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This ongoing research aims to define a general assisted design method to offer
non-trivial design options, where form is produced by merging characteristics
from initial reference samples collection that serves as an input set. This project
explores design processes laying on the use of non-linear procedures and
experiments with Self-Organizing Map (SOM), as neural networks algorithms, to
generate geometries. All processes are applied to a set of models representing
classic sculpture, whose characteristics are encoded by the SOM process. The
result of it is a set of new geometry resembling characteristics from the original
references. This method produces hybrid forms that acquire characteristics from
several input references. The resulting hybrid entities are intended to be
non-trivial solutions to specific design situations, so far, at the stage of this
research, mainly formal requirements.
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INTRODUCTION
This ongoing research aims to deﬁne a general assisted design method to oﬀer non-trivial design options according to an initial reference collection that
serves as an input set. Initially, the scope of this
project covers fundamentally the generation of form
as the result of the combination of a group of input
reference samples.
During the last decades, designers have explored procedures to make form by means of computational methods. Structural and material optimization (Block2014) or simulation processes (Grobman2011) according to speciﬁc performance objec-

tives (Kolaveric2003) are thoroughly studied as to
lead the production of form from early design stages.
In the case of morphogenetic systems (Hensel2012),
material-behaviour parametrization produces an impact on the aesthetics (and performance) of form.
Shape grammars (Stiny2006) and non-linear models
(Grobman2011), would take advantage of iterative
procedures and rule-sets to produce multiple design
alternatives based on diﬀerent performative and programmatic criteria.
This project explores design methodologies
where several references provide useful information
for the design development. Artiﬁcial neural networks
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(ANN) algorithms can deal with large amount of information to produce relevant results in areas such
as image processing or natural language processing.
The approach of this research is to take advantage
of ANN functioning to generate geometry. Experimentation within this project focuses on the use of
Self-Organizing Map (SOM) processes, to generate geometries as alternatives in initial stages of a design
process. SOM is a generic computational method
usually used in tasks such as visualization of a high dimensional data, clustering and classiﬁcation, prediction and function approximation, as the most common applications (Kohonen2013). As a dimensionality reduction method, it would fall in the category of
compression algorithm with loss of information. Further, it is possible to explain SOM as a non-linear function approximation method and to compare it with
other neural network algorithm as an unsupervised
learning method (Barreto2004). However, this work
proposes a diﬀerent functionality of SOM (as an encoder), in which any high dimensional input vector
set is mapped to a numerical value to be interpreted
in geometry as form.
The mapping is applied to a set of 3D-models
representing sculptural geometry that are encoded
in a high dimensional vector to model the input samples of the process. When the mapping takes place,
the result consists of a set of numerical values that
can be interpreted to reconstruct the geometry as
a new set of 3D-models resembling characteristics
from the original references. SOM functioning rely
on stochastic functions; thus, it is not the process itself what leads the result. Instead, the initial choice
of input references will determine the output’s information space. The higher the number of references is, the higher the uncertainty (and information entropy) that is carried along the process (Shannon1948), therefore, the higher the variations on the
alternative geometries.
It is important to point out here that the reference samples belong to a very speciﬁc cognitive
space, since the information they carry can be categorized by human users, while that same categoriza-

tion is arguable for the ﬁnal outcome (Newby2001),
questioning the ontology (Gero 2006) of the diﬀerent
outcomes within the whole process. The several outcomes can be used as design options after hybridizing characteristics from the reference samples. The
relevancy of the outcome for the design process is
decided by the human designer.
Stochastic Hybrids are assemblages constructed
from concrete references, which they are meant to
resemble, through a method that involves randomness and uncertainty. References constitute the inputs; hybrids are the result or the outputs. References
characteristics mix up to a certain degree as a consequence of the uncertainty carried during the process,
producing hybrid forms with characteristics that may
resemble more than one reference at once. Form,
within the context of this project, is the result of the
combination of referential forms through pre-speciﬁc
modelling (Moosavi2015) based on the notion of concrete universals (Ellerman2014).

