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Abbreviations and Notation

The following figures and notations are utilised throughout this document. It has been
attempted to keep the standard notation from the literature whenever possible. However,
since the document touches diverse scientific areas, the notation had to be adapted in order
to provide an unambiguous notation. The page number given in the table refers to the
first occurrence of the mentioned construct.

Notation
AP
AR
ARMA
BN
C
ci
χi
di

Explanation
Alignment prediction algorithm
Autoregressive
Autoregressive Moving average
Bayesian Net
A set of context elements
A context element
Observation or event of a stochastic process
Actual value of the context element
at time t0+i
δ
Error threshold of one context source
DIM
Time series dimension
dim(T )
The dimension of time series T
ETH
Swiss Federal Institute of Technology Zürich, Switzerland
f
Numerical functions are denoted with f
G = (V, E) A graph G with vertices in V and edges in E
GPS
Global Positioning System
GSM
Global System for Mobile Communications

Page
99
94
39
73
80
21
40
41
??
??
33
??
34
??
9
9
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Notation
ID
ISET
IST
k
KM
λ
LEN
M
m

MEG
MIT
MM
n
NN
NNS
o

Explanation
Page
Identification
21
Institut für solare Energieversorgungstechnik, Kassel, Germany ??
Priority of the 6th framework programme of the European ??
Union: Information Society Technology
Context history size
36
Kernel Machines
73
An empty time series.
33
Context history size
??
Matrices are denoted with M
88
Number of context sources and low-level contexts in one time 53
interval. Dimension of low-level context time series.

Mobile Event Guide
Massachusetts Institute of Technology
Markov Models
Length of the prediction horizon
Neural Nets
Nearest Neighbour Search
Number of context high-level contexts in one time interval. Dimension of high-level context time series.
Pacq
Probability that no error occurs in the context acquisition process
Phl
Probability that context prediction based on high-level context
elements is without error
pi
Outcome of the prediction process of the context element at time
t0+i
Pint
Probability that no error occurs in the context interpretation
process
Pll
Probability that context prediction based on low-level context
elements is without error
Pll (i), Phl (i) Probability that the prediction based of the i-th context element
is without error for low-level and high-level context prediction
schemes respectively.
Ppre
Probability that no error occurs in the context prediction process
π
A stochastic process
PM
Pattern Matching
PyS60
Python for Symbian Series 60 platform
RMSE
Root of the Mean Squared Error
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??
18
73
41
73
73
53
53
55
41
53
56
55,
56
53
40
73
??
??

Notation
S
Sl , Sh

Explanation
Page
A search space
??
Search spaces of high-level and low-level context prediction ??
schemes
S60
Symbian Series 60
??
SOM
Self Organising Map
??
SPM
State Predictor Method
99
SVM
Support Vector Machine
73
0
T, T
Time series
33
Ttj ,tk
Time series T in the interval [tj , tk ]
33
|T |
Number of time series elements in time series T
33
ti
A time interval
21
τ
A learning threshold
??
TecO
Telecooperation Office Karlsruhe, Germany
??
noalign TS Time series
??

UbiComp
UMTS
υi
→
−
v
vl
vh
WLAN
ξi

Ubiquitous Computing
Universal Mobile Telecommunications System
Measured context value at time t0+i
A vector v = (v1 , . . . , vκ )
Number of legal values for low-level context time series elements
Number of legal values for high-level context time series elements
Wireless Local Area Network
Time series element

20
9
??
85
53
53
9
33
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1 Introduction
History has shown that forecasting the future has
become a science and perhaps even an art.
(P. Duin and R. Kok, Mind the gap - linking forecasting with decisionmaking. [1])

The vision of context-awareness is that applications become sensitive to environmental
stimuli and adapt their behaviour to the current situation. This vision was far ahead of
the technology of the time when it was first studied in research laboratories and the details
necessary to implement the vision were seldom provided. With improved technology we
have seen prototype applications of isolated ideas from the Context-aware vision become
implemented. The first of these are probably the Xerox PARCTAB [2] and the media cup
[3].
In recent years, but to a limited degree, we have already seen context-aware features in
consumer products. Mobile devices that adjust their screen brightness to the environmental
light, devices that automatically rotate the screen when the device is turned, watches that
automatically adjust to local time and messages that alert users when their screen work
time exceeds a certain limit, are just some examples.
While these applications are quite limited and stand alone, we see more advanced and
better integrated context-aware features in multifarious new products. The most versatile
and widely used device type for context-aware applications are recent mobile phones. The
capabilities of these devices quickly increase as new interfaces to the environment are
constantly added. Apart from technologies as basic as microphones, speakers and GSM,
we now expect also infrared, bluetooth and a camera in mobile devices. New air interfaces
as WLAN or UMTS are added, as well as light sensors, accelerators, touch screens and
to an increasing degree GPS receivers. Most of these technologies remain unused for a
great part of the time. This multitude of sensors, however, provides a rich environment in
which context-aware applications can be taken to the next evolutionary stage. Contextawareness, nowadays, still holds great potential before the development comes anywhere
close to the vision of a ubiquitous world that is saturated with context-aware devices.
Some branches of context-awareness have still not left the research laboratories. A topic
that, until now, holds lots of open research questions is context prediction. The idea
of context prediction is basically to expand the awareness of an application on observed
contexts into the future. Applications that become possible with context prediction are
numerous. A few examples shall illustrate the enormous potential of context prediction.
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A context prediction capable application can, for instance, foresee interdependencies that
are hard to keep track of for a user due to their high complexity. Consider, for example, a
device that automatically informs the person you are about to meet that you will be delayed
by a traffic jam or due to a delayed train even before you are actually late. Furthermore, in
mobile scenarios, prediction of resource consumption of mobile users might contribute to
the improvement of the overall network capacity. Also, if the availability of an individual
in her office is predicted for potential visitors, these could more efficiently schedule their
appointments with the person in question.
A broad spectrum of alternative application scenarios for context prediction approaches
is presented in [4, 5]. Recently, an initial study on context prediction has been conducted
in [6]. One main focus in this work is on an architecture for context prediction. Basically,
decent ideas applied for context-aware architectures are enhanced by a context prediction
layer. Hence, the architecture contains, apart from context prediction features, mechanisms to acquire contexts from sensors. Consequently, context clustering and context
prediction mechanisms have been studied. However, various open questions remain for
context prediction.
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2 Context-awareness
Increasingly, the bottleneck in computing is not its
disk capacity, processor speed or communication
bandwidth, but rather the limited resource of human attention
(A. Garlan, Toward Distraction-Free Pervasive Computing [7])

In recent years, applications and devices have undergone serious changes that move them
away from static, reactive entities towards a more environment responsive design. We see
applications act in an increasingly adaptive and situation-dependent way. Applications are
able to infer the needs and requirements in a given situation. It is commonly agreed that the
general setting a user is in also influences her needs at that point in time. Lucy Suchman
[8] states that every course of action is highly dependent upon its material and social
circumstances regarding interactions between actors and the environment. To become
able to react to the general setting an application is executed in, the design paradigm
for applications is shifting from an application-centric approach to an environment-centric
approach. Applications become integrated into the environment and react to environmental
stimuli. In order to improve the application and device behaviour in this direction, further
and in most cases novel sources of information are investigated.
The input provided to an application or device is no longer restricted to explicit instructions on a common user interface. Instead, the interface utilised for the acquisition of input
information is extended and coupled by an interface to the environment. The behaviour of
applications evolves from a mere passive, input dependent way to an active, environment
and situation guided operation.
Information about the environment and situation is extracted and interpreted to trigger
situation dependent actions that shall for example provide the user with a richer experience
that is adapted to her personal needs. Due to this additional information, the required explicit interaction with an application can be minimised or at least reduced. The computing
experience hereby gets increasingly unobtrusive and becomes ubiquitous.
In general, this computing paradigm is referred to as context-awareness or context computing but is described by various further titles. People have been quite creative in finding
descriptive names for scenarios similar to the one described above. A (most certainly not
exhaustive) set of terms associated with ideas related to context computing is depicted in
figure 2.1. A similar list can also be found in [9]
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Figure 2.1: Concepts related to Ubiquitous computing
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While these catchwords have partly redundant but not identical meanings, a common
vision of future computing is captured by all these descriptions. Probably the first study
on context-aware computing was the Olivetti Active Badge [10]. Following this pioneering
work, numerous further concepts and ideas have been discussed by various research groups.

2.1 Context-aware computing
The vision of a world where computing devices seamlessly integrate into the real world
was first introduced by Mark Weiser in 1988. He illustrates and describes his vision of
future computing in [11]. Computing in his vision is no longer restricted to a single machine but may move off one machine and onto another one at execution time. Ubiquitous
computing also incorporates an awareness of the environment the computer is situated in.
Furthermore, following the vision of ubiquitous computing, computing becomes invisible
and omnipresent simultaneously. Smallest scale computing devices that enrich the environment communicate with each other and assist a user unnoticed. Weiser argues that a
computer might adapt its behaviour in a significant way if it knows where it is located. As
Weiser states, this reaction to the environment does not require artificial intelligence.
Weiser observes the paradox that computing devices are becoming
cheaper, smaller and more powerful at the same time. Tiny computing devices become
cheap enough to be bought in raw amounts and small enough to be integrated in virtually
every real world object.
Weiser envisions that these devices, equipped with sensing technology and communication interfaces are able to communicate with each other and to acquire and spread
information on devices, persons and objects in their proximity. This information can then
be utilised to enhance the computing experience of a user.
The first experiments with computers aware of their environment have been conducted
in the early 1990’s. The active badge location system by Olivetti Research [10] and the
Xerox PARCTAB location system by Xerox laboratories [2] demonstrated how small mobile
devices operate together.
Although the sources of information utilised in these experiments were restricted to
location sensors, the basic new concept and possibility inspired numerous people to focus
their research on this field.

2.1.1 Definitions of context
Definitions of context are numerous and diverse even when the focus is restricted to computer sciences. In his comprehensive discussion “What we talk about when we talk about
context”[12] Paul Dourish attempts to exhaustively discuss several aspects of context and
also reviews various definitions of context.
The concept of context in conjunction with context-aware computing was first formulated
by Schilit and Theimer in 1994 [13]. Following their definition, a software that “adapts
according to its location of use, the collection of nearby people and objects as well as
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changes to those objects over time” is considered to be context-aware. Later on, Schilit
refined this definition by defining context categories in [14]. These categories are ‘user
context’, ‘physical context’ and ‘computing context’. As further categories, Brown added
information about the time [15], while Pascoe also considered the blood pressure of users
[16]. Dey took the latter proposal to a broader scope by considering emotions and the
focus of attention [17].
At about the same time, Albrecht Schmidt, Michael Beigl and Hans W. Gellersen recognised that most so-called context-aware applications are in fact location-aware [18]. Hence,
they are considering only location as an aspect of the context. The assertion of the authors
is that applications implemented on mobile devices might significantly benefit from a wider
understanding of context. Furthermore, they introduce a working model for context and
discuss mechanisms to acquire other aspects of context beside location.
In their working model for context, they propose that a context describes a situation
and the environment a device or user is located in. They state that a context shall have a
set of relevant aspects to which they refer as features.
These features are ordered hierarchically. At the top level a distinction between human
factors and physical environment is made. Further, finer grained sub-division of these
top-level categories are also proposed. Finally, an overview of available sensor types and
contexts obtained from these sensors is given.
As a prerequisite to a definition of context-awareness, Anind K. Dey formulated a definition of context, that is most commonly used today [19].
Definition 2.1.1 : User context
Context is any information that can be used to characterise the situation of
an entity. An entity is a person, place, or object that is considered relevant
to the interaction between a user and an application, including the user and
application themselves.
This definition, while useful, is quite abstract and gives no hint on the actual representation of context in a computing system. For this reason, several authors express criticism
considering this definition. As Jani Mäntyjärvi has already stated in [20], this context definition does not result in a more exact definition of context since the abstraction is shifted
from context to information.
Karen Henricksen follows the same line of argumentation by remarking that the definition
remains too imprecise, since a clear separation of the concepts of context, context modelling
and context information is not provided. Henricksen refines the definition of context given
by Dey as the set of circumstances surrounding a task that are potentially relevant for its
completion [21]. Furthermore, in the model of Henricksen, a context model identifies a
subset of the context that is realistically attainable from sensors, applications and users.
Following her discussion, context information describes a set of data that was gathered
from sensors and users and that conforms to a context model.
However, the discussion about a most suitable definition is not settled yet. In 2000,
Lieberman and Selker defined context to be any input other than the explicit input and
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output [22]. Other projects refine the definition of context to their individual needs. In
[23] for example, the definition of Dey is refined by adding the concept of a sentient object.
A discussion on the definition of context we utilise in our work is given in section 2.2.3.

2.1.2 Context-awareness
Intuitively, applications that utilise context data are context-aware. However, similar to
the lively discussion on a definition of context, several definitions for context-awareness
have been given in the literature. This section briefly reviews this ongoing discussion.
In [13] Schilit and Theimer formulated a first definition of context-awareness. Following
this definition, “Applications are context-aware when they adapt themselves to context”.
In 1998 Pascoe argues that context-aware computing is the ability of devices to detect,
sense, interpret and respond to changes in the user’s environment and computing devices
themselves [24]. The authors of [25] define context-awareness as the automation of a
software system based on knowledge of the user’s context. Several other similar definitions
treat it as applications’ ability to adapt or change their operation dynamically according
to the state of the application and the user [13, 15, 26].
Later, Dey argued that the existing definitions did not fit to various applications developed at that time that were intended to be context-aware and consequently stated a more
general definition of context-aware systems in [19].
Definition 2.1.2 : Context-awareness
A system is context-aware if it uses context to provide relevant information
and/or services to the user, where relevancy depends on the user’s task.
This discussion is not closed yet as several research groups refine the definition so that it
best suits their needs (cf. [23]).

2.1.3 Context processing
Context is an abstract concept to describe a major input of ubiquitous computing applications. However, we cannot build applications with this theoretical construct. The questions
are how context can be obtained from the available information sources, in which way context is represented in applications and how context can be further processed. This section
discusses popular approaches to these questions.
Various authors propose to pre-process sensor output in order to prepare the data for
further computation. Anind K. Dey argues that one of the main reasons why context is not
used in applications is because no common way to acquire and handle context is specified
[19]. He proposes to separate the context acquisition from the context utilisation process.
Dey distinguishes between two basic forms of context. Raw or low-level context data that
is directly acquired by sensors and richer or higher-level forms of information. A similar
distinction is also made by Guanling Chen [27]. However, no concrete specification of these
notions is given.
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Albrecht Schmidt on the other hand argues that it is simpler to implement context-aware
systems using contexts on entity level [28]. With the notion ‘entity level’, Schmidt refers
to context data that is not further processed or aggregated after it has been obtained from
context sources. Furthermore, intrinsic properties of sensors are utilised in the context
modelling process. Schmidt refers to this approach as the concept of bottom-up contextawareness. The main research focus of Schmidt is related to context acquisition from a
variety of simple sensors. He defines simple sensors as low-end, low-price computing and
communication technology.
These ideas are utilised by Johan Himberg. Himberg studies data mining and visualisation for context-awareness and personalisation [29]. He especially focuses on sensor data
captured by on-board sensors of mobile phones. He investigates how to infer context from
features derived from the sensor signals. Johan Himberg especially only utilises simple
statistical methods in order to reach his aim.
An approach focused on the whole process of context inference is proposed by Jani
Mäntyjärvi. Mäntyjärvi considers the problem, how low-level contexts can be obtained
from raw sensor data [20]. This problem is basically related to the extraction of features
from information sources. For each context a set of features is relevant that determines the
context. After the feature inference process, Mäntyjärvi composes the sampled features
to obtain a more expressive description of a context. This operation is considered as the
processing of low-level contexts to obtain high-level contexts.
Mäntyjärvi presents a procedure for sensor-based context recognition. This approach
is referred to by him as bottom-up approach, in contrast to a top-down approach that
starts from the high-level context as it had been proposed by Dey in [19]. Included in
this procedure is also a method to extract information on contexts and to convert it into a
context representation. Following his definition, raw sensor data is sensor data like 24◦ C, or
70% humidity. Low-level contexts are defined as pre-processed raw sensor data where the
pre-processing may be constituted, for example, from noise removal, data calibration and
reforming of data distributions. Generally, low-level contexts are conditions like ’warm’ or
’normal humidity’. Higher level contexts are then created by an additional processing of
low-level contexts that results in an action like ’having lunch’.
Main assumptions prior to his work are that sensors attached to computing devices have
to be carefully chosen in order to be useful and that context actually can be recognised by
sensor data.
The term context atom was introduced in [30] and has been used by Jani Mäntyjärvi,
Johan Himberg and Pertti Huuskonen in to describe basic context dimensions which are
derived from low-level sensor data by pre-processing [31].

2.1.4 Frameworks and architectures for context-awareness
In order to facilitate the development of context-aware applications, several authors have
proposed frameworks and architectures for this task.
In his PhD thesis in 1994 [32], Schilit concludes that traditional software approaches are
not well-suited to building distributed mobile systems. The main reason for this dilemma
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is that applications are seldom designed to adapt their behaviour to the ever-changing
mobile environment of the user in which they are executed. By designing an architecture
that communicates context changes to the application, Schilit proposes a solution to this
problem.
Additionally, Schilit identifies the problem that the user context may not be shared by
distinct applications, although they are actually executed in the same user context. Schilit
proposes the use of a user agent that administers the user context in order to provide a
persistent dynamic context for all applications of the user.
Furthermore, he presents a system structure for use with context-aware systems. He
recommends a distribution of system functions and designs protocols for communication
between the entities.
These thoughts are further developed in the context toolkit that was introduced in 2000
[19]. It was proposed and developed by Anind K. Dey at the Georgia Institute of Technology. The context toolkit constitutes a conceptual framework that was designed to support
the development of context-aware applications. It is widely accepted as a major reference
for context-aware computing. An important contribution of this framework is that it distinguishes between context sensing and context computing. Context sensing describes the
process of acquiring information on contexts from sensors while context computing refers to
the utilisation of acquired contexts. Basic components in this architecture are context widgets (encapsulated sensors), aggregators and interpreters. However, the Context Toolkit
is not generally applicable for arbitrary context-aware applications since it exclusively features discrete contexts and does not consider unreliable or unavailable sensor information
[33].
Later on, Albrecht Schmidt presented a “working model for context-aware mobile computing” which is basically an extensible tree structure [28]. The proposed hierarchy of features starts with distinguishing human factors and the physical environment and expands
from there. One of the major contributions of his PhD thesis is a framework supporting
design, simulation, implementation and maintenance of context acquisition systems in a
distributed ubiquitous computing environment.
In 2003, Karen Henricksen introduced a novel characterisation of context data in ubiquitous computing environments [21]. Her introductory study of the ubiquitous computing
environment especially focuses on challenges in providing computing applications in ubiquitous computing environments. These issues can be summarised as the autonomy of
computing applications, dynamic computing environments, dynamic user requirements,
scalability and resource limitations. Henricksen concludes that this set of challenges necessitates a new application design approach. Henricksen proposes a conceptual framework
and a corresponding software architecture for context-aware application development.
This framework consists of programming models to be used for context-aware systems.
Furthermore, Henricksen proposes the use of the Context Modelling Language (CML), a
graphical notation of context that supports the specification of application requirements
by the application designer.
In 2004 the Solar framework was presented by Chen [27]. It provides means to derive
higher-level context from lower level sensor data.
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The framework basically represents a network of nodes that interact with each other. It
is scalable, supports mobility of nodes and is self managed.
Solar is designed as a service-oriented middleware in order to support the distribution
of its components. The middleware supports sensors, as well as applications. Components
and functions can be shared between applications. The data flow between sensors and
applications may be composed as a multi-layered acyclic directed graph both at design
time or at runtime.
Together with Solar, Chen provides a graph-based programming model, that can be
utilised for the design of context-aware architectures.

