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Abstract. Architecture has always followed and adopted technological
breakthroughs of other areas. As a case in point, in the last decades, the field of
computation changed the face of architectural practice. Considering the recent
breakthroughs of Machine Learning (ML), it is expectable to see architecture
adopting ML-based approaches. However, it is not yet clear how much this
adoption will change the architectural practice and in order to forecast this
change it is necessary to understand the foundations of ML and its impact in
other fields of human activity. This paper discusses important ML techniques
and areas where they were successfully applied. Based on those examples, this
paper forecast hypothetical uses of ML in the realm of building design. In
particular, we examine ML approaches in conceptualization, algorithmization,
modeling, and optimization tasks. In the end, we conjecture potential
applications of such approaches, suggest future lines of research, and speculate
on the future face of the architectural profession.
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Introduction

In the last decades, computational advances changed the way architects design.
Computation revolutionized architecture and, nowadays, computational approaches
are fully embedded in the architectural practice.
Recently, a new computational revolution is under way. This revolution is being
driven by recent breakthroughs in the area of Machine Learning (ML) [1] and it
already affected many fields [2], including medicine [3-4], physics [5], and finance
[6], among others. ML is a non-symbolic branch of Artificial Intelligence (AI), based
on computational statistics and optimization procedures, that explore self-improving
learning techniques to solve problems or perform specific tasks. In contrast to
symbolic approaches to AI, non-symbolic approaches strive to build computational
systems that do not need to be programmed to perform the task. Particularly, ML
builds mathematical models of sampled data, known as training data, and adapts its
parameters to progressively improve its performance on specific tasks without any
human intervention [1, 7].
Across diverse domains, the benefits and successes of ML are contributing not
only to automate tiresome and monotonous tasks, but also to aid in decision-making
processes. Given the impact ML has had in many diverse areas, it is expected that,
sooner than later, it will have a similar impact in architecture. However, at this

moment, ML is seldom applied in architecture [8]. Exceptions include optimized
control strategies for building systems operations, generation of surrogate models for
design optimization, floor plan layout, urban planning, construction modeling, among
others [8-13]. Regarding design methods, [8] presents an education framework for
teaching ML to architects with the aim of facilitating the deployment of such
techniques. Moreover, [13] argues that the adoption of AI and ML techniques will
result in more intuitive design tools. Different works have also proposed the
application of different ML methods to architecture [14-15], emphasizing how the
advances of ML, such as in computer vision, can intersect architecture and improve
processes like building design and digital fabrication.
Given the rising success of ML methods and its inevitable use in architecture, a
new concern has emerged: will machines replace humans in architectural practice?
Will these methods limit the architect’s creative control? Will we have architecture
without architects?
In this paper, we delve into these questions, identifying and discussing the potential
impacts of ML in different design tasks. The following section introduces ML. In
section 3, we discuss the benefits and risks of applying ML in current digital
architectural practice. Finally, we end by discussing the main takeaways and draw
future research paths.

2

Related Work

The study of systems with human cognitive capabilities [16], i.e., capable of
understanding, acting, speaking, and thinking, and learning like humans, is not recent.
For decades, AI attempted to create these systems, which were often limited by the
computational resources or the knowledge instilled to them. These systems were not
nearly as successful as the ML systems introduced decades later that achieved human
level performance, or even surpassed it, on an increasing number of complex tasks.
Among the most reputed superhuman systems, which surpass the performance of any
human expert in a specific task, are AlphaGo [17] and DeepStack [18] in the field of
games, IBM’s Watson [19] in the field of question-answering, and image
classification systems [20-21].
In the following sections, we present the fundamental concepts of ML and its
potential application in architecture.
Machine Learning Concepts
Machine Learning (ML), also known as Statistical Learning [22], focus on algorithms
capable of learning from data. Essentially, they require a training set of data
containing examples of past experiences and an algorithm that builds a mathematical
model out of the training set samples in order to make predictions or decisions, i.e., to
learn without being explicitly programmed to do so. The set of attributes associated to
an example are called features. For example, to learn how to predict the house prices,
we represent houses in terms of features (e.g., number of rooms, total area,
coordinates) and then use those features to correlate to their price, i.e., their output
feature. A good ML system (or learner) is one that accurately predicts or decides
based on a given training set [22].

