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The objective of the workshop described in the article was to redesign a chair
called Loti. In a subjective opinion shared by the authors and the participants of
the workshop, the chair seems plagiarism of a famous chair by Ray and Charles
Eames. The authors centralised the workshop on the use of computational tools
for assessing subjective opinions. The authors and the participants created a
method for detecting plagiarism and implemented it in the process of design.
They created a parametric model of the chair that allowed changing the chair's
components with variables. Using this model, the participants generated multiple
variations and surveyed other students to assess which of the versions seemed
plagiarism. With the information obtained from the survey, we trained a neural
network to relate the variables with the level of plagiarism. We linked the
parametric model with the neural network to create a tool that informs the user
about the probability of committing plagiarism in real-time. The participants
used the tool for designing new chairs to evaluate the efficiency of the method.
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INTRODUCTION
Loti is the nameof a chair thatwas very popular in the
Basque Country in the 1950s and 1960s. Today, one
can still come across its copies in old cafes and var-
ious architectural offices. Each element of the chair
- legs, seat, backrest and structure - is made of thin
thermoformed plywood. The bulges and rounded
corners adapt to the contours of the human body;
they are both flexible and durable. The chair is light
and surprisingly comfortable despite the lack of up-
holstery.

Figure 1
The chair Loti has a
striking similarity to
the chair DCW by
Charles and Ray
Eames.
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It is also an almost exact copyof the famousDCW
chair by Eames. One can see it at first glance and the
company Hijos de Arruti from Zarautz, the producer
of Loti, never concealed this fact. On the contrary:
the history of the chair is one of the factors that in-
fluenced its popularity. Eames‘ original was brought
to Zarautz from Venezuela by one of the company’s
employees. He had emigrated to Latin America dur-
ing the Spanish Civil War and returned years later
with the chair - unscrewed andpacked in his suitcase.
The product was redesigned on-site to match local
necessities - the dimensions of some elements, cor-
ners’ radii, connection angles and deformationswere
slightly changed. The differences are small: one cen-
timetre in onedimension, two in another, severalmil-
limetres in the thickness of thematerial. Unrecognis-
able to the human eye. (Figure 1)

Last year we were invited to deliver a workshop
for students of architecture at the University of the
Basque Country in San Sebastian. The workshop
called “Remaking Loti” was organised by Habic and
Espacio Basque Living as part of an architectural fes-
tival that takes place every two years in the city. The
objective defined by the organisers was to redesign
the chair of Hijos de Arruti. The history of the appli-
ance and its striking similarity to a piece of famous
furniture inspired us to shift the focus of the work.
Instead of concentrating on designing a new chair,
we preferred to reflect on subjective opinions and
computation in the context of authenticity in creative
processes. The chair Loti does not seem authentic.
The word ‘seem’ is not coincidental. An objective
analysis of the chair demonstrates that it has different
dimensions and proportions that DCW, but a subjec-
tive opinion says otherwise.

We specialise in computational tools applied to
design and architecture. Programming and genera-
tive design are firmly based on mathematics and ob-
jective values (althoughnot always used objectively).
In creative processes, however, mathematical cor-
rectness is not the only determinant of solution as-
sessment. It is therefore worth considering whether
a computer can also learn to solve problems accord-
ing to subjective principles. For example, can it sim-
ulate biased opinions on whether a chair is plagia-
rised? Can subjective opinions be clearly described
in the language of mathematics and be converted to
an anti-plagiarism algorithm?

These are the questions on which we wanted to
reflect during the workshop. A best-case-scenario
objective was to create an algorithm that simulates
human opinions on the authenticity of a piece of fur-
niture. If successful, we wanted to use such an algo-
rithm as an aid in designing a new chair. (Figure 2)

In this article, we often use the word ‘plagiarism’
to describe a work considered to be very similar to
another by a substantial number of observers. We re-
alise the word may result controversial. We tried to
avoid it due to its pejorative cultural connotations,
but we have not found a substitute in the English
language that would be as easily understandable.
Plagiarism and authenticity are complex issues (Eco
1992), also in art and design (Ackerman 2002). It is
not our objective to debate on these topics but to
present an experimental process. More than in pla-
giarism itself, we are interested in the subjectivity of
opinions and simulating such opinions using a com-
puter. The similarity of the chair in question to DCW
serves us as an excuse.

