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ABSTRACT

Anomaly detection in smart environments is an attractive research area for the
application of machine learning methods. In order to analyze large amounts
of data from heterogeneous sensors, various approaches from machine learn-
ing have become established. The successful detection of anomalous, system-
critical events can prevent fatal consequences in smart environments. For clas-
sical statistical methods it is a challenge to generalize well on large data sets,
which leads to the broad use of deep learning methods. Deep learning is ca-
pable of generalizing well on large data sets. In the domain of smart environ-
ments the continuous observations of the environment produce large data
sets.

Recent research on anomaly detection methods has also considered the use
of reinforcement learning. The connection of reinforcement learning and deep
learning is already used with promising results in other domains. In the con-
text of this thesis, the application of a deep reinforcement learning approach
in the domain of anomaly detection for smart environments is investigated.
The goal is the implementation and evaluation of a dynamic anomaly detec-
tion framework, which uses a well-known algorithm, namely deep Q-learning,
from reinforcement learning. The implementation and analysis of deep Q-
learning with prioritized experience replay is a novel contribution to anomaly
detection in smart environments. The approach is not domain specific and
works experience-based on multivariate features.

The thesis includes an introduction to the topic and the basics of the cur-
rent research. Analysis is performed on two independent data sets of smart
environments. Furthermore, the implementation of the framework and the
underlying problem is discussed. The evaluation includes a comparison be-
tween two deep Q-learning approaches and other anomaly detection methods
from the literature. The results of the evaluation show that the use of deep Q-
learning with prioritized experience replay is a stable and accurate anomaly
detection method, which is in no way inferior to its alternatives. A challenge
for the proposed approach is hyperparameter optimization. On a large data
set for falling detection of elderly people the investigated approach outper-
forms its peers.
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INTRODUCTION

Since the Internet of Things (IoI') was first mentioned in 1999 [1], it is esti-
mated that nowadays between 20 [2] and 50 [3] billion connected devices
are operating worldwide. The International Telecommunication Union (ITU)
describes the IoT as a global infrastructure that enables physical and virtual
things to be connected as communication technology [4]. Before the term IoT
was established, Weiser et al. have already been working on systems in the
ubiquitous computing research group at the Xerox Palo Alto Research Center
(PARC) [5]. Today, the research of Weiser et al. is considered pioneering work
in the research area of smart environments. 00000 I000000O0000 are a subarea
in the IoT. In the concept of ubiquitous computing smart environments are
described as pervasive, continuously computing systems. The research field
of smart environments is a broad area which is characterized by a variety of
properties. A more in-depth overview of these properties is provided in Sec-
tion 1.6. Cook and Das [6] describe smart environments as a “small world
where all kinds of smart devices are continuously working to make inhabi-
tants’ lives more comfortable”. Smart or intelligent in terms of smart environ-
ments means that the system has the ability to autonomously acquire knowl-
edge and apply that knowledge to its environment [ 6]. In many cases, the goal
of a smart environment is to improve the experience of its inhabitants.

The integration of sensors and actuators as peripherals to the environment
is indispensable for smart environments. Nowadays it is possible to set up en-
tire buildings as smart environments. This setup has been shown to effectively
reduce the energy consumption of entire buildings [7]. Smart environments
can be prone to malfunctions. Malfunctions can occur due to internal or ex-
ternal factors and may have fatal consequences. Due to the interconnection
between physical layers and non-physical layers, a disruption in a smart envi-
ronment can cause a cascading chain of malfunctions which then propagates
through the environment and results in unforeseen consequences [8]. In the
literature, unforeseen critical events are described as anomalies/outliers [9].
An improvement in the detection of these outliers offers a promising research
area to contribute to. O0ODIOMOIINOC (AD) emerged in recent years to recog-
nize and prevent unforeseen events in smart environments [10]. Nowadays,
anomaly detection is often implemented using machine learning (ML), as the
methods of machine learning can be used to process enormous amounts of
data generated by the IoT. In this thesis it is shown that a novel anomaly de-
tection method on sequential time series can increase the safety of smart envi-
ronments. To achieve this goal, a well-known approach of deep reinforcement
learning (DRL) is transferred, implemented, and evaluated.



INTRODUCTION

1.1 MOTIVATION

The main idea behind this thesis is to investigate a new approach for rein-
forcement learning in the domain of anomaly detection. If the investigated
approach is shown to be more accurate than existing approaches, this leads to
more accurate anomaly detection in the domain of the researched data sets. A
higher accuracy in anomaly detection problems can result in a higher safety
for the observed domains. As shown in many surveys on anomaly detection
with deep learning (DL), there exist fewer reinforcement learning (RL) meth-
ods [11-14] than other methods. This fact is also shown in Figure 1.1, it shows
the different amount of publications found on Google Scholar regarding the
search terms “anomaly detection reinforcement learning”. As one can see in
Figure 1.1, roughly every fifth publication mentions RL together with anomaly
detection. In none of the previously mentioned surveys a reason is given on
why RL methods are rarely used. The low amount of RL methods is conspicu-
ous, because RL achieves good performance in other domains. This lack might
stem from RL methods being distinct to “common” anomaly detection meth-
ods and the transfer of RL upon anomaly detection is a difficult objective.

reinforcement
learning
28.800
18%

unsupervised
learning
50.900
32%

supervised learning
79.100
50%

Figure 1.1: Distribution of different learning methods mentioned on publications re-
garding anomaly detection found on Google Scholar. The chart shows
an unbalanced distribution of research effort spent on anomaly detection
methods.

Reinforcement learning is already achieving superhuman performance in
game planning and solving [15, 16]. The hope exists that this superhuman feat
can be achieved in other research fields by merely adapting the methods to
these. Existing anomaly detection methods suffer from strong assumptions of
the underlying data or often are domain specific solutions [14]. Self-learning
approaches could overcome the challenge of solving large continuous Markov
decision processes (MDP) as they tend to evolve in anomaly detection tasks.
A Markov decision process is the abstract skeleton of a learning task. If RL
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approaches outperform other approaches upon smart environment’s sensor
data, this can result in a higher safety of smart environments in the future. The
process of sequential detection of anomalous behavior can be modelled as an
MDP, and therefore suits the RL methods. Furthermore, it is a challenging task
to formalize the anomaly detection problem and apply RL methods upon the
formalized learning problem. This task has not been solved by many research
groups before as it is shown in Section 2.3. Formalizing the MDP to resemble
all information hidden in a time series and successfully learn relevant feature
distributions is yet work to be explored in depth.

1.2 OBJECTIVES

The main goal of this thesis is the implementation and evaluation of a novel
method in anomaly detection for time series. The origin of the time series
data are smart environments, which use sensors to observe their environment.
A successful implementation of the method can lead to safer smart environ-
ments in the future. Better anomaly detection in a certain domain is a lead
towards higher safety inside the domain. Due to the novelty of deep rein-
forcement learning approaches in anomaly detection, the implementation of
the anomaly detector is a difficult task. This work blends in well with the re-
search done by Huang et al. and Yu et al. [17, 18]. The baseline of this work is
to achieve a multivariate anomaly detector for sequential time series by using
RL methods. To achieve this goal a double deep Q-Network (DDQN) with
prioritized experience replay (PER) is implemented.

The objectives which are set can be split up in smaller subsets. The 0000 D00
00 consists of a framework implementation for anomaly detection using rein-
forcement learning. This includes the formalization of the anomaly detection
problem as an MDP and choosing a suitable learning method from RL theory.
The 000000000000 includes the evaluation of the chosen learning method on
relevant data sets. The data sets come from different domains of smart envi-
ronments. By evaluating the performance it is possible to draw a conclusion
on the effectiveness of the chosen method. On the one hand, the implemen-
tation of the framework including the learning method’s implementation is
shown. On the other hand, a conclusion is drawn about the general usability
of RL methods for anomaly detection and how this can lead researchers to
develop safer smart environments in the future.

1.3 OUTLINE

The thesis consists of 6 main chapters. The first chapter includes an introduc-
tion to the basic topic of this thesis. In the first chapter, background informa-
tion and historically relevant events are to be conveyed. The second chapter
aims to give the reader a deep insight into the theoretical foundations that
are necessary for this thesis. In the second chapter, previous research on the
topic of “anomaly detection with reinforcement learning” is also presented.
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With the basics properly equipped, a seamless transition to the third chapter
becomes possible. The third chapter presents how to approach the problem
of anomaly detection using an abstract MDP. In the fourth section, the exact
implementation of the anomaly detector is discussed. Then, in the fifth chap-
ter, the results of the respective experiments are presented. In chapter six, a
summary and a concise outlook of this research is given. Figure 1.2 depicts
the contents of this thesis as a graphic.

