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CHAPTER 1

Introduction

1.1 Motivation
In recent years, increasingly powerful and capable artificial intelligence (AI) sys-
tems have become available. These systems now permeate every aspect of our
lives and this trend is only expected to accelerate in the future.

A common trend observed in these new developments is an increasing level of
autonomy exhibited by such intelligent systems. In fact, an inherent sense of
agency is becoming more and more prevalent within them. These autonomous
intelligent agents can perform a variety of ever more complex tasks and activities
such as carrying out intelligent conversations, recommending courses of action or
assisting the human in the goals they are trying to achieve.

In order for an autonomous support system to be truly intelligent, these systems
must also be able to anticipate the activities that the human is about to perform.
In this thesis, these activities are defined to be the intent of the person. Intent
recognition, therefore, is the process of inferring the activities an autonomous
agent or a person is about to perform in the near future from observations of
their behaviour.

However, intent recognition can be a challenging task; one needs a clear definition
of what intent is and even then an agent’s intent is inherently latent, rarely known
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explicitly (unless the agent self reports intent).

1.2 Thesis statement
In this thesis, an activity is a collection of atomic actions observed.

Intent is defined as a future activity the agent will undertake within a limited
time window in order to achieve a goal it desires. Further discussion is provided
in section 3.2.

The statement this thesis defends is:

It is possible to infer the intent of an autonomous agent using a
hierarchical framework which combines machine learning models
(for example, Bayesian inference models or gradient-boosted

decision trees) with manifold learning techniques.

1.3 What was achieved?
This thesis contributes to the field of artificial intelligence/machine learning
(AI/ML) and intent recognition by introducing a novel framework that infers
the intent of an autonomous agent. The framework pushes the boundaries of
the current knowledge in this area by combining machine learning models with
manifold learning techniques in such a way that the framework is robust to the
curse of dimensionality as well as incorporating mechanisms to account for vary-
ing quality of data sets across multiple domains. The proposed framework also
narrows the design space for a practitioner who wishes to carry out intent recogni-
tion on a new data set by providing a structured approach to tackle the problem.
The implementation examples demonstrate the framework’s effectiveness across
multiple domains.

The importance of intent recognition in autonomous agents has been recognized
in previous research (e.g. [167, 112]). However, current methods have limitations
in terms of scalability, robustness, and interpretability.

The proposed hierarchical framework addresses these limitations by combining
machine learning models with manifold learning techniques, which enable the
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representation and analysis of complex, high-dimensional data.

A lot of work published in the literature focuses on activity recognition. Activities
correspond most closely to what are called actions in this thesis. In section 3.2
a clear distinction is proposed between actions, activities and intent. The latter
two represent a higher level of abstraction; multiple actions performed as a group
indicate an activity.

The focus of this thesis will be on intent prediction. As laid out in the thesis
statement (section 1.2), intent is defined as an activity the agent will undertake
within a limited time window in the immediate future.

This definition also differentiates intent recognition from plan recognition which
is taking as input a sequence of actions performed by an agent and then inferring
the intended sequence of actions which will be pursued by that agent to achieve
their goal. Furthermore, based on the definition of the terms action, activity and
intent specified in this thesis (section 3.2), intent recognition is also distinct from
next activity prediction which is predicting the next observed actions without
explicitly modelling the underlying activities or intents. More discussion of the
differences between these terms follow in section 2.1.

1.4 The Implementation Examples
This section introduces three implementation examples through which this frame-
work will be validated and made concrete. The three examples span different
domains and leverage different machine learning models to achieve their goal.

Common between them, however, are few key features, namely:

• A specific definition of the three fundamental terms action, activity and
intent within each context

• The use of clustering to establish an abstraction

• A hierarchical approach built on the clustering

• Two machine learning models operating on the two levels of the hierarchy
to yield the final output: a prediction for the agents’ intent

The machine learning models employed may be the same or different across the
levels in the hierarchy. Chapters 4, 5 and 6 dive into each example in detail.
However, a summary is offered here for the reader.
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Activities of Daily Living Intent prediction of residents in a smart home car-
rying out activities of daily living.

Access controlled buildings Intent prediction of employees moving around an
office building.

Moving vehicles Intent prediction of taxis driving around Porto, Portugal.

1.5 How is the claim validated?
To validate the proposed framework and prove the claim, this framework was
applied and evaluated on the three implementation examples described in section
1.4.

In the first implementation example (activities of daily living, chapter 4), a com-
mon baseline was established with a simpler approach. Consequent experiments
evaluating intent recognition are benchmarked against this common baseline.

For the second implementation example (access control, chapter 5), a proprietary
data set was used from one of our industry partners. As such, there is no publicly
available benchmark. Nevertheless, an ablation study was setup similar to the
approach in the first implementation example where results from the approach
proposed in the thesis was compared to a simpler approach as a baseline.

In the third implementation example (moving vehicles, chapter 6), the results
obtained are benchmarked against results achieved by other users on Kaggle
for the same data set (the data set used for this implementation example was
originally made available as part of a Kaggle contest).

1.6 Who is going to use this?
This thesis presents very practical research which is applicable across a wide va-
riety of domains. For example, the implementation example presented in chapter
4 (activities of daily living) has potential for great impact in the assisted living
space. The framework is used on sensor data from a smart home to infer what
the resident is doing at that moment and what the resident most likely intends
to do in a short time horizon. Imagine, for instance, a patient with early onset
Alzheimer’s. A system employing this framework could preserve their indepen-
dence for longer by learning their daily routines and giving them a prompt when
the system detects they are getting confused. Such a system would also provide
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peace of mind to their loved ones by quickly detecting and highlighting a change
in the residents’ behaviour.

Another practical example comes from the implementation example in chapter
6 where the framework is applied to predict the destination of moving vehicles.
In this case the practical application would be predicting where the driver is
going even if they do not explicitly set the GPS. This is particularly useful in
cases of routine trips such as going to work where the driver may not set the
navigation. However, if the intent recognition can still infer their destination,
relevant information may be provided such as an accident on their regular route
to work and proposal for a different route.

The activities of daily living and moving vehicles examples may also be combined
together with this framework. An example of this would be where the smart home
has detected the resident having breakfast and it is a weekday. The inference
would then be they are now going to leave for work soon which may then trigger
a message in their car for any incidents along their regular route to work.

The implementation example with access control has several applications in smart
buildings and energy efficiency. By learning the routines of the employees and also
their expected intent over the course of the day, heating for their personal offices
and meeting rooms could be intelligently controlled (personal offices warmed up
in advance and turned off when the employee leaves).

At a macro level, intent recognition across multiple employees could generate use-
ful insight for the company on how their employees are utilising the facilities. The
findings could then be used to inform more intelligent design of the workspaces
to maximise productivity and collaboration.

The implementation example also carries security applications. For instance, if
one considers a building with sensitive areas; anomalous behaviour by employees
(even those with pre-approved access) could be intelligently detected. For exam-
ple, a technician may have pre-approved access to the server room as part of their
job. However, even in this case, the intent recognition framework could detect an
anomalous pattern of access by the technician (at odd times etc.) which indicates
an intention beyond completing their work duties. The key benefit is moving be-
yond preset access rules and providing a more precise detection of anomalous
intent (should it exist) from those with access to such sensitive sections of the
building.
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1.7 Thesis contributions
This thesis makes the following contributions:

• Presents an intent recognition framework applicable to multiple domains.

• Formalizes the notion of intent, activity and action within the framework.

• Describes a method for applying manifold learning to reduce dimensionality
and discover hidden structure in the data for clustering and developing a
hierarchical abstraction.

• Describes how to build on the output embeddings calculated by manifold
learning to train machine learning models which take advantage of the ab-
stractions learnt from the data.

• Describes three distinct implementation examples which are candidates for
the application of the framework proposed in this thesis.

• Demonstrates the implementation of the described framework on the three
different examples from different domains.

• Evaluates the proposed framework on the different examples demonstrated.
The evaluation is carried out by experiment and benchmarking is carried
out where such benchmarks are available.

• Elements of this thesis were published in the following conference
proceedings [120]:

Ali Azzam Naeem and Kenneth N. Brown. Inferring Destination from
Mobility Data, Proceedings of the 25th AIAI Irish Conference on Artificial
Intelligence and Cognitive Science (AICS 2017), Dublin Institute of Tech-
nology, Dublin, Ireland, 7-8 December. CEUR Workshop Proceedings, Vol.
2086, pp. 153-165, 2017.
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1.8 Thesis layout
The remainder of this thesis is laid out as follows; Chapter 2 provides an overview
of the related work in intent recognition as well as a background in the machine
learning techniques utilised in the framework. A review of intent recognition is
carried out in general as well as through the specific lens of each implementation
example highlighting the gap in the literature this work fills. Chapter 3 introduces
the components of the intent recognition framework and the steps one needs to
follow when applying the framework to a specific problem.

Chapter 4 is the first of three implementation examples. This chapter covers
intent recognition framework as applied to the activities of daily living use case.
Chapter 5 is the second implementation example; access control. Chapter 6
describes the third implementation example, moving vehicles. Finally, potential
future directions for this work are described in chapter 7.
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CHAPTER 2

Background & related work

The intent recognition framework presented in this thesis draws from several
distinct areas. Therefore, in this chapter, the background and state of the art for
each of these areas is reviewed in addition to the problem of intent recognition
specifically. The thesis presents three implementation examples for the proposed
framework in three different domains. Thus, intent recognition in the context of
each domain is also discussed.

2.1 General concepts
The general scope of the term "intent recognition" is extremely broad and there
is variation in the literature on how the term intent is interpreted. Intent recog-
nition and other related concepts follow in section 2.1.1. Following that, intent
recognition is reviewed specifically in the context of the implementation examples.

2.1.1 Plan, Activity and Intent recognition

Plan recognition, activity recognition and intent recognition all involve making
inferences about other actors from observations of their behaviour. The term
behaviour generally means the actor’s interaction with their environment. In the
following paragraphs, the definitions of these terms as found in the literature are
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reviewed. These definitions are compared to how the same terms are interpreted
in this thesis (a more detailed definition of the terms follow in section 3.2).

The plan recognition problem is defined as taking an input of a sequence of ac-
tions performed by an actor and then inferring the intended sequence of actions
which will be pursued by that actor to achieve their goal [142]. Plan recognition
is usually carried out with the help of a set of predefined recipes (called a plan
library), which comprises the knowledge and action steps that can be performed
by the agent being observed [106]. Several methods for plan recognition appear
in the literature. The authors of [47] classify the most notable plan recognition
methods into 4 categories; deductive [79], abductive [8], probabilistic [33] and
case-based [84]. Plan recognition approaches may also be classified by whether
the recognition process was intended [79] or keyhole [36]. If the agent being ob-
served cooperates with the observer and conveys their intent willingly then the
plan recognition process is said to be intended. In contrast, if there is no interac-
tion between the observer agent and observed agent, then the process is known
as keyhole plan recognition [7, 6]. Traditionally, the plan library has been hand-
crafted as is the case in [79]. However, this approach is feasible only in the cases
where domain complexity is low. In a real world application of practical inter-
est, constructing complete plan libraries by hand is often not possible. Machine
Learning techniques have been employed in more recent research to automate the
process of building the plan library [99, 84].

Plans are made up of states and actions that enable state transitions. In plan
recognition architectures such as PRODIGY [168], a state of the world is repre-
sented by a conjunction of first order predicates. An action may only be executed
if the pre-conditions associated with that action are met by the states of the world.
Crucially, plan recognition involves organising the action sequence of the actor
agent into a structure (known as the plan). The work presented in this thesis,
therefore, is not related to plan recognition, as there is no inference on the action
sequence for the autonomous agent whose behaviour is being observed in this
thesis.

The activity recognition problem, in the literature, takes as input a sequence
of noisy sensor inputs over time (such as inertial data) [94, 30]. These inputs
directly capture some effect the actor or agent has on their environment. The
targets of prediction for these studies include walking, crawling, standing, sitting
etc. (example applications include first responders and emergency personnel)
[190, 179, 141]. However, in this thesis, a more abstract definition of the term
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activity is adopted. The chosen definition here follows the vein of [162] where an
example of an activity would be cooking dinner or making breakfast.

In the taxonomy of this thesis, the more granular activities predicted in the
previously referenced studies [190, 179, 141] such as walking, standing and sitting
are called actions. A collection of actions form an activity in this thesis and
finally intent is an activity with a forward time component (the reader is directed
to figure 3.1 for a visual representation and invited to read section 3.2 for more
details).

The taxonomy adopted in this thesis is inspired by the Belief-Desire-Intention
(BDI) framework proposed by Michael E. Bratman [166]. His model proposes
that human action is driven by a hierarchy of mental states that include beliefs,
desires and intentions. The model starts with desires which are an individual’s
goals and objectives. These are influenced by their beliefs. In the BDI framework,
beliefs form the agent’s understanding and representation of the world, serving
as the basis upon which desires and intentions are formed.

Intentions, then, are the most specific mental states in the hierarchy and refer
to an individual’s plan of action to achieve their desires based on their beliefs.
Bratman argues that intentions are different from mere plans, as they involve
commitment to carrying out the plan and a recognition of the potential obstacles
that may arise.

Therefore according to the BDI model, intentions play a crucial role in coordi-
nating an individual’s behaviour towards achieving their desired goal. Bratman
further argues that the formation of intentions involve a process of practical rea-
soning whereby an individual evaluates various possible courses of action and
selects the most appropriate one based on their beliefs and desires.

Overall, the BDI model provides a framework for understanding how an individ-
ual’s beliefs, desires and intentions interact to drive their actions and behaviours.
The model has been used to propose a model for childlike reasoning known as
Children’s Reasoning about Intentions, Beliefs and Behaviour (CRIBB) [172]. It
has also been used to develop a software model for intelligent programming agents
[57].

In the taxonomy of this thesis, an activity is a collection of actions. Intent is an
activity taking place in the near future as described in section 3.2. There is room
for a higher level of abstraction (to be known as goals) as an extra level above
actions, activities and intents defined in this thesis. An example of goals could
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be spending time with family, making a living, etc..

In activity recognition, a hierarchical approach has been employed in the liter-
ature as well [161, 16], however the approach in this thesis differs from these
related studies in a few key aspects. In [16], the abstractions at the higher level
of the hierarchy are the beginning/end point of the activity and the type of ac-
tivity. In [161], the authors utilise hierarchical modelling for the prediction of
activities happening in the present moment rather than future intents and sim-
ilar to [16], they also employ a hierarchical Hidden Markov Model. This is in
contrast to the work presented in this thesis, which combines two distinct mod-
els linked by manifold learning to predict intent (activities taking place in the
near future). A three-level hierarchical formulation of activity recognition have
also been proposed in the literature [191] which begins with actions and then
activities, however, the third level is modelled as complex interactions between
humans that involve more than one person. A more detailed comparison of [161]
and other existing work most closely related to this thesis follows in section 2.13.

There is precedent for using probabilistic and Bayesian methodologies in the
problem of intent prediction. Joshua B. Tenenbaum’s Bayesian Theory of Mind
(BToM) [151] proposes that humans use probabilistic reasoning to infer the men-
tal states of others, such as their beliefs, desires, and intentions. The human
mind is described as a probabilistic inference engine that uses prior knowledge
and observed input from the environment to make predictions about the world
and infer mental states of other agents.

According to Tenenbaum, the Bayesian framework allows humans to make ef-
ficient and accurate inferences about others’ mental states by combining prior
beliefs and the likelihood of observed behaviors. This process of probabilistic
inference can be used to explain a wide range of human behavior, including social
cognition, language learning, and problem-solving.

Tenenbaum’s theory also emphasizes the importance of hierarchical modeling in
human cognition (which supports the decision made in this thesis to employ a
hierarchical approach). The research further suggests that the mind actually oper-
ates at multiple levels of abstraction, with higher-level models providing context
and constraints for lower-level models [82]. This hierarchical approach allows
humans to reason about complex, abstract concepts like causality and agency,
as well as learn and generalize from limited data; a similar benefit the present
framework aims to derive and leverage.

Intent Recognition of
Autonomous Agents

11 Ali Azzam Naeem



2. Background & related work 2.1 General concepts

Overall, Tenenbaum’s Bayesian Theory of Mind provides a powerful framework
for understanding human cognition, and has implications for a wide range of fields,
including psychology, neuroscience, linguistics, and artificial intelligence. The
theory of mind has also been used with Bayesian techniques for plan recognition
expressing generative models of belief and desire dependent planning in terms of
partially observable Markov Decision Processes (POMDPs) [149].

While the BDI framework for intent described above comes from the field of
psychology, theories for intent have been put forward in other fields as well.
For instance, within the field of cognitive science, a dynamic hierarchical model
for intent has been proposed in [119]. Like others before them, the authors
also argue that intentions consist of multiple levels of organization, ranging from
higher-order intentions (e.g., long-term goals) to lower-level intentions (e.g., ac-
tion plans).

Unique to their study is how the authors formulate and elaborate on the hierarchi-
cal structure of intentions; emphasizing the distinction between distal intentions
(e.g., goals) and proximal intentions (e.g., action plans). They propose that distal
intentions provide the overall purpose or aim of an action, while proximal inten-
tions determine the specific means and strategies to achieve the distal intentions.
This hierarchical organization enables individuals to flexibly adjust their actions
based on contextual changes.

The dynamic nature of intentions is also emphasised, highlighting that intentions
can be revised, abandoned, or created during the course of action. They propose a
recursive mechanism by which intentions at different levels interact and influence
each other, facilitating real-time adjustments to the ongoing action.

Finally, the authors integrate cognitive processes such as planning, decision-
making, and self-monitoring into their hierarchical framework of intentions. They
argue that these processes play a crucial role in the generation and execution of
intentions. By incorporating cognitive processes, the model provides a more com-
prehensive account of how intentions are formed, updated, and executed.

Turning next to the field of philosophy, a seminal work by philosopher G. E. M.
Anscombe published in 1957 explores the question "What distinguishes actions
which are intentional from those which are not?" [13]. According to Anscombe,
intentions are not mere mental states or thoughts about future actions but rather
practical judgments or decisions that commit an agent to act in a certain way.

Intentions are characterized by their direction of fit meaning they align actions
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with desires or goals, shaping one’s behavior to bring about desired outcomes. As
an example for direction of fit, Anscombe introduced two ways of interpreting a
shopping list; one as a set of instructions for what to put in the basket, the other,
as a detective spying on a shopper’s movements, as a record of what has gone
into the basket. In the first case the goal is to have the basket fit the list, however
in the second, the list has to fit the basket. The concept is used to differentiate
mental states like desires or intentions, which conform to the first model, from
representations and beliefs, which conform to the second [153].

Intentional action for Anscombe are distinct from mere bodily movements. She
emphasizes that intentional actions involve a thoughtful consideration of why such
an action is being performed, a conscious decision made to act in a certain manner.
This distinguishes intentional actions from reflexive or involuntary movements.

Another related concept in the literature is next action prediction. Next activity
prediction involves the anticipation of future actions or behaviors based on ob-
served historical data. This field is an intersection of time series analysis, pattern
recognition, and predictive modeling, where algorithms are trained to forecast
the next event (or events) in a sequence. The primary challenge in next activity
prediction is dealing with the temporal dependencies and the context in which
previous activities occurred.

To tackle this, various approaches have been proposed, including sequence mod-
elling approaches, contextual analysis and feature engineering. Sequence mod-
elling involve machine learning models specially designed to capture the temporal
dynamics in the data. An example of a traditional sequence model is a Hid-
den Markov Model (HMM) and more recent deep learning based approaches to
modelling sequences involve Recurrent Neural Networks (an idea introduced in
a simpler form in [44]), Long Short-Term Memory (LSTM) networks [67], and
Transformer models [165].

Incorporating contextual information (e.g., time of day, user location, or envi-
ronmental conditions) enhances the prediction accuracy by providing additional
insights into the circumstances surrounding each observed action. Feature En-
gineering also play a part in next action prediction. Meaningful features are
extracted from raw data that encapsulate the essence of the actions and their
progression. This might involve statistical features, embeddings, or manually
crafted features that describe the historical patterns observed.

Some key differences between next action prediction and intent recognition (as

Intent Recognition of
Autonomous Agents

13 Ali Azzam Naeem



2. Background & related work 2.1 General concepts

defined in this thesis) will now be described. In this thesis, intent recognition
is viewed as the process of inferring the underlying intention indicated by an
observed sequence of actions by autonomous agents. The thesis proposes a hier-
archical framework that integrate various machine learning models with manifold
learning and clustering to infer intent. The framework in this thesis presents a
multi-layered approach factoring in activities in addition to the observed actions
and their context to predict the intent.

In contrast, next action prediction, while it can employ hierarchical models, con-
centrate on directly predicting the next or future actions without explicitly mod-
elling the underlying activities or intents. This distinction is based on the defi-
nitions laid out in the thesis for the terms action, activity and intent. As noted,
these terms are used somewhat interchangeably in the literature with a distinction
often not being made between some of these terms.

Another key difference between next action prediction and intent recognition
arising from the nomenclature specified in the thesis is that intent is always a la-
tent variable predicted from observed actions. Even for the ground truth, as the
intent will never be directly observed, the agent must self-report its intent. Ac-
tions, however, will always be observed as they occur according to the framework
presented in this thesis.

In terms of the relevant application domains also, a distinction may be made
between intent recognition and action recognition. Intent recognition is par-
ticularly relevant in scenarios where understanding the underlying dynamics of
the observed actions are crucial, such as in security, personalized assistance, or
adaptive user interfaces. Next activity prediction is more suitable for demand
forecasting, user behavior prediction in web services, anticipatory computing,
etc..

Given the added complexity of intent recognition, however, it may also require
richer datasets that include not just collections of observed actions but also con-
textual or explanatory data that can hint at the intentions behind the observed
actions. Next activity prediction, as a simpler problem, often works with simpler
sequence data, although incorporating context can enhance performance.

In summary, then, while both next action prediction and intent recognition aim
to anticipate future states, intent recognition seeks to understand the deeper mo-
tivations behind actions, requiring a nuanced analysis of behavior and context.
Next activity prediction, conversely, is more directly focused on accurately fore-
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casting the immediate next event based on past sequences or observations of those
events.

An example of LSTM models applied in the context of next action prediction is
to predict human trajectories [4]. This research introduces a specialized model
for human trajectory prediction in crowded spaces, emphasizing social interac-
tions. The work introduces "Social LSTM ", an extension of the traditional LSTM
model to capture social interactions among individuals. This model uses a so-
cial pooling layer to allow LSTMs corresponding to different individuals to share
information, thus learning social behaviors. The work presented in this thesis,
however, provides a broader and more structured approach to intent recognition
in general across multiple domains using a hierarchical framework.

The intent recognition framework presented in this thesis differs from the work
presented in [4] in how the problem is modelled. The approach in the research
paper always predicts the future trajectories of pedestrians in crowded environ-
ments which is at the same level of abstraction as the observed actions. Their
approach involves predicting the future positions of individuals based on their
past movements while accounting for the social and spatial dynamics that natu-
rally occur in crowded settings, such as a busy street, shopping malls or airports.
The Social LSTM model aims to foresee where a person will move in the near
future by considering the person’s past positions and the influence of surrounding
people’s movements. This task is viewed as a sequence generation problem, where
the sequence of a person’s past positions is used to generate the sequence of their
future positions.

In the framework presented in this thesis, however, there is an explicit definition
of what an action, activity and intent are for each use case. Activities and in-
tents are often defined at a higher level of abstraction than the observed actions
and may also be latent depending on the use case the framework presented in
this thesis is being applied to. The framework then predicts intent using the ob-
served actions. Overall, this is a more flexible formulation for intent recognition
in general compared to the research paper focusing specifically on next action
prediction.

Moving forward with the thesis, the background of intent recognition will now
be reviewed specifically in the context of the three implementation examples
presented in the upcoming chapters of this thesis.
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2.1.2 Activities of daily living

An application of the intent recognition framework (presented in chapter 4) is
prediction of intent in activities of daily living (ADLs). ADLs are routine activi-
ties that most people would be able to perform without assistance such as eating,
bathing and toileting [78]. An important indicator of a person’s ability to live
and function independently is how well they can perform ADLs. An inability to
perform ADLs result in the dependence of individuals on other care givers or as-
sistive mechanical devices. Loss of ability to perform ADLs is a significant health
problem for the elderly with major ramifications on their quality of life [192].

With advances in modern medicine and people living longer, there is an increased
need for innovations which allow people to preserve their independence as much
as possible. In the context of this thesis, intent is modelled as an activity the
resident intends to carry out in the near future (this may include continuing to
perform the current activity).

Smart home systems which monitor how well residents are performing ADLs
increase the safety of people living on their own and allow elderly residents to be
self reliant longer. This application is considered part of an emerging discipline
known as ambient intelligence (AmI). AmI brings intelligence to our everyday
environments and makes those environments sensitive to our actions [37]. This
is achieved by advances in sensors and sensor networks, pervasive computing,
and artificial intelligence. Ambient intelligence has emerged as a promising new
paradigm particularly in the field of healthcare [140, 5, 2]. To realise the full
potential of ambient intelligence systems, the predictions of such a system must
be available in near real-time. Studies have proposed evaluating prediction of
activities within 60 seconds of that activity commencing [173]. This time window
is the benchmark utilised in this thesis.

In the literature, several methods are proposed for recognising the activities being
performed by a person. One approach utilizes body-worn inertial sensors [190,
183, 75, 141, 96] or smartphone sensors [90, 5, 146, 11, 18, 137, 64, 91]. That
approach often infers atomic actions such as falling, walking and running rather
than the higher level activities such as cooking breakfast and showering which are
the target for prediction in this thesis (chapter 4). Inferring atomic actions are
useful for safety applications such as automatic fall detection. Several forms of
wearable devices (smart watches, etc.) with alarm features have been deployed for
this purpose [31, 170, 107]. These approaches suffer from a drawback in that they
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rely on the sensor or smart device being actively maintained, kept fully charged
and worn correctly by the user on their person to function effectively. This is
not a reasonable assumption in every scenario of assisted living, particularly in
an elderly resident use case.

