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In the current practice of architectural design, performance analysis is an essential step that involves
simulating various design options to identify the most optimal solution. However, the process can be time-
consuming, especially when the design space is vast. To address this issue, designers often use optimization
algorithms to find the best solution, but simulating each design option is still a significant bottleneck.
Surrogate models offer a potential solution by creating a simplified model that approximates the behaviors
of the actual system. This model can then be used to simulate multiple design options efficiently. While
surrogate models can help speed up the performance analysis process, they still require a significant amount
of data to train effectively. Additionally, optimization done with surrogate models cannot account for

aesthetic preferences, which are essential for architectural design.

The paper proposes a novel design framework that leverages Al and machine learning models to address

the aforementioned challenges. To demonstrate the efficacy of the framework, a parametric model is



developed to generate a large number of design alternatives for a multi-story office building in Seattle.
Multiple design spaces of different sizes are investigated to validate the framework. The proposed
framework consists of two sections. The first section involves three consecutive layers to enable faster and
more accurate prediction of performance for all design alternatives. The annual energy consumption is
simulated using EnergyPlus. The first step is to convert the design parameters into weighted parameters to
aid the machine learning models in understanding their distinct behaviours. The number of weighted
parameters is then reduced to three using different dimensionality reduction algorithms to visualize
clusters in the last step. The final step involves clustering the entire design space effectively so that the
performance outcome of the centroid of the cluster can be a proper representative of all other data points
in that cluster. Multiple combinations of weighting parameters, dimensionality reduction methods, and
clustering models are experimented with to identify the set of algorithms that can predict the performance

outcome of the entire design space with the least amount of error using a smaller number of clusters.

The second section of the proposed framework involves an online dashboard that enables the exploration
of the design space. The dashboard includes a reinforcement learning-based recommender system that
seeks to understand user preferences through interaction and recommends similar design alternatives in
each iteration. The reward function of the recommender system is customized to prioritize high-performing
alternatives and pull the designer's preference in that direction. The proposed framework enables designers

to explore a massive design space strategically and effectively within a short amount of time.

Keywords: Parametric design, machine learning, reinforcement learning, recommender system, artificial
intelligence, design space exploration, surrogate model, annual energy consumption, data mining,

computational design, Energy plus, clustering, dimensionality reduction, design dashboard.
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Chapter 1: Introduction

Our design process has changed over time. In the early stages, our design was more dependent on our
intuitive cognition and personal experiences. With the development of technology now we achieved the
ability to predict the performance of our design before execution. Various tools have been developed to
simulate daylight [1], acoustics [2], and radiance [3] inside or outside our buildings. Within any given
context we can now predict the annual energy consumption of our design within a very short time [4]. To
provide a more sustainable design solution Architects are now more prone to analyze their design solutions
and redesign if the predicted performance is not up to the mark. This transformation from a linear design
workflow to a circular one brings out many benefits to the industry. Now designers can be more accurate
and confident about their designs.

1.1 Current limitations in parametric design space explorations:

It is obvious that the more experiments we can go through at the initial stage of our design, the more we
can avoid expenses at the later stages [5]. The process of re-designing and re-modelling for better
performance outcomes still requires a lot of time. This can be avoided to some extent, by making a
parametric model that can generate many different alternatives with the changes of different parameters
[6]. In the parametric model a ‘Design space’ is an essential concept [7]. It encompasses the full spectrum
of design alternatives that can be explored, within a specific set of design constraints. The design space can
include thousands of design options having different materials, shapes, sizes or orientations. Each design
option can be referred to as a data point.

1.1.1  Lack of inclusion of User’s preference

If the design space is large enough, investigating all of them would be extremely tedious for the design team.
To find the best option for them we need to run optimization [8]. The goal of optimization is to find a design
solution that satisfies the project's functional specifications and environmental objectives while maximizing
efficiency and lowering costs. Different algorithms can perform faster optimization. ‘Genetic algorithm’ is
a type of evolutionary algorithm inspired by natural selection [9], which is being widely used for
architectural optimization. It iterates over different solutions strategically and asses the fitness of each
solution comparing its performance to a set of criteria like energy efficiency, structural stability, etc.
However, the algorithm depends upon the quantitative outcome of any design. As it is hard to quantify
qualitative aspects of any design the optimization process can offer a solution which is well performing and
less visually appealing. Selection through pure optimization is often referred as oversimplification of the
design problem, as it neglects qualitative aspect of design options [10].The process does not incorporate the
designer’s preference or personal bias, which can be pretty impactful to generate a good design. Designers
strive to achieve an optimal balance between their preferences and the performance outcomes, which often
proves challenging with traditional optimization methods.

1.1.2 Time Limitations in Performance Simulations
Another limitation of computational optimization is the need to perform performance simulations for every
data point. This simulation process can be time-consuming, especially for computationally expensive
simulations. Consequently, the optimization of a large design space can take several hours or days to
complete, leading to significant time and resource consumption.

Surrogate models have emerged as a solution to expedite the design optimization process [11]. these models
can quickly predict a design's performance without requiring a complete simulation to be conducted each
time. Different machine learning models are trained by a set of previously evaluated designs and their
corresponding performance metrics. After the model is trained, it can approximate performance outcomes
pretty fast [12] , which can speed up the optimization process. The accuracy of the prediction depends upon
the number of training data and hyperparameters of the model used. However, if the design space is vast, a



large number of simulations must be performed to prepare the training set for the surrogate model to ensure
accurate predictions.

These two drawbacks for the currently followed design framework: extensive time consumption to evaluate
the design space and lack of user input regarding aesthetic preferences in design optimization have been
addressed by many researchers over the past few years, which is discussed in the literature review section.
This paper proposes a framework to overcome the mentioned drawbacks with the help of Artificial
intelligence (AI) and machine learning (ML) models.

1.2 Thesis outline
There has been extensive use of Al in the AEC (architecture Engineering Construction) industry over the
past few years [13]. For the improvement of computational powers, It became easier to implement
complicated models for automation and optimization. The proposed framework consists of two connected
subdivisions. In the first division, the authors tried reducing the time consumption for evaluating huge
design space and in the second division, we explained how we can incorporate users’ aesthetic demands in
decision-making.

The whole framework was established to search for a suitable design solution for a four-storied office
building located in Seattle. The annual energy consumption is considered as its performance outcome done
by EnergyPlus [14]. Experimented design spaces encompass design options with different lengths, widths,
window-to-wall ratios (WWR) and depths of the shading devices. The first task is to learn about the
performance outcomes of all solutions quickly so that they can be used for further decision-making. The
first division devoted to doing this comprises multiple consecutive steps. The last two steps of this division
use dimensionality reduction models and clustering models respectively. An interactive online dashboard
is designed where users can like or dislike any design options. A reinforcement learning-based
recommender system is deployed to recommend new solutions to the designer that have lower annual
energy consumption. This way the designers can explore the huge design space efficiently and strategically.

The paper details which models can considerably reduce computation time and highlights the enhanced
capabilities of the proposed framework in effectively exploring vast design spaces. Additionally, it elucidates
how an interactive decision-making process can assist designers in making informed and logical decisions.

Reinforcement learning-based

recommender system
Clustering-based performance Interactive Design
prediction model Dashboard

—
<

Model error

Number of clusters

Design Di ionality y a i p 2y z
[ Space reduction algorithm J Like Dislike slide

Clustered data points
according to their performance Updating q-values

Figure 1-1 Thesis outline



Chapter 2: Literature Review

2.1 Design space exploration study

Navigating large design spaces poses a significant challenge for designers, but researchers have risen to the
occasion with innovative ideas incorporating machine learning algorithms. In a notable study [15],
researchers introduced gradient-based guidance as a versatile approach for exploring various parametric
truss designs, enabling users to flexibly examine both favorable and unfavorable performance outcomes.
Another study [16] tackled the complex task of understanding the relationship between design parameters
and performance by leveraging canonical correlation analysis (CCA) [17]. This analytical method facilitated
a deeper understanding of the optimal directions to pursue specific design criteria. Furthermore, to support
the extensive exploration of design spaces with robust visualization and data-driven decision-making
capabilities, a dedicated tool called 'Design Space Exploration (DSE)' [18] was developed.

To have an overall idea of the huge design space generated by Combinatorial Equilibrium Modelling (CEM)
[19] clustered the design options by self-organizing maps (SOM) and tried getting insights by visualizing
clusters with the help of a Uniform Manifold Approximation and Projection algorithm (UMAP) [20]. [10]
tried a similar way but also attempted to include the designer’s understanding of non-quantifiable aspects.
The incorporation of the human designer's preferences in their proposed framework adds qualitative
limitations on top of quantitative ones. The paper presents a computational design approach that benefits
from human interaction and machine intelligence collaboration. The framework includes five steps, one of
which is ‘selection’ where the designers need to filter out non-prefer design options, resulting in smaller
design space with preferred options.

While the five steps design framework was utilized by [10] to design a structurally sound stadium, the same
process is used by [21] to revisit an existing structure. Inspired by the existing structure they generated
more options with the help of CEM, then clustered by SOM for a low dimensional representation of the
whole design space. The arrangement of design options in a 2-dimensional grid was extremely helpful in
negotiating between multiple judging criteria like, structural, daylight and radiance analysis.

There can be two ways to incorporate user preferences in the multi-object optimization process: first, the
users can alter the weightings between well-known objectives as part of a multi-objective search, and the
second user can choose which designs to consider for each generation[22]. [23] Have utilized a genetic
algorithm-based optimization process to generate a single-family residence, which allows users to filter
design options after each evolution. The process used named non-dominated sorting genetic algorithm
(NSGA) [24] allowed the users to make more personalized optimization, that helps incorporate their
preferences in decision-making. [25] Has created a grasshopper plug-in named ‘Biomorpher’ based on a
similar approach, which groups similar types of design options and displays them in an interactive
dashboard to assist the designers in filtering options that are not preferred. Involved interactive
evolutionary computation (IEC) [26] optimization algorithm process performs guided optimization to
achieve a design solution that satisfies both performance and aesthetic preferences.

To include the designer’s qualitative measure [27] followed a framework that finds out numerical
measurements for aesthetical preferences by a survey. The survey displays different options in an
interactive dashboard made by grasshopper plug-in Human UI [28], where participants vote for what they
like and based on that incorporated algorithm decide the quantitative measurement of aesthetics for that
design option. Both the performance and aesthetic measurements are then utilized while running multi-
object optimization. The idea of a design dashboard is not new. While it is fascinating to hide all complicated
scripts and only get the benefits of design computation it also ensures broader participation in decision
making. [29] In the final step of their thesis has produced a guided dashboard to design a Highrise with the
help of the Human UI. The developer of Human UI leveraged the idea of the dashboard in a new platform
named ‘Hypar’[30], which enables designers to design in an interactive way and generate multiple options
within a very few amount of time.



2.2 Recommender system study

In the quest for effective techniques to explore design space, researchers are actively seeking collaborations
with diverse professionals to harness their expertise in built environment studies. These collaborations hold
the potential to unlock the power of design computation and machine learning. While many studies have
proposed effective pathways utilizing multi-objective optimization processes, there are still unexplored
avenues to be pursued, and one such avenue is the utilization of recommender systems. A recommender
system can be described as an information filtering system that suggests relevant items, such as products,
movies, or videos, to its users [31]. Incorporating a recommender system in suggesting design options from
a design space offers a significant advantage: it relieves users from the burden of comprehending the
complexities of the entire design space. Users can explore stress-free while still obtaining options that align
with their intentions.

Amidst the multitude of recommender systems currently employed on various websites, reinforcement
learning-based recommender systems[32]. introduce an innovative paradigm that brings forth numerous
benefits. Unlike commonly used collaborative or content-based filtering approaches [33] which heavily rely
on extensive user information to deliver effective recommendations, reinforcement learning-based systems
offer a promising solution. These traditional approaches often require users to provide personal details such
as age, gender, or location, or endure a prolonged period for the system to grasp their preferences—an issue
known as the 'cold start' problem in the realm of recommender systems [34].

In contrast, reinforcement learning-based recommender systems present an alternative approach to
address this challenge (see 3.2). By leveraging the principles of reinforcement learning, these systems have
the ability to rapidly learn about users' preferences through interactive experiences. They can generate
accurate recommendations within a significantly shorter timeframe As we want our Al to be extremely
unbiased of the designer’s sex, age, location or profession, this method can help us make unbiased decisions
that are only a reflection of its user. It is very simple but effective. This simplicity and effectiveness make
reinforcement learning-based recommender systems increasingly popular. It can make ethical choices for
its users and focus more on making better recommendations neglecting any commercial intuition. The team
firmly believes that implementing such a remarkable tool for exploring parametric design space can usher
in a new era of participatory design and playful exploration.



Chapter 3: Methodology

As previously mentioned, the thesis is divided into two sections. The first section examines the design
framework to be used in the second section for predicting performance outcomes with speed and accuracy.
The investigation takes place across three different design spaces in succession, with the findings from one
space informing the next. The design spaces increase in size with each iteration. The first design space is
relatively small, consisting of 2500 datasets with 48 parameters, while the second design space has 3226
datasets with 50 parameters, the third design space has 6000 datasets with 98 parameters and the fourth
design space has 5470 datasets with 43 parameters.

3.1 Section 01: Clustering-based performance prediction

3.1.1 Design Space 00
The first investigated design space mentioned as ‘Design space 00’ consists of 2500 design options. All the
design options have the same size of 25m long in the north-south direction and 15m wide in the east-west
direction. The type of building is a four-storied ‘mid-rise apartment’ [35] where the ground floor is
considered a retail store. The ground is completely transparent with the highest window-to-wall
ratio(WWR) while it’s different for different options on the upper floors. Floor to floor height is 3m.

The apartment portion of the north and south fagade is divided into a grid of 5x3, so each floor is having a
maximum of 5 windows on one side. The east and west facade of the apartment portion is divided into 3x3,
having a maximum of 3 separate windows on each floor on each side. For the whole building, we can have
48 (5+3+5+3) window segments in total. Whether there will be a window in the window segment or not
depends upon the parameters of the design option.

A pandas DataFrame [36] (see Table 3-3) consisting of 2500 rows and 48 columns is created, where each
row represents a unique design option. The values in each column are either zero or one. If a value is zero,
it indicates that the corresponding window segment does not contain any windows. If it is one, then a
window with a height of 2m and a width of 1m is present in that segment. In design space 00, the window
size is constant for all design options, but the windows are located in different segments. The first 15
columns of the DataFrame represent the window positions on the north facade, where the first column
corresponds to the first window position on the first floor at the north facade, and the 6th column (column
index=5) corresponds to the first window position on the second floor at the north facade. Window positions
for the west, south, and east facades are denoted by column indexes 15-23, 24-38, and 39-47, respectively
(see Figure 3-1)

For the north and south facades only 10 random combinations are picked up for each side. In total 20
random options are picked up which are completely different from each other. As for the east and west
facade number of possible combinations would be smaller, 5 random combinations are picked up for each
side. Then these four sets of combinations are cross-multiplied to create a whole set of building parameters.
They generated a set of 2500 possible design options.

How much energy (kWh) would be consumed by the users annually due to heating, cooling and lighting is
simulated by EnergyPlus (version 22-2-0). The whole process was conducted in Python (version 3.9), and
the authors utilized an external Python library called 'Compas eplus' [37] to communicate with EnergyPlus
written by Toméas Méndez Echenagucia. Python scripts were written to produce geometries that Compas
can read, which were then converted into EnergyPlus readable IDL format to generate outcomes. Table 3-1
provides the properties that were fixed for the building during the simulation. To be noted, all simulations
for this paper followed the same mentioned simulation properties.



Simulation Properties

values

Location Seattle

Building type DOE midrise apartment

Wall Typical Insulated Steel Framed Exterior Wall-R16
Window Generic Double Pane

Floor Generic Interior Floor

Roof Generic Roof

Simulation outcome unit

Kilowatt-hour (kWh) / year

Table 3-1 Simulation properties followed for all studies.

Building properties (Design Space 00)

values

Building length 25m (north-south)
Building width 15m (east-west)
Window segments 5m X 5m

Window sizes 2m height x 1m width
Ground floor WWR 0.6

Number of floors 4

Floor-to-floor height 3m

Surrounding context

Not considered

DataFrame properties

Amount of data points

2500

Number of parameters

48

Table 3-2 Building Properties for Design Space 00.

o |1 2 3 4 |5 6 7 8 9 |10 |11 |12 (13|14 (15|16 |17 | 18
1182 | o 1 1 1 1 0 1 1 1 o |1 1 /0o |1 1 1 |]0o |Oo |1
239 0 0 0 0 0 1 1 1 0 1 ]o |0 |1 1 0O |o |1 o |o
999 |1 1 0 0 1 0 1 1 0 o |1 1 /0o |1 o |o |1 0 |0
875 1 1 0 0 1 0 1 1 0 0 |1 1 |0 |1 0o |1 0O |0 |1
1601 |1 0 0 1 0 0 1 1 1 oo |o |1 1 1 1 |]o |o |1
Table 3-3 Data frame sample for Design Space 00.
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Figure 3-1 Data structure of Design Space 00




Figure 3-2 Randomly selected 12 design options from Design Space 0o

3.1.1.1 Clustering Frameworks for design space 0o

If we group the design space into clusters and simulate only the data points closest to the cluster centroids,
we can approximate the performance outcomes of the remaining data points within the same cluster. This
allows us to reduce the number of simulations needed significantly. However, it's important to note that as
the number of clusters decreases, the number of required simulations decreases but the prediction error
may increase. In this paper, we investigate the relationship between the number of clusters and the
framework error, aiming to determine the optimal balance between the number of simulations and
prediction accuracy. Our goal is to generate well-performing clusters that minimize the error in our
predictions while considering the trade-off between accuracy and computational efficiency.

While there are many unsupervised clustering algorithms available in Python’s Sklearn library [38],
clustered output also depends upon the given dataset for clustering. In our current dataset, we have 48
features for one design, which means we have 48-dimensional data points. When the data points have very
high dimensions and are comparatively low in number, it can occur the ‘curse of dimensionality’ [39], which
imposes further challenges and issues like increased computational complexity, decreased model
performance and data sparsity. To avoid such issues, it is important to reduce the dimensions before using
the dataset for clustering. This adds another step in the considered framework. Dimensionality reduction



is a method used in machine learning and data analysis to minimize the number of features or variables in
a dataset while preserving as much relevant information as feasible [40].

Python's Sklearn library provides various algorithms for dimensionality reduction. In addition to the
dimensionality reduction models available in Sklearn, the authors of this study also proposed other
approaches for dimensionality reduction that are specifically applicable to similar types of datasets.
Regardless of how the building is designed to conform to the framework, all building information needs to
be converted into a uniform data frame format. The manner in which building information is extracted as
features will impact the outcomes of subsequent stages, as they are correlated with this data representation.

To understand how well clustering can be done after reducing the dimensions, each dimensionality
reduction model converted the 48-dimensional data points into only 3-dimensional data points. The given
outcome is then plotted and visualized with the help of Python’s Plotly library [41]. Generated 3D
visualization helped the team explain in advance why the clustering methods will not perform well or not.
Data points with reduced features are used for clustering instead of the actual one. A comparison was also
made with the clustering done with the actual dataset to find out the effects of dimensionality reduction.

The team investigated both linear and non-linear types of dimensionality reduction algorithms [42] before
clustering. The following image (see Figure 3-3) shows the investigated workflows for design space 00.
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Figure 3-3 Clustering frameworks for Design Space 00.

The authors first assessed the quality of the clustering for the design space before evaluating the
performance prediction errors. This was done by creating a pixelated image of multiple clusters using each
clustering method. Each pixel in the image corresponds to a window segment, and all window segments
from the four different facades were combined to visualize the entire design in a 2D graph. The color of each
pixel represents the frequency of windows appearing in that particular window segment, with darker colors



indicating higher frequencies and lighter colors indicating lower frequencies. A lighter color suggests that
there is less likelihood of having a window in that segment if a design option is randomly selected from the
corresponding cluster.

Pixelated representations of multiple clusters are placed on top of one another to get an overview of the
used clustering algorithm. If the generated image is noisy, that refers to a higher variation on a single
cluster. If the image is less noisy, we can conclude that data points are organized with fewer differences in
them. However, if we only consider fewer clusters to be done by the algorithms, the generated image will
be noisier. For why, the number of clusters to be provided by the algorithm is kept constant for most of the
frameworks to make an apple-to-apple comparison between different methods.

After figuring out which set of dimensionality reduction methods and clustering algorithms can generate
useful clusters, the team proceeded to evaluate their performance in predicting annual energy consumption,
referred to as "model error” throughout the paper. To find out model error, only the performance outcome
of the data point closest to the centroid of the cluster is extracted. If we consider that is the performance
outcome for the rest of the data points in the cluster, how much mean absolute error (MAE) [43] we can
have, is calculated for each data point. What percentage of the actual value is the calculated MAE is
considered as the final MAE. The MAE of all clusters was summed and divided by the number of clusters to
calculate the average MAE for the entire clustering method. This average MAE is considered the
performance metric for each framework.

To learn the simulation outcome of all design options, running energy plus simulation for all would be
required. However, frameworks can approximate simulation outcomes by strategically selecting a moderate
amount of simulations from the design space. Understanding which number of clusters can generate lower
model error ' can aid designers in determining which framework to use. The more clusters there are the
more performance simulations that must be run, resulting in a more time-consuming process. The
framework that produces lower model error ' while generating fewer clusters can be deemed effective in
reducing simulation time.

