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This research is concerned with the automation of the user interventional aspect within
interactive genetic algorithms (IGA) as already explored in previous publications by the
authors considering their use for Gestalt analyses and generative design optimization.
For the first time, this research presents a prototypical system that is an artificially
interactive individualized genetic algorithm (AIIGA) to be used in the architectural design
process. It presents an evolution of interactive genetic algorithms (IGA) that use Gestalt
analytical algorithms and integrate so-called Al into said algorithms to propose a new
systematic approach. The latter is here called artificially interactive individualized
genetic algorithm (AIIGA), replacing human intervention with genetic algorithm
procedures, as is the case in IGA with the intervention of a so-called artificial intelligence
building block, optimized for this purpose. Combining generative and cognitive abilities
in semi-automated design processes within AIIGA systems as presented in this paper is a

powerful potential for a wide variety of design process configurations.
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INTRODUCTION

In the field of enhancing architectural design
quality through the use of complex
digital algorithms (Coates 2010), objectifiable
Gestalt characteristics have been identified
that lend themselves to integration into semi-
automation of Gestalt optimization.
Automating parts of Gestalt analyses during
the design process leads to faster and
qualitatively enriched design decisions.

One of these objectifiable characteristics that
may be balanced for simplicity and complexity
(see e.g. Birkhoff 1933 and Bense 1971) is
detectable through measurements that share

mathematical relations, e.g., describable as
proportional relationships. The latter can be
detected by specialized Gestalt analytical
algorithms (Kulcke and Lorenz 2015) and thus
made tangible for implementation in genetic
algorithms as decisive parts of fitness functions.

This  research shows that such an
implementation into genetic algorithms is
feasible for Gestalt-related analytic software in
different use cases presenting technical
prototypes that serve for semi-automated Gestalt
quality analysis as part of the architectural design
process.
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The authors have already presented research
(Kulcke  and Lorenz  2016) on  such
implementations of Gestalt analysis into genetic
algorithms as well as into interactive genetic
algorithms (see also Poirson 2010). In their 2016
paper, the authors introduced a method that
allows architects, designers, scientists, and
students to calculate the degree of complexity of
a given design according to the gradient analysis
quotient. This method of semi-automatic
gradient analysis, which was tested on a simple
facade with two openings, takes into account the
repetition of gradients, i.e. the repetition of
proportions. The authors are aware that this is
only one of several possible aspects of complexity
reduction of Gestalt quality related to proportion
and self-similarity. In this paper solely the
gradient analysis is used for proof of concept
within the AlIGA algorithm presented.

BACKGROUND EVOLUTIONARY
METHODS

Genetic Algorithms

Evolutionary algorithms (EAs) or Genetic
algorithms (GAs) are optimization techniques
inspired by the principles of natural evolution. In
architecture, they are used to solve complex
design problems by generating and iteratively
refining a diverse set of solutions (Elezkurtaj and
Franck 2001). By applying selection, crossover,
and mutation mechanisms, architects and
designers can find optimal or near-optimal
solutions tailored to specific constraints (figure 1).

Fitness Function Design

Kulcke and Lorenz (2015 and 2016) have
emphasized the importance of providing
architects, designers, students, and scholars with
additional methods and tools to analyze the
complexity of a design. Their research highlights
how semi-automated gradient analysis can be
used to study the repetition of gradients and
proportion repetition within a given design,
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contributing to complexity reduction through
redundancy. While fractal analysis (such as box-
counting) is already used in architecture to
measure design complexity (Ostwald and
Vaughan 2013) - e.g. in analyzing building
elevations (Lorenz 2016) — gradient analysis offers
an alternative method to assess the structural
logic of architectural forms (Kulcke and Lorenz
2022).
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Interactive Genetic Algorithms

Interactive Genetic Algorithms (IGA) implement a
user interaction into the course of the
evolutionary solution optimization process
(Lorenz and Kulcke 2016). This interaction can be
limited to be in effect only after a certain number
of cycles of optimization. It is strategically a
means to enhance the diversity of solutions, as

Figure 1
Genetic algorithm,
basic concept



well as, depending on the weight put on user
intervention, a means to direct the process of
selection and rejection in specific directions. This
additional process may insert qualities and
preferences that are neither covered by the
qualitative boundaries set by the fitness function
nor specifically described as they are part of
(maybe even subconscious) user preference.