Figure 2
A theoretical
mockup for an
anti-plagiarism tool.
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COMPUTERS AND SUBJECTIVE OPINIONS
Already in ‘As we may think’ (1945) Bush expressed a
need to delegate all repetitive tasks (mainly calcula-
tions) tomachines in order for humans to dedicate to
creative work. What was envisioned by Bush in 1945
was outlined more technically by Licklider (1960) by
clearly defining roles of humans and computers in
whathe callsman-computer symbiosis andconsiders
indispensable in every workflow. Humans are ‘noisy,
narrow-band devices’, but they are flexible and ‘their
nervous systems have (...) many parallel and simul-
taneously active channels’ and can ‘program them-
selves’. Computers are ‘very fast and very accurate,
but they are constrained to perform only one or a
few elementary operations at a time’. In the future
symbiosis betweenusers andmachines, Licklider saw
humans setting goals, formulating hypotheses, ask-
ing the right questions, determining criteria and per-
forming evaluations. Meanwhile, computers would
do all the routine work.

However, in order for a computer to be a collab-
orator rather than a tool, it needs to be able to learn
not only objective rules but also subjective opinions
and experiences. Negroponte in ‘The Architecture
Machine’ envisioned a scenario in which amachine is
more than an automaton performing repetitive task
faster than a human. In his image of man-computer
symbiosis, themachine can learn fromauser through
communication, adapt the creator’s way of think-
ing, make suggestions and do not obstruct the user’s
right to reevaluate their work themselves. (Negro-
ponte 1973)

In recent years, artificial intelligence and ma-
chine learning have become a popular topic in all
computational processes. It is also gaining its mo-
mentum in architectural design and other creative
fields. Studies show that machine intelligence can
support creativity (Silva and Bridges 1997). It has
already been tested in the classification of architec-
tural space (Benoudjit et al. 2004) or urban space
perception (Kinugawa and Takizawa 2019). Machine
learning can support urban design decisions (Zhang
et al. 2018) or simulate pedestrian behaviour based

on perception. (Karoji et al. 2019) Recently, re-
searchers started implementing generative adver-
sary networks in housing layout automation. (Chail-
lou 2019)

We understand our contribution as a contin-
uation of research in artificial intelligence in the
field of design and the extension of our research
(Markusiewicz and Krężlik 2017). In the case of Loti,
we wanted to test the efficiency simulating subjec-
tive human opinions in furniture design and also
adapt the concepts of machine learning to the field
of education.

Figure 3
The workshop
“Remaking Loti”.

THEWORKSHOP
The participants of the workshop (Figure 3) were
bachelor degree students of architecture. They rep-
resented different academic years and had a basic
knowledge of computational tools. We divided the
workshop into six phases:

1. The parametrisation of the chair and generation
of multiple solutions;

2. Subjective evaluation of the solutions’ authen-
ticity;

3. Human analysis of relations between each solu-
tions’ parameters and its estimated authenticity;

4. Machine analysis of these relations: supervised
learning;

5. Creating an anti-plagiarism tool;
6. Evaluation of the tool and its use for redesigning

Loti.
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Parametric model
For the first phase, we prepared a parametric defini-
tion of the chair Loti in the form of a Grasshopper
definition. The definition maintained a few core el-
ements of the original chair and allowed for mod-
ification of most of its elements. We decided that
themateriality of the chair, the hierarchy of structural
elements and its topology were constant. All ele-
mentswere surfaces of different shapes that could be
bent, but not stretched nor twisted (so that the chair
could be produced with thermoformed plywood).
The seat, backrest, and legs had to be attached to a
core structural element we called a ‘spine’. Initially,
the model could be modified with 21 variables, such
as the thickness of plywood, the width of structural
elements, or the height of the seat and backrest.

Most of the students were familiar with
Rhinoceros, but only a few knew the basics of gen-
erative modelling. The definition that we had pre-
pared served them an introduction to Grasshopper.
In essence, the students had to understand the logic
of the algorithm, learn how to change parameters,
and how to modify smaller definition’s parts. The
students reduced the number of modifiable param-
eters because many of them were either affecting
the model to a minimal extent (e.g. the thickness of
the material) or produced unfeasible solutions (e.g.
changing the angle between the seat and the back-
rest).