The characteristics of the problem to solve and the available data determine the
type of ML approach. This paper discusses two fundamental ML learning methods.
For more detailed descriptions of other learning tasks, see [23].
Supervised Learning: uses a data training set containing both the inputs and the
corresponding outputs, i.e., the associated labels. The outputs are used to guide the
learning process. Supervised learning is used to address classification, regression, and
ranking problems. An example of a supervised setting is to predict the species of a
flower based on their petal attributes (e.g., length and width).
Unsupervised Learning: uses an unlabeled training data set, i.e., a training set that
only contains the inputs. In this learning task, the goal is to describe how the data is
organized or clustered, and, consequently, to make predictions for unforeseen data
points. Because there is no labelled example, it can be difficult to evaluate the
performance of an unsupervised learner. Unsupervised learning is often used to
address clustering and dimensionality reduction problems. An example is to group
flowers in different groups according to their petal attributes (e.g., determine the
flowers species by grouping flowers according to their petal length).
Regarding the mathematical models used in ML, the most common ones are
Artificial Neural Networks (ANNs), Support Vector Machines (SVMs), Bayesian
networks, Radial Basis Function networks (RBFs), Gaussian Processes (GPs), Linear
Regressions, Decision Trees, Random Forests, Markov Random Fields, restricted
Boltzmann Machines (RBMs), K-means, k-Nearest Neighbours (kNN), Expectation
Maximization Clustering, Principal Component Analysis (PCA), among others. Each
model works differently, and some are more intelligible than others. For example, for
Linear Regression, it is easy to understand the outcomes and the reasoning behind
certain predictions, while ANNs are often opaque since it is unclear the correlation of
inputs to specific outcomes. The work presented in [1,22] gives a complete
description of the previously mentioned ML models, along with their advantages and
disadvantages.
Many ML techniques require large amounts of data in order to generalize well,
which might be problematic in settings where data is not easily available. To bridge
the data gap and spur better performance in such settings, the transfer learning
methodology [24] might be a solution. This methodology explores the ability to
transfer knowledge between tasks applying relevant knowledge from previous
learning experiences, therefore allowing to master new tasks more quickly, more
easily, and with less data.
Initially, ML applications focused on the analysis of existing data but, more
recently, ML is also being applied to creative tasks using techniques such as Neural
Style Transfer [25], DeepDream [26], and Generative Adversarial Networks (GANs)
[27-28].

3

The Impact of Machine Learning in Architectural Design

Current research [8-13] already illustrates some ML applications in architecture. We
complement those studies by hypothesizing on alternative applications of ML
techniques that might impact the architectural practice. Whenever possible, we will
trace an analogy of these hypothetical applications with similar successful
applications in other fields.

Several of the proposed applications envisage the improvement of existing design
tools, by using ML to allow a more efficient and informed design process. In fact, ML
shows large potential for enhancing the design process since some of its learning
algorithms resemble reasoning processes that are frequently applied by architects
[15], such as abductive reasoning, a form of logical inference based on observation
and inferral of the most likely explanation for what has been observed [29].
Abductive reasoning in design explains the frequent practice of making
representations of the designs before their implementation, i.e., based on past
observations and experiences, architects select whatever elements fulfil the initial
representation [15].
Although ML will have a broad impact in architectural practice, in the next
sections we focus on the following aspects: (1) conceptualization, including
conceptual definition, approach, and exploration by the designer, (2) algorithmization,
which consists in developing and implementing a computer program capable of
representing and instantiating the applied concepts, (3) modeling, which encompasses
the tasks of 3D modeling either for visualization or building simulation, and (4)
optimization, i.e., the search for high-performance solutions according to different
criteria defined beforehand by the design team.
3.1

Conceptualization

Conceptualization tasks are essential at early design stages and consist in the
definition of the main ideas, strategies, and spatial and temporal narratives of a
specific design. Although there are few structured approaches or guidelines for
conceptualization tasks, it is not uncommon for architects to use systematic
approaches that can either assume a bottom-up or a top-down structure. In the bottomup approach, several concepts and strategies are incrementally created and combined
to form complex and compound concepts. On the contrary, in the top-down approach,
there is a high-level description of the idealized design concepts, such as the desired
types of space, or the lighting conditions, among others. This description is then
processed in different ways to create the corresponding design. The next subsections
will depict how different ML techniques could help designers in conceptualization
tasks.
Artificial Neural Networks and Deep Learning
When starting off a project, architects often spend considerable time studying
references and related projects in order to envision a design that fulfils the client’s
needs. As a consequence, architects frequently get absorbed in large amounts of
incomplete, complex, and ambiguous information, from which they attempt to infer
which concept or image better fits the project’s brief. One of the main features of ML
is its ability to capture patterns and correlations concealed in the data. This feature can
augment the conceptual design process, for example, by retrieving different
conceptual ideas according to the project’s requirements and context information
provided by the architect using a pre-defined vocabulary. The retrieved concepts
might be presented in either textual or visual descriptions. Regardless of their
representation, such ML use allows the rapid exploration of design concepts and
reduces the time spent researching design references and context-based information,
such as, the vernacular buildings of a given site.

