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The democratization of design requires balancing all sorts of factors in space
design. However, the traditional way to organize spatial relationships cannot
deal with such complex design objectives. Can one find another form of creativity
rather the human brain to design space? As Margaret Boden mentioned,
"computers and creativity make interesting partners with respect to two different
projects." This paper addresses whether machine creativity in the form of neural
networks could be considered as a powerful generative tool to reprogram urban
block in order to meet multi-users' needs. It tested this theory in a specific block
model called Agri-tecture, a new architectural form combing farming with the
urban built environment. Specifically, the machine empowered by Generative
Adversarial Network designed spatial layouts based on learning the existing
cases. Nevertheless, since the machine can hardly avoid errors, architects need to
intervene and verify the machine's work. Thus, a synergy between human
creativity and machine creativity is called for.
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creativity combination, Agri-tecture

INTRODUCTION
Spacedesign canbe treated as a process of balancing
various factors. As different biochemical factors (e.g.
humans, plants, sunlight) imply different needs to be
taken into consideration, the traditional way of orga-
nizing spatial relationships no longer works. A more
efficientmethod to design spatial layouts is required,
machine creativity in the formof neural networks can
be one of the possible solutions. However, the argu-
ment about machine creativity perseveres. This pa-
per supports the view that the machine does have
creativity which is different in speed, capacity, and

way of thinking compared to human creativity. With
the current technology, machines are better to be as-
sistances of human beings to produce work rather
than being the chief designers.

The current advancement in convolutional neu-
ral networks allows machines to recognize and pro-
cess images. Subsequently, Generative Adversarial
Network (GAN) has further improved machine’s abil-
ity of image processing: it can simulate and generate
spatial data distribution. To apply GAN in space de-
sign, designers need to set specific database to train
the GAN-based model first. The aim is to empower
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it to design spatial layouts independently. Neverthe-
less, due to a certain amount of inevitable learning
bias in the machines’ training process, the applica-
tion of the GAN-based model cannot be separated
from human evaluation and control. In this context,
architects’ roles have been changed from the plan-
ner to the media designer and controller, which in-
cludes training machines, evaluating the machines’
works and selecting the optimal design solution.

To verify the above point of view, this paper in-
cludes the practice of GAN-basedmodels in the Agri-
tectureblock design project (a final year project of Yu,
DY, Zhao, JYZ, and Sun, ZYS 2019, RC18, Bpro, the
Bartlett, UCL). The Agri-tecture block is a new type
of urban component which pursues agricultural ur-
banism. Designers built a dynamic system that con-
nects all the tangible and intangible data together
to influence the design process, where the trained
GAN-based models provided layout solutions for all
mixed-used units inside. With the machines’ high
calculation speeds, when the environmental condi-
tions or the needs of users change, they can respond
in real-time by outputting new solutions. In this
way, GAN enables the Agri-tecture block to be ’repro-
grammable’, transferring a static physical built envi-
ronment to an adaptive one. As a speculation, it will
increase cities’ potential dynamics if GAN is applied
to design city blocks in urban planning.

It is certain that the cooperation between hu-
man creativity and machine creativity is comple-
mentary. The Agri-tecture project was also used to
demonstrate a method for architects to cooperate
with machines, setting up a vital free communica-
tion platform. There is no risk that one creativity may
threaten the other. On the other hand, creating a
suitable communication environment will promote
both kinds of creativities. Indeed, theproject pointed
out thatmachine creativity aidedbyhumancreativity
is critical and will reshape the architecture discipline.

NEURAL NETWORK’S OPPORTUNITIES IN
SPACE DESIGN
As being mentioned in ‘The Creative Mind - Myths
and Mechanisms’, “creativity is the ability to come up
with ideas or artefacts that are new, surprising and
valuable... It’s not a special ‘faculty’ but an aspect of
human intelligence in general. (Boden 2003)” Every-
one is creative and to a different degree. But is cre-
ativity the exclusive skill of mankind? Can machines
be as creative as human beings? The answer is still
controversial. Some people believe that themachine
cannot have real creativity as it is a logical system that
operates in a rule-constrained manner. To dismiss
this view involves understanding creativity. As de-
scribed above, creativity means new valuable ideas
or processes. When ignoring the idea that machines
are restricted by the step-by-step logical reasoning
systems, creative machines can be treated as a kind
of software that inputs to solve complex problems or
generate newvaluable ideas to original artworks. Be-
ing similar to a human artist or scientist, a creative
machine begins its work by framing a problem. This
paper agrees that machines have creativity but work
in a different way compared to the human beings.