An alternative approach is sensing the effects a user has on their environment.
This can be achieved by a network of non obtrusive sensors placed in the user’s
environment. For example, sensors embedded in a smart home will generate
readings while residents perform their daily routines [37]. These readings are
collected and stored in a database. Knowledge extraction and reasoning from
this data is achieved with machine learning models to learn a user’s activity
patterns [164, 101]. Such a system can detect changes in behaviour that indicate a
deteriorating condition by recognizing when the user’s activity deviates markedly
from expected patterns. Approaches that recognise ADLs from sensors placed
in the environment has been shown to perform well. One drawback of sensing
the residents environment to infer their intent is the inherent ambiguity where
the same sensor firings may correlate with multiple intentions on the part of the
resident. For instance, have they opened the fridge because they are about to
leave the house and want to check whether they have milk? Or are they grabbing
some food? In the first case, the residents intent is to leave the house whereas in
the second case their intent is to have a snack.

To address and handle this uncertainty, Bayesian models [163] are utilized in the
literature (and in this thesis) for reasoning about the intent of the resident. It is
noted that Support Vector Machines [37], Hidden Markov Models, Conditional
Random Fields [162], deep convolutional neural networks [42, 75, 187, 63, 136],
long short term memory (LSTM) recurrent neural networks [9, 1, 124] and other
deep learning approaches [34] have been employed for activity recognition from
time dependent sensor data. A newer trend incorporates Attention based mecha-
nisms reflecting their growing popularity in the field of Machine Learning [86, 188].

In addition to sensor based recognition of activities, with the recent advances in
computer vision, video based approaches are also becoming more popular with a
greater focus on actions level predictions (although some studies use the term ac-
tion and activity interchangeably). In the prediction of activities from video prob-
lem, the representation of space-time shapes received attention by the research
community. In the earlier stages, global representations for images or silhouettes
were popular [23]. The emergence of space time interest points (STIPs) [93] led
to the adoption of more local representations that focused on informative interest
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points. Another local representation method is dense trajectories [174, 175]. The
method proposes densely sampling points and avoids extracting points frame by
frame and concatenating them. Early spatiotemporal methods, in general, adopt
a methodology of regarding the video as (x, y, t) 3D volumes [87, 177, 143].

More recently, video based activity recognition has focused on depth based repre-
sentation with data captured from depth cameras. Previously research on human
activity recognition focused on sequences captured by RGB cameras. Depth cam-
eras were seen of limited utility at the time due to their high cost and complexity
of operation [125]. However, that changed with the advent of low cost depth
sensors such as Microsoft Kinect [145]. Methods developed with depth based
representations revolved around the available depth maps and technology which
enabled the recording of skeletal joint positions in real-time (such as the Kinect
SDK adopting algorithms in [145] for example). Studies have now been published
which attempts to fully exploit the potential of the Kinect sensor for the activity
recognition problem including in combination with RGB video feeds [50]

In comparison to sensor-based approaches, video comes with greater privacy con-
cerns. Therefore privacy preservation techniques are also included in video based
approaches such as extracting silhouettes from the video frames [85], purposefully
degrading the video feed and carrying out the inference task with extremely low
temporal or spatial camera resolutions [39] and coded apertures [176].

Another non-invasive technique for human activity recognition is using WiFi sig-
nals [29]. The idea behind activity recognition using WiFi signals is that the
human body will affect the signal by reflection and different activities will show
different characteristics. The main activities in the classification task of this study
were sitting, standing, walking, lying down, falling and human absence. As with
[190, 141], these labels would be considered as actions rather than full-fledged
activities in the terminology used in this thesis.

Another deep learning based approach as applied to activities of daily living is
presented in [3]. The authors of this study present a unified deep learning model
which integrates three stages; activity recognition, anomaly detection, and next
activity prediction, to provide support for caregivers and medical teams. This
research employs a sequence where each stage feeds into the next. Initially, a
Deep Neural Network (DNN) is utilized for activity recognition based on various
extracted features. Subsequently, an overcomplete-deep autoencoder (OCD-AE)
identifies anomalies in the recognized activities. Finally, a Long Short-TermMem-
ory (LSTM) algorithm predicts the next activity based on a sequence of recog-
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nized and normal activities. The model’s effectiveness is demonstrated using real
smart home datasets. The elements of the approach focusing on activity recogni-
tion and anomaly detection are beyond the scope of this thesis. The methodology
for next activity prediction, specifically the employment of LSTM algorithms is
different to the hierarchical modelling approach proposed in this thesis. In addi-
tion, all three stages described in this paper rely on neural networks which require
high volumes of clean data [59, 97].

All the approaches proposed rely on the availability of high quality labelled train-
ing data. However, such data is costly to procure and curate both in terms of
time and effort. People also have an understandable apprehension to recording
their daily activities due to privacy concerns. In addition, the target population
which would most benefit from assisted living systems often may not be able
to burden themselves with recording and logging their activities daily. An im-
pact of not having large volumes of data is seen in the literature where applying
techniques such as recurrent neural networks (generally shown to perform well
given abundance of data) performs comparably to more classical machine learn-
ing methods [14]. Therefore, the sacrifices made in using deep learning networks
(such as interpretability of the model and explainability of the results) are less
justifiable in this scenario as there is no major gain in predictive accuracy.

To mitigate the lack of significant training data, simulators for human activ-
ity have been proposed [169]. The study in [14] takes a different approach and
augments pre-existing data with anomalous activities to then investigate the de-
tection of abnormal behaviours which deviate from previously observed patterns.
In the literature, a particular interest is also given to the idea of transfer learning.
In this scenario, data for a set of houses in which high quality data is available is
used to hypothesise reasonable starting values in a new house for which there is
little or no data. One study which addressed this problem used historical data to
produce a prior distribution for a potential new house [160]. They also addressed
the challenge of physical differences where no two houses had the same physical
layout and sensor locations. The proposed solution was to learn "meta-features"
between the two houses which were at a higher level of abstraction and a common
frame of reference for both houses. For example, one house may have a sensor
on the fridge and another may have a sensor above the microwave. Both sen-
sors provide information on activities in the kitchen which is a common frame of
reference between the two houses.
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2.1.3 Access control

The second application of intent recognition (presented in chapter 5) is access
control. Specifically, the intent of employees using their access credentials to gain
entry to an office building is discussed.

In the literature, the problem of secure access in a building may be considered
under the umbrella domain known as frictionless access control. This refers to a
method of granting or denying access to resources without imposing unnecessary
barriers or hindrances.

In the context of secure access, friction and security often go hand in hand.
Consider a wide open doorway; the user experiences the least amount of friction
with this setup, however it is also the least secure in that anyone can pass through.
On the other hand, a multi-factor authentication system, while being extremely
secure, also imposes greater friction on the user during authentication.

A lot of research has been done with the goal of maximising security while
minimising friction. A relevant avenue for the application of the framework in
this thesis is a type of continuous authentication known as Behaviometrics [62].
DARPA has run an Active Authentication Program [41] where several types of
behavioural biometrics are investigated in the context of recognising and verifying
the identity of a person. The framework presented in this thesis may be used to
verify that the user’s intent is consistent with expected behaviour patterns and
continue authenticating their access to a secured system.

In addition, within the context of energy control, intent recognition in smart
buildings is a critical research area that focuses on understanding and interpreting
human intentions and behavior. It plays a significant role in enabling efficient
energy management and optimizing resource allocation in smart building systems.

Smart buildings are equipped with various sensors and actuators that collect
data about occupants, environmental conditions, and energy consumption pat-
terns. Intent recognition techniques analyse this data to infer users’ intentions
and preferences related to energy usage, occupancy, and comfort. By accurately
recognising and predicting user intents, smart buildings can dynamically adjust
settings and automate energy control processes to optimize energy efficiency and
user comfort [100]. It should be noted that [100] is not carrying out intent recog-
nition of autonomous agents as in the work presented in this thesis. Rather they
focus on inferring which purpose a room or some other physical space in a building
is being used for (either presentation where someone is giving a talk, "discussion"
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where there is a meeting happening or "none" where the room is not occupied at
all). The difference, then with the work presented in this thesis and [100] is that
[100] makes inferences about a particular physical space whereas this thesis infers
intent of an autonomous agent across multiple physical locations.

Other studies found in the literature does note that predicting and reasoning
about occupant presence and movement over time is extremely pertinent to the
accurate performance of smart building control systems [123], a finding which
supports the decision made in this thesis in implementation example II (access
control) to model the behaviour of the employees rather than the fixed readers
(for more details, the reader is directed to section 5.4).

In summary, intent recognition in smart buildings for efficient energy control is
an active area of research. The integration of intent recognition techniques en-
ables smart buildings to adapt and optimize energy-related processes based on
occupants’ intentions and preferences. Several studies have demonstrated the ef-
fectiveness of intent recognition in achieving significant energy savings, improved
occupant comfort, and enhanced overall building performance.

2.1.4 Vehicle mobility

The third application of intent recognition (presented in chapter 6) is the intent
of drivers in a vehicle.The vehicles in the data set are taxis and the intent of the
driver is viewed as the destination of a given trip. Looking at similar work in
the literature, the Predestination algorithm [89] uses a Bayesian Inference model
combined with geographic data such as types of land cover. This allows the model
to pre-emptively rule out, for example, areas of water as possible destinations by
using the Bayesian models prior belief probabilities; areas of water are assigned
zero probability in the model’s priors which means they are never considered as
potential destinations in the posterior distribution.

The algorithm implements an open world model which attempts to capture the
possibility of a vehicle going to destinations which have not yet been observed in
the training data. It does this by assuming that there is a certain likelihood of a
driver going to a destination which is near some other destination that they have
visited before (for instance, they may stop off at the supermarket or restaurant
close to their home or place of work. The algorithm also incorporates the idea
of driving efficiency. It supposes that the driver will take a "reasonable" route to
their destination and thus assigns higher preference to those destinations which
can be reached within reasonable travel.

Intent Recognition of
Autonomous Agents

21 Ali Azzam Naeem



2. Background & related work 2.1 General concepts

The PROCAB algorithm [193] improves on Predestination by using Markov De-
cision Processes to learn preferences on the part of drivers (for instance some road
types are more preferable and hence have higher utility). This allows the algo-
rithm to learn contextual information which increases performance. PROCAB is
shown to perform similarly to Predestination when a large portion of the trip is
observed and do better than Predestination earlier in the trip.

It is often the case that in approaches for destination prediction where the des-
tination probability is calculated conditioned on certain observed features of the
trip, there exists a data sparsity problem. Specifically the method is only feasible
if there exists in the data a historical trajectory with the exact same charac-
teristics as the current observed trip. One solution to this is to include extra
information such as road maps, route planning, etc. as seen in the Predestination
algorithm with land cover [89].

An alternative method which also addresses the problem of destination prediction
is Sub-Trajectory Synthesis (SubSyn) [181]. The SubSyn algorithm addresses the
data sparsity problem by decomposing historical trajectories into sub-trajectories,
which are then synthesized into new trajectories for prediction purposes. This
method significantly expands the number of query trajectories that can have
predicted destinations.

For this implementation example of the proposed intent recognition framework,
the method of handling data sparsity differs from both studies [89, 181] cited
above. In the work presented in this thesis, a geometric model is designed and
employed to address data sparsity. This approach does not require any external
pieces of information which is an advantage the proposed method has over [89]
which leveraged extra information such as road maps and types of land cover.

Furthermore, the geometric prior model presented in the thesis estimates transi-
tion probabilities for specific portions of the trips even where the same transition
is not observed in any example in the training data, which is the advantage the
method proposed in the thesis has over [181] which is still limited by the training
data in terms of new trips that can be synthesised from (in this comparison, the
sub-trips extracted from longer whole trips in [181] are considered similar to the
transitions between discrete locations which is how the method proposed in the
thesis represents a trip). The specific details of the geometric prior used in this
implementation example are described in chapter 6.

The T-Drive algorithm [184, 185] builds a landmark graph in which a node repre-
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sents a road travelled often by taxis. The route prediction is made in a hierarchical
fashion similar to the concept presented in this paper. Initially, a rough route
is predicted using the landmark graph. In the second step, this rough route is
refined to give a final prediction. The key difference to the work presented in
this thesis however is that the T-drive algorithm’s goal is to provide the most
efficient driving directions i.e., finding the fastest route between two points using
historical taxi trajectory data. The work presented in this thesis predicts the taxi
driver’s intent, modelled as the final transition into a drop off location for the
trip. This study and the work presented in this thesis, then, differ in the target
variable for a which prediction is made and the problem that each aims to solve.

The problem of destination prediction with taxis has also been attempted with
neural networks [40] and regression based approaches [92]. A common thread in
these approaches is some discretisation of the locations whether by applying a
uniform grid or clustering.

2.1.5 Summary

The section discussed the concept of intent recognition in various fields, including
psychology, cognitive science, philosophy, and applied contexts relevant to this
thesis namely, activities of daily living (ADLs) in smart home systems, access
control and moving vehicles. It explores different definitions and interpretations
of terms such as plan recognition, activity recognition, and intent recognition.

Relevant frameworks and models for intent recognition like the Belief-Desire-
Intention (BDI) framework and the Bayesian Theory of Mind were also explored.
It highlights the hierarchical nature of intentions and the role of cognitive pro-
cesses in forming and executing intentions.

A comparison of the work presented in this thesis to closest pieces of work pub-
lished in the literature and how the thesis work fits in the context of the reviewed
frameworks follow in section 2.13.

2.2 Manifold learning

2.2.1 Overview

In recent years, manifold learning techniques have gained significant attention in
the field of machine learning. Traditional machine learning algorithms assume
that the data lies on a flat Euclidean space, which may not accurately represent
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the underlying structure of high-dimensional data. Manifold learning techniques
aim to uncover and represent the intrinsic nonlinear structure or manifold on
which the data resides. This chapter provides an overview of manifold learning
techniques and highlights their benefits in improving the performance of machine
learning models.

Manifold learning refers to a set of techniques that map high-dimensional data
into a lower-dimensional space while preserving the underlying structure of the
data. By reducing the dimensionality of the data, manifold learning can facilitate
visualization, clustering, classification, and other machine learning tasks. The
core idea is to model the data as if it lies on a smooth manifold embedded in the
high-dimensional space.

2.2.2 Benefits of Manifold Learning Techniques

Improved Data Visualisation Manifold learning techniques enable the visual-
isation of high-dimensional data in lower-dimensional spaces. By projecting
the data onto a lower-dimensional manifold, complex structures and pat-
terns can be better understood and visually interpreted.

Nonlinear Dimensionality Reduction Traditional linear dimensionality re-
duction techniques, such as Principal Component Analysis (PCA), assume
a linear relationship between the variables. Manifold learning methods, on
the other hand, can capture nonlinear relationships, making them more suit-
able for datasets with intricate structures. Manifold learning algorithms, in
general, aim to discover the underlying structure of high-dimensional data
and represent it in a lower-dimensional space.

Noise Reduction and Outlier Detection Manifold learning techniques can
help identify and remove noisy or outlier data points. By focusing on the
intrinsic structure of the data, these methods can distinguish between the
true underlying patterns and noise, leading to improved model performance.

Improved Classification and Clustering Manifold learning methods can en-
hance the performance of classification and clustering algorithms. By map-
ping the data onto a lower-dimensional manifold, these techniques can re-
veal clusters or decision boundaries that are not apparent in the original
high-dimensional space, resulting in better separation and classification ac-
curacy.
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2.2.3 Popular Manifold Learning Methods

t-Distributed Stochastic Neighbour Embedding (t-SNE) is a powerful
manifold learning technique that maps high-dimensional data into a low
dimensional embedding space, emphasizing the preservation of local simi-
larities. It is particularly effective in revealing clusters and structure in the
data [156, 157, 158, 159].

t-SNE converts the distances between data points in the high dimensional
space into conditional probabilities that represent similarities. The key
steps involved in this process are:

• Similarity calculation in higher dimensional space - For each pair of
points xi and xj, t-SNE calculates the conditional probability P (j|i)
that xi would pick xj as its neighbour if those neighbours were picked
in proportion to their probability density around a Gaussian centered
at xi.

• Similarity calculation in lower dimensional space - t-SNE also defines
a similar probability distribution Q(j|i) between each pair of points
xi and xj in the low dimensional embedding space, however, it now
replaces the Gaussian with the Student’s t-distribution giving the tech-
nique its name t-SNE. The t-distribution has fatter tails, allowing some
distances to be less faithfully preserved in the embedding.

• Optimisation - The goal now is to make the two distributions defined
above as similar as possible. To achieve this goal, the Kullback-Leibler
(KL) divergence between the two distributions is minimised using gra-
dient descent. This process ensures that similar objects are modelled
by nearby points and dissimilar objects are modelled by distant points
in the lower dimensional space.

Locally Linear Embedding (LLE) is a non-linear dimensionality reduction
technique that approximates the local geometry of the data. It seeks to pre-
serve the local relationships between neighbouring points by reconstructing
each point as a linear combination of its neighbours [139]. The approach
can be summarised in three key steps:

• Neighbourhood preservation - For every data point xi in the high di-
mensional input space, LLE finds k nearest neighbours based on Eu-
clidean distance or some other metric.
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• Linear reconstruction weights - LLE then computes weights wij that
best linearly reconstruct each data point in the high dimensional input
space from its neighbours minimising the reconstruction error.

• Embedding into lower dimensional space - The weights wij are fixed and
LLE now seeks a set of points in the low dimensional embedding space
that best preserves these local linear relationships. This is achieved
by minimising a cost function that measures the discrepancy between
the linear reconstructions in the high dimensional input space and the
low dimensional embeddings.

Isomap is a widely used manifold learning algorithm that preserves geodesic
distances between points. It constructs a neighbourhood graph based on
pairwise distances and then computes a low-dimensional embedding that
preserves the geodesic distances as much as possible [150].

Laplacian Eigenmaps is a method that constructs a graph representation of
the data and then computes a low-dimensional embedding by solving an
eigenvalue problem. It emphasizes the preservation of local distances be-
tween neighbouring points [19].

Uniform Manifold Approximation and Projection (UMAP) is a
competing technique to t-SNE which is constructed from a theoretical
framework based on Riemannian geometry and algebraic topology. The
authors contend that the technique is on par with t-SNE on visualisation
quality while preserving more of the global structure present in the original
data [110].

These are just a few examples of popular manifold learning methods, and there
are many other techniques available in the literature. The choice of a specific
method depends on the characteristics of the data and the requirements of the
task at hand.

2.2.4 Example Application of Manifold Learning

Consider an example from the natural language processing (NLP) domain where
manifold learning is used to find words that are similar to "petrichor" based on
their semantic and contextual similarities. Petrichor refers to the pleasant earthy
smell that often accompanies the first rain after a dry spell. Some examples of
words that might be found near petrichor in the learned manifold include "earthy",
"rain", "aroma" and "refreshing". All of these words share similar connotation
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to petrichor referring to qualities linked to soil and smells. Manifold learning
techniques can be used to embed sentences containing these words and ideas into
a numeric representation. The exact placement of words in the manifold will
depend on the specific algorithm used, the data and the context of the word
relationships.

To apply manifold learning to find similar words to "petrichor", a dataset that
contains a wide range of words and their associated features, such as word em-
beddings or contextual information are utilised. Word embeddings are dense
vector representations that capture semantic relationships between words. The
words in the dataset can be transformed into embeddings using popular methods
for this purpose include Word2Vec [115], GloVe [128], or fastText [114]. These
embeddings capture semantic relationships between words based on the distri-
butional hypothesis, which suggests that words that appear in similar contexts
share similar meanings.

Once word embeddings are known, pairwise similarities between them are com-
puted to create a similarity matrix. Similarity metrics like cosine similarity can
be used for this purpose. The similarity matrix captures the relationship between
each word pair based on their embeddings.

At this point manifold learning algorithms, such as t-Distributed Stochastic
Neighbour Embedding (t-SNE), Uniform Manifold Approximation and Projec-
tion (UMAP), or Locally Linear Embedding (LLE) are employed to project the
high-dimensional similarity matrix into a lower-dimensional latent space. These
algorithms aim to preserve the local and global structures of the data. The re-
sulting latent space is a lower-dimensional representation of the original data,
where each point corresponds to a word. The distances between points in this
space reflect their similarities based on the initial word embeddings. In this case,
words with similar connotations to "petrichor", such as "earthy", "rain", "aroma",
and "refreshing," would be located close to each other in the latent space.

As illustrated, manifold learning techniques provide a robust and powerful
method to analyse and interpret high dimensional data with minimal loss of con-
text. For human interpretation, the latent space can also be visualised using
scatter plots and other relevant visualisation techniques. Each word is repre-
sented as a point in the plot, and their proximity reflects their semantic similarity.
By analyzing the plot, it is possible to identify clusters or groups of words that
share similar characteristics, helping to uncover the semantic relationships be-
tween words with natural language processing and manifold learning techniques.
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The ability of manifold learning to find latent structure in the data and isolate
subgroups is utilised in the thesis framework to establish levels of the hierarchical
model (more details in chapter 3).

2.3 Clustering

2.3.1 Overview

Clustering is a fundamental technique in machine learning that aims to partition
data into groups or clusters based on their similarities. It is an unsupervised
learning technique that enables the discovery of inherent structures in data with-
out the need for labeled examples. By grouping similar data points together,
clustering algorithms help uncover hidden patterns and relationships.

Clustering plays a crucial role in various domains, including data analysis, pat-
tern recognition, image processing, and recommendation systems. This section
provides an overview of clustering techniques, their benefits, popular clustering
methods and evaluation methods to assess the quality of clustering.

2.3.2 Benefits of Clustering

One key area of benefit is in data exploration where clustering aids in identifying
subgroups (or clusters) within a data set enabling researchers and practitioners
to explore the data in a more granular manner. These benefits extend into pat-
tern recognition where clustering algorithms reveal latent patterns and structures
within the data.

Clustering is also of benefit in the anomaly detection domain. By separating
normal data points from outliers, clustering techniques can effectively identify
anomalies or novel patterns in the data set. Another area of application for
clustering is data compression where clustering can help reduce the dimensionality
of large data sets. This is achieved by representing them with a smaller number of
representative clusters. Clustering is also applicable in recommendation systems
where clustering can be utilised to group similar users or items which leads to
more personalised recommendations.
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2.3.3 Popular Clustering Methods

This section provides an overview of some popular clustering algorithms with
references to their original works. The choice of clustering method depends on the
specific requirements of the problem at hand. Some popular clustering methods
will now be described.

2.3.3.1 KMeans Clustering

KMeans [105] is a centroid-based clustering algorithm that aims to partition a
set of observations into a predefined number of clusters k, where each observation
belongs to the cluster with the nearest mean. The algorithm operates through
an iterative process that minimizes the within-cluster sum of squares (WCSS),
which is equivalent to maximizing the between-cluster sum of squares.

Lloyd’s algorithm [102] is the most widely recognized and commonly used version
of the KMeans clustering algorithm. The algorithm details the iterative refine-
ment technique for optimising the centroids and cluster assignments. The steps
to apply the algorithm may be summarised as follows:

• Initialisation - Choose k initial centroids, typically as random observations
from the data set.

• Assignment step - Assign each observation to the cluster with the nearest
centroid, usually using Euclidean distance as the measure.

• Update step - Recalculate the centroids of each cluster as the mean of all
points assigned to that cluster.

• Iteration - Repeat the assignment and update steps until convergence, which
occurs when the assignments no longer change or the change in the value
of the cost function (such as the total within-cluster variance) falls below a
threshold.

2.3.3.2 DBSCAN

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [46] is
an algorithm which groups data points based on their density and is particularly
effective at discovering clusters of arbitrary shapes. The algorithm’s strategy of
identifying clusters based on the density of the data points differentiates it from
centroid based clustering techniques.
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The core concepts of DBSCAN include:

• Core Points - A point is considered a core point if it has more than a
specified number of points (MinPts) within a given radius (ε).

• Border Points - Points that are not core points but are in the neighbourhood
of a core point.

• Noise - Points that are neither core nor border points.

The DBSCAN algorithm proceeds by:

• Identifying Core Points - For each point in the dataset, if it has at least
MinPts within ε distance, it is marked as a core point.

• Forming Clusters - Starting from a core point, the algorithm recursively
includes all directly reachable points within ε distance, forming a cluster.
This process is repeated for each unvisited core point, generating distinct
clusters.

• Assigning Border and Noise Points - Border points are assigned to one of
the clusters of their associated core points, whereas noise points are not
included in any cluster.

2.3.3.3 Mean Shift

Mean Shift [54] is a non-parametric clustering algorithm that seeks to find dense
areas of data points by updating candidates for centroids to be the mean of
the points within a given region. Unlike KMeans, Mean Shift does not require
specifying the number of clusters in advance.

The key parameters of the Mean Shift algorithm are:

• Bandwidth - The radius of the circular (in two dimensional cases) or spher-
ical (in higher dimensions) window that is used to compute the mean shift.
It determines the size of the region to search for points to include in the
mean calculation.

• Kernel - The kernel function determines the weight of nearby points for
re-estimation of the mean. Common choices include the Gaussian kernel
and the flat kernel. The kernel function influences how the distance from
the centroid to each point within the window affects the calculation of the
new centroid.
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• Stopping Criteria - The stopping criteria for the Mean Shift algorithm de-
termine when the iterative process of updating centroids will stop. This can
be based on a maximum number of iterations or a convergence threshold,
where the centroids do not move significantly between iterations.

Mean Shift is adept at handling clusters of various shapes and sizes. Its main
challenge lies in selecting the appropriate bandwidth size, as a bandwidth that
is too small can lead to over-segmentation, whereas a bandwidth too large may
merge distinct clusters.

The Mean Shift algorithm involves:

• Initialization - Place a circle (in two dimensions) or a sphere (in higher
dimensions) at each data point’s location. The radius of this circle/sphere
is a bandwidth parameter that dictates the size of the region to search for
data points.

• Updating Centroids - Compute the mean of all points within each cir-
cle/sphere and move the circle/sphere center to that mean.

• Convergence - Repeat the updating step until the centers no longer move
significantly, indicating that the clusters have been found.

2.3.4 Other Clustering Methods

Some other clustering algorithms are summarised below:

Gaussian Mixture Models (GMMs): GMMs [133, 111] assume that the data
points are generated from a mixture of Gaussian distributions and use the
Expectation-Maximization (EM) algorithm [116] to estimate the parame-
ters.

Hierarchical Clustering: Agglomerative and divisive hierarchical clustering
methods [71] construct a tree-like hierarchy of clusters to represent the
data’s structure.