PRE-SPECIFIC MODELLING AND CONCRETE UNIVERSALS
The geometry modelling method deﬁned in this research derives from the concept of pre-speciﬁc modelling in contrast to speciﬁc modelling, although not
necessarily in opposition to it (Moosavi2015). Furthermore, speciﬁc modelling can be theorized by abstract universals, while pre-speciﬁc modelling is supported by the concept of concrete universals based
on the interpretations given by Ellerman (2014). Prespeciﬁc concept was originally introduced by Vera
Bühlmann (2008).
Speciﬁc modelling deﬁnes (or generates) individual objects by modifying the value of certain parameters deﬁned as variables in a generic object, also
referred as a class in mathematics or computer science ﬁelds, which is considered the abstract universal. Variations of those parameters in the generic
object generate independent instances that remain
dependent on the abstract universal deﬁnition. Abstract universals deﬁne the ontology of the instances
by deﬁning the ideal characteristics of the generic
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object, which also deﬁnes its identity. Properties are
deﬁned as abstract universals within the abstract universal, which would be the class and sub-class approach, as constituent parts of the ontology. A generative process produces every instance as an independent object that behave according to the abstract object deﬁnition, see ﬁgure 1.
Figure 1
Collection of
empirical data
(black) compared
against expected
behaviour (red).

Figure 2
One-Dimension
SOM scheme.
Coloured cells
represent samples.
White cells the
neuron-set.

diﬀerent feature itself. Concrete universals within the
network bring information as characteristics to the
group and connectivity allows to identify an object
in terms of the relations it maintains to the other objects, see ﬁgure 2. Two objects are considered identical if they share the same sets of relations with the
other concrete objects (Moosavi 2015).
In other scientiﬁc ﬁelds, physics for instance, speciﬁc modelling describes the relationship between
prediction and measurement. A function would determine the logic of the ideal behaviour of empirical
data.
In terms of SOMs and following pre-speciﬁc
modelling description, that logic can be extracted directly from the observed data. Then data is clustered
following that new-found logic which is not deﬁned
beforehand. In the context of this research, the reference samples, as concrete universals, provide characteristics to the network. The SOM process will establish a certain position for every characteristic and
will add new objects to the network to create hybrid
positions.

INDEXATION AND HYBRIDIZATION. FROM
REFERENCES TO DESIGN OPTIONS.

In pre-speciﬁc modelling, instances are concrete objects whose features are independent to the process
and whose identity depends on the network connectivity, thus the relation to other concrete objects,
known as concrete universals. Compared to the parametric objects, properties are characteristics of the
object. In fact, every object within the network is a

In short, SOM algorithm presents an input or sampleset and a neuron-set at an initial state, set at random
during this work experiments. Both sets are technically a multidimensional array of n vectors. The
neuron-set ﬁnal state is the output of the SOM after the neurons adaptation. Accordingly, SOM shows
two main movements: mapping of samples to neurons, where samples perform as concrete universal
and the map searches for identical images within the
neuron-set, adding characteristic information to the
network; adaptation of the neurons, once the position of the identical images is established, the other
neurons relocate at intermediate positions. In the last
movement, ﬁxed neurons act as concrete universals
and relocated neurons will show characteristics from
those. The population of objects in sample and neuron set will aﬀect the result in diﬀerent way in each
stage of the main process.

AI FOR DESIGN AND BUILT ENVIRONMENT - Volume 1 - eCAADe 36 | 121

This project experiments with a collection of
samples to test the main methodology which are
the several references to aﬀect the design decisionmaking process. These samples consist of highresolution 3D meshes from 3D scanning as digital
representations of actual sculpture: Winged Victory
of Samothrace, Venus of Milos, and the Dancing Faun
of Pompeii, see ﬁgure 3. Let’s assume these actual sculptures belong to the same human cognitive space, since they share characteristics like “sculptural”, “mythological”, “humanoid”, etc. The digital representations still remain in a similar cognitive
space because they still share many of those features.
“Materiality” or “size” would be some of the missing
ones, while “body” or “legs” would remain. It is not by
accident that the selected samples lack of some characteristics that are present in the others, like “arms”,
“head” or “wings”. Following up the whole process,
we must be able to recognize those characteristics on
the ﬁnal hybrids.