Generative Adversarial Network as a mean
formachine creativity
Practices in recent years have proven that machine
creativity can be used in image processing, such as
‘Neural Style Transfer’ (a class of software algorithms
that manipulate digital images, or videos, to adopt
the appearance or visual style of another image).
This process can convert any picture into a specific
style. For example, converting a common architec-
tural photo into ‘The Starry Night’s’ (Van Gogh 1889)
painting style (e.g. figure 1). In the current tech-
nological development, the development of convo-
lutional neural networks has advanced the image
processing capabilities of machines. Through deep
learning, machines are not just capable to recognize
or repeat patterns but are also capable to create. A
possible scenario would be when architects input a
spatial image into the machine, the machine identi-
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fies and analyses its content, then tries to generate
a similar image. To achieve this, architects need to
train the machine using the Generative Adversarial
Network (GAN) model type.

Figure 1
Case of Neural Style
Transfer based on
Neural Network
(Gatys Leon 2015).

GAN was firstly invented by Ian Goodfellow and oth-
ers in 2014 and became widely popular in the music
and art domains (Mohit, Rezaul and Pradeep 2018). It
is an unsupervised learning based on differentiable
generator networks. There are two neural networks
models, one for generating and the other for discrim-
inating, whichwill contestwith eachother during the
calculation (e.g. figure 2).

Figure 2
Work Principle of
Generative
Adversarial
Network (Blagojevic
Branko 2018).

Stanislas Chaillou and his team demonstrated the
possibility of using GAN to aid architecture design.
Their thesis, AI+Architecture, Towards aNewApproach
could be summarized into three parts: (1) generated
and qualified floor plans through GAN, (2) classified
floor plans into different architectural style and ana-
lyzed its hidden logic, (3) created a platform where
users could ‘browse’ through generated design op-
tions. This series of work did not only further shape
machine creativity’s potential for architecture, but
also provided a well-structured framework for other
scholars to explore and develop GAN’s applications.

Differences between machine creativity
and human creativity
Neither human creativity nor machine creativity is
completely random. It can be understood that ma-

chine creativity is shaped by human creativity. Com-
pared to human creativity, the advantage of the ma-
chine is its high efficiency and strong adaptability to
figure out complex problems. On the other hand,
human creativity has high sensitivity and is better
at dealing with extreme or unpredictable conditions,
which makes it irreplaceable.

Stanislas Chaillou suggested that “there will be
no agnostic-AI for Architecture”. Machines often cre-
ate a variety of “accidents” through a fixed set of
patterns. It is hard to explain what exactly is the
“work pattern” inside the machine, but the machine
contributes to more and more creative work, such
as painting, composition, etc. Nowadays, machines
are better at assisting human beings to produce cre-
ative work rather than working independently. The
machine creativitymentioned above, which converts
any photo into the style of Van Gogh’s ‘The Starry
Night’ is a good example. In this process, the ma-
chine learns to identify a particular artistic style, sep-
arates it from the image content and applies this style
to other images. This conversion example paves the
way for further creative work and artistic style re-
search. Therefore,machine creativity andhumancre-
ativity have their own unique and irreplaceable roles.
Evaluating thedifferencesbetween themcanhelp ar-
chitects to achieve the largest synergic effect.

The articulation of the GAN-based model:
between generation and discrimination
When using the GAN-based model to design spatial
relationships, the spatial layout is treated as a spe-
cific formofdatadistribution. This kindofmodel uses
the feedback loopbetween itsGenerator and theDis-
criminator to improve its ability to generate targeted
images, which also refers to the spatial data distribu-
tions.