Regarding textual representations, we can explore the ML techniques typically
used in natural language processing tasks, such as, automatic summarization, text
simplification, and machine translation [30-32]. By synthesizing the provided input
into a summary of the main ideas and by extracting the meaning of those ideas, it
might be possible to encode them into design features. Then, ANNs can learn to map
the encoded features to conceptual ideas. Another alternative is to represent the
information directly using the vocabulary terms and use algorithms, such as ANNs,
SVMs, or Naive Bayes classifiers [33-36], to learn the associations between the
provided vocabulary terms and the conceptual ideas, or even to use unsupervised
learning algorithms, such as, kNN, Hierarchical Agglomerative Clustering, SelfOrganizing Maps (SOMs), or Gaussian Mixtures, among others, to learn how input
features are related to each other in terms of the outputs. Unfortunately, by using the
vocabulary approach, the input size might grow considerably, incurring in the curse of
dimensionality [1, 22]. To address this problem, one can try to obtain more data,
which can be challenging, or one might apply dimensionality reduction methods, like
PCA or Latent Dirichlet Allocation (LDA) [37].
Concerning the production of visual representations, we can use the textual output
of the previous system to produce corresponding visual examples. This technique is
called text-to-image synthesis and there are examples, particularly in the translation of
visual concepts from characters to pixels [38-40] and the retrieval of objects and
scenes from videos [41]. Given the speed of recent developments in the fields of ML,
we believe that it is only a matter of time until we get “text-to-3D models” synthesis.
The utmost difficulty lies in the definition of an accurate representation of 3D models
in terms of features that can be exploited by the learning methods of ML. The
described system would integrate seamlessly into a typological conceptual design
approach. The architect would have to describe the context and the project’s
requirements, upload the typological description in the design tool, and the system
would return suggestions for different conceptual ideas complying to such conditions.
Recommender Systems
A recommender system helps users making decisions tasks by providing suggestions
for the most appropriate course of action [42]. These systems use the features of each
alternative to rank them and generate customized suggestions. While experienced
users do not usually need such suggestions, it can be advantageous for less
experienced ones.
We argue that some of the fundamental concepts of recommender systems could
also be applied in architecture, for example, to suggest specific design templates (e.g.,
for truss types, floor plan layouts, or façade designs) during the initial and exploratory
stages of the design process. We envision the improvement of conceptualization tasks
through the suggestion of design variations extrapolated from a set of previous
records. To this end, we can: (1) extrapolate the existing patterns in the design records
and, hence, codify these patterns as templates; (2) analyze the interactions between
the architect and his design tool, making more informed and accurate suggestions
regarding the next developments in the conceptual design; (3) learn the set of
operations mostly used and exploit this information to augment the architectural
design tool; and (4) advise the architect to avoid design paths that might yield a poor
performance in a set of predefined criteria.

Unfortunately, these systems suffer from the cold-start problem [43], which
happens when the system has no past information about new users. In this case, online
learning techniques can be a useful methodology to follow. Through conversational
interfaces, where the system poses questions to capture the architect’s intent, thus
making more adequate suggestions. Additionally, conversational approaches also
enable thoughtful reflections about the design, leading to clearer perspectives about
the involved concepts, and to the identification of conceptual gaps [44].
However, the construction of an ML system encompassing the whole architectural
community designs’ history would require a large infrastructure to efficiently manage
the information. Alternatively, one could opt for a simpler ML system that would only
be responsible for managing the information with respect to just one user. In this case,
the templates gamut would be restricted by the architect’s past experiences,
potentially compromising variety. To address this limitation, a knowledge-base must
be constructed a priori to maximize the efficiency and range of template suggestions.
In the architectural field, Gagne et al. [45] applied similar ideas to daylight design,
by developing a knowledge-based system that relates performance enhancements with
design changes. More recently, Kulcke [46] explored recommender systems’ ideas to
create a design-bot that iteratively asks questions with the purpose of enhancing selfcommunication, and, thus, clarifying architect’s intents. Both works depend on the
knowledge that they were initially programmed with, thus, suffering from contextual
limitations, making them unable to learn from new unseen designs or to adapt to new
trends. In fact, none of the works exploited the benefits of ML or the hidden patterns
lying within each designer’s past designs.
As a possible scenario of a recommender system’s use in architectural design,
consider the design of an art exhibition room. With a conversational interface, the
architect would communicate his intention to maximize the daylight performance of
the space using skylights. If the system had information about the existing metrics of
daylight performance and about art exhibitions lighting requirements, it could ask the
architect which daylight metric he would like to optimize and provide him with
alternatives of different skylights types and positions.
Despite the advantages, there are also potential risks in integrating these
approaches in architecture. Firstly, if we create an omniscient system, i.e., a system
for which the knowledge-base includes the history of all users, it might assume that
each concept means the same for every user, which might not always be true.
Secondly, if we consider a system solely based on a single user past experience, it
might end up not providing many ideas, thus becoming less generative. Finally, if
there is no user feedback, the system stagnates. To overcome these problems, it is
necessary to continuously feed the system with new information.
Style Transfer
Style transfer is a recent advance in computer vision that can benefit the architectural
practice. Previous work suggested working with ANNs to apply different design
styles to buildings [15], using a technique known as neural style transfer [25, 47].
Neural style transfer use Convolutional Neural Networks (CNNs) to obtain the
representation of the style of an input image. The work presented in [25] uses two
different source images to generate images that mix content and style representation.
By preserving the composition of the original image and combining it with the colors
and local structures of the image containing the style to transfer, this approach

