto front 

It is also noted that a decision maker’s preferences are also important with 
respect to determining to what extend an extremity is to be exercised. 

Application 

The design task concerns the design of an interior space. The space is 
based on the main hall of the World Trade Centre in Rotterdam in the 
Netherlands. The perception of a virtual observer plays a role in the 
design, as the task involves a number of perception-based requirements. 
An example is that the stairs should not be very noticeable from the 
entrance of the space, as seen from Figure 11(b). The perception 
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computation yielding x12 in Figure 11(b) is accomplished using a 
probabilistic perception model [19]. Another example is that the building 
core should be positioned in such a way that the entrance hall is spacious, 
while the elevators should be easily perceived at the same time. This is 
seen from figure 11a. 
 

        
 (a) (b) 

Fig. 11. Two requirements subject to satisfaction, concerning (a) spaciousness of 
the entrance hall; (b) perception of the stairs 

The task is to optimally place the design objects satisfying a number of 
perception and functionality requirements. The objects are a vertical 
building core hosting the elevators, a mezzanine, stairs, and two vertical 
ducts. The goals are maximizing the performance of every design object 
forming the scene, as seen from the fuzzy neural tree structure in Figure 
12. From the structure of the model it is seen that the amount of objectives 
to be maximized is four, namely the outputs of nodes 4-7, whereas the 
elemental requirements total an amount of 12. 

The resulting Pareto optimal solutions are shown in Figures 13, and 14. 
Figure 13 shows the results using the greedy Pareto ranking approach, 
whereas Figure 14 shows the relaxed Pareto ranking approach. It is noted 
that the objective space has four dimensions, one for the performance of 
every design object. The representation is obtained by first categorizing the 
solutions as to which of the four quadrants in the two-dimensional 
objective space formed by the building core and mezzanine performance 
they belong, and then representing in each quadrant a coordinate system 
showing the stairs and ducts performance in this very quadrant. This way 
four dimensions are represented on the two-dimensional page. Comparing 
Figure 13 with Figure 14 we note that the relaxed approach is superior 
compared to the greedy case in Figure 13, as it yields a Pareto front having 
solutions with a higher performance pmax. 

Two Pareto optimal designs are shown in Figure 15 and 16 for 
comparison. The maximal performance score as well as the performance 
feature vector for these solutions is shown in Table 1. From the table it is 
seen that design D2 outperforms design D4 with respect to the maximal 
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performance pmax obtained using Eq. 8. It is also noted that the performance 
of D4 as to its features varies less compared to D2. The fact that D2 has a 
greater pmax confirms the theoretical expectation illustrated by Figure 10 
that solutions with more extreme features generally have a greater 
maximal performance compared to solutions with little extremity. 

 
 
 
 
 
 
 
 
 
 

 
 

 

Fig. 12. Neural tree structure for the performance evaluation 

The greatest absolute difference among D2 and D4 is the performance 
of the mezzanine. In D2 the mezzanine is located closer to associated 
functions, and this turns out to be more important compared to the fact that 
D4 yields more daylight on the mezzanine. Therefore D2 scores higher 
that D4 regarding the mezzanine. Additionally D2 slightly outperforms D4 
regarding the performance of the ducts. This is because the ducts do not 
penetrate the mezzanine in D2, whereas in D4 they do. The latter is 
undesirable, as given by the requirements in D4. Regarding the building 
core D2 is inferior to D4, which is because the spaciousness in D4 is 
greater and also the elevators are located more centrally. Regarding the 
stairs’ performance, the difference among D2 and D4 is negligible.  

The latter exemplifies the fact that an objective may be reached in 
different ways, i.e. solutions that are quite different regarding their 
physical parameters may yield similar scores as to a certain goal. In the 
present case the greater distance to the stairs in D2 compared to D4 is 
compensated by the fact that the stairs is oriented sideways in D2, so that 
the final perception degree is almost the same. It is noted that D2 is the 
solution with the greatest maximal performance pmax, so that from an 
unbiased viewpoint it is the most suitable solution among the Pareto 
optimal ones. This solution is most appealing to be selected for 
construction.  
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Fig. 13. Pareto optimal designs with respect to the four objective dimensions using 
greedy Pareto ranking 

 

Fig. 14. Pareto optimal designs with respect to the four objective dimensions using 
relaxed Pareto ranking 

This result is an act of machine cognition, as it reveals that pursuing 
maximal performance in the present task the stairs and ducts are more im-
portant compared to the building core from an unbiased viewpoint. This 
information was not known prior to the execution of the computational de-
sign process. It is interesting to note that the solution that was chosen by a 
human architect in a conventional design process without computational 
support was also similar to solution 2. 
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Table 1 Performance of design D2 versus D4 

  core  mezzanine  ducts  stairs  pmax 
D2  0.27  0.73  0.83  0.93  0.78 
D4  0.48  0.49  0.78  0.89  0.71 

 
This indicates that the architect must have had similar requirements in 

mind, and followed a similar reasoning as involved in the computational 
process. The benefit of the computational approach is that it ensures identi-
fication of most suitable solutions, their unbiased comparison, and precise 
information on their respective trade-off as to the abstract objectives. This 
is difficult to obtain using conventional means. 

 

 

Fig. 15. Pareto-optimal design D2 in Figure 14 

 

Fig. 16. Pareto-optimal design D4 in Figure 14 
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Conclusion 

A novel computational system for architectural design is presented. It 
generates designs that satisfy multiple criteria put forward by decision 
makers, such as architects. 

The contribution of the present work is twofold. First, the use of the 
fuzzy information processing enables multi-objective evolutionary 
algorithm (MOEA) to deal with the many, soft requirements characterizing 
design tasks. Secondly it enables the machine cognition. Namely the fuzzy 
model entails that the objective space takes on a particular shape, being a 
unit hypercube. This way, different properties of a design are subject to 
consideration on a common ground, which allows distinction among the 
Pareto solutions regarding their unbiased maximal performance being an 
act of machine cognition. It is noted that cognition is understood in this 
work as the faculty to take a decision based on an awareness of, in some 
sense, equivalently valid solution alternatives fulfilling first-order 
objectives. The cognitive act is selection among the alternatives based on 
second-order preferences that were not included in the process yielding 
these solutions. Such second-order preferences are due to the 
particularities among the alternative solutions, which cannot be foreseen 
prior to designing. 

Machine cognition is a feature of scientific and practical interest. From 
the scientific viewpoint the introduction of human-like reasoning into an 
evolutionary search process increases the applicability of evolutionary 
algorithms in particular for design problems. Thereby it may contribute to 
the growing use of MOEAs in this domain. From the practical viewpoint it 
is an innovative direction for alleviating decision making tasks. A designer 
gets to know - from an unbiased viewpoint - which trade-offs inherent to 
the design task are worthwhile to accept compared to others. The attribute 
unbiased refers that no objective is favored over another one a-priori. This 
way the decision maker has an indication which regions on the Pareto front 
are outstanding, and to what extend this is the case. This information is 
challenging to obtain when conventional means are used. 
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