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Abstract

This dissertation explores a new method to model human navigational behavior when engaging
with the built environment, with the intent of informing architectural design. A computational process is
proposed to produce a generalizable Agent that navigates and explores novel complex environments
while interacting with its surroundings.

Current modeling software can effectively simulate pedestrian movement. However, it does not
provide other simulations that are critical to the design of architecture such as exploration. Exploratory
behavior is especially relevant for architects who seek to predict, to a feasible degree, the interaction
between people and newly designed spaces; humans investigating new environments and paths to
compelling architectural features. This dissertation demonstrates how machine learning methods
identify human exploratory trajectories and map such data to Agent navigational behavior.

Several Machine Learning techniques were applied, including Computer Vision, Bayesian
Probability Programming, Density-Based Clustering, and Reinforcement and Imitation Learning. This
data-driven method included human trajectory data and three-dimensional site data, collected through
fieldwork in Machu Picchu, located in Cusco, Peru. The method had two sections Data Production and
Model Development, which resulted in a trained Navigational Agent. Finally, validation tests were
proposed and conducted to evaluate the Agent's behavior.

The proposed navigational Agent initially demonstrated generalizable behavior, as when
exploring unseen complex environments that it was not trained in. Then, by applying machine learning
and analysis of the site-specific data, the human trajectory data was assigned with exploratory
intentions of the visitors when approaching compelling architectural features. After the Agent
accommodated general behaviors, it demonstrated that site-specific data expanded its behaviors
towards simulating human behaviors on the site.

The contributions of this dissertation consist of a pedestrian simulation method, a trained
navigational Agent, human trajectory data classification method, human trajectory datasets, three-
dimensional site models, and finally, theoretical analysis of a tool that simulate pedestrians’ behavior
for architectural design. This dissertation uniquely combined these existing machine learning methods
and constitutes an important step in developing computational tools to predict human behavior in
architectural space.

Thesis Co-Supervisors:

Takehiko Nagakura, PhD, Associate Professor of Design and Computation MIT
Svafa Gronfeldt, PhD, Professor of Practice MIT SA+P Faculty Director of MITdesignX






Our understanding of space relies on our experience of crossing it.

Dedicated to my parents: Antonio and Fernanda
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Chapter 1. Introduction

In Computing Machinery and Intelligence, Alan Turing (1950) writes: "It is not
possible to produce a set of rules purporting to describe what a man should do in
every conceivable set of circumstances. . .. However, we cannot so easily convince
ourselves of the absence of complete laws of behavior as of complete rules of
conduct. The only way we know of for finding such laws is scientific observation" (p-
28). Taking inspiration from Turing’s seminal quote, this dissertation aims to provide
a generalizable method for simulating human navigational behavior that is the direct
result of observing, analyzing, and modeling actual human behavior. In particular, it is
a method found through observing how people move within and interact with a novel
environment as they learn about and explore their surroundings. While it may not be
applicable to the design of any and all built environments, this method serves as a

useful tool in the architectural design.

Architects, engineers, planners, and transportation advisors understand human
movement in the built environment through rule-based modeling, specifically Agent-
Based Modeling (ABM). An Agent is an intelligent digital entity that perceives the
environment, makes decisions, and performs actions in this context. Crooks &
Heppenstall (2012) describe the composition of the rule sets that guide the Agent’s
behavior in ABM, stating: "Rules are typically derived from published literature, expert
knowledge, data analysis, or numerical work and are the foundation of an Agent's
behavior" (p. 89). Although ABM is instrumental in planning for emergency egress,
traffic crossings, and crowd movement, the user-defined rule sets that govern the
Agent’s behavior in these scenarios do not allow the Agent to adapt well in novel
environments. The commonly used conditional “if, then” also becomes less useful for

modeling more exploratory human behavior in the built environment.
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Human exploratory’ behavior is especially interesting for informing the
architectural design. Humans move in unexpected ways; for example, when
traversing a landscape, they may divert from their original paths to explore and find
new and interesting panoramic views. This kind of exploratory behavior can be
measured in ways that provide insight into the interest that people have in certain
features of their surroundings. As designers of spatial environments, architects need
to understand and simulate human motion within the built environment beyond
optimizable variables, such as the timing of entrances and exits in a space. In
addition, architects are expected to understand how the built environment motivates

human movement.

The research in this dissertation offers a new method for capturing and
simulating the patterns of movement driven by the built environment—a method that
has led to a design of a computational model that simulates these subtle patterns of
navigational behavior, such as exploration, that applies to a diverse range of
architectural sites. The focus on exploration was a significant part of the research
process in this dissertation; data from humans exploring the environment conveys
more valuable information for architects than the data extracted from people
following predetermined paths. The latter provides information about individuals
exploiting a site's known features, and architects are trained to recognize such
activities without the need for analysis. The patterns of pedestrian exploration,

however, and according to this dissertation’s assumption, provide a quantifiable

"It is worth noting that the term Explorer is used exclusively in this dissertation to refer to an
entity demonstrating human investigative behavior when navigating a new built environment. An
Exploiter, on the other hand, refers to one exhibiting expected and predictable behavior, exploiting the
known features of the built environment. Understanding the balance and tradeoffs between the two is
crucial to understanding how the environment affects peoples’ movement in any built environment that
can be explored, from world heritage sites (as this dissertation uses) to ordinary sidewalks in cities.
These terms have different meanings and applications in other fields, such as Cognitive Science,
Machine Learning, and Business (Epstein et al., 2017; March 1991; Meirelles & Meirelles, 2017; Mnih et al.,
2015; O'Reilly & Tushman, 2011; Speekenbrink & Konstantinidis, 2015; Wu et al., 2018). In this dissertation,
these terms do not refer to the Machine Learning Exploration-Exploitation problem, commonly referred

to as the "The Multi-Armed Bandit" exploration/exploitation problem in Reinforcement Learning.
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metric of people's level of interest over architectural features, enabling intention
assignment to their paths when combined with the data about the built environment.
The intention assignment follows the Bayesian Theory of Mind concepts, as Jara-
Ettinger writes, “The model is an extension of the Bayesian Theory of Mind (BToM)
model of Baker et al. (2011), which treats observed intentional actions as the output
of an approximately rational planning process and then reasons backward to infer
the most likely inputs to the Agent’s planner - in this case, the locations and states
of utility sources (potential goal objects) in the environment” (Jara-Ettinger et al.,
2012. page 1). In the case of the of this dissertation, the rational planning process is
traversing architectural space, reasoning backwards to define the abovementioned
architectural features as the likely inputs for the pedestrians/visitors, and the
architectural features are defined as the goal objects. It is relevant to note that
intention assignment to human trajectory data is a significant contribution of this
dissertation beyond the architectural field. The search for methods that serve the
architectural design guided the inquiry, but eventually led to wider applications in

machine learning and data analysis in general.

Exploration paths are better derived from machine learning and human
trajectory data than from pre-defined rules. Consequently, ABM alone is not
completely suitable for modeling human exploratory behavior to analyze the effect of
the built environment on peoples' motion. Nevertheless, many researchers have built
ABM behaviors that have been the foundation for Agent computational tools, such as
the one presented in this dissertation. Furthermore, such rich Agent behaviors can be
augmented and capitalized with machine learning and other artificial intelligence

techniques in order to, for example, develop exploratory behaviors.

This dissertation presents a proposed method that demonstrates the behavior
of intelligent digital Agents that represent human pedestrians. These Agents replicate
the patterns of behavior extracted from datasets of humans traversing a site to
produce a generalizable target behavior. The target behavior consists of finding and
approaching several architectural features, stopping and resting at these features for
some time, and then continuing along their path at a defined speed. This sequence of

actions is defined as a form of exploration.
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The method in this dissertation applies concepts and techniques from Machine
Learning, Artificial Intelligence, Cognitive Science, and Architecture to capture data
from a site. Having a data-driven focus, the research presented uses Supervised
Machine Learning methods. Supervised methods in Machine Learning refer to
algorithms that map known data to the behavior of the Agent, known as the “ground
truth”. Unsupervised methods refer to algorithms that infer the patterns of the data.
Reinforcement Learning (RL) is a computational method that maps experience into a
policy that governs Agent behavior, reinforced by a reward system embedded in the
environment, following the unsupervised premise. Imitation Learning (IL) is a method
in which the Agent obtains rewards for following demonstrations recorded by human
experts, using such demonstrations as ground truth (the initial data). Imitation
Learning combined with Reinforcement Learning was applied in this dissertation to
achieve generalization across novel complex environments. Further, the supervised
methods used were Clustering methods and Bayesian probabilities methods, applied
to data processing. Chapter 3 of this dissertation describes the overall method

including all the computational techniques that were used.

The data utilized for developing the method using machine learning was
collected through extensive fieldwork using aerial video recordings from a drone
flying over a targeted area for several weeks. From this data collection, the features
of the space itself and the movement of people through it were extracted. This data
process was followed by the development of a model using RL and IL to extract
patterns from the data and simulate how an Agent traverses a site, searches for

architectural features, approaches them, and studies them the way humans do.

Three tests were conducted for validating the machine learning training
method in this dissertation: Test 1. Generalization of the Agent, testing the
navigational capabilities of the Agent in unknown built environments; Test 2.
Comparison with Human Behavior, comparing the Agent's behavior with the human
trajectory data from a selected site; and finally, Test 3. The Nav Turing Test,
interviewing experts in the behavior of the selected site to evaluate the accuracy of

the Agent's behavior.
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The major contributions of this dissertation include:
@) The machine learning simulation method, which maps data from human
trajectory paths and the built environment into generalizable Agent exploratory

behavior targeting architectural design applications.

(2) Autonomous, trained Agents capable of exploring new environments in a

way that resembles visitors at Machu Picchu, the selected site for data collection.

(3) Valuable human trajectory datasets from a world class tourist site.

(4) A classification method of human trajectory data between Explorers
and Exploiters for assigning intention to human paths when analyzed combined with

the three-dimensional data from the site where the data was collected.

(5) Three-dimensional site models, with the categorized architectural

features.

The dissertation is organized into four chapters. First, the literature review
explores relevant precedents and the context and relevance of this work for
Architectural Theory and Practice demonstrating the need for this work in that
sector. It is covers computation, identifying currently available tools for modeling
Agent behavior, and Machine Learning, describing specific computational methods for
learning behaviors and applying them in new situations. Second, the Method Chapter
describes a machine learning model of pedestrians exploring the built environment.
The method is described in depth in order to provide a generalizable method. Third,
the Results Chapter describes the application of the method in the case study, the
Machu Picchu citadel. The Machu Picchu Citadel is an archeological monument
located in Cusco, Peru, that used to receive around 2,000 visitors a day prior to the
Covid-19 pandemic. This case study was selected because the citadel is an
architectural site without roofs, enabling the recording of visitor behavior with aerial
shots using drones. Finally, the Discussion Chapter consists of a summary of key
findings, conclusions and implications, limitations of the study, and future research

and application recommendations.
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Chapter 2. Precedents

This Dissertation is inscribed in the intersection of Architecture, Machine
Learning, and Cognitive Computation, as described in Fig. 2.1. The literature review is
rather heterogeneous because of the interdisciplinary nature of the research. It
consists of three sections: the first section describes the architect's need for a
digital tool to understand people's motion in the built environment, the second
section describes available tools from computation discussing mainly Agent-Based
Models, and the third section explains machine learning technologies used to model

human and machine movement, interacting with the built environment.

Fig. 2.1. Diagram showing the context of this Dissertation.
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2.1. Architecture Dreams of Motion

Understanding space relies on motion, as we experience space by crossing it
(Gonzalez-Rojas, 2017). As Jullian (1996) states: "The crossing is not intended as a
means to arrive at another place but rather an experience that changes the perceived
meaning of things." When we are still, we are not fully conscious of our space. While
moving, however, we become aware of interacting with the environment and others
in an endless interplay. This section explores architects' studies and designs about
motion and space. It demonstrates that the inquiry of motion as a driver of design
has been present throughout the history of architecture. Often, architects' inquiries
about motion have not been explicit, but in other cases, architects have put motion

at the core of architectural research.

The relevance for architectural designers of having a digital tool for
understanding people's motion in space is discussed in the following pages. The
importance of having a tool to simulate human navigation while interacting with the
built environment relies on enhancing the control over the effect that the
environment has on people's motion. It also allows architects to understand how
people will occupy their buildings after their construction. In recent years, when the
tools for modeling motion started to be accessible for architects, the tools prompted

experimentation with applying such tools to drive architectural design.

Architecture theorists claim that Classical architecture documentation shows
practically no reflections concerning occupants' motion in space. In their book,
Architecture and Movement, Blundell-Jones & Meagher (2014) analyze the
contributions of the leading architects to the analysis of movement and denote the
lack of discussion from classical theorists. The authors attribute this fact to the idea
that sequential progression was understood as the design's default characteristic
and taken for granted. This idea is fascinating since the designs seem so simple to
cope with the internal flows, yet the buildings are understood as processional
artifacts from the beginning of their design, incorporating people's motion in the
architecture. However, in the architecture manifestos and classical architecture

design, one can observe the interest in progression and sequencing space. R. Evans
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(1997) argues that connectivity was a fundamental principle of classic architecture

design, and it was simply never questioned.

Classical architecture is studied to understand how designers incorporate
motion into their designs. Renaissance architects developed instructions and rules to
incorporate paths and circulation into their designs. In several parts of Ten Books of
Architecture, Alberti (1452) explains how routes are distributed for different house
occupants, dividing servants from owners. In parallel, in the Four Books on
Architecture, A. Palladio (1738) explains how staircases and paths separate the
different social classes of people coexisting inside a house. Classical architects
dedicated loggias and halls for transitioning from public to private space, and their
only use was to greet visitors and walk through. A. Palladio explains that the main
door requires a loggia (e., covered exterior gallery or corridor) facing the main street.
In several sections of the Four Books on Architecture, Palladio mentions the right
proportions and the sequences for corridors and halls. In conclusion, the explicit use
of the halls, corridors, and progression routes was, in general, to isolate the ruling
classes from the serving classes. The implicit use was to create a progression-like
experience through different corridors and rooms. In public buildings, such as the

Palladian Basilica, the spaces for movement were open and of free access.

Fig. 2.2 shows the Palladian Basilica, located at the Piazza Dei Signori in
Vicenza, Italy; A. Palladio designed the Basilica's outer shell in 1546. This facade was
finished in 1614 and included a loggia and a portico ("Basilica Palladiana," 2017). The
Basilica's outer shell frames the continuous loggia that surrounds the interior areas
of the building. In addition, the Basilica provides two shortcuts to traverse the
building from north to south that are entirely open and remain open even during the

night to this date. The interior spaces are three rooms placed in sequence.
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Fig 2.2. Palladian Basilica, Image by the Author, 2014.

Contemporary architects have often disregarded research that sets the user at
the center of architectural design, have been laconic regarding the effects of space
in people's motion, and have been divergent in their approach towards motion
(Evans, 1997; Sailer, 2009; Petrescu, 2014). In one notable case, a later application of
the idea that space produced patterns of behavior in people's motion can be found in
the work of Arne Branzell with Young Chul Kim. In Visualising the Invisible: Field of
Perceptual Forces Around and Between Objects, the authors describe their study of
how "different persons react when exposed to different full-scale objects" (1995). In
his book WalkScapes, Francesco Careri suggests that the production of space began
with human beings wandering in the Paleolithic landscape, following traces, and
leaving traces" (2014, p. 112). Careri's approach conveys the value of exploration,
ideas similar to those proposed by the Situationists. The Situationists, represented
by Guy Debord with his book, is shown in Fig. 2.3. Psychogeographic guide of Paris
discussed how exploring the urban space enabled discovering “situations” and

different exciting architectural settings.
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Fig. 2.3. From: Psychogeographic guide of Paris, by Guy Debord, 1955, Image by Permild &
Rosengreen.

In the urban design realm, Michael Batty has worked extensively in analyzing
pedestrian flows and simulating them as an input for large-scale urban design
(2007). Many architects have designed spaces that offer interesting user experiences,
such as in the MIT Media Lab by Fumihiko Maki, where paths and staircases enhance
the user's motion through the building. The urbanist William H. Whyte (1980)
presented a pioneering empirical study about how people behave in public spaces
using video cameras. Whyte (1980) captured videos of plazas and parks and
quantified peoples' behavior in those public spaces. In his book, The Social Life of
Small Urban Spaces, Whyte presented statistics from video footage of small public
places in New York in the late seventies through research developed with his group,
Street Life project. The design elements, such as benches, trees, water features, and
food accessibility, and attractors such as musicians and other performative
elements, are analyzed to quantify their presence in a good design. The study is
focused on evaluating urban design elements to determine whether a public space is
successful. Whyte's research was a pioneer in urbanism, and most likely the first

study to develop behavioral observations of the city’s inhabitants.
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The concept of Promenade Architecturale appears for the first time in Le
Corbusier's (1928) description of the Villa Savoye at Poissy, Samuel Flora (2010)
described how the concept of promenade is one of the primary ideas of modern
architecture that remains until today. The promenade idea is similar to a walk or an
ascent through the building. Le Corbusier dedicated particular interest to developing
routes and itineraries in his buildings, unfolding the promenade. Flora (2010)
compiled Le Corbusier's central ideas about the effect of space on people's motion
and human-space interaction in a book called, Le Corbusier and the Architectural

Promenade.

In the book Towards a New Architecture, Le Corbusier explains how he wanted
to create settings where people would be perceptually stimulated to use their
faculties of memory, analysis, reasoning, and ultimately their creativity (Flora, 2010).
"Believing that the body played a primary role in the assimilation of knowledge, Le
Corbusier evolved a series of techniques to facilitate the process" (Flora, 2010, p.39).
Cognitive scientists have agreed with this idea and have stated that dramatic

changes in cognition occur when infants begin to self-locomote (Gelman & Au, 1996).

Le Corbusier was interested in the body's rhythm and recognized the potential
of filming to capture motion in time. In 1930, Pierre Chenal created a film called,
Architecture D'aujourd’'hui, that shows the Ville Savoye. The film unfolds a narrative
about the views and promenade affordances that the house enabled. Flora (2010)
writes that even Einstein's ideas of parallax are incorporated in the story by changing
the observer's position. Finally, he argues that Le Corbusier wanted to create spaces
that would be appreciated on the move: "it is while walking, and moving from one
place to another, that one sees the arrangements of architecture" (2010, p.41). In
addition, Le Corbusier also recognized the role of movement in domestic and public
life for social encounters. The Carpenter Center is one of Le Corbusier's buildings in
which the focus of the design is on paths, routes, and views evolving in time. The
ramp that connects the Carpenter Center (1962) with the neighboring museum, starts
this building's promenade. The building is a magnificent example of how motion can

be integrated with architectural design. The Carpenter Center, shown in Fig. 2.4,
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denotes the explicit dedication of Le Corbusier to finding geometries that would

enhance the spatial experience of the occupants.

Fig. 2.3. Carpenter Center, Image from the Author, 2021.

Between 1920 and 1940, Walter Benjamin wrote about the passages of Paris
and the cultural experience of wandering as part of the Arcade Project. Charles
Baudelaire developed the concept of the flaneur, the wanderer, who explores the city
without aim. Benjamin later compiled Baudelaire's ideas about this character
(Baudelaire, 2010; Petrescu, 2014). The Situationists pushed the concept of drift
(derive) as a discovery of the city through the action of wandering (Sadler, 1999;
Petrescu, 2014). The Dadaists and the Surrealists celebrated the drift as a contestant
political practice through organizing walks in the city. Guy Debord and Asger Jorn
developed the idea of constructing situations for creative environments, taking ideas
from the Situationists. Contemporaries with the Situationists, the philosopher Michel
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de Certeau, wrote that the spatial language of walking criticizes urban cartography

representations (Petrescu, 2014).

A parallel can be drawn from the ideas of Le Corbusier's Promenade and the
Situationist concept of drift; both lines of thought suggest that moving in space
prompts cognitive creation. However, the Situationists criticized the modern
obsession with function and were against the Athens Charter, Petrescu (2014) writes.
These lines of thought then pointed to the same idea about connecting walking and
creativity in opposite directions. In conclusion, there is a parallel between how
Benjamin, the Situationists, and the other vanguards understood the act of walking
or moving through space. The parallel consists of two theories: the first, that
movement and walking affects creativity, and the second, reclaiming the possibility

of aimless exploration.

2.1.1. Space and Motion Research

Gonzalez-Rojas (2015) presented "Space and Motion" research as part of a
master thesis, which serves as an essential foundation for the current work. In the
following paragraphs, a summary is presented to explain and describe Gonzalez's
(2015) general ideas and incorporate them as an antecedent to this literature
discussion. While in motion, we sense the environment in time, interacting with
space. The ones available are for deterministically visualizing figures and simulating
pedestrians to analyze emergency exits or egress. Such simulations are built without
entailing non-goal-oriented interaction with space, leaving a gap for design.
Consequently, some efforts were devoted to understanding motion through drawings
and other mediums within the architectural discipline. However, those efforts were

surpassed by the problem.

The simulations are generally governed by assumptions regarding people's
motion behavior or analogous models, such as collision avoidance methods. However,
the use of data from people elucidates spatial behavior. Furthermore, advancements
in in-depth camera sensors and computer vision algorithms have eased the task of
tracking human movements to millimetric precision. Space and Motion thesis
(Gonzalez-Rojas, 2015) proposes two main ideas with scarce precedents. Firstly, it
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proposes creating statistics from real people's motion data for further simulations.
Secondly, it proposes to measure such motion concerning space, creating a Space-
Motion Metric that takes, as input, people's motion and spatial features of the

environment.

The Space-Motion Metric looks for actions composed of action duration,
speed, and gestures towards the spatial features. The actions are elaborated as
Space-Motion Rules through substantial data analysis. The non-prescriptive
combinatory nature of the rules generates a nondeterministic behavior focused on
design. That research mapped, quantified, and formulated people's motion
correlation with space and questions the role of data for projecting what space could
be. The research used the Kinect device, which tracks human motion using infrared
light and Time of Flight technology. Kinects' (2014) testing capabilities for analyzing
people's motions was developed through an Art Installation. The first version of the
"Walk Across" installation at the MIT Museum (Gonzalez-Rojas, 2014-2017) is shown
in Fig. 2.5. The second version was exhibited at the Kirkland Gallery (2014). The data
visualizations inspired "Walk Across," shown in Fig.2.6. The interactive installation
integrates the Kinect sensor with a proposed algorithm that displays real-time visitor

trajectory data.

Fig. 2.5. The author developed MIT Museum interactive installation called “Walk Across” in 2017.

The installation tracked visitor paths and displayed them in pan view in a large projection on the wall.

Moreover, "Walk Across" encompassed the concepts of the previous work of

this dissertation. From the memory of space displayed in the visualization to the
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awareness of the body while moving. The installation made explicit the interaction
between present and past data and with space to collectively draw with the visitor's
own body. The work proved valuable even outside the discipline, resulting in

profound insight for the presented research.

MIT BUILDING 10 LOBBY
122014

Fig. 2.6. The author developed "Space Motion Visualizations" in 2015. The Visualizations show
data collected with Kinect sensors at the MIT Media Lab Building. The visualizations of user trajectories
are in aerial view, with a triangle shape because of the Kinect sensing range shape. The Kinect sensor is
located at the top-center in each image; the architectural plan illustrates trajectories' contexts. Each of
the triangles shows 24 hours of trajectory data from May 2013. The visualizations include the "average
time" of a user, showing how much time is spent in that area by standing people. It also shows the
"average speed" of people passing by. These data patterns show consistency over time in each of the

spaces.

The referenced thesis proposed that a spatial gesture consists of a series of
movements assembled to indicate the interaction between people and space. This
concept was developed to identify specific bodily actions regarding the geometry of
space that intends to inform architectural design (Gonzalez Rojas, 2015). An example
of a spatial gesture is the change of gaze plus a decrease of walking speed
performed by people when entering a multi-story atrium. Data of spatial gestures is
collected to find its constituents, the most likely position, and its frequency. This
project aims to collect data and simulate spatial gestures to give new design
possibilities and simultaneously incorporate people's motion in areas of architectural
design. The concept of spatial gesture combines elements from Gaming Research,

Cognitive Science, and Architectural Design. In Gaming Research, gestures interact
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with computers through bodily motion and for playing and communicating with
machines. Traditionally, the concept of gesture in Architecture is referred to as a
"formal action”. In contrast, the proposed meaning for "gesture" is a trace of space's

effect on people's motion and people's cognition— evidence of their interplay.

Finally, the cataloging of 18 different Space and Motion Rules, shown in Fig.
2.8., was particularly relevant for this dissertation. When combined, these rules
depict a possible move performed in a public space, a motion sequence, yet the
already measured indicators qualify it. In that sense, the research refers to walking
itself, of the movement that a person performed, and in what context that
movement happened to show how movement correlates with space, and perhaps

illustrate how space could produce those movements.
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Fig. 2.7. Rules of motion developed as part of “Space and Motion” research during the author’s

master’s degree at MIT. The rules connected an “architectural feature,” such as a staircase or a door,

with human motion parameters while moving in such spatial components.

2.1.2. Social Dynamics and Architecture

In the seminal essay "Figures, Doors and Passages," Robin Evans (1997)

explains how he sees architecture as evidence of a way of life. The essay revolves
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around how human motion was bound by classical and modern architecture in the
western world and reflects human locomotion and social behavior. For example, in
Palladio's Renaissance Palazzo Antonini analysis, Evans describes how the rooms had
many doors, sometimes even four. Back then, people walked from one room directly
into another room. Such a setup radically changed in the 19th century to having only
one door and the inclusion of the corridor. Fig. 2.8. shows a typical Italian villa plan
next to a typical plan used in modern buildings that includes a central corridor

connecting a series of rooms.

semi

-+ + 17

Fig. 2.8. This diagram presents the architectural progression from the “rooms’ matrix” in the
Italian villas to the invention of the corridor in modern architecture, studied by Robin Evans (1997) in
"Figures, Doors, and Passages." Evans presented this case study as a clear scenario in which architects

conducted motion and compartmentalized human activities into isolated rooms.

Evans writes, "the search for privacy, comfort, and Independence through the
agency of architecture is quite recent" (1997, p. 56). Evans argues that this practice
became a conscious act by architects in the seventeenth century, noting that Kerr
made it explicit. Subsequently, designers adopted the tendency to hide unwanted
aspects of people's behavior with architectural features. Unlike Renaissance
architects like Alberti and Palladio, who sought the harmony of the household,
modern architects sought the compartmentalization of movement. However, it is a
movement that yields coherence to the compartmentalized rooms attached to a
spine-like corridor. In contrast, in households composed of a matrix of rooms,
"movement through architectural space was by filtration rather than canalization. . .
(for which) movement was not necessarily a generator of the form," Evans writes
(1997, p. 78). Since then, modern architects prevent informal social interaction

through canalization and compartmentalization of human life.

29



2.2. Current Digital Tools to Model Human
Trajectories

The previous section was dedicated to understanding the architect's point of
view towards human motion in space, which demonstrates the need for architects to
control the effects of architecture on people's motion. Architects mainly see motion
as a driver for the architectural design with different ramifications, such as fostering
social dynamics, creativity, and conducting motions (Blundell-Jones & Meagher, 2014;
Evans, 1997). This section explores the available digital tools for modeling movement,

their applications in architecture, their limitations, and their benefits.