balances content and style. The CNN is trained in an object recognition setting to
derive the necessary neural representations. Other studies explored alternative style
transfer applications, such as representing characters in different handwritings or
smooth transfer style in videos [48-51].
Recent work discusses the application of these techniques in architecture. In [15]
the authors speculate about the existing parallelism between ML approaches and the
abductive reasoning process employed by humans. In [52] they also hypothesize
having AI and ML generating architectural designs, by emulating the human mental
process that articulates non-formal grammars in the development of architectural
concepts. The authors attempt to extract rules from pictures using CNNs to then
recombine them in order to generate new designs. The main limitation of this
approach is that it only considers images of buildings, rather than 3D models.
Additionally, the application of CNNs to plain images might not result in different
designs, but just in the same images with different textures. In an attempt to emulate
the creative process, [52] explored DeepDream’s [26] generative capabilities to instill
imagination into the approach. However, this process does not capture the 3D
structures presented in the input images. This might be a result of the past
observations/experiences used to train the CNN and we argue that if we trained it with
a more accurate 3D representation, it might generate more feasible designs.
In architecture, style transfer techniques can also be very useful to address urban
planning and, particularly, mass customization problems [53-54]. By using neural
style transfer approaches, one can transfer styles of other buildings or other architects,
instantiating stylistic variations. Thus, we can achieve mass customization by
generating different houses in the same style, provided that we have (1) a
representation of the building style we wish to use, (2) a set of base designs to which
we ought to apply different style variations, and a (3) previously trained neural style
transfer model.
To explore style transfer techniques in the context of architecture, we can devise at
least two approaches which greatly differ in the representation of designs, hence
affecting their implementation. The first one uses mere sequences of images to
represent designs, whilst the second one uses geometrical properties to represent
designs. Considering the first approach, the proposed representation resembles
sequences of frames, thus allowing the application of techniques similar to those used
in video style transfer [51]. In this approach, the architect provides a set of images
that defines a style, as well as the images of the designs to which the style will be
applied. Note that this approach might have the same limitations reported in [52]
regarding 3D geometry.
The second approach requires more cohesive vector representations of design
models, as several ML techniques rely on mathematical representations to capture and
generalize data patterns. The first step is finding a tangible design representation, e.g.,
based on the detailed description of faces, edges, or vertices. The next step is the
creation of large training data sets. Similarly, to [25], we envision training an ML
model capable of becoming invariant to differences in design. This means that the
data set must contain heterogeneous associations between designs, elements, and
concepts, so that the ML model can capture the global contents of a base design and
to apply locally stylized elements to these designs.
Considering the techniques available nowadays, the composition of multiple
different styles might be problematic, as existing techniques do not yet support this