A Pareto distribution [44] chart is created to determine the framework that would work best in reducing
simulation time. The x-axis represents the number of clusters generated by the framework, while the y-axis
represents the corresponding 'model error'. A framework that achieves a value closer to the centre can be
considered more efficient in reducing simulation time. This Pareto distribution can be named as ‘model
error vs cluster count Pareto distribution’. In total Pareto distribution of 3 frameworks were compared with
each other to find out the best one.

3.1.1.1.1  Dimensionality reduction methods for design space 0o

The design space 00 framework consists of two main steps. The first step involves reducing the
dimensionality of the 48-dimensional DataFrame. In addition to using conventional dimensionality
reduction methods for data mining, the team explored geometry-based dimensionality reduction processes
specifically tailored to the context at hand. These novel methods are purpose-oriented and offer potential
for various other applications. They provide innovative abstractions of building information while
preserving crucial details related to building energy consumption. Experimented dimensionality reduction
methods are listed below with details:

3.1.1.1.1.1 Vector-based dimensionality reduction
This Vector-based dimensionality reduction process is utilized multiple times in further explorations in this
paper. Here each fagade is expressed as a vector. At first single vectors are extracted for each wind position.
If we consider these vectors as lines, the starting point of these lines is the centroid of the building volume,
and the endpoint is the centroid of each window position. So the direction of all vectors is pointing outward
from the centroid. The north and the south facade would have 15 vectors for each and the east and the west
facade would have g vectors for each. As the facades for the ground floor are the same as for all design
options, they are not taken into consideration. Each vector (their coordinates) is then multiplied by the
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assigned WWR (window-to-wall ratio). If there is no window in the window position the value of the vector
would be zero. All individual vectors of a single facade are combined to get one vector for each facade. For
design space 00, we have only four facades, so each design option will be represented by four vectors. This
process keeps the information of in which direction we have more aperture and after investigating their
simulation outcome we can understand if this information is helpful in grouping similar design options.

Figure 3-4 Vector based data conversion process.

For the frameworks of design space 00, these four vectors are combined to turn them into one single vector
(see Figure 3-4). That final vector would have 3 coordinates. Following the way we are converting a 48-
dimensional DataFrame into 3 so that we can plot those data points into three-dimensional space (see Table

3-4).

o 1 2
0 48.28286 22.97535 19.78686
1 42.29711 20.88835 15.95505
2 43.48012 20.60049 16.80255
3 43.70315 22.4515 18.87851
4 46.98316 22.59763 20.35446

Table 3-4 Converted data frame by vector-based dimensionality reduction method

Position-based dimensionality reduction

In this process, the facades are subdivided into one or two divisions, indicating the presence and number
of windows in each subdivision. The north and south facades are divided into two divisions. One division
consists of 2 window positions on each floor, totaling 6 window positions, while the other division consists
of 3 window positions on each floor, totaling 9 window positions. On the other hand, the east and west
facades are not subdivided, resulting in 9 window positions for each facade. The WWRs assigned to all
window positions of a single division are summed up to get a single value for each subdivision. Overall,
there are a total of 6 subdivisions (see Figure 3-5), which effectively reduces the dimensionality of the
original 48-dimensional DataFrame to a 6-dimensional DataFrame (see Table 3-5).

o 1 2 3 4 5
0 6 0 3 6 6 0
1 5 3 3 3 6 9
2 3 3 0 6 4 6
3 0 0 3 6 6 6
4 3 3 6 6 0

Table 3-5 Converted data frame by Position-based dimensionality reduction method.
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Figure 3-5 Segmented facades for position-based dimensionality reduction.

This subdivision process provides valuable information about the proximity of windows in the north or
south facades to those in the east or west facades. To enable the visualization of the data points in a three-
dimensional space, Principal Component Analysis (PCA) is performed on the 6-dimensional DataFrame.
PCA transforms the data into a new DataFrame with three dimensions.

3.1.1.1.1.3 Angle-based dimensionality reduction

In this process, each individual facade is transformed into a single vector. Instead of considering the
coordinates of these vectors, the focus is on measuring the angle of each vector relative to a reference line.
The reference line is also represented as a vector, originating from the centroid of the building volume and
pointing towards the north direction (see Figure 3-6). For design space 00, there are four vectors
corresponding to the four facades, resulting in four angles in total. By adopting this approach, the initial
48-dimensional DataFrame is reduced to a 4-dimensional representation (see Table 3-6). After applying
PCA, the data is further condensed into a 3-dimensional format for visualization purposes. This process
enables the algorithm to discern the predominant aperture direction for each facade.

~.

Figure 3-6 Angle-based data conversion process.

11



0o 1 2 3
0 0.001526 0.003115 0.001176 0.003626
1 0.001517 0.002445 0.001297 0.00319

2 0.001519 0.002681 0.001175 0.003456
3 0.001503 0.002445 0.001195 0.003331

Table 3-6 Converted data frame by Angle-based dimensionality reduction.

The team followed both linear and non-linear dimensionality reduction methods traditionally used in data
processing. Linear dimensionality reduction methods aim to find a lower-dimensional representation of the
data by applying linear transformations, while non-linear dimensionality reduction methods are designed
to capture non-linear relationships and complex structures in the data. As we didn’t have much precedent
study on which type would work effectively for this research the team investigated both types.

3.1.1.1.1.4 Principle component analysis (PCA)
Principle component analysis is a widely used linear dimensionality reduction method, which identifies the
principal components of the data, which are new variables that are linear combinations of the original
features [45]. The process captures the most variation in the data, and each succeeding component, which
is orthogonal (uncorrelated) to the preceding components, catches the highest remaining variance. In this
study, the team utilized the PCA model from the scikit-learn library [46] (Sklearn) in Python to perform the
analysis. Hyperparameters of this model are kept default.

3.1.1.1.1.5 t-Distributed Stochastic Neighbor Embedding (TSNE)

t-SNE (t-Distributed Stochastic Neighbor Embedding) is a non-linear dimensionality reduction process
widely used in data visualizations. First, it creates a probability distribution, which ensures that similar data
points have higher probability and dissimilar ones have lower. When the data points are projected into
lower dimensional space the same probability is used to cluster similar data points and create more
divergence [47] . TSNE model from the scikit-learn library [48] (Sklearn) in Python is used.
Hyperparameters of this model are kept default only for design space 00, while in other design spaces, they
are altered.

3.1.1.1.1.6 Isomap Embedding

The procedure starts with creating a neighborhood graph based on the pairwise distances between data
points. Following that, it applies graph-based algorithms to calculate the geodesic distances between each
pair of data points, capturing the data's inherent geometric structure. Lastly, it uses these geodesic distances
to embed the data in a lower dimension [49]. As it is a nonlinear dimensionality reduction it can provide a
more accurate representation of data points than any linear dimensionality reduction process. Isomap
model from the scikit-learn’s manifold library [50] in Python is used. Hyperparameters of this model are
kept default.

3.1.1.1.1.7 Multidimensional scaling Embedding (MDS)
For our investigation, we selected Euclidean distance as the distance matric. After the distance matrix is
fixed the process computes a dissimilarity matrix, which contains the pairwise distance between all pair of
data points. When the data points are projected into a lower dimensional space, the process tries to
reproduce the initial dissimilarity matrix through an iterative process [51]. MDS model from the scikit-
learn’s manifold library [52] in Python is used. Hyperparameters of this model are kept default.

3.1.1.1.1.8 Locally Linear Embedding
This is a non-linear dimensionality reduction method. Based on the distance metric the process at first
defines its k-nearest neighbors. After it projects the data points into a lower dimension it tries to reconstruct
the local relationship. The resulting embedding preserves the relationship between neighboring data points,
which helps to capture the non-linear behavior of data points [53]. ‘LocallyLinearEmbedding’ model from
the scikit-learn’s manifold library [54] in Python is used, where hyperparameters are left at their default
values.

12



3.1.1.1.1.9 Spectral Embedding
Spectral Embedding leverages spectral features to expose the underlying structure of the data. At first, it
constructs an affinity matrix that computes the pairwise similarities or distances between data points. We
have selected ‘nearest neighbors’ as our similarity measures. The affinity matrix is used to compute graph
Laplacian, which is the measure of how different data points relate to each other. ‘SpectralEmbedding’
model from the scikit-learn’s manifold library [55] in Python is used. This model's hyperparameters are set
to default.

3.1.1.1.1.10  No dimensionality reduction:
The team also investigated frameworks that used the initial data frame directly for clustering without
applying any dimensionality reduction method, to figure out the benefits of reducing dimensions before
clustering.

3.1.1.1.2 Clustering methods for design space 00:

In the second step of the framework, after reducing the dimensionality of the DataFrame, clustering
techniques are applied to identify meaningful patterns and groupings within the data. This step aims to
partition the design space into distinct clusters, where design options within the same cluster exhibit similar
characteristics or share common features. To explore the design space in this paper, the team examines
various combinations of dimensionality reduction and clustering methods. The team investigated 10
different dimensionality reduction techniques, along with the framework without any dimensionality
reduction. Additionally, they explore 6 different clustering methods, which are mentioned below.
Considering the different combinations of dimensionality reduction and clustering methods, there are
approximately 60 possible frameworks discussed in the paper. The clustering methods used in the
experiments are derived from scikit-learn's cluster library [56], with their default parameter values set by
the authors. Additionally, the team explored other dimensionality reduction and clustering methods such
as DBSCAN (Density-based spatial clustering of applications with noise) [57] and feature agglomeration
[58]. However, those methods did not yield meaningful results that could be discussed, and therefore they
are not mentioned in the paper.

3.1.1.1.2.1 K-means clustering
K-means clustering is a popular unsupervised clustering approach in architectural research [59]. The
procedure begins with the deployment of a certain number of centroids at random. Their location is updated
by computing the mean of their allocated data points until convergence [60],[61]. K-means is a
straightforward and efficient clustering technique that frequently yields insightful conclusions. However,
the number of clusters we desire will affect how successful it is.

3.1.1.1.2.2 Agglomerative Clustering
Agglomerative clustering is a bottom-up method in which each data point is first treated as a separate
cluster. The tiny clusters are then blended into a larger cluster based on the distance matrix. The method
by which distances are estimated is referred to as linkage criteria [62], [63] . We have used ‘ward’s linkage’
for all our investigations. Clusters are combined in the procedure until the given quantity is reached, and a
dendrogram is created. When dealing with high-dimensional data, the procedure can often take a very long
time.

3.1.1.1.2.3 MeanShift Clustering

It’s a density-based clustering method. The process begins with estimating the density of the data points,
using the kernel density estimation technique [64]. It’s a function that defines the shape and reach of
density estimation. scikit-learn’s ‘MeanShift’ cluster model [61] is used which required the bandwidth value
instead of the number of clusters to be achieved. Bandwidth refers to the radius or distance around each
data point within which the algorithm searches for more. So, bandwidth value for any feature space highly
depends upon how much they are spread out. This clustering method generated promising outcomes, as
our data points are already densified by different non-linear dimensionality reduction processes. The task
of the clustering algorithm is to identify each cluster.
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3.1.1.1.2.4 Spectral Clustering
All the steps of this process are the same as the spectral embedding, except it provides us with the prediction
of which data points belong to which cluster. Spectral clustering is good at recognizing clusters even when
their forms are complicated, or they are not linearly separable [65], [66].

3.1.1.1.2.5 Affinity Propagation

This method works by iteratively propagating the willingness of one data point to be an exemplar for
another. Based on the similarity matrix of the input data, in each iteration, the process revises two matrices:
the responsibility matrix and the availability matrix. The responsibility matrix defines how compatible a
data point is to be an exemplar for another data point and availability matrix defines well-suited data point
to choose another data point as its exemplar. This updates are continued until convergence and after that
the algorithm identifies which are the most representative data points. To have clusters, the non-exemplar
data points are assigned to their nearest exemplar [67], [68].

3.1.1.1.2.6 Self-organizing map (SOM)
Self-organizing map is a neural network-based unsupervised clustering method. SOM's core tenet is
neighborhood preservation. In the grid of neurons, neurons that are near to one another are more likely to
have weight vectors that are similar, suggesting that they react to input patterns similarly [69], [70] . The
SOM learns to arrange the neurons in such a way that comparable input patterns activate nearby neurons
by repeatedly modifying the weights depending on the input data.

3.1.2 Design Space o1:
Design space 01, the second design space investigated, consists of 3226 design options. These options vary
in both length and width, ranging from 10m to 50m. Unlike the previous design space, which had binary
window segments, each window segment in this design space has a unique value expressed as a decimal.
These values determine the window-to-wall ratio (WWR) and size of each window. A value of zero signifies
no window in that segment, while non-zero values range between 0.3 and 0.7 (see Table 3-7). All design
options are four-storied while the ground floor configuration remains the same as Design Space 00.

Similar to the previous design space, the north and south facades of the building are divided into a grid of
5x3, while the east and west facades are divided into a grid of 3x3. Regardless of the building's size, each
floor of the building will have five window positions for the north and south facades and three window
positions for the east and west facades. The DataFrame for this design space is also similar to the previous
one but has two additional columns that define the length and width of each design option (see Figure 3-8).
It contains 50 columns and 3226 rows. To prevent bias, the length and width columns are reduced to two
decimal places and multiplied by 100 before being used in the models. EnergyPlus simulation properties
remain unchanged from before.

Building properties (Design Space 01) values

Building length Range (10m-50m) (north-south)
Building width Range (10m-50m) (east-west)
Window segments (North-South) 5X3

Window segments (East-west) 3x3

Window sizes Range(om-5m)

Ground floor WWR 0.6

Number of floors 4

Floor-to-floor height 3m

Surrounding context Not considered

DataFrame properties

Amount of data points 3225

Number of parameters 50

Table 3-7 Building properties for Design Space 01.
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6 6 5 5 5 7 6 7 6 6
5233 o| ol o.| o.] o o| o.| o o| o.|] o.|] o| o] o.|] o.| o o.
o 71 6] 7 3 6] 5 4| 5 3
8748 | o.| o. 0 o| o. 0 o| o. 0. o| o o| o. 0 0 0 0
2 6| 4 5 6 7 4

Table 3-8 Data frame sample for Design Space 01.

Figure 3-7 Randomly selected 12 Design options from Design Space 01.
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Figure 3-8 Data structure of Design Space 01.

3.1.2.1 Clustering Frameworks for design space o1:
To streamline the investigation of the next design space, the team applied the insights gained from
analyzing the previous design space (see 4.1). After evaluating various frameworks for design space 00, the
team selected three that generated the most accurate models with distinct clusters. All three frameworks
utilized mean-shift clustering, but with different dimensionality reduction methods, namely t-distributed
stochastic neighbor embedding (t-SNE), isomap embedding, and spectral embedding.

Surprisingly, none of the finalized frameworks performed effectively for design space 01 (see 4.2.1), as each
created only one to three distinguishable clusters of data points. As mean-shift clustering is a density-based
clustering method, it can only generate effective clusters when the data points are grouped logically. The
reason for the failure of the frameworks was the characteristics of the DataFrame. It's worth noting that if
researchers want to apply the most effective framework identified in this paper to a different design space,
they must transform all the information into a DataFrame similar to ours to ensure similar outcomes.

In order to create effective clusters, it is crucial to understand how different parameters affect the
performance outcome and incorporate this information into the DataFrame. To gain insights into which
parameters have the greatest impact on performance, a smaller design space was created and analyzed. This
design space, called "Test design space 00," includes 401 two-story design options with varying lengths and
widths between 10m and 50m, each featuring only one window on each side. The WWR ratio, which defines
the size of the window, ranges from 0.1 to 0.9 across the different options, while the ground floor
configuration remains the same as Design Space 00 (see Table 3-9).

Building properties (Test Design Space 00) | values

Building length Range (10m-50m) (north-south)
Building width Range (10m-50m) (east-west)
WWR (Window sizes) Range(0.1 — 0.9)

Ground floor WWR 0.6

Number of floors 2

Floor-to-floor height 3m

Surrounding context Not considered
DataFrame properties
Amount of data points 401

Number of parameters 6

Table 3-9 Building properties of Test Design Space 00.

The DataFrame for Test Design Space 00 includes 6 columns and 401 rows. The first four columns specify
the WWR ratio for the north, west, south, and east facades, respectively, while the last two columns indicate
the length and width of each design option (see Table 3-10). Energy plus simulations were performed using
similar properties to determine the annual energy consumption per square meter for each design option.
To understand the impact of different parameters on performance, a linear regression model was run with
the data we generated. The resulting weights from the model identify which columns have the most
significant influence on performance.
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o 1 2 3 4 5
22295 0.1 0.9 0.1 0.9 0.1 0.1
27113 0.2 0.1 0.7 0.2 0.25 0.25
153943 0.8 0.2 0.1 0.7 0.35 0.5
6996 0.1 0.3 0.2 0.8 0.45 0.3
3376 0.1 0.2 0.1 0.6 0.5 0.25

Table 3-10 Data frame sample for Test Design Space 00.

Figure 3-9 Randomly selected 6 design options from Test Design Space 00.
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Figure 3-10 Weights for different parameters of Test Design Space 00.

The figure showing the weights (see Figure 3-10) clearly explains different properties of the design have
different impacts on performance outcomes. It is proven that each column or parameter should be treated
in a way that the dimensionality reduction method can promote density to design options having similar
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performance outcomes. To do so each column should be weighted effectively. The team investigated many
ways of weighting design parameters before running dimensionality reduction and clustering algorithms.
3D scattered plots explained how the added weights helped the data points grouped together and generated
meaningful clusters.

Three dimensionality reduction methods are mentioned before and mean-shift clustering is used after
adding weights. ‘model error vs cluster count Pareto distribution’ is generated for all different frameworks.
In total 21 frameworks were compared with each other to find out the best one (see Figure 3-11).

floor-based weights

Adding weights Dimensionality reduction Clustering methods
t-Distibuted stochastic

d wiaights
Neighbor Embedding (TSNE)

No added weights "-_ d
Parameterbosed weights (== —— | , /
‘ ' sl
I 7 lsomap Embedding
Vector-based weights =

MeanShift Clustering

Design Space 01

simulation-based weights

simulation-based window

size weights

Figure 3-11 Clustering frameworks for Design Space 01.

3.1.2.1.1  Adding weights methods for Design Space o1:

If we delve into the process in greater detail, our initial step involves transforming our 50-dimensional data
frame into a lower dimensional representation through various techniques outlined below. Subsequently,
the lower dimensional data points, along with their corresponding simulated outcome (annual energy
consumption per square meter), are employed as training input for a linear regression model [71] using
scikit-learn's default hyperparameters [72]. This regression model operates as a non-linear regression with
higher regularization. Exploring different hyperparameters of the model could potentially yield more
accurate results, although this aspect has not been investigated in this paper.

Upon running the regression model, we obtain weights for each column or different characteristics of the
building, which are then multiplied with the columns of the lower-dimensional data frame or directly to
those character defining parameters of the actual data frame. As a result, we obtain a new weighted data
frame that incorporates the importance of each characteristic or parameter. This new data frame serves as
the basis for further dimensionality reduction, resulting in a final data frame with only three dimensions.
It is important to note that the clustered outcome differs significantly across different techniques, as each
technique emphasizes distinct characteristics of the building, such as the number of windows on each floor,
the quantity of windows on different facades, length, width, and other relevant factors. For Design Space
01, the linear regression model was trained using all 3225 simulated outcomes, while the subsequent
explorations involved a smaller sample size.

3.1.2.1.1.1 Floor-based weights
In this process, we transformed the original DataFrame into a new data frame consisting of only three
columns. These columns represent the total sum of window-to-wall ratios (WWRs) on each of the three
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floors (see Figure 3-12, Table 3-11). Since the ground floor is consistent across all designs, it is not
considered in this analysis, as is the case with other techniques. The converted data frame, along with its
corresponding simulated outcomes, serves as the training input for the linear regression model. As a result,
the regression model provides three distinct weights for the windows on each of the three floors. These
weights are then multiplied to the respective columns in the original data frame. For example, the columns
representing the windows on the first floor are multiplied by the weight found for the first floor, and the
same applies to the columns for the second and third floors. The resulting weighted data frame is
subsequently utilized for further dimensionality reduction procedures.

0o 1 2
85401 1.5 0.6 1.6
46952 0.3 0 1.4
47872 0.3 1.6 1

52120 1.2 0.6 1.5
52141 1 1.4 1.1

Table 3-11 Converted data frame for floor-based adding weights method.

Figure 3-12 Floor-based adding weights method (left), Window

position-based adding weights method (right).

3.1.2.1.1.2 Window position-based weights

In this process, the four facades of the building are divided vertically into 16 subdivisions. The north and
south facades each have five window positions, totaling 10 subdivisions, while the east and west facades
have six subdivisions in a similar manner. Each subdivision represents the sum of window-to-wall ratios
(WWRs) for three window positions on three floors of a given design option. The initial data frame is
transformed into a 16-dimensional data frame (see Table 3-12), where each row represents the total WWR
for one of the 16 subdivisions (see Figure 3-12). This new low-dimensional data frame captures information
about the distribution of apertures across different sides of the building.