2.2.1. Agent-Based Models

The Agent-Based Model (ABM) is, at present, the standard software approach
used to simulate pedestrian behavior. Other denominations for ABMs are Multi-Agent
System (MAS) and Individual-Based Modeling (IBM). These are modeling approaches,
or computational models, governed by rule-based behavior and procedural
programming. A thorough description of ABMs was written by Gilbert (2008) and
Crooks & Heppenstall (2012). According to them, ABM is an excellent tool for
understanding dynamics based on locally defined rules and can be escalated to

larger-scale combinatorial processes with the sum of the local behaviors.

Composed of intelligent Agents interacting with the environment, ABM is
considered a microscopic simulation (Crooks & Heppenstall, 2012). The cumulative
combination of local or individual rules at the microscopic scale escalates to the
macro scale. In other words, the simulation works by defining a set of rules for each
Agent. For example, "if there is no obstacle ahead, then move forward 2 meters;
next, all the Agents move together, generating a crowd. The rules are often in the
form of "if-X-then-Y" statements that need to be crafted by an Agent designer and
derived from observation, expert knowledge, or specialized literature (Crooks &
Heppenstall, 2012). The cumulative, nonlinear and dynamic interaction of the rules
themselves and between the rules and the environment produces unpredictable

behaviors denominated in emergence. Crooks and Heppenstall (2012) write: "The
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usage of ABM enables us to generate the emergence of global complexity from
relatively simple local actions and hence may also further reduce the computing
requirements imposed by long-range interactions in a social system" (p. 65). One
example is to model pedestrians exclusively to traverse a sidewalk, and the
emergence happens when the Agents form a line if there is a bottleneck in a section
of the path. Emergence is the most desired feature of ABMs as it promises the

complexity of behavior that does not require the design of every rule.

Currently, there is a myriad of dispersed research on ABM in Architecture and
Urban disciplines. That work shows researchers' efforts to incorporate motion into
architectural design (Pan et al., 2007; Schaumann et al., 2017). The most advanced
applications of ABM in Architecture and Urban Design are Emergency Egress,
Evacuation Analysis, Social Interaction, and Isovists. Several applications are included
below to review the role of the ABM Pedestrian Simulation in the design process. In
addition, the following is a description of one example of free AMB Software

intended to describe the software architecture.

Emergency Egress (EE) analysis is included because of the impact on the
architectural design process. EE analysis software, such as Oasys and Legion, has
enabled designers to calculate the evacuation time for subway stations and
hospitals. EE software calculates these indicators through crowd simulation and
visualization. During the evacuation simulation, designers can discover the need to
modify the layout of a design in various ways, such as widening a corridor to avoid
producing a bottleneck. Following this, the evacuation time can be tested again, and
the effect of the design modification evaluated ("Legion Software," 2012; "Oasys
Software," n.d.). A particular virtue of EE is that it provides a quantifiable way to
evaluate the design based on the use of its occupants; a building design can pass or
fail the maximum time permitted for evacuation. The main weakness is that EE does
not provide design insight beyond the goal of allowing people to escape in an

emergency.

For example, an analysis using Oasys software was conducted to calculate the

evacuation time of the Roman Colosseum in comparison with Beijing Olympics
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Stadium (Oasys MassMotion, 2014). When tested for evacuation time, the Roman
Colosseum, a building designed in 70-80 AD, performed better than Beijing's Stadium
("Oasys, The Colosseum and the Beijing National Stadium," n.d.). Such evidence
demonstrated the tension between assessing the tool's benefits and the degree to
which the tool is needed. These are examples of designs that perform efficiently
regarding the required emergency egress time without applying any tool. If the
Roman Colosseum, a two-thousand-year-old building designed using roman
architecture principles, performs better than a modern stadium, the validity of

modern design principles and EE tools can perhaps be called into question.

Notably, the requirements of proper circulation have shaped the layout of
many modern building typologies, such as hospitals, subway stations, and stadiums.
Consequently, different institutions have been responsible for developing design
manuals to encode the expected typological requirements. For example, The
Federation Internationale de Football Association (FIFA) has presented a detailed
manual for designing stadiums, where local governments develop subway station
regulations and hospital design manuals in line with those requirements (FIFA.com,
n.d.).

Space Syntax is, to date, the only relevant approach, supported by software
for incorporating user behavior and social interaction into the architecture and
urbanism design process. The theory and software were first presented in 1976 by
Bill Hillier, Julienne Hanson, and colleagues, encompassing their work at the UCL
Bartlett Faculty of the Built Environment, University College London. The principal
value of studying Space Syntax for this research is its basic concepts, functioning,

and impact in the architectural discipline.

Essentially, Space Syntax analyzes the topology of a plan in two dimensions,
shedding light on the connectivity of the different compartments of urban or
architectural design. The Space Syntax theory has been based on six concepts:
isovists, axial space, convex space (similar to C. Alexander's convex space),
integration, choice selection, and depth distance (Hillier et al. 1976; Hillier et al.,

1993). Space Syntax theory appeals to the concept of orientation, included in the
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discourse of many other architects regarding motion in space. The main strength of
this approach is that it allows designers to manipulate the geometry of a design to
create path networks that are easier to navigate. Nevertheless, Space Syntax is not
widely used in the design industry, and its value has often been disregarded and
criticized (Ratti, 2004; Sailer, 2009). To date, the tool has continued to develop,
generating a valuable core of research about human behavior in space run by the

Bartlett Space Syntax Research Laboratory.

Isovists analysis is a sub-product of ABM, with the development of an Agent-
based tool for visualizing the range of vision of the Agents. Isovists are
representations of the visual sense of humans, often modeled as concentric rays or
with the use of digital cameras. In 2003, Alasdair Turner and Richard Penn (2001) filed
a patent for a system and method for intelligent modeling of public spaces, which
proposes incorporating ABM into the design process of public spaces. The patent
predefined the results on the digital platform known as Depth Map for analyzing
isovists with ABM (UCL, 2016).

A sub-trend is the analysis of office space and social interaction. Kerstin Sailer
(2009) analyzes how spatial layout affects social interaction in office spaces—a
common subject of interest in the field in recent years. Sailer relies on organizational
theory for analyzing social interactions, concluding that Space Syntax's central value
provides evidence about the effect of the design in people's isovist and motion
(Sailer et al., 2007). As analyzed by this dissertation, Space Syntax analysis provides a
characterization of the architectural space, lacking the projective or predictive

capability that an architectural or urban design tool is expected to have.

The Massive Software is a rule-based package for crowd simulation based on
behavior trees and Fuzzy Logic that incorporates continuous calculation in simulated
behavior (Massive Software — Simulating life, n.d.). Crooks & Heppenstall (2012) write:
"One of the main advantages of using fuzzy logic was the ability to interpret the
resulting model and the rule-base and to understand which drivers are important
and which rules fire most frequently during different periods of urban growth" (p.81).

The strength of Massive is its large number of Agents that deploy complex behaviors
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with sight and hearing senses. Massive also includes Procedural Animation
Techniques for simulating hair, clothes, and other physical elements. Massive
software results on films are remarkable, and recently, the company has developed a
plug-in for Autodesk Maya, which shows interest in reaching animators and perhaps
designers (Massive Software: Massive for Maya, n.d.). One limitation of Massive is that
it lacks a machine learning module. Consequently, the characters do not adapt to

new or dynamic conditions.

Miarmy is a package that emulates the functions of Massive inside Maya's
environment. In the same way, as Massive Software does, the Miarmy package
includes a visual programming behavior tree application for designing action
sequences and procedural animation for Agents and props. Its main difference from

Massive is that this software is free of charge for non-commercial use.

The main criticism of Crowd Simulation software in Architecture Design is the
low cost-benefit balance between developing a simulation and the reduced amount
of new information the software produces today (Architizer Editors, 2017).

Consequently, these tools are mainly used for visualizations and advertisement.

The biggest challenge when working with ABM is to assess the result (Chen,
2012). It is challenging to define if the emergent behavior of the Agents is an error of
the software or a result of the combinatorial power of ABM (Axelrod, 1997). Chen
(2012) writes, "it involves validating the model, i.e., knowing whether the unexpected
result reflects a mistake in the programming or a surprising consequence of the
model itself" (p. 174).

Chen (2012) also states that "the heterogeneity of ABM allows it to contain a
rich context of variable parameters.” Buchanan (2009) writes, so “even if its output
matches reality, it is not always clear if this is because of careful tuning of those
parameters, or because the model succeeds in capturing realistic system dynamics.”
Bonabeau (2002) describes the specific applications of ABM: "When Is ABM Useful? It
should be clear from the examples presented in this article that ABM can bring

significant benefits when applied to human simulation systems. It is useful to
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summarize when it is best to use ABM: When the interactions between the Agents
are complex, nonlinear, discontinuous, or discrete. When space is crucial, and the
Agents' positions are not fixed. Example: fire escape, theme park, supermarket,
traffic." Another criticism of ABM is the lack of standardization resulting in the
impossibility of comparing different software (Axtell et al., 1996; Cornforth et al.,
2005; Huberman and Glance, 1993).

Rule-based Agent-based models are an excellent tool for simulating
emergency egress, traffic simulations, social dynamics, and emergence. In the
context of ABM, human trajectory data is generally used to parametrize the
locomotion of Agents, such as the Autodesk Revit example, shown in Fig. 2.9. that is
tailored to simulate the elderly population. However, some prominent critiques are
that ABMs are more a craft than science because modeling relies on expert
knowledge more than it relies on data, making them difficult to validate. As a result,

the architecture community has not widely adopted these models.

Fig. 2.9. From: https://www.autodesk.com/campaigns/aec-return-to-workplace#, revised July
2021. The picture shows the ABM implementation of the Autodesk software company in the Revit BIM
application. The image shows their simulation of social distancing in the workplace, called “Return to

the Workplace,” launched in 2021.
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2.2.2. Artificial Intelligence and Spatial Cognition

This section talks about Artificial Intelligence in regards to algorithms that
perform intelligent tasks, including references to Spatial Cognition. D. Marr and T.
Poggio (1976) identified four levels of cognition: The Computational level, defined as
the problem, the theory, the mathematical description or the model; the Algorithmic
level, which refers to a specific implementation of a theory, acting as a bridge
between the Computational level and a third level, Implementational; and the
Mechanism or Implementational level, which is the physical form, such as adders,
multipliers, memory, and code. Hardware computation of the problem strongly
determines mechanisms, and the computation determines the algorithm. The Marr
Levels of Analysis shed light on the application level of such logical algorithms. For
example, Path Planning algorithms correspond to the implementational level because
these logics steer the motion of the digital Agents, as identified by this dissertation.
Then, a behavioral algorithm, such as Rule-Based scripts, corresponds to the
algorithmic level because the goal is to simulate how humans compute their logic
and actions and make decisions on how to behave, concluded as part of this

research.

Consequently, the Marr levels of analysis are described here to categorize the
different approaches and results from Al and Cognitive Science studies. Such
categorization is meant to shed light on where in the Machine Navigation these
advancements were framed. Below is a brief overview of Al researchers' early
attempts to algorithmically produce trajectories for robots and simulate human

motion in space.

For this thesis, the elemental intelligence components to develop spatial
intelligence are the Self-model, Embodiment, and Recognition (Minsky, 2017). The
first component, the Self-model, was developed by Marvin Minsky at the
Computational level. Minsky writes, "What controls the Brain? The Mind. What
controls the Mind? The Self. What controls the Self? Itself" (Minsky, 2017, p. 50).
Minsky criticized the idea of the homunculus, or the self inside the self, and suggests
that the self-model is self-regulatory as it controls itself (1988, p.50). This idea

follows the approach taken by Humberto Maturana and Francisco Varela, as they
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state that the difference between living and inert systems is that the former is self-
regulatory (1980). Winston (2017) identified the self's concept as a fundamental part
of dialectic problem-solving. Humans and animals have themselves as a comparative
starting point, and therefore, an Al Agent requires one as well. It was concluded in
this dissertation that self-location is necessary for the Agent to track self-motion

and navigating space, which will be explained in Chapters 4 and 5.

The second elemental component is Embodiment—to understand space, it is
necessary to understand spatial characteristics of the self. The implementation of
this idea relies on Rodney Brooks (1991) and Robert Mcintyre (2014), both precursors
to the idea of embodiment. These two approaches are categorized in the algorithmic
and implementational level according to Marr levels as they focus on modeling, and
testing embodiment does not yet address high-level computation such as learning.
Finally, the last elemental component is Recognition—interacting with space and
others, developing maps, and interpreting them. One desired aspect of this research
is that Agents can interact with each other and the environment. The embodiment
theory states that the whole human body experiences cognition (Varela, Rosch, &
Thompson, 1992).

In order to simulate human motion, it is relevant to analyze how humans
acquire spatial cognition in developmental stages, as young infants have the essential
capabilities to navigate and explore (Spelke and Hermer, 1996; 2001; 2002). Human
navigation has been a significant precedent for modeling navigation for machine
learning. Hermer & Spelke (1996), renowned Developmental Cognitive Scientists,
propose that an infant's initial knowledge is abstract, as is its spatial cognition. Work
presented in Kellman & Spelke's (1983) paper on “ Perception of partly occluded
objects in infancy” focus es on children's abilities to represent the location of hidden
objects. Spelke explains that successful navigation depends on creating an
egocentric representation of space by perceiving and representing objects concerning
oneself and creating an allocentric representation of space by extracting the
invariant geometric relations among significant environmental elements. She
successfully illustrates this by performing path integration and tracking her motion
(Spelke and Hermer, 1996; 2001; 2002).
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When disoriented, infants can reorient themselves using the geometry of the
layout as a cue. In comparison, a more task-specific system underlies rat
reorientation. Adult humans merge geometric with non-geometric information to
reorient themselves when disoriented in space. Young children reorient themselves
using a representation of the shape of the environment (Spelke and Hermer, 1996).
Similar to infants, Cheng and Gallistel prove that rats reorient themselves and locate
food in accord with the shape of the environment (1986). Gegerly explains how
infants can discriminate logical movement from incoherent movement from early

stages through goal analysis (2003).

The above shows that humans orient themselves in space by path integration,
allocentric maps, and egocentric maps, but how do machines navigate space? Path
integration is a relevant concept from computer science to include in the analysis of
artificial intelligence when simulating the behavior of a digital Agent. Path Integration
(PI) is the capacity of a digital Agent to estimate its position based on its locomotion
(Etienne & Jeffery, 2004). The word integration reflects the assumption that the
process consists of successive small increments of movement onto a continually
updated representation of self-localization. It is important to note that the
assumption that mammals' Pl does not rely on external reference points, leading to
the belief that Pl depends only on the egocentric representation (Mittelstaedt &
Mittelstaedt, 1982). "The processes of place representation and Pl exist in a mutually
reinforcing relationship" (Etienne & Jeffery, 2004, p.188). Three important discoveries
in mammal navigation validate such statement: First, that the neurons called place
cells in the hippocampal formation track the position of the Agent in the
environment (O'Keefe & Dostrovsky, 1971); second, that mammals have head direction
cells (Muller, Ranck, & Taube, 1996); and third, that grid cells in the entorhinal cortex
form a hexagonal grid that maps the entire surface similar to graph paper ("Path
integration" n.d.; Boccara et al., 2010). Furthermore, a unique example of Pl is homing,
referring to how animals return to their homes. Spiders perform homing remarkably
well by covering the straight-line homing distance to their nests in darkness (Moller
& Gorner, 1994).

38



Spatial Mental Maps are mental representations of the environment (Lynch,
1960). Barbara Tversky (1993) explains how mental maps are mental constructs to
inspect mentally. They are presumed to be constructed by gradually acquiring
elements from the world, such as landmarks and routes, and integrating them.
However, mental maps are not stable constructions—they are more like multimodal
snippets of information. Tversky (1993) suggested that the heterogeneity of spatial
memories impedes scientific comparison. She proposes that collages or patchworks
are better-suited terms for representing environmental knowledge, composed of
multimodal sensory information. Even in those cases, metric information might get
distorted by memories. What our brains recall in those cases are the spatial relations
among elements, constructing a Spatial Mental Model, Tversky (1993) states. These
models allow humans to make spatial inferences and gain perspective on spatial
locations. Lynch (1960), in The Image of the City, presented an in-depth analysis of
how humans create mental maps based on the distinctive elements of the city,

categorized as paths, nodes, edges, districts, and landmarks, shown in Fig. 2.30.

(4) (5)

Fig. 2.10. From: “The Image of the City” sequence of diagrams from p.47 and p.48 by Kevin

Lynch, 1960, MIT Press. In the diagram, Lynch categorized the city's five elements: the path, the edge,
the district, the node, and the landmark. Humans use those elements to build “mental maps” and
navigate space. Number (1) refers to a landmark, (2) edge, (3) district, (4) path, and (5) node. According
to Lynch (1960), these are the five elements of the city.

Edward C. Tolman (1948), in "Cognitive Maps in Rats and Men," analyzed the

creation of mental maps in rats and men. Through the development of three types of
39



experiments, Tolman and his team trained a group of rats to find food inside a maze.
One experiment of particular interest for this dissertation was denominated the
"Latent Learning" experiment. In the experiment, the rats were trained to traverse a
maze to find food. The researcher alternated periods when the animals would find
food in their cages when they found food in the maze. During the periods that the rat
would not find food in the maze, they showed no learning. However, their error rate
dropped abruptly when they started finding food in the maze, suggesting that the
rats were learning while aimlessly exploring the maze. Tolman suggests that the rats
built mental maps of the maze, and therefore, when there was an objective to reach
the presence of food, the rats reached their mental map and reached the food
location faster than other subjects. Tolman writes, "They had been building up a
'map,' and could utilize the latter [map] as soon as they were motivated to do so"
(p.4) The relevance for this dissertation is that the studies performed by Tolman
show how rats built mental maps during exploration and sampling periods, used
latter when needed. When such an assumption is extrapolated to humans, humans
map a site's compelling locations when exploring. The exploration analysis continues

in the Machine Learning section of this Chapter.

2.2.3. Critical studies about Path Planning in Al

Path Planning or Motion Planning (PP) is the term used in Robotic, Al, and
Character Animation for the process of enabling a robot or Agent to move through
space following a planned trajectory. Path Planning is a sub-competence of
navigation, along with self-localization, map building, and interpretation (Raja &
Pugazhenthi, 2012; "Robot navigation," 2017; "Motion planning," 2018). Path Planning is
the traditional approach for creating artificial data for vector-based navigation,
having had extensive research during the '90s, and it is the base of current navigation

models in machine learning.

PP algorithms have been categorized as online and offline, where online
algorithms can cope with dynamic environments. Online algorithms start with offline
preprogrammed paths and then switch online when the environment changes (Raja &
Pugazhenthi, 2012). A more detailed categorization of PP algorithms divides them
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according to methods with and without differential equations (Goerzen, Kong, &
Mettler, 2010). Furthermore, PP algorithms have also been categorized as either
deterministic heuristic algorithms or randomized algorithms (Ferguson, Likhachev, &
Stentz, 2005). C-Space and Classical approaches are some of the most critical PP
algorithms developed by Lozano-Perez (1983). In this method, the Agent is defined as
a single point in a two-dimensional space. Path construction is pursued by finding
the vertices of the obstacles, connecting them, and offsetting a line from the
obstacle to delimit the area for the Agent. Several PP algorithms use C-Space as a
fundamental concept, such as roadmap approaches and cell decomposition
(Barraquand & Latombe, 1991). In roadmap approaches, such as a Voronoi diagram
and a visibility graph, networks of collision-free paths are constructed based on C-
space. The visibility graph, also developed by Lozano-Perez, joins two vertices of
mutually visible obstacles and is efficient in sparse environments (Lozano-Pérez &
Wesley, 1979). The Voronoi diagram searches for the geometric mean between
obstacles (O'Dunlaing & Yap, 1985; Raja & Pugazhenthi, 2012). This definition might
resemble the representation of the environment, but it produces a path to follow in

the path planning when going from one vertex to another.

The cell decomposition method subdivides the space into cells and then
searches for a path connecting the free cells (Lozano-Perez, 1983). Grid methods are
a well-known cell decomposition technique. Further, finding the correct grid size is
the main difficulty when applying such methods (Brooks & Lozano-Pérez, 1985; Raja &
Pugazhenthi, 2012). Recently, researchers have used evolutionary algorithms for PP to
obtain several paths and then select the path that fits the task more efficiently.
Examples of offline evolutionary approaches are The Genetic Algorithm, Particle
Swarm Optimization, Ant Colony Optimization, and Simulated Annealing (Raja &

Pugazhenthi, 2012).

A popular method for PP is deterministic heuristics-based algorithms (HA).
When Agents only have a few degrees of freedom, deterministic algorithms are
usually favored. The environment is usually represented as a graph with a set of
possible locations and edges. Finding the path through the graph has often been

seen as a search problem (Ferguson, Likhachev, & Stentz, 2005). One of the most
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widespread HA is A*, an adaptation of the foundational Dijkstra (1959) algorithm for
finding the shortest path between nodes in a graph. A* is formulated in a weighted
graph, a best-first search algorithm, which selects the most suitable option available
from the current node based on the cost and a heuristic. Heuristics are often defined
with a distance equation in the case of PP. In order to enable adaptation towards
environment changes, A* has been evolved into D* and D* Lite, which include

replanning through backward search (Ferguson, Likhachev, & Stentz, 2005; "A*" 2018).

Another central line of research is Randomized and Probabilistic PP, which
includes Randomized Search in a Potential Field and Probabilistic Roadmap. The main
strength of Probabilistic methods for PP is to find suboptimal solutions and discard
them. The Probabilistic Roadmap method is essential because the technique can
cope with arbitrary complexity and is probabilistically convergent (Goerzen, Kong, &
Mettler, 2010). Sampling-Based (SB) algorithms use C-Space as a base to develop a
roadmap of sampled locations. SB methods work well in high-dimensional
configuration spaces. However, these algorithms cannot determine if there is no
solution for the path. A notable case for tackling real-time PP is with Rapidly-
Exploring Random Trees (RRT), which employ randomization to explore large state
spaces and produce a probabilistically complete though non-optimal path planner
("Motion planning," 2018; Bruce & Veloso, 2002). "Coverage Path Planning (CPP) is the
task of determining a path that passes overall points of an area or volume of interest
while avoiding obstacles" (Galceran & Carreras, 2013, p.1258). Classic CPP is based on
cell decomposition methods. Topological coverage-based methods delimit the free
surface by incorporating notable locations of the environment. CCP can be classified
as complete when they guarantee full coverage of the free space (Galceran &
Carreras, 2013).

Symbolic PP refers to abstract manipulation of the planning problem to model
high-level behavior, often based on the use of Formal Language and other symbolic
representations. Formal Language refers to written Language, such as sentences with
characters, referring to the actual sequences of characters with their grammatical
rules and syntax. Researchers have also proposed using geometric shapes for logical

operations to obtain viable paths (Konidaris, Leslie Pack, & Lozano-Perez, 2018).
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These high-level planning representations might be thought of as abstract or
symbolic because the Agent does not directly sense the actual values of the
propositions or predicates. Laterally, the structure of the representations translates

to a motion graph (Konidaris, Leslie-Pack, & Lozano-Perez, 2018).

In 1998, Brocket presented one of the first Motion Description Languages
(MDL) for describing high-level path planning and map-making. Mcdermott et al.
(1998) have developed the Planning Domain Definition Language for PP problem
specification. Goerzen et al. (2010) propose to use MDL to design reactive algorithms
in the case of switching states of a finite state machine called the Interrupt (2010).
Raja and Pugazhenthi argue that string optimization for path planning is less
computationally expensive than other methods based on environment
representations because evaluating the paths can be done before constructing the
actual route. Arguably, the role of Formal Language is to perform as a shortcut for
path planning. Raja and Pugazhenthi (2012) propose that it is faster to evaluate and
compare trajectories composed by description sequences than the actual trajectory
path. Finally, it was concluded in this dissertation that the role of Formal Language
for Path Planning is to enable high-level descriptions of the path to perform faster

evaluations and operations.

Reactive Planners (RP) are PP algorithms that effectively deal with dynamic
obstacles, whereas global planners may not execute fast enough to provide a
"reactive" behavior. Nevertheless, these methods cannot cope with the global
planning problem and use local input from the obstacle field to process a
competitive reactive behavior (Brooks, 1991). Therefore, according to Goerzen, Kong,

and Matter, RP is seldom used as the sole trajectory generation process (2010, p. 93).

Markov Decision Process (MDP) is the unique type of reward-based algorithms
for PP. MDP is essentially an algorithm in which a trajectory is subdivided into steps
that are solved one at a time. The new action is based on the current state evaluated
by a transition function in each time step. The transition function evaluates the
reward from the available actions and optimizes the total reward. Partially

Observable MDP algorithms cope with unknown environments (Bellman, 1957;
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"Modeling Agents with Probabilistic Programs," n.d.). Further applications of the MDP

are discussed in the Machine Learning Section.

2.3. Machine learning

The main Machine Learning algorithms analyzed and implemented in this
dissertation are Imitation Learning and Reinforcement Learning. First, Reinforcement
Learning (RL) is addressed, then Imitation Learning later in this section. Sutton and
Barto (2018) write how Reinforcement Learning can be defined simultaneously as a
problem, a class of methods, and a field of study. Reinforcement Learning problems
include mapping rewards to actions to maximize a reward signal, the authors report.
Sutton and Barto (2018) write: "being closed-loop in an essential way, not having
direct instructions as to what actions to take, and where the consequences of
actions, including reward signals, play out over extended periods—are the three most
important distinguishing features of reinforcement learning problems."
Reinforcement Learning is how an intelligent Agent can make an exemplary sequence
of decisions. The Agent acquires information about its decisions' impact through
experience. Agents only learn what they observe, and RL Involves optimization,
generalization, exploration, and delayed consequences (Brunskill, 2019, "Stanford

CS234: Reinforcement Learning | Winter 2019").

Reinforcement Learning and Imitation Learning Agent modeling are typically
based on learning tasks described as Markov Decision Processes. A Markov Decision
Process (MDP) is shown in Fig. 2.31., and it is a mathematical framework for modeling
the interaction between an Agent and an environment. Sutton & Barto (2018) explain
that the MDPs, theoretically, define that the Agent can decide on a subsequent
action based on the current state. It is defined as a tuple (S, A, P, R, y), where S is
the current state, A is a set of actions, P is a state transition probability matrix, R is a
reward function, and y is a discount function. MDP is used as a base to model
Agents' behavior when training them with reinforcement learning. "Then, a policy Tt is
a probability distribution over actions given states. That is the likelihood of every
action when an Agent is in a particular state." (Terminology - What Is a Policy in

Reinforcement Learning? n.d.).
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Environment e——

Fig 2.71. Markov Decision Process Diagram. Adapted from Sutton and Barto (2018). The red

rectangle represents the Agent and the environment by the 3D model of the “Two Mirrors Temple”.