feature seamlessly. An alternative is to sequentially apply different style transfer
operations, i.e., chaining the output of the first style transfer operation to the input of
the second style transfer operation. Moreover, it is important that architects remain
critical towards the outputs, for it is possible that an erroneous usage of such system
yields unreasonable design variations.
Image-to-design Synthesis
Based on the ideas behind text-to-image synthesis, architects can generate a design
model satisfying the formal expression illustrated in a given image. This partially
resembles neural style transfer in the sense that there is an image from which to
collect intrinsic structures and properties to produce a design. Recent work uses SelfOrganizing Maps (SOMs) to analyze 3D models, capturing formal features to then
produce new models [55].
An ML model that generates designs from a single picture is similar to object
recognition and image segmentation combined with machine translation. The depicted
shapes in the picture must be captured, e.g., by CNNs. These have already proven to
be very successful in object recognition and instance segmentation tasks.
Additionally, it is also important to capture the conceptual ideas and the style patterns
represented in the picture, for which we might use style transfer systems.
To avoid generating designs that differ only in their textures, as in [55], we
envision a “shape-to-geometry” translator to map the captured shapes to appropriate
geometrical representations. Then, it is possible to use ML generative abilities to
instantiate different designs.
Clustering and Dimensionality Reduction
In earlier design stages, model categorization might enable a faster exploration of the
design space. By providing an approximation of similar but disparate design
variations, one is able to quickly verify if certain models better fit the desired
intentions. Unsupervised learning techniques can be used to explore larger regions of
the design space and, according to given criteria, group them in distinct categories.
Also, in the case, of high-dimension design spaces, these techniques might be used to
reduce their dimensionality and thus enable the visualization of simpler variants of
designs and allow a smoother, broader, and quicker exploration.
These techniques can be very useful in bottom-up approaches, by suggesting
different variations of what an architect is currently designing, thus locally expanding
the architect´s perception of the design solution space. Moreover, assuming the
existence of mechanisms capable of creating geometry from textual descriptions, this
approach can also benefit top-down design procedures,.
3.2

Algorithmization

Algorithmic approaches to architectural design (i.e., Algorithmic Design (AD) [56])
are becoming increasingly popular among architects [57]. By being algorithmic, ML
techniques easily integrate with AD. In this section, we discuss possible integration
scenarios.
Program Synthesis, Code Completion

One of the hardest AD tasks is the development of the program that generates the
intended design. This task requires not only generic knowledge about algorithms,
programming languages, and software engineering but also an understanding of the
Application Programming Interfaces (APIs) of the modeling tools being used. In fact,
searching for information regarding how to use APIs consumes a considerable
fraction of the time designers spend programming. Obviously, this task can be
significantly improved if we know an expert that can point us in the correct direction.
Unfortunately, such expert is not usually available at all times. More recently,
developments on the field of ML seem to suggest the possibility of having a
mechanized “API Expert”.
The dream of having such an assistant helping us developing our programs is not
new. Initial AI approaches explored the deductive capabilities of logic-based systems
yielding successful results for tasks, such as automatically asserting the correctness of
a program, or finding test cases that demonstrated the presence of errors. However,
these approaches proved to be incapable of solving the mechanized assistant problem,
i.e., the desired intelligent assistant that would help a programmer write, debug, and
evolve software [58]. Two developments made this elusive goal much more
accessible. Firstly, computers are orders-of-magnitude more powerful now. Secondly,
huge amounts of software written by millions of programmers are now publicly
accessible in repository sites such as github.com. As a result, for each problem a
programmer needs to solve, there is a high probability that another programmer had
very similar issues and the implemented solution is available somewhere. To
complement this treasure trove of information, there is also the public Question and
Answering (Q&A) repositories, such as stackoverflow.com, containing tens of
millions of questions and, for each, a multiplicity of answers graded by the
community.
All these developments are now being used for program synthesis research [59-61].
ML applications are currently mining code and Q&A repositories, identifying
programming patterns, bug fixes, and the best answers for each question. While it is
not yet possible to have an automatic programmer capable of inventing a new piece of
software, it is now definitely possible to have one that helps us in the development of
a program. AD can greatly benefit from such applications, particularly, (1) to predict
which API operation best fits a given need [62], (2) to learn algorithms that solve
particular problems [63], (3) to synthesize geometry constructions [64], (4) to identify
bugs [65-66], and (5) to fix them [67-68]. Despite current limitations, it is expectable
that these capabilities will increase in scope and precision and that, in a not very
distant future, ML will enable different forms of automatic programming for AD.
Intelligent Domain Specific Languages
Another interesting application of ML in AD is the creation of Domain Specific
Languages (DSLs) [69-70]. Contrary to general-purpose languages, these are
languages designed to excel at addressing a very narrow field of application [71]. In
the case of architecture, it makes sense to have DSLs whose primitives encode
knowledge about construction rules and regulations. The creation of such primitives
requires the analysis of several building regulations, as well as of previous positive
and negative designs, i.e., designs that comply with the regulations and others that do
not. By applying ML, we can extract patterns to instantiate heuristics for the DSL
described above. The usage of such approach could provide immediate feedback by