Spectral Clustering: This method [122] leverages the eigenvectors of the sim-
ilarity matrix to perform clustering, allowing the discovery of non-linearly
separable clusters.

Intent Recognition of
Autonomous Agents

31 Ali Azzam Naeem



2. Background & related work 2.3 Clustering

2.3.5 Clustering Evaluation

To evaluate the quality of clustering results, various metrics and indices have
been developed. These measures assess the coherence and separation of clusters,
enabling quantitative assessment. Silhouette scores will be reviewed first as this
measure is used to evaluate the quality of clustering for the implementation ex-
amples in this thesis. For completeness, an overview of other popular clustering
evaluation metrics follow.

2.3.5.1 Silhouette Scores

Silhouette analysis [138] is used to analyse the separation distance between the
clusters produced by a clustering algorithm. The analysis involves calculating
a number known as the mean Silhouette coefficient of all the samples. This
coefficient has a range between -1 and +1 and indicates how close each point
in one cluster is to points in the neighbouring clusters. Silhouette coefficients
near +1 indicate that the sample is far away from the neighbouring clusters and
this is desirable. A value of 0 indicates that the sample is on or very close to
the decision boundary between 2 neighbouring clusters. Negative values are an
indication that the sample has been assigned to the wrong cluster. Therefore,
higher values for the silhouette score indicate better-defined and well-separated
clusters.

The silhouette coefficient is calculated using the mean intra-cluster distance a
and the mean nearest cluster distance b (the distance between the sample and
the nearest cluster that the sample is not a part of). The formula for silhouette
coefficient S then is:

S = b− a
max(a, b)

To determine the best value for k at each level, a range of cluster labels which
made sense for each specific implementation was specified. The clustering algo-
rithm was then run for each value of k which falls into the range. The mean
silhouette coefficient was then calculated for each resultant clustering. The value
for k which yielded the highest mean silhouette coefficient at each level was chosen
as the final choice for the number of clusters.
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2.3.6 Summary

This section provided an overview of clustering techniques, their benefits, listed
some popular clustering methods, and evaluation methods to assess the quality of
clustering results. Understanding these concepts is essential for the subsequent
chapters of this Ph.D. thesis, where clustering algorithms will be applied and
evaluated in specific implementation examples.

2.4 Evaluating a machine learning classifier
This section provides a summary of popular methods used for evaluating the
performance of machine learning classifiers. Machine learning classifiers play
a pivotal role in various domains, ranging from image recognition to natural
language processing. Evaluating the performance of these classifiers is vital for
understanding their efficacy and enabling comparisons between different models.
The evaluation methods discussed in this section encompass both traditional
evaluation measures as well as further techniques that have gained prominence
in recent years.

2.4.1 Standard evaluation metrics

The performance of the framework in Implementation Example I (activities of
daily living, chapter 4) and Implementation Example II (access control, chapter
5) are evaluated using the metrics of precision, recall and f-score [104]. These
were chosen as the definition of intent in these examples yield a classification
problem. The chosen metrics are described here 1.

Precision and recall are two numbers which together are used to evaluate the per-
formance of classification models. Precision is the percentage of actual answers
which were correct whereas recall is the percentage of possible answers provided
by a classification algorithm which were correct [152]. The precision metric at-
tempts to answer the question "what proportion of positive identifications are
actually correct?". Recall, on the other hand, answers the question "what propor-
tion of actual positives are identified correctly?". A perfect precision score of 1
is achieved by a model that produces no false positives whereas a perfect recall
score of 1 is achieved by a model which produces no false negatives.

1Implementation Example III (moving vehicles) involve a regression model and is
therefore evaluated with distance based metrics which are described in chapter 6.
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Both precision and recall measures may be calculated with the aid of a confusion
matrix, an example of which is shown in table 2.1. A confusion matrix provides a
comprehensive breakdown of classification results, displaying true positive, true
negative, false positive, and false negative values. It serves as a basis for deriving
evaluation metrics such as accuracy, precision, recall, and F1-score.

Before discussing the interpretation of the confusion matrix, however, some no-
menclature is required and will now be introduced:

True positives (TPi) The number of times class or label i was the true label
and inferred correctly.

Total true (TTi) The number of times class or label i was the true label occur-
ring in the test data.

Total inferred (TIi) The number of times class or label i was inferred by the
model.

The diagonal of the confusion matrix in table 2.1 are the true positives (TPi).
The sum of each row gives the total true labels (TTi). The sum of the columns
are the total inferred labels (TIi). The off-diagonal entries εij represent mis-
classifications where true label i has been mis-classified as incorrect label j by
the model.

Table 2.1: Confusion matrix

inferred

true 1 2 3

1 TP1 ε12 ε13 TT1

2 ε21 TP2 ε23 TT2

3 ε31 ε32 TP3 TT3

TI1 TI2 TI3 total

In all nomenclatures, the subscripts i and j represents a label or class in the data.
During the evaluation procedure, precision and recall are calculated separately
for each class using equations 2.1 and 2.2 respectively.

To fully evaluate the performance of a classification model, however, one must
examine both precision and recall as these metrics are often in tension; improving
one deteriorates the other. Therefore, a further metric which takes into account
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both precision and recall is required. One such metric is the F-Measure or F-
Score [134] which is defined as the harmonic mean between precision and recall.
Normally as recall goes up, precision tends to go down and vice versa [49]. The
F-Score provides a way of combining recall and precision to get a single measure
which falls somewhere between recall and precision.

The calculated values for precision and recall are used to calculate a separate
F-Measure for each class using equation 2.3 [73]. The use of these metrics are
indicated by the fact that this data suffers from the problem of unbalanced classes,
the ramifications of which will be described.

In the following equations, N represents the total number of labels or classes to
be predicted.

precisioni = TPi
TIi

i ∈ {1 . . . N} (2.1)

recalli = TPi
TTi

i ∈ {1 . . . N} (2.2)

f −measurei = 2 · precisioni · recalli
precisioni + recalli

i ∈ {1 . . . N} (2.3)

At this stage, the metrics are calculated for each class separately. Given that
in this example, we are dealing with imbalanced classes, there are two separate
strategies presented for combining these class-wise metrics. The first strategy is
standard averaging which is referred to as the macro average. The macro average
treats each class label as equally important. These macro averages for each metric
are calculated using equations 2.4, 2.5 and 2.6.

precisionmacro = 1
N

N∑
i=1

precisioni (2.4)

recallmacro = 1
N

N∑
i=1

recalli (2.5)

f −measuremacro = 1
N

N∑
i=1

f −measurei (2.6)

A more representative metric in most cases for calculating the overall classification
performance is the weighted averaging scheme. Under this strategy, the class wise
metrics are averaged by weighting each class metric with the support of that class
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(the number of true instances of that class in the data). The weighted average
is a more accurate reflection of user experience as the better the model is at
predicting activities that happen more frequently, the greater impact this has on
the experience of the users.

The weighted average may also be used in cases where certain outcomes, though
infrequent, are still important and a false negative has greater consequence. For
example, consider a patient with cancer being incorrectly reported as cancer-free.
This outcome has major ramifications including losing the opportunity to treat
and mitigate the disease in its early stages.

A final metric included in the results is accuracy. The accuracy is interpreted as
the proportion of correctly classified data points over all the data points. Under
this definition of accuracy, with imbalanced classes in the training data, the more
frequent classes can artificially inflate the classifier’s performance when those
classes are predicted accurately. For example if class label A makes up 90% of
the training data, then a one rule "model" that only ever predicts class A will still
achieve 90% accuracy. Therefore, while simple and intuitive, accuracy may not
be suitable for imbalanced data sets.

The accuracy metric is still included in the results of this thesis for completeness.
However it is, by itself, not a truly representative metric when one has imbalanced
classes as in this data. The formula used for calculating accuracy is presented in
equation 2.7.

accuracy =
∑N
i=1 TPi
total

(2.7)

2.4.2 Other evaluation techniques

Some other evaluation techniques for machine learning classifiers will now be
described.

Cross-validation is a resampling technique that estimates the model’s perfor-
mance by dividing the data into training and validation subsets. Common vari-
ants include k-fold cross-validation and stratified cross-validation, ensuring rep-
resentative distribution of classes.

Bootstrap resampling involves repeatedly drawing random samples with replace-
ment from the original data set. It allows for estimating various performance

Intent Recognition of
Autonomous Agents

36 Ali Azzam Naeem



2. Background & related work 2.5 XGBoost

measures, such as confidence intervals and bias, without making assumptions
about the underlying data distribution [43].

2.4.3 Summary

Evaluating the performance of machine learning classifiers is an essential aspect
of research and model development. This section highlighted popular evaluation
methods, including traditional measures like accuracy, precision, recall, and F1-
score, as well as other techniques such as ROC curves, precision-recall curves,
cross-validation, and bootstrap resampling.

2.5 XGBoost

2.5.1 Overview

XGBoost (eXtreme Gradient Boosting) is a powerful machine learning algorithm
that belongs to the family of gradient boosting methods. It was introduced by
Chen and Guestrin in [35] and has gained significant popularity in both academia
and industry due to its exceptional performance and versatility. XGBoost is
particularly well-suited for solving a wide range of machine learning problems,
including classification, regression, and ranking tasks.

2.5.2 Benefits of XGBoost

Gradient boosting: XGBoost employs an ensemble learning technique called
gradient boosting, which builds a strong predictive model by combining
weak individual models, known as decision trees. It iteratively improves
the model’s performance by minimizing the loss function using gradient
descent optimization. The term gradient boosting was originally coined by
Friedman in [53].

Regularisation: XGBoost integrates regularisation techniques to prevent over-
fitting. It offers L1 and L2 regularisation, also known as the Lasso and
Ridge penalties, respectively [72]. Regularization helps control the com-
plexity of the model, improves generalization, and reduces the risk of over-
fitting.

Efficiency: XGBoost is highly efficient and can handle large-scale datasets with
millions of instances and features. It leverages parallel processing, col-
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umn block loading, and compressed sparse column techniques to accelerate
training and prediction speed. Additionally, it provides an early stopping
mechanism to terminate the training process if no improvement is observed,
further enhancing efficiency.

Feature importance: XGBoost enables measurement of feature importance,
which helps identify the most relevant features contributing to the predic-
tive performance. This information can aid in feature selection, feature
engineering, and understanding the underlying patterns in the data.

Flexibility: XGBoost offers various hyperparameters that can be tuned to op-
timize model performance for specific problems. It supports custom loss
functions, allowing users to incorporate domain-specific objectives. Fur-
thermore, XGBoost can be seamlessly integrated with other machine learn-
ing libraries and frameworks, such as Scikit-learn [127] and Apache Spark
[186].

2.5.3 Other Popular Ensemble Learning Methods

Following are just a few examples of popular ensemble learning methods:

Random Forest is an ensemble method that constructs multiple decision trees
and combines their predictions through voting or averaging. It is known
for its robustness against overfitting and ability to handle high-dimensional
data [28].

AdaBoost (Adaptive Boosting) is a boosting algorithm that assigns weights
to the training instances and trains weak learners iteratively. It focuses on
misclassified instances to improve their performance in subsequent itera-
tions, thereby constructing a strong ensemble model [52].

Gradient Boosting Machines (GBM) is a family of boosting algorithms
that iteratively trains weak learners to minimize a loss function. It gradu-
ally builds an ensemble by adding models that correct the mistakes of the
previous ones. In fact, XGBoost is an enhanced implementation of GBM
[53] which is parallelised and optimised for training speed compared to the
standard GBM algorithm. Another distributed high-performance frame-
work similar to XGBoost is known as LightGBM developed by Microsoft
[80]. In contrast to the horizontal or level-wise growth employed by XG-
Boost, LightGBM carries out leaf-wise or vertical growth. While this ap-
proach can result in more loss reduction (and therefore higher accuracy), it
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can also result in greater overfitting on the training data which would need
to be handled by parameter running. Empirically, the XGBoost algorithm
is capable of building more robust models than LightGBM.

Bagging (Bootstrap Aggregating) is an ensemble method that creates mul-
tiple bootstrap samples from the training data and trains individual models
on each sample. The final prediction is obtained by averaging or voting
across the predictions of these models [27].

Voting Classifiers combine predictions from multiple base models and make
the final prediction based on majority voting or weighted voting. It can
be implemented with different approaches like hard voting, soft voting, and
stacking [180].

2.6 Bayesian inference
Bayesian Inference is named after Thomas Bayes, an 18th-century Presbyterian
minister who devised a mathematical rule for explaining how you should change
your existing beliefs in the light of new evidence. It is a method for statistical
inference which models one’s degree of belief in a given hypothesis. As new
evidence is observed that either supports or contradicts this hypothesis the degree
of belief is iteratively updated to reflect the new evidence.

Mathematically, Bayes rule [88] is written as:

P (A|B) = P (B|A)P (A)
P (B) (2.8)

More specifically, we may apply this rule to learn the parameters θ of a model
with observed data D:

P (θ|D) = P (D|θ)P (θ)
P (D) (2.9)

The term P (D|θ) is known as the likelihood as it is the probability of observing
the current data under the proposed parameters. P (θ) is the prior which is some
previous knowledge we may already have about those parameters. This includes
any assumptions made as to the distributions those parameters may take. P (D)
is often computationally expensive to calculate as it involves summing over the
parameters of the model.
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P (D) =
∑
θ

P (D|θ)P (θ) (2.10)

The counting or frequency based approach for exact inference suffers from the
curse of dimensionality. When one conditions on several different features as
is the case in most models of practical interest, calculating exact likelihoods
becomes a multidimensional sum with the latent variables associated with the
extra features all being additional dimensions that need to be marginalized out.
Given observed data D, hidden or latent variables x and parameters θ:

P (D|θ) =
∑
x

P (D|x, θ)P (x|θ) (2.11)

In such models with latent variables included P (D) becomes:

P (D) =
∑
x,θ

P (D|x, θ)P (x|θ)P (θ) (2.12)

However, P (D) is also a normalization term and constant regardless of the model
parameters hence when comparing different parameters (for instance in Maximum
Likelihood Estimation), it is possible to do so based on proportionality using a
likelihood and prior known only up to the normalization constant. This idea is
used in probabilistic inference both in the approximate case based on Markov
Chain Monte Carlo sampling and the exact case based on probability tables.

The exact inference approach involves calculating the likelihood and prior prob-
abilities by counting the number of times a given case occurs in the data set and
the scaling it by the length of the data set. For instance to calculate the prior for
one particular case:

P (A = a) = Na

N
(2.13)

Na is the number of times a occurs in the data set. N is the number of instances
in the data set.

For exact calculation of the likelihood, an example of the counting approach is
as follows:

P (B = b|A = a) = Nab

Na

(2.14)

Nab is the number of times a and b occurs in the data set. As before, Na is the
number of times a occurs in the data set.
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2.6.1 Bayesian Inference Techniques

This section provides an overview of exact and approximate Bayesian inference
techniques, highlighting their advantages, disadvantages, and popular applica-
tions. Bayesian inference is a powerful framework for statistical analysis that
allows for the incorporation of prior knowledge and updating beliefs based on
observed data.

Exact inference techniques, such as variable elimination [189], conjugate pri-
ors and exact posterior sampling, provide closed-form solutions when the pos-
terior distribution is analytically tractable. However, in complex models or when
analytical solutions are intractable, approximate inference methods, including
Markov Chain Monte Carlo (MCMC) [135] and variational inference (VI) [25],
offer efficient and scalable solutions.

Bayesian inference is a cornerstone of modern statistical analysis, enabling re-
searchers to make probabilistic statements about unknown quantities of interest
based on observed data. It involves updating prior beliefs using Bayes’ theo-
rem and obtaining the posterior distribution of the parameters. Exact inference
methods aim to find the posterior analytically, while approximate methods seek
to approximate it using computational techniques.

2.6.1.1 Exact Bayesian Inference Techniques

Variable Elimination The variable elimination algorithm is a powerful method
to efficiently compute marginal probabilities or conditional probabilities of
variables in a Bayesian network. The algorithm aims to eliminate variables
from the graphical model by iteratively "summing out" or marginalizing
them. As an illustrated example, consider a chain Bayesian Network (i.e.:
a probability) of the form:

p(x1, . . . , xn) = p(x1)
n∏
i=2

p(xi | xi−1).

The goal is to compute a marginal probability p(xn). A naive approach
would be to sum all the probabilities across kn−1 assignments to x1, ..., xn−1:

p(xn) =
∑
x1

· · ·
∑
xn−1

p(x1, . . . , xn).
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However, a more efficient approach would be leveraging the factorisation of
the probability distribution; rewrite the sum in a way that pushes in certain
variables deeper into the product:

p(xn) =
∑
x1

· · ·
∑
xn−1

p(x1)
n∏
i=2

p(xi | xi−1)

=
∑
xn−1

p(xn | xn−1)
∑
xn−2

p(xn−1 | xn−2) · · ·
∑
x1

p(x2 | x1)p(x1)

Sum the inner terms first, starting from x1 and ending with xn−1. More
concretely, start by computing an intermediary factor by summing out x1:

τ(x2) =
∑
x1

p(x2 | x1)p(x1)

The resulting factor τ(x2) may be interpreted as a table of k values with
one entry for each assignment to x2. Next, rewrite the marginal probability
τ as:

p(xn) =
∑
xn−1

p(xn | xn−1)
∑
xn−2

p(xn−1 | xn−2) · · ·
∑
x2

p(x3 | x2)τ(x2).

This has the same form as the initial expression except that the summation
is over one fewer variable. Another factor may now be computed:

τ(x3) =
∑
x2

p(x3 | x2)τ(x2)

The process may thus be repeated only xn is left which was the goal. In
the process above, a variable is eliminated in each iteration which gives the
algorithm its name. The initial naive solution takes O(kn) time whereas
the inference procedure above takes O(nk2) time.

Conjugate Priors Conjugate priors are chosen such that the posterior distri-
bution belongs to the same parametric family as the prior [55]. This allows
for closed-form solutions, simplifying the inference process. For example,
the beta distribution is a conjugate prior for the binomial distribution.

It should be noted, however, that conjugate priors are limited in their flex-
ibility and may not be available for complex models.
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2.6.1.2 Approximate Bayesian Inference Techniques

For most probabilistic models of practical interest, exact inference is intractable,
and some form of approximation is required [21]. Some popular sampling methods
are now described.

Markov Chain Monte Carlo (MCMC) methods, such as the popular
Metropolis-Hastings algorithm [113] and its variants like the Hamiltonian
Monte Carlo [121], provide a way to sample from the posterior distribution.
MCMC techniques are widely used due to their flexibility and ability to
handle complex models. However, they can be computationally expensive
for large datasets or high-dimensional parameter spaces. Modern variations
of these algorithms have emerged which aim to improve convergence rates
and increase computational efficiency (such as Gibbs sampling [56], adaptive
rejection Metropolis sampling [58] and the No-U-Turn Sampler (NUTS)
[68]).

Variational Inference (VI) approximates the posterior distribution by fram-
ing inference as an optimization problem. It involves finding a distribution
from a predefined family that minimizes the Kullback-Leibler divergence
to the true posterior. VI is computationally efficient and scalable to large
datasets but may introduce biases in the approximation.

2.6.1.3 Exact Inference Techniques pros and cons

The key benefit of exact inference techniques are that they provide analytically
tractable solutions (for simple models). Where conjugate priors exist, they are
also very efficient computationally in their calculation. An exact technique guar-
antees calculation of the true posterior distribution.

On the other hand, an exact inference technique is only feasible on a limited set of
models which are not very complicated in their state space. In high-dimensional
settings, they are extremely demanding computationally. Furthermore, a conju-
gate prior may not exist for all models and analytic solutions may not be available
for more complex models.

2.6.1.4 Approximate Inference Techniques pros and cons

In contrast to exact techniques, approximate inference techniques have tremen-
dous flexibility to handle complex models and data structures. They can scale to
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large data sets and high dimensional parameter spaces. They provide reasonable
approximations even when the posterior is analytically intractable.

The caveat, however, is that approximations may introduce biases or errors. Fur-
thermore, while approximate inference techniques are computationally feasible
for most models of practical interest, given a large enough dataset and complex
enough model, the computational cost can still be high. These methods also often
require judicious tuning of parameters to work effectively.

2.6.2 Summary

Exact and approximate Bayesian inference techniques offer distinct advantages
and disadvantages. Exact methods provide closed-form solutions but are lim-
ited to specific model classes, while approximate methods offer scalability and
flexibility but introduce approximation errors. The choice of inference technique
depends on the complexity of the model, available computational resources, and
the desired trade-off between accuracy and efficiency.

2.7 Probabilistic graphical models
This section provides an overview of probabilistic graphical machine learning
models, with a particular focus on Bayesian networks. It discusses the funda-
mental concepts, advantages, and applications of Bayesian networks in various
domains. Additionally, it highlights some other popular applications of proba-
bilistic graphical models.

Probabilistic graphical models (PGMs) offer a powerful framework for represent-
ing and reasoning about uncertainty in machine learning. PGMs employ graph
structures to model complex dependencies among variables, while incorporating
probabilistic reasoning to make predictions or inferences. This section focuses
on one type of PGM, namely Bayesian networks, which provide an intuitive and
efficient way to model uncertainty and causality.

2.7.1 Bayesian Networks

Bayesian networks, also known as belief networks or causal probabilistic networks,
are graphical models that encode probabilistic relationships between variables us-
ing directed acyclic graphs (DAGs) [88]. The nodes in the graph represent random
variables, and the edges indicate conditional dependencies between them. The
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graph structure is guided by domain knowledge or learned from data, enabling a
compact representation of complex probabilistic relationships.

Two different approaches have been used to construct Bayesian networks; data-
based approach and knowledge-based approach. The data-based approaches use
conditional independence semantics of Bayes nets to induce models from data
[65, 66]. The knowledge-based approach uses causal knowledge of domain experts
in constructing Bayesian networks [95]. This approach is especially useful in
situations where availability of data is scarce and therefore domain knowledge
becomes crucial if not the only viable option. Elicitation of qualitative knowledge
from domain experts is critical in constructing Bayesian networks because humans
find it easier to handle qualitative over quantitative data [126].

2.7.2 Bayesian Network Inference

One of the primary benefits of Bayesian networks is their ability to perform
efficient probabilistic inference. By exploiting conditional independence assump-
tions encoded in the graph structure, Bayesian networks can compute the poste-
rior probabilities of unobserved variables given observed evidence. This inference
process, known as probabilistic reasoning, allows for predictions, explanations,
and decision-making in uncertain environments.

2.7.3 Learning Bayesian Networks

Bayesian networks can be learned from data using various approaches, includ-
ing parameter estimation and structure learning. Parameter estimation involves
estimating the conditional probability distributions of variables given their par-
ents, either from data or using prior knowledge. Structure learning aims to infer
the graph structure itself, capturing the causal relationships among variables.
Learning methods range from simple score-based algorithms to more advanced
techniques such as constraint-based and hybrid methods [74].

2.7.4 Benefits of Bayesian Networks

Bayesian networks offer several advantages that contribute to their widespread
use in various domains:

Uncertainty Modeling: Bayesian networks provide a natural way to model
and reason about uncertainty. By explicitly representing and propagating
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uncertainty through the graph structure, these models can handle incom-
plete or noisy data, as well as make robust predictions and decisions in the
face of uncertainty.

Causality and Explanation: Bayesian networks excel in capturing causal re-
lationships between variables. The directed edges in the graph represent
causal dependencies, enabling the understanding and explanation of how
changes in one variable affect others. This causal modeling capability is
particularly valuable in decision support systems and domains where un-
derstanding causal relationships is crucial.

Integration of Prior Knowledge: Bayesian networks allow the incorporation
of prior knowledge and domain expertise into the model. By specifying
prior probabilities and conditional dependencies, experts can encode their
knowledge, improving the model’s performance and interpretability.

2.7.5 Applications of Bayesian Networks

Bayesian networks find applications in diverse fields. For example, in the field of
healthcare and medicine, they are used for disease diagnosis, treatment planning,
personalised medicine and in clinical decision support systems [147]. Within
bio-informatics, Bayesian Networks are used to power gene expression analysis,
protein structure prediction, and biological network modeling [148].

They are also used in the field of finance and risk management for tasks such as
credit scoring, risk assessment and fraud detection [103, 117]. Within environ-
mental science, they are used for climate modelling, environmental monitoring
and ecological risk assessments [77].

In the field of robotics and autonomous systems, Bayesian networks find appli-
cations in sensor fusion, perception, planning and decision-making under uncer-
tainty [130, 45]. The rapidly growing field of natural language processing also
utilises Bayesian networks for information extraction, sentiment analysis, text
classification and machine translation [61, 154].

2.7.6 Summary

Probabilistic graphical machine learning models, particularly Bayesian networks,
provide a flexible framework for modeling uncertainty, causality, and decision-
making. Their ability to represent complex dependencies and perform efficient
inference makes them valuable tools across various domains.
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2.8 Latent Variable models
Graphical models can be used to define high-dimensional joint probability dis-
tributions. A dependence between two variables is modelled by adding an edge
between them in the graph. An alternative approach is to assume that the ob-
served variables are correlated because they arise from a hidden common “cause”.
Model with hidden variables are also known as latent variable models or LVMs
[118].

Latent variable models and generative probabilistic processes have been success-
fully employed in the context of intent recognition, providing a powerful frame-
work for capturing the hidden structure and uncertainty inherent in this task.

Latent variable models allow for the representation of complex relationships be-
tween observed input data (such as user queries or actions) and unobserved vari-
ables (such as underlying intent categories). By positing the existence of latent
variables, these models aim to uncover the hidden intentions driving the observed
behavior. This enables a more nuanced understanding of user interactions and
facilitates accurate intent recognition.

Latent variable models offer a powerful framework for intent recognition. By
leveraging the ability to model hidden variables and uncertainty, these approaches
enable a deeper understanding of user intentions.

2.9 Generative probabilistic processes
Generative probabilistic processes play a central role in latent variable models
for intent recognition. They define a joint probability distribution over observed
input data and latent variables, capturing the underlying data generation process.
By sampling from this generative process, new instances of input data can be
synthesized, providing a way to generate realistic examples of user queries or
actions associated with specific intents. Some examples of popular generative
models include Generative Adversarial Networks (GANs) [60] and Hidden Markov
Models (HMMs) [131],

In the context of intent recognition, the iterative process of "Build, Compute,
Critique, Repeat" is particularly relevant [24]. In the "Build" step, researchers
construct a generative model that captures the dependencies between input data
and latent intents. This model encodes assumptions about the underlying intent
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recognition problem and provides a probabilistic representation of the relation-
ships between observed and unobserved variables.