The Generator is trained to create images that
are similar to real images from the data set, while
the Discriminator aims to recognize images from
the data set. When the Generator generates an
image, the Discriminator will provide it with feed-
backs on the quality of its output. In response, the
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Generator adapts to produce a more realistic im-
age. Through this feedback loop, the GAN-based
model slowly builds the ability to create similar data
distributions betweengeneration anddiscrimination
(Chaillou, 2019). Eventually, the trained GAN-based
models are capable to generate multiple similar lay-
out schemes (new similar data distributions) quickly
according to the existing spatial layout rules (data
distribution samples).

Anewway toorganizeadynamic spatial re-
lationship: opportunities and challenges
According to the characteristics of GAN, a series of
judgments can be made. For example, the trained
GAN-based models made it easier and faster to test,
expand, and create hundreds of different solutions
as options for a concept. Meanwhile, they can deal
with much more complex design problems if the de-
sign parameters can all be transferred into a readable
data. Their speedy computations enable the design
results to be dynamic and responsive to the users’
needs.

Moreover, the machine can liberate the archi-
tect’s pursuit of creative work. When the common
part of the brain is deactivated, the other part of the
brain responsible for creativity will be activatedmore
effectively. Therefore, when machines are handling
lots of repetitive work, architects can focus on cre-
ative designs and expressions.

Therefore, the challenge architects need to face
here is to find an efficient way to cooperate with ma-
chines, including but not being limited to how to
build a database for machine learning. How can ar-
chitects efficiently train machines and generate 3D
spatial layout solutions? How can architects set the
criteria for reviewing machine learning results, and
howcanarchitects utilize the trainedmachine in their
practices?

TRAINING AND APPLICATION OF GAN IN
AGRI-TECTURE
To verify the above presumptions, GAN-based mod-
els were built and tested in a specific design pro-

totype called Agri-tecture. Agri-tecture was derived
from the terms agriculture and architecture, it is a
new combination of agriculture and the built envi-
ronment. It aims to bring food production into oth-
erwise agriculturally overlooked urban areas. From
one perspective, Agri-tecture can be considered as
a new pattern of interaction between plant space
and human space. When designing this ‘cross space’,
the designers should not simply consider the needs
of the human beings or plants. Instead, design-
ers should place them with all other relevant bio-
chemical intensities (e.g. sunlight, water, soil) on the
same platform, let them interact with each other and
find the balance of their needs. To create a better-
balanced ecosystem for the “users”, the Agri-tecture
block shouldnotbe static. It shouldbeadynamic sys-
tem that can change when plants, human beings, or
the environment changes. Machine learning based
on GAN allows Agri-tecture to be adaptive.

Training Pix2Pix models to design spatial
layouts
There aremany algorithmmodels derived fromGAN.
Pix2Pix, amodel based on GAN, is themost appropri-
ate model for this design thesis. It can transform an
image from type A to type B, i.e. a Google plan map
to an aerial map (e.g. figure 3). From the technical
perspective, Pix2Pix has a similar potential to trans-
form spatial prototype (an initial floor plan) to an or-
ganized plan layout. However, the Pix2Pix can only
process two-dimensional images currently. As space
is a three-dimensional ‘material’, the ultimate goal in
this thesis is to generate three-dimensional spatial
layout solutions by machines. To achieve this goal,
two specific Pix2Pixmodels were trained and applied
sequentially in the following steps.

Figure 3
Previous Work of
Pix2Pix (Isola Phillip,
Zhu Jun-Yan, Zhou
Tinghui, Efros A.
Alexei 2017).
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Figure 4
Examples from the
‘Plan to Pattern’
Training Database
(Agri-tecture Group,
RC18, B-Pro, the
Bartlett, UCL 2019)

Figure 5
Training Process
(Agri-tecture Group,
RC18, B-Pro, the
Bartlett, UCL 2019)

(1) From the prototype to the plan layout: set ‘ Plan
to Pattern’ database to train the first Pix2Pix model.
Machines can obtain a similar design ability based
on learning the existing design cases. So, a large
number of agricultural building cases were collected
as the source of the database, and their floor plans
were processed into a universal spatial ‘language’
that both human beings and machines can under-
stand. After processing, there were two types of the
floorplans in thedatabase: the spatial prototypeplan
i.e. the linear plan, and the plan layout pattern i.e.
the RGB pattern (e.g. figure 4). On the plan layout
pattern, the different color blocks indicate different
functional partitions.