After running the linear regression model, we obtain weights for the windows placed in each subdivision.
These 16 weights are then multiplied with the corresponding columns in the original data frame. This
process allows us to determine the influence of windows located in specific subdivisions, such as the south
facade or the south-eastern side, on the overall performance outcome. The resulting weighted data frame
provides insights into the significance of different window placements and their impact on performance. It
is subsequently used for further dimensionality reduction procedures, enabling a more concise
representation of the data while preserving the important characteristics related to aperture distribution.
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(1) 1 2 3 4 5 6 4 8 9 10 |11 (12 |13 |14 |15

85401 |04 |05 |07 |05 |13 |1 1 1.4 | 0.6 | 0.3 |06 |1 0.9 | 0.9 |12 | 1.6

46952 | 0.3 |07 |03 |09 |11 |07 |1 09 |06 |09 |04 |O 09 |0 0.7 |1

47872 | 0.3 ]08 |07 |12 |09 |1 0.7 | O 070803 |0 0.7 |11 | 0.7 |11

52120 | 0.5 |08 |06 |13 |08 |14 |12 |11 |12 |O 1.8 | 0.3 0.4 |08 |09 |16

oS24l | 6 | 11 04 |1 09 |21 /08|12 |07 |0 1.9 |07 |06 |13 |12 |1

Table 3-12 Converted data frame for window position-based adding weights method.

3.1.2.1.1.3 Parameter-based weights
In this approach, the initial data frame is used directly as the input for training the linear regression model,
along with the corresponding simulated outcomes. The regression model generates 50 different weights for
each of the 50 columns in the data frame. These weights are then multiplied with their respective columns
to create a new data frame that retains the same structure but is weighted.

This method offers a flexible way to incorporate weights, eliminating the need to convert the data frame as
described before. It allows for the inclusion of unique and diverse parameters in the design space, such as
louvers and shading for different designs. The initial data frame can have a completely different structure
and can be easily used in the regression model to obtain weights for the parameters it represents. By
avoiding additional conversions of the data frame, this process is straightforward to execute and produces
robust weights that can be used by subsequent dimensionality reduction algorithms to understand the
influence of different parameters on performance outcomes. It is also applicable to different types of
performance outcomes, making it versatile for future analyses.

3.1.2.1.1.4 Vector-based weights

In this approach, the initial data frame undergoes a vector-based dimensionality reduction (see 3.1.1.1.1.1)
process, as described earlier, resulting in a 12-dimensional data frame. The process is similar to what we
have done for the previous design space, but instead of combining the vectors into one at the end, we now
have four vectors, each with three coordinates, yielding a total of 12 parameters to define a single design
option (see Table 3-13). This 12-dimensional data frame is used as the training input for a linear regression
model, along with their corresponding simulated outcomes. The regression model provides 12 different
weights for each design option.

1) 1 2 3 4 5 6 7 8 9 10 11
85401 106.4 1.9 104.0

287 |2.25|0 237 |0 74.40 | 2.68 | 3.27 | O 1.35 | 1.84 | 76.60
4695 70.4 | 0.9 |25 |106.8 | 0.4 68.6
2 0.95 | 1.88 | 111.00 | 0.71 [ 147 | O 0 8 0 5 1.25 | O

0.9 0.6 59.4 | 0.8 |25 0.4
47872 8 1.88 | 112.20 | 2 1.25 | O 9 0 104.60 | 5 1.49 | 74.20
52120 2.6 78.6 3.9 2.0

4.86 | 3 112.40 | 4.10 | 2.19 | O 4.81 | 2 112.20 | 2.25 | 6 75.00
52141 2.8 1.8

8 2.25 | 114.40 | 2.58 | 8 79.40 | 2.81 | 3.42 | 110.20 | 1.35 | 1.91 | 75.40

Table 3-13 Converted data frame for Vector-based adding weights method.

These generated weights are then multiplied with their respective columns in the converted 12-dimensional
data frame, creating a newly weighted low-dimensional data frame. This weighted data frame is
subsequently used for further dimensionality reductions. Similar to the window position-based adding
weights method, this process provides insights into the distribution of apertures. However, it also
incorporates information about the building's shape and size, making it a more robust and effective
approach. The resulting data points with reduced dimensions carry valuable information that is highly
significant and influential for performance prediction.
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3.1.2.1.1.5 Simulation-based weights
In this process, the weights obtained from the 'Test design space 00' (see 3.1.2.1) are utilized. As mentioned
earlier, the test design space consists of fewer data points and parameters with a similar ground floor
condition. By running the linear regression model, we obtain six parameters: four weights for the windows
located in the north, west, south, and east facades, and two parameters for the length and width of the
building (see Figure 3-10). These six weights are then multiplied with the respective columns of the initial
data frame.

The purpose of this process is to establish universal weights that can be applied to any design space. The
weights generated for a specific site can be utilized for multiple other design spaces. If an analysis is required
for a different location with slightly different conditions, simulations can be run for another small-scale
design space. However, it is important to note that the effectiveness of universal weights depends on their
accuracy. Further research is needed to explore the generation of weights that can be applied to multiple
design spaces, an aspect that has not been extensively investigated in this paper.

3.1.2.1.1.6 Simulation-based length and width weights
This process is similar to the simulation-based adding weights method, with the main difference being the
exclusion of weight multiplication for window positions in different facades.

3.1.2.1.1.7 Simulation-based window size weights
This process is same as the simulation-based adding weights method, except this excludes multiplying
weights for the length and width of the building. By including two different methods of adding simulation-
based weights, the aim is to investigate whether the size and shape of the building have a greater influence
on the performance outcome or if it is the window positions that play a more significant role.

3.1.2.1.1.8 Combined weights
This process was explored to investigate the possibility of combining weights obtained from two different
techniques and reducing simulation time. It involves the utilization of a total of 5 weights: 3 weights for the
windows at three different floors obtained from the floor-based adding weights technique, and 2 weights
for the length and width of the building obtained from the simulation-based adding weights technique.

However, it should be noted that weights generated from the two different linear regression models may
have significantly different ranges. To address this, all the floor-based weights were remapped to a range of
1 to 10. The remapped floor-based weights are then multiplied with their respective columns, while the
weights for the length and width are multiplied with the corresponding length and width columns of the
initial data frame. As a result, the newly formed weighted data frame maintains the same structure as
before, which is then used for further dimensionality reduction processes.

3.1.2.1.1.9 No added weights
To find out the benefits of adding weights by different techniques we have also kept a framework where no
weights were added with the initial data frame. At the end we have compared these different frameworks
by generating “Model error vs cluster count' Pareto frontiers for each.

3.1.2.1.2 Dimensionality reduction methods for Design Space o1:

Based on our previous understanding, we have chosen to focus on three dimensionality reduction processes
for this design space: t-distributed stochastic neighbor embedding (t-SNE), isomap embedding, and
spectral embedding. These methods have shown promising outcomes, while other methods did not generate
meaningful results. Minor changes in hyperparameters for the t-SNE model was necessary to make clusters
more district and separated from each other (perplexity: 30, early exaggeration: 12). Similar values are used
for all further investigations. However, we acknowledge that the excluded methods may still have potential
in different contexts or situations. Due to our limited timeline, we made the decision to prioritize the
selected methods for further investigation.
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3.1.2.1.3 Clustering method for Design Space o1:

Given that the dimensionality reduction processes aim to densify data points into smaller groups, we have
opted to utilize the meanshift clustering method for further investigations. Meanshift is a density-based
clustering algorithm that is well-suited for identifying clusters of varying shapes and sizes. One of the major
advantages of meanshift clustering is its ability to adaptively determine the number of clusters by adjusting
the bandwidth parameter. By changing the bandwidth value, we can easily control the granularity of the
clustering results and obtain different amounts of clusters, allowing for a more flexible and comprehensive
analysis of the data. We experimented with varying bandwidths ranging from 0.001 to 0.051 to obtain
different numbers of clusters using. We increased the bandwidth by 0.001 in each iteration and observed a
total of 50 iterations.

3.1.3 Design Space o02:

The third design space, called ‘Design Space 02, includes 6000 four-storied design options, increasing the
number of data points due to an increase in design parameters. This space is similar to the previous one,
with the addition of shades on each window to create a more realistic representation of buildings and
understand their effects on different frameworks. The DataFrame now has 6000 rows and a total of 98
columns. The first 48 columns define the WWR of windows located on different facades and floors (see
Table 3-15), similar to Design Space 00. The 49th and 50th columns represent the lengths and widths of all
design options, similar to Design Space 01. The configuration of the ground floor is the same as before.

Columns 50 through the end define the depth of shades, represented by values less than one, indicating the
portion of the maximum depth of 2.5m. To determine the assigned depth of shade for any window, values
extracted from the DataFrame are multiplied with the maximum depth. The chronology of these shades is
the same as the windows, with columns 50-64, 65-73, 74-88, and 89-97 representing the depth of shades
for the north, west, south, and east facades, respectively (see Figure 3-13). Each shade covers three sides of
the window, leaving the bottom side without a shade. The DataFrame allows for a shade depth of o for any
window, but no window segment with a WWR of zero has a shade depth other than zero to prevent any bias
in the DataFrame.

Building properties (Design Space 02) values

Building length Range (10m-50m) (north-south)
Building width Range (10m-50m) (east-west)
Window segments (North-South) 5X3

Window segments (East-west) 3x3

Window sizes Range(om-5m)

Shade depth Range(om-2.5m)

Ground floor WWR 0.6

Number of floors 4

Floor-to-floor height 3m

Surrounding context Not considered

DataFrame properties

Amount of data points 6000

Number of parameters 98

Table 3-14 Building properties for Design Space 02
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North facade west facade south facade east facade North shade west shade south shade east shade
0-14 15-23 24-38 39-47 Length  width I 50-64 65-73 74-88 | 89-97

3 24 39 17 5
32459 0.4 o] 0.4 0.3 1] 4] 0 [+] 0.4 [+ o] o) oA [s] o] o] of
82307 0. 0.4 0 .04 (] o 0. 0. 0.9 0 0 0.3 o} 0 0. 0.3 0.6 0.5 0.6
1702 0.6 0 o) .0 0.5 0.5 [+] [+] 0.5 0. [}] 0.6 0. 6 0.6 [+] [s] o o
52330 4] 0.’ 0.6 .0/ [0} 0.3 o] 0.5 [+] 0.6 0.5 [0} 0.4 0.5 (8] 0.3 0.4 0 0.
87482 0.6 0 0 ..0.5 0 0 0.6 0 [} 0 0 0 0 0 0 o o o o
Figure 3-13 Data structure of Design Space 02.
(1) 2| 3 4 5 6 7 8 9 |10 | 11 |12 | 13 | 14 | 15 | 16 | 17
3177 0. 0. 0.| O 0.| O 0] 0.| o.| o.
O| 4/0| o] 4| o| o] 6| 5| o] of o 5| 3| 7| 7| 7| 5
337 0. o.| o. o. 0 0 0. o.
3 3 0|0 6 4 0 3 0 5 0 0 0 0 4 3 0 5 0
424 0. 0. 0. 0. 0. 0. 0. 0. (0] 0.
3 0 710 7 Y 3 7 4 0 3 3 3 3 0 0 Y 6 0
348 o. o. o.| o 0.
7 0 o|o 7 0 0 0 0 7 3 0 3 3 0 0 0 5 0
487 o. 0. 0. o.| o.|] o.| o.
8 0 o|o 0 0 5 0 0 0 6 0 7 0 0 4 3 5 4

Table 3-15 Sample data frame of Design Space 02.
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Figure 3-14 Randomly Selected 12 design options from Design Space 02.

3.1.3.1 Clustering Frameworks for design space 02:

Previous studies that involved adding weights to our DataFrame proved to be effective in producing lower
model errors while using fewer clusters. However, it is noted in the results section (see 4.2) that most of the
weights were derived from data containing the performance outcomes of all design options, which did not
provide any insight into how much time could be saved by following a particular framework. To address
this issue, we conducted further investigations by trying different percentages of the dataset to obtain the
weights. Prior to determining how to add the weights before dimensionality reduction, we incorporated an
additional step by defining the percentage of the dataset that would be utilized for linear regression. We
experimented with four percentages - 3%, 5%, 10%, and 12% (180, 300, 600, 1200), each of which impacted
the weights generated by linear regression and subsequently changed the arrangement of data points in
reduced dimensions (see Figure 3-15).
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With insights gained from the previous investigation (see 4.2), we proceeded with five adding weights
methods, keeping all procedures unchanged except for the vector-based adding weights system. Since the
new design space now included shades, we needed to investigate how this new information could be added
to the produced vectors. The team developed four different ways of including shading information with the
vectors, resulting in eight different ways of adding weights that were compared with a framework that had
no weights added. For dimensionality reduction, we used the previously mentioned t-distributed stochastic
neighbor embedding (t-SNE), isomap embedding, and spectral embedding (spectral embedding is only
when no weights are added), and for clustering, we used only the mean-shift clustering algorithm. A total
of 56 frameworks were compared with each other to identify the best one.

The charts depicting the Pareto distribution of '"Model error vs cluster count' for this new design space (see
Figure 3-15) provide a clear indication of the potential time savings that can be achieved by following a
framework. Initially, simulations were conducted to obtain weights, which were added to the cluster count.
The total number of simulations required is the sum of the simulations conducted to obtain weights and the
number of clusters provided by the mean-shift algorithm.

Simulation count Adding weights Dimensionality reduction Clustering methods

/{ No added weights

Parameter-based weights

Parameter-based weights of
) length and width only \

A

+-Distributed Stochastic
Neighbor Embedding (TSNE)

Spectral Embedding MeanShift Clustering
lscmap Embedding }/

..
ff:f\
/ Training data 10% %

Simulation-based weights of
length and width cnly

vector-based weights f
Window + shade
vector-bosed weights 4 i

window * shade

vector-based weights
Window + shade(-1/+1)

Design Space 02

hy
/i
Training data 6% “;‘
i

j““ \
“\ Y \

simulation-based

Vector-based

vector-based weights
Window + shade [weighted)

Figure 3-15 Clustering frameworks for Design Space 02.

3.1.3.1.1 Adding weights methods for Design Space 02
For each different framework, after selecting the percentage of the data frame to be used for training the
linear regression model, the next step involves adding extracted weights to the data frame. While the
dimensionality reduction and clustering methods remain largely the same as in the previous Design Space,
the adding weights methods are customized to include shades in this particular design space.

3.1.3.1.1.1 Parameter-based weights
This process is same as the previously used parameter-based adding weights method for design space 00
(see 3.1.2.1.1.3). For this design space we get 98 weights for 98 columns,

3.1.3.1.1.2 Parameter-based length and width weights
This process is similar to the previously used parameter-based adding weights method (see 3.1.2.1.1.3).
However, instead of considering all 98 weights provided by the linear regression model, this process focuses
solely on the weights corresponding to the building length and width. These weights are multiplied with
their respective columns in the data frame. The rationale behind this approach stems from previous insights
into the influence of the building's shape or volume on the performance outcome. When we have only used
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the weights of length and weights from ‘simulation-based adding weights’ method, significant decrease of
model error is observed (see 4.2.6), for why it is assumed that this process would help in a similar way.

3.1.3.1.1.3 Simulation-based weights
Similar to the previously employed simulation-based adding weights method (see 3.1.2.1.1.5), a new
smaller-scale design space called "Test design space 01" has been created to accommodate the inclusion of
shades. This new design space consists of 600 design options, which represents approximately 20% of the
entire design space.

Test design space 01 is composed of a total of 10 columns. Columns 0 to 3 represent the window-to-wall
ratios (WWRs), while columns 4 to 7 correspond to the depth of shades on the north, west, south, and east
facades, respectively (see Table 3-17). The remaining two columns define the length and width of each
design option. The range of shade depths spans from om to 2.5m, mirroring the characteristics of Design
Space 02. Furthermore, the ground floor condition remains consistent with Design Space 02, featuring the
highest WWR and no shades.

Building properties (Test Design Space 01) | values

Building length Range (10m-50m) (north-south)
Building width Range (10m-50m) (east-west)
WWR (Window sizes) Range(0.1 — 0.9)

Shades Range(om-2.5m)

Ground floor WWR 0.6

Number of floors 2

Floor-to-floor height 3m

Surrounding context Not considered

DataFrame properties

Amount of data points 600

Number of parameters 10

Table 3-16 Building Properties for Test Design Space 01.

o 1 2 3 4 5 6 7 8 9
50 0.5 0.3 0.7 0.9 0.25 0.3 0.5 0.7 0.2 0.7
43 0.2 0.7 1 0.2 0.1 0.25 0.7 0.5 0.8 1
51 0.7 0.1 0.1 0.2 0.1 0.1 0.8 1 0.2 0.6
117 0.4 0.1 0.1 0.5 0.1 0.35 0.9 0.7 0.9 0.9
522 0.3 1 0.6 0.5 0.5 0.3 0.7 0.8 1 0.6

Table 3-17 Sample Data frame of Test Design Space o1.

3.1.3.1.1.4 Simulation-based length and width weights
This process takes weights only for the length and width of the building generated from ‘Test design space
o1’. Extracted weights are multiplied with column 49t and 50t of the design space 02.
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Table 3-18 Randomly selected 9 design options from Test Design Space 01.
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Figure 3-16 Weights for different parameters of Test Design Space 01.
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3.1.3.1.1.5 Vector-based (window + shade)
This process is like the vector-based adding weights method employed for design space 01 (see 3.1.2.1.1.4),
with the addition of incorporating information about the depth of shades, which presented a significant
challenge. In the previous method, the window-to-wall ratio (WWR) was multiplied by the corresponding
vector. However, when considering the decimal values representing the shading depth, we explored four
different approaches.

In the first method, we computed the sum of the WWR and shading depth value for each window and
multiplied the total by the vector associated with that window. Subsequently, all vectors were combined
into a single vector for each facade. Given that we have four facades in this design space, each with three
coordinates, the resulting data frame became 12-dimensional.

1) 1 2 3 4 5 6 7 8 9 10 11

3177 | 1.81 | 2.25 | 140.20 | 1.85 | 2.61 | 95.20 | 1.37 | 3.51 | 116.80 | 0.68 | 1.41 | 59.60
3373 | 4.01 | 1.88 | 127.20 | 3.01 | 1.56 | 79.40 | 3.52 | 3.20 | 115.80 | 1.58 | 1.93 | 95.00
4243 | 1.08 | 3.38 | 127.00 | 0.85 | 2.82 | 76.40 | 1.04 | 6.12 | 125.00 | 0.45 | 3.15 | 74.40
3487 | 1.05 | 1.88 | 125.80 | 0.92 | 1.62 | 85.80 | 1.10 | 3.65 | 140.60 | 0.45 | 1.43 | 68.40

4878 | 2.88 | 3.38 | 122.20 | 2.73 | 2.70 | 76.40 | 2.88 | 5.58 | 124.20 | 1.35 | 2.66 | 89.00
Table 3-19 Sample Data frame for Vector-based (window + shade) adding weights method.

3.1.3.1.1.6 Vector-based (window * shade)
In this method, instead of multiplying the sum of the window-to-wall ratio (WWR) and shading depth with
the corresponding window vector, we multiplied the product of the WWR and shading depth. The more
accurate lower dimensional representation would generate lower model error.

) 1 2 3 4 5 6 7 8 9 10 11

3177 | 1.31 | 2.25 | 104.08 | 0.99 | 1.72 | 65.48 | 1.18 | 2.54 | 96.90 | 0.68 | 1.36 | 54.60
3373 | 2.94 | 1.88 | 98.58 |1.87 | 1.21 | 59.48 | 2.87 | 2.27 | 97.38 | 1.58 | 1.40 | 68.02
4243 | 0.84 | 3.38 | 96.40 | 0.53 | 2.20 | 57.00 | 0.84 | 4.20 | 99.90 | 0.45 | 2.32 | 59.04
3487 | 0.82 | 1.88 | 97.84 | 0.59 | 1.28 | 64.50 | 0.83 | 2.35 | 103.64 | 0.45 | 1.21 | 58.20

4878 | 2.40 | 3.38 | 98.30 | 1.58 | 2.11 | 58.30 | 2.41 | 3.93 | 99.74 |1.35 | 2.16 | 64.38
Table 3-20 Sample Data frame for Vector-based (window * shade) adding weights method.

3.1.3.1.1.7 Vector-based (window + shade(weighted))
The influence of shading devices can vary depending on their orientation. For instance, a greater shading
depth on the west facade of a building located in Seattle may lead to a significant reduction in annual energy
consumption compared to other facades. Recognizing the varying influence of shading devices on
performance outcomes, this process aims to incorporate their individual impacts while reducing the
dimensionality of the data. To achieve this, weights for the shading depths of the four different facades are
obtained from the linear regression model run on "Test design space 01". The decimal shading depth values
are multiplied by their corresponding weights. The resulting product is then multiplied by the window-to-
wall ratio (WWR) and subsequently multiplied by the respective vector associated with each window. By
considering the weights, shading depths, and WWRs in this manner, we aim to capture the distinct

influences of shading devices on the overall performance outcome while reducing the dimensionality of the
data.