The characteristics of these objects are the structural
deﬁnition of its ontology, that is, what the object
consists of (Gero2006). With diﬀerent characteristics,
the objects would simply be diﬀerent objects. According to speciﬁc modelling description, the structure of the object would be linked to the deﬁnition
of the abstract universal object and its generative
process. The hybridization method proposed in this
research bridges any generative process to approximate the original form and disregards the deﬁnition

of any abstract universal to produce the resultant geometry. Increasing the population of samples will increase the amount of characteristics available during
the process.
The computational process described in this
project consists of two main stages: ﬁrst stage, or indexation stage, discretizes the samples to produce indices (Carpo2011) which encode the referential samples; second stage, called of hybridization, takes ﬁrst
stage outputs as inputs to produce a set of new
hybrid geometries (Algeciras-Rodriguez2016). SOM
processes take part in both stages in diﬀerent ways,
as it is further elaborated below. The resulting geometry oﬀers design alternatives beyond trivial solutions.

Indexation
In this ﬁrst stage, the SOM purpose is essentially to
encode the original samples into numerical values arranged in a very speciﬁc topology, meaning a speciﬁc number of values (neurons) and a speciﬁc connectivity (network dimensionality). Indexation stage
will take each reference sample one by one; encode it
and make it ready for the next stage of hybridization.
For that purpose, one SOM process is applied to each
reference sample.
One reference sample consists in a 3D-mesh of
25,000 vertices, forming a point-cloud, that will serve
as input vectors for the indexation SOM. The neuronset counts with a point-cloud of 3,000 vectors set at
random, what ensures an optimal SOM adaptation to
the original geometry, despite of the loss of information. The result is an output-set of 3,000 vectors presented as an indexical image (Carpo2011) of the concrete reference samples, as shown in ﬁgure 5. SOM
process in this stage focuses on mapping input-set to
neuron-set to get an optimal encoding, thus, an approximation to the sample point-cloud. The result of
this operation is referred as an index or the original
sample.
During the indexation stage, the SOM process
deﬁnes a very speciﬁc connectivity between neurons,
setting the topology of every index. Therefore, the
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Figure 3
The three selected
reference samples.
(from left to right)
Winged Victory of
Samothrace, Venus
of Milo and the
Dancing Faun of
Pompeii.

indices of every reference sample present the same
topology. Just now, it is possible to establish a metric
to measure the relative distance between the diﬀerent indices, since all generated forms belong to the
same information space.

Hybridization
A crucial diﬀerence on the use of SOM between ﬁrst
and second stage is the number and proportion of
vectors in both, input and neuron sets. While in
the indexation stage, adaptation of neurons must be
optimal for a better resemblance, using in comparison a huge amount of training vectors and only a
few neurons; in the hybridization stage, the number of input-vectors is considerably smaller than the
neuron-vectors. The focus is on the adaptation of the
neurons and on getting as many variations as possible.
The SOM process in this stage takes all the indices from the previous stage to make a single inputset. In this case, three vectors comprise the inputset, as indexical images of the sculptural references.
Then, it maps the input vectors information to the
best matching neurons within the neuron-set. Once
such neurons are ﬁxed, the non-matching neurons
will modify their values in proportion to the information received from the ﬁxed neighbour neurons
(adaptation), becoming hybrids in the same information space as the three input samples. High neuron
population improves the chances to get variations
within the neuron-set. The experiments shown in this
paper, took a population of 30 neurons, only a selection is actually displayed.
As mentioned before, the ﬁxed neurons act as
the concrete universals within the set, adding a number of characteristics that the SOM will take and combine on the other neurons, according to their proximity to the stable neurons. Characteristics like “head”,
“arms” or “wings” will merge with others and produce expected and unexpected combinations, considered non-trivial options, which can be used by the
designer to widen the scope of possibilities before a
design problem, in this case it is centred on the gen-

eration of form. Matching and non-matching neurons can be seen in ﬁgure 5 as part of the results.
While it is clear that all hybrids remain in the
same information space, it gets diﬃcult to categorize part of the hybrid objects under human-known
labels. Consequently, not all the hybrid form would
have a clear position in a human cognitive space. As
a result, albeit some hybrid ontologies can be reconstructed, the relevancy of the other generated forms,
whose meaning is a-priori unknown, is a question
that remains open.