The "Compute" step involves performing inference in the latent variable model
to estimate the posterior distribution of the intents given the observed input
data. Bayesian inference techniques, such as variational inference or Markov chain
Monte Carlo methods, can be used to approximate this posterior distribution. By
computing the posterior probabilities of intents, the model can make probabilistic
predictions about the underlying intentions behind user actions or queries.

In the "Critique" step, researchers evaluate the model’s performance. This can in-
volve comparing the model’s predictions to ground truth labels or human-labeled
data, calculating evaluation metrics such as accuracy or precision-recall, or con-
ducting user studies to assess the system’s effectiveness. Based on these eval-
uations, researchers can identify areas for improvement and refine the model
accordingly.

The iterative nature of the "Repeat" step allows for continuous refinement and
enhancement of the latent variable model for intent recognition. Researchers can
modify the model’s architecture, incorporate additional features or contextual
information, or explore alternative parameterisations to improve the accuracy
and robustness of the intent recognition system.

Generative probabilistic processes as built using the iterative "Build, Compute,
Critique, Repeat" process allows for continuous improvement and refinement of
the model, enhancing the accuracy and effectiveness of intent recognition systems
in practical applications.

2.10 Discrete Time Markov Chains
This section provides a comprehensive overview of Discrete Time Markov Chains
(DTMCs), Hidden Markov Models (HMMs), and Markov Chains in general. The
fundamental concepts, properties, and applications of these probabilistic models
are explained.

Markov Chains are mathematical models used to describe the evolution of systems
with probabilistic transitions between states [131]. They have found extensive ap-
plications in diverse fields such as physics, economics, computer science, biology,
and more. Markov Chains provide a framework to analyze and predict the behav-
ior of systems based on their current state and the probabilities of transitioning
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to other states.

2.10.1 Markov Chains

A Markov Chain is a stochastic model [81] that consists of a set of states and a
transition matrix describing the probabilities of transitioning from one state to
another [69]. These models possess theMarkov property, which states that the fu-
ture behavior of the system depends solely on its current state and is independent
of its past states.

2.10.2 Discrete Time Markov Chains

Discrete Time Markov Chains (DTMCs) are Markov Chains in which the time
variable progresses in discrete steps. At each time step, the system transitions
from one state to another according to the transition probabilities specified by the
transition matrix. DTMCs are widely used for modeling and analyzing a wide
range of systems, including biological processes, queuing systems, finance, and
more. They provide a powerful tool to study steady-state behavior, absorption
probabilities, hitting times, and various other properties of the modeled systems.

2.10.3 Hidden Markov Models

Hidden Markov Models (HMMs) are extensions of Markov Chains that incorpo-
rate hidden or unobserved states. In HMMs, the system’s state is not directly
observable, but it emits a sequence of observable symbols or outputs. HMMs find
extensive applications in speech recognition, natural language processing, bioin-
formatics, and many other fields. The state sequence of a discrete time finite
state Markov process may be estimated by the Viterbi algorithm [171, 48].

2.10.4 Structure of HMMs

An HMM consists of a set of hidden states, a set of observable symbols or outputs,
and transition and emission probabilities. The transition probabilities define the
probabilities of transitioning between hidden states, while the emission probabil-
ities determine the probabilities of emitting observable symbols from each hidden
state.

2.10.5 Capabilities of HMMs

HMMs offer several beneficial capabilities in modeling and analysis:
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Sequence Prediction: HMMs excel at predicting or decoding the most likely
sequence of hidden states given a sequence of observed symbols [70]. This
makes them particularly useful in speech recognition, where the goal is to
convert an audio signal into a corresponding text sequence.

Clustering and Classification: HMMs can be used for clustering or classifying
sequences based on their hidden structure [182]. This property is advanta-
geous in applications such as genome analysis, where DNA sequences need
to be grouped into different categories.

Fault Diagnosis/Anomaly Detection: HMMs can be applied to fault diag-
nosis and anomaly detection in complex systems [15]. By modeling the
normal behavior of a system using an HMM, deviations from the expected
behavior can be identified and flagged as potential faults.

2.10.6 Limitations of Markov Chains

While Markov Chains, DTMCs, and HMMs offer numerous advantages, they also
have certain limitations. One key limitation is the assumption of memorylessness,
where the future state depends only on the current state. This assumption may
not hold in all real-world scenarios. Additionally, the size and complexity of the
state space can pose challenges in terms of computational efficiency and model
training.

2.10.7 Applications of Markov Chains

Markov Chains, including DTMCs and HMMs, have extensive applications in
various domains. In economics and finance, Markov Chains are used to model
economic systems, stock markets, and financial processes [32]. They help analyze
the behavior of asset prices, forecast market trends, and optimize investment
strategies.

In biology and genetics, Markov Chains are employed to model biological pro-
cesses [51]. Applications include gene regulatory networks, protein folding, and
epidemiology. HMMs are widely used for DNA sequence analysis, protein struc-
ture prediction, and identifying functional regions in genomes.

In the field of Natural Language Processing, HMMs and other probabilistic mod-
els based on Markov Chains are utilized for speech recognition, machine transla-
tion, sentiment analysis, and part-of-speech tagging [76]. Within the Operations
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Research (OR) domain, Markov Chains play a crucial role in modeling and op-
timizing various manufacturing processes, supply chains, and queuing systems
[26].

2.10.8 Summary

Markov Chains, DTMCs, and HMMs provide valuable tools for modeling, ana-
lyzing, and predicting systems with probabilistic behavior. Their wide-ranging
applications across diverse fields highlight their significance and effectiveness. By
leveraging the properties and benefits of these models, researchers can gain in-
sights, make predictions, and optimize complex systems.

2.11 Hierarchical models
Hierarchical models in the context of machine learning represent a class of sta-
tistical models that incorporate a nested structure, allowing for modelling of
relationships at different levels of granularity within a data set. This hierarchi-
cal approach is particularly valuable in scenarios where data exhibit a natural
hierarchy or grouping. One prevalent concept within hierarchical models is the
idea of pooling, a technique that leverages information across different levels of
the hierarchy to improve model robustness and predictive accuracy [109].

Pooling, in the context of hierarchical models, involves combining information
from various levels of the hierarchy to make more informed and generalised pre-
dictions. In the literature, hierarchical models are often discussed in the context
of Bayesian statistics, where the incorporation of prior knowledge plays a crucial
role [55].

Fully pooled models treat all data points equally and assume a uniform distri-
bution across all levels of the hierarchy. These models essentially ignore any
potential variations within groups, treating the entire data set as a homogeneous
entity. While computationally efficient, fully pooled models may oversimplify
the underlying structure of the data, leading to sub-optimal performance when
dealing with diverse and heterogeneous data sets.

Partially pooled models, on the other hand, allow for variability within groups by
incorporating group-specific parameters alongside shared parameters across the
entire data set. This flexibility permits the model to capture both common pat-
terns and individual idiosyncrasies within different groups, resulting in improved
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predictive accuracy. Partial pooling strikes a balance between the two extremes
of complete pooling and no-pooling models, thus offering a more nuanced repre-
sentation of the underlying data structure.

The incorporation of hierarchical models and pooling techniques has found ap-
plications in various domains, such as social sciences, epidemiology, and ecology.
For example, in educational research, hierarchical modelling has been applied to
the problem of accurately assessing student growth [144]. More recently, hierar-
chical modelling has also been applied in graph neural network (GNN) research
[129].

In conclusion, hierarchical models with pooling mechanisms provide a powerful
framework for capturing complex patterns within data sets. While fully pooled
models may oversimplify relationships, partially pooled models strike a balance
between capturing shared patterns and accommodating individual variations.
The choice between these models depends on the nature of the data and the
research question at hand. Furthermore, the Bayesian perspective inherent in
many hierarchical models adds an additional layer of interpretability and uncer-
tainty quantification.

2.12 Research gap analysis
A few papers particularly relevant to this thesis will now be highlighted and com-
pared to the framework presented in this thesis. Firstly the paper "Hierarchical
Activity Recognition Using Automatically Clustered Actions" by Van Kasteren et
al. [161] employs the same data set as the activities of daily living implementa-
tion example in this thesis (chapter 4). The paper proposes a method for activity
recognition based on hierarchical modeling and automatically clustered actions.
The goal is to improve the accuracy and efficiency of recognizing complex ac-
tivities from sensor data. The authors begin by discussing the limitations of
traditional activity recognition approaches, which often rely on predefined ac-
tions and lack the ability to handle complex, hierarchical activities. To address
this, they propose a hierarchical approach that models activities at different levels
of granularity. The key idea is to automatically cluster low-level actions based
on their temporal patterns. This clustering process helps to discover common
sub-activities and allows for the recognition of higher-level activities composed
of these sub-activities. The key differences between this paper and the work pre-
sented in this thesis is in the clustering scheme and target for prediction. The
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work in [161] clusters actions whereas in this thesis, specifically chapter 4, the
clustering is carried out on the activities to establish the hierarchy using the same
data set. The authors in [161] also predict the current activity taking place in the
present moment whereas in this thesis intent is predicted (activity taking place
within a limited future time window).

Another paper similar to this work is "Bayesian intention inference for trajectory
prediction with an unknown goal destination" by Graeme Best and Robert Fitch
[20]. This work addresses the problem of predicting the future trajectory of an
intelligent agent. The authors consider the case where the agent has a higher-level
intention to move to a goal region of their environment, which is only known to
the agent itself. The agent is assumed to take the shortest path to the goal region
with some uncertainty while avoiding static obstacles. The proposed method is
limited to moving agents which overlaps with the third implementation example
in this thesis (chapter 6). Crucially, however, the work presented in this thesis
differs in that the target is intent defined as the final destination of the agent as
opposed to the trajectory or path taken by the agent.

A third similar paper is "Probabilistic programs for inferring the goals of au-
tonomous agents" by Marco Cusumano-Towner et al. [38]. The work explores
a novel approach to inferring the goals of autonomous agents using probabilis-
tic programming. The paper notes the challenges associated with inferring the
goals of autonomous agents, such as limited observability and uncertainty in their
decision-making processes. To address these limitations, the authors introduce
a probabilistic programming framework for inferring goals. Probabilistic pro-
gramming allows for flexible modeling of uncertainty and complex dependencies,
making it suitable for capturing the intricacies of autonomous agent behavior.
The proposed framework employs a generative model that describes the relation-
ships between the agent’s goals, actions, and observed behavior. By leveraging
probabilistic programming, the framework can infer the goals of the agent by
conditioning on observed data. The approach in [38] differs from the hierarchi-
cal framework presented in this thesis in a few ways; the work presented in this
thesis utilise hierarchical modelling and also utilize manifold learning techniques
providing more flexibility and expressive power in modelling complex data. The
authors of [38] do not demonstrate a hierarchical model specifically rather they
focus more on highlighting the advantages of their class of probabilistic programs
in capturing the nuances of agent behavior and demonstrate the effectiveness
of the proposed framework through experiments on multiple problems of which
agent goal prediction is one.
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In reviewing the literature, it was noted that a general purpose framework which
aims to standardise the problem of intent recognition was missing. A lot of
the studies which looked at similar problems used terms such action, activity and
intent interchangeably, often with definitions very specific to the domain in which
the study was being conducted. A widely accepted and generalisable definition
for the terms action, activity and intent were not available. This is the research
gap which the work presented in this thesis aims to fill.

A standardised definition is provided for actions, activity and intent in this thesis.
Furthermore, a clear set of steps is laid out for a machine learning practitioner to
apply this framework to carry out intent recognition on any data set with discrete
observations (or a discretised set of continuous observations) from an autonomous
agent. Presently, a practitioner who wishes to conduct intent recognition on a new
dataset is faced with a huge decision space in terms of data pre-processing, model
selection, training and evaluation. The proposed framework narrows the scope
for the practitioner and provides a recipe to tackle the problem in a structured
manner. The framework accounts for a commonly encountered problem in data
sets arising from most practical applications which is the curse of dimensionality
by proposing the use of manifold learning techniques. Finally, the framework is
evaluated by experiment on three implementation examples across very different
domains to establish its versatility and performance. The proposed combination
of manifold learning techniques and hierarchical machine learning models applied
to the problem of intent recognition is a unique contribution of the work presented
in this thesis.

2.13 Conclusion
In summary, this chapter discussed the concept of intent recognition and provided
an overview of different interpretations of the term intent in the literature. It
covered plan recognition, activity recognition, and intent recognition, highlighting
their distinctions. The section also introduced the taxonomy and hierarchical
framework adopted in this thesis, inspired by the Belief-Desire-Intention (BDI)
model. The BDI model proposes that human action is driven by beliefs, desires,
and intentions, with intentions playing a crucial role in coordinating behavior
towards desired goals.

The section further explored the Bayesian Theory of Mind, which suggests that
humans use probabilistic reasoning to infer the mental states of others, including
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their beliefs, desires, and intentions. The role of hierarchical modeling is empha-
sized in Tenenbaum’s framework with higher-level models providing context and
constraints for lower-level models of human cognition. In this sense, the hierar-
chical nature of the framework presented in this thesis aligns with Tenenbaum’s
framework. In contrast to the Bayesian Theory of Mind however, the framework
presented in this thesis predicts intent specifically which is an action with a for-
ward time component. Examples appear in the literature where a single type
of machine learning model (such as a partially observable Markov decision pro-
cess) was employed in an application of the Bayesian Theory of Mind to infer an
agent’s belief and desire distribution [17], however not intent as defined in this
thesis. Furthermore, the work in this thesis encompasses and combines different
types of machine learning models and techniques, a fact which is demonstrated
across the implementation examples (with both boosting and Bayesian models
being utilised in conjunction with manifold learning).

In addition to the Bayesian Theory of Mind, other theories and models of in-
tent from fields such as cognitive science and philosophy are also discussed. A
dynamic hierarchical model of intent was discussed in [119] which proposes a
recursive mechanism where intentions at different levels interact and influence
each other. The dynamic hierarchical model proposed by the authors provides a
theoretical foundation for understanding the hierarchical structure and dynam-
ics of intentions, which are essential for intent recognition. The dynamic aspect
of the model is crucial in intent recognition. By incorporating the dynamic na-
ture of intentions, the hierarchical framework for intent recognition can capture
real-time adjustments in intentions and enable more accurate recognition of on-
going actions. Moreover, the integration of cognitive processes in the dynamic
hierarchical model aligns with the cognitive aspects of intent recognition. Recog-
nizing intentions require understanding the decision-making, planning, and self-
monitoring processes underlying human actions. By considering these cognitive
processes within the hierarchical framework, the intent recognition system can
better model and interpret human behavior. The work presented in this thesis
differs from [119] in some key aspects. Firstly, as a theoretical framework, there
is no element of learning from data in [119]. Furthermore, while the hierarchical
formulation is similar, the interpretation of the hierarchies in [119] as proximal
and distal differs from the thesis framework. In this thesis, the levels of the hier-
archy are interpreted as differing levels of abstraction. The time element comes
in when intent is defined in the thesis as activities undertaken within a limited
time window. This is on top of the abstraction hierarchy where activities are a
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higher level of abstraction to atomic actions (more details in chapter 3).

G. E. M. Anscombe’s framework on intention was also noted in this chapter.
Anscombe’s work emphasizes the distinction between intentional actions and bod-
ily movements, highlighting that intentions involve thoughtful consideration and
conscious decision-making. Anscombe’s work relates to the framework presented
in this thesis in differentiating actions and intents with intents being described
as movements carried out in service of a particular goal. The work in this the-
sis also recognises intents as an abstraction above atomic intents. Similar to
[119], Anscombe’s work does not present a learning from data aspect while the
work presented in this thesis describes and demonstrates how to instantiate the
framework on three different practical examples and train the models within the
framework.

The latter sections of this chapter provided an overview of relevant machine
learning concepts and techniques to understand and interpret the work presented
in the following chapters of this thesis.

In conclusion, it was noted in the research gap section of the literature review
(section 2.12) that no clear framework exists which aims to generalise the prob-
lem of intent recognition. The machine learning practitioner is confronted with
a vast decision space of several choices when addressing the problem of intent
recognition. This gap is addressed by the work in this thesis with the intent
recognition framework combining hierarchical models with machine learning and
manifold learning. The framework narrows the decision space and streamlines
the process of solving the intent recognition problem on a given data set. The
reader is directed to chapters 4, 5 and 6, where the process is demonstrated on
three different examples from distinct application domains.
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CHAPTER 3

Intent Recognition Framework

3.1 Overview
This thesis presents a general framework which can be applied to predict the
intent of an autonomous agent. A key assumption of the framework is that the
agent is a black box; the intent of the agent is not directly observable at the time
of making the prediction. The framework allows the application of probabilistic
reasoning to manage the uncertainty that arises with this assumption.

When a machine learning practitioner confronts an intent recognition problem,
there are myriad of decisions required of them and several steps they may explore
to tackle the problem. The key contribution of the framework proposed in this
thesis is to narrow the scope for the practitioner and prescribe a plan of action
by which they may tackle their problem, thereby simplifying their task. The
implementation examples described in section 1.4 and the associated experimental
results presented in chapters 4, 5 and 6 establish that this framework achieve
results comparable to external benchmarks for intent recognition across different
use cases and different domains. Where a directly relevant external benchmark is
not available for intent recognition, baseline models are established and evaluated
for comparison.
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Figure 3.1: Example relationship between actions, activity & intent

It is expected that the data available will provide a sequence of observations relat-
ing to or from the agent. This could be in the form of events, time series or even
text. Depending on the use case for which the framework is being instantiated,
the data could represent localisations in space over time, utterances, physical
movements, physiological changes, etc..

The framework is capable of inferring intent with data which capture the effects an
agent has on their environment; i.e.: the framework is capable of handling indirect
observational data (consider the implementation example for activities of daily
living in chapter 4 where the sensors are installed around the house detecting a
door or cupboard being opened by the resident rather than an accelerometer or
inertial measurement unit (IMU) carried on their person).

3.2 Actions, Activity & Intent
As a matter of first order, the fundamental terms on which this framework is
built need to be defined. These terms are "actions", "activity" and finally "intent".
Figure 3.1 illustrates the relationship between these terms.

A description of these terms are below:

Actions These are the atomic units observed directly in the data set. For in-
stance, in smart homes, actions would be reports from sensors around the
home which indicate the resident has opened a cupboard or activated the
coffee maker, etc. (something that denotes an effect the agent has had on
their environment). In a moving vehicle application, the actions would be
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individual GPS locations recorded and in an access control application, the
actions are the card swipes by a given employee on the readers in their
building.

Activities An activity is a collection of actions typically performed to achieve
some goal. However, the precise definition depends on the application the
framework is being applied to. The collection, therefore, maybe a sequence,
a set or some other structure depending on the application. An activity
may also be repeated actions or a set of just one action. Sticking with
a similar example as above, in a smart home, the following collection of
actions might indicate the prepare breakfast activity:

{previous sensor fired: open fridge, current sensor fired: coffee maker}

The framework also allows for capturing relevant context alongside observed
actions i.e.:

〈{hour of day: 8am, minutes since last sensor report: 3}, {previous sensor
fired: open fridge, current sensor fired: coffee maker}〉.

In a moving vehicle application, the activities would be the transitions made
by the driver from one GPS location to the next and relevant context is the
time of the day.

In an access control application where the actions are all the card swipes
observed by a set of employees in a building, the activity could be a single
card swipe at a particular reader by a given employee (an example where
the activity is a set of one action). Examples of relevant context in this use
case are, for instance, the day of the week and whether it is a public holiday
or not.

Intent While activities are defined as a collection of actions, intent, however, is
defined as an activity taking place in the near future. Concretely, then,
intent is an activity the agent will perform within a predefined window of
time ahead (known as the intent horizon).

Depending on the specific use case the framework is being applied to, both actions
and activities may be directly observable (for example, in moving vehicles where
observed actions are being in a particular discrete location and activities are
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transitions between discrete locations or in access control where the swipe of
their card by an employee at a given reader are directly observed).

In other use cases, however, the activities may not be observable. Rather they are
latent and represented by a distinct set of labels at a higher level of abstraction
(such as the case in activities of daily living where the activities are "making
breakfast", "doing the laundry" and so on).

In the activities of daily living example, as noted, the "activity" is specified by a set
of labels which correspond to commonly accepted activities of daily living (ADLs)
such as "cooking a meal", "going to work", etc.. Therefore, in this particular
example, there is a close correspondence to what one would consider as activities
in the standard English language sense. However, the definition of an activity as
described by the framework is also respected since each activity is represented in
the model as a collection of observed sensor reports (most recent and previous)
combined with contextual features (time of day and seconds since last sensor
report at time of inference).

In the other two implementation examples, the definition of an activity is also
a collection of observed actions; for the vehicle destination prediction example,
the action is being in a discrete location and the activity is a transition between
those discrete locations represented in the model as:

{previous location ID: 56, current location ID: 64}

In the access request example, the activity is defined as the most recent card swipe
by the employee modelled as a collection of one item; the most recent reader ID
swiped by the employee:

{last reader ID swiped: 13}

In both of the cases described above, while the example provided is the defini-
tion of activity, the model also leverages contextual variables when making the
prediction. For instance, in both cases, moving vehicles and access control, the
model would consider the time of the day in making its prediction. A precise
example of how these contextual variables are captured alongside the activity are
described above.
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Once the definition of an activity is established, the intent is then defined as
an activity occurring in the near future (parameterized by the intent horizon).
Figure 3.2 summarises an overview of how actions, activities and intents are
defined in all three implementation examples.

Figure 3.2: The three implementation examples of the framework

3.3 Stages of applying the framework
The procedure to apply this framework is summarised in figure 3.3. As indicated
in the figure, there are 4 key stages to applying the framework. The first row in
the figure summarise the key steps within each stage of applying the framework.
The second row lists some techniques the practitioner may apply within each key
step in the framework and the third row in green are the expected outputs from
each step when applying the framework to a given problem.

Each of the stages in applying the framework are elaborated below drawing spe-
cific details from the implementation examples for clearer understanding.

Stage 1 - Data preparation This stage involves loading the data in and carry-
ing out a series of pre-processing steps such as cleaning, discretising (if nec-
essary) and splitting into training and test data sets. The method utilised
for each of these tasks should make sense for the particular use case. For
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Figure 3.3: Framework stages

instance, in the activities of daily living, train and test sets were split on
full days recorded. It would not be a clean separation of the data to have
half of a day in the training set and other half of the same day in the test
set. Similarly, for the moving vehicles; care was taken during the train and
test data set split to ensure only complete trips with a pick up and drop off
location inclusive were assigned into each subset.

Data cleaning must be carried out at this stage. The specific steps required
to clean the data are unique to every data set of course, however, some
general points to consider are detecting outliers in the data and applying a
strategy for managing them, dropping duplicates in the data, detecting and
imputing missing values if the chosen model cannot handle missing data,
etc.. For example, specific data cleaning steps carried out in the moving
vehicles implementation example were figuring out which trips had missing
data and which trips strayed outside the region of interest (the reader is
referred to chapter 6 for more detail on how each of these were achieved).

Some data sets may require specific pre-processing steps due to their nature
(such as being continuous). The goal of pre-processing should be that a
series of discrete observations emerge that are split into training and test
sets which then enter the next stage in this pipeline which is clustering and
embedding. An example of a specific pre-processing step carried out in the
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activities of daily living implementation example is discretisation. In this
example a portion of the data set was available as continuous activity logs
where an activity label was associated with a start and end time. Before
applying this framework, the data set had to be discretised into time "slices"
(windows of fixed duration, 60 seconds in this case).

Stage 2 - Clustering/embedding The goal of clustering stage is to learn an
abstraction of the data based on its inherent structure. This abstraction
forms the higher level of the hierarchical approach. The advantage of es-
tablishing the hierarchy is that the system can make a 2-step guess; first
predict at the abstraction level and then "refine" the prediction to a more
precise output.

In this framework, clustering should be carried out along a dimension of
interest that is expected to yield informative sub-groups. For instance, with
the moving vehicles example, we could cluster GPS coordinates of drop off
locations to establish a drop off "region" that is predicted first at a coarse
level. This prediction may then be refined to a more precise prediction
within the higher level region.

As another example, with the activities of daily living in a smart home, the
clustering is calculated on the frequency of counts for each sensor associ-
ated with each activity. This yields common groups of activities that are
associated with each sensor. For a more general clustering, clusters can be
learnt by mapping the top 2 or top 3 most frequent sensors for each activity.

The data set is often high dimensional, as is the case with the activities
of daily living data set depending on how many sensors are considered
in the data (some houses have up to 23 sensors installed). As a general
intent recognition framework, an approach is provided where required for
such cases; advocating the use of manifold learning techniques to reduce
the dimensionality of the observation space with minimal information loss
before clustering.

A detailed explanation of how the clustering is calculated for each imple-
mentation example is provided in their respective chapters 4, 5 and 6.

Stage 3 - Model training In this stage, two models are trained. The first re-
quirement is a higher model predicting cluster label (activity/intent cluster
for smart homes or destination cluster for moving vehicles). Secondly, this
initial prediction is refined by the lower model which may actually be sev-
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eral "sub" models (i.e.: a separate model per cluster each trained on only
the data within that cluster).

The specific machine learning model chosen at each level can be of any type.
However, in this thesis, Bayesian and XGBoost models are mainly employed
across the three implementation examples. Specifically, in activities of daily
living (chapter 4), an XGBoost model is used at the upper and lower level.
A Bayesian model was also evaluated for this example however the quality
of the data was not sufficient to train a Bayesian model. For access con-
trol (chapter 5), however, the data was much better quality and a Bayesian
model is used to demonstrate how a model capable of reasoning under un-
certainty is compatible with the framework given data quality is sufficient.
The third implementation example (moving vehicles, chapter 6) employs a
Bayesian model at the lower level however the top level is a Discrete Time
Markov Chain (DTMC). This example demonstrates how different types of
machine learning model may be combined in this framework.