[4) 1 2 3 4 5 6 7 8 Z|9 10 11
3177 | 2.30 | 2.25 | 179.26 | 2.69 | 3.71 | 126.77 | 1.46 | 4.09 | 133.74 0.68 | 1.41 | 57.80
3373 | 4.62 | 1.88 | 144.39 | 3.44 | 1.69 | 88.74 | 4.20 | 4.39 | 136.78 1.58 | 2.84 | 142.88
4243 | 1.30 | 3.38 | 130.57 | 0.94 | 3.14 | 73.02 | 1.33 | 8.60 | 152.76 0.45 | 3.91 | 85.95
3487 | 1.22 | 1.88 | 139.70 | 1.34 | 2.12 | 120.56 | 1.28 | 4.85 | 176.47 0.45 | 1.68 | 80.62
4878 | 3.23 | 3.38 | 142.62 | 2.81 | 2.58 | 81.26 | 3.26 | 6.88 | 151.74 1.35 | 2.90 | 119.80

Table 3-21 Sample Data frame for Vector-based (window + shade(weighted)) adding weights method.
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3.1.3.1.1.8 Vector-based (window + shade*(-1/1))
The weights obtained for shading depths in different orientations were not uniformly positive. Specifically,
the weights for north and south facing shades had negative values, while the weights for west and east
facades were positive. In this method, we incorporate these weight values by adding the decimal shading
depth value to the window-to-wall ratio (WWR) when the weights are positive, and subtracting the shading
depth value from the WWR when the weights are negative. The resulting calculated value is then multiplied
by the corresponding vector associated with each window.

0 1 2 3 4 5 6 7 8 9 10 11
3177 | 1.10 2.25 | 86.20 | 1.85 | 2.61 | 95.20 | 1.37 3.51 116.80 | 0.68 | 1.35 | 55.60
3373 | 250 | 1.88 | 81.60 | 3.01 |1.56 |79.40 | 3.52 | 3.20 | 115.80 | 1.58 1.07 | 45.00
4243 | 0.76 | 3.38 | 97.00 | 0.85 | 2.82 | 76.40 | 1.04 | 6.12 | 125.00 | 0.45 | 2.13 | 56.80
3487 | 0.75 | 1.88 | 81.00 | 0.92 |1.62 | 85.80 | 1.10 3.65 | 140.60 | 0.45 | 1.08 | 51.60
4878 | 2.32 | 3.38 | 93.00 | 2.73 | 2.70 | 76.40 | 2.88 | 5.58 | 124.20 | 1.35 2.15 | 53.80
Table 3-22 Sample Data frame for Vector-based (window + shade*(-1/1)) adding weights method.

3.1.3.1.1.9 No added weights:
Similar to the previous design space frameworks, we also explored frameworks without adding any weights.
This approach allowed us to examine the benefits and effects of not incorporating weights into the out data
frame.

3.1.4 Design Space 03:

The team moved on to more intricate design spaces to assess the performance of the frameworks under
diverse conditions. The new design space, named 'Design Space 03', comprises 5470 L-shaped, four-story
design options. The length of the two arms of each option ranges from 10m to 50m, while their depth varies
from 3m to 35m. Unlike the previous design space, where window segments had different window-to-wall
ratios (WWRs) (see Table 3-14, Table 3-15) , in this design space, each face on each floor of any design
option has a distinct WWR. There are six faces on each floor, resulting in a total of 18 faces across three
floors. The size of the window in each grid position is determined by the WWR, with no windows at all if a
face length is 3m or less. The ground floor configuration remains the same as Design Space 00.

The DataFrame for Design Space 03 comprises 43 columns (see Table 3-24). The first 18 columns define
the WWR for all faces. The first 6 columns represent the WWR for the 6 faces on the first floor, the next 6
columns represent the second floor, and the last 3 columns represent the third floor. WWRs are randomly
assigned values from 0 to 0.98. Any window can have a maximum length of 3m. Columns 18-35 define
shades for different faces in a similar manner. The highest depth of any shade is 2.5m. The following 6
columns (36-41) define the length of the 6 faces of all design options, and the last column describes the area
of all design options (see Figure 3-18). Similar to Design Space 02, any face with a WWR of zero also has a
shade depth of zero, while faces with a WWR greater than zero may have a shade depth of zero.

Building properties (Design Space 02) values

Building north-south arm Range (10m-50m)
Building east-west arm Range (10m-50m)
Depth of any arm Range (3m-35m)
Number of faces on each floor 6

WWR for any face Range (0-0.98)
Window sizes Range(om-3m)
Shade depth Range(om-2.5m)
Ground floor WWR 0.6

Number of floors 4
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Floor-to-floor height 3m

Surrounding context Not considered
DataFrame properties
Amount of data points 5470

Number of parameters

43
Table 3-23 Building Properties for Design Space 02.

Figure 3-17 Randomly selected 12 Design options from Design Space 03.




(1) 1 2 3 4 5 6 4 8 9 |10 | 11 | 12 | 13 | 14 | 15...
3177 | 05| 03]02|098| 07| 01| 0.6 0|04 01/09|08)| 01| 0.1]|04]o0.2.
3373 | 02| 07| o| 09| 0.1]0.8|098]|0.98]|0.7|08]0.3 0|o02]|07]|0.8]o05.
4243 | 0.98 | 0.6 | 0.4 o| 06|04 o| 08|o06|05|05]|02|07| 0] 07| o0.1..
3487 | 0.2]098| 05| 0.1]0.98 o| 09| 04|03]|02]|05]|06|06|06]|0.2] o0.1..
4878 0.2 0.7 | 0.6 0.2 0.3 | 0.2 | 0.98 01/04|08]01]02]|07]|03]| 0.7]|0.3...
Table 3-24 Sample data frame of Design Space 03.
First floor facades Second floor facades Third floor facades First floor Shades Second floor Shades Third floor Shades Length of faces
[ 6nu | [ | [ 1823 | 2429 | [ 3035 ) [ 364 area

0-5

12-17

2 1 2
3177 0.5 0.1 0.6 0.8 0.1 0.3 0.8 0.1 0.8 0.98 0.3 04 035 05 0‘1315
3373 0.2 0.8 098 0 0.2 0.9 0.3 02 098 0.1 0.1 0.98 0.3 ... 0.25 0.04875)
4243 0.98 0.4 0 0.2 0.7 0.1 0.1 0.6 0.2 0.7 0.8 0 0.1 ... 0.45 0.0288]
3487 0.2 0 0.9 0.6 0.6 0.6 0.2 0.6 0 0 0.98 0.5 045 . 0.35 0.1008]
4878 0.2 02 098 0.2 0.7 0.5 9] 0 0.5 9] 0.9 0.8 0.5 0.1 0.0425'

Design Space 02

Figure 3-18 Data Structure of Design Space 03.

Clustering Frameworks for design space 03:
The design space generated for the purpose of validating previously investigated frameworks remains
largely unchanged, with only a few exceptions. Specifically, it was found that dimensionality reduction
through multiplication of WWR and shade, as well as shade weights, was not very effective for the vector-
based method (see 4.4.4), and thus was not used in Design Space 03. One area of investigation in this new
design space is the determination of the optimal number of vectors for the vector-based dimensionality
reduction method. While previous iterations used four facades and three values per vector, the six facades
in Design Space 03 will require six vectors and 18 values per design space after dimensionality reduction.

Simulation count

Adding weights

Mo reduced dimension

Wector-based

Window + shade

Separated vector-based

waights

Separcted vector-bosed

weights

Windew = shads(-17+1)

0 Window + shade |
vectorbased weights
Window + shade(-1/+1}

Figure 3-19 Clustering Frameworks for Design Space 03.
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Furthermore, we will explore the impact of grouping similarly oriented facades into one vector, resulting in
four vectors for each side due to the orthogonal nature of the faces. Additionally, we will consider the
weights generated for the previous design space for the simulation-based dimensionality reduction
methods. Another change from previous frameworks is the inclusion of total area and its weight, instead of
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considering the weights of length and width in methods that previously only incorporated those parameters.
Similar to previous design space after selecting simulation count out of four and adding weights we have
used three dimensionality reduction methods which are t-distributed stochastic neighbor embedding (t-
SNE), isomap embedding, and spectral embedding and one clustering method which is Meanshift
clustering (see Figure 3-19).

3.1.4.1.1 Adding weights methods for Design Space 03

The valuable insights gained from the previous experiments conducted on 'Design space 02' (see 4.4.5) have
guided us in determining the effectiveness of various frameworks. In this design space, we aim to cross-
check the performance of these frameworks. However, as mentioned before, the vector-based adding
weights methods, specifically the one considering the product of WWR and shading depth, as well as the
method involving multiplication of weights of shading depths for different orientation, did not yield
satisfactory results in terms of generating an effective Pareto frontier. As a result, we have chosen to avoid
these methods while exploring this particular design space.

3.1.4.1.1.1 Parameter-based weights:
This process is same as explained before for the ‘design space 02’ (see 3.1.3.1.1.1).

3.1.4.1.1.2 Parameter-based area weight:
As mentioned earlier, the DataFrame used for 'Design space 03' includes an additional column that
represents the area of each design option. In this method, we have followed the parameter-based adding
weights approach (see 3.1.3.1.1.1), but with a slight modification. Instead of considering all the extracted
weights, we have focused on multiplying the weight associated with the last column, which corresponds to
the total area of the building. By incorporating the influence of the building's total floor area, we aim to
capture its impact on the performance outcome.

3.1.4.1.1.3 Simulation-based weight:
This process is similar to what was done previously for 'design space 02' (see 3.1.3.1.1.3). In this case, we
have not generated a new smaller-scale design space, as our objective was to explore the possibility of
reusing the extracted weights for multiple frameworks. By applying the previously obtained weights from
"Test design space 01" to the current design space, we aim to assess their effectiveness and determine if
they can be consistently applied across different scenarios.

) I — S S [—
-50
-100
-150
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Figure 3-20 Added new area weight from Test Design Space 01.
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3.1.4.1.1.4 Simulation-based area weight:
From "Test design space 01" (see 3.1.3.1.1.3), we have extracted a new weight specifically for the total area
of the building (see Figure 3-20). This weight is applied in a same way we have done in "parameter-based
area weight" method, where it is multiplied only with the values in the last column of the generated data
frame.

3.1.4.1.1.5 Separated vector-based weights (window + shade)

In this process, we apply the vector-based adding weights method, which takes into account the sum of the
window and shading depth, similar to previous design spaces. However, unlike the previous design spaces,
the design options in this particular design space have six faces: two facing north, one facing west, one
facing south, and two facing east (see Figure 3-21). For each of these six faces, we have corresponding
vectors with three coordinates. By applying this process, the original 43-dimensional data frame is
transformed into an 18-dimensional data frame (see Table 3-25), reducing the dimensionality, and
capturing the essential features of the design options in a more concise representation.

Figure 3-21 Separated vectors (left) Combined vectors (right).

o 1 2 3 4 5 13 14 15 16 17
3177 | 1035.0 | 687.5 | 226.1 | 770.0 | 634.4 | 80.4 | ... 1132.5 | 123.0 | 700.0 | 2118.1 | 345.6
3373 | 634.6 283.0 | 180.9 | 280.6 | 86.2 53.7 373.8 | 71.0 263.1 | 555.4 199.9
4243 | 73.6 156.9 | 66.3 218.1 | 379.7 | 114.0 | ... 200.8 | 25.7 | 162.8 | 1420.0 | 172.2
3487 | 1577.4 | 569.6 | 352.0 | 889.7 | 254.1 | 106.4 | ... 805.4 | 114.3 | 575.4 | 924.1 206.3
4878 | 2321.5 | 218.8 | 460.8 | 205.7 | 16.8 21.0 .. 348.4 | 135.3 | 197.2 | 70.9 48.2

Table 3-25 Sample data frame for Separated vector-based adding weight method.

3.1.4.1.1.6 Separated vector-based weights (window + shade*(-1/1))

In this process, we follow the same approach as the 'Separated vector-based weights (window + shade)'
method, which considers six different vectors for the six faces. However, there is a slight modification in
how the shading depth values are handled. If the corresponding weight for a shading depth is negative, it is
subtracted from the window value. On the other hand, if the weight is positive, the shading depth is added
to the window value. This approach, similar to the previously explained vector-based weights (window +
shade*(-1/1)) method (see 3.1.3.1.1.8), accounts for the different influences of shading depths on the
performance outcome.

o 1 2 3 4 5 13 14 15 16 17
3177 -

1035.0 | 687.5 | 226.1 | 154.0 | 438.4 | 42.0 | ... 342.5 | -13.5 700.0 | 2118.1 | 345.6
3373 | 634.6 | 283.0 | 180.9 | 136.6 | 70.2 17.7 | ... 37.8 -15.8 263.1 | 555.4 199.9
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4243 -
73.6 156.9 | 66.3 38.1 249.5 | 27.0 | ... 47.8 -2.3 162.8 | 1420.0 | 172.2
3487 | 1577.4 | 569.6 | 352.0 | 241.7 | 168.3 | 3.2 462.4 | 70.2 5754 | 924.1 206.3
4878 | 2321.5 | 218.8 | 460.8 | 35.7 13.4 -6.9 | ... 62.4 -66.0 197.2 | 70.9 48.2
Table 3-26Sample data frame for Separated vector-based (-1/1) adding weight method.

3.1.4.1.1.7 Vector-based weights (window + shade)
In this process, the extracted vectors for all faces within each facade orientation are combined into a single
vector. This results in a total of four vectors representing the four different facade orientations. The
remaining steps of the process are the same as those followed for 'design space 02’ (see 3.1.3.1.1.5).

3.1.4.1.1.8 Vector-based weights (window + shade*(-1/1))
This process is same as explained before for the ‘design space 02’ (see 3.1.3.1.1.8) that considers if the
corresponding weights are positive or negative. Similar to the immediately explained method four vectors
for four orientation is considered instead of six.

3.1.4.1.1.9 No added weights:
To demonstrate the impact of adding weights, we conducted experiments using frameworks without
incorporating any weights.

3.2 Reinforcement learning-based recommender system:

After figuring out the perfect framework that would produce a minimum model error with a fewer number
of clusters, it became very easy to predict the performance outcome of any huge design space within a very
short amount of time. In this section how important this fast prediction was will be explained. A design
dashboard is prepared with Compas and Plotly[41] (see Figure 3-22) which can be accessed online without
installing any software. It was possible to present a three-dimensional model of different design options
from the design space. The designer can observe the design from different angles and provide feedback. For
the design dashboard, we have used design space 00 for demonstration. The dimension of the DataFrame
is reduced to three with the help of t-distributed stochastic neighbor embedding (t-SNE) and 163 clusters
was made with the help of mean-shift clustering.

Present all in
Making Geometry Analyze Geometry Run frameworks Dashboard

O tearn ki protly

Energyrius
Compas Energy f_"._g Scikit learn Plotly dash

Figure 3-22 workflow for the design dashboard
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3.2.1 Process explanation:
We incorporated reinforcement learning [73] to extract the designer’s preference strategically. It’s a type of
machine learning where an agent keeps track of the user’s interactions and makes decisions that reflect the
user’s preference. It’s a robust system that constantly learns from its environment through trial and error.
Each interaction provides a specified reward, which the agent tries to maximize.

At first, the agent will display a random design option to the designer. The designers can click any of the
three buttons placed on top of the dashboard: like, unlike or slide (see Figure 3-25). If the designer hit ‘like’,
the cluster the design option belongs to will be rewarded with a certain positive value. If the designer dislikes
the option the reward will be the same but negative. If the designer slides the option the reward will be zero.
This process is a type of reinforcement learning-based recommender system [32] which is getting widely
popular in recent days.

The rewarded value will be used to update the q-value(q) of any cluster. Each cluster as well as all designs
in that cluster will have a ‘q-value’ (also known as action-value function in reinforcement learning). This
value determines which cluster will be displayed next. Before any interaction begins all the clusters would
have pre-assigned q values. These values are inversely remapped performance outcomes which denotes that
higher the annual energy consumption lower the g-value. All performance outcomes are mapped from 100
to 50 for this system. So, the cluster with the highest annual energy consumption per square meter will have
a g-value of 50 and the cluster with the lowest annual energy consumption per square meter will have a
value of hundred. Following each interaction, the q-values undergo updates based on the feedback received
from the user.

The quantitative value of the user’s feedback is named reward(R). A function is established to determine
the appropriate reward (positive or negative) for the system. The function's output is influenced by two
constants, namely alpha (a) and gamma (y), as well as the reward(R) and the previous g-value. The old g-
value is substituted with the new result derived from the reward function. This equation is commonly
referred to as the Bellman equation [74]. Since only one design option is presented in each iteration, the
equation becomes simpler as there are no multiple states to consider. Instead, there is only a single state. If
multiple options are displayed, the algorithm would need to determine the probabilities of liking each of
those options. In that case, each option represents a different state. The algorithm would calculate the
probability of liking each option based on the q-values assigned to them. By considering the q-values and
applying a probabilistic approach, the algorithm can estimate the likelihood of users liking different options
and make decisions accordingly. However, that level of complexity is not addressed in this paper.

a = learning rate

— (1- ) * * (R * y = discount factor
Jr)=(@-a)*Q+a*R+y*Q) R =reward defined by 8
Q = Previous g-value

Equation 1 Bellman equation for incorporated reinforcement learning

3.2.2 Constants/hyperparameters:
The following four constants need to be predefined before the exploration process begins. These would
allow designers to customize their exploration process strategically:

3.2.2.1 Learning rate (alpha (a)):

The alpha (a) value in this equation represents the learning rate, which determines the extent to which
recent interactions have a greater impact on the new gq-value compared to previous interactions. A higher
alpha value gives more weight to recent preferences, which means if the designers regret their past choices
when presented with more preferable options, they can change their preferences over time. The alpha value
is a parameter that users need to define before they start exploring the design space, and it ranges between
0 and 1. As the number of iterations increases, the influence of alpha becomes greater than that of gamma
(y), which represents the discount factor.
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3.2.2.2 Discount factor (gamma (y)):

Although gamma (y) may not have a significant impact on single-state reinforcement learning, it is included
to facilitate multi-state reinforcement learning in the future. Gamma determines how fast the algorithm
aims to reach options with higher q-values. It ensures that designers do not get stuck in a particular set of
design options where their q-values may decrease over time. In multi-state reinforcement learning, a higher
discount factor encourages the algorithm to prioritize reaching states with the maximum reward in the
shortest number of iterations. Like the other constants, gamma also takes a value between 0 and 1, which
designers need to assign before the exploration process begins.

3.2.2.3 Exploration exploitation trade-off epsilon (¢):

After the user gives feedback, the agent would have two steps. It can show design options from a randomly
selected cluster, or it can show designs from the cluster that have the highest q-value. To avoid jumping all
over the design space the system only allows to consider nearby clusters while searching for the highest.
The constant epsilon (&) is responsible for defining the trade-off between exploration and exploitation in
the reinforcement learning process. It does not directly impact the reward function but influences the
exploration process. Epsilon takes a value between 0 and 1. A higher value of epsilon promotes more
random exploration, while a lower value encourages exploitation of the design options that designers have
preferred. Within the Python script, an if function is used to compare a randomly generated number
between 0 and 1 with epsilon. If the random number is less than epsilon, the system selects a random cluster
from the nearby options. It is evident that higher epsilon values increase the possibility of generating
numbers below it. The trade-off value can be adaptive over time, as users may desire less exploration as the
number of iterations increases.

3.2.2.4 Priority Trade-off (beta (p)):

How much the agent would prioritize the user’s preference over pre-assigned q-values is defined by constant
beta (). It is a value between 0 and 1. A higher value of Beta means the user would need to hit fewer ‘like’
to make the agent prioritize the design option they liked. This constant makes the difference between
traditional reinforcement learning-based recommender systems and the proposed one. The commonly used
algorithm doesn’t need to negotiate between two features of different options. The main goal of those
systems is only to increase like, but here our proposed system tries to recommend not only preferred design
options but also guides through high-performing clusters to simulate designers consider well-performing
designs in a spontaneous way. The process demonstrates a passive way where designers explore huge design
spaces strategically and end up selecting options that can be both aesthetically pleasant and well-
performing.

3.2.2.4.1 Changes of reward with alpha (a) and gamma (y)
If the reward is high after any positive interaction it would take fewer hits to suppress the most high-
performing design option. Though what should be the reward highly depends upon beta(f3), other constants
also have impacts on it, for why the function requires all four of them to calculate what should be the perfect
value to explore the design space considering trade-offs (see Figure 3-23, Figure 3-24). To understand
how we derived the reward function we need to know the inter-relationship between different constants
and how they influence the design exploration.

The team conducted an investigation to determine the relationship between assigned rewards and the
number of iterations required to surpass the highest g-value with those rewards, considering different
values of alpha (a) and gamma (y). It was found that when the initial reward value is lower, it takes more
iterations for a cluster with the lowest q-value to exceed the highest g-value. In this system, all performance
outcomes were remapped, with the lowest g-value set to 0 and the highest g-value set to 100. It was
observed that the reward must be greater than 100; otherwise, it would take an almost infinite number of
iterations for a cluster with a g-value of 0 to surpass a q-value of 100. We are assuming that there is the
possibility, the cluster with the lowest q-vale can be the cluster the designers like most. To make the
algorithm understand this fact with a positive reward of less than 100, the designers would need to hit ‘like’
alot. To avoid such situations, Beta (3) is introduced, which defines an appropriate reward(R) value for the
system.
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Figure 3-23 Changes of reward value with number of interactions for different alpha values.
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Figure 3-24 Changes of reward value with number of interactions for different gamma values.

3.2.2.4.2 Function that constructs beta()
A function has been developed to generate a Pareto frontier that relates reward values (ranging from 100 to
200) on the x-axis to the number of 'likes' required to achieve a q-value of 100 for the cluster with the lowest
g-value on the y-axis. The same Bellman equation used in the algorithm is employed in this function to
derive the number of 'likes' needed. The epsilon (¢) value is set to 0, indicating no exploration, as added
exploration would only lengthen the frontier.