evidencing whether the current AD program is producing designs that do not comply
with regulations. This idea could be further extended with a recommender system,
that would suggest how to modify the current program to generate a similar but
compliant design solution. As an example, consider a modeling primitive to create a
wall. An ML-based system can embed information about the minimum requirements
for thermal resistance (U-factor) given the project’s location, and, consequently,
generate a default wall assembly that complies with those requirements. Moreover,
the same system can learn from the dataset to either suggest walls with a highperforming U-factor or provide feedback on different wall-types, their U-factor
performance, and the consequent impact in overall building energy performance.
Anticipating Next Intentions and Making Suggestions
ML has been very successful in prediction tasks. One example is auto-completion of
text. Gmail, for example, after learning from millions of email texts is able to
complete common sentences. We argue that it is just a matter of time until we see the
application of similar ideas to AD, particularly in the prediction of programming
intentions [72-73]. ML techniques, such as ANNs or SVMs, could predict, based on
past coding actions, what fragment of code might be written next. To further boost its
potential, this mechanism could be coupled with previews of design variants that
result from following the application of the suggested code blocks. Similarly, the
same techniques are applicable to modeling scenarios. In this case, a digital assistant
trained on a design corpus containing a large set of well-defined examples, suggests
possible model completions.
3.3

Modeling

ML has the potential to enhance design activities related to the generation of different
types of building models, particularly, analytical models for building performance
simulation and 3D models for building visualization and documentation.
Analytical Modeling - Simplification
Recent environmental concerns have led governments to establish strict requirements
about indoor environmental quality and the energy efficiency of buildings.
Additionally, clients and designers often aspire for designs that can convey the
desired spatial and structural idea with the minimal use of resources. As a result, the
architectural community started to adopt performance-based approaches. However,
building performance evaluation usually demands time-consuming simulations. A
common approach to reduce the simulation time relies on the simplification of the
model’s geometry, e.g., replacing complex curves and surfaces with simplified
counterparts with reduced level of detail. However, this approach is also timeconsuming for the designer and, thus, it should only be applied when and where it is
beneficial, which might not be obvious. Moreover, it is typically the case that only
part of a large model needs to be evaluated but it might be difficult to identify which
one better captures the performance of the whole. Finally, when the estimated
performance does not satisfy the imposed requirements, there is usually no guidance
regarding which aspects should change to attain more efficient designs.
There have been attempts to use AI techniques to solve these problems,
particularly, rule-based expert systems [44]. Although they have proven to have
advantages, these approaches are still confined to their specific context and, as a

result, they have problems, e.g., expertise in a single domain, fixed knowledge-base
that does not improve over time, and poor performance in face of an unseen model.
The major problem of these expert systems is their inability to autonomously learn
from external data and, therefore, we foresee that ML methods will be more
successful. In a sense, supervised ML techniques resemble expert systems since they
also require the a priori collection of data. However, the key difference is in how they
acquire their knowledge, namely, the former ones are usually based on human-written
if-then rules and are programmed to act in well-known situations, whereas the latter
ones learn through observation of examples and, thus, can more easily adapt to new
situations. We argue that by gathering enough data about successful and unsuccessful
simplifications that were applied to different models, ML methods can infer patterns
and correlations in the collected data, therefore predicting which simplifications to
apply in future cases. The proposed simplifications might not be the best possible, but
even a smaller simplification might lead to considerable time savings in the context of
performance analysis. Similarly, we foresee the use of ML to learn to identify which
parts of a model to use for performance analysis.
Although the ideas previously discussed might seem speculative, they have already
begun to be explored, namely the segmentation of structural elements such as slabs,
columns, beams, among others [74]. Similar ideas have been discussed for the
automatic extraction of geometry from satellite images [75], which facilitate urban
modeling and planning tasks.
3D Modeling - Production and Labeling
Current literature already addresses ML techniques that enhance the production and
labeling of 3D models [74-76]. In this paper, we also mentioned other applications of
ML that have the ability to produce them from concepts or even images. In fact, the
work presented in [76] explores a similar idea where bayesian networks are used to
automatically generate residential floors. After cataloguing 120 architectural
programs, the authors trained a network to infer the implicit semantic relations
between different spaces, e.g., between a dining room and a kitchen or between a
bedroom and a bathroom. After generating the floor plan of a residence, they produce
the 3D model based on predefined style templates, encoding the geometric and
material properties of every building element. We envisage that style transfer could
improve this process by allowing the use of building images instead of predefined
templates.
Finally, if one can represent 3D models in terms of their descriptive features, then
the same ML techniques used in computer vision to produce photorealistic images
[28, 77-78] might be able to infer patterns of 3D modelling. In this case, through
generative models like GANs [27], ML might produce feasible building designs [28,
77-78].
3.4

Optimization

Despite being an optional stage in the design workflow, optimization is becoming
more common in the architectural practice. This is due to the demand for
sustainability and efficient use of resources in the built environment, as well as by the
emergence of different ready-to-use toolsets [79].