2.1.5 Applications utilising context
Several applications that utilise context have been developed in recent years. In this section
we introduce a set of applications that illustrate the uses and application fields of contextaware computing applications. The number of context-aware applications has reached
an immense quantity. It is beyond the scope of this document to present an exhaustive
overview of these applications. The examples presented are chosen in order to illustrate the
broad spectrum of approaches and to show the possibilities for context-aware applications.
With the MediaCup [3], Hans W. Gellersen, Michael Beigl and Holger Krall have presented a context-aware device that demonstrates one part of Mark Weiser’s vision of ubiquitous computing. The MediaCup is a coffee cup that is enriched with sensing, processing
and communication capabilities. The cup was developed to demonstrate how ordinary,
everyday objects can be integrated into a ubiquitous computing environment. The context
data obtained by the cup is related to the location of the cup, the temperature and some
movement characteristics. This information is obtained by a temperature sensor and an
acceleration sensor. Context information can be broadcast with the help of an infrared
diode. The MediaCup has been utilised in research projects in order to provide a sense of
a remote presence and in order to log user activity.
Another application proposed by Gellersen et al. is context acquisition based on load
sensing [34]. With the help of pressure sensors in the floor of a room, the presence and
location of objects and individuals can be tracked. Furthermore, it is shown that it is
possible to distinguish between objects and that even movement of objects can be traced.
The authors consider the use of load sensing in everyday environments as an approach to
acquisition of contextual information in ubiquitous computing systems. It is demonstrated
that load sensing is a practical source of contexts. It exemplifies how the position of objects
and interaction events on a given surface can be sensed.
Various implemented context-aware applications have been developed by the ContextAware Computing Group at the MIT1 . An illustrative example is the ’Augmented Reality
Kitchen’ that monitors the state of objects in a kitchen in order to help the kitchen-worker
to keep track of all simultaneous events. The kitchen displays the location of tools and the
state of cooking processes. In the related project ’KitchenSense’, a sensor-rich networked
1

http://context.media.mit.edu/press/index.php/projects/
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kitchen is considered that attempts to interpret peoples’ intentions and reacts accordingly.
Additionally, the SenseBoard has been proposed in [35]. The SenseBoard approach is to
combine the benefits of the digital world with those of the real world. The SenseBoard is
a hardware board with a schedule projected onto it. Discrete information pieces that are
stored in a computer can be manipulated by arranging small items on the board. These
items are entries of the schedule. The naming of each item is computer-controlled and
projected onto the item. Like in a digital schedule, items can be easily arranged, grouped
together or expanded. Operations and the status of the schedule are projected to the
physical schedule on the board. Like with real-world objects, people can manually arrange
the items on the hardware board. This makes the operation more intuitive and enables the
participation of larger groups in the process of finding an optimal schedule for a given task.
Detailed information on each item can be made available and a schedule can be digitally
exported, stored or loaded and also printed.

2.2 Concepts and definitions
As mentioned in section 2.1, the concepts and ideas related to context-awareness that have
not yet been commonly adopted among researchers even include the notion of context and
context awareness itself. Since context-awareness is a comparably young research field,
we find concepts and notions for which a variety of only partially redundant definitions
have been given. On the other hand, several supplementing concepts are only vaguely
described as, for example, the notion of high-level contexts, low-level contexts and raw
data. In order to provide a stringent view on our research topics, we have to agree on
non-ambiguous definitions for the concepts we utilise.
In this section we discuss those notions we adopt from recent work and further find
comprehensive definitions for insufficiently defined concepts where necessary.
In our discussion we take a computation-centric view. Unlike other definitions that follow an application or service centric approach, we see the computation and processing
of contexts as the centre of importance when context-aware architectures are considered.
Context-aware applications ground their operation on an effective and reliable context provisioning layer. Consequently, the application benefits from improvements in this context
provisioning layer. In a computation-centric approach we are more interested in methods
and concepts to generate contexts than in the exact contexts that have to be generated. In
a computation-centric approach the avoidance of errors is more important than the coping
with and correction of errors. In a computation-centric approach we abstract from specific
applications or environments and consider general process related issues.

2.2.1 Ubiquitous computing
In our view of ubiquitous computing we agree on the vision introduced by Mark Weiser
in [11]. As a prerequisite to our study, we assume a world in which computation has
both infiltrated everyday life and vanished from people’s perception. We believe that both
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developments are not only possible but predefined, since computing devices continuously
decrease in size and power consumption while increasing in computing power at the same
time. In the vision of ubiquitous computing, everyday objects are equipped with computing power and communication interfaces in order to compute and spread information. In
our study we assume that computing is done in a ubiquitous environment, where multiple applications on stationary and mobile devices interact with one another. For ease of
presentation we occasionally abbreviate the term Ubiquitous computing with UbiComp.
Several authors have observed challenges of ubiquitous computing environments. The
authors of [21] for example, state increased autonomy, a dynamic computing environment,
dynamic user requirements, scalability issues and resource limitations as most serious issues
in UbiComp environments. Depending on the application type, further issues may be
named.
We study challenges of UbiComp environments that are eminent for context prediction
scenarios in section 3.1.3.

2.2.2 Sensors, context sources and features
In context-aware computing domains, the input data for applications is captured by sensors.
Since several authors have varying definitions of sensors, we briefly recapitulate our notion
of sensors. Basically, a sensor is a piece of hardware or software that provides information
on the environment. Humans or animals are not considered sensors but might trigger and
influence sensor outputs. We distinguish between hardware sensors and software sensors.
Hardware sensors are physical entities that react to stimuli from the physical environment
and provide a software interface to publish notification describing these stimuli. Hardware
sensors might, for example, measure the temperature, the light intensity or the humidity.
Further hardware sensors are, for instance, a fingerprint reader or also a computer keyboard
or a mouse that monitors user input.
Software sensors are applications that react to software generated stimuli and that output
a software generated notification describing these stimuli. Example software sensors are a
calendar, an address book or an application a user is interacting with.
A sensor might provide various distinct aspects of a given context. Consider, for example,
an audio sensor that provides the loudness as well as the number of zero crossings. These
distinct aspects of context are often referred to as context features [18, 28]. Since we take
a computation-centric approach, we are especially interested in the entity that provides
information about a context feature.
We refer to this entity as a context source and consider context sources as atomic information sources for context-aware architectures. Context sources are not synonymous to
sensors that produce context data. One sensor might incorporate several context sources.
A context source basically produces output values that are related to one specific feature
of a sensor.
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2.2.3 Context and context types
As we have discussed in section 2.1.1 various definitions of context have been given in the
literature that are only partly redundant. We adopt the definition given by Anind K. Dey
in [19] since it is most general and can be applied to all application areas relevant to our
research. However, Dey explicitly intertwines context with the interaction of applications
and humans or, as he states it, with users. We have a slightly wider understanding of
context that is not restricted to the user-application interaction but that covers contexts
of arbitrary entities.
Definition 2.2.3 : Context
Context is any information that can be used to characterise the situation of an
entity. An entity is a person, place, or object.
Other definitions of context are too restricted to special cases to be applied in our general,
computation-centric, consideration. Considering the revised definition given by Karen
Henricksen, after which context is the set of circumstances relevant for the completion of
a task [21], we disagree.
This revised definition differs from our understanding of context. First of all, we do
not agree with the restriction of context to the set of circumstances that are of potential
relevance for the completion of a task. The context driving, for example, could be partly
sensed through the presence of the bluetooth ID of the car radio. However, the car radio
is of no relevance considering the completion of the context driving.
In addition to the general understanding of the concept of context, a more concrete frame
is required in order to be able to actually apply computations on context. We introduce the
notion of a context element that utilises the definition of Dey and enhances the description
to suit our needs in the processing of contexts.
Definition 2.2.4 : Context element
Let i ∈ N and ti describe any interval in time. A context element ci is a
non-empty set of values that describe a context at one interval ti in time.
An example for a context element that is constituted from the temperature, the light
intensity and an IP address is then c = {24◦ C, 20000lx, 141.51.114.33}. Observe that this
definition refers to an interval in time rather than to a point in time. This accounts for the
fact that the information describing a context is obtained by measurements of the real world
that typically require a time-span rather than a time instant in which the measurement
is performed. However, the shorter the time span the more accurate a context element
describes a context at one point in time. Since the values are obtained by measurements,
we may assume that the count of context elements is finite.
In [36] it was suggested that the context types location, identity, activity and time are
more important than other types in order to describe a context. Undoubtedly, studies
that utilise these context types for context-aware applications dominate studies on other
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Figure 2.2: Aspects of context

context types. One reason for this is that implications obtained from these mentioned
context types seem to be intuitive to most people. However, we argue that the type of
context useful for an application is inherently dependent on the application type and that
this context might be ignorant of the location, identity, activity or time.
Consider, for example, an arbitrary person sitting in her room and reading a book. While
this scenario appears to be tranquil when only the four context types location, identity,
activity and time are taken into account, the general assessment might change with the
utilisation of further context sources. If, for example, the room temperature instantly
rises or the amount of methane in the air increases, the same situation then appears in a
different light. Danger might be at hand and a swift reaction is required.
We therefore assume that the application defines the relevance of distinct context types.
The relevance could be modified by any kind of weighting or duplicating of contexts. Since
we propose an architecture that utilises contexts for arbitrary applications, we do not prefer
any context type above any other. For the remainder of this thesis we do not bother about
the correct and application specific weighting, but assume that the contexts utilised has
been filtered and weighted according to the application needs in advance. Several aspects
of context have been introduced in [6, 37]. A further structured and extended distinction
of context types is depicted in figure 2.2. This figure should be understood as a working
model of context aspects. Context specifications for the context classes depicted in the
figure are examples for the context classes and can be carried on by other examples that
logically fit into the corresponding context class. Further aspects of context not depicted
in the figure might well be found.
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2.2.4 Context abstraction levels
Context does not necessarily equal context. Two contexts of the same type that describe the
same time interval might nonetheless differ from each other in value. Context has several
levels of abstraction depending on the amount of pre-processing applied. A temperature
context might, for example, hold the value 24◦ C as well as the value ‘warm ’. These context
values might originate from identical measurements of context sources. However, the data
abstraction level differs. The value ‘warm’ is at a higher abstraction level than the value
24◦ C.
Although several authors use the notions high-level context, low-level context and raw
data, in order to describe various context abstraction levels, no exact definition of these
notions is given in the literature. These notions are therefore often used with different
meanings. Some authors, for example, use the term low-level context in the same sense
as other authors use the term raw data. Typically, higher context representations tend to
be symbolic while lower representations are more often numeric. Generally, the definition
of several data abstraction levels is reasonable since the kind of representation used for
operations on context elements may affect the accuracy of the operation [38].
A rough distinction between low-level and higher level contexts is made by Anind K.
Dey, Bill Schilit and Marvin Theimer [19, 13]. Following this discussion, low-level context
is used synonymously for data directly output from sensors, while high-level contexts are
further processed. This processing can, for example, be an aggregation, an interpretation,
a data calibration, noise removal or reforming of data distributions.
Jani Mäntyjärvi further distinguishes between processed contexts that describe an action
or a condition [20]. Following his notion, raw data can be, for example, 24◦ C or 70%
humidity. While for low-level contexts these are further processed to conditions like ’warm’
or ’high humidity’. Finally, a high-level context is an activity as, for instance, ’having
lunch’.
Actually, these distinctions between high-level and low-level contexts are only required
(and properly understood) by humans. From a computational viewpoint, actions and
conditions are both string values obtained by further processing of raw data. From a
computation-centric standpoint, both constructs are consequently on the same level of
data abstraction.
A computation-centric approach
We therefore take an alternative, computation-centric, approach and classify the level of
abstraction of contexts by the amount of pre-processing applied to the data. Throughout
our work we distinguish between high-level context information, low-level context information and raw context data2 (cf. table 2.1).
In table 2.1, exemplary raw context data, low-level contexts and high-level contexts are
depicted. Note that in all data abstraction levels different context representations are
possible even if the measurement is identical. An example well-suited to illustrate this is
2

For ease of presentation, we utilise the notions ’raw data’ and ’raw context data’ synonymously.
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High-level context

Low-level context

Raw data

Context source

walking
walking
watching movie

14◦ C
57.2◦ F
64dB

001001111
001001111
109

thermometer
thermometer
microphone

listening music

64dB

109

microphone

at the beach

47◦

GPRMC3

GPS sensor

GPGGA4

GPS sensor

0x79

keyboard [en]

writing

25.5634’N;
007◦
39.3538’E
47◦
25.5634’N;
007◦
39.3538’E
z

writing

y

0x79

keyboard [ru]

writing

z

0x7a

keyboard [de]

office occupied

z

0x7a

keyboard [de]

swimming

Table 2.1: High-level contexts, low-level contexts and raw context
data for exemplary context sources.
8

9
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GPRMC Example:
$GPRMC,191410,A,4725.5634,N,00739.3538,E,0.0,0.0,181102,0.4,E,A*19
GPGGA Example:
$GPGGA,191410,4725.5634,N,00739.3538,E,1,04,4.4,351.5,M,48.0,M,,*45

the keyboard sensor. The same key pressed on an English and a Russian keyboard (raw
context data identical) might result in different low-level contexts due to an alternative
language setting (acquisition procedure). In the Cyrillic layout the letter ’y’ is obtained
while it is the letter ’z’ for the English layout.
However, for German keyboards the letters ’y’ and ’z’ are exchanged compared to the
English layout, hence leading to the same low-level context even though the raw context
data is different. Furthermore, different context interpretation procedures may lead to
distinct high-level contexts (office occupied or writing).
A discussion of the three data abstraction levels ‘raw context data’, ‘low-level context’
and ‘high-level context’ is given in the following.
The output of any context source is considered as raw data since it most probably needs
further interpretation. Already at the very first abstraction level of raw context data, basic
operations on the measured samples might be suggestive. Computations that might be
applied on this data include mechanisms to correct possible measurement or sensor errors,
filters that might abstract from irrelevant measurements or also processes that weight
the measurements. Since for the remainder of this thesis we focus on context processing
operations that are applied after these early data manipulation steps, we exclude all data
manipulation processes applied at this pre-context stage from the scope of our research in
order to avoid non-intended side effects. For the remainder of the thesis we assume that
raw context data represents information measured from context sources that has already
undergone these elementary data manipulation operations.
Different
manufacturers
produce
sensors
with
varying
output
even
though the sensors might belong to the same class. This is because of possibly different encodings of the sensed information or due to a different representation or accuracy.
Two temperature sensors may for instance differ in the unit (Celsius or Fahrenheit), in the
measurement accuracy or in the measurement range. A pre-processing of raw context data
is necessary so that further processing is not influenced by special properties of the context
source itself. We refer to this pre-processing as the context acquisition step. Low-level
contexts are acquired from raw context data in this pre-processing step.
The data has become low-level context elements after the context acquisition. The lowlevel contexts of two arbitrary context sources of the same class measured at the same
time in the same place is identical with the exception of a possibly differing measurement
accuracy, provided that both context sources are in good order. The output of all context
sources for temperature may, for example, be represented in degree Celsius.
In order to obtain high-level context elements, further processing operations are applied.
Possible operations are aggregation, interpretation, semantic reasoning, data calibration,
noise removal or reforming of data distributions. We refer to this pre-processing as the
context interpretation step.
From low-level contexts describing the temperature, light intensity and the humidity it
might be possible to infer the high-level context outdoors/indoors. There is no limit to
the level of context interpretation. Several high-level contexts may be aggregated to again
receive high-level context elements. For our discussion, however, we do not distinguish
between high-level contexts of various context abstraction levels. For the remainder of this
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Figure 2.3: Context pre-processing steps.
thesis it suffices to distinguish between the three context abstraction levels ’raw context
data’, ’low-level context’ and ’high-level context’. For these three context abstraction levels,
the distinguishing factor is the amount of pre-processing applied. Note, however, that we
do not exactly define the amount of pre-processing for all three context abstraction levels
since it may vary between distinct application scenarios. For our discussion it suffices that
this construct of context abstraction levels is hierarchical. The amount of pre-processing
applied to high-level contexts always exceeds the amount of pre-processing applied to lowlevel contexts in the same application scenario.
Observe that it is possible that two contexts of the same context type are differing in
their context abstraction level when the amount of pre-processing to derive these contexts
differs. While this might intuitively appear inconsistent, it is inherently logical from a
computation-centric viewpoint. The amount of computation or pre-processing applied to
contexts of distinct context abstraction levels differs. In addition, the information certitude
of contexts in distinct abstraction levels might differ. We discuss this impact of context
processing operations on the information certitude in chapter 4. Various context processing
steps and corresponding input and output data are depicted in figure 2.3.
General assumptions
We assume that a common application or service expects high-level context elements as
input data. Except for trivial applications, low-level context is only useful for applications
after a further interpretation has been applied. However, further processing on low-level
contexts might well be reasonable in order to prepare the data for further operations. For
raw context data, a direct utilisation of the data for applications as well as for processing
steps is infeasible since this would imply that all sensor characteristics and acquisition
logic has to be known by the applications or processing steps themselves. This approach is
consequently only possible in small scale, static scenarios. We therefore assume a layered
approach in which the application layer is separated from the context inference layer which
includes the acquisition and interpretation methods.
A serious question regarding these context abstraction levels is their impact on context
processing operations. The higher the context abstraction level, the more processing operations have been applied to the context elements in advance. Generally, each operation
applied holds the danger of error. Contexts of higher abstraction levels are therefore potentially more likely to be erroneous than contexts of lower abstraction levels. On the other
hand, it might be feasible to reduce the errors contained in a context by special purpose
error correction processes. However, these error correction mechanisms are special operations that might be applied to contexts at arbitrary context abstraction levels. It seems
preferable to apply an error correction after every context processing step. For simplicity,
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we consequently assume that every context processing step is accompanied by an error correction operation. The output of any processing step is considered error corrected. Note
however, that an output that is error corrected is not necessarily error free since no error
correction mechanism can provide a perfect correction in all cases.

2.2.5 Context data types
Since context is acquired from a set of heterogeneous context sources and is computed
at various levels of abstraction, context processing operations applicable to one subset of
contexts might be inapplicable to another subset.
As an example, consider IP addresses as context type on the one hand and temperature
as another context type. Temperature contexts contain an implicit order regarding their
magnitude while for IP addresses, an order cannot be provided in the same manner.
In [6] four data types have been introduced that group contexts applicable to the same
mathematical operations together. Following this discussion, we distinguish context data
types between nominal, ordinal and numerical categories. We omit the fourth category
interval that was proposed in [6] since the boundaries of any context type (the only use for
the interval category described in [6]) are provided for ordinal and numerical contexts in
our case anyway.
The only operation applicable to nominal context data is the equals operation. Contexts
of nominal context data type are, for example, arbitrary binary contexts, whereas symbolic
context representations like, for instance, activities (walking, talking) or tasks (cleaning)
are of nominal context data type.
Ordinal context data types further allow the test for an order between these contexts.
Examples for contexts of ordinal context data type are physical contexts like lighting or
acceleration when represented in symbolic notation like ’dark’ and ’bright’ or ’fast’ and
’slow’.
Contexts of numerical context data type allow arbitrary mathematical operations to be
applied on them. A good example for these context data types is the time. By subtraction,
the time difference between two contexts of this type can be calculated.
We further consider hierarchical contexts, that are applicable to the ’subset’-operation.
Similar to ordinal context data types, for hierarchical context data types an ordering of
the contexts is possible. However, the order might be any kind of hierarchy as a directed
tree or graph structure. Examples for a context type of this class are geographical contexts
in a symbolic representation as ’in office building’ or ’in town’.
The operators applicable to one context type limit the number of appropriate context
processing methods. A context processing method usually requires a minimum set of
operations on contexts. In order to be processed by a processing method, all processed
contexts therefore have to share this minimum set of operations. An easy solution to
equalise all contexts is to abstract from all operators not applicable to the whole set of
available contexts. Clearly, this reduces the already sparse information we have about the
data and artificially restricts us to a smaller number of context processing methods.
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Context type

nominal

ordinal

hierarchical

numerical

Organisational

+

+

Social

+

+

User

+

Geographical

+

+

Relative location

+

+

Task

+

+

Action

+

Time

+

+

Relative time

+

+

Biological

+

+

Mood

+

Physical

+

+

+

Technological

+

+

+

Equipment

+

+

+

+

Table 2.2: Operators applicable to various context types
Table 2.2 depicts the context data types of the context types introduced in figure 2.25 .
Observe that the context data type is not related to the data abstraction level of contexts.
Low-level and high-level contexts alike might be of ordinal, nominal, numeric or hierarchical
context data type.
From one context abstraction level to the next higher one, the context data type may
swap to an arbitrary other context data type. While, for instance, in the aggregation of
contexts, the resulting context might likely support less operations than the operations
applicable to the set of contexts before the aggregation, it is also feasible to add further
operations by a mapping of contexts to elements that support these further operations.