The function can construct the Pareto frontier with any given values of alpha (a) and gamma (y). Before the
exploration process begins, the system runs the function using pre-assigned values of alpha, gamma, and
beta. For a gamma value of 0.01 and a reward value of 200, the number of 'likes' required to exceed 100 can
range from 14 to 41 for different alpha values. For a reward value of 100, it can range from 135 to 395. Beta
(P) defines the number of 'likes' needed to prioritize clusters despite having medium or lower q-values. It
provides an appropriate reward function by considering this factor.

37



To illustrate this, let's consider a system with an alpha value of 0.01 and a gamma value of 0.01. Using the
function, the number of 'likes' is determined for reward values ranging from 100 to 200, resulting in a range
of 41 to 395. By multiplying the range (354) by beta (0.5), we obtain the desired number of 'likes' (177). The
corresponding reward value can be determined from the Pareto frontier. This approach allows the system
to find the appropriate reward to proceed.

However, there is an alternative approach that simplifies the process. Instead of generating the Pareto
frontier, a straightforward function can be used to calculate the reward value for any given values of alpha,
gamma, and beta, as their relationship is direct and well-defined. The function used in our work explores
different rewards to find a cluster with g-values of 0 and 100. It's worth discussing whether working with a
cluster that has an average g-value of 50, rather than o0, would be more practical, considering that a poorly
performing design may also be visually unappealing. This can be an open discussion, and we can easily
modify this value in the script if it appears to be more reasonable.

Reinforcement learning based
Recommender system

3D view: this is a 3D perpespective of the recomended design option
please hit like dislike or slide option based on this design

Perfom ace Value
gt o
e
F O

H \

g

w

Figure 3-25 Design Dashboard
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Chapter 4: Results:

This results section provides detailed insights into the outcomes generated from various frameworks
applied to different design spaces. The results are presented both quantitatively and narratively, offering a
comprehensive understanding of the findings. Due to space limitations, it was not feasible to include all
three-dimensional scattered plots generated for different numbers of clusters. A complete framework
encompasses the entire process, starting from weight addition and culminating in the creation of Pareto
frontiers. These frameworks were primarily applied to design spaces 01, 02, and 03, resulting in
approximately 40-50 scatter plots due to the extraction of model error for multiple cluster values. To
provide a concise representation, we have carefully selected the three most comprehensive and informative
scatter plots from this extensive set of images.

4.1 Framework outcomes of Design Space 00:
The outcomes of the frameworks are presented in separate sections for each dimensionality reduction
method. Within each section, the relevant images associated with that particular method are arranged
consecutively. Additionally, a table is provided for each dimensionality reduction method, which references
the relevant figures that the reader should refer to for a more detailed analysis.

4.1.1 Vector-based dimensionality reduction results

After performing vector-based dimensionality reduction on our initial data frame, we visualized the data
points in a 3-dimensional space and observed a large oval-shaped cluster. It became evident that if we were
to apply clustering algorithms directly on this single cluster, the centroids of resulting groups would not
effectively approximate the performance outcome. To address this, we introduced bias into the data frame
to subdivide the large cluster into smaller groups. In this biasing process, we kept all binary window-to-wall
ratios (WWRs) for the north facade unchanged. However, we multiplied all WWRs for the west facade by
5,000,000, all WWRs for the south facade by 50,000, and all WWRs for the east facade by -5,000,000.
While different values were tested, it was observed that using larger values for the west facade WWRs
stretched the large cluster and created two distinct clusters within it. The resulting biased data frame
exhibited two main clusters with roughly identifying small clusters in it (see Figure 4-6).

It is assumed that the formation of these smaller clusters was likely due to limited variations in the data
frame. As we explored different combinations and variations, only a subset of the possibilities was selected
for further investigation. However, when generating pixelated images for different clustering methods, the
results were found to be blurry, indicating that this process was ineffective in creating diverse clusters with
similar performance outcomes.
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maps

Dimensionality | Clustering Cluster | See Comments
reduction method count | figure
method
K-means 15 Figure | Showed slight variations in generated pixelated
clustering 45 image for different clusters. However, it should
be noted that the output is sensitive to the
centroid initialization and the number of clusters
chosen.
Agglomerative 15 Figure | With this clustering method, the data points were
clustering 44 clustered substantially better than with others.
This method's effectiveness would be more
dependent on the dimensionality reduction
technique used before it.
Vector-based | Meanshift 120 Figure | With a bandwidth value of 0.3 Meanshift
dimensionality | clustering 43 clustering method generated 120 clusters, the
reduction pixelated image shows only first 10 images. Some
method of the clusters are extremely dark which refers
higher variations in one single cluster.
Affinity 2000 Figure | As data points were not densified properly,
propagation 41 Affinity propagation clustering failed to make
effective clusters, resulting 2000 clusters in total,
which refers that most of the clusters have one
single data points.
Self-organizing | 15 Figure | The pixelated images of different clusters look
4-2

almost the same. The colored images of clusters
further demonstrate the inappropriateness of
this approach in this case.

4.1.2 Principle component analysis (PCA) results
The application of Principal Component Analysis (PCA) resulted in the positioning of data points in a three-
dimensional grid with a rectangular shape. However, it was observed that there were uneven gaps between
different grids, indicating a lack of uniformity. These gaps are believed to be a result of insufficient
variations in the data frame, as it represents only a small subset of all possible variations. All the data points
are sparsely distributed. Due to the inability of the data point arrangement to accurately reflect performance
proximity, the subsequent clustering methods proved to be ineffective in grouping data points with similar
simulated outcomes.

Dimensionality | Clustering Cluster | See Comments
reduction method count | figure
method
K-means 15 Figure | The generated pixelated image of the clusters
clustering 4-11 exhibited blurriness and darkness, indicating a
large number of variations within the clusters. It
is hypothesized that by increasing the number of
clusters in the K-means algorithm, the resulting
pixelated image would become less blurry and
Principal more distinct.
Component | Agglomerative 15 Figure | Similar to K-means clustering, pixelated image is
Analysis (PCA) | clustering 4-10 blurry and dark refers to clusters with large
variations.
Meanshift 90 Figure | In spite of having sparsely distributed data
clustering 4-9 points, the Meanshift -clustering method
somehow generated effective clusters with a
bandwidth value of 0.3. Generated pixelated
image of clusters is less blurry.
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Affinity 2500 Figure | This method considered each datapoints as one
propagation 4-7 single cluster which resulted in a very clear
pixelated image of first ten clusters. The team
suggests not to misinterpret pixelated images.
They should not be super clear or extremely
blurry, but something in between.
Self-organizing | 15 Figure | Different clusters' pixelated images resemble
maps 4-8 one another almost exactly.

4.1.3 Position-based dimensionality reduction results
As principal component analysis (PCA) is run after running this method, the resulting outcome from this
method is similar to that of PCA. The data points are arranged linearly into 10 lines, and these lines are
clustered into two main groups. The distances between these virtual lines are approximately equal within
each group. Furthermore, the data points within each line appear to be evenly distributed. Different data
points tend to have the position in the reduced dimension.

Dimensionality | Clustering Cluster | See Comments
reduction method count | figure
method
K-means 15 Figure | Pixelated images of different clusters refer to
clustering 4-18 moderate variations in clusters, while the east
and west facade remains almost the same in all
clusters.
Agglomerative 15 Figure | This method provided moderate number of
clustering 4-17 variations in clusters; few clusters are
comparatively darker which refers to large
variations.
. Meanshift 80 Figure | As the number of the clusters increased the
Position-based . . . . .
. . . clustering 4-16 generated pixelated image is more distinct than
dimensionality
reduction others.
Spectral 15 Figure | Displayed good number of variations in all
method . . . .
clustering 4-15 clusters, Pixelated image for north facade is
clearer than other three facades.
Affinity 150 Figure | due to some data points occupying the same
propagation 4-14 position in the reduced dimensions, Affinity
Propagation tends to cluster all of these data
points together.
Self-organizing | 15 Figure | Generated pixelated image is extremely blurry,
maps 4-13 which refers the inappropriateness of this

method in this case
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Figure 4-18 K-means Clustering (Position). Figure 4-17 Agglomerative clustering (Position). Figure 4-16 Meanshift clustering(Position).
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Figure 4-20 K-means Clustering(Angle).
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Figure 4-21 Agglomerative clustering(Angle).
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Figure 4-19 Meanshift clustering(Angle)..
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Figure 4-22 Self-organizing Map(Angle).
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4.1.4 Angle-based dimensionality reduction results
In the reduced dimension, the data points are sparsely distributed in a 3-dimensional grid. They appear to
be arranged in horizontal lines, with approximately 25 lines forming a 5x5 grid. The uneven gaps between
different rows are likely a result of limited variation in the initial data frame. Additionally, some data points
appear to occupy the same position in the reduced dimension.

Dimensionality | Clustering Cluster | See Comments
reduction method count | figure
method
K-means 15 Figure | The pixelated images of different clusters exhibit
clustering 4-20 | extreme darkness and blurriness. When
visualizing all ten clusters, it appears that they
have the same generated image, albeit with slight
variations in brightness.
Agglomerative 15 Figure | Slight variations are noticeable in the pixelated
clustering 4-21 images of the north, east, and west facades
across different clusters. However, the pixelated
image of the south facade for all clusters appears
to be the same, with only minor changes in
brightness.
Meanshift 90 Figure | The produced pixelated image shows variations
Angle-based ] . . T
dimensionality | ¢ ustering 4-19 in the north, east, and west facades, indicating
natly derate diversity among the clusters. However
reduction mo Y 5 ]
the south facade appears to be the same for all
method . : e
clusters, with no noticeable variations.
Spectral 15 Figure | The images for different clusters exhibit high
clustering 4-24 | contrast, with some clusters appearing
extremely dark and others being bright. The
clusters with darker images indicate a larger
variation within them.
Affinity 170 Figure | As the number of clusters increased the
propagation 4-23 generated image refers to moderate amount of
distribution in each cluster.
Self-organizing | 15 Figure | Generated pixelated image is extremely blurry,
maps 4-22 | which refers the inappropriateness of this
method in this case

4.1.5 t-Distributed Stochastic Neighbor Embedding (TSNE) results
As non-linear dimensionality reduction can capture complex relationship in between different data points
TSNE generated one of the most satisfying outcomes among all frameworks experimented for design space
00. The data points are arranged in a large spherical distribution, with smaller clusters formed within this
larger group (see Figure 4-30). The data points within each cluster are closely positioned, while maintaining
a significant distance from other clusters, making it easy for clustering algorithms to identify and
distinguish each cluster. This outcome serves as a strong foundation for density-based clustering
algorithms. Based on these results, the team has decided to use TSNE as the preferred dimensionality
reduction method for further investigations.

Dimensionality | Clustering Cluster | See Comments

reduction method count | figure

method

t-Distributed | K-means 15 Figure | The pixelated image generated by K-means is
Stochastic clustering 4-29 | blurry, which is expected as K-means is not a
Neighbor density-based clustering method. Its
Embedding effectiveness relies on assigning the appropriate

(TSNE) number of clusters.
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Agglomerative 15
clustering

The pixelated image for some of the clusters
appears extremely dark, indicating a large
number of variations within those clusters.
Meanshift, being a density-based -clustering
method, is effective in identifying clustered data
points accurately. The pixelated image generated
by Meanshift shows a moderate number of
variations within the clusters. The sensitivity of
Meanshift to its assigned bandwidth parameter
can impact the clustering results.

Although Affinity propagation produced a large
number of clusters, the pixelated image
generated from this method is clear, indicating
moderate variations within the clusters. This
suggests that Affinity propagation was able to
effectively group the data points based on their
similarities.

Different clusters' pixelated images resemble
one another almost exactly.

Meanshift 90
clustering

Affinity
propagation

225 Figure

4-26

Self-organizing | 15
maps

Figure
4-25

4.1.6 Isomap Embedding results
Isomap positioned the data points in a roughly identifiable 3-dimensional grid. The grid is divided into
large groups, with each group containing 8 horizontally distributed layers of data points (see Figure 4-31).
The effectiveness of isomap embedding is further investigated due to its ability to produce a structured
distribution. Based on the results, the team decided to use this method for further analysis and exploration.

Dimensionality | Clustering Cluster | See Comments
reduction method count | figure
method
K-means 15 Figure | The pixelated image generated by K-means
clustering 4-32 clustering appears blurry, but individual images
for different clusters are distinct. It is believed
that selecting an appropriate number of clusters
can lead to a better understanding of the data
and improve the clarity of the pixelated image.
Agglomerative 15 Figure | The pixelated images for different clusters are
clustering 4-33 distinct, but they appear darker compared to the
images generated by K-means. This indicates the
presence of a few more variations within the
Isomap ]
beddin : . clusters. ______ :
em 8 Meanshift 90 Figure | Moderate variation is observed in the north and
clustering 4-34 south facades for different clusters, while the
pixelated image for the east and west facades
appears to be the same across the clusters.
Affinity 2500 Figure | The consideration of individual data points as
propagation 4-35 single clusters resulted in an ineffective
outcome, particularly in reducing the number of
simulations.
Self-organizing | 15 Figure | Different clusters' pixelated images resemble
maps 4-36 one another almost exactly.
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Figure 4-29 K-means Clustering(TSNE).
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Figure 4-26 Affinity Propagation(TSNE).
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Figure 4-28 Agglomerative clustering(TSNE).
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Figure 4-25 Self-organizing Map(TSNE).
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Figure 4-27 Meanshift clustering(TSNE).

Figure 4-30 Reduced
Dimension bv TSNE 48
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Figure 4-35 Affinity Propagation(Isomap). Figure 4-36 Self-organizing Map(Isomap).
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4.1.7 Multidimensional scaling Embedding (MDS) results
The data points in the reduced dimension are observed to be irregularly distributed within a large sphere
(see Figure 4-37). However, the presence of voids between layered data points suggests a lack of variation
in the initial data frame, resulting in incomplete filling of these gaps. Despite positioning the data points in
a lower dimension, the outcomes of this method did not meet our expectations in terms of facilitating
further clustering methods. The uniform distribution within the sphere did not provide meaningful insights
or effective clustering patterns.

Dimensionality Clustering Cluster | See Comments
reduction method count | figure
method
K-means 15 Figure | The pixelated image generated by K-means
clustering 4-42 | clustering appears blurry.
Agglomerative | 15 Figure | The pixelated image for this method is blurry
- . clustering 4-41 and darker than k-means.
Multidimensional M hift Ti Desbi ¥R th I h
scaling eanshi 105 1gure espite providing yv1t many c usters the
; clustering 4-40 | generated pixelated image is blurry.
Embedding — - . -
(MDS) Affinity . 2100 Figure | The maJ‘orlt‘y of thg clusters q0n51st of onl}{ one
propagation 4-39 | data point, indicating the failure to effectively
group similar data points.
Self-organizing | 15 Figure | Different clusters' pixelated images resemble
maps 4-38 one another almost exactly.

4.1.8 Locally Linear Embedding results
In this process, the data points are positioned in a scattered manner, with a concentration near the center
and some points located far apart (see Figure 4-43). The visualized scatter plot reveals a limited number of
data points, indicating that multiple points share the same position in the reduced dimension. However,
the reasons behind the occurrence of data points that are widely separated are not clear.

Dimensionality | Clustering Cluster | See Comments

reduction method count | figure

method
K-means 15 Figure | The pixelated image produced by K-means
clustering 4-48 clustering exhibits blurriness, and certain

clusters generate extremely dark images,
indicating a significant number of variations
within those clusters.

Agglomerative 15 Figure | Generated pixelated image is extremely dark for
clustering 4-47 | most of the clusters indicating many variations
Locally Linear in them.
Embedding Meanshift 100 Figure | The generated pixelated image appears to be
clustering 4-46 relatively less dark, which can be attributed to
the utilization of a larger number of clusters.
Affinity 1850 Figure | The vast majority of the clusters only include one
propagation 4-45 data point, which shows that related data points
were not properly grouped together.
Self-organizing | 15 Figure | Different clusters' pixelated images resemble
maps 4-44 one another almost exactly.
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Figure 4-42 K-means Clustering(MDS).  Figure 4-41 Agglomerative clustering(MDS). Figure 4-40 Meanshift clustering(MDS).
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Figure 4-37 Reduced dimension by
Multidimensional scaling Embedding (MDS)

Figure 4-39 Affinity Propagation(MDS). Figure 4-38 Self-organizing Map(MDS).
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Figure 4-45 Affinity Propagation(LLE). Figure 4-44 Self-organizing Map(LLE).
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Figure 4-46 Meanshift clustering(LLE).

Figure 4-43 Reduced dimension by
Locally Linear Embedding (LLE)
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Figure 4-54 K-means Clustering(SE). Figure 4-52 Agglomerative clustering(SE). Figure 4-53 Meanshift clustering(SE).
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Figure 4-51 Spectral clustering(SE). Figure 4-50 Affinity Propagation(SE). Figure 4-49 Self-organizing Map(SE).



4.1.9 Spectral Embedding results
Spectral embedding proved to be highly effective in organizing the data points in the lower dimension. The
data points formed identifiable clusters, with each cluster maintaining a distinct distance from others. This
arrangement is suitable for density-based clustering methods. However, it is worth noting that while
spectral embedding performed well for the current data structure, its effectiveness may vary for datasets
with different structures. The team decided to further explore the potential of spectral embedding in
subsequent investigations.

Dimensionality | Clustering Cluster | See Comments
reduction method count | figure
method
K-means 15 Figure | The pixelated image produced by K-means
clustering 4-54 clustering appear blurry. Selecting an optimal
number of clusters is believed to enhance the
understanding of the data and result in a clearer
pixelated image.
Agglomerative 15 Figure | The pixelated image is blurry and darker than K-
clustering 4-52 means. However, the effectiveness of this
method can be justified by selecting proper
number of clusters.
Meanshift 75 Figure | Meanshift clustering demonstrates the ability to
Spectral ] . ) : ber of clust .
embedding clustering 4-53 | capture an appropriate number of clusters using
a bandwidth of 0.3. Generated pixelated image
(SE) . NP
explains very few variations in different clusters
which is not clear.
Spectral 15 Figure | Spectral clustering serves as a subsequent step to
clustering 4-51 spectral embedding, and it effectively categorizes
the clustered data points.
Affinity 145 Figure | The generated pixelated image appear to be clear
propagation 4-50 indicating moderate number of variations in
each clusters.
Self-organizing | 15 Figure | Different clusters' pixelated images resemble
maps 4-49 one another almost exactly.

4.1.10 No dimensionality reduction
The investigated clustering method without any prior dimensionality reduction method. However, relying
solely on the pixelated images to assess the effectiveness of the clustering methods poses challenges.
Without visualizing the data in the lower-dimensional space, it becomes difficult to gain a comprehensive
understanding of the clustering outcomes. The explanations provided so far are based on visual
interpretations of the pixelated images.

Dimensionality | Clustering Cluster | See Comments

reduction method count | figure

method
K-means 15 Figure | The pixelated image generated by K-means
clustering 4-55 clustering appears blurry, but images for

No different clusters are distinct.
dimensionality | Agglomerative 15 Figure | The pixelated image is blurry while different
reduction clustering 4-58 clusters have distinct image outcome.

Meanshift 80 Figure | The generated pixelated image refers to vary few
clustering 4-59 variations in different clusters.
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Spectral 15 Figure | Some clusters in the generated images appear

clustering 4-60 | extremely dark, while others have clear and
distinct outcomes.

Affinity 140 Figure | Despite of taking huge amount of time to run

propagation 4-57 this method, the generated image outcome
shows moderate amount of variation in each
clusters.

Self-organizing | 15 Figure | The generated pixelated image is extremely

maps 4-56 blurry, but different clusters exhibit distinct
outcomes.

North East South  west

Figure 4-55 K-means Clustering

(No dimensionality Reduction).

0 North East South  west

Figure 4-60 Spectral clustering

(No Dimensionality Reduction).

North Eost South  west

Figure 4-58 Agglomerative clustering

(No Dimensionality Reduction).

North East South  west

Figure 4-57 Affinity Propagation

(No Dimensionality Reduction).

North East South  west

Figure 4-59 Meanshift clustering

(No Dimensionality Reduction).
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Figure 4-56 Self-organizing Map
(No Dimensionality Reduction).
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4.1.11 Comparison between different dimensionality reductions:

The team utilized 3-dimensional scatter plots and pixelated images of clusters to gain insights into how
effectively different frameworks group similar design options. However, the true measure of their
effectiveness lies in comparing their "model error vs cluster count" Pareto frontiers. After analyzing the
scatter plots, the team decided to focus on three dimensionality reduction methods: t-distributed stochastic
neighbor embedding (t-SNE), isomap embedding, and spectral embedding, followed by Meanshift
clustering. These selected methods helped to consolidate similar data points, with Meanshift clustering
being particularly advantageous as a density-based clustering approach. The number of clusters can be
controlled by adjusting the bandwidth values.

To construct the Pareto frontiers, the team varied the number of extracted clusters to evaluate the tradeoff
between cluster count and model error. Among the three extracted Pareto distributions, spectral embedding
followed by Meanshift clustering achieved the lowest model error with the fewest clusters (see Figure 4-61).
For example, a model error of 0.106 can be achieved with only 197 clusters, demonstrating that the
performance outcome of the entire design space can be approximated by simulating just 1977 data points.