In order to optimize a design, it is necessary to implement a parametric model of
the building. Algorithmic-based approaches [80] are useful to produce that model and
the corresponding analytical models used to assess the design’s performance, a key
factor in the optimization process. Depending on the optimization goals, different
analysis tools perform simulations that evaluate a given analytical model. Hence, an
optimization algorithm is responsible for generating different values for the design
parameters and, based on the performance evaluations results, guide the search
towards more satisfactory designs. In this context, black-box optimization algorithms
are frequently used, since the performance metrics are not obtained through analytical
means, but rather through simulations [82].
Approximating Functions and Dimensionality Reduction
Historically, the first black-box optimization algorithms were deterministic and
sequential, iterating the design space, step-by-step, over one or more dimensions.
Although these algorithms exhibit good convergence properties, their performance
tend to decrease with the increase of the number of decision variables, and they
cannot simultaneously optimize multiple objectives [81-82]. Stochastic algorithms
address some of these issues. Their randomness, as well as the evolutionary
metaphors that some of them use, provides the flexibility to tackle both single and
multiple objective optimization problems, producing fairly good results as long as
there is enough time to run thousands of evaluations [82]. However, these algorithms
quickly become infeasible when dealing with time-consuming evaluation functions,
which typically occur in architectural design problems. The time premise now
becomes a bottleneck, hindering the convergence of these algorithms and their utility
[82].
More recently, an approach based on the creation of approximate models of the
costly evaluation functions is gaining popularity [83-84]. By replacing the costly
functions by cheaper but valid surrogate models, this approach, called SurrogateBased Optimization (SBO), reduces the number of costly evaluations, therefore also
reducing the total optimization time [84]. The surrogate model is then explored by
optimization strategies to find the most promising solutions, which are then evaluated
using the original and costly evaluation function. The result of this evaluation is then
used to iteratively update the surrogate model.
One problem with this approach is the amount of data required to create a good
initial surrogate model. As previously mentioned, ML techniques can generalize
functions from large sets of data and, consequently, are particularly suitable for SBO.
ANNs, SVMs, Gaussian Processes (GPs) and Radial Basis Functions (RBFs) are
examples of such techniques [82-85], some of which are available as ready-to-use
tools (e.g., Opossum [83]). To accurately and unbiasedly approximate a function these
techniques require sufficient, independent, and identically distributed data. However,
given that the architectural practice is often constrained by tight evaluation budgets, it
might not be possible to obtain a large dataset. In that case, more complex techniques
such as ANNs and SVMs might not be able to successfully generalize/approximate
the evaluation function. To overcome the data size restriction, one should opt for
Bayesian Optimization techniques, such as GPs, which are built upon probabilities
and are shown to work well with smaller data sets. In addition to performance,
Bayesian approaches provide clearer results and are usually more intelligible than, for

example, ANNs which obscure the correlations among variables in their nonlinear
structures [86].
Notwithstanding its impact in SBO, ML has also been useful to improve other
aspects of optimization algorithms, particularly the expected increase of their running
time with the number of variables and objectives. Depending on the designer’s
knowledge about the problem, it is not uncommon for the problem description to have
redundant variables, either because some of them have little impact on the evaluation
function or because there are some hidden correlations among the variables. This
redundancy is problematic, since the algorithm might focus on exploring design
solutions that do not significantly improve the results. ML techniques can minimize
the impact of such redundancy by identifying (1) the most important variables and
their hidden correlations, and (2) similar design solutions.
In the first case, by applying ML dimensionality reduction techniques, such as
PCA and LDA, we can produce a smaller equivalent problem description that encodes
the hidden relations between design variables and excludes variables that are useless
to the optimization process. This contributes not only to the overall reduction of the
total optimization time, but also to the algorithm’s efficiency, since it can now focus
on exploiting meaningful and non-redundant parameter configurations.
In the second case, clustering techniques such as K-means, or Gaussian Mixture
models, are particularly useful in earlier stages of population-based optimization
algorithms, e.g., Genetic Algorithm (GA) or Particle Swarm Optimization (PSO),
which involve evaluating more than one candidate solution per iteration. Most of
these algorithms generate candidates randomly and sometimes end up exploring
nearby solutions which are not representative of the whole solution space. [87]
applied K-means to group a set of solutions in distinct clusters, from which only one
solution was submitted to the costly evaluation function. Similarly, [88] used the Kmeans clustering technique to guarantee a distribution of surrogates across the design
space.
Improving Optimization
One of the difficulties of performance-based design is the identification and finetuning of the best optimization algorithms for a given design problem. Indeed, the No
Free Lunch Theorems (NFLTs) [89] state that there are no optimization algorithms
that excel in every problem. Instead, there are algorithms that are very effective in
some problems and less so in others. One way to improve an algorithm’s efficiency
for particular problems is to fine-tune its parameters, a process known as
Hyperparameter Optimization.
By coupling ML techniques to the optimization process, it is possible to learn
which parameter values yield better algorithmic efficiency for a given problem and,
thus, adaptively optimize its configuration. To achieve this, it is necessary to gather a
dataset comprised of design problems, algorithms’ configurations, and their
corresponding efficiency. Subsequently, supervised ML techniques, such as ANNs,
Bayesian Networks, SVMs, Decision Trees, or Random Forests, can infer hidden
relations and try to adjust each algorithm’s configurations at runtime. Another ML
approach is Ensemble Learning, which is becoming more frequent [87, 90]. This
approach uses a set of learning algorithms to obtain better predictive performance
than that obtained from each algorithm individually.