Theory @ Methods @ Results

; Deep
1 Reinforcement
Learning
1
Experiments &
. Modelling ! Results
Anomaly ! !
Detection ; i
Smart : :
Environments '
' 1
Design & E Conclusion &
State of
the Art

Implementation Outlook
Figure 1.2: A big picture: the overview of this thesis.
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Quote 1 describes an abstraction of machine learning, as a general prob-
lem in computer science. Tom Mitchell explains the concepts behind machine
learning in his book [19] in depth. This section aims at introducing the basic
concept of [N000I00for machines. It is necessary to understand how one can
wrap a learnable task for machines. The contribution in this thesis relies upon
the abstraction of a real-world problem to an ML problem. More specifically,

(1)



1.4 MACHINE LEARNING

the research in this thesis applies methods from reinforcement learning (RL).
Hence, the research field of ML is explained briefly. ML has received a tremen-
dous increase in interest in recent years. ML is an interdisciplinary research
tield with relevant influences from mathematics, biology, computer science
and neuroscience |20, 21]. By getting a deeper understanding of the terms, E,
T, and P from Quote 1 one can grasp the basic concept of ML, including RL.

Experience, from a humans perspective, is something which humans can
obtain by interacting with their environment. Experience is used to learn be-
havior which can be used to solve a specific task. It is important to note that
experience appears to happen in a specific moment of time, but the ability
to memorize such is often necessary to learn some task effectively. In com-
puter science, experience is a representation of information specifically used
to solve a problem defined in advance [19]. During the research of this thesis
the terms 011000000 and O0O0I00000 are used again. This stems from the fact
that concepts of reinforcement learning are used. In Section 2.1, these 0000
are encountered while the meaning of reward-driven behavior is introduced.

Task, or problem, refers to the corresponding abstraction of an object or
surrounding which one gains experience from. The goal is to solve the task
at hand without being given the optimal solution. In order for a computer to
achieve this, the abstraction of the task must be as accurate as possible. As with
humans, tools are available to achieve the respective goal, namely to solve the
task. These tools involve mathematical methods to improve performance rela-
tive to the task. A more accurate description on how to implement an abstrac-
tion of tasks, experience and performance is given in Section 2.1.2. It should
be noted that different machine learning approaches for solving tasks exist, as
shown in Figure 1.3.

Performance describes the evaluation criteria, which is used as a feedback
for machine learning algorithms. The performance can be evaluated at dif-
ferent stages of the learning problem. In supervised learning for example, a
performance measure can be given immediately or at a certain point in time.
As mentioned in Quote 1, the performance is supposed to improve with more
experience gathered over time. Improving the performance P in a task T can
be reduced to the approximation of a target function, denoted as O [19]. A tar-
get function is equal to the meaning of a [I0l. The function holds information
on the discrepancy between the 000000 state and the [I0/00state. In deep re-
inforcement learning the target function is used to evaluate the performance
P at a certain point in time. This is certainly useful to understand the used
concepts of the applied method in Chapter 3.

The approximation of a target function is a synonym for the term (000000 In
mathematics there exist different solution methods for deriving a function ap-
proximation. In approximation theory, an applied theory of mathematics, the
goal of [I000I00is to minimize the worst-case error of | 0800 0 0000 1. Where
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OBO0 is the approximation of the ground-truth value function 0000. With [,
in this context, basically any input value is enclosed. It is still part of research
whether all approximation tasks can be solved efficiently. The CIOCTIO00 00 OCT
(I000000000 research field is focused on the well-known O O 00 problem [22].
This shows that approximation tasks are not easy to solve, even for approved
scientists in mathematics.

Machine
Learning

Unsupervised Reinforcement
Learning Learning

Deep
Learning

Supervised
Learning

Figure 1.3: Deep learning (DL) as a subarea of ML introduces the use of neural net-
works for function approximation. ML/DL can be categorized into super-
vised, unsupervised and reinforcement learning approaches. Note that
semi-supervised learning is not shown as a standalone category.

1.5 DEEP REINFORCEMENT LEARNING

In this section, a brief summary on the background of deep reinforcement
learning is given. Deep reinforcement learning is a sub-area in the field of re-
inforcement learning. Most basically it is the introduction of neural network
(NN) architectures to solve complex problems in RL.

The goal in reinforcement learning is to find the best possible mapping of
situations in an environment to actions inside this environment. This mapping
is build by maximizing a belonging reward signal from the environment. By
default the learning actor is not supervised on which actions to take at which
moment in time. Therefore the learner itself must discover which actions suit
propetly in its environment. In a complex environment actions at a point 0 in
time [, denoted as [, can influence subsequent rewards at any further point
1 in time [, denoted as [;. The features of gathering experience by executing
actions and collecting returned rewards are important features of RL [23].
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The problem of a reinforcement learning task can be formalized with the help
of ideas coming from dynamic systems theory. The main takeaway of dy-
namic systems theory is the application of 00000 IOIII00 [I00000C0 (MDP).
A deeper dive into the MDP model formalization is taken in Section 2.1.2. The
fundamental idea is straightforward. A model captures the most essential as-
pects of the real-world problem faced by a learning agent as it interacts with
its environment. The interactions are distributed over a time dimension to
achieve a desired goal. A learning agent must be able to perceive the state of
its environment and to perform actions affecting the next state. Furthermore,
the agent must as well have a goal or objectives, which relates to the state of
the environment. A default MDP mainly involves the three explained aspects.
Perception, action and a goal are the simplest form of an MDP [23].

Real-world problems can differ in their complexity. Where smaller prob-
lems can be solved by the use of RL methods or other dynamic program-
ming approaches, more difficult problems seize the computational resources
of these methods. To fit computational demanding problem domains, like the
self-driving car domain [24], researchers make use of deep learning meth-
ods. In the context of this thesis, the problem is characterized by a demanding
problem domain. The exact observation of the environment is not possible. A
discrete observation is used, which still results in complex environment dy-
namics. Therefore, using classical RL is not sufficient and DRL is resorted to.

1.6 SMART ENVIRONMENT

Smart environments link the technological progress of computer science with
the everyday realities and tasks of the real-world. The integration of advanced
technology into people’s everyday lives is an expectation of many people. This
expectation refers to the JO00IO0O0ON [25]. Recent advances in sensor technol-
ogy, network technology, and many other research fields are fostering the de-
velopment of smart environments. A ”“smart environment is a small world in
which all sorts of smart devices are constantly working to make the residents’
lives more pleasant” [6]. This section aims to introduce a concrete example of
a smart environment which suits the core motivation of this work, described
in detail in Section 1.1.

The concept of a smart environment representing a building’s complex en-
vironment with sensors and actuators is one example of a smart environment.
This example is of interest for future research. For example, in regard of large
crowd events, the research in smart environments can also contribute to more
safety in crowded public rooms. Nevertheless, this paragraph focuses more on
general occupancy detection by sensors. The accurate determination of occu-
pancy detection in smart buildings has been estimated to reduce energy con-
sumption in the order of 30% up to 42% [26—28]. Therefore, a simple demon-
stration of a smart environment, detecting the room occupancy, can be imple-
mented by observing a few indicators of the real-world. Light, humidity, O
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and temperature sensors can record enough information of the environment
for a successful prediction of occupancy. A combination of these sensors is
already existing in many buildings nowadays. Besides observing the state of
the surrounding environment, smart environments aim to interact with the
real-world to improve their quality. In the above case the interaction could
possibly be carried out by controlling the buildings light or air-flow system
accordingly.

Recently, various research groups have been formed around the topic of
smart environments. The field of smart buildings has mainly produced projects
around smart rooms at work, at home and in educational institutions. Some
representatives are mentioned for interested readers. Chen et al. implemented
intelligent home-appliance recognition over an IoI' cloud network [29]. Han
et al. worked on a smart home energy management system using the ZigBee
protocol and IEEE 802.12.4 W-LAN standard [30]. In this scenarios anomaly
detection could improve the safety of the environments by detecting critical
events.

However, the focus of this thesis is on the implementation of an anomaly
detection solution for IoI-based smart environments. The importance of de-
tecting anomalies will become more relevant as more sensors and interacting
modules will be part of future smart environments. In view of the increasing
amount of smart environments in the real-world, more and more malfunc-
tions are naturally occurring. Some malfunctions can have unwanted conse-
quences. For every smart environment, there is a certain susceptibility to er-
rors that varies depending on the application domain. The previously given
example of accurate occupancy detection transfers to different domains. On
the one hand, it might lead to a safer energy consumption in buildings of the
future. On the other hand, future smart environments can be able to prevent
upcoming pandemic events by detecting aerosol particles and acting accord-

ingly.
1.7 ANOMALY DETECTION

In this section, it is clarified in which domains anomaly detection is used. In
Section 2.2, the discussion is focused on concrete methods of anomaly detec-
tion. In general, it is almost impossible to cover every source of system failures
in the context of IoI. Therefore, engineers developed several methods to catch
sources of failure during the development stage of a system. The research ar-
eas to prevent critical system misbehavior are called (00000 DCOIO00000 00O
(000000000 as well as general 00000000 (00000 methods. On the opposite side,
anomaly detection focuses on detecting misbehavior in real-time while the
system is running or by predicting misbehavior of the system. Anomaly de-
tection is used in various domains as listed below:
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intrusion detection - [31]

fraud detection - [32]

system health monitoring - [33]

e smart sensor networks - [34]

Intrusion detection systems (IDS) are used to monitor the state of an IT-
network system for any malicious activity. The detection methods used in the
area of intrusion detection are either signature-based or anomaly-based meth-
ods. The signature based methods are characterised by searching through net-
work traffic packages for malicious byte packages or other patterns [31]. Intru-
sion detection methods are often applied in antivirus software and perform
well on known patterns, while the performance on unknown patterns tends
to be poorly. Anomaly-based intrusion detection systems are a competitor to
signature-based systems, as they can perform better on unknown patterns. In
anomaly-based IDS the implementation relies on machine learning methods
mainly trained in a semi-supervised fashion to learn the normal patterns. The
detection of malicious traffic is then carried out by applying a distance based
heuristic on the unknown patterns. A known problem in anomaly-based ap-
proaches is the possible high rate of false positives, meaning outcomes in
which a false alarm is triggered for a newly seen pattern [35].