Conceptually the framework is also flexible in that there is no requirement
for a separate model to be trained for each cluster. This scheme implies no
information sharing between clusters which represents one extreme; every
cluster is treated as its own data set ("no pooling"). Conversely, employing
a flat non-hierarchical model represents the other extreme where the whole
data set is treated as homogeneous with all latent groups and structure
ignored. However, the framework also provides a partial pooling option
where the cluster label is a feature in the data set. In this case, information
is shared between clusters which can enhance predictive performance when
some clusters do not contain enough data.

Stage 4 - Model evaluation The final stage is testing the predictive perfor-
mance of the model on the hold out data set. The appropriate evaluation
metrics must be chosen depending on the specific use case. This thesis
includes two examples; classification problems are evaluated using f1-score
whereas the moving vehicles example involve predicting continuous GPS
coordinates, therefore the error in predictive performance is utilised with
the mean haversine distance measure.
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3.4 Deployment in production
An example flow for the proposed intent recognition framework deployed in pro-
duction is laid out in figure 3.4. The raw data from the sensors pass through a
preprocessing pipeline in a streaming fashion.

The processed data are then the inputs to the higher level model which predicts an
initial abstraction of the intent. The prediction from the higher model indicates
which lower model to use to infer the intent. This inference will then trigger a
response action as required by the use case. For instance, in the activities of daily
living example, an intent prediction of leaving the house when the most recent
activity inferred was preparing breakfast might trigger a reminder to the users
phone with respect to any medications they might need to take.

Figure 3.4: Example flow for using this intent recognition framework in
production - higher model prediction indicates which lower model to use.

3.5 The clustering approach
To establish the levels (lower and upper) of the hierarchical model, a clustering
approach may be utilised such as KMeans [105]. The target on which the clus-
tering algorithm is applied depends on whether manifold learning techniques are
utilised in the Stage 2 as described in section 3.1. If manifold learning techniques
are applied then the clustering algorithm is applied on the embedding calculated
from those techniques. This was the case in implementation examples I (activ-
ities of daily living, chapter 4) and II (access control, chapter 5) in this thesis.
Otherwise if the data is relatively low dimensional to begin with, the clustering
algorithm may be applied directly on the raw data, a method employed in the
third implementation example (moving vehicles, chapter 6). Across all these im-
plementation examples, the KMeans algorithm was applied. The ideal values for
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k for was evaluated using silhouette scoring as described in section 2.3.5.1. This
tuning method may also be used for future applications of this framework where
KMeans algorithm is the chosen clustering approach.

In general, the simplest possible clustering algorithm which yields the desired
results is the favoured option. In two out of the three implementation examples
presented in this thesis, the KMeans algorithm is employed for the fine-grained
control the algorithm allows in the number of clusters. KMeans is an ideal starting
point as it is easy to interpret, simple to implement and guarantees convergence.

However, it should be noted that the framework does not prescribe a particular
clustering algorithm. In fact, if based on domain knowledge, a reasonable set
of groups is known in advance or if the quality of data available precludes the
use of automated clustering approaches, manual grouping of the data is also
possible as was the case in Implementation Example I (activities of daily living,
chapter 4). The comparative analysis of multiple clustering approaches in this
implementation example which guide the final choice is shown in table 4.4 in
section 4.5.

In terms of the overall framework, however, an independent decision for cluster-
ing algorithm must be made for each application based on the specifics of the
particular use case the framework is being applied to. In this thesis the choice of
KMeans algorithm serves as an example of one approach to the clustering step
prescribed in the framework.

3.6 Implementation details
The framework was implemented in Python 3 using the Scikit-learn package [127]
for the manifold learning algorithms. The Bayesian models were implemented
using pgmpy package [12]. The XGBoost package [35] was used to implement the
tree based models.
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CHAPTER 4

Implementation Example I: Predicting activities of daily living

4.1 Introduction
In this chapter, the intent recognition framework is applied to activities of daily
living (ADL) prediction.

Automatically recognizing the intent of humans to carry out certain tasks on a
daily basis such as cooking, sleeping and showering have many useful applications
especially in assisted living scenarios. A system that can detect in advance that a
person intends to have breakfast and then leave for work can deliver key insights
at the most relevant time such as reminding them to take their medication before
leaving.

The problem of predicting the intent of someone to carry out certain activities
in the near future relies heavily on the problem of detecting those activities in
the first place. Recent developments in sensing technologies have led to solutions
which address a number of drawbacks historically associated with activity recog-
nition. These include considerations such as intrusiveness, privacy preservation
and ease of installation into existing homes.
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Nevertheless, recognizing human activities from data generated by sensors come
with a number of challenges:

• The start and end time of activities are not known and will need to be in-
ferred. Indeed, the ambiguity between when one activity ends and another
begins is exacerbated by the fact that there is often overlap between succes-
sive activities. Possible mitigation strategies for this issue include making
assumptions on each discretised time slice. For instance, given a 1 minute
window where more than one activity label is recorded, the activity that
takes up the majority of that time slice is assumed to be the overall label
for that time slice. The secondary activity will continue and become the
main label from the next time slice.

• There is ambiguity which activity is indicated by the same sensor report.
For instance, cooking and getting a drink both involve opening the fridge
which would trigger the corresponding sensor. In our approach, we mitigate
this by building more contextual awareness into our models.

• Activities can often be performed in a variety of ways and some actions
which comprise an overall activity are often interchangeable in terms of
order and still achieve the desired goal. Our models account for this by
by learning the habits of the resident over time, in effect, the model starts
with a prior but over time learns the mapping of particular sensor report
sequences to a given activity label for that resident.

• There is a reliance on human recording to collect ground truth for the activ-
ity labels (sensor data collection may be automated). This can sometimes
result in mismatch between sensor data and activity labels.

• In addition, to label mismatching, observed sensor data itself is inherently
noisy. The noise can be technical, for example, the sensor report is not
transmitted to a network glitch. Or the noise can arise from human mistake,
for example, opening the wrong cupboard door by accident.

4.2 Data description
The data used in this implementation example is a publicly available data set
of activity and sensor logs from residents living in 3 houses. The data sets have
sensor events from the smart environment and activity labels for each house [162].
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Table 4.1: Summary of data for Implementation Example I

house A house B house C
resident age 26 28 57

setting apartment apartment house
rooms 3 2 6

duration (days) 25 14 19
sensors 14 27 22

activities 16 26 28
annotation bluetooth diary bluetooth

These activities include watching TV, making food, sleeping, showering etc.,
which are known in the literature as activities of daily living (ADLs). The layout
of the 3 houses are described in the following sections 1. A summary of the data
set is listed in table 4.1. The summary and description of the data in the coming
sections is adapted from [162].

4.2.1 Sensors used

A commercially available wireless network kit (the RFM DM 1810) was employed
by the authors of [162] when collecting this dataset. They chose this option
based on the quality of available technical documentation and an energy efficient
network protocol being available for data transfer which maximises the battery
life of the sensors. The network has both analog and digital inputs. An event is
generated when a digital input changes state (1 to 0 and vice versa) or when an
analog input crosses a threshold. The authors equipped the nodes with several
different kinds of sensors; reed switches to detect whether doors of cupboards and
rooms are open or closed; pressure mats to sense a resident sitting on a couch or
lying on a bed; mercury contacts to detect movement of objects such as drawers;
passive infrared (PIR) sensors detect motion in a given area such as hallway or
corridor and float sensors detect when the toilet is flushed. All sensors generated
binary input in this use case.

4.2.2 Annotation method

The annotation method refers to how the activity labels were recorded by the
residents of the houses. Activity annotation was performed using either a hand-
written activity diary or a Bluetooth headset working in concert with speech

1Layout figures reprinted by permission from Springer Nature. Details in appendix B
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recognition software. The beginning and end time of the activities were captured
in both instances.

4.2.2.1 Handwritten diary

In House B, the activities were annotated using a handwritten diary. Sheets
of paper were placed at locations where activities are performed. The resident
would note the beginning and end time of an activity by checking their watch
and making a note on the closest sheet.

The advantage of this method is its ease of installation. However, the disadvan-
tage is the amount of effort involved in entering the data into a computer system
and the time stamps as measured by the residents watch may differ slightly from
the time stamps of the computer recording the sensor data. Overall, this anno-
tation method is less automated and therefore more prone to human error.

4.2.2.2 Bluetooth method

The Bluetooth annotation method relies on a set of prescribed keywords delivered
via a Bluetooth headset to record the beginning and end time of the activities.
The authors of the study [162] utilized a Jabra BT250v Bluetooth headset. The
chosen model had sufficient battery power to last a full day of activity annotation
without interruption. The range was 10 meters which was deemed enough for the
houses in question. A physical button was available on the headset which was
used to trigger the software and initiate a new activity label entry.

The software for processing the annotations was written in C and utilizes both
the Bluetooth API and the Microsoft Speech API 2. The Speech API was a so-
lution for the speech recognition and text-to-speech elements of the task. The
authors of [162] created their own speech grammar which contained a limited set
of commands such as "begin take shower" and "end make breakfast" which the
recognition could recognize. The authors noted that by using a small number of
distinctive commands, the algorithm had multiple words by which it could differ-
entiate between different commands which resulted in a near perfect recognition
performance of the voice commands during annotation via the Bluetooth method.
The Bluetooth API was required to catch the event of the headset button being
pressed to activate the speech recognition. The authors utilized the Widcomm
Bluetooth stack in their solution 3.

2Microsoft Speech API: http://azure.microsoft.com/en-gb/services/cognitive-services/
3Widcomm Bluetooth stack: http://www.broadcom.com/support/bluetooth
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4.2.3 House A

This is an apartment with 3 rooms. 14 Sensors were installed at the locations
indicated on figure 4.1. The red boxes indicate the locations of the wireless sensor
nodes.

25 days of activity are recorded for this house covering 10 distinct activities.
Annotation of activity labels were carried out by the resident using the Bluetooth
method.

Figure 4.1: Layout of House A (figure from [162])

Intent Recognition of
Autonomous Agents

71 Ali Azzam Naeem



4. Implementation Example I:
Predicting activities of daily
living 4.2 Data description

4.2.4 House B

This is an apartment with 2 rooms. 23 Sensors were installed at the locations
indicated on figure 4.2. The red boxes indicate the locations of the wireless sensor
nodes.

14 days of activity are recorded for this house covering 13 distinct activities.
Annotation of activity labels were carried out by the resident using a hand written
diary.

Figure 4.2: Layout of House B (figure from [162])
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4.2.5 House C

This is a house with 6 rooms. 21 Sensors were installed at the locations indicated
on figure 4.3 and figure 4.4. The red boxes indicate the locations of the wireless
sensor nodes. 19 days of activity are recorded for this house covering 16 distinct
activities. Annotation of activity labels were carried out by the resident using
the Bluetooth method.

Figure 4.3: Layout of House C (first floor, figure from [162])
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Figure 4.4: Layout of House C (second floor, figure from [162])
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4.3 Feature representation
The raw data obtained from the sensors directly were first transformed into a
different representation form. The original data were separate event logs of sensor
firings and recorded activities. When processing the sensor events while modelling
the problem, different representation may be utilised. Two such representations
are described below:

Raw The raw representation uses the sensor data directly as received by the
sensor. In this representation, a 1 is recorded when the sensor is firing and
a 0 otherwise (figure 4.5a).

Last-fired The last-fired sensor representation reports which sensor fired last.
The sensor that changed state continues to give 1 and changes to 0 only
when another sensor changes state (figure 4.5b).

(a) Raw data representation (b) Last fired sensor representation

Figure 4.5: Sensor representations

The authors of [162] conclude that the Last Fired representation performs better
than the Raw representation. This finding was confirmed in the present analysis
as well. The main reason is that the raw sensor data can be noisy. For instance,
if the toilet door is left open, the sensor will continue to fire and record 1 even
though the resident may now have moved on to other activities. Therefore, it
is better to focus on the most recent sensor firing as an indication of the most
recent activity or indicator of the residents intent.

4.3.1 Data discretisation

The models investigated in this thesis require discrete time series data. Therefore,
the raw data logs must first be discretised into time slices of constant length.
Under this scheme, the data obtained from the sensors will be discretised into T
timeslices of length ∆T . For each time slice t, the state of each sensor is denoted
xti ∈ 0, 1. A 1 indicates the sensor was firing at some point during that particular
timeslice and 0 indicates there was no activity for that sensor during the time
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slice. It is possible that the sensor started firing in the middle of a time slice
and finished firing before the completion of a time slice. In both of these cases,
a 1 will be recorded for that whole time slice. These discretised ground truth
labels are used to learn the model parameters. The analysis carried out by the
authors of [162] found that 30 second and 60 second discretisation granularities
performed most consistently across the three houses in this data set. They went
on to report their detailed experimental results for activity classification with
the 60 second discretisation. As this implementation example leverages the data
set provided by the authors of [162], the results of their analysis also inform
the present approach and therefore, the 60 second discretisation granularity is
adopted in this implementation example.

Regardless of the granularity, the discretisation process introduces an error. In
the experimental results, the discretisation error is accounted for by evaluat-
ing the performance of the framework at the same level of discretisation in the
training and test sets. Therefore, the level of discretisation error is consistent
across training and evaluation, thus allowing the performance of the methods
and approaches proposed to be evaluated without factoring the discretisation
error explicitly. However, were this intent recognition system to be deployed in
production, the discretisation error would also have to be quantified and included
in the performance evaluation to reflect the actual end user experience as closely
as possible.

4.4 Data embedding
For the experiments where a clustering strategy is evaluated, an embedding of
the raw data is first generated. The purpose of the embedding is to reduce
the dimensionality of the original data (often high given the number of features
observed in the environment of the agent). The embedding procedure therefore
reduces spurious correlations being detected due to curse of dimensionality [22].
The process to generate the embedding matrix in this implementation example
will now be described.

A matrix of counts is calculated where the rows represent activities and columns
represent sensors in the house. An entry (i, j) in this matrix represents the
number of times activity i is associated with sensor j. The logic underlying this
approach is that activities that associate with common sensor firings must be
"similar" and therefore candidates for clustering.
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More concretely, consider house A, where the data records 17 activities (including
the synthetic "GAP" activity representing periods in time where no other activity
is recorded) and 14 sensors, a matrix is first established of size 17×14. Entry (i, j)
in this matrix is a frequency count of how many times activity i was recorded
while sensor j was the last sensor that fired. This matrix is then passed to the
embedding algorithm which produces a new matrix of size 17× 2. This is now a
2 dimensional representation of the data in the original larger matrix.

The clustering algorithm is then applied to this 2 dimensional representation
which yields clusters or groups of activities. The approach is driven by the sensor
activity in the residence. These sensor reports are generated by the resident in the
house while carrying out their activities of daily living which makes this clustering
scheme of grouping activities based on sensor reports a suitable approach given
the goal is to model the intent of a singular resident in this implementation
example.

4.5 Clustering of activities
In this implementation example, clustering of activities was manually carried out.
Three clusters were created at the higher level. The activities "go to bed" (which
also captures time spent sleeping in bed) and "leave house" (which includes all the
time spent outside the house) were assigned into their own cluster each. All other
activities were then assigned into a separate cluster. This manual scheme was
inspired by comparing the clustering output across several subsets of the training
data in a process described later in this section.

The decision to carry out manual clustering was made based on experimental
evaluation where it was found that automated clustering approaches did not
produce superior results to the manual clustering approach given the data set for
this particular implementation example (these results are detailed and discussed
later in this section).

The automated clustering procedure was to first calculate the embedding which
results from the procedure described in section 4.4. This embedding is then
clustered using the chosen clustering algorithm. In this evaluation, KMeans, DB-
SCAN and Mean Shift were evaluated as clustering algorithms while t-SNE and
LLE were evaluated as candidate embedding algorithms (please refer to section
2.3.3 and 2.2.3 for the background on these clustering and embedding methods).
For completeness, a direct clustering approach was also evaluated where the raw
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counts data was clustered as is with no dimensionality reduction.

In the case of KMeans, silhouette analysis [138] was used to determine the best
value for the number of clusters k as described in section 3.5. In this implemen-
tation example the range of possible k is selected to be between two and the
number of unique activities recorded for each house. Therefore, the number of
clusters in practice can vary (with k selected to maximise the silhouette score).

While the automated clustering approach achieved the desired goals in the other
implementation examples, it became evident that the data quality of the present
example was not sufficient for applying automated clustering techniques. De-
pending on the way that data is split into training and testing sets, the exact
assignment of activities to clusters can vary. Nevertheless, certain patterns were
observed when comparing embeddings calculated on different training subsets of
the data. The key pattern was that activities 1 and 10 (representing the resident
being out of the house and sleeping in bed respectively) always get assigned their
own cluster. The issue is the shorter length of the other activities and the fact
that the human annotated labels for the activities often don’t align exactly with
the sensor reports which are automatically captured. These issues mean that the
number of data points recorded reliably for the other activities are often insuf-
ficient and where data exists, the mislabelling creates too much noise for these
activities to be consistently clustered.

To address this, a manual clustering approach was considered. To motivate the
manual clustering approach, consider table 4.2. In this table, the horizontal
dividers are the results of the first clustering carried out on training subset 1.
These dividers provide a frame of reference to compare the subsequent clusterings
on different subsets of the data. They allow the reader to see, at a glance, how
consistent the clustering is across different subsets of the data. Indeed, across
5 different subsets, it is observed that there are certain activities which almost
always cluster together. It should be noted that the numbers in the table are not
inherently meaningful, they are only an auto-generated label for each cluster in a
particular run. Therefore cluster label 6 for training subset 1 has no relation to
cluster label 6 for training subset 4. The numbers only serve to indicate to the
reader which activities fall under the same cluster in a given run.

In table 4.2, it is observed that the activities "go to bed" and "leave house" always
fall into their own cluster whereas other activities move around when different
sub-sets of the training data are sampled. This suggested a reasonable scheme
for a manual clustering would be to assign the activities "go to bed" and "leave
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house" into their own cluster while all other activities are assigned into a separate
cluster.

To carry out a more formal analysis for which embedding and clustering method
to employ and also to determine whether to use the automated clustering method
or the manual clustering method, two experiments were run and results analysed.
For both of these experiments, the House A data set was used with a 60 minute
intent horizon and a 10 minute evaluation window using a hierarchical formu-
lation with XGBoost models (please refer to section 4.7.1 for details on these
experimental parameters and configurations).

These evaluations were carried out end-to-end i.e.: for each clustering and em-
bedding algorithm evaluated, the full experimental pipeline was run including
training/test split averaged over cross validation folds, the specified embedding
and clustering step followed by training the higher and lower models and finally
the evaluation of the classification models trained. The values for precision, recall
and f1-score reported in tables 4.3 and 4.4, therefore, represent the performance
of the final model trained under the specified embedding and clustering configu-
rations.

In the first experiment, the clustering algorithm was fixed and the embedding
algorithm varied. The results for the first experiment is shown in table 4.3. This
experiment indicated that t-SNE is the best performing embedding algorithm for
the specific data set in this implementation example.

For the second experiment, then, the embedding algorithm was fixed as t-SNE
and various clustering algorithms were evaluated. The results from this second
experiment was also compared against the manual method proposed above to
have a complete picture for comparison. The results from this second experiment
are tabulated in table 4.4.

It is observed in the clustering analysis that among the automated methods, DB-
SCAN performs better the rest. In the absence of any appreciable performance
advantages, KMeans has certain inherent advantages over other methods for clus-
tering such as being more finely controllable and interpretable. In the case of the
results observed in tables 4.3 and 4.4, though, DBSCAN is the ideal choice from
all the automated methods that were investigated.

However, the analysis also shows that in the case of this particular data set,
the best performance is seen experimentally with the manual clustering scheme.
Based on these trends observed, the decision was made to cluster the activities
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Table 4.2: Clustering examples on different training subsets

training subset 1 2 3 4 5
activity
get drink 0 0 7 6 0

load dishwasher 0 0 6 6 5
use toilet 1 2 3 1 6
go to bed 2 4 2 2 1
get snack 3 3 7 7 5

unload dishwasher 3 0 5 6 0
prepare breakfast 4 3 1 4 3

take shower 5 1 4 3 2
eating 6 0 1 9 0

brush teeth 6 0 1 0 0
prepare Dinner 6 6 6 8 7
store groceries 6 0 1 9 0

load washing machine 6 0 1 9 0
unload washing machine 6 0 1 9 0

receive guest 6 0 1 0 5
leave house 7 5 0 5 4

number of clusters 8 7 8 10 8

Table 4.3: Comparing embedding algorithms

embedding clustering precision (%) recall (%) f1-score (%)

LLE KMeans 75.6 ± 16.0 72.3 ± 10.9 71.2 ± 13.0
t-SNE KMeans 74.6 ± 14.9 73.6 ± 10.9 71.7 ± 13.1
None KMeans 75.6 ± 15.0 72.5 ± 11.3 71.3 ± 13.7

Table 4.4: Comparing clustering schemes

clustering embedding precision (%) recall (%) f1-score (%)

KMeans t-SNE 74.6 ± 14.9 73.6 ± 10.9 71.7 ± 13.1
DBSCAN t-SNE 77.4 ± 11.6 75.2 ± 10.9 73.2 ± 12.8

Mean Shift t-SNE 76.4 ± 13.9 73.9 ± 10.9 72.5 ± 13.2
Manual N/A 79.5 ± 11.3 76.3 ± 11.5 75.3 ± 13.2
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manually in this implementation example.

It should be noted that a manual clustering scheme was only feasible because
the present implementation example is a domain where humans intuitively un-
derstand how different activities of daily living are similar or distinct from each
other. In some other applications of the intent recognition framework the sim-
ilarities may not be immediately obvious or the relevant contextual data may
not be available for privacy reasons. In these situations the automated clustering
approach provided by the framework may be utilised.

4.6 Framework instantiation
In this section, the procedure to instantiate the general framework described in
chapter 3 for this specific example is elaborated.

4.6.1 Definition of action, activity and intent

In this implementation example, the observed actions are the sensor firings de-
tected as residents go about their daily routine. An activity is a higher level of
abstraction indicated by a sequence of sensor firings and temporal context. For
example, a sequence of sensor firings for coffee maker and stove at 8am in the
morning would indicate a breakfast activity. These terms, as described, are not
strictly actions and activity from the resident’s point of view. An action from the
resident’s point of view could be turning on the coffee maker rather than a sensor
report implying the same. However, in a deployed setting where this framework
is being applied in practice, the system will not have direct observability of the
resident’s actions only the sensor reports generated by those actions.

To be precise, the sensor readings which are detected by the system are indirect
observations of the actions the resident is performing and it is these which are the
observed "actions" from a framework point of view. The same reasoning holds
for activities where a sequence of actions by the resident (take out a cup and
turn on the coffee maker) indicates a breakfast activity rather than a sequence of
sensor firings. There is an inherent uncertainty in the activity being performed
by the resident since the same sensors may associate with multiple activities and
some activities may not generate any sensor firings at all. The framework infers
activities that can be discerned from sensor reports and temporal context trained
on labels for activities that are being performed at the time. It should be noted
that while these labels are available for activities in the training data, such a label
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will not be accessible at prediction time. Given these constraints and nuances,
the observed sensor reports and associated inferences are used as described here
when applying the framework to this problem.

Intent is defined as an activity with a forward time component. So if 30
minutes after the breakfast activity one would expect to see a leave house activity
on a weekday then leaving house is the intention in the above example.

4.6.2 Hierarchical structure

Once the notions of actions, activities and intent are established, the hierarchical
structure of the problem needs to be considered and established.

There are two levels in the hierarchical model. As is the case in all implementation
examples of the framework, clusters are utilized as abstractions which capture
hidden structure in the data. For a description of how clusters are defined in this
particular example, please see section 4.5.

One benefit of a hierarchical approach in this example lies in the fact that less
common activities or shorter activities are predicted with greater accuracy. The
data set is highly imbalanced in terms of the class distribution. Without the
hierarchical structure, the intentions of the resident that occur for long periods
of time such as sleeping and being out of the house can overpower the less fre-
quent intents and activities. The hierarchical model with clusters or groups of
activities at higher level factorise the data and separate the less frequent intents
and activities into their own group which in turn allows the framework to predict
them more accurately. The key reason is shorter and less frequent activities fall
into separate clusters from very long activities such as sleeping.

Once the levels are established via clustering, the upper level model is trained on
the cluster labels such that it predicts the activity or intent cluster to which the
present set of observed actions belong. These predicted cluster labels (at higher
level) are propagated to the lower model which predicts the intent of the resident
(or the current activity they are performing in the benchmark case). The target
variable for prediction in the lower model is intent given a particular activity or
intent cluster.

In the hierarchical formulation, every cluster gets its own lower level model trained
only on data corresponding to that group. This results in improvements in predic-
tive performance for these rarer or shorter activities as observed when comparing
the experimental results for the hierarchical and flat formulations of the model.
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To establish this empirically, ablation experiments were carried out where the
flat model was compared against a hierarchical model. The results show im-
proved predictive performance overall for the hierarchical approach (more details
in section 4.7).

4.6.3 The models

Two types of models are explored in this implementation example; tree-based
XGBoost models and probabilistic models.

XGBoost models were selected for this implementation example as the raw data
collected for the sensors are very noisy. There are also inaccuracies in the align-
ment between sensor reports and activity reports (sensor data is collected auto-
matically by the system whereas activity data is self reported by humans). Some-
times the activity is reported to begin sooner than the relevant sensor report or
vice versa. Gradient boosted models have shown great versatility overcoming
such challenges in structured data [83].

The choice also serves to demonstrate the versatility of this framework by showing
how different types of machine learning models can be leveraged effectively within
the proposed intent recognition framework. For more detail on XGBoost models,
please see section 2.5.

The second type, probabilistic models, provide a quantification of uncertainty and
a mechanism for injecting prior knowledge out of the box. Despite their inherent
advantages, however, these probabilistic models struggled to perform well given
the shortcomings of the present data set. For completeness, results from the
probabilistic model experiments are also included in section 4.7) for comparison.

4.7 Experiments & results

4.7.1 Experiment description

There were 4 experiments run for intent recognition; a flat probabilistic model, a
flat XGBoost model, a hierarchical XGBoost model and finally, a baseline model
to compare the methods evaluated.

The baseline model uses the current activity prediction as a prediction for future
intent. Intuitively, the baseline is to assume the intent of the resident is to
continue with their current activity until the intent horizon (the time point in
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the near future at which a prediction is made).