Designers, then, input the processed images into
the first Pix2Pix model. The model, through genera-
tion and discrimination, learned how to transfer the
prototype floor plans to the plan layout patterns (e.g.
figure 5).

(2) Test, evaluate, and select. To test the first
model’s learning status, designers input another new
prototype floor plan. As expected, the model gener-
ated a series of plan layout patterns. At this point, it
is the architects’ job to decidewhether themachine’s
solutions are reasonable and select which solution to
further develop. In this case, a specific evaluation sys-
tem was requested to be built.

In the Agri-tecture project, the criteria of space
should include but not be limited by accessibility,
ecological level, micro-environmental experience,
etc. Based on these standards, designers reviewed
solutions and selected the optimal one accordingly
(e.g. figure 6).

Figure 6
Test of Trained ‘Plan
to Pattern’ Model
(Agri-tecture Group,
RC18, B-Pro, the
Bartlett, UCL 2019)
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Figure 7
Examples from the
‘Plan Pattern to
Section Pattern’
Training Database
(Agri-tecture Group,
RC18, B-Pro, the
Bartlett, UCL 2019)

Figure 8
Test of Trained ‘Plan
Pattern to Section
Pattern’ Model
(Agri-tecture Group,
RC18, B-Pro, the
Bartlett, UCL 2019)

(3) From the plan layout to the section layout: set
‘Plan Pattern to Section Pattern’ database to train the
second Pix2Pix model. The plan layouts combined
with the section layouts could be the reference to de-
pict three-dimensional space layouts. Therefore, fol-
lowing the same training logic, the second Pix2Pix
model was trained with the transformation target
from the segment of “plan pattern” to its correspond-
ing “section pattern”. Its training database was set on
the basis of the first database. Specifically, designers
extracted the segments of the plan layout pattern as
inputs and drew their corresponding section layout
patterns as targets (e.g. figure 7).

After training, the selected floor plan layout pat-
tern from the last step was used to test the second
Pix2Pixmodel. Themachine’s outputswere also eval-
uated by designers to ensure the rationality of design
(e.g. figure 8).

(4) From the 2D layout to the 3D layout: integrate
the plan pattern with section patterns to achieve the
corresponding three-dimensional space model (e.g.

figure 9). Moreover, this conversion process is con-
trollable. In other words, the detail level of the fi-
nal three-dimensional layout can be increased or re-
duced by the amount of the machines’ processed
two-dimensional layouts. By selectingmore plan lay-
outs, more section layouts would be transformed,
hence resulting a more detailed three-dimensional
space layout.

Figure 9
From Floor Plan to
3D Spatial Layout
(Agri-tecture Group,
RC18, B-Pro, the
Bartlett, UCL 2019)
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Figure 10
Application of the
Trained Pix2Pix
Models: Reprogram
Inner Space of
Agri-tecture Block
(Agri-tecture Group,
RC18, B-Pro, the
Bartlett, UCL 2019)

The trainedmodels’ responses to the adap-
tive system of humans and plants
For general application, the trained models will be
used to organize the internal spatial relationship of
the Agri-tecture block (e.g. figure 10). However, when
designing spaces with machines, the evaluation sys-
tem is not always the same.

Firstly, the spatial criteria are different for differ-
ent functional spaces. The Agri-tecture block’s inter-
nal spaces are extracted and divided into various cat-
egories, such as ‘plant-dominated space’ and ‘public-
activity-oriented space’, etc. Referring to the crite-
ria of a good environment, designers set different
design objectives and standards for each category.
They then input the space prototype plans into the
trainedmodels and select the correspondingoptimal
layout schemes according to their objectives.

Secondly, the spatial criteria will change in
changing circumstances. For example, during peo-
ple’s spare time, the number of people being active in
Agri-tecture will increase, and more space should be
used for public activities. In this scenario, the design
objectives of particular spaces need to be changed,
the proportion of public activity spaces will increase,
and themachine-generated layout schemewill be re-
selected according to this change.