Artificially Interactive Individualized
Genetic Algorithms (AlIGA)

Artificially interactive individualized genetic
algorithms (AIIGA) is a concept, formulated by the
authors to replace human/genetic-algorithm
interaction with a model of intelligence/genetic-
algorithm interaction; the model of intelligence
being a so-called artificial intelligence (sAl). The
term so-called Al (sAl) here refers to algorithms
using calculatory nodes to evaluate datasets by a
beforehand optimized mathematical function,
providing a result that serves to assign a true or
false evaluation to each instance of the dataset via
the sigmoid function. The commercial providers
of such algorithms call these calculatory nodes
(including the sigmoid function) neurons and the
systems with increasingly large numbers of these
nodes, which in sum more or less simulate
intelligent behavior, Al. Within this concept, the
overall framework to optimize solutions via a
genetic algorithm (GA) contains a module on the
basis of calculatory nodes, optimized through the
use of the sigmoid function and a data-set,
representing the aspired solution space.

The AIIGA is a digital strategy to add an
individualized focus to a GA concerned primarily
with detecting self-similarity on the basis of
proportion cognition and quantitative evaluation
within a given object. The individualized focus
coded into a local sAl module thus takes the
perspectives of embodied (e.g., tendency toward
conciseness (see Metzger 1975), situated and
distributed cognition theories (Rogers and Ellis
1994) into account.

The manipulation of and the injection of other
algorithmic strategies into IGAs are technical
approaches that have been used before. In
adaptive interactive algorithms (AIGA), as
described and implemented into musical
production processes by Biles (Biles et al. 1996) a
concept of using sAl as a fitness function and also
the idea of meta-evolution (Biles 2003) have been
introduced. The approach of an artificially
interactive individualized genetic algorithm
(AllGA) as presented in this research builds in part
on these concepts. The concept of the meta-
evolution of the IGA as integrated in the AIGA
concept through algorithm adaptability is not the
primary focus of AllGAs as presented here but a
future potential for further development.

TECHNICAL PROTOTYPE

A Genetic Algorithm Incorporating
Proportion Analysis in Grasshopper

A technical prototype, primarily to be used in
academia in design studios, was realized in the
visual macro-programming platform
Grasshopper integrated in Rhino. It is to be used
to create solution spaces via a GA respectively an
evolutionary algorithm for facade-designs.

The prototype optimizes a boundary-
rectangle containing two window rectangles to be
evaluated with a fitness function based on the
proportional analysis algorithm gradient analysis,
as developed by the authors (Lorenz and Kulcke
2015). This algorithm detects the number of
different proportions present in a specific design,
it is thus referencing the Eurythmia as described
by Vitruvius and illustrated e.g., by Rowland and
Howe (1999).

The fitness function is aimed at limiting the
number of detected proportions, thus reducing
the design complexity by reducing the number of
proportions present. The prototype allows for the
integration of the gradient analysis into a genetic
algorithm realized in Grasshopper.
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In previous research the authors have tested
to integrate the gradient analysis into a genetic
algorithm as well as into an interactive genetic
algorithm (Kulcke and Lorenz 2016) using a
variety of platforms and systems to be integrated
in different user scenarios. The prototype
presented here targets students and serves to
experiment with the integration of sAl into a GA.

While the GA in Grasshopper usually uses
precoded nodes for evolutionary algorithms like
Galapagos and Octopus, the GA presented here,
including the fitness function, was scripted by the
authors in Grasshopper with Python. In the same
fashion other types of analyses in the form of
fitness functions may be integrated, as e.g., the
grid analyses and others.

The initial population i.e. the first parent
generation is determined by user choice and
random distribution of the window rectangles
and subsequently evaluated according to the
fitness function. The boundary rectangle in this
prototype is defined as given and unchangeable
due to technical pragmatism and subject to future
change. The rectangles within these boundaries
are defined by coordinates that are changed in
the course of the evolutionary optimization
process. The coordinates are coded as floating
numbers between 0 and 1, representing a
percentage of the boundary rectangle's height
and width, respectively.

The Optimization Process

Existing overlaps of rectangles within the parent
generation are penalized. To evaluate each
individual of the parent generation each possible
connection of the coordinates within to every
other coordinate is under scrutiny according to
the gradient analysis algorithm. Each possible
connection is evaluated for their gradient.
Gradients equal and similar to a target gradient
(within a pre-set tolerance margin) cause a higher
optimization rank.
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Selection and Crossover
The selection for crossover is guided by the
following aspects:

e The fitness according to the fitness function is
used to determine pairing.

e Crossover points are chosen at random within
chosen boundaries inside the binary chain
according to their assignment to specific
coordinates.

Mutation

The frequency of mutation is guided by a
probability value set by the user. Within the binary
representation a digit chosen at random is
changed from 0 to 1 or vice versa. Boundaries for
an applicable range within the binary chain may
be chosen up front by the user. Thus, a certain
preservation of the initial character of the
geometry is secured during crossover and
mutation in the overall process of optimizing the
positions of the corner points according to the
fitness calculation.