As a result, the definition could be controlled
through nine number sliders (Figure 4):

• the radiusof the cornersof the seat andbackrest;
• the height of the backrest;
• the separation between the backrest and the

seat;
• the width of the ‘spine’;
• the width of the legs;
• the angle between the legs and the seat;
• the distortion (skew) of the seat, backrest, and

legs (one value per element: low values repre-
sented rectangular shape, while high values re-
sulted in trapezoidal forms).

The students had two options for modelling the
chair. They could either change the values of the
sliders manually or use a function that randomised
them. We asked the students to each model two-
to-four versions of the chair manually, and also cre-
ate several pseudorandom generations. Every time a
participant confirmed a version by pressing a button,
a script saved:

• an image of the model with a unique name and
the same perspective view for every version;

• a new row in a shared excel file; each row con-
tained the name of the corresponding image
and a sequence of nine values representing the
parameters.

The exercise resulted in 263 different chairs.
Figure 4
Different versions of
Loti generated with
the parametric
model.
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Survey
In the second phase, we conducted a survey. Per
each resulting version, we asked ten people whether
they considered it plagiarism. The respondents (that
included the students, the organisers and partici-
pants of a parallel workshop that took place in the
same venue) took turns so that there were always
ten people taking votes. They did it by raising a pa-
per with the word ’yes’ or ’no’ visible only to the sur-
veyor so that the respondents did not see each oth-
ers’ answers. The surveyor was showing renders of
the chairs on a screen and was counting the propor-
tion of affirmative responses. Then, he was saving it
in the excel table as a number between zero and one.
Zeromeans that the version seemed authentic to ev-
eryone, and one was considered plagiarism by all re-
spondents. We called this number ’plagiarism esti-
mate’.

As a result, we obtained a table of data with 263
rows and ten columns. The rows represented the 263
chair versions, the first nine columns stood for the
variables that affected the chair’s shape, and the last
column was the plagiarism estimate. Figure 5 shows
198 of the resulting versions colour-coded depend-
ing on the plagiarism estimate.

Correlations
The third phase was an exercise in which the par-
ticipants were invited to try finding correlations be-
tween the variables and the estimation of plagiarism
manually. We observed three different approaches

in theway the students were answering the task. The
first approach was to sort the table of data according
to different variables and examine reciprocities be-
tween pairs of variables. The second approach con-
sisted ingenerating two- or three-dimensional charts
expecting to find recognisable mathematical func-
tions’ graphs. The third approachwas to focus purely
on the images and extract relationships based on in-
tuition.

None of these approaches was conclusive. The
participants realised that finding such relationships
was not an easy task. In many versions, a small
change of one of the sliders made the chair seem
original, but in combination with the change of
another, the plagiarism estimate grew. Signifi-
cantly changingmost parameters created chairs that
seemed close to the original, as the proportions re-
mained similar. However, it sometimes was enough
to change one slider, and the result was not similar to
DCW.

The only apparent correlation was the propor-
tions of the backrest and its separation from the
seat. Almost-square backrests with medium separa-
tion tended to result in a chair that was very simi-
lar to the original. Meanwhile, backrests of vertical
proportions or slender horizontal rectangles distant
from the seat seemed very different. We confirmed
these conclusions by calculating the Pearson correla-
tions of the variables. Indeed, the correlation coeffi-
cient between plagiarism estimate and the backrest
height was more pronounced than it was for other

Figure 5
198 different
versions are
colour-coded
depending on the
plagiarism estimate.
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variables (see table 1). Its value -0.325 indicates that
by decreasing the value, the risk of committing pla-
giarism grows slightly, but it is not explicit.

Table 1
Pearson
correlations
between plagiarism
estimate and the
variables of the
parametric model.

Nine variables are not plenty, but we were not
able to convert the results of the experiment into an
algorithm. We needed a different method to corre-
late the variations in parameters with plagiarism es-
timate. For this purpose, we decided to implement
machine learning.

Machine learning for predicting subjective
opinions
Finding relationships between a set of features and a
continuous outcome variable is a problem of regres-
sion. In the case of Loti, we needed to find a mathe-
matical model that related a vector of nine variables
(the parameters that shape the generative model)
with the estimation of plagiarism.