2.2.6 Representation and illustration of contexts
We have now introduced the concept of context and have discussed context types, context
abstraction levels and context data types at a rather abstract, theoretical level. For any
problem domain, a good perception of the contexts and relations in this domain is at least
helpful for the next step, the approach to solve the problem at hand.
A straightforward way to illustrate low-level contexts is to map them into a multi5

The classification of context types to context data types represents one example classification that
is considered reasonable by the authors. However, a specific scenario might introduce context type
classifications that differ from the values depicted in the table. The important point here is that in a
given scenario the observed context data types might not be computed by arbitrary context prediction
algorithms
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Figure 2.4: Illustration of the context interpretation step.
dimensional coordinate system. This representation has first been considered by Padovitz
et al [39, 40, 41]. Although another distinction between low-level contexts and high-level
contexts has been applied, the same principle can also be applied in our case. The general
idea is to represent for every time interval a low-level context element by a vector in a
multi-dimensional coordinate system. Each coordinate axis represents a normalised aspect
of a low-level context element.
High-level contexts are then sets of low-level contexts that are assigned a label. As we
have discussed in section 2.2.4, in the context interpretation step this grouping of low-level
contexts is achieved. Figure 2.4 illustrates the context interpretation step6 .
Low-level contexts are represented on the left hand side by dots in a coordinate system.
On the right hand side, these low-level contexts are transformed to high-level contexts
which is basically a grouping of several low-level contexts together into a set of low-level
contexts.
This geometrical context representation is trivially extended to context sequences in
time by simply considering one further axis in the coordinate system that represents the
time. This more concrete, geometrical context representation assists us in the discussion
of several properties later on.
In our discussion we do not consider overlapping high-level definitions. A discussion of
this topic can be found in [41].

6

The figure connotes that the high-level contexts ’sleeping’, ’working’, ’leasure time’ and ’disco’ can be
distinguished by the light intensity and the loudness. This labelling of high-level contexts is only for
an easier understanding of the described context interpretation step. Note that the necessary context
sources to accurately distinguish the mentioned high-level contexts is currently an unsolved research
problem.
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3 Context prediction
The consequences of our actions are so complicated, so diverse, that predicting the future is a
very difficult business indeed.
(J. K. Rowling, Harry Potter and the prisoner of Azkaban [42])

An application that is context-aware might be aware of contexts at arbitrary times
[6]. Most work done on context-awareness considers present or past context. However,
some authors also consider the future context (cf. section ??). The latter case of context
computing is usually referred to as context prediction, forecasting or proactivity. While the
term context prediction is most prominently used in conjunction with context-awareness
[6], proactivity was originally considered for software agents. The term forecasting is most
often found in relation to stochastic time series analysis. Most prominent application fields
are the financial or stock market (see, for example, [43, 44]).
However, the different notions become mixed as some authors also use the terms forecasting or proactivity in order to describe the context prediction process [45, 4]. Some
authors even utilise these notions in order to describe the process of inferring a context
[46, 47]. To make things even more complicated, the term context prediction is not used
uniformly by researchers. While the authors in [6, 4, 48] employ the term context prediction to describe an operation that infers future contexts from past and present contexts,
[46] uses this term in order to describe the automatic triggering of actions when some
context becomes active, while the authors of [49, 50] apply it to the process of inferring
context from sensor outputs.
In our understanding, context prediction can be used by applications to extend the
knowledge about an observed context into the future. That is, to adapt their behaviour to
events that will likely occur in the future. The information base on an observed context is
therefore expanded by context prediction.
The cost for this additional information is an increased error probability of the predicted
context. It lies in the nature of prediction that the reliability of a predicted element is
typically worse compared to observed present or past events. While the impact of weak
reliability may differ from application to application, this is definitely the most serious
drawback to context prediction.
This chapter introduces research groups that are considering context prediction in their
work. After having gained an overview of current work related to context prediction, we
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discuss concepts and definitions from the literature that are relevant for our studies. We
further develop definitions to structure the research field where appropriate for us.
As a result of this discussion we are able to distinguish between several context prediction schemes. We also provide a first motivation for our discussion on context prediction
accuracies in chapter 4. We introduce several reasons why the context abstraction level
impacts the context prediction accuracy.
Furthermore, we develop a definition of the context prediction task.

3.1 Concepts and definitions
Context prediction introduces another variable to the context-aware scenario described in
chapter 2. The concept of context prediction implicitly contains the time as one important
factor of the system. With context prediction, the borderline between past and present
context on the one hand, and future context on the other hand, is crossed. More exactly,
past and present contexts are linked to future contexts. Observations made on past and
present contexts are utilised in order to explore future contexts. Based on our discussion
in section 2.2 the following sections discuss those implications to context-awareness that
have an impact on context prediction.

3.1.1 Time series and context patterns
Context prediction requires the consideration of the time dimension. A set of observations
ξt1 . . . ξtn with ξti being recorded at a specific time interval ti , is called a time series [51].
Note that we refer to time intervals rather than to points in time. This accounts for the
fact that measurements of context sources, which are the main input source for contextaware applications, are inherently measured at time intervals rather than at time instants.
For arbitrary time intervals ti and tj we assume that the two intervals are either identical
or non-overlapping. This can be assumed without loss of generality since non-overlapping
time instances can always be found for all sampled contexts.
A discrete-time time series is one in which the observations ξti are taken at discrete intervals in time. Continuous-time time series are obtained when observations are recorded
continuously over some time interval. The authors of [15] suggest a classification of contextaware applications into continuous and discrete. We are mostly concerned with discrete
contexts since data is sampled at discrete points in time. If context is observed in the time
domain, the concatenation of contexts measured at several times to an ordered series of
consecutive contexts can be defined to be a context time series [52].
Definition 3.1.1 : Context time series
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Let i, j, k ∈ N and ti describe any interval in time. A context time series T is a
non-empty, time-ordered set of context elements ci with an attached timestamp
ti . We write Ttj ,tk in order to express that the attached timestamps of the
context elements in Ttj ,tk are in between the beginning of the interval tj and the
end of interval tk . We denote the empty time series with λ.
In particular, for context elements ct1 . . . ctn with the interval ti starting before the interval
ti+1 , the time series Tt2 ,tn covers the context elements ct2 , . . . , ctn but not the context
element ct1 . Observe that, since a time series contains information about the evolution
of contexts in time, situation changes and even the behaviour of individuals might be
described by context time series.
Context elements that share the same timestamp are grouped to time series elements.
Definition 3.1.2 : Context time series element
Let T be a context time series and ti be a timestamp of any one context element
ci ∈ T . A context time series element ξi ∈ T consists of all context elements
ci ∈ T that share the same timestamp ti (ξi = {ci |ci ∈ T and Timestamp(ci ) =
ti }).
|T |, the length of time series T , denotes the number of time series elements in
the time series T .
Note that the length of a context time series is not defined by the time difference between
the first and the last time step, but by the number of time series elements. We decided on
this convention for technical reasons that will become clear in later chapters. Basically, we
decided for the granularity of a context time series of predefined length to be independent
from the context sampling frequency.
In general, context time series therefore might contain context time series elements with
more than one context element ci . The number of context elements per context time series
element determines the dimension of a time series. In a multidimensional context time
series T , two context elements can share the same timestamp, wherefore the number of
context elements ξi might exceed the number of different timestamps (ie time series elements) in T .
Definition 3.1.3 : Dimension of context time series
Let T be a context time series. T is a multidimensional time series if for κ ∈ N
subsets T1 . . . Tκ exist with
1. ∀i ∈ {1 . . . κ}, Ti ⊂ T .
2. |T1 | = |T2 | = · · · = |Tκ | = |T |
3. for arbitrary i, j ∈ 1, . . . , κ with i 6= j∃ci ∈ Ti and cj ∈ Tj and
Timestamp(ci )=Timestamp(cj ).
For Υi = {cj |cj ∈ T and Timestamp(cj ) = ti } we define the dimension
dim(T ) = maxi {|Υi |} of time series T as the maximum number of context
elements of T that share the same timestamp.

33

Figure 3.1: Illustration of a multidimensional time series.
An illustration of a multidimensional time series is given in figure 3.1.
Note that we have restricted ourselves to discrete events in a time series. We approximate
continuous signals by taking many consecutive samples in a short period of time. The
definitions above do not restrict all samples of a time series to be taken according to some
fixed frequency.
We can describe the creation of a time series by a function f : t → T where t describes
a point in time relative to the occurrence time of the first context element in the sequence
of time series elements ξi and T denotes a time series. Different context patterns or time
series are described by different functions f : t → T . As usual, two functions f : t → T
and g : t → T are differing from one another, if for any ti the inequality f (ti ) 6= g(ti ) holds.
Realistic context time series
Data sampled from one context source might differ from data obtained by another context
source in sampling time and sampling frequency. Therefore, time series that are recorded
in realistic scenarios can contain only part of the information on contexts of one interval in
time. Since different context sources most probably generate an output value at different
points in time, a time series does in realistic cases not match the simple generic pattern
visualised in figure 3.1. In one time step not all context sources might produce an output
value.
Definition 3.1.4 : Realistic context time series
A realistic time series T is a generalisation of a multidimensional time series
where any time series element ξ ∈ T may contain one or more events of any
combination of context sources.
For realistic time series, the second and third requirement in definition 3.1.3 are relaxed.
The context time series elements in a realistic time series is less symmetrical than the
multidimensional time series. For every context time series element, an arbitrary number
of context elements is valid.
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Figure 3.2: Illustration of a realistic time series.

An example of a realistic time series is illustrated in figure 3.2. With realistic time
series, operations on these time series, that are otherwise straightforward become more
complicated. Assume, for instance, that we wanted to compare a second realistic time
series with the first one, for example in order to find similar context patterns. In most cases
no sub-sequence of sufficient length can be found where the aligned entries are constructed
from the same context sources considering number and type of the context sources. For
an easy application of such operations to realistic time series we, interpolate all missing
values in every time series or extrapolate if the missing value is younger (older) than all
sampled values. However, this usually increases additional noise (errors) in the input data.
Various interpolation or extrapolation methods are suitable depending on the context
data type and on application specific details. In the following discussion, we briefly discuss
impacts of interpolation and extrapolation techniques for the context data types that have
been defined in section 2.2.5.

Nominal contexts Since no interrelations between nominal contexts other than equality
exist, a suggesting interpolation or extrapolation strategy might be to expand the context
durations of adjacent contexts so that the required time instants are also covered.
Depending on the exact configuration, the context duration can be shifted to the past, to
the future, or to both with varying extent. This extrapolation and interpolation approach
is most useful in scenarios where contexts are considerably stable and context changes are
seldom.
Alternatively, one can apply context prediction methods to obtain a context value for
a given point in time. Arbitrary prediction methods might be applied in this case. This
approach might also provide contexts that have been missed by the sampling process and
that can therefore not be found by the interpolation and extrapolation approach. In
environments where context changes are more frequent, the higher processing cost of this
method might be worthwile to improve the accuracy of the observed context time series
even above the accuracy of the sampled context time series.
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Ordinal contexts and hierarchical contexts Additionally to the two approaches described above, the interpolation process can, in case of ordinal and hierarchical contexts,
make use of the implicit order of the contexts.
Trends in the context evolution may be continued in this case. Between two contexts c
and c0 that are correlated by the <-relation, the interpolation method might insert contexts
c1 < · · · < cκ which are in between considering the <-relation (c < c1 < · · · < ck < c0 ).
An analogous argumentation does also hold for hierarchical contexts that are comparable
by the ⊂-operator.
Numerical contexts With addition of the · and +-operators the interpolation described
above can be done even more advanced. Given two contexts c and c0 with c < c1 < c2 < c0
we can calculate the distances cc1 , c1 c2 and c2 c0 . These distances might then assist in finding
the durations of these contexts. For two output values c1 and c3 that were measured at
time steps t1 and t3 with t1 < t3 we construct c2 in time step t2 as
t2 − t1
.
(3.1)
c2 = (c3 − c1 )
t3 − t1
Low-level and high-level time series
Another distinction we regularly refer to is the difference between context time series exclusively created from high-level contexts and time series created from low-level contexts
only.
Definition 3.1.5 : Low-level and high-level time series
Let T be a time series. T is called a low-level context time series if all time
series elements ξ ∈ T are low-level context elements. T is called a high-level
context time series if all time series elements ξ ∈ T are high-level context
elements.
The context history
Context-aware or context prediction architectures that utilise not only present contexts,
but also measurements about past contexts, need to store observed contexts for further
use.
A concept that implements this is the context diary [53]. The authors propose to store
contexts in a context data base called the context diary, whenever a predefined event
occurs. These events are used to record all those contexts and context changes that are
considered relevant. Events proposed are, for instance, a context change that exceeds a
predefined threshold or user feedback that indicates the importance of the context.
We refer to the time series of observed contexts as the context history.
Definition 3.1.6 : Context history
Let T0−k,0 be a realistic context time series of observed contexts. T0−k,0 is a
context history of length |T0−k,0 |.
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3.1.2 Frequent patterns in human behaviour
Context prediction and context-awareness frequently deal with the contexts of users. In
both research branches researchers implicitly assume that the behaviour of a user contains
distinguishable patterns that enable the computation of a context or even a time series of
contexts. For context prediction to be feasible at least some basic conditions need to be
met. Most crucial is the presence of typical patterns or at least of any reconstructable (ie
predictable) process in the observed context pattern.
These assumptions have to be taken with care since the sampled contexts are only part
of the definition of a certain context. Consider mood as one exemplary context of the user.
The mood may have considerable influence on the way a user expects an application to
react to her actions, even though it can hardly be measured by a context source [54]. Also,
as the authors in [55] state, the output of context sources that lead to a specific context
may change over time for one user and may even completely differ among different users.
However, reproducible, typical human behaviour patterns exist [56]. In cognitive psychology, these typical patterns are referred to as scripts. A script describes the actions and
circumstances that characterise a specific context or typical context pattern. It has been
shown that these scripts are similar even for groups of individuals while small alterations
might exist for individuals from different cultures or societies. It could even be shown that
individuals are able to complete incomplete or erroneously reported scripts so that errors
in the observed sequence of contexts could be corrected [56].
These findings can be observed in various fields. As [57] states, ”Behaviour consists of
patterns in time”. The authors of [58] for instance, observe typical behaviours in team–
sport games like soccer. It is further possible to recognise the software programmer of a
piece of programming code based on her programming style [59]. Some work even draws
a connection between behaviour patterns and patterns found in DNA-sequences [60]. For
the remainder of this document we assume that typical patterns exist in human behaviour
and that these patterns can be described by context sequences like context time series.

3.1.3 Challenges in UbiComp environments
Context prediction in ubiquitous computing environments is seriously affected by the heavily flexible computing environment [21]. In the following sections we discuss issues in ubiquitous computing environments that do not commonly occur in other prediction domains.
Fluctuation of context sources
A key issue in ubiquitous computing environments is their changing nature. Ubiquitous
computing applications access information about the environment from context sources
that may be local or remote. The location of context sources that are local to an application changes only when the device that hosts the application also changes its location,
while a remote context source has a trajectory that differs from that of the device. Since
technologies to connect a context source with a device are only of limited range, the number
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of context sources available fluctuates as either the device or the context source moves.
A realistic time series of observed contexts therefore contains subsequences where context sources are available that are missing in other parts of the sequence.
This situation becomes even more complicated when a new context source enters the
proximity of the device. Since the context source might provide valuable information that
is not provided by other context sources, we require a context-aware application to access
the new context source.
But what is the information provided by this context source? Is there any description
that might provide this knowledge? Which data should be contained in such descriptions?
Does it suffice to group context sources by their types (humidity, temperature) or does
the application require a unique ID for every single context source or sensor? These are
questions that make context prediction in UbiComp environments most challenging. Many
prediction algorithms are not applicable to these environments, since they do not support
such highly dynamic operation.
Adaptive operation
In ubiquitous computing we expect an environment that rapidly changes on a microscopic
(single context source) level. For context prediction, a macroscopic and much slower evolution of the environment also takes place. It is the behaviour and habits of humans that
gradually change with time. In some cases, external influences as a change of job or the
moving to another place for other reasons might also impose sudden, drastic macroscopic
environmental changes.
In order to keep a high prediction accuracy in this changing environment, an adaptive
operation of the algorithm is required. A learning capability is therefore obligatory for
context prediction algorithms.

3.1.4 The context prediction task
Summarising our discussion above, for context prediction, the history of observed contexts
is only partially available. Furthermore, it is highly error-prone and influenced by possibly
changing behaviour patterns of a user, which demands for a learning capability to be
available. Additionally, the system is not closed. New contexts may enter at any time,
while others may temporarily disappear. Finally, the time series analysed may contain
non-numeric entries or even have mixed numeric/non-numeric contents. In search for the
most suitable definition for the context prediction problem in UbiComp environments, we
review definitions of related prediction problems as to their suitability in describing the
context prediction problem.
Several authors have described the context prediction task from different viewpoints.
However, although definitions exist for the related notions of proactivity [6, 37], time series
forecasting [61, 62] and event prediction [63], we do not know of any definition of the
context prediction problem.
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In the following sections we briefly review definitions of other prediction problems before
approaching the context prediction problem.
Proactivity
Although occasionally used in several publications as a substitute for context prediction
[45, 4], the notion of proactivity in computer science is most prominently used for software
agents. Proactivity in this sense is defined as taking the initiative to reach some kind of
goal [64]. This definition is too wide to accurately define the context prediction task.
In [39] proactivity is defined as performing actions prior to the occurrence of a predicted
situation. Since the term prediction is used to define proactivity, this notion does not lead
to a more comprehensive understanding of context prediction.
The author of [6] distinguishes between proactivity and reactivity. The output of a
reactive system is exclusively dependent on the past and present observations whereas the
output of a proactive system may also depend on future observations. While this notion
is worthwhile to provide a general description of proactive systems, a clear link to context
prediction in UbiComp environments is missing. The operation on context time series
clearly makes a difference to prediction algorithms since not all prediction methods are
applicable to multi-dimensional and multi-type data.
The task of learning is not covered by any of these definitions. As we have argued in
section 3.1.3, learning is obligatory for context prediction in UbiComp environments. Since
the user behaviour may change over time in a UbiComp environment, a static operation
on the observed contexts can not be considered as prediction but as a mere reaction.
Prediction implicitly strives to describe the future most accurately.
Time series forecasting
The term forecasting is usually applied in connection with numerical data in stochastic time
series [61, 51, 65]. Application fields are, for example, economic and business planning,
optimisation of industrial processes or production control.
A time series T = (ξ1 , . . . , ξκ ) consists of κ successive observations in the problem domain.
The time series T is considered to be created by some stochastic process. We assume that
the process follows a probability distribution. T is considered a sample of an infinite
population of samples from the output of this process. A major objective of statistical
investigation is to infer properties of the population from those of the sample. In this
sense, to make a forecast is to infer the probability distribution of a future observation
from the population, given a sample T of past values.
The stochastic process inherent in the time series T can be described by several statistical
methods. Popular models for describing these processes are moving average, autoregressive
or ARMA models.
While the missing link to learning is not serious in this definition, since every single
forecast is based on the recently observed time series, mixed-dimensional or mixed-type
time series are not considered.
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Event prediction
The event prediction problem has been defined in [63]. Following this definition, an event
χt is an observation in the problem domain at time t. For the event prediction problem, we
speak of a target event. The prediction algorithm predicts if the target event is expected
at some time in the future, given a sequence of past events:
P : χt1 , . . . , χtκ → [0, 1].
A prediction is considered correct if it occurs in a time window of predefined length.
This definition is especially useful in situations where single events of critical impact are
predicted. An example is the prediction of a power failure of a system. Only the singular
event of the power failure is of interest in this context.
Although this definition can be modified to fit the context prediction task, it then becomes quite unpractical. In event prediction the question is, ’IF’ an event will occur, in
context prediction we are more interested in the question ’WHICH’ context will occur
’WHEN’.
Context prediction
Although some work has already been done on context prediction, no formal definition of
the context prediction problem has yet been given. As stated in [6], “context prediction
[. . . ] aims at inferring future contexts from past (observed) contexts”. Yet, the fluctuating
nature of UbiComp environments is not covered by this definition.
The problem of context prediction can be classified as a search problem. In analogy to
[66], a search problem is defined as follows.
Definition 3.1.7 : Search problem
A search problem Π is described by
1. the set of valid inputs ΛΠ
2. for I ∈ ΛΠ the set ΩΠ (I) of solutions
An algorithm solves the search problem Π if it calculates for I ∈ ΛΠ an element
ΩΠ (I) if ΩΠ (I) 6= ∅ and rejects otherwise.
For context prediction, the set of legal inputs ΛΠ is given by the set of legal context time
series, while the set ΩΠ (I) is given by the set of context time series that might possibly
occur in the future. The set of solutions is subject to constant changes in the observed
context evolution. We call the process that is responsible for the creation of the context
evolution π. The set of solutions is influenced by this process. Since the number of input
parameters for the process is immense and the parameters are mostly unknown, we can
assume that the process is probabilistic.
The task of a prediction algorithm is to find a context sequence in a UbiComp environment that, at a given point in time, most likely describes the continuation of the observed
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context time series in the future. The context prediction task is then to find a function f
that approximates the process π.
Definition 3.1.8 : Prediction quality
Let T denote a time series and d : T × T → R be a distance metric. We
measure the quality of a prediction by the distance of the predicted context time
series to the context time series that is actually observed in the predicted time
interval.
The aim of the prediction algorithm is therefore to minimise the distance to the actually
observed context time series. An optimal prediction has distance zero.
Several measures of distance are feasible for various context types of the contexts contained in the observed context time series. A straightforward measure for time series
represented in an Euclidean space (cf. section 2.2.6) is the sum of the Euclidean distance
between the context time series elements. However, the total value of this distance measure
is dependent on the length of the context time series considered.
Two metrics commonly utilised to measure the distance of two time series are the ‘Root
of the Mean Square Error’(RMSE) and the BIAS metric. For a predicted time series of
length n, these metrics are defined as
s
Pn
2
i=1 (pi − di )
(3.2)
RM SE =
n
Pn

|pi − di |
.
(3.3)
n
In these formulae, pi depicts the predicted value at time i while di is the value that actually
occurs at time i.
BIAS =

i=1

Definition 3.1.9 : Context prediction
Let k, n, i ∈ N and ti describe any interval in time.
Furthermore, let T be a realistic context time series.
Given a probabilistic process π(t) that describes the context evolution at time ti , context prediction is the task of learning and applying a prediction function
fti : Tti−k+1 ,ti → Tti+1 ,ti+n that approximates π(t).
The accuracy of a context prediction algorithm can be defined with the help of the prediction quality.
Definition 3.1.10 : Prediction accuracy
For any context prediction algorithm A, the prediction accuracy is given by the
approximation quality dA if the algorithm produces predictions whose prediction
quality is bounded from above by dA .
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This definition combines all parts that constitute the problem of adaptively computing
future contexts in dynamic ubiquitous computing environments.
To begin with, all adverse properties of the observed history of contexts are covered
by the consideration of realistic context time series. In addition, the required learning
capability is included and finally, the implicit dependency on the possibly changing context evolution process is taken into account. The prediction aim is then to increase the
prediction accuracy.
Note that an adaptive prediction problem has also been discussed in [67]. However, this
definition is not applicable to context prediction in ubiquitous computing environments,
since possibly incompletely sampled, multi-type time series are not covered.