Analysis of Results

To apply the fitness function, e.g., after pairing
and crossover before mutation the binary chains
are recoded to floating numbers representing x-
and y-coordinates of window rectangle corner
points as percentages of the boundary rectangle's
height and width.

Further Evolutionary Techniques
within the prototype

Additional, refined and variations of the described
evolutionary techniques may be implemented.
This includes a change of the algorithm during
optimization according to intermediate data
analyses. Examples are the addition of the fortune
wheel technique (Koénig 2010), changing
percentages of contributions from parent
generation to the next generation and others.
Data logging for analysis of the optimization
process after a certain number of runs to pinpoint



optimization potential in- or decreasing selection
pressure, crossover rates and mutation
probability may also serve to advance the
effectiveness of the algorithm. Dynamic mutation
rates are another potential towards a further
detailed design of this prototype and potentially
increase its adaptability in regards to specific
initial generations.

The Grasshopper-macro by the authors,
integrating the gradient analysis as the basis for
the fitness function, allows for the additional
algorithmic technique AIIGA to be realized as a
prototype.

METHOD

From IGA to AlIGA

To generate material serving to optimize an sAl-
driven module which is to replace the human
interaction as part of the IGA, an IGA is used. The
IGA requests preferred instances out of a number
of instances displayed to the user (figure 2). The
user choice then influences the selection of the
next parent generation of the evolutionary
algorithm. Each user interaction produces a list of
datasets rated true or false, chosen instances are
marked "1" and displayed while not chosen
instances are marked with "0". Thus with e.g.,
20 evolutionary runs of the IGA and four
interactions (every fourth run) with two human
favorite choices each and ten instances
presented, eight positive marks and 32 negative
marks can be produced. Several of these
examples in sum may be used to optimize an
overall sAl to take over the position of an

interacting human user or to optimize four sub-
sAl to be implemented at the points of the above-
mentioned interactions within the IGA. The
replacement of human interactions with sAl
interactions thus turns the IGA into the AIIGA
presented in this research. A combination of
AlIGA with additional user interaction is also an
interesting option when working with these
models. The AIIGA running on a sAl based on
individual inputs e.g., by trained designers and an
end-user input of the starting parent generation
already represents an asynchronous dialog
between specialist and end user. The aspect of an
asynchronous dialog may be intensified by
additionally introducing human interaction with
the end user (IGA-like) into the AlIGA system.

Technical prototype including sAl

To build GA for use in the generation of
architectural models, pre-programmed nodes in
Grasshopper for Rhino like Biomorpher and
Octopus may be implemented. Octopus (which is
a simplified Grasshopper Node for GA with a
limited amount of settings) is easy to use but does
not support the integration of interaction to the
degree that is needed to effectively test the scope
of the AIIGA approach (also in regards to future
functions). Biomorpher also has limitations to
provide a means to easily and fast build GAs.
Because of this the GA in Grasshopper, that is the
foundation for the AIIGA realized as a graphic
macro program has been built from scratch.

Volume 1 - Confluence - eCAADe 43 | 15



) 1. parent generation

operation one
{encoding and pairing)

operalion (wo
(crossover elc.)

operation three, children
(filness and selection)

A

human end user

operation one

professional or
layman

operation two

next evolution

human intervenor next evolution

expert with specific
knowlege and traits

As part of student courses and studios that use
and discuss sAl the evaluation of solutions and
the optimization of the sigmoid-function (formula
1) can be experimentally modelled through
something as simple as an Excel-sheet. The
optimization of the factors within the corrective
mathematical expression which represents the
node through which all data flows for punctual
evaluation regarding certain limited criteria may
be achieved in a simple trial and error fashion.

Vg XW; +U; Xwy + v, Xwy oo+ €

> 0 ... true (“1”) 1
< 0 ... false (“0”) M
= 0 ... neither nor (“0.5”)

with v,_, either representing the corner points
(e.g. A1[x,y]) or the single coordinates themselves
(x of A1,y of A1), w;_, being their weights (factors
the values need to be multiplied with) and ¢ being
the corrective constant. The result may equal the
value 0.5 which represents a turn-over point
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(neither being true nor false, equals “0.5"), lower
than 0, which means false (“0"), or greater than 0
which means true (“1") (table 1).