The flat model is essentially a single clustering layer and serves as an ablation
study to demonstrate the benefits of the hierarchical aspect in the proposed intent
recognition framework. Two flat models (probabilistic and XGBoost) were evalu-
ated and the better performing of the two (XGBoost) was used in the hierarchical
model experiment.

The performance of the proposed framework in this example is evaluated by first
splitting the full data set into training and test sets.

There are 58 days of data recorded in the full data set across 3 properties (2
apartments and 1 house). The split is made using a leave one out approach on
the days recorded in the data. In this case, one day of sensor readings is used as
the testing set and the remaining days make up the training set. This is cycled
over all the days and average performance measures are calculated and reported.

A summary of the experiments run for this implementation example are described
below. In all of the experiments listed below, the target for prediction is the intent
that the user will perform within a defined time horizon in the near future (intent
horizon). The definition of intent and how it differs from activity is described in
section 4.6.

Experiment 1 - Baseline A sanity check; this first experiment serves to bench-
mark the performance of the framework by establishing a common number
to compare against. The baseline generates a prediction assuming the resi-
dent continues their current activity at the time horizon.

Experiment 2 - Probabilistic flat model Intent prediction carried out using
a Maximum Likelihood estimator directly applied without any hierarchy.
This experiment is used compared with experiment 3 to establish which
model to take forward into hierarchical tests. Following comparisons, XG-
Boost was selected as the better performing model.

Experiment 3 - XGBoost flat model Intent prediction carried out using an
XGBoost classifier directly applied without any hierarchy. This experiment
is also an ablation study to evaluate the hierarchical aspect.

Experiment 4 - XGBoost hierarchical model Intent prediction carried out
using an XGBoost classifier with a hierarchical formulation. First, an XG-
Boost model is trained at higher level to predict the cluster label. At the
lower level, a separate XGBoost model is then trained for each cluster to
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predict intent. These lower level models are each trained on only the data
pertaining to their respective cluster or group.

The performance of the framework is evaluated using the corresponding feature
representation and time discretisation parameters that were evaluated in detail
in [162]. Specifically, a time discretisation of 60s and last sensor fired feature
representation is used. This means that every time slice in the training data
represents 60s intervals and a sensor firing event is propagated until the next
sensor fire event (see figure 4.5b for a visual representation).

For the intent recognition experiments, two additional parameters are introduced;
the intent horizon and evaluation window. The intent horizon is the period of
time in the future at which the user plans to initiate or begin acting upon their
intentions.

The evaluation window captures the idea that given a forward looking time period
for an application such as assisted living, it is not just relevant to predict if
the resident will carry out a certain intent in exactly 30 minutes. Rather it
is also a useful and relevant result to know whether the resident carries out
their intention in a certain window around the 30 minute mark. Therefore, the
evaluation window is defined as the number of minutes before and after the intent
horizon in which the user initiating the predicted intention is still a relevant result

The intent horizons evaluated are 10 minutes ahead, 30 minutes ahead and 60
minutes ahead. The evaluation windows are 5 minutes, 10 minutes and 15 min-
utes. Putting these together, the interpretation of "intent horizon of 30 minutes
with evaluation window of 5 minutes" means if the user initiates the predicted
intent within 25 and 35 minutes from current point in time, this is a correct and
successful prediction.

It is noted that some combinations of intent horizon and evaluation window do
not make sense. For instance, one cannot have an intent horizon of 10 minutes but
an evaluation window of 15 minutes. Other combinations of horizon and window,
though feasible are not the most ideal. For example, a 30 minute horizon with
15 minute window means that the resident has anywhere from 15 to 45 minutes
to begin the next intent the model predicts at the 30 minute mark.

The logical approach is to pair shorter intent horizons with tighter evaluation
windows and longer intent horizons with wider evaluation windows (to capture
greater uncertainty both from model side and the resident’s planning side where
their immediate intents are more clearly defined than intents within couple of
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hours).

Balancing all these considerations, the approach taken in this thesis is to report
all feasible combinations. However, a summary is also created where the follow-
ing logical combinations are highlighted and presented for clarity. The logical
combinations selected are listed in table 4.5.

Table 4.5: Logical combinations for intent horizon and evaluation window

Intent Horizon (minutes) Evaluation Window (minutes)

10 ± 5
30 ± 5
60 ± 10

120 ± 15

All experiments and models are run and compared for all feasible combinations
consistently. Therefore when a comparison is made between models or against
the baseline at a given intent horizon and evaluation window, all the models
and baseline figures are calculated with the same parameters to ensure fair and
accurate comparisons.

4.7.2 Experiment evaluation

The goal of these experiments is to demonstrate how the intent recognition frame-
work may be applied to this implementation example specifically and to evaluate
the performance of the proposed framework on predicting intent against a baseline
to give a sense of comparative performance and demonstrate how the hierarchical
framework is superior to simpler methods.

The definition of intent is the activity recorded by the user a certain number of
time slices in the future (known as the intent horizon). The intent recognition
experiments are evaluated with a model trained on data discretised at 60 seconds
per time slice. Therefore labels for intent were created as the target variable which
records the activity recorded by the resident at each intent horizon. Evaluation
logic was also coded to capture the evaluation window (please refer to section
4.7.1 for more details on intent horizon and evaluation window and the values for
each adopted in these experiments).
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Time slices without an activity recorded are not included in creating the intent
labels. In formulating the intent, the more reasonable assumption would be that
the next activity the resident begins would be a better indicator of intent. Given
this formulation, the label GAP will not appear in the intent prediction tables.

The performance of the classification models in this implementation example
is evaluated using the metrics of precision, recall and f-score [104] which are de-
scribed in section 2.4.1. For each of these metrics, an average number is reported.
This average was calculated over the folds of the data in the cross-validation (CV).
The CV was done using a leave-one-day-out strategy as described in section 4.7.
Each validation fold, therefore, represents one full day in the training data mirror-
ing the approach of the benchmark paper [162]. To give the reader a sense of the
variability and spread of the predictions across the validation folds, a standard
deviation is also included in the summary measures reported.

When documenting the results first an overall summary is presented. The overall
summary captures the high level trend across all the approaches for all the houses.
The overall summary showcases these patterns using the logical combinations for
intent horizon and evaluation window as described in 4.5.

After the overall summary, the detailed results for each house are tabulated and
house-specific trends are discussed. While the overall summary focused only
on the most logical combinations of intent horizon and evaluation window, in
the house specific results, all feasible combinations of the two parameters are
tabulated. A consistent approach is adopted across all 3 houses in reporting the
detailed results. The house level results begin with a series of plots capturing the
house specific trends for all feasible combinations of intent horizon and evaluation
window. The numeric results are then tabulated in this section.

4.7.3 Summary of Experimental Results (overall)

Figures 4.6, 4.7 and 4.8 show the variation in predictive performance as intent
horizon/evaluation window varies for the 3 houses. In each plot, a comparison is
made between the baseline, flat and hierarchical models.

For house A (figure 4.6), both flat and hierarchical models exceed the baseline
for all combinations of intent horizon and evaluation window. The advantage
secured by the hierarchical approach becomes more pronounced in the longer
intent horizons.

For house B (figure 4.7), both flat and hierarchical models again exceed the

Intent Recognition of
Autonomous Agents

87 Ali Azzam Naeem



4. Implementation Example I:
Predicting activities of daily
living 4.7 Experiments & results

baseline for all combinations of intent horizon and evaluation window. However,
in the shortest intent horizon (10 minutes), it is observed that the flat model
exceeds the hierarchical approach by 0.4% (in absolute terms, 84.3% vs. 83.9%).
This is in line with an observed trend where the hierarchical approach yields
greatest benefit for longer time horizons. This same pattern is observed even in
this house where the hierarchical model outperforms the flat model for all other
intent horizons with a particularly pronounced benefit in the longer horizons.

In the case of house C (figure 4.8), it is observed that the hierarchical approach
consistently outperforms the flat model and the baseline model for all combina-
tions of intent horizon and evaluation window.

Tables 4.6, 4.7 and 4.8 summarise the weighted f1 score averaged across all the
cross-validation folds in all the experiment configurations that were run. The
numeric values that produced figures 4.6, 4.7 and 4.8 are highlighted in bold.

In addition, the tabulated results indicate how, across the board, the Bayesian
model under-performed against the XGBoost model for the flat formulation, thus
setting the stage for the XGBoost models to be evaluated in the hierarchical
experiments.
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Table 4.6: House A - Tabulated Overview Results

Table 4.7: House B - Tabulated Overview Results

Table 4.8: House C - Tabulated Overview Results
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4.7.4 Summary of Experimental Results (per house)

4.7.4.1 House A - Results Summary

Both flat and hierarchical approaches out perform the baseline for all intent hori-
zons at all evaluation windows in this house.

In the case of the tightest evaluation window, the flat approach just exceeds the
hierarchical approach by 0.3% (69.2% vs. 69.5%). This artifact may be attributed
to the tight evaluation window (5 minutes) given the long intent horizon (120
minutes). It is noted that it is only in the tightest evaluation window (5 minutes)
that the flat model exceeds the hierarchical performance. In all other evaluation
windows, the hierarchical model exceeds the flat model performance. As the
reader reviews the results for the other houses, this pattern will become evident
where evaluating a long intent horizon under a tight evaluation window reduces
the lift observed from the hierarchy though not always to zero.

As for the present house A, across all intent horizons at the 10 minute and 15
minute evaluation windows, the expected pattern is observed consistently; the flat
model exceeds the baseline and the hierarchical model exceeds both the baseline
and the flat model in performance.
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4.7.4.2 House B - Results Summary

For house B, it is again observed that both flat and hierarchical approaches out
perform the baseline for all intent horizons at all evaluation windows. The closest
any of the models got to the baseline was at intent horizon 60 minutes where the
flat model scored very close to the baseline (while still exceeding it).

As noted earlier in the overall summary (section 4.7.3), for the shortest intent
horizon (10 minutes) in this house, it is observed that the flat model exceeds the
hierarchical approach by 0.4% (84.3% vs. 83.9%). This is attributed to the tight
intent horizon where the benefits of the hierarchy is not as pronounced in these
near term predictions.

However, for every other data point, including longer intent horizons at 5 minute
evaluation window and all intent horizons for the 10 and 15 minute evaluation
windows, the hierarchical model exceeds the performance of the flat model. In
particular, it is observed that as the intent horizon extends from 30 minutes to 60
minutes, the performance of the flat model drops across all evaluation windows
while the hierarchical model sustains its performance. At the 120 minute horizon,
the hierarchical model does drop in performance but still fares better than the
flat model.
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4.7.4.3 House C - Results Summary

In the case of House C, the hierarchical approach consistently out performs the
baseline for all combinations of intent horizon and evaluation window. The clos-
est the two got was for the 60 minute intent horizon with 5 minute evaluation
window where the baseline is at 66.7% and the hierarchical model records 66.8%
performance.

At the tightest evaluation window (5 minutes), it was observed in this house that
the hierarchical model out performs the flat model for the shorter horizons how-
ever the flat model exceeds the hierarchical model at the longer intent horizons.
This is in line with trends observed in the other houses where employing the
hierarchical model with an extremely tight evaluation window at a long intent
horizon masks the benefits of the hierarchy.

For the shortest intent horizon (10 minutes) it was observed that the flat model
under performs even the baseline for two out of the three evaluation windows (5
minutes and 10 minutes) while barely breaking even on the longest evaluation
window (15 minutes). In contrast, from evaluation window 10 minutes and up,
the benefits of the hierarhical model are evident and the hierarchical model out
performs both baseline and the flat model for all intent horizons at the longer
evaluation windows.
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4.8 Conclusion
In this chapter the hierarchical framework was applied to the problem of predict-
ing activities of daily living in a smart home. After instantiating the framework
and defining the terms action, activity and intent within this context, a series
of experiments were carried out to validate the performance of the framework.
All experiments used the same time discretisation (60s) as the benchmark paper
[162]. The evaluation metric used was the weighted average of f1-score across all
the activities and across all the cross validation folds.

The initial experiment established a baseline to compare other methods against.
The baseline was defined as the current activity predicted by the model is the
intent of the resident (i.e.: it was assumed that the intent will continue with
whatever they are doing right now until the intent horizon). The second and
third experiment compared to model types in a flat formulation, namely, a prob-
abilistic model and a tree-based XGBoost model. These experiments established
the superior performance of the XGBoost model for this data set.

Given these results, the fourth and final experiment was setup; the best per-
forming flat model (XGBoost) was re-evaluated, this time in a hierarchical for-
mulation. The original XGBoost experiment then became an ablation study to
compare against and establish the value of the hierarchy.

All the intent prediction experiments were run for 4 intent horizons (10, 30, 60 and
120 minutes) and 3 evaluation windows (5 minutes, 10 minutes and 15 minutes).
All feasible combinations of intent horizon and evaluation window was evaluated.
For example, a horizon of 30 minutes and window of 5 minutes evaluate whether
the resident acted on their predicted intent between 25 and 35 minutes from now.
An infeasible combination is a 10 minute horizon with a 15 minute window.

The experiments showed that in general, the hierarchical approach adds value and
exceeds the flat model and both of these approaches exceed the baseline. Some
trends observed in the experiments were firstly on experiments with a long intent
horizon and very short evaluation window (for example, a 120 minute horizon
with a 5 minute window). In this scenario, the flat model and hierarchical model
converges and on occasion the flat model exceeds the hierarchical model. In total
36 data points were analyzed per house and it was observed that on only 3 of
those data points did the flat model exceed the hierarchical model. On those 3
occasions, the flat model exceeded the hierarchical model by 0.3%, 0.4% and in
the third case 2.1% (the third number was observed in house C).
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Reviewing the full set of results, it became apparent both from the experimental
results and logically evaluating the problem that shorter intent horizons pair
better with shorter evaluation windows and longer intent horizons match with a
longer evaluation window to account for the increased uncertainty of the second
case. Based on this, a set of logical combinations for intent horizon and evaluation
window were devised and plotted. These results established in summary that for
an intent horizon longer than 30 minutes, the hierarchical model will out perform
both the flat model and the baseline model consistently.

Before concluding the chapter, however, the quality of the data available in this
implementation example bears discussion. The quality and volume of the data set
available for this implementation example was noticeably lower than the other two
implementation examples. For instance, both implementation example II (access
control, chapter 5) and implementation example III (vehicle destinations, chapter
6) recorded a full years worth of data whereas in this example, only a few weeks
of activity and sensor logs were available. The data that was available suffered
from misaligned labelling where the sensor logs were captured by an automated
system but the activity logs were human annotated. These data challenges can
be attributed to the privacy and logistical concerns of recording human activity.

For whichever reason, these challenges did exist and care had to be taken in
applying the framework to this data set. For instance, the clusters for the hier-
archy was established manually and some models like probabilistic models which
worked very well in the other implementation examples were not feasible for this
use case. This meant that probabilistic models had to be abandoned in this ex-
ample in favour of tree based XGBoost models despite sacrificing the inherent
advantages of probabilistic models such as uncertainty quantification. It should
be noted however, that despite these changes, the central tenets as laid out by
the framework (defining action, activity and intent, creating an abstraction layer
to establish higher level groups, a hierarchical approach in the modelling phase,
a separate model at the higher level and for every group at the lower level and
train/test split evaluation) all still applied here. Therefore, the framework proved
a sufficient blueprint for a machine learning practitioner to analyze this noisy and
sparse dataset to generate meaningful results for intent recognition.

In conclusion, given the observations above on both the data set and the exper-
imental results, there is strong evidence to accept the benefits conferred by the
hierarchical aspect of the intent recognition framework. It is also established that
the results from the framework out perform the baseline results.
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CHAPTER 5

Implementation Example II: Predicting access requests

5.1 Introduction
In this chapter, the intent recognition framework is applied to access control
data of employees working in an office building. The intent of employees in this
implementation example is to gain access and move into another zone of the
building. This intent is modelled as the next reader at which they swipe their
access card (figure 5.1).

Figure 5.1: Modelling the intent of an employee in an office building
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Understanding employee intent in this manner has several benefits in a secure
access control context. These benefits include identifying common patterns of
movement by employees inside a building such as popular routes taken between
two points. This in turn provides valuable information for improving the layout of
the building. There are also security applications for having a model of expected
employee intent. Namely, suspicious behaviours by employees (such as an unex-
pected access swipe at an odd time into a sensitive location of the building) can
be detected automatically. The advantages can also be more commonplace and
immediate such as quicker identification of a faulty reader because the pattern
of employees using that reader has changed drastically within a short period of
time. Understanding where a person will be in the building also has implications
for seamless access and occupancy prediction.

In applying the proposed framework, the following steps are carried out:

• Split the data using some days as training data and remaining as test data.

• Apply a manifold learning technique (in this case t-SNE) to learn clusters
of employee IDs in the test data.

• Build a Bayesian model structure for the data.

• Fit conditional probability tables for the model structure using test data.

• Evaluate the fitted Bayesian model on test data.

5.2 Data description
The data set is an access log of all the employee access card swipe events in an
office building. The building is split across multiple levels and has several common
areas that staff work in. A feature of the particular building is the presence of both
entry and exit readers. The data available covers 1 year. An initial exploration
of the data reveals expected patterns of card swipes in a working office building.
Most of the swipes occur during weekdays and very few occur in weekends (figure
5.2).

The number of swipes per hour of day (a proxy for the level of activity in the
building) shows a regular pattern. The number of swipes begin to increase from
7am and peaks at around lunch time. Card swipe activity remains high until
6pm when this tapers off significantly (figure 5.3). The building is closed during
the night therefore no activity is observed in those hours.
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Figure 5.2: Histogram of swipes per day of week

Figure 5.3: Histogram of card swipes per hour of day.
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Figure 5.4: Histogram of swipes by month in the year.

A plot of the annual pattern of reader swipes by month is shown in figure 5.4.
Some months are busier than others. For example, the month of December shows
a marked drop in the activity in the office. This is expected as most of the staff
would be away on vacation in the latter part of the month. An interesting pattern
is noted in the earlier part of the year. Despite consistently high activity in most
months, there is a sudden drop in the level of activity for the month of February.
It is not immediately clear what the cause of this drop is, whether it is a one-off
occurrence in the year for which the data is collected or a repeating pattern every
year. It is possible that this is also associated with February being the shortest
month of the year.

Figure 5.5 shows how many swipes per reader were observed in the data. We see
4 readers which are much more frequently swiped than others. There are another
4 which are secondary in terms of frequency. These patterns could be utilized to
predict the intent of the employee.
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Figure 5.5: Histogram of swipes by reader

5.3 Data pre-processing
The raw data available is an event log of card swipes at readers fixed throughout
the building. The framework proposed applies manifold learning techniques to
reduce the dimensions of the input data. The purpose of this step is to learn
latent structure in the data and allow clustering to establish meaningful groups.
These groups are used to create the levels in the hierarchy. Another benefit
of understanding this latent structure for the predictive model is allowing it to
distinguish patterns even from imbalanced classes (explored further in the exper-
imental results section 5.7 where a hierarchical model is compared to a flat model
in an ablation study which proved that the hierarchical approach yields superior
performance).

Before the clustering process, the data is first split into training and test data
sets. The training/test split is carried out on the days recorded in the data
using a cross-validation approach; 30 consecutive days are selected as test data
and remaining 322 days are used for training in each fold. The final results
are averaged over all the folds. The training set is used to calculate the two
dimensional embedding.
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5.4 Data embedding
The purpose of the embedding is to reduce the dimensionality of the original
data (often high given the number of features observed in the environment of the
agent). The embedding procedure therefore reduces spurious correlations being
detected due to curse of dimensionality [22].

As prescribed in the framework, the embedding step is a precursor to clustering.
The framework directs the practitioner to cluster along a dimension of interest
that is expected to yield the most informative sub-groups (see section 3.3). For
every use case, therefore, an independent decision is to be made on the dimension
of clustering most applicable to the particular problem at hand.

The approach adopted in this implementation example for calculating the em-
bedding is to cluster on employees rather than on activities as was the case in
implementation example I (activities of daily living, chapter 4). In this particular
case, clustering on employees appears to be the most informative. In a security
focused application it is more advisable to model behaviour of employees and
understand similar groups among employees. Employees from the same depart-
ment would likely adopt similar routes through the building and their intended
trajectory when swiping at a particular reader may differ from colleagues in a
different department swiping at the same reader. There is no sound rationale
to believe there will be significant routes in a building that are common across
everybody (save for the main thoroughfares).

In contrast, clustering on the readers would yield information on similar readers
but lack the context on the person swiping and how this impacts their immediate
next behaviour. Furthermore, an employee clustering would set the system up
for a new employee joining the company. Their individual behaviour may not
be known yet but their department or job function would be known. There-
fore, an employee clustering would help provide early indications on the expected
behaviour of the new employee by comparing against their more seasoned col-
leagues in the same cluster. For these reasons, the clustering (and therefore the
embedding) in this implementation example is calculated on the basis of grouping
similar employees.

To calculate the embedding, then, as a first step, a matrix of counts is calculated
where the rows represent employee IDs. The columns represent readers in the
building. An entry (i, j) in this matrix represents the number of times employee
i swiped their access card on reader j.
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The counts are normalized by dividing every row with the number of days that
the employee has data recorded. This normalization step accounts for the fact
that different employees record different number of days in which swipe activity
is recorded during the year. This reflects the fact that some employees are per-
manent employees whereas others are seasonal employees (or contractors) who
only work on site for few months of the year. After normalization, each entry
(i, j) in this matrix can be interpreted as the average number of times per day
each employee i swiped their access card on reader j over the year for which data
is recorded.

The normalised matrix of counts described above was then used to calculate a
2-dimensional embedding using the T-distributed Stochastic Neighbor Embedding
(t-SNE) technique [158].

More concretely, given that the data records 184 employees and 16 readers, a
matrix is first established of size 184 × 16. Entry (i, j) in this matrix is a fre-
quency count of how many times employee i swiped on reader j. This matrix
is then passed to the embedding algorithm which produces a new matrix of size
184 × 2. This is now a 2 dimensional representation of the data in the original
larger matrix. The 2 dimensional representation can be visualised (as shown in
figures 5.6 and figure 5.8). Each point on these plots represent an employee. The
clustering algorithm is then applied to this 2 dimensional representation which
yields clusters or groups of employees. The approach is driven by the swiping
behaviour of employees in the building which is a suitable metric given the goal
is to model the intent of employees in this implementation example.

5.5 Clustering of employees
The embedding which results from the procedure described in section 5.4 is then
clustered using the KMeans algorithm [105].

Similar to the previous implementation example (activities of daily living, chapter
4) silhouette analysis [138] was used to determine the best value of number of
clusters k as described in section 3.5. In this implementation example the range
of possible k is selected to be between two and the number of employees recorded
in the data.

The number of clusters in practice can vary (with k selected to maximise the
silhouette score). Depending on the way that data is split into training and
testing sets, the exact assignment of employees to clusters can also vary.
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Figure 5.6: An embedding calculated on a training subset

Figure 5.7: Number of swipes per reader in each cluster for the embedding in
figure 5.6, the colour of the bars represent distinct readers
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Figure 5.8: An embedding calculated on another training subset

Figure 5.9: Number of swipes per reader in each cluster for the embedding in
figure 5.8, the colour of the bars represent distinct readers
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Two possible outputs for the clustering procedure are shown in figure 5.6 and
figure 5.8. Figures 5.7 and 5.9 show the number of swipes recorded for the indi-
vidual readers grouped by the clusters they fall in (the colour of the bars represent
distinct readers recorded in that subset of the data). The two embeddings are
calculated on random subsets of the training data and will form part of the cross
validation to calculate final results. Every point in these figures represents a
unique employee ID. The technique yields 3 or 4 clusters for this application de-
pending on the subset of the data used as the training set. The experiment results
presented later in the chapter are averaged across a 12 fold cross validation to
account for such variations.

A visual inspection of the embeddings generated (figures 5.6 and 5.8) indicate
that the data set in this implementation example is of a sufficiently high quality
to produce very clearly separated distinct clusters. This observation on the clear
separation of the clusters along with the approach of favouring the most simple
algorithm that yields desired results (as described in section 3.5) indicate that
KMeans algorithm is a suitable choice for this implementation example.

A further visual inspection of the figures showing the number of swipes per reader
in each cluster (figures 5.7 and 5.9) confirms the distinction between these clusters.

5.6 Framework instantiation
In this section, the procedure to instantiate the general framework described in
chapter 3 for this specific example is described.

5.6.1 Definition of action, activity and intent

In this example, the observed actions are the card swipes of the employees. Given
the details of this implementation example, activities are defined as the most
recent card swipe by the employee, a collection of one action (the most recent
that is observed).

Intent then is defined as the next card reader the employee will swipe.

5.6.2 Hierarchical structure

There are two levels in the hierarchical model. As is the case in all implementation
examples of the framework, clusters learnt in the data are utilized as abstractions
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Figure 5.10: Bayesian model from domain knowledge (Upper)

which capture hidden structure in the data. For a description of how clusters are
calculated in this particular example, please see section 5.4.

Once the levels are established via clustering, the upper level model is trained on
the cluster labels such that it predicts the employee cluster to which the present
employee belongs. These predicted cluster labels (at higher level) are propagated
to the relevant lower model which predicts the intent of the employee (i.e.: the
next location in the building where this particular employee intends to swipe).
The relevant lower model is selected based on the cluster predicted at higher level.

More detail on the models are provided in the following sections.

5.6.3 The model

The upper level model predicts the cluster to which the present employee belongs.
If the employee ID in the test case is one that is already observed in the training
data, their cluster assignment is already known and may be reused. On the other
hand, if the employee is previously unseen by the training algorithm, then the
upper model is used to predict the cluster to which the employee belongs.

5.6.3.1 Upper model

The structure of the upper model is shown in figure 5.10. The target variable for
prediction is empIDClust.

5.6.3.2 Lower model

The domain knowledge structure is specified based on common sense relationships
between the features of the data set. The structure of the lower model is shown
in figure 5.11. The target for prediction is the readers variable which indicates
the next reader the employee will swipe.
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Figure 5.11: Bayesian model from domain knowledge (Lower)

The empIDClust variable influences all other variables in the lower model so as to
ensure the hierarchical aspect of the framework. The effect of this structure on the
conditional probability tables calculated is to induce a conditional dependency of
all other variables on the employee cluster.