—— Iso_map_meanshift
Spectral_embedding_meanshift
——— TSNE_meanshift

0.4

model error

0.1

200 400 600 800 1000 1200 1400 1600

cluster count

Figure 4-61 Model error vs cluster count Pareto distribution for Design Space 00

4.2Framework outcomes of Design Space o1:
The results of the frameworks are organized into distinct sections for each adding weights method. Within
each section, the corresponding images are arranged in sequential order to facilitate easy reference and
analysis. Furthermore, a table is included for each adding weights method, serving as a guide to the relevant
figures that readers should consult for a more comprehensive understanding of the outcomes. If spectral
embedding dimensionality reduction method is absent in any of these tables, it indicates that it was
unsuccessful in producing meaningful outcomes within the respective framework.

4.2.1 No added weights results

When the data frame is not weighted, it poses challenges for the dimensionality reduction method and
clustering algorithms to effectively group data points with similar performance outcomes. As a result, the
model error tends to be significantly higher in frameworks that utilize unweighted data frames. However,
among the three frameworks that were experimented, spectral embedding followed by meanshift clustering
yielded a comparatively lower Pareto frontier. It achieved a model error of 24.01 with a cluster count of 59,
indicating that the performance prediction for any data point could deviate by approximately 75.99% to
124.01% from its actual outcome.
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Figure 4-69 No Added Weights, Figure 4-70 No Added Weights,

Spectral embedding, Meanshift, Spectral embedding, Meanshift,
cluster count 15 cluster count 31

57



model error

Figure 4-71 Model Error vs Cluster count Pareto Distribution, No added weights

Adding weights | Dimensionality | Clustering | See comments
method reduction method figure
TSNE Figure | Data points are positioned ununiformly in a
4-62 roughly spherical shape, which no distinct
clusters. Model error out of this framework is
the highest among other experimented
frameworks for design space 01
No added Isomap Meanshift Figure | Data points are ununiformly distributed in
weights embedding 4-65 roughly identifying two separate groups.
Spectral Figure | The data points exhibit a scattered
Embedding 4-68 | distribution, with  approximately 3-4
identifiable groups of varying shapes.

Increasing the number of subdivisions leads to
a lower model error.

4.2.2 Floor-based weights results
The floor-based adding weights method did not produce satisfactory results, as the model error was similar
to the frameworks that used an unweighted data frame (see Figure 4-81). While it is evident that the topmost
floor may require more energy for cooling compared to other floors, and the middle floor would have
relatively lower energy consumption, these deviations did not significantly contribute to the grouping of
data points with similar energy consumption patterns. In further investigation we would learn more about
which features of the building zones are more influential in terms of performance outcomes and to enhance
the accuracy of predictions.

Adding weights | Dimensionality | Clustering | See comments
method reduction method figure
TSNE Figure | The data points are scattered nonuniformly in
4-72 an amorphous shape, exhibiting roughly
Floor-based . identifiable clusters that are distributed
. Meanshift . .
weights without consistency.
Isomap Figure | Little but more organized than TSNE for why
embedding 4-75 model error is also less for this framework.
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Spectral Figure | The framework is almost similar to the isomap
Embedding 4-78 embedding involved approach, but with an
increase in the number of clusters, the model
error does not rise as significantly as in the
isomap framework.

Cluster Count 15 Cluster Count 31

TSNE
Figure 4-72 Floor—l;ased weights, Figure 4-73 Floor-Bésed weights, Figure 4-74 Floor—t;ased weights,
TSNE, Meanshift TSNE, Meanshift, Cluster Count 15 TSNE, Meanshift, Cluster Count 29
Isomap
Figure 4-75 Fioor-based weights, Figure 4-76 Floor-based weights, Figure 4-77 F;loor-based weights,
Isomap, Meanshift Isomap, Meanshift, Cluster Count Isomap, Meanshift, Cluster Count
15 29
Spectral !
Embeddin %
g
Figure 4-78 Flz)or-t;ased weights, Figure 4-79 Fldbr-bésed weights, Figure 4-80 Fléor-ﬂased weights,
Spectral Embedding, Meanshift Spectral Embedding, Meanshift, Spectral Embedding, Meanshift,
Cluster Count 15 Cluster Count 29
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Figure 4-81 Model Error vs Cluster count Pareto Distribution, Floor-based Weights

4.2.3 Window position-based weights results
The position-based weighting method achieved partial success in helping the algorithms comprehend the
impact of different apertures in various orientations on performance outcomes. Although the Pareto
frontier for TSNE dimensionality reduction remains largely unchanged compared to the unweighted data
framework (see Figure 4-91) , the Pareto frontiers for Isomap and spectral embedding dimensionality
reduction methods show a significant decrease.

Adding weights | Dimensionality | Clustering | See comments
method reduction method figure
TSNE Figure | The data points exhibit an amorphous

4-82 | distribution, with  approximately 7-8
discernible clusters that are separated by
distinct gaps. The framework could not
achieve significant decrease in model error.

Figure | The data points are grouped into distinct

Position-based | Isomap

weights embedding Meanshift 4-85 clusters, leading to a significant reduction in
model error.

Spectral Figure | The data points exhibit a well-clustered

Embedding 4-88 | pattern with a few scattered distributions. The

model error is slightly lower compared to the
isomap embedding involved framework.

60



Cluster Count 15 Cluster Count (29-30)

TSNE
Figure 4-82 Window position-based  Figure 4-83 thdow'position-based Figure 4-84 Window position-based
weights, TSNE, Meanshift weights, TSNE, Meanshift, Cluster weights, TSNE, Meanshift, Cluster
Count 15 Count 29
Isomap
Figure 4-85 Window position-based  Figure 4-86 Window position-based  Figure 4-87 Window position-based
weights, Isomap, Meanshift weights, Isomap, Meanshift, Cluster ~ weights, Isomap, Meanshift, Cluster
Count 15 Count 30
';1""
R
Spectral ¥ S
Embeddin 7 ?
g »¥ o ',{,

“a, “a,

Figure 4-88 Window position-based  Figure 4-89 Window position-based  Figure 4-9goWindow position-based
weights, Spectral Embedding, weights, Spectral Embedding, weights, Spectral Embedding,
Meanshift Meanshift, Cluster Count 15 Meanshift, Cluster Count 30
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Figure 4-91 Model Error vs Cluster count Pareto Distribution, Window Position-based Weights

4.2.4 Parameter-based weights results

The "parameter-based adding weights" process proves to be effective in providing precise information on
the importance of each individual parameter for the performance outcome. As a result, the generated Pareto
frontier for this process closely aligns with the bottom line, resulting in a model error as low as 1.2 by
clustering the data points into only 26 groups (see Figure 4-98, ‘Original’ refers to parameter-based) . This
framework has demonstrated significant success in effectively clustering the data points into cohesive
groups, where data points within the same group exhibit very similar outcomes, aligning with the initial
objective.

By focusing on the centroids of each cluster, we can confidently state that all other data points within the
same cluster will have simulation outcomes similar to the centroid. The data points are organized into well-
defined and identifiable groups, showcasing the effective utilization of density-based clustering algorithms
such as Meanshift.

Adding weights | Dimensionality | Clustering | See comments
method reduction method figure
TSNE Figure | The data points are arranged into large,
4-92 distinct clusters, with each cluster exhibiting a
Position-based Meanshift wide dispersion of data points.
weights Isomap Figure | The data points exhibit higher density within
embedding 4-95 individual groups while maintaining
significant separation between the groups.
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Cluster Count 14-15 Cluster Count 29

TSNE
Figure 4-92 Parameter-based Figure 4-93 Parameter-based Figure 4-94 Parameter-based
weights, TSNE, Meanshift weights, TSNE, Meanshift, Cluster weights, TSNE, Meanshift, Cluster
Count 15 Count 29
& £ & § * §
' Y4 , * LT e T tsrh LT3
£ $y . $y . S R 15
Isomap % “& %
Figure 4-95 Parameter-based Figure 4-96 Parameter-based Figure 4-97 Parameter-based
weights, Isomap, Meanshift weights, Isomap, Meanshift, Cluster ~ weights, Isomap, Meanshift, Cluster
Count 14 Count 29

cluster count

Figure 4-98 Model Error vs Cluster count Pareto Distribution, Parameter-based Weights
4.2.5 Vector-based weights results

The vector-based adding weight method outperformed the parameter-based adding weight method,
primarily due to its ability to retain important information that strongly influences performance outcomes.
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This method effectively created distinct clusters of data points with similar performance outcomes.
Additionally, the vector-based method incorporated information about the shape and volume of the
buildings, which have a significant impact on performance outcomes. The process yielded promising results
not only for the current design space but also for other tested scenarios. The generated Pareto frontier is
positioned below that of the parameter-based adding weight method, resulting in lower model error with a
reduced number of clusters (see Figure 4-105).

Adding weights | Dimensionality | Clustering | See comments
method reduction method figure
TSNE Figure | The data points exhibit a similar clustering

4-99 | pattern to the parameter-based adding weight
method with TSNE. They form large, distinct
groups with data points widely spread within

Vector-based each group.
weights Isomap Meanshift | Figure | The data points demonstrate a similar
8 embedding 4-102 | clustering pattern to the parameter-based
adding weight method with Isomap
embedding. They form densified small groups
that are separated from each other by larger
gaps.
Cluster Count 14 Cluster Count 27-30
TSNE
Figure 4-99 Vector-based weights, Figure 4-100 Vector-based weights, Figure 4-101 Vector-based weights,
TSNE, Meanshift TSNE, Meanshift, Cluster Count 14 TSNE, Meanshift, Cluster Count 27
) N § - w o -~ \
Isomap ) i : ) i o ) i ;

Figure 4-102 Vector-based weights, Figure 4-103 Vector-based weights, Figure 4-104 Vector-based weights,

Isomap, Meanshift Isomap, Meanshift, Cluster count 14  Isomap, Meanshift, Cluster count 30
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ster count

Figure 4-105 Model Error vs Cluster count Pareto Distribution, Vector-based Weights

4.2.6 Simulation-based weights results
The simulation-based adding weight method demonstrated success in reducing model error and performed
similarly to the parameter-based adding weights method. The efficacy of this method relies on using it for
multiple design spaces effectively, which is discussed later. Subdivisions of the weights generated from ‘test
design space 00’ also came out with valuable insights. Notably, when weights were applied only to different
window orientations, the framework performed poorly (see Figure 4-128), resembling the frameworks that
used unweighted data. However, when weights were applied solely to length and width, the model error
significantly decreased, and the Pareto frontier approached the bottom line (see Figure 4-127). This
highlights the greater influence of building size and shape on annual energy consumption compared to the
amount of aperture in different facades.

Adding weights | Dimensionality | Clustering | See comments
method reduction method figure
Simulation- TSNE Figure | Data points are distributed in larger groups,
based weights 4-106 | tiny clusters with 3-5 data points are visible in
those big clusters.
Isomap Figure | The clustering pattern is reminiscent of the
embedding 4-109 | parameter-based adding weight method with
Isomap embedding, with densified clusters
dispersed with larger gaps.
Simulation- TSNE Figure | Data points are positioned in a similar manner
based length 4-112 | to the framework that incorporates all
and width simulation-based  weights with TSNE.
weights Meanshift However, the Pareto frontier is slightly higher
in comparison.
Isomap Figure | The clustering pattern observed is similar to
embedding 4-115 | the framework that includes all simulation-
based weights with isomap embedding.
Surprisingly, the Pareto frontier is positioned
lower than that framework, indicating better
performance.
Simulation- TSNE Figure | The data points exhibit a clear organization
based window 4-118 | into small, well-defined groups. However, it is
size weights puzzling why the Pareto frontier is positioned
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at an unexpectedly high level despite the
presence of distinct clusters.

Isomap Figure | No distinct group is visible. Performance of
embedding 4-121 | this framework is almost same as the
framework that used unweighted data frame
followed by isomap embedding.

Spectral Figure | Data points are scattered in amorphous,
embedding 4-124 | indistinct groups, leading to a high model
error.

Cluster Count 15-16 Cluster Count 29-30

TSNE
Figure 4-106 Simulation-based Figure 4-107 Simulation-based Figure 4-108 Simulation-based
weights, TSNE, Meanshift weights, TSNE, Meanshift, Cluster weights, TSNE, Meanshift, Cluster
Count 15 Count 29
Isomap .
Figure 4—169 Simulation-based Figure 4-110 Simulation-based Figure 4—1ilSimulation—based
weights, Isomap, Meanshift weights, Isomap, Meanshift, Cluster ~ weights, Isomap, Meanshift, Cluster
Count 15 Count 30
TSNE

Figure 4—11‘72 Sim‘ulation—based Figure 4-113 Simul;tion—based Figure 4-114 S;imuléition—based
(length, width) weights, TSNE, (length, width) weights, TSNE, (Iength, width) weights, TSNE,
Meanshift Meanshift, Cluster Count 16 Meanshift, Cluster Count 30
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Figure 4-115 Simulation-based Figure 4-116 Simulation-based Figure 4-117 Simulation-based
(length, width) weights, Isomap, (length, width) weights, Isomap, (Iength, width) weights, Isomap,
Meanshift Meanshift, Cluster Count 15 Meanshift, Cluster Count 30
TSNE
Figure 4-118 Simulation-based Figure 4-119 Simulation-based Figure 4-120 Simulation-based
(Window Size) weights, TSNE, (Window Size) weights, TSNE, (Window Size) weights, TSNE,
Meanshift Meanshift, Cluster Count 15 Meanshift, Cluster Count 29
Isomap

Figure 4-121 Simulation-based Figure 4-122 Simulation-based Figure 4-123 Simulation-based

(Window Size) weights, Isomap, (Window Size) weights, Isomap, (Window Size) weights, Isomap,
Meanshift Meanshift, Cluster Count 13 Meanshift, Cluster Count 30
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Spectral 9

Embeddin ] 4
Figure 4-124 Simulaﬁon-based Figure 4-125 Simulatioﬁ-based Figure 4-126 Simulation-based
(Window Size) weights, Spectral (Window Size) weights, Spectral (Window Size) weights, Spectral
Embedding, Meanshift Embedding, Meanshift, Cluster Embedding, Meanshift, Cluster
Count 15 Count 30

mode| error

—— simulation_based_length_width_iso_map__meanshift

—— simulation_based_length_width__TSNE__meanshift
simulation_based_iso_map__meanshift

—— simulation_based_TSNE__meanshift
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cluster count

Figure 4-127 Model Error vs Cluster count Pareto Distribution, Simulation-based Weights, Simulation-based Length

model error

width Weights

—— simulation_based_length_width_iso_map__meanshift
30 —— simulation_based_length_width__TSNE__meanshift
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Figure 4-128 Model Error vs Cluster count Pareto Distribution, Simulation-based Weights, Simulation-based Length

width Weights, Simulation-based Window Size Weights
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4.2.7 Combined weights results
The simulation-based adding weights method provided valuable insights into the importance of building
size and volume in predicting annual energy consumption. While this method performed better than the
framework with no weights, it was not as effective as the other high-performing methods. However, the
process proved to be less effective when combining weights due to the challenge of determining the
appropriate altered scale for different weights. This uncertainty regarding the appropriate scale prevented
the application of this process in further investigations.

Adding weights | Dimensionality | Clustering | See comments
method reduction method figure
Figure | Data points are well organized in large groups
Combined .. | 4-129 | primarily due to the increased emphasis on
weights | [ONE Meanshift the weights for the length and width of design
options.
Cluster Count 15 Cluster Count 29

TSNE

Figure 4-129 Combined weights, Figure 4-130 Combined weights, Figure 4-131 Combined weights,

TSNE, Meanshift TSNE, Meanshift, Cluster Count 15 TSNE, Meanshift, Cluster Count 29
I
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Figure 4-132 Model Error vs Cluster count Pareto Distribution, Combined Weights
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4.2.8 Comparison between different frameworks tested for Design Space 01

Upon observing the chart displaying the Pareto frontiers of all the tested frameworks, a distinct subdivision
becomes evident. The frontiers for the poorly performing frameworks are clustered towards the top, while
the frontiers for the well-performing frameworks are positioned closer to the bottom line(see Figure 4-133)
. Through a thorough investigation, we have gained insights that frameworks incorporating information
about building size and volume exhibit lower model error with a reduced number of clusters. This finding
emphasizes the importance of including information about building shapes in the analysis. For subsequent
design spaces, we have exclusively focused on frameworks that lie closer to the bottom line, ensuring their
effectiveness is validated through further investigations.

model error

model error

—— combined_weights__TSNE__meanshift
i_iso_map__meanshift
i__spectral_embedding__meanshift
|__TSNE__meanshift
__iso_map__meanshift
edding__meanshift

0_map__meanshift

al_embedding__meanshift

eanshift

idth_iso_map__meanshift
idth__TSNE__meanshift
size__iso_map__meanshift
mbedding__meanshift
eanshift

simulation_|
simulation
simulation
simulation
simulation
simulation
simulation_|

cluster count

Figure 4-133 Pareto Distribution for all tested frameworks for Design Space 01

=~ original__iso_map__meanshift

SNE__meanshift
simulation_based_length_width__iso_map__meanshift
simulation_based_length_width__TSNE__meanshift
simulation_based__iso_map__meanshift
simulation_based__TSNE__meanshift

vector_b. so_map__meanshift
vector_based_ TSNE__meanshift

cluster count

Figure 4-134 Pareto Distribution for only the good performing frameworks for Design Space 01
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4.3 Framework Outcomes of Design Space 02:

The results of the frameworks for this design space are categorized into distinct sections based on the adding
weights methods, similar to the previous design space. Frameworks used different portions of the initial
data frame are explained together, allowing for a comprehensive understanding of their behavior. These
tested frameworks offer valuable insights into the amount of simulation required to effectively approximate
the annual energy consumption of the entire design space. Furthermore, the well-performing frameworks
identified in the previous investigation are thoroughly examined in the context of the new design space,
providing a deeper understanding of their efficacy.

4.3.1 No added weights results
Similar to the previous design space, when the data frame is not weighted, the model error is extremely
high. The Pareto frontier generated from the framework utilizing TSNE is positioned at the top. On the
other hand, the spectral embedding method produces a lower-positioned Pareto frontier among these three
frameworks, suggesting better performance in terms of model error (see Figure 4-144).

Adding Dimensionality | Clustering | % of | See comments
weights reduction method data | figure
method used
TSNE N/A | Figure | Data points are distributed in a single large

4-135 | spherical cluster, and within that cluster, no
distinct subclusters can be identified.

Isomap N/A | Figure | Data points are scattered within a large
No added | embedding 4-138 | amorphous cluster, with no discernible

weights Meanshift smaller clusters within it.
Spectral N/A | Figure | The new positions of the data points in the
Embedding 4-141 | lower dimensional space appear identical to
the framework that utilizes Isomap
embedding.
Cluster Count 14-15 Cluster Count 27-30
TSNE

Figure 4-135 No Added Weights, Figure 4-136 No Added Weights, Figure 4-137 No Added Weights,
TSNE, Meanshift, DS 02 TSNE, Meanshift, DS 02, Cluster TSNE, Meanshift, DS 02, Cluster
Count 14 Count 27
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model error

Figure 4-138 No Added Weights, Figure 4-139 No Added Weights, Figure 4-140 No Added Weights,
Isomap, Meanshift, DS 02 Isomap, Meanshift, DS 02, Cluster Isomap, Meanshift, DS 02, Cluster
Count 14 Count 28

Figure 4-141 No Added Weights, Figure 4-142 No Added Weights, Figure 4-143 No Added Weights,
Spectral Embedding, Meanshift, DS Spectral Embedding, Meanshift, DS  Spectral Embedding, Meanshift, DS
02 02, Cluster Count 15 02, Cluster Count 30

ts__iso_map__training_count180
tts__spectral_embedding__training_count180
ts__TSNE__training_count180

200 400 600 800 1000 1200

cluster count

Figure 4-144 Model Error vs Cluster count Pareto Distribution, No Added Weights, Design Space 02
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4.3.2 Parameter-based weights results
The parameter-based adding weights method performed well, similar to its performance in previous cases.
The frameworks that included all the weights generated by the linear regression model exhibited higher
model errors with a smaller amount of data points used for training. When using 20% or 10% of the data
points, the generated Pareto frontier appeared almost the same, but for 5% and 3%, the frontier moved
upward (see Figure 4-145 (Training count 180 refers to 3%, 300 refers to 5%, 599 refers to 10% 1199 refers

to 20%))

Interestingly, the frameworks that used only the weights for length and width resulted in similar Pareto
frontiers regardless of the portion of the data frame used for training the linear regression model. The
framework that generated a Pareto frontier positioned the closest to the bottom line, resulting in a reduced
model error of 1.13 with a cluster count of only 49. By simulating 180 data points for this framework, we
were able to approximate the entire design space containing 6000 data points.

Adding
weights
method

Dimen-
sionality
reduction

Clustering
method

See
figure

% of
data
used

comments

Parameter-
based
weights

TSNE

Isomap
embedding

Meanshift

Figure
4-147

3%

The data points in this scenario are sparsely
distributed within large clusters. The clusters
are clearly distinguishable, with a less dense
distribution of data points within them.
However, the model error is higher compared
to other frameworks, indicating a lower level of
accuracy.