Through evaluation, multi-users, the environ-
ment, various spaces, architects, and machines were
connected in a dynamic system. Architects and ma-
chines could read and share real-time information. In
otherwords, the parametric in the block, whether it is
tangible or not, was transferred into the unified lan-
guage affecting thedesign results. The obtained spa-
tial layout was a response to the pursuit of a better-
balanced environment.
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Spatial qualities derived from GAN-based
model
However, there’s one question remaining: can archi-
tects acquire the best layout solution from the ma-
chine? With the current status of technology, the an-
swer is no and here are the reasons. Firstly, a GAN-
based algorithm model can only generate data dis-
tribution close to its learning target. To improve the
accuracy of training, it is necessary to precisely con-
trol theparameterswithin the algorithmduring train-
ing. Secondly, the “design capability” of the model is
limited by the training database. Even if the learn-
ing bias generated during training could be ignored,
the design capabilities acquired by the machine are
still limited by the content of the training database. If
more caseswere used for training and themoreplans
were accurately drawn, the machines become more
reliable.

Therefore, the level of machine creativity is as
limited as that of human creativity, this depends on
their learning conditions. The final solution selected
through evaluation is relatively optimal under exist-
ing capabilities. If the architects blindly rely on the re-
sults given by the machines to design, he or she may
fall into a utopian dilemma: on the surface, the pur-
suit of the democratic and objective design process
is realized, while actually, the design is manipulated
entirely by machines.

A CRITICAL ANALYSIS OF THE SYNERGY
BETWEEN CREATIVITIES
A framework was built using the GAN-based model
where human beings and machines contributed to-
gether. Human beings set up a specific machine
learning database to train the model. The trained
machine was responsible for analyzing and provid-
ing layout solutions for a new space. Meanwhile, hu-
man beings developed evaluation criteria to identify
and select solutions, and integrated the optimal re-
sults obtained by the machine. In this process, ma-
chine creativity, being complemented by human cre-
ativity, drove the design relationships to generate a

more positive outcome. The architecture discipline
is going to be reshaped through this development.

Setting communications: complementary
creativities
The application of GAN-based models in the Agri-
tecture provides a platform for discussion, inviting ar-
chitects to work with machines. It pointed out that
in order to maintain this new partnership of creativ-
ities, a free and unobstructed communication plat-
formbetweenhuman creativity andmachine creativ-
ity is critical. This free communication canbe summa-
rized into three main points. Firstly, the communica-
tion should be built on a common language, which
means that architects and machines can read each
other’s work. For example, in the previous layout de-
sign process, patterns of different stages were drawn
in a corresponded and unified way. Therefore, the
abstract three-dimensional spacewas converted into
a readable data distribution. This process sets the
language mode of communication to lay out a solid
foundation for free communication.

Secondly, the outputs of the creative combi-
natory process are not single-threaded, but cyclic.
The outputs of machine creativity and the results of
human creativity will be treated separately as each
other’s inputs, which accepts detecting and revising,
then finally being output in a dynamic mode. This
“re-input” behavior is a work mode of communica-
tion that increases the constraints of the two creativi-
ties. Instead of limiting creativities, these constraints
will improve their accuracy degrees. In the design
practices, the results of the machine creativity were
input into the review mechanism set by the archi-
tects, the data was evaluated, and the final selected
results were input into the machine again after oper-
ating to ensure they are valid in real-time. By detect-
ing each other, human beings and machines elimi-
nated extreme or obviously erroneous calculations.

Thirdly, effective communication between hu-
man beings and machines helped to deal with the
basic risks that the machine induced. Still, there is a
fear that “artificial intelligence is a fundamental risk
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to the existence of human civilization” (Elon Musk
2017). While in fact, through communication, the
machine’s power is supervised and it is the architect
who controls the overall development of the design.

Opportunities and limitations in the use of
GAN-basedmodel and its combinatory out-
puts
It is also worth noting that the GAN model carried its
specific style, which can be treated as its own per-
sonality. For example, when training the GAN-based
model for the Agri-tecture block, the selected teach-
ing database consisted of architectural cases related
to Agri-tecture. This process can be treated as en-
capsulating the existing Agri-tecture style in the well-
trained GAN-based model. This style will shape the
personality of thismachine and contribute to the fur-
ther design processes.