Fraud detection refers to the detection of malicious activity which is harm-
ing other actors in a certain environment. A broad usage of fraud detection
happens in financial fraud detection [32]. Here, computer-based methods are
already working successfully. Complex fraud detection systems feature ba-
sic methods of data analysis and data mining. Since the data mostly contain
normal activities and anomalous activities are rare, data mining methods are
often used for large data sets. The main methods here are classification, clus-
tering, regression, prediction and outlier detection. These methods can use
neural network architectures or support vector machines to generalize on a
large amount of data [32]. As usually possible, learning methods can be ap-
plied in a supervised, unsupervised or semi-supervised manner.

System health monitoring is a more general approach to monitor the health
of a complex system in a complex environment. This research area overlaps
with the anomaly detection tasks in smart sensor networks (SSNs) An exam-
ple of applied system health monitoring is the development of an inductive
monitoring system used by NASA to achieve more safety on spacecraft mis-
sions [33]. NASA used a distance based measurement system to monitor sen-
sor values of spacecrafts. The importance of real-time performance in system
health monitoring cannot be neglected, as delayed anomaly recognition can
result in problematic or critical behavior. The inductive monitoring system
stored normal operating data regions in a knowledge database and evaluated
the real-time data stream for their distance to well-known data samples.

11
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Smart sensor networks are complex systems, which use a large amount of
homogeneous or heterogeneous sensors to monitor the state of their environ-
ment. These networks can quickly generate cluttered data sets. Therefore it
is important to use methods which are well-suited for large data sets. Nowa-
days, most approaches of anomaly detection in smart sensor networks rely
on machine learning methods to support the requirements. The experiments
conducted in this thesis use data sets which are gathered by smart sensor net-
works. An example of applied methods are decision trees and fusion models
as used in [34]. The decision trees are an example of supervised learning on
historical data generated over a time span of 5 years. Auto-encoders, a concept
of deep learning, are used in [36] to detect anomalous events of a gas turbine
engine. The auto-encoder is trained unsupervised with a Gaussian distribu-
tion measure and was used to detect point anomalies.

This section introduced examples of applied anomaly detection and its rele-
vance for safety critical systems. The background of this thesis uses data gath-
ered by smart environments, which imply smart sensor networks, and focuses
on an anomaly detection method to detect outlier samples and patterns inside
the data. By contributing to the research of deep reinforcement learning in
anomaly detection it is possible to increase the safety of smart environments
in the future.

SUMMARY: INTRODUCTION

The research of anomaly detection in smart environments is an interesting
area. The previously discussed sections are a motivation for this research. The
proposed method is driven by the use of deep reinforcement learning. An in-
creasing interest in smart environment research, and the Internet of Things in
general, drive the need for secure anomaly detection methods. In this thesis,
real-world smart environment data sets are used as a baseline to evaluate a
novel anomaly detection method. Chapter 2 explains the theoretical knowl-
edge needed for this thesis in depth.









THEORETICAL FOUNDATIONS

Theoretical foundations might be superfluous for the experienced reader. How-
ever, it often does no harm to recall the relevant material. Thus, the interest-
ing background of deep reinforcement learning and anomaly detection is pre-
sented in this chapter.

2.1 DEEP REINFORCEMENT LEARNING

This section will build up sufficient understanding of how deep reinforce-
ment learning works. The subsections are sorted linearly by complexity. This
is intended to build up understanding piece by piece. In theory, RL distin-
guishes between two approaches called [II00 (000000000000 0OT0000and (000
(IO MMOI00000000O0I0000 In the context of this thesis, a value function-based
approach has been evaluated. Therefore, the basics of policy gradient-based
approaches are not explained further.

2.1.1  UI0O00OOOINO 00nomoo

One main connection between neuroscience and computational reinforcement
learning is the similarity between the physical signals in a nervous system and
the abstraction of a reward signal in reinforcement learning theory. In theory,
a learning problem can be represented by its abstraction of signals. These sig-
nals are referred to as state, action and reward. Still, a low level of abstraction
is needed to fully understand the links between biology and RL theory. State,
action and reward are representations of functions corresponding to a term
in an equation or an algorithm. Respectively, in neuroscience, a signal in the
nervous system refers to an physiological event like the burst of action poten-
tials in the neuron or the dissemination of a neurotransmitter [23].

When constructing an abstract neural signal function for a reinforcement
signal, that particular signal is thought of to behave like the corresponding bi-
ological signal. For example, a dopamine neuron signal in biology is supposed
to be mapped to an abstract signal behaving in the same way as the dopamine
signal. In reality, it is difficult to prove that physiological neural signals are
linked to a specific reward-related event. The difficulty lies in the high corre-
lation between different reward-related signals. Scientists need to overcome
this challenge by considering experiments where the reward-related signals
are less correlated from each other.
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The effect of less correlation in an experiment ensures that a certain physiolog-
ical signal is only active in parts of reward processing. This has been shown
to count for the dopamine neurotransmitter [23]. Properties which are con-
nected to the dopamine neurotransmitter can be found in the abstract con-
cepts of deep reinforcement learning.

Looking deeper into the analysis of reward-driven behavior one can find
the question whether behavior is motivated by only stimulus signals or di-
rected towards a goal outcome. In the past, research has produced different
results regarding this question. Thorndike et al. [37] proved that habitual re-
sponses can be evoked by perceiving a stimulus regardless of the outcome.
This strengthens the meaning of reward-related signals as purely stimulating.
Contrary, Tolman et al. [38] represent the opinion that actions can be evoked
strictly in connection to goal directed behavior which supports the second
point of view. However, nowadays research has come to the conclusion that
the coexistence of both properties shall not be neglected. Dickinson et al. [39,
40] demonstrated the capability of rats to perform in both manners. For exam-
ple, after enough training cycles on a specific task, rats have shown to be less
sensitive to the outcome of the task. This seems to support the abstraction of
overfitting for algorithmic learning tasks.

To solve why the coexistence of both reward-relation and goal-direction
is prevalent one needs to look at the brain’s control system. In animals, the
brain shows mutually beneficial properties for both behaviors as they seem to
work for mutually exclusive challenges the animals have to overcome. Reward-
relation and goal-direction show different beneficial effects when learning a
behavior. There exists a trade-off between accuracy, experience, speed and ef-
ficiency. Goal-direction, as the name implies, is more reliable in shaping an
actors behavior towards its goal. Reward-related control is more efficient in
adaption strategies and requires less cognitive awareness of an organism [ 41].

The analogy from physiological behavior theory can help us to understand
the abstraction of reward-signals and state, action evaluation later on. In Sec-
tion 2.1.3 it is shown how both, previously mentioned, properties work in RL
theory.

2.1.2 0000000000000 00otooo

In this section, the formal problem of a finite Markov decision process is in-
troduced. MDPs are a formalization of a sequential decision making problem,
in which decisive actions influence both, immediate and subsequent rewards.
Therefore MDPs support the trade-off problem between intermediate and de-
layed rewards in the decision problem. MDPs are the mathematical formal-
ization of a learning task with all its necessary features to solve it [23]. This
section introduces the key elements of a mathematical learning task.
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*GJUIPMET USVF UP UIF BERWFGYOBUUBPQWIFO TBUJTaFT U
.BSLPW QSPQFSUZ

5l6FGVMM EZOBWNWIDUOJPO BMMPXT UIF DPNQVUBUJPO PG FYQF
GPSBMMTUBUF BDUJPO QBJSTB&aBUYXMBEHVNFOU GVODUJP
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#Z JODMVEJOH UIF SOV SBOWBRPWFTUSVDU UIF UISFF BSHVNF
QFDUFE SFXBSBGWQIUIaVrFO U
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51F PCKFDUJWF GPS UIF BHFOU JO BO . %1 JT UP aOE UIF PQL
NBUFMZPQUJIJNBMGEBNUDDPTTIJCMF EXDODIFOITFBHFORUF
EFSJWFEJUTGZ:GTRJSQB?\M\EIDIBLBILFF.%l UIFODBOCFTPMWFECZUIF
SFTVMBSQPW D5BEGVODUJPO3ESA & O O UIFO SFEVDFT
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DIBJO XIJDINBYJNJ[FTJUT SFXBSET