3.1.5 Context prediction schemes
In section 2.2.4 we have introduced the distinction between raw context data, low-level
contexts and high-level contexts. Regarding context prediction we have to consider at
which level of abstraction the context prediction process should be applied.
Since raw context data is not yet in a consistent representation, further complications
in context processing would be introduced if prediction was based on raw context data (cf.
section 2.2.4). We therefore suggest not to utilise raw context data for context prediction.
In the literature, context prediction is usually based on high-level contexts (see for
instance [6, 68, 69, 70, 4, 37, 71]). The authors of these studies first interpret the lowlevel context to obtain high-level contexts. Afterwards, the prediction is based on the
interpreted high-level contexts. This approach is appealing as long as the number of highlevel contexts is low. Compared to the high number of combinations of low-level contexts
from all available context sources, the set of high-level contexts in typical examples is
considerably small. The requirements for the applied prediction method are therefore
low. This, of course, changes if the number of high-level contexts rises in more complex
scenarios.
Furthermore, the prediction based on high-level contexts has vital restrictions due to a
reduced knowledge about the context itself. We therefore propose to base the prediction
procedure on low-level contexts (cf.figure 3.3).
We discuss issues on the context prediction accuracy that originate from the utilisation
of data at various abstraction levels in the following sections.
Reduction of information
Following our definition of context in section 2.2.3, context is any information that can be
used to describe a situation. The more information available, the better a context can be
described. We therefore have to be careful when it comes to context processing, since the
amount of information of a context might be reduced by context processing operations.
Some of the information contained in a low-level context is lost when transformed to
a high-level context since the transformation function is typically not reversible. If the
obtained information on low-level contexts suffices to conclude a high-level context, we can
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Figure 3.3: Context prediction based on low-level context elements.
obtain this context at any time in the future provided that the information on low-level
contexts is still available. Once we abstract from low-level contexts to high-level contexts,
we cannot unambiguously obtain the low-level contexts we abstracted from.
The only exception from this rule is met in the case that the interpretation step unambiguously maps one low-level context on one high-level context. Since this is then
basically a relabelling process, it cannot be considered as vertical context processing step.
The context abstraction level consequently remains constant. In case of a vertical context
processing step the context abstraction level is altered.
Assume, for example, a setting in which context sources to capture temperature and airpressure are given. Figure 3.4 depicts several measurements in this setting at various points
in time. Every dot in the coordinate axis represents one sample obtained from both context sources. These dots are low-level contexts. The corresponding high-level contexts are
’cold/low-pressure’,
’cold/high-pressure’,
’warm/low-pressure’
and
’warm/high-pressure’. In the figure, the air pressure and the temperature both rise. We
may assume that a high-pressure area is approaching which in turn leads to better weather
conditions and a higher temperature.
From the low-level samples, a general evolution of the observed process is already visible
at an early stage of the observed process. However, for high-level contexts this trend
remains mostly hidden.
Another example that illustrates how information contained in low-level contexts is lost
by the transformation function is depicted in figure 3.5 and figure 3.6. The figures depict
maps of a region in Kassel (Germany) that were generated by Google maps1 . In the
uppermost picture in figure 3.5, several regions have been clustered to high-level contexts.
The high-level contexts in the figure describe the locations ’Bank’, ’Church’, ’Market’,
’Home’ and ’University’.
Now, assume that a user is located inside the region that is labelled ’Home’ and that we
1

http://maps.google.com
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Figure 3.4: A set of measurements from context sources for temperature and air pressure.
are able to track her position by her GPS coordinates (figure 3.5, picture 2). The position
of the user is marked with the little dot inside the ’Home’-region. The observed time series
of low-level contexts is depicted on the left hand side of the map while the time series of
high-level contexts can be found to the right of the map.
If the user then starts moving inside the ’Home’-region (figure 3.5, picture 3), the lowlevel context of the user changes while the high-level context remains unchanged.
Only when she leaves the ’Home’-region, the high-level context also changes. However,
as long as the user had entered an unlabelled region, no information about the direction
of the movement can be obtained in the high-level case (figure 3.6, picture 1). Only when
the user enters another classified region (figure 3.6, picture 3) will the movement direction
and the new position be available.
A time series of observed contexts consists of several samples from various context
sources. The associated low-level contexts may indicate some general trend as it is shown
in the example. However, the high-level contexts might mask this trend to some extend
due to the higher level of context abstraction.
Reduction of certainty
In section 2.2.4 we have introduced several context processing steps that constitute the
whole context prediction procedure. We distinguish between the context acquisition step,
the context interpretation step and the context prediction step. For each of these processing
steps, algorithms have to be applied, that guarantee a quality of service (QoS) regarding
their memory requirements, processing loads, processing time and accuracy.
We primarily focus on the accuracy of the overall context prediction procedure (cf. section 3.1.4). The accuracy of every single processing step is dependent on various factors
as, for instance, the context data type. In analogy to the notion of accuracy for the
context prediction process the accuracy of arbitrary context processing steps denotes the
probability that processing errors occur in the processing step.

44

45

Figure 3.5: Movement of a user tracked by classified high-level contexts and by low-level contexts.

Figure 3.6: Movement of a user tracked by classified high-level contexts and by low-level contexts.
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The accuracy of the context prediction process differs depending on the order in which
the distinct processing steps are applied. This property is studied in detail in section 3.1.4.
Reduction of the long-term accuracy
Provided that a context source is in good order, the low-level contexts reflect the actual
situation with respect to the measurement inaccuracy. We therefore argue that low-level
contexts are of higher credibility than high-level contexts. By interpreting low-level contexts to high-level contexts, we make an educated guess based on the information that is
available in the current situation. Since context is also dependent on information that is
not measurable by context sources [54], we cannot exclude the possibility of misjudging
the current context.
A prediction based on high-level contexts is therefore more likely applied on erroneous
information than a prediction based on low-level contexts. This does not only affect the
instantaneous prediction accuracy but may also affect the long-term prediction accuracy.
Since the process π that is responsible for the creation of the context evolution might
change, the context prediction method should implement a constant learning procedure in
order to adapt to these changes. The learning procedure is based on the observed contexts
which is more likely to be erroneous in the high-level case. Hence, a constant learning
procedure will be misled by this erroneous information. The long-term accuracy of highlevel context prediction will consequently decrease. A more detailed investigation on this
problem can be found in section ??.
Discussion
We have argued that the accuracy of context prediction architectures is influenced by
the context prediction scheme utilised. The aspects we discussed all indicate benefits of
low-level context prediction schemes above high-level context prediction schemes.
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4 Results and studies on context
prediction
But who wants to be foretold the weather? It is
bad enough when it comes without our having the
misery of knowing about it beforehand.
(Jerome K. Jerome, Three men in a boat, Chapter 5 [72])

Context prediction constitutes a capability that enables novel device and application
behaviour in a multitude of application fields. However, the greatest hindrance to a broad
utilisation of context prediction in everyday life is a property that is inherent to the nature
of context prediction itself. A prediction, regardless how elaborate, is always a guess.
Therefore, when considering context prediction, one has to expect erroneous predictions
and cope with them accordingly.
We study issues on the accuracy of context prediction in this section. Although the
reader should already feel familiar with our notion of accuracy, we would like to attract
attention on an interesting property of accuracy that might not be intuitive from the start.
An inaccurate prediction is not implicitly an incorrect prediction. On the contrary, an
inaccurate prediction may be perfectly correct. As an example consider a prediction that
was made in the year 1949:
Popular Mechanics, 1949:
“Computers in the future may weigh no more than 1.5 tons.”
This can be considered as a prediction. Furthermore, the prediction is correct. However,
from today’s perspective we are not quite satisfied with the prediction. This is because the
accuracy of the prediction is low. First of all, the term ’computers’ is imprecise. Certainly,
there are very large computers or clusters of computers that operate in collaboration and
that are even heavier than 1.5 tons, but when we think of computers we are first let to think
of an analogue to our desktop machine at home. Considering the latter kind of computers,
we can surely say that it weighs far less than even 1 ton. Moreover, the time future is too
inaccurate to be really useful. There are a lot of yet unaccomplished challenges that are
totally reasonable at one point in the future. Consider, for example, large-scale quantum
computers. When the time of occurrence is too imprecise, predictions cease to be useful.
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4.1 High-level and low-level context prediction accuracy
In this section we consider the accuracy of two context prediction schemes. The accuracy
is given by the amount of inaccurate context elements in the whole sequence of predicted
context elements. We consider a predicted context element as inaccurate, if it differs from
the actually observed context elements (cf. section 3.1.4).
We focus exclusively on the context prediction accuracy. Accuracy altering operations
that are applied before or after the context prediction are omitted. This includes all horizontal processing operations that are applied on raw context data as well as all vertical and
horizontal processing operations that are applied on predicted high-level context elements.
We distinguish between two context prediction schemes. These are the context prediction
based on high-level context elements and context prediction based on low-level context
elements. Both context prediction schemes are illustrated in figure 4.1.
The prediction accuracy may be decreased when prediction is based on high-level context
elements. This is due to the different sequence in which the context prediction and context
interpretation steps are applied (cf. section 3.1.5). In the following sections we consider the
context prediction accuracy of high-level and low-level context prediction schemes. We first
analytically study the prediction accuracy and afterwards provide simulations on synthetic
and real data sets that support the obtained insights.

4.1.1 Analytical discussion on the impact of processing errors
Several reasons may account for a differing accuracy between the high-level and low-level
context prediction schemes. Serious influences on the context prediction accuracy originate
from a different error probability of the input data and a disparate context abstraction level.
In the following sections we discuss the impact of the order of the applied processing steps
and the impact of higher context abstraction levels on the context prediction accuracy.
For the analytical discussion of the context prediction accuracy we take several assumptions on the context elements and on the prediction process that are stated in the following.
Measurements are represented as distinct samples: A sensor measurement
represents a probable assumption on the actual value of a measured quantity and can
therefore be seen as a probability distribution that is centred around the measured value.
An alternative approach is to represent this probability distribution with the actual measurement since it constitutes the most probable value. In our discussion we take the latter
approach.
Raw context data is already processed: As stated in section 2.2.4, raw context
data might have undergone various horizontal processing operations so that it is in general
not synonymous to distinct output values of context sources. We assume that the number
is constant for all time intervals considered.
Context acquisition preserves dimensionality: Context acquisition is applied
to obtain low-level context from raw context data. We assume that context acquisition is
an m to m operation. For every single raw data value, a separate context acquisition step
is applied that computes exactly one low-level context. Consequently, the number of past
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Figure 4.1: Low-level and high-level context prediction schemes.

and present low-level contexts considered is identical with the number of past and present
raw context data.
Context interpretation relaxes dimensionality: Context interpretation is applied to obtain high-level contexts from low-level contexts. Interpretation is applied in one
time interval. Context interpretation is not applied overlapping or combining time intervals. However, context interpretation might alter the number of contexts considered, so
that the high-level context time series dimension differs from the corresponding low-level
context time series dimension.
Context prediction preserves dimensionality: Context prediction is applied on
high-level or low-level context time series and preserves time series dimension. We model
a q-dimensional time series prediction by a q-fold one-dimensional prediction.
Error probability known and constant: For every processing operation, namely
acquisition, interpretation or prediction, we assume that the probability, to apply the
operation without error, is known. Furthermore, we assume that the probability for each
processing step is constant for each application of the operation and that the probabilities
for the distinct operations are independent from each other.
Processing operations are identical:
In order to preserve comparability, we
assume that acquisition, interpretation and prediction operations utilised for high-level
and low-level context prediction schemes are identical regardless of the prediction scheme
utilised. If any of these operations is composed of several sub-operations, we assume that
these sub-operations are applied in the same order for both context prediction schemes.
As a consequence, the dimension of the time series elements is constant in one context
abstraction level.
Number of context values is fixed:
We assume that the number of possible
context values is constant among context types of one context abstraction level. This is a
simplifying assumption that is necessary in order to provide a general, scenario independent
discussion.
Uniform probability distribution: For errors that occur in the interpretation or
prediction steps we assume an independent and identical distribution. Hence, if an error
occurs, any possible error has the same probability.
Depending on the scenario in which the context prediction methods are applied, also
other probability distributions are possible. However, since we aim to provide general, not
environment-dependent results, we assume that all errors occur with equal probability.
Interdependency between context sources: Interdependencies between context
sources are not directly modelled in the following discussion. Observe, however, that this
poses no limitation to generality of the model since an existing interdependency can already
be resolved in the definition of a context source. The temperature and pressure of an entity,
for example, impacts its volume. A function of temperature and pressure might describe
this impact. We assume that all such interdependencies are resolved by the consideration
of appropriate functions in the computation of raw data of a context source.
No mixed-abstraction level prediction: We restrict the context prediction algorithm to utilise contexts of one context abstraction level only. In practise, the joint
utilisation of various context abstraction levels is also feasible. Since we, however, aim to
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provide results on the benefits of distinct context abstraction levels, the consideration of
multiple abstraction levels in one prediction is not convenient in our case.
Parameters utilised in the discussion: The high-level and low-level context prediction process differs in the order in which the context processing steps are applied. Figure
4.1 schematically illustrates this property. For high-level context prediction the context
interpretation step is followed by the context prediction step, while for low-level context
prediction the context prediction step is applied in advance of the context interpretation
step.
For the following discussion, assume i, k, m, o ∈ N\0 . In the context prediction process,
several sources of error may be identified. These are the context acquisition step, the
context interpretation step and the context prediction step. The probabilities that no
error occurs in any of these context processing steps are
Pacq The probability that no error occurs in the context acquisition step.
Pint The probability that no error occurs in the context interpretation step.
Ppre The probability that no error occurs in the context prediction step. Ppre (i) expresses
the probability that no error occurs in the prediction of the i-th context.
We assume that the context prediction method bases its calculation on k context elements
from the context history, regardless of the type of the context elements input into the algorithm (high-level or low-level). Assume that each element in the low-level context history
is composed of m low-level contexts and that each element in the high-level context history
is composed of o high-level contexts. In each context processing step, context elements are
expected as input and are also provided as output in an aggregated or interpreted form.
We define an error in one of these context processing steps as an incorrect interpretation,
prediction or aggregation of context elements. An error is therefore an incorrect context element received after one of the mentioned steps has been applied. This includes erroneous
context types, as well as erroneous values of one context type. In the context interpretation
step, for instance, if the correct interpretation of the i-th context at time j is ’context A of
value 10.0’, possible incorrect interpretations are ’context B of value 10.0’ but also ’context
A of value 8.5’.
We assume that for vl , vh ∈ N a low-level context may have one of vl different values
while a high-level context may take one of vh different values. The number of different
configurations for a context time series element of the context history at one interval in
time is therefore vlm in case of a low-level context time series and vho in case of a high-level
context time series.
To show the difference in accuracy, we derive the probability that an arbitrary predicted
time interval is accurate for low-level and high-level context prediction schemes.
This discussion may then be generalised from single arbitrary predicted time intervals
to whole predicted time series.
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High-level context prediction
For high-level context prediction, the context acquisition step is the first processing step
applied to the sampled contexts in form of raw data. For all k time series elements in the
context history, every one of the m raw data values is transformed to low-level contexts in
the context acquisition layer of a context prediction architecture. Since Pacq describes the
probability that no error occurs in one of these context acquisition steps, the probability
km
that no error occurs in any of the k · m context acquisition steps is Pacq
consequently.
In the context interpretation layer, the m low-level contexts of every one of the k context
time series elements in the low-level context history are interpreted to o high-level contexts
that constitute a time series element of the high-level context time series. Altogether, k · o
context interpretation steps are applied in the interpretation layer. Since Pint describes the
probability that no error occurs in one of these interpretation steps, the probability that no
ko
error occurs in the whole context interpretation process is consequently Pint
. Finally, Ppre (i)
describes the probability that the prediction of the i-th context is without error. Since the
i-th time series element consists of o context elements (o context elements share the same
o
timestamp), Ppre
(i) is the probability that no error occurs in the context prediction step.
Together, with probability
km ko o
Phlapprox = Pacq
Pint Ppre (i)
(4.1)
no error occurs in any of the context processing steps utilised for the prediction of one
specific high-level time series element. In this calculation we did not take into account
that an error in the context interpretation step might correct an error that occurred in
the context acquisition step, or that a context prediction error has a correcting influence
int
on erroneous high-level contexts. The probability Pcor
that an error which occurs in the
context acquisition step is corrected by an error that occurs in the context interpretation
step is
1
int
m
o
.
(4.2)
Pcor
= (1 − Pacq
)(1 − Pint
) o
vh − 1
m
is the probability that an error occurs in one of the m context
In this formula, 1 − Pacq
o
acquisition steps that are related to one context time series element and 1 − Pint
describes
the probability that an error occurs in one of the o context interpretation steps. However,
in this case, no arbitrary error is required but the one interpretation error that leads to
the correct high-level context. Since vh high-level contexts are possible for every one of
the o high-level contexts in one time series element, the number of possible high-level time
series elements is vho . Consequently, the number of possible errors is vho − 1 since one
element represents the correct interpretation that is without error. With probability vo1−1
h
the required specific error required for a correction is observed out of all vho − 1 equally
probable interpretation errors.
We now consider the probable correcting influence of the context prediction error. Since
we have assumed that every one of the vho − 1 incorrect time series elements is equally
probable for any incorrectly predicted position i in a predicted time series, the probability,
that the correct time series element at position i is predicted from an erroneous context
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history is vo1−1 . Altogether, the probability Phl (i) that time series element i is accurately
h
predicted if the prediction is based on the high-level context time series is therefore

m
o
int k o
Pacq
Pint
+ Pcor
Ppre (i)
o

  1 − Ppre
(i)
m
o
int k
+ 1 − Pacq
Pint
+ Pcor
.
o
vh − 1

Phl (i) =

(4.3)