RESULTS
The outcome of both stages consist on sets of
three-dimensional vectors that can be represented as
point-clouds. Such point-clouds, in turn, are meshed
for better comprehension of the form and for the usability of such geometry in following stages of the
design process. The meshing operation follows the
alpha-shapes methodology described in (Edelsbrunner1992).
SOM in indexation stage generates the encoding
of the original forms to make them usable for the hybridization stage. The resulting meshes resemble to
the original references despite the loss of information
during the mapping. The process preserves most of
the references characteristics that need to be transferred to the next stage. Such characteristics can still
be categorized within a human cognitive space.
Hybridization phase procedure produces a large
amount of noise which makes diﬃcult to get a comprehensive mesh at the end, see ﬁgure 5. Some characteristics can be diﬀerentiated though. For a better
understanding of the hybridization results, the pointcloud itself provides a more detailed result. In ﬁgure
6 the adapted neuron-set is presented as a collection
of point-clouds wherein only three objects resemble
the original references. In intermediate positions, the
adapted neurons show combined features from the
stable neurons. Overall, every hybrid displays a dominant feature according to the reference sample it resembles the most.
For instance, it is observed arms in Venus-like
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neurons; head in Victory-like representations; wings
in Faun-like objects. But it is also observed non-trivial
combinations that, so far, remain uncategorised under human cognitive terminology. Here, still a human designer must validate the usability of the hybrid object in a speciﬁc design context.
Compared to architectural models, the sculptural model used so far in this research are structurally
simple, meaning, the design process in this case, produced forms with great aesthetics values but simple
in the number of materials or systems involved in
their construction. Therefore, the digital representation of these forms can be presented as a single
polygonal mesh and still be considered as very accurate simulation of the real form. On the other hand,
complexity on architectural objects involves a strict
hierarchy of systems and high number of materials

leading, in turn, to a complex representation which
comprises, in the end, a large amount of mesh objects in an intricate model (that is the case of BIM architectural models). As computational objects, sculptural models represent a simple ontology while architectural models a very complex one.
Experiments at early stages of this research
tested both indexation and hybridization on architectural 3D models as 3D meshes. It produced some
relevant result on the indexation phase, but, due
to the over-simpliﬁcation of architectural 3D models, hybridization phase did not reach relevant result.
However, the experiments carried out on the current
samples point towards a diﬀerent strategy to undertake experimentation on architectural models, as it is
further explained in the next section.
Figure 4
Indexation phase.
The several
subprocesses carry
a loss of
information
producing noise on
the outputs.
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Figure 5
Hybridization
phase. Resulting
meshes. It is shown
characteristics like
“head” (square),
“wing” (arrow) or
“hand” (circle).
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Figure 6
Hybridization
phase. The
point-clouds,
previous to the
meshing process,
help to
comprehend the
several
characteristics. It is
shown
characteristics like
“head” (square),
“wing” (arrow) or
“hand” (circle).
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FURTHER WORK AND CONCLUSIONS.
The methodology presented in this paper demonstrates its ability to work with structured and unstructured point-clouds, since the SOM point-cloud
presents a topology which is implicit in its deﬁnition,
as digital representations of physical objects. However, the process carries a certain amount of noise
that makes diﬃcult the mesh reconstruction, which
is important since the resultant geometry must be
useful for the successive stages of the design process.
Next steps in this research must focus on the loss of
information problem that occurs during both phases,
as responsible for the large amount of noise at late
stages of the process.
For a similar reason, the problem of the ontology needs to be considered to enable the interaction with other digital entities like BIM typologies
(Nagakura2017). Translating characteristics from the
process information space to categories in the human cognitive space will allow to use this methodology on complex ontologies like architectural models.
Further work will focus on the deﬁnition of a mechanism to map hybrid objects from the process information space to human cognitive space.
The described SOM-based method produces a
number of form options by combining a set of concrete characteristics in a process of hybridization,
given a collection of initial references. Design processes upon references is a common workﬂow in architectural practise.
Hybridization based on pre-speciﬁc modelling
seeks for as many characteristics as are available in
the references set, even if those characteristics are
still unknown, making as many combinations as possible, even if those combinations are still unknown.
Compared to speciﬁc-modelling, where features are
deﬁned as properties in an abstract deﬁnition, characteristics are found in the referential set, regardless their ontology. Furthermore, the original sample
characteristics are preserved during the process and
are recognizable (if they are known) after being rearranged as parts of the hybrid. No further deﬁnition is
needed, which allows to accelerate the process.

Since structural deﬁnitions are avoided, SOMbased procedures can be taken as a general methodology to produce form based on any reference geometry in the human cognitive space. By focusing on the
relations between characteristics, this methodology
suggests redeﬁning the ontology afterwards instead
of predeﬁne it beforehand, in order to increase ﬂexibility and innovation during the design process.
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