} | ~7BMVF 'VODUJPO #BTFE "QQSPBDI

3-BQQSPBDIFTDBOCFTFQBSBUFEJOUPWBMVFGVODUJPO CB
CBTFEBQQSPBDIFT 51F MBUUFSBQQSPBDI XJMM OPU CF EJTD
OPUCFFOBQQMJFEJOUIFTDPQFPGUIJTUIFTIT SIFUIFPSZ P
CBDLUP 3JDIBSE#FMMNBOIrT QSJODJOMFPGCSFBLJOHEFDJT
TNBMMFS TVC QSPCMFNT <

5/1FJEFBPG FTUJNBUJOH B TUBUF rb PAZZINEN BABMWH\GY OD U.
EBUFTJT UIF SPPUPG EZOBNJD QSPHSBNNJOH OOF CJH DIBM
UJPOFTUJNBUJPOJTUP FWBMVBUFUIFQSFDJTJPOPGUIFFTU
JTUIFCBTJT PG BO BHFPGWPF RPIMIBDZQSPBDIFTUIF WBMVF GVO
FTUIJNBUJPO JT QBSU PG UIF PQUJNJ[BUJPO UBTL UP TPMWF I
FRVBUJPO PEFSTUIFQPTTJIJCIMIUZ P GZEFRI WW6 8 BOUBQUIN B M
aAX1JDIJT QBSUPGBO . %1 "TUIF GVUVSF SFXBSET PG BO BHFC
POUIFBDUJPOTJUXJMMUBLFBUBOZQSFDFEJOHTUBUF UIJT
DIBMMFOMMBMYVF G§ BCHFIIMBJCFT UIF FYQFDUFE SFUVSOFE SF
BMM USBKFDUPSJFAaVIQ/BRBI U OHHIOVBUBREBCDEISBSZ . % 1T
TUBUF WBMVF GVODUJPO DBO UIFOCFEFaOFECZUIFGPMMPX
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QPMJDZ PG JU IFODF QPMVMDPQ\WWEWNMNBE RS UIF TUBUF WBMYV
GVODUJPO 'PSAROIDTUBBRUFSNJOBM TUBUF NFBOJOH UIF TUE
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#PUIWBMVF GV @I PIBIO CFFTUINBUFECZFOPVHIJOUFSBDUJI
BOBHFOU XJUIJUT FOWJSPONFOU 5IFDPOWFSHFODFPG UIFFTL
WBMVF G\PY BUIPFADTVSFE JG UIF BHFOU LFFQT UIF BWFSBHF PG F
JTFODPVOUFSJOHEVSJOHJUTUSBKFDUPSZ 5IF TBNFDPOWFSHI
BHFOU XIJDIJT LFFQJOH UIF BWFSBHF GPS T @B8BUFE TUBUF B
4~ 5IFTF FTUJNBUJPO NFUIPET BSF SFGFSSFE UP BT .POUF $BS
UIFZSFMZPOBMBSHFBNPVOUPG TBNQMFTGPSFBDIQPTTJCMF ¢
.%1 5IFTF .POUF $BSMP NFUIPET BSIMBXQPGPBBSHEFCEWNEFST
X1JDIIBT CFFO QSPWFO PWFS UIF DPVSTF PG IJTUPSZ CZ NBOZ N
"QSPCMFNBSJTJOH GSPNUIFTF TUBUJTUJD/BI® UTFROSIFT JT UIF |
HSBEJBEOFUWBOJTIJOH HSBEJFOUT QSPCMFNJT EFTDSJCFE NPSF ¢
OFYU 4FPUJPO

S5IF FTUJNBUJPO PG WBMVF GV O QWPMIDIZ JJTNINSPS\PRNFFEO W J B
DIPIDFTGPSQPMIDZJINQSPWFNFOUJOEZOBNJD QSPHSBNNJOH
NFOUQ®TPMJIDZ JUF® B WMMFA U BPBIWNIPSPWF UIF QPMJIJDZ PG BO BHFO
POFTUIJMMOFFETUPEFSIWFIPXUIFQPMJDZrTTUBUF WBMVF GV
GPMMPXJOH FRVBUJPO TIRRPMUDZQSIRBSPWHFNG O U

Fa @SHNBYA O
e
BSHNBY, T«g i, JL &8 » 6> ) f
A _ _

BSHNBY 24]a O «a yT& &
e o

51F OFX HSFFEZQPRMFI®REUFT UIF WBME& M B & FBDXIUM0
UIF TUBUF BDUJPOAMWBMBEINDITRHEBUB GVMM EFSIWBUJPO PG UIF
FRVBUJPO JT HIWFO 'VSUIFSNESFE J§ ADGUBUFBNMIBU
SFBEZ NBYJNJ[FE /PX UIBU UIF EFSJWBUJPO PG CPUI TUFQT JT
OBUJPO JT HIWFO PO IPX QPMJDZ JUFSBUJPO XPSLT 1PMJDZ JU
JUFSBUJWF QSPDFTTPG FWBMVBUJOHBOE JNQSPWJOHUIF QPM)J
DFTTJCMF TUBUF 5IJTDIBJOPGPQFSBUJPOTJEFYFDVUFE VOUJ
JT SFBDIFE 5IFTUPQQJOHDSJUFSJBGPS QPMJDZJUFSBUJPO SF
LOPXO BOE FWFSZ QPMJDZ DBO CF FWBMVBUFE EJSFDUMZ

5 IFUSVODBUFE WFSTJPO PG QPMJDZ JUFSBUJPO WBMVF JUFS
FWBMVBUJPOBOEJNQSPWFNFOUTUFQ 5IFWBMVFJUFSBUJPOYV
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PWFSBMMBDUJPOTJO TUBUFT 5IF WBMVFJUFSBUJPO VQEBU
#FMMNBOO PQUJIJNBNMa>UZ FRVBUJPO <
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5/F NFUIPET PG EZOBNJD QSPHSBNNJOH DBO CF VTFE JO NPE
SPONFOUT 51JT NFBOVMMBERZ OPBRNUDA .%1 NVTU CF LOPXO
UP EFSJWF UIF PQ WBLFNENW QFPW EBBF SIFBSOJOH EFNPOTUSBUFT
BNPEFM GSFF BQQSPBDI XIJDI DBO CFVTFE UP TPMWF FOWJ!
DPNQMFUF NPEFM
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5% MFBSOJOHJT B QPQVMBS BMHPSJUIN GSPN UIF 3- GBNJMZ
NFUIPETBOEEZOBNJD QSPHSBNNJOHUPDPNQVUFBOPQUJNB
PET CPPUTUSBQ GSPN UIF WBMVF GVODUJPOJMNMNEBUF CZ VQEI
EJBXRMZFBDI TUFQ JO UIF FOWJSPONFOU 60OMJLF .POUF $BS
NFUIPET EP OPU SFMZ PO UIF XIPMF USBKFDUPSZ UP aOJTI 5I
DBMMEEWIF IJOWFBSOJOH O0iJOF NFUIPET DBOOPU CF DPNQVU
FSZTUFQ XIJIMFPOMJOF NFUIPETPOMZSFMZPOUIFJNNFEJBU
5FVQEBUF TUFQ GPS 5% JOJUT FBTIFXO G &R VBWIPO
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TUBODFT UIBU UIF IZOBSQBIBBNFBEG8VHI BOE UIF WBMVF GVO
VQEBUF IBQQFOTJO CBUDIFT "OPUIFSJNQPSUBOU QBSU PG U
DBMMFE 5% ASSKESATD Bchb 451IJT5% FSSPSJTUIFEJEFSFODH
CFUXFFO UIF PME RBOBNBIFFUBSHFU VQEBUF WBMNVF GPS UIF TL
5% FSSPS XJMM CF VTFE MB|/UEB PIOQSPAFDUUPDBNQMF FEDJFOD
PG2 MFBSOJOH

JPXFWFS 5% MFBSOJOHDBOCFJNQMFNFOQUBFEBINOFTFWFSBM X
UFSJO,5FBSOJOHDBO CF GSEPWOA&DIPOPOPBIFIIPXtEFFQt
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UIBUUIFGVMM .POUF $BSMP USBKFDUPSZJTVTFE GPS UIF 5%
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2 MFBSOJOH BT B NPEFM GSFF MFBSOJOH BMHPSJUIN BJNT
Juz PG TUBUF BDUJPO WBMVFT GPS UIF FOWJSPONFOU 2 MF
EFUFSNJOJTUJD FOWJSPONFOUT BOE JT QSPWFO UP aOE UIF |
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)PXFWFS XIFO MFBSOJOH NPSEFDPNQMEY QSPCMFNT XIFSF FJU
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MVUJPOT GPS WBMVF GVODUJPO BQQSPYJNBUJPO 5IF NFUIPE P
TEFOUFEJO UIFOFYU 4FDUJPO
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} | *7BMVF'VODUJPO "QQSPYJNBUJPO

51F OFDFTTJUZ GPS WBMVF GVODUJPO BQQSPYJNBUJPO TUFN
DPNQMFY .%1T XJUIDPOUJOVPVT IJHI EIJNFOTJPOBM TUBUF T
BHF QPTTJCIMIJUZPGUIF WBMVF GVODUJPOJTUPPDPNQMFY
UBCVMBS CBTFE 5% MFBSOJOH NFUIPET DBO DPNQVUF UIF WE
<*€£ee> GPS MBSHFS QSPCMFNT POFPGUFO OFFET OPO MJOFBSES
<, °*f> *OUIFDPOUFYUPGUIJTUIFTJT OFVSBMOFUXPSLTBSF\
OFUXPSLT BSF OFDFTTBSZ CFDBVTF PG UIF QSPCMFENIrT DPNQ
UJPOBQQSPYJNBUJPO UPPMT XFDBOOPUQSPEVDFBGFBTJC