Note that we consider interpretation and acquisition errors separately for every one time
m
o
int
series element. This is expressed by the exponent k which affects the term Pacq
Pint
+ Pcor
as a whole.
In analogy to this discussion, we receive the probability that a predicted high-level time
series T of length |T | = n contains no inaccurate context time series element as

m
o
int k o
Pacq
Pint
+ Pcor
Ppre



  1 − Ppre o
m
o
int k
+ 1 − Pacq Pint + Pcor
.
vhn − 1

Phl =

(4.4)

In this formula, Ppre depicts the probability that a one-dimensional time series of length n
o
is correctly predicted. Since the dimension of the predicted time series is o, Ppre
describes
o

pre
depicts
the probability that this o-dimensional time series is error free. The term 1−P
n −1
vh
the probability that an error in the interpreted time series that occurs with probability

 
m
o
int k
(4.5)
1 − Pacq
Pint
+ Pcor
is corrected in the prediction step. Again the prediction errors are considered separately
for every dimension of the high-level context time series, since the exponent o affects the
pre
term 1−P
as a whole.
v n −1
h

Low-level context prediction
For low-level context prediction, the context prediction step is applied in advance of the
km m
o
context interpretation step. Consequently, with probability Pllapprox = Pacq
Ppre (i)Pint
the
km m
ol
prediction of the i-th time series element is accurate and with probability Pacq Ppre Pint
the prediction of the complete time series is without any inaccurate context time series
element.
Similar to the discussion above, for a prediction based on low-level context elements, with
k
probability (1 − Pacq
), an error occurs in one of the k context acquisition steps associated
with a singular context source. With probability (1−Ppre (i)) an error occurs in the context
prediction step associated with one of the m dimensions of the low-level context time series.
With Probability
1
pre
k
Pcor
= (1 − Pacq
)(1 − Ppre (i))
(4.6)
vl − 1
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an error that occurred in the context acquisition step of one specific context source is
corrected by one of the vl − 1 possible errors in the context prediction step of time series
element i. With probability

k
pre m o
Pacq
Ppre (i) + Pcor
Pint
(4.7)
the predicted low-level context element i is correct, even though an error may have occurred
in the context acquisition and context prediction part, while no error occurred in the
interpretation step. If we also consider errors in the context interpretation step, we obtain
the probability Pll (i) that time series element i is accurately predicted as

k
pre m o
Pll (i) = Pacq
Ppre (i) + Pcor
Pint
(4.8)
o
 
k
pre m 1 − Pint
+ 1 − Pacq
Ppre (i) + Pcor
.
vho − 1
When considering the whole predicted time series T of length |T | = n instead of single
time series elements, the probability that the prediction is without any inaccurate context
time series element is

m

1
k
k
o
Pll =
Pacq Ppre + 1 − Pacq (1 − Ppre ) n
Pint
(4.9)
vl − 1


m 

1
k
k
+
1 − Pacq Ppre + 1 − Pacq (1 − Ppre ) n
vl − 1
n

o
1 − Pint
.
·
vho − 1
Discussion
Having derived the context prediction accuracies for low-level and high-level context prediction schemes, we now discuss the impact of the context abstraction level on the context
prediction accuracy. We explore this impact by a comparison of Pll (i) and Phl (i). These
probabilities describe the case that one single high-level context element is predicted. It is
clear that all findings that hold for Pll (i) and Phl (i) can be generalised to predicted context
sequences of greater length. However, the formulae Pll (i) and Phl (i) are hard to grasp due
to the multitude of variables involved that reappear in various parts of the terms. However,
for two basic trends these formulae can be approximated by the simplified terms
km m
o
Ppre (i)Pint
Pllapprox (i) = Pacq

Phlapprox (i)

km o
ko
= Pacq
Ppre (i)Pint
.

(4.10)
(4.11)

In these formulae, the possibility to accidentally correct errors by a further error is not
considered. This approximation is feasible for the following reasons. On the one hand,
for Pacq → 1, Pint → 1 and Ppre (i) → 1, the terms that describe the probabilities that
errors are corrected by other errors are cancelled out. However, in this case the differences
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(a)

Pll (i)
approx
Pll
(i)

(b)

Phl (i)
approx
Phl
(i)

Figure 4.2: Comparison of approximated to exact probability of prediction errors for k =
m = o = 5 and Pacq = 0.99, Pint = Ppre (i) = 0.9.
between high-level and low-level context prediction are only minor. We assume that this
case is rather unrealistic as it implies that all error probabilities approach zero.
Another trend that leads to the same simplified terms is dependent on vl and vh . For
vl → ∞ and vh → ∞ the high-level and low-level prediction accuracies can be approximated
Phl (i)
Pll (i)
and P approx
respectively for k =
by Pllapprox (i) and Phlapprox (i). Figure 4.2 shows P approx
(i)
(i)
ll
hl
m = o = 5, Pacq = 0.99, Ppre (i) = 0.9, Pint = 0.9.
These parameters are chosen to represent settings in typical scenarios. But of course,
these results can not be generalised to all parameter settings.
From figure 4.2 we see that for sufficiently large numbers of high-level or low-level context
values vl and vh the approximation functions sufficiently describe Pll (i) and Phl (i).
In typical scenarios, the number of values a high-level or low-level context may take is
easily above 10 or 20. This is especially true for low-level context values. Consider, for
example, a temperature sensor. The sensor readings might, for instance, be mapped to
integer values in the range [0, 30], which corresponds to the case that 30 distinct low-level
context values are possible for this one context type.
For high-level contexts, these values might be mapped to values as, for example, ’cold’
or ’warm’. However, in ambiguous scenarios, also in the high-level domain, further context
values become necessary. Examples are room temperature, sleeping-temperature, outdoortemperature-summer, outdoor-temperature-winter as well as distinctions between various
rooms since people typically have different temperature-preferences for bathroom, livingroom or kitchen.
Summarising we can say that the number of values possible for vl and vh in realistic
scenarios are typically quite large.
For sufficiently large values of vl and vh , observations made for Pllapprox (i) and Phlapprox (i)
are therefore also valid for Pll (i) and Phl (i). We therefore first discuss Pllapprox (i) and
Phlapprox (i) before considering the more exact formulae Pll (i) and Phl (i). First of all, we
observe that the influence of acquisition errors is equal for high-level and low-level context
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km
prediction schemes, since the factor Pacq
appears in both formulae.
The fraction of these probabilities yields

Phlapprox (i)
k
o−m
= Pint
Ppre
(i).
approx
(i)
Pll

(4.12)

Clearly, this term is smaller than 1 for all configurations other than Pint = Ppre (i) = 1.
Consequently, for sufficiently large values of vl and vh , context prediction based on low-level
context elements is superior to context prediction based on high-level context elements.
Regarding the exact probabilities Phl (i) and Pll (i) we summarise the results in the following. A detailed discussion is provided in [73].
We illustrate the predominance of the low-level context prediction scheme above the
high-level context prediction scheme by dividing the low-level probability Pll (i) by the
high-level probability Phl (i): PPhlll (i)
. For Pacq = 0.999, k = vl = vh = m = o = 5 the result
(i)
of this fraction is depicted in figure 4.3 for several values of Ppre (i) and Pint . In these
figures at all points below 1.0 the high-level context prediction scheme is superior, while at
all points above 1.0 the low-level context prediction scheme performs better. In order to
obtain an impression for how many configurations the low-level context prediction scheme
is superior to the high-level context prediction scheme, we display this fraction only for
≤ 1, which results in all points at which the high-level context prediction scheme
0 < PPhlll (i)
(i)
is not inferior.
These points are depicted in figure 4.4 for arbitrary values of Pint and Ppre (i) and k =
vl = vh = m = o ∈ [5, 20, 40]. We observe that low-level context prediction has the lower
probability of error for all but low values of Ppre (i). The number of points where the lowlevel context prediction is superior to the high-level context prediction increases for higher
values of vh , k, vl , m and o.
Observe that the high-level context prediction scheme is only superior for values of
Ppre (i) that are below 0.25. We argue that these low values for the prediction process are
not acceptable for any utilisation of context prediction in real world scenarios.
Summarising, for increasing number of raw data values that are utilised for the prediction schemes, the fraction of interpretation probability to prediction probability becomes
more important. As a rule of thumb, high-level context prediction schemes increase in predominance when the fraction PPpreint(i) increases. However, for all other parameters studied,
the low-level context prediction scheme is predominant.
We have observed therefore that the high-level context prediction scheme has the higher
probability to compute inaccurate context predictions even for environments where the
context time series dimensionality as well as the context history size are small. With
increasing size of the environment or scenario where the prediction scheme is applied, this
property intensifies for nearly all relevant parameters.
Further advantages of the high-level context prediction scheme could only be observed
for significantly low values of Pint or Ppre (i) that are not feasible in realistic scenarios since
the probability of error is far above 21 .
The number of high-level and low-level context types have no significant impact on both
context prediction schemes.
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(a)

Pll (i)
Phl (i)

in the range of 0 to 100.

(b)

Pll (i)
Phl (i)

in the range of 0 to 2.

Figure 4.3: Comparison of the low-level and high-level context prediction schemes.

(a) vh , k, vl , m, o = 5, Pacq = (b) vh , k, vl , m, o = 5, Pacq =
0.999.
0.95.

(c) vh , k, vl , m, o = 5, Pacq = 0.9.

Figure 4.4: Regions in the probability space where the high-level context prediction scheme
outperforms the low-level context prediction scheme.
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Generally, the context prediction accuracy is highly connected to the context acquisition
accuracy. The impact of Pacq is higher than the impact of Pint and Ppre (i) together.
Consequently, the main attention of the application designer should focus the context
acquisition procedure. Furthermore, designers of context prediction architectures have to
consider the ratio of prediction to interpretation accuracy, as well as the dimension of the
context history in order to achieve a system with maximum accuracy. The number of
context types available, however, has minor influence on the context prediction accuracy.
Probability estimation for specific scenarios For the obtained results to hold, several
assumptions have to be taken beforehand. As we have stated above, some of the assumptions that have been made in order to provide a most comprehensive general discussion
might not apply to specific application scenarios.
Of particular significance, the fixed number of context values for context types of one
data abstraction level and the fixed probability for every application of one processing step,
as well as the uniform distribution of errors, might differ in distinct application scenarios.
However, the formulae developed might provide a decent starting point for the analysis
of specific application scenarios.
In scenarios where the number of values for contexts of one context abstraction level
is not constant, additional variables vh (µ) and vl (ν) have to be introduced to cover all
possible values.
The same is generally true for differing probabilities for every application of a processing
step. In case of other error distributions, the model of the uniform distribution in the
formula has to be exchanged by alternative probability distributions.
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5 Basics on probability theory
The methods dicussed in later chapters require some basic knowledge on the notion of
mathematical probability. We can differentiate between probability spaces with finite or
infinite number of events. For this lecture it suffices to consider only probability spaces
with finite events. In context awareness we heavily rely on sets of measured data values.
many context prediction approaches utilise knowledge on the frequency of occurence of
distinct samples in order to obtain an estimation on the occurence probability of these
events. given such probabilities an estimation on the probable continuation of a given time
series is possible. This section is designated to provide these basics on probability theory.
Some of the examples and illustrative explanations are lend from [74, 62].

5.1 Discussion
Historically, probability theory was disigned to describe phenomena observed in games of
chance, that could not be described by classical mathematical theory. A simple example
is the description of the outcome of a coin-tossing.
Today we find probability in many aspects of everyday life. An omnipresent example is
the weather forecast. What we can learn from it is typically not that it will definitely rain
or not, but that a certain probability of rain was derived from distinct measurements at
various places all over the world and over a considerable amount of time. Although this
information provides no guarantee that it will actually rain or not, we have developed an
intuitive understanding of probability so that the information is useful to us although it
inherits the chance to be incorrect. Other examples are insurance, where probability is
used to calculate the probability of ruin or lottery. The latter example is fascinating as
people regularly ignore the infinitisimal probability to win a considerable amount of money.
A further instance where we regularly stumble across probability are quiz shows on TV.
Consider, for instance, the following setting (see figure 5.1). A quiz master confronts a
candidate with three doors A, B and C and explains that behind one of these the candidate
will find (and win) a treasure while the candidate will win nothing if he opens one of the
other doors. The candidate then decides for one of these doors, but before it is opened,
the quiz master opens one of the remaining two doors and proves that this door does not
cover the treasure. The candidate is now given the opportunity to rethink his decision and
vote for the closed door he didn’t vote for initially.
What should the candidate do in order to maximise the probability to win the treasure?
We can show that it is better to alter the initial choice since the remaining closed door
containes the treasure with probability 23 .
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Figure 5.1: Which door hides the treasure?

Exercise 5.1.1 :
Explain why the probability that the treasure is covered behind the remaining
closed door is 23 .

5.2 Preliminaries
In order to calculate with probabilities we have to define an idealised model. We generally
assume that probabilities can be verified by conceptual experiments. This means that the
probability for an event represents the quotient of the number of occurences of this event to
the number of repetitions of the experiment when the experiment is repreated very often.
An event with probability 0.4 should be expected to occur fourty times out of one hundred
in the long run. A typical, often quoted example is the tossing of a coin. We expect as
an outcome of the experiment one of the two events head or tail with equal probability 21 .
Note that this assumption is idealised in that we assume a ’fair’ coin and disregard some
possible but unlikely events like the case that the coin will fall on neither side but, for
example, might roll away or stand on its edge.
We have already introduced some typical notation. The results of experiments or observations are called events. Events are sets of sample points. We denote events by capital
letters. The fact that a sample point x is contained in event E is denoted by x ∈ E. We
write E1 = E2 when no point x ∈ E1 ∧ x 6∈ E2 or x ∈ E2 ∧ x 6∈ E1 exists. The sample space
of an experiment is the set of all posible events. The sample space for the experiment of
tossing a coin two times is head-head, head-tail, tail-head, tail-tail.
The following examples shall illustrate these concepts
Example 5.2.1 :
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Consider the following experiment: Three distinct balls (a,b,c) are to be placed
in three distinct bins. The following illustration depicts all possible outcomes
of this experiment that together form the sample space
Event
Bin
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abc
abc
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However, the sample space is altered when the conditions of the experiment are
altered. Suppose that the three balles are not distinguishable. Consequently the
following sample space belongs to this experiment.
Event
Bin
1
2
3
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When we also consider indistinguishable bins, the sample space becomes
Event
Bin
1
2
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*
*
*

5.3 Relation between events
We assume an arbitrary but fixed sample space for the remainder of this lecture. The
following definitions are essential for our notion of events.
Definition 5.3.1 : Impossible event
With χ = {} we denote the fact that event χ contains no sample points. It is
impossible to observe event χ as an outcome of the experiment.
For every event χ there is an event ¬χ that is defined as ’χ does not occur’.
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Definition 5.3.2 : Negation of events
The event consisting of all sample points x with x 6∈ χ is the complementary
event (or negation) of χ and is denoted by ¬χ.
For two events χ1 and χ2 we can also denote new events by the conditions that ’both χ1
and χ2 occur’ or that ’either χ1 or χ2 occur’. These events are denoted by χ1 ∩ χ2 and
χ1 ∪ χ2 resprectively. These events are defined by
χ1 ∩ χ2 = {x|x ∈ χ1 ∧ x ∈ χ2 }

(5.1)

χ1 ∪ χ2 = {x|x ∈ χ1 ∨ x ∈ χ2 }

(5.2)

and
and can be generalised to arbitrary many events. When the events χ1 and χ2 have no
sample point x in common, the event χ1 ∩ χ2 is impossible: χ1 ∩ χ2 = {}. We say that the
events χ1 and χ2 are mutually exclusive.

5.4 Basic definitions and rules
Given a sample space Π and sample points xi ∈ Π, we denote the probability that xi is
observed by P (xi ) with P : Π → [0..1] and P (x1 ) + P x2 + · · · = 1.
Definition 5.4.3 : Probability of events
Given a sample space Π and an event χ ∈ Π, the occurence probabiltiy P (χ) of
event χ is the sum probability of all sample points from χ:
X
P (x).
(5.3)
P (χ) =
x∈χ

Since all probabilities of the sample space sum up to 1 it follows that
0 ≤ P (χ) ≤ 1

(5.4)

for any event χ.
Consider two arbitrary events χ1 and χ2 . In order to compute the probability P (χ1 ∪ χ2 )
that either χ1 or χ2 or both occur we add the occurence probabilities that a sample point
either in χ1 or in χ2 is observed.
P (χ1 ∪ χ2 ) ≤ P (χ1 ) + P (χ2 )

(5.5)

The ’≤’-relation is correct since sample points might be contained in both events. We
therefore obtain the exact probability by
P (χ1 ∪ χ2 ) = P (χ1 ) + P (χ2 ) − P (χ1 ∩ χ2 ).
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(5.6)

Example 5.4.2 :
We toss a coin twice so that the sample space contains the four sample points
head-head, head-tail, tail-head and tail-tail that are associated with probability
1
each. Consider the two events χ1 – head occurs first – and χ2 – tail occurs
4
second. χ1 then contains head-head and head-tail while χ2 contains head-tail
and tail-tail. Consequently, χ1 ∪ χ2 consists of the sample points head-head,
head-tail, tail-tail while χ1 ∩ χ2 consists of the single sample point head-tail.
We therefore obtain the probability that either χ1 or χ2 occurs as
P (χ1 ∪ χ2 ) =

1 1 1
+ − .
2 2 4

(5.7)

This can be generalised to higher event counts. For arbitrary events χ1 , χ2 , . . . this is
expressed by the inequality
P (χ1 ∪ χ2 ∪ . . . ) ≤ P (χ1 ) + P (χ1 ) + . . . .

(5.8)

In the special case that all events χ1 , χ2 , . . . are mutually exclusive, we obtain
P (χ1 ∪ χ2 ∪ . . . ) = P (χ1 ) + P (χ1 ) + . . .

(5.9)

since P (χi ) ∩ P (χj ) = {} for any two mutually exclusive events χi and χj .
In some cases we are interested in the probability that a specific event occurs in the
presence of another event. This can be expressed by the conditional probability.
Definition 5.4.4 : Conditional probability
The conditional probability of two events χ1 and χ2 with P (χ2 ) > 0 is denoted
by P (χ1 |χ2 ) and is calculated by
P (χ1 ∩ χ2 )
P (χ2 )

(5.10)

P (χ1 |χ2 ) describes the probability that event χ2 occurs in the presence of event χ2 (read:
The probability of χ1 given χ2 ). With rewriting and some simple algebra we obtain the
bayes rule that states
P (χ2 |χ1 ) · P (χ1 )
P (χ1 |χ2 ) = P
.
(5.11)
i P (χ2 |χi ) · P (χi )
This equation is useful in many statistical applications. Note that the denominator is
summed over the probability for all possible events. This means that everything on the
right hand side of the equation is conditioned on the events χi . When we say that χi
is the important variable, the shape of the distribution P (χ1 |χ2 ) depends on the numerator P (χ2 |χ1 ) · P (χ1 ) with the denumerator as a normalising factor that ensures that
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the P (χ1 |χ2 ) sum to 1. The Bayes rule is therefore interpreted that it inverts P (χ1 |χ2 )
to P (χ2 |χ1 ). This is useful when it is easy to calculate P (χ2 |χ1 ) but not to calculate
P (χ1 |χ2 ). With Bayes rule it is then easy to calculate P (χ1 |χ2 ) provided that we know
P (χ2 |χ1 ) and P (χ1 ).
Definition 5.4.5 : Independence
A collection of events χi that form the sample space Π is independent if for all
subsets S ⊆ Π
!
\
Y
P
χi =
P (χi ).
(5.12)
χi ∈S

χi ∈S

Statistical independence is required for many useful results in probability theory. This
means, on the other hand, that we have to be careful to apply such results not in cases
where independence between sample points is not provided.
Definition 5.4.6 : Expectation
The expectation of an event χ is defined as
X
E[χ] =
x · P (χ = x)

(5.13)

x∈R

Although intuitively, the expectation of an event represents the expected outcome of the
event, the expectation is not necessary equal to one of the possible sample points.
Consider, for instance, the event χ of throwing a dice. The Sample space is given by
Sχ = {1, 2, 3, 4, 5, 6}. However, the expectation of this event is
E[χ] =

1
· (1 + 2 + 3 + 4 + 5 + 6) = 3.5.
6

(5.14)

It is also possible to perform calculations with expectations of events.
Definition 5.4.7 : Linearity of expectation
For any two random variables χ1 and χ2 ,
E[χ1 + χ2 ] = E[χ1 ] + E[χ2 ].

(5.15)

For an independent random variables χ1 and χ2 ,
E[χ1 · χ2 ] = E[χ1 ] · E[χ2 ].