A "policy" is the strategy of the Agent to do a task; policy is mapping
experiences to decisions (Brunskill, Stanford CS234: Reinforcement Learning | Winter
2019). One example illustrating the policy concept is where an Agent moves across
the study site, such as a tourist attraction, intending to reach specific locations given
by X, y coordinates, and delimited areas. When the Agent reaches those locations, it
obtains a reward, and therefore it will maximize the number of times it reaches
these locations. Thus, the site is the environment, the Agent's current position is the

"state," and the "policy" is the Agent's strategy to accomplish the task.

The method of this dissertation was deployed using a standard game engine
called Unity 3D, version 2021. Unity 3D includes ML-Agents enabled using
Reinforcement Learning and Imitation Learning techniques in the 3D models and
simulations. The package connects with the Python TensorFlow neural network
algorithm, which trains a graph to represent the optimized policy of the desired
behavior. More details are described in Chapters 3 and 4 to introduce the

Reinforcement Learning and Imitation Learning modules.
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2.3.1. Reinforcement Learning

The Unity 3D Reinforcement Learning module follows the traditional problem
formulation for the intelligent Agent, defining the main components of the Agent
behavior, such as state, actions, rewards, and policies. It included several training
algorithms, including Proximal Policy Optimization (PPO), shown in Fig. 2.32. and Soft-
Actor Critic (SAC). OpenAl's researchers (Schulman et al., 2017) invented the Proximal
Policy Optimization (PPO) algorithm to overcome the difficulty of obtaining good
training results via policy gradient methods that are too sensitive to step size. When
the selection of step size is too small, training is significantly slow, and if the step
size is large, this signal is overwhelmed by noise. PPO has a combined advantage over
other policy optimization algorithms, including ease of implementation, sample
complexity, and ease of tuning. In addition, PPO includes a new objective function
with no precedents when invented (Proximal Policy Optimization, 2017). PPO
improves the stability of the actor training by limiting the policy update at each
training step. The algorithm has a Critic that measures how good the action taken is
(value-based) and an Actor that controls how our Agent behaves (policy-based). PPO
clips the ratio between the probability of action under the current policy divided by

the probability of the action under the previous policy.

The main improvement in PPO is using the loss function during the clipping
process (Machine Learning - What Is the Way to Understand Proximal Policy
Optimization Algorithm in RL? n.d.). A recent reward system for reinforcement
learning has been the "Intrinsic Motivation," accepted in the literature as a means to
foster Agent exploration. Intrinsic motivation has had success in advancing training in
sparsely rewarded environments (Juliani et al., 2020). Intrinsic motivation consists of
giving rewards to the Agent that depends on itself, for example, by comparing the
current state with the following action and giving a reward if the next action leads to
a "more surprising” state. Then, the reward system incentivizes the Agent to explore

newer states maximizing the intrinsic reward.
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PPO policy update equation:

041 = argmax E [L(s,a,6,0)],

f 8,a~Tg,

Where the policy loss is given by the following equation in which € is a small hyperparameter

that constrains the update of the policy in comparison to the old policy:
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Which can be simplified for implementation purposes to the following equation:
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Then, when applied to a case, if the advantage is positive, the policy follows this equation:
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And, if the advantage is negative, this is the policy loss equation because the policy does not
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Pseudo Code:

Algorithm 1 PPO-Clip

Lo Input: initial policy parameters By, initial value funetion parameters ¢

2 for =012, ... do
3 Collect set of trajectories Dy = {7} by running policy 7, = 7{#,) in the environment.
Compute rewards-to-go R, _
Compnute advantage estimates, A; (using any method of advantage estimation) hased
on the ewrrent value function V,,, .
G:  Update the policy by maximizing the PPO-Clip objective:

[4; 5

",

Tal
T Z me ( - “r|'=tJ‘ A% (50 ), gle, A™ |;-"'t1ff4_]J) 1

Ty =0 T, ”'|q"

1 = arg mrgj\x

tvpically via stochastic gradient ascent with Adam,
Fit value function by regression on mean-squared error:

2
1 = ngmm T Z Z (Ic,lrsf 1,)

ey t=0

tvpically via some gradient descent algorithm,
end for

W

Fig. 2.12. From: Proximal Policy Optimization—Spinning Up documentation. (n.d.). Retrieved July
2, 2021, from https://spinningup.openai.com/en/latest/algorithms/ppo.html#id2. Pseudocode of the

Proximal Policy Optimization algorithm.

2.3.2. Imitation Learning

Imitation learning has degeneracy, identified by Ng & Russell (2000).
Degeneracy refers to the problem of having a "large set of reward functions for
which the observed policy is optimal” (Ng & Russell, 2000, p. 1). Ho & Ermon (2016)
proposed Generative Adversarial Imitation Learning (GAIL) to tackle this problem, as
shown in Fig. 2.33. Imitation Reinforcement Learning discovers the policy, which is
the "strategy" of the Agent. Imitation learning is learning from the experience of
others. It involves optimization, generalization, and delayed consequences but does
not include exploration as the Agents learn from the experience of others and

assume good input policies from others. The difference between Imitation and
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Inverse Reinforcement Learning is relevant to understanding the reinforcement
learning problem. In Inverse Reinforcement Learning, the problem shifts to finding
the optimal reward function instead of learning a policy. Ng & Russell attempt to
identify the optimal reward function using heuristics by maximally differentiating the
optimal observed policy from the suboptimal policies. Inverse learning discovers the
reward function, avoiding the degeneration of the policy (Ng & Russell, 2000).
Research conducted by Youssef et al. (2019) is relevant to this thesis because of
specific similarities to the work presented in this dissertation. Youssef's research
aimed to develop game characters by deploying a similar Imitation Reinforcement

Learning approach to model pedestrian navigation in an architectural environment.

Algorithm 1 Generative adversarial imitation learning

I: Input: Expert trajectories 7 ~ 7 g, initial policy and discriminator parameters 0y, wy
22fori=0,1.2,... do

3. Sample trajeclones 7; ~ my,

4:  Update the discriminator parameters from w; (o w; ;) with the gradient

Er, [V l0g(Di(5,a))] + Er o [Ve log(1 — Dy(s,a))] (17)
5:  Take a policy step from #; 1o 6; ; ,, using the TRPO rule with cost function log( D, ., (5,a)).
Specifically, take a KL-constrained natural gradient step with

E., [Vglogma(als)Q(s,a)] — AVgH(m),

where Q(5,a) = i-':,l[lilg{f}w.“{.q, a))|so=8,a0=a

(18)

end lor

=

Fig. 2.13. From: https://arxiv.org/abs/1606.03476 by Ho & Ermon, 2016, revised in July 2021. The
pseudo-code describes the steps of GAIL, Generative Adversarial Imitation Learning, with its original
version extending the TRPO algorithm. TRPO stands for Trusted Region Policy Optimization algorithm for

optimizing Reinforcement Learning.

2.3.3. Relevant Examples of Machine Learning Agents

In "Building your Kingdom: Imitation Learning for a Custom Gameplay Using
Unity ML-Agents," Youssef et al. create a first-person shooting game and utilize the
Unity ML-Agents toolkit to embed a unique style of playing to the characters. Such
style conveys “human-like” behavior to the characters without encoding an implicit

reward function. With this goal, the researchers apply Imitation Reinforcement
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Learning (IRL) as a dataset for performing Reinforcement Learning (RL). Their work
shows a significant reduction of computational training after integrating IRL with RL,
ensuring that the Agent learns from its own experience. Furthermore, the
researchers incorporated data from several player experts into a single Agent,
creating behavior that merges several styles. Finally, the researchers succeeded in

embedding the player's style into the Agent.

Nevertheless, when a complex environment was incorporated, the Agent's
movement decelerated, affecting the training. This deceleration of Agent movement
resulted from the graphics load originating in loading the environment and its
complexity. Therefore, the researchers decided to implement "visual observations"
instead of vector observations and continuous actions. Visual observations are pixel
captures that the Agent registers with a simulated camera sensor. This solution was
shown to improve the adaptation of the model to a more complex environment and
increase the training accuracy. Therefore, their final implementation included visual

observations replacing the vector observations (Youssef et al., 2019).

Baker et al. (2020), in "Emergent Tool Use from Multi-Agent Auto Curricula,"
presented a method to train Agents with a "hide-and-seek" game setting. The
authors showed evidence that through hide-and-seek self-play, multiple Agents
learn un-programmed behaviors, such as using elements of the environment as tools.
The research focuses on multi-Agent dynamics, which is beyond the scope of this
dissertation. The value of the work presented here is the research path for training
Agents in a digital environment. The authors show evidence of the value of
randomizing the environment to increase the learning rate. Further, the authors
showed that the increased complexity of the environment elicited more valuable

behaviors such as tool-related skills.
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Chapter 3. Method: Pedestrian

Simulation

The method is a foundational computational process formulated to produce a
digital Agent that navigates and explores novel complex environments while
interacting with the built environment. This dissertation identified the proposed
method’s steps from studying Artificial Intelligence, Cognitive Science, Machine
Learning, and Architecture to merge all the techniques necessary to develop the
Agent's behavior. The simulation method described in this chapter is not site-specific
in order to demonstrate its generalizable aim. Subsequently, “Chapter 4. Results:
Implementation and Tests” demonstrates its application at an actual site: Machu
Picchu in Cusco, Peru using data collected onsite in 2018. The final application of the
simulation method is to simulate pedestrians exploring the built environment to
serve architectural design, among other disciplines. The target Agent behavior was

named AEA, an acronym for "architecture explorer Agent."

The pedestrian simulation method has several advantages, producing a
generalizable navigational Agent from implementing a minimal behavior logic, and
consequently, it does not require a top-down model or rulesets to run a simulation.
Human trajectory data informed the interaction between the Agent and the built
environment, qualifying the behavior and achieving a comparable simulation to the
ground truth (the initial data from the site). It has several steps that run
independently, preparing each step for the final sequential application. All of the
pedestrian simulation method steps can be automated, yet, in the context of this
dissertation, some sections were performed manually because of scope limitations,
such as computational power, the availability of previous data, and time constraints.
The approach to developing the proposed computational method was, for the most
part, quantitative and data-driven, except for the classification of the architectural
elements. Consequently, the simulation pipeline presents the machine learning

workflow to produce robust and generalizable navigational Agents.
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The advanced computational simulation method applies several machine
learning methods, specifically, Computer Vision Tracking (CSRT), Density-Based
Clustering (DBSCAN), Bayesian Probabilistic Programming (BPP), Reinforcement
Learning (RL), and Imitation Learning (IL). The proposed simulation pipeline had two
sections: Data Production and Model Development. The Data Production consisted of
the Collection and Processing of the data to produce a machine learning dataset.
Two data types were processed; the first type is human trajectory data, and the
second type is 3D geometry features from the built environment and programmatic
activities. The Model Development section consisted of designing the Agent's
behavior, designing the environments, performing training, iterating training

sequences of IL and RL, and applying supplementary techniques to develop the AEA.

Architects' unmet needs motivated the advanced computational method
development presented in this dissertation. Understanding how the built
environment affects people's motion relies on understanding how people will occupy
buildings before they are built. One example of how the built environment affects
people’s motion is when a person sees an interesting spatial configuration and
approaches that location, deviating from their original path. Such an example is
possible in many built environments, from tourist sites to town squares to residential
buildings. The specific application in the architectural design process shaped the
approach of the machine learning workflow. The simulation method aimed to
quantitatively model how the built environment affects people's motion to convey
helpful information when designing new buildings. Such an advanced computational
pipeline would provide architects with information on how people explore space and
how humans navigate compelling spatial configurations—using the architecture case
as a starting point. This application is part of the novelty of the proposed simulation

methodology.

Current pedestrian simulation tools dedicated to the architectural design
process generally deal with limited aspects of human behavior, such as emergency
egress and traffic crossing. A Procedural Programming (PP) approach has dominated

pedestrian simulation software. Procedural Programming is the sequential coding of
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operations and actions. This approach is at the core of currently available Agent-
Based Modeling (ABM) software, the dominant type of PP software to model
navigational Agents. The Agents produced by ABM are intelligent entities that have
goals and can perform actions. The ABM agents' displayed behavior is a product of a
combinatorial processing of a set of rules. The Rule Based (RB) method for modeling
Agents generally consists of sequences of "if" and "then" statements that produce
the behavior of an Agent. For example, a behavioral rule could go as follows: "if you
approach a beautiful view, then, walk towards the view." ABM is a practical software
approach for egress and traffic simulation of pedestrians. The limitation of such
software is that every aspect of the behavior needs to be modeled based on

observation or deep analysis by experts.

The most critical aspect of rule-based behavior software is modeling such
rules according to expert knowledge. The expert knowledge can be literature about
the topic or a sequence of actions based on observation and assumptions of the
modeler. Often, the patterns of human behavior surpass expert knowledge, limiting
the behavioral ruleset development. A second limitation is the validation of such
software, beyond optimizing emergency egress or traffic crossing times.
Consequently, such software is insufficient for architecture applications. However,
how and why humans traverse the environment beyond deterministic paths is often
not obvious and identifying and describing a set of rules for modeling agents in ABM
is not a trivial task. One relevant example of behavior that is beyond the scope of
rule-based behavior is trajectory paths sidetracked to approach a clear view or paths
that freely traverse a space during sightseeing on cultural heritage sites. For
instance, it is difficult to define rules for visitors exploring cultural heritage sites,
who often seem to move unpredictably by frequently deviating from their prescribed
path to various locations (Gonzalez & Nagakura, 2021). This difficulty happens when
the behavior of pedestrians is motivated by their environment; their actions are
seemingly unexpected because an architectural feature functioning as an attractor is
challenging to model. Moreover, these “rules” are extracted from data, and therefore
a data-driven approach finds these unexpected behaviors not represented in prior
information about pedestrian flows. The dissertation presents a data-driven

simulation methodology to surpass rule-based behavior modeling software
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limitations and introduces the proposed simulation method for augmenting the

capabilities of Agent-based modeling software.

The decision to test Reinforcement Learning independently, or combined with
Imitation Learning, as the primary learning approach of the simulation method’s
training and simulation, relies on how these machine learning methods fit this
research’s objective. Compared with other supervised machine learning algorithms,
such as Trajectory Density-Based Clustering (T-DBSCAN) and Bayesian Probabilistic
Programming (BPP), shown in Fig. 3.7, RL and IL allow for updating the behavior of the
Agent based on the current state policy, modeling the navigational capabilities of
humans while exploring different environments. However, when testing both T-
DBSCAN and BPP for producing the expected exploratory behavior with the Agent,
the target behavior was achieved through suboptimal tuning of the hyperparameters
of the algorithms. Considering that the main objective of the dissertation is
developing a workflow to produce a valid AEA, modeling this behavior in a
suboptimal manner would not have provided the necessary depth and operability to
approach the problem. Therefore, both T-DBSCAN and BPP were ultimately only
applied to the data analysis steps of the simulation method, constraining their

application to sub-steps of the Data Production section.
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Fig. 3.1. From Appendix B (Fig. B.7 and Fig. B.8). Bayesian Probabilistic Programming pedestrian
simulation graph, developed by the author in 2017. These two graphs show a pedestrian simulation
developed with the Bayesian Probabilistic Programming method called WebPPl (Evans et al., 2017). The
trajectories of those Agents show the probabilities of the current step, conditional to the previous step.
The upper sequences show the shortest path between two points, and the lower sequence shows a
randomized path with an extended time horizon, which led the Agent to “meander” instead of going in a
straight path. In addition, the paths received color scoring depending on the hyperparameters defined
for the simulation. The sequence shows that the same trajectory was scored positively or negatively
depending on these settings, yet the trajectory remained the same. This method was discarded as the
primary modeling tool of this dissertation because the second sequence of trajectories was closer to
the expected result, which was a trajectory that would explore space, and the process to achieve such

trajectory was by maximizing the entropy of the model.

In addition, the decision to combine Imitation Learning with Reinforcement
Learning algorithms was based on the IL limitations in producing a generalizable AEA
behavior. IL has the advantage and limitation of reproducing the data with which the
behavior was trained (Brunskill, 2019). Previous research projects, including the work
of Pfeiffer et al. (2018), Youssef et al. (2019), and Juliani et al. (2020), have
demonstrated the use of Imitation Learning to complement Reinforcement Learning
for training Agents. Imitation learning generally helps train the Agents efficiently with
a relatively small training dataset used as demonstrations to the Agents, but the
trained Agents often can only replicate the behavior 'taught' by such expert
demonstrations. The challenge was to surpass such a limitation by combining this

supervised machine learning method with traditional Reinforcement Learning that
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uses a more generic reward-driven system for learning (Gonzalez & Nagakura, 2021).
Following such references and the requirements of the application, the Data

Production framework is explained below.

The terms Explorer and Exploiter utilized throughout the simulation method
deserve particular attention. In the context of this dissertation, these terms refer to
their Cognitive Science definition and not to their Machine Learning definition. The
Machine Learning definition follows the description presented by Sutton & Barto
(2018) regarding the Exploration versus Exploitation problem. Such a definition is out
of the scope of this research. In the proposed simulation methodology, the concepts
of Exploration, as a term, and exploitation refer exclusively to the behavior observed
in human beings when navigating the built environment. Further, the proposed
methodology does not intend to evaluate how to mathematically model human
Exploration, proposed in previous research, such as Gaussian function process
learning or other models alike (Speekenbrink & Konstantinidis, 2015; Wu et al., 2017,
2018).

The simulation method proposes how to provide new information for
architects. The goal of studying and modeling human exploration was to understand
how this behavior is prompted and supported by the built environment. Ultimately,
architecture designers need a digital Agent that identifies relevant architectural
features and provides feedback for the design process. As mentioned before, such
Agent behavior could be modeled based on perceptual information, yet the data-
driven approach of this dissertation focused on the measurable behavioral response
from human trajectory data. Next, an analysis of how one defines human Exploration

in space is provided.

Novelty, including novel spaces, prompts exploratory activity in humans;
according to Foreman & Gillett (1997), for this research, Exploration is understood as
investigative behaviors that are "observed when an animal is exposed to an
unfamiliar situation" (p-59). Exploratory behavior has an acquisition phase consisting

of collecting information from the environment that leads to habituation. Wu et al.
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(2018) write: "Human learners are incredibly fast at adapting to unfamiliar

environments, where the same situation is rarely encountered twice" (p-915).

In the simulation method, the exploratory behavior refers to the observed
investigative behavior in humans when traversing a new site. Such investigative
behavior is not subject to time efficiency evaluation, or maximization of the total
visited locations before the time horizon ends. This dissertation evaluated such
behavior to convey information about the built environment by quantifying visitors’
overall experiences; by calculating the duration that a human subject spends in a
location, it is possible to identify compelling architectural elements and score and
rank the locations of a site. Consequently, the AEA target behavior is finding a certain
number of compelling site locations and spending different amounts of time in each
of these locations to develop a scoring system from the built environment. This
dissertation denominated the compelling locations as Architectural Features (AFs),

focusing on defining them with a data-driven approach to machine learning.

3.1. The Simulation Method

The Navigational Agent simulation method responds to the question: How can
one computationally model the interaction between digital Agents and the built
environment using machine learning? As mentioned above, Machine Learning (ML)
algorithms can extract information about the built environment from data in
trajectories and three-dimensional digital models. The proposed data-driven method
for navigational Agents consists of two distinct processes, Data Production and
Model development, as was mentioned before (see Fig. 3.2.). The data used as input
for the machine learning pipelines required collection and a specific approach to
processing. The raw data was collected through extensive fieldwork in aerial video
recordings from a drone flying over a targeted area for several weeks. The footage
produced the dataset, including architectural features on the site that were
identified and scored, and human trajectories extracted through computer vision
applications. As mentioned before, the human trajectory data was processed using

Computer Vision, Clustering, Bayesian Probabilistic Programming, and Vector Filtering
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algorithms, including general statistical analysis. Next, the Model Development
included Reinforcement Learning (RL) and Imitation Learning (IL). Both RL and IL
pipelines extract patterns from the data to model the navigation behavior of the

Agent.

Navigational Agent

i Data e -~ Model
i. Data ii. Data . " -7 . iii. Model . - in Model
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Collection .~ Processing . - . 4 Design i Training
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Fig. 3.2. Diagram of the methodology proposed by this dissertation for simulating the

Navigational Agent. It consists of two phases: Data Production and Model Development.

The proposed model is based on human trajectory data (TD) extracted from
drone footage. Recent Computer Vision algorithms have reached the level of
development necessary to be applicable to automated data extraction, such as
vector trajectories from drone footage. The human TD is used as a base for scoring
the Architectural Features for the RL reward system and as "expert" information to
teach the Agents in the IL module. The simulation method validation consists of
testing whether the trained Agents showed the same behavior as the ground truth
from the site. Further, the proposed advanced computational pipeline assessment
can reproduce the target behavior in a new environment in a generalizable way. The
extracted data patterns are the basis for simulating Agents that explore novel

complex environments.

The data includes Architectural Features (AF), a particular data type to
support the computation of the Agent's interaction with the environment. AF is
defined as 'appealing spatial configurations' that attract visitors' trajectories, often
leading them to explore. Examples of such architectural features include an exciting
view, a peculiar building, or parts of built structures, such as a temple or stone wall

formations. The AF analysis explains why people deviate from the prescribed tourist
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paths towards specific locations and enables us to produce similar artificial data. The
site model was captured using standard photogrammetry techniques and processed
into a three-dimensional digital model. The AFs were identified and classified to
embed in the scoring system (Gonzalez & Nagakura, 2021). Of course, AF
identification could be a matter of perception as well. Nevertheless, this dissertation
is focused on the behavioral response because it was possible to quantify it with the

tools and methods explored in this research.

3.2. Data Production: Trajectories and Site

The Data Production aimed to produce datasets as input for the machine
learning algorithms. Data Production consists of Data Collection and Data Processing.
The data collection followed standard pipelines for capturing human subject
behaviors with drone video recordings. The aerial views retrieve the trajectories of
the subjects in 2D and the locations they visit. The drone footage was used for
digitizing the environment, and static images were used to create 3D models. The
data production was developed using a specific case, yet it can be applied to other
sites. However, the site should preferably be an exterior public space, such as a
square or a cultural monument, since data collection is performed from above in the

air.

Fig. 3.3 shows an example of data collection of human trajectory data at a
university lobby, recorded with a Microsoft Kinect sensor. This dissertation used
drone footage to record the trajectories and Computer Vision algorithms to extract
the paths. The end product from Kinect data and drone data is the same: a list of

coordinates and timestamps that describes the trajectory.

59



.0 Kinect

Fig. 3.3. From: Appendix B (Fig. B.2). Example of Human Trajectory data collection at the
Pontificia Universidad Catholica de Chile Central Lobby, 2018. The data visualization is in aerial view. It
shows trajectories of people going through a lobby. The data has a triangle shape because this is the
infrared camera field of view used for this data collection. The lines in blue represent the most

representative trajectories.

3.2.1. Data Collection

The data collection was performed with drones flying over the selected site.
First, the drones captured the architectural site features and the behavior of the
human subjects in the form of trajectory data. Then, each of the data types was
processed independently with the operations described as follows. Fig. 3.4. shows
the diagram of the Data Collection step and Fig. 3.5. shows an example of a possible

site to be surveyed.

60



~

- i.Data
.~ Collection A

- Human Trajectory

i - Drone Footage

' _ site 3D Model

ﬂ
|
I
|
\\ - Drone Images ﬁ
/
/
7/
4

Fig. 3.4. Step i. Data Collection of the simulation method. It consisted of collecting human

trajectory data with drone video and three-dimensional site data with drone images.

The human trajectory data was collected with a Drone Mavic Pro at altitudes
from 50 to 70 meters, with the camera facing perpendicular to the horizontal plane.
The videos were recorded using the maximum battery duration, ranging from 10 to 25
minutes for each video. The site was selected considering its area size, ranging from
50 x 50 meters to 70 x 70 meters. Plausible areas for data collection are public
buildings or public spaces where it is possible to capture the complex behavior of
people from above in the air. The trajectory data was captured with a 4K high-
resolution video camera; the trajectories include the timestamp and the position

coordinates of each visible person throughout the video.

Fig. 3.5. Aerial view of Two Mirrors Temple, a site of Machu Picchu, Cusco, Peru. Image captured

with a drone hovering over the site with a high-resolution camera.
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Environmental conditions, such as weather conditions and time of day, were
observed and recorded, as well as population age ranges and the percentage of
visitors with disabilities. The trajectory data was collected in real-world conditions
without the subjects being informed of the presence of the cameras. Every 10
minutes, approximately 100 people wander the site. Only the trajectories that start
and finish inside the site were processed. There are ethical issues in this approach
concerning the privacy of human subjects. This dissertation following three steps to
ensure privacy: the data was collected only in public spaces, meaning the subjects'
behavior is meant to be public; the data was anonymized after extracting it, and it is
almost impossible to identify to whom this data belongs; and finally, the videos are
secured and only shared with the participants of this research under constrained
settings. All the human trajectories have been used and will be used for research

purposes only.

The architecture of the site was first registered with photogrammetry
techniques. A general rule for registering the architectural site with photogrammetry
models is to select the times of the day with neutral lighting. Next, the
photogrammetry was performed with ground-level cameras and high-resolution
cameras mounted in drones (4k). Then, the site was modeled with 3D software using
the photogrammetry model as a reference. Finally, the textures of the site were
captured in order to include them in the digital model. In the digital environment, the
textures play the role of guiding the Agent. Another historical aspect was site areas
that provided specific activities for the human subjects, leading to the assignment of

actions to the trajectory data.

3.2.2. Data Processing

Processing the data from human trajectories and the data from the AF were
two completely differentiated tasks. Finding the proper techniques to process the
human trajectory data into vector data was the first challenge. The human trajectory
data was processed in the following order: trajectory extraction, filtering and time
quantification, trajectory classification between explorers & exploiters, and finally,

comparison between hotspots and layout. The trajectory data analysis relied on three
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sources: the most frequent route, defined by the site conditions or by the clustering

method, the observation of the circulations of the site, and finally, the existing maps.
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Fig. 3.6. Step ii. Data Processing of the method. The human trajectory data processing consisted
of extraction, filtering, and classification. The Area 3D reconstruction consisted of processing drone
images with standard photogrammetry software and performing a location analysis, connecting the

human trajectory data with the site sections.

The trajectory extraction was performed by adapting computer vision
algorithms from 2018-19 from the Python OpenCV Library (OpenCV-Python 4.4.0.46).
The algorithm’s acronym is CSRT, an abbreviation of a C++ implementation of the
CSR-DCF, “Discriminative Correlation Filter with Channel and Spatial Reliability,” by
Lukezi¢ et al. (2018). First, the multi-tracker located a target in each recording frame
and retrieves the coordinates of such pixels on the screen. Next, coordinates were
scaled to real-world distances in meters, including the timestamp. Finally, after
analyzing the site's data, the motion and stop sections of the trajectory data were

parallelized with the activities from the site.

One of the most significant findings from analyzing the trajectory data was
classifying the vector trajectories into explorers and exploiters using Bishop, a
Bayesian Probabilistic Programming software developed in Python by Julian Hara-
Ettinger (2018-2020). The trajectory classification that was developed with Bishop
identifies the probabilities of a trajectory regarding the most probable trajectory of
the data set. Exploiter visitors traverse space following predetermined paths
optimizing their movement time. Explorers show a different behavior; explorers
wander and stare at the site without going from one location to another. Exploiters

use the site's layout in predetermined ways, such as going from one location to the
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other following the shortest paths. The immediate result of the AF processing was

establishing the steps to select and quantitatively qualify the AF.