O0<.:(. A#7 5#7 #5:731

'JHVSF3JTVBMJI[BUIJPO PG B NVMUJMBZFS QFSDFQUSPO XJUI «JOQYV
GFBUVSFBOE |IJEEFO MBZFS

"NVMUJIJMBZFS QFSDFQUSPO .-1 JTB GFFEGPSXBSE BSUJaD
JOUFOEFEUP QFSGPSN GVODUJPOBQQSPYJIJNBUJPO 5IFBQQS
BEKVTUJOH UIF XFJHIUT PG FBDI MBZFS BOE DPOOFDUJPO CF
TIPXOJO "JHVSGEFFEGPSXBSE OFVSBM OFUXPSLIBTDPOOFDUJ
JUTOPEFT XIJDIBSFSFQSFTFOUFEBTFEHFT "NVMUJMBZFS C
BUMFBTUUISFF MBZFST BOJOQVU MBZFS POFPS TFWFSBM I
QVUMBZFS 5IF NGBONQA D RIBAFSUDFEUIFDPOOFDUJPO PG FWFS
GSPN EJEFSFOU MBZFST 5IFJOQVU GEBUVIBDIBBSSFWFDUPS W
NVMUJQMJIFE CZ UIFMBQESBEEREUP B CUBF WBIWXP JO
'JHVSF S5IFQSPDFTTPGBEKVTUJOH XFIJHIUTJUFSBUJWFMZ UF
JT B MFBSOJOH BMHPSJUIN 5IF XFJHIUT PG UIF .-1 DBO CF PQ
UIWFMZ QFSGPSNJOH GPSXBSEBOE CBDLXBSEQBTTFTUISPVL
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"WBMVF FOIBODJOH TIHOBMJT B CJPMPHJDBM FRVIJWBMFOU |
SPUSBOTNJUUFS 51JT NFBOT UIBU UIFJODSFBTF PG BDFSUBJO
QSPCBCIJMJUZ UIBUTVCTFRVFOUOFVSPOTJOUIFDIBJO XJMM BN
%FDSFBTJOHB WBMVFJTDPNQBSBCMFUPBOJOIJCJUPSZTUJNV
UIFPQQPTJUFFéFDU 5IFCJPMPHIJDBMDPODFQUPG QPUFOUJBU,
GPSXBSE CBDLXBSEQBTTBOEJTDPOTJEFSFEBMFBSOJOHNFDIE
UIFOFVSPOT JOBO .-1 QFSGPSNB UISFTIPME GVODUJPO PO UIF
USJHHFS PSOPUUSJHHFS UIFJS PVUQVU TIJHOBM *O .-1T UIF UIS
CFDBMDVMBUFE JO TFWFSBM XBZT XIJMF B SFDUJaFE MJOFBS V
&RVBUJPAT GFBTIJCMF GPS NBOZ QSPCMFENT

Ué& @é NBY & } I}

5/F PQUJNJ[BUJPO PG UIF .-1 JT NPTUMZ EPOF CZ B HSBEJFOU
SJUINPOUIF FSSPS GVODUJPO PG UIF MBZFST 5IF PVUQVU PG U
QBSFEUPUIFHSPVOEUSVUIVTJOHBOFSSPS GVODUJPO SFTVM!
QBTTUISPVHIUIF MBZFST 5IF CBDLXBSE QBTT QFSGPSNT CBDLQ
UJNJ[F UIF XFJHIUT PG UIF .-1 #BDLQSPQBHBUJPO IBTCFFO JOUS
UPO FUBMIRNJIOJINJI[F UIF EJEFSFODF CFUXFFO UIF BDUVBM PVU
EFTJSFEPVUQVUPGUIFOFVSBMOFUXPSL #BDLQSPQBHBUJPO V
UJWF PG UIFFSSPS GVODUJPO BOE UIFDIBJO SVMF UP PQUJNJ[F
PQUJNJ[BUJPO QSPCMFN JT}HJ}WFE&® JT RVBDURGM PVUQVU

PG UIF .-1 GPSa)FOEJRBIHINTIMPPSSFTQPOET UP UIF EFTJSFE
PVUQVU WBMVFT
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"CFUUFS GFBTJCMF FSSPS GVODUJPO UP NFBTVSF UIF EJTUBC
EFTIJSFE PVUQWBOTTRIFBSFEWVGBPEPO )PXFWFS JO SFBM XPSM|
QSPCMFNT POFIBTUPDBSFGVMMZDIPPTFUIFFSSPS GVODUJPO
MFN "WBSJFUZPGFSSPSGVODUJPOTFYJEY XSBUBBPEFSFOU QSP!
FUBM EJTDVTTUIFEJEFSFOUQSPTBOEDPOTPGEJEFSFOU FSSF
} BHSBEJFOU EFTDFOU QSPDFTTJTTIPXO *O UIJT QSPDFTT UII
JJFE SBOEPNMZ BU UIF SJHIUWFSUJDBM MJOF 8JUI FWFSZ JUFS
UIFMPTTGVODUJPOHFUTDMPTFSUPUIFNJOJNB 5IFHSBEJFOU
DIBOHFTJO UIFHSBEURQU BBBEPMNINBMM FOPVHI TPUIBUMPTT X
BlllJT FRVBMUP MJ_J?:T$IXSB:U£ BSSPXTTIPXUIFHSBEJFOUEFTDFOU
EBUF TUFQT GPS FWFSZ JUFSBUJPO 5IF SFE EPQUFE MIJOF WJTVI
GPSUIFMPTT GVODUJPO MPTT X
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'JHVSF3JTVBMI[BUJPOPGBHSBEJFOU ERTXDORO U IGSVWHDIFITG \PODXFJHIU
UJPO MPTT

} | E%FFQ 2 /FUXPSL

5lFFEFFQ2 OFUXPSL %2/ DPNCJOFTWBMVF GVODUJPOBQQSP
MFBSOJOH *OIJTUPSZUIFDPNCJOBUJPO PG CPUIXBT SFHBSE
USBJOJOH 5IFJOTUBCJMJUZ PG UIF DPNCJOBUJPO IBT CFFO
CZ(PSERPBOE XBTQSFWJPVTMZBMTP TVTQFDUFEBT JOFWJU
BM}~+« /FWFSUIFMFTT SFTFBSDIFSTLOFXUIBUVTJOHGVODUJ
OFDFTTBSZ UP FTDBQF UIF EJMFNNB PG IJHI EJNFOTJPOBM TU
JO3€4€> 0OOFPGUIFaSTUTPMVUJPOTDBNF XJUIUIFEFWFMPC
(BNNPOBMHPS3I®&INACSKUBQQSPBDIGPSEFFQ SFIJIOGPSDFNFO
XBTJOUSPEVDFE&Z:*08<JAJI FUBM XFSFBCMFUP QSPEVDF T
SFTVMUT XJUIIVNBO MFWFM QFSGPSNBODFPOEJEFSFOU"UBE
JNQSPWFNFOUPGUIFEFGBVMU %2/ BMHPSJUIN XI1JDI XJMM CF
4VUUPO FUBM NBJOMZ TFFUIFJTTVF PG GVODUJPO BQQSPY.
3-JOUIFVTPPGTUSBQQREOBREQ® RN DD EB& UIPEAWFS UP

GVMMZ VOEFSTUBOE UIFJNQMFNFOUFE NFUIPE PG UIJT UIFT]J
2 MFBSOJOH BT XFMMBTEPVCMFEFFQ2 MFBSOJOHBSF JOUS

*O4FDVUVJPOFCBTIJDT PG 2 MFBSOJOHBOEUIF#FMMNBO FRVE
DVTTFE 5I1FJNQPSUBOUJNQMJDBUJPOJTUIBUUIF2 MFBSOJO
XJUIPVUBMXBZT GPMMPXJOHUIFCFTUQPMJDZ POFDBOMFBS
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BOZFYQFSJFODFTHBUIFSFECZBOBHFOU )PXFWFS JO QSBDUJI
NPSFVTFGVMUIBO PUIFST %VFUPGVODUJPOBQQSPYJIJNBUJPO X
JUDBO PDDVSUIBUPOFFOETVQ XJUIBMPDBM NJOJNB NBYJNB B
BDUJPO QPMJDZ UIFO JT OPU PQUJNBM $PNQVUBUJPO BOE UJNI
PUIFS GBDUPS XIZUIF QVSF %2/ BMHPSJUINTFFENTUPCFVOTUBC