In machine learning, when we want the com-
puter to learn such a model based on datasets with
known outcome variables, we use supervised learn-
ing algorithms. Such algorithms analyse the known
data (called training data) and estimate a mathemat-

ical function that can be used to predict new exam-
ples - ones whose outcome variable we do not know.

There are multiple supervised learning algo-
rithms: from linear models (such as the line of best
fit) to Artificial Neural Networks (ANNs). (Kingma and
Ba 2015) We decided to use a Multi-layer Perceptron
Regressor (MLP), an ANN model. ANNs are popular
tools in machine learning, and we wanted to explain
to the participants the rules behind these computa-
tional systems. We also considered using other mod-
els, such as Stochastic Gradient Descent and LASSO,
but we chose to use them to verify the results of the
MLP after the training process.

We created a script in Pythonwith a library called
Scikit-learn [1], which contains many built-in ma-
chine learning tools (Pedregosa et al. 2011). We used
Spyder IDE towrite and edit the code. The script used
for training aMulti-layer Perceptor consisted of three
parts:

1. Preparing data for training
2. Choosing and constructing a neural network

model
3. Training and saving the model.

The script read the table of data containing 263 chair
versions (Figure 6). The data was split randomly into
200 rows to be used for training and 63 rows for test-
ing the neural network. The columns of the resulting
sets were then split into input features (the first nine
columns), and target values (the last column).

The training of theANNwould bebasedonback-
propagation. We would feed the network with pa-
rameters of a chair, forwhichweknow theprobability

Figure 6
An array of data
points consisting of
parameters and
plagiarism
estimates was used
to train a neural
network.
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Figure 7
A scheme showing
the functionality of
the neural network.

of plagiarism (nine variables as input features), let it
estimate the value of plagiarismbased on the initially
adopted randomweights and adjusts theweights ac-
cording to the real value. (Figure 7). This process
would be repeated multiple times until a good esti-
mation model is achieved. (Rumelhart et al. 1986) In
the case of Loti, the networkwas trained on 200 chair
versions, and then its effectiveness was tested on the
remaining samples

Choosing the parameters of a neural network is
a complex process. To construct a model, one must
decide upon the number of hidden layers, number
of neurons contained in each layer, solver engine,
activation function and many more. Depending on
the number of data points and their dimensional-
ity (how many parameters per data point), different
settings affect the network’s efficiency. Some algo-
rithms, called model selection algorithms, facilitate
the choice of the model’s parameters. We used a
Scikit-learn class named Grid Search CV. It contains
functions for iterative training of a neural network
with variable settings (e.g. the number of neurons in
the hidden layers, learning rate or regularisation pa-
rameter) until finding the set o parameters that give
the best results.

To assess the efficiency of the model, the algo-
rithm uses a scoring function called the coefficient
of determination (R-square or Rˆ2). It is a calculation
of the similarity between true test target values and
target values predicted by the neural network. The
highest possible valueof Rˆ2 is one,whichmeans that
the network always estimates the value identical to

real in all attempts. Lower Rˆ2 values mean less accu-
racy of prediction and they can be negative. (Draper
and Smith 1998) The model chosen with grid search
optimiser scored an Rˆ2 value of 0.73.

Anti-plagiarism tool
The fifth phase of the workshop consisted of creat-
ing a prototype anti-plagiarism tool by merging the
parametric model with the trained neural network.
We wanted the students to be able to obtain pre-
dictions about the probability of committing plagia-
rism in real-time while designing a new chair. To
make sure the participants could work on their indi-
vidual computers without the necessity of installing
multiple new tools, we decided to set up a network-
based interface. It consisted of two parts (Figure 8):
a computer running a script that predicts plagiarism
probability for new sets of variables, and a module
for Grasshopper that communicates individual defi-
nitions with the central computer.

We used one of our computers as a central unit.
The computer ran a Python script that had access to
the neural network model and implemented a UDP
protocol for communication. It listened for incoming
messages that - when received - were decoded into
an array of numbers. The numbers were nine model
parameters, plus the address of the computer from
which themessagewas sent. The scriptwasusing the
neural network model to estimate plagiarism based
on the nine variables. After obtaining the prediction,
it used the UDP protocol to transmit it back to the ad-
dress of the sender computer.
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Figure 8
A schematic of the
anti-plagiarism tool.