5.7 Experiments & results
In this section, the results for the experiments that were run to evaluate the
framework on this application are presented.

5.7.1 Experiment description

The performance of the proposed framework on this application is evaluated by
first splitting the full data set into training and test sets. The split is made
on the days recorded in the data. There are 352 days of data recorded in the
full data set. In every split, 322 days are selected as the sample of data to fit
the model (training set) and the remaining 30 days are selected to provide an
unbiased evaluation of the model (test set). There are 12 non-intersecting folds
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possible in this scheme and the overall average of all splits are reported.

The metrics used to evaluate the model in this implementation example are pre-
cision, recall and f-score which are described in section 2.4.1.

Two sets of experiments were carried out. The first (and main) experiment em-
ploys a hierarchical formulation with Bayesian models at the upper and lower
level. In addition, a benchmark experiment was also run. In this second ex-
periment, there is no hierarchy and the prediction is carried out with what is
effectively a single clustering layer.

The second benchmark experiment serves two purposes. Firstly, it is an ablation
study to establish the value of the hierarchical step proposed in the framework
presented in this thesis. Secondly, it is also an evaluation of the proposed method
against a simpler benchmark. As this is a proprietary data set, there are not
publicly available benchmarks to evaluate against.

These experiments were run on a Dell Precision workstation. The system had
an Intel Core i5-6600 CPU clocked at a base frequency of 3.30 GHz and a turbo
boost up to 3.90 GHz. The system also had 32 GB of RAM installed and the
operating system was a 64-bit version of Microsoft Windows 10.

5.7.2 Experiment results with hierarchical model

The classification report of the model in predicting the reader that an employee
employee intends to swipe for the test data is shown in table 5.1. The confusion
matrix for the lower model results are shown in figure 5.12. The shading on the
confusion matrix figures are class-wise, i.e., the darkest shading on each row is
for the highest count of that particular label rather than a global value across all
labels.

5.7.3 Experiment results with flat model (benchmark)

The classification report of the flat benchmark model is shown in table 5.2. The
confusion matrix for the lower model results are shown in figure 5.13. As earlier,
the shading on this figure is also class-wise.
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Table 5.1: Average classification results for hierarchical model

reader precision (%) recall (%) f1-score (%) support

0 63.8348 78.1375 70.2078 56752
1 0.0000 0.0000 0.0000 217
2 86.3036 91.7850 88.9541 56452
3 40.9975 10.6604 15.1499 194
4 35.9959 14.2608 19.7030 957
5 36.0305 19.8193 24.9949 3598
6 61.5642 44.6417 51.6898 9014
7 79.8403 78.8676 79.1946 3605
8 69.6469 39.6934 50.2605 10006
9 2.7778 0.4167 0.7246 236
10 16.6667 3.1136 5.2083 39
11 0.0000 0.0000 0.0000 4
12 71.9113 70.4320 71.1283 54023
13 90.2650 92.5180 91.3665 53100
14 56.7747 27.3611 36.3574 8328
15 60.4496 42.4392 49.6148 9041

macro average 52.7406 41.9067 44.6553 265566
weighted average 75.2298 75.9363 74.8529 265566

accuracy (%) 75.9363

Table 5.2: Average classification results for flat model

reader precision (%) recall (%) f1-score (%) support

0 48.1093 59.9125 53.3542 56752
1 0.0000 0.0000 0.0000 217
2 85.2330 91.6268 88.3106 56452
3 43.7434 14.3911 18.5292 194
4 42.4045 11.7877 18.1510 957
5 30.3072 4.4787 7.6787 3598
6 42.7388 36.3428 39.2354 9014
7 79.8245 83.2417 81.4381 3605
8 54.9614 33.1498 41.3143 10006
9 0.0000 0.0000 0.0000 236
10 0.0000 0.0000 0.0000 39
11 0.0000 0.0000 0.0000 4
12 51.3037 43.1860 46.8638 54023
13 90.4011 92.0982 91.2343 53100
14 40.3589 38.6950 39.4145 8328
15 53.9283 49.6976 51.6293 9041

macro average 45.2599 38.1122 39.3720 265566
weighted average 65.5012 66.3145 65.3425 265566

accuracy (%) 66.3145
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Figure 5.12: Average confusion matrix for hierarchical model, shading is
class-wise (the darkest shade on each row represents the highest count for that

particular label)
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Figure 5.13: Average confusion matrix for flat model, shading is class-wise (the
darkest shade on each row represents the highest count for that particular label)
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5.8 Discussions & conclusion
The average f1 score of the hierarchical model is 74.9%. This is the weighted
average where the individual class f1 scores are averaged while weighting by their
frequencies in the data (listed as support in the table). The accuracy score for the
hierarchical model is 75.9%. Table 5.1 also includes a breakdown of predictive
performance by class. The values in the table are averaged across different folds
in the cross validation.

Comparing these results with the flat model indicates that performance of the
model worsens when the hierarchical aspect is removed (see table 5.2). The flat
model reports an average f1 score of 65.3% and an accuracy of 66.3%.

Digging deeper, one also finds that the gain in performance between the hier-
archical and non-hierarchical models does not come from purely high frequency
classes but also the less frequent ones. For instance, readers 4 and 5 report and
f1 score of 19.7% and 25.0% respectively in the hierarchical model. Those same
readers report 18.2% and 7.7% in the flat model. Taking a more holistic view, the
macro averages, where all the classes are weighted equally, may also be compared
between the two models. The f1 score of the model with macro averaging is 44.7%
in the hierarchical case but 39.4% in the flat case. This comparison between the
hierarchical model and the baseline flat model supports the hypothesis that one of
the advantages of the hierarchical aspect in this framework is that the approach
handles imbalanced data better with a hierarchy.

An interesting pattern is observed where certain entry readers (for example reader
0 in the anonymisation scheme) are mis-classified as other entry readers in the
building. This pattern indicates instances in the data where an employee records
two entry swipes back to back which implies a "tailgating" event.

Tailgating is where an employee follows another out of an access controlled area
without swiping their own access card first. Detecting such patterns is one ex-
ample of how the intent recognition framework may be used to detect anomalous
behaviors and further enhance an access control system’s performance and secu-
rity.
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CHAPTER 6

Implementation Example III: Predicting vehicle destinations

6.1 Introduction
In this chapter, the intent recognition framework is applied to vehicles driving
around a city. The intent of the driver is defined as the final destination of their
trip.

With rising availability of vast amounts of mobility data, there has been a recent
push to develop trajectory mining techniques which achieve greater performance
in finding underlying patterns in the data and using that knowledge to aid decision
making. The present work uses mobility traces to predict likely destinations of
vehicles factoring in time of day patterns and also detecting anomalous behaviour.

The work drew inspiration from [10] where the authors utilise Markov models and
probabilistic model checking to characterise user behaviour when using computer
software. Our research problem is to develop models for driving behaviour and
attempt to make predictions.

A multi-level hierarchical model is proposed. The road network is collapsed into
segments. Each segment is considered a state on the Markov model and the state
transition probabilities capture the most likely turns drivers take at upcoming
junctions. The higher level Markov Chain is a spatial model which captures re-
gions (such as residential areas and downtown areas). The transition probabilities
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capture the expected movement from one region to another over different times
of the day. For example, in the morning one would expect a lot of traffic from
residential areas to downtown office areas whereas at 5pm, the flow is reversed.
The lower level model is also a spatial model but at much more fine granularity
(for instance transitions between one block to another in a city).

The initial approach was to build distinct Discrete Time Markov chains for each
individual driver at the lower level. However, previous research stresses the benefit
in sharing information between drivers [10]. In the literature, this idea gave rise
to high level Markov models where "classes" of driver are built based on their
driving habits. There is a separate Markov Chain for each class of driver with
the states being the modes of behaviour within each class and the probabilities
capture how drivers transition from one mode to the other. Only the transition
probabilities differ between driver classes.

In general, the driving modes in the context of taxis could be on a fare, driving
randomly looking for a fare, driving to a specific location (such as a taxi stand at
an airport) to pick up a fare, driving to a pre-booked appointment and commuting
from area of residence to area of work. Conceptually, having classes of drivers help
capture the variations in individual driver behaviour. For instance is a particular
driver more likely to drive around randomly after dropping off a fare or return to
a taxi stand to locate a new fare?

In the present implementation example, the data available was only for drivers
actually on a fare. Therefore the classes of driver represent, for example, drivers
who take longer trips across regions of the city or those who restrict themselves
to one or two regions only. This behaviour is modelled by building a separate
Discrete Time Markov chain for every pick-up and drop-off region pair (more
details of the models are provided in section 6.4.2).

With new data streams, the most likely mode of behaviour is inferred given the
observed states (positions on the road) and what is known about the class of
driver the present subject most closely fits into (based on the pick-up location
where the trip originated). Their most likely destination or drop off region is
then predicted.

This information feeds into the lower Bayesian model that infers the final desti-
nation of a particular driver. This model will have several destination "buckets"
the driver is likely to finish at. The probability of each bucket will be constantly
updated as the car progresses along the route and more information becomes
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available. For instance, if the car passes a particular exit on the motorway, then
all destination buckets served by that exit could be ignored.

6.2 Data description
The dataset utilised1 consists of approximately 1.7 million taxi journeys from 442
taxis operating in the city of Porto in Portugal over a period of one year. The
GPS readings are recorded every 15 seconds. Other data such as time of pickup,
driver ID and trip ID are also available.

6.3 Data pre-processing
The prediction task was separated into two problems of increasing difficulty. In
the first problem, we focus on modelling an area which captures the city centre
and surrounding areas of Porto. Any trips that ventured outside this bounding
box were removed. The area selected for modelling in problem 1 is shown in
figure 6.1. This smaller map covers a distance of approximately 40 km measured
diagonally. In the second problem, the area of the bounding box was increased
so that it took in Porto and a larger area as far south as Lisbon. This larger box
captures the full extent of the trips recorded in the data set. The area covered by
the larger bounding box is shown in figure 6.2. This larger map covers a distance
of 445 km measured diagonally.

The raw data was cleaned by applying a number of filters. Ten trips that were
identified in the data itself as having missing data were removed. However, our
data exploration indicated that these were not the only trips with missing data
points. To identify these trips, the individual GPS data points were used to
calculate the instantaneous speed of travel at every recording made on a trip. It
is specified that the GPS data points are recorded once every 15 seconds. Hence,
any trips with unreasonably large spikes in the instantaneous speed indicated
missing or noisy data. Once a trip is identified as having noisy or missing data,
the entire trip was excluded from the data. Secondly, the data is collected by
mobile terminals carried by the drivers. Therefore, some "trips" were in fact
times where the driver had forgotten to turn off the data collection when outside
the vehicle and as such represented pure walking trips. Those trips are often
observed to have data points concentrated within a small geographical area such

1Data downloaded from
http://www.kaggle.com/c/pkdd-15-predict-taxi-service-trajectory-i/
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Figure 6.1: Map of area modelled by smaller bounding box.

as a shopping mall. All such trips were identified and removed by excluding any
trips that never exceeded a speed of 15 km/hr at any point.

In order to reason about similar trips and locations, we need to discretise the
space. Rather than applying a uniform grid, we chose to cluster the GPS data
points. This has the advantage that it creates tighter clusters where there was
denser traffic hence giving finer predictions in those areas. We used K-Means
Clustering at two levels of granularity: a coarse clustering with fewer clusters
and a second much finer clustering. The specific values for the number of clusters
k at each level were determined by clustering the data for a range of k values and
carrying our silhouette analysis.

Silhouette analysis [138] can be used to analyse the separation distance between
the clusters as described in section 3.5.
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Figure 6.2: Map of area modelled by larger bounding box. Smaller map area
shown as the black box in the larger map.
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Figure 6.3: Coarse clustering with 8 clusters in smaller bounding box

To determine the best value for k at each level, a range [8, 12] at the coarse
level and [248, 260] at fine grained level was specified. The clustering algorithm
was then run for each value of k which falls into the range. The mean silhouette
coefficient was then calculated for each resultant clustering. The value for k which
yielded the highest mean silhouette coefficient at each level was chosen. In the
present case, for the smaller bounding box, the best values for k at the coarse
level turned out to be 8 clusters and the fine level 259 clusters.

A similar analysis was carried out for the data contained in the larger bounding
box. The ideal clustering calculated was 18 clusters at the coarse level. Note
that the drop off behaviours were very different between the city center regions
and the rural regions. For this reason, rather than attempt a global clustering
at the fine level, a hierarchical clustering scheme was devised. In this case, the
data within each of the 18 higher regions were isolated and a separate clustering
carried out within each of the 18 higher regions. A visualisation of these fine
clusters would be too small to be discernible. For illustration purposes, figure 6.5
shows a sample clustering in the larger bounding box. The actual clusters are
much finer than this at the lower level.
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Figure 6.4: Fine clustering with 259 clusters in smaller bounding box. Sample
trip shown.

Following the clustering, the trips are now represented as a sequence of cluster
visits with repeated cluster IDs for sequences of GPS locations that remain within
the same cluster. When a prediction is made, the simplest approach evaluated
(beyond the baseline) predicts the destination cluster and reports the coordinates
of the centroid of that cluster.

The error of the prediction is measured as the Euclidean distance between the
true destination location and the predicted location. Therefore, even if the correct
cluster is predicted, by taking the coordinates of the centroid of that cluster, an
error is introduced. Assuming the cluster is a circle of radius r, then the expected
distance from a random point in the cluster to its centroid will be 2

3r.

6.4 Framework instantiation
In this implementation example, the observed actions are the lower level location
clusters the taxi passes through once it leaves a source cluster at the beginning
of a trip. Each cluster corresponds to the GPS data point reported by the taxi
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Figure 6.5: Sample clustering in larger bounding box

in the raw data.

The activities in this case are the transitions from one cluster to another as the
taxi travels along its route. Each transition is represented as 〈Ci, Cj〉 where Ci
and Cj are distinct clusters calculated in the pre-processing step from the raw
GPS data (see section 6.3 for details).

Intent then is defined as the transition into the final drop off location of
the trip by the taxi. More concretely, if the final drop off location is defined as a
cluster φ then the intent of the driver in the taxi is to make the transition 〈Ct, φ〉
where Ct is the final transition cluster visited by the taxi on the trip.

This final transition on the trip, which will occur at some point in the near future
as required for an intent within the framework, is used to calculate the prediction
error which is reported in the experimental results. Specifically, the prediction
error is the distance between the predicted location of cluster φ and the actual
drop off location (ground truth).
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6.4.1 Hierarchical structure

There are two levels in the hierarchical model. As is the case in all implementation
examples of the framework, clusters learnt in the data are utilized as abstractions
which capture hidden structure in the data. For a description of how clusters
are calculated in this particular example, please see section 6.3. A key difference
between this instantiation of the framework and the other two examples is that
manifold learning techniques such as t-SNE or LLE were not employed. This
was due to the specific nature of the data for this implementation example where
the observations represent geographical locations. It was a more interpretable ap-
proach to cluster on the observed domain (i.e: the pick-up, drop-off and transition
GPS readings).

Once the levels are established via clustering, the upper level model is trained
on the cluster labels such that it predicts a high level region for the drop-off.
These predicted cluster labels (at higher level) are propagated to the lower model
which predicts the probabilities of the drop-off cluster. There are maximum
likelihood and weighted expectation evaluation models which were then employed
to produce the final GPS coordinates predicted. These are described in section
6.4.2.2.

6.4.2 The model

To predict the destination of a taxi using an observed partial trajectory, we pro-
pose a hierarchical model. At the high level, the aim is to identify a general region
or area the taxi is travelling to. The logic is that the early stages of a trip will
be similar for any trip which terminates in destinations within the same neigh-
bourhood. In the clustering scheme, this equates to picking a destination cluster
from the coarse clustering. Once the higher destination region is identified, the
algorithm will then "zoom" down and make a fine grained destination prediction
within the region identified in the previous step. At this stage a cluster from the
fine grained clustering is picked.

6.4.2.1 Upper model

The high level model is based on Discrete Time Markov Chains (DTMCs). The
states of the DTMCs are defined to be the clusters the taxi passed through during
its trip. Before training, the trips are factorised by source cluster and destination
cluster pairs. A separate DTMC is trained for every source/destination pair.
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Figure 6.6: DTMC model for destination region prediction

During prediction, the source cluster is known. Only those DTMCs associated
with this source are considered. The destination which gives maximum likelihood
for the observed transition is then chosen as the predicted destination region. A
schematic representation of the higher model is shown in figure 6.6.

6.4.2.2 Lower model

The low level model is a Bayesian Inference model. We represent each journey
as the sequence of clusters the taxi passed through. We calculate the destination
cluster probability conditioned on the high level destination region, source clus-
ter and last two clusters visited. The conditional probabilities are calculated as
a set of probability tables by counting the transitions between clusters that are
observed in the data set. We represent the source cluster, destination cluster and
last two visited clusters xi and xi−1 as unique cluster IDs. The notation xi−1 → xi

represents the last observed transition between two clusters in the most recent
time step on the trip. Applying Bayes Rule, we have the following:

P (destinationlower|xi−1 → xi, source, destinationhigher) =

P (xi−1 → xi|source, destinationhigher, destinationlower)×

P (xi−1|source, destinationhigher, destinationlower)×

P (source|destinationhigher, destinationlower)×

P (destinationhigher|destinationlower)× P (destinationlower)
P (xi−1 → xi, source, destinationhigher)

However, P (xi−1 → xi, source, destinationhigher) is a normalization term and not
required for the purpose of comparing different probabilities. In addition, this
joint probability distribution is computationally expensive to calculate. There-
fore, we simplify the above expression and compare based on proportionality.
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Thus, we look for the destination cluster which maximises:

P (destinationlower|xi−1 → xi, source, destinationhigher) ∝

P (xi−1 → xi|source, destinationhigher, destinationlower)×

P (xi−1|source, destinationhigher, destinationlower)×

P (source|destinationhigher, destinationlower)×

P (destinationhigher|destinationlower)× P (destinationlower)

For example assume a trip starts in cluster 70 and in the current time step is at
cluster 206 having previously been in cluster 115. Assume further that the high
level model has predicted a destination region 5. Then we have:

P (destinationlower|xi−1 = 115→ xi = 206, source = 70, destinationhigher = 5)

The experiments were run using different variations of the hierarchical model
described. These are as follows:

Baseline The baseline model always predicts the centroid coordinates of the
current cluster the taxi is in as the destination location φ.

Model 1 Reports the centroid coordinates of the most likely lower level desti-
nation cluster within the high level region as φ (a Maximum A Posteriori
estimate).

Model 2 Reports the weighted average coordinates of all lower level destination
cluster centroids within the high level region. The centroid locations of all
lower clusters are weighted by the probability of each cluster and summed
to give the expected destination coordinates φ.

Model 3 Reports the weighted average coordinates of the top 5 most likely lower
level destination cluster centroids within the high level region. The centroid
locations of the top 5 lower clusters are weighted by the probability of each
cluster and summed to give the expected location φ. The probabilities of
the top 5 clusters were rescaled before weighting was carried out.

Model 1 simply picks the most likely destination cluster at the lower level and
reports the cluster centroid as the predicted location. However, given the dispar-
ity between the actual drop off location within the cluster and the location of the
cluster centroid which the algorithm for this model reports, a discretisation error
arising from the clustering scheme will always be incurred.
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Models 2 and 3 are motivated as a means to try and address this discretisation er-
ror. In models 2 and 3, the algorithm reports an expected location by multiplying
the lower cluster centroids with their probability and summing. This means that
if a particular dropoff is within cluster A but very close to or bordering cluster
B, then the probability of cluster B will be higher than normal therefore pulling
the reported location somewhere between clusters A and B which is the desired
behaviour.

6.5 Data sparsity
A problem encountered with the above method is the high dimensionality of the
search space. The number of parameters mean that an exceedingly large number
of combinations for those parameters are possible. Assuming a clustering scheme
of 259 clusters (which comprises source and visit clusters) and the high level
clustering of 8 clusters (the destination regions) then there are 259 sources by
259 previous locations by 259 current locations by 8 destination regions giving
138991832 possibilities at the higher level alone. This is not including the lower
level destination prediction which must be made once a destination region is
decided.

Some of these possibilities are ruled out by geographic features of the map itself.
There are some clusters which cannot be reached from others in one transition and
hence cannot form a 〈previous location, current location〉 pair. Even excluding
these impossible transitions however, we found that the dataset did not contain
information on every feasible transition. In absence of any observed data, the
model predicts a zero probability for these transitions, which is clearly not the
case. A common technique to counter this is to assign a non-zero probability to
every possible destination (a uniform prior).

A reasonable approximation of what the missing probabilities might be is pro-
posed as a smoothing technique. The idea is given a certain current location and
candidate destination, assign higher probabilities to next locations which are in
the general direction of that candidate destination.

In figure 6.7, the vehicle has travelled to its current location (marked C) from
the source S. From there the vehicle has some choices around it for the next
cluster to visit (marked green). Given the source and candidate destination D2,
the model assigns higher probabilities to next locations in the general direction of
D2. The model achieves this by calculating the angle ∆θ which is the difference in
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Figure 6.7: Estimation of missing probabilities with directional prior

heading between the possible next location and candidate destination. This angle
is calculated for all possible next locations. The algorithm then ranks the next
locations according to increasing ∆θ. Probability mass is applied to entries in
this ordered list by a negative exponential function. When making a prediction,
the algorithm first checks if there is information observed in the training data
itself. If there is none available, it then uses the estimated probability from the
model described above.

6.6 Experiments & results

6.6.1 Experiment description

To conduct the experiments, for each problem, the data was split into a train-
ing and test set. Approximately 80% of the trips were randomly sampled for
the training set with the remaining 20% being allocated for testing. The evalua-
tion metric used is the mean Haversine distance between our predicted drop off
coordinates and actual drop off coordinates.

Haversine distance [155] is a metric used to quantify the distance between two
points on the surface of a sphere, given their latitudes and longitudes. Also known
as the "great circle distance", the metric measures the shortest distance between
two points along the surface of a sphere (as opposed to a straight line through
the sphere’s interior). Therefore, using the Haversine distance formula improves
on the more standard Euclidean distance metric by factoring the curvature of
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the Earth into the calculation. Given two points x and y, the Haversine distance
between them is calculated as follows:

d(x, y) =

2 ·R · arcsin
(√

sin2
(
xlat − ylat

2

)
+ cos(xlat) · cos(ylat) · sin2

(
xlon − ylon

2

))

Where:

• xlat and ylat are the latitudes of the two points in radians.

• xlon and ylon are the longitudes of the two points in radians.

• R is the radius of the Earth (or sphere) in the chosen units (e.g., kilometers).

• d is the Haversine distance between the two points.

The value for the radius of the Earth R in this implementation example is 6371
km. This value was obtained by following the figures recommended by NASA
which lists the equatorial radius of the Earth as 6378 km, the polar radius as
6357 km and finally, a volumetric mean radius of 6371 km [178].

6.6.2 Experiment results

The results from the different model variants (as described in the previous section)
in the case of the smaller bounding box are shown in figure 6.8 and for the larger
bounding box in figure 6.9. In the figures, the x axis indicates the percentage of
trip travelled. The y axis is the average Haversine distance error over all the test
trips at each point in the trip.

In all cases, it is expected that the baseline will out-perform predictive models at
the very end of each trip. The reason for this is because, in the baseline model,
the final destination of the trip is always defined as the centroid of the current
location cluster the vehicle is in at that point. Therefore, the deeper a vehicle
gets into the trip, the prediction error reduces until finally at the very end of
the trip, the discrepancy between actual destination and predicted destination
is the average discretisation error of the clustering (the discretisation error was
discussed in more detail at the end of section 6.3).

In the smaller bounding box, the best performance is an error of about 0.6 km
in the smaller map and 1.6 km dipping below 1 km as the trip progresses in the
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Figure 6.8: Experiment Results for smaller bounding box. Models 2 and 3
coincide.

Figure 6.9: Experiment Results for larger bounding box. Models 2 and 3
coincide.
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larger map. This performance is seen with Models 2 and 3 which show the best
performance in both smaller and larger area maps. On the graphs these lines
coincide with minimal difference between them. This indicates that picking only
the top 5 lower clusters does not alter the prediction performance too much as
compared to weighting over all lower level destination clusters. The peak at the
end of the trip is because at this stage the taxi is actually at its destination but
the model still attempts to make a prediction which increases the error. It is
noted that within the city centre region, there are patterns to learn and leverage
to make a fairly accurate prediction.

Increasing the area covered by the map captures longer trips, however these longer
trips were found to exhibit a distinct and more variable behaviour compared to
the shorter trips. This difference resulted in a somewhat lower prediction accuracy
particularly earlier on in the trip. Furthermore, as there is a larger number of
destination clusters to choose from, the best result from the larger bounding
box is still less accurate than those from the smaller bounding box. Finally the
clusters themselves are larger which in turn amplifies any penalty from picking
the wrong cluster.

It is noteworthy that in the smaller bounding box, the model reaches peak pre-
diction accuracy very early on (from around 5% into the trip). We always report
the centroid of the most likely cluster in Model 1. Our analysis showed that even
if we predicted the correct cluster 100% of the time, the discretisation would still
introduce an error. To address this problem, in Models 2 & 3, we report the
weighted mean location of the low level cluster centroids (weighted by the prob-
ability of the cluster). The weighting also helps us in cases where our high-level
cluster prediction is wrong. We believe the majority of these cases are where the
true destination coordinates are close to the boundary between high level clus-
ters so we end up picking an adjacent high level cluster instead. The low-level
prediction is still able to predict the neighbouring low level clusters giving a final
predicted location closer to the actual destination.

In the smaller map, while the prediction accuracy reaches its peak 5% into the
trip, the prediction does not improve from there as in the larger map. Analysing
the predictive behaviour of the model, we note the model soon starts to pick
either the actual destination cluster or an adjacent cluster and this behaviour
continues until the end of the trip. The Markov property may have an effect
here as the model makes a prediction based only on the current information at
each time step. In the current case, the best models outperform the baseline
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Figure 6.10: Weighted average prediction at lower level

until about 75% into the trip in the smaller map (considering the average error
across all test trips at the 75% point). This indicates that the prediction model is
delivering an insight of value for about three quarters into each trip on average.