5|FEJEFSFODFCFUXFFOUIFEFGBVMBQBEWFIFSO2/BHMBMHPSJUIN

HPSJUINJOUIJT TFDUJPO DBO CF PCTFSWFE EJSFDUMZ S5IF IJHI
%2/ BMHPSJUIN XJUIFYQFBINROBFIFQMBAFXMZBEEFEGFBUVSFT
JOUIFEFFQ2 MFBSOJOH JIJNQMFNFOUBUJPO 5IFaSTUGFBUVSF.
<€}€> 5IFSFQMBZNFNPSZrTSFTQPOTIJCIMJUZJTUPTUPSFUSBO
BOEUP SBOEPNMZTBNQMF USBOTJUJPOT GSPNEVSJOH USBJOJ(
PG BSFQMBZ NFNPSZJT MFTT DPSSFMBUJPO PG USBOTJUJPOT
QPMJDZ PG UIF .%1 TVCTFRVFOUMZ UIF DPSSFMBUJPO FEFDU SF
USBJOJOH QSPDFTT 8JUIPVU B SFQMBZ NFNPSZ UIF %2/ BMHPS,
QFSGPSN XFMM FOPVHI POMBSHF TUBUF TQBDFT S5IFTFDPOE GF
GVODUJPO BQQSPYJNBUJPO 5IF .-1 TFSWFT BT B HFOFSBMJ[BU.
GFST XFMM FOPVHIBQQSPYIJNBUJPO PG UIF PQUJNBM 2 WBMVF C
.-11BQQFOTWJIJBBMPTT GVODUJPO

"MHPSJUIN} EFFQ2 MFBSOJOH XJU: ®3YQFSJF

*OJUJBMJI[FIZQFSQBSBNFUFST MFBSOJOH $BUF
UadipPaaEJTDPVOUO GBDUPS
*OJUJBMIJ[F SFQ&®IBR PBOB®Z U Z
*OJUJBMJI[KXJUI SBOEPN XFJHIUT
GPSFBQITEEF
*OJUJBMILFEBPBILFOWJISSPONFOU
GPSFBDFQ PGE®JTPEF
OCTFSWF&TBIBREIB I PPASFREZD & Q
&YFD@QBPE PCTESWFXBiSH &,
TFEAPOFRJG 2eUaBiadp
4AUPHFO 44 ©@4al0 SFQMBZ KBFNPSZ
FOE GPSFBDI
GPSFBQEBUERUFQ
TBNEGMOFSIFOBRK 4 &4 @aau “G
$PNQVUF UBWBMYF
J@aatry a,
FMTRTRY T<NBYXT & 6
1FSGPSN HSBEJFOU ERFTXQJEO VI® OT. - 1
FOE GPSFBDI
FOE GPSFBDI
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%PVCMF %FFQ 2 /TFUXPSL

2 MFBSOJOBIT<POF PG UIFNPTUQPQVMBS 3- BMHPSJUINT TPNF
GSPN VOFYQFDUFE IJHI BDUJPO WBMVFT 5IF PWFSFTUJNBUJ
WBMVFT BSJTFT GSPN UIF NBYJNJ[BUJPO TUFQ JO UIF 2 MFBS1
XIFSFPWFSFTUIJNBUFEWBMVFTBSFBVUPNBUJDBMMZ QSFGFS
HPSJUIN EPFT OPU HFU SJE PG UIJT QSPCMFN BT UIF 2 WBMVF
UIF.-1 EJSFDUMZ SFQSFTFOUTUIFCPPUTUSBQQFE WBMVF GV
UJBM VQEBUF PQFSBUJPO 8IJMF UIF BEEJUJPO PG BO VODPSE
XPSLTBTBO BOUBHPOJTU TJUVBUJPOT NBZ PDDVS XIFSF UIF
QFOT 5IFTFTJUVBUJPOTDBO SFTVMUJO OFHB&XIWF FEFDUT P
)BTTFMU €5 BBPQPTFEB NFUIPEUP GVSUIFSEFDPSSFMBUF CF
QFSIJFODF GSPNUIF WBMVF GVODUJPO VQEBUF 5IFZ JOUSPE"
UBSHFU OFUXPSL

5lFF UBSHFU OFUXPSLrT XFIJHIUT BSF VQEBUFE EFMBZFE BOE
FYQFSJFODF *O TUBOEBSE EFFQ 2 MFBSOJOH UIF UBSHFU WE
UIFGPMMPXJOH XBZ

\. & T <NBYT & &

*O EPVCMF EFFQ 2 MFBSOJOH UIF UBSHFU WBMVFT BSF DBMD\
GSPN UIF QFSJPEJDBMMZ VQEBUFE UBSHFU FTUJNBUPS 5I1F F
WBMVFTUIFO MPPLT MJLF UIJT

\, 4 T<T.4 BSHNBYZ 6
B3] _

BIFSH.JT UIF EFDMBSBUJPO PG UIF UBSHFU OFUXPSL 5I1JT B
UPXBSET %%2/JT UIF NJOIJNBM QPTTJCMF DIBOHF OOFDBO LF
%2/ BMHPSJUINBTJUJT GPSBGBJSDPNQBSJTPO BOE XJUIBT
PWFSIREBE <

'VSUIFSNPSF )BTTFMU FUBM IBWF TIPXO UIBU GPS MBSHF T
EFUFSNJOJTUJD .%1T UIF JOIFSFOU FTUJNBUJPO PG FSSPST J
% %2/ PEFST B SBUIFS TINQMF TPMVUJPO UP UBDLMF UIJT QSF
BOPNBMZ EFUFDUJPO UIF GBDU PG PWFSFTUJNBUJPO JT WFSZ
MBSHF UJNF TFSJFTEBUB TFUT UIF MFBSOFE QPMJDZ NJHIU C
JOH OWFSFTUJNBUFE WBMVFTPOUJNFTFSJFTQBUUFSOTDBO
EFUFDUJPO TUSBUFHJFT "TB SFTVMU UIF BOPNBMZ EFUFDUJ
GPSNXFBLMZPOWPMBUJMFEBUBTFUT %%2/IBTCFFOJNQMF!
CMF NFUIPE UP MFBSO QPMJDJFT PO .%1T 5IF EFUBJMFE JNQWM
XJMM CF EJTDVTTFE SIFQQBPDVES DPEF JO-"TMP®TE UUFN
IJHIMJHIUFE DIBOHFT UP UIF EFGBVMU %2/ BMHPSJUIN /PUJD
QFSQBSBNFUFSJTJOUSPEVDFE UIFQBSBNFUFSUPVQEBUFU
OFQJTPEFT
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"MHPSJUIN ~ EPVCMFEFFQ 2 MFBSOJOH> FYQ

*OJUJBMJI[FIZQFSQBSBNFUFST MFBSOJOH $BUF
Ua&ip4aaEJTDPVOUO GBDUPS
*OJUJBMJI[F SFQOIBR DBOBHI U Z
*OJUJBMJI[F POMJOFSBIOEPN ¥FJHIUT

*OJUJBMJI[F UBSHIRU SSBAOEPN XEJHIUT
GPSFBQUITEEF
*OJUJBMILGBPBILFOW ISP ONFOU
GPSFBODFQ PGERJTPEF
OCTFSWFATBIBRIB | PPASFFREZD 8 ©
&YFD@QBPE PCT&ESWFXBiSH a, O
TFEPORJG aeUaRiadbp

AUPSFO a8 ©4al0D SFQMBZ BFNPSZ
FOE GPSFBDI

GPSFBQEBUERUFQ
TBN@GMOFSIFOB@M 44 @aau “G
$PNQVUF UB®/BMYF

J@aamvrRy &,

FMTRTRY T<T. 4 BSHNBY & &
1FSGPSN HSBEJFOU EFTXORO M® OT. - 1
FOE GPSFBDI
JOaiadamagdae U Urasaadu

FOE GPSFBDI

SIFOFYUTFDUJPO XIMMJOUSPEVDFB GVSUIFSJIJNQSPWFNFOU
DBMMFE QSJPSJUJ[FEFYQFSJFODF SFQMBZ 51JT FYUFOTJPOJT
GPSBOPWFM3- CBTFEBOPNBMZEFUFDUPS

} | *1SIJPSJUJ[FE &YQFSJFODF3FQMBZ

&YQFSJFODF SFQMBZJT POFPGUIFNBJOGFBUVSFTPGEFFQ 2 M
SFNFNCFSBOE SFVTFFYQFSJFODF GSPNQBTUUSBOTJUJPOT /P
BSFTBNQMFE VOJGPSNMZ GSPN UIF SFQMBZ NFNPSZ 1&3 QSPWF
GSFRVFODZBOE JNQPSUBODFPGFYQFSIJFODFTDBO CFBEKVTUF
MFTTPGUIFJS TEROIEMDBBEOIDFIEFB PG 1&3 JT UIBU TPNF FYQFSJF(
BSFNPSFINQPSUBOU UPUIFBHFOUUIBO PUIFST 5IFSFGPSF UI
TJUIJPOTJT NFBTVSFE XJUIFBDIFYQFSJFODF *OUIF SFQMBZ QIE
FYQFSIJFODFTBSFTBNQMFE XJUIBDFSUBJO TUSBUFHZ GSPNUIF
IBTUP XBUDIPVUGPSUIFQJUGBMM PG MPTJOH EJWFSTJUZ BOE |
USBOTJUJPOT 4D BBWHRIFODNPNNFOEFE TUPDIBTUJD QSJPSJUJ[BL
JNQPSUBODF TBNQMJOH BT TUSBUFHJFTBHBJOTU UIFTF QJUGBN