Optimization in design often criticized for alienating the architect from the process.
Das [12] addressed this problem by combining a GA with a set of rules to build an
iterative optimization process such that, in each iteration, the user selects the design
variants that satisfy him the most, thus making the subsequent design variants closer
to the user’s intent. Given a large dataset, one could use ANNs to learn the user
preferences and generate ready-to-use design variations for future projects. One other
application of these ANNs would be to extend the proposed approach by Das and use
this knowledge to predict what would be the design a few iterations from now.
In conclusion, although the present work merely focuses in the application of ML
to architecture, the extent of its applications is vast. A more extensive review of the
literature will evidence the application of ML to several other fields of architecture,
such as, the design of canopies that autonomously react to human presence [91], the
development of adaptive façade control systems [92], and the creation of materials
with certain properties [93].

4

Conclusion

Given the increasing impact of ML in human activities, it is expectable that it will
also affect architecture. In this paper, we described multiple alternatives for the use of
ML in building design, particularly, in conceptualization, algorithmization, modeling,
and optimization tasks. We also illustrated ML’s considerable potential for helping
architects in their conceptual endeavors, with applications that range from
recommender systems to style transfer and other techniques. Similarly, ML could
benefit algorithm development in the context of AD, particularly in code completion,
code generation, program synthesis, and domain-specific language design. Modeling
tasks can also take advantage of ML approaches, either in the simplification of
building simulation models or in the automatic generation of design solutions based
on images or textual descriptions of buildings. Considering optimization tasks, ML
uses include evaluation function approximation, dimensionality reduction, and
hyperparameter optimization.
Unfortunately, ML systems still have several limitations. One is that they require
well-balanced training sets, which are not yet easily available in architecture. Indeed,
if provided with an unbalanced dataset, ML learners might become biased towards
specific patterns and become poor generalizers. Another difficulty is the large amount
of data necessary to ensure good performance of any data-driven ML technique. The
application of ML in architecture is still in its early beginnings and, naturally, the data
sets either do not exist or are immature. Recent research in transfer learning [24] aims
to bridge this gap, by exploiting the knowledge previously obtained for similar tasks
to diminish the impacts of data deficit.
A final but important drawback of some ML approaches is their limited
explanation capabilities, which might prevent architects from understanding the
outcomes. In this scenario, architects may take decisions based on information that
they do not fully understand. The lack of explainability also troubled legislators,
causing them to demand that certain systems, e.g., search engines, recommender
systems, and medical diagnosis systems, must provide an explanation of their
decisions [94]. Due to the legal implications of having humans blindly taking

decisions that were suggested by machines, it is only a matter of time until this law
extends to other disciplinary fields, including Architecture.
To wrap-up, we look back to our initial questions: Will machines replace humans
in architectural practice? Will these methods limit the architect’s creative control?
Will we have architecture without architects?
In our opinion, we can address these questions under two perspectives. Firstly, in
architecture, the pursuit of beauty has always been paramount in fueling creativity.
However, the assessment of beauty is culturally-based and shifts over time, therefore,
it is hard to capture by current ML techniques. In this regard, we are still far away
from a complete replacement of human architects by architect-bots. Secondly,
disruptive changes are always difficult to handle, but history shows that those who
master them prevail. In the past, the shift from manual technical drawing to
Computer-Aided Design was perceived by some as a vehicle for the destruction of
architecture. However, architects adapted, mastered it, and now take full advantage of
it. Similarly, rather than distrust ML, architects should embrace it like they did with
other paradigm shifts, and then steer it to their advantage.
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