As the GAN-based model targeting Agri-tecture
can be trained, similarly, one can train other tar-
getedGAN-basedmodelswith different architectural
styles. In the AI+Architecture, Towards a New Ap-
proach thesis (Stanislas Chaillou, 2019), the design
team trained and tuned an array of models on spe-
cific styles: Baroque, Row House, Victorian Subur-
ban House, & Manhattan Unit (e.g. figure 11). The
team then used the styles to build apartment units.
Each style processed space in a different way, which
is both a process of design generation and architec-
tural translation. It can also help architects to identify
the spatial patterns of each style and evaluate their
capabilities and shortcomings. As Stanislas Chaillou
said, “style is not an ancillary, superficial or decorative
addendum. Style is at the core of the composition.”
This GAN-basedmodel can be treated as a design as-
sistant with a unique personality and targeted tech-
nology. It can also be used to imitate some underly-
ing building rules as a newway to study architectural
forms.

Figure 11
Floor Plans with
Different
Architectural Styles
(Chaillou Stanislas
2019).

However, it is inevitable that this inherited style also
limits the effect of the GAN-based model. One GAN-
basedmodel is not omnipotent, as its design ability is
limited by its training conditions. In other words, dif-
ferent GAN-based models are better at dealing with
different design problems. If an Agri-tecture style
GAN-based model is used for residential unit design,
the validity of its outputwouldbe compromised. This
constraint further supports the necessity to combine
efforts of different creativities. Architects should be
able to understand the advantages and disadvan-
tages of each GAN-based model, the potential and
shortcomings of its storage style, and select themost
suitable GAN-based model to solve specific design
problems.

The ultimate meaning of the creativities’
synergy in the urban realm
Cities can be considered as a collection of construc-
tion environments. Nowadays, rapidly growing pop-
ulations and needs, together with limited resources
require cities to become more flexible. Since GAN-
based models can help the Agri-tecture block orga-
nize spatial relationships, can it also have similar ef-
fects for other urban components? Assuming the
same for officeblocks in the city, one adopts the same
method to establish an office space-related database
formodel training, can it produce a new typeof office
space organization? These are important questions
for urbanplanninganddevelopment. This could lead
to a new way to reshape the city, which changes the
city from a fixed physical environment to an adaptive
environment.

CONCLUSION
An era of computing is coming, when computational
technologies empower one’s understanding of vari-
ous intelligence. By studying the definitions, charac-
teristics, and capabilities of human creativity andma-
chine creativity, hence combining them into the de-
sign project, this paper demonstrated that machine
creativity aided by human creativity is full of poten-
tials and promises.
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The above design thesis suggested conceptu-
ally that the synergy betweenmachine creativity and
human creativity would work better than solely in-
dividual creativity. This kind of synergy is capable
to handle more complex design tasks, incorporat-
ing more variables into design considerations, and
promoting design relationships to be more demo-
cratic. To support this synergy, the paper suggested
to create a better communication platform for cre-
ativities, where they can communicate in a unified
language, while being able to review and set limits
for each other. This type of review and limitation is
not intended to constrain the development of cre-
ativities, but to regulate their work more accurately.
It strengthens the ‘humanization’ ofmachine creativ-
ity andhelps architects tobetter express their creativ-
ity.

In addition, the GAN-based model suggested
that machines are not unconscious and totally ran-
dom. Each computing machine internally stores a
set of rules during its training, which can be un-
derstood as the style of a GAN-based model. This
style will affect the results of machine creativity and
bring personality to it. Therefore, architects can train
targeted machines for specific architectural style re-
quirements. Furthermore, architects can study archi-
tectural styles through the results generated fromthe
machine. Through synergy, machines are now teach-
ing human beings in a different way.

Similarly,machine creativity aidedbyhumancre-
ativity can be applied to the urban context in ad-
dressing different wider architectural needs. This
could be achieved by improving the programmabil-
ity of a singleurbanblock toenhance the city’s overall
ability in tackling complex ecological relationships.
This does not mean that it will become a new abso-
lutedogma in thefieldof architecturebut insteadwill
bring possibilities to urban planning.
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