In some cases, it will not be possible to have the data of the most usual route
of the site before analyzing the trajectories. Consequently, to identify the most
representative circuit of the dataset, this dissertation developed a clustering
algorithm based on the DBSCAN clustering algorithm, "A density-based algorithm for
discovering clusters in large spatial databases with noise," (Ester et al., 1996) shown
in Fig. 3.7. The clustering algorithm is applicable when, during this research, it was
discovered that identifying a predetermined route in the site, was not feasible. In the
selected case study for this dissertation, Machu Picchu, the predetermined paths
were known beforehand. The tracks were defined by the authorities of the heritage
site, enabling a comparison of the trajectory data for those same routes. Because of
this reason, a clustering algorithm that was able to identify the most representative

trajectory of a data set was included.

Fig. 3.7. From: “DBSCAN” www.wikipedia.org. The diagram shows how the density-based

clustering algorithms classify the points according to a distance function.

The Architectural Features Data Processing consists of selecting the features,
categorizing the features, and labeling the sections. A selected site was decomposed
into basic features, such as staircases, paths, social areas, and similar spatial
components. The identification of the AF relies on three sources of information. The

first source is similarities found in visitor behavior, in regards to time spent at a
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particular location along their trajectories. For example, a shared long pause
indicated an attractive feature for visitors. The second source is the official map of
the site and the information given by guides, signs, and other on-site authorities,
which advise visitors of the critical and famous locations of the site. In addition,
some peculiar architectural conditions on the site were identified as potential
attractions by research collaborators with architectural design backgrounds. The
identification of the architectural features produced a list of possible components to
be labeled as Architectural Features: Views, Paths, Rooms, Wall heights, Dimensions
of the space proportions, Historical objects, Stairs, Other congregating people as an
attraction, Shadows and light, Covered areas, Windows, Entrances, and Signage. All
of those components are defined as positive because they function as attractors of
people's motion. On the other hand, architectural features can also repel people's
movement, and therefore be considered negative, such as avoiding signage or

overcrowding.

3.3. Model Development: Navigational Agents

In this section, the design process of the environments and the Agent logic is
described. The environment model is based on the site photogrammetric data, a 3D
reconstruction of the Architectural Features. Furthermore, the environment has
embedded an extrinsic reward system for the RL training that varies from abstract
objects representing the rewards and the modeled AFs. The Agent behavior is
designed here as well, consisting of Motion, Actions, and Sensors. Finally, the Model
Training describes the RL - IL training sequences in site-agnostic and site-specific

environments to achieve the navigational Agent simulation.

3.3.1. Model Design

Model Design included developing the Agent objects, its task, and the
environments for training, as shown in Fig. 3.8. The definition of the target behavior
was developed by observing Explorer visitors from the human trajectory data. Next,
the navigational Agents were tasked with wandering the site, imitating "human free
walkers" who explore, approach, and pause at exciting locations in a physical

environment. Humans wander around purposely by following random paths or
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performing near-random behavior, even while exploring. Tolman (1948) defined the
knowledge collected while exploring a site as “Latent Learning.” Agents traverse the
environment by following the circulations of the site, examining their surroundings,
and entering different areas of the site to find AF. The Agents pause to observe
compelling elements of the environment and their surroundings and then follow their
trajectories to finish their journey through the site.
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Fig. 3.8. Step iii. Model Development of the simulation method.

The Unity 3D software? was used to develop the site's model and the Agent's
model. The machine learning training was implemented using the Unity 3D ML-Agents
Toolkit (Juliani et al., 2020). This Toolkit implements ML on the widely used game
engine software. The ML-Agents Package "is an open-source project that enables
games and simulations to serve as environments for training intelligent Agents. . ..
Researchers can also use the provided simple-to-use Python API to train Agents
using reinforcement learning, imitation learning, neuroevolution, or any other

methods" (Juliani et al., 2020).

Two types of environments were designed: site-agnostic and site-specific.
Site-agnostic (SA) consisted of a maze-like area composed of abstract walls, with a
reward system representing the architectural features of a site. Site-specific (SS)
were designed as 3D model representations of real sites in the selected case study.

Each of the environments included two types of rewards: a) Discrete rewards from

2 https://unity.com/
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following the demonstrations accurately, and b) Discrete rewards assigned to AF
rewards at specific locations, with a penalty of -0.001 at each update of the training,

discounting from the cumulative reward if the Agent did not change location.

The Agent, shown in Fig 3.9., was designed as a polygon in Unity 3D with one
side colored black to clearly mark the forward-facing direction of movement through
the environment from the aerial view. Agents had three continuous actions: move
forward in the XY plane, rotate with torque for rotating in the Z plane, and pause to
observe AFs. The ML model was defined as a "model-free" setup, using only the
experience extracted from the training data to achieve the optimal behavior of the

Agent.

Fig. 3.9. Geometrical shape representing the artificial intelligence Agent.

The Agents had a three-dimensional RayCast system that allowed them to
identify collisions with the physics of the environment and navigate based on three-
dimensional information instead of only two-dimensional actions. The raycast system
works as a LIDAR scanner. The process of encoding the RayCast in Unity can be
described in this way: "We should pass observations as normalized values from 0 to
1, so we need a way to tell the brain both how far the wall is, and whether the
raycaster hit a wall at all. Therefore, two points of data were used for each ray cast.

For example, if the ray cast distance were 20 units and hit a wall ten units away, the
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values .5f (half the distance) would be passed in and 1f (yes, it hit). If the same ray
did not hit any walls, 1f (max distance) would be passed in and Of (no, it did not hit)"
(Nigretti, Alessia, 2018). The Agent also had a camera that enabled visual
observations directly from pixel frames taken from the environment. While pausing,
the Agent takes "pictures" of the architectural features of the site and the other

exciting things it finds.

3.3.1. Model Training

The model training corresponding to the fourth step in the proposed method
(i.v.) consists of a combination of four variables: the site-agnostic (SA) and site-
specific (SS) environments, and the application of Reinforcement Learning (RL) and
Imitation Learning (IM) algorithms. These four variables were tested independently
and combined, such as SA with RL-IL, SA with RL, and so on, to define a combination
of training that produced a generalizable Agent and mimicked human behavior when
visiting a new site. The combination that delivered the most optimal results
consisted of SA with RL, producing a Navigational Agent that explores SS

environments. The four variables of the training are shown in Fig. 3.70.
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Fig 3.10. Step iv. Model Training diagram.

The Reinforcement Learning module is configured following the traditional
components of RL, which includes a reward function to optimize the policy, mapping
data to actions. A set of rewards was used to incentivize the Agent to move towards
the AFs. Then, a pause compensates for moving by giving the Agent a higher reward

if the AF has a higher score to learn the feature's geometry. Each training episode
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starts with the Agent in a randomized position by the entrance of the site. Every
architectural feature of the site holds the label "AF" and is assigned a score based on
the heat map diagram that shows the time people spend in each location. The scores
were assigned by implementing functions on the MP-Agents scripts. Then, the Agent
received an intrinsic reward if it found "surprising" or "new" areas of the site by
applying the Curiosity algorithm from Unity ML-Agents Package (2020). If the Agent
found an AF, it got a reward, and the floor changed material to signal that it got a
reward. Finally, a set function gave a reward to the Agent once it entered each of the
AF locations. This function is similar to the "OnEnterCollision" function of the Unity

Agent’s class.

The episode ends after a particular time horizon is reached. During the training
and the simulation, the Agent maximizes the reward by visiting the AF locations, with
each defined as a bounding box of 3 x 3 x 3 meters for efficiency using a RL
computation. However, this bounding box represented an attraction physically found
beyond its location, such as a distant mountain view that a visitor can see from that
location. When the Agent approaches an AF instance, the collision detection is
activated, and a reward is obtained (Gonzalez & Nagakura, 2021). The Toolkit includes
Proximal Policy Optimization (PPO), optimizing the policy during the training sessions.
The policy was optimized by the PPO algorithm implemented in Unity 3D in the ML-
Agents Package (2020). As mentioned in the literature review, PPO is a policy

optimization algorithm that stabilizes the update of such policy at each training step.

OpenAl's researchers write: "these algorithms directly optimize the objective
you care about—policy performance—and it works out mathematically that you need
on-policy data to calculate the updates. So, this family of algorithms trades off
sample efficiency in favor of stability" (Algorithms — Spinning Up Documentation,
n.d.). In other words, PPO does not use old data or many previous samples; on-policy
is based on the current state, performed based on the old policy, and performed
based on the following action, the new policy, by calculating the objective function.
PPO defines the probability ratio between the new policy and the old policy,
imposing that the policy ratio stays within a reduced interval of approximately one

unit, clipping the update to a specific range and improving the stability of the policy.
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In the implementation of the method, the main task was to control the
hyperparameters. The hyperparameters that were specific for PPO when training in
the Unity 3D ML-Agents environment were the following: Beta, Epsilon, Lambda, and
Number of Epochs. The hyperparameter that was most relevant to the training was
the Number of Epochs, which refers to "the number of passes through the
experience buffer during gradient descent.” In addition, when using PPO, the Learning
Rate needs to be adjusted: "For PPO, we recommend decaying the learning rate until
max_steps, so learning converges more stably." The Learning Rate Schedule was
developed to control this parameter throughout the training. Max Steps are the "total
number of steps (i.e., observation collected and action taken) that must be taken in
the environment before ending the training process." (Unity-Technologies/M(-Agents,
2017/2021). The learning rate is significantly impacted by the Max Steps parameter,
as, depending on the design of the environment, the learning rate is higher or lower if

the Agent is pushed to optimize the policy faster with a shorter time horizon.

Other relevant Hyperparameters were: Normalize, specifically, "whether the
normalization is applied to the vector observation inputs. This normalization is
running average and variance of the vector observation"; Number of layers
"corresponds to how many hidden layers are present after the observation input"”;
and Hidden Units, which correspond "to how many units are in each fully connected
layer of the neural network" (Unity-Technologies/Ml(-Agents, 2017/2021). All of these
parameters were tuned to produce the target behavior, detailed in the next chapter,
Results. The training combines the RL and the IL modules with the ML-Agents
toolkit. Following is a description of the general setting and the parameters required

to resolve to produce the Agent's intelligence.

The Imitation Learning (IL) module in Unity ML-Agents requires
demonstrations that train an Agent with the traditional Markov Decision Process. The
IL training demonstrations consist of recordings showing the Agent how to behave
and optimize the policy based on such actions. There are three training methods
available: Behavioral Cloning (BC), Generative Adversarial Imitation Learning (GAIL),

and Recording Demonstrations. The training in the IL can be implemented
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independently or with the RL module. BC works "by collecting demonstrations from a
teacher, and then simply uses them to directly learn a policy, in the same way, the
supervised learning for image classification or other traditional Machine Learning
tasks work." Samples per Update refers to the "maximum number of samples to use
during each imitation update. You may want to lower this if your demonstration
dataset is extensive to avoid overfitting the policy on demonstrations. Set to 0 to
train over all the demonstrations at each update step." (Unity-Technologies/MI-

Agents, 2017/2021).

The GAIL algorithm, shown in Fig. 2.13,"represents an intrinsic reward signal”
and has its parameters to define: Strength, a "factor by which to multiply the raw
reward"; Gamma, which works as a discount factor for future rewards as it does in
general; Encoding Size, "size of the hidden layer used by the discriminator"; Learning
Rate "used to update the discriminator; Boolean Use Actions "determines whether
the discriminator should discriminate based on both observations and actions, or just
observations"; and Boolean Use Vail "enables a variational bottleneck within the GAIL
discriminator.” It is important to note that implementing GAIL "introduces a survivor
bias to the learning process. That is, by giving positive rewards based on similarity to
the expert, the Agent is incentivized to remain alive for as long as possible." Such
bias directly conflicts with intending to end an episode in an optimum amount of

time." (Unity-Technologies/Ml-Agents, 2017/2021).
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Chapter 4. Implementation,

Tests, and Results

The implementation of the proposed method was tested using a selected case
study location, the Machu Picchu citadel in Cusco, Peru, shown in Fig. 4.1. The
implementation includes a section on the Machu Picchu case study, a Data
Production section with two subsections consisting of Data Collection and Data
Processing, a Model Development section, with its subsections consisting of Model
Design and Model Training, and finally, a Model Validation section. This chapter
includes findings associated with each of the steps. The implementation in this
world-renowned heritage site validated the simulation method, demonstrating the
overall findings of the research. With the integration of the four steps of the
methodology and application in the case study, this research produced a
generalizable Agent that navigates and explores novel complex environments
previously unknown to the Agent, interacting with architectural features with

behavior equivalent to a Machu Picchu visitor.

As part of Data Production in the Method of this study, human trajectory data
was collected by tracking Machu Picchu visitors in a selected site and processing the
data with two aims: first, to characterize the site, and second, to use it as an
example for Agent training with machine learning. The drones collected three-
dimensional data of the site to transcribe the architectural features of the selected
area into a three-dimensional digital model. Model Development consisted of
designing the Agent behavior logic following Machu Picchu visitor behavior, designing
the training environments that include the 3D model of Machu Picchu temples, and
using the processed data for training. Model Training consisted of a training sequence
that embedded human traits and navigational skills into the Agent with
Reinforcement Learning (RL) and Imitation Learning (IL) training. Training was done in

both an abstract randomized digital space, called a site-agnostic (SA) environment
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that resembled a maze, and with Machu Picchu's digital model, called a site-specific

environment (SS).

The data was collected at the “Two Mirrors Temple” (TMT) site, a sub-area of
Machu Picchu highlighted as area 1in Fig. 4.7, In addition, two other relevant areas
were selected for three-dimensional data collection, The Quarry (TQ) and Three
Windows Temple (TWT) shown in Fig. 4.1. as highlighted areas 2 and 3, respectively.
The data collected from these two last sites were used for testing the Agent’s
capabilities to explore novel sites as human visitors do. The overall results

demonstrated that the Agent, embedded with human navigational skills, effectively

replicated the exploratory behavior of a Machu Picchu visitor.

: g o BT e L s
Fig 4.1. Entire Citadel of Machu Picchu photogrammetry model developed by Cesar Medina, Chief
of Registry of Cusco Cultural Directorate in 2018. Model by Cesar Medina, 2018. Highlighted areas
correspond to (1) “Two Mirrors Temple” (TMT), (2)" The Quarry" (TQ), and (3) "The Three Windows
Temple." (TWT).
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4.1. Case Study: Machu Picchu

Machu Picchu is an /nca Citadel located in Cusco, Peru, dated from the 15th
Century. The city was built on a ridge 2,340 meters high, including a complex system
of terraces and structures. The Citadel is approximately 450 meters long and 200
meters wide. It is currently managed by the Peruvian Ministry of Culture, specifically
the Cusco Culture Directorate. The Citadel has three predetermined circuits for the
tourists to follow. The first circuit is for regular tourists, the second circuit has
increased difficulty in terms of physical effort, and the third is for enhanced
accessibility. Each of the circuits lasts approximately three hours and visitors can
only traverse in one direction. Machu Picchu had been receiving approximately 2,000

visitors per day until 2020.

Cusco's Cultural Directorate developed an official map in 2018, shown in Fig.
4.2. that presents the primary circuits of the Citadel, including the ones designed for
visitors with accessibility challenges highlighted in blue. Machu Picchu rangers secure
the whole site to safeguard the visitors and the Citadel. Signage can be found across
the official routes and is enforced by the rangers. Machu Picchu staff give a map to
each visitor when they enter the park. Visitors have approximately three hours to
traverse the entire site. Visitors are only allowed to sightsee and take pictures; eating
and other activities inside the monument are prohibited. There is one authorized
access entry point, one official exit, and only one direction visitors may walk on the

prescribed routes.

Generally, visitors are encouraged to explore the site with a tour guide, as
guided tours better ensure the safety of the visitors and the conservation of the
buildings. The guided tours lead groups of six to eight people through the different
areas of Machu Picchu. Nevertheless, small groups of two or three visitors often
enter the park without a guide and explore the park by themselves. These
independent visitors are generally referred to as “free walkers” or “wanderers” and
sometimes choose their own paths over the prescribed ones in some areas of the

park.
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Fig. 4.2. Machu Picchu Map, developed by the Cusco Cultural Directorate in 2018.

Both types of data collections—Human Trajectory Data and Architectural

Features Data—were collected in Machu Picchu in 2018. The topographic condition of

Machu Picchu provides excellent views of the surrounding landscape. The range of

balconies, stairs, terraces, platforms, and passages provides various architectural

situations. The following reasons make Machu Picchu an excellent site for the

implementation of the proposed Method:

The site is highly three-dimensional

Visitors are constrained to sightseeing

Visitors can explore architectural sites

Buildings lack roofs, allowing the drone to capture interior spaces

The selected three areas from Machu Picchu were: (1) the Two Mirrors Temple,

(2) The Quarry, and (3) the Three Windows Temple, which was selected as a

contrasting site. These areas are shown in Fig. 4.1., highlighted as areas 1, 2, and 3,
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respectively. With few roofs or coverings to impede observation, it is a significant and
ideal cultural heritage testing ground for this study. The selected areas permit free
walking, and visitors were wandering around the site alongside guided tour groups.
As seen in any specific cultural heritage site, the visitors in these areas actively
contemplate various attractions, including peculiar scenes and monuments found
while traversing the space. Therefore, those areas are appropriate and advantageous
sampling sites of human trajectory data and rich architectural space. The
implementation of the Method aimed to develop one Agent exclusively, ignoring

social dynamics that may have affected visitor behavior in Machu Picchu.

4.2. The Method: A Navigational Agent

Considering the specific characteristics of the selected site in Machu Picchu,
the proposed pipeline was implemented to develop the machine learning Agent. As
described in the previous chapter that detailed the Method, the pipeline was divided
into two sections: Data Production and Model Development, shown in Fig. 4.3. The

following section describes each of the steps of the Method's implementation.

Navigational Agent

Data " Model _

i. Data < ii.pata . - ~* il Model . " iv Model
N . N - . r
Collection °  Processing . o Design § Training
[ s L - Human Trajectory N - Design Agent Logic L " - Reinforce!
[ostumsnTrectary  — - Braction ———PI = “otion —

) |
. - Site 3D Model | ion - 1
“Drons Images  ee— [
- frea 5B Recansiructic * - Design 3D Environmen
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- Logation Analys's ’ : - Arch, Featuras

Fig. 4.3. Diagram of the Navigational Agent Simulation Method.

4.2.1. Data Production: Collection

Between 2017 and 2018, several field trips to Machu Picchu were completed,

enabling in-depth data collection and gathering a broad range of information from
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the site. The data consisted of 3D site model data through drone images and human
trajectory data through drone videos, as shown in Fig. 4.4. The data selected for this
implementation was collected in 2018, when it was still possible to wander freely as
a visitor. The field data collection started with video recording from a drone (DJI
Mavic Pro) hovering at the same position at an altitude of 50 to 70 meters. The flight
duration was approximately 20 to 25 minutes at a time, constrained by battery
power. The recordings of pedestrians at 4K resolution covered an area of 50 x 50

meters, capturing a temple.
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Fig. 4.4. Diagram of Data Collection.

The collected data comprises 30 minutes of pedestrian movement at the Two
Mirrors Temple at Machu Picchu. At any moment, a typical video recording includes
nine or ten 'free walkers' and 60 to 80 people in large groups with guides. The plan
of the Two Mirrors Temple, shown in Fig. 4.5, has two access points, one from the
north side, shown at the left of the image, and one at the south, shown at the right
of the figure. The two mirrors are two bases on the floor filled with water used by
the natives to calculate the solstice date. The most common visitor trajectory starts
at the south entrance, goes through the temple, and leaves through the north exit,
shown in the figure below as a dashed line. Fig. 4.6. shows Google Street views of
the corridor outside the room with the two mirrors in the upper image, and a person

kneeling in front of the two mirrors on the ground in the lower image.
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Fig. 4.5. Plan view of the Two Mirrors Temple, the selected area of Machu Picchu, captured with

a drone in 2018 by the author. The grid is formatted every 50 cm. The highlighted magenta rectangle
shows the position of the “Two Mirrors” monument. The magenta path shows the most frequent path of

the site and the two access points.
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Fig. 4.6. From: Google Street View, https://www.google.com/streetview/, (06/28/2021). Corridor

of the Two Mirrors Temple. The lower image shows a visitor kneeling in front of the “Two Mirrors.”
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4.2.2. Data Production: Processing

The Data Processing stage consisted of processing the data collected by the
drones in two streams—human trajectory data and architectural site data—and
maintained until model design. The following section explains the steps for

processing human trajectory data from Machu Picchu visitors.

Processing the human trajectory data consisted of extraction, filtering, and
classification, as shown in Fig. 4.7. The environmental data processing consisted of
reconstructing the three-dimensional area with traditional photogrammetry tools and
location analysis as a result of analyzing the human trajectory data and connecting it
with the architectural program of the site. Twenty-six free walkers were initially
tracked from the Two Mirrors Temple and seventy-six guided people in large groups
of six to nine visitors from both areas were tracked. The extraction was performed
using OpenCV Library (OpenCV-Python 4.4.0.46) CSRT, "Discriminative Correlation
Filter with Channel and Spatial Reliability, "by Lukezi¢ et al. (2018). The Python
routine developed to extract the data was based on "Multiple Object Tracking" by S.
Mallick (2018).
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Fig. 4.7. Diagram of Data Processing.

In addition, several functions were coded to deal with the occlusions of the
visitors during the video footage recording. The data were comma-separated values
of two-dimensional coordinates, including the index of the visitor and a timestamp.
The images presented in Fig. 4.8. and Fig. 4.9. show the tracking algorithm retrieving

visitor positions and reconstructing trajectories afterward.
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Fig 4.8. Six visitors are tracked with computer vision algorithms, collecting the data in text files

of comma-separated values.

Fig. 4.9. Reconstruction of two human trajectories from the text data files.
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Next, the data was filtered to delete noise and duplicated coordinates and
interpolate constant interval points to reduce the number of coordinate tuples for
each trajectory. Fig. 4.10. shows the filtered data, where it is possible to observe the
simplification degree applied to the curves using the interpolation algorithm provided
by SciPy. Interpolate library was used for data filtering, initially developed by Krogh
(1970). Next, the timestamp was modified to include trajectory sections where the
visitors moved and stopped. Finally, the trajectory data was processed to produce a
discrete sequence of steps adapted to Unity 3D motion operations. This last step

made the trajectories "Agent-ready".
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Fig. 4.10. Filtered trajectory data. The first image shows the final trajectory with continuous
segments as a green line. A higher resolution detail of the filtered trajectory data on the right image

shows how the filter removes noise segments such as the blue peak.

After filtering the trajectories, the next step was to classify the paths between
Explorers and Exploiters. Classifying the data between Explorers and Exploiters
required identifying the most representative trajectory of the dataset to compare
against the entire dataset and determine which ones had more similar probabilities
of occurring and which had less. This step was derived after several iterations of
working with trajectory data that did not respond to previously determined patterns.
However, in "The Two Mirrors Temple," the most representative trajectory was an
antecedent to this dissertation, previously determined by the Cusco Culture
Directorate. The Directorate designated a route from the main access to the “Two

Mirrors” and leaving as shown in Fig. 4.5. The directorate prescribes routes to ensure
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the safety of Machu Picchu's visitors, enhance their experience, and ensure the
conservation of the monument. As consequence of such guidance, the most
representative route was in fact the route defined by the directorate. Therefore, it
was not necessary to perform the clustering algorithm step described here and in
the Method section because the most representative trajectory was already

identified and retrieved.

Nevertheless, the clustering algorithm T-DBSCAN is presented to complete the
workflow automation in future steps (see Appendix A for a complete description).
DBSCAN is a density-based spatial clustering for finding cluster patterns, tested in
this dissertation initially with Kinect Trajectory Data®. A new implementation of
trajectory adapted DBSCAN was developed as a part of this study, based on the work
of Corey M. Hoffstein ("choffstein/dbscan: Python implementation of 'Density-Based
Spatial Clustering of Applications with Noise," n.d.). The new implementation of

DBSCAN is called T-DBSCAN, and its results are shown in Fig. 4.77 and Fig. 4.12.

Estimated number of clusters: 2

Fig. 4.71. From: Appendix A (Fig. A.5 and Fig. A.6.). On the left, the image shows the clustering
DBSCAN algorithm tested with Kinect Data. The algorithm finds the two main groups of vectors. On the
right, the DBSCAN algorithm was tested with the full dataset from WiTrack, generating 34 clusters.

3 The Kinect Trajectory Data set was collected in the lobby of the Catholic University of Chile in
2018. The time frame was eight continuous hours. The rest of the analysis is presented on Appendix A.
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Fig. 4.12. From: Appendix A (Fig. A.8.). The images show T-DBSCAN tests with WiTrack Data set
loaded sequentially. The clustering algorithm finds the different trajectories and groups them into

separate batches.

The graph shown in Fig 4.73 demonstrated T-DBSCAN's capability to cluster
trajectories with the caveat of vectors placed further apart from each other. Testing
a large dataset with T-DBSCAN was slow, not allowing parameters to be set, such as
the maximum distance between points. Another parameter constrained by limited
computational power was the minimum number of points in a cluster. Therefore,
such testing did not prove that this implementation of T-DBSCAN failed because
adjusting the values was not performed. Having the algorithm implemented allowed
for custom modifications, which are exciting outcomes for further development. The
development of this dissertation's take on T-DBSCAN proved effective at clustering
trajectory vectors and left finding the most representative trajectory for future work.
Nevertheless, the results achieved by Lee & Whang (2007) deliver the most
representative trajectory of a trajectory dataset as illustrated in the report of the
"Deer Trajectory Data Set" shown in Fig 4.13. Hurricane data shown in Fig. 4.14
illustrated that the algorithm retrieves a single trajectory, the most common dataset

path.
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Fig. 4.13. From: Trajectory clustering: a partition-and-group framework [Graph] by J.G. Lee et al.
(2007), (https://dl.acm.org/doi/10.1145/1247480.1247546) Deer data clustered with T-DBSCAN.
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Fig. 4.14. From: Trajectory clustering: a partition-and-group framework [Graph] by J.G. Lee et al.
(2007), (https://dl.acm.org/doi/10.1145/1247480.1247546) Hurricane data clustered with T-DBSCAN.
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In the case of the Two Mirrors Temple, site authorities define the most
frequent route, shown in Fig. 4.15. However, this may not be the case with other

datasets.

Fig. 4.15. The most frequent trajectory of the Two Mirrors Temple site, defined by the authorities

of Machu Picchu.