The Predestination [89] algorithm reports an error of 2.8 km at the start of the
trip and dropping to ∼1 km at the end (on a different data set from another
city). In other papers where this data from Kaggle has been utilized, the authors
note that the test set provided is very small for reliable model comparison and
therefore test on their own local validation sets as we have done.

The results reported by the present framework will now be compared to the public
benchmarks available on Kaggle for the same data set. This comparison comes
with a caveat; all the results published on the Kaggle leaderboard have different
data pre-processing and cleaning and the exact steps taken by the authors of
those entries are not publicly known unless they have published their work. A
comparison of our approach to few studies that have been published on this
data set [92, 40] indicate that the authors employed data cleaning and modelling
approaches very specific to this problem and data set. In other words, these
approaches are finetuned for this specific problem to get the best result possible
on this particular problem and this particular data set. This is likely true for
all the results posted for this particular competition on the Kaggle leaderboard.
Therefore, it must be noted that the results from the general framework proposed
in this thesis serve to establish that the framework performs comparably to the
benchmark results though not necessarily exceeding approaches finetuned for this
problem specifically.
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The framework reported a prediction error of 2.76 km on the Kaggle test set
which would have placed 71st on the final public leader board for the Kaggle
competition. This is out of 382 total submissions which makes 71st place a top
20% result. For further context, the best result obtained by bespoke models
developed for this particular problem is 2.24 km which means the result from the
proposed framework is only 0.32 km away.

Revisiting the two papers published in the literature cited above [92, 40] which
utilise this dataset and report on the authors’ approach and evaluation results for
the Kaggle competition, a comparison may be made to the approach presented
in this thesis. These studies report errors on the public Kaggle leader board of
2.28 km and 2.53 km respectively. Our model on the same small Kaggle test set
of 320 trips scored 2.76 km on the public leader board, a directly comparable
number to the public leader board figures of 2.28 km and 2.53 km cited above. In
terms of the methods that were used, [92] used an ensemble tree-based approach
with Random Forests and [40] applied deep learning. In both cases, as noted
previously, the models were finetuned for this problem and bespoke approaches
developed that took advantage of the data points specific to this use case.

The comparable performance of the proposed framework to state of the art results
for the same problem support the claim that the framework does well across a
range of applications though it may not always match the best results from a
bespoke approach tuned specifically for a particular problem.

Another implication of the caveat that these external results have different data
pre-processing is that the Kaggle leaderboard results may have come from models
trained on data which has been less aggressively cleaned than our approach. The
increased variability in the training data would help those models generalise better
to unseen data.

Given these observations on different data pre-processing approaches on the Kag-
gle results, the comparisons made between the numbers from Kaggle and those
from the thesis framework are actually evaluating two things; the pre-processing
approach and the actual modelling approach of the framework. It is not immedi-
ately clear how much of the disparity between the results may be attributed to the
framework and the pre-processing. It is also noted that size of the public test set
is very small. Therefore, the local validation results presented in section 6.6.2 are
viewed more significant as those results are calculated over a much larger number
of trips and are evaluated purely on only differences in modelling approach. The
pre-processing of the data is the same across all the local validation experiments.
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6.7 Discussions & conclusion
We presented a hierarchical model for predicting the destination of a moving
vehicle. The model made an initial prediction at a high level using Discrete Time
Markov Chains for each possible source and destination pair. It then zoomed
down to refine the prediction within that higher level cluster using Bayesian
Inference. We showed that in earlier phases of the trip, the model correctly
predicts the destination to within 0.5 km on average in our smaller map and
around 1.6 km on the larger map (this figure improves as trip progresses on the
larger map).

An improvement on these results may be achieved by considering extra pieces
of information. For instance, factoring trips by time buckets and attempt to
learn time based patterns. This captures the idea that the patterns of pick-
ups and drop-offs will vary a lot depending on time of day. E.g.: Drop-offs at
restaurants and entertainment venues are more likely in the evening. A second
avenue to explore is to relax the Markov assumption and consider greater number
of locations (such as last 5) in making our prediction. Finally an attempt can be
made to learn driver preferences (such as favouring a particular section of the city
for drop offs and working at a specific time of the day) for more flexible models.
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CHAPTER 7

Concluding remarks

In conclusion, this Ph.D. thesis has presented a hierarchical framework for intent
recognition in autonomous agents, demonstrating its effectiveness through three
distinct implementation examples.

A key contribution of this research lies in the combination of hierarchical mod-
eling, manifold learning, and machine learning techniques for intent recognition
in autonomous agents. An extensive literature review was carried out and by
integrating these methodologies in the context of intent recognition, this thesis
has introduced a novel framework that fills a gap in the existing literature.

The utilization of hierarchical modeling allows for the effective representation and
prediction of intent, enabling autonomous agents to make informed decisions in
dynamic environments when interacting with other autonomous agents.

The formal thesis claim was that it is possible to infer the intent of an autonomous
agent with a hierarchical approach that combines manifold learning techniques
with machine learning models. To prove this claim, the intent recognition frame-
work was conceptualised and described. The specific terms of action, activity and
intent were also formally described.

The claim was then validated by experiment through three implementation ex-
amples. One example was predicting the intent of a resident in a smart home
carrying out activities of daily living. The second implementation example was
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employee moving around an office building, with applications in access control
for enhanced security and occupancy prediction for efficient energy management.
The intent was the next reader they will swipe. The third implementation exam-
ple was moving vehicles. The particular data set used was taxis driving around
Porto, Portugal. In this example, the intent of driver was defined as the final
destination of the trip.

In the case of Implementation Example I (activities of daily living, chapter 4),
a set of baseline experiments were run first which established a benchmark with
a simple to compare other experiments against. Further experiments were then
carried out for the intent recognition problem and validated against the bench-
mark.

For Implementation Example II (access control, chapter 5), the framework was
applied to a proprietary user access control data set therefore no external bench-
marks were available. However, an ablation experiment was setup that compared
the results from the hierarchical model to a simple flat model which demonstrated
the value of the techniques presented in the framework by enhancing model per-
formance.

For Implementation Example III (moving vehicles, chapter 6) the performance of
the framework was bench marked against both an internal baseline model and pre-
existing external results from Kaggle for the same dataset. It was demonstrated
that the models presented in chapter 6 exceeded the internal baseline model and
reported comparable scores on the external results.

7.1 Future work
Looking ahead, there are several promising avenues for future work that can
further enhance and extend the contributions made in this thesis. One area of
exploration is the improvement of Bayesian sparsity in the hierarchical model. Al-
though the current framework has shown promising results, incorporating more
sophisticated Bayesian techniques could potentially enhance the model’s perfor-
mance. Additionally, investigating and addressing the shortcomings of the ap-
proach, such as the need for prior knowledge in the case of poor data, would be
crucial for real-world applicability.

Future explorations are also relevant to expand the scope and impact of intent
recognition for autonomous agents. For instance, one exciting direction would
involve further experimentation to gain deeper insight into the functioning and
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performance of the hierarchical aspect of the model.

The hierarchical aspect of the model presented in this thesis has proven beneficial
in cases where imbalanced classes exist within the data. Its ability to capture the
top down structure of intent recognition tasks has helped address this challenge,
enabling more accurate predictions. However, further analysis and investigation
will comprehensively evaluate that aspect of model performance and its applica-
bility in an even great variety of practical applications.

In short term, within a 6 month period, the work would be extended by investi-
gating further implementation examples and exploring different types of machine
learning models for the existing implementations presented. One possible avenue
for this exploration is investigating how well the framework can handle continu-
ous data as the implementation examples described in this thesis are all discrete
data formulations.

The intent recognition framework will also be evaluated in further real-world
scenarios and domains not covered in this work, such as voice assistants, chatbots,
or customer service applications. A key requirement would be to source or gather
a diverse data set suitable for intent recognition tasks. One recent example of a
potential data set to experiment with this framework is Google’s Schema-Guided
Dialogue (SGD) dataset [132, 98]. Relevant techniques for pre-processing in the
natural language processing (NLP) domain such as word embeddings or pre-
trained language models to capture semantic information would be considered in
applying the framework to this data set.

In addition, the architecture of the intent recognition framework would be further
developed to encompass these new domains. This research would consider incor-
porating mechanisms like attention, memory, or multi-task learning to improve
performance. This would involve refining the hierarchical structure to handle
deeper abstractions, such as word-level, sentence-level, and document-level hier-
archies, to capture different levels of semantic information. In the process, the
work would explore different hierarchical models suitable for intent recognition,
such as hierarchical recurrent neural networks (HRNN), hierarchical attention
networks (HAN), or hierarchical transformers. Their performance, scalability,
and interpretability would be evaluated to select the most appropriate model for
developing this framework further.

Advanced techniques for training and optimising the models within the frame-
work will be evaluated. These techniques would include, for example, transfer
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learning, fine-tuning and regularisation to improve generalisation and mitigate
overfitting. Depending on the type of machine learning models being employed,
experiments will be conducted with different optimisation algorithms, such as
Adam or stochastic gradient descent with adaptive learning rates, and hyperpa-
rameter tuning methods to achieve optimal performance.

Methods to enhance the interpretability and explainability of this framework will
also be investigated. Relevant techniques have emerged in the literature like
attention visualisation, saliency maps, or activation mapping to gain insights
into the decision-making process of the hierarchical model. In all enhancement
work, a comprehensive benchmarking and comparative analysis of the proposed
adjustments against current performance of the framework and existing intent
recognition approaches would be carried out.

For a future Ph.D. student, some questions worth exploring are; do probabilistic
models consistently outperform classic machine learning models (or vice versa)?
What are the limits of data quality that the framework can be applied to? How
much does the use of Bayesian priors help overcome data sparsity issues? To
identify potential future directions for further improvement and extension of the
intent recognition framework, emerging techniques like graph neural networks,
meta-learning, or reinforcement learning will be considered to enhance its capa-
bilities. In addition, as one of the challenges encountered in the present work was
sourcing enough relevant data of sufficient quality, there is value in exploring ways
to enhance this framework to handle low-resource or few-shot learning scenarios.

In the longer term, a more fundamental extension will be formulated; the frame-
work was inspired by the Belief-Desire-Intention model [108]. Further inspiration
could be drawn to extend the present framework to incorporate an aspect of be-
lief inference. The key benefit of this approach would be the framework having
a greater awareness of the context in which an autonomous agent moves from
the present activity to the future activity (intent). The mapping which drives
current activity to the agents’ choice of next activity/intent would be their belief.
For instance, a worker who holds a work from home employment and therefore
believes staying at home would be their most beneficial course of action following
breakfast would have a very different intent at that point in time to a worker who
goes into the office.

In conclusion, this Ph.D. thesis has made novel contributions to the field of ma-
chine learning and intent recognition for autonomous agents by developing a hi-
erarchical framework combining 3 specific techniques and validating it through a
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diverse set of implementation examples. The identified future work, acknowledg-
ment of current shortcomings and enthusiasm for further explorations have shed
light on the contributions made and also the potential for future advancements.

By addressing these aspects and conducting additional experiments, the impor-
tance and necessity of frameworks for intent recognition can be further solidified,
ultimately advancing the capabilities of autonomous agents to understand human
intent; a crucial requirement as artificial intelligence systems and human beings
work ever closer together.
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APPENDIX A

Implementation Example I - Current Activity Evaluation

This content discusses current activity prediction using data from
Implementation Example I. Current activity prediction is out of scope
for the problem considered in thesis (which is intent recognition).

Therefore, these results in Appendix A are not considered a contribution
coming out of this thesis towards the PhD. Furthermore, these results in

this section are not used anywhere in the thesis.

Nevertheless, these results for current activity prediction are still being
included for completeness.
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A. Implementation Example I -
Current Activity Evaluation A.1 Overview

A.1 Overview
The current activity prediction experiments were carried out to benchmark the
performance of the proposed framework against the literature. Therefore com-
parisons are made between the results obtained with the framework and the best
corresponding results for each house presented in the benchmark paper [162].

Though strictly not intent recognition, the methodology described for the frame-
work in this thesis may be applied to current activity prediction. For these
benchmark experiments, the target for classification and prediction was current
activity happening right now rather than intent (which occurs at some point in
the near future).

To compare the performance against the benchmark paper [162], one must con-
sider the exact evaluation scheme the authors had employed and reproduce the
same. In section 8.4.3 of [162], the authors state the following:

The discretized ground truth labels are used to learn the model pa-
rameters. However, if we were to use the discretized ground truth for
calculating the performance measures of the model as well, our mea-
sure would not take into account the discretization error. Therefore,
we evaluate the performance of our models using the actual ground
truth, which was obtained with a one second accuracy.

Stating only that model parameters were calculated with discretised ground truth
labels (for example at 60 seconds) but the evaluation was at one second accuracy
is an ambiguous proposition; there are few interpretations for the above statement
which are reasonably valid. One interpretation is that every time slice of 1 second
was evaluated independently using a model trained on 60 second time slices.
However, this approach was not able to reproduce the figures provided on the
benchmark paper. In the experiments conducted, the reproducible interpretation
of the above statement was that the authors of [162] have counted an inference
as "correct" if any of the model predictions for the 60 slices of 1 second each that
correspond to the ground truth data match the ground truth label.

This method, referred to in the rest of this section as paper evaluation, can be
interpreted as giving the model 60 chances to get it right for any given 60 second
discretisation interval. However, the above evaluation scheme from [162] produces
some surprising results (such as the almost perfect confusion matrices seen later
in this section).
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A. Implementation Example I -
Current Activity Evaluation

A.2 Evaluating the hierarchical framework
for current activity prediction

Therefore with the intent recognition experiments, the decision was made to use
a more traditional evaluation method. This method, which will be referred to as
thesis evaluation in this section going forward, is to carry out the evaluation at
the same discretisation level as the model training. Therefore, the training and
test sets are discretised at 60 seconds and then the experiments are run.

A.2 Evaluating the hierarchical framework for current activ-
ity prediction
The goal of the evaluation here is to contrast and compare the thesis and paper
evaluation schemes for the same problem and understand what happens when
each method is applied. Therefore, the best performing model in the intent
recognition experiments (hierarchical formulation of XGBoost models) are trained
to predict the current ongoing activity of the resident rather than an intent in
the near future.

Once the models were trained, the results were evaluated using both paper eval-
uation and thesis evaluation schemes. For each evaluation scheme, a summary
overview is reported for each house. The summary includes the average of the
precision, recall and f1-score. The averages were calculated as described in section
4.7. In addition, the standard deviation is also reported for all relevant measures.

In the case of paper evaluation, a like-for-like comparison may be made to the
figures reported in the benchmark paper and this analysis is presented where
different models are compared using the same evaluation scheme. This allows
the reader to compare the performance of the framework against the benchmark
paper figures.

Following that a second head-to-head comparison is also made, this time com-
paring the two evaluation schemes using the same model. This captures the
differences observed between the two evaluation schemes.

Finally a summary of the findings are provided in the conclusion. While this
analysis is presented for completeness, these results are not utilised anywhere
in the thesis. A separate benchmark was created (the baseline model) in the
intent recognition experiments and that model was the basis for comparison in
the intent recognition experiments. As such the intent recognition experiments
are validated stand alone without relying on the results in this section.
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A. Implementation Example I -
Current Activity Evaluation

A.2 Evaluating the hierarchical framework
for current activity prediction

A.2.1 Activity to class label mapping

A mapping of the activity labels to numeric class labels used in the confusion
matrices are provided for each house. These mappings are identical to that used
in the benchmark paper [162] and provide the source of reference for looking up
activity labels when reading the confusion matrices. The activity label GAP in
the mapping and result tables indicate time slices where the activity log indi-
cates no activity recorded. To the best of our knowledge the resident is between
different recorded activities in these time slices.

Table A.1: Activity to class labels for House A

Activity Class label

GAP 0
leave house 1
use toilet 4

take shower 5
brush teeth 6
go to bed 10

prepare Breakfast 13
prepare Dinner 15

get snack 16
get drink 17

put items in dishwasher 18
unload dishwasher 19

store groceries 20
load washing machine 22

unload washing machine 23
receive guest 25
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A. Implementation Example I -
Current Activity Evaluation

A.2 Evaluating the hierarchical framework
for current activity prediction

Table A.2: Activity to class labels for House B

Activity Class label

GAP 0
Leaving the house 1

Use toilet 4
Take shower 5
Brush teeth 6

Shaving 9
Go to bed 10

Get dressed 11
Prepare brunch 13
Prepare dinner 15

MISSING LABEL 16
Get a drink 17
Wash dishes 24

Answering phone 29
Eat dinner 31
Eat brunch 32

Setting up sensors 33
Unpacking 34

Install sensor 35
On phone 36

Fasten kitchen camera 37
Wash toaster 38

Play piano 40
Gwenn searches keys 42
Prepare for leaving 43

Drop dish (No dishwash) 44
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A. Implementation Example I -
Current Activity Evaluation

A.2 Evaluating the hierarchical framework
for current activity prediction

Table A.3: Activity to class labels for House C

Activity Class label

GAP 0
leave house 1

Eating 3
use toilet downstairs 4

take shower 5
brush teeth 6

use toilet upstairs 7
shave 9

go to bed 10
get dressed 11

take medication 12
prepare Breakfast 13

prepare Lunch 14
prepare Dinner 15

get snack 16
get drink 17

load washing machine 22
relax 28
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A. Implementation Example I -
Current Activity Evaluation

A.3 Results with the benchmark paper
evaluation method

A.3 Results with the benchmark paper evaluation method

A.3.1 House A

The classification report of the hierarchical framework in predicting the current
activity is shown in table A.5. The corresponding confusion matrix for the current
activity classification results are shown in figure A.1.

The proposed framework achieves a macro average f1-score of 80.3 ± 13.4.

The best result achieved for this house in the benchmark paper was an f1-score
of 72.4 ± 13.7 as reported in Table 8.4 of [162]. This was achieved with HSMM
model and macro averaging.

Table A.4: House A - Current activity classification benchmark comparison
(paper evaluation)

model precision (%) recall (%) f1-score (%) accuracy (%)

NB 53 ± 18 43 ± 18 47 ± 17 56 ± 19
HMM 70 ± 16 74 ± 13 72 ± 14 92 ± 6

HSMM 71 ± 16 75 ± 12 72 ± 14 92 ± 6
CRF 74 ± 17 68 ± 16 70 ± 16 91 ± 6

Thesis 88 ± 7 84 ± 13 80 ± 13 64 ± 28

Table A.5: House A - Current activity results from hierarchical model (paper
evaluation)

current activity precision (%) recall (%) f1-score (%)

macro average 88 ± 7 84 ± 13 80 ± 13
weighted average 98 ± 6 64 ± 28 68 ± 26
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A. Implementation Example I -
Current Activity Evaluation

A.3 Results with the benchmark paper
evaluation method

Figure A.1: House A - Confusion Matrix for Current activity prediction
(hierarchical model with paper evaluation scheme)
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A. Implementation Example I -
Current Activity Evaluation

A.3 Results with the benchmark paper
evaluation method

A.3.2 House B

The classification report of the hierarchical framework in predicting the current
activity is shown in table A.7. The corresponding confusion matrix for the current
activity classification results are shown in figure A.2.

The proposed framework achieves a macro average f1-score of 87.5 ± 15.9.

The best result achieved for this house in the benchmark paper was an f1-score
of 55.7 ± 14.6 as reported in Table 8.5 of [162]. This was achieved with HSMM
model and macro averaging.

There was one recorded activity in House B for which a label was not available.
This activity is recorded in the table with MISSING LABEL.

Table A.6: House B - Current activity classification benchmark comparison
(paper evaluation)

model precision (%) recall (%) f1-score (%) accuracy (%)

NB 41 ± 7 39 ± 6 40 ± 6 68 ± 19
HMM 48 ± 17 63 ± 14 54 ± 17 81 ± 14

HSMM 50 ± 16 65 ± 13 56 ± 15 82 ± 14
CRF 48 ± 8 52 ± 9 50 ± 8 93 ± 6

Thesis 93 ± 9 92 ± 9 88 ± 16 78 ± 31

Table A.7: House B - Current activity results from hierarchical model with
paper evaluation

current activity precision (%) recall (%) f1-score (%)

macro average 93 ± 9 92 ± 9 88 ± 16
weighted average 98 ± 3 78 ± 31 79 ± 29
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A. Implementation Example I -
Current Activity Evaluation

A.3 Results with the benchmark paper
evaluation method

Figure A.2: House B - Confusion Matrix for Current activity prediction
(hierarchical model with paper evaluation scheme)
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A. Implementation Example I -
Current Activity Evaluation

A.3 Results with the benchmark paper
evaluation method

A.3.3 House C

The classification report of the hierarchical framework in predicting the current
activity is shown in table A.9. The corresponding confusion matrix for the current
activity classification results are shown in figure A.3.

The proposed framework achieves a macro average f1-score of 91.3 ± 14.5.

The best result achieved for this house in the benchmark paper was an f1-score
of 47.9% ± 11.3% as reported in Table 8.6 of [162]. This was achieved with
HSMM model and macro averaging.

Table A.8: House C - Current activity classification benchmark comparison

model precision (%) recall (%) f1-score (%) accuracy (%)

NB 40 ± 7 31 ± 5 35 ± 5 58 ± 15
HMM 41 ± 9 50 ± 11 45 ± 9 77 ± 15

HSMM 44 ± 10 52 ± 13 47 ± 11 78 ± 15
CRF 37 ± 18 40 ± 17 38 ± 18 82 ± 14

Thesis 95 ± 4 92 ± 21 91 ± 21 89 ± 21

Table A.9: House C - Current activity results from hierarchical model with
paper evaluation

current activity precision (%) recall (%) f1-score (%)

macro average 95 ± 8 92 ± 14 91 ± 15
weighted average 97 ± 4 89 ± 21 89 ± 21
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A. Implementation Example I -
Current Activity Evaluation

A.3 Results with the benchmark paper
evaluation method

Figure A.3: House C - Confusion Matrix for Current activity prediction
(hierarchical model with paper evaluation scheme)

Intent Recognition of
Autonomous Agents

171 Ali Azzam Naeem



A. Implementation Example I -
Current Activity Evaluation

A.4 Results with the thesis evaluation
method

A.4 Results with the thesis evaluation method

A.4.1 House A

Table A.10: House A - Current activity results from hierarchical model with
thesis evaluation

current activity precision (%) recall (%) f1-score (%)

macro average 38 ± 14 35 ± 11 33 ± 10
weighted average 79 ± 14 73 ± 14 74 ± 15

Figure A.4: House A - Confusion Matrix for Current activity prediction
(hierarchical model with thesis evaluation scheme)
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A. Implementation Example I -
Current Activity Evaluation

A.4 Results with the thesis evaluation
method

A.4.2 House B

Table A.11: House B - Current activity results from hierarchical model with
thesis evaluation

current activity precision (%) recall (%) f1-score (%)

macro average 33 ± 11 32 ± 11 30 ± 11
weighted average 84 ± 20 78 ± 21 79 ± 21

Figure A.5: House B - Confusion Matrix for Current activity prediction
(hierarchical model with thesis evaluation scheme)
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A. Implementation Example I -
Current Activity Evaluation

A.4 Results with the thesis evaluation
method

A.4.3 House C

Table A.12: House C - Current activity results from hierarchical model with
thesis evaluation

current activity precision (%) recall (%) f1-score (%)

macro average 32 ± 8 31 ± 7 29 ± 6
weighted average 84 ± 6 74 ± 8 76 ± 7

Figure A.6: House C - Confusion Matrix for Current activity prediction
(hierarchical model with thesis evaluation scheme)
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A. Implementation Example I -
Current Activity Evaluation A.5 Comparing the evaluation schemes

A.5 Comparing the evaluation schemes
Tables A.13, A.14 and A.15 report the f1 scores with macro and weighted av-
eraging to provide a side-by-side comparison of the changes in moving from one
evaluation scheme to the next.

Table A.13: House A - Evaluation scheme comparison

Metric Paper Evaluation Thesis Evaluation

Macro Average (%) 80 ± 13 33 ± 10
Weighted Average (%) 68 ± 26 74 ± 15

Table A.14: House B - Evaluation scheme comparison

Metric Paper Evaluation Thesis Evaluation

Macro Average (%) 88 ± 16 30 ± 11
Weighted Average (%) 79 ± 29 79 ± 21

Table A.15: House C - Evaluation scheme comparison

Metric Paper Evaluation Thesis Evaluation

Macro Average (%) 91 ± 15 29 ± 6
Weighted Average (%) 89 ± 21 76 ± 7

Comparing the two evaluation schemes, it is seen that the macro average is signif-
icantly boosted by the benchmark paper evaluation scheme whereas the weighted
average is comparable and not significantly different.

This may be attributed to the fact that the approach of giving the classifier
"60 tries to get it right" will have an outsized impact on the rare activities and
therefore have a bigger impact on the macro average than the weighted average.
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A. Implementation Example I -
Current Activity Evaluation A.6 Conclusion

A.6 Conclusion
It is observed that the paper evaluation scheme provides a major lift on the macro
average figures. While this was the adopted approach in the benchmark paper,
in this thesis that evaluation scheme is not adopted for the intent recognition
experiments. The paper evaluation scheme produces some very surprising results
which are not easily explainable or logical.

Therefore, to support and validate all the results in Implementation Example I
for intent recognition (chapter 4), a separate baseline model was created. The
baseline model still predicts current activity and then assumes that to be the
user’s intent (i.e.: the baseline model assumes the users intention is to continue
in their current activity until the intent horizon). In chapter 4, the baseline model
is evaluated consistently with the experimental models using the thesis evaluation
scheme. Therefore, one can be confident that comparisons are being made fairly
and no favour or advantage is given to any model in the evaluation.
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APPENDIX B

Copyright license

The layouts of the 3 houses in Implementation Example I: Predicting activities
of daily living (figures 4.1, 4.2, 4.3 and 4.4 in this thesis) are reproduced by
permission from Springer Nature under license.

The figures originally appeared in:
Human Activity Recognition from Wireless Sensor Network Data: Benchmark
and Software, van Kasteren T.L.M., Englebienne G., Kröse B.J.A. (2011)

A chapter in:
Activity Recognition in Pervasive Intelligent Environments,
Chen L., Nugent C., Biswas J., Hoey J. (eds)

Part of:
Atlantis Ambient and Pervasive Intelligence book series, vol 4, Atlantis Press and
also a Springer eBook.
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