SIFIJNQPSUBODF GBDUPS GPS USBOTJUJPOT IBT aSTUCFFO QS
BMEE S5IFTUBUFNFOU UIBSIDEBDBBEESPEX VOFYQFDUFEBUSBOT
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UJPOJT PEFSTBCBTFMJOF GPSUIFQSJPSJUZTBNQMJOH JNQN
2 MFBSOJOH BMHPSJUIN BMSFBEZ DPNQVUFT UIF 5% FSSPS G
EBUFT 5IFSFGPSF FYUSBDUJOHDRARBN@PSUBPDPICBDVUPR S
UJPOBM PWFSIFBE )PXFWFS UP PWFSDPNF UIF DIBMMFOHF P
X1JDIUSBOTJUJPO UP SFQMBZ POFIBT UP VTEBEBFBTIJCMF EB
CJOBSZIFBQJT SFDPNNFOEFE UP FEFDUJWFMZ TFMFDU UIF NI
NFNPSZCVEéFS 5IFTBNQMF FEPSU GKI O B-Q\BEYRINRGE FH[FP S
QDBOUIFOCFFTWRNPRGFEXIBVM EBW TP IJHIMIHIUFE UIBU
143 DBOCF QSPOF UP PWFSaUUJOH 5IF TPVSDF PG PWFSaUUJ
UJPO XJUIUIFGBDUUIBUQSJPSJUZVQEBUFT BGUFSTBNQMJC
TBNQMFE USBOTJUJPOT )FODF MRBT-T INDHPISUBROUFSSBFOTIJUJP
SFQMBZFEJO UIF MIJIGFUJNF PG BO BHFOU

51F EFaOJUJPO PG TUPDIBTUJD TBNQMJOH BP&TJEFST B QS
XIJDIEFaOFTBTBNQMJOH GBDUPS SERGB U S\BEBIDHFPOIF 5% FS!
BTFHNFOUBUYBBQTEEVMM NENPRIFZTIWAPIBTUIJD TBNQMJOH FEFL
SFTVMUTJO BVOCJBTFE TBNQMJOH|ERIPXIICIVIDIBPNOD ¥ RBB U JP
UJPONFUIPEPGUIFTBNQMEGBBOBEKVUW UIF SBUJP PG TBNQ
QSIJPSJUZCBTFE 5IFQSEBBOIOBBIJBIFWBEMYBGFE CZUIF QSPQF
UJPOBM DBMDVMBUJFE® 3CCEMBVBRIAOPCBTFE QSJPSJUJ[BUJPO E
JO &RVBIUBOFO TBNQMJOH PO UIF TPSUFE SBOLPG FBDIUSBO
NFNPSZ POFDBMDVMBUFT UIF QP X% $eXMBX EYTRUPIEEYW IPO GP ¢
<€> 4DIBVM FUBM GPVOEPVUUIBUUIFSBOL CBTFETBNQMJO
CVTUBOE TDPSFTBIJHIFS NFBO GPS NPTU FYQFSJIJNFOUT 5IF
JTMFTTTFOTJUJWF PO PVUMIJFSTBOE FSSPS NBHOJUVEFT PO

% .
Saev.a o
a % < } €
% 383V = bl

*OUIFDPOUFYUPGUIJTUIFTIT %%2/ 1&3JTJINQMFNFOUFE L
BOPNBMZEFUFDUJPO 5IFSFTVMUTEBS6 BTG WBEJFOO4FD U JP
UIF TBNQMF FEDIJFODZ JT EPOF 'VSUIFSNPSF UIFBTTVNQUJF
%%2/ BMHPSJUIN NJHIUOPUCFTFOTJUJWF FOPVHIUP PVUMJF
CFPCTFSWFEEVSJOHUIFFYQFSJIJNFOUT 6QUPUIFEBUFPGUIJ
UBUJPOBOE FWBMVBUJPOPG %%2/ 183 GPSBOPNBMZEFUFDU
UIFMJUFSBUVSF

}'} 130 .A"#:# :(31(180 7:#1>(7310#1:8

*OUIJT TFDUJPO BCBTFMJOF GPS UIFFYQMPSFE NFUIPE PG L
FOWJSPONFOUT DBO FWPMWF JOUP DPNQMFY TZTUENT XJUI N
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TUSFBNT 8IFO NPSF BOE NPSF TNBSU FOWJSPONFOUT XJMM CF
UIF SFBM XPSME BOPNBMZ EFUFDUJPO GPS DSJUJDBM TZTUFN
JNQPSUBOU 5IF PCTFSWBCMF EBUB TUSFBNT QSPEVDFE CZ TFO
WIJSPONFOUBSFIBOEMFEBT TFRVFOUJBMUJNF TFSJFTBOE PéF.
BOPNBMZ EFUFDUJPO S5I1JT TFDUJPO XJMM FYQMBJO UIF QSPQF
EFUBIJM TQMJU CFUXFFO BOPNBMZ EFUFDUJPO BOE QSFEJDUJP
UIFTDJFOUJaD FWBMVBUJPO NFUSJDT GPS BOPNBMZ EFUFDUJPC

}} | 5INFA4FSJFT

t" UINF TFSJFTJT B TFRVFODF PG PCTFSWBUJPOT UBLFO TFRVFC(
Q|> .PSFQSFDJTFMZ UIJNFTFSJFTBSFEJTDSFUFNPEFMTPG OV
BOFOWJSPONFOU 5ZQJDBMMZ UJNF TFSJFTNBQ GFBUVSFT PG |
QVUBCMFBCTUSBDUJPOT &WFSZ NBQQJOHIBQQFOTUP IBWF Ul
EFQFOEEFFKOBDFOU PCTFSWBUJPOT S5IJTEFQFOEFODZCZOBUVSFJ
FTUGPS SFTFBSDIFST UP MFBSO GSPNBOE BCPVU 5JNF TFSJFT
IPPLT UP DPOUSJCVUF SFTFBSDIUP IPXFWFS UIJT UIFTITr SFTF
UIFEPNBJOPGBOPNBMZ EFUFDUJPO 5P VOEFSTUBOE UIF DPOD|
UFDUJPO NBUIFNBUJDBM DPODFQUT PG UIJNFTFSJFTBSF JOUSPI

S5IFNPTUDPNNPOOPUBUJPOGPSUJINFTEFSJFIBIHO IPXOJO &RVB
UJaFTUIFUJIJNF TESEFFTWKIREFTUJODU TBNQNNF PMFIFTINF

DBO BQQFBS XJUI B aOJUF IPSJ[PO PS JOaOJUF IPSJ[PO .PTUTF
PGEJTDSFUFWBMVFE SFBEJOHT INFBOJORHUDIBOBIDBOQEIJDFT
XIFOUIFTFRVFOUJBM WBMVF IBQQFOFE PP EFTIURDMMSEFE 8IFO
TDBMBS PS DBUFHPSJDBM WBEMWBWIBREBMIATBOBWRAE XJTF
JEJTJIJOBWFDUPS SHQ S#& KFPRIEBBUPMFNFOUT JUJT VTVBMMZ B
ANVMUIJWBSIFBIUFRS JFT

O R 2 | I

'PS UIJNF TFSJFT BOBMZTJT UXP VOEFSMZJOH DPOEJUJPOT FY.
DBOEJEFSFOUJBUFCFUXFFOTUBUJPOBSZBOEFSHPEJD QSPDFT
NBLF UIFBTTVNQUJPO UIBU UIF VOEFSMZJOH PCTFSWBUJPO JT .
MJCSJVN XJUIPVU DIBOHJOH JUT QSPCBCJIJMJTUJD QSPQFSUJFT
UJFT XIJDIBSFFYQFDUFEUP CF TUBUJPOBSZBSF UIFDPOTUBOL
PG UIFUJNFTFSJFT *ODPOUSBTUUP UIJT OPO TUBUJPOBSZ NF
DPNQMFY BOE EFUFDUJOH SFMFWBOU QBUUFSOT PS DPOOFDUJI
NPSFEJEDVMUYU -WBHWEEFMI[FTUIFEJEFSFODFCFUXFFOTUBUJPOBS
TUBUJPOBSZUJNFTFSJFT /PUJDFUIBUPOMZBVOJWBSJBUFFYB
BSFTLFUDIFT JTTIPXO *OSFBM XPSME TDFOBSJPT OPO TUBUJ
NPSFQSFWBMFOUUIBOUIFJSMFTTDPNQMFY DPVOUFSQBSU
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B4UBUJPOBSZUJNFTFSJFT /PO 4UBUJPOBSZUJNF TFSJFT