Classifying the Explorer and Exploiter data trajectories was essential for
analyzing the site and modeling the Agent environment as the next step in the
computational method. This definition was identified from the Cognitive Science
discipline in work with Julian Jara-Ettinger, along with the term exploiter. The human
trajectory data classification was performed by utilizing a Bayesian Classifier called
"Bishop," written and developed by Julian Jara-Ettinger. Bishop finds "the cost and
reward functions that explain the Agent's choices and actions" (Jara-Ettinger, 2021;
Jara-Ettinger et al., 2020). Next, the Bayesian Classifier calculates the probability of
the next step of the trajectory. Then, it compares this probability with the
predetermined route. The analysis shown in this dissertation was developed by

Gonzalez and Jara-Ettinger and presented in Appendix B.

The classification of the trajectory data requires discretizing and mapping it to

a readable sequence by the Bishop Classifier, a process shown in Fig 4.16. The
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discretization of the trajectory data refers to decomposing the sequence of steps
into a series of actions. Those actions correspond to the range of behaviors that the
Agent performs. Generally, the action set consists of forward movement, backward
movement, and rotation to the right and left. Time quantification consists of

calculating the duration of the time that a subject stay in a specific location.

7 m @ Red person
Time: 3.6 seconds
Distance: 3.353 m
Speed: 1.027 m/s

Green person

- Time: 111.16 seconds
Distance: 27.79 m
Speed: 0.25 m/s

Grid

0.5 x0.5 m cell

6 m wide

7 m high

8 degrees of freedom
6m

Fig. 4.16. From: Appenidx B (Fig. B.3). Analysis of human trajectory data using Bishop Python
package. The image shows the analysis done by the author for the course MIT Cognitive Computation,
2018. The Red Person was classified as an Exploiter trajectory, taking the shortest path between two

points. The Green Person was classified as an Explorer trajectory, wandering and exploring space.

Presented below in Fig. 4.17. shows the linear charts of trajectory scores. The
green sections have the higher scores and the red section have the lower scores. The
vertical axis shows the probability of that step, and the horizontal axis shows the

step number.
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Fig 4.17. From: Appendix B (Fig. B.4 and Fig. B.5). Analysis of human trajectory data using Bishop
Python package. The image shows the analysis done by the author for the course MIT Cognitive
Computation, 2018. The charts show the Red Person scores for their trajectory; the left chart shows a
sequence of high scores that fits the classification of Exploiter trajectory. The chart on the right

corresponds to the Green Person scores, showing various gradings that fit the Explorer trajectory type.

The result is a sequence of probabilities that are compared with the
deterministic sequence of probabilities. Explorer trajectories obtain lower probability
scores than do Exploiter trajectories due to the most efficient/predetermined path
deviation. However, Exploratory trajectories convey relevant site information not
found in Exploitative paths. For example, exploratory data shows deflections from
the optimal path from one point to another, showing where the subjects are drawn
to approach an attractive location. Exploitative trajectories, on the other hand, go
from one place to another and can be modeled without studying subject behavior.
The classification of the human trajectory data was the last step of processing such
a data set. Next, the three-dimensional architectural data were processed to
reconstruct the site's digital model. Two example trajectories are shown in Fig. 4.18:

(1) Explorer and (2) Exploiter.
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Fig. 4.18. Trajectory data: (1) Explorer trajectory, and (2) Exploiter trajectory. (2021).
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Photogrammetry processing of the model, using the ground images and high-
resolution drone photos, was the first step of site reconstruction. The
photogrammetry model of the Two Mirrors Temple is presented in Fig. 4.19.A and Fig
4.19.B; the picture shows each of the smaller buildings that are part of the site. The
next step was to qualify the three-dimensional models with trajectory data,
evaluating the locations where the visitors spend more time and designating those

locations as architectural features.

Fig. 4.19.A. Photogrammetric models of the Two Mirrors Temple (Nagakura, 2018).
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Fig. 4.19.B. The image shows the "Two Mirrors Temple" photogrammetric model (Nagakura,

2018).

A unique label supported the interaction between the Agent and the
environment, denominated Architectural Features (AF). The Architectural Features
are architectural elements, compelling objects, and attractive site locations. For
example, the “Two Mirrors” in Machu Picchu are two small circular cavities containing
reflective water in the temple-like enclosure. The AF analysis explains why people
often deviate from the prescribed tourist paths towards specific locations (Nagakura,

Gonzalez, 2021). Heatmaps were produced to evaluate the most frequented places by
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the two types of visitors—Explorers and Exploiters—shown in Fig. 4.20. AF data

augmented the simulated environment and reward system.

(2)
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3) K
Fig. 4.20. Heatmaps developed with the cumulative time intervals spent in each of these
locations by the visitors of Machu Picchu, calculated using the human trajectory dataset: (1) Explorer
trajectory data heatmap, (2) Exploiter trajectory data heatmap, fitting almost wholly the path of the
most representative trajectory of the site and (3) cumulative heatmap combining Explorer and Exploiter
data.

The Architectural features are shown in Fig. 4.27, including all the AFs
identified in the Two Mirrors Temple site. The "Two Mirrors", marked as location 2 in
Fig. 4.21, is one of the well-known attractions in Machu Picchu and is specified in the
official map distributed to all visitors at the main entrance gate to the citadel park.
Some locations, like location 1in Fig. 4.21, are not pointed out in the Machu Picchu
map but are identified as unique architectural features because their shapes and
ruined conditions are distinct from others nearby (Nagakura, Gonzalez, 2021). Each of
the AFs were rated by a scoring system that measures the average visitor's time
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spent at the respective location. In the next step of data processing, these scores are
normalized and mapped to the reward system for the machine learning training

model, such that the reward ranges between the values of 0 and 1.0.

Fig. 4.21. Diagram showing the seven Architectural Features of the Two Mirrors Temple.

The heat map of the explorer human trajectory data was used to score the
architectural features. The heat map detail is shown in Fig. 4.22. It shows the paths

in green and the hotspots ranging from yellow to red.
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Fig. 4.22. Two Mirrors Temple heatmap analysis. The red circles represent the locations where

the visitors spent more than 1.0 second, the orange circles representing more than 0.5 seconds and less
than 1.0 seconds, and the yellow circles representing less than 0.5 seconds. The steps are defined every

100 cm distance, approximately 1.0 second intervals.

One example of an AF is location 1in Fig. 4.21, a terrace many people flock to
and admire. In Fig. 4.23, this terrace shows the area hotspot where many visitor
trajectories pause. Although the official Machu Picchu map indicates nothing is there,
it is a popular location for visitors because of the grand panoramic view facing the

nearby mountains.
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Fig. 4.23. Architectural Feature number 1, a terrace where the perimetral wall of the temple

complex is lower than the rest of the perimetral wall, and a fantastic panoramic view includes the
distant mountains. The data analysis of this research showed that visitors frequented this location even

though it is not included on the official route.

Another example of an Architectural Feature is location 2 in Fig. 4.21, the Two
Mirrors, shown in Fig. 4.24. in aerial views. These water vessels on the ground are
famous artifacts that people visit and take hundreds of pictures of and admire.
Therefore, the data showed this area as a hotspot where people spent extended

periods of time.
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Fig. 4.24. Two Mirrors Temple aerial views. Photo courtesy of Eytan Mann.
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A third example of an Architectural Feature is location 5 in Fig.4.21., the main
building of the architectural complex. This building can be seen from any viewpoint
in the area, consolidating itself as a single landmark. Visitors generally approach the
building from the primary access point and spend time on that side of the structure,
close to the corridor leading to the Two Mirrors. Fig. 4.25. shows an aerial view of the

taller building of the complex.

Fig. 4.25. Aerial view of the taller building of the Two Mirrors complex. Photo courtesy of Eytan

Mann.
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4.2.3. Model Design

The design of the model consisted of designing the Agent Logic and designing
the 3D environment. It was developed with Unity 3D software, combining three-
dimensional objects and C# scripts embedded into those objects. A box with the
approximate height of an adult human represented the Agent in the simulated
environment. The Agent's design defined the Agent motion, actions, and sensors, as
described in Fig. 4.26. The exact figure describes the environment's design consisting
of a rewards system and geometrical objects representing the architectural features.

~iii. Model
/ Design »

» - Design Agent Logic
1 - Motion

[ - Actions |
| - Sensors 1
>

\ T Design 3D Environment
- Rewards

N - Arch. Features 4
N

\

~
~ __ad

Fig. 4.26. Diagram of Model Development.

The Agent Task is shown in Fig. 4.27. It consists of two main objectives: N.1.
Navigate any environment to develop a generalizable Agent that will traverse novel
complex environments and display investigative behaviors, such as the search for
rewards, and N.2. Pause when reaching an AF reward for some determined amount of

time according to the human trajectory data collected.

Agent Task

1. Navigate ANY
Environment

2. Pause as Machu
Picchu Visitors do
in this specific site

Fig. 4.27. Agent Task objectives.
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The motion of the Agent consisted of three actions: forward, backward, and
rotation left or right. The action-space included a fourth; when the Agent approaches
an AF, it pauses for an estimated duration and stays within the area of the location.
These actions were subject to incentives and losses depending on the type of
training. The selected sensors determined to be part of the Agent had two sets of
isovist ray casts and one camera at "eye-level." As mentioned in the Literature
Review, the Ray Casts work as infrared cameras that trigger Agent actions when the
rays collide with other labeled geometrical objects present in the environment. In
addition, C# scripts attached to the Agent object controlled the behavior of the
Agent. For example, to increase the Agent's chances of moving forward, the
algorithm added a small reward each time it moved towards the front when training
with Reinforcement Learning. Fig. 4.28 shows the Agent's ray casts, the camera, and
the camera view. With this minimal logic behavior modeling, the Agent acquired the

capabilities to navigate complex novel environments.

Fig. 4.28. Agent object: raycast (left), and camera view (right).

The base environment was equivalent to a real-world space of 50 by 50
meters, limited by a perimetral wall. In addition, the environment held a maze-like
environment, the model of the Two Mirrors Temple, and a set of reward systems.
Finally, the 3D model included wall textures observed in the Inca monument shown
in Fig. 4.29, developed for the site-specific (SS) environment. The walls had a brick

texture following the patterns of the original building in Machu Picchu.
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Fig. 4.29. Two Mirrors Temple 3D model used as the simulated environment for site-specific

training. The model included brick textures and windows that were simplified in later versions.

A sum of cubic objects approximately the same size as the Agent represented
the rewards, shown in Fig. 4.30. The goal of designing the rewards as a sum cubic
object was to generate shadows and test if the Agent would recognize the
geometries of the objects instead of their colors. The rewards were one color when
active and turned another color when visited. During the first training, these
geometric objects represented the AFs to advance and used the architectural feature
object in posterior training sequences. The Agent collected the rewards when close

enough to the rewards object without colliding with the reward cubes.
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Average time spent at

Temple: 97.73870967741932 seconds

UL Terrace: 115.87499999999999 seconds
LR Terrace: 59.98888888888889 seconds
Building 1: 13.420754716981133 seconds
Building 9: 10.05 seconds

Location 4: 46.387755102040856 seconds
Location 5: 4.675 seconds

Location 7: 13.52205882352941 seconds

Paths: 49.18214285714287 seconds

NP OWOo -~-AN

Location coordinates

Temple: [500,900] [0, 375]

UL Terrace: [0,250] [0,200]

LR Terrace: [600,900] [580,900]
Building 1: [300,500] [370,600]
Building 9: [250,500] [0,200]
Location 4: [0,300] [250,450]
Location 5: [450,600] [550, 850]
Location 7: [550,850] [200,700]
Paths: Else

NI O Wo =N

Fig. 4.30. A 3D object representing the rewards. The chart shows the calculations for assigning
the score to the rewards. Seven locations were analyzed and the amounts of time that visitors spent

there were calculated.

In addition to the site-specific (SS) environment designed with the three-
dimensional model of the Two Mirrors Temple, a site-agnostic (SA) environment was
also created. Fig. 4.37 shows the final environments: SA and SS. In the SA
environment, a series of 50 white blocks were modeled as objects with physical
characteristics. When the Agent approached them, it collided with them and had a

discounted reward.

The block's positions were randomized at the beginning of each episode,
ensuring that the space between the block was sometimes very narrow, forcing the
Agent to learn how to avoid collisions in short distances. Perceptually, the Agent
navigated the custom environment using its camera and sensors. The ground had a
checkered texture in the case of SA and an aerial view of the site as texture for the

SS case, shown in Fig. 4.31.
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Fig. 4.31. Three-dimensional view of the site-agnostic and site-specific environments. The
rewards are blue in the first image because they are not activated; in the second image, they are

activated and red. In addition, the Agent collected one reward, which turned blue.
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4.2.4. Model Training: Site-Agnostic

The four variables of the training stage are shown in Fig. 4.32. The Agent's first
site-agnostic (SA) training consisted of the maze-like environment built with
randomized white blocks. The Agent moved through the environment to find rewards.
Training the Agent in this environment meant fostering the Agent to learn
interactions with architectural components, such as walls, without associating those
elements to a specific position in space. The second goal was to train the Agent to
measure its size and senses, building up the idea of the "self," as Minsky proposed in
1985. The maze was the same size as the temple and had architectural scale,
meaning that the objects compared in size to the Agent as walls compare in size to

humans.

~iv. Model
4 Training \
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/ _ Site - Reinforce
> Agnostic Learning
|
{
/2 site ‘ - Imitation
"\ specific earning
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>

> Agent

/
4

Fig. 4.32. Diagram of Model Training.

A critical step was to randomize the elements of the environment. For
example, the blocks changed starting positions at the beginning of each episode.
Several authors have recognized the relevance of environment randomization, such
as Baker et al. (2020). This stochastic approach ensures that the resulting Agent is
environment agnostic and builds up generalizable behavior. Fig. 4.33 shows that
along with the white cubes, a series of seven red blocks were the rewards. The
position of each reward was randomized at the beginning of each episode as well.
The rewards did not have physical characteristics, and the Agents could go through
them and get one point in rewards. Once visited, the rewards turned green and lost
the ability to retrieve a reward. It was also essential to have a short time horizon of
two thousand steps to ensure and increase the movement speed of the Agent to 10

units per second.
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At this initial stage of training, the Agent already demonstrated generalizable
behavior. The Agent went through this environment for fifty million episodes before
converging, shown in Fig. 4.33. For five days, the hardware used included a computer
with 6 CORE 3.6GHZ CPU, 128GB RAM, Windows OS, NVME data disk, and GPU. After
this training, the Agent could go through novel environments, demonstrating that it
did learn the basic capabilities of navigation, its size and shape, and the
environment's data from its sensing devices composed of ray casts and a camera.
Fig. 4.33. shows the first version of the maze environment in the bottom image,
which included the aerial picture of the site in the ground and rewards in the form of
boxes that turned green after visited. Later trials showed no significant difference in
adding the aerial image of the temple to the environment's floor, so it was replaced

with a checkered texture.

Cumulative Reward Episode Length
tag: Environment/Cumulative Reward tag: Environment/Episode Length

117

Fig. 4.33. Training 1. Maze-like environment showed visited reward objects in green, which

became blue in later versions of the environment. The image includes two graphs; the first is the

cumulative reward, and the second is the episode length.
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The last version of the SA-RL training utilized the environment presented in
Fig. 4.34. Therefore, the Agent could deal with the increased difficulty of having a

more significant number of white blocks with different heights.
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Fig. 4.34. The site-agnostic environment that was used for Reinforcement Learning training. The

environment consisted of a maze-like setting with physical characteristics.

Unlike the notably advanced progress with the SA and RL training, the first
Imitation Learning (IL) training failed to embed navigational skills on the Agent.
Further, the expected result from the Agent training with IL was following
trajectories and mapping the "style" of the trajectories to its manner of traversing
space. Several researchers, such as Youssef et al. (2019), have succeeded in this task
and embedded the human "style" of crossing video game spaces.
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The IL training with SA did not produce a generalizable Agent behavior in any
competence or skill. Modeling a feasible set of actions for IL required several
iterations, and even then, the trained Agent did not learn to navigate or explore. The
IL environment was relatively simple in comparison to the maze-like environment. It
only had the perimetral walls and the red boxes as rewards—the rewards located in
specific positions correlated with the site information about the AFs. The
environment did not include vertical obstructions or the three-dimensional model of
the temple. The goal of this environment was to test the capabilities of the IL tool
without incorporating the Reinforcement learning module. Fig. 4.35 shows the SA

environment used for the first IL training.

Fig. 4.35. The first training for Imitation Learning. The environment was empty and only included
the rewards representing the AFs, placed in the position of the architectural elements in the Two

Mirrors Temple site aerial view.

The process of training with IL required recording demonstrations of the
trajectories that the Agent should learn from and imitate. These demonstrations
were recorded with a semi-automated process, using human trajectory data from the
Two Mirrors Temple as base data. In these demonstrations, shown in Fig. 4.36, the
Agent followed the trajectories depicted as a blue line, as if it were following

commands to move up, left, down, or right following "WASD" key presses, as is
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commonly used to control video game characters with a computer keyboard. Eighty-
eight demonstrations were recorded following this procedure and trained the Agent

for approximately 50 million episodes divided into two trials.

In the first trial, the Agent followed the twenty-six trajectories from the free
walkers. The Agent followed the sixty-two trajectories from guided groups of six to
eight people sightseeing together in the second trial. The deficient result
demonstrated that the environment and Agent were both modeled in an exceedingly
complex way, surpassing the capabilities of the neural network and disabling it from
capturing data patterns. The problem was that the Agent's steps were defined in
decimal numbers, and the extension of the optimizable parameters exceeded the
capabilities of the neural network. In other words, there were just too many numbers
to optimize. The resulting Agent would only move forward in straight lines and

rotating in imperceptible turns, proving it unviable for a pedestrian simulation.

Fig. 4.36. An example of a Human trajectory data demonstration, recorded with the Agent

following the blue line that corresponded to a visitor path.
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4.2.5. Model Training: Site-Specific

The second type of training was the site-specific (SS) machine learning
process. The first Reinforcement Learning training using the SS process with the 3D
Temple model is shown in Fig. 4.37., which failed to enable the Agent to gain
navigational skills. While training, the Agent was incapable of learning how to interact
with the environment, becoming stuck and rotating in place or running into walls.
Again, all parameter and hyperparameter combinations were tested, following the

package manual and information from previous research.
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Fig. 4.37. Diagram of Model Training.

The environment was exceedingly complex for the Agent to gain navigational
capabilities and explore it. Fig. 4.38 shows the site-specific environment used for the

failed RL training, with sparse rewards that were unable to guide the movement.

Fig. 4.38. The site-specific environment used for the RL training.

109



This dissertation proposed combining SA and SS to be trained with RL based
on the presented results. This training sequence consisted of training with the SA
environment and then training the Agent with the SS environment for approximately
50 million episodes each, illustrated in Fig. 4.34. Through this training, the Agent
learned how to decide its movement according to the surrounding spatial
environments. The cumulative reward increased monotonically, and the resulting
Agent could navigate the space and explore the temple. Nevertheless, the
improvement in its navigational skills was not significant, and therefore, it might be
deemed unnecessary for building the navigational skills of the Agent. However, this
training builds on the Agent's “human-Llike” behavior and specialization to navigate a
specific built environment. Fig. 4.35. shows Curiosity Forward Loss, Curiosity Inverse
Loss, Policy Loss, and Value Loss charts that demonstrate the overall training of the

Agent.
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Fig. 4.39. SA-SS Training results with RL. (1) shows the SA environment, (2) shows the SS
environment, Chart (3) Cumulative Reward and (4) Episode Length. The magenta curve represents the

SA training in the graphs, and the green line represents the SA + SS training.
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Fig. 4.40. Graph (1) Curiosity Forward Loss, (2) Curiosity Inverse Loss, (3) Policy Loss, (4) Value
Loss charts with the magenta line representing the training with the SA environment and the green line

representing the SA+SS environment.

Imitation learning training with SS was performed for a few trials, using
demonstrations recorded manually in the environment shown in Fig. 4.41. Following
the human trajectory data from the Two Mirrors Temple, the Agent trained for 100
million episodes, producing inconclusive results. In the post-training evaluation, it
was not clear the level of improvement that this training conveyed to augment the
navigation skills of the Agent. The pausing time was still encoded and did not allow
for adjustment based on the human trajectory data. However, the training did
increase the capacity in which the Agent could traverse the 3D model of the temple.
Therefore, the key finding of the training section was to prove that the site-agnostic
produced a generalizable Agent behavior, embedding the capabilities of navigating

and exploring.
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Fig. 4.41. The image shows the site-specific environment used for the IL training, which included

the 3D model of the Two Mirrors Temple.

4.3. Model Validation

Three tests were conducted to verify the model's capabilities. Test 1.
"Generalization ": assessed trained Agents' capabilities to navigate and explore novel
environments. In addition, the dissertation aimed to produce a trained Agent capable
of exploring and navigating any environment without the need to have been
previously trained in that specific environment. Test 2. "Human-Agent Comparison":
assessed trained Agents' behavior when contrasted with the behavior of Machu
Picchu's visitors. Finally, Test 3. "Turing Test," consisted of qualitative interviews
conducted with the Machu Picchu staff members surveying their perception of the

trained Agent's behavior in terms of accuracy with reality.

4.3.1. Test 1. Generalization

The test evaluates the generalization capabilities of trained Agents with the
proposed model by placing the Agents in “unseen” digital environments- the Agent
has not “seen” those environments before, nor it has been trained in them. The first
test was a generalization, evaluating if the Agent can navigate unseen complex
environments. In machine learning terms, this is called non-stationary behavior.

The dissertation aimed to produce Agents that navigate and explore novel
environments without re-training in those exact environments. The value of this
capability is to develop Agents ready to perform in multiple environments without
investing in training with all of those environments; the resulting trained Agent is

site-agnostic. Generalization was necessary because several design iterations occur
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in the architectural design process, and the Agent is expected to navigate unseen
environments without new training. Thus, training produced the expected behavior
and developed navigational skills in the Agent. The three original sites selected only
the leading site were necessary to test generalization, as the training was done with

the maze, site-agnostic environment.

Subsequently, a sequence of training can shape the Agent's behavior to
include the site-specific information. First, the Agent trained in a maze-like
environment for a hundred million episodes, shown in the first image of Fig. 4.42. It
improved steadily following an monotonical rise; then, it was tested in the second

environment, the Two Mirrors Temple, shown in the second image of Fig 4.42.

Furthermore, if the Agent simulation runs one hundred times each time, the
behavior will differ without reprogramming it. The Agent can also be trained in the
site-specific environment with RL, using the reward function, or with IL using the
human trajectory data. Such training can embed specific data into the Agent's policy,
such as the amount of time the Agent paused when encountering an Architectural

Feature.

Finally, as shown in Fig. 4.43., the site-agnostic Maze environment, and initial
environment in which the Agent must train to develop navigational skills, became
known as “Environment 0”, while the Two Mirrors Temple became the testing ground,
known as “Environment 1”. The results confirm the hypothesis that if the Agent is
placed in a new environment, it can navigate and find rewards without further

training.
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Fig. 4.42. Plan of the (1) site-agnostic and (2) site-specific environments showing the Two
Mirrors Temple, both in aerial view. The SA shows the randomized box distribution for generating a

maze-like environment for non-stationary Reinforcement Learning training.

The diagram of the Generalization test, drawn in Fig. 4.43. shows how the site-
agnostic environment became “Env 0”, or the initial scenario, where the Agent
learned how to traverse three-dimensional buildings, avoid obstacles, and search for

rewards.
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Fig. 4.43. Diagram showing the identification of the site-agnostic environment as “Environment
0” and using the Two Mirrors Temple model as the testing ground for the navigational skills of the

Agent, becoming “Environment 1”.

In conclusion, the Agent was able to navigate complex novel environments
after training in the site-agnostic environment, including the photogrammetry model
of the Two Mirrors Temple, shown in Fig. 4.44., which has completely different

textures and shapes.

Fig. 4.44. An Agent is navigating the Two Mirrors Temple photogrammetry model, a completely

different scenario than the site-agnostic environment where it was trained originally.
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4.3.2. Test 2. Human-Agent Comparison

This second test consisted of comparing human trajectory data with Agent
trajectory data using statistical tools. The Agent data was collected using the trained
Agent in the site-agnostic site, followed by training in the site-specific environment.
Both steps of training were performed using RL. The comparison between human
trajectories and Agent trajectories demonstrated that the model produced an Agent

that accurately mimicked the behavior of real visitors exploring a site.

Fig. 4.45. and Fig. 4.46. show graphs of the stopping and moving times in the
human trajectory dataset for the entirety of Two Mirrors Temple and in the Agent
trajectory dataset, respectively. While the graphs are not identical, they are
comparable to a reasonable degree, with human velocity ranges from 0 to 1.4 m/s, a
mean human speed of 0.3 m/s compared to the Agent speed of 0.2 m/s, and total

stop counts of 18 and 16 for reasonably similar amounts of time.
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Fig. 4.45. Graph showing the stops and moving times of Human Trajectory Data. Human data
with mean velocity 0.365 m/s and 16 rests taken for 13.6 seconds. The left axis of the graph is velocity

m/s, and the horizontal axis is time in seconds.
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Fig. 4.46. Agent MP7 with mean velocity 0.264m/s and 18 rests taken for 15.2 seconds. The left

axis of the graph is velocity m/s, and the horizontal axis is time in seconds.

The following two figures show the similarity between distributions of human
trajectory data over 224 samples (Fig. 4.47.) and of 1,000 sample trajectories of the
trained Agent (Fig. 4.48.). Trajectories between distributions were compared by
measuring differences in the lengths of segments representing movement between
stops. Thus, the x-axis represents the normalized number of trajectories with the
same length, and the y-axis represents the length of the trajectories. The initial goal
of visualizing the distribution of Agent paths was to confirm that the trajectories
were different. Compared to the distribution found in human paths, the Agent
distribution was found to be skewed to the right. This means that the Agent and the
human trajectories tended to be longer, therefore maximizing the duration/length of
the path, indicating that people and Agents tend to explore more. These results
indicate that human and Agent trajectories have a similar length distribution.
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Fig. 4.47. Human trajectory dataset distribution was collected at the Two Mirrors Temple in
2018. The interval evaluated started from the trajectory's origin until the first stop in an Architectural
Feature, breaking the trajectories from 102 into 224 paths. The distribution of the trajectories was
plotted to compare these data with the Agent's trajectory data distribution presented in the following
diagrams, indicating the similarity. In addition, the human trajectory distribution was skewed to the

right, showing the tendency to maximize the length of the trajectory, thus maximizing exploration.
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Fig 4.48. Trajectory distribution graph with 1,000 episodes with trained Agent MP14 version,
using the Reinforcement Learning method, with a sequence of site-agnostic environment, followed by a
site-specific training performed with the Two Mirrors Temple model. The data was collected in the
interval from the beginning until the Agent collected its first reward. The dataset distribution shows a
tendency towards the right side; it is skewed to the right, demonstrating the model's optimization for
trajectories that retrieve a high reward. Therefore, it is possible to conclude that the Agent trajectories

present a similar distribution with the human trajectory data distribution.
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4.3.3. Test 3. Nav Turing Test

The "Nav Turing Test" consisted of brief interviews conducted with three
Machu Picchu staff members. The interviews included showing the participants four
data visualizations of identical aerial views of Machu Picchu each displaying a
different path drawn through the site. Figures 4.49. and 4.50. show paths generated
by the Agent traversing the 3D model of the Two Mirrors Temple site, post-training,
while Figures 4.51. and 4.52. show paths from the human trajectory dataset, exploring
the Two Mirrors Temple site. The interviewees were asked whether each of the paths
marked displayed valid possible visitor trajectories within the site. The goal was to
evaluate whether the trajectories generated by the model were valid paths and if

these paths could be mistaken for paths of actual visitors.
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Fig. 4.49. Trajectory N.1. Agent trajectory (Artificial Data) for interviews.
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Fig. 4.50. Trajectory N.2. Agent trajectory (Artificial Data) for interviews.
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Fig. 4.51. Trajectory N.3. Human trajectory (Artificial Data) for interviews.
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Fig. 4.52. Trajectory N.4. Human trajectory (Artificial Data) for interviews.