5%

The data points in this scenario appear to be in
the early stages of forming densified clusters.
There are clusters of different sizes, but none
of them are distinct or well-defined. The model
error is slightly higher compared to other
frameworks (see Figure 4-145).

10%

At this stage, the data points are well-
organized into small, densified clusters. The
clusters show a clear structure and are
relatively distinct from each other. The
generated Pareto frontier is positioned lower
than the framework that only utilized 5% of the
data.

20%

Data points are highly organized into distinct
clusters due to the utilization of more accurate
weights. The generated Pareto frontier exhibits
a similar shape to the framework that used 10%
of the data. However, it is positioned farther
from the center.

Figure
4-148

3%

Data points are scattered in an amorphous grid
with loosely identifiable groups. Generated
Pareto frontier located lower than the
framework that utilized the same amount of
data points and used TSNE for dimensionality
reduction.

5%

Data points are organized into distinct groups,
with smaller groups tending to cluster
together, leading to a few large clusters.
However, this framework performed worse
compared to the ‘framework that utilized 5% of
the data and used TSNE for dimensionality
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Parameter-
based
length and
width
weights

TSNE

reduction. As a result, the generated Pareto
frontier is positioned higher.

10%

Data points are densely clustered in small,
amorphous groups. However, the performance
of this framework is inferior to the one that
utilized 10% of the data with TSNE for
dimensionality reduction. This is reflected in
the higher position of the Pareto frontier.

20%

Data points are well organized in small clusters
within this framework. The performance of
this framework is comparable to the one that
utilized 20% of the data with TSNE for
dimensionality reduction. Both frameworks
yield similar outcomes in terms of model error
and the positioning of the Pareto frontier (see
Figure 4-145).

Isomap
embedding

Figure
4-149

3%

Data points are remarkably well organized
within this framework, even with only 3% of
the data points being utilized. Each cluster is
clearly identifiable and exhibits a distinct
shape. This framework achieves the lowest
model error among all the tested frameworks,
demonstrating its effectiveness in reducing the
simulation count while still providing accurate
results.

5%

Both the clustering pattern and generated
Pareto frontier are almost similar to the
framework utilized 3% of the data with TSNE.

10%

The clustering pattern of this framework
closely resembles the outcome from the
framework that utilized 3% of the data with
TSNE. Additionally, the Pareto Frontier
generated by this framework aligns with the
frontier produced by the framework that used
all extracted weights, while both frameworks
utilized the same amount of data.

20%

The outcome of this framework is comparable
to the framework that utilized 3% of the data
with TSNE. The generated Pareto frontier
aligns with the frontier produced by the
framework that used all extracted weights from
the linear regression model.

Figure
4-150

3%

The data points in this framework are
distributed in  well-organized, densely
populated clusters, forming an amorphous
grid-like pattern. This organized clustering
leads to the generation of a Pareto frontier that
closely aligns with the frontier produced by the
framework that used TSNE with the same
amount of data utilization.

5%

The clustering pattern in this framework
resembles the one observed in the framework
that utilized 3% of the data. The generated
Pareto frontier closely aligns with the frontier
obtained from the framework that utilized
TSNE (see Figure 4-146).
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10%

Similar outcomes as the framework utilized
only 3% of the data with isomap embedding.

20%

More accurate weights did not bring many
changes in the data point distribution in lower
dimensional space. The distribution is same as
the framework utilized only 10% of the data
with isomap embedding.

3
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Figure 4-145 Model Error vs Cluster count Pareto Distribution, Parameter-based Weights, Design Space 02
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Figure 4-146 Model Error vs Cluster count Pareto Distribution, Parameter-based Length Width Weights, Design

Space 02
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Figure 4-147 Parameter-based Weights, TSNE, Meanshift, DS 02
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Figure 4-148 Parameter-based Weights, Isomap, Meanshift, DS 02
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Figure 4-149 Parameter-based Length Width Weights, TSNE, Meanshift, DS 02
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4.3.3 Simulation-based weights results
The simulation-based adding weights method proved to be successful in reducing the model error and
generating a Pareto frontier positioned close to the bottom line. However, it requires running 600
simulations, which corresponds to 20% of the entire dataset. If other frameworks can achieve similar or
better results with a lower number of simulations, it would diminish the effectiveness of the simulation-
based adding weights method.

The simulation-based adding weights method produced similar outcomes as it did for the previous design
space. The TSNE dimensionality reduction method performed well when considering all 10 weights from
'test design space 01', while the isomap embedding method generated meaningful clusters when only

considering the weights for the length and width parameters.

Adding
weights
method

Dimensionality
reduction

Clustering
method

% of
data
used

See
figure

comments

Simulation
-based
weights

TSNE

Isomap
embedding

Simulation
-based
length
width

weights

TSNE

Isomap
embedding

Meanshift

N/A

Figure
4-151

Data points are effectively organized into
small,  well-defined  clusters.  This
framework has successfully generated a
Pareto frontier that is positioned very close
to the bottom line.

N/A

Figure
4-154

Data points exhibit an amorphous
distribution, with some areas of
densification and scattered points around
them. The generated Pareto frontier for this
framework is positioned at the top among
the four frameworks that were
experimented with.

N/A

Figure
4-157

The positions of data points in the lower-
dimensional space are identical to the
framework that utilized all simulation
weights with TSNE. This observation
further reinforces the strong influence of
the length and width parameters on annual
energy consumption.

N/A

Figure
4-160

The clustering pattern observed in the
current framework is identical to the one
obtained from the framework that used
weights only for length and width
parameters, implemented the parameter-
based adding weights method with isomap
embedding, and utilized only 3% of the data
for training.
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Cluster count 15 Cluster Count 28-30

TSNE
Figure 4-151 Simulation-based Figure 4-152 Simulation-based Figure 4-153 Simulation-based
Weights, TSNE, Meanshift, DS 02 Weights, TSNE, Meanshift, DS 02, Weights, TSNE, Meanshift, DS 02,
Cluster Count 15 Cluster Count 30
Isomap i “
Figure 4-154 Simulation-based Figure 4-155 Simulation-based Figure 4-156 Simulation-based
Weights, Isomap, Meanshift, DS 02 Weights, Isomap, Meanshift, DS 02, = Weights, Isomap, Meanshift, DS 02,
Cluster Count 15 Cluster Count 28
TSNE

Figure 4-157 Simulation-based Figure 4-158 Simulation-based Figure 4-159 Simulation-based

Length Width Weights, TSNE, Length Width Weights, TSNE, Length Width Weights, TSNE,
Meanshift, DS 02 Meanshift, DS 02, CLuster Count 15 ~ Meanshift, DS 02, CLuster Count 28
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Figure 4-163 Model Error vs Cluster count Pareto Distribution, Simulation-based Weights, Design Space 02
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Figure 4-164 Model Error vs Cluster count Pareto Distribution, Simulation-based Length Width Weights, Design
Space 02
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4.3.4 Vector-based weights results

The vector-based adding weights method emerged as the best-performing framework among all the tested
approaches, while the reason is previously explained. While incorporating information about the depth of
shade in the vectors posed some challenges, the current investigation has yielded valuable insights into the
effectiveness of different processes. The frameworks that considered the sum of window-to-wall ratios
(WWRs) and shading depths, as well as the framework that used the sum with positive or negative weighted
values of the shading depth, performed well (see Figure 4-173, Figure 4-174). These frameworks generated
Pareto frontiers that provide us with values very close to the center, demonstrating their ability to achieve
low model errors by utilizing only 3% of the data. This success validates the efficacy of the vector-based
approach in this domain-specific scenario. Only these two well-performed vector-based adding weights
methods are investigated for the next design space.

However, the remaining two frameworks, one involving the product of WWRs and shading depths and the
other using weighted shading depths combined with WWRs, performed relatively poorly (see Figure 4-175,
Figure 4-176). This could be attributed to either placing unnecessary emphasis on shading depths or
ineffective integration of these two important parameters.

Adding Dimen- Clustering | See % of | comments
weights sionality method figure | data
method reduction used

3% | Data points are efficiently organized in well-
defined clusters by utilizing only 3% of the
data frame, showcasing the success of the
framework in generating a Pareto frontier
with lower model error.
5% | The utilization of more accurate weights has
resulted in the clustering of data points into
more distinct and well-defined clusters. The
generated Pareto frontier is positioned
further from the center, similar to the
framework that utilized only 3% of the data.
10% | The clustering pattern and Pareto frontier
are identical to the framework that utilized
only 3% of the data.
20% | The clustering pattern and shape of the
Vector-based Pareto fronj[i'elj obtained from . the
(window + . fran.lewm:k utilizing more accurate wglghts
shade) Meanshift are identical to the framework that utilized
only 3% of the data.
3% | The data points in this framework are
positioned in linear-shaped clusters. The
performance of this framework is relatively
poor compared to the TSNE-based
framework with the same amount of data
utilization.
5% | The data points are positioned in large
Isomap Figure amorphous clusters. In comparison to the
embedding 4-166 TSNE-based architecture with the same
level of data usage, performance is
comparatively poor, for why the generated
Pareto frontier is positioned high, indicating
a bit higher model error.
10% | Data points are well-organized in an
ununiform grid. the generated Pareto
frontier closely aligns with the one

Figure

TSNE P

weights
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generated by the framework that utilized
TSNE with a similar amount of data
utilization.

20%

Data points are distributed in clusters of
different shapes. The created Pareto frontier
substantially resembles that produced by
the framework that used TSNE with a
similar amount of data utilization.

Figure
4-167

3%

Utilizing only 3% of the data frame, data
points are effectively grouped into well-
defined clusters, demonstrating the
framework's efficacy in producing a Pareto
frontier with decreased model error.

5%

The clustering pattern and the shape of the
generated Pareto frontier are identical to the
framework that utilized only 3% of the data.

10%

Generated Pareto frontier is identical to one
generated by the framework utilising the
sum of WWRs and shading depths while
implementing vector-based adding weights
methods with TSNE and the same amount of
data utilization.

20%

Generated Pareto frontier is almost the same
as the one generated by the framework that
utilized sum of WWRs and shading depths
while implementing vector-based adding
weights methods with TSNE and the same
amount of data utilization

TSNE
Vector-based

(window +

shade * (1/-

1)) weights

Isomap

embedding
TSNE

Vector-based
(window *
shade)
weights

Figure
4-168

3%

In this framework, the data points are
clustered in clusters of different shapes and
the clusters are distributed unevenly in the
lower-dimensional space. The framework
demonstrates poor performance compared
to the other frameworks that utilized 3% of
the data.

5%

The clustering pattern is more well
organized than the framework used isomap
with 3% data utilization. The generated
Pareto Frontier resembles the ones
generated by other good-performing
frameworks that utilized 5% of data.

10%

With more accurate weights data points are
now more well-organized. Pareto frontier is
closely identical to the ones generated by
other good-performing frameworks utilizing
the similar portion of the data.

20%

Data points are well organized in a roughly
rectangular grid of clusters, generated
Pareto frontier is almost the same as the
ones generated by other frameworks utilized
20% of the data.

Figure
4-169

3%

Data points are successfully categorized into
well-defined clusters using just 3% of the
data frame, proving the framework's ability
to generate a Pareto frontier with less model
error.
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5%

Data points are well organized in small
clusters, generating Pareto frontier with a
bit high model error compared to other
frameworks utilizing a similar amount of
data.

10%

The clustering pattern and the shape of the
generated Pareto frontier are identical to the
framework that utilized only 5% of the data.

20%

Shapes of the clusters are more distinct, data
points are well organized, Pareto frontier is
closely identical to the ones generated by
other good-performing frameworks utilizing
a similar portion of the data.

Figure
4-170

3%

Data points are organized in clusters of
amorphous shapes, the generated Pareto
frontier produces values bit offset from the
center.

5%

In this framework, the data points are
distributed in amorphous clusters without
clear patterns or distinct groupings,
resulting in generating Pareto frontier with
a bit higher model errors.

10%

Data points are densified in smaller clusters
while the clusters are not uniformly
distributed in the lower-dimensional space.
Generated Pareto frontier is positioned a bit
higher than the ones generated by
frameworks that utilized a similar amount of
data.

20%

Data points are clustered in densified
groups, and unevenly distributed in the
lower dimension. Generated Pareto frontier
is located a bit higher than others.

Isomap
embedding
TSNE
Vector-based
(window *
shade
(weighted))
weights

Isomap
embedding

Figure
4-171

3%

Data points are well organized in small
clusters. The shape of the Pareto frontier is
well aligned with other ones generated by
good-performing frameworks that utilized
similar amount of data.

5%

Clustering pattern is the same as the
framework used the product of WWRs and
shading depths while implementing vector
based adding weights method and TSNE
with similar amount of data utilization.

10%

Shapes of the clusters are more distinct.
Generated pareto frontier is same as other
good performing ones.

20%

Outcomes are the same as the framework
utilized 10% of the data with TSNE with
similar vector based adding weights method.

Figure
4-172

3%

Data points are distributed in amorphous
shape. Generated pareto frontier is closely
identical to the one generated by the
framework utilized the product of WWRs
and shading depths while implementing
vector-based adding weights method and
isomap embedding with 3% data utilization.
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5%

Data points are scattered in roughly
identifiable clusters, surprisingly generated
Pareto frontier is identical to ones generated
by other good-performing frameworks.

10%

Variously shaped clusters are used to
organize data points. Generated a Pareto
frontier with a reduced model error.

20%

Data points are clustered in groups of
different shapes. Generated Pareto frontier
is similar to the ones generated by other
good-performing  frameworks utilized
similar amount of data.
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Figure ;1—165 Vector-based (Window + Sha(ie) Weights, TSNE, Meanshift, DS Oé
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Figure 4—167 Vector-based (Window + Shade*(;l/ 1)) Weights, TSNE, Meanshift, DS 02
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Figure 4—168 Vector-based (Window + Shadé*(—l/ 1)) Weights, Isomap, Meanshift, DS 02
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Figure 4-170 Vector-based (Window * Shade) Weights, Isomap, Meanshift, DS 02
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Figure 4—172 Vector-based (Window + Shade(weighted)) Weights, Isomap, Meanshift, DS 02
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Figure 4-173 Model Error vs Cluster count Pareto Distribution, Vector-based (Window + Shade) Weights, Design
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Figure 4-174 Model Error vs Cluster count Pareto Distribution, Vector-based (Window + Shade* (-1/1)) Weights,
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Figure 4-175 Model Error vs Cluster count Pareto Distribution, Vector-based (Window * Shade) Weights, Design

Space 02
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Figure 4-176 Model Error vs Cluster count Pareto Distribution, Vector-based (Window + Shade (weighted)) Weights,

Design Space 02

4.3.5 Comparison between different frameworks tested for Design Space
o2

The validation of the frameworks for the new design space confirms their performance and effectiveness in
approximating the behavior of the design space. Among the tested frameworks, the vector-based adding
weights methods, particularly the framework utilizing the sum of window-to-wall ratios (WWRs) and
positively or negatively weighted shading depths, performed exceptionally well (see Figure 4-177). The
specific impact of combining the two parameters, WWRs and shading depths, on the performance outcome
is not yet clear and requires further investigation.

It is interesting to note that the Pareto frontier generated by the frameworks utilizing a similar amount of
data is mostly identical. However, there is a noticeable spike or sudden change in the frontier after a certain
cluster count, causing the lines to bend at a 9o-degree angle. The reason for this behavior is not yet clear
and may require additional analysis and exploration.

To further validate the proposed framework and understand its performance in more complex design
spaces, Design Space 03 has been created. This new design space, which likely includes more intricate
design options, will provide an opportunity to test and evaluate the framework's effectiveness in a broader
range of scenarios. By conducting additional experiments and analyses in Design Space 03, a deeper
understanding of the framework's capabilities and limitations can be obtained, leading to more robust and
reliable results for complex design spaces.
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Figure 4-177 Pareto Distribution for all tested frameworks for Design Space 02
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4.3.6 Comparison between best performing framework and linear
regression-based surrogate model

All of our proposed frameworks consist of four consecutive steps, which may appear more complex
compared to widely used surrogate models for performance predictions. However, these frameworks offer
significant benefits that can be realized when comparing prediction errors between the two systems. To
evaluate the success of reducing errors, we have employed a linear regression-based surrogate model.

The accuracy of the linear regression-based surrogate model depends on the amount of data used for
training. In order to approximate the simulation outcome of the entire design space, simulations need to be
run for all training data points. Thus, the number of training data points can be seen as the number of
simulations required to capture the behavior of the entire design space. To assess the performance, we
created a Pareto frontier where the x-axis represents the number of randomly selected training data points,
and the y-axis represents the mean absolute error (MAE) that can be achieved for the corresponding
training inputs. It is evident that as the number of training inputs increases, the MAE decreases. However,
we observed that after reaching a certain point (reducing the MAE to 9.6), further increasing the number
of training inputs does not result in significant changes.

It is important to note that the MAE obtained from the linear regression model and the "model error" for
any framework are not directly comparable. The linear regression model randomly selects a subset of
training inputs, while the rest of the data points are used to investigate the MAE. On the other hand, the
model error represents the avergae percentage of actual outcomes that are predicted incorrectly for all data
points in the design space. As the average annual energy consumption for the design space 02 is around
100 Kilowatts hours (kWh) per square meter we can say model error closely resembles MAE. But as the
model error is the averaging MAE for the whole design space. There is a possibility that averaging the errors
of fewer data points within a framework can further reduce the model error.

Despite the differences in their characteristics, we plot the Pareto frontier of our best-performing
framework and the "MAE vs. training count” Pareto frontier of the linear regression-based surrogate model.
By doing so, we observe a significant reduction in prediction errors achieved by our proposed framework
(see Figure 4-178). This comparison validates the efficacy of our frameworks. While the surrogate model
could potentially employ different machine learning models and explore hyperparameters for further
reduction in MAE, due to time constraints, we have only utilized linear regression in this study.

—— origianl_length_width__iso_map__training_count180
= simulation_based_TSNE__training_count180
20 = linear_regression_model|
—— vector_based_window_shade_add__ TSNE__training_count180

model error

cluster count

Figure 4-178 Comparison Between best performing framework and surrogate model
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4.4Framework Outcomes of Design Space 03:
The utilization of a distinct data structure in generating design space 03 presents a unique set of challenges
for our proposed frameworks. Validating these frameworks by applying them to a different data structure
highlights the advantages of data discretization in accurately predicting annual energy consumption. In
real-world scenarios, designs are seldom as simplistic as depicted in this paper. Consequently, conducting
experiments on this final framework uncovers the potential of these frameworks in more complex design
spaces.

4.4.1 No added weights results
While having no weights added with the data frame, the model exhibits high errors, and the Pareto frontier
generated by these frameworks consistently appears at the top, similar to the previous experiments
conducted without any added weights. However, due to the increased complexity of this new design space,
the model errors for different cluster counts are higher compared to the previous design space. In the
previous design space, the highest model error ranged between 20 to 25, whereas in this new design space,
it ranges from 25 to 30. This increase in overall model error is also evident in all the other tested frameworks
(see Figure 4-185 (Training count 164 refers to 3%, 273 refers to 5%, 547 refers to 10% 1094 refers to 20%))

Adding Dimensionality | Clustering | % of | See comments
weights reduction method data | figure
method used
TSNE N/A | Figure | Similar to the previous experiments, the data

4-179 | points in this framework are clustered within
a large spherical cluster. The Pareto frontier
generated by this framework is positioned

ste?d}? tesd Meanshift higher than the framework that did not
& involve weight using isomap.
Isomap N/A | Figure | The data points in this scenario are scattered
embedding 4-182 | within a large, amorphous cluster, with no
identifiable smaller clusters within it.
Cluster Count 13 Cluster Count 29-31
TSNE
Figure 4-179 No Added Weights, Figure 4-180 No Added Weights, Figure 4-181 No Added Weights,
TSNE, Meanshift, DS 03 TSNE, Meanshift, DS 03, Cluster TSNE, Meanshift, DS 03, Cluster
count 13 count 31
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Isomap

model error

Figure 4-18é No Added Weights,
Isomap, Meanshift, DS 03

600

Figure 4-183 No Added Weights, Figure 4-184 No Added Weights,
Isomap, Meanshift, DS 03, Cluster Isomap, Meanshift, DS 03, Cluster

cluster count

Count 13 Count 29

800

—— no_weights__iso_map__training_count0
= no_weights__TSNE__training_countd

Figure 4-185 Model Error vs Cluster count Pareto Distribution, No Added Weights, Design Space 03

4.4.2 Parameter-based weights results

The parameter-based adding weights methods also performed well for this new design space. The shape of
the Pareto frontier differed when using all extracted weights compared to using only weights for the total
floor area of the building. relying solely on the weights for the area did not yield significant benefits for this
particular design space (see Figure 4-191). In fact, when combining area weights with TSNE, the
performance of that specific framework was relatively poor compared to the other approaches.

In contrast to the previous design spaces, where using a larger dataset for training the linear regression
model did not result in a significant reduction in model error, for this design space, more accurate weights
proved to be extremely beneficial in reducing model error (see Figure 4-186). The framework that utilized
only 3% of the data achieved the lowest model error of 2.39, while the framework that utilized 20% of the
data achieved the lowest model error of 1.41.

Adding Dimen- Clustering | See % of | comments
weights sionality method figure | data
method reduction used
- P - — e —
TSNE Meanshift Figure | 3% Data points are distributed within 5 6 distinct
4-187 clusters. Generated Pareto frontier closely
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resembles the framework used isomap after
utilizing the same amount of dataset.