Definition 5.4.8 : Variance
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(5.16)

The variance of a random variable χ is defined as
var[χ] = E[(χ − E[χ])2 ].

(5.17)

For any random variable χ
var[χ] = E[χ2 ] − E[χ]2

(5.18)

For any independent random variables χ1 and χ2
var[χ1 + χ2 ] = var[χ1 ] + var[χ2 ].

(5.19)

For any random variable χ and any c ∈ R,
var[cχ] = c2 var[χ].

(5.20)
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6 Context prediction algorithms
To me, the primary motivation behind the information appliance is clear: simplicity. Design the
tool to fit the task so well that the tool becomes a
part of the task, feeling like a natural extension of
the person. This is the essence to the information
appliance
(Donald A. Norman: The Invisible Computer [75])

Since context prediction in UbiComp environments covers such a huge field of applications and environmental settings, it seems unfeasible to provide a general all-purpose
approach that fits all possible requirements best. Depending on the scenario and the
prediction aim at hand, researchers therefore apply domain specific approaches.
Consequently, the prediction task in context-aware and ubiquitous computing is accomplished by various algorithms. We study several algorithms that have been proposed for
context prediction tasks for their capability to fulfil requirements that we believe are typical
in many context prediction scenarios.
Naturally, requirements for context prediction algorithms are a high prediction accuracy
with high prediction horizons at the same time. Furthermore, to be suitable for mobile
environments, processing and memory requirements have to be low. Additionally, a reasonable error tolerance for the input data is desirable. These are some of the most obvious
requirements for context prediction algorithms in mobile ubiquitous environments that are
discussed in section 6.1 in more detail. Since several of these requirements run counter to
others, we expect context prediction algorithms to perform well in some disciplines, while
in others they are outperformed by competing prediction algorithms.

6.1 Aspects of context prediction algorithms
This section discusses several aspects of context prediction algorithms. This list of aspects is definitely not complete but rather summarises the features of context prediction
algorithms that we believe are most crucial in ubiquitous computing scenarios.
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6.1.1 Prediction accuracy
The problem of context prediction is essentially an optimisation problem. The search
space is composed of all time series that can possibly be predicted. The context prediction
algorithm has then to find the time series in the search space that will actually be observed
in the future. If prediction errors occur, they are to be minimised.
Probably the two most basic features that constitute a good context prediction algorithm
are a low error probability combined with a high prediction horizon. We are interested
in algorithms that routinely compute the predicted time series with high accuracy in the
prediction and that maximise the prediction horizon at the same time.
The speed with which the prediction accuracy decreases with increasing prediction horizon might further matter for the comparison of context prediction algorithms. The basic
question is, how many future contexts can be predicted by the algorithm and, even more
important, how fast does the prediction accuracy decrease with an increasing prediction
horizon.

6.1.2 Adaptability
Another aspect is the adaptability or learning time of the algorithm to new or changing
environments. New user habits or a changed context evolution process might inflict changes
to the observed context patterns. We generally assume that these typical patterns are of a
constantly changing nature. Consequently, old context patterns become outdated and new
typical context patterns are observed. In order to provide a maximally accurate prediction
accuracy it is crucial that the set of typical context patterns is up to date at all times.
Possible solutions to this challenge are flexible weights assigned to typical patterns or a
constant learning procedure. Lower weighted or less important context patterns can then
be removed from the set of typical context patterns.

6.1.3 Memory and processing load
We assume that mobile, personal devices are the main target platform for context prediction approaches. These devices are typically restricted in memory resources or processing
capabilities. The memory requirements for a context prediction method shall therefore be
as low as possible. Considering this aspect, a good context prediction approach is able
to achieve a fixed prediction accuracy with minimum memory requirements. Or stated
otherwise: which algorithm scores the best prediction accuracy with fixed memory usage
requirements. The same challenge does generally apply for the processing load.
An interesting approach to solve the memory and processing restrictions is the utilisation
of remote processing power or remote storage. We do not consider the possibility of external
storage or processing resources.
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6.1.4 Multi-dimensional time series
When several context sources are acquired by the context prediction algorithm, a prediction
for a multi-dimensional context time series is to be provided. Not all algorithms are
applicable to multi-dimensional time series naturally. However, by combining the context
time series elements of multi-dimensional context time series to a one-dimensional time
series of condensed, more expressive context time series elements, the observed time series
is trivially transformed to a one-dimensional context time series. Alternatively, various
one-dimensional context time series might be utilised instead of a single multi-dimensional
time series. An algorithm that is only applicable to one-dimensional time series might
then be applied multiple times to the distinct one-dimensional time series. However, with
this approach, interrelations between the distinct one-dimensional context time series that
might also provide valuable information for context processing can then not be considered
by the context processing algorithms.

6.1.5 Iterative prediction
For context prediction we are typically not only interested in one or the most recent future
context time series element, but in complete context time series of greater length. The
prediction of a complete future context time series in one step is not possible for various
prediction algorithms. These algorithms typically iterate the prediction process several
times with already predicted data.
The drawback of this procedure is that predicted context values are naturally of less
credibility than observed context values, since the iterated prediction is based on already
predicted context elements that are typically more error prone than observed context elements. Therefore, the time series data a prediction is based on becomes less reliable
the longer the prediction horizon becomes. We consequently expect that for an iterative
prediction process, the accuracy of context objects that are predicted further away in the
prediction horizon quickly diminishes.

6.1.6 Prediction of context durations
Various prediction algorithms might have different prediction capabilities. Some algorithms
are, for example, capable of predicting a context object accompanied with a probable time
stamp, while others are not capable of predicting time stamps. We are not only interested
in the typical contexts that will occur in the future but also in the order and occurrence
time or duration of the predicted contexts. We therefore consider the ability to predict
the occurrence or the time stamp of a given context as one crucial feature of a context
prediction algorithm.
For some algorithms that do not naturally support the prediction of time stamps together
with the predicted contexts, an alternative approach might be applied. When considering
the time samples also as context time series and composing a new context time series of
increased dimension that also includes the time, a timestamp for the predicted context
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elements is easily achieved, provided the algorithm is applicable to multi-dimensional and
possibly multi-type context time series data.

6.1.7 Relaxation of typical behaviour patterns
Context sequences that describe human behaviour patterns implicitly contain inaccurate
context elements. The capability to tolerate inaccurate measurements, or even unpredictable changes in time series data to some extent, is vital for a context prediction algorithm in order to achieve a high prediction accuracy. An unexpected call, for example,
might change the user context momentarily. After the completion of the call however, the
user might continue with the context pattern she initially started with. Of even greater significance, since context prediction in ubiquitous computing environments might be based
on behaviour patterns of humans instead of execution patterns of deterministic machines,
we must expect that even for repetitions of behaviour patterns, context durations gradually
change.
However, the likelihood of the prediction algorithm to deviate from exact matching patterns must not decrease the prediction accuracy. The algorithm has to identify important
contexts and context changes and has to abstract from less important ones.

6.1.8 Context data types
The number of context processing algorithms applicable to a context prediction scenario
varies depending on the context data types apparent in the scenario. However, the more
complex the data types in a scenario, the more ambiguous context prediction methods
might be applied. context of more complex data types contain additional information that
might be useful for the prediction task. Consider, for example, numerical contexts and
ordinal contexts. While all operation applicable to ordinal contexts are also applicable
to numerical contexts, the opposite is not true. Trends in context time series might, for
example, be observed for numerical context time series but not for ordinal context time
series.
Popular context prediction methods implicitly support nominal contexts but do not
profit from contexts that provide additional information. Although several algorithms are
applicable to hierarchical contexts, we do not know of any prediction algorithm that makes
use of the hierarchical property of contexts in a sense that the knowledge about these hierarchy improves the prediction accuracy (Even though this would constitute an intriguing
research question). Table 6.1 classifies the algorithms that are introduced in section 6.2
according to their ability to nominal, ordinal, hierarchical or numerical contexts. Since
numerical contexts summarise all different operations, this context type can be handled by
all algorithms proposed.
Furthermore, for multi-dimensional time series, the context data types of the different
dimensions might differ in one time series. In order to be applicable to arbitrary context
time series, a context prediction algorithm has to provide a prediction method that is
ignorant of the context data types.
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Algorithm
BN1
SVM2
KM3
MM4
NN5
NNS6
SOM8
PM9
AP10
ARMA
AR
MA
Kalman filters

Ordinal
contexts
+
+
+
+
(+)7
-

Nominal
contexts
+
+
+
(+)7
(+)7
+
(+)7
-

HierarchicalNumerical
contexts contexts
+
+
+
+
+
+
+
+
7
(+)
+
7
(+)
+
+
+
7
(+)
+
+
+
+
+

Table 6.1: Context data types applicable to various algorithms.
1

Bayesian Networks
Support Vector Machines
3
Kernel Machines
4
Markov Models
5
Neural Nets
6
Nearest Neighbour Search
7
Provided a suitable distance metric
8
Self Organising Map
9
Pattern Matching
10
Alignment prediction
2

73

6.1.9 Pre-processing of time series data
Some context prediction algorithms require patterns of typical contexts preparatory to
their prediction task. From these typical time series, these algorithms can identify similar
patterns in the observed time series. Typically, this pre-processing process constitutes
the most important part of the context prediction task. Appropriate pre-processing can
increase the prediction accuracy and also the prediction speed [76].
Typical context patterns have to be extracted from data samples of the observed context
time series. Characteristic parts of these time series are identified while the noise, ie
irrelevant contexts in the input data are removed. Algorithms for pre-processing time series
data are for instance introduced in [63, 51]. The pre-processed data of these algorithms can
be utilised for various context prediction methods. However, this pre-processing requires
additional processing power. Prediction methods that do not require any pre-processing
of input data might therefore be less computationally complex.

6.2 Context prediction methods
This section introduces several algorithms that are suitable for context prediction tasks.
For each algorithm presented, we describe the general idea and the way in which it might
be applied to context prediction tasks. In conclusion, we obtain strengths and weaknesses
of each algorithm.

6.2.1 Exact sequence matching approaches
In exact pattern or sequence matching approaches, a given sequence is filed for the exact
occurence of a sub-sequence. This approach can be easily extended to context prediction.
The basic idea is, that a sub-sequence might repeatedly occur in the observed data sequence. In this case, by recognising the beginning of the sub-sequence, we can conclude
on the continuation of the sequence in question. This approach is detailed in figure 6.1
However straightforward this approach is, it lacks in one determining point. When the
observed data is distorted by noise, we will seldom find exactly matching sub-sequences. In
ubiquitous computing environments, we typically expect noisy behaviour of the observed
data. Exact pattern matching is therefore only of minor relevance in these Szenarios. We
will, however, detail some example approaches in order to illistrate the scope of algorithmic
approaches to exact pattern matching in the following sections.
Prediction of rare events
In [70] the problem to predict the next command in a series of command line inputs to
a UNIX shell was considered. The authors observed, that recently issued commands had
the greatest impact on the follow-up command. Furthermore, it was shown, in previous
experiments that standard learning algorithms would ignore rare but possibly important
events in a time series
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Figure 6.1: Exact sequence matching
Consider, for example, the problem of predicting hardware failures in routing networks.
Typically, every packet is routed as expected and no error occurs. In some, very rare
cases, however, a hardware router in the network might collapse. This likely results in
packet losses, congestion on some routes, re-creation of routing tables and possibly even
a disconnected part of the network. Therefore, although this event is rare, it can be
classified as serious since the impact is critical. Simple extrapolation strategies or prediction
strategies that base thier prediction on the frequency of occurence are hardly capable to
detect such rare events in time series data.
In order to circumvent these drawbacks, nine requirements an optimal on-line learning
algorithm should fulfill have been proposed by the authors:
1. Have predictive accuracy at least as good as the bset known resource-unlimited methods
2. Operate incrementally (Modifying existing model rather than building a new one as
new data is optained)
3. Be affected by all events (remembering uncommmon, but useful, events regardless of
how much time has passed)
4. Do not necessarily retain a copy of all events observed
5. Output a list of predictions sorted by confidence
6. Adapt to changes to the target concept
7. Be fast enough for interactive use
8. Learn by passive observation
9. Apply even by absence of domain knowledge
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Figure 6.2: Operation principle of IPAM
The features listed here are very ambigious and the reader may easily gain the impression that an algorithm that fulfills these features really constitute an optimal prediction
approach. From the algorithms discussed in later sections none fulfills these requirements.
We can, however utilise this list in order to estimate the quality of a given prediction
approach.
IPAM The authors of [70] proposed IPAM (Incremental Probabilistic Action Modeling)
- an online learning algorithm that utilises the last few events issued in order to predict
the next event in a sequence of events. The operation of the algorithm is as follows. It is
supposed that all possible events are known to the algorithm designer in advance. While
observing a sequence of events a matrix of prediction probabilities for distinct events is
maintained. the colums contain all possible events, the rows are iteratively added and
modified as events occur. When the first event ci is observed, a new row is added for ci .
Each column in thsi row holds the probability that the corresponding event is observed
after ci was observed. The row is initialised with uniform probabilities n1 in case of n
possible events.
When the next event ci+1 is observed, a new row for ci+1 is added and initialised with
uniform probabilities. For the preceding row, however, every column is multiplied with
0 ≤ α ≤ 1 and column ci is increased by (1 − α). Intuitively, we have decreased the
probabilities of all columns by factor α and have then added the overall substracted fraction
to column ci so that all columns in the row again sum up to 1. Therefore, the probability
to predict that ci+1 is observed directly after ci is increased (since it was actually observed)
while all other probabilities were decreased. The probability to predict event sequences that
have not been observed for some time diminishes by this procedure. Figure 6.2 illustrates
the procedure.
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An example is given in figure 6.3. Observe that recent events have greater impact on
the prediction probability than events that have been observed before.
A prediction is obtained for a currently observed event by summing up all rows in the
matrix that correspond to this event. Columns represent respective probabilities for the
distinct events.
We will see in section 6.2.1 that this procedure is very similar to a Markov-prediction
approach in which the transition probabilities between states are impacted by the normalising factor of α. The Markov-assumption in this prediction procedure is that only
the previous state is utilised to predict the following state. In fact, the matrix creation
procedure might be utilised to calculate prediction probabilities for a Markov prediction
approach.
The factor α is to be obtained empirically and might differ for various application scenarios. It basically describes the impact of the recently observed events on the computed
occurence probabilities. With α = 0, the prediction will always predict the recently observed event while with α = 1 all events are equally probable.
ONISI The IPAM algorithm utilises the frequency of occurence of states for the calculation of prediction probabilities. This basic idea of IPAM can be found in various algorithms
for exact prediction of sequences that rely on the frequency of occurence of events.
An alternative approach is presented in [77]. The ON-line Implicit State Identification
algorithm (ONISI) searches in the sequence of observed states for the longest sub-sequence
that matches the end of the observed sequence. The idea behind this approach is that not
the occurence frequency is determining the occurence probability but the sequence length
preceding an event.
In the literature we might find also combination of these two approaches. However,
when the observed process is modified by a noise-term, exact matching approaches are not
feasible.
Markov processes
Markov processes are intensively studied and constitute a major branch in the theory of
stochastic processes. The foundations for this theory have been laid by A. A. Markov
(1856 – 1922). However, applications of this theory remained confined to games or linguistic problems. A. Kolmogorov extended this theory by chains of infinitely many states
and made it accessible to the broad public by his book ’Anfangsgründe der Theorie der
Markoffschen Ketten mit unendlich vielen möglichen Zuständen’ (1936) [78]. The theory of
Markov chains was then applied to a variety of algorithmic problems. Markov chains have
hereafter become a standard tool in many probabilistic applications. Due to an intuitive
graphical representation, it is possible to illustrate some properties of stochastic processes
graphically. Markov models are popular also for their simplicity and easy applicability to a
huge set of problems in various domains. A comprehensive description of Markov processes
can be found in [74].
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Possible Events: A,B,C
α = 0.8
Observed Sequence: A-A-B-A-C-· · ·
Step 1 – Input: A
A
B
C
A
0.3333 0.3333 0.3333
Default 0.3333 0.3333 0.3333
Prediction: A (0.3333), B (0.3333), C (0.3333)
Step 2 – Input: A
A
B
C
A
0.4667 0.2667 0, 2667
Default 0.4667 0.2667 0, 2667
Prediction: A (0.4667), B (0.2667), C (0.2667)
Step 3 – Input: B
A
B
C
A
0.3733 0.4133 0.2133
B
0.3333 0.3333 0.3333
Default 0.3733 0.4133 0, 2133
Prediction: A (0.3733), B (0.4133), C (0.2133)
Step 4 – Input: A
A
B
C
A
0.3733 0.4133 0.2133
B
0.4667 0.2667 0.2667
Default 0.4986 0.3306 0, 1706
Prediction: A (0.3733), B (0.4133), C (0.2133)
Step 5 – Input: C
A
B
C
A
0.2986 0.3306 0.3706
B
0.4667 0.2667 0.2667
C
0.3333 0.3333 0.3333
Default 0.3989 0.2645 0, 3706
Prediction: A (0.3989), B (0.2645), C (0.3706)
···
Figure 6.3: Example of the IPAM operation
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Introduction to Markov processes In section 5 we have discussed some basic facts about
probability theory. Most of the discussion concerned independent trials of events. We have
considered a set of possible outcomes of a measurement Ei that are associated with an
occurence probability pi each. When the occurence of events is independent, the probability to observe a specific sequence E1 , E2 , . . . , Ei of events is then obtained simply by
multiplying the distinct occurence probabilities:
P (E1 , E2 , . . . , Ei ) = p1 · p2 · · · · · pi .

(6.1)

In the theory of Markov chains, we consider dependency between events. In the most simple
case we assume that the occurence of a particular event is exclusively dependent on the
event that was observed directly beforehand. We call this the Markov condition or Markov
property. A Markov process that follows this condition is said to be of order 1. This can
also be generalised to higher order markov processes (e.g. order k), in which the outcome
of the next observation is dependent on the last few (e.g. k) concurrent observations.
The next event ist therefore no longer dependend on a fixed probability but we have for
each pair of events (Ei , Ej ) a conditional probability pij that the event Ej is observed when
the event Ei was observed in advance. Additionally, we require the probability pi that Ei
was actually observed beforehand. The probability that a sequence of events E1 , E2 , . . . , Ei
was observed is then
P (E1 , E2 , . . . , Ei ) = p1 · p12 · p23 · · · · · p(i−1)i .
P
Observe that we require pi > 0∀i and pi = 1.