The data visualizations were shown to three Machu Picchu park staff
members: a manager, a technical officer, and a park ranger. After observing the
trajectories, both the manager and technical officer believed all paths shown could
be taken by Machu Picchu visitors. The manager and the technical officer mentioned
that these trajectories were only possible before protocols that restrict visitor
behavior took place due to the Covid-19 pandemic. In particular, due to Covid-19
restrictions, visitors are currently forbidden to wander freely in the area of the Two
Mirrors Temple. Human trajectory data in this dissertation was collected prior to the
pandemic, in 2018. The technical officer recognized that trajectories N.1, N.2, and N.3
were not following the officially designated routes that correspond to the
determined circuits of the site, shown in Fig. 4.29. The park ranger found the aerial
view to be somewhat confusing and required more information to understand the
imagery. Nevertheless, the overall finding indicates that the artificial trajectory data

accurately follows the behavior of human visitors in Machu Picchu.

One interviewee, Cesar Medina, who has worked in Machu Picchu for 15 years,
was additionally asked to select which trajectories were from a human rather than

an Agent. Fig. 4.53. shows a screenshot of the video interview with Medina’s
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selections. He explained that trajectories 1 and 4 appeared to be human over Agent
because these two trajectories included the Two Mirrors Temple in their paths. Such
a statement shows the bias from the Machu Picchu staff to believe that all visitors
would visit Two Mirrors Temple because it is the main attraction of the site.
However, the human trajectory data collected from the site showed that visitors
explore more locations than the main attraction and sometimes even miss the main
attraction. This is demonstrated by the actual trajectories that belonged to a human
visitor, paths 2 and 4, shown in Fig. 4.54., which include a path where TMT is not
visited. The other two trajectories, marked 1 and 3 in Fig. 4.54., were, in fact,

generated by the Agent.

In Fig. 4.55., the aerial view of the photogrammetry of the Two Mirrors Temple
used for generating Agent paths in the Nav Turing Test, including the trained Agent

exploring it, is shown.

— path O:unfiltered data

Interview 1: Cesar Medina

DISSERTATION | Paloma Gonzalez-Rojas | PhD Design and Computation | 2021 | palomagr@mit.edu
|
Fig. 4.53. Trajectory N.4. Human trajectory (Artificial Data) for interviews. The upper image
shows the four paths presented to Machu Picchu staff member Cesar Medina to indicate which two
trajectories belonged to a human visitor and which two belonged to a simulated trace generated by the
Agent. The lower image shows Cesar’s answer; he responded that trajectories number (1) And (4)
belonged to a human, showing the bias that Machu Picchu staff members have to think that all the

visitors will see the main attraction, the Two Mirrors, located in the upper area of the aerial map.
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Test 3. Nav Turing Test
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Interview 1: Cesar Medina

DISSERTATION | Paloma Gonzalez-Rojas | PhD Design and Computation | 2021 | palomagr@mit.edu

Fig. 4.54. Slide presented in the interview with Cesar Medina. In this slide, the correct answer
was shown to the following question: “Which trajectories are human and from an Al Agent?” The

response was presented by assigning the Human label to trajectories number (2) and (4) and the Agent
label to trajectories number (1) and (3).

Fig. 4.55. Trained Agent traversing a photogrammetry model of the Two Mirrors Temple. This

scenario was used to generate the Agent paths presented in the interview data visualizations.
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Chapter 5. Discussion

This dissertation simulates pedestrian exploration with machine learning to
analyze and predict human interactions with the built environment in novel public
places. This work serves as a foundation for the future development of software that
informs architecture, engineering, and construction industries (AEC) in several of its
primary practices. An advanced computational method was developed to materialize
and ease the overall process by uniquely applying machine learning algorithms that
enable architects and designers to deploy technology in new ways. This process
included extracting and analyzing human trajectories, processing the data as input
for machine learning algorithms, designing an Agent, and training such an Agent to
acquire human-like navigational traits and skills. Finally, the proposed method
delivered an optimized digital Agent that autonomously explores and finds

architectural features in the built space, generalizable to any novel environment.

It is worth reiterating the role of Agent-Based Modeling in the proposed
Navigational Agent Simulation Method. The initial aim of this dissertation was to
develop a machine learning Agent that simulates pedestrian navigation to be
incorporated into the architectural design process. Unfortunately, that focus has
scarce precedents, comprising Space Syntax (Hillier et al., 1976), Agent-Based Model
(Gilbert, 2008), and the recent Revit Path of Travel software (Path of Travel
Calculations | Revit Products 2020 [ Autodesk Knowledge Network, n.d.) or Oasys
Software (Mediaworks, n.d.). All of these examples are rule-based procedural
software. This type of software is exceptional in simulating optimizable human
behavior, such as emergency egress and traffic crossing. ABM is also notable for
computing social dynamics, producing complex combinatorial crowd behaviors.
However, these tools fail to simulate how people explore the built environment and
have not been widely adopted by the architectural community. One reason for this
reluctance to adopt these techniques is that currently, such software does not
provide insightful information for the design process regarding the level of attraction
that an architectural feature has. In other words, ABM has not shown how a human
would explore space and approach such architectural features. However, this

investigative behavior can be developed by building upon the rule-based behaviors of
125



ABM using machine learning tools, as this dissertation demonstrates. The
understanding of how architects could retrieve valuable information from human’s
exploratory behavior prompted a shift in the focus of this dissertation to modeling
pedestrian exploration in the built environment. The proposed method is a
foundational computational process for building an artificial intelligence model, and

with this, assigning the rule-building task to the Al.

Key aspects of this dissertation include: developing the machine learning
simulation method, comprising of identifying advanced machine learning algorithms
for each of the method's steps; collecting human trajectory data and three-
dimensional site data from a selected site in Machu Picchu, Cusco, Peru; classifying
the human trajectory data with the explorer/exploiter categorization; applying such
classification to a practical case and providing insight about the environment;
designing a minimally modeled Agent and demonstrating how it developed complex
skills after training with machine learning in an augmented environment; and
designing the randomized environment as a fundamental training step to create

generalizable agents with navigational capabilities.

Three key findings serve as essential takeaways from this dissertation: The
Explorer versus Exploiter, their classifications and data production; the use of site-
agnostic training for building navigational skills in the agent so that it applies to an
ample range of built environments; and the potential for replicating human trajectory

exploration demonstrated in Human-Agent Comparison tests.

The research in this dissertation serves as a foundation for developing
prototype software for the architectural design process in future work. It contributes
a novel Navigational Agent Simulation Method, which consists of four phases: Data
collection, Data processing, Model development, and Model training. Significant effort
was invested in the process of this dissertation to identify the four steps for this
methodology and testing the entire computational pipeline to develop a generalizable
navigational Agent with the capacity to explore new environments; identifying each
step required understanding the challenges involved in simulating pedestrian
exploration in the built environment and defining a navigational Agent. The

contributions of this dissertation rely on the discovery and creation of computational
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tools in these four areas to formulate the foundational computational process of this

method, presented in Fig. 5.7.

Data

i
Collection

Collected Human
Trajectory Data (HTD)

Collected Site
Geometrical data

i
Processing

Extracted, classified and
filtered HTD
Explorer / Exploiter

Reconstructed 3D Site
and simplified for

ii.
Development

Designed Navigational
Agent Logic

Designed Location
Agnostic/ Specific
Environment

Model

iv.
Training

Trained and Tested the
Agent with
Reinforcement and
Imitation Learning, in
Location Agnostic /
Specific Environment

Machine Learning

Fig. 5.1. Chart of Contributions chart.

5.1. Interpretations, Implications, Limitations

This section delivers a detailed analysis of the proposed Data Production steps
and Model Development steps, including their interpretations, implications, and
limitations. Next, a brief discussion analyzing the data collection method and the
human trajectory data classification analysis are presented. As mentioned before, the
classification between Explorer/Exploiter of the human trajectory data was critical
for these purposes. Finally, model design and training are explained in the following
section. As the research structure has a matrix form, the interpretations,
implications, and limitations are described jointly regarding each of the four steps of

the method.

It is relevant to include here that computational resources were the main
limitation of this research. In the fourth part of the method, the machine learning
section of this dissertation was heavily limited by computational resources. The RL
and IL training ran in a computer with the following technical specifications: 6 CORE
3.6GHZ CPU, 128GB RAM, Windows 0OS, NVME data disk, GPU not enabled. Each of the
training runs lasted between five to ten days, which significantly slowed down the
progress of the dissertation. It also limited the capacity of testing and the ability to
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improve upon the proposed methods quickly. This reason explains why the
development of the Agent behavior was truncated and left for future work. The
results indicate that when powerful computational resources are implemented, the
amount of time dedicated to each machine learning training will decrease
exponentially, increasing the chance to perfect Agent behavior. One example of such
an assertion is that one training run with the MIT Supercloud lasts close to six hours,
enabling the analysis to improve, test, and iterate faster. Nevertheless, it does not
diminish the value of this work; a significant body of research concerning Agent
simulation for pedestrian analysis could still be developed and tested despite the
current technical limitations. Learning the limitations of computational resources is a

valuable contribution for future research.

5.1.1 Data Production

In the context of pedestrian simulation software and research, human
trajectory data is often used to identify physical parameters to model pedestrian
characters. One relevant example is population demographics of walking speed,
presented by Thompson (2020), among other vital parameters for modeling human
behavior during locomotion. However, this dissertation analyzed such data to retrieve
information about the site, score its architectural features, and create

demonstrations to shape a digital Agent's behavior.

The importance of the Explorer/Exploiter classification for this dissertation
was to gain the capacity to assign intentions to the human trajectory data, intentions
that make the interaction with the built environment explicit and measurable.
Tversky (2008) explains how the environment informs the intentions of a human path
in space. This dissertation assigned the visitors' intentions to approach and spend
time in a compelling location on a site, identifying such intentions as indicators of

interest generated by that Architectural Feature.

One of the primary critical findings regarding pedestrian analysis and
simulation is the classification method that separates human trajectory data with
Explorers and Exploiters' behavior types using Probabilistic Bayesian Programming. A
few precedents for such classification incorporate variables from the built
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environment into the analysis, assigning intentions to people's behavior in various
sites, ranging from cultural heritage sites to the average sidewalk. Explorer-like
visitors traverse the built environment in search of novel spatial situations
denominated as Architectural Features in the context of this dissertation. On the
other hand, Exploiters efficiently follow the shortest routes to take advantage of a

site's amenities.

Several computational methods enable categorizing trajectories between
these two types of behaviors. The one utilized in this dissertation was Density-Based
Clustering, adapted to work with trajectory vectors and, in combination with
Bayesian Probabilistic Programming, proved to be the most efficient technology for
the proposed application. Several other methods, such as Gaussian Classification,
have the same potential for data classification for other applications. Exploration is a
qualified pedestrian behavior because it informs the architectural design process, as
it was described before. Deterministic behavior, such as crossing a street following
the most efficient trajectory, is logical and predictable. However, wandering or
exploring and approaching different locations is spontaneous behavior to learn from

trajectory data.

Data analysis findings demonstrate that human trajectory data from explorer-
like visitors conveys more information about the site than exploiter or deterministic
trajectory data collected. Furthermore, data from explorer trajectories showed how
visitors explored novel locations and spent time learning from them. This finding
alone expands the domain for pedestrian research with applications in the

Architecture discipline and related fields.

The results show that the explorers/exploiters' categorization of human
trajectory data is fundamental for developing pedestrian simulations for architectural
applications. This finding resulted from an exhaustive analysis of the human
trajectory data, applying various statistical analyses and machine learning classifiers,
following the research question of identifying which human navigational behaviors
would inform the architectural design process. The exploratory trajectories show

non-goal-oriented interaction with the built environment, making explicit when
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architectural features modify human circuits from predetermined paths. It is also a
measurable feature of the data, enabling the computational analysis and simulation
of such behavior. An example in which it is possible to understand the value of such
research is when simulating visitors of the Two Mirrors Temple traversing Machu
Picchu. This work shows how visitors will most likely deviate from the most
frequented route and approach locations where the architectural features are
located, identified by the data studied in this research. One example of that scenario
is an excellent view of the distant mountains where the perimetral wall has a lower
height. Visitors frequented that location of the Two Mirrors temple even though they
were not expected to do so. Therefore, the recommendation presented in this
dissertation is to include such antecedents when planning safe paths for this site.
The limitations of the classification method consisted of constraining the
classification to these two trajectory types: Explorer and Exploiter. Other types of

behavior can be present in the dataset and were left for future analysis.

Currently, the most advanced devices available to collect the data are cameras
mounted in drones because they capture detailed information in image format. In
addition, human trajectory data can be collected through WiFi-based methods,
Infrared cameras, and Global Position System (GPS) data. Such devices provide a
much larger scale than the capture scale supplied by the drone 4k cameras.
However, there are several limitations for collecting drone video associated with the
accessibility of drones during flight and privacy issues when researching human
subjects. This dissertation followed the MIT COUCHES guidance for human subject

research, saving collected data safely and anonymizing the trajectories.

Data Production for this research had several limitations. Human trajectory
data was collected only from a public space and exclusively from visitors of a tourist
destination—the tourist site's regulations highly constrained the behavior of those
visitors. For example, visitors were allowed to stay for a certain amount of time,
could only walk in one direction, and were not allowed to stay for long periods of
time in any single location. In addition, the data does not include people with
challenged mobility. Finally, the data was collected solely when tourists visiting

Machu Picchu traveled specifically from the Northern Hemisphere.
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5.1.2 Model Development

This dissertation demonstrated designing a digital Agent with minimal logic
parameters and training it to develop generalizable skills with embedded human
traits through machine learning. Currently, there is the need to "craft" the Agents'
behavior, becoming more art than science, as shown by Chen (2012). Such standard
methods include observing common rules of behavior and then crafting them into
the Agent, creating complex systems to encode the targeted actions. The method
proposed by this dissertation, however, retrieves an Agent as opposed to crafting

one, minimizing the need to encode the desired actions manually.

For developing the navigational Agent's behavior and fulfilling the specific
requirement of enabling space exploration, Reinforcement Learning algorithms were
selected after some trial and error. Due to the popularity of Reinforcement Learning,
it is often applied to problems that have other machine learning solutions. In the
dissertation's case, the model's goal was not apparent initially, as the primary goal of
the research-informing the architectural design process-can have a wide range of
solutions. This dissertation had available data from human trajectories, and therefore
the most logical choice for a training and simulation method, at first, was supervised
machine learning. However, machine learning methods comprising of Density-Based
Clustering and Bayesian Probabilistic Programming did not yield the expected or
targeted results for developing a navigational Agent. Using supervised algorithms, the
desired behavior could only be produced when tuned to work in suboptimal
capacities. This process of essentially “breaking” the tool to produce the target
behavior was not sufficient for the aims of this dissertation. This result prompted
experiments with Reinforcement Learning and Imitation Learning algorithms that
proved to be a better fit for the objective of this research. Next, the data was
redirected to site analysis and making the behavior of the Agent specific to a site

when needed.

Designing the site-agnostic training proved to be a fundamental step essential
for developing pedestrian Agents with machine learning methods, as demonstrated
by Haworth et al. (2020) and Youssef et al. (2019). In order to retrieve Agents that

navigate novel complex environments, Agents need to "learn" primary navigation and
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interaction skills with the built environment. Consequently, this finding builds on the
path of automating creating navigational Agents as it enables researchers to set a

base environment for training that outputs a highly generalizable Agent.

Machine learning methods require significantly large datasets. This research
utilized 102 human trajectories in total for machine learning training, which is a
reduced number of samples to begin with. Different sample sizes did not
significantly limit the results or differ when trained with the same imitation learning
model structure. The resulting Agent behavior showed no noticeable difference
between the data sample size tests between 26 demonstrations and 76
demonstrations. This result is most likely due to the size of the initial dataset. More

experiments of greater sample size are needed.

The main limitation found during the Model Development phase was
constraining the generation of a single Agent interacting with the environment. The
model, therefore, did not include any social interaction or social dynamics analysis as

part of its simulation.

The interpretation of the Model Development result consists of speculating
the possible further developments of this research concerning the site-agnostic and
site-specific training of the Agent. According to the results of this dissertation and
the discussion with the Ph.D. committee, it was determined that it is relevant to
combine both scenarios to develop Agent behavior specific to a site, including the
behavior characteristics present in the human trajectory data. Such a combination of
scenarios enables the model to adjust the parameters that define the motion with
machine learning tools, based on the data from a specific site, and that such

behavior is closer to how humans interact with the built environment.

5.1.3. The Tests

This dissertation proposes three tests to validate the resulting Navigational
Agent model development: Test 1. Generalization, Test 2. Human-Agent Comparison,

and Test 3. Nav Turing Test. Additional validation tests were conducted in Data
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Production to evaluate for collecting, extracting, filtering, and classifying the data in a

meaningful way for this research, and are described in Chapter 4.

Test 1. Generalization. This research proved that the Agent learns complex
skills through training with a minimally designed behavior logic. Such a finding shows
that machine learning techniques significantly reduce the workload required to
develop Agent behavior with rule-based software. Further, this simplicity in modeling
logic provided the opportunity to analyze and improve the logic and evaluate its
implications. The recommendation is that future work will focus on transfer learning,
as several researchers in Machine Learning have proposed (Zhu et al., 2021). It was
possible to conclude from this dissertation that the trained Agent’s navigational skills
are transferable to other research purposes and that it would be beneficial to
transfer such skills to progress and increase the complexity of the target behaviors.
For example, the navigational Agent can be packaged up and included as part of
other physics engines that enable machine learning research, architecture, and
cognitive science research. In future research, the recommendation regarding this
test is extending the Generalization test and placing the Agent in different

environments.

Test 2. Human-Agent Comparison. The comparison is not conclusive. As
highlighted by Chen (2012), one of the biggest challenges in developing digital Agents
is evaluating the success of the simulated behavior. A relevant note to include is
that, when numerically and statistically evaluating the Agent's behavior, it is possible
to manipulate the ranges and other parameters to force fit and improve the
comparison with the human statistical analysis. Nevertheless, such actions were not

performed for this thesis, and the statistical analysis was performed “as is.”

In general, the distribution charts presented in Chapter 4 show that the
distribution of the Agent's behavior is similar to the distribution of the human
trajectory dataset. However, this does not prove that the simulation will accurately
predict the behavior of Machu Picchu visitors in reality. Even if the Agent would
mimic the full stops and motions of a substantial dataset, this does not imply that

the simulation will predict the behavior of humans.
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Further, such statistical tools (histogram and distribution comparison) were
selected as initial tools to evaluate Agent’s behavior. Of course, such selection can
be improved and questioned to find other methods to evaluate ML Agent behavior.
Nevertheless, the target behavior aims to inform the design process, and the results

indicate that this is a reasonable goal.

Test 3. Nav Turing Test. This test depends heavily on the representation of the
trajectory data. Even though the overall result appeared to be sufficiently human-
like, the aerial view data visualization hid several factors that could have diverted the
opinions of the interviewees. For future research, other data formats should be
developed to gain more insight from the interview validation. In addition, it is
recommended to do a larger number of interviews and comprehensive surveys to

gain statistical significance.

5.1.4. The Navigational Agent Simulation Method

The comprehensive analysis and implementation of the simulation method,
shown in Fig. 5.2, can inform the design of other applications outside the field of

architecture, such as self-driving vehicle software and pedestrian safety.

Navigational Agent
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Fig. 5.2. Navigational Agent Simulation Method Diagram
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While interpretations and implications of the Navigational Agent Simulation
Method have already been discussed, two important limitations should also be
noted:

1. The proposed model for simulating Agent navigational behavior is limited to
understanding human-environment interactions within public exterior spaces and is

not an appropriate tool for analyzing social dynamics.

2. Currently available computer power heavily limited the development of the
proposed method. Results were not conclusive when evaluating Imitation Learning
algorithms during training runs, for example, and therefore not able to be used to

inform the method.

In addition to these limitations, the design of the simulation method was
based on an extensive literature review in architecture and on my own expert
knowledge and experience as a former architect; surveys or any analysis of the
architecture design process were not used. As a result, further research is needed to
achieve problem identification in the context of architectural practice and

discovering how to use this tool in the architectural design process.

5.2. Research Timeline

Because of the exploratory and experimental nature of this dissertation,
research was conducted iteratively throughout rather than following a linear process,
involving going back and forth with identifying the most suitable application for the
tested computational tools. The machine learning tools were evaluated to model the
target behavior according to the proposed definition for an architectural design
tool—a computational tool that simulates how pedestrians move in an unseen
architectural space and show how they approach locations of interest. This definition
was identified from architecture design history and practice described in Chapter 2,
Precedents. Further, such definition, referenced in several sections of this
dissertation, consists of developing Agents that explore their built environment and
search for Architectural Features as rewards, pausing their motion to signal their

interest in the Architectural component.

135



The main phases of the research timeline were Data Production and Model
Development. Research conducted in these phases involved a lot of back and forth,
trying different computational tools in each to compare and identify the future
applications. On some occasions, the initial intent was to use a computational tool
for simulation only to find it very useful for data analysis, such as was the case in
using Bayesian classifier and Clustering algorithms. These two techniques played a
significant role in the data analysis, and Reinforcement Learning and Imitation
Learning filled a void and became the model and simulation techniques. Overall, it is
relevant to restate that the main contribution of this dissertation was to apply
machine learning uniquely, and, for the first time, aide these processes with such

computational tools.

Following, | will discuss how the machine learning tools changed from Data
Production to Model Development, then summarize the logical sequence concluded

after finalizing this research.

The approach to the research in this dissertation began as a data-driven
search through machine learning tools to develop pedestrian simulations to inform
the architectural design process. The ML tools used had to meet the specific
requirement of supporting the interaction between the Agents representing humans
and the built environment. My Master's research, shown as a precedent in section
2.1.1, presented a rule-based model of such interaction. In addition, "Space and
Motion Research" discusses how a data-driven approach was taken to develop a
model of people's motion in space. As part of this process, an analysis was
conducted on how human trajectory data has been used in Rule-based simulations.
One of the most significant examples is Thompson et al. (2020), where the data was
used to parametrize Agents' locomotion according to the elderly population profile of
motion. Subsequently, this approach was used to model the Autodesk Path of Travel
tool (Path of Travel Calculations | Revit Products 2020 | Autodesk Knowledge
Network, 2021). The approach of this dissertation differs from this previous work in
how it assigns intention to the paths by analyzing the trajectory in comparison with

the site's architecture. The process included identifying where the data was
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collected in the site and assigning the intention to the human trajectory data

interacting with the architectural elements in such locations.

The first supervised machine learning algorithm tested to model the
pedestrian Agents was the custom version of DBSCAN adapted to work with
trajectories. The most meaningful application found for the trajectory-adapted
DBSCAN algorithm in the context of this thesis was in grouping paths by density and
finding the most frequent path, as shown in the Method, section 3.2.2. Data
Processing. DBSCAN was not developed further to simulate pedestrian behavior
because the data constrain the development of new paths. In other words, the new
paths would have been versions of the original data and would most likely not

generalize to other sites.

Bayesian Probabilistic Programming (BPP) tools were tested for simulation as a
second supervised machine learning algorithm. Like DBSCAN, BPP tested in the
context of this dissertation retrieved new paths that were versions of original human
trajectory data, limiting the generalization of the Agent behavior. Subsequently, BPP
was applied to find the data classification between Explorer and Exploiter profiles.
The classification is based on the conditional comparison with the most frequent
trajectory, found previously with the DBSCAN clustering algorithm for vector paths.
As mentioned earlier, such classification enabled the finding of and connection
between the knots of the human trajectory data with the architectural features
present in the site. Furthermore, it quantified the time people spend in those
locations. The quantification enabled the identification of the most visited
architectural features of the site. For this thesis, it is assumed that if humans are
exploring a site and pause in a specific location, pausing indicates a relevant
architectural feature in such location and that this behavior should be modeled in

the paths of the Agent as it travels through the built environment.

The data analysis using supervised methods of DBSCAN and BPP of the human
trajectories show that unsupervised methods present an advantage over supervised
methods. Supervised methods have the advantage of augmenting and improving the

data analysis. However, those methods limit the generalization of the Agent to adapt
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to new environments without being trained there. Some of those supervised
methods also limit the “search” Agent behavior that this dissertation was set out to
model as a working simulation of the pedestrian Agent. It is essential to highlight
that such a limitation was identified exclusively in the supervised algorithms tested
in this dissertation and that other supervised methods, such as Generative
Adversarial Imitation Learning (GAIL), have been developed to generalize well (Ho &
Ermon,2016). The algorithms reviewed in this Dissertation included density-based
clustering algorithms, similar to the current implementation of Traclus (Lee et al.,
2007), Bayesian Probabilistic Programming WebPpl (Probabilistic Programming in
WebPPL, 2021), and Bishop (Jara-Ettinger, 2021; Jara-Ettinger et al., 2020). Post-
dissertation work revealed that the GAIL algorithm (Ho & Ermon, 2016) is capable of
including exploration, which was not fully implemented in the context of this

research project.

Further trial and error with modeling pedestrian exploratory behavior guided
the final selection of Reinforcement Learning tools to develop the simulation.
Reinforcement Learning ensured the interaction between the Agent and the
environment by embedding the rewards into the scene and building the Agent policy
based on such reward function. The goal of the training was to develop navigational
skills in the Agent consisting of traversing space, avoiding obstacles, entering rooms,
and finding the rewards using a simulated camera and three-dimensional sensors.
Subsequently, the Agent's training was tested using a manually crafted reward
system, developed using the explorer human trajectory data of the site, defining the
rewards as architectural features (AF). Each AF was assigned a reward based on the
time visitors spent in such a location. In this training, the reward system and the
time the Agent paused were encoded before training and not adjusted by the RL

algorithm.

Training was performed using the site-specific environment, shown in section
4.2.5. Site-Specific Training. The site-specific environment was the 3D model of the
temple. Such training did not embed navigational skills in the Agent and was
unsuccessful in producing an Agent to navigate the site-specific environment.

Further details were included in chapter 4. The next step was using human trajectory
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data with Imitation Learning algorithm GAIL, also explained in section 4.2.5. This
second training with GAIL did not produce a functional Agent because its ability to
navigate the environment was limited to insignificant rotations and translations. The
solution for this problem was to develop the site-agnostic training, described in
section 4.2.4. Site-Agnostic Training, because this later training successfully
developed navigational skills in the Agent. It was defined as “training zero” or the
initial training where the Agent first developed navigational skills and then trained in

the location-specific environments with the human trajectory data.