5%

Distinct clusters visualized in the previous
framework tend to group within smaller
clusters. The generated Pareto frontier by the
framework is positioned slightly higher
compared to the framework that utilized
isomap after utilizing the same amount of
dataset.

10%

data points are distributed in small linear-
shaped clusters. These smaller clusters are
further grouped together within a larger
spherical cluster. Surprisingly this framework
performed better in reducing model error than
the framework that utilized isomap with the
same amount of data utilization.

20%

The arrangement of data points in lower
dimensional space looks the same as the
framework utilized only 10% of the dataset
with TSNE. Model error is lower for this
framework, Generated Pareto frontier is
closely identical to the framework used isomap
with the same amount of data utilization.

Parameter-
based
weights
Isomap
embedding

Parameter-
based area | TSNE

weight

Figure
4-188

3%

Data points are distributed in clusters of
different shapes. Generated Pareto frontier
closely resembles the framework used TSNE
after utilizing the same amount of dataset.

5%

Data points tend to densify in more small
clusters, indicating the beginning stage of
making a proper arrangement.

10%

Data points are well organized in linear-shaped
clusters. Small clusters are distributed in 3-4
larger clusters.

20%

The arrangement of data points in lower
dimensional space looks the same as the
framework utilized only 10% of the dataset
with isomap, however, distinct groups of large
clusters are subdivided into more smaller
groups, making the clusters more identifiable.

Figure
4-189

3%

Data points are positioned in roughly
identifiable 4-5 large clusters. Model error for
this framework is extremely higher than the
framework used isomap with a similar amount
of data utilization.

5%

This framework arranges data points within
roughly identifiable large clusters. Like the
previous framework, the generated Pareto
Frontier is positioned significantly higher
compared to the framework that utilized the
isomap with a similar amount of data
utilization.

10%

Data points are distributed in an amorphous-
shaped large cluster. Surprisingly the
utilization of a larger subset of the data
contributed to a rise in model error.
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Isomap
embedding

20%

Data points are interestingly distributed in
large almost spherical clusters. Model error is
surprisingly high with a much higher amount
of data utilization. The framework performed
the worst among all frameworks that utilized
parameter-based weights.

Figure
4-190

3%

The data points appear to disperse from a
densified region. Despite the dispersal, the
generated Pareto frontier is positioned very
close to the bottom line, indicating that the
framework achieves low model errors and
performs well in predicting performance.

5%

The arrangement of data points and the shape
of the Pareto frontier is almost identical to the
previous framework that utilized only 3% of
the data with isomap.

10%

In this design space, the data points are
distributed within an amorphous-shaped
cluster, lacking any distinct patterns or smaller
clusters. Despite the absence of clear clusters,
this framework exhibits lower model errors.

20%

Data points are linearly distributed with a
dignified potion at one side. Surprisingly the
utilization of a larger dataset resulted in an
increased model error. The position of the
Pareto frontier is comparatively higher than
other frameworks utilized area weights with
isomap.

model errar

cluster count
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origianl_TSNE__training_count547

Figure 4-186 Model Error vs Cluster count Pareto Distribution, Parameter-based Weights, Design Space 03
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Figure 4-187 Parameter-based Weights, TSNE, Meanshift, DS 03
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Figure 4-188 Parameter-based Wéights, Isomap, Meanshift, DS 03
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figure 4-189 Parameter-based area Weight, TSNE, Meanshift, DS 03
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Figure 4-190 Parameter-based area Weight, Isomap, Meanshift, DS 03
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Figure 4-191 Model Error vs Cluster count Pareto Distribution, Parameter-based area Weight, Design Space 03

4.4.3 Simulation-based weights results
The simulation-based adding weights method resulted in ambiguous outcomes, making it challenging to
derive meaningful insights. When all extracted weights from 'Test design space 01' were used, the
performance of the framework was extremely poor, similar to frameworks that did not incorporate weights
in the data frame. This highlights the limitations of using simulation-based extracted weights for multiple
design spaces with different data structures. However, when only the weight for the total floor area of the
building was utilized, the generated Pareto frontier showed a downward trend, and the frameworks
produced lower model errors (see Figure 4-204). Further investigation is required in such scenarios. A more
careful extraction of weights from any test design space may reveal their potential benefits for multiple

applications.
Adding Dimensionality | Clustering | % of | See comments
weights reduction method data | figure
method used
TSNE N/A | Figure | Data points are distributed in large
4-192 | spherical clusters same as the frameworks
. . that did not include any weights.
Simulation- c .
Generated Pareto frontier is also the same
based he ks utilized with ol
weights : as the rgmewor ‘s ut.l 1ze v.v1t no weights.
Isomap N/A | Figure | Data points are distributed in large clusters
embedding 4-195 | where no other distinct small clusters are
visible.
TSNE .. | N/JA | Figure | The data points in this framework are
Meanshift . —_
4-198 | arranged in a similar manner as the
frameworks that utilized all simulation-
. . based weights. However, the generated
Simulation- L. . .
b Pareto frontier is positioned slightly lower
ased area han those f K
weight : thant ose frameworks.
Isomap N/A | Figure | Data points are scattered in an amorphous
embedding 4-201 | shape. Surprisingly the generated Pareto

frontier is located very close to the bottom
line, inducing reduced model error.
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Figure 4-192 Simulation-based
Weights, TSNE, Meanshift, DS 03
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Figure 4-195 Simulation-based
Weights, Isomap, Meanshift, DS 03
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Figure 4-204 Model Error vs Cluster count Pareto Distribution, Simulation-based Weights, Simulation-based area

Weight, Design Space 03

4.4.4 Vector-based weights results

The vector-based adding weights method outperformed all other tested frameworks in this design space.
Unlike the previous design space, where most of the Pareto frontiers were closely similar, in this case, the
Pareto frontiers are positioned with a larger gap between them. The arrangement of data points in lower
dimensions is completely different from the frameworks used in design space 02. Although distinct clusters
were not identifiable in this scenario, incorporating weights successfully reduced the model error
significantly. The frameworks that utilized separate vectors for different facades showed better performance
compared to the frameworks that combined all vectors into four. By using separate vectors, more
information was included while reducing the dimensionality of the data frame, resulting in higher accuracy
in predicting performance outcomes.

Increasing the amount of training data points for the linear regression model and incorporating more
accurate weights did not significantly improve the performance of the frameworks in most of the cases. This
suggests that even with a smaller amount of data, the frameworks were able to make accurate predictions.
When the depth of shades is positively or negatively weighted, the performance of those frameworks
dropped.
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Figure
4-205

3%

Data points are positioned in roughly
identifiable large clusters. The generated
Pareto frontier is located close to the bottom
line.

5%

Data points started grouping in more
distinct clusters. The shape of the generated
Pareto frontier remained the same as the
framework utilized 3% of the dataset.

10%

There are fewer discernible clusters in the
data, and the shape of the generated Pareto
frontier remained unchanged.

20%

The data points are arranged neatly in small
clusters. Interestingly, the generated Pareto
frontier is positioned slightly higher than
anticipated.

Figure
4-206

3%

Data points are distributed in two
amorphous-shaped clusters. All the
frameworks utilized isomap outperformed
the frameworks used TSNE. The position of
the generated Pareto frontier is low, offering
reduced model error.

5%

The arrangement of data points has
undergone slight changes, with previously
distinct clusters appearing to merge with
one another. The position of the generated
Pareto frontier is lower compared to the
framework that utilized the same amount of
dataset with TSNE.

10%

The data points exhibit an uneven
distribution within two distinct clusters. The
generated  Pareto  frontier = remains
unchanged, positioned slightly higher than
anticipated.

20%

The arrangement of the data points is
identical to the framework utilized 10% of
the data with isomap. The shape of the
Pareto frontier remains the same.

Figure
4-207

3%

Data points are distributed in small distinct
clusters. The position of the generated
Pareto frontier is comparatively high.

5%

Similar to previous framework data points
are organized in large -clusters. The
generated Pareto frontier closely resembles
the framework utilized in 3% of the data with
TSNE.

10%

The data points in this framework also
exhibit an organized distribution within
large clusters. The shape of the generated
Pareto frontier remains consistent.

20%

The data points exhibit a well-organized
distribution within distinct clusters. This
framework has achieved a reduced model
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error, resulting in a Pareto frontier that is
positioned relatively lower.

Figure
4-208

3%

The arrangement of the data points in this
framework is comparable to the other
frameworks using isomap embedding. The
data points are observed to be distributed
among three distinct clusters. Notably, the
generated Pareto frontier closely resembles
the one produced by the framework that
combined vectors, employed
positive/negative weights, and utilized
isomap embedding with the same amount of
data utilization.

5%

The arrangement of the data points is almost
the same with minor changes. This
framework performed better than the one
that used a similar technique with TSNE.

10%

The arrangement of the data points in this
framework exhibits a consistent pattern, the
generated Pareto frontier demonstrates a
similar shape to the previous one.

20%

Though the arrangement of the data points
looks unchanged this framework offered
more reduced model error with a Pareto
frontier that is positioned relatively lower.

Isomap
embedding
TSNE
Vector-based
(window *
shade)
weights
Isomap
embedding

Figure
4-209

3%

Data points are distributed within
amorphous-shaped clusters, generated
Pareto frontier is located slightly higher than
the framework utilized separated vectors
with TSNE and a similar amount of data
utilization.

5%

Amorphous clusters started organizing
themselves with larger gaps. The shape of
the Pareto frontier closely resembles to the
previous one.

10%

The arrangement of the data points remains
almost the same. More accurate weights
contributed to reduced model error.

20%

Data points are organized in roughly
identifiable big clusters. This framework
offered reduced model error due to utilizing
a larger amount of dataset.

Figure
4-210

3%

The arrangement is the same as other
frameworks wused isomap embedding.
Compare to the framework used TSNE, the
generated Pareto frontier position is much
lower.

5%

Large clusters started merging with each
other. Generated Pareto frontier closely
resembles the previous one.

10%

The arrangement of the data points remains
unchanged, but the framework offered lower
model error than the previous one.

20%

The arrangement of the data points looks
consistent with generated Pareto frontier
close to the bottom line.
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Figure
4-211

3%

In this framework, the data points exhibit a
clear organization into large clusters, similar
to the framework that utilized separated
vectors with the same steps in the process.
The generated Pareto frontier closely
resembles the one obtained from the
aforementioned framework.

5%

Data points are distributed in roughly
identifiable clusters. The Pareto frontier
closely resembles the previous one.

10%

The shape of the clusters became more
distinct. The position of the Pareto frontier
is slightly higher than anticipated.

20%

Distinct clusters are separated from each
other with larger gaps. This framework
offered reduced model error due to utilizing
more accurate weights.

Isomap
embedding

Figure
4-212

3%

The arrangement of data points is the same
as the other frameworks used isomap
embedding.

5%

In comparison to the previous framework,
there are slight changes in the distribution of
data points in this framework. However, the
shape of the Pareto frontier remains
unchanged.

10%

The arrangement of the data points is
consistent with a Pareto frontier of similar
shape.

20%

Utilizing more accurate weights did not
produce lower model error.
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Figure 4-205 Separated Vector-based Weights (window + shade), TSNE, Meanshift, DS 03
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Figure 4-206 Separated Vector-based Weights (window + shade), Isomap, Meanshift, DS 03
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Figure 4-211 Vector-based Weights (window + shade*(-1/1)), TSNE, Meanshift, DS 03
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4.4.5 Comparison between different frameworks tested for Design Space
03

After evaluating all the frameworks for design space 03, it is evident that vector-based adding weights
methods outperformed other frameworks (see Figure 4-217). Specifically, the framework utilizing separated
vectors and considering the sum of window-to-wall ratios (WWRs) and shading depths exhibited superior
performance. Among the vector-based adding weights methods, isomap embedding yielded promising
results with reduced model error. This success can be attributed to the fact that the vector-based approach
not only incorporates window information but also captures the building's shape while reducing
dimensionality.

On the other hand, parameter-based adding weights methods ranked second in terms of achieving lower
model error. Researchers can benefit from this method when applying it to more diverse design spaces. It
was observed that weights extracted for the area did not contribute significantly to reducing model error.
The overall shape of the building has a greater impact on performance outcomes compared to its floor area.
For instance, a linear-shaped building may have ample daylight, resulting in reduced energy consumption
for artificial lighting. In contrast, a building with the same square meter area can be square or rectangular,
which may require more energy to illuminate its core. The simulation-based adding weights method did not
yield clear results, and further investigation was not possible within the given timeline. The shape of all the
Pareto frontiers extracted for this design space differed slightly from those obtained in the investigation of
design space 02, as the lines did not bend at nearly a 90-degree angle.

4.4.6 Comparison between best-performing frameworks of Design Space
02 and Design Space 03

When comparing similar frameworks between design space 02 and design space 03, we can observe
consistent performance across most frameworks, with one exception being the simulation-based adding
weights method (see Figure 4-218). As mentioned earlier, the increased complexity of design options in
design space 03 resulted in higher model error. The complexity of the interrelationship between design
parameters and performance outcomes also affects the accuracy of predictions made by surrogate models.
While we have not specifically tested a surrogate model for design space 03, it can be assumed that its
mean absolute error (MAE) would be higher compared to our proposed frameworks, as is typically
observed.
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Figure 4-217 Pareto Distribution for all tested frameworks for Design Space 03
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Figure 4-218 Comparison between best-performing frameworks of Design Space 02 and Design Space 03

4.5Design Dashboard:
Instead of utilizing the widely used Grasshopper plugin Human UI [28], the team opted to use Plotly [41],
a Python library, to generate the dashboard. Plotly has undergone significant development in recent years,
and one of its major advantages is its integration with Dash [75], a package that enables user interaction.
To visualize our 3D model created with Compas [76] mesh, we needed to convert it into Plotly's mesh
definition. The conversion function was developed by Tomés Méndez Echenagucia.

The dashboard features a 3D perspective of the design option in the top right corner, based on that the
designer have to hit ‘like’ or ‘dislike’. In the top left corner, buttons for "like," "dislike," and "slide" are
placed. Below these buttons, a line chart illustrates the change in performance outcome (kWh per year per
square meter) with each iteration. Two pixelated images are also displayed, one showing the currently
viewed design option and the other displaying a selected data point from a 3D scatter plot upon clicking.

Below the 3D perspective, eight scatter plots are arranged in two rows and four columns. Although these
plots may not be crucial for the designer, they aid the team in visualizing changes after each interaction.
The first row of plots displays individual data points, while the second row represents each cluster as a
single data point (see Figure 4-219).

1. First row, first column chart: This chart colors data points based on their cluster number,
helping to confirm if closely aligned data points are grouped together.

2. First row, second column chart: This chart visualizes the updates in g-values after each
iteration. It only displays the changes in g-values, without including the initially assigned values.
Each data point within a cluster has the same g-value.

3. First row, third column chart: This chart showcases the performance outcome of individual
data points (annual energy consumption per square meter) without any remapping.

4. First row, fourth column chart: This chart highlights the data point currently displayed at the
top, while keeping all other data points white. By clicking any data point on this chart, the pixelated
image of the selected design option appears on top. This chart aids in exploring the distribution of
different design options in the lower dimensional space.
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Second row, first column chart: This chart displays the standard deviation of the average
performance outcome across all clusters. It indicates which portion of the data has a significantly
deviated performance outcome from the average.

Second row, second column chart: This chart illustrates the pre-assigned g-values for each
cluster. However, as mentioned earlier, there is a difference between the assigned g-values and the
average performance outcome of each cluster. The average performance outcomes are remapped
inversely to obtain the g-values, as lower energy consumption is considered better in terms of
performance.

Second row, third column chart: shows the average annual energy consumption per square
meter for each cluster. It also includes a line that depicts the movement in the design space during
interaction. If the line consistently tends to move towards colder-colored clusters, it indicates that
the reinforcement learning algorithm is functioning properly.

Second row, fourth column chart: colors the cluster from which the currently displayed design
option originates. The currently viewed cluster is colored black, while previously visited clusters
are colored grey. Nearby clusters to the currently displayed one are also colored grey to provide
insights into potential next moves. This chart helps track the exploration of the design space and
aids in understanding the algorithm's functioning.
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Figure 4-219 Design Dashboard
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The dashboard was meticulously developed and made accessible online through Google Cloud service,
allowing users from all corners of the world to engage with it. While the dashboard offers valuable
functionality, it acknowledges that there is still room for improvement in terms of usability and
comprehensiveness. The team prioritized the successful execution of incorporating reinforcement learning-
based recommender systems into the exploration of design spaces. The focus was on implementing the core
idea and demonstrating its potential, with the intention of refining and fine-tuning the dashboard in the
future based on a deeper understanding of user-friendliness and user feedback. Continuous efforts will be
made to enhance the dashboard's features and optimize its usability to better serve designers and
researchers in their design exploration endeavors.

Chapter 5: Discussions:

The study aimed to address the challenges of exploring huge design spaces by utilizing a reinforcement
learning-based recommender system in design space exploration. Given the complex and varied outcomes
observed across different frameworks and design spaces, it is challenging to declare a single framework as
the most effective. However, the vector-based adding weights method, along with TSNE/Isomap
embedding and meanshift clustering, consistently demonstrated strong performance across Design Space
01, 02, and 03. Moreover, when dealing with design options that include more than four faces, using
separate vectors for each face resulted in more accurate predictions of performance outcomes.

One of the significant contributions of this research is the demonstration that simulating only 3% of the
entire dataset can yield highly accurate approximations of the performance outcomes for the remaining
design options. This breakthrough significantly reduces simulation time from months to weeks or even
days, removing the previous constraints associated with exploring large design spaces. The potential
applications of this approach extend beyond the current study, as it provides valuable insights into the
overall understanding of design spaces within a significantly shorter timeframe. This efficiency translates
into savings in time, energy, and effort, making the proposed framework a valuable tool in various design
exploration scenarios.

5.1 Limitations
While the proposed framework utilizing machine learning and reinforcement learning-based recommender
system offers numerous benefits, there are several limitations that need to be addressed in future research.

e Firstly, the current investigations focused solely on predicting the EnergyPlus outcome, which is
the annual energy consumption per square meter for heating, cooling, and lighting. It remains
unclear how well the proposed framework would perform in predicting other types of simulation
outcomes. Discretizing the information into numbers may result in minor or major changes in the
outcomes, and the framework's applicability to other simulation outcomes should be explored.

e Secondly, the study executed the idea using a "mid-rise apartment" building as a case study.
However, randomly varying window sizes in different orientations may not be applicable to all types
of apartment buildings. The investigation of how the proposed process works for different building
types and climatic conditions is crucial.

e Thirdly, the mental condition of designers can influence the learning of the reinforcement learning
algorithm during the interaction process. If the Al is learning design preferences from multiple
individuals, addressing their personal biases and transient mental states becomes a challenge that
should be explored.

e In this framework, clustering assumes that design options with different performance outcomes
will also exhibit visual differences. To enhance the efficiency of the proposed framework, it is
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beneficial to cluster design options based on both visual and performance outcome differences. If
designers feel the need for more diversity during exploration, it is recommended to interact with
the dashboard using a larger number of clusters.

5.2 Future works

e Furthermore, the proposed frameworks should be further investigated in more complex design
spaces that include additional building characteristics such as louvers, podiums, and structural
elements. This expansion would provide valuable insights into a broader range of design
considerations.

e The study primarily focused on dealing with large design spaces, but how to effectively generate
large design spaces with fewer attempts remains unexplored. Developing a thoughtful and
comprehensive approach to creating large design spaces with the aid of machine learning tools
warrants further exploration.

e Determining appropriate values for the constants used in the reinforcement learning-based
recommender system could be investigated through user feedback and experiences with the
dashboard. Constructive feedback from users can be utilized to enhance the user-friendliness and
comprehensiveness of the dashboard, making it more suitable for professionals from diverse
backgrounds.

Chapter 6: Conclusions:

This study presented a pioneering approach to exploring vast design spaces by integrating human
intelligence and machine intelligence to generate design solutions that are both high-performing and
visually appealing. While previous research predominantly relied on guided optimizations, this study
introduced a reinforcement learning-based recommender system that learns from designer interactions to
suggest design options that align with their preferences while minimizing annual energy consumption. To
enable effective recommendations, the algorithm also needed to learn the performance outcomes of various
design options. Recognizing the time-intensive nature of simulating all possible design options, the study
explored multiple frameworks that approximated performance outcomes by learning from a subset of the
dataset. The team demonstrated that by simulating only 3% of the dataset, accurate predictions of the
remaining design options' performance could be achieved.

The study focused on annual energy consumption as a critical metric due to its complex relationship with
different design parameters. By harnessing sophisticated machine learning algorithms, the study
showcased how large design spaces can be efficiently and effectively explored. This approach capitalizes on
the capabilities of design computation and artificial intelligence to address an important problem in the
field. The process demonstrates fast and accurate predictions, indicating its sophistication and intelligence.
With a shared commitment to creating a sustainable future and reducing carbon emissions, this process
contributes by significantly reducing computation time. Additionally, the interactive design dashboard
promotes widespread participation in design decision-making.

In conclusion, this study comprehensively addressed various challenges in efficient design space
exploration and proposed innovative ideas. Through meticulous research and detailed investigations, these
ideas were successfully executed and validated. By tackling multiple aspects of the problem, the study has
made significant contributions to advancing the field of design space exploration, paving the way for future
advancements in this area.
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