'JHVSF&¥BNQMFUJIJNFTFSJFT UIFSFE EPUUFEMJOFWJTVBMJI[FTB N
JNBUJPO 5IFOPO TUBUJPOBSZUJNFTFSJFTJT NPSFEJEDVNW

SINFTFSJFT QSPDFTTFT

%FUFSNJOJNBJIFSJFT BSF DIBSBDUFSJ[FECZ UIFJS GVUVSF V
EJDUFECZTPNFNBUIFNBU@&M‘}%[&VWFBGWF&F\]GUIFSFJT

OPTQFDJaD TPVSDF GVODUJPO CFIJOEUIFUJNFTFSJFTTJHOI
EFUFSNJOJTUJD UIJNFTFSJFT 5IF OPO TUBWIRG@BSIZFRISPDFTT
BOPO EFUFSNJOJTUJD QSPDFTT *UJT OPUQPTTJCMF UP EFU
BGVUVSFUJNFTUBNQCZBOFYBDUGVODUJPO )PXFWFS UIFT
OPO TUBUJPOBSZ QSPDFTTDBOCFBQQSPYJNBUFE HJWFO UI
QPMZOPNJBMT UP QBSBNFUFSJ[F *UJTJIJNQPSUBOU UP NFOUJ
NJOJTUJD QSPDFTTIBTUPCF TUBAJ’IPOBSZBOE WJDF WFSTB <

4UPDIBOINBTFSIFTGPMMPX UIF QSPQFSUJFTPG UIF QSPCBC

XIJDIJTHFOFSBUJOH UIF EBUB TBNQMFT "OPUIFS WIJFX PO Ul
TUSVDUJPO PGB XIJUFOPJTFUJNF TIFSIAFTXBIUFIBROTIFO 'JHV S|
DSFBUJPO QSPDFTTJT B UJNF EJTUSJCVUFE (BVTTJBO EJTUS
BHF WIJTVBMJ[FT |[{{ TBNQMFT XI1JDI NJHIU MFBE UIF WJFXFS J
NJHIUCF B OPO TUBUJPOBSZ QSPDFTT )PXFWFS JG UIF TBNCQC
MJLFJO UIF CPUUPN MFGU 'JHVSF JUJTDMFBS UIBU UIF XIJUF
JTTUPDIBTUJD XJUI B EFaOFENFBO BOE WBSJBODF 5IF SFTVN
USJCVUJPO UJIJNF TFSJFT XIJDIDBO CFBQQSPYIJNBUFE CVU OF
EJDUFEPS FWBMVBUFE GPS BOPNBMJFT

3FHBSEJOHUIF TUPDIBTUJD UJNFTFSJFTUIFSFFYJTUDBTFT
TFMG NJHIUOPUCFTUBUJPOBSZBOEEFUFSNJOJTUJD S5IFTF T
MFNT UP EFUFDU BOPNBMJFT BOE QSFEJDU BO VOEFSMZJOH
UJPOT GPS BOBOPNBMZ EFUFDUJPO BMHPSJUIN BSF EJEFSFO
NBJO *OB EFUFSNJOJTUJD EPNBJO IJHI QSFDJTJPO BOE SFD
GZJOH HPBM GPS UIF EFUFDUJPO BMHPSJUIN *O PUIFS DBTFT
PGOPO TUBUJPOBSZTUPDIBTUJD QSPDFTTFT UIFEFUFDUPS"™
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EZOBNJDBMMZ BOE HIWF CBDLBDPOaEFODFTDPSFPG FWFOUT L
MPVTPS OPU

B8IJUFOPJTFUJIJNFTFSJFT |¢{8NMBNRKPITF TFSJFT EJTUSJCVUJPO |{{TBN
QMFT

D8IJUF OPJTFUJNF TFSJFT [{E{8MBNQGIFITF TFSJFT EJTUSJCVUJPO [{{{{
TBNQMFT

‘JHVSF'" EUPDIBTUJD UJNF TFSJFT DPOTUSVDUFE CZ B XIJUF OPJTF T
aHVSFTTIPXEJEFSFOUTBNQMF TIJ[FTGPSUIFTBNFEJTUSJCVU,

SIJNF TFSJFT JO TNBSU FOWJSPONFOUT BSF EJSFDUMZ DSFBUT
FOWJSPONFOU BOE DSFBUJOH EBUB TBNQMFT GSPN *P5 TFOTPS
NFOUTEJEFSFOUTFOTPSTQSPEVDF EJEFSFOUDIBSBDUFSJTUJEL
JOBTNBSUDJUZ XIFSFEJEFSFOUMPDBUJPOTHFUTFOTPST GPS
TFSWFEEBUBJTDIBSBDUFSJ[FECZIJHITUPDIBTUJDJUZ "O FYBN
EBUBTFU QSPEVDFE CZ *P5 TFOTPRSTSIF MPEO Q® PIHWSFVBM
JIFTUIFTFSJFTPWFS ,{{{UJNFTUBNQT XJUINJO NBY OPSNBMJ[F
Z BYJT 51F EBUB TFU DPOTJTUT PG5~HFBRO/EPTUWLHE BBBBVSF
FRVBMT UIF FOWJSPONFOU UFNQFSBUVSRH JUAFOFB2 UIJNFTUFQ
15{f 4PSBOHF EPUUFE MJOF PCTFSWFE UIFUJO PYJEF DPODFO!
WISPONFOBE,;FIFOTPS CMVF MJOF NFBTVSFTUIF OJUSPHFO PYJ
FOWJSPONFOU OOFDBOTFFUIBUUIFSFTVMUJOHUJNFTFSJFT J°
EJTUSJCVUJPO XJUI EJEFSFOU EFOTJUZ BDDVNVMBUJPOT 8IFO
BOPNBMPVT QBUUFSOT PO UIFTF EJTUSJCVUJPOT JUJT EJEDVM
SFTVMUTBOE HFOFSBMJ[F BT XFMM S5IFDPNQMFYJUZDBO CF BC
TIJPOT 'PSFYBNQMF UIFDPNQMFUPERODAMWESUTJ P G EBRPWWSIFOT<
'JHVSFPOMZ WIJTVBMIJ[FTB TNBMM TVCTFU PG UIF XIPMFPCTFSW
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B4NBSU TFOTPS FOWJSPONFOBIBIRP TTHFRSWBMVFTEJTUSJCVUJPO GPS B T
DPOTJTUJOHPG ,{{{ TBNQMFT TFOTPS FOWJSPONFOU

'JHVSFYIQJHI OPJTF NVMUJWBSJBUF BOE WPMBUJMF UJNF TFSJFT (
TVSWFIJIMMBODR* TZTUFEN <

}}} &WBMVBUJPO .FUSJDT

5l§FFYQFSINFOUTDPOEVDUFEJOUIJTUIFTIJTBSFFWBMVBUFE
*O 4FDEJBOF GVODUJPOBMJUZ PG UIF EFUFDUJPO BMHPSJUIN
SFHBSEJOHJUT QFSGPSNBODF 'PSUIJTQVSQPTF DMBTTJDBI!I
WBMVFTBSFVTFE SIJTTFDUJPOJOUSPEVDFTUIFOFDFTTBSZ |

4UBUJTUJDBM DMBTTJabDBUJPO SFRVIJSFT WBMJEBUJPO PG |

DIJOF MFBSOJOH B DPOGVTJPO NBUSJY BMMPXT SFTFBSDIFST
QFSGPSNBODF JO B DPNQSFIFOTJWF PWFSWJFX $POGVTJPO
GPS DMBTTJaDBUJPO UBTLT CFDBVTF UIFZ QMPU UIF BDUVBM
FMT QSFEJDUFE PVYVUQVU "O FYBNQMF GPS BDPOGVTJPO NBU:
TIPXO JO '"JHMSHF SPXT WJTVBMJ[F UIF QSFEJDUFE PVUQVU C
XIIMFUIFDPMVNOTTIPXUIFBDUVBM DMBTT MBCFM *O TVQFS
JPTUIJTWJIJTVBMJ[BUJPOJT BDPNQSFIFOTIJWF XBZPG TIPXJO
DPSSFDUQSFEJDUJPOTBOEUIFGBMTF QSFEJDUJPOT

"QQMIJFEUP B UJNFTFSJFT BOPNBMZ EFUFDUJPO QSPCMFN
DBOWJTVBMJ[FUIFSBUJPPGBOPNBMPVTUJIJNFTUBNQTBOE OI
DPOGVTIJPO NBUSJY JT BEKVTUFE BDDPSEJOHMZ UP aU UIF SF
VSF CTIPXT NPDL SFTVMUT GPS B UIJNF TFSJFT PG |[{{ TBNQMF
TBNQMFT f{BSFOPSNBMBOE }{BSFBOPNBMPVT 5IFNBUSJY W
}I{ BOPNBMPVT TBNQMFT XFSF DPSSFDUMZ QSFEJDUFE XIJMF
NJTTFE $POUSBSZ PVUPG f{OPSNBM TBNQMFT ,{ TBNQMFT I
MBCFMMFE BT OPSNBM XIJMF |[{ TBNQMFT XFSFJODPSSFDUMZ
5l§F BCCSFWJBUJPOTVTFE OPSNBMMZBSFFYQMBJOFE CZBCT!
TPMVUF OFHBUJWF / UIFUSVFQPTJUJWFT 51 BOE UIFUSVF
UIFPQQPTJUF UIFGBMTFMZDMBTTJaFETBNQMFTBSFMBCFM
BOEGBMTFQPTJUJWFT 'l SFTQFDUJWFMZ
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