In summary, the significant stages of the methodology implementation to the
case study of the Two Mirrors Temple, including visitor data in the form of human
trajectory paths and three-dimensional models of the geometry of the site, consisted
of:

1.  Explorer/Exploiter identification: Machine Learning algorithms plus on-
site human trajectory data from Two Mirrors temple in Machu Picchu were used to
distinguish Explorers from Exploiters. Machine learning algorithms consisting of
adapted DBSCAN and Bayesian Probabilistic Programming were applied to the on-site
dataset (A) and successfully produced a dataset (A') of explorer trajectories. The final
result of the data identification was one dataset of 102 trajectories, containing 76
verified exploiter trajectories of visitors grouped in teams of 6 to 8 people and 26
verified explorer paths, roughly 25% of the total. These 26 visitors went sightseeing
by themselves or with one companion, exploring and investigating the Two Mirrors

site. Trajectory data were extracted, filtered, and classified.

2. AF/pausing time identification and ML + seed rules: Architectural

Features (AF) were identified from the human trajectory paths identified as
explorers. The explorer dataset denominated A' was examined, and AF pausing time
was manually extracted and built into machine learning training as part of the seed
rules that governed the Agent's behavior. The pausing time distribution and average
speed indicated that the proposed method was comparable to that of real humans.
This result implies that if an AF is adequately selected, the exploratory behavior can
be simulated credibly. In the future, it will be possible to automate the process of

identifying the Architectural Features of the site and the time spent at each of these
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architectural features by combining the machine learning methods proposed in this
dissertation. Using ML directly from A (removing the manual process of A') is a future

project.

3. Path simulation: ML + on-site data (NG) ---> ML + generic maze: Path
simulation was performed by implementing the machine learning training process
with on-site data. Such training consisted of running the Agent in the site-agnostic
environment for a sequence of episodes that enabled the Agent policy to converge
and acquire navigational skills. Using A' as the human trajectory dataset for ML,
including Reinforcement Learning and Imitation Learning, was tested, but did not
yield expected results. The trained Agent was expected to traverse space, yet it
could not navigate and traverse the digitally built environment, rotating in
insignificant angles and moving in straight lines as a consequence. In the case of
Reinforcement Learning training, such a process included the three-dimensional
model of the Two Mirrors Temple. The building model has its complexity and
architectural logic to learn, and before the Agent acquired the navigational skills, it
was impossible to learn such logic. Directly training with RL in the temple was
unsuccessful because the Agent was not previously trained to navigate any building.
In Imitation Learning training and the three-dimensional temple model, the problem
was in loading the demonstrations recorded from trajectories in every direction of
the plan. The IL training succeeded when the process was run with a previously
trained Agent in the Maze (site-agnostic environment) and trained with IL
demonstrations afterward. Possibly, this was due to the Maze environment having
the same scale as the temple and the same number of rewards modeled as totemic
objects. It will be relevant to test the incidence of the training scale for learning

transfer in the future.

5.3. Conclusions

In the last 50 years, computation has delivered pedestrian simulation software
to architecture, urbanism, and similar fields. However, architectural literature is
rather vague when framing how to develop or practically use a tool for designing the

built environment based on motion. Architects, such as Le Corbusier (1928), to name
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one example, reflected on how to include movement in the design process but did
not express what types of design decisions are informed by human movement. While
the topic of motion often resurfaces in the field of architecture over the years, the
architecture precedents reviewed in this dissertation demonstrate the unmet need
for a tool that can inform the design process by simulating people's motion and

exploration of the built environment.

This dissertation proposes a foundational process for developing a tool for
modeling human motion in space and identifying what variables of human interaction
with the environment inform the architectural design process. This dissertation
identified human exploratory behavior in a quantifiable way that aids decision-
making in architecture design. Further, the key findings of this dissertation confirm
the hypothesis that the Machine Learning model maps data patterns from human
trajectory paths into a generalizable Agent that simulates how humans explore space
and interact with the built environment. Finally, such findings demonstrate the

feasibility of building the proposed tool.

The contributions of this dissertation include: (1) The machine learning
simulation method that maps data from human trajectory paths and the built
environment into generalizable Agent exploratory behavior targeting architectural
design applications. (2) Autonomous trained Agents capable of exploring new
environments in a way that resembles visitors from Machu Picchu. (3) Valuable
human trajectory datasets from a tourist site. (4) A classification method of human
trajectory data between Explorers and Exploiters that enables assigning intention to
human paths when analyzed combined with the three-dimensional data from the site
where the data was collected. (5) Three-dimensional site models, with the
categorized architectural features. (6) A theoretical framework for developing a tool

to incorporate motion into the architectural design process.

5.4. Recommendations and Future work

Drawing on the work presented in this dissertation, securing computer

resources like Supercloud or Amazon Web Services (AWS) is recommended before
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getting started with anything technical. The time saved by doing so cannot be
overstated. For machine learning training, for instance, training that could run for ten

days can be completed in six hours.

For data collection, when possible, future work could benefit from using
drones to collect data from public spaces with a favorable view. Drone footage is still
the most accurate method to capture behavioral data from humans when
environmental and privacy conditions are favorable. It is relevant to note that the
privacy issue when collecting human trajectory data must be treated with
tremendous respect, taking all the actions to protect the human subject identity and

enabling the progress of the research.

There are opportunities to improve the automation of the Data Processing
step, preparing the data as input for machine learning, especially in recording
demonstrations for Imitation Learning using human trajectory data. On the other
hand, processing the human trajectory data to analyze a site and characterize a
reward system based on the popularity of the site's architectural features is

achievable with the presented tools and are rapid to automate in future work.

Further research is recommended for advancing the algorithms to classify
Explorer/Exploiter human trajectory data. In addition, these algorithms can be
developed to classify pedestrian motion in real-time. Such applications can be used
for several critical applications, including pedestrian safety of self-driving cars
software. In Cognitive Science, using the classifier to analyze other human behaviors,
such as playing, learning or elderly behavior, might bring insight into latent learning
and skills that can be built up before they are needed. As mentioned before, this
research demonstrated that with a basic behavior logic, the Agent learns complex
skills through machine learning training. Therefore, future steps can focus on
Transfer Learning, i.e., packaging the skills of the Navigational Agent, and furthering
the research to the following behavior analysis. Transfer Learning will be possible if
the platform for machine learning training is developed to increase robustness.

Throughout this research, there were several issues when working in teams of five
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people, for example, because currently, these models are so fragile that they easily

get damaged when transferred across platforms and hardware.

In addition, future research can focus on extending the Imitation Learning
research and use of human trajectory data, solving how to map the human trajectory
data into demonstrations for Imitation in an automated way. The overall
recommendation is to automate the simulation method to develop a pilot software
and get feedback from architects and other end users. For example, the
Reinforcement Learning Navigational Agent proved to be generalizable after training
in the site-agnostic environment, however, it could greatly benefit from mapping
different data patterns from human trajectory data with the site-specific

environment.

Finally, this dissertation proposed and developed a foundational simulation
method and research that validate the overall process of the advanced
computational workflow. The proposed method is an essential first step towards
developing simulation software that conveys information about how pedestrians
explore the built environment modeled as Navigational Agents, deviating from

predetermined paths, exploring, and approaching compelling architectural features.
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(2018). The red rectangle represents the Agent and the environment by the 3D

model of the “Two Mirrors Temple”.
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Fig. 2.12. From: Proximal Policy Optimization—Spinning Up documentation.
(n.d.). Retrieved July 2, 2021, from
https://spinningup.openai.com/en/latest/algorithms/ppo.html#id2. Pseudocode of

the Proximal Policy Optimization algorithm.

Fig. 2.13. From: https://arxiv.org/abs/1606.03476 by Ho & Ermon (2016),

Generative Adversarial Imitation Learning pseudocode.

Fig. 3.1. From Appendix B (Fig. B.7 and Fig. B.8). Bayesian Probabilistic
Programming pedestrian simulation graph, developed by the author in 2017. These
two graphs show a pedestrian simulation developed with the Bayesian

Probabilistic Programming method called WebPPLl (Evans et al., 2017).

Fig. 3.2. Diagram of the methodology proposed by this dissertation for
simulating the Navigational Agent. It consists of two phases: Data Production and

Model Development.

Fig. 3.3. From: Appendix B (Fig. B.2). Example of Human Trajectory data
collection at the Pontificia Universidad Catholica de Chile Central Lobby, 2018.

Fig. 3.4. Step i. Data Collection of the simulation method. It consisted of
collecting human trajectory data with drone video and three-dimensional site data

with drone images.

Fig. 3.5. Aerial view of Two Mirrors Temple, a site of Machu Picchu, Cusco,
Peru. Image captured with a drone hovering over the site with a high-resolution

camera.

Fig. 3.6. Step ii. Data Processing of the method. The human trajectory data

processing consisted of extraction, filtering, and classification.

Fig. 3.7. From: “DBSCAN” www.wikipedia.org. The diagram shows how the

density-based clustering algorithms classify the points according to a distance

function.

Fig. 3.4. Step iii. Model Development of the simulation method.
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Fig. 3.9. Geometrical shape representing the artificial intelligence Agent.

Fig 3.70. Step iv. Model Training diagram.

Fig 4.1. Entire Citadel of Machu Picchu photogrammetry model.

Fig. 4.2. Machu Picchu Map, developed by the Cusco Cultural Directorate
in 2018.

Fig. 4.3. The Simulation Method.

Fig. 4.4. Data Collection Diagram.

Fig. 4.5. Plan view of the "Two Mirrors Temple."

Fig. 4.6. From: Google Street View, https://www.google.com/streetview/,
(06/28/2021). Corridor of the Two Mirrors Temple. The lower image shows a

visitor kneeling in front of the “Two Mirrors.”

Fig. 4.7. Data Processing diagram.

Fig 4.8. Six visitors are tracked with computer vision algorithms, collecting

the data in comma-separated values text files.

Fig. 4.9. Reconstruction of two human trajectories from the data files.

Fig. 4.10. Filtered trajectory data.

Fig. 4.71. From: Appendix A (Fig. A.5 and Fig. A.6.). On the left, the image
shows the clustering DBSCAN algorithm tested with Kinect Data. The algorithm
finds the two main groups of vectors. On the right, the DBSCAN algorithm was
tested with the full dataset from WiTrack, generating 34 clusters.

Fig. 4.12. From: Appendix A (Fig. A.8.). The images show T-DBSCAN tests
with WiTrack Data set loaded sequentially. The clustering algorithm finds the

different trajectories and groups them into separate batches.

Fig. 4.13. From: Trajectory clustering: a partition-and-group framework
[Graph] by J.G. Lee et al. (2007), (https://dl.acm.org/doi/10.1145/1247480.1247546)
Deer data clustered with T-DBSCAN.

174

68

69

74

76

7

78

79

80

81

82

82

83

84

85

86


https://dl.acm.org/doi/10.1145/1247480.1247546

Fig. 4.14. From: Trajectory clustering: a partition-and-group framework
[Graph] by J.G. Lee et al. (2007), (https://dl.acm.org/doi/10.1145/1247480.1247546)
Hurricane data clustered with T-DBSCAN.

Fig. 4.15. The most frequent trajectory of the Two Mirrors Temple site,

defined by the authorities of Machu Picchu.

Fig. 4.16. From: Appenidx B (Fig. B.3). Analysis of human trajectory data
using Bishop Python package. The image shows the analysis done by the author
for the course MIT Cognitive Computation, 2018. The Red Person was classified as
an Exploiter trajectory, taking the shortest path between two points. The Green

Person was classified as an Explorer trajectory, wandering and exploring space.

Fig 4.17. From: Appendix B (Fig. B.4 and Fig. B.5). Analysis of human
trajectory data using Bishop Python package. The image shows the analysis done
by the author for the course MIT Cognitive Computation, 2018. The charts show
the Red Person scores for their trajectory; the left chart shows a sequence of high
scores that fits the classification of Exploiter trajectory. The chart on the right
corresponds to the Green Person scores, showing various gradings that fit the

Explorer trajectory type.

Fig. 4.18. Trajectory data: (1) Explorer trajectory, and (2) Exploiter
trajectory. (2021).

Fig. 4.19.A. Photogrammetric models of the Two Mirrors Temple (Nagakura,
2018).

Fig. 4.19.B. The image shows the "Two Mirrors Temple" photogrammetric
model (Nagakura, 2018).

Fig. 4.20. Heatmaps developed with the cumulative time intervals spent in
each of these locations by the visitors of Machu Picchu, calculated using the
human trajectory dataset: (1) Explorer trajectory data heatmap, (2) Exploiter

trajectory data heatmap, fitting almost wholly the path of the most representative
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trajectory of the site and (3) cumulative heatmap combining Explorer and

Exploiter data.

Fig. 4.21. Diagram showing the seven Architectural Features of the Two

Mirrors Temple.

Fig. 4.22. Two Mirrors Temple heatmap analysis. The red circles represent
the locations where the visitors spent more than 1.0 second, the orange circles
representing more than 0.5 seconds and less than 1.0 seconds, and the yellow
circles representing less than 0.5 seconds. The steps are defined every 100 cm

distance, approximately 1.0 second intervals.

Fig. 4.23. Architectural Feature number 1, a terrace where the perimetral

wall of the temple complex is lower than the rest of the perimetral wall, and a

fantastic panoramic view includes the distant mountains. The data analysis of this

research showed that visitors frequented this location even though it is not

included on the official route.

Fig. 4.24. Two Mirrors Temple aerial views. Photo courtesy of Eytan Mann.

Fig. 4.25. Aerial view of the taller building of the Two Mirrors complex.

Photo courtesy of Eytan Mann.

Fig. 4.26. Diagram of Model Development.

Fig. 4.27. Agent Task objectives.

Fig. 4.28. Agent object: raycast (left), and camera view (right).

Fig. 4.29. Two Mirrors Temple 3D model used as the simulated
environment for site-specific training. The model included brick textures and

windows that were simplified in later versions.
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Fig. 4.30. A 3D object representing the rewards. The chart shows the
calculations for assigning the score to the rewards. Seven locations were analyzed

and the amounts of time that visitors spent there were calculated.

Fig. 4.31. Three-dimensional view of the site-agnostic and site-specific
environments. The rewards are blue in the first image because they are not
activated; in the second image, they are activated and red. In addition, the Agent

collected one reward, which turned blue.

Fig. 4.32. Diagram of Model Training.

Fig. 4.33. Training 1. Maze-like environment showed visited reward objects
in green, which became blue in later versions of the environment. The image
includes two graphs; the first is the cumulative reward, and the second is the

episode length.

Fig. 4.34. The site-agnostic environment that was used for Reinforcement
Learning training. The environment consisted of a maze-like setting with physical

characteristics.

Fig. 4.35. The first training for Imitation Learning. The environment was
empty and only included the rewards representing the AFs, placed in the position

of the architectural elements in the Two Mirrors Temple site aerial view.

Fig. 4.36. An example of a Human trajectory data demonstration, recorded

with the Agent following the blue line that corresponded to a visitor path.

Fig. 4.37. Diagram of Model Training.

Fig. 4.38. The site-specific environment used for the RL training.

Fig. 4.39. SA-SS Training results with RL. (1) shows the SA environment, (2)
shows the SS environment, Chart (3) Cumulative Reward and (4) Episode Length.
The magenta curve represents the SA training in the graphs, and the green line

represents the SA + SS training.
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Fig. 4.40. Graph (1) Curiosity Forward Loss, (2) Curiosity Inverse Loss, (3)
Policy Loss, (4) Value Loss charts with the magenta line representing the training

with the SA environment and the green line representing the SA+SS environment.

Fig. 4.41. The image shows the site-specific environment used for the IL

training, which included the 3D model of the Two Mirrors Temple.

Fig. 4.42. Plan of the (1) site-agnostic and (2) site-specific environments
showing the Two Mirrors Temple, both in aerial view. The SA shows the
randomized box distribution for generating a maze-like environment for non-

stationary Reinforcement Learning training.

Fig. 4.43. Diagram showing the identification of the site-agnostic
environment as “Environment 0” and using the Two Mirrors Temple model as the

testing ground for the navigational skills of the Agent, becoming “Environment 1”.

Fig. 4.44. An Agent is navigating the Two Mirrors Temple photogrammetry
model, a completely different scenario than the site-agnostic environment where

it was trained originally.

Fig. 4.45. Graph showing the stops and moving times of Human Trajectory
Data. Human data with mean velocity 0.365 m/s and 16 rests taken for 13.6
seconds. The left axis of the graph is velocity m/s, and the horizontal axis is time

in seconds.

Fig. 4.46. Agent MP7 with mean velocity 0.264m/s and 18 rests taken for
15.2 seconds. The left axis of the graph is velocity m/s, and the horizontal axis is

time in seconds.

Fig. 4.47. Human trajectory dataset distribution was collected at the Two
Mirrors Temple in 2018. The interval evaluated started from the trajectory's origin
until the first stop in an Architectural Feature, breaking the trajectories from 102
into 224 paths. The distribution of the trajectories was plotted to compare these

data with the Agent's trajectory data distribution presented in the following
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diagrams, indicating the similarity. In addition, the human trajectory distribution
was skewed to the right, showing the tendency to maximize the length of the

trajectory, thus maximizing exploration.

Fig 4.48. Trajectory distribution graph with 1,000 episodes with trained 120
Agent MP14 version, using the Reinforcement Learning method, with a sequence of
site-agnostic environment, followed by a site-specific training performed with the
Two Mirrors Temple model. The data was collected in the interval from the
beginning until the Agent collected its first reward. The dataset distribution shows
a tendency towards the right side; it is skewed to the right, demonstrating the
model's optimization for trajectories that retrieve a high reward. Therefore, it is
possible to conclude that the Agent trajectories present a similar distribution with

the human trajectory data distribution.

Note: this List of Figures does not include the figures
presented in the Appendix. The materials presented in Appendix A
and Appendix B are two standalone papers that do NOT continue

the documentation of the dissertation but complement it.
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Appendix A

Trajectory Density-Based Clustering*

Trajectory Data Clustering with Modified DBSCAN / TRACLUS
6.884 Introduction to Machine Learning: Regina Barzilay, Tommi S Jaakkola,
Suvrit Sra

Massachusetts Institute of Technology

Student: Paloma Gonzalez Rojas

PhD Adviser: Takehiko Nagakura

MIT Architecture Department, April 2016
Abstract

This research project aims to understand and predict people’s motion in space
to practically implement these notions into a future tool to aid the Architecture
Design Process. In this project, WiTrack WiFi base tracking device was used to record
trajectory data inside the MIT Stata center building to cluster such a dataset and use
it, in the future, to predict probable people’s motion in new unbuilt designs. In this
case, the learning problem involves finding patterns in trajectory data, enabling the
program to extract signature trajectories of such space layout. The goal is to
evaluate the latent structure of the data and develop a generative model from it. For
this process, | use as input the trajectories instead of using feature vectors to
produce new sequences of points and map them to the new design.

The proposed approach is testing several clustering methods, supervised and

unsupervised, understanding the algorithm's behavior with the data, and selecting

4 Publisher's Disclaimer: This is a copy of an unedited manuscript that
has been accepted as appendix for this dissertation. As for completeness of
the presented research this early version of the manuscript was provided. The
manuscript will undergo copyediting, typesetting, and review of the resulting
proof before it is published in its final citable form. Please note that during
the production process errors may be discovered which could affect the

content, and all legal disclaimers that apply to the journal pertain.
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the one that is more efficient in finding trajectory patterns. Amongst many, | tested
the following algorithms: agglomerative clustering, K-Means, intended to test Bayes
Hierarchical Clustering without succeeding, and finally testing DBSCAN. DBSCAN
proved to be the most suitable algorithm because it finds clusters based on density
without a defined shape. An important parameter for this algorithm is how the
distance is measured. For simplicity, Euclidean distance was tested. The only

disadvantage of DBSCAN is that it works with points and not curves.

For this reason, | adapted the DBSCAN algorithm to receive trajectory data as
input. In addition, | developed a routine that processes the data to be read by the
algorithm. Using trajectory-adapted-DBSCAN is that the algorithm produces expected
successful results if the trajectories are spaced enough. Subsequently, | found the
TRACLUS algorithm with the same approach of adapting DBSCAN for trajectory data.
Acknowledging these contributions, in further steps, | will test several variations of

TRACLUS for clustering this scale of trajectory data.

Learning Problem and Available Data

The learning problem addressed in this paper is to produce an automated
method to find patterns in large trajectory datasets from people recorded in a
particular space. This method could be semi-supervised or unsupervised to extract
the structure from the data itself and not superimpose a pattern, producing a
program that learns from it. As Kevin P. Murphy mentions in “Machine Learning a
Probabilistic Approach,” evaluating the performance of a clustering method is a
difficult task because usually there is no cost function. However, in this case, the
patterns of the data are easily observed. Therefore, the most suitable algorithm
would be the one that would recognize the groups of trajectories that are evident to
visual examination (Murphy, 2012). Nevertheless, discovering such patterns without
studying the data by hand and grouping similar trajectories is not an easy task, so a
learning method is needed. The problem escalates when seeking to analyze public

space, for example.
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The architecture design process is highly speculative in terms of inhabitation;
architects need to imagine how people will use a space, and this speculation is not
tested until the design is built. My idea is to study data from people’s motion in
several spaces to find patterns that would later be used to predict the probable
motion of people inside a new unbuilt design. Grouping the trajectories in clusters
will allow us to find the “signature paths.” “Signature paths” are defined as the most
representative space trajectories because they characterize a specific layout. The
characterization of space layout also enables the definition of the unoccupied areas
and the temporality of space. The problem variables are the number of people,
trajectory points, point distance, trajectory length, and finally, the scale and shape of

the space.

Fig. A.1. Data Visualization: WiTrack Data from Stata Center in 2d, from a birds-eye view.

The project aims to cluster the most similar paths, yet dissimilarity clustering
algorithms compare the points. In general, this type of clustering algorithms checks
for the position of all points, N groups, and checks for close points considered as
neighbors to the points that have a close position to a specific ratio in a recursive

process. There are many formulas for measuring distance or dissimilarity, and
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consequently, this parameter modifies the result, defining the maximum distance to

neighbors.

Available Data: The data was collected in public areas where many activities
besides walking occur. The idea is to record different paths and clusters where
people stay for more extended periods. The setting was selected, considering the
amount of crossroads paths and the architectural elements of the space, such as
columns and corners. | worked with two datasets, the primary dataset recorded with
WiTrack at the MIT Campus at the Stata Center Building, in a public area for eight
continuous hours on April 10th of 2016. This device is in the testing period, and it is
developed by professor Dina Katabi et al. from CSAIL Department. A second dataset
was recorded with Microsoft Kinect Sensor at MIT Campus, at MIT Media Lab Building
Lobby on May 31st of 2015 for approximately 8 hours. The WiTrack data set ranges

about 15 by 15 meters, and the Kinect data ranges about four by 4 meters.

Fig. A.2. Photos from the selected area at MIT Stata Center Building. Credits from the author.
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Approach and alternatives

A bottom-up approach is selected, by using clustering methods that “..do not
optimize an objective function...”, such as cost function and others. These methods
seem very relevant since there is no “wrong” trajectory. In addition, the aim is to
develop an automatic semi-supervised or unsupervised method that finds patterns in
large trajectory datasets. Clustering helps to assess and read the structure of the
data without requiring the previous examination. In addition, hierarchical algorithms
are most efficient approach to this problem “because they are deterministic” and do

not need the setting of a K number of clusters (Murphy, 2012).

For this research project the trajectory data was as-is. To the extent of my
knowledge, most Machine Learning algorithms use feature vectors as input.
Therefore, the trajectories could have been processed into feature vectors by
identifying fundamental characteristics on the data and processing them into such a
system of values. Following this, feature vectors would be used for finding the
patterns in this representation of the data. However, this approach was not suitable
for this research. After finding the patterns in the trajectory data and then finding
the most representative trajectories from the data, this model is intended to predict
new trajectories based on architecture layout. Nevertheless, the trajectory data was
first tested as an accumulation data set of all the points to realize that using the

individual trajectories was necessary to cluster the data successfully.

An alternative approach would be to treat the trajectories as “digits” and
implement a digit recognition routine such as the one presented in Scikit-Learn
(“Various Agglomerative Clustering on a 2D embedding of digits — Scikit-learn 0.17.1
documentation,” n.d.). The trajectories would have to be inserted in a matrix for such
a procedure, as digits are recognized using images. Nevertheless, it would be
necessary for this approach to have a “target image” defined previously. As a result,
it would be necessary first to find the signature paths from data. At this research
stage, the aim is grouping the trajectories by similarity, yet, in further steps the
signature paths will be searched for. Once the most representative trajectories are

found, the “digit” recognition analysis seems a promising approach to explore.
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Another alternative is presented. In the case of the project “Random field topic
model for semantic region analysis in crowded scenes from tracklets,” the
researchers developed the concept of “finding semantic areas” in a similar way if
they would be using text as data (Bolei Zhou, Xiaogang Wang, & Xiaoou Tang, 2011).
The semantic areas subdivide the studied space and define if a trajectory belongs to

the cluster or not. This model uses semantic areas as a target.

To select the most suitable algorithm for clustering the trajectory data set, several
methods were tested:

- From Scikit learn open Python library, | tested Agglomerative Clustering,
DBSCAN, PCA, and Spectral Clustering. (“2.3. Clustering — Scikit-learn 0.17.1
documentation,” n.d.)

- Lib Clust Bayes, Agglomerative Clustering Library for Python, based on Bayes.
(“dsteinberg/libcluster,” n.d.)

The following were tested methods that work directly with trajectory data:

- From “Random field topic model for semantic region analysis in crowded
scenes from tracklets,” the researchers developed the concept of “finding
semantic areas” | tested a tracklets model without success. (Bolei Zhou,
Xiaogang Wang, & Xiaoou Tang, 2011).

- “Motion ML” (“motionml/motion_rec_demo.py at master - level/motionml,”
n.d.), yet this method produces graphs of the data instead of the cluster
assignment.

-  “TRACLUS” algorithm from (“apolcyn/traclus_impl,” n.d.) | tested the included

data set, yet | did not test the WiTrack data because of time constraints.

After testing all these methods, the most efficient strategy was to adapt the
DBSCAN algorithm to receive trajectory data as input. As a result, DBSCAN retrieved
the most significant results in clustering the trajectory data as individual points. In

addition, the density approach proved to be very effective.

After determining this approach, | found several other researchers that

successfully tried this approach, for example, in the paper “Trajectory Clustering: A
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Partition-and-Group Framework” (Chen Jiashun, 2012) and “Trajectory clustering for
motion prediction” (Sung, Feldman, & Rus, 2012). The TRACLUS algorithm seems to
be widely used to cluster trajectories. This algorithm is based on DBSCAN as well. An
alternative approach is presented by the authors of A new tragjectory clustering
algorithm based on TRACLUS, they propose to use “Shielding Parameter Sensitive
Trajectory Cluster “because of the sensitiveness of trajectory adapted DBSCAN

towards the parameter setting” (Chen Jiashun, 2012).