Values 1 Values 2 Result
Value v1.0 Value v2.0 1
Value v1.1 Value v2.1 0
Value v1.2 Value v2.2 0
Value v1.3 Value v2.3 1
Value vi.n Value v2.n 0

Using the factors w;, w, and ¢ for the optimized
node formula to be checked by the sigmoid
function a node in Grasshopper can be added.
Thus, after the individuals of a generation have
been sorted in ascending order of fitness at the
end of each iteration, all parents and children
selected for the next generation are evaluated
according to their "sAl"-fitness. In this phase the
individuals not matching the target values are

Figure 2

GA (Genetic
algorithm), IGA
(Interactive
Genetic Algorithm)
and AlIGA
(artificially
interactive
individualized
genetic algorithm)

Table 1
possible values
and true/false
evaluation



Figure 3
Implementation
AlIGA in
Grasshopper/
Rhino

replaced by the best individuals that do. In this
fashion the best matches with the highest fitness
are duplicated to increase their influence on the
future selection processes. It is possible to specify
the number of individuals to be replaced in
advance in the form of a percentage value. If there
are no individuals to be replaced, i.e. all match the
target values, or if there are no more individuals
for replacement, i.e. the pool of those matching
the target values is empty, or if the maximum
number of displacements has been reached, then
the population for the next iteration has been
determined (figure 3).
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Another possibility to use the selection of
target values by sAl is the selection of parents for
crossover. An additional opportunity for using sAl
in the algorithm is to enrich the population with
individuals from the parent generation after the
crossover and before mutation. In that case the
children are selected first, according to the
number initially specified and subsequently filled
with the fittest parents who also meet the positive
target value as indicated by the sAl.

RESULTS
The resulting fitness values after 20 generations
are not significantly lower, when the sAl node is
applied (figure 4). Therefore, the subjective choice
of the users, though influencing the optical
outcome, does not jeopardize the proportional
optimization of the geometry as objectified by the
gradient analysis algorithm. This shows that
subject-based choices encoded as sAl may be
injected into a GA, turning it into an AlIGA,
enriching it with individual preferences based on
subjective Gestalt qualities, while keeping the
advantages of fitness-function based GAs that
represent objectifiable Gestalt qualities.

Thus, a qualitatively enriched and diversified
potential of automating design decision
processes is reached (figure 5).

DISCUSSION

The current version of the AIIGA shows that its
application is feasible and it serves as a useful
addition to successfully implement modules
concerned with and optimized on the basis of
subjective Gestalt qualities into a GA system
evaluating designs by objectifiable Gestalt
qualities. It may be detailed further by introducing
questions guiding individuals while contributing
to the dataset for optimizing sAl-nodes, such as
“choose for most interesting proportion", "decide,
based on a feeling of fitting calm balance",
"decide, based on achieving adequate stimulating
dynamic" and the like.
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Box-plot of Fitness Values

50
45
40
35
30
25
20
15

Fitness

w
()]

-
dl
|
|

—

=

10

3.37

wm
w
o —
~

i
)
>
N

example_01
without
example_01
with
example_02
without
example_02
with

Another chapter of diversifying sAl influence is
the distinct questioning of specific target groups
and stakeholders, like professional architects,
urban planners, investors, contractors, residents
and future users of an architectural design to be
built.

OUTLOOK

In previous research the authors strictly limited
their algorithms to Gestalt qualities which could
easily be identified as objectifiable, e.g., as being
based on mathematically describable relations.
The AlIGA is a tool to carefully move the boundary
of sensibly automizable Gestalt evaluation into
the realm of subjective Gestalt qualities.
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Future AIIGA algorithms will include multiple
layers of encoding the database to optimize sAl
modules. These will be e.g., encoding based on
integers derived from pixel distribution in
addition to coordinate-based floating numbers to
construct a higher variety of true/false datasets.
Picture data in various resolutions will also enrich
the number of possible binary chain designs and
their manipulation.

Positioning of the sAl modules within the
AlIGA will also be diversified and additionally,
triggers and thresholds may be defined to
activate and deactivate the sAl interventions in
the course of the GA-based iterations. The type of
sAl module activated may also be left to the initial
user's choice before starting the algorithm.
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Figure 4
Comparison
without (purple)
and with (green)
use of sAl; each
column represents
the results of 60
runs of 20
generations on
the basis of the
same 10 initial
individuals

Figure 5

Visual comparison
of the first 17
results example 1
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and with (below)
integration of sAl



Individual and local group preconditions and
situation-specific  influences that diversify
cognition according to individual disposition,
group formation and structures, as well as
location in space and time, receive a potentially
enhanced influence on the solution space
generated by the proposed algorithm if
implemented accordingly.

The AIIGA concept presented here, though
bearing significant potential for professional
work, is intended especially for working with
students in academia. Its specific educational
purpose is directed at increasing students’
awareness of how sAl modules work and how
they may be creative with the possible variations
of working with AlIGA, individually weighing the
influence of subjective and objectifiable Gestalt
qualities.
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