At the same time, the participants were using a
grasshopper definition - similar to the one used for
generating multiple chairs - equipped with a mod-
ule based on the plugin ‘gHowl’ [2] that provides net-
work communication via UDP. The module was used
to encode slider values into an array of numbers that
was broadcasted through the network every time
one of the variables changed. The module listened
for incoming feedback from the central unit. After re-
ceiving plagiarism prediction, it would map it onto a
colour used for previewing the model of the chair. If
the received value was lower than 0.5, the preview
was rendered white. Otherwise, the chair turned red
with the intensity proportional to the plagiarism es-
timate (Figure 9).

The response time of the communication, from
encoding the variables to receiving feedback, ranged
between 50 and 200ms. The participants uniformly
considered it fast and not disturbing their workflow.

Results
The final stage of the workshop consisted of using
the interface to propose new chair designs. Each stu-
dentworked individually. Wewanted to testwhether
the resulting design proposals differed substantially
from the original furniture andwhether theworkflow
allowed for variations between the projects.

Figure 9
Two screenshots
showing how the
tool communicates
the plagiarism
estimate to the
user.

We used clustering to estimate different typologies
of projects. After the students finished their de-
signs, wemerged the resultswith the 263preliminary
generations and created a script that implemented
Scikit-learn’s Agglomerative Clustering. We used the
method to partition the chairs into disjoint classes
such that objects in the same class are more simi-
lar to one another than to the objects from different
classes. (Gordon 1999)
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Figure 10
Possible solutions
were clustered into
five separate
groups.s

The clustering resulted in five typologies (Figure 10):

1. The chairs with slightly rounded corners. The
backrests were horizontal rectangles with
almost-square proportions separated from the
seat.

2. The chairs with vertical and mostly not rounded
backrests. Small separation from the seat.

3. The chairs with very rounded corners and
square-to vertical backrests located close to the
seat.

4. Slender, horizontal backrests visibly separated
from the seat.

5. Different shapes andproportions of the seat and
backrest. Thick legs.

In figure 11, wepresent four sample results of the stu-
dents‘ work. Most participants’ designs belonged to
groups from 2 to 4. Only one design (B) was clas-
sified in group 1. We concluded that group 1 con-
tained almost exclusively designs with high plagia-
rism value, and it was complicated to create a chair

of this typology without committing plagiarism. At
the same time, group 5 gathered chairs that were vi-
sually unattractive for the participants.

CONCLUSIONS
We trained an artificial neural network to assess the
originality of the work in a way very similar to the
subjective intuition of workshop participants. The in-
formation provided by human intuition can serve to
explain processes and characteristics that could not
be estimated by mathematical formulas. If this in-
formation is stored and organised correctly, it can,
however, serve as a base for an artificial intelligence
model to learn to simulate subjective opinions.

We were able to create an anti-plagiarism tool
by communicating a parametric model with a neural
network so that it would inform the user in real-time
about the likelihood of plagiarism based on selected
parameters. Clustering followed by manual verifica-
tion helped us conclude that such a tool still leaves a
margin for a variety of different designs.

The described case shows that - apart from ar-
chitectural space perception, urban design decisions
or housing layout automation, to name a few - ma-
chine learning can also be applied to small-scale de-
sign processes. It can also be implemented in archi-
tectural education, even in the cases, where the stu-
dents are not familiar with computational processes.

We find it important tomention that the result of
the workshop is not a universal tool. The ANN’s pla-
giarism estimation is not only limited to one specific
chair, but it is also conditioned by the survey respon-
dents. Had the survey been conducted among non-
professionals, the results would have most likely dif-
fered. The variables that we selected for evaluation
may be considered universal for any type of chair.
However, they do not apply to compare less stan-
dardizable objects, such asbuildings or urban spaces.
In such complex situations, we would need to con-
struct a more complex neural network model with
multiple input features (possibly similar to image
recognition). Thus we would need a much broader
training dataset.
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Figure 11
Four examples of
different chair
versions created by
the participants.

A verification tool based on machine learning
not only supports a creator in a design process, but
it can be used in a non-obstructive way, leaving the
final decisions to the designer. Thus, it follows Ne-
groponte’s guidelines for good practices in possible
human-machine collaboration. Our next objective is
to go one step further and try creating a tool that not
only verifies human decisions but suggests its own.
Such a tool - most likely based on generative adver-
sarial networks - could learn from one or more users’
experiences to become a creative machine assistant.
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