Preprocessing the Data

To understand the data, a 3d platform was used to visually examine the
possible patterns. In the case of the MIT Stata Center data, the patterns are easily
recognizable. The data forms clusters in the zones that more people walked through
and stayed for extended periods, such as tables and the cafeteria workstation. After
this process, the data is filtered to discard noise and repeated points and perform
the “person point assignment” process. This process consists of finding parameters
that determine that a portion of a set of points from one person’s trajectory belongs
to a different person’s trajectory. This mis assignment is a prevalent issue since
tracking sensors assign a temporary tag while tracking a person, yet when the person
leaves the sensing range, that tag is released to be used later for another person. In
WiTrack, the sensor produces 10-point datasets to be subdivided into groups of
people. The maximum distance between points variable and the maximum period is
used to determine that the points belong to a new person. This process enables us
to discard the trajectories that have less than a minimum of points. To perform the
discard operations and “person point assignment,” two helper functions were
developed, the first one assists the determination of the max distance between
points that will define a new person and another to determine the distance between
points for the trajectory of a person. In addition, after concluding that using
trajectory adapted DBSCAN was the most efficient option for clustering the
trajectory data, a routine was developed to pack the data into objects that T-
DBSCAN can read. This routine had to be very efficient to be able to process big data

sets very fast.
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Results

The first testing was developed using the trajectory data as a cumulative of all
the points in the data set. First, | tested the algorithm called “Agglomerative
Clustering,” looking for a bottom-up approach to find the different clusters in the

data. For testing the agglomerative clustering algorithm, | used the Kinect dataset:

average average

Fig. A.3. Agglomerative Clustering testing with Kinect data set.

As it is possible to observe, this algorithm works when using few trajectories
that are very far apart. After this result, it seemed that one issue was the
dimensionality of the trajectory data. Following this Idea, | tested the Principal

components Algorithm and Spectral Clustering to reduce the dimensionality.

average ward

average ward

Fig. A.4. Dimensionality Reduction Testing with PCA algorithm and Spectral
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On the left, | present the original data and the reduced dimensionality data on
the right. As it is possible to observe, this operation produced a high distortion in the
geometry of the data. Since in this project, the trajectories must match the

architectural layout, this implementation was discarded.

Estimated number of clusters: 2
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Fig. A.5. DBSCAN Algorithm Testing with Kinect Data.

Finally, the testing with the DBSCAN Density-based spatial clustering of
applications with noise algorithm was the most successful in finding the clusters
pattern from the Kinect data. However, another critical issue is that the algorithm
determines the number of clusters according to the inner structure of the data,

which is not the case for the Agglomerative clustering method.
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Fig. A.6. DBSCAN Testing with the full dataset from WiTrack. Estimated number of Clusters: 34

Fig. A.6. of this appendix section shows how the DBSCAN algorithm groups the
WiTrack data into clusters. However, this also shows that the trajectories should be
analyzed as wholes and not by independent points.

To address this problem, | developed my implementation of trajectory adapted
DBSCAN, based on the work of Corey M. Hoffstein (“choffstein/dbscan: Python
implementation of ‘Density-Based Spatial Clustering of Applications with Noise,””
n.d.).

Estimated number of clusters: 3
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Fig.A7. The first test of T-DBSCAN

T-DBSCAN successfully clusters trajectories if these are sufficiently spaced.

Unfortunately, due to this project's scope, its development was possible only to a
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certain extent. Nevertheless, if trajectories are sequentially loaded, the algorithm

correctly groups them into clusters.
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Fig. A.8. T-DBSCAN tests with WiTrack Data set loaded sequentially.
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Fig.A9. DBSCAN Testing with the full dataset from WiTrack.

However, T-DBSCAN still requires development to cluster a huge dataset at

once, as it is possible to observe. Testing this extensive data set is still very slow, not
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allowing to set the parameters such as the maximum distance between points and
the minimum number of points in a cluster very quickly and therefore this testing
does not prove that this implementation does not work because the necessary
adjusting of the values was not performed. Nevertheless, having the algorithm
implemented allows for custom modifications, which are exciting outcomes of this

project to develop my research further.

Further Steps

For architecture discipline, understanding how people move in space is a
fundamental issue that was impossible to address until recently. Using Machine
Learning techniques fills a gap in terms of being able to handle trajectory data and
learning meaningful insight from it. In terms of my research, applying Machine
Learning Techniques analyzes the data and predicts new probable uses of space for
assisting and enhancing the architectural design. The ideal scheme is to collect large
trajectory datasets from different spaces and obtain the distribution of the
trajectories and the signature paths from them by using clustering methods. The
signature paths will have two uses: to classify new data from the same space and to
be classified in terms of the spatial layout. With this process, a new design is
evaluated by determining the similarities towards already analyzed spaces and the
most likely trajectories it will produce. As a result, the architect will be able to
observe and evaluate the performance of the work in progress project, finally
producing a better outcome in terms of inhabitation because it was possible for her

to at least have an idea of how people would move in such space.

To realize such a vision in this research, | evaluated Machine Learning semi-
supervised and unsupervised clustering methods to test the most suitable approach
for the proposed learning problem and concluded that adapting DBSCAN to input

trajectories instead of feature vectors is the most suitable approach.
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One of the biggest problems when using clustering techniques for trajectories
is that they overlap because they are sequenced in time; the clustering process
needs to account. However, when the data is collected and presented as an
accumulation of points, it does not expose this characteristic. One possible solution
is to load the trajectories sequentially, compare the labels by cluster id, and plan to
unify the closer ones. Another possibility is to implement a Dynamic Time Warp
algorithm. General improvement for future steps: to implement “Curve Interpolation”
with SciPy to smooth the trajectories and retrieve only the most critical points from
them. | will mainly test several TRACLUS variants and Kernel Clustering methods to
evaluate their behavior in future steps. In addition, | intend to implement the model
capacities to generate new trajectories to project people’s motion in time and a new

setting, allowing to test new architecture design in a virtual environment.

Architects have approached the problem of motion with several points of
view. In the text "Figures, Doors and Passages," Robin Evans (1997) recounts the
recent inclusion of the corridor in the housing program, highlighting this process as
one of the most significant typological changes to domestic architecture. The
significance of this change severely modifies human relations, going from the Italian
Villa of interconnected enclosures and interconnected to move inadvertently by
endless corridors lives. Evans analyzes the effect that the housing layout could have
on the interaction among the inhabitants of a house. The study is developed by
comparing paintings from the XV century to analyze the presence of the human body
concerning space and others. Evans also explains how the creation of the corridor
could be intended to regulate such interactions. The importance of this study is that
it could be argued that an architectural element was used to regulate people’s
motion and regulate interpersonal relations in space as a consequence. In that sense,
the architects were, perhaps, observing people’s motion and designing to generate an

impact over it.
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Fig. A.170. MIT Stata Center area where the WiTrack data was recorded.
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Appendix B

Bayesian Probabilistic Programming®

Project: Probabilistic Policy from Human Trajectory Data
MIT Cognitive Computation Science

Professor Josh Tenenbaum

Paloma Gonzalez Rojas

In collaboration with Julian Jara-Ettinger
Abstract

This project explores the application of probabilistic Bayesian reasoning to real
humans’ trajectory data. This trajectory data was collected from humans walking in a
semi-public space. Using Bishop, the policy of each section of two prototypical
trajectories selected from the data was obtained. The state sections get assigned a
probability conditional to the optimal following action taken in such a state. One of
the goals of this project was to test if these methods can be used to classify the
trajectory data between explorers and exploiters. Explorers would deploy trajectories
that search space. Exploiters use space in a deterministic way. In further research,
this project can show about how architecture features or other environmental

elements attract people.

5 Publisher's Disclaimer: This is a copy of an unedited manuscript that
has been accepted as appendix for this dissertation. As for completeness of
the presented research this early version of the manuscript was provided. The
manuscript will undergo copyediting, typesetting, and review of the resulting
proof before it is published in its final citable form. Please note that during
the production process errors may be discovered which could affect the

content, and all legal disclaimers that apply to the journal pertain.
197




1. Description of the problem

A significant quantity of research has been focused on understanding how
people infer goal-directed actions and how to use this knowledge to build better Al
systems. However, these computational models are usually tested in simple
imaginary domains that researchers design. My general goal is to test if these models
can capture meaningful information about actual human behavior by combining

simulated results with human data.

The project's methodology uses a POMDP model developed with Bishop
Software to obtain human trajectory data’s policy. The policy classifies trajectories
into the categories of exploiter or explorer. The exploiters would go from one
position to another in the most efficient way. Explorers would go wandering around

the space. In this way, the model can classify future trajectories.

This course of action presents many possibilities of analysis, such as inferring
an agent's goal, inferring if someone is exploring the building or navigating through it
(explore vs. exploit), infer regions of interest in a building, or infer the kinds of goals
that people tend to have in these buildings. In this final project, | start the study with
the following question: whether the cognitive models can infer whether someone is

exploring or exploiting human data.

In the web book “Modeling agents with probabilistic programs,” written by
Evans et al., the authors write about the uses of inference about agents: “Use (1):
Solve practical decision problems (preferably with a fast algorithm that performs
optimally). Use (2): Learn the preferences and beliefs of humans (e.g., to predict

future behavior or to provide recommendations/advice” (2016).

Jara-Ettinger et al. propose BToM to reason from people’s actions and follows
the second use presented by Evans et al.: “The model is an extension of the Bayesian
Theory of Mind (BToM) model of Baker et al. (2011), which treats observed intentional

actions as the output of an approximately rational planning process and then reasons
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backward to infer the most likely inputs to the agent’s planner — in this case, the

locations and states of utility sources (potential goal objects) in the environment.”
(Jara-Ettinger et al., 2012. page 1) In this project, a similar analysis was performed;
collected data from people, used the probabilistic model to obtain the policy, and

reasoned backward about how people planned their trajectories.

Furthermore, in general terms, the goal of this project was to study MDP and
POMDP agents modeled with probabilistic programming methods. Translate
trajectory data from humans into an MDP similar format. Reason about people’s
behavior using the data and analyze it with a probabilistic model. When combined
with data from humans, MDP and POMDP can be used to generate trajectories. In this
project, an MDP model with Webppl probabilistic programming language was also
included. This project contributes to find whether architectural features influenced
the exploratory routes captured in a specific space. It is interesting to unveil human-
space interaction with the combined approach of cognitive science and architecture

design.

2. Methodology

The methodology consisted of first selecting the most complete dataset
containing trajectories that were exploiters and explorers of space. The next step
was to subdivide these trajectories into smaller sections and find the direction of
each subdivided section. The direction is understood as an action. The position is
understood as a state. Afterward, the probability of taking that action in that state
was calculated using Bishop. The sequence of probabilities per trajectory can be

considered the policy of such trajectory.

2.1. Processing the data
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Fig. B.1. Ten different data sets are available for the project. | selected dataset number 10 on the

right corner.

The data set selected for this project was chosen from a group of 10 datasets
captured inside semipublic spaces in university campuses. The criteria to select the
data set were to find a group of trajectories that contained an excellent example of
an exploratory trajectory. | selected the data set recorded at the Catholic University
of Chile, at the entrance of its main building. The UC data set was collected during
January of 2015 at the vestibule of the main building in Santiago, Chile. This space is
an anteroom between the street and the offices and classrooms. It has high transit.
The day the data was collected, the students registered, so they had to go through
the door and take the first exit (exit 1). A security guard patrols the flow of people
and walks periodic rounds in this space. The trajectories of the guards are good

examples of an explorer trajectory.
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Fig. B.2. Context of UC vestibule, showing the entrances as circles and the main path in blue
lines.

The translation of the data to a probabilistic model format involved obtaining
the direction of the sequence sections. For this purpose, a python application was
developed, which processes each trajectory. First, it divides the trajectory into a
sequence of states. Each state is defined as a square of 0.5 m. Considering that the
baseline for measuring people’s walking speed is 1.4 m/s, an area of 0.5 by 0.5
meters was deemed a significant surface to analyze the direction of an individual.
Afterward, the application obtains the direction of each of the states.

0.0 Kinect

i Red person

Time: 3.6 seconds
Distance: 3.353 m
Green person
Time: 111.16 seconds
Distance: 27.79 m
Grid
0.5 x0.5 m cell

|EENNEC 6 m wide

7 m high

- 6m

Fig. B.3. Diagram showing the numbered cells and the two selected paths for the analysis.
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In the Figure 3 diagram, each cell that was analyzed is defined and numbered.
From the data, two representative trajectories were selceted. The red path is a
deterministic trajectory of an exploiter, motivated by efficiency. The green path
shows the trajectory of an explorer. Both trajectories had the same goal, Exit 3 in the

lower-left corner and started in the right entrance, marked with a black square.

3. Results: Action Probability

For obtaining the probability of the two paths actions, the application used
was Bishop software developed by Jara-Ettinger that finds” the cost and reward
functions that explain the agent's choices and actions.” By processing the user states
with Bishop software, the probability of each path was calculated. Julian Jara-
Ettinger developed the setting of the Bishop model. The “actions space” has eight
possible actions: LEFT, RIGHT, UP, DOWN, UP-LEFT, DOWN-LEFT, UP-RIGHT, and
DOWN-RIGHT. In each state of the paths, the probability of eight possible actions
was calculated. Afterward, the probability of the action that the person took was

selected.

The complete computation is presented in the appendix. Figure 4 corresponds
to the probability of actions of the red person, the deterministic user. Figure 5
corresponds to the probability of actions of the explorer path from Figure 3 above.

The probability of the actions shows a clear difference between these two paths.

BN W R oo

Fig. B.4. Deterministic trajectory probabilities, the “exploiter,” red path.
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Fig. B.5. Non-deterministic trajectory probabilities, the “explorer,” green path.

4. Discussion

Can cognitive models infer whether someone is exploring or exploiting a space
when using human data? From my first test, probabilistic models can, in principle,
retrieve spatial insights from human trajectory data. Moreover, it is possible to state
that these models bring new insight into how humans’ reason and behave in real
space. The model results showed significant differences between the two types of
trajectories, and therefore, it can be considered a first step in developing an Al
classifier.

Exploiting and exploring are different approaches towards space. In the first
case, the time cost is an important parameter. Thus, we can infer that the stimulus
from the environment would have a lower effect on the person that walks faster. On
the other hand, in the explorer case, we can infer a richer interaction with the
environment with a lower time cost. Thus, the environment can have hidden

elements and can modify the person’s trajectory in time.

Future research questions: can we infer the areas of interest or interpret
better exploratory strategies of people and animals from data from their trajectories
through probabilistic models? Can we understand how people are reasoning through
their actions in public spaces and the city? Would those strategies improve space

exploring Al systems?

5. Webppl model

Following the line of thought of the project, the subsequent inquiry was taken:
can we estimate the softmax-noise and the time cost of the red and green person

paths from a Webppl MDP model? A model with Webppl was built according to the
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web book Modeling agents with probabilistic programs to test such a hypothesis. For
that purpose, the red and green trajectories were described for a grid world and
simulated the routes with an MDP model. Afterward, several values for softmax noise
parameter were tested and the time cost in a reciprocal analysis of finding the
values of those parameters and evaluating if it was possible to simulate trajectories

similar to those performed.

_’ :
5
! L DD
Red
person
Time: 3.6
Green
person
Time:
Grid
1x1 m cell
6 m wide
7 m high

Fig. B.5. Simplified grid to model the setting with Webppl.

It is vital to notice that the space selected is an open lobby. Hence, the
trajectories produced by the agents are not affected by the geometry of space. Their
paths are only affected by the trajectory’s goal and the agent's approach towards

space.
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Fig. B.6. UC vestibule, 2015.
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Fig. B.7. Evaluation of the deterministic trajectory. For these tests, the following values for
softmax were used 0.05, 0.05, and 0.9. The time cost was -0.4, -0.9, and -0.9. The application also
calculated the trajectory length distribution of the trajectories to achieve the goal with all the
parameter combinations. It is relevant to note that with the highest time cost yet the highest softmax

noise, the agent takes 15 steps to reach Exit3 since the optimum is nine steps.
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Fig. B.8. Evaluation of the non-deterministic trajectory. For these tests, the following values

were used for softmax 0.05, 0.05, and 0.9. The time cost was -0.4, -0.9, and -0.9. In this case, the

distribution of the trajectory length is very similar to the results shown with the deterministic path

case.
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Fig. B.9. Deterministic trajectory simulated with MDP. In the first trajectory, softmax noise of

0.05 was used and time cost -0.4 was used. With these parameters set, the produced trajectory is very

similar to the trajectory made by the human (red trajectory). The second trajectory was made with

softmax noise 0.9 and time cost -0.9. The expected utility is each of the steps is very low. In both

examples, Exit3 was set with a utility of 5, and Exit 1 and Exit 2, with a utility of 2.
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Fig. B.10. Exploratory trajectory simulated with MDP. In both trajectories, the time cost was set

to 0.0. Without time cost, the agent can obtain a similar reward in every direction, and therefore the

agent has an equal probability of going in any of the four directions. These trajectories are similar to the

one that the human explored did. The main difference is that humans had reasons to go in every

direction; the agent explores without any aim. In the first example, | set the highest utility for Exit 3, and

in the second example, the same prior for each of the exits was set.
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Fig. B.71. These diagrams present the testing performed to infer softmax noise and time cost
from the Webppl model. The code can be found in the appendix. The graphs do not show significant
differences between the red trajectory analysis, presented in the upper zone of the image, and the
green analysis presented below. Since this analysis infers the parameters from the first state position,
the results are the same. However, the code could be significantly improved by inferring which states to

analyze more exemplary than the first state.

6. Webppl model discussion.

In the context of the studied space, the UC vestibule, the red path is highly
deterministic, and the input for her decisions is known to walk from the entrance to
Exit 3 in the most optimum way. Therefore, the MDP model fits better with her
behavior. On the other hand, in the green path, a security guard, the environment
presents hidden elements; the guard does not know whether a security issue will
happen and where it would happen. Therefore, the model that better fits the green

person's behavior is POMDP, which can be developed in further steps.
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The model enabled inference about the subjects' reasoning and inference
about the softmax noise and the time cost that people had as an input for the paths
selected from the data. The model presented insightful results about how these two
parameters work with MDPs. In addition, it gives a general idea of how to model the
explorer and exploiter type of behavior.

For further steps, an interesting question is how to obtain the model's

distribution of softmax noise and time cost.
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Appendix 1: Reliability of the data collected with Kinect sensor. From the 12
visualizations of data collected on different days of the months at the exact location,
we can conclude that people walk in steady patterns. Data was collected in2013 at

the MIT Media Lab Building.
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Appendix B.B.2: Bishop Probability of the actions per path process. The setup has eight actions:
West, East, North, South, Northwest, Northeast, Southwest, and Southeast. These actions are called (L,

R, U, D, UL, UR, DL, and DR).
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Red path:

(10, ' test length')

{'grid cell num": 79, 'dir': 'DL'} 79 to 90 (0.47058187839961924, 7)
{'grid cell num': 90, 'dir': 'DL'} 90 to 91 (0.47058187839961924, 7)
{'grid cell num': 91, 'dir': 'DL'} 91 to 100 (0.47058187839961924, 7)
{'grid cell num': 100, 'dir": 'L'} 100 to 101 (5.5646799015394476e-07, 0)
{'grid cell num': 101, 'dir': 'DL'} 101 to 102 (0.47058187839961924, 7)
{'grid cell num': 102, 'dir": 'DL'} 102 to 111 (0.47058187839961924, 7)
{'grid cell num': 111, 'dir': 'DL'} 111 to 112 (0.47058187839961924, 7)
{'grid cell num': 112, 'dir": 'DL'} 112 to 122 (0.47058187839961924, 7)
{'grid cell num'": 122, 'dir': 'DL'} 122 to 123 (0.47058187839961924, 7)
{'grid cell num': 123, 'dir': 'DL'} 123 to 144 (0.47058187839961924, 7)

Green path:

(21, ' test length')

{'grid cell num": 77, 'dir': 'L'} 77 to 87 (5.5646799015394476e-07, 0)
{'grid cell num": 87, 'dir': 'L'} 87 to 88 (5.5646799015394476e-07, 0)
{'grid cell num': 88, 'dir': 'DL'} 88 to 89 (0.47058187839961924, 7)
{'grid cell num': 89, 'dir': 'DL'} 89 to 90 (0.47058187839961924, 7)
{'grid cell num': 90, 'dir': 'UL'} 90 to 99 (5.5646799015394476e-07, 4)
{'grid cell num': 99, 'dir': 'UR'} 99 to 100 (5.5646799015394476e-07, 5)
{'grid cell num': 100, 'dir': 'UR'} 100 to 101 (5.5646799015394476e-07, 5)
{'grid cell num': 101, 'dir": 'DR'} 101 to 102 (5.5646799015394476e-07, 6)
{'grid cell num': 102, 'dir': 'R'} 102 to 111 (4.975506749885404e-07, 1)
{'grid cell num": 111, 'dir": 'L'} 111 to 112 (5.5646799015394476e-07, 0)
{'grid cell num': 112, 'dir': 'DR'} 112 to 113 (5.5646799015394476e-07, 6)
{'grid cell num': 113, 'dir": 'DL'} 113 to 114 (0.47058187839961924, 7)
{'grid cell num': 114, 'dir': 'D'} 114 to 122 (0.52941484170975495, 3)
{'grid cell num': 122, 'dir': 'DL'} 122 to 123 (0.47058187839961924, 7)
{'grid cell num": 123, 'dir': 'DL'} 123 to 124 (0.47058187839961924, 7)
{'grid cell num': 124, 'dir": 'DL'} 124 to 133 (0.47058187839961924, 7)
{'grid cell num': 133, 'dir': 'DL'} 133 to 134 (0.47058187839961924, 7)
{'grid cell num': 134, 'dir": 'DL'} 134 to 144 (0.47058187839961924, 7)
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{'grid cell num': 144, 'dir': 'DL'} 144 to 145 (0.47058187839961924, 7)
{'grid cell num": 145, 'dir": 'DL'} 145 to 156 (0.47058187839961924, 7)
{'grid cell num": 156, 'dir": 'DL'} 156 to 156 (0.47058187839961924, 7)
Appendix 3: Webppl model:
///fold: makeBigHikeMDP, getExpectedUtilitiesMDP
var makeBigHikeMDP = function(options) {

var E1 = { name: 'Exit1' };

var E2 = { name: 'Exit2' };

var E3 = { name: 'Exit3' };

5
return makeGridWorldMDP(_.assign({ grid }, options));
I8
var getExpectedUtilitiesMDP = function(stateTrajectory, world, agent) {
var eu = agent.expectedUtility;
var actions = world.actions;
var getAllExpectedUtilities = function(state) {
var actionUtilities = map(
function(action){ return eu(state, action); },
actions);
return [state, actionUtilities];
I8
return map(getAllExpectedUtilities, stateTrajectory);
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var mdp = makeBigHikeMDP({
start: [5,3],
totalTime: 15,
transitionNoiseProbability: 0.05
1;
var makeUtilityFunction = mdp.makeUtilityFunction;
var utility = makeUtilityFunction({
Exit1: 4,
Exit2: 2,
Exit3: 5,
timeCost: -0.9
1;

var world = mdp.world;
var startState = mdp.startState;

var agent = makeMDPAgent({ utility, alpha: 50 }, world);

var trajectory = [{"loc":[5,3],"terminateAfterAction":false,"timeLeft":15},
{"loc":[4,3],"terminateAfterAction":false,"timeLeft":14,"previousLoc":[5,3]},
{"loc":[3,3],"terminateAfterAction":false,"timeLeft":13,"previousLoc":[4,3]},
{"loc":[3,2],"terminateAfterAction":false,"timeLeft":12,"previousLoc":[3,3]},
{"loc":[2,2],"terminateAfterAction":false,"timeLeft":11,"previousLoc":[3,2]},
{"loc":[2,1],"terminateAfterAction":false,"timeLeft":10,"previousLoc":[3,2]},
{"loc":[1,1],"terminateAfterAction":false,"timeLeft":9,"previousLoc":[2,1]},
{"loc":[1,0],"terminateAfterAction":false,"timelLeft":8,"previousLoc":[1,1]},
{"loc":[0,0],"terminateAfterAction":false,"timeLeft":7,"previousLoc":[1,0],"timeAt

Restaurant":0}]

// var trajectory = [{"loc":[5,3],"terminateAfterAction":false,"timelLeft":15},

// {"loc":[4,3],"terminateAfterAction":false,"timeLeft":14,"previousLoc":[5,3]},
// {"loc":[3,3],"terminateAfterAction":false,"timeLeft":13,"previousLoc":[4,3]},
// {"loc":[3,2],"terminateAfterAction":false,"timeLeft":12,"previousLoc":[3,3]},
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// {"loc":[3,1],"terminateAfterAction":false,"timelLeft":11,"previousLoc":[3,2]},

// {"loc":[2,1],"terminateAfterAction":false,"timelLeft":10,"previousLoc":[3,1]},

// {"loc":[2,2],"terminateAfterAction":false,"timeLeft":9,"previousLoc":[2,1]},

// {"loc":[1,2],"terminateAfterAction":false,"timelLeft":8,"previousLoc":[2,2]},

// {"loc":[1,1],"terminateAfterAction":false,"timelLeft":7,"previousLoc":[1,2]},

// {"loc":[1,0],"terminateAfterAction":false,"timeLeft":6,"previousLoc":[1,1]},
//{"loc":[0,0],"terminateAfterAction":false,"timelLeft":5,"previousLoc":[1,0],"timeA

tRestaurant":0}]

//var trajectory = simulateMDP(startState, world, agent, 'states');
var actionExpectedUtilities = getExpectedUtilitiesMDP(trajectory, mdp.world,
agent);
viz.gridworld(mdp.world, { trajectory, actionExpectedUtilities });
var trajectoryDist = Infer({
model() {
var trajectory = simulateMDP(mdp.startState, mdp.world, agent);
return { trajectoryLength: trajectory.length }},
method: 'forward', samples: 100 });

viz(trajectoryDist);

var utilityTablePrior = function() {
var exitValues = [2, 4, 5];
var timeCostValues = [-0.1, -0.3, -0.6];
var E3 = uniformDraw(exitValues);
return {
'Exit 3" E3,
'Exit 2": uniformDraw(exitValues), 'Exit 1': uniformDraw(exitValues),

'timeCost'": uniformDraw(timeCostValues)};

|

var alphaPrior = function(){
return uniformDraw([.1, 1, 10, 100]); };
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var posterior = function(observedTrajectory){
return Infer({ model() {
var utilityTable = utilityTablePrior();
var alpha = alphaPrior();
var params = {utility: makeUtilityFunction(utilityTable),
alphal;
var agent = makeMDPAgent(params, world);

var act = agent.act;

// For each observed state-action pair, factor on likelihood of action
Map( function(stateAction){ var state = stateAction[0];
var action = stateAction[1]
observe(act(state), action);
}, observedTrajectory);
var E3 = utilityTable['Exit 3'];
var E2 = utilityTable['Exit 2']
var E1 = utilityTable['Exit 1']
var exitFavorite = (E3 > E2 && E3> E1);
return {
exitFavorite,
alpha: alpha.toString(),
timeCost: utilityTable.timeCost.toString()};1}1);}
print('Conditioning on one action:');
var posterior = posterior(trajectory.slice(0, 1));

viz.marginals(posterior);
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End of the dissertation.
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