(6.2)

Definition 6.2.1 : Markov chain
A sequence of observations E1 , E2 , . . . is called a Markov chain if the probabilities of sample sequences are defined by (6.2) and fixed conditional probabilities
pij that the event Ei is observed directly in advance of Ej .
We can completely describe a Markov chain by the probability p for the initial distribution
and a matrix P of transition probabilities.


p11 p12 p13 · · ·


(6.3)
P =  p21 p22 p23 · · · 
..
..
.. . .
.
.
.
.
P is a square matrix with non-negative entries that sum to 1 in each row. This kind of
matrix is called a stochastic matrix. Any stochastic matrix is suited to describe transition
probabilities of Markov chains.
A Markov chain is sometimes also modelled as a directed graph G = (V, E) with labelled
edges in E and with states (or vertices) in V . Transition probabilities pij between Ei , Ej ∈
V are represented by the labelling of the edge Ei Ej ∈ E. This is illustrated in figure 6.4
We can also calculate probabilities for a row of transitions. With pkij we denote the
probability that Ej is observed exactly k observations after Ei was observed. This is
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TODO
Figure 6.4: Illustration of a Markov chain in graph representation
calculated as the sum of the probabilities for all possible paths Ei Ei1 · · · Eik−1 Ej of length
k for this event. We already know
p1ij = pij
(6.4)
and consequently obtain
Pij2 =

X

piν · pνj

(6.5)

ν

By mathematical induction we further obtain
X
pn+1
=
piν · pnνj
ij

(6.6)

ν

and
pn+m
=
ij

X
ν

n
pm
iν · pνj =

X

pniν · pm
νj

(6.7)

ν

This result is quite intuitive in that it simply combines the two probabilities to reach Eν
from Ei in m (n) steps and then reach Ej in another n (m) steps. Similar to the creation
of the matrix P we can also create a matrix P n that contains all pnij . Due to Equation (6.7)
we know that we obtain the element Pijn+1 from P n+1 by multiplying all elements of the
i-th row of P with the correspoinding elements of the j-the column of P n and add all
products (row-into-column multiplication). We express this multiplication symbolically by
P n+m = P n P m .
Context prediction with Markov processes Given a sequence of context time series
elements ξ0−k+1 , . . . , ξ0 , we can easily generate a Markov chain representing the transition
probabilities for each pair of these observations. Provided with such a Markov chain and
the current context time series element ξ0 , we are able to provide a probability distribution
on the next outcome. Note that this can also be generalised to higher order Markov
processes. Several iterations of this process might also provide predictions with higher
prediction horizons.
Discussion Markov processes are straightforward and easily applied to context prediction
tasks. The model can be applied to numerical and non-numerical data alike. However,
a prediction that reaches farther into the future implicitly utilises already predicted data
which might consequently decrease the prediction accuracy (cf. section 6.1.5).
The runtime of this approach is dependent on the size of the probability graph G. Each
context time series element is considered a state in a Markov chain. Let C be the set of
different contexts and context values observed by the algorithm. The number of states
of the Markov chain is then consequently C. The arcs between the states describe the
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Figure 6.5: 1-Bit branch prediction approach depicted as state machine. The outcome of
the prediction is binary: 1 = branch taken; 0 = not taken
probability to traverse from one state to another. The future states with highest probability
are desired. The time to find the most probable next state is O(|C|) in the worst case. This
is because every arc to a possible following context time series element has to be considered
and |C| − 1 arcs are existent in the worst case. To find the most probable n future context
time series elements, the naive computation time is O(|C|n ). However, when the transition
probabilities are stored to a matrix, one matrix multiplication for every one future context
suffices. The computation time can consequently be approximated by O(n · |C|2 ).
The state predictor method
The state predictor method is a comparably new prediction approach that has been developed by Jan Petzold at the University of Augsburg [79, 80, 81, 82, 37, 83]. This prediction
approach constitutes a simple prediction tool with low processing requirements. It has its
origin in branch prediction techniques that are also applied in current microprocessors [84].
In microprocessors that overlap multiple instruction by pipelining, the outcome of a
branch instruction is typically not computed before the next instructions are to be insterted
into the pipelint. Potentially, wrong instructions are therefore issued in the pipeline which
means that these have to be cancelled and the pipeline be flushed when the error becomes
obvious. The corresponding processing cycles are thus wasted. Techniques for branch
prediction are therefore employed in order to reduce the number of cycles lost due to the
wrong guess.
The general approach of the state predictor bases on one and two bit branch prediction
techniques. In these methods, the information, if a branch is taken or not is obtained from
previous branch behaviour. the last decision(s) are stored in 1 (2) bits and the processor
behaves accordingly. Figure 6.5 depicts the 1-bit approach as a state machine.
The state machine consistsof two states that represent the last action at the branch (1 =
branch taken, 0 = not taken). The processor assumes that the branch is taken again when
it was so in the last instance and vice versa. Depending on the actual result of the branch
calculation the state machine is updated. This general approach can also be extended to
prediction by increasing the bit number the information is stored to. Figure ?? illlustrates
two prediction approaches of two-bit predictor.
In fact, there are various other prediction approaches for microprocessors that have been
proven to perfrom better than the one bit or two bit prediction approaches. Examples are
correlation predictors [85], adaptive prediction approaches [86] or the on Markov-processes
based approach of prediction by partial matching [87]. We will, however, not go into detail
regarding these approaches since they are of minor relevance to the state predictor method.
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Figure 6.6: Two bit branch prediction approaches. Top: Implementation with saturation
counter. Bottom: Implementation with hysteresis counter.

Figure 6.7: The state predictor.
In a graphical representation, the state predictor might be depicted as a state machine.
Context prediction with state predictor methods Assume a fixed set of events or contexts C = C0−k+1 , . . . , C0 . For every one context Ci ∈ C, i ∈ 1, . . . , k a state machine is
constructed from the contexts Cj ∈ C, j 6= i in which every state represents one context
from the context set short of Ci . Between every pair of states a transition is possible.
The general idea of the state predictor method is illustrated in figure 6.7 for a context
set C = {C1 , C2 , C3 , C4 }. The state machine depicted in the figure indicates, which context
is likely to be observed next. The current state of the state machine represents the context
that will be predicted. If another context than the predicted one actually occurs, the state
of the state machine is updated to that state which represents the observed context. The
state machine in this way always stores the context transition that was observed for the
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Figure 6.8: The state predictor embedded into a Markov chain.

last transition made.
Assume, for example, that the current context is C1 and the state machine associated
with context C1 is the one illustrated in figure 6.7. If the state machine is currently in
state C2 , for instance, then C2 is considered the next observed context. Should, however,
the next context actually be C3 , the current state of the state machine changes to C3 and
C3 is consequently predicted to be the future state the next time when the context is C1 .
Therefore, with every context, a different state machine is associated. If we connect these
state machines we obtain a view on the whole picture as it is schematically illustrated in
figure 6.8.
Note that this is basically a simple Markov chain where the transition probabilities are
only allowed to take the values 0 or 1. This means that the aproach is less potent than a
classical Markov chain.
In [88] the model was extended by several propositions as, for example, k-state prediction approaches in which the predicted state is only changed when several mispredictions
in a row occur or the introduction of secure states. With secure states, a prediction is
only computed, when the state machine is in a secure state. Otherwise no prediction is
computed. Figure 6.9 illustrates these approaches.
These modifications, however, only change the rule of calculating transition probabilities.
The prediction process can still be modelled by a Markov-chain with 0 − 1 transition
probabilities.
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Figure 6.9: Variations of state predictor methods.

Discussion The state predictor approach combines low memory and processing requirements with an intuitive graph representation. It is, however, only applicable to symbolic
context elements, Since contexts are modelled as states that cannot hold any numerical
values. the modelling of numerical values as states will in most cases lead to a huge number
of states so that the calculation of transition probabiliteis is not suggestive and computationally expensive. Basically, the method is able to predict the next context transition but
is not able to predict context durations.
Furthermore, it is suitable for one-dimensional context time series only. A simple learning
capability is implicitly implemented by the state predictor method. This, however, is only
capable of storing the last observed context pattern.
Further work by the University of Augsburg proposes some improvements to state predictors. If we keep our focus on the underlying Markov chain, we observe that the proposed
improvements can still be modelled by a Markov model, while only the mechanism to update the transition probabilities changes. Only transition probabilities with values 1 or 0
are allowed in all proposed modifications.
For every context predicted, all possible states have to be checked for their prediction
probability (0 or 1). In order to find the state with probability 1, O(|C|) states have to
be considered in the worst case. To find the most probable n future context time series
elements, the computation time is O(|C|n ). In analogy to the Markov prediction method,
the computation time can be improved to O(k|C|2 ).
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6.2.2 Approximate matching approaches
Support Vector Machines
A support vector machine (SVM) is a method to solve search problems in multi-dimensional
vector spaces. SVMs have been studied already in the late seventies [89]. They are,
however, receiving increased attention only in recent years. The basic idea is to find a
geometrically interpretable separator for the input data that enables the separation of the
data into several classes [90, 91].
Introduction to SVMs Suppose, we are given training data
−→
−
→
(−
x−
t0 −k , yt0 −k ), . . . , (xt0 , yt0 )

(6.8)

−
where the →
xi represent vectors of an Euclidean vector space and yi ∈ {−1, 1} represents
−
a label for vector i. These labels define the class a vector →
xi belongs to. From this
training set, the task is to find some rule that enables the distinction of further observations
→
−
xj , j = t0+1 , . . . , t0+n into any of the two classes 1 or −1 with low probability of error.
−
Since the →
xi are vectors they can be represented together in a corresponding vector
space, the input space. In case the training points are linearly separable with respect to
the labels 1 and −1 by a hyperplane in this vector space, the task is to find the hyperplane
that maximises the distance to those vectors that have the minimum Euclidean distance
to the hyperplane. These nearest points are called the support vectors, since the optimal
separating hyperplane would be identical even if all vectors short of the support vectors
were removed from the training set.
A support vector machine consequently is an algorithm that finds this optimal separating
hyperplane given a set of training points.
In case of input vectors that are linearly not separable in the input space, the restriction
given by the hyperplane is relaxed to some extent. The requirements for the points to
be situated at one side of a hyperplane can be expressed by a system of inequalities. To
relax the strict bounding by the hyperplane, so called ’slack-variables’ are included into
the system of inequalities that then allow some vectors to be positioned on the ’wrong’
side of the hyperplane.
In the previous discussion we have restricted the number of classes that may be distinguished between a SVM to two, namely −1 and 1). A possibility to generalise the number
of classes to r is to divide the problem into r two-class problems that are subsequently
solved for any single input vector vj . In each of these two-class problems we test, if the
vector vj belongs to one of the r classes or not. In r iterations the class of the vector can
thus be determined.
In the discussion above we have assumed linear SVMs, ie a search space that is linearly separable. The SVM-approach can easily be extended to the non-linear case by the
utilisation of a transformation function that maps all points in the search space into a
higher-dimensional feature space in which the points are again linearly separable. If data
is mapped into a space of sufficiently high dimension, it is always linearly separable [92].
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This mapping is represented by a so-called kernel function. Depending on the specific
problem encountered, different kernel functions might be sufficient. The main difficulty is
then constituted by the search for the optimal kernel function for one problem domain.
Context prediction with SVMs For context prediction, time series of context elements
constitute the input of the prediction algorithm. Since context elements can be represented
as vectors, and time series of context elements as still higher-dimensional vectors that are
simply concatenated from the vectors representing context elements, the adaptation of
−
SVMs to context prediction is quite natural. The input vectors →
xi represent time series
of context elements. Every class the SVM is capable of distinguishing between represents
a typical time series. The SVM can then – given the observed time series – compute the
typical time series it is most similar to and provide the continuation of this time series as
output for the prediction.
Note that this operation requires the knowledge of all typical time series as input for
the SVM prediction algorithm. A pre-processing of context elements is therefore required
in order to figure out the typical context time series. This pre-processing is to be applied
in addition to the training of the SVM to typical time series that define the separating
hyperplanes.
Adaptive operation of the SVM predictor therefore requires an iterative process in which
the pre-processing and training phases are constantly applied to newly observed context
sequences.
Discussion Support vector machines provide a comparably simple approach to relate a
pattern to one of a finite number of classes and additionally provide a simple geometric
representation for the search problem. The approach is especially suited to handle problems with a high number of input dimensions. Additionally, the support vector machine
definitely finds a global minimum to the possibly multidimensional search problem.
However, the contents of the recognised patterns are restricted to a numerical representation. Moreover, the choice of the best suited kernel is still an open research issue for
SVMs. Another, most serious issue when it comes to context prediction, is that discrete
data presents a problem for support vector machines [91]. For the applications to context
prediction (or time series prediction in general) a further limitation arises due to the fixed
size of the input space. Only patterns of exact identical length can be compared by a
fixed SVM. Since typical context patterns are not necessarily of equal length, this property
hinders a successful adaptation of SVMs to context prediction tasks.
Finally, the adaptation of a SVM-predictor to a changing environment is possible but
computationally expensive since pre-processing operations have to be constantly applied.
The runtime of the method depends primarily on the time to compute the separating
hyperplane. Assume that the number of training sequences utilised for creating the separating hyperplanes is ς. The number of training points is then given by kς. Empirical
studies suggest an average training time of O(kς) = O(k) [93, 94]. The process has to be
repeated constantly since the UbiComp environment is expected to frequently change.
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Self organising maps
The self organising map (SOM) algorithm was proposed by Teuvo Kohonen [95, 96, 97, 98].
The author presented it as a model of the self-organisation of neural connections. A self
organising map is a topology preserving lattice of a predefined number of nodes that
represents a topology of elements in the input space.
The Algorithm inherits the self-organisation property, which means that it is able to
produce organisation starting from possibly total disorder. In the SOM algorithm, a neighbourhood structure is defined and preserved between all nodes of the map in the course of
the execution.
Generally, the set of elements from the input space are grouped into subsets, each of
which is represented by one node of the lattice. Consequently, the lattice defines a neighbourhood between these subsets. A representative or prototype can be defined for each
subset.
Introduction to self organising maps We recapitulate a condensed definition of the SOM
algorithm that can be found in [99].
−
→
Let I = {→
η1 , . . . , −
η−
|S 0 | } be a set of km-dimensional vectors that are associated with nodes
in a lattice. The neighbourhood structure is provided by a symmetrical, non-increasing
neighbourhood function d : I × I → R which depends on the distance between two nodes
→
−
−
−
−
ηi and →
ηj for →
ηi , →
ηj ∈ I. The input space S is a bounded subset of Rkm , where km ∈ N
−−→
is the dimension of the input vectors v(t) ∈ S. The state of the map at time t is given by
−−→ −−→
−−−−→
η(t) = η1 (t), η2 (t), . . . , η|S 0 | (t) ,
(6.9)
The SOM algorithm is recursively
−−−−−→ −−→
ic v(t + 1), η(t) =
−−−−−→
ηi (t + 1) =

defined by
o
n −−−−−→ −−→ −−→
argmin v(t + 1) − ηi (t) , ηi (t) ∈ η(t) ,
i
h −−−−−→ −−→
−−→
−
ηi
ηi (t) − εt d ic v(t + 1), η(t) , →
−−→ −−−−−→
−
ηi ∈ I.
· ηi (t) − v(t + 1) , ∀→

(6.10)

−−−−−→ −−→
In this formula, ic v(t + 1), η(t) corresponds to the node in the network that is closest
to the input vector. The parameter εt controls the adaptability of the self organising map.
Context prediction with self organising maps The process of predicting with SOMs is
divided into two stages. The preparation and clustering phase in which the model utilised
for the prediction is created and the actual prediction stage. In the following sections
these two stages are discussed before the benefits and drawbacks of the SOM-prediction
approach are discussed. Recent work on the utilisation of SOM algorithms for prediction
tasks can be found in [100, 101, 102, 103, 104, 105, 106].
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Model creation phase In the modelling phase for any q, i, j ∈ N, the context history is
divided into the set of all time series of length q. Let Ti,j be the context history observed
by the algorithm. For r ∈ [0, . . . , q] the set Ti+r,j−q+r of time series of length j − i + q is
created for Ti,j . In addition, for t ∈ [i + r, . . . , j − q + r], so-called deformations Dt,t+r are
created with
Dt,t+r = Tt+1,t+j−i+q+1 − Tt,t+j−i+q .
(6.11)
These deformations are time series that describe the modifications necessary in each time
series element to evolve from one time series to the time series occurring one time instant
later.
These sets of time series Ti+r,j−q+r and Dt,t+r are both clustered with help of the vector
quantisation by SOM. The outcome of this procedure are for i, j ∈ N prototypes Ti and
Di of time series that represent a set of similar time series and deformations respectively.
Finally, a matrix M is created that describes the relation between the Tt,t+r and Dt,t+r
time series.
For a fixed i and j ∈ [1, . . . , κ] with κ describing the number of different prototypes Di ,
the row Mij represents the conditional probability that Dt,t+r belongs to Dj given that
Tt,t+r belongs to Ti .
Prediction phase When these preparations are made, the prediction consists of seven
steps.
1. For any time t, consider a time series Tt−q,t .
2. Find the associated prototype.
3. Randomly choose a deformation Dj according to the probability distribution given
by M .
4. Obtain the prediction for time t + 1 as Tt−q+1,t+1 = Tt−q,t + Dj .
5. Iterate these steps with the obtained predicted time series until the prediction horizon
is of the desired length.
6. A Monte-Carlo procedure is used to repeat this process several times.
7. From all obtained predictions, extract global trends of the time series as the evolution
of the time series mean, its variance or confidence intervals.
In [100], a procedure is presented with which whole future time series can be predicted
in one step instead of iterating the one-step-ahead prediction several times. Basically, the
authors propose to utilise vectors of consecutive observations in the to be clustered time
series, instead of single observations repeatedly. Consequently, a vector of consecutive
observations is then predicted instead of a single time series element.
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Discussion A benefit of this prediction method is that it implicitly groups similar time
series together and represents them by a prototype. A separate pre-processing algorithm
in order to detect typical time series patterns is therefore not required. As described in
section 3.1.4, we expect the context prediction algorithm to observe typical patterns in the
context history. These typical patterns will likely reappear only in similar, but seldom in
an identical, fashion. The grouping of similar time series to prototypes is therefore wellsuited for context prediction tasks. Further benefits are the implicit utilisation of several
statistical measures.
However, since the method utilises predicted, possibly error prone contexts for the prediction of horizons that exceed 1, the prediction accuracy is expected to decrease quickly
with increasing prediction horizon.
The runtime of the algorithm to state one prediction can be estimated as O(|S 0 |) since
for a given input vector all |S 0 | vectors in the lattice are compared for their distance to
the input vector. When the input vectors that describe the lattice are ordered in a tree
structure, the runtime for one prediction can even be reduced to O(log(|S 0 |)). However,
the model creation phase is not considered in this calculation. In changing environments,
the model creation phase is to be repeatedly applied in regular intervals. The model
creation phase requires an additional time of O(|S 0 |2 ), the maximum number of time series
considered for the model creation phase. When we estimate the number |S 0 | of input time
series by ς · k for a suitable constant ς ∈ N, we obtain O(k 2 ) for the overall runtime of the
algorithm.
More seriously even, the adaptability of the approach is low and restricted to the level
of adaptability the application designer permits. The number of different typical context patterns, ie prototype vectors is restricted by the fixed size of nodes in the lattice
considered.
In the alternative consideration where whole time series are predicted instead of single
time series elements, the size of the context history is to be increased dramatically. For
prototype vectors of length q and a desired prediction horizon of length n the context
history is required to have length n · q at minimum. However, in this minimum case only
one prototype vector would be created. In order to have r prototype vectors, a context
history length of (n + r) · q is required at least. We argue that typical context patterns are
seldom of extensive length in representative applications. The one step prediction approach
is therefore seldom applicable to context prediction tasks.
Another drawback is the implicit restriction to numerical context patterns.
clustering by the SOM is also applicable to contexts of nominal context data
creation of the Matrix M and the creation of the deformation vectors requires
metric between all context elements that provides a real valued output when
any pair of context elements.

While the
types, the
a distance
applied to

Multidimensional time series are not yet considered for this approach and an extension
to the multidimensional case would, while theoretically possible, further inflate the model.
The SOM prediction approach is therefore not well-suited for context prediction tasks.
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Pattern matching
Given a sequence of elements and a set of prototype sequences, the idea of pattern matching is to find a substring of the element sequences that matches a sub-sequence in one
prototype. The matching can be exact or approximate. Since typical observed context
patterns likely contain random fluctuation in the data (cf. section 6.1.7), we argue that exact matching approaches are unsuited for context prediction tasks. In scenarios where the
sampled input data might contain errors, exact matches cease to be useful in order to find
similarities between data sequences. For approximate matches, several implementations
are possible. In the next sections, we introduce the alignment matching as one possible
approximate matching method. A related approach is, for example, the ONISI algorithm
that has been introduced in [77].
The idea of the alignment approach is to find in two string sequences the most similar
sub-sequence by adding gap-symbols to one or the other observed sequence. A decent
introduction to alignment methods is given in [107]. The following definitions are adopted
to our notation.
Definition 6.2.2 : Alphabet
An alphabet Σ is a finite, non-empty set of symbols σ where each symbol
uniquely matches a configuration of raw data values of one time interval ti .
We represent patterns of elements as strings. A formal definition of a string is
Definition 6.2.3 : String
A string s over the alphabet Σ is a finite row of symbols from Σ. The length
|s| of a string s is given by the count of symbols in s. The set of all strings
of length n over the alphabet Σ is denoted Σn . Furthermore, Σ∗ denotes the
set of arbitrary length strings over the alphabet Σ. With ss0 we denote the
concatenation of the strings s and s0 .
Every context time series Ti,i+k = ξ1 . . . ξk is basically also a string of context time series
elements ξi ∈ Σ where every time series element is described by a symbol ξi ∈ Σ. In the
following discussion we switch to this time series related notation.
Definition 6.2.4 : Substring
For k, n ∈ N let ξ = ξ1 . . . ξk and ξ 0 = ξ10 . . . ξn0 be strings over the alphabet Σ.
• ξ is a substring of ξ 0 , if two strings ρ and ν exist with ξ 0 = ρξν.
• ξ is a prefix of ξ 0 , if a string ρ exists with ξ 0 = ξν.
• ξ is a suffix of ξ 0 , if a string ρ exists with ξ 0 = ρξ.
Given two strings ξ = ξ1 . . . ξk and ξ 0 = ξ10 . . . ξn0 the alignment method finds a sequence
ξi . . . ξj which is a substring of ξ with maximum similarity to ξ 0 . This substring is called
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an alignment between ξ and ξ 0 .
Definition 6.2.5 : Alignment
Let ξ = ξ1 . . . ξk and ξ 0 = ξ10 . . . ξn0 be two time series over the alphabet Σ. And
{−} ∈
/ Σ a gap symbol. Let Σ0 = Σ ∪ {−} and h : Σ0 ∗ → Σ∗ a homomorphism
with ∀σ ∈ Σ : h(σ) = σ and h(−) = λ. An alignment of ξ and ξ 0 is a pair (ρ, ν)
of strings of length l ≥ max {k, n} over the alphabet Σ0 so that the following
conditions hold:
1. |ρ| = |ν| ≥ max {|ξ|, |ξ 0 |}
2. h(ρ) = ξ
3. h(ν) = ξ 0
4. there is no position where both ρ and ν have a gap.
To rate the similarity between two strings, a similarity metric defining the similarity between two letters σ, σ 0 ∈ Σ is needed.
We refer to the function representing this metric as the alignment rating.
Definition 6.2.6 : Alignment rating
Let align(ξ, ξ 0 ) be an alignment of two time series with ξ = ξ1 , . . . , ξk and
ξ 0 = ξ1 , . . . , ξn . An alignment rating r : Σ∗ → R is a metric describing the
similarity between the time series ξ and ξ 0 .
Since we are not interested in the alignment of whole time series, but want to find sub–
sequences in time series that are maximally similar according to a given alignment rating,
we have to further modify the alignment description given above. This leads to the following definition.
Definition 6.2.7 : Local alignment
Let r be an alignment rating with the optimisation aim minimisation. A local
alignment of two strings ξ = ξ1 . . . ξk and ξ 0 = ξ10 . . . ξn0 is an alignment of
substrings ρ = ξi1 . . . ξi2 and ν = ξj0 1 . . . ξj0 2 . An alignment align(ξ, ξ 0 ) is an
optimal local alignment of ξ and ξ 0 considering r if
r (align(ξ, ξ 0 )) = min{ d(ρ, ν) |ρ is a substring of ξ,
ν is a substring of ξ 0 } .
In this formula, d(ρ0 , ν 0 ) is the distance metric of the local alignment.
We are especially interested in local alignments between the end of the observed sequence
and an arbitrary position of the typical sequence. This type of alignment is referred to as
semiglobal alignment.
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Figure 6.10: Context prediction by alignment methods.
Given some distance metric and two time series, we are able to provide a prediction regarding one of these time series by searching for the optimal semiglobal alignment between
these time series.
Context prediction with alignment methods The approach to apply alignment methods to context prediction tasks is a comparably new technique that has been first introduced
in [108]. In order to utilise alignment methods for the context prediction task, the method
has to be expanded. Alignment methods can be utilised in order to find similarities between time series. However, a prediction is a most probable continuation of an observed
context time series.
The general idea is the following. In addition to the standard alignment approach, we
require a set of typical context patterns. This set can, for instance, be created by any
pre-processing methods as mentioned in section 6.1.9. We refer to this construct as the
rule base of the algorithm, since it represents the rules that guide the prediction process.
The rule base contains all typical context time series and provides also all possible predictions. It consequently constitutes the search space of the alignment prediction approach.
In analogy to the notion of the search space, we therefore denote the rule base with S.
Given
a
sequence
of
observed
context
time
series
elements
0
0
0
T = ξ0−k+1 , . . . , ξ0 we calculate for every typical context time series T = ξ1 , . . . , ξκ ∈ S the
optimal semiglobal alignment that matches with the end of the observed time series. The
result is a set of optimal semiglobal alignments. Let ξ1 . . . ξk be the semiglobal alignment
with the best alignment rating. The alignment approach then provides the continuation
ξk+1 . . . ξk+n of this alignment as prediction for the continuation of the observed time series.
Figure 6.10 schematically illustrates the approach. For ease of presentation all time series
in the figure have dimension one.
In other words, from the set of typical context time series, semiglobal alignments are
constructed with the end of the observed time series. The best matching one is chosen for
prediction purposes. This typical context time series therefore best approximates the end
of the observed time series. Since the aligned time series are most similar at the position
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aligned and since one of these time series describes a typical behaviour pattern, that
regularly occurs, we assume that also the continuation of both time series is most similar
to each other. The continuation of this most similar typical time series is consequently
chosen for prediction.
The similarity of two time series is the sum over the pairwise similarities of their time
series elements.
Let T = ξ1 , . . . , ξk and T 0 = ξ10 , . . . , ξn0 be two time series with |T | = k and |T 0 | = n. Let
S 0 be the search space of the algorithm and |S 0 | the size of S 0 . Since we align two time series
T, T 0 ∈ S 0 to each other to find the one subseries in T that has the maximum similarity to
a subseries in T 0 , we have to define a similarity rating between two subseries. Assume that
ξi and ξj are two possibly empty time series elements. We describe the similarity between
two time series elements by a similarity metric d : ξi × ξj → R. For ξi0 ∈ T 0 and ξi ∈ T ,
we calculate the similarity between two time series elements at position i in both series as
d(ξi , ξi0 ). For ξ ∈ {T, T 0 } we define a penalty rating d(−, ξ) = d(ξ, −). If the algorithm
does not align ξi and ξi0 but instead one of the two time series elements to a gap symbol
−, the cost of this operation is d(ξ, −).
The optimum alignment between two time series is found by the Needleman and Wunsch
algorithm [109]. A (k + 1) × (n + 1) matrix M is created. We initialise the Matrix M by
M1,1 = · · · = Mk+1,1 = M2,1 = · · · = Mn+1,1 = 0. All other entries of M (i ∈ {2, . . . , k + 1},
j ∈ {2, . . . , n + 1}) are created by integer programming:
Mi,j = max{Mi−1,j−1 + d(ξi , ξj0 ); Mi,j−1 + d(ξi , −); Mi−1,j + d(−, ξj0 )}.
Afterwards, the alignment ratings of all possible alignments can be found in row k + 1 of
the matrix M . For a detailed discussion of this method we refer to [107]. Let τsim ∈ R
be a similarity threshold. All alignments with alignment ratings below τsim are considered
important by the algorithm. Let ξi . . . ξj be an alignment with an alignment rating below τsim . The sequence ξj+1 . . . ξn is then chosen as the sequence to be predicted by the
alignment prediction method.
Discussion The alignment prediction approach constitutes a flexible prediction method
that is especially well-suited to find typical context patterns in a time series of contexts.
The length of the typical context patterns is arbitrary but bounded from above by the
context history length. Preparatory to the prediction task, a pre-processing of training
data is required in order to provide a set of typical context patterns. This can, however,
be implemented in a continuous process that iteratively appends newly observed typical
patterns when required. Already computed context patterns remain valid.
For the estimation of the runtime of this approach assume that two time series T and
0
T with |T | = k and |T 0 | = n are to be aligned by the approach. Without loss of generality
let k ≥ n. The length of a predicted sequence is n − 1 in the worst case. The number of
possible sequences that can be predicted is given by the size of the search space |S 0 |. We
approximate |S 0 | by O(k · κ) = O(k) for a suitable constant κ ∈ N. The computation time
for filling the matrix is O(k·n) = O(k 2 ) since every entry of the matrix is considered exactly
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P
once. The predicted sequences are calculated as well. This takes time O( ki=1 i) = O(k 2 )
in the worst case, when every possible sequence is predicted. The overall time for the
computation of one semiglobal alignment is therefore O(k · n + k 2 ) = O(k 2 ). In the case
that k is the maximum length of any time series in the rule base, the overall running time
of our algorithm is O((k 2 )|S 0 |) = O(k 3 ), since the observed time series is alignment with
every typical context time series in the rule base S 0
Alternative prediction approaches
Dempster shafer
Evolutionary algorithms See also the GA-Approach in 5071.(Weiss and Hirsh)
Neural networks
Simulated annealing

6.2.3 Stochastic context prediction algorithms
AR, MA and ARMA models
Despite recent developments with nonlinear models, some of the most common stochastic
models in time series prediction are parametric linear models as autoregressive (AR), moving average (MA) or autoregressive moving average (ARMA) processes [110]. Examples
for application scenarios for these methods are financial time series prediction scenarios
and wind power prediction.
Assume a stochastic process π(t) that generates outputs χ(t) at each point t in time. The
random values χ(t) can be univariate or multivariate and can take discrete or continuous
values and time can also be either discrete or continuous.
We are now interested in finding the parameters Θ = {θ1 , . . . , θn } that describe the
stochastic mechanism, for example, by maximising the likelihood that a set of values,
{χ(t1 ), χ(t2 ), . . . , χ(tk )} were actually generated by that mechanism [62].
Forecasting or prediction is accomplished by calculating the conditional probability density P (χ(t)|{Θ, {χ(t − 1), . . . , χ(t − m)}}).
For moving average (MA) processes, let Z(t) be some fixed zero-mean, unit-variance
random
process. χ(t) is a M A(k) process or moving average process of order k, if χ(t) =
Pk
τ =0 βτ Z(t − τ ), where the βτ are constants. Moving average processes are utilised to
describe stochastic processes that have a finite, short-term linear memory [111, 112, 113]
In Autoregressive (AR) processes, the values at time t depend linearly
Pk on previous values.
χ(t) is an AR(k) process, or autoregressive process of order k, if ν=0 αν χ(t − ν) = Z(t),
where αν are constants. Autoregressive processes are used to capture exponential traces
[111, 112, 113].
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ARMA processes are a combinationPof AR and MA processes.
An ARM A(p, q) process
Pq
p
is a stochastic process χ(t) in which ν=0 αν χ(t − ν) = τ =0 βτ Z(t − τ ), where {αν , βτ }
are constants [111, 112].
Context prediction with ARMA methods Since an ARMA process is already designed
to approximate the development of a numeric time series in time, the only requirement for
ARMA to be applicable to context prediction tasks is that the context types of all contexts
in the observed time series are numerical.
Discussion ARMA methods provide a powerful tool to approximate stochastic processes.
The author of [6] also showed in his studies that ARMA processes are able to achieve
excellent results in context prediction tasks.
The
method
is
applicable
to
one-dimensional,
as
well
as
multi-dimensional, data sets alike. The computational complexity of the method is low
and can be estimated as O(k log(k)) [114].
No prior pre-processing or separate learning tool is required.
It is, however, only applicable to contexts of numeric context data type. In context
prediction scenarios the method is hence not applicable to many problem domains.
Kalman filters
When the state of a system is to be estimated and the current state can be obtained only
indirectly with a measurement error, one might utilise a Kalman filter to optimise the state
estimation. The filter processes all available measurements, regardless of their precision to
estimate the current state of a system. Real-life systems are typically complicated to handle
since they may be driven by inputs that are not or only partly known to us. Furthermore,
the relationships between the internal states might be known only with a considerable
degree of uncertainty. The task of the Kalman filter is to obtain an optimal estimate of
the state of a system from data provided by a noisy environenment. The Kalman filter is a
set of recursive mathematical equations and provides an optimal way to estimate the state
of a system from possibly erroneous observations [8]. It addresses the task of estimating
−
the state →
x ∈ Rn of a discrete-time controlled process.
−
Consider a system in which the state is represented by a vector →
xi ∈ R that is controlled
by the equation
−
→
→
−
→
−
x−
(6.12)
t+1 = A xt + B ν t + Vt , t = 1, 2, . . .
−
The state of the system at time t + 1 depends on the state →
xt of the system at time t which
→
−
−
−
→
is modified by a n × n matrix A that relates xt to xt+1 plus a random process noise term
Vt . Additionally, we assume that a vector ν ∈ Rl of control inputs is related by a n × l
−
−
matrix B to the state →
xt . An observation →
yt of the system is represented by
→
−
−
yt = H →
xt + Wt , t = 1, 2, . . .

(6.13)
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where the observation depends on the state of the system related by the m × n matrix H to
the measurement on which an additional random noise term Wt is applied that describes
the measurement inaccuracies.
−
−
We are interested in how to determine the best approximation of →
xt , given →
yt . When
we assume that the process noise Vt is a white Gaussian noise with covariance Qt and that
the measurement noise Wt is a white Gaussian noise and covariance Rt and further assume
that Vt and Wt are uncorrelated, the prediction provided by the Kalman filter is optimal
regarding the measurement error [51]. Note however, that these assumptions seldom hold.
We define the a priori state estimate at step t as x0t ∈ Rn and the a posteriori state
estimate at step t, given a measurement yt as xt ∈ Rn . The corresponding estimate errors
are therefore
−
e0t = →
xt − x0t
−
ek = →
xt − xt .

(6.14)
(6.15)

The a priori estimate error covariance is then given by
Pt0 = E[e0t e0T
t ]

(6.16)

and the a posteriori estimate error covariance is
Pt = E[et eTt ].

(6.17)

We will in the following derive the equations that describe the Kalman filter. First of all
we can calculate the a posteriori state estimate as
xt = x0t + K(yt − Hx0t )

(6.18)

The term (yt − Hx0t ) is called the measurement innovation or residual and reflects the
discrepancy between the predicted measurement Hx0t and the actual measurement yt . The
n × m matrix K is to be chosen in a way that minimises the a posteriori error covariance
Pt . One way to acomplish this is to substitute xt tinto the above definition for et and
substituting this term into Pt . Afterwards the derivative of the trace of the result is taken
with respect to K and the result is set to zero before solving for K [?, ?, ?]. One form of
the resulting K that mimimises Pt is given by
Kt = Pt0 H T (HPt0 H T + R)−1
Pt0 H T
=
HPt0 H T + R

(6.19)
(6.20)

We observe from this formula, that the residual is weighted more heavily when the measurement error covariance R approaches zero
lim Kt = H −1

Rt →0
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(6.21)

Figure 6.11: TODO: Notation in der Grafik an die Notation im Text anpassen!!!!! Illustration of the Kalman filter process.
When, on the other hand the a priori estimate error covariance Pt0 approaches zero, K
weights the residual less heavily
lim
Kt = 0.
(6.22)
0
Pt →0

Parameter estimation by the Kalman filter is then done in an iterative process as depicted
in figure 6.11
The Kalman equations thus both project the current state forward in time and incorporate new measurements in order to improve the estimate [51].
Context prediction with Kalman filters Similar to the ARMA prediction approach, the
Kalman filter is a stochastic method designed for forecasting numerical time series. Hence,
for context elements of numeric context data type, it can be applied naturally. Examples for
applications of the Kalman filter technique to Context-aware scenarios are [115, 116, 117].
Discussion The Kalman filter computes a prediction based on an arbitrary long history
of observed contexts. The computational load of the kalman filter method can be estimated
as O(3nm3 ) [118].
Due to the high dynamic of context in pervasive settings, it is not feasible to train a
Kalman filter to predict the actual values of context elements. It is possible, however,
to predict the discrepancy between the correct context value dt that will actually occur
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at some point t in time and the predicted value pt for this time. Kalman filters are not
applicable to context elements of non-numeric context data type.
We therefore believe that Kalman filters are not well-suited in context prediction scenarios.

6.2.4 Summary
From the prediction methods discussed, the alignment method turns out to be the most
variable one as depicted in table 6.2.
In the table, several characteristics are depicted for various prediction methods. From
these characteristics, the most important for context prediction are applicability to nonnumeric contexts as well as to numeric contexts, the learning ability and the applicability
to multi-dimensional and multi-type discrete time series.
Considering these four requirements, the Markov and the alignment approaches qualify
as the best suited context prediction approaches.
The SOM is very similar to the Markov approach, only it is not applicable to non-numeric
contexts. Support vector machines are not well-suited to context prediction tasks, since
they are not applicable to non-numeric context types and also to discrete data sets that
we consider as typical in context prediction scenarios. The Kalman filter and the ARMA
method have quite similar features since they both represent statistical methods. Although
the non-applicability to non-numerical data sets is a most serious drawback, respectable
results have been obtained for the ARMA method in [6].
We consequently also consider an ARMA approach in the following discussion. The three
prediction methods ARMA, Alignment and Markov which we consider as best suited for
context prediction tasks, are therefore studied in the following sections in distinct scenarios.
Observe that the discussion is restricted to those prediction methods that we deem
most suited for context prediction tasks. Undoubtedly, further statistical methods or
variations of the named methods exist that can also be applied to obtain information on
the continuation of a time series. However, ARMA, MA, AR and Kalman filters are chosen
as representatives for the class of statistical methods.
In addition, neural networks and evolutionary algorithms can be applied to the task
of time series prediction. Neural network approaches are, for example, applied in [119].
The results obtained challenge the ARMA algorithm on numerical data for short prediction
horizons. However, since neural networks have no repository of typical contexts, the general
operation is similar to the ARMA method. Both approaches transform all information
contained in the most recently observed context time series to a time series that describes
the evolution in the future. Since ARMA is specialised for this task, we expect it to
outperform the neural network approach. Evolutionary algorithms on the other hand,
are in our opinion computationally too expensive to be applicable to mobile ubiquitous
scenarios.
A compromise is taken in [119] where particle swarm optimisation (PSO) methods are
utilised. Although computationally less expensive, PSO-techniques are known to quickly
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11
12
13
14
15

Variable if pre-processing process is constantly iterated with the observation of new contexts.
No such measure for the ARMA approach and for Kalman filters.
Clustering of values in advance required.
Depending on similarity metric.
Runtime for a context prediction horizon of n = O(k) context elements.
16
Repetition of model creation phase required.
17
Method adapts to last observed context time series.
18
Possible when time is also considered a context source.

Table 6.2: Properties of context prediction approaches.
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Learning
ability
Approximate
pattern
matching
Multi-dim.
TS
Discrete
data
Variable
length
typical
patterns
Multi-type
TS
Continuous
data
Preprocessing
Prediction
of durations
Continuous
time

Count
of
typical
patterns
Numeric
context
types
Nonnumeric
context
types
Complexity15
yes

variable

yes13

yes

no

yes
yes
no

yes
yes
no
no18

yes

yes
yes
yes

no
no
yes
yes

yes

yes

yes

yes16

no

yes

O(k|C|2 )

“ ”
O k3

no

yes

no

no

no

yes

yes

yes

O(k)

yes

no

no

fixed11

fixed11

SVM

Markov

SOM

17

yes

yes

no

yes

yes

yes

no

yes

no

no12

no12

no

yes

yes

yes

no17

O(k4 )

no

yes

012

Kalman

yes

yes

no12

no

O(k log(k))

no

yes

012

ARMA

no

yes

yes

no

yes

yes

yes

yes

yes

yes

O(k3 )

yes14

yes

variable

Align

no

no

no

no

no

no

yes

yes

no

no

O(k|C|2 )

yes

no

1

State

collapse to local optima in the search space. Consequently, we deem this approach not
well-suited for context prediction tasks.
Additionally, other search algorithms like, for example, simulated annealing, might be
adapted to context prediction tasks. However, our choice of algorithms represents the
most commonly applied and most straightforward approaches. Since we are not aware
of any attempt to apply these approaches to context prediction tasks, these methods are
not considered. However, further research is required in order to be able to estimate the
performance of these rather classical methods for context prediction tasks.
Further methods we did not consider in detail are the IPAM algorithm presented in [70],
as well as graph based models [120, 63]. For the IPAM algorithm, it has already been shown
that the accuracy is very low. For the path learning algorithms, they are very similar to
Markov prediction algorithms so that we did take the Markov approach as a representative
of this prediction method.

6.3 Summary
In this section we have discussed various requirements for context prediction algorithms.
Various context prediction approaches have been discussed regarding their capability to
fulfil the specified requirements. We identified three algorithms, namely the alignment
prediction approach, the Markov prediction method and the ARMA algorithm, to be most
suited for context prediction in ubiquitous computing environments.
For implementations of these algorithms we have conducted simulations for two distinct
simulation scenarios. As an excerpt of both simulations we observe that for low prediction
horizons, the ARMA approach was the dominating prediction method, while for longer
prediction horizons the alignment prediction approach became more competitive and outperformed the ARMA approach in the location prediction case. While the good results
of the ARMA approach on these numerical data sets could be expected, especially the
alignment prediction performance is remarkable. We have especially observed that over
time the alignment approach best adapts to a given scenario.
Furthermore, the alignment approach is capable of achieving competitive results already
with a limited knowledge of the observed context history.
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7 Conclusion
I may not have gone where I intended to go, but I
think I have ended up where I intended to be.
(Douglas Adams, Mostly harmless [121])

In the preceding chapters we have discussed issues related to context prediction in ubiquitous computing domains.
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